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The nucleus of human cells contains over six billion base pairs of DNA, or-
ganised in 46 chromosomes, folded up and packaged in a three-dimensional
space spanning only a few micrometers across. While complex in shape,
and variable from cell to cell, genome organisation is far from random.
Enhancers, often several hundred kilobases away from promoters reliably
regulate gene expression through chromatin loops, and co-regulated genes
routinely co-express in nuclear domains called transcription factories.

With the advances of experimental techniques, such as Chromosome Con-
formation Capture (3C) and 3D Fluorescence In-Situ Hybridisation (3D FISH),
nuclear organisation is quickly emerging as an important layer of epigenetic
transcriptional regulation. With the development of the Hi-C protocol in
2009, a genome-wide chromatin interaction map became available, and has
been since created in a variety of organisms and cell types.

Analysing Hi-C data poses considerable challenges. The signal is con-
founded with random ligation events and exhibits various technical biases
related to mappability, restriction fragment length, and GC content. More-
over, even with next generation sequencing techniques, resolution is limited
to about 100kb due to lack of sequencing depth, which enables the study
of chromosomal domains, yet is insufficient to pinpoint specific promoter
interactions in great detail.

In order to overcome these limitations we developed a bioinformatic pi-
peline named Hi-Five that is able to process raw Hi-C data, filter out noise,
correct for technical biases in order to detect significantly interacting regions.
We validated the pipeline using a battery of statistical tests, insights from
simulated Hi-C data, as well as an experimental ‘null’ control where regions
of the genome were randomly ligated to each other.

To increase the resolution around regulatory hotspots, we present a new
experimental method named Capture Hi-C (Chic), to interrogate the 3D in-
teractome of gene promoters. Analysing this data, we created the first whole
genome map of promoter-enhancer interactions and promoter-promoter net-
works, which play a key role in transcriptional initiation, elongation and
termination. Studying the general characteristics of spatial regulation we
identified specific networks of co-expressed genes in mouse embryonic stem
cells and erythroid progenitor cells.

In order to further verify the connection between genome conformation
and gene regulation, we investigated a modified murine embryonic stem cell
line, where key constituents of the Polycomb complex PRC1 (Ring1A and
Ring1B) have been knocked out. We discovered that the promoters bound
by the Ring1B protein form a highly connected subnetwork in mouse ES
cells, centred around important developmental genes, such as the Hox fam-
ily, in line with the ‘Polycomb bodies’ that have been previously observed
in Drosophila Melanogaster. In the knockout cell line these contacts are pref-
erentially lost, while preserving the rest of the chromatin state, establishing
the role of Polycomb repression in genome organisation.
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Due to the polymer nature of DNA, Hi-C contacts exhibit an exponential
decay with genomic distance, resulting in the well-known diagonal pattern
of the raw interaction matrix. This effect persist over several orders of mag-
nitude from a few kilobases to hundreds of megabases. While often consid-
ered as a ‘background’ signal in functional assays, this property makes Hi-C
an excellent candidate for detecting large-scale genomic aberrations, such
as translocations. Shotgun DNA sequencing, a common method to detect
translocations, performs poorly in repetitive regions of the genome, which
are known to be hotspots for such events.
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1
I N T R O D U C T I O N

With the discovery of the DNA double helix (Watson and Crick, 1953),
the basic structure of DNA was unlocked. DNA, however, folds up
into intricate higher order structures that allow for extremely tight
packing of genetic material, while staying accessible to various pro-
teins, such as those belonging to the transcription and replication
machinery.

It is becoming increasingly clear that apart from enabling spatial
compactness, the three-dimensional (3D) structure of chromatin is
also important for regulating gene expression (van Steensel, 2011).
Topologically Associating Domains (TADs) (Nora et al., 2012) several
hundred kilobases in length appear to behave in unison during var-
ious nuclear processes, such as transcriptional activation, repression
or DNA replication. Moreover, many cis-acting regulatory elements,
such as enhancers or silencers need to be in the physical proximity
of their promoter targets in a DNA loop formation. In this introduc-
tion we review previous findings on the three-dimensional folding
of chromatin, as well as its role in regulating gene expression. We
also present an overview of experimental techniques used to explore
chromatin structure, as well as the computational modelling tools to
visualise the 3D representation of chromosomes.

1.1 the three-dimensional structure of chromatin

The classic textbook depiction of chromosomes (Figure 1) appears
during mitosis in metaphase, when chromatin is highly condensed
and sister chromatids line up awaiting chromosome segregation. Dur-
ing interphase, chromatin is much less condensed, and chromosomes
intertwine in a structure that has been previously compared to ‘a
bowl of spaghetti’ (Cremer et al., 2004). An important driving force
of this conformation is that a large part of the genome must be ac-
cessible to the transcriptional machinery, epigenetic factors and DNA
repair enzymes. Moreover, DNA is a polymer spanning up to hun-
dreds of millions nucleotides it must also preserve its integrity by
avoiding knots and entanglements.

The above goals are achieved with the help of many structural pro-
teins that bind DNA, and arrange the organised three-dimensional
folding of the DNA chains. Knots are resolved locally by cutting and
reattaching the DNA polymer, catalysed by topoisomerase enzymes
(Liu et al., 1980). In the following section we will describe the various
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2 introduction

levels of chromatin organisation from the DNA polymer to chromo-
some territories.

DNA TOPOLOGY 9

Figure 3. Compactifying DNA. Courtesy: National Human
Genome Research Institute

For DNA rings larger than 2000bp, it has been experimentally shown in
[27], [75], that the free energy of supercoiling, �G, obeys the quadratic relation

(4.1) �G = K(� � �0)
2

where K is a proportionality constant (which depends on N , the number of base
pairs), � is the linking number, and �0 (for large DNA) is the average linking
number. (Note that �0 can be independently defined as N/h0 where h0 is the
helical repeat, or average number of base pairs over which the helical twist of the
DNA double helix increases by one.) For large N , the product NK has been
experimentally shown to be independent of length [49].

5. Regulating DNA topology

DNA molecules that di�er only in Lk (not, e.g. sequence or length) are called
topoisomers. By standard thermodynamics, the concentration of DNA with linking

Figure 1: DNA compaction in the cell nucleus. The highlighted levels from
top down are: nucleus, chromosome, chromatin fibre, individual
histones, the DNA molecule. Source: Buck (2009)

1.1.1 Chromatin Fibre

The DNA molecule consists of two helical chains, each with a radius
of 1 nanometre, centred around a common axis. The sugar-phosphate
backbone is positioned on the outside of the helix, with the bases
paired inside tied together by hydrogen bonds. The DNA double he-
lix wraps around histone octamers covering 147 base pairs, with
linker DNA around 20-50bp in length connecting nucleosomes. By
coiling, chromatin can further fold into highly ordered formations.
Solenoids, such as the 10nm and 30nm fibre have been observed, and
resolved in vitro, yet it is still under debate, how much of the DNA
assumes these formations in vivo (Grigoryev and Woodcock, 2012).
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In live cells these local formations are likely to be more variable com-
pared to in vitro studies, due to differences in DNA sequence com-
position, as well as histone tail modifications, which control the local
compaction of DNA (Saha et al., 2006).

1.1.2 Topologically Associating Domains

At the level of several kilobases to a few megabases DNA folds up
into a hierarchy of nuclear domains. One of the strongest signal among
them is the presence of distinct domains typically a few hundred kilo-
bases in length named Topologically Associating Domains (TADs)
(Nora et al., 2012). They are characterised by the high frequency of
spatial interactions within the domain compared to inter-domain in-
teractions (Dekker et al., 2013). TADs have been observed in a wide
variety of cell types in Drosophila Melanogaster (Sexton et al., 2012),
Mus musculus and Homo sapiens (Dixon et al., 2012), and seem to be a
defining feature of metazoan nuclei.

Genes in the same domain tend to be physically close, and share
many epigenetic features, such as chromatin marks or methylation
patterns. While the boundaries of TADs appear to be largely con-
served across multiple cell types in the same organism, their epige-
netic state and compaction can vary significantly. TADs have been
indicated to act in unison during various nuclear processes, such as
timing DNA replication (Gurudatta et al., 2013), associating with the
nuclear lamina, or repairing DNA (Bickmore and van Steensel, 2013).
Based on these shared characteristics, we can say that TADs represent
a larger unit of transcriptional regulation, a ‘new beads on a string’
(Burgess, 2014), capable of coordinating the epigenetic characteristics
of many genes synchronously.

The organisation of these domains is guided by specific DNA con-
tacts: DNA-DNA loops or DNA fragments tethered to nuclear fea-
tures, such as the nuclear lamina (Guelen et al., 2008). These pro-
cesses are in turn mediated by various architectural proteins that are
important factors in the creation and stabilisation of these contacts.

CCCTC-binding factor (CTCF) plays a key role in nuclear organ-
isation (Handoko et al., 2011). It is able to bring together pieces of
DNA, possibly through homodimerisation, and appears to be a ma-
jor player in chromatin structure formation in general. It also acts as
an insulator between TADs, and is considered a landmark feature for
organising histones. The Cohesin complex physically binds together
fragments of DNA in a molecular lock, and has an important role
in stabilising DNA-DNA loops. Finally the Mediator complex, a tran-
scriptional co-activator, is involved in stabilising DNA-DNA loops
around active promoters. Often multiple genetic elements bound by
Mediator are held together in a rosette-like structure (consisting of
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multiple loops held together in the middle) that facilitates the diverse
regulation of transcriptional activity.

TAD
(~ 1 Mb)

CTCF

Cohesin

Mediator

enhancer-promoter
interactions

(usually < 100 Kb)

sub-TAD
(~100 Kb

to
1 Mb)

Figure 2: Role of structural proteins of chromatin folding at different
genomic scales TAD boundaries often contain CTCF and Co-
hesin. They can also interact with mediator that creates sub-
compartments in TADs to aid promoter loops. Source: Bonora et al.
(2014)

Many of these architectural proteins co-bind certain genomic lo-
cations in various combinations. Shorter range gene-centred interac-
tions are often bound by all three proteins, whereas longer range
interactions are frequently bound by CTCF and anchored by Cohesin
(Bonora et al., 2014). CTCF, in addition, binds to many other loci
alone, where it does not seem to play an insulating role, while still
being highly enriched at TAD boundaries. Figure 2 shows how com-
binations of structural proteins are thought to mediate DNA loop
formation.

Apart from generic structural proteins, gene or cell-type specific
proteins also have an important effect on nuclear organisation. The
Polycomb complex, a known repressor of developmental genes is in-
volved in forming so-called Polycomb bodies in Drosophila Melanogaster
(Cheutin and Cavalli, 2012), where genes are transcriptionally inacti-
vated. The process is mediated by the histone modification H3K27Me3

and the ubiquitilation of histone H2A. Moreover, binding sites of key
stem cell-specific transcription factors (Oct4, Sox2 and Nanog) are also
known to mediate DNA-DNA interactions between genomic loci. It
is likely that other cell types also express specific transcriptional reg-
ulators that change the chromatin structure of their regulated gene
targets.

1.1.3 Chromosome Territories and Nuclear Structures

In eukaryotic nuclei chromosomes occupy distinct chromosome terri-
tories (Cremer and Cremer, 2010), which, though intertwined, mark a
well-defined three-dimensional space. Their possible formation is de-
scribed by several polymer models, such as the fractal globule model
(Lieberman-Aiden et al., 2009). Spatially, transcriptionally repressed
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genes tend to be at the nuclear periphery, often attached to the nuclear
lamina (van Steensel, 2011). A notable exception is the area around
nucleopores, which harbours many highly expressed genes, allowing
for a rapid mRNA export towards the cytoplasm (Vaquerizas et al.,
2010). Transcriptionally active genes tend to be located in the interior
regions, with many gene-rich chromosomes (such as the human chro-
mosomes 17, 19 and 22) co-localising towards the centre (Boyle et al.,
2001).

The nucleolus (Hernandez-Verdun, 2011), a well-known nuclear
structure, forms a well-defined compartment within the nucleus, oc-
cupying about one quarter of its volume in mammalian cells. The
nucleolus contains a high copy number of ribosomal genes on multi-
ple different chromosomes, as well as a high concentration of rRNA,
RNA Polymerase I and III, and various auxiliary proteins. Its assem-
bly is seeded by nucleolus-specific DNA sequences called Nucleolar
Organising Regions (NORs) (Cooper and Hausman, 2000).

An extreme example of large-scale chromatin organisation is rod
photoreceptor cells of nocturnal animals, where heterochromatin atyp-
ically occupies the nuclear centre, and euchromatin resides in the pe-
riphery. Chromatin in this unique cell type acts as an optical lens
to channel light for efficient detection at the photoreceptors (Solovei
et al., 2009). The inversion of euchromatin and heterochromatin takes
place at the terminal differentiation stage of rod cells, although its
mechanism is not clearly understood.

The nucleus itself also shows surprising plasticity across cell types.
In embryonic stem cells, where a large fraction of genes are expressed
at some level, the nucleus is large and round, whereas epithelial cells
have a smaller and more elongated nuclei due to intracellular forces
(Deguchi et al., 2005). Nuclei of spermatozoa are special; as a small
vessel carrying a large amount of genetic material, the DNA must be
extremely compact (Balhorn, 2007). Histones are replaced by a set of
structural proteins named protamines, which form disulfide bonds
during maturation to achieve a high degree of chromatin condensa-
tion (Carone et al., 2014).

1.2 spatial regulation of transcription

The three-dimensional structure of chromatin is emerging as a impor-
tant part of epigenetic regulation (Schoenfelder et al., 2010). Apart
from the primary DNA sequence, the neighbouring epigenetic envi-
ronment of the genes can have a strong effect on transcription. This
is due to the fact that many nuclear regulatory processes act locally
in three-dimensional space:

• Small RNA molecules have the largest concentration close to
their source DNA. This locality is the basis of mammalian X-
chromosome inactivation by the Xist and Tsix RNA species.
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• Histone modifications and DNA methylation patterns, both of
which can modify transcriptional propensity, tend to spread
along DNA within chromatin domains, yet are often constrained
by TAD boundaries.

• The local concentration of transcription factors, RNA Polymerase
II, as well as the accessibility of local chromatin can have a large
impact on the rate of RNA transcription (Filion et al., 2010).

In the following sections we present key aspects of spatial tran-
scriptional regulation. We will discuss promoter-interacting elements,
such as enhancers and silencers, as well as transcriptional foci in the
nucleus named transcription factories.

1.2.1 The Chromatin Landscape of Gene Promoters

Gene promoters are crucial hotspots for gene regulation. Their neigh-
bourhood abounds with Transcription Start Sites (TSSs), Transcription
Factor Binding Sites (TFBSs) and hybridisation sequences for small
RNAs. The ‘core promoter’ refers to a region in the close proximity
to TSSs, where the pre-initiation complex (PIC) assembles. They are
characterised by specific sequence motifs that bind key components
of the PIC: the TATA box motif, the TFIIB recognition element (BRE)
or the downstream core promoter element (DPE) (Sandelin et al.,
2007; Kadonaga, 2012).

Figure 3 shows the key regulatory elements about a typical pro-
moter in Drosophila melanogaster, an important model organism for
transcriptional regulation. Mammalian promoters tend to share the
main characteristics of invertebrate promoters, with corresponding
promoter classes and protein complexes, though often with a higher
number and complexity of regulatory elements.
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Figure 1 | Regulation of transcription. a | A summary of promoter elements and regulatory signals. Chromatin is 
comprised of DNA wrapped around histones to form nucleosomes. The structure of chromatin can be tightly 
wrapped or accessible to proteins. Boundaries between these states may be marked by insulators. The region around 
the transcription start site (TSS) is often divided into a larger proximal promoter upstream of the TSS and a smaller 
core promoter just around the TSS. The exact boundaries vary between studies. To recruit RNA polymerase II 
(RNAPII) and to activate transcription of the gene, sequence-specific regulatory proteins (transcription factors) bind 
to specific sequence patterns (namely, transcription factor binding sites (TFBSs)) that are near to the TSS (proximal 
elements) or that are far away from it (enhancers). TFBSs can also occur in clusters, forming cis-regulatory modules 
(CRMs). b | Sequence patterns in core promoters. The region around the TSS has several over-represented sequence 
patterns; the TATA box and initiator (Inr) are the most studied and most prevalent. The location of patterns relative 
to the TSS and their sequence properties are shown as boxes and as associated sequence logos based on the JASPAR 
database. The Inr pattern is not shown as it varies considerably between studies, ranging from a TCA(G/T)TC(C/T) to 
a single dinucleotide (pyrimidine (C/T)–purine (A/G)). Importantly, most promoters only have one or a few of these 
patterns, and some patterns are mostly found in certain species. BRE, B recognition element; DCE, downstream core 
element; DRE, DNA recognition element; MTE, motif ten element. Figure modified, with permission, from REF. 91 ! 
(2004) Macmillan Publishers Ltd. All rights reserved.

Pre-initiation complex
(PIC). A polypeptide complex 
consisting of RNA polymerase 
II and general transcription 
factors. This forms in the core 
promoter region around the 
transcription start site and 
primes RNA polymerase II  
for transcription.

B recognition element 
(BRE). A core promoter 
element with consensus 
sequence SSRCGCC found 
upstream of TATA box.

modifications and their dynamics, nucleosome con-
figuration and association with long-range regulatory 
elements — all show clear equivalence. We then turn 
to other recently discovered properties of promoters 

for which systematic classification and association  
with promoter function has not been settled. These 
include promoter-associated small RNAs and RNAPII 
pausing, stalling and backtracking at the TSS.
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Figure 3: The chromatin landscape of gene promoters. The Transcription
Start Site (TSS) is a hotspot of transcriptional regulation. Transcrip-
tion Factor Binding Sites (TFBS) often appear in TSS-proximal re-
gions upstream and downstream of the gene promoter. TFBSs of-
ten appear in clusters forming Cis-Regulatory Modules (CRMs).
Along with the binding motifs present in the core promoter (such
as a TATA-box) these binding sites anchor the binding of regula-
tory proteins that are able to recruit RNA Polymerase II to initi-
ate transcription. Enhancer and silencer elements also bind regula-
tory proteins that can initiate or block transcription through spatial
looping interactions. Insulator proteins mark boundaries between
chromatin domains, and thus hinder looping interactions. Source:
Lenhard et al. (2012)

Promoter regions exhibit specific epigenetic characteristics (Figure 4),
depending on the class of promoter (Type I: ‘adult’, Type II: ‘ubiqui-
tous’ and Type III: ‘developmental’) (Lenhard et al., 2012). Type II
and III are characterised by precisely positioned nucleosomes, with a
nucleosome missing at the TSS in transcriptionally active genes. For
inactive genes the nucleosome positioning is more ‘fuzzy’ (i.e. shows
more variability across the cell population) in case of Type II pro-
moters, whereas Type III genes are silenced by Polycomb group pro-
teins without changing the nucleosome positions. Type I genes have
‘fuzzy’ nucleosome positioning in both the active and inactive case,
and are activated by TATA-box-binding proteins. The histone marks
H3K4me2/3 and H3K27ac often found around the TSS of active pro-
moters, whereas H3K27me3 is a hallmark of Polycomb-repressed Type
III genes.
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Figure 2 | Features of the main functional classes of metazoan promoters. Based on the configuration of 

promoter signals, transcription start site (TSS) positions, nucleosome positions and their epigenetic marks, most 

metazoan promoters can be categorized into three general types. This classification represents a broad generalization 
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and coordinated across multiple cells. TABLE 2 gives more detail about each of the three main types. The DNA is the 

horizontal black line; the red lines correspond to 5! ends of individual transcripts and indicate different TSS precision  

in different promoter types. Sequence-specific transcription factor complexes are in grey, and general transcription 

factors are in green. The ‘fuzziness’ represents postulated RNA polymerase II (RNAPII) positioning for TATA-independent 

initiation on ‘broad’ promoters. The complexes by no means represent a comprehensive inventory of components at 

core promoters. Beneath each promoter, nucleosomes are represented by red circles; the ‘fuzziness’ represents the 

degree of nucleosome positioning. Histone modifications are shown below the nucleosomes, and the depth of colour 
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with poised RNAPII and/or Polycomb silencing and without RNAPII are shown. H3K27ac, histone H3 lysine 27 

acetylation; H3K4me1, histone H3 lysine 4 methylation; TBP, TATA-box-binding protein.

Polycomb group proteins
(PcG proteins). These are 
epigenetic regulators of gene 
expression that silence target 
genes by establishing a 
repressive chromatin state. 
Because of their role in 
maintaining states of gene 
expression, PcG proteins  
have key roles in cell fate 
maintenance and transitions 
during development.

Polycomb repressive 
complex 2
(PRC2). A regulatory complex 
that catalyses trimethylation  
of histone H3 at lysine 27.

Trithorax protein 
Proteins that belong to the 
Trithorax group (TrxG) form 
large complexes and maintain 
the stable and heritable 
expression of certain genes 
throughout development.

tissues. Across classes of genes in vertebrates, H3K4me3 
distribution is almost identical with the span of CpG 
islands6. Ubiquitously expressed genes generally have 
short CpG islands, and the H3K4me3 mark and CpG 
island typically only overlap the 5! end of the gene17. 
Third, developmentally regulated genes (with type III 
promoters) in vertebrates have a number of features 
that are associated with repression by Polycomb group  
proteins (PcG proteins). These features include multiple 
large CpG islands, wide distribution of bound PcG pro-
teins and both H3K27me3 and H3K4me3. Because of 
the presence of both of these marks, which are associ-
ated with repression and activation, respectively, these 
are described as bivalent promoters28. The large CpG 
islands often extend into the body of the genes and are 
closely tracked by H3K4me3, which is thus not restricted 
to promoter regions in developmental genes. In  
D. melanogaster, broad H3K27me3 and Polycomb repressive  
complex 2 (PRC2) marks are also present, even though 
CpG islands are absent, and the existence of bivalent pro-
moters is still unproven. An intermediate ‘balanced’ state 
of chromatin29, which includes a combination of features 
that are associated with repressed promoters (such as 
H3K27me3 and Polycomb) and active promoters 

(such as RNAPII and the Trithorax protein ASH1, but 
not H3K4me3), could be the functional equivalent of  
bivalent promoters in D. melanogaster.

Several recent studies26,30,31 have made attempts to 
classify chromatin based on combinatorial content of 
multiple epigenetic marks and/or transcription factor 
binding. The results tell us much about the functional 
states of promoters across different states and in genes 
of different types. Although this classification of epi-
genetic states is cell-type-specific, when it is inspected 
across many cell types, the three main types of promot-
ers are preferentially associated with different subsets 
of epigenetic states. For example, in humans, differ-
ences have been reported in the relative contributions 
of enhancer- and promoter-based regulation in differ-
ent gene classes that clearly track the three promoter 
types30. Developmental genes (type III promoters) are  
regulated at both the enhancer and the promoter 
level, have the highest number of enhancers nearby  
and have diverse promoter states, including poised and 
Polycomb-repressed states. Tissue-specific genes (with 
type I promoters) seem to depend predominantly on cis-
regulatory modules for regulation and show less diver-
sity across promoter states (typically assuming either 
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Figure 4: Active and inactive states of Type I: ‘adult’, Type II: ‘ubiquitous’
and Type III: ‘developmental’ gene promoters. DNA is the horizon-
tal black line, with specific (grey) and generic (green) transcription
factors represented as blobs. Black arrows mean regulatory inter-
actions, and red lines are actual RNA transcripts. Nucleosomes are
marked as brick-coloured circles: fixed positions as a single circle,
and ‘fuzzy’ positioning with multiple overlapping circles. Enrich-
ment of histone modifications are represented as rectangles below
the nucleosomes. Source: Lenhard et al. (2012)

1.2.2 Enhancer and Silencer Elements

As seen from the ENCODE project (ENCODE, 2012), a large percent-
age of the genome can potentially play an active role in transcrip-
tional regulation. In humans genic regions cover less than one third
of the genome (Lander et al., 2001), leaving a large percentage of se-
quences to be occupied by potential regulatory elements. Many of
these elements lie a large genomic distance (hundreds of kilobases or
megabases) away from their regulatory targets, yet they affect gene ex-
pression through DNA looping interactions to the promoter regions
(Figure 3). In the following section we give an overview of extensively
studied enhancer and silencer elements to understand the character-
istics and functioning of their regulatory activity.

1.2.2.1 Well-known promoter-enhancer interactions: �-globin, Myc and
the olfactory receptors

The human and mouse �-globin gene is possibly the most studied
region for spatial regulation (Yun et al., 2014). In erythroid cells where
the gene is active, a specific loop is formed between its promoter, and
the upstream Locus Control Region (LCR), which consists primarily
of DNase I Hypersensitive Sites (DHSs). Moreover, during red blood
cell maturation the gene relocates from the nuclear periphery to a
transcription factory in the nuclear interior (Ragoczy, 2006). Cell type
specific TFs TAL1 or KLF1 have also been indicated as key factors in
the unusually high expression rates of globin genes in erythroid cells
(Schoenfelder et al., 2009).
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Looping interactions between gene promoters and enhancer or si-
lencer elements have been studied in great detail for several impor-
tant genes. Some of these interactions are long-range: the Myc onco-
gene has an important enhancer ~330kb away from the gene promoter
(Pomerantz et al., 2009), and Sonic Hedgehog (Shh) has a limb-bud spe-
cific enhancer in a distance over a megabase (Amano et al., 2009).

A particularly remarkable example is the enhancer called H, reg-
ulating olfactory receptors in neurons. The element contacts exactly
one olfactory receptor from a cluster of genes in such way that every
olfactory neuron would express only one receptor at any given time
(Fraser and Bickmore, 2007). To achieve this one of the two copies of
H is specifically inactivated by DNA methylation. The remaining ac-
tive copy is able to target the receptor genes with great accuracy even
in trans. The loop formation is not necessarily stable, and is expected
to transiently break and re-form with the same allele. Though H co-
localises with mRNAs of its target receptor gene 85% of the time,
it only co-localises with the gene itself only 30% of the time, likely
spending the rest of the time in a different conformation.

1.2.2.2 Large-scale studies of promoter-contacting elements

Large scale (regional or genome-wide) studies have shown that pro-
moter contacting elements are widespread in mammalian genomes.
Sanyal et al. (2011) studied the promoters in 1% of the human ge-
nome defined by the ENCODE pilot project in three distinct cell types
(K562, GM12878, HeLa-S3) using the 5C assay (Dostie and Dekker,
2007). The report found over 1,000 conserved promoter-interacting
elements, bearing the marks of enhancers, CTCF binding sites and
other promoters. The study also revealed that only ~7% of looping in-
teractions target the nearest gene (previously this was the dominant
view), whereas the majority of interactions skip one or multiple gene
promoters. Moreover there seems to be a sweet spot for enhancers
120kb upstream from the TSS, where the density of cis-regulatory
elements is significantly increased.

Using a combination of Chromatin Immunoprecipitation (ChIP) ex-
periments on histone modifications to mark chromatin state, Shen
et al. (2012) discovered 234,764 putative enhancers in the mouse ge-
nome, with potentially multiple targets. That means that most genes
in the mouse genome are potentially affected by multiple enhancer/si-
lencer elements, although many of them could exhibit only a mi-
nor effect, contributing to the cell-to-cell variability of gene expres-
sion. They also established the presence of Enhancer-Promoter Units
(EPUs), sub-megabase domains where promoter-enhancer interactions
frequently occur.

Interestingly, enhancer elements not only affect the transcription of
their regulated gene targets, but are also actively transcribed them-
selves, potentially due to the chromatin signature resembling that of
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active genes. By observing these enhancer-like transcripts with Cap
Analysis of Gene Expression (CAGE) the FANTOM5 Consortium (An-
dersson et al., 2014; FANTOM5 Consortium, 2014) detected 43,011

candidate enhancers in 818 different samples, representing a compre-
hensive cross-section of human primary cells, tissues, and cell lines.
By cross-correlating the expression of enhancers and genes across the
cell types, they inferred the putative relationship between these ele-
ments. Most of these interactions are cell-type specific, appearing in
only a small fraction of samples, with some (~200) being ubiquitously
present in most samples.

Studies to date differ significantly in methodology, as well as in
results. The reported numbers have a high variability, and provide
only a partial overlap owing to the different strengths and weaknesses
of the methods employed. For example enhancers that are not tran-
scribed or do not show characteristic histone marks would not be
counted in certain studies. All in all the results are useful to a) shed
light on the general characteristics of spatial regulation, and b) pro-
vide putative sites (‘suspects’) for genes and regulatory elements that
merit further study. Their effect on transcription can then be directly
measured (‘proven guilty’) by a knock-out of the interacting element
followed by mRNA analysis.

1.2.3 Transcription Factories

Active genes often co-localise in specialised nuclear compartments
named transcription factories. These structures are highly enriched
in the active (phosphorylated) form of RNA Polymerase II, and other
cis-acting factors that create a favourable micro-environment for the
transcription. While there is ample evidence for the existence of such
structures, it is still under debate how widespread they are, and how
important they might be for the transcriptional regulation of genes.

Previous studies suggest that a large portion of transcriptional ac-
tivity in the cell takes place in transcription factories (Ragoczy, 2006;
Osborne et al., 2004). Genes dynamically move in and out of these
structures to create bursts of RNA production. Although earlier mod-
els of transcriptional elongation involve the movement of RNA Poly-
merase II along the gene body, an alternative model is that the RNA
Polymerase II is immobilised, and the DNA in the gene body is reeled
through to create nascent RNA (Sutherland and Bickmore, 2009). An
evidence for that is that the foci remain stable even after the inhibi-
tion of RNA Polymerase II; if transcription factories were mere aggre-
gation of active genes, these would likely fall apart if transcription
stopped. Figure 5 shows a cartoon and a microscope image using
Fluorescence In-Situ Hybridisation (FISH) of transcription factories.
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Figure 5: Transcription factories. (A) cartoon representation of a transcrip-
tion factory ~70nm in diameter with 8 RNA Polymerase II en-
zymes (green crescents) and nascent RNA (yellow) from three ac-
tive genes. Small arrows mark genes, large arrows the direction
of transcription. Source: Sutherland and Bickmore (2009) (B) distri-
bution of RNA Polymerase II (green) to transcription factories in
human B cells. Red marks the two copies of the Myc locus. DNA
FISH, scale: 2µm Source: Osborne et al. (2004)

It has also been seen that co-regulated genes binding the same tran-
scription factors often co-localise in the same transcription factories
(Schoenfelder et al., 2009). Genes bound by the erythroid transcrip-
tion factor KLF1 are transcribed in just a few transcription factories in
fetal liver cells, despite the wide distribution of KLF1 binding sites in
the genome. This suggest that factories might specialise in producing
certain types of transcripts, which would enable a) the better coordi-
nation of gene expression for these genes, and b) reduced production
of transcription factor enzymes due to limited localisation. The con-
stituents of individual transcription factories, however, are far from
stable. Single-cell FISH analysis shows that although these sites have
a propensity to co-localise in transcription factories, the cell-to-cell
variability is very high owing to the dynamic nature of chromatin
folding, and the stochastic assembly of nuclear sub-structures.

1.3 experimental techniques to probe chromatin struc-
ture

As a significant portion of this thesis is dedicated to the computa-
tional methodology of analysing spatial interaction data, it is impor-
tant to present an overview of the experimental techniques used to
interrogate chromatin folding. Understanding the experimental meth-
ods in detail is needed to model the noise and bias components that
are introduced in various steps of the assays (Chapter 2).

There are two major approaches for exploring chromatin struc-
ture: the first approach is based on imaging and microscopy com-
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bined with various dyes and fluorophore, and the other is based
on the Chromosome Conformation Capture (3C) assay, giving read-
outs through quantitative Polymerase Chain Reaction (qPCR) or high
throughput sequencing.

1.3.1 Microscopy-based Assays

Eukaryotic chromosomes, especially during mitosis are visible un-
der the microscope with the naked eye, which has been the first
method for studying their shapes and sizes, and establishing the ba-
sic karyotype of human cells. Giemsa staining (Giemsa, 1904) further
increased the resolution by marking AT-rich (and often heterochro-
matic) regions with a darker shade of gray, producing the well-known
G-bands of chromosomes. This allowed for detecting large-scale ge-
nomic events, such as translocations.

Figure 6: Fluorescence in situ hybridization: protocol overview. Source: Na-
tional Human Genome Research Institute (NHGRI)

Fluorescence In-Situ Hybridisation (FISH) (Moter and Göbel, 2000)
(Figure 6) uses fluorophore-labelled custom DNA probes, generally
about 20bp in length, which hybridise with genomic DNA. This al-
lows for a targeted visualisation of loci at a maximum optical resolu-
tion of about 200nm. Depending on the DNA sequence used one can
pinpoint the location of particular genes often both on the paternal
and maternal chromosomes. Sequences that are present in high copy
number in the genome (such as LINE elements or telomeres) can label
a large number of sites in parallel.

Several variations of FISH have been adapted for various purposes.
RNA-FISH is able to detect various RNA species, such as mRNA or
lncRNA. 3D FISH allows multiple fluorophore with different guide
DNAs and colours to be studied in three dimensions using confo-
cal microscopy. With this technique one can study co-localisation of
genomic regions on a single-cell level. Moreover, combining distance



1.3 experimental techniques to probe chromatin structure 13

data from many cells (typically a few hundred cells), one can estimate
the frequency of co-localisation between the selected loci.

Super-resolution fluorescent microscopy (Schermelleh et al., 2010)
is a new and emerging optical technique, that is able to break the
diffraction limit (~200nm) of traditional optical microscopes, improv-
ing the resolution with an order of magnitude potentially up to around
20nm. The technique exploits the non-linear response of fluorophores
to excitation, taking into account the temporal properties of the sig-
nal to increase accuracy to well below the wavelength of the LASER.
Studies have been published investigating the mitochondrial genome
(Kukat et al., 2011), as well as individual plasmids less than a kilo-
base pair in length (Flors, 2010). Extending this technique with multi-
colour labelling of short DNA sequences one could potentially recre-
ate the three-dimensional structure of chromatin at a high resolution
by matching the colour sequence to a known reference genome.

1.3.2 Chromosome Conformation Capture and its Variants

Chromosome Conformation Capture (3C), described in Dekker (2002)
was the first molecular assay to study genome organisation. The basic
steps of the protocols appear on Figure 7:

Figure 7: An Overview of Chromosome Conformation Capture (3C) proto-
col. Source: Dostie and Dekker (2007)

The contents of the nucleus are cross-linked with formaldehyde,
forming covalent bonds between physically proximal parts of chro-
matin. After that the genomic DNA is digested with a restriction en-
zyme, and ligated together with a ligase. After this process DNA that
was close in 3D space will be joined. The cross link is reversed, pro-
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teins are digested, the DNA is purified. The result is a 3C library
consisting of so-called ditags, stretches of DNA combining two frag-
ments from two distinct genomic locations.

In standard 3C putative interactions are investigated using qPCR
with sequence-specific primers, where the interaction strength could
be read from the band on the agarose gel after electrophoresis. If no
discernible band is present, the sites are marked as non-interacting.

Chromosome territories
Each territory is the domain  
of a nucleus occupied by a 
chromosome.

Polycomb bodies
Discrete nuclear foci containing 
Polycomb proteins and their 
silenced target genes. Polycomb 
bodies have been observed in 
Drosophila melanogaster and 
human cells by imaging  
and in situ hybridization.

touch, they can form areas in which intermingling 
occurs, providing opportunities for potentially func-
tional interactions between loci located on different 
chromosomes9. Third, transcription does not occur 
diffusely throughout the nucleus but happens at sub-
nuclear sites enriched in RNA polymerase II and other 
components of the transcription and RNA-processing 
machinery10–12. This implies that actively transcribed 
genes tend to co-localize, possibly in specific groups 

related to their transcriptional regulators13. Finally, 
transcriptionally inactive segments of the genome also 
tend to associate with each other and often can be found 
localized at the nuclear periphery14, around nucleoli15,16 
or, in Drosophila melanogaster, at subnuclear structures 
such as Polycomb bodies17–19. These observations point to 
a spatially and functionally compartmentalized nucleus, 
in which subnuclear positioning of loci is correlated 
with gene expression.

Nature Reviews | Genetics

!
!

a  3C: converting chromatin interactions into ligation products

b  Ligation product detection methods

Crosslinking of
interacting loci Fragmentation Ligation &0#�RWTKȮECVKQP

3C

One-by-one
All-by-all

PCR or 
sequencing

4C

One-by-all

Inverse PCR
sequencing

5C

Many-by-many

Multiplexed LMA
sequencing

ChIA–PET

r�DNA shearing
r�Immunoprecipitation

Many-by-many

Sequencing

r�Biotin labelling
   of ends 
r�DNA shearing

Hi-C

All-by-all

Sequencing

Box 1 | 3C-based methods

In chromosome conformation capture (3C)-based methods (see panel a of the figure), cells are crosslinked with 
formaldehyde to link chromatin segments covalently that are in close spatial proximity. Next, chromatin is fragmented by 
restriction digestion or sonication. Crosslinked fragments are then ligated to form unique hybrid DNA molecules. Finally, 
the DNA is purified and analysed. The different 3C-based methods differ only in the way that hybrid DNA molecules, each 
corresponding to an interaction event of a pair of loci, are detected and quantified (see panel b of the figure). In classical 
3C experiments, single ligation products are detected by PCR one at the time using locus-specific primers. Given that 3C 
can be laborious, most 3C analyses typically cover only tens to several hundreds of kilobases. 4C (also known as ‘circular 
3C’ or ‘3C-on-chip’) uses inverse PCR to generate genome-wide interaction profiles for single loci48,105,106. 5C combines 3C 
with hybrid capture approaches to identify up to millions of interactions in parallel between two large sets of loci: for 
example, between a set of promoters and a set of distal regulatory elements46,107,108. 4C approaches are genome-wide but 
are anchored on a single locus. 5C analyses typically involve two sets of hundreds to thousands of restriction fragments to 
interrogate up to millions of long-range interactions that can cover up to tens of megabases and that can be contiguous 
or scattered among loci of interest throughout the genome. The Hi-C method was the first unbiased and genome-wide 
adaptation of 3C and includes a unique step in which, after restriction digestion, the staggered DNA ends are filled in 
with biotinylated nucleotides (as shown by the asterisks)64. This facilitates selective purification of ligation junctions that 
are then directly sequenced. Hi-C provides a true all-by-all genome-wide interaction map, but the resolution of this map 
depends on the depth of sequencing. When several hundred million read pairs are obtained, as is currently routine, 
chromatin interactions in the mouse or human genome can be detected at 100 kb resolution.

Other 3C variants have recently been described that differ in molecular details but that all generate comprehensive and 
genome-wide interaction maps28,47,57,75. Interestingly, technology development has now gone full circle back to 3C: the 
classical 3C method is no longer used only for analysing interactions one at the time by PCR but is now also used for 
genome-wide interaction mapping as the resulting complete 3C DNA ligation mixture can be directly sequenced on 
modern deep-sequencing platforms57. Finally, various approaches combine 3C with chromatin immunoprecipitation  
to enrich for chromatin interactions between loci bound by specific proteins of interest109,110. For instance, the  
chromatin interaction analysis by paired-end tag sequencing (ChIA–PET) method allows for genome-wide analysis of 
long-range interactions between sites bound by a protein of interest. Because ChIA–PET data represent a selected subset 
of interactions that occur in the genome, the three analysis approaches described in this article cannot directly be 
applied to this data type. LMA, ligation-mediated amplification.
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Figure 8: Overview of 3C-based techniques. Source: Dekker et al. (2013)

Several variants of 3C-derived techniques exist, mostly differing in
a) the selection criteria and multiplicity of the two ends, and b) the
detection methodology (qPCR, DNA microarrays, DNA sequencing).
In Chromosome Conformation Capture on Chip (4C) (Zhao et al.,
2006) the 3C library is further cut with a secondary restriction en-
zyme, generally with a shorter cut site, resulting in smaller fragments.
The fragments are circularized with a ligase enzyme, and amplified
via Inverse Polymerase Chain Reaction. The advantage of circulari-
sation is that PCR can be carried out knowing only one end of the
fragment, and is thus able to capture all interactions of a single site
(a one-to-all relationship). The circularised 4C library is generally hi-
bridysed with DNA microarrays or sent to high-throughput sequenc-
ing (van de Werken et al., 2012).

In Carbon-Copy Chromosome Conformation Capture (5C) (Dostie
and Dekker, 2007) the 3C library is amplified with multiple primers
using multiplex ligation-mediated amplification (LMA). This allows
any interaction to be captured between any of the fragments de-
fined by the primer set (a many-to-many relationship). The resulting
5C library is subsequently sent to high-throughput sequencing. 5C
primers can be selected arbitrarily, yet most studies select primers to
cover a continuous genomic region several Megabase pairs in size.

In Chromatin Interaction Analysis with Paired-end Tag Sequenc-
ing (Chia-PET) (Wei et al., 2006) the cross-linked chromatin fragments
are immunoprecipitated using an antibody, to detect interactions me-
diated by a certain protein. Often the target is RNA Polymerase II,
which allows the mapping the DNA-DNA interactions of actively
transcribed genes. The resulting Paired End Tag (PET) library is read
out using next-generation DNA sequencing.
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1.3.3 Hi-C: 3C Genome-Wide

Hi-C, a genome-wide (all-to-all) version of 3C was published in 2009

by Lieberman-Aiden et al. (2009). The protocol is identical to 3C up
to the restriction enzyme digestion step. The overhangs, however, are
filled with a biotinylated residue, and are subjected to blunt-end liga-
tion (as opposed to sticky-end ligation in 3C). The DNA is sheared us-
ing sonication, and the biotinylated fragments are pulled down with
Streptavidin beads to enrich for DNA fragments containing a liga-
tion junction. The fragments are PCR amplified using generic primers,
and sent to next-generation sequencing. Figure 9 shows the key steps
in the Hi-C protocol.

Figure 9: Overview of the Hi-C protocol. Source: Lieberman-Aiden et al.
(2009)

While simple on paper, the actual protocol can be potentially error-
prone, and needs many controls to ensure that each main step com-
pleted successfully. Having performed a large part of the experiment
myself (under expert supervision), it may take about three weeks
from the collection of cells to the ready-to-sequence sample. Due to
losses, a large amount of starting material (10 million+ cells) is rec-
ommended.

Hi-C yields a genome-wide interaction map of all restriction sites
on all chromosomes. In contrast to Chia-PET, Hi-C is site-neutral, re-
porting interactions between any pair of genomic loci in the genome.
Although this gives the most comprehensive signal, sequencing depth
between any given two restriction sites is limited, owing to the enor-
mous complexity of Hi-C libraries. As the number of possible inter-
actions scale quadratically with the number of binding sites, the po-
tential amount of fragment-to-fragment interactions in mammalian
genomes is in the range of hundreds of billions. Thus, Hi-C can give a
high-resolution (~2-4kb) interaction matrix for smaller genomes (such
as yeast), it is more suitable for detecting interactions of larger (>100

kilobase pair) genomic regions in mammalian cells with current se-
quencing technologies. Moreover, as all ’C-type assays, Hi-C are af-
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fected by noisy ligation events, and coverage biases, which we will
describe in detail in Chapter 2.

1.3.4 Hi-C Variants

Interestingly, the first mention of a genome-wide ’C protocol, named
Genome Conformation Capture (GCC) was reported by Rodley et al.
(2009) before the Hi-C paper by Lieberman-Aiden et al. (2009), which
added the biotin pull-down step to enrich for fragments containing a
ligation site.

Tanizawa et al. (2010) and Duan et al. (2010) published similar pro-
tocols using a second digestion enzyme (a 4-bp-cutter) instead of
DNA shearing, which is said to work better in yeast. Kalhor et al.
(2011) developed improvements upon the original Hi-C protocol na-
med Tethered Conformation Capture (TCC), which performs the pro-
tocol steps on beads. It claims to be quicker, cheaper, and to exhibit a
better signal-to-noise ratio.

1.3.5 Single-cell Hi-C

One issue with ’C-type techniques is that the primary signal is a com-
bination of interaction frequency and physical distance, averaged over
millions of cells. Though this data may uncover the preferred confor-
mation of loci, it gives little information about to cell-to-cell variability
in a way that DNA FISH does. For that reason Nagano et al. (2013)
developed a single-cell variation of the Hi-C technique. As any given
site can only be ligated to one other site at most (or maximum n times
with copy number n), the amount of signal from a single-cell exper-
iment is much less than in Hi-C. This allows for the capture of the
large fraction of the entire library complexity using current sequenc-
ing techniques. Moreover, even with missing signal due to inevitable
losses, the data allows for accurate 3D modelling of the general struc-
ture of chromosomes appearing in a single copy (sex chromosomes
in diploid, all chromosomes in haploid cells).

Pooling maps from single-cell experiments results in interaction
matrices similar to Hi-C, showing Hi-C to be a faithful average of
single-cell data. Variability between cells is substantial, with intra-
domain (<1Mb) structures showing much less variability than inter-
domain (>1Mb) contacts. This supports the previously observed sta-
bility of Topologically Associating Domains (TADs) (section 1.1.2).
Figure 10 shows the variability of 3D models between six single-cell
datasets performed on murine CD4+ T cells, as well as the compari-
son of various possible models based on the same interaction matrix.
The models were built using simulated annealing from random start-
ing position, which we will describe in more detail in Section 1.4.2.
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Figure 10: Structural modelling of X chromosomes of murine CD4+ T cells.
(A) Average coordinate root-mean- square deviation (r.m.s.d.) val-
ues in microns comparing 200 low-resolution structural models
for each cell and between cells. (B) Four surface-rendered models
of the X chromosome from cell 1, which are most representative
of the data based on hierarchical clustering of pair-wise r.m.s.d.
values. Scale bar, 1 mm. Source: Nagano et al. (2013)

1.4 modelling chromatin structure

Hi-C (as well as regional 5C) data have been utilised to build three-
dimensional models of global or local chromatin folding. There are
several advantages of having such models:

1. to give a visual representation of chromatin structure and the
spatial relationship of chromosomes or chromosomal domains

2. to provide a scaffold for overlaying additional genetic informa-
tion, such as methylation, TF binding or transcriptional activ-
ity. What may seem like unrelated events in a linearly struc-
tured genome browser might form distinct spatial clusters, or
exhibit specific spatial patterns (exterior/interior, diffuse/con-
centrated) not obvious from a linear representation

3. the coordinate system provided by the model could be used to
quantify spatial properties of specific genomic regions, such as
chromosome territories.

As 3C-type data generally stems from multiple individual cells (ex-
cept for single-cell Hi-C discussed in section 1.3.5) the resulting mod-
els will represent an ensemble of spatial conformations, likely to con-
serve dominant features, and to some extent average out the more
variable regions of the genome.

There are several approaches for modelling chromatin structure,
which we will discuss in more detail below.
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1.4.1 Restraint-based models

These models are based on the premise that interaction frequencies
(as measured by Hi-C) are inversely related to spatial distance (Duan
et al., 2010; Marti-Renom and Mirny, 2011). The exact relationship
between distance and interaction frequency can potentially be cali-
brated measuring the distances of known loci using microscopy tech-
niques, such as DNA-FISH. Additional constraints can be added by
measuring the size and the geometry of the nucleus, or integrating
knowledge about the physical properties of the DNA polymer.

Once the pairwise distances are estimated, the modelling problem
can be turned into an optimisation problem by defining a score func-
tion, such as root-mean-square deviation (RMSD) from the expected
distances (Duan et al., 2010). Standard optimisation packages based
on non-linear programming, such as IPOPT (Biegler and Zavala, 2009)
could be run to generate the lowest-scoring models.
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Figure 11: The three-dimensional model of the Saccharomyces cerevisiae ge-
nome. 3D model is shown from two different angles with chro-
mosomes are depicted as colourful lines. The dashed white oval
and the white arrow mark the centromeres and nucleolus respec-
tively. Source: Duan et al. (2010)

Figure 11 shows a solution to a restraint-based computational model
in budding yeast. The sixteen chromosomes are interacting strongly
at the centromeres (marked with the white oval) at one pole of the
nucleus, with the ends of the chromosomes stretching towards the
other end. The ribosomal RNA on chromosome XII clearly forms a
separate compartment from the rest of the genome1. On top of re-
capitulating known nuclear features, the above model predicted the
clustering of tRNA genes, as well as the existence of transcriptional
foci reminiscent to transcription factories in mammalian cells.

1 an extra constraint about the nucleolus was incorporated into the model representing
prior knowledge, which could also be an explanation for the clear separation of this
compartment
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1.4.2 Ensemble-Based Models

A different approach from trying to find the optimal solution is to
embrace the fact that various dominant conformations of the same
locus are likely to exist in the compendium of cells. The resulting 5C
or Hi-C data will reflect the frequency with which chromatin assumes
these particular conformations.

A prime example of this is based on the Integrated Modeling Plat-
form (IMP) (Baù et al., 2010; Umbarger et al., 2011), which builds a set
of restraints similar to the traditional restraint-based models (section
1.4.1). A large set of starting coordinates is initialised randomly, and
potential structures are generated iteratively using simulated anneal-
ing (Aarts and Korst, 1988). The resulting structures are subsequently
clustered by spatial similarity with mirroring structures merged to-
gether. This process is able to effectively capture the variability of
conformations by detecting local minima, while converging to domi-
nant structures with high frequency given the right set of annealing
parameters.
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Figure 12: Ensemble of solutions: the three-dimensional model of the al-
pha globin locus in human K562 cells. (A) Clustering of 10,000

separate models generated by the Integrated Modeling Platform
(IMP) based on 5C data. (B) The ensemble model from cluster 2 is
shown in greater detail below. Regulatory elements are marked
with orange balls (HS40 in red), CTCF sites in green (C) consis-
tency score between models in cluster 2. Source: Baù et al. (2010)

Figure 12 shows the multitude of conformations for the human
alpha-globin locus in K562 cells. The relatively high number of clus-
ters shows that the region is quite variable in this cell type; in GM12878

cells, where the alpha-globin gene is inactive, most conformations fall
into two distinct clusters. Having multiple models also allows us to
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calculate a consistency score within the cluster or across multiple clus-
ters to detect which part of the structure is the most stable or most
variable. In K562 cells a significant majority (82%) of local features
are conserved, while the other 18% of restriction fragments account
for most of the variability between the models. Active genes (includ-
ing alpha-globin) are enriched in the chromatin globule (the compact
structure in the bottom left part of the model for cluster 2 in Figure 12)
with regulatory elements (HS48, HS46 shown as orange and HS40 in
red) in close proximity.

1.4.3 Polymer Models

This line of research draws from simulations performed on polymer
physics. The models estimate local characteristics of the DNA poly-
mer fibre in order to recapitulate higher order structures, such as
DNA supercoiling or chromosome territories (McManus et al., 1994;
Marko and Siggia, 1997; Bohn and Heermann, 2011). In the follow-
ing sections we present some important polymer models, along with
the general properties of the resulting nuclear structures called the
equilibrium globule and the fractal globule.

1.4.3.1 The Equilibrium Globule

Early studies (van den Engh et al., 1992; Sachs et al., 1995) have been
analysing FISH studies to establish the relationship between genomic
distance and interaction frequency. Experiments show that the spa-
tial distance steeply decreases until around 10Mb followed by a more
gradual decrease till the end of the chromosomes. This characteristic
is in line with equilibrium states of a homopolymer, which exerts a
local repulsive force between the chains to avoid extensive clumps or
knots. External confinement of polymer chains by the nuclear mem-
brane results in a formation called equilibrium globule, which is con-
sistent with chromatin characteristics elucidated from FISH data.

1.4.3.2 The Fractal Globule

With the advent of high-throughput conformation data, it has be-
came clear that biological factors, which cannot be directly deduced
from the physical properties of DNA alone play an important role
in higher order chromatin organisation. The formation and stabilisa-
tion of TADs by structural proteins results in high stability of local
(<1Mb) interactions, while long-range (>1Mb) interactions show in-
creasing variability across cells. Between 1Mb and 10Mb the relation-
ship between genomic distance and interaction frequency exhibits a
characteristic power-law scaling with a slope that would not be ex-
pected from the equilibrium globule2.

2 the equilibrium globule has a characteristic distance slope of –3/2 on a log-log scale
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Grosberg et al. (1988) proposed an alternative polymer model na-
med fractal globule, a densely packed knot-free structure resulting
from polymer condensation that never reaches the equilibrium state.
The model has been found to closely match the contact probabilities
of Hi-C data (Lieberman-Aiden et al., 2009): the power-law slope of -
1.08 of Hi-C data lies very near to the -1 slope predicted by the fractal
globule model. In the fractal globule model nearby regions tend to
form a hierarchy of clusters resulting in topological domains on the
small-scale, and chromosome territories on the large scale. The knot
free structure allows for dense packing, while keeping the chromatin
accessible for various proteins. Figure 13 reveals the visual differences
between the knotted, and intertwined equilibrium globule, and the
knot-free, and locally clustered fractal globule.
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Figure 13: Genome folding Models. (A) relationship between observed con-
tact probability in Hi-C (human K562 cells) and genomic dis-
tance. Power law scaling between 700kb and 10Mb is marked
with grey. (B) simulated contact probability by distance curve in
the equilibrium and fractal globule models (C) simulated fold-
ings of 4.8Mb of DNA polymer, represented as 4000 monomers of
length 1200bp (top) in the equilibrium globule (middle) and frac-
tal globule (bottom) models. Cross section view could be seen
on the right side of the model. (D) Chromatin folding in three
levels in the fractal globule model. (top) clearly separated chro-
mosome territories of the three simulated chromosomes (middle)
separation of open and closed chromatin compartments (bottom)
individual fractal globules visible on the megabase scale. Source:
Lieberman-Aiden et al. (2009)

Hi-C confirmed another key organising characteristic of the mam-
malian chromatin, namely the spatial separation of open (active) and
closed (inactive) chromatin conformations. Two distinct types of com-
partments, namely A and B were were discovered using Principal
Component Analysis (PCA). They show enriched interaction frequen-

sugar
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cies between the same compartment type, and depleted interactions
between different types. This in line with the notion of euchromatin
and heterochromatin that has been seen in early microscopy-based
experiments (Elgin, 1996).

With the increased number of Hi-C datasets, the debate is still un-
decided, whether or not the fractal globule is the best representation
of higher level chromatin folding. Schram et al. (2013) notes that in
its pure polymer representation the fractal globule is highly unstable,
and could only be maintained with external constraints, such as in-
teractions of DNA bound polymers or the tethering of DNA strands
to nuclear features (such as the lamina). This further highlights the
important role structural proteins play in genome organisation.

1.5 summary

In this introduction we presented some general principles of spatial
transcriptional regulation. We gave an overview of the experimental
assays to investigate the three-dimensional structure of the nucleus,
and showed examples of computational models to recapitulate chro-
matin structure.

In the next chapter we will focus on the computational analysis
of the Hi-C assay, especially on the handling of technical biases and
noisy ligation events. This will give us the tools for the statistical
analysis of Hi-C type data, which we will make use of in Chapters 3

and 4.
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H I - F I V E : A D ATA A N A LY S I S P I P E L I N E F O R H I - C
D ATA S E T S

2.1 introduction

Analysing Hi-C data comes with a unique set of computational chal-
lenges that need to be overcome in order to uncover the 3D interac-
tome of the eukaryotic cell nucleus. In this section we will give an
overview of these challenges, and discuss previous analytical meth-
ods. The rest of the chapter will be dedicated to outlining our solution,
the Hi-Five data analysis pipeline, and validate it against real experi-
mental data, control experiments as well as simulated data sets.

2.1.1 Noise and Artefacts

Apart from the true ligation events we intend to detect, various types
of ‘spurious’ ligation products also arise in a typical Hi-C experiment
(depicted in Figure 14). Although the ligation step of the Hi-C pro-
tocol is performed in a highly diluted solution, there is no guaran-
tee that the dangling fragment ends will ligate to a fragment in the
same cross-linked complex. In fact, many ligation events happen be-
tween complexes ‘floating by’ each other. These cross-molecular liga-
tion events add a certain percentage of random noise to the resulting
sequence data depending on the quality of the library.

On top of that, ends of the same fragments often ligate together
(self-ligation), or previously cut fragments ligate back (re-ligation).
Despite the Streptavidin pull-down, some unligated restriction frag-
ments might also remain in the solution.

The above mentioned artefacts are relatively easy to detect, as the
two ends of the paired-end sequences generally map very close to
each other. Cross-molecular (noisy) ligation events, on the other hand,
are individually indistinguishable from intra-molecular ligations, and
could only be filtered out statistically.

Figure 14: Depiction of Various Ligation Events in the Hi-C Protocol

25
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2.1.2 Biases

Hi-C experiments are further confounded by coverage biases, where
some parts of the genome are under or overrepresented in the se-
quencing reads (Yaffe and Tanay, 2011). Some of these biases are
shared with other high-throughput sequencing assays, such as ChIP-
Seq and RNA-Seq, while some are unique to genome conformation-
type assays.

Mappability (Koehler et al., 2010) represents the uniqueness of the
genome sequence, where low-mappability (repetitive) regions will
register fewer unique sequencing reads compared to high-mappability
regions. GC-content primarily affects the Polymerase Chain Reaction
(PCR) amplification step in the Illumina sequencing process, result-
ing in a different amplification efficiency for GC-rich and GC-poor
sequences (Benjamini and Speed, 2012).

Restriction fragment length, unique to experiments using restric-
tion enzymes, affects the resulting sequences in multiple ways. Re-
gions with a high density of restriction fragments tend to be overrep-
resented in the library, as there are more possible fragment ends to
ligate to. Moreover, differently sized fragments have different propen-
sity of forming ligation products with other fragments with longer
fragments appearing more frequently in true ligation events com-
pared to shorter ones.

2.1.3 Undersampling and Resolution

In contrast to paired-end DNA sequencing, where the ends generally
map in close proximity to one another, the two ends of Hi-C ditags
(paired-end tags) may come from anywhere in the genome. Therefore
the number of possible interactions increases quadratically with the
number of restriction fragments in the genome. For example the hu-
man genome contains 837,161 HindIII restriction fragments allowing
for a staggering 350 billion possible interactions. Out of that, over 18.7
billion are intra-chromosomal interactions.

With the current sequencing depths of a few hundred million paired-
end reads, only the strongest interactions will be detectable on a sin-
gle restriction fragment resolution. Therefore previous mammalian
Hi-C studies (Lieberman-Aiden et al., 2009; Dixon et al., 2012) have
binned the interactions to 40kb-1Mb bins in order to increase statis-
tical power of interaction detection. While this allows for the study
of Topologically Associating Domains (TADs), which are often sev-
eral hundred kilobases in length, it falls short of accurately pinpoint-
ing specific gene regulatory interactions, such as promoter-enhancer
pairs.

The resolution can be increased by sequencing more deeply: four
times the number of sequences generally results in two times better
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resolution, due to the quadratic relationship between read depth and
resolution. An alternative method is to selectively study a smaller
region at a higher depth, as in 5C (Dostie et al., 2006), or enrich for
certain types of fragments, such as gene promoters, an example of
which we will introduce in Chapter 3.

2.2 existing statistical methods : hiclib and hicpipe

Hi-C is a relatively novel experimental technique, thus the correspond-
ing data analysis methods and tools are much fewer in number and
less mature than the ones for more established assays, such as ChIP-
Seq or RNA-Seq. In fact, when we started this work, there were
no published computational tools for Hi-C data analysis available
at all. The two most prominent methods to date for filtering noise
and correcting for biases are hicpipe (Yaffe and Tanay, 2011) and hiclib
(Imakaev et al., 2012).

Hicpipe is based on explicitly determining and eliminating the
sources of biases in the Hi-C data. In the original publication mappa-
bility, GC content around ligation junctions, and restriction fragment
length were identified as the main sources of technical biases. A mul-
tiplicative probabilistic model with these three variables is fitted to
the trans-chromosomal interactions, and a maximum-likelihood esti-
mate is given for the probability of contact between two given sites.
The result is a correction factor for every pair of restriction fragment
ends, which can be used to normalise raw Hi-C contact maps.

Hiclib (Imakaev et al., 2012) on the other hand does not try to
explicitly determine the source of biases. Rather, it argues that all
known biases manifest in the difference of coverage (the number of
sequencing reads per restriction fragment or bin), which should be
completely eliminated. As most of the biases affect the two ends of
the interactions individually, the expected coverage bias of the inter-
actions could be calculated by multiplying the coverage biases of its
two ends. An iterative approach is used to correct for the coverage
biases, where in every iteration the interactions are normalised with
the coverage of both ends. As the normalisation procedure changes
the coverages themselves, it has to be repeated several times, until the
coverage of all bins converges to 1.

In the following sections we present an alternative approach named
Hi-Five that is based on a mechanistic model of the Hi-C experiment.
Using binomial statistics, it is able to effectively correct for known
and unknown biases in a single step, and distinguish between true
and spurious ligation event without assuming a uniform coverage
for all sites. Instead of normalised read counts as in (Yaffe and Tanay,
2011; Imakaev et al., 2012) the calculation results in a fold change over
the expected number of interactions, as well as a p-value indicating
the likelihood of seeing that many interactions by random chance
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alone. This, in turn, allows for effective filtering and thresholding of
the dataset to select statistically significant Hi-C interactions.

2.3 data model

Figure 15 shows our best understanding of the Hi-C experiment from
a data flow point of view. Apart from the biological (true) ligation
products, we have two additive components that are frequently seen
in the sequencing data. Ligation artefacts (Figure 14), such as self-
ligations or re-ligations are relatively easy to detect, yet may reduce
the sequencing depth if they appear in a high percentage of the reads.
Inter-molecular (random) ligation events are represented as an addi-
tive noise component. All three ligation products are equally affected
by coverage biases (PCR amplification, mappability, etc.), shown as
a multiplicative bias component. Similarly to Imakaev et al. (2012)
our model represents biases from both ends of the interactions as in-
dependent multiplicative components. Finally, the high-throughput
sequencing step is represented as random sampling, as the number
of reads obtained from the sequencer is orders of magnitudes lower
than the complexity of the library.

Figure 15: Hi-Five Data Model: ligation artefacts and inter-molecular (ran-
dom) interactions are represented as additive components to bio-
logical (true) interactions. Coverage biases are multiplicative, af-
fecting all three type of ligation events equally. The Hi-C ligation
products are randomly sampled in the high-throughput sequenc-
ing step resulting in the set of reads we see in the FASTQ files.

The result of this process will manifest itself in the FASTQ (Cock
et al., 2010) paired-end sequencing file received from the Illumina
sequencer, which is the input of our data analysis pipeline. Our goal
is then to work backwards in the data flow model, correct the biases,
and filter out spurious ligation products in order to recapitulate the
biological interactions with the highest possible fidelity, which we
will detail in the following sections.
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2.4 low level mapping and filtering

In this section we describe the procedures to map paired-end reads
to restriction sites, as well as to filter out spurious ligation artefacts.

2.4.1 Read Mapping

The output of the Hi-C experiment, and consequently the input of our
data analysis pipeline is a FASTQ file generated by the Illumina high-
throughput sequencing platform containing 50-100bp long paired-
end sequences from the two ends of the Hi-C ligation products. In
order to identify the origin of the sequences, we used the Bowtie
short read mapper tool version 1.0 (Langmead et al., 2009), known
for its robust performance, while keeping sensitivity and accuracy of
the mapping (Holtgrewe et al., 2011).

As bowtie’s built-in paired-end mapping option assumes that the
two ends lie relatively close to each other (and would consequently
discard long-distance or trans-chromosomal read pairs) we mapped
the two ends separately. We later paired the corresponding align-
ments by matching their FASTQ (Cock et al., 2010) sequence iden-
tifiers.

Sequences were aligned allowing two mismatches in the first 50

base pairs, and keeping only the read pairs where both ends mapped
uniquely. The latter avoids a problem present in Lieberman-Aiden
et al. (2009) where distributing multiple matches evenly between the
sites resulted in spurious interactions between regions of similar se-
quence composition. The exact bowtie parameters used were:

--seedmms 2 --seedlen 50 -k 1 -m 1 --best --threads 4 --solexa
1.3-quals --chunkmbs 256

2.4.2 Removing PCR duplicates

The Polymerase Chain Reaction (PCR) amplification process prior to
sequencing may result in multiple copies of the same fragment pair
being sequenced several times. While the majority of duplicates only
appear a few times, some species may be sequenced in thousands of
copies. Running a control experiment with random barcodes ligated
to the two ends we established that the vast majority of the exact
duplicates do indeed contain the exact same barcodes, meaning that
they originate from a single ligation product with a high probabil-
ity. Therefore we decided to filter out every duplicated read in the
experiment, keeping only a single copy for each.
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2.4.3 Removing Ligation Artefacts

Ligation products are sheared and size-selected before sequencing.
Knowing the size distribution of the ligation products we can calcu-
late a maximum distance of the resulting sequence from a restriction
enzyme cutting site. Any sequence lying further away from a restric-
tion site than this maximum cannot be a true ligation product, and
is subsequently filtered out. The remaining sequences are mapped
to restriction fragment they lie on. Interactions thus are defined and
aggregated at a resolution of a single restriction fragment (~2kb for
HindIII in mammalian genomes). Looking at both ends of the interac-
tions we can identify and remove various artefacts with relative ease:

• Self-ligation: the read pairs map to the same restriction frag-
ment

• Unligated fragments: coming from a continuous stretch of DNA
the two ends also map to the same restriction fragment. The dif-
ference is that the two reads by self-ligation events lie upstream
from each other from 5’ to 3’, whereas by unligated fragments
the two ends lie downstream from each other.

• Re-ligation: the two ends map to adjacent restriction fragments

2.4.4 Aggregating and Binning

With duplicates and ligation artefacts filtered out, ditag counts be-
tween restriction fragments are aggregated, resulting in the raw inter-
action matrix on a single-fragment resolution. In mammalian genomes,
the matrix is huge (>300 billion items), but sparse. A large percent-
age of weight is distributed to short-range (<100kb) and mid-range
(<1Mb) interactions around the diagonal, with the majority of long-
range (>1Mb) and trans interactions registering only a single read.

In order to increase the statistical power for calling significant in-
teractions, adjacent restriction fragments are often further aggregated
to variously sized bins (generally 50kb-1Mb), depending on the size
of the genome, sequencing depth, as well as the locality of the phe-
nomenon under study. For example bins of a few hundred kilobases
are a good choice for the study of Topologically Associating Do-
mains (TADs), which themselves are a few hundred kilobases in size.
It is important to note, however, that in contrast to Imakaev et al.
(2012) our method does not rely on the bins being the same size, as
differences in coverage are allowed and respected during the statisti-
cal analysis. In fact, the same method with small modifications can
also be used on a single-fragment resolution, which we describe in
Chapter 3.
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2.5 the binomial method

The raw interaction matrices that result after filtering, aggregation
and possible binning still contain a heterogeneous set of noise and
bias components that need to be corrected for. Failing to do that
would result in erroneously detecting interactions between high vis-
ibility loci, which could confound downstream analysis. Some loci
that cross-link and ligate with high efficiency will for example be
overrepresented in the sequences after low-level filtering compared
to fragments, which tend to self-ligate more often. Differences in se-
quence composition and mappability will also result is some loci hav-
ing higher overall visibility than others.

We define this visibility or coverage for locus x as the fraction of
reads that falls onto x:

coverage(x) =
reads

x

reads
all

(1)

As the biases affect both interacting partners independently, the
probability of an interaction between loci x and y is expected to be
proportional to the product of the coverage of the two ends. Highly
sequenced loci will appear to be interacting with one another, even in
the absence of cross-linking, where ligation products form in a com-
pletely random fashion. In a real Hi-C dataset, these random inter-
molecular interactions will be mixed with true ligation events. For-
tunately, separating these ligation events is relatively straightforward
using a binomial test.

In order to do that we statistically model the noise component in a
way that the probability of a random interaction is the direct function
of the coverages on the two ends:

P(random
xy

) = coverage(x) ⇤ coverage(y) ⇤noiseFraction (2)

where the noiseFraction represents the proportion of intermolecular
ligation events relative to all read pairs:

noiseFraction =
reads

intermolecular

reads
all

(3)

Naturally the more noise there is in the sample in general, the
higher the chance of any interaction to be part of the random back-
ground. The noise fraction could be estimated from the experiment
from the ratio of cis- and trans-chromosomal interactions (section
2.5.1), or could be conservatively set to the upper limit of 1, acknowl-
edging that all reads might potentially be noisy.
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In either case, knowing the probability of a single interaction form-
ing between loci x and y randomly, we can calculate the background
(null) distribution of the number of sequenced read pairs between x

and y (marked as reads
xy

). As each of these ditags represent an in-
dependent sampling event, the resulting distribution will be binomial
with parameters p = random

xy

and N = reads
all

. As p is very small
and N is very large the distribution will be very close to a Poisson
distribution with � = Np. Equation (4) shows the cumulative distri-
bution function for seeing at least k read pairs between x and y by
random chance alone:

pvalue
xy

= P(reads
xy

>= k) =

1-
k-1X

i=0

✓
N

i

◆
P(random

xy

)i(1- P(random
xy

))N-i

(4)

If this p-value is below a significance threshold we can infer that
this interaction has formed due to true ligation events with a high
probability, otherwise we can conclude that it is not significantly dif-
ferent from what we would expect from the null distribution.

As the binomial test has to be repeated for every interacting locus
pair we must correct for the false positives arising from multiple test-
ing. To this end we apply the method described in Benjamini and
Hochberg (1995) with a False Discovery Rate (FDR) cutoff of 0.05.
After this filtering step we effectively separated the significant inter-
actions from the random background.

On top of the corrected p-value we can also calculate the expected
number of interactions from the random background yielding a fold
change between the observed and expected ditags, representing the
strength of the interaction:

foldChange
obs/exp

=
k
xy

P(random
xy

) ⇤N (5)

here the observed number of ditags between x and y (k
xy

) is simply
divided by the expected value of the binomial distribution in Equa-
tion (4).

2.5.1 Estimating the Noise Level in the Sample

As seen in Equation (2) estimating the amount of noise in the sam-
ple could lead to a more accurate null distribution for the binomial
method, leading to higher sensitivity (the assumption of noise=1 is
always too conservative). In real Hi-C samples intra-chromosomal in-
teractions are highly overrepresented due to the polymer nature of
DNA and the existence of chromosome territories. Therefore compar-
ing the cis/trans ratio in real and random samples could give a good
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indication about the amount of noise present. In the experiments we
have seen the percentage of inter-chromosomal reads could be as low
as 20% and as high as 50%.

Assuming that all interactions are random we could calculate the
percentage of cis reads by knowing the number of restriction frag-
ments for each chromosome (fragments

chr

):

cisFraction
random

=
P

chr2{1-22,X,Y}(fragments
chr

⇤ (fragments
chr

- 1))
P

chr2{1-22,X,Y} fragments
chr

⇤ (
P

chr2{1-22,X,Y} fragments
chr

- 1)

(6)

which is simply dividing the number of possible fragment pairs
on each chromosome with the number of all possible fragment com-
binations in the genome. For the human and mouse genomes this
cisFraction

random

is 5.4%, and 5.3% respectively. Any cis read over
this percentage is likely to be due to true ligation events. Thus know-
ing the actual fraction of cis read pairs in our sample we could calcu-
late a reasonable upper limit for the amount of noise in the sample
using the formula:

maxNoise = 1- (cisFraction
sample

- cisFraction
random

) (7)

where

cisFraction
sample

=
reads

intrachromosomal

reads
all

(8)

If in our human sample the fraction of cis reads is for example
70% we can reasonably conclude that at least 64.6% of read pairs are
non-random. It is worth mentioning that even this noise estimate is
conservative, as some trans interactions are non-random, strong, and
reproducible, yet it is better to err on the conservative side in order
to keep the false positives under control.

2.6 evaluation of the binomial method

We will evaluate the binomial method described in the section 2.5
using two distinct strategies. First we will look at a random control
experiment, where the cross-links have been reversed before ligation,
causing the fragment ends to ligate with a random partner. We will
compare the results with a real Hi-C experiment to see the differences
in the significance and strength of interactions. Thirdly, we will eval-
uate the accuracy and the specificity of interaction calling using sim-
ulated datasets (the Hi-Cmulator). Precisely knowing the ‘true’ set of
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interactions and their strength helps us to better pinpoint the effect of
various biases in the final interaction list. We will use a Hi-C dataset
from mouse fetal liver (Fraser lab, unpublished), where both the real
sample and the corresponding random ligation sample is available.
To compare the effect of the restriction enzyme choice we will use the
original Hi-C dataset from Lieberman-Aiden et al. (2009) performed
on a human lymphoblastoid cell line.

2.6.1 Comparison of Real and Random Ligation Samples

As the binomial method’s primary aim is to separate random ligation
events from biological ones, we compared two samples stemming
from a common batch of cells harvested from mouse fetal liver (E14.5).
The standard Hi-C protocol was performed on one part of the sample,
whereas the modified random ligation Hi-C was performed in the
other part (Experimental Methods A.2).

mouse fetal liver HiC random ligation
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Figure 16: Raw interaction matrix in real (left) and random ligation (right)
samples. Mouse fetal liver, chromosome 10 with a 1Mb bin size.
Left panel shows the relative coverage in the two samples. Arrows
point at apparent interactions between high coverage regions.

Figure 16 shows the raw interaction matrices with 1Mb bin size. As
expected the real sample shows a strong preference for short-range
interactions, resulting in a lot of weight around the diagonal. Chro-
mosomal territories and domains are visible in the ‘tablecloth’ pattern
of the matrix. In stark contrast the random ligation is dominated by
the technical coverage biases, with high-coverage regions interacting
with a high frequency. The sample shows no apparent distance pref-
erence around the diagonal after filtering out the ligation artefacts,
such as self-ligation and re-ligations.

What is also striking is that the coverages of to the two samples are
highly correlated (Pearson’s r=0.98), validating the assumption that
the differences in coverage are indeed the results of technical biases,
and not stemming from a real biological phenomenon.
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Figure 17: Significant interactions in real (left) and random ligation (right)
samples. Significance is defined as -log10(qvalue), where
qvalue is the FDR corrected p-value of the binomial test. Mouse
fetal liver, chromosome 10 with a 1Mb bin size. Left panel shows
the relative coverage in the two samples.

Next we called significant interactions using the binomial method
(section 2.5). After performing the Benjamini-Hochberg multiple test
correction with an FDR cutoff of 0.05, we detected only 22 significant
interactions in the random ligation sample out of more than 3 million
bin pairs registering at least one read. This shows that the method
is effective in reducing false positives stemming from background
ligation events. In contrast, the real sample contained over 90,000 sig-
nificant interactions at a 1Mb resolution and q < 0.05 significance
(Figure 17). The heatmap conserves the domain structure visible in
the raw interaction matrix, yet weakens the apparently widespread
interactions of high-coverage regions.
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Figure 18: Distribution of p-values in the real (A) and random ligation (B)
samples. (C) shows the distribution of log fold change values of
significant and random interactions. Mouse fetal liver, chromo-
some 10 with a 1Mb bin size.

P-values of the random ligation sample (Figure 18) shows a fairly
uniform distribution, which is exactly what one would expect from a
truly random background, which validates our mechanistic model of
how interactions form in a Hi-C sample. The real fetal liver sample
exhibits a bimodal p-value distribution with background interactions
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close to p-value 1 and true interactions with very low p-values. The
same two fractions appear when we look at interaction strength de-
fined by the log fold change of the observed and expected interac-
tion frequencies. As a quality control, the p-value distribution plot
can identify samples where the cross-linking or ligation did not work
very efficiently. In these cases the distribution will look more simi-
lar to the random ligation sample indicating the high percentage of
background interactions.

Given that our sequencing depth is limited, there will be a percent-
age of true interactions that we cannot detect at the chosen signifi-
cance level (false negatives). Whereas the false positive rate is easy
to calculate from the random ligation sample, false negative rates are
harder to estimate from the real sample without prior knowledge of
the number of true positive interactions. This estimate will be per-
formed in section 2.6.2 using simulated datasets, where the a priori
distribution of interaction frequencies is precisely defined.

2.6.1.1 Correcting Biases

An important metric of the Hi-C analysis pipeline is its ability to cor-
rect for previously identified biases, such as GC content, mappability
or restriction fragment length (Yaffe and Tanay, 2011).
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Figure 19: Correlation between mappability, raw coverage, and binomial in-
teraction strength. Mouse fetal liver, 10Mb bin size.

Figure 19 shows a strong correlation in our dataset (Spearman’s
⇢ = 0.77) between mappability score (Koehler et al., 2010) and raw
coverage. After applying the binomial method, and calculating the
interaction strength this bias effectively disappears (Spearman’s ⇢ =
0.03). Similarly, the amount of interactions detected at bins with differ-
ent coverages seem to be relatively evenly distributed, after applying
the corrections (Figure 20).
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Figure 20: Proportion of significant interactions at different coverage lev-
els. Quartiles are based on interaction p-values. Mouse fetal liver,
1Mb bin size

Regions with very low and very high coverage often need special
attention. Some regions of the genome, such as centromeres or telom-
eres have mappability scores close to 0, which means that no read
pair maps uniquely in those areas. This lack of data manifests itself as
white lines in the heatmaps, and cannot be compensated for with sta-
tistical methods. For low coverage regions the correction factor ampli-
fies the interaction strength relative to other areas, often to the point
that shot noise will cause low read count interactions to appear sig-
nificant. This can be seen in the increased percentage of significant
interactions for low coverage areas in Figure 20.

Some parts of the genome have extremely high coverage, up to
tens or hundreds times of the mean. One special case is the mito-
chondrial genome, which has a very high copy number in most cell
types. As mitochondrial DNA appears in a separate compartment in
the eukaryotic cell, any interaction with nuclear DNA is expected to
be due to random ligation events, which could be filtered out alto-
gether. Other high-coverage regions include high copy number areas
that are either different in copy number from the reference genome, or
are erroneously represented as a single entity in the reference. These
regions will appear to be interacting with much more sites compared
to the rest of the genome even after the coverage correction.

For the above reasons we recommend to filter out extreme low and
high coverage regions using a coverage filter to avoid these artefacts
dominating downstream analyses. The filter could simply cut the top
and bottom percentiles of all bins based on coverage (for example
top and bottom 5%), or could remove any bin with a coverage score
over or under a certain percentage of the mean coverage (for example
under 20% or over 500% of the mean).

2.6.1.2 Correlation Between Samples

Raw interaction matrices generally exhibit low correlation between
replicates using different restriction enzymes (Yaffe and Tanay, 2011),
as technical biases dominate the interaction signal, especially in trans.
To further evaluate our method, we investigated the reproducibility



38 hi-five : a data analysis pipeline for hi-c datasets

of Hi-C experiments performed with the restriction enzymes HindIII
and NcoI in human lymphoblastoid cells (Lieberman-Aiden et al.,
2009).

Figure 21: (A-B) raw count and the binomial significance score
(-log2(qvalue)) for human chromosome 3 in Hi-C experiments
performed with HindIII and NcoI in human lymphoblastoid
cells. Interactions in HindIII low coverage areas are marked
with a rectangle. Only raw reads over 3 are shown. (C) Venn
diagram of significant interactions with overlap percentages (D)
Rank correlation of the strength of the 80,448 interactions shared
between the HindIII and NcoI sample. Source: Borbala Mifsud
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After filtering out spurious interactions, the resulting interaction
sets are highly similar. Among the 92,897 interactions in the HindIII
and 103,114 in the NcoI sample, 80,448 (87% and 78% respectively)
appear in both. Interaction strength after the coverage correction is
highly correlated with a Spearman’s rank correlation coefficient of
0.79, indicating that much of the biological signal is reproducibly un-
covered using the binomial method. Specifically, two interacting re-
gions in chromosome 3 (Figure 21) that are hidden in the HindIII
sample due to low coverage show highly significant p-values after
the correction, whereas apparent interactions between high coverage
regions (Figure 16, 17) are consequently suppressed.

It is important to note that while correlation of biological repli-
cates is an important metric, maximum correlation is not necessarily
a desirable feature in itself. Keeping real biological variability could
be deemed just as important as reducing technical variability. While
these two are difficult to disentangle in real samples, we will further
evaluate these properties using simulated datasets with well known
interaction frequencies and fragment level biases in the following sec-
tion.

2.6.2 The Hi-Cmulator

In order to more precisely evaluate the correction steps used in the
binomial method, we created a program named Hi-Cmulator that is
able to generate synthetic Hi-C datasets with an arbitrary set of inter-
actions, sequencing depth, coverage biases, and noise level. By exactly
knowing the original set of interactions, we can put quantifiable met-
rics on how well these contacts are recapitulated in connection with
the chosen parameters. This analysis should reveal how the method
performs under various experimental conditions.

The simulator follows the mechanistic model of Hi-C discussed
previously (depicted in Figure 22). The simulation steps in detail:

Figure 22: Hi-Five data model (recap), the basis of the Hi-Cmulator

1. Generates a matrix of ‘true’ interaction frequencies that repre-
sent the original signal. The matrices typically resemble Hi-C
interaction matrices, exhibiting a strong intra-chromosomal dis-
tance dependence modelled with the function: 1/log2(distance).
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Trans-chromosomal interactions will have a fixed true interac-
tion frequency (Figure 23A).

2. Generate a set of coverage biases for all sites. The prior is a
uniform distribution between 0 and 1 (Figure 23B).

3. Generate ‘true’ ligation events based on the true interaction fre-
quencies, coverage biases, and a predefined read count. The dis-
tribution of true ligation events will resemble the product of the
interacting frequencies and coverage vectors of the two ends.

4. Add a predefined percentage of noisy reads (default is 30%),
which is affected by coverage biases. Asymptotically noisy reads
will resemble the outer product of the coverage bias vector.

5. Mix the ‘true’ and the noisy ligation events to generate the final
output (Figure 23C)
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Figure 23: (A) True contact probabilities between 18 bins on three virtual
chromosomes. (B) coverage biases affecting the interactions ex-
pressed as a product of the visibility biases affecting the two ends.
(C) raw reads from a simulated sample with 10,000 interactions
and a noise fraction of 30% (D) Coverage biases estimated from
the simulated sample. (E) Read counts normalised by coverage (F)
fold changes of significant interactions using the Hi-Five pipeline

Figure 23 shows the generation, and the processing of a simulated
sample. Trans-chromosomal interaction frequencies are uniformly very
weak, representing the random background. Cis interactions on the
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third chromosome are the strongest, the ones on the second chromo-
somes are somewhat weaker, and interactions on the first chromo-
some are much weaker. Interactions closer to the diagonal tend to be
stronger than the ones further from it. Although the simulated sam-
ple in this example does not show the full range of biological variabil-
ity of a real Hi-C experiment, the regular arrangement of interaction
strengths makes it visually easy to understand how interactions are re-
capitulated. We expect the principles to carry over to datasets where
the distribution of weak and strong interactions is different.

It is clear to see (Figure 23C) that the raw interaction matrix carries
the hallmarks of Hi-C biases, namely the apparent trans interactions
between high coverage regions, and weakened interactions as well
as completely missing data between low-visibility areas. Coverage
biases estimated from the sample closely resemble to true coverage
biases at this resolution and read count (Pearson’s r=0.99), showing
that these biases can reliably be estimated from the raw data. After
normalising the raw interaction data with the estimated coverage bias
matrix (Figure 23E) we do see the convergence of low and high cover-
age areas, yet many of the spurious trans-chromosomal interactions
remain prominent in the sample.

After applying the binomial test described in section 2.5 with an
FDR cutoff of 0.01 the resulting fold changes for significant interac-
tions closely resemble the original (true) interaction matrix. Spear-
man’s ⇢ = 0.63 between the true interaction strengths and the bi-
nomial fold changes, showing that the ranking of the interaction
strengths are largely conserved at this level of noise and sequencing
depth. At 30% noise level all but one intra-chromosomal interactions
are properly called (except for the weakest interaction between the
two ends of chromosome 1). Spurious reads resulting from the ran-
dom background are filtered out, except for a weak trans interaction
between the end of chromosome 2 and the beginning of chromosome
3, showing that the false positive rate stays within the percentage
defined by the false discovery rate cutoff.

2.6.2.1 The effect of noise

We investigated how various levels of noise affect the performance of
our method. To that end we generated a series of simulated experi-
ments with various noise fraction percentages. The sequencing depth
was fixed across the experiments at 10,000 reads for 18 loci.
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Figure 24: The effect of noise on Hi-Five interaction calling. 10,000 simulated
read pairs with 18 sites on three chromosomes. (Top) true inter-
action frequencies, and true coverage matrix. (Middle row) Raw
interaction matrices with various levels of noise (10%, 30%, 50%,
70%). (Bottom row) Hi-Five fold changes of significant (q < 0.01)
interactions with various levels of noise (10%, 30%, 50%, 70%)

As seen in Figure 24, decreasing signal-to-noise ratios make weaker
interactions less and less discernible. At low noise levels ( 10%), and
most non-background interactions are detectable with the q-value cut-
off of 0.01, except for the very low coverage regions (first two rows/-
columns), where data is very limited or simply missing. At higher
noise levels (30%-50%), weaker interactions become statistically indis-
tinguishable from noise at the chosen FDR level, while strong inter-
actions (bottom left corner) stay still clearly detectable. At high noise
levels (70%) only the strongest interactions remain, while at very high
noise levels (90%+, not shown) no interaction is detected significant
over the background.

Overall we found that the method can robustly call non-random
interactions even at relatively high noise levels. Due to the noise mod-
elling, the number of false positives stayed below the predefined FDR
cutoff at all noise levels. On the other hand, the number of false nega-
tives (missed interactions) gradually grew as the signal to noise ratio
decreased. A possible way to overcome the noise effect, and increase
the number of true positives is to sequence at a higher depth, where

sugar
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smaller differences between true interaction frequencies become eas-
ier to detect, which we will analyse in the next section.

2.6.2.2 The effect of sequencing depth

We investigated the effect of overall read counts on the detected in-
teractions, and found similar patterns as in the case of noise levels.
Figure 25 shows the raw reads and the strength of the detected sig-
nificant interactions on a sample with 18 sites on three chromosomes
with a constant 30% noise level.

5 10 15 20 25 30 35
Value

0
5

10
15

Color Key
and Histogram

C
ou
nt

0.05 0.15 0.25 0.35
Value

0
20

40
60

80
10
0

Color Key
and Histogram

C
ou
nt

1 2 3
Value

0
10

20
30

40

Color Key
and Histogram

C
ou
nt

10 20 30 40 50
Value

0
20

40
60

80

Color Key
and Histogram

C
ou
nt

True Interactions

Raw Reads
(1k reads)

Interaction Stength
(1000 reads)

Interaction Stength
(10k reads)

Interaction Stength
(100k reads)

Raw Reads
(10k reads)

Raw Reads
(100k reads)

Coverage Biases

10 20 30 40 50 60 70
Value

0
10

20
30

40
50

Color Key
and Histogram

C
ou
nt

1000 2000 3000
Value

0
5

10
15

20
25

Color Key
and Histogram

C
ou
nt

10 20 30 40
Value

0
5

10
15

20
25

Color Key
and Histogram

C
ou
nt

1000 2000 3000 4000
Value

0
10

20
30

40

Color Key
and Histogram

C
ou
nt

Figure 25: The effect of sampling on Hi-Five interaction calling. Simulated
read pairs with 18 sites on three chromosomes at 30% noise level.
(Top) true interaction frequencies, and true coverage matrix. (Mid-
dle row) Raw interaction matrices with various sequencing depth
(1k, 10k, 100k read pairs). (Bottom row) Hi-Five fold changes of
significant (q < 0.01) interactions with various sequencing depth
(1k, 10k, 100k read pairs)
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Generating 100 read pairs (5.5 per site, <1 per interaction) intra-
chromosomal interactions only register a few reads, making them
statistically indistinguishable from shot noise. Therefore the binomial
method did not mark any interaction significant at the given FDR
level. Higher read counts increase the statistical power of the bino-
mial test by reducing the effect of shot noise, thus making smaller fold
changes detectable. At 1000 reads stronger interactions emerge from
the background, while at 10,000-100,000 reads most intra-chromosomal
interactions are detected, except for the ones at very low coverage ar-
eas where data is largely missing. Increasing the read counts further
does not come with additional gains, and may even detect interac-
tions with small effect sizes that might not be biologically relevant. In
these cases it is possible to increase the quality of interactions by in-
troducing an additional filter for fold change after the p-value cutoff.

2.6.2.3 The effect of coverage biases

Figure 26 shows the relationship between coverage biases and interac-
tion strength. The generated coverage biases gradually increase from
bin 1 (coverage bias = 0.055) in constant steps till bin 18 (coverage
bias = 1). Raw reads, as expected, clearly reproduce the pattern of
gradually increasing interaction frequencies.

Looking at the fold changes of significant interactions, we see that
after a certain coverage (lower right corner in Figure 26), interactions
are consistently detected with accurate fold change estimates at the
given sequencing depths. However, we see two major effects in low
coverage regions:

1. Due to low read counts (and thus diminished statistical power),
some interactions are not detected as significant above the ran-
dom background.

2. Due to shot noise some interactions have a higher variation of
fold changes, potentially resulting in very strong interactions
in very low coverage regions. This effect can be mitigated if a
confidence interval is reported for every interaction, showing
the inherent variability of low read count interaction strengths.
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Figure 26: The effect of coverage biases on Hi-Five interaction calling. 10,000

simulated read pairs with 18 sites on three chromosomes with
30% noise level. Heatmaps from left to right: (1st) true interac-
tion frequencies (2nd) and true coverage matrix (3rd) Raw inter-
action matrix (4th) Hi-Five fold changes of significant (q < 0.01)
interactions

One condition, which is not simulated here is the effect extremely
high coverage due to copy number differences (mitochondrial DNA,
multiploid cancer samples, etc.). As copy number could be seen either
as signal or as an artefact depending on the biological question, we
will discuss this case separately in section 2.7.1. As a conclusion we
can say that the binomial method effectively corrects for coverage
biases as long as there is ample sequencing depth. However, it cannot
compensate for the dearth of data in low coverage areas, resulting
in missed interactions (false negatives) as well as artificially strong
interactions. For this reason we recommend to filter out regions with
extremely low coverages to minimise the effects of these artefacts.

2.6.3 Comparison with Existing Pipelines

In order to assess the performance of our method we compared it
to existing pipelines, namely hicpipe (Yaffe and Tanay, 2011) and hiclib
(Imakaev et al., 2012). One of the key differences in Hi-Five is the type
of output it generates. The outcome of previous pipelines is a single
number for every interaction. Hicpipe emits log(observed/expected)
ratios, and hiclib produces relative interaction probabilities. Hi-Five,
in addition to the interaction strength (observed/expected ratio) also
provides an additional p-value for filtering out random interactions.

To compare the estimations of interaction strengths we ran the
three pipelines (Hi-Five, hiclib and hicpipe) on a Hi-C dataset from
mouse fetal liver, with a 1Mb bin size. We ranked the interactions by
strength, and selected the strongest n=88,292 interactions, where n is
the number of significant interactions detected by Hi-Five at an FDR
of 0.05. Generally, there is a good overlap between the pipelines with
over 85% of the strongest interactions from hiclib and hicpipe overlap-
ping with the Hi-Five significant interaction set (Figure 27).
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Figure 27: Overlaps of the strongest 88,292 interactions in a Hi-C experiment
performed in mouse fetal liver with 1Mb resolution. n=88,292 was
selected based on the number of significant Hi-Five interactions
with an FDR cutoff of 0.05. Source: Elodie Darbo

Looking at the heatmaps (Figure 28), all three pipelines smoothen
out the coverage biases that are prominent the raw Hi-C interaction
maps, though slightly increased interaction strengths for high cover-
age areas are still visible after corrections, especially in hicpipe. For
the random ligation sample, Hi-Five only detects a handful of signif-
icant interactions (and none on chromosome 10), whereas hiclib and
hicpipe both report various levels of interaction strengths. This makes
it less obvious how to chose the right cutoff for filtering out random
interactions.
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Figure 28: Heatmaps of interactions on mouse fetal liver chromosome 10

with 1Mb bin size in Hi-C (top row), and random ligation control
(bottom row). Left bar: relative coverage of read pairs. Heatmaps:
raw reads (1st column), Hi-Five (2nd column), hiclib (3rd col-
umn), hicpipe (4th column). Source: Elodie Darbo

Investigating the coverage bias correction in more detail, we mea-
sured the percentage of strong and weak interactions (aggregated to



2.6 evaluation of the binomial method 47

interaction strength quartiles) in regions with various coverage (Fig-
ure 29). In the raw interaction matrix, as expected, both the number
of interactions and the average read count per interactions clearly in-
crease for high coverage regions. In case of both hiclib and hicpipe,
interactions in low coverage regions receive higher scores relative to
other regions, showing an overcompensation of coverage biases. Of-
ten the cause is that in low coverage regions shot noise is amplified
for bin pairs registering only few reads in total. In contrast high cov-
erage regions have a larger percentage of weak interactions, as the
same read counts will result in lower interaction strength. As all non-
zero interactions are conserved from the raw reads, the number of
interactions per bin also increases for high coverage sites.

Hi-Five shows a slight overcompensation in significant interactions
for low coverage regions, and detects slightly more interactions for
higher coverage regions. The distribution of quartiles though is much
closer to uniform, especially in case of the random ligation sample.
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Figure 29: The relationship between coverage biases and interaction
strength in Hi-C (left) and random ligation (right) samples. Inter-
action strength is interpreted as raw read count (raw reads, top
row), and the pipeline interaction strength output for the bino-
mial (2nd row), hiclib (3rd row) and hicpipe (4th row). Quartiles
are defined as 1st being the strongest and 4th being the weak-
est. Significant interactions (FDR<0.05, in red) are displayed sep-
arately. Source: Elodie Darbo

As a conclusion we can say that all three pipelines show compara-
ble performance for the strongest interactions, and exhibit some over-
compensation for interactions with very low read counts (<10). We
see the main advantage of the binomial method in providing an FDR-
corrected p-value for filtering out spurious interactions, allowing for
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a straightforward way of selecting higher-quality (more reproducible)
interaction sets.

2.6.4 Distance Correction

In Hi-C the probability of an intra-chromosomal contact is highly
dependent on genomic distance, causing the strong diagonal effect
in the interaction matrix. In short range (<100kb) this is due to so
called structural interactions caused by local chromatin folding. In
mid-range (100kb-1Mb) the relationship is often the effect of Topolog-
ically Associated Domains (TADs), while in long-range (1Mb+) the
distance dependence persists due to the existence of chromosome ter-
ritories. On average trans-chromosomal interactions are an order of
magnitude weaker than long-range cis interactions.

While much of this signal is valuable to determine the 3D chro-
matin folding properties, for some analyses it is worth asking the
question: how much more do these sites interact compared to what
one would expect from genomic distance alone? This allows for the
study of phenomena defined by local ‘peaks’ of interactions, where in-
teractions within that region must rise above the background defined
by the distance curve.

In order to do that, the Hi-Five pipeline includes a procedure called
distance correction, where the statistical background distribution for
every interacting site is chosen based on genomic distance. To estab-
lish this background we partitioned the raw interaction matrix diago-
nally into 100 partitions in a way that all partitions contain the same
number of interactions within a margin of error. This assures that the
statistical power to determine the background distribution stays sim-
ilar in every distance range. Due to the weight distribution of the in-
teraction matrix, the size of the first partitions is only a few kilobases,
while the last ones are several megabases long. Trans-chromosomal
interactions form a distinct partition marked with infinite genomic
distance.

During the calculations in section 2.5 we replace the random back-
ground with one representative of the distance partition. In addition
to the noiseFraction in Equation (2) we introduce a variable named
distanceCorrectionFactor for every distance partition i, which is
calculated as:

distanceCorrectionFactor
i

=
reads

i

/interactions
i

reads
all

/interactions
all

(9)

which describes the average number of reads per interaction in
that partition compared to the whole sample. Once the background
distribution is determined, the same binomial procedure (Equation 4)
is applied unchanged.
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2.7 discussion

In this chapter we presented Hi-Five, a pipeline for processing Hi-C
interaction matrices. We presented the mechanistic data model, and
the corresponding data processing algorithms that allow for the re-
moval of technical artefacts, corrects for coverage biases coming for
various sources, and provide a statistical test to separate true and
random interactions. The observed/expected fold change can be di-
rectly used as the strength of interaction in downstream analysis,
whereas the corrected p-value represents the probability of these lig-
ation events in the random background distribution. This part of Hi-
Five is published in the GOTHiC Bioconductor package.

We have taken a three-pronged approach in evaluating the per-
formance of our pipeline. Real data experiments show that repro-
ducibility between experiments markedly increase, and coverage bi-
ases markedly decrease after the filtering and correction steps. Tests
applied to the random ligation control experiments prove that ran-
dom interactions are effectively filtered, and false positives can be
consistently kept under a predefined false discovery rate. Finally, sim-
ulation data has pinpointed the downstream effects of three key com-
ponents, namely noise levels, coverage biases and undersampling (se-
quencing depths).

Overall we have found the performance of Hi-Five robust, and the
results largely reproducible across biological replicates compared to
existing pipelines hicpipe and hiclib. We flagged a few cases where
true interactions will be missed, and some interactions will be over-
reported in strength, especially in areas of low coverage where the
amount of sequencing data is limited or missing. There is one area of
further consideration, namely a true (biological) variance in coverage,
the effects of which we will discuss in the following section.

2.7.1 True coverage variance

Some regions of the genome have inherently more coverage than oth-
ers, regardless of technical biases, primarily owing to differences in
copy number. For example in diploid genomes the X chromosome in
males will have about half the number of reads as autosomes. Other
genomes, particularly the ones derived from cancer cells will have
unusual karyotypes with variable copy numbers for larger genomic
regions or even entire chromosomes.

As our method attributes all coverage differences to technical bi-
ases, interactions strength will be estimated as if the entire genome
had the same copy number. Therefore extra care must be taken when
investigating interactions between regions of variable copy number.
As we cannot distinguish between different copies of the chromoso-
mal regions based on sequence alone, we believe that handling the

sugar
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genome as de facto haploid yields reasonable biological conclusions
in the downstream analysis. Doing otherwise would run the risk of
high copy number regions seemingly interacting with a large number
of sites simultaneously, possibly confounding the analysis. Therefore
we recommend to handle this issue case-by-case depending on the bi-
ological questions asks, and the propensity of copy number changes.
In Chapter 3 for example we decided to filter out regions of extreme
high or low coverage altogether to avoid possible complications due
to copy number variance.
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P R O M O T E R C A P T U R E D ATA A N A LY S I S

3.1 introduction

As discussed in detail in the Introduction chapter, promoters play a
crucial role in regulating gene expression. Key transcription factors
bind here, allowing the transcription initiation complex to assemble,
and recruiting RNA Polymerase II (Lee and Young, 2000). In terms of
spatial regulation it has been shown (Schoenfelder et al., 2010) that
enhancer activity is mediated by DNA loops, where an enhancer el-
ement would contact the promoter region. This process is known to
be facilitated by various structural proteins, such as CTCF, Cohesin
or the Mediator complex (Phillips-Cremins et al., 2013).

DNA loops have been studied in great detail for a selected set of
key genes, such as the globin locus (Schoenfelder et al., 2010; Yun
et al., 2014), developmental genes (Carter et al., 2002; Lettice et al.,
2002; Marinić et al., 2013), or the ENCODE (ENCODE, 2012) pilot re-
gions covering about 1% of the human genome (Sanyal et al., 2012).
These studies uncovered an intricate pattern of interactions, in which
several enhancers regulate the same gene often from large distances
(hundreds of kilobases), skipping multiple genes in-between. Whereas
regulatory elements, including enhancers, have been extensively cat-
egorised in various cell types (Shen et al., 2012; ENCODE, 2012), it
is still largely unknown which genes they actually interact with. This
remains a major piece in the puzzle of understanding genome-wide
mammalian gene regulation.

Of particular interest are genomic locations flagged by Genome-
Wide Association Studies (GWAS) that are highly correlated with a
wide range of human diseases or conditions (Maurano et al., 2012).
Many of these Single Nucleotide Polymorphisms (SNPs) are located
in so-called gene deserts (Nobrega, 2003), far away from any obvious
gene targets. In order to understand how these GWAS SNPs affect
gene function, it is crucial to associate them with their possible pro-
moter partners for deeper study, which can later lead to the discovery
of novel drug targets.

Several efforts have been made to match enhancers to gene tar-
gets genome-wide by correlating epigenetic characteristics with RNA
Polymerase II occupancy across multiple tissues (Shen et al., 2012) or
correlating the expression profiles of promoters and enhancer-like el-
ements (Andersson et al., 2014). However these studies have largely

53
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been based on ’guilt by association’1 as opposed to direct spatial in-
teractions.

It has also been shown that co-regulated genes frequently co-localise
spatially (Fanucchi et al., 2013; Schoenfelder et al., 2010) during tran-
scription, forming transcription factories (Sutherland and Bickmore,
2009). This has been demonstrated for promoters bound by various
transcription factors, including TNF↵ (Fanucchi et al., 2013) in Hu-
man Umbilical Vein Endothelial Cells (HUVECs), Klf1 in Erythroid
cells (Schoenfelder et al., 2010), as well as Klf4 and Oct4 in ESCs
(Wei et al., 2013). Li et al. (2012) performed Chromatin Interaction
Analysis with Paired-End-Tag sequencing (ChIA-PET) on RNA Poly-
merase II (polII) bound genes, and found that their promoters rou-
tinely engage in specific promoter-promoter interactions, and can reg-
ulate each other’s expression levels. However, it is not yet known how
widespread this type of promoter colocalisation is on a genome-wide
scale, and how it relates to the gene expression profiles of the loci
involved.

In this chapter we introduce a new experimental assay, Capture Hi-
C (Chic), which is able to detect the interactome of gene promoters at
a high (<5kb) resolution genome wide (>22,000 genes). To our knowl-
edge this is the first time such data was generated, and we believe it
will help answering some of the long-standing questions mentioned
above. In this chapter we analyse Chic data to determine the general
principles of spatial regulation around promoter regions, as well as to
look at specific promoter contacts in a few selected cell types to gain
biological insight into the spatial transcriptional regulation of these
cells.

3.1.1 Capture Hi-C (Chic)

Capture Hi-C (Chic, pronounced as chic /sheek/), is a novel exper-
imental assay based on Hi-C developed by the Nuclear Dynamics
Group in the Babraham Institute. It aims to address one of the major
drawbacks of the original protocol, namely low resolution. As there
are 823,377 HindIII restriction fragments in the mouse genome, the
number of possible interactions is over 338 billion. As a result most
Hi-C assays are undersampled, and can only detect the strongest in-
teractions at fragment-level resolution. Hi-C contacts in mammalian
genomes were generally analysed using 100kb–1Mb bins, which is
only enough to determine high level chromatin folding, and topo-
logical domains. Yet this resolution falls short of directly detecting
specific DNA-DNA loops, such as promoter-enhancer or promoter-
silencer interactions.

1 this approach assumes that regions whose transcriptional or epigenetic behaviour
correlates highly across several cell types or condition ought to be functionally re-
lated to each other
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In Chic, there is an additional enrichment step for restriction frag-
ments containing a promoter. Hi-C ditags (the ’pool’) is hybridised
and pulled down with a custom set of RNA oligomers (the ’baits’),
which uniquely map to ends of promoter containing HindIII frag-
ments. This allows the deep interrogation of promoter contacts at a
single fragment (~2kb) resolution genome wide, which enables us to
detect specific long range (1Mb+) regulatory interactions. Figure 30

contains the depiction and description of the Chic protocol.
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Figure 30: (A) Experimental strategy: (I) Hi-C libraries were generated es-
sentially as described in Lieberman-Aiden et al. (2009), and ei-
ther directly interrogated by massively parallel paired-end se-
quencing (step 6a), or subjected to Promoter Capture (step 6b).
For normal Hi-C library generation, the ligation is performed be-
fore the reversal of crosslinks (step 3), whereas for the construc-
tion of ‘random ligation’ control Hi-C libraries, the ligation is
performed after the reversal of crosslinks. Chromosomal regions
are depicted in blue, green, grey, orange and yellow, and pro-
moters are depicted in red. Biotin moieties are symbolized by
an encircled ‘B’, and formaldehyde crosslinks are represented by
purple crosses. (II) To generate biotinylated RNA capture baits,
the corresponding DNA fragments are synthesized on microar-
rays, eluted and PCR-amplified with primers containing a T7

promoter sequence (blue) for subsequent in vitro transcription
in the presence of biotin-UTP, essentially as previously described
(Gnirke et al., 2009). The RNA baits are designed to target the
sequences at the ends of HindIII restriction fragments contain-
ing promoter elements. RNA molecules are represented by red
fragments connected to a biotin moiety (encircled ‘B’). (III) For
Promoter Capture, the Hi-C library (‘pond’) is hybridized to the
RNA capture library (‘bait’) in solution, followed by streptavidin
pull-down of Hi-C library ligation products containing promoters
targeted by the biotin-RNA baits. The resulting Promoter Capture
library is analysed by massively parallel paired-end sequencing.
Source: Stefan Schönfelder 2014
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In the family of ’C techniques Chic could be considered as a mas-
sively parallel 4C, representing a specificity of ’many-to-all’ (Figure 31).

Chic

Hi-C  +  RNA  

pulldown

Figure 31: Overview of ’C assays. Original source: Dekker et al. (2013)

Our specific capture arrays contained RNA baits for 22,225 promoter-
containing HindIII fragments in the mouse genome, representing and
2.7% of total restriction fragments. Around 90% of Ensembl annotated
protein coding genes, as well as many small non-coding RNA, anti-
sense RNA, and microRNA were captured during this process.

Experiments were performed in the following cell types:

• mouse embryonic stem cells (mESCs), J1 cell line, in two biolog-
ical replicates

• mouse (black 6 - C57BL/6) fetal (embryonic stage E14.5) liver,
primary consisting of erythroblasts and erythroid progenitor
cells (two biological replicates)

A

Chic
 E

SC

0

20

60

80

160

40

M
ill

io
n 

of
 p

ro
m

ot
er

 s
eq

ue
nc

e 
re

ad
s

Chic
 FLC

Hi-C
 E

SC

Hi-C
 C

ort
ex

100

120

140

Chic
 E

SC
0

20

60

80

100

40

%
 p

ro
m

ot
er

 s
eq

ue
nc

e 
re

ad
s

Pre-
Cap

tur
e H

i-C
 E

SC

Hi-C
 E

SC

Chic
 FLC

Pre-
Cap

tur
e H

i-C
 FLC

B

Figure 32: Enrichment of baited fragments in a Hi-C and Chic Libraries.
(Left:) percentage of read pairs containing at least one promoter
fragment. (Right:) number of read pairs with at least one pro-
moter fragment. Chic ESC and Fetal Liver (FLC) are our primary
samples from a single biological replicate. Pre-Capture Hi-C li-
braries are corresponding Hi-C samples from the same batch of
cells. Samples Hi-C ESC and Hi-C Cortex are taken from Dixon
et al. (2012) for comparison

In Figure 32 we plot the raw number and the percentage of se-
quencing reads falling on promoter fragments. We compare our two
Chic experiments (one from mESC, and one from Fetal Liver) to the
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corresponding Hi-C experiments, as well as to previously published
Hi-C samples (Dixon et al., 2012). Our baited HindIII fragments have
a more than 10-fold enrichment of sequenced read pairs compared
to traditional Hi-C experiments showing the efficiency of the capture
process.

3.2 data analysis methods

3.2.1 Adapting the Hi-Five Analysis Pipeline to Promoter Capture

As the Hi-Five pipeline was originally designed for standard Hi-C
experiments, we needed to evaluate how the method would deal with
the massive coverage differences that are the direct consequence of
the capture process.

Another difference to consider was the effect of a variable bin size.
In Hi-C bins were of uniform length, whereas HindIII fragment length
varies considerably. Some fragments are only a few base pairs long,
while in repetitive regions of the genome a single fragment can span
hundreds of kilobases. In reality 90% of the fragments in the mouse
genome are between 150 and 10,000 bases long, with an average
length of 2128 base pairs.

Statistical analysis of the Chic random ligation sample, and simu-
lations show that, despite the differences, the Hi-Five pipeline is able
to deal with the coverage differences exhibited by Chic data for call-
ing interactions between baited and non-baited DNA elements. One of
the pipeline’s requirements, namely the multiplicative nature of cov-
erage effects, however does not hold up for bait-bait interactions, and
requires a somewhat different interaction calling strategy.

In standard Hi-C the expected interaction frequencies are propor-
tional to the coverage (i.e. visibility) of the two ends, which primarily
depends on technical biases, such as restriction fragment length, GC
content or mappability. In mathematical terms this represents a multi-
plicative relationship between coverages of both ends, and the result-
ing interaction frequency. During the capture process, the coverage of
bait fragments is increased manyfold, reflecting the capture efficiency
of that bait. However, if both ends of the interaction are captured, the
resulting capture efficiency of that fragment is proportional not to the
product, but to the sum of the individual capture efficiencies (since ei-
ther one or the other bait is captured). As a result promoter-promoter
interactions under the standard Hi-Five binomial test (Chapter 2) are
underestimated around tenfold.

3.2.2 Calling Promoter-promoter Interactions

To measure this more complex relationship between fragment cover-
age and expected interaction frequency, we used a random ligation
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sample, similar to the one mentioned in Chapter 2.6.1, with the inclu-
sion of an additional bait enrichment step. Using this data we trained
a generalized linear model, where the product and the sum of the
coverage values of the two ends were used as input variables, and
the interaction frequencies of random ligation events were used as
dependent variable.

Predicted interaction frequencies for the actual samples were cal-
culated from the model using logistic regression (Bishop et al., 2006,
p. 205). In this form of regression the outcome is binary (success or
failure), and the result of the prediction is an estimate of the proba-
bility of success given the values of the explanatory (predictor) vari-
ables. We defined success as seeing an interaction between fragments
x and y. The Hi-Five binomial test was subsequently applied with
this predicted probability. The steps of this process are highlighted in
Figure 33

Train&model&on&
random&liga-on&

sample&

Predict&
probabili-es&
in&real&sample&

Binomial&test&

Figure 33: Steps of calling promoter-promoter interactions

The linear predictor function for an interaction between fragments
x and y can be written as:

predictor(xy) = �
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are the coefficients to be determined by regression,
and the coverage of a fragment is defined by:

coverage
i

=
sequence_reads

i

total_reads
(11)

According to the logistic regression formula the estimated proba-
bility of success for an interaction between x and y could be written
as:

logit(p
xy

) = ln(
p
xy

1- p
xy

) = predictor(xy) (12)

To test the validity of the formula, we performed the regression
from the random ligation sample in mESCs, and applied the bino-
mial test with a q-value cutoff of 0.01 for both the real and the random
samples. As shown in Figure 34, false positives in the random ligation
sample are kept under 0.1% of all possible interactions, detecting only
about 500 interactions in total. For the real sample in mESCs, around
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Figure 34: Density plot of significant and non-significant promoter-
promoter interactions in the Chic and and Chic random liga-
tion samples in mESCs. Area under the curve represents the pro-
portion of interactions with the given q-value (FDR-corrected p-
value) in a way with the area under the curve adding up to 1.
The red line at q = 0.01 represents the FDR cutoff used for signif-
icance, with background interactions appearing on the right side,
and significant interactions on the left side of the line.

20% of possible interactions are detected as significant, with the vast
majority likely representing true non-random interactions. Sensitivity
is much higher than the naïve binomial method, resulting in a 3.79

times more interactions for the selected sample with the logit method
(Figure 35), allowing for a deeper investigation of promoter-promoter
interactions. This proves that the logit regression method is more ef-
fective than the standard binomial in reducing type II errors, while
keeping the false positives relatively low.
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Figure 35: Number of significant interactions and their overlaps for the
naïve binomial and the logit regression method demonstrating
the different sensitivity of bait-bait interaction calling.

3.3 results

Altogether we sequenced over 1.9 billion raw Illumina paired-end
reads in the two cell types, two biological replicates each. After map-
ping, low-level filtering and de-duplication (Chapter 2), we retained
between 100–200 million unique ditags (read pairs) for each sample.
We called the interactions using the Hi-Five pipeline, resulting in
over a million significant interactions per sample, the details of which
could be seen in Figure 36.

Between 85–97% of the interactions contain at least one baited frag-
ment, as a result of the capture process. 75–77% of the interactions are
between a baited and a non-baited restriction fragment, whereas 10–
20% of the interactions represent promoter-promoter contacts with
baited fragments on both ends. Interactions between non-baited frag-
ments (3–15%) are considered as background noise, and are not fur-
ther investigated during this study.
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name unique di-tags
significant 

interactions
promoter-
promoter

promoter-
other other-other

ESC Replicate 1 110,845,879 2,372,495 224,369 1,794,152 353,974
ESC Replicate 2 128,567,174 1,828,257 278,257 1,371,668 178,332
Fetal Liver Replicate 1 108,843,931 1,278,747 247,442 985,616 45,689
Fetal Liver Replicate 2 164,451,580 2,810,795 425,850 2,108,627 276,318

ESC (overlaps) 877,467 131,195 738,054 8,218
Fetal Liver (overlaps) 835,958 139,993 693,409 2,556

Table 36: Key characteristics of Chic samples. Unique di-tags: read pairs
after mapping and filtering. Significant interactions: significantly
interacting restriction fragments. Promoter-promoter: interactions
between baited fragments. Promoter-other: interactions between
a baited and a non-baited fragment. Other-other: interactions be-
tween two non-baited fragments. Biological replicates are shown
in the top rows, overlaps between biological replicates appear in
the bottom rows.

The overlaps between biological replicates2 are between 40–52% for
promoter-promoter and promoter-other interactions, while only 1.5–
3% for interactions between non-baited fragments. Short-range inter-
actions tend to be stronger and better conserved than long-range or
trans-chromosomal ones. To keep a more conservative, reproducible
set of interactions, the overlaps between the two biological replicates
was used for downstream analysis. For trans-chromosomal promoter-
promoter networks (Chapter 3.3.5) biological replicates were pooled
for higher sensitivity.

3.3.1 Chic: Similar to Hi-C in Low Resolution, Much More Detailed in
High Resolution

When binning reads to low resolutions (200kb, Figure 37), there is lit-
tle noticeable difference between Hi-C and Chic samples, which is not
surprising given that Chic is effectively a preferential subsampling of
the Hi-C read pool.

2 calculated as: overlapsxy/average(x,y)
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Figure 37: Significant Hi-C and Chic interactions in the mouse chromosome
9 in mESCs at 200kb resolution. The negative logarithm of the
q-value (FDR-corrected p-value) is used as strength indicator in
the colour key.

At a single restriction fragment resolution (~2kb) it is clear to see
(Figure 38) that Chic data is much denser than regular Hi-C. Whereas
the raw data is enriched about 30 times at promoter fragments, there
are over 67 times more promoter interactions detected in Chic com-
pared to Hi-C. For promoter-promoter interactions the ratio is even
more dramatic (close to 300 times). Respectively, Hi-C contains >20

times more interactions between non-baited fragment owing to the
depletion of these interactions in Chic.
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91230000 91910000

Sall1

2          20
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ESC Hi-C

ESC Hi-C Sall1 promoter reads

ESC Sall1 Promoter CHi-C reads

91,310,000 91,390,000 91,470,000 91,550,000 91,630,000 91,710,000 91,790,000 91,870,000Chr. 8

Figure 38: Hi-C and Chic interaction around the Sall1 Locus. Chic was
downsampled to the same number of reads as Hi-C, and called
on a single fragment level with the same filter set. (Top) all Hi-
C interactions (Middle) Hi-C interactions on promoter fragments
(Bottom) Chic interactions on promoter fragments. Score denotes
the negative log fold change from Hi-Five. Screenshot obtained
from the WashU Epigenome Browser (Zhou et al., 2011)

3.3.2 Validating Interactions with 3D DNA FISH

Interactions were extensively validated experimentally using 3D Flu-
orescence In-Situ Hybridisation (3D FISH), a microscopy-based assay.
As seen in Figure 39 the physical distance measured from the FISH ex-
periment is generally smaller for interacting regions compared to the
control regions, even though the control regions are more proximal
to the promoter in genomic distance. Similar results from additional
FISH probes are depicted in Appendix A.1.2.
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Figure 39: Validating Chic Interactions with 3D DNA FISH. (A) Promoter
Chic contact maps for a 2 Mb region on mouse chromosome
13 in ESCs (top) and FLCs (below), encompassing the Hist1h2a1,
Vmn1r, and Hist1h4h loci as shown. Contact enrichment between
Hist1h4h and Vmn1r loci are marked by blue squares on the
contact maps, and contacts enrichment between Hist1h4h and
Hist1h2a1 are marked by red squares. (B and D) Representative
triple-label 3D DNA FISH in ESCs (B) and FLCs (D), DNA FISH
signals for the Hist1h2a1 locus (green), the Vmn1r locus (pur-
ple), and the Hist1h4h locus (red). DNA staining (DAPI) in blue.
(C and E) Inter-probe distance measurements of triple-label 3D
DNA FISH in ESCs (C) and FLCs (E). Shown are the ranked inter-
probe distances between Hist1h4h and Hist1h2a1 (dotted red line)
with the corresponding interprobe distance between Hist1h4h
and Vmn1r (blue dots) per allele. Percentages above the red line
indicate the frequency at which the distance between Vmn1r and
Hist1h4h is greater than the distance between Hist1h2a1 and
Hist1h4h, whereas percentages below the line indicate the fre-
quency at which the distance between Vmn1r and Hist1h4h is less
than the distance between Hist1h2a1 and Hist1h4h. The p-values
are from a Chi-square test comparing the distance distributions
between Vmn1r and Hist1h4h to the distance between Hist1h2a1

and Hist1h4h. Source: Stefan Schönfelder 2014

3.3.3 Active Genes Show Wider Interaction Profiles, and Associate More
with Exons

We analysed the relationship between promoter interaction profiles
and gene expression. For mESC we used the mRNA-Seq data from
Shen et al. (2012, GEO: GSM723776), for FLC we employed expression
data for Ter119+ cells (primarily erythroblasts) from Kowalczyk et al.
(2012, GEO: GSM661638). We obtained RPKM (reads per kilobase per
million) values using TopHat with default settings (Trapnell et al.,
2009). Genes with zero RPKM were marked as inactive. The rest of
the genes were separated into four expression quartiles based on the
RPKM values, with genes of zero RPKM forming a separate category.
Promoter fragments containing multiple Ensembl annotated promot-
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Figure 40: Enrichment of promoter to non-promoter interactions by ge-
nomic distance and gene expression (quartile 1: not ex-
pressed -> quartile 5: highly expressed). Enrichment for dis-
tance range i and expression quartile j is calculated as:
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exp

j

⇤ N,
where N denotes the total number of interactions in the dataset.

ers were either assigned to the appropriate category if all genes on
the fragments belonged to the same expression category, or were as-
signed NA if they differed (not shown in most plots).

We pooled all gene promoter interactions, and calculated the inter-
action profiles of genes in the different expression categories. Specif-
ically we were looking for enrichment or depletion of short or long
range interactions. As seen in Figure 41, highly expressed genes (quar-
tile 5) exhibit a strong enrichment of long-range (>2Mb) interaction,
especially compared to inactive genes (quartile 1). Short and mid-
range interactions on the other hand vary only slightly with expres-
sion, likely owing to local chromatin domains. Significant trans in-
teractions are enriched for both highly active, and highly repressed
genes, the reason for which we will discover in Section 3.3.7.2.

Our findings are in line with previous results (Fraser and Bickmore,
2007) where chromatin around active regions is decompacted and
loops out, creating space for transcription factors, protein complexes,
and regulatory RNAs to bind. Inactive genes on the other hand show
a slightly narrower profile, with fewer long-range interactions, indi-
cating that chromatin structure is more compact, interacting with re-
gions closer to the promoters.
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Figure 41: Promoter contacts of different genomic elements by expression
level (defined as RPKM quartiles) in ESCs and FLCs. The category
‘Exon/Intron’ marks restriction fragments overlapping both ex-
ons and introns. Similarly ‘Promoter/Exon/Intron’ marked frag-
ments overlap annotated promoters, exons, and introns. Distri-
bution of genomic elements in the mouse genome shown on the
right side of the stacked bar plots.

Using the expression quartiles defined from the RPKM values, we
looked at the distribution of promoter-interacting elements for the dif-
ferent expression categories. As seen in Figure 41, active genes tend
to contact a higher percentage of promoter and exonic elements. Inac-
tive genes, on the other hand, interact relatively more with intergenic
elements. Increased contacts with exons are indicative of DNA loops
that active promoters form with their gene body, whereas interactions
with other promoters represent promoter-promoter networks that we
will study in detail in Chapter 3.3.7.

The possible regulatory role of such elements remains an important
question. Though enhancers have been often described by characteris-
tic epigenetic marks (Shen et al., 2012), enhancers in fact could easily
be co-located with other genomic elements, such as exons (Birnbaum
et al., 2012), introns (Jones et al., 1997) or even other gene promoters,
as long as there is a marked effect on the gene transcription. Definite
answer for all these cases can only be given by targeted experiments,
such knocking out the element in question, and analysing the direct
and indirect effects on transcription. A genome-wide assay, like Chic,
however, may help in selecting the most promising candidates for
further study.

3.3.3.1 Gene Loops are Prevalent Genome-Wide

We found genome-wide evidence of gene loops (Hebenstreit, 2013),
where the promoters and 3’ ends of the genes are bound together,
allowing RNA Polymerase II (polII) to reattach to the promoter after
finishing transcription. Figure 42 shows that expressed genes inter-
act with gene ends much more frequently than non-expressed genes,
in line with what we would expect from such promoter-terminator
loops.
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Figure 42: Percentage of interactions between gene promoters and gene
ends for highly expressed, moderately expressed and repressed
genes in mouse ES cells and Fetal Liver cells

3.3.3.2 Promoters Skip Enhancers, Enhancers Skip Promoters

For about 1% of the human genome defined by the ENCODE pilot
project it has been shown that enhancers often skip nearby promoters,
and regulate more distal ones instead (Sanyal et al., 2011; Bulger and
Groudine, 2011). It is an important question whether or not this holds
true for the mouse entire genome. Similarly, promoters may or may
not interact with nearby enhancer-like elements or form DNA loops
with enhancers or silencers from a large genomic distance.
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Figure 43: Promoter and enhancer skipping. (A) promoters skipping en-
hancers (B) enhancers skipping promoters

To investigate enhancer skipping we used enhancer annotations in
mESCs and murine E14.5 livers from Shen et al. (2012), and com-
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pared them with our interaction data. The interaction profiles show
that both promoter skipping and enhancer skipping is prevalent in
the mouse genome (Figure 43), with about one third of promoters
skipping enhancers in ES cells (about one in four for fetal liver cells).
Enhancers also regularly skip promoters, and interact with genes fur-
ther along about 20% of the time.

D

114290000 114370000 114450000 114530000 114610000 114690000 114770000 114850000

Trabd2b Gm12830
Foxd2

Foxd2os
Foxe3 Cmpk1 Stil Tal1

Pdzk1ip1
Cyp4x1

H3K27ac ESC

H3K4me1 ESC

CHi-C ESC

HC enhancers ESC

H3K27ac FLC

H3K4me1 FLC

CHi-C FLC

p300 ESC

HC enhancers FLC
Chr. 4

Figure 44: Tissue specfic contacts of the Foxd2 gene. Significant interactions
for fetal liver cells (above) and ES cells (below). Tissue specific
enhancers (Shen et al., 2012) are displayed as genome tracks.

We found several examples where promoter-enhancer interactions
are highly tissue specific. Figure 44 shows the contacts of the Foxd2
gene in the two cell types, where tissue specific enhancers identified
in Shen et al. (2012) are preferentially contacted.

Reassuringly we recapitulated many known regulatory interactions
from the literature, such as the ones at the Hbb (Mitchell and Fraser,
2008), Nanog (Levasseur et al., 2008) or Phc1 (Kagey et al., 2010) loci,
and identified over 82,000 novel promoter-enhancer interactions, many
of which have never been reported before.

We expect that a subset of these interactions, for example ones regu-
lating critical genes, or elements that have been indicated in Genome-
Wide Association Studies (GWASes) as significant will be followed up
by more directed approaches, such as knockout studies to elucidate
the exact effect they have on gene expression.

3.3.3.3 Expressed Genes Contact Active Chromatin, Inactive Genes Con-
tact Repressive Marks

In order to further investigate the characteristics of promoter interact-
ing elements of various expression levels, we utilised publicly avail-
able epigenetic, and transcription factor binding data from the EN-
CODE (2012) project. Restriction fragments overlapping with a ChIP-
Seq peak of a TF binding site or a histone modification3 were anno-
tated with the corresponding mark. From the same epigenetic data

3 ChIP-Seq peaks were available for all used datasets
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we also defined chromatin states (‘Insulator’, ‘promoter-like’, etc.) us-
ing ChromHMM (Ernst and Kellis, 2012) with default parameters. A
range of possible number of states was used, and the characterisation
of seven states was used as the one that captured the most biologically
relevant combinations of TFs and histone modifications.

Enrichment in interacting fragments were calculated using the pro-
portion of fragments in a certain group (e.g., fragments that interact
with promoters of a certain expression class) that overlap with a peak
for the mark, state or transcription factor being analysed, divided
by the proportion of all non-bait fragments that overlap with such a
peak. The resulting value was then converted to its log2 value, so that
positive values represent an enrichment compared with all non-bait
fragments and a negative value represents depletion (Figure 45).

We found that active genes preferentially contact chromatin marks
associated with enhancer-like elements, genomic insulators, and tran-
scriptional elongation. Comparatively, repressed genes tend to inter-
act more frequently with genomic regions bearing the histone marks
of heterochromatin (H3K9Me3), and Polycomb repression (H3K27Me3),
as well as the chromatin state ‘repressive’. Please note that while the
enrichment profile of repressive states is markedly different from the
active states, the actual enrichment is only mild in case of H3K27Me3,
and non-existent in case of H3K9Me3. We expect that is due to the
effect that active genes have more interactions in general, counter-
acting the relative enrichment of inactive genes towards repressive
chromatin marks.

Figure 45: Enrichment of TF binding sites (A), histone modifications (B),
and chromatin states (C) for regions contacting promoters of dif-
ferent expression categories in mouse ES cells. (D) Contribution
of different epigenetic marks to the chromatin states, as defined
by ChromHMM (Ernst and Kellis, 2012). Source: Filipe Tavares-
Cadete
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Non-promoter regions bound by generic transcriptional factors (for
example RNA Polymerase II, p300 or Mediator), and ES-cell specific
transcription factors (such Sox2, Oct4 and Nanog) also preferentially
contact active genes, further strengthening the potential regulatory
role of such elements. Interestingly, however, architectural proteins
such as CTCF or the cohesin complex (Smc1 and Smc3) show only a
mild enrichment towards active gene promoters, indicating that these
proteins help to maintain the three-dimensional chromatin structure
of both expressed, and repressed genomic regions.

As a control for the above effects we performed the enrichment
analysis of a randomised set of genomic fragments, and found no
enrichment towards active or inactive gene promoters.

3.3.4 TAD Boundaries Inhibit, but do not Block Promoter Interactions

Topologically Associating Domains (TADs) have been extensively stud-
ied in mammalian systems (Dixon et al., 2012; Sexton et al., 2012;
Nora et al., 2012). They are shown to be highly reproducible within
the same cell type, and mostly conserved across different cell types.
These domains form the backbone of the chromatin architecture, of-
ten manifesting as the well-known "tablecloth" pattern of Hi-C inter-
action matrices.

Boundaries of TADs are highly enriched in proteins associated with
chromatin organisation, such as the insulator protein CTCF, or the
Cohesin complex (DeMare et al., 2013; Van Bortle and Corces, 2013).
What has been an open question on the genome-wide scale is to what
extent promoter interactions can bridge these topological boundaries.

In order to investigate the interactions within and across TAD bound-
aries, we utilised the publicly available mESC TAD dataset from Dixon
et al. (2012). Our interaction data shows that the TAD borders are gen-
erally respected (Figure 46), skewing interaction profiles of promoters
near TAD boundaries to interact more frequently within the domain
rather than between domains. That said the boundaries (including the
ones marked by insulator proteins) do not act as a definite barrier
for interactions, as they are crossed on a regular basis. This is espe-
cially true for highly expressed promoters, which tend to form more
long-range bridging contacts.

3.3.5 Promoter-promoter Interactions

After looking at the interacting chromatin regions of promoter ele-
ments, we turned our focus to promoter-promoter interactions. In or-
der to be able to detect the weaker interactions, we pooled biological
replicates together, and called the interactions using logit regression
(Chapter 3.2.2).
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Schoenfelder et al., Figure 5
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Figure 46: Promoter interactions within topological domains, and across
TAD boundaries. Left panel shows directionality of the interac-
tions along TADs as 2⇤downstream_interactions

all_interactions

-1. Right panel
shows the percentage of promoter-genome interactions crossing
TAD boundaries. Source: Filipe Tavares-Cadete
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Figure 47: The number and overlap of promoter-promoter interactions in
FLC (left) and ESC (right). The histogram was created with a bin
size of 5.

We found 699,749 and 477,682 interactions in the FLCs and ESCs
respectively (Figure 47). The distribution shapes are generally bino-
mial in nature with the median interaction count of 38 per promoter
for ESC and 58 for FLC. Due to the stochastic and dynamic nature of
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chromatin folding, many of these interactions are expected to appear
only in the minority of the cell population. We found a large overlap
between the cell types with over 35% of FLC interactions and 51% of
ESC interactions shared between samples (Figure 47).

3.3.6 Promoter-promoter Networks - Unsupervised Clustering

To uncover spatial relationships between functionally relevant gene
groups, we performed a network analysis on the promoter-promoter
interaction networks. The nodes of these network are promoter frag-
ments, and edges between them represent significant interactions.
Edge weights are defined as the fold change from the Hi-Five pi-
peline (Chapter 3.2.2). During unsupervised clustering we started
out from the promoter-promoter interactions to detected highly con-
nected sub-networks (clusters). We used graph algorithms from the R
igraph package (Csardi and Nepusz, 2006), namely walktrap cluster-
ing (Pons and Latapy, 2005) and multilevel clustering (Goldschmidt
et al., 2005) with default parameters. Walktrap clustering is a commu-
nity detection algorithm for identifying dense subgraphs of sparse
graphs by performing random walks along the edges. For densely
connected subnetworks these random walks have a high chance of
staying within (‘being trapped in’) the community. Multilevel cluster-
ing on the other hand recursively decomposes the graph into a hier-
archy of clusters at various levels of coarseness by aggregating simi-
larly connected subgraphs from the bottom up. Both clustering algo-
rithms claim to yield high quality communities without pre-defining
the number of clusters to be obtained. We further analysed the prop-
erties of the clusters by looking at functional genomic data, such as
gene expression data, transcription factor binding.

3.3.6.1 Genomic location is the primary signal

As observed before (Lieberman-Aiden et al., 2009), short-range in-
teractions are generally much stronger than long-range interactions,
and intra-chromosomal interactions have much higher intensity than
inter-chromosomal ones. Therefore naïve clustering of all interactions
will define clusters centred around chromosomes territories. In Fig-
ure 48 (walktrap clustering in ES cells) most clusters take the major-
ity of their members from a single chromosome, or two chromosomes.
Some chromosomes, such as the gene-rich 18 and 19 (cluster 22) or
X and 9 (cluster 27 and 14) preferentially contact each other, which
is in line with the fact that active genes tend to contact active genes
(Chapter 3.3.3).
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Figure 48: Walktrap clustering of all significant interactions in ES cells.
Colour represents the percentage of the cluster’s promoters com-
ing from that particular chromosome (darkest blue correspond-
ing to a single-chromosome cluster). The cluster ‘misc’ represents
the union of smaller (<50 promoter fragments) clusters.

The chromosomal orientation of clusters persists even when only
long-range (1Mb+) or ultra-long range (10Mb+) cis connections are
considered.

3.3.6.2 Active and inactive compartments clearly separate

To exclude intra-chromosomal effects, we repeated the clustering us-
ing only trans-chromosomal interactions, as in Kruse et al. (2013). Per-
forming walktrap clustering on the trans-chromosomal interactions
results in 176 different clusters. Out of that the two largest ones con-
tain 10860 and 9198 promoters respectively, whereas the other clus-
ters are much smaller in size, the majority containing less than 10

promoters on the fringes of the network. For comparison we merged
the small clusters into a larger one labelled ‘misc’ containing 286 pro-
moters.

sugar
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Figure 49: Enrichment of expression categories as log2 fold change over
what would be expected from the cluster’s size alone. Expres-
sion quantiles (quartile 1: lowly expressed -> quartile 5 highly
expressed, na: multiple genes on HindIII fragment) in the active
(cluster 2), inactive (cluster 1) clusters, and in other small clusters
combined (misc) - ES cells, walktrap clustering

Looking at the different expression levels (Figure 49 within the clus-
ters, it is apparent that cluster 2 is highly enriched in active genes (ex-
pression quantile 4 and 5), whereas cluster 1 is enriched in inactive
genes (expression quartile 1 and 2). The third cluster ‘misc’ predom-
inantly contains repressed genes (expression quantile 1). The active
and inactive compartments are analogous to the ‘A’ and ‘B’ com-
partments found by Lieberman-Aiden et al. (2009), but map genes
in these compartments at a much higher resolution (few kilobases
as opposed to 1Mb) than the original Principal Component Analysis
(PCA) - based clustering.

3.3.6.3 Highly Active Genes Densely Cluster Together

Further clustering the trans interactions using multilevel clustering
yields 9 distinct clusters with sizes ranging from 531 (cluster 6) to
4547 (cluster 1). Cluster 5 contained only 3 genes, and is thus omitted
from further analysis.
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Figure 50: Number of genes in clusters (left) and their expression quantiles
(right) in ES cells, using multilevel clustering. Expression quar-
tiles are defined as in 3.3.3: 1 lowly expressed -> 5 highly ex-
pressed, na: multiple genes on HindIII fragment. Enrichment is
calculated as in A.3.7. Cluster 5 omitted for containing only three
genes.

Looking at the expression levels in the different clusters (Figure 50),
there is a striking enrichment of highly active genes in cluster 1. The
active cluster is the largest in size (4547), and has the highest cluster-
ing coefficient (Soffer and Vázquez, 2005) of 0.01 as opposed to the
median clustering coefficient in all clusters of 0.005, meaning that it
is the most densely connected among all clusters. Given that active
genes are associated with open chromatin, and ‘looping out’ (Heben-
streit, 2013; Fraser and Bickmore, 2007) from the chromosomal folds,
it is not surprising that they are engaged in many cross-chromosomal
interactions. Less active genes (clusters 2,3,4,7 and 9) form a much
less dense network structure (indicated by the lower clustering co-
efficient), whereas moderately expressed genes (cluster 6, 8 and 10)
forming a distinct set of connections.
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Figure 51: Transcription factor binding site enrichment in various clus-
ters - ES cells, multilevel clustering. Enrichment is calculated
as: actual_number_of_binding_sites/(all_binding_sites ⇤
(genes_in_cluster/all_genes))

Cluster 1 is also highly enriched in a wide variety of transcrip-
tion factor binding sites, such as c-Myc, Sox2, Oct4, Klf4 and Nanog,
which are important regulators of transcription in ES cells. Cluster 6

(which contains many active genes), is enriched in Sox2, Smad1 and
n-Myc binding sites, whereas cluster 7 is enriched in structural pro-
teins CTCF and Smc3 (of the Cohesin Complex). Inactive clusters are
generally depleted in major transcription factors, corroborating the
fact that closed chromatin has reduced accessibility for protein-DNA
interactions.

3.3.6.4 Cluster-cluster interactions

Figure 52 shows the enrichments of interaction between the clusters
(chapter 3.3.6.3), corrected for cluster size. As expected, interactions
within the cluster are much stronger than interactions between them.
Of particular interest is cluster 1, which promiscuously interacts with
much of the genome (potentially due to the open loops being able to
interact with many regions in trans), and cluster 6, whose genes tend
to cluster quite tightly among themselves.
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Figure 52: Interactions between promoter-promoter clusters (ES cells, multi-
level clustering). Log fold changes are calculated as in A.3.7.

.

3.3.7 Spatial Clustering of Related Genes

Parallelly to unsupervised clustering, we also performed targeted
colocalisation analysis (the detailed description of the method to be
found in Chapter 3.3.7.1) for known gene categories, such as genes
associated with GO terms (gene functions, signalling pathways or cel-
lular compartments), or gene promoters bound by various transcrip-
tion factors. As genomic distance appears to be the primary source
of colocalisation signal we asked the question: ‘how much do they
colocalise compared to what we would expect from their genomic po-
sition alone?’. The result of the colocalisation analysis is a fold change
(observed over expected), and a p-value (likelihood of seeing that fold
change by chance alone).

We interrogated the connectedness of promoters associated with
over 1000 Gene Ontology (GO) terms covering all major cellular func-
tions. Furthermore we looked at the possible clustering of key tran-
scription factors in both ESCs and FLCs. In order to negate the local
clustering of similar genes in the same TAD, we focused the analysis
on true long-range (1Mb+) interactions.



3.3 results 79

3.3.7.1 Method Description: Enrichment of Interactions for Transcription
Factor Binding Sites and GO Terms

One of the key questions about promoter-promoter interaction is to
find the sets of gene promoters that significantly colocalise with one
another. These preferential associations are hallmarks of transcription
factories, and may allow uncovering the molecular mechanisms of
genome organisation for specific target groups.

Looking at the interaction data, however, the primary signal for
co-localisation appears to be genomic distance (see 3.3.6 for details),
where clusters are generally formed around a set of relatively short-
range interactions. To elucidate sites that co-localise above what we
would expect from distances alone, we designed a randomised con-
trol to represent this background distribution.

We generate one hundred control gene sets, with the same number
of genes as in the original set, while trying to preserve the distribu-
tion of distances. To achieve this we start out from a random location
of the genome, and select baits that lie the closest to the genomic loca-
tions defined by the pairwise distances of the original set. In order to
quantify the similarity of the distances, we compared the two distribu-
tions using a Kolmogorov-Smirnov test. Figure 53 shows the result of
such comparison for the gene promoters bound by the transcription
factor Smad1.
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Figure 53: A comparison between the distance distribution of the original
gene set and the control sets. Kolmogorov-Smirnov D (left), p-
value distribution (middle) for all random control sets, and a box
plot of the distance distribution for a typical control set (right).

The Kolmogorov-Smirnov D in this example stays well below 0.1
for all 100 samples (represented in the box plot on the first panel),
roughly meaning that the two distributions are less than 10% differ-
ent. The p-values from the K-S tests are very close to one, indicating
that there is no statistically significant difference between the distance
distribution of the real and the control samples. Finally the last panel
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shows the similarity of genomic distance distributions in the original
set as well as one of the control sets.

For some gene sets, especially those forming tight clusters, a proper
control is hard to generate, as there is only a limited number of pro-
moter fragments in the genome in such short distances. However, as
we exclude short range interactions in our promoter-promoter analy-
sis, the resulting long-range distance distribution could still be reca-
pitulated with the control sets.

The outcome of the colocalisation analysis is a fold change between
the number of interactions within the original set compared to the
mean number of interactions in the control sets. The significance, by
the very definition of the p-value, we could simply attain by counting
the number of control sets with more interactions than the original set.

It is important to note that the number of control sets puts a bound
on the lowest measurable p-value. For example using 1000 random
controls (all with less interactions than the original) the lowest possi-
ble p-value is: p < 0.001. This could be alleviated either by generating
more controls, or by calculating a p-value defined by how many stan-
dard deviations away the original number of interactions lies from the
mean of the controls. As a conservative measure (without assuming
anything about the underlying distribution) Chebyshev’s inequality
could be used, which states that at least 1- 1

k

2

part of the distribu-
tion lies within k standard deviation of the mean. If the distribution
of the interactions within the control set is close to normal, standard T
statistics could be used instead. As the interaction distribution of ran-
dom controls look approximately normal in quantile-quantile plots
(not shown) for a wide selection of gene sets we chose to include
the t-test p-values alongside the empirical p-values as the measure of
significance.

3.3.7.2 Transcription Factor Mediated Subnetworks

Using available ChIP-Seq data from the ENCODE project (ENCODE,
2012) for ES cells and Pilon et al. (2011) for erythroid cells we inves-
tigated the clustering of transcription factor binding sites. Figure 54

and 55 shows the degree of colocalisation of the subnetworks of TF
binding sites in fold change compared to a distance-controlled back-
ground distribution (chapter 3.3.7.1) in mESC and FLC. The expres-
sion levels of these gene promoters (as percentages in various expres-
sion categories) indicate if the network consists primarily of transcrip-
tionally active or repressed genes.

In both cell types we found significant co-localisation (fold change
> 1.5, p < 0.01, co-localisation analysis) for cell type specific factors as
well as housekeeping and functional proteins. In ES cells the strongest
clustering was found among the promoters bound by c-Myc, a factor
associated with cell proliferation. These genes are generally highly
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expressed, suggesting that these genes preferentially co-localise in
transcription factories.
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Figure 54: Enrichment of Interactions within Gene Categories in ES Cells.
Colocalisation analysis (chapter 3.3.7.1). Go categories in green,
TF binding sites in dark red. Expression quantiles (quantile 0:
not expressed -> quantile 4 highly expressed) of the target genes
indicated on the right panel.

Genes bound by pluripotency factors (Oct4, Sox2, Klf4, Nanog), in
line with previous studies (de Wit et al., 2013; Denholtz et al., 2013),
also preferentially associate with each other in a tissue-specific man-
ner.

Structural proteins, such as CTCF or the Cohesin complex (Smc1,
Smc3) show a weaker enrichment compared to tissue-specific TFs.
While these proteins have been shown (Phillips-Cremins et al., 2013)
to anchor higher order chromatin structure, it appears that they play a
lesser role in holding together promoter-promoter networks, which in
turn are mediated by transcriptional activity as well as tissue-specific
regulatory complexes. As noted before active genes form a separate



82 promoter capture data analysis

sub-network from inactive genes, which is reflected in the colocalisa-
tion of promoters with RNA Polymerase II and EP300.
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Figure 55: Enrichment of Interactions within Gene Categories in Fetal Liver
Cells. Colocalisation analysis (chapter 3.3.7.1). Go categories in
green, TF binding sites in dark red. Expression quantiles (quan-
tile 0: not expressed -> quantile 4 highly expressed) of the target
genes indicated on the right panel.

In definitive erythroid cells4 the strongest promoter-promoter net-
works are formed around the erythroid transcription factors Gata1
(fold change 3.59) and Tal1 (fold change 3.39), and to a lesser extent
Klf1 (fold change 1.94 for erythroblasts and 2.08 for erythroid progeni-
tor cells 5). Klf1 has been well-known to preferentially organise genes

4 definitive erythropoiesis occurs in fetal liver and throughout post-natal life. This is
distinct from yolk sac or primitive erythropoiesis that occurs during early embryonic
development.

5 based on the binding sites reported on the two primary cell types of fetal liver (Pilon
et al., 2011)
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in transcription factories (Yien and Bieker; Eskiw and Fraser, 2011),
therefore our results predict an even stronger specificity for Gata1
and Tal1 bound promoters. Similarly to ES cells, actively transcribed
genes bound by RNA Polymerase II colocalise well over expectation,
while CTCF-bound promoters show a lesser enrichment.

3.3.7.3 Validating Sub-networks

In order to validate the enrichments in the detected transcription fac-
tor networks, we compared the connectivity to various control net-
works. Figure 56 shows the original Tal1 sub-networks in fetal liver
cells, alongside the same gene promoters in embryonic stem cells, as
well as randomised networks with comparable distance profiles and
expression levels. Controls for other enriched subnetworks (Gata1,
Sox2, Nanog) are presented in Appendix A.1.1.

It is clear that the Tal1 network is specifically enriched in FL cells,
as there is a 2.7-fold difference in the number of long-range connec-
tions between the two cell types. To control for the effects of genomic
distance, and high expression levels that are known to play key roles
in gene co-localisation, we generated control networks with compa-
rable distance profile (see 3.3.7.1), as well as expression levels. Both
of these randomised networks show significantly lower connectivity
(p < 0.001 colocalisation analysis) than the original Tal1 network as
demonstrated in Figure 56.
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Figure 56: Comparison of the sub-network of genes bound by Tal1 in Fetal
Liver Cells. (a-b) the sub-network in FL and ES cells. (c) a con-
trol network in FL cells with a similar distance profile as the Tal1
network. (d) a control network in FL cells with a similar expres-
sion profile as the Tal1 network. Numbers in parenthesis indicate
the total number of connections between gene promoters. Graph
layout: Cytoscape’s weighted spring-embedded.

It is important to note that not all networks we found are cell-type
specific. For example genes bound by Klf1 (a key erythroid transcrip-
tion factor) in FL cells also seem to colocalise in ES cells. This is hardly
surprising, as a homologous Krüppel-like transcription factor Klf4 (an
important pluripotency gene) with an almost identical binding motif
(Kaczynski et al., 2003) is actively transcribed in ES cells, with its
binding sites colocalising well above expectation (Figure 54).

3.3.7.4 Subnetworks of Genes in the same GO Category

The strongest GO networks present in ESCs (fold change > 5, p <
0.01, co-localisation analysis) are related to developmental processes,
such as ‘anterior/posterior pattern specification’ or ‘embryonic development’
(Figure 54, 55). None of these categories show strong enrichment in
erythroid cells, indicating that these contacts are cell type specific.
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An important part of these networks is constituted by the polycomb-
silenced developmental genes (Lenhard et al., 2012), most notably the
Hox family (this will be analysed in detail in Chapter 4). What is
remarkable about these sub-networks is that while most previously
described clusters are tied to highly-expressed genes (Schoenfelder
et al., 2010; de Wit et al., 2013), or the underlying 3D chromatin struc-
ture (Phillips-Cremins et al., 2013), these networks primarily consist
of inactive genes. This result suggests that spatial clustering could
play an important role in the repression of developmental genes in
ESCs.

Among the top sub-networks in both cell types we find the cate-
gory ’nucleosome’, which primarily consists of histone genes. This is
a housekeeping category that is also present in fetal liver cells, and
quite likely in other cell types as well. These results indicate that
the coordination of histone gene expression, which is tightly coupled
to the cell cycle (Ewen, 2000) has an additional yet unknown spa-
tial component, which could be worthwhile to explore with a further
molecular study.

Other highly enriched clusters in both cell types (fold change > 2,
p < 0.01, co-localisation analysis) relate to housekeeping functions (ri-
bosomal genes and the nucleolus in both, transcriptional regulation
and mitochondrion in ESCs, spliceosome and DNA repair in FLCs).
Genes involved in cell cycle processes (cell cycle in ESCs, DNA repli-
cation, cell proliferation, apoptotic process, centrosome and spindle
in FLCs) also co-localise well above expectation.

In line with previously reported findings from human umbilical
vein endothelial cells (HUVECs) (Papantonis et al., 2010), the NF-B
pathway shows significant clustering in erythroid cells as well. As
members this complex have been shown to be spatially regulated
through colocalisation in HUVECs (Fanucchi et al., 2013), and are
known to suppress erythroid genes in K562 cells (Liu, 2003), we pos-
tulate that the action mechanism of NF-B pathway is equivalent in
the two cell types.

3.3.8 Connections between Subnetworks

After establishing the preferential association of promoters bound by
the same factor we looked at how these various subnetworks interact
with one another. We calculated the enrichment (see 3.3.7.1 for details)
of interactions between all target groups (TF binding sites and GO
terms) to see which gene types prefer or avoid each other’s company.

It is clear to see (Figure 57) that the network in ES cells is centred
around the Transcription Factors (TFs) that show the highest enrich-
ment among themselves (c-Myc, and the key developmental factors),
suggesting that genes bound by these factors often share transcription
factories.
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Figure 57: Colocalistion of promoters bound by transcription factors (nodes)
in ES cells. Edges are coloured by enrichment (log2 fold-change).
Node colour shows enrichment of self-interacting transcription
factors, and size represents the number of promoters bound by
each transcription factor.
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Figure 58: Colocalistion of promoters bound by transcription factors (nodes)
in ES cells. Edges are coloured by enrichment (log2 fold-change).
Node colour shows enrichment of self-interaction, and size repre-
sents the number of promoters in the GO category.
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A similar pattern emerges from looking at the GO categories (Fig-
ure 58) , where a tightly connected set of key developmental genes
sit in the core of the network. As we will show in Chapter 4 these
categories primarily consist of Polycomb-repressed genes bound by
the Polycomb Repressive Complex 1 (PRC1) complex. Connected to
this core we find much of the transcriptional regulation machinery,
which includes important epigenetic factors, such as chromatin mod-
ifiers (chromatin binding), as well as the transcription factor genes
themselves (regulation of transcription, DNA binding).

Housekeeping categories (DNA repair, cell cycle), whereas cluster-
ing together generally show weaker interconnection, indicating that
these genes are less tightly regulated spatially. We also find a few
important categories (ribosomal genes, nucleosome, mitochondrial
genes) that do not significantly co-localise with any category other
than themselves, meaning that these genes are transcribed largely in
separate function-specific factories. A known nuclear compartment,
the nucleolus, also clusters away from the rest of the other key net-
works.

3.4 discussion

In this chapter we described the first data analysis of a novel experi-
mental method named Chic to interrogate the promoter interactome.
We reassuringly recapitulated many of the previous findings in the
field from single-locus studies (Mitchell and Fraser, 2008; Levasseur
et al., 2008; Kagey et al., 2010), focused 5C studies (Sanyal et al., 2012),
and lower-resolution Hi-C studies (Dixon et al., 2012), and found that
most results do indeed hold genome wide. Chic data is very deep,
revealing regulatory circuits of many important genes. Therefore in
this study we are only scratching the surface of what this interactome
could possibly bring to light.

We saw marked differences between active and inactive gene pro-
files, where highly expressed genes form more and longer-range in-
teractions than inactive ones, and preferentially contact regions with
active chromatin marks. We got a glimpse of the intricate mesh of
promoter-enhancer interactions, where genes are often contacted by
multiple long-range enhancer elements in a highly cell-type specific
manner. Due to the limitations of the assay it is hard to tell whether
these multiple interactions happen simultaneously (such as forming
a rosette-like structure), vary along a time course in the same cell, or
happen with different frequencies in different cells. Single-cell tech-
niques (Nagano et al., 2013) may help uncover these details.

Topological domain boundaries, while generally respected, are reg-
ularly crossed by short and long-range interactions alike. Here again
an open question is how much these boundaries are conserved across
individual cells, and how much of the actual ‘crossing’ comes from a
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different set of TAD boundaries in that particular cell, reflecting the
small dynamic movements of chromatin breathing.

We delved deeper into promoter-promoter networks, and found
several important co-regulated subnetworks that colocalise in nuclear
space, some of which appear in both cell types (histone genes, ri-
bosomal protein genes or the nucleolus), and some of which are
highly cell type specific (many developmental targets). Previous stud-
ies (Schoenfelder et al., 2010; Apostolou et al., 2013; Wei et al., 2013) al-
ready hinted at the advantages of these sub-compartments for the cell,
where the local enrichment of the co-regulatory factors can streamline
gene expression, and allows for better transcriptional coordination
across the affected genes. What was surprising though is that not all
sub-networks appear to contain highly expressed genes, with some
showing moderate expression, and some developmental categories
showing active repression potentially enhanced by spatial clustering.

While intra-chromosomal interactions tend to be much stronger,
and more reproducible than inter-chromosomal ones, some gene cat-
egories preferentially co-localise even in trans, possibly anchored by
specific protein-protein interactions. Uncovering the molecular mech-
anisms of such genome organisation forces, along with the exact role
of structural and motor proteins is still one of the most important
puzzle pieces in understanding spatial gene regulation.

3.4.1 Promoters Contact GWAS SNPs

In this section we present results from another Chic experiment6 per-
formed in human GM12878 (a lymphoblastoid cell line) cells and cell-
sorted, ex-vivo CD34+ hematopoietic progenitor cells. . As GWAS
studies were primarily performed using human genomic sequences,
human Chic samples were necessary for accurate analysis.

We looked at a comprehensive set of GWAS SNPs (8808 SNPs from
1651 GWAS studies), and investigated their relationship with promot-
ers. Over 95% of disease-associated SNPs lie in non-coding sequences,
of which over 75% are associated with open chromatin (DNaseI hy-
persensitivity sites), indicating a possible gene regulatory role. More-
over, GWAS SNPs were significantly enriched in promoter-associating
restriction fragments (p < 5.1x10-32 for GM12878, p < 2.8x10-22 for
CD34+ cells).

6 Experiments, analysis and figure a courtesy of Steven Wingett, Alice Young and
Cameron Osborne of the Babraham Institute. Hi-Five was used as the underlying
interaction calling method.
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Figure 59: Enrichment of GWAS SNPs in promoter-interacting fragments
compared to non-interacting fragments by disease category in
human GM12878 (left) and CD34+ (right) cells. Source: Cameron
Osborne

GWAS SNPs also show cell type specificity. SNPs were grouped
in 15 different disease categories, and quantified the enrichments in
promoter-interacting fragments separately. It is important to note that
both cell types (GM12878 and CD34+) were of hematopoietic (blood-
related) origin. As seen in Figure 59, promoters in both cell types pref-
erentially interact with SNPs correlated with blood-related disease
categories: Autoimmune diseases, Hematological parameters, and Serum
metabolites. This indicates that SNPs of a particular disease category
are in active contact with the gene promoters of the relevant cell type
more frequently than of other cell types.

Performed in other tissues (such as kidney or liver), we would ex-
pect the relevant disease category (kidney or liver diseases) to come
out on top instead. More importantly for any promoter-interacting
SNP from any disease of the studies, we can now predict their gene
targets in our cell types with high specificity, which would provide
an important starting point of further molecular studies, such as path-
way analysis.

3.4.2 The Future Use of Chic

The original studies we presented here are likely just a first step in the
interrogation of promoter interactomes. Given the breadth of molecu-
lar assays and GWAS studies, a natural next step would be to perform
the experiment in the most important cell types, including:

• Human primary tissues (liver, kidney, testes, etc.)

• ENCODE cell lines

Armed with this data, one could start to investigate the relationship
between gene expression patterns and genome folding more deeply.
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Having a plethora of functional assays (RNA-Seq, ChIP-Seq, DNA
methylation), correlation studies across multiple tissues would be-
come possible. This would reveal the key epigenetic signatures that
relates to certain folding conformations, and would shape our under-
standing of 3D genome organisation principles.

Similarly, the connectome of GWAS SNPs could be monitored across
many tissues to see which gene promoter(s) that region interacts with.
Looking at the patterns, one could filter out the cell types that could
be important for that particular disease or condition. More impor-
tantly, once the relevant cell type(s) are known, one could pair the
most significant SNPs with their possible interaction partners in or-
der to elucidate which RNA species or proteins could play a role in
developing that condition.

Moreover, SNPs that do not have any significant connections could
be pre-filtered, increasing the statistical power of the GWAS study,
which might allow for designing studies with smaller number of par-
ticipants. A possible downside of this filtering would be that other
secondary functional mechanisms (that do not involve physical prox-
imity, such as small RNAs) could be missed during the study. The
possible cost/benefit analysis of such step could be concluded know-
ing the false positive and false negative rates of different types of
SNPs from comparable previous studies.

3.4.3 Comparing Conditions

Another important avenue of investigation could be to look at differ-
ences in genome folding across of the same cell type across different
conditions, such as:

• Comparing wild type and knockout, knockin, knockdown or
knockup cells

• Comparing cells along a time course during various chemical
or physical treatments

• Investigating the genome folding along the cell cycle, especially
in terms of how the genome is compacted, and subsequently
relaxed

3.4.4 small RNAs and Genome Conformation

Another area worth studying is the connection between spatial clus-
tering, and RNA-DNA interactions. RNAs, with have limited lifetime,
and are primarily drifting by Brownian motion, have the strongest
regulatory effect in the local chromatin environment, as is the case
with Xist and Tsix through X chromosome inactivation (Navarro, 2005).
Therefore the net effect of regulatory RNAs is not only determined
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by their transcriptional efficiency, but also by the 3D conformation
in respect to their targets. Combining conformation-based techniques
with assays, such as Capture Hybridization Analysis of RNA Targets
(CHART - Simon, 2001) could help uncover these spatial effects.

3.4.5 Final Question: Cause or Effect?

The aforementioned studies could establish specific links between ge-
nome conformation, and gene regulation during cellular processes.
More importantly, looking at the time course data could help an-
swer the long standing chicken-egg question: is a certain genome con-
formation rather the cause or the effect of gene expression activity?
Given the complexity of mammalian gene regulation, the answer is
likely to be ’both’...
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T H E R O L E O F P R C 1 I N G E N E R E P R E S S I O N I N
E M B RY O N I C S T E M C E L L S

4.1 introduction

In this chapter we present an application of the Chic assay to ex-
plore the long-range interactions of developmental genes in mouse
embryonic stem cells (mESCs). In Section 3.3.7.4 we have seen that
genes in the GO categories ‘anterior/posterior pattern specification’,
and ‘embryonic skeletal system development’ are co-localising to a
high-degree in mESCs. These genes are bound by Polycomb Repres-
sive Complexes (PRCs) PRC1 and PRC2, which are known to bring
together and repress developmental genes in ESCs (Denholtz et al.,
2013). We used knockout cell lines deficient in genes Ring1A and
Ring1B of the PRC1 complex to understand the relationship between
Polycomb repression, genome conformation and the transcription of
developmental genes. Before we delve into more detail we give a
short overview of Polycomb repression, the role of Ring1A and Ring1B,
and the importance of the Hox genes in embryonic development.

4.1.1 The Polycomb-group

Polycomb-group (PcG) proteins (Lewis, 1978) play important roles in
numerous processes including developmental gene regulation, stem
cell self-renewal and differentiation, and in the development and
recurrence of cancer. Polycomb group proteins are components of
multi-protein complexes and are divided into two evolutionary dis-
tinct groups based on their ability to post-translationally modify chro-
matin. The Polycomb Repressive Complex 2 (PRC2) contains the methyl
transferase Ezh2 and tri-methylates lysine 27 of histone H3. The Poly-
comb Repressive Complex 1 (PRC1); contains the E3 ubiquitin ligases
Ring1A/Ring1B and monoubiquitylates lysine 119 of histone H2A
(H2AK119u1). There are at least 6 different PRC1 complexes in mam-
malian cells, each containing a different combination of CBX and
RING1A/B proteins (Figure 60) (Gao et al., 2012).

In Drosophila melanogaster Polycomb complexes are recruited to spe-
cific DNA sequences known as Polycomb Response Elements (PREs).
However, in mammalian cells very little is known about how poly-
comb complexes are recruited to specific targets. In mice, PRC2 is
initially recruited to target genes where it tri-methylates H3K27. The
histone modification H3K27me3 is then bound by the PRC1 subunit
Cbx which in turn catalyses the monoubiquitylation of H2AK119

93
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Figure 60: The Polycomb-group repressive complexes in mammalian cells
(human proteins depicted). (PRC2): core subunits are in lavender
and arrows depict association of optional subunits. Dashed lines
indicate alternative subunits derived from multiple gene copies
or protein variants from a single gene. (PRC1): canonical PRC1

with four core subunits including a PC homolog, CBX. (PRC1
family): PRC1 variants that contain KDM2 and/or RYBP subunits.
In human PRC1 complexes, assembly of RYBP and CBX subunits
are mutually exclusive. Source: Simon and Kingston (2013)

(H2AK118 in humans) (Di Croce and Helin, 2013). Recent genome
wide studies (Ku, 2008; Tavares, 2012) have identified around 2000

genes, including Hox genes and developmental regulators involved
in cell fate commitment, differentiation, morphogenesis and organo-
genesis, bound by polycomb complexes with a significant overlap
between PRC1 and PRC2. In embryonic stem cells the majority of
polycomb targets are centred around developmental gene promoters
enriched for unmethylated CpG islands (Lee et al., 2006). However,
computational analysis of these datasets have found no other dis-
tinguishing motifs, and with a few notable exceptions such as the
Hoxd cluster, canonical genome wide PREs have not been identified
within mammalian genomes (Woo et al., 2010). Additionally it has
been shown that non-canonical PRC1 complexes are recruited to tar-
gets independent of PRC2 through recognition of unmethylated CpG
islands, non-coding RNA or cell type specific transcription factors
(Tavares, 2012; Klose et al., 2013; Farcas, 2012).

In ES cells developmental gene promoters are often maintained in
a ‘poised’ state. These promoters have active histone modifications
(H3K4me3), stalled RNA Polymerase II (PolII) and repressive his-
tone modifications (H3K27me3 and H2AK119u1) established by PRC
complexes (Azuara et al., 2006; Brookes, 2012; Ku, 2008; Mikkelsen
et al., 2007; Bernstein et al., 2006). This chromatin state is known as
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bivalent chromatin. During differentiation bivalent promoters are re-
solved into active or repressed chromatin states leading to cell fate
decisions. In lineage specific progenitors a small number of bivalent
promoters are not resolved, and remain poised for further lineage
specification.

PRC1 complexes repress gene expression by multiple mechanisms
including monoubiquitnation of H2AK119, polynucleosome compaction
and interaction with the transcription machinery (Simon and Kingston,
2013). PRC1 has been shown to form clusters in nuclei known as
polycomb bodies. In D. melanogaster polycomb bodies represent lin-
ear genomic domains with two ranges of motion, long range motions,
which correspond to movements of chromosome territories as well as
rapid but short range motions restrained within the chromosome ter-
ritory. Using DNA FISH and 4C techniques in D. melanogaster Bantig-
nies (2011) described the three-dimensional organisation of genes
within the Hox locus separated by 50Kbp within a polycomb body.
This three-dimensional organisation is mediated by PREs/insulator
boundary elements and result in coordinated gene silencing at the
correct developmental stage (Bantignies et al., 2011b; Li et al., 2011).
Recently it has been shown that PRC1 clusters in nuclei are associ-
ated with PcG target genes, which is linked to gene silencing activity
in mammalian cells (Isono et al., 2013). Moreover a recent study us-
ing 4C–sequencing showed the co-association of Hox clusters was to a
degree regulated by PRC2 in mouse embryonic stem cells (Denholtz
et al., 2013).

4.1.2 Ring1A and Ring1B

Ring1A and Ring1B are two homologous E3 ubiquitin ligase proteins
that catalyse the monoubiquitination of H2AK119 (Francis et al., 2004;
Sarma et al., 2008). Knockout studies (Endoh, 2012) have shown that
Ring1A/Ring1B are required for maintaining the pluripotent state in
ESCs by repressing key developmental genes.

Deletion of Ring1B results in embryonic lethality around gastru-
lation (E6.5-9.5) (Voncken, 2003). Unlike Ring1B knockout, Ring1A
knockout mice are viable but have homeotic transformations (del
Mar Lorente et al., 2000). Ring1A-/- mESCs are able to proliferate in
culture, whereas Ring1A-/-;Ring1B-/- (Ring1A/B-dKO) mESCs spon-
taneously differentiate suggesting Ring1A can partially compensate
for Ring1B function (de Napoles et al., 2004; Endoh, 2012).

RING proteins routinely participate in Polycomb-like complexes
apart from their role in PRC1, such as RYBP-PRC1 (Morey et al.,
2013) or the BCOR complex (Gearhart et al., 2006; Sanchez, 2007),
which might partially be responsible for the severe phenotypes of
Ring1A/B-dKO mice.
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4.1.3 The Relevance of Hox Genes

Hox proteins are members of a highly conserved metazoan gene fam-
ily responsible for defining the ’coordinate system’ of the developing
embryo along the anterior-posterior axis (Pearson et al., 2005). Hox
genes are members of a class of transcription factors containing a
homeobox domain, appearing in four distinct clusters in the mouse
genome, namely Hoxa, Hoxb, Hoxc and Hoxd, on chromosomes 6,11,15

and 2 respectively.
Their expression in developing tissues is tightly controlled, with

the genes on the 5’ end of the clusters expressed in the anterior part,
and the genes on the 3’ end of the clusters in the posterior parts of
the body; a collinearity whose raison d’être is not completely under-
stood (Durston et al., 2011). In mouse embryonic stem cells, home-
obox genes are repressed by the Polycomb repressive complex.

4.1.4 Project Questions

It has been recently shown by Denholtz et al. (2013) that pluripotency
genes are organised in a characteristic 3D conformation in embryonic
stem cells that is markedly different from the one seen in differenti-
ated fibroblasts, where open and close chromatin are spatially segre-
gated. Knocking out of the EED gene, a component of the PRC2 com-
plex, these 3D interactions diminished, establishing the Polycomb re-
pressive complex as a potential key regulator silenced conformation.

In addition, polycomb-bound Hox clusters were shown to associate
trans-chromosomally. This association was weakened on knockout of
EED, although it is not clear how much of the effect is associated with
PRC2 (of which EED is part of), and how much indirectly through
PRC1. It is known that canonically PRC2 recruits PRC1, although this
is not always the case. PRC1 can also be recruited by other means,
such as DNA methylation, and may even recruit PRC2 itself (Aloia
et al., 2013). Hence the first question addressed in this chapter is as
follows:

Question 1: To what extent is PRC1 responsible for main-
taining the repressive genome conformation of Hox genes?

We expect that the PRC1 knockout will not only affect the epige-
netic landscape of gene promoters, but will also result in large scale
changes to the genome conformation. To differentiate between the ef-
fects of PRC1 and PRC2 we will link the changes of gene expression
with the changes to 3D genome organisation. Thus our other impor-
tant question to answer is:

Question 2: What is the relationship between the expres-
sion of developmental genes and their 3D conformation?
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4.2 experimental setup

In order to address these questions we performed the Capture Hi-
C (Chic) assay in three distinct cell types:

1. ESC: Wild type J1 mouse embryonic stem cells (mESCs) (the
same dataset as in Chapter 3), two biological replicates.

2. Ring1A-KO (KO): A Ring1A-/- knockout mESC cell line1. Due
to the compensatory effect of Ring1B, this cell line shows little
phenotype changes compared to wild type mESCs. Two biolog-
ical replicates.

3. Ring1A/B-dKO (dKO): Ring1A-/-;Ring1Bfl/fl treated for 48 hours
with Tamoxifen2. Ring1B levels and H2AK119ub1 are undetectable,
yet the cells maintain the expression of key pluripotency genes
Oct4 and Nanog3. Two biological replicates.

In addition to the conformation capture assays we performed:

• Nuclear RNA-Seq in the WT ESC, Ring1A-KO and Ring1A/B-
dKO cell lines for gene expression data.

• 3D Fluorescence In-Situ Hybridisation (3D FISH) and Chromo-
some Conformation Capture (3C) in all three cell types to verify
interactions detected by Chic

4.3 results

Chic experiments in ESC, Ring1A-KO, and Ring1A/B-dKO yielded
over 1.1 billion, 340 million and 320 million raw sequences (Figure 61),
resulting in over 239 million, 101 million and 96 million unique di-
tags respectively, after applying filtering and deduplication (chapter
2.4) .

1 technically the single knockout is the same cell line as the double knockout; Ring1B,
however is still active and functional without Tamoxifen induction

2 the molecule 4-hydroxy-tamoxifen is an antagonist to the estrogen receptor in the
inducible construct Ring1A-/-;Ring1Bfl/fl;Rosa26::CreERT2, which is used to excise
Ring1B

3 The cells would later spontaneously differentiate into neural progenitor cells
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! raw!sequeces unique!di-tags
significant!
interactions

promoter-
promoter

promoter-
other other-other

Ring1A-KO!pooled 340,487,894 101,139,007 1,759,074 283,496 1,451,223 24,355
RING1A/B-dKO!pooled 320,675,794 96,546,519 1,570,989 270,005 1,286,899 14,085
wild!type!mESC!pooled 1,127,995,121 239,407,228 4,955,751 488,265 3,429,393 1,038,093
wild!type!ESC!downsampled N/A 98,842,763 1,713,451 231,794 1,317,081 164,576

Figure 61: Key characteristics of Chic samples. Raw sequences: the num-
ber of Illumina paired-end reads. Unique di-tags: remaining
read pairs after mapping and filtering. Significant interac-
tions: significantly interacting restriction fragments (Hi-Five, q <
0.05). Promoter-promoter: interactions between baited fragments.
Promoter-other: interactions between a baited and a non-baited
fragment. Other-other: interactions between two non-baited frag-
ments.

We called interactions using Hi-Five (chapter 3.2) in both biological
replicates, which showed a high correlation for significant interac-
tions across samples . In order to increase sensitivity, we pooled the
biological replicates together for all three samples.

As the wild type samples had been sequenced much deeper (over
three times more raw sequences) than the knockouts, for direct com-
parisons we used a downsampled version of the mESC sample. The
number of unique di-tags was set to the mean of the two knockout
samples (98,842,763). Due to slight advancement of experimental con-
ditions, the earlier wild type ESC sample also contains somewhat
more noise, as seen in the increased number of interactions between
non-baited restriction fragments (other-other). Despite the slightly re-
duced number of baited interactions, we still see more contacts between
the selected developmental regions; therefore we do not see these dif-
ferences affecting our key results. For the rest of the chapter we will
use the name ESC for the downsampled read set, and the name ‘deep
ESC’ for the original dataset.

4.3.1 Hox Clusters Co-localise in Trans

Figure 62 shows the connectivity of the individual Hox genes in the
deep ESC sample4. In general, short-range interactions are ubiquitous
along the clusters, with several significant trans-chromosomal inter-
actions connecting the clusters. This verifies what has been reported
for a single gene (Hoxa5) in Denholtz et al. (2013), and extends the
findings for genes in all Hox clusters. Many significant interactions
bridge clusters Hoxa, Hoxb and Hoxc, whereas the Hoxd cluster only
forms two significant connections with Hoxb and Hoxc, making the
associations of Hoxd weaker, however still well above expectations.

4 as we do not compare to the KO and dKO cell lines, we used the deep sample to
reveal the connectivity graph in more detail
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Figure 62: The Hox network in wild type ES cells (deep sample). Arcs in
the circos plot signify interactions between the Hox genes with
the strength (in read count) indicated by the width. For every
promoter fragment in the Hox cluster with multiple Hox genes,
only the first gene name is marked.

In order to elucidate the genome-wide interactions of the Hox clus-
ters we called the interactions using Hi-Five (chapter 2) between the
four Hox clusters treated as a single entity, and single restriction frag-
ments of the genome. By binning the Hox genes together, we expected
to have more statistical power to detect cluster-cluster and cluster-
gene interactions.
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(b) Ring1A-KO
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(c) Ring1A/B-dKO

Hox$Hox%contacts ESC Ring1A$KO Ring1A/B$dKO
HoxA%$%HoxB 191 50 8
HoxA%$%HoxC 105 44 10
HoxA%$%HoxD 38 10 2
HoxB%$%HoxC 300 106 7
HoxB%$%HoxD 62 17 4
HoxC%$%HoxD 55 25 5

(d) raw read counts

Figure 63: (a-c) The circos plots show the interaction profiles of the four Hox
clusters in the three samples (ESC, Ring1A-KO, Ring1A/B-dKO).
Only significant (q < 0.05) cis over 10Mb, and significant trans-
chromosomal interactions are depicted. Chromosomes of the four
Hox clusters (2, 6, 11, 15) are enlarged for better visibility. Red
rectangles, and their corresponding gene names represent Hox-
interacting Ring1B target genes. Score represents the fold change
from the binomial test. (d) The table shows the raw read counts
between the Hox clusters.

Figure 63 shows the significant long-range (10Mb+) cis and trans
interactions of between the Hox clusters and gene promoters. In WT
ESCs all four Hox clusters contact show significant trans-chromosomal
interactions. Knocking out Ring1A makes these interactions weaker to
the point that the connections to Hoxd are not statistically significant
any more. For the double knockout, all Hox cluster interactions are
lost, making them statistically indistinguishable from random inter-
actions.

The above effects are extremely prominent. Raw read count be-
tween Hoxb and Hoxc, for example, is 300 in ESC, 106 in Ring1A-KO,
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and only 7 in Ring1A/B-dKO5. Median fold change of read counts
for hox-hox interactions is 3.24 between ESC and Ring1A-KO, 5 be-
tween Ring1A-KO and Ring1A/B-dKO, and 17.25 between ESC and
Ring1A/B-dKO.

4.3.2 Hox Clusters Co-localise with other Polycomb Targets

To define Polycomb targets in mESCs we used the Ring1B ChIP-seq
data from Tavares (2012). Promoter fragments containing at least one
Ring1B peak were annotated as Ring1B-bound, identifying 1697 pro-
moter fragments for the detected Ring1B 2347 peaks. Looking at the
interaction profiles of Hox clusters in ESC, we find them interacting
with many Ring1B targets (Figure 63). In ESCs 46 out of 66 (69%) of
long-range Hox interactions go to Ring1B targets, while in Ring1A-
KO this figure is 22 out of 34 (64%). In Ring1A/B-dKO, one of the
3 significant long-range Hox cluster interactions are Ring1B targets
(33%). According to the ChIP-Seq data from Tavares (2012), in the
entire mouse genome 1697 out of 22225 (7.64%) promoter-containing
HindIII fragments are bound by Ring1B, making the enrichment of
Hox<->Ring1B contacts 9-fold in ESC, and around 8-fold in Ring1A-
KO.

4.3.3 Hox Clusters Specifically Contact Key Developmental Regulators

To investigate the long-range interactome of the Hox clusters in more
details, we performed GO enrichment analysis of the Hox-contacting
genes using the GOrilla tool (Eden et al., 2009) with a 10Mb distance
cutoff. In ESC among the highest scoring terms are ‘organ development’
(GO:0048513, enrichment: 6.92, q < 1.22x10

-10), ‘regulation of gene ex-
pression’ (GO:0010468, enrichment: 3.22, q < 3.65x10

-10) and ‘embryonic
morphogenesis’ (GO:0048598, enrichment: 10.05, q < 3.99x10

-8).
The same terms also appear in Ring1A-KO, however with less sig-

nificant q-values of 4.12x10

-5 , 5.33x10

-5 and 2.84x10

-5 respectively.
The Tamoxifen treated sample shows no significant GO enrichment
for long-range connections, indicating that in the absence of PRC1,
there seem to be no strong alternative network which Hox clusters
participate in6.

Among the developmental transcription factors that contact the
Hox clusters in WT ESCs, several genes are worth mentioning specifi-
cally:

• Cbx2, Cbx4 and Cbx8 in ESC and Ring1A-KO: these genes are
constituents of the Polycomb PRC1 complex, but are expressed

5 Hi-Five fold changes show comparable differences. As Hi-C biases act the same way
in all samples I found the raw read comparison valid, and more intuitive to grasp

6 in general the Ring1A/B-dKO sample shows a much more variable long-range inter-
action profile for the Hox clusters, therefore no set of genes emerge as significant
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only in more differentiated lineages. Their spatial association
with the Hox genes corroborates the fact that they are silenced
by the Cbx7-containing PRC1 complex in embryonic stem cells
(Di Croce and Helin, 2013).

• Pax6 (ESC and Ring1A-KO): a key transcriptional regulator of
neurogenesis in neural stem cells. Pax6 is also vital for healthy
eye development. In WT ESCs brain development regulators
Pax2 and Pax7 are also contacted.

• Wnt7b (ESC and Ring1A-KO): member of the Wnt signalling
pathway, which regulates a wide range of developmental pro-
cesses, such as anteposterior axis patterning, cell migration or
cell proliferation

• Dlx5 and Dlx6 (ESC and Ring1A-KO): regulators of limb devel-
opment. These highly conserved genes co-evolved with the Hox
clusters (including duplication events). The spatial association
with the Hox clusters is strong and specific, even compared to
other Ring1B target genes that lie closer to the Hox genes them-
selves.

A common theme of the above genes is that all are key regulators
of embryonic development, and many of them are DNA-binding tran-
scription factors. All of these interactions exist in cell lines ESC and
Ring1A-KO where PRC1 is active, and are lost upon the knockout of
Ring1B.

4.3.4 Validating Hox Cluster Interactions with 3C and 3D DNA FISH

In order to validate the Hox cluster interactions, we performed ex-
tensive experimental cross-validation of interactions using 3D Fluo-
rescence In-Situ Hybridisation (3D FISH) and 3C. For validation we
selected several trans-chromosomal interactions of genes within the
Hox cluster, as well as cis interactions between Hox clusters and other
Homeobox containing genes, such as Dlx6 or Vax2.

As seen in Figure 64 , Chic read counts match the relative differ-
ences in intensity of the 3C gel bands for all interactions tested. More-
over, 3D Fluorescence In-Situ Hybridisation (3D FISH) probes that
were showing stronger interactions in Chic with Hoxa, are also signif-
icantly closer to Hoxa in 3D space. This was even the case when the
locus showing stronger interactions (Vax2) was further away in ge-
nomic distance (31.3Mb) than the weakly interacting locus (Ctnna2,
24.8Mb). The above validations show that Chic data for the tested
loci is in line with what we would expect using other experimental
techniques.
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Figure 64: (Caption next page.)
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Figure 64: (Previous page.) Experimental validation of Chic interactions with 3C
and 3D DNA FISH showing the loss of Ring1B contacts from Hoxa lo-
cus in RING1A/B-dKO compared to WT mESC and Ring1A-KO. (A)
Validation targets around the Hoxa cluster including cis Ring1B targets
Dlx6, Fezf1 andVax2; cis non-Ring1B targets Ubn2 and Ctnna2; trans Hox
clusters Hoxb, Hoxc and Hoxd; trans non-Ring1B targets Hbb and CalR.
Seqmonk genome browser virtual 4C view with tracks: Ring1B ChIP-
Seq data (Elderkin et al., 2007); Chic from WT mESC, Ring1A-KO and
RING1A/B-dKO. (B) 3C validation of the interactions above in the three
cell types. (C-D) Representative 3D DNA FISH in the three cell types,
along with the percentage of cells closer than the distance threshold de-
fined as the lowest quintile of distances from all cell types. (C) Hoxa-Vax2
and Hoxa-Ctnna2 (D) Hoxa-Hbb and Hoxa-Hoxb. Source: Sarah Elderkin
2014

4.3.5 Interconnected Subnetworks

We also investigated the colocalisation of genes associated with a
comprehensive selection of GO terms as defined in section 3.3.7.4.
Figure 65, 66 and 67 show the most highly connected sub-networks
(colocalisation analysis, chapter 3.3.7.1) in the ESC, Ring1A-KO and
RING1A/B-dKO samples. In wild type ES cells the most intercon-
nected sub-network is in fact the Hox genes also represented in the
developmental GO categories (anterior/posterior pattern specification or
embryonic skeletal system development). Out of the available transcrip-
tion factor binding sites available from the ENCODE (2012) project,
Ring1B shows the strongest enrichment (fold change > 4.79, p <

5.6x10-206), while significantly colocalising promoters bound by other
TFs (c-Myc, Klf4, Sox2, Oct4, Nanog) all show enrichments that are
less than 2-fold. As seen in Chapter 3, housekeeping genes including
the GO categories nucleosome (fold change > 4.43, p < 2.7x10-7) or
ribosome (fold change > 2.3, p < 0.001), as well as transcription fac-
tor genes in general (DNA-dependent transcription initiation, sequence-
specific DNA binding, transcription factor complex) seem to form the
most connections in this cell type.

In Ring1A-KO cells, the Hox genes and related categories (anteri-
or/posterior pattern specification) no longer top the list, though many
developmental categories that include these genes (proximal/distal pat-
tern formation, embryonic limb morphogenesis) are still among the most
strongly connected sub-networks.

In the Ring1A/B-dKO sample, while the housekeeping categories
stay similarly enriched, the colocalisation of most developmental gene
categories is lost (with the threshold of fold change > 2, p < 0.01).
The only exception is neuron differentiation (fold change > 3.42, p <
0.0007), which is in line with the fact that these cells spontaneously
differentiate into neuronal progenitor cells (Endoh, 2008). At the time
the sample was taken (48 hours after introducing Tamoxifen) genes
from the neuronal lineage already starting to colocalise (GO category

sugar
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neuropeptide signalling pathway, fold change > 3.5, p < 0.001), a GO
category, which showed no such enrichment in the ESC and Ring1A-
KO samples. 9.7% of the genes in that category are upregulated from
Ring1A-KO to Ring1A/B-dKO (as opposed to 4.4% for the rest of the
genome), showing that neuronal genes are starting to be expressed as
their conformation is changing.
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Figure 65: Enrichment of interactions within gene categories in ES cells.
Colocalisation analysis (3.3.7.1). Number of promoters in the
sub-networks are seen in the middle panel. Expression quantiles
(quantile 0: not expressed -> quantile 4 highly expressed) of the
target genes indicated on the right panel.
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Figure 66: Enrichment of interactions within gene categories in Ring1A-KO
cells. Colocalisation analysis (3.3.7.1). Number of promoters in
the sub-networks are seen in the middle panel. Expression quan-
tiles (quantile 0: not expressed -> quantile 4 highly expressed) of
the target genes indicated on the right panel.
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Figure 67: Enrichment of interactions within gene categories in Ring1A/B-
dKO cells. Colocalisation analysis (3.3.7.1). Number of promot-
ers in the sub-networks are seen in the middle panel. Expres-
sion quantiles (quantile 0: not expressed -> quantile 4 highly ex-
pressed) of the target genes indicated on the right panel.

4.3.6 The Behaviour of Ring1B Targets

As we have seen in the previous section, Ring1B-bound gene promot-
ers are among the most tightly connected sub-networks in mESCs.
Figure 68 shows a more detailed view of how this network is laid out
in the WT ESC, Ring1A-KO and Ring1A/B-dKO samples.
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(a) ESC (813 interactions) (b) Ring1A-KO (616 interactions)

(c) Ring1A/B-dKO (263 interactions)

Figure 68: Connections between Ring1B targets: (a-c) significant long-range
(10Mb+) promoter-promoter interactions visualised using Cy-
toscape force-directed layout (Wang et al., 2013). Genes are circles,
interactions are grey lines between them. Hox genes are marked
as red, other Ring1B target genes as gold.

First, general connectivity declines from 813 significant long-range
(10Mb+) interactions from ESCs to 616 in Ring1A-KO, and sharply
drops to 263 connections in the Ring1A/B-dKO sample. This essen-
tially depicts the PcG bodies forming from various Polycomb-repressed
genes of the genome are falling apart upon the knockout of Ring1A
and Ring1B. The highly connected network core that includes 443

genes in ESC, shrinks to 281 genes in Ring1A-KO, and falls apart to
form smaller sub-networks (the largest of which containing only 30

genes) in the dKO cell line.
Hox genes lie fairly central to the network in mESCs with the aver-

age betweenness centrality (Freeman) of 0.053, as opposed to 0.0025

for the rest of the gene promoters. This centrality is largely lost in the
Ring1A-KO (betweenness is 0.079 in Hox genes and 0.073 for other
genes) and Ring1A/B-dKO (0.072 as opposed to 0.068) networks, sig-
nifying that the stable long-range cis and trans-chromosomal connec-
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tions of Hox cluster no longer count as the most prominent features
of spatial organisation among Ring1B-bound genes.

4.3.7 Other Developmental Networks Remain Largely Unaffected

While Polycomb targets change conformation substantially, it is a
question how extensive the changes are between the cell types. Fig-
ure 69 shows the colocalisation of genes bound by Ring1B along-
side the ones bound by key developmental transcription factors Klf4,
Nanog, Sox2 and Oct4 in the three cell types.
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Figure 69: Colocalisation analysis (chapter 3.3.7.1) fold changes for vari-
ous developmentally important transcription factors. The fold
changes represent how much more the bound promoters colo-
calise compared to distance-corrected random networks. Only
long-range (1Mb+) interactions are considered.

We found that compared to the changes in Ring1B targets (fold
change difference > 33% between ESC/KO and > 90% between KO/dKO),
other developmental networks do not show a strong differential ef-
fect (fold change differences 1-12% between ESC/KO and 1-11% be-
tween KO/dKO with a median of 5% and 4% respectively). This
shows that the conformational changes between the Ring1A-KO and
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Ring1A/Ring1B-dKO cells lines are specific to Ring1B targets, and
do not extend considerably to other developmental networks, leaving
the pluripotency network effectively unaffected.

4.3.8 Loss of Spatial Contacts Correlates with Increased Gene Expression

We analysed the nuclear RNA-Seq data to detect differentially ex-
pressed genes between the Ring1A-KO and the Ring1A/B-dKO cell
lines. As we only had total mRNA-Seq data for wild type mESCs, we
could not include this cell type in the direct comparison due to the in-
herent differences between these two assays. Differentially expressed
genes, and their corresponding fold changes were called using the
DESeq Bioconductor package (Anders, 2010).
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Figure 70: Differential expression of Ring1B targets between the Ring1A-
KO Ring1A/B-dKO cells. Boxplot of the log2 fold changes for
differentially expressed genes detected by DeSeq (Anders, 2010).
The Hox genes, and genes connected to the Hox clusters (right),
Ring1B targets (middle) and other genes (left) are depicted sepa-
rately. Source: Andrew Diamond

Altogether we detected 1316 differentially expressed genes. Among
these, 483 are Ring1B targets, of which 468 (96.9%) are upregulated.
Ring1B targets are overrepresented among the differentially expressed
genes 8.5-fold (35.6% in differentially expressed genes vs. 4.2% in the
whole genome).

Similarly, 14 out of the 33 baited Hox gene containing restriction
fragments are differentially transcribed (all 14 upregulated), repre-
senting a 7-fold enrichment compared to the rest of the genome. Fig-
ure 70 shows the distribution of fold changes from DESeq differential

sugar
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expression analysis. Compared to the majority of the genes, Ring1B
targets exhibit a marked upregulation (de-repression) with a median
fold change of around 1.23. Hox genes change expression patterns
even more, with a median fold change of around 1.52.

The above result is very important, since the primary goal for analys-
ing genome conformation is to shed light on the spatial transcrip-
tional regulation of Polycomb targets. The fact that gene expression
changes for many of the Ring1B targets well above random expecta-
tion shows that the functionality of Ring1B, namely chromatin com-
paction and ubiquitilation of H2AK119 are indeed crucial to maintain
the repressed state of developmental genes (including the Hox genes)
in mESCs.

4.4 discussion

Polycomb-group (PcG) bodies have been extensively studied in Droso-
phila melanogaster. Bantignies et al. (2011a) has shown that spatial colo-
calisation (‘gene kissing’), and spatial compaction are vital to main-
tain and stabilise the repressed state of developmental genes of the
Hox family. Mutating one of the Hox genes has weakened the silenc-
ing of the others, showing the importance of these long-ranged spatial
connections.

During this chapter we have demonstrated that a similar structure
exists in mammalian genomes, where the four Hox gene clusters fre-
quently contact each other in a trans-chromosomal fashion in mESCs.
We have seen that the Hox genes are part of a large network of Poly-
comb regulated genes that frequently form long-range spatial inter-
actions with each other. We have established the role of the PRC1

complex, and more specifically two ubiquitin ligase proteins Ring1A
and Ring1B as key components in establishing and maintaining these
long-range connections.

Upon the knockout of Ring1A, the phenotypic effects are relatively
small (Endoh, 2012), as its active paralogue Ring1B largely compen-
sates for lost functionality. Although the repression of developmental
genes stays in effect, the spatial conformation of PcG targets already
show a reduction in interactions compared to wild type ES cells. The
connections weaken both in number and strength, indicating that the
two RING proteins supplement each other in forming long-range con-
nections, possibly regulating a different set of target genes (as indi-
cated by Vidal, 2009).

If both Ring1A and Ring1B are knocked out, virtually all H2A mono-
ubiquitination marks disappear, along with the long-range connec-
tions anchoring the Hox clusters together within the Polycomb bodies.
Developmental genes change into a more active conformation and are
transcribed, as measured by the nuclear RNA-Seq assay.
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The exact mechanism of the colocalisation remains poorly under-
stood. It has been previously hypothesized that the most likely causes
could include:

(a) non-specific protein-protein interactions mediated insulator pro-
teins, such as CTCF that frequently interact with PRC1 members
Pirrotta and Li (2012)

(b) specific protein-protein interactions potentially mediated by the
dimerisation of SAM domains, as indicated in Isono et al. (2013)

(c) ncRNAs, which have been indicated to play a role in forming nu-
clear bodies, such as Cajal bodies, nuclear speckles, paraspeckles
and nuclear stress bodies (Shevtsov and Dundr, 2011), silencing
of the Hoxd cluster (HOTAIR - Rinn et al., 2007), as well as re-
localising the Pc2 gene inside the nucleus in vitro (Yang et al.,
2011).

Our data shows that many of the interactions between Polycomb
targets (such as the trans-chromosomal colocalisation of Hox clusters)
are highly specific, and show a magnitude of difference that cannot
be explained by non-specific protein binding, leaving (b) and (c) as
the most likely primary mechanisms of targeted gene localisation.

From ESC to KO to dKO, Hox clusters seem to participate in pro-
gressively less significant interactions in general. From ESC to Ring1A-
KO, the effect is partially explained by the lack of Ring1A, though
some differences may come from the fact that the two cell lines are
from different genetic backgrounds. The differences between the KO
and dKO cell lines are much more clear. As there is no detectable
PRC1 activity in the dKO cell line, the Hox regions undergo a con-
formational change, possibly opening up the chromatin for transcrip-
tion. RNA-seq data shows that the Hox genes indeed get de-repressed,
mimicking the gene expression patterns observed during normal de-
velopment.

An outstanding question for future work is whether or not PRC1

binding alone is sufficient for genes to colocalise with Ring1B targets.
This question could be decided by introducing Ring1B binding sites
in non-developmental genes, and investigating their long-range inter-
action partners in detail.



4.4 discussion 113

credits

The Polycomb Chic project has been a collaborative effort, and there
are many people to thank for. While most of the chapter is based on
my own work (primary data processing algorithms, and promoter-
promoter networks), for the completeness of the story, I found it im-
portant to include major results uncovered by the people I worked
with. Detailed credits are given as follows:

• All experiments and related figures have been designed and
performed by the Nuclear Dynamics group in the Babraham In-
stitute: Stefan Schönfelder, Mayra Furlan-Magaril, Biola-Maria
Javierre, Harry Armstrong, Peter Fraser and Sarah Elderkin

• Gene expression analysis performed by Andrew Diamond and
Bori Mifsud





5
D I S C U S S I O N

Using Hi-C, and its derivatives scientists have come a long way in un-
derstanding the principles of higher order genome organisation, and
their role in the spatial regulation of gene expression. In the follow-
ing sections we reflect on some of these findings, and put them into
the context of genetic regulation in general. We shall also point out
some key outstanding questions, which could become focal points in
future research.

I will also present an ongoing project about a different use of Hi-C,
namely using the link between genomic proximity and Hi-C read fre-
quency to detect large scale genetic aberrations, such as chromosome
translocations. We also highlight the role Hi-C could play in de novo
genome assembly in connecting contigs separated by large repeti-
tive regions (gaps), which current sequencing technologies struggle
to close in a satisfying manner.

5.1 what you see is not what you ‘c

Ever since their conception, chromosome conformation techniques
(or ‘C techniques in short) have had a fair share of criticism. Early
criticisms have often pointed out the discrepancy between results ob-
tained from single-cell microscopy-based experiments, and the aver-
age interaction frequencies detected by molecular assays. Due to the
dynamic nature of chromatin, and the burstiness of transcriptional
events, even well-known regulatory interactions might appear only
in a small percentage (~2-3%) of cells, making them difficult to detect
from chromatin conformation data alone. As single-cell Hi-C matures
it will be exciting to see how much of this discrepancy stems from
the difference between the two techniques, and how much from the
difference between single cells compared to a large compendium of
cells.

Another focal point of criticism was the limited understanding
we have about the effects of the cross-linking step in the protocol.
Formaldehyde has the property of covalently bonding amino groups
in proteins to other nitrogen atoms in DNA or other protein molecules
with a -CH

2

- linkage. Depending on incubation time this might cre-
ate smaller or larger clumps of cross-linked protein-DNA complexes,
which is also dependent on the density of proteins around these re-
gions. While nucleosomes are generally present in more or less uni-
form density, structural and regulatory proteins selectively occupy
certain regions of the genome, introducing variability in the size of
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the complexes. This in turn could allow for a different range of inter-
action partners, with elements in large complexes seemingly interact-
ing with more targets than elements in smaller complexes.

One way to disentangle these effects is to sequence individual com-
plexes, and look specifically at the number of DNA fragments, and
the types of interactions they make within and outside of the complex.
Another way to look at the problem is to ask the question: what is the
functional relevance of a DNA-DNA interaction? Often the regula-
tory role of DNA elements is carried out by regulatory proteins that
are able to interact with other proteins, such as the pre-initiation com-
plex (PIC) to change gene expression patterns. Therefore one could
say that the presence of proteins, and thus the extended interaction
profile of protein-rich regions, reflect the increased density of regula-
tory interactions in that area. In a way this adds an extra layer of in-
formation above the simple physical distance, which might or might
not be indicative of a regulatory interaction.

5.2 3d organisation : cause of effect?

Studies have undoubtedly shown that there is a strong correlation
between genome conformation and gene expression. What remains
unknown though is the causality of events: did the conformational
change bring forth the changed expression patterns, or does the act
of RNA transcription change the conformation of the loci involved?
Though the relationship is likely to go both ways, there could be a
dominant sequence of events that defines this relationship.

In order to answer this question, one could imagine performing
multiple Hi-C experiments in a time series for major cellular events
(such as cell differentiation or stress response), along with a knock-
out of DNA elements responsible for a certain DNA conformation.
Although in Chapter 4 we attempted something similar by disabling
Polycomb repression in mouse ES cells, the experiment only had two
time points. By performing the same experiment (both Chic and RNA-
Seq) at multiple time points we could shed light on the temporal
properties of the nuclear changes involved. As these embryonic stem
cells will spontaneously differentiate into neural progenitor cells, we
could follow a wide gamut of chromatin changes along the cell differ-
entiation process at various key loci in the genome.

In case of Polycomb repression the epigenetic landscape has been
extensively studied (Di Croce and Helin, 2013). It is clear that the
trigger of the event is the assembly of the PRC1 and PRC2 com-
plexes, which is in turn regulated by stem cell specific transcription
factors. The resulting epigenetic changes (namely H3K27Me3 and
H2AK119ub1 marks), as well as the chromatin condensation can be
directly attributed to the mechanism of the Polycomb machinery. The
effect on gene transcription is, however, more complex: if the ubiq-
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uitination function of Ring1A/B is disabled, Hox genes are still re-
pressed, only to a lesser extent, allowing occasional leaky transcripts
(Elderkin et al., 2007; Akasaka et al., 2001). From that it seems that in
the above example spatial conformation is only one of the mechanisms
of repressing developmental genes. It is able to strengthen and main-
tain the repression, but it is likely neither necessary nor sufficient for
the process. From the causality point of view, however, it could be
viewed more of a cause than an effect.

Another notable example is the so called BLACK chromatin in
Drosophila Melanogaster (Filion et al., 2010). It is, among others, char-
acterised by the high frequency of laminar interactions, as well as its
compact genome conformation. BLACK chromatin occupies almost
50% of the fly genome, but has no detectable transcriptional activity
(<1 mRNA molecule per 10 million) for 66% of its genes, and very
low activity for the rest of the genes. Moreover, 36% of mini-white
eye colour reporter genes randomly inserted in BLACK chromatin ex-
perienced some form of transcriptional repression. This again shows
that such chromatin environment, while detrimental to transcription,
cannot silence otherwise active genes completely. It is also a question
how much of the BLACK chromatin effect is due to the conformation,
and how much could be attributed to other epigenetic factors, such
as the lack of active histone marks H3K4me2 and H3K79me3.

There are much fewer documented cases of the other direction,
transcription affecting genome conformation. It is long known (Ljung-
man, 2007) that RNA Polymerase II acts as a molecular motor and,
with the help of other enzymes (such as the helicase family) is able
to separate DNA strands, displace nucleosomes, and arrange the lo-
cal chromatin into a more open conformation. These effects are gen-
erally not widespread, and are mostly limited to the ‘looping out’ of
chromatin, affecting antisense transcripts and nearby genes, yet rarely
spreading along entire topological domains.

It is possible, however, to inhibit RNA transcription in a cell on
a large scale, for example by using the RNA Polymerase II/III in-
hibitor ↵-amanitin, RNA Polymerase I inhibitor Actinomycin D or
CDK9 inhibitor Flavopiridol (Bensaude, 2011). The effects on nuclear
structure can be profound. Flavopiridol causes the nucleolus to disin-
tegrate, and triggers a widespread re-localisation of several proteins
and RNA species, such as the splicosomal complex or the small nu-
cleolar ribonucleoproteins forming the Dark Nucleolar Caps (DNCs).
Palstra et al. (2008), on the other hand notes that the introduction
↵-amanitin in mouse erythroid cells had only limited effect on DNA-
DNA contacts as measured by 3C and 4C.

From that it seems that large-scale chromatin structure is not strongly
dependent on transcription, and is rather determined by the function-
ing of chromatin re-modeller enzymes. On the other hand transcription-
dependent nuclear structures, such as the nucleolus (and possibly
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transcription factories), do require transcriptional activity to hold to-
gether. Transcription also seems to drive the localisation of a wide
range of proteins and RNAs inside the nucleus. All in all we can say
that, for both genes and regulatory elements (spatial) location truly
matters. Locally, looping interactions are one of the most important
ways to modulate gene activity, through enhancer/silencer elements
or co-localisation with a transcription factory. On a larger scale topo-
logical domains are unique in their ability to regulate large sections
(hundreds of kilobases or even megabases) of chromatin in unison.

5.3 translocation detection using hi-c

Due to the polymer nature of DNA there is a strong relationship be-
tween genomic distance and Hi-C interaction frequency. The closer
two loci are in the genome, the more Hi-C interactions one expects.
This effect that is very prominent in short range (<100kb) and mid-
range (<1Mb), though it is noticeable through the entire length of
the chromosome. As a recap, Figure 71 shows the inverse relation-
ship between interaction frequency and genomic distance for intra-
chromosomal interactions. Inter-chromosomal (trans) interactions tend
to be an order of magnitude weaker than long-range cis interactions
due to the effect of chromosome territories (section 1.1.3).

A

Figure 71: Relationship between observed contact probability in Hi-C (hu-
man K562 cells) and genomic distance. Power law scaling be-
tween 700kb and 10Mb is marked with grey. Source: Lieberman-
Aiden et al. (2009)

The distance curve of Hi-C contacts can be used to estimate the
genomic distance of various DNA fragments knowing their Hi-C in-
teraction frequency. If the genome of a sample is fully assembled,
such inference is unnecessary: genomic distance can be precisely cal-
culated from the coordinates of the mapped sequences. In other cases,



5.3 translocation detection using hi-c 119

however, the sample genome might be different from the reference ge-
nome. Distances around large scale chromosomal aberrations, such as
insertions, deletions, inversions or translocations for example do not
match the distances apparent from the reference genome. Instead, the
newly joint regions would appear as unusually strong long-range cis
or trans-chromosomal interactions, which could be detected from the
Hi-C sample (Figure 72).

Fewer interactions 

More interactions 

Figure 72: Translocations and Hi-C: regions around breakpoints will have
lower Hi-C interaction frequency, while the newly joint chromo-
somes will appear as strong trans-chromosomal interactions in
the reference genome. Original image source: U.S. National Li-
brary of Medicine

In the following sections we will focus on translocation events,
which are highly relevant in many types of cancer (Fudenberg et al.,
2011), causing the misregulation or even fusion of genes involved.

5.3.1 Translocations

During a translocation event, a part of a chromosome breaks apart,
and attaches to a different chromosome. There are often two or more
chromosomes involved that exchange genetic material. In case of a
balanced translocation, the amount of DNA is conserved. During im-
balanced translocations, on the other hand, large segments of DNA
could be permanently lost, as the lack of centromeres hinders chro-
mosome segregation.

It has been recently discovered (Zhang et al., 2012) that spatial
DNA-DNA contacts influence the selection of translocation partners.
This is hardly surprising, given that during DNA double-stranded
break repair the DNA strands must be physically (chemically) linked.
Non-homologous end joining is based on short (1-4bp) microhomolo-
gies, and thus the repair machinery is much more likely to get in
contact with a translocation partner in the direct vicinity of the origi-
nal break. It has also been found (Klein et al., 2011; Fudenberg et al.,
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2011) that both translocation data in existing cancer samples, as well
as induced translocations from a given locus show high correlation
with the genome architecture measured by Hi-C.

5.3.2 Detecting Translocations

Translocations have traditionally been detected optically during kary-
otyping, but recently have been investigated using high-throughput
sequencing methods. If one comes across hybrid read pairs during
DNA sequencing that come from two distant parts of the genome, it
is a strong signal for a genetic aberration. The main problem with this
method is that repetitive regions, which tend to harbour a significant
percentage of translocations (Argueso et al., 2008), are challenging
to detect due to multimapping issues. If two repetitive areas join to-
gether it is not easy to see from the sequence alone which copy of the
repeat the read pair originated from, therefore many of these translo-
cations will be missed. Moreover, in order to consistently detect these
events, high-coverage (10-30x) whole genome sequencing is necessary,
which is at the moment still too costly to routinely perform for cancer
samples.

5.3.3 Detecting Translocations with Hi-C

Luckily, the Hi-C proximity signal is detectable over long distances
(even with 0.5x-1.5x coverage), enabling us to see chromosomal con-
nections even if they contain large repetitive regions at the breakpoint.
Figure 73 shows the trans-chromosomal interactions in a Hi-C sample
of murine Klf1-/- KO erythroid cells1. It is clear to see the unusually
strong ‘trans’ interactions between chromosomes 10;3, 10;16, and 8;X
indicating possible translocation events.

1 Credits: Hi-C experiments were performed by Stefan Schönfelder, validations by
Louise Harewood from the Babraham Institute
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Figure 73: Circos diagram of trans-chromosomal interactions in murine
Klf1-/- KO erythroid cells. (Left) all trans-chromosomal interac-
tions (Right) significant trans-chromosomal interactions as de-
tected by the Hi-Five pipeline

In order to quantitatively detect translocations we performed the
following steps:

1. bin the genome to 1Mb windows, and call the statistically sig-
nificant trans-chromosomal interactions using Hi-Five (Chapter
2)

2. establish a threshold for the Hi-Five fold change scores based
on what one would expect for short-range (<1Mb) interactions

3. select trans interactions above the threshold, and merge nearby
windows that likely represent the same translocation event

4. look at putative breakpoints on a single restriction fragment
level based on the strongest fragment-to-fragment interactions
(as measured by the Hi-Five log fold change) to pinpoint the
exact location of the breakpoint

5. validate the breakpoints using DNA FISH (~200kb resolution)
or qPCR (few kb resolution)

While this is an ongoing project, preliminary results are promis-
ing. We managed to locate the three breakpoints with 1Mb accuracy
(already a great improvement over karyotyping), and validated two
of them (10;16, 3;10) using DNA FISH. As it seems, chromosome 10

broke into two parts, with one part attaching to chromosome 3, and
the other attaching to chromosome 16. The translocation 8;X is yet to
be validated. Pinpointing the exact breakpoint at high accuracy has
so far proven to be challenging, as fragment-to-fragment interaction
data is very sparse in Hi-C, and PCR is limited to around 10kb max-
imum distance. We expect that a higher Hi-C coverage, or a larger
combination of PCR primers could solve these challenges.
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Overall we can say that Hi-C signal could be used to detect translo-
cation events with much better accuracy than traditional karyotyping.
It can also supplement DNA sequencing based methods by adding
support for repetitive or other low-mappability areas of the genome.

5.4 the future of hi-c

From the functional genomics side the main research directions for
spatial regulation are clear to see. As we are still in the exponen-
tial phase of DNA sequencing, I expect further quantitative improve-
ments for ’C-type experiments:

• increased sequencing depth: to increase the resolution of Hi-
C/Chic.

• more cell types, such as primary tissues, cell lines or cancer
samples. Samples from different species.

• comparative studies: wild type vs. KO cells, time series for var-
ious processes (cell cycle, cell differentiation, stress response,
etc.). Comparing conformation of related species.

• more single-cell studies to understand cell-to-cell variation

• correlation with an ever-increasing array of epigenetic data (TF
binding sites, histone modifications, methylation patterns, etc.)

• further comparison to microscopy-based experiments (DNA FISH,
Super-resolution microscopy)

With the increased depth, and variety of data, we could gain a
much better understanding of the processes responsible for the (epi)ge-
netic regulation of cell nuclei. Some of these methods could later turn
into diagnostics tools to understand what exactly goes wrong in a
cancer sample, and which combination of therapies might have the
highest likelihood of success.

Knowing the spatial folding in many cell types would also en-
able the better categorisation of non-coding DNA elements, especially
those associated with important traits or diseases in Genome-Wide
Association Studies (GWASes). The targeted approach of Chic is es-
pecially valuable here, as it provides a genome-wide yet promoter-
centric view, therefore highlighting the potentially important regula-
tory looping interactions. Another possibility is to focus the Chic as-
say on the intergenic SNPs themselves as baits to see their full interac-
tion landscapes. This process would allow us to identify associations
between distal SNPs and genes.

Finally, C-type data could have further applications apart from ge-
nome conformation studies. I mentioned translocations specifically,
but the same basic principle could apply to deletions, insertions or
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inversions as well. Moreover, there has been promising studies (Kor-
bel and Lee, 2013; Burton et al., 2013; Kaplan and Dekker, 2013; Sel-
varaj et al., 2013) to use the Hi-C distance signal for de novo genome
assembly. Here the idea is to link contigs separated by gaps by Hi-
C contacts to assemble the scaffolds of entire chromosomes in the
genome. The advantages of this approach is cost-efficiency by using
high-throughput short read sequencing methods, as opposed to more
expensive long read technologies, such as traditional Sanger sequenc-
ing, PacBio real time single molecule sequencing (English et al., 2012)
or nanopore sequencing (Laszlo et al., 2014). An additional advantage
is the ability to close large gaps (even several megabases in length),
and assign locations for contigs not accounted for even in high qual-
ity genomes, such as human or mouse. The main contribution though
would be the better automation of the assembly process, which would
enable a higher number of species to be sequenced at high quality.
Figure 74 shows a possible set of steps for assembling contigs into
chromosomal scaffolds (Burton et al., 2013), and describes the pro-
cess in more detail.
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orientations to individual contigs or sca!olds. We demonstrate the 
e!ectiveness of this approach by combining shotgun fragment and 

 assemblies of the 
 genomes. 

C data can be used to validate chromosomal  

term ‘contig’ is used in this description of the method to indicate both 
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Figure 74: The LACHESIS scaffolding method. (a) The input consists of
a set of contigs (or scaffolds) from a draft assembly and a set
of genome- wide chromatin interaction data, for example, Hi-C
links. (b) Contigs on the same chromosome tend to have more
Hi-C links between them, relative to contigs on different chromo-
somes. LACHESIS exploits this to cluster the contigs into groups
that largely correspond to individual chromosomes. (c) Within a
chromosome, contigs in close proximity tend to have more links
than contigs that are distant. LACHESIS exploits this to order the
contigs within each chromosome group. (d) Lastly, LACHESIS
uses the exact position of links between adjacent contigs to pre-
dict the relative orientation of each contig. Source: (Burton et al.,
2013)

5.5 concluding remarks

As a conclusion we can say that in many ways we are still at the be-
ginning of the journey in understanding the functional implications
of chromatin folding. While we are getting nearer to uncover the ba-
sic organising principles, the underlying mechanism and machinery
stays largely unknown. Some key questions in the area remain:
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• Which proteins, and protein complexes are the key players of
reorganising chromatin structure?

• How are specific long-range loops formed? To what extent is
that a stochastic, and to what extent a guided process?

• What is the role of motor proteins inside the nucleus?

Finding answers to these questions could also give us the tools to
manipulate chromatin structure, which could lead to novel treatments
for diseases with an (epi-)genetic component, such as certain types of
cancer.

5.6 summary

In this thesis we investigated the genome-wide three-dimensional
folding of chromatin from Hi-C type experiments. At first, we in-
troduced the Hi-Five pipeline, and demonstrated its ability to correct
for technical biases, and filter out random ligation events present in
Hi-C samples. We successfully evaluated our method using a com-
bination of real data, simulated data and a random ligation control
experiment.

In Chapter 3 we introduced a new experimental assay named Chic
that is able to study the interaction profile of gene promoters in high
resolution. We created a map of promoter-enhancer interactions in
mESCs and mouse fetal liver. We have shown that there is a genome-
wide difference between the wider interaction profile of active genes
primarily contacting chromatin with active marks, and the more con-
strained conformation of inactive genes primarily contacting chro-
matin with repressive marks.

We defined promoter-promoter interactions networks, and found
several types of genes co-localising in mESCs, such as highly ex-
pressed genes, histone genes, or Polycomb repressed developmental
genes. We have also discovered cell type specific interaction networks
defined by lineage specific transcription factors, such as TAL1 and
Gata1 in erythroid cells, or Oct4, Sox2 and Klf4 in ES cells.

In Chapter 4 we investigated the co-localisation network of Polycomb-
repressed genes in further detail. We found strong spatial connections
between Hox genes and other Ring1B targets, clustering in nuclear
substructures anchored by long range cis and trans-chromosomal con-
tacts. Using two knockout cell lines we showed that this network is
highly dependent on the presence of the PRC1 complex. When knock-
ing out its constituents Ring1A and Ring1B, these nuclear structures
fell apart, reducing long range and trans-chromosomal interactions
between Ring1B targets to a great extent. At the same time, the ex-
pression level of developmental genes increased, and caused the cells
to spontaneously differentiate into neural progenitor cells, demon-
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strating the strong link between genome conformation and gene ex-
pression.

At last we have contemplated other possible uses for Hi-C experi-
ments, such as translocation detection or de novo sequencing. Finally,
we concluded thesis with this sentence.
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a.1 additional figures

a.1.1 Validating Subnetworks

In order to validate the enrichments in the detected transcription fac-
tor networks, we compared the connectivity to various control net-
works. Figures 75, 76 and 77 show the subnetworks of Gata1, Nanog
and Sox2 respectively. Connections are shown in the original cell type
(mESC or fetal liver), alongside the network in the other cell type. To
control for the effects of genomic distance, and high expression levels
that are known to play key roles in gene co-localisation, we generated
control networks with comparable distance profile (see 3.3.7.1), as
well as expression levels. In all three cases both of these randomised
networks show significantly lower connectivity (p < 0.001 colocalisa-
tion analysis) than the original networks.Gata1%(Fetal%Liver)%

ESC%
(624)%

FL%
(1080)%

Distance%
Control%
(261)%

Expression%
Control%
(401)%

Figure 75: Comparison of the sub-network of genes bound by Gata1 in Fetal
Liver Cells. (a-b) the sub-network in FL and ES cells. (c) a control
network in FL cells with a similar distance profile as the Gata1 net-
work. (d) a control network in FL cells with a similar expression
profile as the Gata1 network. Numbers in parenthesis indicate the
total number of connections between gene promoters.
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Figure 76: Comparison of the sub-network of genes bound by Nanog in ES
Cells. (a-b) the sub-network ES in and FL cells. (c) a control net-
work in FL cells with a similar distance profile as the Nanog net-
work. (d) a control network in FL cells with a similar expression
profile as the Nanog network. Numbers in parenthesis indicate
the total number of connections between gene promoters.

Sox2%(ESC)%
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(1293)%
FL%

(1054)%

Distance%
Control%
(641)%

Expression%
Control%
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Figure 77: Comparison of the sub-network of genes bound by Sox2 in ES
Cells. (a-b) the sub-network ES in and FL cells. (c) a control net-
work in FL cells with a similar distance profile as the Sox2 net-
work. (d) a control network in FL cells with a similar expression
profile as the Sox2 network. Numbers in parenthesis indicate the
total number of connections between gene promoters.
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a.1.2 Experimental Validation of Chic

Figure 78 shows further experimental validation of interactions de-
tected by Chic using DNA FISH continued from section 3.3.2.

Schoenfelder et al., Figure S2
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Figure 78: (Caption next page.)
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Figure 78: (Previous page.) (A) Promoter Chic contact maps for a 13 Mb region on
mouse chromosome 14 in ESCs (upper contact map) and FLCs (lower
contact map), encompassing the Dcaf11, Dleu2, and Slc25a37 loci. The
positions of the gene loci are depicted below the genomic coordinates,
and contacts between the regions are marked by blue (contacts between
Slc25a37 and Dleu2) and red (contacts between Slc25a37 and Dcaf11)
squares, respectively, in both Chic contact maps.(B) Representative ESC
triple label DNA FISH example, with DNA FISH signals for the Dcaf11

locus (green), the Dleu2 locus (purple), the Slc25a37 locus (red). Scale bar,
2µm.(C) Quantitative analyses of ESC triple label DNA FISH data. The
distances between Slc25a37 and Dleu2 (represented as blue dots) and
between Slc25a37 and Dcaf11 (represented as dotted red line) are mea-
sured for each allele. Percentages indicate the frequencies of the distance
between Slc25a37 and Dcaf11 being smaller (above the red dotted line)
or greater (below the red dotted line) than the distance between Slc25a37

and Dleu2. (D) Representative FLC triple label DNA FISH example, with
DNA FISH signals for the Dcaf11 locus (green), the Dleu2 locus (purple),
the Slc25a37 locus (red). Scale bar, 2µm.(E) Quantitative analyses of FLC
triple label DNA FISH data. The distances between Slc25a37 and Dleu2

(represented as blue dots) and between Slc25a37 and Dcaf11 (represented
as dotted red line) are measured for each allele. Percentages indicate the
frequencies of the distance between Slc25a37 and Dcaf11 being smaller
(above the red dotted line) or greater (below the red dotted line) than
the distance between Slc25a37 and Dleu2. P-value: Fisher´s exact test
to compare the distance distributions between ESCs and FLCs. (F) Pro-
moter Chic contact maps for a 20 Mb region on mouse chromosome
5 in ESCs (upper contact map) and FLCs (lower contact map), encom-
passing the Uncx, Fzd10, and Tbx3 loci. The positions of the gene loci
are depicted below the genomic coordinates, and contacts between the
regions are marked by blue (contacts between Tbx3 and Fzd10) and red
(contacts between Tbx3 and Uncx) squares, respectively, in both Chic
contact maps.(G) Representative ESC triple label DNA FISH example,
with DNA FISH signals for the Uncx locus (green), the Fzd10 locus (pur-
ple), the Tbx3 locus (red). Scale bar, 2µm.(H) Quantitative analyses of
ESC triple label DNA FISH data. The distances between Tbx3 and Fzd10

(represented as blue dots) and between Tbx3 and Uncx (represented as
dotted red line) are measured for each allele. Percentages indicate the
frequencies of the distance between Tbx3 and Uncx being smaller (above
the red dotted line) or greater (below the red dotted line) than the dis-
tance between Tbx3 and Fzd10. (I) Representative FLC triple label DNA
FISH example, with DNA FISH signals for the Uncx locus (green), the
Fzd10 locus (purple), the Tbx3 locus (red). Scale bar, 2µm. (J) Quantita-
tive analyses of FLC triple label DNA FISH data. The distances between
Tbx3 and Fzd10 (represented as blue dots) and between Tbx3 and Uncx
(represented as dotted red line) are measured for each allele. Percentages
indicate the frequencies of the distance between Tbx3 and Uncx being
smaller (above the red dotted line) or greater (below the red dotted line)
than the distance between Tbx3 and Fzd10. P-value: Fisher´s exact test
to compare the distance distributions between ESCs and FLCs. Source:
Stefan Schönfelder 2014
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a.2 experimental methods

a.2.1 Tissue Isolation and Cell Culture

J1 (129S4/SvJae) murine ESCs were expanded on irradiated primary
embryonic fibroblasts under standard pluripotent conditions (15%
FBS) on tissue culture plates coated with 0.1% gelatine. To harvest the
cells and remove contaminating feeder cells, ESCs were trypsinized
and passaged twice for 30 min each. Fetal livers were dissected from
embryos at day 14.5 (E14.5) of development. Fetal liver cells were
filtered through a cell strainer (70µm) and directly fixed in formalde-
hyde, as described below. Source: Stefan Schönfelder 2014.

a.2.2 Capture Hi-C (Chic)

Hi-C was performed essentially as described in Lieberman-Aiden
et al. (2009), with some modifications. Cells were fixed in 2% formalde-
hyde for 10 minutes. After digestion with HindIII (NEB) overnight
at 37 �C, restriction sites were filled in with Klenow (NEB) using
biotin-14-dATP (Life Technologies). Ligation (4 hours at 16 �C) was
followed by reversal of crosslinks (65 �C overnight in the presence of
Proteinase K), RNase A treatment, and phenol chloroform extraction
of ligation products. To generate ‘random ligation Hi-C libraries’, the
ligation step was performed after reversal of crosslinks and DNA pu-
rification. The concentration DNA was determined using Quant-iT
Pico Green (Life Technologies), and 40µg of Hi-C library DNA were
subjected to removal of biotin from non-ligated fragment ends, fol-
lowed by sonication (Covaris E220). Sonicated DNA was end-repaired
and size-selected using AMPure XP beads (Beckman Coulter), before
dATP-tailing with Klenow exo- (NEB). Biotin-marked ligation prod-
ucts were isolated using MyOne Streptavidin C1 Dynabeads (Life
Technologies), and PE adapters (Illumina) were ligated onto Hi-C lig-
ation products bound to streptavidin beads. Bead-bound Hi-C DNA
was amplified with 6 to 8 PCR amplification cycles using PE PCR
1.0 and PE PCR 2.0 primers (Illumina). The concentration and size
distribution of Hi-C library DNA after PCR amplification was de-
termined by Bioanalyzer profiles (Agilent Technologies). In a PCR
machine, 500ng of Hi-C library DNA was heated for 5 minutes at
95 �C, and then incubated at 65 �C with a custom-designed capture
bait system consisting of biotinylated RNAs targeting the HindIII
restriction fragment ends of 22,172 mouse gene promoters (Agilent
Technologies). After 24 hours, biotin pulldown and washes were per-
formed following the Sure Select Target enrichment protocol (Agi-
lent Technologies), and a post-capture PCR (4 amplification cycles
using Illumina PE PCR 1.0 and PE PCR 2.0 primers) was performed
on DNA bound to the beads via biotinylated RNA. Capture Hi-C li-
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braries were paired-end sequenced (Hi-Seq1000, Illumina). A detailed
protocol is available upon request. Source: Stefan Schönfelder 2014.

a.2.3 Quantitative Chromosome Conformation Capture (3C-qPCR)

Cells were fixed in 2% formaldehyde for 10 minutes, and 3C was
performed essentially as previously described (Dekker et al., 2002).
3C DNA was purified using an Amicon Ultracel 0.5 ml column. For
Promoter Capture Hi-C validation, long-range 3C PCR amplicons
were designed by combining a ‘bait’ primer (located within a Pro-
moter Capture target HindIII fragment) with primers to HindIII frag-
ments uncovered by Promoter Capture Hi-C as interacting and non-
interacting, respectively (both Promoter Capture targeted and non-
targeted HindIII fragments were tested). To generate a standard curve
for 3C-qPCR, the corresponding ligation products were generated
from a 3C template library and mixed in equimolar concentrations.
In order to control for crosslinking and ligation efficiency within the
individual 3C libraries, each of the long-range ligation products was
normalized against a short-range ligation product derived by PCR
using the ‘bait’ primer in combination with a primer for adjacent
HindIII fragment sequences. For both cell types, two biological repli-
cates were analyzed by three technical replicates each. Quantitative
PCR was performed using SYBR Green PCR master mix and a C1000

Thermal Cycler (Biorad). 3C primer sequences are available upon re-
quest. Source: Stefan Schönfelder 2014.

a.2.4 Random Ligation Sample

a.2.5 DNA FISH

BAC clones (RP23-162O16 (Slc25a37 locus), RP23-51D11 (Dleu2 lo-
cus), RP23-369O11 (Dcaf11 locus), RP23-9O8 (Tbx3 locus), RP23-438D11

(Fzd10 locus), RP23-431D16 (Uncx locus), RP23-141E23 (Hist1h4h lo-
cus), RP24-239K5 (Vmn1r locus), RP23-73B14 (Hist1h2ai locus) were
purchased from Life Technologies or BACPAC Resources (Children’s
Hospital Oakland), and their identity was verified by PCR. BAC DNA
was purified using the NucleoBond BAC100 kit (Macherey-Nagel), ac-
cording to the manufacturer’s instructions. BACs were labelled with
aminoallyl-dUTP by nick translation. After purification, 0.5 to 1µg of
labelled BAC DNA was coupled with Alexa Fluor 488, Alexa Fluor
555 or Alexa 647 reactive dyes (Life Technologies) according to man-
ufacturer’s instructions. 25ng of each dye-coupled BAC DNA probe
was precipitated with 8µg of mouse Cot-1 DNA and 10µg of salmon
sperm DNA for each hybridisation. Precipitated probes were dis-
solved in 10µl of 50% formamide, 10% sodium dextran sulfate, 1xSSC
and used for hybridisation. Cells were suspended in 50µl of ice-cold
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PBS and spotted onto poly-L-lysine slides (Sigma) for 4 min to let the
cells settle. The slides were immersed in 4% formaldehyde in PBS for
10 min to fix. The fixation was quenched with 0.1M Tris-HCl, pH7.4
for 10 min, and the cells were permeabilised with 0.1% saponin, 0.1%
Triton X-100 in PBS for 10 min. After washing, the slides were im-
mersed in 20% glycerol in PBS for 20 min and subjected to three cycles
of freezing/thawing in liquid nitrogen, followed by washing in PBS.
The slides were incubated in 0.1N HCl for 30 min, washed in PBS, per-
meabilised again in 0.5% saponin, 0.5% Triton X-100 in PBS for 30 min,
washed again, and immersed in 50% formamide in 2xSSC for 10 min.
For hybridisation, the probe mixtures (prepared as above) were ap-
plied onto the cells, covered with coverslips, heated at 78 �C for 2 min
and incubated at 37 �C overnight. After hybridization, the slides were
washed in 50% formamide in 2xSSC for 15 min at 45 �C, followed by
0.2xSSC at 63 �C for 15 min, 2xSSC at 45 �C for 5 min, and 2xSSC
at room temperature for 5 min. The cells were finally counterstained
with DAPI, and coverslips were mounted with Vectashield mounting
medium (Vector Laboratories). Images of the DNA FISH signals were
captured and analysed with the MetaCyte automated imaging sys-
tem (MetaSystems). We measured 3D distances between the specified
genomic loci for a minimum of 300 alleles per experiment, and used
Fisher´s exact and Chi square tests to identify significant differences
in the distance distributions. Source: Stefan Schönfelder 2014.

a.3 computational methods

a.3.1 Interaction Calling

Raw sequencing reads were processed using HiCUP (Wingett, 2013),
which maps the positions of the di-tags against the mouse genome
(mm9), filters experimental artefacts, such as circularized reads and
re-ligations, and removes duplicate reads. Significantly interacting
regions were called using the Hi-Five pipeline (Chapter 2). This as-
sumes that biases occurring in HiC and HiC-derived experiments are
captured in the coverage (total number of reads mapping to a given
fragment or larger bin), and therefore significantly interacting regions
or true interactions can be separated from background noise using a
cumulative binomial test followed by Benjamini-Hochberg multiple
testing (FDR cutoff 0.05).

Promoter-promoter and promoter-genome interactions were han-
dled separately. For promoter-promoter interactions, we calculated a
modified null distribution to account for the non-multiplicative cap-
ture bias in products targeted by two baits. A random ligation sam-
ple (see details in Hi-C library preparation section) was used to build
a generalized linear model. The product and the sum of the cover-
age values of the two ends were used as input variables, whereas
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the interaction frequencies of random ligation events were used as
dependent variables. Predicted interaction frequencies for the actual
samples were calculated from the model using logit regression. The
binomial test was then applied with this modified background distri-
bution to identify significant interactions.

After identifying significant interactions, we further filter the inter-
actions in three steps. First we removed interactions in which one
of the fragments has extremely low or extremely high coverage (less
than 20% or greater than 300% of the median coverage for bait and
non-bait fragments separately). We then applied a neighbour filter,
keeping only interactions in which there is at least one valid ditag
with one of the two neighbouring fragments to control for spurious
interaction spikes involving a single fragment pair. Finally in the in-
dicated analyses, we removed all interactions between fragments that
are less than 20kb apart. Interaction distances were calculated as dis-
tance between the middle of the restriction fragments. To combine
replicate samples, promoter-genome interactions were considered if
they were present in both biological replicates; promoter-promoter
interactions were pooled together to increase the sensitivity for de-
tecting long-range interactions.

a.3.2 Expression Analysis

Genes/promoters were separated into five different expression cate-
gories based on the RPKM values from GSM723776 (Shen et al., 2012)
and ERR031629 (Ficz et al., 2011) mRNA-seq data for ESC (genes
falling into the same expression quartiles in both studies were as-
signed to that category, others were assigned to NA), and GSM661638

mRNA-seq data from Ter119+ cells for FLC (Kowalczyk et al., 2012).
RPKM values were obtained using TopHat with default settings (Trap-
nell et al., 2009). Genes with 0 RPKM formed a separate category and
all other genes were divided into quartiles according to their RPKM.
In analyses where active and inactive genes are compared, we con-
sidered 0 RPKM genes to be inactive. Promoter fragments containing
multiple Ensembl (Flicek et al., 2011) annotated promoters were either
assigned to the appropriate category if all genes on the fragments be-
longed to the same expression category, or were assigned NA if they
differed. Source: Borbala Mifsud 2014.

a.3.3 ChIP-Seq Processing

For all ChIP-seq datasets where the raw data was available, the raw
reads were mapped to the mouse genome using Bowtie (Langmead
et al., 2009), with a seed length of 25bp, allowing reads that had at
most only one mismatched nucleotide in the seed, returning only one
possible mapping and with the remaining parameters set to default
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values. After mapping, MACS (Zhang et al., 2008) was used to call
peaks using default parameters. When no raw data was available, the
peaks called in the original publication were used. Source: Borbala
Mifsud 2014.

a.3.4 Defining Enhancer Regions

Predicted enhancers active in ESC or in E14.5 fetal liver were adopted
from Shen et al. (2012) Enhancer positions were defined with a +/-
1.5kb range, therefore we identified enhancer fragments as those over-
lapping with the 3kb region of predicted enhancers. Super enhancer
positions were taken from Whyte et al. 2013, and super enhancer frag-
ments were defined as those overlapping with these regions. Source:
Borbala Mifsud 2014.

a.3.5 Topologically Associated Domains and Interaction Directionality

The directionality measure of a bait fragment’s interactions was ob-
tained by calculating the proportion of interactions originating from
promoter fragment contacting a fragment with higher genomic co-
ordinates on the same chromosome, divided by the total number of
interactions originating from that promoter fragment. The resulting
number was then normalised to a range of -1 to 1, so that promoter
fragments with negative directionality ratios have more interactions
with fragments placed before it in the genome (according to their
genomic coordinates), and a promoter fragment with positive direc-
tionality ratios have more interactions with fragments placed after it.
Three measures of directionality were calculated for each promoter
fragment: one measuring the directionality of all its interactions, an-
other the directionality of its interactions with non-promoter frag-
ments and a third measuring the directionality of its interactions with
other promoter fragments. Source: Filipe Tavares-Cadete 2014.

a.3.6 Enrichment Calculation in Non-bait Interacting Fragments

Enrichment for chromatin marks or states and transcription factors
in interacting fragments were calculated using the proportion of frag-
ments in a certain group (e.g., fragments that interact with promoters
of a certain expression class) that overlap with a peak for the mark,
state or transcription factor being analysed, divided by the proportion
of all non-bait fragments that overlap with such a peak. The result-
ing value was then converted to its log2 value, so that positive values
represent an enrichment compared with all non-bait fragments and
a negative value represents depletion. An interacting fragment was
assigned to an expression class if all the bait fragments it interacts
with have been assigned to the same expression class. If it interacts
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with baits from different classes, it is excluded from the enrichment
analyses. Source: Filipe Tavares-Cadete 2014.

a.3.7 Enrichment Calculation in Bait-bait Interactions

The enrichments among the promoter-promoter interactions were cal-
culated using a measure of how likely an interaction is to have a frag-
ment belonging to a class y (such as expression class) in one end,
given that it has a fragment belonging to expression class x in the
other end. The resulting proportion is then divided by the likelihood
of seeing fragments from expression class x at any end of an interac-
tion and converted to its log2 value.

a.3.8 Colocalisation Analysis

To measure the enrichment of interactions within a set of promoters,
we generated one hundred random promoter sets, with comparable
pairwise distance distribution to the original set. The p-value by its
classical definition is acquired by counting the number random con-
trol sets that have more interactions than the original set. As inter-
action counts in control experiments generally follow a near-normal
distribution, a T test with 99 degrees of freedom was used to more
accurately estimate low p-values. Fold change was derived by divid-
ing the number of interactions in the original set with the average
expected number of interactions in the control sets.

a.3.9 Interaction Networks

The enrichments of the promoter-promoter interactions between two
target groups, namely TF binding or GO terms (Ashburner et al.,
2000) x and y were calculated using a measure of how likely a bait
fragment is to be part of y in one end, given that the other end is
part of x. The resulting proportion is then divided by the likelihood
of a bait fragment being part of x at any end of an interaction. Interac-
tion networks were constructed using these enrichments represented
as edge colours. GO terms containing at least 50 genes, and at least
20 interactions in the target cell type were selected for investigation.
Most significant GO targets with p < 0.01, and fold change > 2 were
selected for display. The GO terms in the figures were manually cu-
rated to exclude too generic or redundant categories. TFs with signifi-
cant colocalisation (p < 0.01) were considered regardless of effect size.
The network was laid out using Cytoscape’s Edge-Weighted Spring
Embedded layout (Shannon, 2003).
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a.3.10 Target Enrichment Controls

To further investigate the enrichment of interaction for a given tran-
scription factor, we compared it to a set of control networks of the
same size: a) the exact same bait fragments in a different cell type to
determine specificity b) a randomised network with baits in the same
expression categories to control for gene expression effects c) a ran-
domised network with bait-bait distances comparable to the original
set to control for bait proximity. The networks were laid out using
Cytoscape’s Circle layout (Shannon, 2003).
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