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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: HiCExplorers loop detection has a high detection rate and accuracy while
providing specificity. 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 high amounts of noise; more similar results in loop calling
requires cleaner Hi-C data and therefore, improvements in the data creation.
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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:
HiCExplorers loop detection has a high detection rate and accuracy while providing specificity. 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 high amounts of
noise; more similar results in loop calling requires cleaner Hi-C data and therefore, improvements in the data creation.
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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 usu-
ally limited to ~ 2 megabases (Mb).

Different algorithms can detect loops: HiCCUPS uses a donut
algorithm, which considers all elements of a Hi-C interaction
matrix as peaks and tests if the region around them is signifi-
cantly different from the neighboring interactions. HiCCUPS is

part of the software Juicer!, and the implementation requires
a general-purpose GPU (GPGPU), which imposes a barrier to
many users by merely not having access to an Nvidia GPU. How-
ever, an experimental CPU-based implementation was released
too. HOMER [9] creates a relative contact matrix per chromo-
some and scans these for locally dense regions. HOMER does
not support standard file formats for Hi-C matrices like cool
[10], which imposes the need to create all data from scratch,
which is time-consuming and is a potential source of errors
and inaccuracies. Chromosight [11] detects loops based on a
pattern-matching algorithm. Cooltools? uses a reimplemen-
tation of the HiCCUPS algorithm. Chromosight, cooltools and
HiCExplorer support the cooler file format. GOTHIC [12] models
the probability of two genomic locations to interact with each
other as a mix of different biases and the chance of random in-
teractions. The problem is that GOTHIC detects a large number
of significant interactions but cannot detect only the enriched

1 https://github.com/aidenlab/juicer
2 https://github.com/open2c/cooltools
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regions concerning their neighborhood. It is a good tool to de-
tect significant interactions in a Hi-C interaction matrix, but it
is not suitable for the specific task of chromatin loop detection.
cLoops [13] uses a DBSCAN based approach combined with a
local background to estimate the statistical significance of a
loop. cLoops is mainly designed for HiChIP data and not for
Hi-C. With HiChIP, protein binding sites can be investigated
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 enriched
regions, and foreknowledge of potential loop locations is re-
quired. FastHiC [14] is a loop detection algorithm based on a
hidden Markov random field Bayesian [15], which focuses on
intra topological associated domain (TAD) loops in a range of
40Kkb and therefore not on chromatin loops outside of TADs.

Here we present an algorithm that can detect Hi-C loops. It
is optimized for a high parallelization by assigning one thread
per chromosome and multiple threads within a chromosome.
This approach makes full use of the resources available in the
last generation of multi-core CPU platforms.

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, interaction
pairs with genomic distances which are too close to each other
and therefore quite close to the main diagonal have already
high interaction counts. It is in many cases unlikely that these
pairs contribute enrichments in the context of their neighbor-
hood. The high interaction count can explain this observation
between two loci; they are closer in the one-dimensional space
and are therefore close to the main diagonal. Specialized al-
gorithms like FastHiC should be used to detect intra-TAD en-
richments. A general problem for Hi-C interactions with few
absolute counts is the difficulty to determine if their interac-
tions are true interactions or noise. These artifacts cannot be
corrected by the used Hi-C interaction matrix correction algo-
rithms like iterative correction and eigenvector decomposition
(ICE) [16], or Knight-Ruiz (KR) [17]. These algorithms perform
a matrix balancing and correct for an uneven distribution of the
interaction counts per genomic position. The correction algo-
rithms cannot decide and therefore filter out if interactions are
true interactions or noise. All values below a given threshold
are discarded, and noise is removed to account for these known
problems in the Hi-C interaction data.

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 into account. In Hi-C, the pri-
mary data structure is the symmetrical n x n interaction count
matrix (ICM):
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The relative genomic distance is given by:

d = li-jl 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:
ile’J’

-

L ™ expy

(3)

Different methods are offered to adjust differences in sam-
ples introduced, e.g., by the ligations or by general genome
properties, to compute the expected value. A mammal Hi-C
sample might need a different normalization compared to an
insect.

exp__nonzeroy = L ici’j (4)
- 4~ Tnon - zero interactions d|
exp_with_zeroy = b (5)
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(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):

Xd ~ CNBd(rd,pd) vd = Il —]l (7)

Supplementary Figure 1 shows the value density distribu-
tion of different genomic distances and provides evidence for
the chosen distribution assumption. In genome analysis, good
experience has been made with negative binomial functions as
proposed, for example, by DESeq2 [18]. The binomial coeffi-
cient must be replaced as it used by edgeR [19, 20] and was
discussed at stackexchange3 to make the discrete negative bi-
nomial function continuous:

k+r-1y _ (k+r-1)! _ (k+r-1)!
( k >_(k!)*(k+r—1—k)!_(k!)*(r—l)! )

The gamma function is defined for any n € N:

r(n) = (n-1)! (9)

Moreover, the gamma function is defined for any n € R,:

r(n) = J:o X" g e Xdx (10)

3 https://stats.stackexchange.com/questions/310676/continuous-
generalization-of-the-negative-binomial-distribution/311927



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

k+r-1y _ r'(k+r)
(G )_r(k+1)*r(r) )

Which leads to the probability mass function for a ’continu-
ous negative binomial distribution’ with vk € R, and vr € Rs:

r'(k+r)
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f(k,r,p) =

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:
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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
interaction count in relation to the elements in its neighbor-
hood. The concept of a neighborhood comes with a few is-
sues: First, in one neighborhood, there can be multiple can-
didates 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 neigh-
borhood is possible but is likely a false positive. Meaningful
enriched interactions appear 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 is-
sue, only the candidate with the highest observed vs. expected
value for one neighborhood 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 sec-
ond and third issue by considering the square around the can-
didate 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 windowSize. All candidates
which fulfill of the following condition are rejected as a loop:
mean(background) > mean(peak). This filtering step is neces-
sary to address the candidate peak value as a singular outlier
within the neighborhood. Furthermore, the Wilcoxon rank-
sum test with Ho hypothesis background and peak regions are
from the same distribution with significance level p is used.
The mentioned filter steps guarantee only neighborhoods with
a centering peak value are considered.

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. Ad-
ditionally, the detected chromatin loop locations are correlated
with binned protein peak locations of the 11-zinc finger pro-
tein CTCF. CTCF is a known loop binding factor [8] although
not all peaks need to have CTCF attached [21], especially in
the case of a gene or a polycomb-mediated loop [6]. An in-
tersection of a detected chromatin loop region was accepted
if at both loci, CTCF was detected. CTCF was matched to the
GM12878, HMEC, HUVEC, K562, and NHEK cell samples; for
IMR90 and KBM7, no CTCF from the same source is provided.
HiCExplorer’s implementation is tested against HiCCUPS algo-
rithm from the Juicer software, HOMER’s loop detection, chro-
mosight, and the cooltools call-dots. The algorithms of GOTHIC,
cLoops, and FastHiC are not part of the comparison due to the
algorithms’ different focuses.

The following section was computed on GM12878 with applied
Knights-Ruiz correction and a 10kb fixed bin size resolution.
The loop detection considers each chromosome independently;
data from chromosome 1 shows the search space reduction as
an example. The p-value was set to 0.05 for continuous nega-
tive binomial distribution candidate selection, a minimal inter-
action peak height of 20, a peak width of 6, a window size of 10,
and a maximal interaction count share of 0.1. Based on Rao’s
observation that the maximum distance of two loci forming a
loop usually does not exceed 2 Mb, the upper boundary was set
to this value. The upper distance settings decrease the search
space from 40.5 million to 3.9 million candidates. The count of
non-zero interactions gives the 40.5 million candidates. How-
ever, the parameter for the maximum distance between the
two loci is adjustable. The p-value selection based on continu-
ous negative binomial distributions with level 0.05 reduces the
search space from 3.9 million to 530,000 candidates for chro-
mosome 1. Pruning of the candidates with fewer absolute inter-
actions than the maximum interaction count share of 0.1 fur-
ther decreases the search space to 82,000 candidates. The can-
didate pooling per neighborhood decreases the search space to
only 3515 candidates and, the application of mean background
filtering (mean(background) > mean(peak)), gives a vastly small
number to apply the testing with Wilcoxon rank-sum test. A
good candidate selection helps to decrease the search space
drastically. The Wilcoxon rank-sum test gets only 0.00008%
of the original candidates to test starting from 40.5 million
candidates.

For other cell lines published by Rao 2014, the situation is
comparable (Table 5). 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 continuous nega-
tive binomial distributions. Another essential aspect of reduc-
ing the search space is the observation that peaks in Hi-C in-
teraction matrices have a two-dimensional area and not single
elements. Peaks are only detectable in the context of their lo-
cal neighborhood, as the significance given by the continuous
negative binomial distributions is not enough. The indepen-
dent candidate selection per genomic distance leads to multi-
ple candidates per neighborhood, and consequently, only the
one with the highest observed/expected value can be consid-
ered the peak. The pooling of the candidates under these con-
ditions leads to a reduction of the search space in GM12878 cells
of a factor of 23. The reduction rates on the other cell types
are similar. However, the situation is different after testing
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Figure 1. Graphical representation of the loop detection algorithm: A: Compute each chromosome independently. B: Accept an interaction if their relative distance
is within: o < 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.

Data HiCExplorer (2 Mb) | HiCExplorer(8 Mb) | HiCCUPS | HiCCUPS (8 Mb) = HOMER | chromosight (2 Mb) | chromosight (8 Mb) | cooltools (2 Mb) | cooltools (8 Mb)
GM12878 9147 10225 12865 10603 7182 50255 60789 8934 9987
HMEC 5679 5705 7539 7424 7152 20159 20160 1698 5259
HUVEC 3466 3489 2199 2119 4052 16607 16621 1698 1869
IMR90 8025 8205 10625 10255 9556 34100 34572 8116 8582
K562 5748 5838 5383 5093 6968 25470 25811 4166 4527
KBM7 4074 4101 2366 1924 3170 21299 21341 1400 1869
NHEK 5166 5211 3198 2937 5409 25724 25770 2334 2662

Table 1. Detected loops on different cell types cells from Rao 2014, with 10kb resolution, HiCExplorer, and HiCCUPS with applied KR

correction.

the peak region (Table 1). The number of detected loops differs
between 3000 to 10,000 loops. The non-zero values and im-
plicitly the read coverage per bin are considered to explain this
different detection behavior; the higher the read coverage, the
more regions are detected (see Table 1 and 5). The candidate
selection approach via the definition of a neighborhood makes
the algorithm sensitive to the Hi-C interaction matrix’s reso-
lution. The lower the resolution, 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 di-
agonal are too high. Decreasing 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 leads 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 useful results.

Comparison to competitors

The number of detected enriched regions of HiCExplorer, HiC-
CUPS, HOMER, chromosight, and cooltools differs between the
samples. The detection rate is on a comparable level (Table
1), except for chromosight. Chromosight detects significantly
more loops with a very low p-value; however, as the loops’ vi-
sualization (Figure 2) indicates, most detect loops are in very
noisy regions, and it is questionable what chromosight exactly
detects. To investigate the accuracy, the detected loops are
correlated with CTCF (Table 2). The detect loops of HiCEx-
plorer are on a comparable level to HiCCUPS and cooltools; on
GM12878, HiCExplorer detects a similar amount of loops com-
pared 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, HiICCUPS, and cooltools. Homer de-
tects more absolute loops (except 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 high-
est number of loops correlated to CTCF. HiCExplorer, HiCCUPS,
and cooltools can reach similar detection rates if the p-value
thresholds are increased; however, the specificity for signifi-
cantly enriched regions would be removed from the algorithms.
It needs to be mentioned that the correlation with CTCF can
only indicate the detected loops’ quality. First, loop structures
representing gene or polycomb-mediated loops do not have
CTCF at their anchor points. Second, the used method with
ChIP-Seq data is biased and not available in a two-dimensional
space. HiChIP data could be used for a better benchmark but
was not available.

In comparison to HiCCUPS, HiCExplorer misses the 2% chro-
matin loops stated in Rao 2014 for genomic distances > 2 Mb,
which should include inter-chromosomal enrichments. These
inter-chromosomal enrichments are not detectable by HiCEx-
plorer 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, 5kb, 10kb, and 25kb,
17768 loops were detected, and 4910 have a distance greater
than 2 Mb; on 10kb out of 12865 loops, 2968 have a greater dis-
tance than 2 Mb. Contrastly, it is not entirely clear on which
base Rao 2014 states that only 2% of the loops are in a range
greater than 2 Mb. However, if the correlated loops are com-
puted 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-
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Data HiCExplorer (2 Mb) | HiCExplorer(8 Mb) HiCCUPS HiCCUPS (8 Mb) HOMER chromosight (2 Mb) | chromosight (8 Mb) | cooltools (2 Mb) | cooltools (8 Mb)
GM12878 7051 (0.77) 7298 (0.71) 7518 (0.58) 7312 (0.68) 1854 (0.25) 14359 (0.28) 16719 (0.27) 6183 (0.69) 6346(0.63)
HMEC 3808 (0.67) 3810 (0.66) 5350 (0.7) 5321 (0.71) 24380 (0.34) 7123 (0.35) 7123 (0.35) 1155 (0.68) 3808 (0.72)
HUVEC 1665 (0.48) 1666 (0.47) 1330 (0.6) 1316 (0.62) 936 (0.23) 4111 (0.24) 4117(0.24) 1092 (0.64) 1105 (0.59)
K562 4044, (0.7) 4081 (0.69) 3864 (0.71) 3791 (0.74) 1945 (0.27) 10079 (0.39) 10219(0.39) 3106(0.74) 3224(0.71)
NHEK 3800 (0.66) 3831 (0.65) 3577 (0.66) 3524 (0.69) 1774 (0.25) 7590 (0.29) 7610 (0.29) 1416 (0.6) 1485(0.55)

Table 2. Number of detected loops on with CTCF match, percentage in brackets.
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Figure 2. The plot of chr1 18 - 22 Mb on GM12878 and highlighted the detected loops from each software. HiCExplorer, HiCCUPS, and cooltools show similar results,
while Homer is not detecting any loop in the area. Chromosight detects many loops in noisy regions and lacks specificity. Plot with HiCExplorer hicPlotMatrix.

ference in the number of detected and correlated loops between
2 Mb or 8 Mb of distance for the majority of the cells. If the re-
striction of the genomic distance between two loci is removed
for HiCExplorer and all intra-chromosomal contacts are con-
sidered, the number of candidates to be tested increases by 10,
but the number of accepted peaks increased only minor.

The intersection of detected peaks of HiCExplorer, HiCCUPS,
HOMER, chromosight, and cooltools is quite different. HiCEx-
plorer with a search distance of 8 Mb shares ~ 46% of its loops
with HiCCUPS genome-wide search and the restricted 8 Mb ver-
sion on GM12878 cell line; but, e.g., only ~ 24% on HUVEC. HiC-
Explorer has the highest intersection of detect loops with chro-
mosight, but chromosight also provides the highest number of
detect loops. The intersection of detected loops with cooltools
is similar to HiCCUPS; the number of intersecting loops with
Homer is the lowest. HICCUPS and cooltools show the highest
intersecting numbers, chromosight profits from the high de-
tection rate; while Homer also has with HiCCUPS only a few
hundred intersecting loops (Supplementary Table 4). All re-
sults show a high correlation rate of the intersected loops of
up to 90% with CTCF; indicating if at least two approaches de-
tect a loop, there is a high chance it is a real loop.

The proposed peak detection algorithm was tested on mul-
tiple datasets with a 10kb resolution and is the fastest ap-
proach of all CPU-based approaches if the 2 Mb search space
is considered. Only 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 8).
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 not only the chromosomes but
also an intra-chromosomal parallelization. Homer is, in all
scenarios, the slowest algorithm and consumes the most mem-
ory. 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 cho-
sen approach by the developers of Homer to not support any bi-
nary file format to store and access the Hi-C interaction matrix-
like Juicer’s hic or the from all other investigated tools sup-
ported cooler file format [10], results in a computation based
on text files and raw data, and a very poor runtime and mem-
ory performance.



Data HiCExplorer N HiCCUPS (GPU) | HiCExplorer n HiCCUPS (8 Mb)
GM12878 4699 4665
HMEC 2724 2722
HUVEC 862 861
K562 2265 2262
KBM7 566 561
IMR9oO 4164 4161
NHEK 1359 1340

HiCExplorer n HOMER | HiCExplorer N chromosight | HiCExplorer N cooltools

495 6013 4190
591 3012 488
205 1515 683
361 3364 1949
146 1777 469
758 4693 3603
459 2748 1137

Table 3. intersection of HiCExplorer with 2 Mb search distance with HiCUPS (GPU, full genome), HiCCUPS 8 Mb search distance, Homer
(full genome), chromosight 2 Mb search distance, and cooltools 2 Mb search distance.

HiCExplorer n HOMER = HiCExplorer N chromosight | HiCExplorer N cooltools

408 (0.82) 4953 (0.82) 3687 (0.88)
465 (0.79) 2251 (0.75) 438 (0.90)
117 (0.57) 937 (0.62) 509 (0.75)
275 (0.76) 2642 (0.79) 1684 (0.86)
275 (0.60) 1762 (0.64) 865 (0.76)

Table 4. CTCF correlation with intersected loops for 2 Mb search distance, percentage in relation to number of intersected loops, see Table

Data HiCExplorer N HiCCUPS (GPU) | HiCExplorer n HiCCUPS (8 Mb)
GM12878 4141 (0.88) 4125 (0.88)
HMEC 2254 (0.83) 2251 (0.83)
HUVEC 657 (0.76) 656 (0.76)
K562 1975 (0.87) 1974 (0.87)
NHEK 1019 (0.75) 1007 (0.75)
3
Data Initial candidates | Candidates for peak detection
GM12878 61.8 mio 1722
K562 19.2 mio 2948
KBM7 14.2 mio 2321
IMR90 19.3 mio 2948
NHEK 10.1 mio 2384
HUVEC 7.6 mio 3249

Table 5. Initial possible candidates vs. reduced candidate set of
HiCExplorer for chromosome 1.

Data Non-zero elements | Sparsity
GM12878 1,810 mio 0.0189
K562 781 mio 0.0081
KBM7 465 mio 0.0048
IMR90 415 mio 0.0043
NHEK 348 mio 0.0036
HUVEC 268 mio 0.0028
HMEC 188 mio 0.0019

Table 6. Sparsity level of the 10 kb Hi-C interaction matrices. The
dense matrix contains 309,581 x 309,581 elements.

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. Bruteforce so-
lutions like HiCCUPS with no restrictions to the search space
are, in theory, able to detect all possible enriched regions, but
at the cost of hardware demanding implementation. HiCCUPS
solved this by the massively parallel computational resources
via GPGPU. The limitation of the search space to a genomic dis-
tance of 2 Mb has only a small 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 sig-
nificantly lower correlation over all samples to CTCF. More-
over, HOMER does support a parallelization per chromosome
like HiCExplorer but is significantly slower than all other so-
lutions and uses more memory per core extensively. Homer’s
poor runtime performance can be explained by computing on
raw data, while all other approaches use precomputed inter-
action matrices. Chromosight is a fast detection approach and
provides 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. Furthermore, it could be shown that the sparsity
and therefore read coverage of a Hi-C interaction matrix has a
significant influence on the detection of peaks in their neigh-
borhood. The sparser a Hi-C interaction matrix is, the more
likely it is that possible valid region detected by the contin-
uous negative binomial distribution filtering are rejected by
Wilcoxon rank-sum test. The high amount of different detect
loops and the correlation rates to CTCF can be explained in mul-
tiple ways. First, 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. More-
over, the used CTCF data from ENCODE# is already ten years
old, but no newer data was available. The method to detect the
correlation is suboptimal: ChIP-Seq data is one-dimensional,
and a loop has two-dimensional coordinates. If a CTCF peak
is detected at both coordinates, it does not have to imply CTCF
is present as a loop binding protein. The usage of HiChIP data
would be of a higher biological meaning; however, it was not
available for the used Hi-C cell lines. Second, the Hi-C data
is created with in-situ Hi-C and has a higher noise level than
newer approaches like Arima Hi-C. Detections of loops in noisy
areas cause the competing algorithms’ low intersection values,
primarily chromosight detects more noise than loops. The so-
lution for this is simple: Better Hi-C with less noise and more
HiChIP data needs to be available to compare loop detection
algorithms better.

HiCExplorer is licensed under GPLv3 and is available on
Github (https://github.com/deeptools/HiCExplorer/) or as a
conda package in the bioconda channel [22]. HiCExplorer is
implemented in Python 3.6, 3.7. and 3.8 for Linux and macOS.

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.

4 https://www.encodeproject.org/
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