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General remark from the authors

We thank the reviewers for their comments and suggestions that helped us to improve
the presented manuscript. We rewrote parts of the manuscript to make the scope of
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the publication and the used techniques more clear.

Detailed reply to the reviewers comments

Reviewer #1: Wolff et al. present the python version of HiCExplorer for loop detection.
The algorithm is included in the Galaxy HiCExplorer webserver (Wolff et al. 2020),
although the publication about the webserver did not describe the algorithm in detail.
HiCExplorer uses the same donut approach as HiCCUPS (Rao et al. 2014) with a few
notable differences.  HiCExplorer selects candidate peaks based on the significance of
the distance-corrected observed/expected ratio using a negative binomial model, and
compares the peak's enrichment to its neighbourhood's using a Wilcoxon rank-sum
test.

The method is appropriate for chromatin loop identification and it performs similarly to
existing methods both in terms of computational requirements and specificity of the
detected loops. However, the manuscript in its current format does not describe the
method adequately, and the comparison with the other methods is limited and
inconsistent. It would be good to describe each step of the
method (filtering based on distance, candidate selection based on negative binomial
test, additional filtering options, local enrichment testing using different neighbourhoods
in a Wilcoxon rank-sum test).

Reviewer #1:
The graphical representation currently included for the algorithm is not informative for
most of these steps.
Answer:
We changed the graphic to help the reader to better understand the graphic. However,
the graphical description is only complete under consideration of the caption and
friendly ask reviewer #1 to please consider this in their reasoning.

Reviewer #1:
For the scientific community, it would be more informative if this method's performance
would be further analyzed. Even though it is mentioned that the loop detection greatly
depends on the initial parameters, the results do not show how the parameters
influence it.
Answer:
We showed the impact of the parameters in the section ‘HiCExplorer candidate
selection’ and extended it.

Reviewer #1:
The comparison of HiCExplorer with other existing methods is inconsistent. Finally, the
text would need heavy editing for language,  clarity and minor spelling mistakes.

Answer:
Reviewer #1 lacks explaining to us why in their view the comparison to other methods
is inconsistent. If such a claim is made, and no specific comment for this is listed in the
‘specific comments’ section, it is very hard for us to improve the paper at this point. We
request clarification from reviewer #1 about this comment.

Reviewer #1:
Specific comments:
The background does not clearly lay out the motivation behind designing this
algorithm. There are similar existing methods that are fast.  Why is it expected to detect
chromatin loops better?

Answer:
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HiCCUPS (and its reimplementation in cooltools) uses the Poisson distribution which is
a discrete distribution. Hi-C data is discrete data, but the commonly preferred way to
analyze Hi-C data is not to work on raw, but on corrected data. The correction of the
data with e.g. ICE or KR transforms the discrete data to continuous, making the
Poisson distribution not usable. HiCCUPS solves this by reverting the correction and
by operating on the raw data. We think this is not appropriated and it is better to use a
distribution that can handle the Hi-C data independent of the case it is discrete or
continuous which we presented with the continuous negative binomial distribution. It
behaves like the binomial distribution in case the Hi-C data is uncorrected and discrete.

The factorial factor of a Poisson distribution could have been also been replaced by a
gamma function to make it continuous, however, count data tends to overdispersion.
The Poisson distribution assumes the variance and expected value are equal, the
Negative Binomial distribution allows different values. We added a figure in the
supplements to show we have overdispersion in the raw data and therefore the
continuous negative binomial distribution is the theoretically better choice.

Besides the mathematical arguments, the original goal to design this algorithm was
that at the time the development started (late spring 2018), no tool supporting the
detection of loop data with the from us preferred ‘cooler’ file format was existing, the
well-known HiCCUPS algorithm was available only as a GPU version and searched
the full genome; while in the study from the authors (Rao 2014) they wrote that 98% of
the loops are in a 2 MB distance range. However, the algorithm was added to
HiCExplorer in spring 2019, but HiCCUPS added an experimental CPU support (which
is experimental until today) and other tools supporting the cooler format (cooltools,
chromosight) were published too. Today, the loop detection of HiCExplore is ‘yet
another one’; however, we think for completeness and citation reasons, the details of
this algorithm should be published in a peer-reviewed journal.
Moreover, the presented algorithm is faster than cooltools e.g. Gm12878 and 2 MB
distance ( 1:11 min vs 12:13 min) and requires less memory (2.7 GB vs 20 GB); faster
than chromosight (1:11 min vs 3:23) and requires significantly less memory (2.7 GB vs
38.6 GB). HiCCUPS using the CPU version and the 8 MB restriction is faster on
GM12878 (4:25 vs 2:41) but needs more memory (6.7 GB vs 27.7 GB). On all other
datasets, HiCExplorer restricted to 8 Mb is faster and requires less memory.
Concerning the accuracy: Chromosight detects too many loops and is too unspecific,
hiccups and cooltools have similar results to HiCExplorer.
HiCCUPS in the GPU version is the fastest one, however, it also needs significantly
more memory. The loop detection of HiCExplorer can run on any notebook, while all
other tools need high memory requirements which are not available in regular
notebooks or desktop computers or need an Nvidia GPU supporting CUDA. Also, GPU
access is not that common, and also sometimes difficult to get in cluster environments.
Last, HiCCUPS is only available with the ‘.hic’ file format, and export of cooler to hic is
not possible. I asked the authors of Juicer if they provide anything, but I got no answer
(https://groups.google.com/g/3d-genomics/c/jCSQk4oEl5w/m/gqyJD0FOBwAJ). To
rebuild the Hi-C matrices from scratch just for Juicer’s HiCCUPS algorithm (and similar
for Homer text file based solution) is not only time consuming but can add potential
errors if different Hi-C matrix build tools classify some reads in another way (e.g. if it is
a dangling end or similar Hi-C errors).

Reviewer #1:
This is not a 3D genomics specialized journal, therefore the text should introduce Hi-C
and its challenges clearly. For example, the notion that genome properties and
ligations affect Hi-C data analysis is mentioned in the methods section without further
elaboration. It would be hard for readers to understand why authors are normalizing for
ligation events in their algorithm.
Answer:
We specified this better. We want to accentuate that the different expected value
computation methods are offered, and it is the choice of the user the select one which
they think fits best to the data. Our investigation shows the mean is the best way to
compute it, however, we do not arrogate what is the best decision for an individual
dataset and offer therefore all three methods.

Reviewer #1:
The background introduces a few methods that are not aimed at detecting chromatin
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loops (e.g. GOTHiC) or not designed for Hi-C (e.g. cLoops) and are also not used in
the comparison.  It would be more useful to describe the algorithms of those methods
that are comparable to Hi-C explorer in terms of their goal and design.
Answer:
Reviewer #1 states one comment above this one, that this journal is not a 3D genomic
specialized one and therefore more explanation should be added. We think the way we
describe additional algorithms which are for the inexperienced reader very similar to
what we present, is necessary for the reader to understand why these algorithms are
not considered. Moreover, we describe algorithms the algorithms which are part of the
comparison.

Reviewer #1:
Figure 1, which represents the steps of the algorithm, does not make it clear what
happens at each step, some of arrows seem to point to random pixels, e.g. in panel C.
Answer:
The arrows in figure 1C do not point to random pixels, they point to the genomic
distances, and these are given in the matrix by the diagonals. The caption describes
it:’Fit cNB distribution per relative distance.’ If reviewer #1 thinks the graphic irritates
more than it helps, we can remove it and rely only on the textual description of the
algorithm instead of a graphical one. However, the graphical description of the
algorithm is only complete under the consideration of the caption, which reviewer #1
obviously did not consider.

Reviewer #1:
More elaboration on the use of the three different expected value calculation methods
would be needed. Which one is more appropriate for a mammalian vs. an insect Hi-C
does it depend on the genome size, the sequencing depth or the sparsity of the data?
Answer:
We extended the section ‘HiCExplorer candidate selection’ to address this comment.

Reviewer #1:
The negative binomial distribution does model well the read counts in most high-
throughput sequencing experiments, but the rationale given for choosing it is not
appropriate.
Answer:
We added an additional explanation and an overdispersion test with the Poisson
distribution to show why we use it. However, reviewer #1 writes the whole time in their
critics of a ‘negative binomial’ distribution. This is wrong and is one major aspect of our
proposed algorithm. We use a continuous negative binomial distribution and not a
discrete negative binomial distribution. This was explained in the manuscript and
implicates, in combination with Hi-C correction like ICE or KR, already the rationale of
choosing it. We encourage reviewer #1 to consider this major difference especially in
comparison to HiCCUPS and their ignoring of the correction factors.

Reviewer #1:
Also, citing a stackexchange discussion for the methods is not suitable.
The numbers in most tables could be better appreciated if they were represented in a
figure.
Answer:

We are aware that a citation of stackexchange is not optimal; we contacted the author
of the post, Prof. Gordon Smyth from WEHI and he wrote that we should cite:

McCarthy, DJ, Chen, Y, Smyth, GK (2012). Differential expression analysis of
multifactor RNA-Seq experiments with respect to biological variation. Nucleic Acids
Research 40, 4288-4297.

We had the citation already in the manuscript and removed the reference to
stackexchange. We do not want to claim the replacement of the binomial coefficient
with the gamma function is our work, therefore we leave it to the editor to decide if we
shall cite it or if the solution as proposed by Prof. Smyth is the appropriate way.
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Reviewer #1:
What was the reason to increase the distance only to 8Mb instead of using the full
genome as comparison, especially given that some of the compared methods only
work on the full genome?
Answer:

The authors of HiCCUPS write in their own study (Rao 2014) that 98% of all loops are
detected within the range of 2 MB. However, their GPU tool ignored this for quite some
time and computed it on the full genome. With a newer version, an experimental
labeled CPU version with the 8 MB restriction was published and the GPU version got
the restriction as an option too. HiCCUPS does not allow to use any other distance
than these 8 Mb, and for this reason, we compared the results to 8 Mb. Our tool is able
to compute the loops within every distance the user is defining it.
Moreover, we stated already in the text why we do not investigate the full
chromosomes in detail:

‘If the restriction of the genomic distance between two loci is removed for HiCExplorer
and all intra-chromosomal contacts are considered, the number of candidates to be
tested increases by a factor of 10, but the number of accepted peaks increased only
minor.’

Reviewer #1:
The bottom left neighbourhood in HiCCUPS is assessed, because they only use the
upper triangle in the Hi-C matrix, and the bottom left neighbourhood represents the
shorter interactions. In Figure 2, the detected interactions are indicated on the bottom
triangle , which is counterintuitive.
Answer:
We do not think that computational details (upper triangle in the computation) and the
visualization of data in the lower triangle confuse the readers. However, visualization in
the bottom triangle is quite common, for example:
HiCCUPS, Rao 2014, Figure 3  https://www.cell.com/fulltext/S0092-8674(14)01497-4
Chromosight , Matthey-Doret 2020, Figure 2 https://www.nature.com/articles/s41467-
020-19562-7

Reviewer #1:
Fig 2A is showing the same data as Fig 2A in the Galaxy HiCExplorer publication
(Wolff et al 2020), but the detected loops indicated are different. What is the reason for
that?
Answer:
The algorithm used in the Galaxy HiCExplorer 3 publication was based on HiCExplorer
3.2; with HiCExplorer 3.5 we changed the loop detection algorithm to its current form.
For this reason, the detect loops differ. We changed the algorithm because we were
not happy with the performance in terms of accuracy of the detect loops and also on
the utilization of the threading of modern CPUs. For comparison of the algorithmic
differences, please compare the manuscript to the bioRxiv publication of the loop
detection.

Reviewer #1:
The difference between the proportion of CTCF-bound loops for the different methods
is probably not significant. It should be tested.

Answer:

We have stated the proportion of the CTCF for each of the different methods. We think
this was not recognized by reviewer #1 or we hereby ask for clarification of their
comment.

Reviewer #2: This paper provided a loop detection method using continuous negative
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binomial function combined with donut approach. To test the performance of this
method, the authors used in-situ Hi-C data by Rao 2014 in GM12878, K562, IMR90,
HUVEC, KBM7, NHEK and HMEC cell lines. This method showed comparable results
with HiCCUPS and cooltools and better outputs than HOMER and chromosight. The
significant advantage is the utilization of modern computational resources. The
following are my comments:

Reviewer #2:
1. The author claimed the advantages in utilizing computational resources. The authors
need to clarify how their algorithm contributes to this advantage.

Answer:
We did this in the ‘comparison to competitors section’:

“For this reason, HiCExplorers’ hicDetectLoop does support the parallelization by not
only the chromosomes but also an intra-chromosomal parallelization.”

We extended the explanation a bit. Also, the lower memory usage is clearly described
in the text and in the tables.

Reviewer #2:
2. It will be helpful for the users to know the performance of the software at various
sequencing depths, which can be achieved by down-sampling the high resolution
datasets.
Answer:

We compare in the submitted manuscript different cell types which have all different
sequencing depths for exactly this reason and this was already discussed in the
section ‘HiCExplorer candidate selection’, starting at “For other cell lines published by
Rao 2014“; please also consider Supplementary Table 7 where the different read
coverages are listed.

Reviewer #2:
3. The authors need to compare (or at least discuss) Fit-Hi-C and Peakchachu. A table
showing the strength and limitation of each method will be helpful.
Answer:
We think reviewer #2 means the tool ‘Peakachu’ (https://github.com/tariks/peakachu)
and not ‘Peakchachu’. The last one did not show any results on Google.

Fit-Hi-C is a method to detect significant Hi-C contacts. In our understanding this is
very similar to GOTHiC. However, we gave it a try and on a Gm12878 10kb dataset, it
detected significant contacts in the 100,000-ends. With an additional filter step loops
can be detected. However, these detected loops have a low correlation to CTCF,
overall the tool is not good in detecting enriched regions.

Peakachu: There is a large difference in the results that the authors present in their
publication (https://www.nature.com/articles/s41467-020-17239-9) and the results we
have, especially the comparison to HiCCUPS. One explanation is the provided trained
model of Peakachu. We think the results of the detection rate and the correlation of the
loop with orthogonal data show the provided model does not generalize well. Even
more, a reason could be the approach the authors of Peakachu used in their
publication: Instead of letting Fit-Hi-C and HiCCUPS compute their loops and compare
detected loop locations with each other, they took all ‘candidate’ locations of the two
algorithms and used their own ‘merging’ algorithm to filter out the loop locations. We
think this is methodically critical, and are irritated why this has been accepted by the
reviewers. Instead of a full comparison of the algorithms, only the first detection was
from Fit-Hi-C and HiCCUPS, but the second one was from the authors of Peakachu.
(Section ‘Methods’ of the Peakachu publication, ‘Loop detection with HiCCUPS and Fit-
HiC’: ‘To make a fair comparison with Peakachu and HiCCUPS on the 100% matrix,
we sorted the detected interactions by p-values and performed the same pooling
algorithm used by Peakachu’)

Based on the performance of Fit-HiC and Peakachu on the Gm12878 dataset we
decided to not test them on the other cell types in detail.
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Reviewer #2:
To be honest, I don't think any method is clearly better than the other. They are just
different approaches.
Answer: We agree with this viewpoint on the algorithms and therefore we present our
manuscript in GigaScience as a Technical Note. To quote the criteria of the journal:

“The tool or method needs to have been tested, and properly compared to any existing
tools or methods used by the community.  It does not necessarily have to outperform
existing approaches, but it should show innovation in the approach, implementation, or
have added benefits that have been needed in this arena.”
https://academic.oup.com/gigascience/pages/technical_note

We think to fulfill these requirements. HiCCUPS and cooltools ignore the correction
factors and uses a discrete distribution assumption and ignore the overdispersion in
the data. By choosing a more appropriate model that is also able to work with
continuous data, the continuous negative binomial distribution provides a mathematical
better model for Hi-C loop detection. Moreover, we provide a CPU-based software
enabling many researchers without access to Nvidia GPUs to perform our software.
Also, HiCExplorer does not require training with additional and orthogonal data like
‘Peakachu’ which might be not available. We could also show how strong the
dependency on a good trained model for Peakachu is. HiCExplorer outperforms
Homer, Fit Hi-C and Peakachu by a large amount, time, memory, and accuracy wise.

Reviewer #2:
4. It is better to use other types of orthogonal data like HiChIP, ChIA-PET to evaluate
the loops called by these methods. There are H3K27ac HiChIP, SMC1 HiChIP, CTCF
ChIA-PET and RAD21 ChIA-PET data in GM12878.
Answer:
We added another table to the Supplementary Material comparing to the listed data for
Gm12878 only. The accuracy scores confirm our claims of the CTCF ChIP-Seq data of
the submitted manuscript.

Reviewer #2:
5. Just a minor suggestion. There are a lot of tables in the manuscript, which makes it
hard for the readers to compare. It might be better to use figures instead.

Answer:
We added a few graphics to replace some tables. Other tables have been moved to
the Supplementary Material.

Additional Information:

Question Response

Are you submitting this manuscript to a
special series or article collection?

No

Experimental design and statistics

Full details of the experimental design and
statistical methods used should be given
in the Methods section, as detailed in our
Minimum Standards Reporting Checklist.
Information essential to interpreting the
data presented should be made available
in the figure legends.

Have you included all the information

Yes
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requested in your manuscript?

Resources

A description of all resources used,
including antibodies, cell lines, animals
and software tools, with enough
information to allow them to be uniquely
identified, should be included in the
Methods section. Authors are strongly
encouraged to cite Research Resource
Identifiers (RRIDs) for antibodies, model
organisms and tools, where possible.

Have you included the information
requested as detailed in our Minimum
Standards Reporting Checklist?

Yes

Availability of data and materials

All datasets and code on which the
conclusions of the paper rely must be
either included in your submission or
deposited in publicly available repositories
(where available and ethically
appropriate), referencing such data using
a unique identifier in the references and in
the “Availability of Data and Materials”
section of your manuscript.

Have you have met the above
requirement as detailed in our Minimum
Standards Reporting Checklist?

Yes
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Abstract
Background: Chromatin loops are an essential factor in the structural organization of the genome. The detection of
chromatin loops in Hi-C interaction matrices is a challenging and compute-intensive task. The presented approach
shows a chromatin loop detection algorithm that applies a strict candidate selection based on continuous negative
binomial distributions and performs a Wilcoxon rank-sum test to detect enriched Hi-C interactions. Results:
HiCExplorer’s loop detection has a high detection rate and accuracy. It is the fastest available CPU implementation and
utilizes all threads offered by modern multi-core platforms. Conclusions: HiCExplorers method to detect loops by using
a continuous negative binomial function combined with the donut approach from HiCCUPS leads to reliable and fast
computation of loops. All investigated loop-calling algorithms provide a differing number of detect loops and intersect in
the best cases by ∼ 50%. The tested in-situ Hi-C data contains a large amount of noise; more similar results in loop
calling requires cleaner Hi-C data and, therefore, improvements in the data creation.
Key words: Hi-C, Hi-C loop detection, DNA loops

Introduction

Chromosome conformation capture (3C) [1] and its successors
4C [2, 3], 5C [4] and Hi-C [5] are protocols to study the three
dimensional structure of a genome. With Hi-C data, a genome-
wide interaction map of the chromatin can be created, and chro-
matin loops can be inferred. Chromatin loops reflect the inter-
action of promoters and enhancers, gene loops, architectural
loops, or polycomb-mediated regions [6] and can be detected
as enriched regions in comparison to their neighborhood. By
identifying these regions, it can be shown that there are long-
range regulations that impact, e.g., the directionality of RNA
synthesis [7], or the long-distance between cis-regulatory el-
ements [6] that can not be explained and shown otherwise.
Based on Rao [8], the genomic distance between two loci is
usually limited to ∼ 2 megabases (Mb).
There are many algorithms that can detect loops: HiCCUPS uses
a donut algorithm, which considers all elements of a Hi-C inter-
action matrix as peaks and tests if the region around them is
significantly different from the neighboring interactions. HiC-

CUPS is part of the software Juicer1, and the implementation
requires a general-purpose GPU (GPGPU), which imposes a bar-
rier for users not having access to Nvidia GPUs. However, an ex-
perimental CPU-based implementation was released too. The
balancing of Hi-C matrices with algorithms like ICE [9] or KR
[10] are widely used in Hi-C data analysis, but the loop de-
tection algorithm of HiCCUPS breaks with it. HiCCUPS uses
a Poisson model to detect regions of interest, which is a dis-
tribution for discrete data. After balancing a Hi-C interaction
matrix, the data is not discrete but continuous. To be able to
work with the Poisson distribution, the balancing of the values
is reverted. To revert the data, and therefore, to fit the data to a
distribution based on any assumption instead of fitting on the
most probable one is a wrong approach. Moreover, the Poisson
distribution on the raw Hi-C data tends to have an overdisper-
sion, making it questionable if Poisson is the correct choice.
HOMER [11] creates a relative contact matrix per chromosome
and scans these for locally dense regions. HOMER does not

1 https://github.com/aidenlab/juicer

Compiled on: June 23, 2021.
Draft manuscript prepared by the author.

1

Manuscript Click here to access/download;Manuscript;manuscript.pdf

https://www.editorialmanager.com/giga/download.aspx?id=116246&guid=62324a75-468b-481c-b9f7-835da7b6e94c&scheme=1
https://www.editorialmanager.com/giga/download.aspx?id=116246&guid=62324a75-468b-481c-b9f7-835da7b6e94c&scheme=1


2 | GigaScience, XXXX, Vol. 00, No. 0

support standard file formats for Hi-C matrices like cool [12],
which imposes the need to create all data from scratch, which
is time-consuming and is a potential source of errors and in-
accuracies. Chromosight [13] detects loops based on a pattern-
matching algorithm. Cooltools2 uses a reimplementation of
the HiCCUPS algorithm; Fit-Hi-C [14] detects significant Hi-C
contacts and provides a merging algorithm to detect DNA loops.
Peakachu [15] uses a random forest approach trained on CTCF
or H3K27ac data. Chromosight, cooltools, Peakachu and HiC-
Explorer support the cooler file format. HOMER, Fit-Hi-C, and
Peakachu are single-core that eliminates the opportunities of
using parallelization techniques to improve runtime. GOTHIC
[16] models the probability of two genomic locations to inter-
act with each other as a mix of different biases and the chance
of random interactions. The problem is that GOTHIC detects a
large number of significant interactions but cannot detect only
the enriched regions concerning their neighborhood. It is a
good tool to detect significant interactions in a Hi-C interaction
matrix, but it is not suitable for the specific task of chromatin
loop detection. cLoops [17] uses a DBSCAN based approach com-
bined with a local background to estimate the statistical signif-
icance of a loop. cLoops is mainly designed for HiChIP data and
not for Hi-C. With HiChIP, protein binding sites can be investi-
gated in their 3D context; however, similar to promoter capture
Hi-C, only the targeted regions are enriched. The consequence
of this is a Hi-C matrix with data only available at these en-
riched regions, and foreknowledge of potential loop locations
is required. FastHiC [18] is a loop detection algorithm based on
a hidden Markov random field Bayesian [19], which focuses on
intra topological associated domain (TAD) loops in a range of
40 kb and therefore not on chromatin loops outside of TADs.

Here we present an algorithm that can detect Hi-C loops.
Here, it is based on a continuous negative binomial distribu-
tion and is optimized for a high parallelization by assigning one
thread per chromosome and multiple threads within a chromo-
some. This approach makes full use of the resources available
in the last generation of multi-core CPU platforms.

Methods

According to Rao [8], most of the anchor points of detected
loops lie within a range of 2 Mb. This insight can be used
to decrease the search space in a biologically meaningful way
and also reduces the computational burden, maintaining a
low memory footprint at the same time. Moreover, inter-
action pairs with genomic distances which are too close to
each other and therefore quite close to the main diagonal al-
ready have high interaction counts. It is, in many cases, un-
likely that these pairs contribute enrichments in the context
of their neighborhood. The high interaction count can explain
this observation between two loci; they are closer in the one-
dimensional space and close to the main diagonal. Specialized
algorithms like FastHiC should be used to detect intra-TAD en-
richments. A general problem for Hi-C interactions with few
absolute counts is to determine if their interactions are true
interactions or noise. These artifacts cannot be corrected by
the used Hi-C interaction matrix correction algorithms like it-
erative correction and eigenvector decomposition (ICE) [9], or
Knight-Ruiz (KR) [10]. These algorithms perform a matrix bal-
ancing and correct for an uneven distribution of the interaction
counts per genomic position. The correction algorithms cannot
decide and therefore filter out if interactions are true interac-
tions or noise. All values below a given threshold are discarded,
and noise is removed to account for these known problems in

2 https://github.com/open2c/cooltools

the Hi-C interaction data.

Algorithm

A strict candidate selection is critical to reduce the computa-
tional complexity of the loop detection algorithm. A maximum
loop size can be defined to restrict the search space (Figure 1B)
to take the observation from Rao [8] into account. In Hi-C,
the primary data structure is the symmetrical n×n interaction
count matrix (ICM):

ICM =

ic00 · · · ic0n... · · ·

...
icn0 · · · icnn

 (1)

The relative genomic distance is given by:

d = |i – j| for ici,j (2)
And ici,j as an element of Hi-C interaction matrix ICM.
As a first step, the interaction matrix ICM is transferred to

an observed vs. expected matrix to normalize the differing in-
teraction heights per genomic distance. The observed/expected
matrix is named M∗. Each entry is defined as:

m∗
i,j = icmi,jexpd

(3)

Different methods are offered to adjust differences in sam-
ples introduced. Hi-C is, in comparison to techniques like
RNA-seq, a two-dimensional approach; all reads are chimeric.
Spatially close DNA fragments are fixated with formaldehyde,
digested, and ligated to create chimeric reads. These events
should, in theory, happen uniformly in the whole genome;
however, it might also depend on the sample and genome if
this is the case. Therefore, not only one but three ways to com-
pute the expected value are offered.

First, only non-zero contacts are considered:

exp_nonzerod =
∑ ici,j

|non – zero interactions d| (4)

Second, all contacts are considered:

exp_with_zerod =
∑ ici,j

|all interactions d| (5)

And third, similar to HOMER’s normalization, a correction
for different occurring ligation events is offered:

exp_ligationd = exp_nonzeroi,j ∗
∑(rowICM(i)) ∗∑(rowICM(j))∑(ICM) (6)

Candidate selection per genomic distance
To detect enriched Hi-C interactions, the observed/expected
normalized Hi-C data is fitted per genomic distance d indepen-
dently to a continuous negative binomial distribution (Figure
1C). Supplementary Figure 1 shows the value density distribu-
tion of different genomic distances and provides evidence for
the chosen distribution assumption. In genome analysis, nega-
tive binomial functions have shown potential, for example, by
DESeq2 [20]. The negative binomial function, and not the Pois-
son distribution, is used because the raw data of the genomic
distances of chromosome 1 of GM12878 cell line at 10 kb indi-
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cate overdispersion [21] in a majority of the distances (80.1%);
therefore, the negative binomial distribution with an additional
free parameter is the better choice (Supplementary Figure 2).

Xd ∼ cNBd(rd, pd) ∀d = |i – j| (7)
Gamma functions must replace the factorial in the binomial

coefficient as it is used by edgeR [22, 23] to make the discrete
negative binomial function continuous:

(k + r – 1
k

) = (k + r – 1)!
(k!) ∗ (k + r – 1 – k)! = (k + r – 1)!

(k!) ∗ (r – 1)! (8)

The gamma function is defined for any n ∈ N:

Γ(n) = (n – 1)! (9)
Moreover, the gamma function is defined for any n ∈ R>0:

Γ(n) =
∫∞
0 xn–1 ∗ e–xdx (10)

With Equation (9), the binomial coefficient can be reformu-
lated as:

(k + r – 1
k

) = Γ(k + r)
Γ(k + 1) ∗ Γ(r) (11)

Which leads to the probability mass function for a ’continu-
ous negative binomial distribution’ with ∀k ∈ R>0 and ∀r ∈ R>0:

f(k, r, p) = Γ(k + r)
Γ(k + 1) ∗ Γ(r)pk(1 – p)r (12)

The p-value of observing a specific observed vs. expected
value at the genomic distance d is given by the continuous neg-
ative binomial cumulative density function:

pvalue of m∗
i,j = P(x ≥ m∗

i,j) =
1 – CDFd(m∗

i,j) if m∗
i,j > 0.

1 if i = 0. (13)

Only the observed vs. expected values with p-values smaller
than an individual threshold per genomic distance are accepted
as candidates (Figure 1D and 1E); these candidates are further
filtered to remove candidates with too few absolute interac-
tions. To reduce the amount of data to fit, the user can re-
move observed vs. expected values lower a threshold before
the continuous negative binomial function is fitted. Moreover,
an option to remove candidates by their interaction height is
given too.
Loop peak detection
The entire neighborhood needs to be considered to detect en-
riched regions in a Hi-C interaction matrix. A neighborhood is
a square of size n with the candidate element in its center; see
Figure 1F. An enriched region needs to have an enriched interac-
tion count in relation to the elements in its neighborhood. The
neighborhood concept comes with a few issues: First, in one
neighborhood, there can be multiple candidates detected from
different, but next to each other located genomic distances.
Second, if a candidate is significant for its genomic distance, it
is not necessarily an enriched value for its neighborhood. Third,
a single enriched interaction in a neighborhood is possible but
is likely a false positive. Meaningful enriched interactions ap-
pear in groups and form a peak in the two-dimensional space,

as shown in Figure 1F. All candidates in one neighborhood are
pooled together to handle the first issue, only the candidate
with the highest observed vs. expected value for one neigh-
borhood is considered a representative of its neighborhood; all
others are removed. The neighborhood is split into a peak and a
background region to cover the second and third issues by con-
sidering the square around the candidate as the peak region and
the neighborhood’s remaining elements as the background, see
Figure 1G. The neighborhood is further divided into the vertical
region left and right from the peak, the horizontal region above
and below the peak, and the bottom left corner; this is a similar
approach to HiCCUPS [8]. The peak and neighborhood square
sizes are defined by their inradius values, peakWidth and win-
dowSize. All candidates which fulfill of the following condition
are rejected as a loop: mean(background) ≥ mean(peak). This
filtering step is necessary to address the candidate peak value
as a singular outlier within the neighborhood. Furthermore,
the Wilcoxon rank-sum test with H0 hypothesis background
and peak regions have the same distribution with significance
level p is used. The mentioned filter steps guarantee that only
neighborhoods with a centering peak value are considered.

Analyses

The algorithm was tested on various cell types published by Rao
2014 to verify the chromatin loop detection algorithm results:
GM12878, K562, IMR90, HUVEC, KBM7, NHEK, and HMEC.
First, the parameter setting for HiCExplorer is investigated,
and second, the detect loops of several algorithms are com-
pared. HiCExplorer’s implementation is tested against the HiC-
CUPS algorithm from the Juicer software, HOMER’s loop detec-
tion, chromosight, cooltools call-dots, Fit-Hi-C and Peakachu.
The algorithms of GOTHIC, cLoops, and FastHiC are not part of
the comparison due to the algorithms’ different focuses. The
detected chromatin loop locations are correlated with binned
protein peak locations of the 11-zinc finger protein CTCF cre-
ated by ChIP-Seq. CTCF is a known loop binding factor [8]
although not all peaks need to have CTCF attached [24], espe-
cially in the case of a gene or a polycomb-mediated loop [6].
An intersection of a detected chromatin loop region was ac-
cepted if at both loci CTCF was detected. CTCF was matched
to the GM12878, HMEC, HUVEC, K562, and NHEK cell sam-
ples; for IMR90 and KBM7, no CTCF from the same source is
provided. A downside of ChIP-Seq is the one-dimensionality.
Two-dimensional data for CTCF, H3K27ac, SMC1, and RAD21
created by HiChIP and ChIA-PET were tested for the GM12878
data set to investigate how one-dimensionality affects the re-
sults.

HiCExplorer parameters

The parameters of HiCExplorer do influence the results of the
algorithm. First, the threshold for the observed/expected val-
ues has the property that fewer loops are detected, the stricter
it is. A threshold of 0.5 results in 12331 loops, a threshold of
1 in 12008, but a threshold of 1.5 and 2 results in 9147 and
6099 detected loops, respectively. The stricter the threshold,
the more accurate the loops; however, the absolute number of
detected loops is lower. The p-value for the continuous neg-
ative binomial functions has the same effect, the stricter the
threshold, the fewer loops are detected, but they become more
accurate. The two difficult to choose parameters are the peak
window size and the neighborhood window size. The peak win-
dow size needs to be smaller, and the two values should not be
too similar. A peak window size of 4 and a neighborhood win-
dow size of 5 lead to 2380 loops, but if the peak window size



4 | GigaScience, XXXX, Vol. 00, No. 0

Peak 
region

neighborhood

A: Compute per chromosome
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F: Accept pixel with highest obs/exp 
value in the peak region, drop all others 

G: Test peak region (red) against horizontal (green), 
vertical (brown) and corner (orange) background

Figure 1. Graphical representation of the loop detection algorithm: A: Compute each chromosome independently. B: Accept an interaction if their relative distance
is within: 0 < relative distance < maxLoopSize. C: (Optional: Remove too low observed vs. expected value before fitting.) Fit cNB distribution per relative distance. D:
Compute a p-value for each interaction. E: Reject the candidate if the p-value is too high or the interaction value is too small. F: Define neighborhood around an
interaction. Accept as the candidate the one with the highest interaction. G: Apply testing of the peak region vs. vertical, horizontal, and bottom left neighborhood.
Reject candidate if: a) maximum or mean of peak region is smaller than the maximum or mean of the neighborhood or b) the p-value computed by Wilcoxon
rank-sum test comparing peak and neighborhood region is too high.
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Figure 2. Intersection of detected loops of HiCExplorer, HiCCUPS and either HOMER, chromosight, cooltools, Fit-Hi-C or Peakachu. HiCExplorer, HiCCUPS and
cooltools have the highest relative intersection, chromosight the most intersected loops but detects with six times more interaction many false positives. Homer,
Fit-Hi-C and Peakachu have only a minor intersection.

is reduced to 2, 9147 loops are detected. The same difference
also exists between the sizes, but a peak window size of 4 and
neighborhood size of 7, leads to a lower number of detected
loops, 7269, with an equal level of accuracy, 0.70 vs. 0.69.
The threshold for the peak region and the neighborhood test
has an expected effect on loop detection. The stricter it is set,
the fewer loops are detected, but the accuracy increases. The
different methods to compute the expected value do not con-
tribute to significant differences in the results. Supplemen-
tary Figure 3 and Supplementary Table 8 show the expected
value based on all interactions (Equation 4) has the best accu-
racy (CTCF ChIP-Seq 0.71; CTCF ChIA-PET 0.64), the expected
value based on the non-zero interactions (Equation 5) has the
highest number of detected loops (14144) and provides more
absolute correlated loop locations (CTCF ChIP-Seq 9352; CTCF
ChIA-PET 7808). Last, the correction for ligation events as pro-
posed by the HOMER (Equation 6) software shows the lowest
accuracy (CTCF ChIP-Seq 0.58; CTCF ChIA-PET 0.48). The re-
sults depend on the data: The fewer reads a Hi-C matrix has,
the sparser it is, and the fitted distributions are therefore more
biased towards zero. With this, interactions with a lower inter-
action count have a lower p-value and might be detected. How-
ever, excluding the zero contacts from the distribution can lead
to a bias in the other direction; interaction values that should
be detected have a too high p-value and are therefore excluded
from the computation.

For other cell lines published by Rao 2014, the situation is
comparable (Supplementary Table 6). These cell lines have a
different read coverage, ranging from 188 million to 1,800 mil-
lion (Supplementary Table 7). For all cell lines, the number of

detected candidates is of the same order of magnitude, which
indicates a robust candidate selection with the chosen contin-
uous negative binomial distributions. Another essential aspect
of reducing the search space is the observation that peaks in
Hi-C interaction matrices have a two-dimensional area and
not single elements. Peaks are only detectable in the context
of their local neighborhood, as the significance given by the
continuous negative binomial distributions is not enough. The
independent candidate selection per genomic distance leads to
multiple candidates per neighborhood, and consequently, only
the one with the highest observed/expected value can be con-
sidered the peak. The situation is different after testing the
peak region (Supplementary Table 1). The number of detected
loops differs between 3000 to 10,000 loops. The non-zero val-
ues and implicitly the read coverage per bin are considered to
explain this different detection behavior; the higher the read
coverage, the more regions are detected (see (Supplementary
Table 1, 6 and 7). The candidate selection approach via the
definition of a neighborhood makes the algorithm sensitive to
the Hi-C interaction matrix’s resolution. The lower the reso-
lution, the smaller the neighborhood needs to be. Otherwise,
the chances of having elements in the neighborhood, which
are peaks or TADs, or even the main diagonal, are too high. De-
creasing the size of the neighborhood creates, at the same time,
another issue: the neighborhood and, therefore, the number of
elements in the peak and background regions are becoming
too less. This leads to non-significant test results and to the
insight that the neighborhood size needs to be adjusted to the
bin resolution of the Hi-C matrix, and second, a neighborhood
should contain at least around 250 - 300 elements to produce
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Figure 3. Aggregated loop locations of detected loops on GM12878, 10 kb resolution for the different detection algorithms. Aggregation with HiCExplorer’s
hicAggregateContacts.
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(e) Peakachu
Figure 4. The plot of chr1 18 - 22 Mb on GM12878 and highlighted the detected loops from each software. HiCExplorer, HiCCUPS, and cooltools show similar
results. Chromosight detects many loops in noisy regions and lacks specificity. The four loops of Peakachu show a general issue of this algorithm: The first two
loops (18 Mb region) are in a region without enrichment, and the two others slightly miss the enriched interactions by a few kilobases. HOMER and Fit-Hi-C are
not detecting any loop in the area. Plot with HiCExplorer hicPlotMatrix.

valuable results.
Comparison to state of the art approaches

The number of detected enriched regions of HiCExplorer, HiC-
CUPS, HOMER, chromosight, cooltools, Fit-Hi-C and Peakachu
differs between the samples. The detection rate is on a com-
parable level (Supplementary Table 1), except for chromosight
and Peakachu. Chromosight detects significantly more loops
with a very low p-value; however, as the loops’ visualization
(Figure 4) indicates, most detect loops are in very noisy regions,
and it is questionable what chromosight exactly detects. The
detected loops are correlated with CTCF and cohesin factors
(Supplementary Table 2 and 5) to investigate the accuracy. The
detect loops of HiCExplorer are on a comparable level to HiC-
CUPS and cooltools; on GM12878, HiCExplorer detects a similar
amount of loops compared to HiCCUPS (8 Mb: 7298 vs. 7312)
but is more specific (8 Mb: 0.71 vs. 0.68), but for example on
HMEC HiCExplorer detect fewer loops (8 Mb: 3810 vs. 5350)
and is less specific (8 Mb: 0.66 vs. 0.7). Cooltools detect on
K562 fewer loops (8 Mb: 4081 vs. 3224) but is more specific (8
Mb: 0.69 vs. 0.71). The other tested cell lines HUVEC, HMEC,

and NHEK present similar behavior. The results of HOMER and
chromosight differ a lot in comparison to HiCExplorer, HiC-
CUPS, and cooltools. HOMER detects more absolute loops (ex-
cept for GM12878 and KBM7), but it has a low accuracy over all
cell lines. Chromosight detects from all testes approaches the
most loops and has the highest number of loops correlated to
CTCF. HiCExplorer, HiCCUPS, and cooltools can reach similar
detection rates if the p-value thresholds are increased; how-
ever, the specificity for significantly enriched regions would
be removed from the algorithms. Fit-Hi-C and Peakachu are
special cases in this context. Both algorithms have a very low
correlation rate to CTCF, Fit-Hi-C with 0.02 and Peakachu 0.17.
The used method with ChIP-Seq data is biased and not available
in a two-dimensional space. For this reason, we correlated the
GM12878 cell line data additional with CTCF and RAD21 created
with ChIA-PET and H3K27ac, and SMC1 created with HiChIP
(Supplementary Table 5). The indication of the accuracy from
the ChIP-Seq CTCF data is confirmed. HiCExplorer correlates
best with 0.64 to CTCF ChIA-PET, HiCCUPS 0.61, cooltools 0.54,
chromosight 0.11, HOMER 0.18, Fit-Hi-C 0.02 and Peakachu
0.05. RAD21 ChIA-PET correlates with HiCExplorer 0.25, HiC-
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CUPS 0.22, and cooltools 0.17; all other tools correlate less than
0.03. H3K27ac HiChIP data correlate well for HiCExplorer with
0.86, but HiCCUPS is with 0.92 better. Cooltools is with 0.88
also high, chromosight and HOMER have a high correlation
too (0.68; 0.74), but Fit-HiC and Peakachu have an inadequate
performance (0.29, 0.39). The situation is similar for SMC1
HiChIP: HiCExplorer, HiCCUPS, cooltools, and HOMER corre-
late in more than 90% of the detected loops, chromosight falls
back a bit with 0.77. Fit-Hi-C and Peakachu correlate with
0.34 and 0.5. It needs to be mentioned that the correlation
with ChIP-Seq, ChIA-PET, and HiChIP data can only indicate
the detected loops’ quality. The loop structures representing
gene or polycomb-mediated loops do not have CTCF at their
anchor points, and the correlation can only be as good as the
quality of the correlation data.

In comparison to HiCCUPS, HiCExplorer misses the 2% chro-
matin loops stated in Rao 2014 for genomic distances > 2
Mb, including inter-chromosomal enrichments. These inter-
chromosomal enrichments are not detectable by HiCExplorer
because each chromosome is computed independently. In
our testing, also, HiCCUPS was not able to detect non-inter-
chromosomal interactions. Recomputed results on GM12878
with HiCCUPS and three resolutions, 5 kb, 10 kb, and 25 kb,
17768 loops were detected, and 4910 have a distance greater
than 2 Mb; on 10 kb out of 12865 loops, 2968 have a greater
distance than 2 Mb. It is not entirely clear on which basis Rao
2014 states that only 2% of the loops are in a range greater
than 2 Mb. However, if the correlated loops are computed on
HiCCUPS data with all loops of distances greater than 2 Mb are
removed, 6205 instead of 6354 loops can be correlated with
CTCF. These findings support the restriction to a range of 2
Mb. Also, chromosight and cooltools show no significant dif-
ference in the number of detected and correlated loops between
2 Mb or 8 Mb of distance for most cells. If the restriction of the
genomic distance between two loci is removed for HiCExplorer
and all intra-chromosomal contacts are considered, the num-
ber of candidates to be tested increases by a factor of 10, but
the number of accepted peaks increased slightly.

The intersection of detected peaks of HiCExplorer, HiCCUPS,
HOMER, chromosight, cooltools, Fit-Hi-C and Peakachu is
quite different (Figure 2). HiCExplorer with a search distance
of 8 Mb shares ∼ 46% of its loops with HiCCUPS genome-wide
search and the restricted 8 Mb version on GM12878 cell line,
e.g., only ∼ 24% on HUVEC. HiCExplorer has the highest inter-
section of detect loops with chromosight, but chromosight also
provides the highest number of detect loops. The intersection
of detected loops with cooltools is similar to HiCCUPS; the num-
ber of intersecting loops with HOMER, Fit-Hi-C, and Peakachu
is the lowest. HiCCUPS and cooltools show the highest inter-
secting numbers, chromosight profits from the high detection
rate, while HOMER also has with HiCCUPS only a few hundred
intersecting loops. The intersection of Fit-Hi-C and Peakachu
with HiCExplorer and HiCCUPS is very low, and the results of
the Peakachu publication cannot be confirmed. For Peakachu,
we can assume this performance is directly connected to the
provided trained models and their bad generalization ability.
In the publication of Peakachu, the authors write they have
used a probability threshold for a pixel between 90% and 97%.
However, to detect a similar number of loops to have compara-
bility, we had to use a score of 68%. For Fit-Hi-C, the authors
of Peakachu have used a threshold of 10–5, while we used 0.01
to have a few thousand loops detected.

The accumulated contacts of all detected loop locations on
GM12878, displayed as a 3D plot in Figure 3, shows all algo-
rithms detect enriched regions, but the neighborhood struc-
ture is very different. HiCExplorer detects a sharp peak with
an enriched direct neighborhood; HiCCUPS and Fit-Hi-C have
a very sharp peak with almost no neighborhood signal. HOMER

and Chromosight detect broader peaks with a highly enriched
neighborhood; cooltools has a sharp peak and a neighborhood
structure that is slightly more enriched than HiCCUPS and
slightly less than HiCExplorer. Last, Peakachu detects a sharp
peak, has a neighborhood plateau on one side similar to the
other algorithms but on the other side a sharp cliff. The visu-
alizations indicate that a broad peak detection as HOMER and
Chromosight provide, or a very sharp peak with no neighbor-
hood signal, have a low correlation to CTCF based loops. The
visualization of Peakachu’s loop locations with the cliff can be
interpreted as locations with a TAD border. This can be ex-
plained in the context of a learned model based on CTCF loca-
tions because CTCF is present at loop locations and TAD bound-
aries.

The proposed peak detection algorithm was tested on mul-
tiple datasets with a 10 kb resolution and is the fastest ap-
proach of all CPU-based approaches if the 2 Mb search space
is considered. The HiCCUPS restricted mode on the GPU is
slightly faster, for example, 0:56 min to 0:39 on NHEK. On
the 8 Mb search distance range, HiCExplorer is also the fastest
approach, except for GM12878 cell lines where HiCCUPS in the
CPU-based version is faster. HiCExplorer is on GM12878 and
8 Mb search distance ∼ 44% faster than chromosight (4:25
min vs. 6:22 min) and uses only 6.7 GB memory while chro-
mosight consumes 39 GB. Moreover, HiCExplorer is two times
faster than cooltools if only the loop detection is considered;
if the necessary computation of expected values is added, it is
almost 3.5 times faster (Supplementary Table 7). Chromosight
is the fastest algorithm if only the divorced from the real world
single-core performance is measured (Supplementary Table 9
and 10). Modern CPUs support up to 64 cores / 128 threads, and
data analysis software should use the offered resources as well
as possible. For this reason, HiCExplorers’ hicDetectLoop does
support the parallelization by the chromosomes and an intra-
chromosomal parallelization. The structure of the data allows
this: each chromosome can be computed independently, and
each genomic distance normalization, distribution fitting, p-
value computation too. For example, using 23 threads to com-
pute each chromosome in parallel, and for each chromosome
thread, ten additional threads compute all intra-chromosomal
computations in parallel. This would lead to a usage of 230 par-
allel threads. Not all threads are used at the same time, there-
fore, a good utilization is achieved. However, modern CPUs
with core/thread counts of 64 / 128 can be fully utilized with
this approach. The two algorithms, Fit-Hi-C and Peakachu,
provide only a single core implementation. Their runtimes are
on the GM12878 data with 4:46 hours and 7:03 hours by far
the slowest and consume at the same time a high amount of
memory. HOMER is, in all scenarios, the third slowest algo-
rithm and consumes the most memory. It has the side effect
that, for example, the GM12878 dataset could only be computed
using one single-core because the memory consumption was
already around 100 GB. The chosen approach by the developers
of HOMER to not support any binary file format to store and
access the Hi-C interaction matrix-like Juicer’s hic or the from
many other investigated tools supported cooler file format [12],
results in a computation based on text files and raw data, and
a very poor runtime and memory performance.

Discussion

The search space of an algorithm is the dominating factor for
its accuracy and performance. Therefore, pruning it should
be the primary goal of newly designed algorithms. In the-
ory, brute force solutions like HiCCUPS with no restrictions to
the search space can detect all possible enriched regions, but
at the cost of hardware demanding implementation. HiCCUPS
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solved this by the massively parallel computational resources
via GPGPU. The limitation of the search space to a genomic
distance of 2 Mb has only a tiny impact on the detected peaks.
HOMER, however, has no limitations on the search space, de-
tects less number of loops, and the detected ones have a signif-
icantly lower correlation over all samples to CTCF. Moreover,
HOMER supports a parallel computation per chromosome like
HiCExplorer but is significantly slower than all other solutions
and extensively uses more memory per core. HOMER’s poor
runtime performance can be explained by computing on raw
data, while all other approaches use precomputed interaction
matrices. Chromosight is a fast detection approach and pro-
vides the fastest single-core performance; however, it lacks
specificity and detects many loops that should be considered
noise, even if these loops are provided with a high significance.
Cooltools, with its reimplementation of the HiCCUPS approach,
is fast and more flexible by providing a genome distance search.
The results are good, but it raises questions why they are not
more similar to Juicer’s HiCCUPS results if both use the same
algorithm. An overview of all algorithms properties is listed in
Supplementary Table 11. Furthermore, it could be shown that
the sparsity and therefore read coverage of a Hi-C interaction
matrix significantly influence the detection of peaks in their
neighborhood. The sparser a Hi-C interaction matrix is, the
more likely it is that possible valid regions detected by the con-
tinuous negative binomial distribution filtering are rejected by
Wilcoxon rank-sum test. The large number of different detect
loops and the high correlation rates to CTCF can be explained
in multiple ways. The correlation to CTCF is caused by biology
itself. Not all loops have CTCF as a binding protein at its an-
chors; gene-loops or polycomb-mediated loops lack it. All the
algorithms detect enrichments in the Hi-C data, which are in-
terpreted as loops but do not need to be loops necessarily. The
enrichments can also be noise in the data, or interactions are
not related to CTCF. Second, the Hi-C data is created with in-
situ Hi-C and has a higher noise level than newer approaches
like Arima Hi-C3. Detections of loops in noisy areas cause the
competing algorithms’ low intersection values, especially chro-
mosight detects more noise than loops.

Availability of source code and requirements

HiCExplorer is licensed under GPLv3 and is available on
Github (https://github.com/deeptools/HiCExplorer/) or as a
conda package in the bioconda channel [25]. HiCExplorer is
implemented in Python 3.6, 3.7. and 3.8 for Linux and macOS.

Availability of supporting data and materials

Hi-C data: GSE63525; Rao et al. [8]. CTCF for: Gm12878 from
GSM935611; Hmec from GSM749753; Huvec from GSM749749;
K562 from GSM733719 and Nhek from GSM733636. CTCF
ChIA-PET (GSM1872886); H3K27ac HiChIP (GSE101498), SMC1
HiChIP (GSE80820), and RAD21 ChIA-PET (GSM1436265).
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