Supplemental Methods

Supplemental Note 1: Methods for data preprocessing

1.1. distiller-nf

distiller-nf (version 0.3.3) is an end-to-end pipeline, including scripts designed for
Hi-C data pre-processing and generation of binned 2D map matrices. In brief, Hi-C for-
ward and reverse reads were aligned to the reference genome separately as single-end
reads using bwa (version 0.7.15) [1]; then aligned single-end reads in sam format were
parsed and paired, and PCR duplicates were further removed; in the end, valid contacts
were aggregated into binned 2D matrices of Hi-C interactions and normalized by iterative
correction and eigenvector decomposition (ICE) algorithm from Imakaev et al. [2].

1.2. HiCExplorer

HiCExplorer (version 3.4.1)[3] can be successfully applied with bwa, bow-
tie2 or hisat2, here we used bowtie2 to align each mate of individually to avoid mapper
specific heuristics designed for standard paired-end libraries. The mapped mates were
paired and filtered to exclude potentially erroneous reads, such as unmappable reads,
self-ligated reads, dangling-ends, PCR duplicates or incomplete digestions. The valid con-
tacts were aggregated into binned 2D matrices based on fixed size bins, and biases were
removed from the matrices using the KR matrix balancing algorithm implemented by
Juicer (version 1.5.6)[4].

1.3. HiC-Pro

HiC-Pro [5] is a pipeline designed to process Hi-C data from raw reads to normalized
contact maps. HiC-Pro aligns reads, filters invalid ligation products, carries out quality
controls and produces 2D contact maps. It also implements a fast and memory-efficient
module of the ICE method for contact map normalization.

1.4. HOMER

HOMER (version 4.11) [6] trims the FASTQ files, aligns them to the reference genome,
and then assemblies them into a HOMER-style tag directory. A "background model" that
saves important parameters from normalization is created, which accounts for sources of
technical bias in Hi-C interaction counts such as read depth, linear distance, sequencing
bias and chromatin compaction. HOMER further creates contact matrices from tag direc-
tories, and the "Hi-C background model" is applied to efficiently normalize and calculate
expected interaction counts.

1.5. Juicer

Juicer (version 1.5.6)[4] is a platform for analyzing kilobase resolution Hi-C data,
which includes a pipeline for generating Hi-C maps from FASTQ raw data files. KR matrix
balancing algorithm is implemented by Juicer for matrix normalization.

1.6. TADbit

TADDbit (version 1.0)[7] is a computational package that deals with 3C-based data
(more specifically Hi-C data), and it includes a pipeline of different steps: preprocessing
of paired-end reads from Hi-C experiment, alignment of the reads using GEM, filtering of
the mapped reads, and construction of interaction matrices and normalization. ICE algo-
rithm from Imakaev et al. [2] is used for normalization here.

Supplemental Note 2: Methods for the analysis of topologically associating domains
2.1. Data preprocessing
Distiller-nf (version 0.3.3) was applied and the aligned, paired and duplicate-



removed reads were aggregated into binned 2D matrices of Hi-C interactions in 25- and
50-kb resolutions. The intrinsic bias of the matrices, possibly originated from uneven frag-
ment length, GC content and mappability, were removed based on implicit KR matrix
balancing algorithm implemented by Juicer[4].

2.2. HiCseg

HiCseg (version 1.1)[8], an R package, takes raw or normalized Hi-C contact matrices
as input, and performs 2D segmentation using maximum likelihood method to split the
genome into TAD regions. Unlike many other TAD detection tools which transforms the
2D matrix information into 1D index, HiCseg directly performs segmentation on the Hi-
C matrices using dynamic programming to get the optimal results. HiCseg applies Pois-
son or negative binomial distribution for raw Hi-C matrices, and Gaussian distribution
for normalized data. Given the raw count matrices of our input, the distribution was set
to Poisson. As suggested by the author, the maximum number of change-points was set
by dividing the chromosome length by 1 Mb to obtain TADs with average length of ~1Mb.
Finally, a block-diagonal (D) model was chosen.

2.3. TADbit

TADDbit (version 1.0)[7] is a Python package with both data pre-processing and TAD
calling modules, and we only use the latter in our analysis. We used raw count matrices
as input, and normalized the matrices based on a method provided by TADbit, which is
similar to the ICE algorithm[7]. TADDbit utilizes a breakpoint detection method that parti-
tion the genome into TAD regions based on BIC-penalized likelihood. Here, we set the
parameter to search centromeric regions to TRUE and leave the other parameters as de-
fault.

2.4. DomainCaller

DomainCaller (version 1.0)[9], consisting of MATLAB and Perl scripts, is a Hidden
Markov Model based partition of the genome using “Directionality Index” (DI). The DI
is an index that measure the bias of the upstream and downstream interactions for each
Hi-C region, and the maximum distance is normally set to 2 Mb and could be adjusted by
the user. We used KR normalized matrices as input and the default parameters of the
package.

2.5. InsulationScore

The InsulationScore (version 1.0.0)[10] is designed to identify the boundaries be-
tween domains by summing up contacts in a sliding window of square shape along the
Hi-C matrix diagonal, where regions with low score are considered “insulating”, i.e. re-
gions between domains, and those with high scores are postulated as inside domains. We
applied this method to KR normalized matrices with default parameters except for insu-
lation square and insulation delta span, which were set to 1 Mb and 200 kb, respectively.

2.6. Arrowhead

Arrowhead (version 1.8.9)[4, 11] transforms the patterns of TAD domains from
“squares” along the diagonal to “triangles” of high or low signal. Transformation replaces
domains with an Arrowhead-shaped motif pointing toward the domain’s upper-left cor-
ner. The corners of the domains is identified based on specific scores for the “triangles”,
and used for locating the boundaries of TADs. We applied this method packaged in Juicer
(version 1.5.6)[4] to KR normalized matrices with default parameters.

2.7. TADtree

TADtree (publicly available at http://compbio.cs.brown.edu/projects/tadtree/ - no
version information available (accessed on the 17 June 2021))[12] is an algorithm for the
identification of hierarchical topological domains in Hi-C data. This model is based on the



assumption that the increase in contact enrichment with distance is stronger for the inner
TAD than for the outer TAD pairs. We used KR normalized matrices as input with default
parameters for M, p and g, 6 for N and resolution-adjusted values for S, respectively.

2.8. Armatus

Armatus (version 2.3)[13] uses dynamic programming to obtain alternative optimal
and near-optimal domain sets, and identifies a consensus set of domains that persists
across various resolutions. To obtain the consensus domains, we used KR normalized ma-
trices as input with gamma-max set to 0.3.

2.9TopDom.

The authors define binSignal(i) as the average contact frequency between an up-
stream and a downstream chromatin region in a window surrounding bin i, and identify
local minima by fitting a piecewise linear curve. The local minima delineate potential do-
mains, whose validity is measured by comparing interactions within and between the do-
mains based on Wilcox rank-sum test. Consistent boundaries supported by deep valleys
in the original binSignal(i) curve, and the local minima with significance (p-value < 0.05)
for Wilcox rank-sum test are considered as the final set of domain boundaries. We applied
this approach (version 0.0.2)[14] to KR normalized matrices with the window size set to
10.

2.10. HiCExplorer

HiCExplorer (version 3.4.1)[3] uses TAD-separation score to measure the degree of
separation between the left and right regions at each Hi-C matrix bin. For a running win-
dow of different sizes, the TAD-separation score is defined as the mean z-score of all the
matrix contacts between the left and right regions (diamond), and TADs are identified as
those with a local TAD-separation score minimum. We used KR normalized matrices as
input for this software with default parameters except setting e-correctForMultipleTesting
fdr'.

2.11. HICDB/RHiCDB

HiCDB (publicly available at https://github.com/ChenFengling/HiCDB - no version
information available (accessed on the 21 June 2021))[15] uses a metric called the local
relative insulation (LRI) to assess the insulation strength, which takes into account differ-
ent window sizes and local background. HiCDB also provides a biologically meaningful
LRI cutoff option that considers the CTCF motif enrichment based on a method adapted
from gene set enrichment analysis. In brief, HiCDB first orders the candidate domains
according to their LRI, and an enrichment score ES is calculated by going through the list.
The ES score increases when it encounters a peak with the CTCF motif and decreases oth-
erwise, and the LRI at the maximum ES is chosen as the domain detection cutoff. We ap-
plied HiCDB to KR normalized matrices with default parameters.

2.12. OnTAD

OnTAD (version 1.3)[16] calls TADs in two steps. In the first step, the method identi-
fies candidate TAD boundaries using an adaptive local minimum search algorithm with a
series of different window sizes ranging from the bin size to the maximum TAD size. In
the second step, based on union of the candidate boundaries of all window sizes, OnTAD
assembles TADs by identifying pairs of boundaries whose potential TAD area between
the boundaries exceeds that of the surrounding area outside of the TAD by a user-defined
margin (A). The dynamic programming algorithm is applied to recursively identify the
optimal partition of the genome for obtaining a final hierarchical TAD organization. We
applied OnTAD to KR normalized matrices with parameters penalty set to 0.1 and maxsz
adjusted for the respective resolutions.

Supplemental Note 3: Methods for the analysis of chromatin interactions



3.1. Data preprocessing

Similar to data preprocessing for TAD identification, distiller-nf (version 0.3.3) was
applied and the aligned, paired and duplicate-removed reads were retained for down-
stream analyses.

3.2. Fit-Hi-C2

Fit-Hi-C2 (version 2.0.7)[17] is designed to identify mid-range intra- and inter-chro-
mosomal contacts in Hi-C data, and we only used its intra-chromosomal function in our
analysis. The tool fits a spline to model contact probability values as a function of the av-
erage genomic distance for all pairs of interacting locus pairs. The contact probability is
then corrected using the bias values by looking up the expected contact probability from
the spline. Then a binomial test is carried out using the corrected contact probability and
the observed count to obtain a p-value. The resulting p-values are corrected for multiple
testing and a Q-value is calculated for each locus pair. As Fit-Hi-C2 has no tunable param-
eters, we followed the recommended protocol to obtain intra-chromosomal interactions.
For comparisons of promoter-enhancer interactions (PEls) identified by distinct tools in
K562, we used 10-kb resolution and Q-value cut-off of 0.05 to obtain the initial set of PEIs
[18], which were further filtered by integratively considering Q-value, observed count and
observed/expected contact frequency ratio to obtain comparable number of PEIs between
Fit-Hi-C2, GOTHiC, HOMER and PSYCHIC. For comparisons of interactions identified
by distinct tools in GM12878, we used 5-kb resolution and a Q-value cut-off of 0.05 [18]
obtain the initial set of interactions, which were further filtered by integratively consider-
ing Q-value, observed count and observed/expected contact frequency ratio to yield com-
parable number of interactions between Fit-Hi-C2, GOTHiC , HOMER and HiC-DC+.

3.3. GOTHiC

GOTHIC (version 1.22.0)[19] uses a binomial model that corrects the complex combi-
nation of known and unknown biases in Hi-C data. The model calculates the probabilities
that the observed number of read-pairs are due to random ligations, and produces statis-
tically significant interactions irrespective of genomic distances. For comparisons of pro-
moter-enhancer interactions (PEIs) identified by distinct tools in K562, we used 10-kb res-
olution and FDR cut-off of 0.05 with observed count over 10 to obtain the initial set of PEIs
[18], which were further ranked FDR to obtain comparable number of PEIs between Fit-
Hi-C2, GOTHiC, HOMER and PSYCHIC. For comparisons of interactions identified by
distinct tools in GM12878, we used 5-kb resolution and a FDR cut-off of 0.05 with observed
count over 10 [18] to obtain the initial set of interactions, which were further ranked by
FDR and observed count to yield comparable number of interactions between Fit-Hi-C2,
GOTHIiC, HOMER and HiC-DC+.

3.4. HOMER

HOMER (version 4.11)[6] generates a background model that normalizes interactions
for linear genomic distance and coverage at the chosen bin level, which produces the ex-
pected read count. The observed count is compared to expected count, and a binomial test
is applied to call significant chromatin interactions. For comparisons of promoter-en-
hancer interactions (PEIs) identified by distinct tools in K562, we used 10-kb resolution
and p-value cut-off of 0.001 to obtain the initial set of PEIs [18], which were further filtered
by integratively considering FDR and observed/expected contact frequency ratio to obtain
comparable number of PEIs between Fit-Hi-C2, GOTHiC, HOMER and PSYCHIC. For
comparisons of interactions identified by distinct tools in GM12878, we used 5-kb resolu-
tion and a p-value cut-off of 0.001 (ref NM)[18] obtain the initial set of interactions, which
were further filtered by integratively considering FDR and observed/expected contact fre-
quency ratio to yield comparable number of interactions between Fit-Hi-C2, GOTHiC,
HOMER and HiC-DC+.

3.5. HiCCUPS



HiCCUPS (version 1.22.01)[4, 11] uses KR normalized matrices as default input and
identifies enriched pixels with respect to four background neighboring areas based on the
peak width and the window size. A modified Benjamini-Hochberg FDR is used for mul-
tiple hypothesis testing, and identified significant peaks are further aggregated into clus-
ters when they are in linear genomic proximity. Here, we used default settings that in-
volve combining interactions called at multiple resolutions of 5 kb, 10 kb and 25 kb with
default parameters. At all resolutions we set the FDR threshold to 0.1(ref NM)[18] .

3.6. cLoops

cLoops (version 0.93)[20], uses an unbiased clustering algorithm based on a specific
improvement to DBSCAN (Density-Based Spatial Clustering of Applications with Noise)
to find candidate loops, and a PLB (permutated local background) method is applied for
estimation of a candidate loop’s statistical significance. We chose recommended option &
m 3’ for application of cLoops to Hi-C data, and significant’ loops designated by cLoops
were retained.

3.7. PSYCHIC

PSYCHIC (publicly available at https://github.com/dhkron/PSYCHIC - no version in-
formation available (accessed on the 2 March 2022))[21] uses a probabilistic model to seg-
ment the genome into hierarchical domains, and fits local background models based on
separate domains. Z-test and multiple hypothesis testing were applied to background cor-
rected contact frequencies to estimate the significance of promoter-enhancer interactions
(PEIs). All analyses were carried out with default parameters. For comparisons of PEIs
identified by distinct tools in K562, we used 10-kb resolution and FDR-value cut-off of 0.05
to obtain the PEIs, which renders comparable number of PEls between Fit-Hi-C2,
GOTHIiC, HOMER and PSYCHIC.

3.8. HiC-DC+

HiC-DC+ (version 0.99.13)[22] uses a two-step model fitting strategy to perform neg-
ative binomial (NB) regression for estimation of the expected read count in an interaction
bin based on genomic distance and the GC content, mappability, and effective bin size in
the respective pair of genomic loci. The p-value for each interaction bin is calculated as 1
minus the cumulative distribution function fit, and is adjusted for FDR utilizing the Ben-
jamini-Hochberg procedure to identify significantly interacting bins. All analyses were
carried out with default parameters. For comparisons of PEIs identified by distinct tools
in K562, we used 10-kb resolution and FDR-value cut-off of 0.05. For comparisons of in-
teractions identified by distinct tools in GM12878, we used 5-kb resolution and a FDR-
value cut-off of 0.01 to yield comparable number of interactions between Fit-Hi-C2,
GOTHIiC, HOMER and HiC-DC+.

3.9. HiCExplorer

HiCExplorer (version 3.4.1)[3] calculates a continuous negative binomial distribution
for each genomic linear distance for estimation of significance, and interaction pairs with
a p-value less than a specified threshold are accepted. In a second step, each candidate is
compared to its neighborhood defined by the a user-selected window size in the 2D di-
mensions on the contact heat-map. Only the candidate with the highest peak values is
retained for each neighborhood. In the last step, the neighborhood is segregated into a
peak and background region based on a custom peak width. We used recommended pa-
rameters for all resolutions (i.e., a windowSize of 10 and a peakWidth of 6 were chosen
for 10-kb matrices), and retained loops using a FDR-value cut-off of 0.05.

3.10. chromosight

chromosight (version 1.3.3)[23] applies a balancing normalization procedure to a
whole-genome contact map for attenuation of experimental biases, and adjusted each
pixel by its expected value estimated by the polymeric behaviour (the distance-dependent
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contact decay). A template (kernel) representing a particular 3D structure (i.e. a loop) is
compared to sub-images divided from the complete heat-map, and the sub-images with
the highest correlation values are labelled as potential matches. Finally, the maximum
within each correlation focus is extracted and considered as conforming to a particular 3D
structure (i.e. a loop). Default parameters were used for all resolutions and a FDR-value
cut-off of 0.05 was applied to retain the loops.

3.11. SIP

SIP (version 1.6.1)[24] applies a Gaussian blur, contrast enhancement, white top-hat,
and a minimum-maximum filter to Hi-C contact maps, and obtains a corrected image of
the interactions, which is used with a regional maxima detection algorithm to detect a
candidate loops. Candidate loops must then pass 6 filters that utilize the local background
based on the original distance-normalized contact map, and finally, an empirical FDR of
significance is computed as the enrichment of loops over random sites at equal distances.
Default parameters were used for all resolutions and a FDR-value cut-off of 0.05 was ap-
plied to retain the loops.

3.12. MUSTACHE

MUSTACHE (version 1.0.2)[25] repeatedly convolves the initial contact map with in-
creasing 2D Gaussians and obtains a scale-space representation of the image. Pairwise
neighboring Gaussian images are subtracted, creating the difference-of-Gaussian (DoG)
images. By contrasting each pixel to its 3 x 3 x 3 neighborhood in DoG image space, the
local maxima are identified as the final loop set. Default parameters were used for all res-
olutions and a FDR-value cut-off of 0.05 was applied to retain the loops.
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