
Published online 17 April 2020 Nucleic Acids Research, 2020, Vol. 48, Web Server issue W177–W184
doi: 10.1093/nar/gkaa220

Galaxy HiCExplorer 3: a web server for reproducible
Hi-C, capture Hi-C and single-cell Hi-C data analysis,
quality control and visualization
Joachim Wolff 1,*, Leily Rabbani2, Ralf Gilsbach 3,4,5, Gautier Richard 6,
Thomas Manke 2, Rolf Backofen 1,7 and Björn A. Grüning 1
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ABSTRACT

The Galaxy HiCExplorer provides a web service at
https://hicexplorer.usegalaxy.eu. It enables the in-
tegrative analysis of chromosome conformation by
providing tools and computational resources to pre-
process, analyse and visualize Hi-C, Capture Hi-C
(cHi-C) and single-cell Hi-C (scHi-C) data. Since the
last publication, Galaxy HiCExplorer has been ex-
panded considerably with new tools to facilitate the
analysis of cHi-C and to provide an in-depth analy-
sis of Hi-C data. Moreover, it supports the analysis of
scHi-C data by offering a broad range of tools. With
the help of the standard graphical user interface of
Galaxy, presented workflows, extensive documenta-
tion and tutorials, novices as well as Hi-C experts
are supported in their Hi-C data analysis with Galaxy
HiCExplorer.

INTRODUCTION

Chromosome conformation capture (3C) (1) and its suc-
cessors 4C (2,3), 5C (4) and Hi-C (5) have developed into
the standard technologies used in studying the 3D con-
formation of chromatin. They can provide insights into
the processes involved in chromatin folding and gene reg-
ulation. Hi-C technology is a well established method to
study genome wide interaction of data and can detect large-
scale chromosome structures, such as active and inactive
(A/B) compartments (5,6), topological associated domains
(TADs) (7,8), chromatin loop structures (9) or ratios of
short to long range interaction counts. Although Hi-C is

a powerful approach for studying the 3D structure of chro-
matin globally, it is limited in its ability to investigate loca-
tion specific interactions, such as promoter-enhancer inter-
actions, due to the need for high coverage and sequencing
costs. Moreover, Hi-C is unable to capture protein-DNA
interactions in the chromatin conformation context. To
overcome these shortcomings, capture Hi-C (cHi-C) tech-
niques have been developed. These assays are generating
data, which are enriched for the predefined targets, such as
promoter regions (Promoter cHi-C) (10), proteins or pro-
tein modifications (HiChIP) (11); HiChIP is able to capture
chimeric protein-DNA interactions, including transcription
factors or histone modifications. The location specific en-
richment provides a significantly better signal-to-noise ra-
tio and can therefore be used for a more location sensitive
analysis. Capture Hi-C data cannot be analysed with es-
tablished Hi-C algorithms and need their own tools. With
the rise of single-cell sequencing technologies, the single-cell
Hi-C (scHi-C) approach has been developed to allow for a
deeper insight into the chromatin conformation dynamics
between cell types, for instance during the cell cycle (12).
For a review on the abilities and current developments of
Hi-C and related techniques, the reviews of McCord et al.
(13), Kempfer and Pombo (14) or Bonev and Cavalli (15)
are recommended. The scHi-C analyses are much more re-
source intensive than Hi-C analyses and need specialized
algorithms for dimension reduction. Galaxy HiCExplorer
meets these requirements by providing efficient and easy
to use tools for the analysis of Hi-C, cHi-C and scHi-C
through a comprehensive and unified web server accessi-
ble at https://hicexplorer.usegalaxy.eu. It provides compu-
tational capabilities for even the most demanding analyses.
Additionally, Galaxy HiCExplorer is easy to deploy locally
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thanks to the installer for a local Galaxy instance. More-
over, a command line version is provided by conda and is
available via the bioconda channel (16).

RELATED WORKS

Galaxy HiCExplorer is designed as an easy-to-use online
service which is accessible through a web browser. Thus,
no installation is required. By embedding it into Galaxy
(17) and the https://usegalaxy.eu environment, it facilitates
reproducible, shareable research as well as easily accessi-
ble data analysis. With Galaxy HiCExplorer, researchers
can focus on their data analysis without facing any com-
putational limitation or software dependency issue. To of-
fer more flexibility, it is also possible to install Galaxy HiC-
Explorer on a local Galaxy instance. Hi-C data processing
and downstream analysis are supported by many tool suites,
such as Juicer (18), HiCUP (19), HOMER (20), HiC-Pro
(21), HiFive (22) and the recently published HiCeekR (23).
Juicer, HiC-Pro and HiCeekR offer several tools but are
limited to a local installation. HiFive offers a Galaxy inte-
gration, but lacks the support of external data formats like
cool file format (24). HiCUP and HOMER support only
certain parts of Hi-C data analysis. Among the above tools,
HiC-Pro is the only one with the ability to analyse cHi-
C and HiChIP data. scHiCNorm (25) and scHiCluster(26)
provide support for single-cell Hi-C data normalization and
clustering, but suffer from the lack of a tool suite to guide re-
searchers through the workflow of processing single-cell Hi-
C data from the raw FASTQ files to the clustering of cells,
including methods for building interaction matrices, qual-
ity control, dimension reduction and visualization. scHiC-
Norm and scHiCluster use text files to store the scHi-C
interaction matrices, which are particularly space consum-
ing, not easily shareable and prone to error accumulation.
Galaxy HiCExplorer addresses all these shortcomings by
providing a tool suite to support the analysis of Hi-C, cap-
tured Hi-C (e.g. Promoter cHi-C, HiChIP) and single-cell
Hi-C data from the raw input data to publication ready re-
sults, as shown in Figure 2. Most importantly, none of the
mentioned tools provide large computational resources to
support Hi-C, cHi-C and single-cell Hi-C data analysis.

GALAXY HICEXPLORER

Galaxy HiCExplorer offers a large collection of tools to
pre-process, analyse and visualize Hi-C, cHi-C and scHi-
C data. In addition to its assay-specific modules, users can
benefit from the external pre-processing software for qual-
ity control of raw data and mappers such as BWA-MEM
or Bowtie2 which are provided on the https://hicexplorer.
usegalaxy.eu web server as well as the computational re-
sources available. Moreover, for interactive Hi-C matrix
exploration we have recently integrated HiGlass (27) into
Galaxy. In the following, we briefly describe the new mod-
ules which have been added since our original publications
on HiCExplorer 1 (28) and 2 (29).

HiCExplorer

HiCExplorer provides a variety of tools for a complete Hi-
C data analysis, starting with tools to control the quality of

data to create, adjust, normalize and correct interaction ma-
trices. Furthermore, it provides tools for downstream anal-
ysis of Hi-C data such as identification of A/B compart-
ments, TADs, loops or the computation of short versus long
range contact ratios per chromosome. Finally, HiCExplorer
has many options available for data visualisation such as
plotting the interaction matrices, visualization of the de-
tected TADs with pyGenomeTracks or creating aggregated
contacts images. The workflow of Hi-C data analysis with
Galaxy HiCExplorer is shown in Figure 1A. MultiQC, as
shown in Figure 1A, supports HiCExplorer. If the structure
of the quality report is changed, an update for MultiQC is
necessary and the non-updated MultiQC might not work
with the most recent quality report version.

Pre-processing.

hicQuickQC. The creation of Hi-C interaction matrices,
as well as the investigation of the quality of the data after-
wards, may require a long processing time and is also re-
source intensive. To get a swift insight into the quality of
Hi-C data, hicQuickQC has been introduced. It computes
a quick summary of the Hi-C data quality using only a small
subset of reads. The computation time to create the quality
report with hicQuickQC for the first 1 million reads takes
<3 min. The quality report is equal to the quality report
of hicBuildMatrix and the only difference is that it is based
only on the first 1 million reads instead of the full dataset.

hicFindRestSites. Hi-C interaction matrices with fixed size
bins are not always the best representation of the data.
In fact, with a sufficient sequencing depth, bins of a re-
striction fragment size are a better alternative. To generate
such matrices, this tool generates a list of restriction sites
for user-defined enzymes. This list can be used as an input
to hicBuildMatrix to create restriction site resolution Hi-C
matrices.

hicConvertFormat. Support for external interaction ma-
trix data formats is missing in most Hi-C data analysis soft-
ware. This makes it difficult to compare matrices which have
been built with different software and to directly use them
for further analysis. Instead, the matrices need to be built
from scratch, which is time consuming and potentially error
prone. This tool supports loading matrices of cool, HiCEx-
plorers h5, Juicers hic, Homer and HiCPro format and can
convert them to cool, h5, Homer and ginteractions (30) for-
mat.

hicNormalize. Normalization is a crucial step to be able to
compare the interaction matrices obtained with a different
sequencing depth. For this purpose, hicNormalize supports
three normalization methods: (a) to the depth of the matrix
with the least read coverage, (b) to the value range of 0 to
1 and (c) to a user defined scaling factor. For details on the
normalization methods consult our Supplementary materi-
als.

hicCorrectMatrix. Correcting the Hi-C interaction ma-
trices is a necessary step to remove technical biases. In
addition to the iterative correction (ICE) algorithm from
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Figure 1. Analysis workflow for Hi-C (A), cHi-C (B) and scHi-C (C). All the workflows use the hicBuildMatrix to create the individual contact matrices.
Hi-C and cHi-C supports HiCExplorer’s h5 and cool interaction matrix file format; however, scHi-C pipeline creates one cool file per cell. These files can
then be merged into a single multi-cool (scool) matrix with scHicMergeToSCool.

Imakaev (31), HiCExplorer also offers the Knight-Ruiz cor-
rection (32), first used for Hi-C matrices by (9). The method
is more memory efficient, is faster than the ICE algorithm
and better suited for the analysis of high-resolution and
deep read coverage interaction matrices.

Analysis.

hicDetectLoops. Chromatin loops are long range chro-
matin interactions and present in Hi-C matrices as enriched
regions in comparison to their local neighborhood. De-
pending on the read coverage and the resolution of the Hi-
C interaction matrix, it is for instance possible to detect
enhancer–promoter interactions. Due to its sensitivity to
the read coverage it is recommended to run the loop detec-
tion on different resolutions and to merge them afterwards,
using hicMergeLoops, into one loop file. By merging, over-
lapping loops are pooled into one loop. In addition, the
tool hicValidateLocations can be used to confirm that the
detected loops are correlated with detected locations of a
protein of interest. For example, CTCF is known as a loop
binding factor in mammals (7,9) and should therefore be
present at many loop locations. Finally, the detected loops
can be visualised with hicPlotMatrix, see Figure 2A. For
details regarding the algorithm and benchmarks, consider
(33).

hicCompartmentalization. This tool supports the analysis
of interactions at the level of (active and inactive) compart-
ments. These two large chromosomal domains can be de-
fined through a principal component analysis (5) and are
provided in Galaxy HiCExplorer by the existing hicPCA
module. To visualize the difference in the interaction fre-
quencies within and between the different compartments, a
polarization plot can be generated using a method which
was first introduced by (6). See Figure 2D.

hicAverageRegions. The comparison of specific regions
between different samples can pose a challenge. One typical

use case could be the comparison between multiple detected
TADs on a wild type and a treatment sample. This tool
extracts Hi-C submatrices corresponding to the upstream
and downstream regions of reference anchors (e.g. a sub-
set of TAD boundaries, promoter regions or any predefined
positions of interest). It computes the average contacts of
these submatrices and uses them to detect the potential dif-
ferences of contact patterns located around these anchors,
see Supplementary materials. The average of collected sub-
matrices can be visualized with hicPlotAverageRegions, as
shown in Figure 2C.

hicPlotSVL. Comparing the ratio of short range interac-
tion to long range interaction between Hi-C matrices ob-
tained in various experimental conditions can guide the un-
derstanding of chromatin topology and its folding princi-
ples. To this end, this tool computes the ratio per chromo-
some and plots it per sample as a boxplot, as shown in
Figure 2B. For the mathematical details, please consult our
Supplementary material.

pyGenomeTracks. The visualization tool hicPlotTADs
which, was mentioned in the previous publication (29),
came to the attention of many of our users. However, there
was always some confusion as to whether or not it is for
Hi-C data only which was never the case. To solve this, hic-
PlotTADs was renamed to pyGenomeTracks and is inde-
pendently developed.

Capture Hi-C

The cHi-C modules of HiCExplorer are designed for
analysing Promoter cHi-C and HiChIP. HiCExplorer will
also accept data from other Capture Hi-C methods, includ-
ing ChiA-PET (34). if dedicated preprocessing steps were
performed to obtain compatible mapping data. Further-
more, it can be used to generate virtual 4C plots from Hi-
C data. As for Hi-C data, cHi-C interaction matrices are
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Figure 2. (A) Detected loops on GM12878 primary data from (9), computed by hicDetectLoops and visualised by hicPlotMatrix. (B) Short to long range
contact interaction ratios created by hicPlotSVL on GM12878 primary, IMR90 and HMEC data from (9). (C) Average regions of detected TADs from
hicFindTADs on GM12878 primary, chromosome 1; data from (9). (D) The level of compartments separation on GM12878 primary data from (9), computed
by hicCompartmentalization. (E) Quality control plot for FL-E13-5 and MB-E10-5 showing the sparsity distribution, data from (42). (F) Quality control
plot for single-cell Hi-C data by (36). It shows the read coverage per cell, cells with <100 000 reads are discarded. (G) Consensus matrix plot for single-cell
Hi-C data on 1 Mb resolution. Cells are dimension reduced by computing A/B compartments per cell and clustered with k-means. The consensus matrix
of a cluster is the average of all interaction matrices of the cluster members. Data from (36). (H) Single-cell Hi-C cluster profile, created after dimension
reduction by scHicClusterMinHash and spectral clustering on 1 Mb single-cell Hi-C data from (36). (I) Viewpoint of the gene MSTN on FL-E13-5 and
MB-E10-5 with mean background and p-values per relative distance via continuous negative binomial distributions, data from (42).

built with hicBuildMatrix. The regions of interest in these
protocols, such as the location of the promoters in cHi-C
or the binding sites of the target protein for HiChIP, are
referred to as reference points. In the case of HiChIP, ref-
erence points are either annotated with peak calling tools,
such as MACS2 (35) using either the HiChIP mapping file
or ChIP-seq data, or regions (e.g. promoters) are manually
selected. The region defined up- and downstream of a refer-
ence point is referred to as a viewpoint. Figure 2I illustrates
all the up- and downstream distances within a viewpoint by
their relative distance to a specific reference point. A back-
ground model is created which takes interactions per rela-
tive distance from all viewpoints into account. It is in the
downstream analysis used to detect higher interactions as
expected for a relative distance. These interactions are po-
tentially different between a treatment and a control sample
and therefore can be used for a differential test. The cHi-C
workflow of Galaxy HiCExplorer is shown in Figure 1B.
Please consult our Supplementary material concerning de-
tails of the presented cHi-C methods.

Pre-processing.

chicQualityControl. This module is designed to investi-
gate the quality of every single viewpoint, taking the spar-
sity of the interaction counts into account. A viewpoint will
be removed if the sparsity of the data at this viewpoint is
lower than a given threshold. To help users in setting an ap-
propriate threshold, the tool generates several quality plots
from which one is presented in Figure 2E.

chicViewpointBackground. The background model per
relative distance is computed by taking all interaction

counts of a relative distance over all viewpoints and samples
into account. Based on this model, interactions with higher
counts than an expected count will be identified during the
downstream analysis.

Analysis.

chicViewpoint. This tool extracts the interaction counts of
each viewpoint from the interaction matrix, associates ad-
ditional information and writes the viewpoint data to a file.
Based on the background model, a P-value for each inter-
action count is computed. The P-value is an indicator if a
specific count at a relative distance is in an expected range
or higher.

chicSignificantInteractions. Using the P-values of a view-
point, this tool decides via a threshold if an interaction at a
relative distance is significant.

chicAggregateStatistic. The differential testing investi-
gates if solitary interactions of two viewpoints have a dif-
ferent interaction frequency. These solitary interactions are
either provided by a predefined target file or detected with
chicSignificantInteractions. This tool aggregates the pro-
vided interactions from two viewpoints and prepares them
as input for chicDifferentialTest.

chicDifferentialTest. The differential testing examines one
solitary interaction between two viewpoints, under consid-
eration of the interaction frequency at the reference points.
As a differential test either chi2-test or Fisher’s test can
be used under the null hypothesis that the interaction fre-
quency is equal.
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Visualization.

chicPlotViewpoint. To visualize one or several viewpoints,
chicPlotViewpoint has been introduced with the possibility
of adding a mean background signal and highlighting the
significant or differential interactions. Moreover, the com-
puted p-values can be added as an additional heatmap as
seen as in Figure 2I.

Single-cell Hi-C

Single-cell Hi-C explores how chromatin is being folded and
which elements contribute to its regulation on a single-cell
scale. While analyzing Hi-C data is computationally expen-
sive, this can increase drastically for scHi-C data. The rea-
son for this is the increase in the number of Hi-C inter-
action matrices that need to be analysed from one to sev-
eral thousand, with a corresponding increase in runtime
and memory. The read coverage of scHi-C data is currently
not high (36) and 1 megabase (Mb) resolution matrices are
used to avoid generating highly sparse matrices. However,
as sequencing costs decline, resolutions of 10 kb may be
achievable and the demand for dimension reduction tech-
niques, such as those presented here, will be indispensable.
With scHiCExplorer, a software suite is provided to process
single-cell Hi-C data offering tools for demultiplexing, ma-
trix handling, correction, dimension reduction, clustering
and visualisation. Figure 1C shows the workflow of single-
cell Hi-C data analysis with Galaxy HiCExplorer. scHiCEx-
plorer can be used for general processing of single-cell Hi-C
data as long as the forward and reverse strand for each cell
are provided as a BAM/SAM file. All pre-processing steps
like adapter and/or barcode trimming, demultiplexing and
mapping needs to be applied by third-party tools.

Pre-processing.

scHicDemultiplex. Raw FASTQ data from a single-cell ex-
periment usually contains reads from multiple cells which
are encoded with different barcodes. This tool supports de-
multiplexing of an interleaved FASTQ file into one FASTQ
file per cell. The demultiplexing is implemented to support
the method which has been introduced in Nagano (36) for
barcoding. Due to the lack of a standard method on how
to encode barcodes, presently, demultiplexing is limited to
FASTQ files with the same barcoding method as in (36).
Other demultiplexing tools are part of the general Galaxy
tool suite.

scHicMergeToSCool. Every single-cell interaction matrix
can be created with hicBuildMatrix. scHicMergeToSCool
can merge individual matrices into a joint matrix in multi-
cool format (24), which will be used in all subsequent down-
stream analysis and visualization tools. While using the API
of cooler, the data is not stored with multiple resolutions as
it is defined by (24). The cool file is used as a container for-
mat for the individual cool files of the Hi-C matrices. For
this reason, the format is referred to as scool.

scHicQualityControl. Since scHi-C data is a very sparse,
not all matrices have sufficient read coverage to be consid-
ered for the downstream analysis. Thus, the quality control

module removes interaction matrices of cells with total read
counts below a user-specified threshold (see Figure 2E) or
very sparse interaction matrices.

scHicCreateBulkMatrix. This tool supports to pool all
matrices stored in the scool file to one single Hi-C interac-
tion matrix and enables the analysis like in regular Hi-C.

Several modules of HiCExplorer are also required in
single-cell Hi-C data analysis. To provide an equal func-
tionality at the single cell level and to support the scool file
format, scHiCExplorer reuses these modules from HiCEx-
plorer. These are scHicNormalize, scHicCorrectMatrices,
scHicAdjustMatrix, scHicMergeMatrixBins and scHicInfo.
scHiCExplorer adds the functionality of handling the mul-
tiple matrices stored in the scool file and distributes the
computations over several threads.

Dimension and clustering reduction. Clustering cells is a
common approach to study the difference between them
and to learn about their relations from single cell data.
scHiCExplorer provides the k-means and spectral clustering
methods. K-means was used on scHi-C data by (36) or (26),
but the choice of a clustering algorithm is always dependent
on the data. For this reason, scHiCExplorer provides addi-
tional the spectral clustering and will continue adding stan-
dard clustering algorithms in the future. However, reducing
the dimensions of the underlying matrices is necessary to
be able to cluster cells in a reasonable amount of time and
to decrease the memory footprint; as shown in Supplemen-
tary Table S1. The usage of dimension reduction is also of-
ten necessary to achieve good results (37–39). The results
in the Supplementary Figures S1–S4 confirm this. The need
to reduce the dimensions becomes obvious when matrices of
higher resolutions are used. The combined raw data matrix
for a scHi-C dataset has a dimensionality of cells*features,
where features = bins*bins for one matrix. As an example,
mapping of the Nagano 2017 (36) data on the mouse mm9
genome and using it to make a 1 Mb resolution matrix, will
already return a matrix of 2500*7.3 million dimensions; this
number will increase to 2500*7.3 billion dimensions if the
resolution of the matrix increases to 10 kb.

scHicCluster. A principal component analysis (reducing
to samples*bins) or a k-nearest neighbors matrix (reducing
to samples*samples) can be chosen as the desired method to
reduce the dimensions of data. However, a clustering of the
raw data without applying any dimension reduction is also
supported.

scHicClusterMinHash. Clustering and dimension reduc-
tion techniques of scHicCluster usually work with low res-
olutions like 1 Mb but require a large amount of memory
(>1 TB) on matrices of higher resolutions such as 10 kb.
MinHash (40) is an approximate nearest neighbors method
which computes the k-nearest neighbors matrix via local
sensitive hash functions and reduces the number of dimen-
sions to samples*samples. MinHash’s approximate compu-
tation of the k-nearest neighbors makes it possible to pro-
cess 10 kb resolution scHi-C data. Our implementation runs
for just over one hour and needs 53GB of memory, for more
details consider (41).

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/article/48/W

1/W
177/5821269 by guest on 03 N

ovem
ber 2020



W182 Nucleic Acids Research, 2020, Vol. 48, Web Server issue

scHicClusterSVL. This dimension reduction method
computes the ratio of short range and long range contacts
per chromosome and reduces the dimensions of the matrix
to samples*chromosomes.

scHicClusterCompartments. This method computes the
A/B compartments of each cell and clusters cells based on
their compartments. It reduces the matrix dimensions to
samples*bins.

Visualization. Due to the high dimensionality of matrices
per cell ( bins*bins ), a satisfactory visual representation of
single-cell Hi-C data clustering is difficult to achieve. Tra-
ditional methods represent the data in a two dimensional
space; however, decreasing dimensionality from a few mil-
lion (e.g. a 1 Mb resolution matrix) or billion (e.g. a 10 kb
resolution matrix) to two dimensions will create a non-
meaningful representation. scHiCExplorer offers two alter-
native representations of cells’ clusters: Per cluster (a) a con-
sensus matrix of all cells is plotted or (b) each cell of a clus-
ter is visualized with its decreasing contact frequency by in-
creasing the distance from the main diagonal.

scHicConsensusMatrices. Using the results of the cluster-
ing, this tool merges all matrices of one cluster into a single
interaction matrix and normalizes the resulting consensus
matrices to the same read coverage. This matrix can be vi-
sualized as the consensus matrix of a cluster by scHicPlot-
ConsensusMatrices and reveals the clustering power in sep-
aration of the cells based on their chromatin density. See
Figure 2G.

scHicPlotClusterProfiles. A cluster profile shows the de-
crease of contact frequencies per cell from the main diago-
nal to 50 Mb distance from it. A good clustering is achieved
if the decreasing of contact frequency is similar for all cells
of a cluster and if the profiles of various clusters differ. Fig-
ure 2H shows the different cells grouped by clusters on the
x-axis and the decreasing contact frequency by an increas-
ing distance from the main diagonal on the y-axis.

IMPLEMENTATION

Galaxy HiCExplorer is implemented as a collection of
Galaxy tool wrappers and is available on the Galaxy Tool-
Shed. The Galaxy integration is provided for HiCExplorer
as well as scHiCExplorer. HiCExplorer and scHiCExplorer
are both implemented in Python 3.6 and are available on
Bioconda (16). The Knight-Ruiz correction and the Min-
Hash approximate k-nearest neighbors for the dimension
reduction are implemented in C++ and are also available
on Bioconda.

USING HICEXPLORER

Installation and usage

Galaxy HiCExplorer can be used as a web server and is ac-
cessible via https://hicexplorer.usegalaxy.eu. All presented
tools are publicly available and may be used without any
required registration. Unregistered users are provided with
11 GB storage space, while registered users are granted

250GB. Registered users have the opportunity to apply for
more storage. Users are strongly encouraged to use https:
//hicexplorer.usegalaxy.eu web server if high compute re-
sources are required. Galaxy HiCExplorer is GDPR com-
pliant; deleted datasets will be permanently removed within
14 days and the data of unregistered users is deleted after an
inactivity of 90 days.

TRAINING

To support researchers in their analysis of Hi-C, cHi-
C or scHi-C data, tutorials and a detailed documenta-
tion are available on https://hicexplorer.readthedocs.io and
https://schicexplorer.readthedocs.io. As presented in (29),
the guided tours for novice users of Galaxy as well as the
Galaxy HiCExplorer specific tutorial are available on the
Galaxy Training Network (43). The cHi-C tutorial uses Pro-
moter cHi-C example data to guide users through the com-
plete analysis workflow starting from building a cHi-C con-
tact matrix, creating a background model, detecting signif-
icant and differential interactions to a plotting of the view-
points. The tutorial of the single-cell data explains the bar-
coding, the mapping, creation and merging of scHi-C ma-
trices. Moreover it shows different clustering techniques in-
cluding the dimension reduction and the visual representa-
tion of the clustering.

DISCUSSION

The presented web server on https://hicexplorer.usegalaxy.
eu gives researchers the opportunity to focus on their
data analysis in a user friendly, reproducible and compu-
tationally powerful environment. With the deep integra-
tion of HiCExplorer into the Galaxy environment, users
are now able to combine their Hi-C, cHi-C (Promoter cHi-
C, HiChIP) or scHi-C data with their data from other
high-throughput assays like ChIP-Seq or RNA-Seq and run
multi-omics analyses, all within their web browser. Galaxy
HiCExplorer is suited for both experts and newcomers to
the Hi-C field, thanks to the provided tutorials that give
all users a clear introduction on how to use HiCExplorer
for their data analyses. Moreover, the tools recently added
to HiCExplorer offer the possibility to resolve the dynamic
chromatin topology inherent to different cell types provided
by scHi-C. The automated management of a large number
of cells in the scHi-C pipeline will help researchers to de-
cipher the principles of chromatin folding in the context of
cell cycle and cell type specificity. Moreover, the new tools
of Galaxy HiCExplorer are able to analyse precise interac-
tions between regulatory regions and their target genes as-
sisted by cHi-C techniques. This expansion of Galaxy HiC-
Explorer allows for a better understanding of how 3D struc-
ture of a genome may affect an organism’s phenotype.
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Wang,S., Kanduri,C., Lezcano,M., Sandhu,K. S., Singh,U. et al.
(2006) Circular chromosome conformation capture (4C) uncovers
extensive networks of epigenetically regulated intra-and
interchromosomal interactions. Nat. Genet., 38, 1341.

4. Dostie,J., Richmond,T.A., Arnaout,R.A., Selzer,R.R., Lee,W.L.,
Honan,T.A., Rubio,E.D., Krumm,A., Lamb,J., Nusbaum,C. et al.
(2006) Chromosome Conformation Capture Carbon Copy (5C): a
massively parallel solution for mapping interactions between genomic
elements. Genome Res., 16, 1299–1309.

5. Lieberman-Aiden,E., Van Berkum,N.L., Williams,L., Imakaev,M.,
Ragoczy,T., Telling,A., Amit,I., Lajoie,B.R., Sabo,P.J.,
Dorschner,M.O. et al. (2009) Comprehensive mapping of long-range
interactions reveals folding principles of the human genome. Science,
326, 289–293.

6. Schwarzer,W., Abdennur,N., Goloborodko,A., Pekowska,A.,
Fudenberg,G., Loe-Mie,Y., Fonseca,N.A., Huber,W., Haering,C.H.,
Mirny,L. et al. (2017) Two independent modes of chromatin
organization revealed by cohesin removal. Nature, 551, 51.

7. Dixon,J.R., Selvaraj,S., Yue,F., Kim,A., Li,Y., Shen,Y., Hu,M.,
Liu,J.S. and Ren,B. (2012) Topological domains in mammalian
genomes identified by analysis of chromatin interactions. Nature, 485,
376–380.

8. Nora,E.P., Lajoie,B.R., Schulz,E.G., Giorgetti,L., Okamoto,I.,
Servant,N., Piolot,T., Van Berkum,N.L., Meisig,J., Sedat,J. et al.
(2012) Spatial partitioning of the regulatory landscape of the
X-inactivation centre. Nature, 485, 381–385.

9. Rao,S. S.P., Huntley,M.H., Durand,N.C. and Stamenova,E.K. (2014)
A 3D map of the human genome at kilobase resolution reveals
principles of chromatin looping. Cell, 159, 1665–1680.

10. Dryden,N.H., Broome,L.R., Dudbridge,F., Johnson,N., Orr,N.,
Schoenfelder,S., Nagano,T., Andrews,S., Wingett,S., Kozarewa,I.
et al. (2014) Unbiased analysis of potential targets of breast cancer
susceptibility loci by Capture Hi-C. Genome Res., 24, 1854–1868.

11. Mumbach,M.R., Rubin,A.J., Flynn,R.A., Dai,C., Khavari,P.A.,
Greenleaf,W.J. and Chang,H.Y. (2016) HiChIP: efficient and sensitive
analysis of protein-directed genome architecture. Nat. Methods, 13,
919.

12. Nagano,T., Lubling,Y., Stevens,T.J., Schoenfelder,S., Yaffe,E.,
Dean,W., Laue,E.D., Tanay,A. and Fraser,P. (2013) Single-cell Hi-C
reveals cell-to-cell variability in chromosome structure. Nature, 502,
59.

13. McCord,R.P., Kaplan,N. and Giorgetti,L. (2020) Chromosome
conformation capture and beyond: toward an integrative view of
chromosome structure and function. Mol. Cell, 77, 688–708.

14. Kempfer,R. and Pombo,A. (2019) Methods for mapping 3D
chromosome architecture. Nat. Rev. Genet. 21, 207–226.

15. Bonev,B. and Cavalli,G. (2016) Organization and function of the 3D
genome. Nat. Rev. Genet., 17, 661.
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