Biophysical Reviews (2019) 11:67-78
https://doi.org/10.1007/s12551-018-0489-1

REVIEW

@ CrossMark

Hi-C analysis: from data generation to integration

Koustav Pal’ - Mattia Forcato? - Francesco Ferrari 3

Received: 12 October 2018 / Accepted: 3 December 2018 /Published online: 20 December 2018

© The Author(s) 2018

Abstract

In the epigenetics field, large-scale functional genomics datasets of ever-increasing size and complexity have been produced
using experimental techniques based on high-throughput sequencing. In particular, the study of the 3D organization of chromatin
has raised increasing interest, thanks to the development of advanced experimental techniques. In this context, Hi-C has been
widely adopted as a high-throughput method to measure pairwise contacts between virtually any pair of genomic loci, thus
yielding unprecedented challenges for analyzing and handling the resulting complex datasets. In this review, we focus on the
increasing complexity of available Hi-C datasets, which parallels the adoption of novel protocol variants. We also review the
complexity of the multiple data analysis steps required to preprocess Hi-C sequencing reads and extract biologically meaningful
information. Finally, we discuss solutions for handling and visualizing such large genomics datasets.
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conformation capture

The total length of DNA contained in a human cell would be
2 m long if completely stretched, i.e., considering the cumu-
lative size of 6 billion nucleotides composing a diploid ge-
nome. However, such a long polymer must fit into a nucleus
with an average diameter of 10 pum, i.e., five orders of mag-
nitude shorter than the genome (Marti-Renom and Mirny
2011). This is not only a structural challenge, but also a func-
tional one, as the genome must be densely packed, while at the
same time preserving its function, i.e., being accessible to
factors regulating transcription and replication. This is
achieved thanks to the fact that the DNA inside the cell is
never naked, but always associated to many proteins with a
structural and functional role. The complex of DNA and
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associated proteins is named chromatin and its 3D organiza-
tion inside the nucleus is not random but tightly regulated
(Cavalli and Misteli 2013).

Our knowledge of chromatin 3D organization has greatly
increased over the past 20 years thanks to the development of
novel experimental techniques, including high-resolution and
high-throughput imaging techniques (Huang et al. 2010; Zane
et al. 2017) and other molecular biology techniques. Among
the latter, chromosome conformation capture (3C) (Dekker
et al. 2002) and its high-throughput derivatives have been
the most prominent ones. 3C allows probing physical interac-
tion between non-adjacent genomic loci. The technique is
based on cross-linking of DNA and associated proteins to
stabilize chromatin 3D structure, then digesting DNA with
restriction enzymes. The loose DNA fragment ends are then
re-ligated, so as to obtain hybrid molecules, which may con-
tain two fragments of DNA that were not adjacent but indeed
far apart in the original linear genomic sequence. The fact that
they are ligated together at the end of the process indicates
some degree of physical proximity at the beginning of the
experimental procedure. By analyzing the resulting hybrid
molecules, we can assess the physical interaction between
distant genomic loci (Belton et al. 2012). This can be assessed
with PCR, using a pair of primers specifically designed to
target predefined regions, as per the original 3C protocol.
However, other high-throughput derivatives of 3C based on
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microarrays hybridization (Dostie et al. 2006; Simonis et al.
2006) or high-throughput sequencing have been proposed
subsequently. Among them, 4C allows detecting pairwise in-
teractions between one target anchor point and potentially any
other genomic region (van de Werken et al. 2012), whereas 5C
allows probing multiple pairwise interactions between
predesigned anchor points (Phillips-Cremins et al. 2013). Hi-
C is the most comprehensive and high-throughput derivative,
allowing us to score contact frequency between virtually any
pair of genomic loci (Lieberman-Aiden et al. 2009). This re-
sults in very large and complex datasets, especially for large
genomes, as the number of possible pairwise interactions in-
creases exponentially with the genome length. As such in this
review on big-data challenges in epigenomics, we will focus
especially on datasets obtained from mammalian genomes, as
well as on data analysis solutions used in this context.

Hi-C data availability: increasing size
and resolution

Hi-C data allows examining the genome 3D organization at
multiple scales (Rocha et al. 2015; Fraser et al. 2015). On a
large scale, the genome is organized in distinct “compart-
ments.” Namely, active (“A”) and inactive (“B”) compart-
ments have been identified from Hi-C contact maps analysis,
and they correlate with the presence of active or inactive chro-
matin domains, respectively. The active compartment includes
genomic regions characterized by transcription or epigenetic
marks associated to open chromatin. Instead the inactive com-
partment covers regions with compact heterochromatin and
gene expression silencing epigenetic marks (Lieberman-
Aiden et al. 2009). When analyzing local patterns in the con-
tact matrix instead, the topologically associating domains
(TADs) emerge as a key feature, i.e., regions characterized
by high intradomain contact frequency, and reduced
interdomain contacts (Sexton et al. 2012; Dixon et al. 2012;
Nora et al. 2012). On an even finer scale, Hi-C data have been
used to identify specific points of contact between distant
chromatin regions. Sometimes interactions are called chroma-
tin loops, when referring to intrachromosomal (cis) contacts
(Jin et al. 2013; Rao et al. 2014). This level of analysis is
especially challenging for the resolution limit of Hi-C data.

Hi-C data resolution is primarily defined by (1) the restric-
tion enzymes used in the experimental procedure and by (2)
the sequencing depth. Over the years, we have witnessed an
attempt to increase the resolution of Hi-C data by working on
these parameters, resulting in available datasets characterized
by increasing size and resolution, reaching very high numbers
of sequenced reads, especially for mammalian genomes. In
addition, specific protocol variations have been proposed with
the aim of improving the resolution.
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The classical Hi-C technique involves restriction digestion
of a formaldehyde cross-linked genome with sequence specific
restriction enzymes, followed by fill in and repair of digested
ends with the incorporation of biotin-linked nucleotides. The
repaired ends are then re-ligated. Finally, the cross-linking is
reversed and associated proteins are degraded. This produces
the ligation products which are then nonspecifically sheared,
generally by sonication, and enriched for sheared fragments
containing the ligation junction, using a biotin pull-down strat-
egy, and finally sequenced using paired-end sequencing
(Belton et al. 2012). The enrichment step aims to select soni-
cated fragments containing the ligation junction, increasing the
proportion of informative non-same fragment read pairs (mate
pairs originated from different restriction fragments).

Among protocol variations aimed at increasing resolution,
the widely adopted in situ Hi-C achieves cleaner and stronger
signal by performing all the protocol steps up to ligation in
intact cell nuclei (Rao et al. 2014). This reduces spurious
ligation events as well as dangling ends reads, i.e., read pairs
originating from non-ligated fragments, thus de facto increas-
ing the number of usable reads. A very different approach, yet
having similar effects on resulting reads quality, was the teth-
ered conformation capture (TTC), based on performing liga-
tions with cross-linked DNA fragments attached to a solid
substrate, rather than in solution (Kalhor et al. 2011). More
recently, Hi-C 2.0 has been proposed as a protocol variant to
reduce spurious ligation events in the mixture of sequenced
molecules (Belaghzal et al. 2017). Hi-C 2.0 takes into account
recent advances in the field, such as the removal of SDS sol-
ubilization step after digestion, first used in 4C (Splinter et al.
2012), then in single-cell Hi-C (Nagano et al. 2013) and final-
ly adapted in in situ Hi-C (Rao et al. 2014). It also incorporates
the advances made in other studies by using frequent cutting
restriction enzymes such as micrococcal nuclease (Hsieh et al.
2015) and Mbol (Rao et al. 2014).

In this context, it’s worth mentioning also the capture Hi-C
protocol variants, which achieve higher resolution over spe-
cific target regions by directly enriching for ligation products
involving a selected set of target sequences. For example,
promoter capture Hi-C is designed to enrich for interactions
centered around a selected set of annotated promoters
(Schoenfelder et al. 2015; Mifsud et al. 2015). In this context,
more recently Bridge Linker-Hi-C (BL-Hi-C) was proposed
as a solution to favor the detection of interactions mediated by
structural or regulatory proteins. BL-Hi-C uses a two-step
ligation with an intervening linker to enrich for ligation prod-
ucts originating from DNA fragments connected by a cross-
linked protein (Liang et al. 2017).

The ultimate resolution limit of Hi-C data is the restriction
fragment resulting from DNA digestion. The original Hi-C
protocol was based on HindIII and Ncol restriction enzymes,
both recognizing and cutting a 6 bp long sequence: AAGCTT
and CCATGG, respectively (Lieberman-Aiden et al. 2009).
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Later publications also adopted 4 bp cutters such as Dpn-II
(Sexton et al. 2012; Rao et al. 2014), which has more abun-
dant target restriction sites (GATC sequence), thus resulting in
smaller fragments, so as to increase the resolution. More re-
cently, alternative protocol variations have been introduced to
leverage even shorter restriction fragments. Namely, the
COLA protocol makes use of a restriction enzyme recogniz-
ing an RCGY motif (with R equal to A or G and Y equal to C
or G) to achieve an even smaller average fragment size, there-
by allowing experimentalists to probe complex chromatin
conformations which may involve three or more interacting
genomic loci (Darrow et al. 2016). Other protocol variations
aimed at increasing Hi-C resolution include in situ DNase Hi-
C, which replaces restriction enzymes with the endonuclease
DNase I (Ramani et al. 2016), as well as Micro-C, which uses
micrococcal nuclease to obtain single nucleosome scale chro-
matin conformation maps (Hsieh et al. 2015).

However, the most striking effort in improving Hi-C data
resolution has been focused on increasing the sequencing depth
(Table 1). In the 9 years following the first study, articles adopting
this technique have achieved new records in terms of total num-
ber of reads sequenced. While the first Hi-C dataset had 95
million reads in total (up to 30 million per sample), the most
recent articles have reached up to 40 billion reads per
dataset (up to 7.3 billion per sample) (Belaghzal et al. 2017,
Rowley et al. 2017; Bonev et al. 2017). The increase in sequenc-
ing depth has been paralleled by a decrease in the size of genomic
bins used to summarize Hi-C signal. The developers of in situ Hi-
C have been the first ones to reach 1 kb resolution in a human
genome Hi-C map, binned at 950 bp (Rao et al. 2014), and more
recently Bonev et al. (Bonev et al. 2017) reached an even higher
coverage on a mouse genome dataset. It’s worth remarking that
when applied to smaller genomes (e.g., Drosophila), a smaller

amount of reads can yield higher coverage, so that higher reso-
lution analysis is possible. The first Hi-C dataset in Drosophila,
based on the simplified Hi-C protocol which lacks biotin incor-
poration and enrichment, already allowed to examine contact
maps at 40 kb resolution and to clearly highlight topological
domains (Sexton et al. 2012). More recently, the local chromatin
topology of the Drosophila genome has been investigated at a
resolution of 500 bp (average fragment size) to characterize do-
mains at sub-kb resolution (Wang et al. 2018a).

The increase in complexity of individual datasets has been
paralleled by a global increase in publicly available chromatin
architecture data. It’s especially worth mentioning the re-
sources, in term of available datasets, provided by large-scale
consortia including ENCODE (Davis et al. 2018), covering
multiple cell lines, the Roadmap epigenomics (Dixon et al.
2015), and related efforts (Schmitt et al. 2016a), with data from
several primary tissues and cultured cells, and the recently
established 4D Nucleome consortium (Dekker et al. 2017)
which is committed to release a number of datasets covering
multiple cell types, conditions, and treatments. As more and
more datasets become available, it will become increasingly
important to establish common and standardized procedures
to assess data quality (Wolff et al. 2018) and reproducibility
of replicates (Yardimeci et al. 2017; Yang et al. 2017).

Hi-C data analysis: from FASTQ to interaction
maps

Hi-C data analysis is a process involving multiple steps that
can be separated in preprocessing, i.e., from raw data to the
Hi-C contact matrix, and downstream analyses (Ay et al.
2014; Schmitt et al. 2016b).

Table 1 Hi-C studies over the past decade that marked forward leaps in resolution or dataset size
Study Organism Restriction enzyme Hi-C protocol Read pairs Max. binning res.
6 bp 4 bp
HindIII Ncol Dpnll Mbol
Lieberman-Aiden et al. 2009 Human v v Dilution 30M 1 mb
Sexton et al. 2012 Drosophila v Simplified 362.7M 10 kb
Dixon et al. 2012 Human, mouse v Dilution 806.1M 40 kb
Jin et al. 2013 Human v Dilution 29B 5 kb
Rao et al. 2014 Human, mouse v v In situ 6.5B 950 bp
Rao et al. 2017 Human v In situ 6.8B 5kb
Bonev et al. 2017 Mouse v In situ 7.3B 850 bp
Wang et al. 2018a Drosophila v In situ 1.5B frag.

The table reports the original publication (study), organisms examined, restriction enzymes used, protocol variation, maximum number of read pairs
sequenced per sample, and maximum binning resolution used in the analyses presented by the original authors. The size of restriction sites (6 bp or 4 bp)

is also indicated

M is for million read pairs, B is for billion read pairs, frag. is for fragment level analysis
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Preprocessing starts with FASTQ files of paired-end reads
obtained from high-throughput sequencing that are (1) first of
all aligned to the reference genome, (2) then filtered to remove
spurious signal, and then read counts are (3) binned and (4)
normalized. The last two steps are often performed simulta-
neously but involve distinct choices that affect the characteristics
of the normalized contact matrix obtained as final output (Fig. 1).

Hi-C paired-end reads are aligned separately, as they are
expected to map in different unrelated regions of the genome
due to the peculiarity of these data. The alignment can be
performed with standard tools such as bowtie (Langmead
and Salzberg 2012) or bwa (Li and Durbin 2009; Dixon
et al. 2012) aiming to align the full length read, as done espe-
cially in the earlier analysis pipelines (Yaffe and Tanay 2011).
However, the alignment of Hi-C reads may prove challenging
in case the read spans the ligation junction, thus having two
portions of the read itself matching distinct genomic positions.
These are also termed “chimeric reads” and their alignment
requires specific strategies to attempt mapping different por-
tions of the read, which is expected to yield a higher fraction of
mappable reads, especially when the reads are longer (Forcato
et al. 2017). Several variations of chimeric reads mapping
approaches are now implemented in many pipelines including
ICE (Imakaev et al. 2012), TADDbit (Serra et al. 2017), HICUP
(Wingett et al. 2015), HIPPIE (Hwang et al. 2015), Juicer
(Durand et al. 2016b), and HiC-Pro (Servant et al. 2015).

Aligned reads are then filtered to remove spurious sig-
nal due to experimental artifacts. While reads filtering is

Crosslinked = Religated =—» Sequencing =—» Alignment to
chromatin fragments reference genome
—
- HIIIIIH
—
\_FASTQ J
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— — -
— — —
- - -
— — —
+ Ligation \FASTQJ BAM BAM
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Fllterlng & anmg Paired read files - Pairing -

an analysis part common to many high-throughput se-
quencing applications, it is particularly important for Hi-
C data as multiple steps in the experimental protocol can
generate biases in the sequencing results. Read level fil-
ters include the removal of reads with low alignment qual-
ity or PCR artifacts, i.e., multiple read pairs mapped in the
same positions. Then, read pairs filters are based on the
distance of aligned reads to the downstream restriction
site, which is used to estimate if the read pair is compat-
ible with the expected size of sequenced fragment obtain-
ed from the ligation product (Yaffe and Tanay 2011).
Moreover, read pairs can be filtered if they are mapped
on the same fragment, thus resulting from lack of ligation
or self-ligation events, or if their orientation and distance
in mapping positions is compatible with an undigested
chromatin fragment (Jin et al. 2013). More recently, the
MAD-max (maximum allowed median absolute devia-
tion) filter on genomic coverage has been proposed to
remove low-coverage bins, identified as bins that are three
standard deviations below the center of a log-normal dis-
tribution which fits the total number of contacts per ge-
nomic bin (Nora et al. 2017; Schwarzer et al. 2017). Hi-C
protocol variants yielding a cleaner signal result in less
spurious reads, thus being less affected by the filters de-
scribed here (Forcato et al. 2017).

Although the reads are mapped and counted on individual
restriction fragment ends, Hi-C data are usually not analyzed
at single-fragment level. Instead, the read counts are generally

ULJLJ L0

4D Nucleome

4D Nucleome

Fig. 1 Hi-C data, from generation to contact matrix. The figure shows a
schematic representation of Hi-C data analysis, starting from a cartoon
depicting cross-linked chromatin and a prototypic pair of mate reads
positioned on the restriction fragments from which they originate. Raw
sequencing paired-end reads (in FASTQ files) are aligned to the reference
genome considering the mate reads independently. Then, aligned reads
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(in BAM files) are assigned to their fragment of origin and paired. The
paired reads are stored in a sorted file that can be in either plain text,
indexed text (pairix), or binary (e.g., HDF) formats, depending on the
pipeline. Finally, after filtering and binning, the read counts are stored in
contact matrix files, including plain text (e.g., 2D or sparse matrix) or
binary (e.g., hic or cool) file formats
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summarized at the level of genomic bins, i.e., a continuous
partitioning of the genome in intervals of fixed size. The ra-
tionale behind this approach is that genomic bins allow
achieving a more robust and less noisy signal in the estimation
of contact frequencies, at the expense of resolution. While the
restriction fragment remains the ultimate physical limit to Hi-
C resolution, the choice of the bin size used to summarize
results is de facto defining the final resolution of analysis
results. Some practical strategies have been specifically pro-
posed to support pushing the limit of bin size choice to smaller
and smaller bins, such as having at least 80% of bins covered
by 1000 reads (Rao et al. 2014). Recently, two approaches to
determine optimal bin size have been proposed: in deDoc, the
bin size is selected as the one at which the structural entropy of
the Hi-C matrix reaches a stable minimum (Li et al. 2018),
whereas QUASAR requires the presence of replicates and
compares quality and replicate scores of the samples to find
the maximum usable resolution (Sauria and Taylor 2017).
Some publications also attempted to score interaction frequen-
cies using single-fragment level data both in human (Jin et al.
2013) and smaller genomes, such as Drosophila (Ramirez
et al. 2015), where a relatively higher coverage can be
achieved with a lower number of reads. From an alternative
point of view, HiCPlus attempts to enhance resolution of shal-
lowly sequenced datasets by applying deep convolutional
neural network; the authors showed that using only 1/16 of
the original reads, they can impute matrices similar to the
original ones (Zhang et al. 2018).

The final preprocessing step is normalization. Read counts
binning and normalization are usually coupled and performed
simultaneously by the same tools. Hi-C normalization strate-
gies can be divided in two main groups: explicit and implicit
(or matrix-balancing) normalization methods. The explicit
normalization methods are based on the explicit definition of
a set of biases known to be associated to Hi-C reads or high-
throughput sequencing in general, thus affecting the resulting
read counts per restriction fragment. These include the frag-
ment length, its GC content and mappability. Correction fac-
tors are computed for each of the considered biases and their
combination, then applied to the read counts per genomic bin
(Yaffe and Tanay 2011; Hu et al. 2012; Jin et al. 2013). The
implicit or matrix-balancing normalization methods instead do
not rely on any specific assumptions on the sources of biases
in Hi-C read counts. They are instead based on the assumption
that each genomic locus should have “equal visibility,” i.e.,
the interaction signal, as measured by Hi-C for each genomic
locus, should add up to the same total amount. These include
the sequential component normalization (SCN) (Cournac et al.
2012), the iterative correction and eigenvector decomposition
(ICE) normalization (Imakaev et al. 2012), and Knight-Ruiz
matrix-balancing approach (Knight and Ruiz 2013; Rao et al.
2014), implemented by multiple tools (Sauria et al. 2015;
Servant et al. 2015; Durand et al. 2016b; Kumar et al. 2017;

Wolff et al. 2018; Stansfield et al. 2018). ICE normalization
has also been optimized for handling large- and high-
resolution datasets (Kerpedjiev et al. 2018).

A still open problem is the normalization of Hi-C data
originating from genomes with copy number alterations.
While matrix-balancing approaches should partially cancel
out the unbalances in total Hi-C signal originating from any
locus, the resulting local distortions in the interaction matrix
are not completely corrected. An earlier work proposed a so-
lution with an additional scaling factor to be applied on top of
ICE normalization to correct for aneuploidies with whole
chromosome duplications or deletions (Wu and Michor
2016). Recent publications proposed instead more generaliz-
able solutions adding a correction factor to matrix-balancing
normalization to model and adjust the effect of local copy
number variations (Vidal et al. 2018; Servant et al. 2018).

Downstream analyses

Include all the methods used to extract biologically meaningful
results from Hi-C data matrices at multiple levels of resolution,
including (1) the identification of compartments, (2) calling
TADs, and (3) point of interactions, also termed loop calling
when referred to cis-interactions (Forcato et al. 2017) (Table 2).

Tools to call compartments

Compartments are the first level of chromatin organization
which was derived from the analysis of Hi-C data in
(Lieberman-Aiden et al. 2009). They clearly emerged in the
Hi-C map as a plaid pattern after calculating Pearson correla-
tion of the distance normalized map. To define active (“A”)
and inactive (“B”) compartments, the authors used the sign of
the first eigenvector (first principal component). This widely
used approach is implemented in multiple tools, with small
differences regarding the way the matrix is normalized before
Pearson correlation calculation and PCA analysis. The origi-
nal approach calculated the correlation of a matrix of observed
over expected Hi-C signal ratio, where the expected signal
was obtained from a distance normalized contact matrix. A
similar approach is available in HOMER (Heinz et al. 2010),
whereas loess calculation of distance dependency is imple-
mented in Cworld (https://github.com/dekkerlab/cworld-
dekker) and in the HiTC R package (Servant et al. 2012).
The eigenvector module of Juicer allows using alternative
observed matrixes (raw or balanced) (Durand et al. 2016b).
CscoreTool (Zheng and Zheng 2018) instead is not based on
PCA to call compartments, but relies on a faster and memory
efficient approach defining a compartment score reflecting the
chance of any given bin to be in the “A” compartment. A
detailed guide for the identification and annotation of com-
partments is reported in (Miura et al. 2018).
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Table 2  List of tools for downstream analyses on Hi-C data

Method Compartment ~ TAD  Interaction  Visualization  Input format Reference
Text Binary

CScoreTool v RP Zheng and Zheng 2018
HiTC v v SM Servant et al. 2012
HOMER v v v RP Heinz et al. 2010
Juicer (HICCUPS, v v v v hic Durand et al. 2016a, b

Arrowhead, Juicebox)
4D NAT v v 2D,SM HDF Seaman and Rajapakse 2018
3DNetMod v SM Norton et al. 2018
Armatus v 2D Filippova et al. 2014
CaTCH_R v SM Zhan et al. 2017
ClusterTAD v 2D Oluwadare and Cheng 2017
domainCaller v 2D Dixon et al. 2012
deDoc v 2D Lietal 2018
HiCDB v 2D Chen et al. 2018
HiTAD v SM Wang et al. 2017
HiCseg v 2D Lévy-Leduc et al. 2014
IC-Finder v 2D Haddad et al. 2017
InsulationScore v 2D Crane et al. 2015
Lavaburst v 2D Schwarzer et al. 2017
MrTADFinder v SM Yan et al. 2017
Matryoshka v 2D Malik and Patro 2018
TADBIt v 2D Serra et al. 2017
TADTree v 2D Weinreb and Raphael 2015
TADtool v v 2D,SM npy Kruse et al. 2016
CHICAGO v BAM Cairns et al. 2016
diffHiC v v HDF Lun and Smyth 2015
FastHiC v SM Xu et al. 2016a, b
Fit-Hi-C v SM Ay etal. 2014
GOTHIC v RP Mifsud et al.,, 2017
HIPPIE v Hwang et al. 2015
PSYCHIC v 2D Ron et al. 2017
3D Genome Browser v RP,2D,SM BUTLR Wang et al. 2018b
HiCExplorer v v RP Ramirez et al. 2015
HiGlass v HDF Kerpedjiev et al. 2018
gcMapExplorer v HDF Kumar et al. 2017
WashU Epigenome Browser v hic, HDF ~ Zhou et al. 2013

The table report the list of methods with their reference name, the capability of each tool in term of calling compartments, TADs, interactions, or for
visualizing data. Tools are grouped based on their main focus in term of analysis type (compartments, TADs, interactions, calling, and visualization), and
within each group are sorted alphabetically by tool name. The format of input data is reported, by specifying if the tools accepts text or binary input file

formats. The last column reports the reference publication for each tool

Read pairs (RP), 2D matrix (2D), sparse matrix (SM) and python numpy matrix (npy) file formats

TAD callers

As with compartments, TADs were first identified by visual
inspection of the interaction maps. Here, they appear along the

@ Springer

diagonal of the contact matrix as blocks of highly self-
interacting regions. This observed pattern guided the design
of TAD-calling algorithms. Only subsequently to their obser-
vation, their biological properties, putative function and
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genesis were investigated, reporting, e.g., the enrichment of
insulator proteins binding at TAD boundaries. More recently,
genetic perturbation experiments have been clarifying how
TADs are formed and what is their relationship with other
structures observed in the genome (Rao et al. 2017; Nuebler
et al. 2018). However, an unambiguous definition of TADs is
still evolving. As a consequence, even if apparently evident on
the matrix, their computational identification is not straight-
forward yet (Dali and Blanchette 2017). The biggest challenge
to a rigorous methods benchmarking is probably the lack of a
set of true, experimentally validated TADs. Simulated data are
also problematic as they lack the complexity of real data. Yet,
several methods have been proposed, assessing their perfor-
mance on metrics such as the reproducibility of results among
replicates, enrichment in insulators at domain boundaries, or
comparing to the first genome-wide identification of TADs by
(Dixon et al. 2012). An important aspect to review TAD cal-
lers is how they deal with data resolution. This comprises the
ability of defining domains combining results obtained at dif-
ferent resolutions, but also to the ability of being computation-
ally efficient on high-resolution datasets or being able to iden-
tify TADs even in sparse matrices.

The first methods developed to call TADs were based on
one-dimensional scores. The directionality index (DI) calcu-
lates for each bin the degree of upstream and downstream
interaction biases and is segmented with a hidden Markov
model (HMM) to derive TADs in DomainCaller (Dixon
et al. 2012) and the 4D Nucleome Analysis Toolbox
(Seaman and Rajapakse 2018). Instead, the insulation score
quantifies the interactions passing across each genomic bin,
and it allows defining boundaries by identifying local minima
(Crane et al. 2015), also implemented in Cworld (https://
github.com/dekkerlab/cworld-dekker). Other methods are
not based on a one-dimensional score, but aim to identify
the best partitioning of the contact matrix in TADs based on
clustering algorithms, such as HiCseg or ClusterTAD (Lévy-
Leduc et al. 2014; Oluwadare and Cheng 2017), or other
partitioning algorithms, such as TADBIt (Serra et al. 2017).

These methods identify only one level of TADs, but the
increased resolution available in newer datasets highlighted
the existence of a hierarchical structure of TADs inside other
TADs. Many tools are now explicitly addressing this with
multiscale analysis approaches.

The idea of calculating domains at different resolutions was
first introduced by Armatus (Filippova et al. 2014). Armatus
identifies resolution specific domains and calculates a consen-
sus set of domains conserved across resolutions. It formulates
the problem of TAD calling as the optimization of a scoring
function based on their local density of interactions and fea-
tures a tuneable parameter (gamma) that correlates with reso-
lution. Other methods implemented variations of this ap-
proach with different objective functions, with the aim of
achieving better computing performance to work on higher

resolution datasets and of facilitating the tuning of parameters
required to the user. Matryoshka (Malik and Patro 2018) uses
a variant of Armatus to extract domains at different scales and
then predicts the hierarchy by clustering the domains based on
the variation of information distance. MrTADFinder (Yan
et al. 2017), Lavaburst (Schwarzer et al. 2017), and
3DNetMod (Norton et al. 2018) borrow concepts from graph
theory: by representing Hi-C maps as graphs, the identifica-
tion of TADs is treated as a community detection problem in a
network. Here, the objective function is a modularity score
and sweeping over a range of gamma parameters allows gen-
erating a hierarchy of TADs. An approach exploiting a differ-
ent property of graphs is deDoc (Li et al. 2018), which mini-
mizes the structural entropy (i.e., the global uncertainty) of the
Hi-C map. It is designed to work well with sparse matrices and
proposes structural entropy as a mean to identify the proper
bin size for the dataset under investigation. Other multiscale
methods able to examine the hierarchy of TADs include
Arrowhead (Rao et al. 2014; Durand et al. 2016b), TADtree
(Weinreb and Raphael 2015), IC-Finder (Haddad et al. 2017),
CaTCH (Zhan et al. 2017), and HiTAD (Wang et al. 2017).
HiCDB (Chen et al. 2018) detects TAD boundaries based on
local relative insulation, a variation of the insulation score
approach that calculates insulation using different windows
sizes and incorporating information from the local back-
ground. Finally, TADtool integrates interactive data explora-
tion functionalities to directly select parameters for TAD call-
ing based on DI and insulation score (Kruse et al. 2016).

Among such a large production of TAD calling methods,
it’s worth mentioning localtadsim, a recently published ap-
proach to quantitatively compare multiple topological do-
mains definitions (Sauerwald and Kingsford 2018).

Interaction callers

Interactions are specific points of contact between distant
chromatin regions, such as those occurring between promoters
and enhancers. The computational identification of interac-
tions requires the definition of a background model in order
to discern contacts with an interaction frequency higher than
expected. The background can be estimated using local signal
distribution or modeled using global (chromosome-wide or
genome-wide) approaches. Fit-Hi-C (Ay et al. 2014) uses non-
parametric splines to estimate the global background distribu-
tion from the data. Other methods defining a global back-
ground model are GOTHiC (Mifsud et al. 2017), HIPPIE
(Hwang et al. 2015), and HOMER (Heinz et al. 2010).
HiCCUPS (Rao et al. 2014) and diffHic (Lun and Smyth
2015) are instead based on a local enrichment score, compar-
ing the signal of each bin pair against its neighborhood.
HiCCUPS is implemented in the Juicer pipeline (Durand
et al. 2016b) and is a popular method to identify reliable chro-
matin loops in high-resolution datasets. However, even in
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high-resolution datasets, it returns only a few thousand loops
(e.g., 9448 interactions from a 5 kb resolution GM 12878 Hi-C
map were reported by (Rao et al. 2014)), which are useful to
study the general structure of chromatin (Rao et al. 2017) but
cannot provide a comprehensive picture of all the interactions
between promoters and regulatory elements, as not all of the
identified interactions feature a promoter. Moreover,
HiCCUPS was designed for high-resolution datasets, on
which yields better performances (Forcato et al. 2017), and
the authors recommend its application only on Hi-C maps
with more than 300 million contacts.

Another local enrichment approach is implemented in
PSYCHIC (Ron et al. 2017), a solution explicitly taking into
account the TAD structure to identify significant interactions
against a TAD-specific background model. The genome is
segmented into domains that are merged to define a TAD
hierarchy. Then, for each TAD, interactions are modeled ac-
cording to a piecewise power law regression. As a compari-
son, in the same sample of the (Rao et al. 2014) dataset de-
scribed above, PSYCHIC identified about 30,000 interactions
involving promoters.

Finally, FastHiC (Xu et al. 2016b) differentiates from the
other methods because it explicitly models the spatial depen-
dency among adjacent loci, considering the fact that interac-
tion frequencies of pairs of neighboring loci may be correlat-
ed. It is a computationally more efficient reimplementation of
the HMRFBayesHiC (Xu et al. 2016a) method designed for
high-resolution data.

Even if Hi-C allows identification of any type of chro-
matin interaction, these interactions happen between geno-
mic bins of several kb, and the maximum resolution
achieved in mammalian genomes is about 1 kb, at the cost
of sequencing billions of reads. When the interest is limited
to interactions between promoters and regulatory elements
or between specific loci (e.g., SNPs), Capture-HiC (cHi-C)
is a more advisable technique (Hughes et al. 2014; Mifsud
et al. 2015). Although the preprocessing steps (alignment,
filtering) can be conducted on cHi-C data with the same
methods designed for Hi-C (e.g., HiC-Pro (Servant et al.
2015), HICUP (Wingett et al. 2015)), caution must be tak-
en when trying to identify significant interactions.
Differently from Hi-C, capture Hi-C is an asymmetric as-
say capturing “many vs. all” interactions; it is affected by
experimental biases due to differential capture efficiency;
and it is often processed at fragment level resolution.
CHiCAGO (Cairns et al. 2016) addresses these problems
by using a combined background distribution (negative
binomial and Poisson), a specific implicit normalization
and using an approach for multiple tests correction based
on p value weighting, to adapt the stringency of the test to
the genomic distance of the tested interaction. CHiICAGO
identified 88,667 promoter interactions in a cHi-C experi-
ment of the GM 12878 cell line.

@ Springer

More recently, Hi-C datasets with very high coverage
allowed adopting ad hoc solutions independent of a
precomputed bins strategy, also termed bin-free or bin-less
analysis approaches (Cohen et al. 2017; Spill et al. 2017).
These methods perform normalization and interactions calling
without relying on predefined genomic bins to partition the
interaction matrix, but apply instead different strategies to lo-
cally identify the best range of distances to aggregate read
counts. In particular, SHAMAN has been already applied to
the study of Drosophila genome activation during early stages
of embryo development (Ogiyama et al. 2018) and to the
analysis of the mouse genome to investigate the relationship
between transcription and insulation, during neural stem cells
differentiation (Bonev et al. 2017).

Handling Hi-C data—data formats and tools
for high-resolution matrices

The lack of a common standard in data formats has already
been reported as a critical issue in the field of Hi-C data anal-
ysis and its definition is one of the goals of the 4D Nucleome
project (Dekker et al. 2017). Most tools presented in this re-
view store data in different formats, and only few provide
utilities to convert from one format to another. This hampers
the possibility for a not expert user to test multiple computa-
tional approaches and define a preferred pipeline.

FASTQ and BAM are the current standard for sequenced
and aligned reads, respectively. When it comes to the creation
of the read pairs (pairs file) and the interaction map files, these
are saved in formats that vary greatly among the tools (Fig. 1).
The basic information to be saved in pairs file is the genomic
location of the aligned mate reads (chromosome, start, strand),
but other fields contained in the BAM files, such as read
names, alignment quality, and cigar strings are sometimes re-
ported as well. The 4D Nucleome recently proposed “pairix,”
an indexed text file format derived from “tabix” to save pairs
(https://github.com/4dn-dcic/pairix/blob/master/pairs_
format_specification.md).

The most intuitive way to save the Hi-C map is as a plain
text symmetric matrix, where the first column and first row
contain the bin identifiers. HOMER (Heinz et al. 2010) adopts
a similar format, also called “dense” format. Since Hi-C ma-
trices are symmetric and sparse, a more efficient format is the
“sparse” format where only nonzero entries of half of the
matrix are reported as “row column value” triplets. This for-
mat is also called coordinated list or COO and is used by HiC-
Pro (Servant et al. 2015). In both formats, the bin IDs can be
replaced by their chromosomal coordinates; otherwise, anoth-
er file with the position of each bin is normally provided. In
the case of high-resolution matrices, using these formats can
produce files that are large and difficult to manage. To over-
come this problem, matrices can be saved using highly
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compressed binary formats: the “.cool” format is based on
HDFS5 and is used by the cooler pipeline (Kerpedjiev et al.
2018); the “.hic” format is used instead by the Juicer pipeline
(Durand et al. 2016b). Both these formats are being used by
the 4D Nucleome consortium to disseminate their datasets.
Other developed formats are an indexed binary file format
called Binary Upper TrianguLar matRix (BUTLR) used for
visualization by the 3D Genome Browser (Wang et al. 2018b)
and the genome contact map format (“gcmap”) based on
HDF5 and used for analysis and visualization by the
Genome contact map explorer (Kumar et al. 2017). Finally,
an attempt to create a suite of tools for formats conversion,
manipulation, and 2D genomic arithmetic of Hi-C data (sim-
ilar to bedtools) is pgltools which is based on the paired-
genomic-loci data (PGL) format (Greenwald et al. 2017).
Converting between these formats is not always straightfor-
ward and may require several steps (see examples in Miura
et al. (2018)). For example, Juicer provides utilities to convert
“hic” files into sparse matrices, but to convert sparse or dense
matrices into “.hic” files an intermediate text format is re-
quired. Using some of these formats (hic, cool, gcmap), it is
possible to save the same matrix binned at various resolutions
in a single file, which is convenient for visualization purposes.

Handling Hi-C data—data visualization tools

The visualization of Hi-C data is a crucial part of Hi-C data
analysis (see also Yardimci et al. (2017)). Thanks to visual
inspection of the Hi-C matrices, compartments and TADs
have been discovered, and new patterns have been observed
and described, e.g., stripes in (Vian et al. 2018). Moreover, the
thousands of features resulting from downstream analyses are
more easily summarized and interpreted by visual representa-
tion, overlaid to the Hi-C contact matrix. This poses some
challenges due to the two-dimensional nature and the size of
this kind of data.

Several tools address these issues and display Hi-C contact
maps as heatmaps, supporting matrices saved in binary for-
mats to allow fast retrieval of the data. Juicebox (Durand et al.
2016a), gcMapExplorer (Kumar et al. 2017), and HiGlass
(Kerpedjiev et al. 2018) allow to smoothly browse Hi-C
heatmaps interactively, to zoom in and out with different res-
olutions, to visualize maps together with other genomics data
such as ChIP-seq and to compare multiple maps in a synchro-
nous way. Juicebox is available both as a desktop and a cloud-
based web application named Juicebox.js (Robinson et al.
2018). It loads matrices in “.hic” format and its strengths are
its intuitive interface and easy use. gcMapExplorer is a Python
software featuring a GUI that loads data in the “.gcmap” for-
mat; it also performs different types of normalizations on raw
matrices. HiGlass is available as a docker container and loads
matrices in “.cool” format. It allows sophisticated

customization of the layout by juxtaposing panels with multi-
ple maps at the desired zoom levels, along with other genomic
data. Juicebox and HiGlass allow sharing a session via a URL
or a JSON representation, respectively, which can also be
easily hosted at web sites.

Other tools such as WashU Epigenome Browser (Zhou
et al. 2013) and the 3D Genome Browser (Wang et al.
2018b) adopt a more classical genome browser configuration,
where the heatmap is rotated by 45° and displayed as a trian-
gle, with the diagonal aligned horizontally to other genomic
tracks. This type of representation is useful to display chro-
matin conformation at selected loci. WashU Epigenome
Browser is able to load both “hic” and “.cool” formats,
whereas the 3D Genome Browser supports the “.butlr” format
but allows visualizing only one resolution at a time. This type
of visualization is also supported by HiGlass.

Finally, HiCExplorer instead is a more complex framework
available as command line tools or Galaxy module for a web
interface (Wolff et al. 2018). In addition to data visualization
functions, HiCExplorer includes also command to perform
analyses, such as calling TADs.

Conclusion

Overall, the rapid widespread adoption of Hi-C and its vari-
ants have spurred an explosive growth of complexity and size
in available chromatin 3D architecture datasets. This, coupled
with the rapid flourishing of many data analysis approaches,
has already raised substantial concerns in the field about the
need for common standards and guidelines (Marti-Renom
et al. 2018). This is even more problematic as the true biolog-
ical nature of different layers of chromatin organization is still
not completely understood. Striking examples of this are the
TADs, which can be identified using a large array of method-
ological solutions, but their structure and function is not
completely understood yet. In particular, their internal struc-
ture remains elusive as beyond the resolution limit of Hi-C
and also of super resolution microscopy techniques.
Addressing both the biological and technological open chal-
lenges will allow achieving a complete understanding of the
functional role of chromatin 3D architecture.

Funding information This study is supported by AIRC Start-up grant
2015 n.16841 to F.F.; AIRC fellowship n.21012 to K.P.; AIRC Special
Program Molecular Clinical Oncology “5 per mille” and Italian
Epigenomics Flagship Project (Epigen) to M.F.

Compliance with ethical standards

Conflict of interest Koustav Pal declares that he has no conflict of in-
terest. Mattia Forcato declares that he has no conflict of interest.
Francesco Ferrari declares that he has no conflict of interest.

@ Springer



76

Biophys Rev (2019) 11:67-78

Ethical approval This article does not contain any studies with human
participants or animals performed by any of the authors.

Open Access This article is distributed under the terms of the Creative
Commons Attribution 4.0 International License (http://
creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided you give appro-
priate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made.

Publisher’s note  Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

References

Ay F, Bailey TL, Noble WS (2014) Statistical confidence estimation for
Hi-C data reveals regulatory chromatin contacts. Genome Res 24:
999-1011. https://doi.org/10.1101/gr.160374.113

Belaghzal H, Dekker J, Gibcus JH (2017) Hi-C 2.0: An optimized Hi-C
procedure for high-resolution genome-wide mapping of chromo-
some conformation. Methods 123:56-65. https://doi.org/10.1016/].
ymeth.2017.04.004

Belton J-M, McCord RP, Gibcus JH et al (2012) Hi—C: a comprehensive
technique to capture the conformation of genomes. Methods 58:
268-276. https://doi.org/10.1016/j.ymeth.2012.05.001

Bonev B, Mendelson Cohen N, Szabo Q et al (2017) Multiscale 3D
genome rewiring during mouse neural development. Cell 171:
557-572.€24. https://doi.org/10.1016/j.cell.2017.09.043

Cairns J, Freire-Pritchett P, Wingett SW et al (2016) CHiCAGO: robust
detection of DNA looping interactions in Capture Hi-C data.
Genome Biol 17:127. https://doi.org/10.1186/s13059-016-0992-2

Cavalli G, Misteli T (2013) Functional implications of genome topology.
Nat Struct Mol Biol 20:290-299. https://doi.org/10.1038/nsmb.2474

Chen F, Li G, Zhang MQ, Chen Y (2018) HiCDB: a sensitive and robust
method for detecting contact domain boundaries. Nucleic Acids Res
14:762. https://doi.org/10.1093/nar/gky789

Cohen NM, Olivares-Chauvet P, Lubling Y, et al (2017) SHAMAN: bin-
free randomization, normalization and screening of Hi-C matrices.
bioRxiv 187203. https://doi.org/10.1101/187203

Cournac A, Marie-Nelly H, Marbouty M et al (2012) Normalization of a
chromosomal contact map. BMC Genomics 13:436. https://doi.org/
10.1186/1471-2164-13-436

Crane E, Bian Q, McCord RP et al (2015) Condensin-driven remodelling
of X chromosome topology during dosage compensation. Nature
523:240-244. https://doi.org/10.1038/nature 14450

Dali R, Blanchette M (2017) A critical assessment of topologically asso-
ciating domain prediction tools. Nucleic Acids Res 45:2994-3005.
https://doi.org/10.1093/nar/gkx 145

Darrow EM, Huntley MH, Dudchenko O et al (2016) Deletion of DXZ4
on the human inactive X chromosome alters higher-order genome
architecture. Proc Natl Acad Sci U S A 113:E4504-E4512. https://
doi.org/10.1073/pnas.1609643113

Davis CA, Hitz BC, Sloan CA et al (2018) The Encyclopedia of DNA
elements (ENCODE): data portal update. Nucleic Acids Res 46:
D794-D801. https://doi.org/10.1093/nar/gkx1081

Dekker J, Rippe K, Dekker M, Kleckner N (2002) Capturing chromo-
some conformation. Science 295:1306—1311. https://doi.org/10.
1126/science.1067799

Dekker J, Belmont AS, Guttman M et al (2017) The 4D nucleome pro-
ject. Nature 549:219-226. https://doi.org/10.1038/nature23884

Dixon JR, Selvaraj S, Yue F et al (2012) Topological domains in mam-
malian genomes identified by analysis of chromatin interactions.
Nature 485:376-380. https://doi.org/10.1038/nature11082

@ Springer

Dixon JR, Jung I, Selvaraj S et al (2015) Chromatin architecture reorga-
nization during stem cell differentiation. Nature 518:331-336.
https://doi.org/10.1038/nature 14222

Dostie J, Richmond TA, Arnaout RA et al (2006) Chromosome
Conformation Capture Carbon Copy (5C): a massively parallel so-
lution for mapping interactions between genomic elements. Genome
Res 16:1299-1309. https://doi.org/10.1101/gr.5571506

Durand NC, Robinson JT, Shamim MS et al (2016a) Juicebox provides a
visualization system for Hi-C contact maps with unlimited zoom.
Cell Syst 3:99-101. https://doi.org/10.1016/j.cels.2015.07.012

Durand NC, Shamim MS, Machol I et al (2016b) Juicer provides a one-
click system for analyzing loop-resolution Hi-C experiments. Cell
Syst 3:95-98. https://doi.org/10.1016/j.cels.2016.07.002

Filippova D, Patro R, Duggal G, Kingsford C (2014) Identification of
alternative topological domains in chromatin. Algorithms Mol Biol
9:14. https://doi.org/10.1186/1748-7188-9-14

Forcato M, Nicoletti C, Pal K et al (2017) Comparison of computational
methods for Hi-C data analysis. Nat Meth 14:679-685. https:/doi.
org/10.1038/nmeth.4325

Fraser J, Williamson I, Bickmore WA, Dostie J (2015) An overview of
genome organization and how we got there: from FISH to Hi-C.
Microbiol Mol Biol Rev 79:347-372. https://doi.org/10.1128/
MMBR.00006-15

Greenwald WW, Li H, Smith EN et al (2017) Pgltools: a genomic arith-
metic tool suite for manipulation of Hi-C peak and other chromatin
interaction data. BMC Bioinf 18:207. https://doi.org/10.1186/
$12859-017-1621-0

Haddad N, Vaillant C, Jost D (2017) IC-Finder: inferring robustly the
hierarchical organization of chromatin folding. Nucleic Acids Res
45:e81. https://doi.org/10.1093/nar/gkx036

Heinz S, Benner C, Spann N et al (2010) Simple combinations of lineage-
determining transcription factors prime cis-regulatory elements re-
quired for macrophage and B cell identities. Mol Cell 38:576-589.
https://doi.org/10.1016/j.molcel.2010.05.004

Hsieh T-HS, Weiner A, Lajoie B et al (2015) Mapping nucleosome res-
olution chromosome folding in yeast by micro-C. Cell 162:108—
119. https://doi.org/10.1016/j.cell.2015.05.048

Hu M, Deng K, Selvaraj S et al (2012) HiCNorm: removing biases in Hi-
C data via Poisson regression. Bioinformatics 28:3131-3133.
https://doi.org/10.1093/bioinformatics/bts570

Huang B, Babcock H, Zhuang X (2010) Breaking the diffraction barrier:
super-resolution imaging of cells. Cell 143:1047—1058. https://doi.
org/10.1016/j.cell.2010.12.002

Hughes JR, Roberts N, McGowan S et al (2014) Analysis of hundreds of
cis-regulatory landscapes at high resolution in a single, high-
throughput experiment. Nat Genet 46:205-212. https://doi.org/10.
1038/ng.2871

Hwang Y-C, Lin C-F, Valladares O et al (2015) HIPPIE: a high-
throughput identification pipeline for promoter interacting enhancer
elements. Bioinformatics 31:1290-1292. https://doi.org/10.1093/
bioinformatics/btu801

Imakaev M, Fudenberg G, McCord RP et al (2012) Iterative correction of
Hi-C data reveals hallmarks of chromosome organization. Nat Meth
9:999-1003. https://doi.org/10.1038/nmeth.2148

Jin F, Li Y, Dixon JR et al (2013) A high-resolution map of the three-
dimensional chromatin interactome in human cells. Nature 503:
290-294. https://doi.org/10.1038/nature12644

Kalhor R, Tjong H, Jayathilaka N et al (2011) Genome architectures
revealed by tethered chromosome conformation capture and
population-based modeling. Nat Biotechnol 30:90-98. https://doi.
org/10.1038/nbt.2057

Kerpedjiev P, Abdennur N, Lekschas F et al (2018) HiGlass: web-based
visual exploration and analysis of genome interaction maps.
Genome Biol 19:125. https://doi.org/10.1186/s13059-018-1486-1


https://doi.org/10.1101/gr.160374.113
https://doi.org/10.1016/j.ymeth.2017.04.004
https://doi.org/10.1016/j.ymeth.2017.04.004
https://doi.org/10.1016/j.ymeth.2012.05.001
https://doi.org/10.1016/j.cell.2017.09.043
https://doi.org/10.1186/s13059-016-0992-2
https://doi.org/10.1038/nsmb.2474
https://doi.org/10.1093/nar/gky789
https://doi.org/10.1101/187203
https://doi.org/10.1186/1471-2164-13-436
https://doi.org/10.1186/1471-2164-13-436
https://doi.org/10.1038/nature14450
https://doi.org/10.1093/nar/gkx145
https://doi.org/10.1073/pnas.1609643113
https://doi.org/10.1073/pnas.1609643113
https://doi.org/10.1093/nar/gkx1081
https://doi.org/10.1126/science.1067799
https://doi.org/10.1126/science.1067799
https://doi.org/10.1038/nature23884
https://doi.org/10.1038/nature11082
https://doi.org/10.1038/nature14222
https://doi.org/10.1101/gr.5571506
https://doi.org/10.1016/j.cels.2015.07.012
https://doi.org/10.1016/j.cels.2016.07.002
https://doi.org/10.1186/1748-7188-9-14
https://doi.org/10.1038/nmeth.4325
https://doi.org/10.1038/nmeth.4325
https://doi.org/10.1128/MMBR.00006-15
https://doi.org/10.1128/MMBR.00006-15
https://doi.org/10.1186/s12859-017-1621-0
https://doi.org/10.1186/s12859-017-1621-0
https://doi.org/10.1093/nar/gkx036
https://doi.org/10.1016/j.molcel.2010.05.004
https://doi.org/10.1016/j.cell.2015.05.048
https://doi.org/10.1093/bioinformatics/bts570
https://doi.org/10.1016/j.cell.2010.12.002
https://doi.org/10.1016/j.cell.2010.12.002
https://doi.org/10.1038/ng.2871
https://doi.org/10.1038/ng.2871
https://doi.org/10.1093/bioinformatics/btu801
https://doi.org/10.1093/bioinformatics/btu801
https://doi.org/10.1038/nmeth.2148
https://doi.org/10.1038/nature12644
https://doi.org/10.1038/nbt.2057
https://doi.org/10.1038/nbt.2057
https://doi.org/10.1186/s13059-018-1486-1

Biophys Rev (2019) 11:67-78

77

Knight PA, Ruiz D (2013) A fast algorithm for matrix balancing. IMA J
Numer Anal 33:1029-1047. https://doi.org/10.1093/imanum/
drs019

Kruse K, Hug CB, Hernandez-Rodriguez B, Vaquerizas JM (2016)
TADtool: visual parameter identification for TAD-calling algo-
rithms. Bioinformatics 32:3190-3192. https://doi.org/10.1093/
bioinformatics/btw368

Kumar R, Sobhy H, Stenberg P, Lizana L (2017) Genome contact map
explorer: a platform for the comparison, interactive visualization and
analysis of genome contact maps. Nucleic Acids Res 45:e152.
https://doi.org/10.1093/nar/gkx 644

Langmead B, Salzberg SL (2012) Fast gapped-read alignment with
Bowtie 2. Nat Meth 9:357-359. https://doi.org/10.1038/nmeth.1923

Lévy-Leduc C, Delattre M, Mary-Huard T, Robin S (2014) Two-
dimensional segmentation for analyzing Hi-C data. Bioinformatics
30:i386-1392. https://doi.org/10.1093/bioinformatics/btud43

Li H, Durbin R (2009) Fast and accurate short read alignment with
Burrows-Wheeler transform. Bioinformatics 25:1754-1760.
https://doi.org/10.1093/bioinformatics/btp324

Li A, Yin X, Xu B et al (2018) Decoding topologically associating do-
mains with ultra-low resolution Hi-C data by graph structural entro-
py. Nat Commun 9:532. https://doi.org/10.1038/s41467-018-
05691-7

Liang Z, Li G, Wang Z et al (2017) BL-Hi-C is an efficient and sensitive
approach for capturing structural and regulatory chromatin interac-
tions. Nat Commun 8:1622. https://doi.org/10.1038/s41467-017-
01754-3

Lieberman-Aiden E, van Berkum NL, Williams L et al (2009)
Comprehensive mapping of long-range interactions reveals folding
principles of the human genome. Science 326:289-293. https:/doi.
org/10.1126/science. 1181369

Lun ATL, Smyth GK (2015) Difthic: a Bioconductor package to detect
differential genomic interactions in Hi-C data. BMC Bioinf 16:258.
https://doi.org/10.1186/s12859-015-0683-0

Malik L, Patro R (2018) Rich chromatin structure prediction from Hi-C
data. IEEE/ACM Trans Comput Biol Bioinform, p 1-1. https:/doi.
org/10.1109/TCBB.2018.2851200

Marti-Renom MA, Mirny LA (2011) Bridging the resolution gap in struc-
tural modeling of 3D genome organization. PLoS Comput Biol 7:
¢1002125. https://doi.org/10.1371/journal.pcbi. 1002125

Marti-Renom MA, Almouzni G, Bickmore WA et al (2018) Challenges
and guidelines toward 4D nucleome data and model standards. Nat
Genet 50:1352-1358. https://doi.org/10.1038/s41588-018-0236-3

Mifsud B, Tavares-Cadete F, Young AN et al (2015) Mapping long-range
promoter contacts in human cells with high-resolution capture Hi-C.
Nat Genet 47:598-606. https://doi.org/10.1038/ng.3286

Mifsud B, Martincorena I, Darbo E et al (2017) GOTHIC, a probabilistic
model to resolve complex biases and to identify real interactions in
Hi-C data. PLoS One 12:e0174744. https://doi.org/10.1371/journal.
pone.0174744

Miura H, Poonperm R, Takahashi S, Hiratani I (2018) Practical analysis
of Hi-C data: generating A/B compartment profiles. Methods Mol
Biol 1861:221-245. https://doi.org/10.1007/978-1-4939-8766-5_16

Nagano T, Lubling Y, Stevens TJ et al (2013) Single-cell Hi-C reveals
cell-to-cell variability in chromosome structure. Nature 502:59—64.
https://doi.org/10.1038/nature 12593

Nora EP, Lajoie BR, Schulz EG et al (2012) Spatial partitioning of the
regulatory landscape of the X-inactivation centre. Nature 485:381—
385. https://doi.org/10.1038/nature11049

Nora EP, Goloborodko A, Valton A-L et al (2017) Targeted degradation
of CTCF decouples local insulation of chromosome domains from
genomic compartmentalization. Cell 169:930-944.e22. https://doi.
0rg/10.1016/j.cell.2017.05.004

Norton HK, Emerson DJ, Huang H et al (2018) Detecting hierarchical
genome folding with network modularity. Nat Meth 15:119-122.
https://doi.org/10.1038/nmeth.4560

Nuebler J, Fudenberg G, Imakaev M et al (2018) Chromatin organization
by an interplay of loop extrusion and compartmental segregation.
Proc Natl Acad Sci U S A 115:E6697-E6706. https://doi.org/10.
1073/pnas.1717730115

Ogiyama Y, Schuettengruber B, Papadopoulos GL et al (2018)
Polycomb-dependent chromatin looping contributes to gene silenc-
ing during Drosophila development. Mol Cell 71:73-88.e5. https://
doi.org/10.1016/j.molcel.2018.05.032

Oluwadare O, Cheng J (2017) ClusterTAD: an unsupervised machine
learning approach to detecting topologically associated domains of
chromosomes from Hi-C data. BMC Bioinf 18:480. https://doi.org/
10.1186/512859-017-1931-2

Phillips-Cremins JE, Sauria MEG, Sanyal A et al (2013) Architectural
protein subclasses shape 3D organization of genomes during lineage
commitment. Cell 153:1281-1295. https://doi.org/10.1016/j.cell.
2013.04.053

Ramani V, Cusanovich DA, Hause RJ et al (2016) Mapping 3D genome
architecture through in situ DNase Hi-C. Nat Protoc 11:2104-2121.
https://doi.org/10.1038/nprot.2016.126

Ramirez F, Lingg T, Toscano S et al (2015) High-affinity sites form an
interaction network to facilitate spreading of the MSL complex
across the X chromosome in Drosophila. Mol Cell 60:146-162.
https://doi.org/10.1016/j.molcel.2015.08.024

Rao SSP, Huntley MH, Durand NC et al (2014) A 3D map of the human
genome at kilobase resolution reveals principles of chromatin
looping. Cell 159:1665-1680. https://doi.org/10.1016/j.cell.2014.
11.021

Rao SSP, Huang S-C, Glenn St Hilaire B et al (2017) Cohesin loss elim-
inates all loop domains. Cell 171:305-320.e24. https://doi.org/10.
1016/j.cell.2017.09.026

Robinson JT, Turner D, Durand NC et al (2018) Juicebox.js provides a
cloud-based visualization system for Hi-C data. Cell Syst 6:256—
258.el. https://doi.org/10.1016/j.cels.2018.01.001

Rocha PP, Raviram R, Bonneau R, Skok JA (2015) Breaking TADs:
insights into hierarchical genome organization. Epigenomics 7:
523-526. https://doi.org/10.2217/epi.15.25

Ron G, Globerson Y, Moran D, Kaplan T (2017) Promoter-enhancer
interactions identified from Hi-C data using probabilistic models
and hierarchical topological domains. Nat Commun 8:199. https://
doi.org/10.1038/s41467-017-02386-3

Rowley MJ, Nichols MH, Lyu X et al (2017) Evolutionarily conserved
principles predict 3D chromatin organization. Mol Cell 67:837—
852.¢7. https://doi.org/10.1016/j.molcel.2017.07.022

Sauerwald N, Kingsford C (2018) Quantifying the similarity of topolog-
ical domains across normal and cancer human cell types.
Bioinformatics 34:475-483. https://doi.org/10.1093/
bioinformatics/bty265

Sauria ME, Taylor J (2017) QuASAR: Quality Assessment of Spatial
Arrangement Reproducibility in Hi-C Data. bioRxiv 204438.
https://doi.org/10.1101/204438

Sauria MEG, Phillips-Cremins JE, Corces VG, Taylor J (2015) HiFive: a
tool suite for easy and efficient HiC and 5C data analysis. Genome
Biol 16:237. https://doi.org/10.1186/s13059-015-0806-y

Schmitt AD, Hu M, Jung I et al (2016a) A compendium of chromatin
contact maps reveals spatially active regions in the human genome.
Cell Rep 17:2042-2059. https://doi.org/10.1016/j.celrep.2016.10.
061

Schmitt AD, Hu M, Ren B (2016b) Genome-wide mapping and analysis
of chromosome architecture. Nat Rev Mol Cell Biol 17:743-755.
https://doi.org/10.1038/nrm.2016.104

Schoenfelder S, Furlan-Magaril M, Mifsud B et al (2015) The pluripotent
regulatory circuitry connecting promoters to their long-range
interacting elements. Genome Res 25:582-597. https://doi.org/10.
1101/gr.185272.114

@ Springer


https://doi.org/10.1093/imanum/drs019
https://doi.org/10.1093/imanum/drs019
https://doi.org/10.1093/bioinformatics/btw368
https://doi.org/10.1093/bioinformatics/btw368
https://doi.org/10.1093/nar/gkx644
https://doi.org/10.1038/nmeth.1923
https://doi.org/10.1093/bioinformatics/btu443
https://doi.org/10.1093/bioinformatics/btp324
https://doi.org/10.1038/s41467-018-05691-7
https://doi.org/10.1038/s41467-018-05691-7
https://doi.org/10.1038/s41467-017-01754-3
https://doi.org/10.1038/s41467-017-01754-3
https://doi.org/10.1126/science.1181369
https://doi.org/10.1126/science.1181369
https://doi.org/10.1186/s12859-015-0683-0
https://doi.org/10.1109/TCBB.2018.2851200
https://doi.org/10.1109/TCBB.2018.2851200
https://doi.org/10.1371/journal.pcbi.1002125
https://doi.org/10.1038/s41588-018-0236-3
https://doi.org/10.1038/ng.3286
https://doi.org/10.1371/journal.pone.0174744
https://doi.org/10.1371/journal.pone.0174744
https://doi.org/10.1007/978-1-4939-8766-5_16
https://doi.org/10.1038/nature12593
https://doi.org/10.1038/nature11049
https://doi.org/10.1016/j.cell.2017.05.004
https://doi.org/10.1016/j.cell.2017.05.004
https://doi.org/10.1038/nmeth.4560
https://doi.org/10.1073/pnas.1717730115
https://doi.org/10.1073/pnas.1717730115
https://doi.org/10.1016/j.molcel.2018.05.032
https://doi.org/10.1016/j.molcel.2018.05.032
https://doi.org/10.1186/s12859-017-1931-2
https://doi.org/10.1186/s12859-017-1931-2
https://doi.org/10.1016/j.cell.2013.04.053
https://doi.org/10.1016/j.cell.2013.04.053
https://doi.org/10.1038/nprot.2016.126
https://doi.org/10.1016/j.molcel.2015.08.024
https://doi.org/10.1016/j.cell.2014.11.021
https://doi.org/10.1016/j.cell.2014.11.021
https://doi.org/10.1016/j.cell.2017.09.026
https://doi.org/10.1016/j.cell.2017.09.026
https://doi.org/10.1016/j.cels.2018.01.001
https://doi.org/10.2217/epi.15.25
https://doi.org/10.1038/s41467-017-02386-3
https://doi.org/10.1038/s41467-017-02386-3
https://doi.org/10.1016/j.molcel.2017.07.022
https://doi.org/10.1093/bioinformatics/bty265
https://doi.org/10.1093/bioinformatics/bty265
https://doi.org/10.1101/204438
https://doi.org/10.1186/s13059-015-0806-y
https://doi.org/10.1016/j.celrep.2016.10.061
https://doi.org/10.1016/j.celrep.2016.10.061
https://doi.org/10.1038/nrm.2016.104
https://doi.org/10.1101/gr.185272.114
https://doi.org/10.1101/gr.185272.114

78

Biophys Rev (2019) 11:67-78

Schwarzer W, Abdennur N, Goloborodko A et al (2017) Two indepen-
dent modes of chromatin organization revealed by cohesin removal.
Nature 551:51-56. https://doi.org/10.1038/nature24281

Seaman L, Rajapakse I (2018) 4D nucleome analysis toolbox: anal-
ysis of Hi-C data with abnormal karyotype and time series
capabilities. Bioinformatics 34:104—106. https://doi.org/10.
1093/bioinformatics/btx484

Serra F, Bau D, Goodstadt M et al (2017) Automatic analysis and 3D-
modelling of Hi-C data using TADDbit reveals structural features of
the fly chromatin colors. PLoS Comput Biol 13:¢1005665. https://
doi.org/10.1371/journal.pcbi. 1005665

Servant N, Lajoie BR, Nora EP et al (2012) HiTC: exploration of high-
throughput “C” experiments. Bioinformatics 28:2843-2844. https:/
doi.org/10.1093/bioinformatics/bts521

Servant N, Varoquaux N, Lajoie BR et al (2015) HiC-Pro: an optimized
and flexible pipeline for Hi-C data processing. Genome Biol 16:11.
https://doi.org/10.1186/s13059-015-0831-x

Servant N, Varoquaux N, Heard E et al (2018) Effective normalization for
copy number variation in Hi-C data. BMC Bioinf 19:313. https://
doi.org/10.1186/s12859-018-2256-5

Sexton T, Yaffe E, Kenigsberg E et al (2012) Three-dimensional folding
and functional organization principles of the Drosophila genome.
Cell 148:458-472. https://doi.org/10.1016/j.cell.2012.01.010

Simonis M, Klous P, Splinter E et al (2006) Nuclear organization of active
and inactive chromatin domains uncovered by chromosome confor-
mation capture-on-chip (4C). Nat Genet 38:1348—1354. https:/doi.
org/10.1038/ng1896

Spill YG, Castillo D, Marti-Renom MA (2017) Binless normalization of
Hi-C data provides significant interaction and difference detection
independently of resolution. bioRxiv 214403. https://doi.org/10.
1101/214403

Splinter E, de Wit E, van de Werken HJG et al (2012) Determining long-
range chromatin interactions for selected genomic sites using 4C-seq
technology: from fixation to computation. Methods 58:221-230.
https://doi.org/10.1016/j.ymeth.2012.04.009

Stansfield JC, Cresswell KG, Vladimirov VI, Dozmorov MG (2018)
HiCcompare: an R-package for joint normalization and comparison
of HI-C datasets. BMC Bioinf 19:279. https://doi.org/10.1186/
$12859-018-2288-x

van de Werken HJG, Landan G, Holwerda SJB et al (2012) Robust 4C-
seq data analysis to screen for regulatory DNA interactions. Nat
Meth 9:969-972. https://doi.org/10.1038/nmeth.2173

Vian L, Pekowska A, Rao SSP et al (2018) The energetics and physio-
logical impact of cohesin extrusion. Cell 173:1165-1178.e20.
https://doi.org/10.1016/j.cell.2018.03.072

Vidal E, Le Dily F, Quilez J et al (2018) OneD: increasing reproducibility
of Hi-C samples with abnormal karyotypes. Nucleic Acids Res 46:
e49. https://doi.org/10.1093/nar/gky064

Wang X-T, Cui W, Peng C (2017) HiTAD: detecting the structural and
functional hierarchies of topologically associating domains from
chromatin interactions. Nucleic Acids Res 45:¢163. https://doi.org/
10.1093/nar/gkx735

Wang Q, Sun Q, Czajkowsky DM, Shao Z (2018a) Sub-kb Hi-C in D.
melanogaster reveals conserved characteristics of TADs between
insect and mammalian cells. Nat Commun 9:331. https://doi.org/
10.1038/s41467-017-02526-9

@ Springer

Wang Y, Song F, Zhang B et al (2018b) The 3D Genome Browser: a web-
based browser for visualizing 3D genome organization and long-
range chromatin interactions. Genome Biol 19:151. https://doi.org/
10.1186/513059-018-1519-9

Weinreb C, Raphael BJ (2015) Identification of hierarchical chromatin
domains. Bioinformatics 32:1601-1609. https://doi.org/10.1093/
bioinformatics/btv485

Wingett S, Ewels P, Furlan-Magaril M et al (2015) HiCUP: pipeline for
mapping and processing Hi-C data. F1000Res 4:1310. https:/doi.
org/10.12688/f1000research.7334.1

Wolft J, Bhardwaj V, Nothjunge S et al (2018) Galaxy HiCExplorer: a
web server for reproducible Hi-C data analysis, quality control and
visualization. Nucleic Acids Res 46:W11-W16. https://doi.org/10.
1093/nar/gky504

Wu H-J, Michor F (2016) A computational strategy to adjust for copy
number in tumor Hi-C data. Bioinformatics 32:3695-3701. https://
doi.org/10.1093/bioinformatics/btw540

XuZ, Zhang G, Jin F et al (2016a) A hidden Markov random field-based
Bayesian method for the detection of long-range chromosomal in-
teractions in Hi-C data. Bioinformatics 32:650—-656. https://doi.org/
10.1093/bioinformatics/btv650

Xu Z, Zhang G, Wu C et al (2016b) FastHiC: a fast and accurate algo-
rithm to detect long-range chromosomal interactions from Hi-C da-
ta. Bioinformatics 32:2692-2695. https://doi.org/10.1093/
bioinformatics/btw240

Yaffe E, Tanay A (2011) Probabilistic modeling of Hi-C contact maps
eliminates systematic biases to characterize global chromosomal
architecture. Nat Genet 43:1059-1065. https://doi.org/10.1038/ng.
947

Yan K-K, Lou S, Gerstein M (2017) MrTADFinder: a network modular-
ity based approach to identify topologically associating domains in
multiple resolutions. PLoS Comput Biol 13:e1005647. https:/doi.
org/10.1371/journal.pcbi. 1005647

Yang T, Zhang F, Yardimc1 GG et al (2017) HiCRep: assessing the repro-
ducibility of Hi-C data using a stratum-adjusted correlation coeffi-
cient. Genome Res 27:1939-1949. https://doi.org/10.1101/gr.
220640.117

Yardimci G, Ozadam H, Sauria MEG, et al (2017) Measuring the repro-
ducibility and quality of Hi-C data. bioRxiv 188755. https://doi.org/
10.1101/188755

Zane L, Chapus F, Pegoraro G, Misteli T (2017) HiHiMap: single-cell
quantitation of histones and histone posttranslational modifications
across the cell cycle by high-throughput imaging. Mol Biol Cell 28:
2290-2302. https://doi.org/10.1091/mbc.E16-12-0870

Zhan Y, Mariani L, Barozzi I et al (2017) Reciprocal insulation analysis of
Hi-C data shows that TADs represent a functionally but not struc-
turally privileged scale in the hierarchical folding of chromosomes.
Genome Res 27:479—490. https://doi.org/10.1101/gr.212803.116

Zhang Y, An L, Xu J et al (2018) Enhancing Hi-C data resolution with
deep convolutional neural network HiCPlus. Nat Commun 9:750.
https://doi.org/10.1038/s41467-018-03113-2

Zheng X, Zheng Y (2018) CscoreTool: fast Hi-C compartment analysis at
high resolution. Bioinformatics 34:1568-1570. https://doi.org/10.
1093/bioinformatics/btx802

Zhou X, Lowdon RF, Li D et al (2013) Exploring long-range genome
interactions using the WashU Epigenome Browser. Nat Meth 10:
375-376. https://doi.org/10.1038/nmeth.2440


https://doi.org/10.1038/nature24281
https://doi.org/10.1093/bioinformatics/btx484
https://doi.org/10.1093/bioinformatics/btx484
https://doi.org/10.1371/journal.pcbi.1005665
https://doi.org/10.1371/journal.pcbi.1005665
https://doi.org/10.1093/bioinformatics/bts521
https://doi.org/10.1093/bioinformatics/bts521
https://doi.org/10.1186/s13059-015-0831-x
https://doi.org/10.1186/s12859-018-2256-5
https://doi.org/10.1186/s12859-018-2256-5
https://doi.org/10.1016/j.cell.2012.01.010
https://doi.org/10.1038/ng1896
https://doi.org/10.1038/ng1896
https://doi.org/10.1101/214403
https://doi.org/10.1101/214403
https://doi.org/10.1016/j.ymeth.2012.04.009
https://doi.org/10.1186/s12859-018-2288-x
https://doi.org/10.1186/s12859-018-2288-x
https://doi.org/10.1038/nmeth.2173
https://doi.org/10.1016/j.cell.2018.03.072
https://doi.org/10.1093/nar/gky064
https://doi.org/10.1093/nar/gkx735
https://doi.org/10.1093/nar/gkx735
https://doi.org/10.1038/s41467-017-02526-9
https://doi.org/10.1038/s41467-017-02526-9
https://doi.org/10.1186/s13059-018-1519-9
https://doi.org/10.1186/s13059-018-1519-9
https://doi.org/10.1093/bioinformatics/btv485
https://doi.org/10.1093/bioinformatics/btv485
https://doi.org/10.12688/f1000research.7334.1
https://doi.org/10.12688/f1000research.7334.1
https://doi.org/10.1093/nar/gky504
https://doi.org/10.1093/nar/gky504
https://doi.org/10.1093/bioinformatics/btw540
https://doi.org/10.1093/bioinformatics/btw540
https://doi.org/10.1093/bioinformatics/btv650
https://doi.org/10.1093/bioinformatics/btv650
https://doi.org/10.1093/bioinformatics/btw240
https://doi.org/10.1093/bioinformatics/btw240
https://doi.org/10.1038/ng.947
https://doi.org/10.1038/ng.947
https://doi.org/10.1371/journal.pcbi.1005647
https://doi.org/10.1371/journal.pcbi.1005647
https://doi.org/10.1101/gr.220640.117
https://doi.org/10.1101/gr.220640.117
https://doi.org/10.1101/188755
https://doi.org/10.1101/188755
https://doi.org/10.1091/mbc.E16-12-0870
https://doi.org/10.1101/gr.212803.116
https://doi.org/10.1038/s41467-018-03113-2
https://doi.org/10.1093/bioinformatics/btx802
https://doi.org/10.1093/bioinformatics/btx802
https://doi.org/10.1038/nmeth.2440

	Hi-C analysis: from data generation to integration
	Abstract
	Hi-C data availability: increasing size and resolution
	Hi-C data analysis: from FASTQ to interaction maps
	Downstream analyses
	Tools to call compartments
	TAD callers
	Interaction callers

	Handling Hi-C data—data formats and tools for high-resolution matrices
	Handling Hi-C data—data visualization tools
	Conclusion
	References


