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Integrating extrusion complex-associated
pattern to predict cell type-specific
long-range chromatin loops

Yajing Deng,’?2 Li Tang,"® Xiaolong Zhou," Wenkang Wang," and Min Li"**

SUMMARY

The chromatin loop plays a critical role in the study of gene expression and dis-
ease. Supervised learning-based algorithms to predict the chromatin loops
require large priori information to satisfy the model construction, while the pre-
diction sensitivity of unsupervised learning-based algorithms is still unsatisfac-
tory. Therefore, we propose an unsupervised algorithm, Ecomap-loop. It takes
advantage of extrusion complex-associated patterns, including CTCF, RAD21,
and SMC enrichments, as well as the orientation distribution of CTCF motif of
loops to build feature matrices; then the eigen decomposition model is employed
to obtain the cell type-specific loops. We compare the performance of Ecomap-
loop with the state-of-the-art unsupervised algorithm using Hi-C, ChlA-PET,
expression quantitative trait locus (eQTL), and CRISPR interference (CRISPRIi)
screen data; the results show that Ecomap-loop achieves the best in four cell
types. In addition, the functional analysis reveals the ability of Ecomap-loop to
predict active functionality-related and cell type-specific loops.

INTRODUCTION

The three-dimensional architecture of chromatin plays an important role in maintaining normal gene
expression levels,? marking cell specificity, and regulating cell growth and development.® In the past
decade, the development of chromosome conformation capture (3C) techniques® facilitated the identifica-
tion of chromatin interactions. To obtain higher resolution and throughput, the 3C-based assay has evolved
from "one-to-one" (3C)° to "one-to-many" (circular chromosome conformation capture/chromosome
conformation capture-on-chip, 4C),” "many-to-many" (chromosome conformation capture carbon
copy, 5C),% and "high-throughput chromosome conformation capture” (Hi-C),”"° which enables high-
throughput genome-wide remote chromatin interaction analysis. To detect the chromatin interactions
mediated by specific proteins, chromatin interaction analysis using paired end tag sequencing (ChlA-
PET)""'? and in situ Hi-C followed by chromatin immunoprecipitation (HiChIP) and proximity ligation-assis-
ted ChIP-Seq (PLAC-seq)'*'* have been proposed, which capture the effect of chromatin structure through
the viewpoint of targeted proteins. The hierarchical chromatin organization can be studied mainly at four
levels: chromosome territory, chromatin compartments, topologically associating domain (TAD), and
chromatin loops.® The chromatin loops are the basic building blocks for the 3D architecture of chromatins,
which establish regulatory networks between the distant elements through their physical proximity.'® How-
ever, limited by the cost and technical issues of wet-lab experiments, it is still a great challenge to identify
the chromosome loops of unrecognized cell types or species.

Recently, some machine learning-based algorithms have been emerged to solve the difficulties of identi-
fying chromatin loops and investigating their regulatory function. These methods can be categorized into
supervised and unsupervised, according to whether using 3C-identified loops for model training or
not."®"” For the supervised algorithms, the multi-omics features or genomic sequences were usually
used to construct the feature matrix, and the chromatin interactions from Hi-C, ChIA-PET, HiChIP, and
so on were used to generate the positive and negative training sets.'®?' However, these algorithms
require large number of inputs to train the model, which is hard to apply to the uncharacterized cell types,
and the prediction procedure usually takes a long time to complete. For the unsupervised algorithms, the
distance and some other genomic characteristics were used as model features to infer the chromatin
loops. Ernst et al.”” and Thurman et al.”> employed the correlations between enhancers and promoter
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DNasel-hypersensitive sites (DHS) and the expression levels in specific regulatory regions to perform the
prediction. PreSTIGE?" utilized a linear domain model to link the enhancers to their target genes.
EpiTensor”” derived 3D interactions between distal genomic loci from 1D epigenomic data. Although
these methods require less inputs and running time compared to the supervised methods, the accuracy
of them is still unsatisfactory, which needs to be improved.w6

With this in mind, we propose Ecomap-loop, which integrates extrusion complex-associated pattern to pre-
dict the cell type-specific chromatin loops. Ecomap-loop extracts the relevant patterns between three-
dimensional structure of chromatin and epigenomics data and then generates the feature matrix with eigen
decomposition, through which all the patterns are binned and summarized to the linear locus of genome.
The predicted results are evaluated with 3C-based data, expression quantitative trait Loci (¢QTLs), and clus-
teredregularly interspaced short palindromic repeats interference or inhibition (CRISPRi) screen data, which
showed that Ecomap-loop outperformed the other methods. Finally, the functional analysis indicated that
Ecomap-loop can be used to predict the active functionality-related and cell type-specific loops.

RESULT
Extrusion complex-associated pattern (Ecomap) facilitates the prediction of chromatin loops

Considering the loop extrusion model, in which a complex, including the proteins CCCTC-binding factor
(CTCF) and cohesin, mediates the formation of loops by a process of extrusion.?® The cohesin complex con-
sists of structural maintenance of chromosomes protein (SMC), double-strand break repair protein
(RAD21), and so on.?” CTCF is a widely expressed class of transcription factors that are important for the
local anchoring of loop structures.'®'? In the extrusion model, when a loop is established and the extrusion
complex stops sliding, the DNA located around the extrusion complex is maintained rigid (Figure 1A).
Recently, some studies uncovered that the orientation of the CTCF motif is critical for the formation of
the loop, which includes convergent, tandem (leftward and rightward), and divergent motif patterns (Fig-
ure 1B). And there is an orientation preference of convergent that with higher contact frequency than the

. . 1
other orientations. 012

To investigate whether the extrusion complex-associated pattern facilitates the prediction of chromatin
loops, we firstly collected H3K27ac ChIA-PET loops and characterized the type of loops into enhancer-
enhancer (E-E), enhancer-promoter (E-P), and promoter-promoter (P-P) (see STAR Methods). The
characterization showed E-P loops occupied the most percentage (43.35%), followed by E-E loops
(32.1%) (Figure 1C), which was consistent with the finding that H3K27ac-mediated loops identified func-
tional enhancer interactions.”® Then ChIP-seq datasets of CTCF, SMC, and RAD21 in K562 cell line were
collected and mapped to the different types of H3K27ac ChIA-PET loops, respectively (see STAR Methods);
the results indicated the ChIP-seq peaks of three proteins enriched near the anchors of loop. As the pro-
moter anchor positions of H3K27ac-mediated loops were high transcriptional activity related, which tend
to have higher ChIP-seq signal, thus, the P-P loops showed the highest enrichment of ChIP-seq peaks, fol-
lowed by E-P loops (Figure 1D). And we annotated all the ChIA-PET loops with CTCF motifs, of which 78%
were associated with bound CTCF at both anchors; within these associated loops, 64% were convergent,
33% were tandem, and 3% were in the divergent orientation (Figure 1E). Our analysis result was consistent
with the previous finding that the convergent orientation was required for the formation of loops.'%?¢?7:%
Then we used a random forest classifier to compute the feature importance with mean decrease in impurity
(MDI), which was defined as the mean and SD of accumulation of the impurity decrease within each clas-
sifier tree (Figure 1F). We observed that the ranking of importance was identical between three types of
loops, suggesting the long-range chromatin loops were predictable through these extrusion complex-
associated patterns. And the orientation of CTCF motifs showed higher importance than the others, which
provided the basis for subsequent model design. The feature importance of CTCF motif orientation is
similar for three types of anchors, indicating that the feature occupied similar weight in the prediction
model for all the loops, not affected by the anchor types.

Ecomap-loop: Integrating extrusion complex-associated pattern to predict cell type-specific
long-range chromatin loops

As extrusion complex (CTCF, RAD21, and SMC) plays important role in the formation of loops, the
bounding pattern of which has been proved to benefit the prediction of chromatin interactions.'? Here
we propose an unsupervised algorithm Ecomap-loop (Figure 2), which integrates the bounding pattern
of extrusion complex to predict the long-range chromatin loops in a cell type-specific manner. The model
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Figure 1. Extrusion complex-associated pattern (Ecomap) facilitates the prediction of chromatin loops

A) Diagram of extrusion complex in loop formation.

B) Diagram of three types of CTCF motif orientation (divergent, tandem, and convergent) bound to DNA.

C) Percentage of E-E, E-P, and P-P loops in K562-H3K27ac ChIA-PET dataset.

D) The ChIP-seq peak enrichment of CTCF, RAD21, and SMC in three types of loops of K562-H3K27ac ChIA-PET dataset.
E) Percentage of divergent, tandem, and convergent CTCF motifs.

(
(
(
(
(
(F) MDI feature importance in three types of loops.

of Ecomap-loop can be divided into three parts: calculating the read coverage of CTCF, RAD21, and SMC
on each fragment, the evaluation for CTCF motif orientations, and the eigen decomposition by using the
assays including histone marks ChlIP-seq and DNase-seq of different cell types (see STAR Methods).

Considering the final prediction effect and the changes of coverage rate led by the different lengths of
different gene fragments, the number of base pairs is regarded as an evaluation indicator to present the
coverage of CTCF, RAD21, and SMC on different fragments. Then the coverage value of three proteins
is calculated on different fragments as V.. Then we evaluate the matching probability and the orientations
of CTCF motif for each fragment; a matching score V¢ is calculated. As four orientations occur in different
frequencies across all the loops, we assigned different weights to different orientations. Finally, the epige-
nomics data including histone mark ChlP-seq and DNase-seq data are used to build the eigen decompo-
sition part, and we capture the peaks with covariation as chromatin interaction. We calculate an association
score Vq to measure the strength of interaction. The final score of Ecomap-loop is defined as the sum of the
three parts.

Evaluation of predicted chromatin loops with 3C-based experimental datasets

To evaluate the prediction results of Ecomap-loop, we downloaded the Hi-C experiment data of K562,
GM12878, IMR90, and HepG2 with 5-10 kb resolution'® (see STAR Methods), which were regarded as pos-
itive samples. As most of the earlier unsupervised methods did not provide source code, here we used the
state-of-the-art method EpiTensor for comparison. The predicted loops from EpiTensor were ranked in
terms of their association scores (AS), and the predicted loops from Ecomap-loop were ranked in terms
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Figure 2. The schema of Ecomap-loop

The model of Ecomap-loop can be divided into three parts: calculating the read coverage of CTCF, RAD21, and SMC on
each fragment as V., calculating the evaluation score for CTCF motif orientations as Vg, and the eigen decomposition by
using the assays including histone marks ChIP-seq and DNase-seq of different cell types as Vq. The final E-E, E-P, and P-P
loops are measured with score V. The blue peaks indicate the ChIP-seq peaks across the genome. The green arrows
indicate the CTCF motif orientation.

of the final evaluation scores (ES). The predicted loops validated by the Hi-C contacts were defined as
true positives; the predicted loops not validated by the Hi-C contacts were defined as false positives;
the loops not predicted while validated by the Hi-C contacts were defined as false negatives; and the
loops not predicted and not validated by the Hi-C contacts were defined as true negatives. To generate
the receiver operating characteristic (ROC) curve, we changed the threshold of AS and ES gradually to
calculate a series of sensitivity and specificity values. Then the area under the curve (AUC) for different
cell lines were calculated. The ROC curves of EpiTensor are simple fold lines, which may be due to the
low number of positive samples predicted by EpiTensor. And the AUC values of Ecomap-loop were higher
than those of EpiTensor in three loop types across the cell lines of K562, GM12878, IMR90, and HepG2 in
which Ecomap-loop achieved the highest AUC increasing of 20.9% in the E-P loop (K562) dataset
(Figure 3A).

To further validate the prediction results, we collected the ChIA-PET experimental datasets of four cell
types from ENCODE®" as positive samples (see STAR Methods). Similar as the validation of Hi-C experi-
mental data, we change the AS and ES gradually to generate the ROC curve and the definition of true pos-
itives, false positives, false negatives, and true negatives depending on the consistency between predicted
loops and ChIA-PET loops. The comparison results indicated that Ecomap-loop outperformed EpiTensor
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Figure 3. Evaluation of predicted chromatin loops with Hi-C experimental datasets

(A) The receiver operating characteristic (ROC) curves are generated by changing the threshold of AS and ES gradually; the area under the curve (AUC) for
different cell types were calculated.

(B) Example of prediction results near MYC gene locus.

(C) Example of prediction results near JAK2 gene locus.

in all the cell types and loop types, in which Ecomap-loop achieved the highest AUC increasing of 15.0% in
the P-P loop (GM12878) dataset (Figure S1).

In the study of Fulco,*? the interactions between MYC and 7 enhancers were identified in K562 cell line.
Here we checked the prediction results of Ecomap-loop and EpiTensor near the MYC locus with K562 data-
sets, which showed Ecomap-loop can predict the loops of MYC-e1, MYC-e2, MYC-e4, and MYC-e5, while
EpiTensor only predicted the loop of MYC-e5 (Figure 3B). In the study of Mattews,>* JAK2 gene promoter
interacts with an enhancer 222 kb away and relates to the myeloproliferative disorder. The enhancer has an
H3K27ac peak and harbor the SNP rs385893. Presence of SNP within the H3K27ac peak alters the transcrip-
tion factor binding property of that region and thus causes reduced interaction with JAK2 promoter. The
prediction results showed Ecomap-loop can predict the loop of JAK2-rs385893, while no loop was
detected by EpiTensor in the region (Figure 3C).

Overall, the validation comparison between Ecomap-loop and EpiTensor in Hi-C and ChIA-PET experi-
mental datasets across four cell types revealed the high sensitivity of Ecomap-loop to predict E-E, E-P,
and P-P chromatin loops.

Validation of predicted chromatin loops with eQTL and CRISPRi datasets

eQTLs are genetic loci that control the expression level of genes for quantitative traits, which paralleled the
adoption of genome-wide association studies (GWAS) to analyze the complex traits and disease in humans.
It has become common to interpret noncoding variant-gene associations using eQTL data.***> Here we
obtained the reliable chromatin associations from eQTL datasets of each cell line to validate the predicted
loops (see STAR Methods). Because the number of eQTL loops was relatively less than the number of loops
detected by sequence-based techniques (such as Hi-C and ChlA-PET), we used the overlapping percent-
age between predicted loops and eQTL loops to measure the precision of Ecomap-loop and EpiTensor.
Before calculation, the predicted loops from Ecomap-loop and EpiTensor were ranked by AS and ES,
respectively, and the top 20% chromatin loops were retained for the calculation. The comparison results
revealed that the precision of Ecomap-loop outperformed EpiTensor in four cell lines and three loop types.
In addition, it was expected that the overlapping percentage of E-E loops was observed the highest across
three loop types for both Ecomap-loop and EpiTensor as eQTL detected the chromatin associations of
noncoding variants and most of them linked to enhancers (Figure 4A).

We next validated Ecomap-loop-predicted loops by comparing them to functionally validated enhancer-
promoter pairs identified via systematic CRISPRi screen.®® In the study of Klann et al., several candidate reg-
ulatory elements were perturbed and the expression changes of gene HBET were detected in K562 cell
line.*® We collected the ChIP-seq signal tracks of H3K27ac, H3K4me1, H3K4me3, CTCF, RAD21, and
SMC3 in K562 and mapped the Virtual 4C profile,® CRISPRi screen interaction, and predicted loops
from Ecomap-loop to these tracks. The mapping results showed the CRISPRi screen interactions were
predicted by Ecomap-loop. Besides, the furthest upstream loops predicted by Ecomap-loop have been
validated by 4C profile (Figure 4B).

Functional analysis revealed the cell type-specific prediction ability of Ecomap-loop

To analyze the regulatory functionality of predicted loops, we firstly annotated the loop anchors with active
histone marks and filtered the loops with both anchors active (see STAR Methods). We calculated the per-
centage of active loops for each cell type and loop type, which showed that the prediction of GM12878 cell
type had the most active loops (>60%) in three loop types. And E-E loop was observed with the highest
percentage of active loops across four cell types (Figure 5A). Then we extracted the ChIP-seq peak signals
of H3K27ac, H3K4me1, and H3K4me3 at the locus of anchors; the active loops were observed with higher
histone marks binding signal than the common loops in four cell types. The p value was calculated by the
Wilcoxon test, indicating that the active loops had higher chromatin activity than the common loops
(Figure 5B).
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Figure 4. Validation of predicted chromatin loops with eQTL and CRISPRi datasets

(A) Overlapping percentage between eQTL loops and Ecomap-loop/EpiTensor-predicted loops in four cell types and three loop types.

(B) Genomic tracks of virtual 4C profile, CRISPRi screen interactions, and Ecomap-loop predictions near the GATAT gene locus. The red triangles indicate the
CRISPRI testing positions.

We next extracted the genomic positions of active anchors for each cell type individually, then annotated
the positions with the nearest genes, and the active gene sets were used to detect the gene ontology (GO)
enrichment by Metascape®® with the p value cutoff of 0.01, minimum overlap of 3, and minimum enrichment
of 1.5.%® The significant enriched terms related to the cell type identity were selected and showed. For
K562, the GO terms enriched in leukemia and immunity. For GM12878, the GO terms enriched in lympho-
cyte activation and related regulation process. For IMR90, the GO terms enriched in lung cancer and
morphogenesis. For HepG2, the GO terms enriched in liver development and disease. These results indi-
cated that the loop anchors contributed to the corresponding cell identity, suggesting the loops predicted
by Ecomap-loop were cell type-specific (Figure 5C).

DISCUSSION

With the rapid development of 3C-based techniques and high-throughput sequencing, we have known
that human interphase chromosomes are folded into multiple layers of hierarchical structures, including
chromatin territory, compartment, topologically associated domain (TAD), and chromatin loop. Among
them, the chromatin loop by definition is two genomic loci that are physically closer in the nucleus than their
intervening sequences, which play an important role in gene expression and disease-associated studies.
Recently, some supervised-learning algorithms have been developed to eliminate the obstacles of wet-
lab experiments, while these algorithms require large data input and long running time. Thus, a fast and
easy-to-use algorithm with high sensitivity is required in this area. In this study, we develop an unsuper-
vised-based algorithm, Ecomap-loop, to predict the cell type-specific long-range chromatin loops.

The contribution of CTCF and cohesin to the formation of E-P loops is still an open question. Some studies have
revealed the extrusion complexes do not contribute to the E-P interactions significantly,”” while other cases
found that CTCF is directly involved in E-P interactions.'®'*"? Although the opposing statement exists, the
consensus view is that CTCF and cohesin are the important mediator of chromatin loops.”'® In our study, we
did not use the extrusion complexes to distinguish the anchor type of enhancer/promoter. For the classification
of promoter/enhancer, we used GENCODE data and the EnhancerAtlas to annotate the loops (see STAR
Methods). Through these steps, we get the prediction of E-P loops on the basis of all the chromatin loops.
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Figure 5. Functional analysis revealed the cell type-specific prediction ability of Ecomap-loop
(A) Percentage of active loops in four cell types and three loop types predicted by Ecomap-loop.
(B) Histone mark ChlIP-seq peak signal of active loop anchors in four cell types.

(C) Cell identity GO enrichment of active loop anchors in four cell types.

Recently, some studies have incorporated CTCF and cohesin binding information to predict 3D loops
in silico. In the studies of Oti et al.*" and Matthews et al.,*” the features of CTCF and cohesin were consid-
ered individually, and only the interactions anchored by cohesin and CTCF were predicted. In our study, we
employed the extrusion complex-associated pattern, including CTCF orientation and CTCF/cohesin
bounding, to construct an unsupervised-learning model to perform the prediction. Ecomap-loop can pre-
dict all the possible loops across the genome, including the CTCF/cohesin-mediated ones. Besides, the
prediction results of Ecomap-loop were classified into E-E, E-P, and P-P.

The prediction results of Ecomap-loop have been validated by Hi-C, ChIA-PET, eQTL, and CRISPRi data.
The benchmarking results show that Ecomap-loop outperforms the state-of-the-art unsupervised algo-
rithm EpiTensor. For further comparison, we evaluated the number of loops predicted, median loop
length, and the number of genes covered for the two methods (Table S1). The inputs for Ecomap-loop
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and EpiTensor are different. The data matrices used for EpiTensor are generated from histone ChIP-seq
data. The input for Ecomap-loop included the CTCF, SMC, and RAD21 ChlIP-seq data and the CTCF motif
matrix with orientation information. To make the comparison as fair as possible, we processed Hi-C and
ChIA-PET datasets with the same steps for Ecomap-loop and EpiTensor to generate the positive samples.
Then we defined the true positive, false negative, true negative, and false negative as described by the
EpiTensor paper. To generate the ROC curve, we changed the threshold of loop score gradually to
calculate the sensitivity and specificity.

To check the ability of predicting inactive loops, we extracted the ChIP-seq signal of H3K27me3 at the locus
of anchors; the inactive loops were observed with higher H3K27me3 histone mark binding signal than the
common loops (Figure S2). Overall, Ecomap-loop can predict not only active loops but also inactive loops,
which facilitates the further mining of gene regulation mechanism under the context of 3D architecture.

Limitations of the study

Compared with other unsupervised learning-based algorithms to predict the chromatin interactions, Ecoma-
p-loop makes use of the orientation distribution of CTCF motif of loops and the enrichments of CTCF, RAD21,
and SMC on loops to improve the prediction accuracy. However, there are still some limitations. Firstly,
Ecomap-loop requires a variety of input files, including CTCF, RAD21, and SMC ChlIP-seq data, CTCF motif
matrix, and gene annotation files. For different cell lines, the publicly accessible files may not completely
satisfy the requirements. Secondly, Ecomap-loop takes a substantial amount of computational resources
and time to process the data for cell lines in the whole genome, which needs to be improved in the future.
Thirdly, Ecomap-loop divides the whole genome into different segments, including promoter, enhancer,
and other regions, while the regions overlapped with both promoter and enhancer should be treated properly.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

GENCODE Frankish et al., 2021 https://www.gencodegenes.org/

EnhancerAtlas Gao and Qian, 2020** http://www.enhanceratlas.org/downloadv2.php

ROADMAP Roadmap Epigenomics http://www.roadmapepigenomics.org/
Consortium et al., 2015%°

ENCODE ENCODE Project https://www.encodeproject.org/(See Table S2)
Consortium, 2012°"

GEO Rao et al., 20140 http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE63525

ucsc Lander et al., 2001%° https://genome.ucsc.edu/

Software and algorithms

Ecomap-loop This study https://github.com/CSUBioGroup/Ecomap-loop
EpiTensor Zhu et al., 2016*° http://wanglab.ucsd.edu/star/EpiTensor/
BEDTools(v2.30) Quinlan and Hall, 2010%/ https://bedtools.readthedocs.io/en/latest/
Deeptools Ramirez et al., 2016*° https://deeptools.readthedocs.io

FIMO(v5.4) Grant et al., 2011%? https://meme-suite.org/meme/doc/fimo.html
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the lead con-
tact, Min Li (limin@mail.csu.edu.cn).

Materials availability

This study did not generate new unique reagents.

Data and code availability

This paper analyzes existing, publicly available data. These accession URLs for the datasets are listed in the
key resources table. The accession numbers of publicly Epigenomics datasets used in this study are shown
in Table S2.

Source code and tutorials are publicly available online at https://github.com/CSUBioGroup/Ecomap-loop.

Any additional information required to reanalyze the data reported in this paper is available from the lead
contact upon request.

METHOD DETAILS
Annotation of loop types

The entire genome is divided into three parts: promoter, enhancer and other. Other regions are defined as
the remaining portion of the genome not overlapping with annotated promoters and enhancers. We
download the GFF3 file of human GRCh37 (v19) in GENCODE (https://wwwgencodegenesorg/).43 The
promoter regions are defined as the region 1000 bp upstream and 1000 bp downstream of each gene tran-
scription start site. The enhancer regions are accessible in EnhancerAtlas (http://www.enhanceratlas.org/
downloadv2.php)** which provides enhancers predicted by combining the results of different analyses of
high-throughput data in humans (hg19). All the predicted loop anchors overlap with the promoters or
enhancers with at least 1 bp were retained, here BEDTools" is used to count the overlapping length.
Then we extract the promoter parts and enhancer parts from the predicted loops, and concentrate on
the promoter-enhancer pairs, promoter-promoter pairs, and enhancer-enhancer pairs.
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Enrichment of ChIP-seq peaks in loops

We firstly download the raw fastq sequencing files of K562-H3K27ac ChIA-PET, then trim the linkers and
align the reads to reference hg19, the alignment results are converted to bigwig format with bamCoverage
of deepTools.”® And the ChIP-seq peaks of CTCF, RAD21, and SMC are collected in bed format, then the
regions of E-E, E-P and P-P loops were used to extract the corresponding alignments from ChIA-PET
bigwig file. We next calculate the reads density with the bin length of 10bp for three loop types at the
ChIP-seq peak center with 3 kb upstream and 3 kb downstream. Finally, the matrices of read density are
used to generate the enrichment plot.

Implementation of Ecomap-loop

The implementation of Ecomap-loop can be divided into three parts, calculating the read coverage of
CTCF, RAD21 and SMC on each fragment, the evaluation for CTCF motif orientations and the eigen
decomposition by using the assays including histone marks ChIP-seq and DNase-seq of different cell types.

As CTCF, RAD21 and SMC are reported as the extrusion complex and play important role in loop forma-
tion, the ChIP-seq peaks of CTCF, RAD21 and SMC are downloaded from ENCODE (https://www.
encodeproject.org/) for each cell line, then coverageBed function of BEDTools"’ is used to obtain the
coverage rate and the number of base pairs of CTCF, RAD21 and SMC peaks covering with on each frag-
ment. Considering the final prediction effect and the changes of coverage rate led by the different lengths
of different fragments, here we use the number of base pairs as an evaluation indicator to present the
coverage of CTCF, RAD21 and SMC on different fragments. To balance the impact of such a high coverage
threshold, we have experimentally assigned different coefficients to the coverage and determined its final
coefficient to be 0.1. Then we combine all the promoters and enhancers genome-wide as E-E, E-P, and P-P
pairs. After matching all the CTCF data, RAD21 data and SMC data to the pairs, we sort them by the
genomic locus, through which the fragment with smaller genomic coordinate is placed in front, named
fragment-1, and the fragment with larger genomic coordinate is placed behind, named fragment-2. The
coverage of CTCF, RAD21 and SMC are defined as V. = 0.1 % (C; +C; +Ry +Ry +S1 +53), where Cq rep-
resents the CTCF coverage score of fragment-1, and C; represents the CTCF coverage score of
fragment-2. Similarly, R1, Rz, Sy and S, are the RAD21 coverage score of fragment-1, the RAD21 coverage
score of fragment-2, the SMC coverage score of fragment-1, and the SMC coverage score of fragment-2,
respectively.

There are four orientations of CTCF motif on interactions, including convergent, tandem leftward, tandem
rightward and divergent. To evaluate the orientations of CTCF motif on both ends of loops, we employ
FIMO,*? which is a motif scanning tool in the MEME suit to scan each promoter and enhancer fragment.
FIMO needs a motif file containing MEME formatted motifs and a sequence file in FASTA format as input,
then reports all possible positions in each sequence that match a motif with the corresponding stand,
matched sequence, log likelihood ratio score, p value, and g-value. We next process the orientations of
CTCF motifs on each fragment, firstly, we download the hg19 genome sequence in UCSC (https://
hgdownload.soe.ucsc.edu/) and the meme motif format data of CTCF in JASPER (https://jaspar.
genereg.net/)*° to get the position-dependent letter-probability matrices that describe the probability
of each possible letter at each position in the pattern. Then we extract the sequences in.fasta format for
each promoter and enhancer by using getfasta function in BEDTools package. Next, we use the FIMO
to identify the candidate CTCF binding sites and their corresponding chains. Finally, we filter for maximum
value in both forward and reverse strands of each promoter and enhancer from the output files of FIMO and
preserve the DNA strand information for each fragment.

We use Fi, to represent the CTCF motif score of fragment-1 on the forward strand, F,_ represents the
CTCF score of fragment-2 on the reverse strand, F;_ represents the CTCF score of fragment-2 on the
reverse strand, and F,, represents the CTCF score of fragment-2 on the forward strand. Thus, the conver-
gent orientation of CTCF on both ends of interactions can be described as Fc = /(F1+ XF,_). Similarly,
the tandem rightward orientation and the tandem leftward orientation are described as
Fie = /(F1+ XFo, ) and Fy = /(F1_XF,_), respectively, and the Fy = \/(F1_XF,, ) stands for the diver-
gent orientation. However, these orientations have different frequencies across all the loops. The conver-
gent orientation has been proved be the majority part (around 64.5-92%) in four orientations, while the
divergent orientation is rare because of its structural instability. Therefore, we assign different weights
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for these orientations in different experiments and validate the corresponding results in four cell lines to
choose the optimal weights for different orientations. The equation to evaluate the orientations of CTCF
motifs on both ends of interactions is defined as following,

Vi = 0.7 X Fe+0.15 X Fy +0.15 X Fy

Finally, we use epigenomics data including histone ChIP-seq and DNase-seq data to construct the eigen Q,
which can be divided into three feature matrices, as shown below,

Q = QXWAXZBX3C

Where A, B, C represent the feature matrix of the cell type, the genomic locus of epigenomic data and the
epigenomics data such as DNase-seq data and different histone mark ChIP-seq data by eigen decompo-
sition. Gis the Core third order matrix among three feature matrices. The definitions of the 1-mode product
Gx1A, the 2-mode product Gx,B and the 3-mode product Gx3C are shown as below,

J1
f1igls = Z Girjal A

=1

(G%x4A)

J2
(g X ZB)hins = Z Yirjais biZjZ

=1

3=

J3
(G%35C) 1, = D FiyiisCios
1

Thus, we can get another equation as following,

s b

Qyiyiy = E E E:ghj;jg,aimbiz]zcbja

j3=1j=1j=1

where iyiyiy 19 the specific value in (i1, iz,i3) of Q, which is the same as Gjisiar i bisi,s Cisjy -
Here we focus on the feature matrix of the genomic locus. Then we capture the peaks with co-variation
across different cell types and epigenomic datasets by dimensionality reduction, inferring that there is a
physical association between them, and determining the type of association based on the gene region
in which the peak loci are located. We use Vq = vhyXh; to define the association between two peaks,
where hy and h; are the strength of two peaks, respectively. And the final score of Ecomap-loop is defined
asV = Vc + Vg +VQ.

Process of 3C-based experimental datasets

To evaluate the predicted loops, we used the public Hi-C and ChIA-PET datasets of K562, GM12878, IMR90
and HepG2 to generate the positive loops. For Hi-C datasets, the Hi-C matrix are downloaded from 4DN
data portal (https://data.4dnucleome.org/)°! with resolution of 5 kb, then we call the Hi-C interactions by
HiCCUPS®? with default parameters. Since we concentrate on the E-E, E-P, and P-P loops, here we narrow
down the Hi-C interactions with the promoters from ENCODE and the enhancers from EnhancerAtlas in a
cell type-specific manner. For the ChlA-PET datasets, we obtain the interactions from ENCODE with bedpe
format, like Hi-C data, we use promoters and enhancers to narrow down the ChIA-PET interactions.

We divided the whole genome into different segments, including promoter, enhancer, and others. All the
enhancer and promoter segments are combined to obtain the possible promoter-promoter, enhancer-
enhancer and promoter-enhancer pairs. For each pair, we got a final score V, which is the sum of V¢, Vg,
Va. We arranged the possible pairs according to the score V. The pairs with V greater than the pre-setting
threshold are regarded as loops predicted by Ecomap-loop, which are positive samples, and the others are
regarded as loops not predicted by Ecomap-loop. Then, we regarded the pairs whose both-end overlap-
ped with the loops in Hi-C data as loops validated by Hi-C experiments, and the other pairs are defined as
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loops not validated by Hi-C experiments. The process of ChlA-PET data for the verification is the same
as Hi-C.

Process of eQTL datasets

We curate the published eQTL datasets from eQTL Catalog (https://www.ebi.ac.uk/eqtl/Data_access/), for
K562, lymphoblastoid cell line (LCL) eQTL data are used; for GM12878, blood tissue eQTL data are used;
for IMR90, lung tissue eQTL data are used; for HepG2, liver tissue eQTL data are used. The variant-gene
pairs with the highest PIP within each credible set are extracted as the candidate chromatin loops, and
we extend 1000bp length on both ends for each variant, the regions of extended variants are regarded
as left anchors, and the paired target genes are regarded as right anchors.

Detection of active loops

Active and inactive promoters/enhancers are connective with the bounding pattern of histone marks. The
histone mark H3K27me3 is regarded as the sign of inactive promoters and inactive enhancers,”*** while
active enhancers have deposition of H3K27ac,”” and H3K4me3 localizes at the active promoter regions.™
In this study, active promoters are defined as the promoter regions overlapped with the H3K4me3 peaks
and not overlapped with the H3K27me3 peaks, while active enhancers are defined as the enhancer regions
enriched with H3K27ac. These active promoter-active enhancer pairs, active promoter-active promoter
pairs and active enhancer-active enhancer pairs (validated by Hi-C experimental data, ChIA-PET experi-
mental data etc.) are assumed as active loops. Here we use the intersect function of BEDTools to obtain
the active enhancers by extracting the intersections of enhancers and the H3K27ac peaks for correspond-
ing cell types. The active promoters are accessible by extracting the intersections of promoters and sub-
tracting the H3K4me3 peaks to extract the differences of the intersections and H3K27me3 peaks.

QUANTIFICATION AND STATISTICAL ANALYSIS

Data were analyzed using Python. Details of specific statistical analyses are included in the main text. The
AUC curves were generated using the matplotlib in python. The bar graph, box graph, and arc graph were
generated with the R package ggplot2. For differences between the peak signals of histone marks, we used
the Wilcoxon test to calculate the p value. Statistical significance was defined as p < 0.05.
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