Supplementary Information

reference panel guided topological structure annotation
of Hi-C data

Supplementary Note 1. Comparison with contact map enhanced
approach

Hi-C contact map enhancement has been intensively explored in recent years [19, 18, 38,
40, 4]. We can perform contact map enhancement for Hi-C contact maps and then use loop
detection tools to detect loops. Here we compared RefHiC with tools that predict loops
from DeepLoop [38] enhanced contact maps. DeepLoop is a deep learning approach for Hi-C
contact map enhancement. It enhances or denoises loop signals from Hi-C contact maps.
It outputs a list of pairs (i.e. loop clusters) with a value named LoopStrength. Although
Zhang et al. [38] suggest selecting the highest LoopStrength pairs as loops, the results are
still loop clusters. We called loops from DeepLoop’s output by selecting loops with RefHiC’s
clustering method (minDelta=5 and minScore=0). Due to the absence of essential input
files for running DeepLoop for contact maps aligned to hg38, we were unable to duplicate
DeepLoop’s result with our data (hg38), so we used DeepLoop’s output (GSE167200, hgl9)
produced by Zhang et al. [38] for Rao’s GM12878 Hi-C data. We executed RefHiC on the
same data but aligned to hg38. To facilitate comparison, we lifted RefHiC’s predictions
over to hgl9 using liftOver (https://github.com/dphansti/liftOverBedpe). Supplementary
Fig. 3 shows RefHiC identified more ChIA-PET /HiCHIP-supported loop predictions than
all DeepLoop-based approaches when evaluated using CTCF ChIA-PET, H3K27ac HiCHIP,
and SMC1 HiCHIP data.



Supplementary Note 2. Comparison with a baseline deep learning
model

Although we demonstrated that RefHiC outperformed HiICCUPS, Mustache, Chromosight,
and Peakachu, these results do not imply that these gains can necessarily be attributed to
the use of a reference panel. To address this question, we built a deep learning model named
Baseline. The model architecture is similar to RefHiC’s but without using the reference
panel as input. It consists of (i) an encoder that is identical to RefHiC’s and (ii) four fully
connected layers with [d, d/2, d/2, 1] units. All hidden layers are ReLU activated. Like
RefHiC, we used batch normalization and dropout to regularize our model. The training data
and procedure are identical to RefHiC’s. We applied Baseline model to several downsampled
GM12878 Hi-C contact maps and compared it with all other tools. Supplementary Fig. 4
shows that RefHiC outperformed Baseline and other tools at all sequencing depths. This
result suggests RefHiC benefits from the introduction of a reference panel.



Supplementary Note 3. Additional analysis of the properties of
loop predictions

To understand the specific properties of the loops predicted by each tool, we studied local
interaction frequency ranks and radii of predicted loops. We found the interaction frequencies
for 17—36% of loops predicted by Chromosight, RefHiC, Peakachu, and Mustache were local
maxima in a 3 x 3 region centered at loop predictions. In contrast, 75% of loops predicted by
HiCCUPS were local maxima in the same region (Supplementary Fig. 6). Loops predicted
by HiCCUPS had smaller radii than alternative tools (Supplementary Fig. 7). These two
observations explained the diffuse loop center in Fig. 2b. Although we define loops as locally
enriched significant interactions, they are not necessarily local maxima in terms of interaction
frequencies. To demonstrate the validity of non-locally-optimal loops, We moved all non-
locally-maximal loop predictions to locally maximal contact pairs in the surrounding 3 x 3
region. Supplementary Fig. 8 shows that for all comparisons excepts the HHCCUPS/RAD21,
revised predictions are worse than the original predictions.

Loop size estimation

Loops form blob-shaped patterns in Hi-C contact matrices, and we can approximately rep-
resent them as circles with a minimum radius of 0.5 bin. To estimate a predicted loop’s size
(radius), we utilized the scale space representation [27] in computer vision by treating Hi-C
contact maps around a loop prediction as an image. Briefly, for a given loop prediction at
contact bins (i, j), we extracted the 21 x 21 Hi-C sub-matrix centred at (7,j) and used the
‘blob_dog’ function in scikit-image [33] to compute the radius of the blob that covers (i, 7).
As not all loops could be detected by ‘blob_dog’, we only included loops with radii found by
‘blob_dog’ in our analysis.



Supplementary Note 4. Applying RefHiC to novel cell types

Although we demonstrated that RefHiC does not produce more false-positive predictions
than alternative tools in analyzing cohesin-depleted Hi-C data (Fig. 3a), we did not bench-
mark RefHiC in analyzing distant study samples. To evaluate it, we performed two different
experiments (i.e. method 1, and 2). We applied both methods to detect loops from test
chromosomes (chromosomes 15-17) on a downsampled GM12878 Hi-C contact (500M valid
contact pairs). Method 1 uses the default human reference panel and assumes that all test
chromosomes correspond to chromosome 2 in the reference panel. For instance, when com-
puting the loop score for the pair (chr15:100000-105000, chr15:180000-185000), we extracted
data for (chr2:100000-105000, chr2:180000-185000) from the reference panel. In this case, all
loops in our study sample are novel. Method 2 uses a new reference panel containing eight
samples. This new reference panel does not contain any samples that come from the same
developmental lineage as the study sample or samples such that the similarity [37, 16] be-
tween it and the study sample is larger than 0.7. Supplementary Fig. 14 shows that RefHiC
with input data configured as Method 1 performed equally well as conventional tools. At the
same time, worse than RefHiC (with default reference panel) and our deep learning baseline
model. RefHiC with reference panel defined as Method 2 is equally well as RefHiC (with
default reference panel).



Supplementary Note 5. RefHiC outperforms a global similarity
based approach

RefHiC’s superior performance is achieved by its deep learning module using local infor-
mation from the study sample and reference samples for topological structure annotation.
It is interesting to evaluate the performance of a simple approach that uses only reference
data similar to the study sample to make predictions. We first compared the study sample
against each reference sample with HiCRep [37, 16] and selected 5 reference samples most
similar to the study sample. We then performed Mustache and our baseline deep learning
model (Supplementary Note 2) to detect loops from the five reference samples. We evalu-
ated four different alternative approaches: Mustache top-1, predict loops as loops predicted
from the most similar reference sample by Mustache, Mustache top-5, predict loops as the
ensemble of loops predicted from the five reference samples by Mustache, DL-Baseline top-1,
predict loops as loops predicted from the most similar reference sample by our deep learning
baseline, DL-Baseline top-5, predict loops as the ensemble of loops predicted from the five
reference samples by our deep learning baseline. Applying both tools to the five samples
identified 19,890 (Mustache), and 32,520 (DL-Baseline) unique loops, and many of them are
nearby loops within 5 bins each other (i.e. a cluster of loops) within each set. Each cluster
may correspond to a single true loop. We thus used RefHiC’s pooling algorithm to select a
represent loop for each cluster while using the loop occurrence in the five samples as loop
score. We selected 2,962 (Mustache top-5) and 3,060 (DL-Basele top-5) loops at the end (a
simple voting ensemble does not work as most loops only occur once among the five samples).
Supplementary Fig. 17 shows RefHiC outperformed all other approaches significantly, and
some of the four proposed approaches are slightly worse than applying the corresponding
tool directly to the study sample.



Supplementary Table 1. Human reference panel

ID Sample Valid read pairs | Source
HIC00001 | 22Rv1 (prostate cancer cell line) 685096962 [7]
HIC00002 | 293TRex-Flag-BRD4-NUT-HA 1660296754 [28]
HIC00007 | BLaER (lymphoblastic leukemia cell line) 406322404 [30]
HIC00041 | HCT-116 (colorectal cancer cell line) 603179292 25
HIC00067 | HeLa Kyoto cell, Mbol G1 sync control 1045885928 35
HIC00090 | HepG2 (hepatocellular carcinoma cell line) 1759654311 [5]
HIC00091 | HL60/S4 (neutrophil-like Myeloid leukemia cell line) 478434139 [11]
HIC00113 | Nalm6 (B cell precursor leukemia cell line) 816274711 32
HIC00168 | WI38_RAF (WI-38hTERT/GFP-RAF1-ER) 602556180 29
HIC00172 | Embryonic stem cell, Cardiomyocyte differentiation : hESCs (day 0) 1914642484 [39]
HIC00183 | teloHAEC (endothelial cell line) 911486437 [14]
HIC00200 | Naive human embryonic stem cells 731906045 1]
HIC00203 | GM23248 (primary skin fibroblasts) 1797370277 [23]
HIC00221 | MDM (monocyte-derived macrophages) 590449106 [9]
HIC00269 | Astrocytes of the cerebellum primary cell 430822244 [5]
HIC00273 | HAP1 (near-haploid cell line) 413436528 8]
HIC00280 | Purified human germinal center B cells 426222299 (3]
FIC00287 | Liver 447028100 [15]
HIC00295 | Thymus 507309033 [15]
HIC00296 | H1 Embroynic Stem Cell 989388439 6]
HIC00310 | A549 00h 100 nM dexamethasone 1548684355 [5]
HIC00318 | HUVEC 438880295 [24]
HIC00319 | IMR90 1053932182 24
HIC00320 | K562 880877579 24
HIC00321 | KBM7 877658969 [24]
HIC00322 | NHEK 653628335 24]
HIC00337 | Gastric tissue 426476775 12
HIC00343 | Left Ventricle 547477074 12
HIC00354 | Spleen 490487515 [12]
HIC00360 | GMI2878 1994319522 [24]




Supplementary Table 2. Mouse reference panel

1D Sample Valid read pairs | Source
4DNFIKK3QG34 | 46C with Sox1-GFP 5370123882 [2]
4DNFIHBTUDOQ9 | Olfactory receptor cells 2024307320 20
4DNFIAVHP5AV | B cell derived cell line 1869747094 34
4DNFIMV54HXI | Olfactory receptor cells 1585896942 20
ADNFI5QJNFAT | F123-CASTx129 (Tier 2) 1072601088 13
4DNFIS5ZK13C | CH12 1163734014 34
4DNFI3M67261 | Olfactory receptor cells 1202229560 20
ADNFIPNPOHIT | B cell derived cell line 1125298567 34
4DNFI3QLT3KJ | B cell derived cell line 1203634092 34
4DNFI6RGITXL | ES-E14 812429482 36
4DNFIJLJIRKT | CH12.LX 770649212 26
4DNFIB8NZIAK | F123-CASTx129 with Sox2 tags and RMCE site between Sox2 and its SE 770655888 10
4DNFITSJBJIG | F123-CASTx129 with Sox2 tags and RMCE site between Sox2 and its SE 759678776 10
4DNFIASQYF5S | CH12 915292686 34
4DNFI4LHS8RMQ | ES-E14 with Flo/Flox deletion of M3 and Mll4 genes 717826154 36
4DNFIOPKGMBL | ES-E14 576226710 36
4DNFIB7TRFFBB | Sertoli cell 589079877 17
4DNFIX524X88 | ES-E14 with Flo/Flox deletion of MII3 and MIl4 genes 693626370 36
4DNFI37GAU3L | ES-E14 with Flo/Flox deletion of MI13 and MIl4 genes 579214478 36
4DNFIC453HVL | F123-CASTx129 (Tier 2) 514097723 13




Supplementary Table 3. Different datasets used in this study

Experiment Training | Evaluation Figure Identifier

GM12878 CTCF ChIP-Seq v Fig. 2g,h, 6b, 6f, Supplementary Fig. 10, 11, 15b, 16 ENCFF796WRU
GM12878 H3K27me3 ChIP-Seq v Fig. 6g ENCFF039JOT
GM12878 RAD21 ChIP-Seq v Fig. 6f, Supplementary Fig. 16 ENCFF662DRZ
GM12878 H3K36me3 ChIP-Seq v Fig. 6g ENCFF171IMDW
GM12878 SMC3 ChIP-Seq v Fig. 6f, Supplementary Fig. 16 ENCFF887CRE
IMR-90 CTCF ChIA-PET v Fig. 3e ENCFF682YFU
mESC CTCF ChIP-seq v Fig. 3h ENCFF508CKL
mESC CTCF ChIA-PET v Fig. 3g ENCFF550QMW
IMR-90 CTCF ChIP-Seq v Fig. 3f ENCFF203SRF
GM12878 RAD21 ChIA-PET v v Fig. 2e, 4d, Supplementary Fig. 4, 5, 8, 9, 12, 14, 17 ENCLB784HEF

GM12878 H3k27ac HiCHIP v v Fig. 4f, Supplementary Fig. 2a, Supplementary Fig. 3, 4, 5, 8, 9, 12, 14, 17 22

GM12878 SMC1 HiCHIP v v Fig. 2f, 4e, Supplementary Fig. 3, 4, 5, 8, 9, 12, 14, 17 21

GM12878 CTCF ChIA-PET v v Fig. 2d, 4c, 6¢c, Supplementary Fig. 3, 4, 5, 8, 9, 12, 14, 17 31
K562 CTCF ChIA-PET v Fig. 3b ENCFF001THV

K562 RAD21 ChIA-PET v Fig. 3¢ GSM 1436264

K562 CTCF ChIP-seq v Fig. 3d ENCFF119XFJ




Supplementary Table 4. TAD callers and parameters used in this study

Tool Configuration (Parameters)
CaTCH default (resol=5000)
EAST EAST?2, default (resol=5000)
HiTAD default (resol=5000)
GMAP default (resol=5000)
Armatus -m -N -r 5000 -g 0.5 -s 0.05 -n 100
deDoc default (resol=5000)
Grinch -e 1000000,2000000,500000 (resol=5000)
OnTAD -maxsz 600 (resol=5000)
Arrowhead | default (resol=5000)
DomainCall | default (resol=5000)
TopDom default (resol=5000)
ICFinder default (resol=5000)
HiCSeg 6 TADs per 1MB region, Gaussian distribution, block-diagonal model (resol=5000)
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Supplementary Figure 1. Comparison of loops predicted by RefHiC, Chro-
mosight, Peakachu, HiCCUPS, and Mustache on a small region of GM12878
HiC data (500M valid read pairs). Target annotations are loops revealed by experi-

mental data including CTCF ChIA-PET, RAD21 ChIA-PET, SMC1 HiCHIP, and H3K27ac
HiCHIP.
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Supplementary Figure 2. Additional comparison of RefHiC, Chromosight,
Peakachu, HICCUPS, and Mustache on GM12878 HiC data (500M valid read
pairs). a, Same as Fig. 2d, but compared against H3K27ac HiCHIP data. b, Same as
Fig. 2i, but for RefHiC’s and Peakachu’s predictions. Though most transcription factors are
more strongly enriched at Peakachu’s loop predictions than at RefHiC’s loop predictions, the
TF's involved in loop formulations are more strongly enriched at RefHiC loop predictions. c,
Same as ¢, but for RefHiC’s and Mustache’s prediction. The TF are enriched similarly at
both types of loop predictions.
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Supplementary Figure 3. Comparison of loops predicted by RefHiC and
DeepLoop on GM12878 HiC data (2000M valid read pairs). Number of
ChIA-PET/HiCHIP-supported loop predictions, among predictions made by RefHiC and
DeepLoop for test chromosomes 15-17 compared against CTCF ChIA-PET (a), H3K27ac
HiCHIP (b), and SMC1 HiCHIP (c). RefHiC’s loop predictions matches all data better than
predictions made by DeepLoop.
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Supplementary Figure 4. Comparison of RefHiC, Chromosight, Peakachu, HiC-
CUPS, Mustache, and Baseline (Supplementary Note 2) on GM12878 HiC data
of lower sequencing depths. Number of ChIA-PET /HiCHIP-supported loop predictions,
among the top predictions made by RefHiC and other tools, for test chromosomes chromo-
somes 15-17, compared against CTCF or RAD21 ChIA-PET, as well as H3K27ac or SMC1
HiCHIP. The Baseline model, which does not use a reference panel, does not perform as well

as RefHiC.
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Comparison of unique loops predicted by RefHiC,

Chromosight, Peakachu, HICCUPS, and Mustache on GM12878 HiC data (500M
valid read pairs). Number of ChIA-PET /HiCHIP-supported loop predictions, among the
top predictions made by RefHiC and other tools, for test chromosomes chr15-17, compared
against CTCF ChIA-PET (a), RAD21 ChIA-PET (b), SMC1 HiCHIP (c), and H3K27ac
HiCHIP (d). Only loops uniquely predicted by one of the four tools are being considered.
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Supplementary Figure 6. For each prediction tool, the heatmap shows the frac-
tion of predicted loops where the locally maximum interaction frequency is ob-
served at the site of the predicted loop itself (central pixel) or at one of the 8
neighboring pixels. HICCUPS tends to predict local maximas as loops. In contrast, only
17-36% of predicted loops produced by other tools, including RefHiC, are local maxima in
terms of read counts.
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Supplementary Figure 7. Radius of loops predicted by RefHiC and other tools.
The cumulative distribution of loop radius shows that HICCUPS predicted more narrow
loops than other tools, including RefHiC. In contrast, the distribution of loop sizes in Chro-
mosight’s, Peakachu’s, RefHiC’s, and Mustache’s predictions are similar.
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Supplementary Figure 8. Comparison of the performance of different prediction
tools, compared to a modified version (labeled ”revised”) where each loop pre-
diction is ”corrected” to the local maximum (in terms of read count) in the 3 x 3
sub-matrix around each original prediction.
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Supplementary Figure 9. Comparison of tools’ ability to identify rare and com-
mon loops. Number of ChIA-PET/HiCHIP-supported loop predictions, among the top
predictions of loop frequencies 0 (a-d), 1-5 (e-h), 6-10 (i-1), 11-15 (m-p), and 15-19 (q-t),
made by RefHiC and other tools, for test chromosomes chrl5, chr16, and chrl7, compared
against CTCF or RAD21 ChIA-PET, as well as H3K27ac or SMC1 HiCHIP. RefHiC’s loop
predictions matches those experimental data better than predictions made by other tools or
equally well for both rare and common loopsi
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Supplementary Figure 10. Comparison of RefHiC, robusTAD, and Insulation
score on detecting left TAD boundaries from GM12878 HiC data at lower se-
quencing depths. Number of predicted TAD boundaries for Hi-C data containing 2,000M
(a), 1,000M (b), 250M (c), 125M (d), and 62.5M (e) vaild read pairs supported by CTCF
ChIP-seq data (test chromosomes chrl5, chrl6, and chrl7).
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Supplementary Figure 12. RefHiC Detects loops using reference panel with
different samples for GM12878 Hi-C data (500M valid read pairs). Number of
ChIA-PET/HiCHIP-supported loop predictions among the top predictions made by RefHiC
using reference panels containing 5, 10, 20, 20 low coverage, and 29 Hi-C samples for test
chromosomes (chrl5, chrl6, and chrl7), compared against H3K27ac HiCHIP (a), SMC1
HiCHIP (b), RAD21 ChIA-PET (c), and CTCF ChIA-PET (d) data.
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Supplementary Figure 13. Details of the encoder and head modules. The task-

specific head has different output activation functions for TAD boundary (Tanh) and loop
(Sigmoid). w is a hyperparameter for square size, and d is embedding dimension.
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Supplementary Figure 14. Evaluating RefHiC’s ability to identify loops from
novel cell types by using GM12878 Hi-C data (500M valid read pairs) as input.
Number of ChIA-PET /HiCHIP-supported loop predictions, among the top predictions made
by RefHiC and other tools, for test chromosomes chromosomes 15-17, compared against
CTCF (a) or RAD21 (c¢) ChIA-PET, as well as H3K27ac (b) or SMC1 (d) HiCHIP. The
Baseline model is explained in Supplementary Note 2. Method 1 and 2 as explained in
Supplementary Note 4 are used to evaluate RefHiC’s ability to identify loops from novel cell

types.
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Supplementary Figure 15. Detection of TAD boundaries on GM12878 Hi-C
data (500 valid read pairs). a, TAD boundary pileups for right (c¢) boundaries predicted
by RefHiC. b Number of RefHiC, RobusTAD, and Insulation score predicted right TAD
boundaries supported by ChIP-seq identified CTCF binding sites on the reverse (CTCF-)
strand.
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Supplementary Figure 16. ChIP-seq peak signals for CTCF, RAD21, and SMC3
around TAD boundaries annotated by each tool.
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Supplementary Figure 17. Comparison of loops predicted by RefHiC, baseline,
Mustache, and four reference only approaches described in Supplementary Note
5 on GM12878 HiC data (500M valid read pairs). Number of ChIA-PET /HiCHIP-
supported loop predictions, among predictions made by each tool for test chromosomes 15-17
compared against CTCF ChIA-PET (a), H3K27ac HiCHIP (b), RAD21 ChIA-PET (c), and
SMC1 HiCHIP (d). RefHiC’s loop predictions matches all data better than predictions made
by alternative methods.
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