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SUMMARY

The regulatory effect of non-coding large-scale structural variations (SVs) on proto-oncogene activation re-
mains unclear. This study investigated SV-mediated gene dysregulation by profiling 3D cancer genomemaps
from 40 patients with colorectal cancer (CRC). We developed a machine learning-based method for spatial
characterization of the altered 3D cancer genome. This revealed a frequent establishment of ‘‘de novo chro-
matin contacts’’ that can span multiple topologically associating domains (TADs) in addition to the canonical
TAD fusion/shuffle model. Using this information, we precisely identified super-enhancer (SE)-hijacking and
its clonal characteristics. Clonal SE-hijacking genes, such as TOP2B, are recurrently associated with cell-cy-
cle/DNA-processing functions, which can potentially be used as CRC prognostic markers. Oncogene activa-
tion and increased drug resistance due to SE-hijacking were validated by reconstructing the patient’s SV
using CRISPR-Cas9. Collectively, the spatial and clonality-resolved analysis of the 3D cancer genome re-
veals regulatory principles of large-scale SVs in oncogene activation and their clinical implications.

INTRODUCTION

The genome is organized in a hierarchical 3D chromatin struc-

ture, in which distant regulatory elements are often juxtaposed

in the nuclear space to control target gene expression. In the

classical model of multi-layered genome organization, active

and inactive chromatin regions are spatially segregated into

compartment A/B and further partitioned into topologically asso-

ciating domains (TADs) or loop domains, which can span several

megabases.1–3 The structural formation of TADs or loops is

associated with gene regulation, as gene expression is often

controlled by distal cis-regulatory elements located within the

same TAD or loop domain.4–6

Multiple studies have highlighted the pathogenic disruption of

TADs or loop domains, in which germline and somatic structural

variations (SVs) rewire spatial contacts between cis-regulatory

elements and distal target promoters, leading to aberrant gene

expression.7 Large-scale germline deletions and duplications

proximal to cis-regulatory elements that cause gene dysregula-

tion are associated with congenital disorders.8,9 In the cancer

genome, which frequently carries large-scale somatic SVs, the

altered 3D genome structure has been previously suggested as

a mechanism for oncogene activation (known as ‘‘enhancer-

hijacking’’). For instance, SV-mediated juxtaposition of GFI1/

GFI1B in medulloblastoma,10 the micro-deletion of the loop

boundary containing LMO2 in T cell acute lymphoblastic leuke-

mia (T-ALL),11 and the duplication-mediated de novo domain for-

mation comprising IGF2 and a super enhancer (SE)12 in the pan-

cancer analysis have been reported. Additionally, recent studies

showed that recurrent SV-mediated enhancer-hijacking causes

upregulation of FLT3 in ALL.13 Also, a systematic investigation

of large-scale SVs in various cancer cell lines has further revealed

the functional consequences of SVs in cancer.14 Examination of

Hi-C (high-throughput chromosome conformation capture)
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contact maps of patients with T-ALL identified recurrent TAD

fusion containing dysregulated MYC.15

However, inconsistencies in defining the exact role of 3D

genome alterations in oncogene activation were also reported.

Specifically, the Pan-Cancer Analysis of Whole Genomes

(PCAWG) consortium concluded that 3D genome alterations

have amarginal effect on gene regulation and that only the fusion

between the TADs in repressed and active compartments has a

significant impact on gene dysregulation.16 Furthermore, sub-

stantial 3D genome compartmental reorganization alters the

transcription program to be tumor suppressive rather than

oncogenic.17

We hypothesized that such inconsistencies were because of

the hindered comprehensive understanding of the 3D cancer

genome caused by the following limitations: (1) large patient co-

horts from which primary tumor 3D genome data could be ob-

tained are a highly scarce resource, (2) the scope of previous

systematic investigations was limited to simple TAD boundary

disruptions,16 and (3) the genetic heterogeneity of cancer cells

in the tumor was not taken into consideration.

To overcome such limitations, we comprehensively investi-

gated 3D cancer genome alterations by conducting in situ Hi-C

experiments on 40 colorectal cancer (CRC) patient tumor tissues

and 10 adjacent normal tissues. A new machine learning-based

method was developed to accurately identify SV-mediated can-

cer genome-specific aberrant chromatin contacts (termed ‘‘de

novo chromatin contacts’’). Using this resource, we demon-

strated genome-wide rewiring of SE and promoter interactions

and the underlying principles of SE-hijacking caused by the rear-

ranged 3D genome. Our findings elucidated the functional and

clinical implications of SE-hijacking genes and re-highlighted

the oncogenic effect of large-scale SVs.

RESULTS

Identifying 3D genome alterations using a new machine
learning-based method
We collected tumor tissues (n = 40) and matched adjacent

normal tissues (n = 40) from patients with late-stage CRC

(labeled as P1–P40) along with detailed clinical information (Fig-

ure 1A; Table S1; see STARMethods). These samples were sub-

jected to whole-genome sequencing (WGS) and total RNA

sequencing (RNA-seq; see STAR Methods). We ensured the

quality of the collected specimens and their biological relevance

to late-stage CRC based on the examination of archived

tissue slides (Figure S1; Table S1), somatic variant profiling of

known driver genes (Figure S2A), computational tumor purity

(Figure S2B), segregation of transcriptome profiles between tu-

mor and adjacent normal tissues (Figure S2C), distribution of

consensus molecular subtypes (CMSs) consistent with pub-

lished data18 (Figures S2D and S2E), and enrichment of well-

known oncogenes in differentially expressed genes (DEGs) (Ta-

ble S2; see STAR Methods).

Next, we conducted in situ Hi-C experiments with 40 CRC tu-

mors and 10 adjacent normal tissues, yielding a total of 10.3

billion long-range chromatin interactions (Table S1; see STAR

Methods). The number of long-range chromatin interactions

collected in this study was sufficient to profile compartment

A/B and TADs. A pan-normal Hi-C contact map to be used as

a control was generated based on the observation that Hi-C con-

tactmaps are highly reproducible across the adjacent normal tis-

sues (Figures S2F and S2G; see STARMethods). Examination of

tumor Hi-C contact maps revealed aberrant long-range chro-

matin interactions with a distance exceeding several megabases

(de novo chromatin contacts), which were highly coupled with

the breakpoints of WGS-identified large-scale SVs (Figures 1B

and 1C; Table S3; see STAR Methods).

To systematically identify such de novo chromatin contacts,

we developed a new machine learning method named

‘‘chromatin anomaly pattern recognition and size estimation’’

(CAPReSE), comprising a convolutional neural network (CNN)-

based feature extractor combined with an XGBoost classifier

(Figure 1D; see STAR Methods). CAPReSE utilizes a unique

chromatin contact signature of SVs that shows enriched contact

frequencies at the break ends of SVs and a gradual decrease in

contact frequencies along the rearranged genomic regions14,19

(Figure S3A). The input tumor Hi-C contact map was normalized

against a pan-normal Hi-C contact map (Figure S3B), which

leaves abnormally strong long-range or inter-chromosomal con-

tact signals originating from the large-scale genomic rearrange-

ments of each sample (Figure S3C). Then, a series of image pro-

cessing algorithms were applied to identify the SVs’ unique

chromatin contact signatures (see STAR Methods). The SVs

supported by both WGS and Hi-C data were used as a

ground-truth set for the final classifier (Figure S3D; see STAR

Methods). As a result, CAPReSE achieved around 90% test ac-

curacy (F1 score) in 2-fold cross validations (Figure S3E). The

performance of CAPReSE achieved a low false positive rate

in a benchmark test, outperforming conventional software14

(Figures S3F and S3G; see STAR Methods). Also, robustness

in performance (�90% recall and �99% precision) regardless

of tumor purity (Figure S3H; see STAR Methods) was confirmed.

By applying CAPReSE to 40 CRC patient Hi-C contact maps, we

identified a total of 562 cis- and 235 trans-de novo chromatin

contacts (Figure 1E; Table S3; see STAR Methods). Patients

classified as CMS2/4 (Figure 1E) or with accumulated TP53

mutations (Figure S3I) tended to show more de novo chromatin

contacts. We also observed massive and complex forms of

disorganized 3D genomes in 35% of the patients, most likely

associated with chromothripsis or chromoplexy (Table S3; see

STAR Methods).

Fine mapping of enhancer-hijacking based on 3D
genome alterations
Notably, genes associated with de novo chromatin contacts

tended to be upregulated compared with the matched adjacent

normal tissues, which cannot be simply explained by the copy-

number gains (Figure 2A). The majority of the upregulated genes

(�77%) in the de novo chromatin contacts did not show copy-

number gains (Figure S4A; Table S4; see STAR Methods). In

consideration of previous reports and models about enhancer-

hijacking (SV-driven juxtaposition of enhancers to originally

distal promoter),11,20 we analyzed the regulatory effect of 3D

genome alterations to further explain the activation of these

putative oncogenes. To this end, we simplified our analysis by

focusing on 1,888 SEs defined by H3K27ac chromatin
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Figure 1. Identification of widespread de novo chromatin contacts in colorectal cancer

(A) A schematic of the study design illustrating the generation of sequencing-based omics data derived from 40 patients with CRC and downstream compu-

tational analysis to characterize the effects of large-scale genomic rearrangement.

(B andC) Tumor Hi-C contact maps (500 kb resolution) andWGS-based SVs of (B) P40 chromosome 8 and (C) P31 chromosome 20, respectively. Types of somatic

SVs includedeletion (DD), tandemduplication (TD), head-to-head inversion (HH), and tail-to-tail inversion (TT)with copynumbers (blackdots) are shown in thegraphs

below the contactmaps. These vertical lines are not expected in normal tissue. Purple dashed lines indicate a copy number of 2 (CN= 2, expected in normal tissue).

(D) An overview of CAPReSE, the machine learning-based method for systematically identifying large-scale genomic rearrangements on Hi-C contact maps.

(E) Concatenated Hi-C contact maps of chromosomes 1–22 from 40 patients with CRC. The colored areas indicate regions where each patient’s contact signal

increases more than 3-fold compared with the pan-normal. The stacked bar plot on the left shows the number of CAPReSE-detected de novo chromatin

contacts. Intra- (cis-, gray) and inter- (trans-, cyan) chromosomal patterns are represented by the bar color, along with the location of the cancer lesion and the

CMS for each patient.

See also Figure S3 and Table S3.
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Figure 2. Regulatory effects of 3D genome alterations on gene expression

(A) A scatterplot showing the expression levels (Z score of log2 fold changes comparedwith thematched adjacent normal tissue) of genes located in the identified

de novo chromatin contacts. Upregulated genes associated with CRC development and progression are annotated.

(B) A tumor Hi-C contact map showing de novo chromatin contacts in chromosome 3 of P36, along with genome browser tracks of pan-normal H3K27ac ChIP-

seq, super enhancers (SEs), and P36 RNA-seq results. The representative genomic rearrangement (orange dashed line box, marked with an asterisk) shows

increased chromatin interactions of a rewired pair of the TOP2B promoter (highlighted in solid/translucent green bar) and the SE (highlighted in solid/translucent

blue bar).

(C) A schematic illustration of the strategy used to measure the interaction significance of rewired SE-promoter pairs. The light green dot represents a significant

SE-promoter interaction.

(D) A boxplot showing the effects of newly established SE-promoter interactions on gene expression (dark orange, n = 1,695, log2 fold changes compared with

the matched adjacent normal tissue). The dark gray box indicates the SE-promoter pairs without significant interactions (n = 1,311). The light gray box represents

promoters involved in the de novo chromatin contacts but not associated with relocated SEs (n = 2,095). The dark blue box indicates promoters in the de novo

(legend continued on next page)
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immunoprecipitation (ChIP)-seq results (Table S5; see STAR

Methods), since SEs are well conserved across adjacent normal

and tumor tissues, present a far higher regulatory activity than

other typical enhancers, and are enriched in de novo chromatin

contacts (Figures S4B–S4D). To fine map SE-hijacking events,

Hi-C contact maps of individual patients’ primary tumor tissues

were used, unlike a previous study,16 with the following criteria:

(1) SE-promoter pair was originally located at distal loci, (2)

the pair is rewired by the de novo chromatin contacts, and (3)

the interaction strength of the pair is stronger than the expecta-

tion (R2-fold) based on the rearranged genomic distance

(Figures 2B and 2C; see STAR Methods).

As a result, a total of 1,695 genes were targeted by relocated

SEs with significant interactions (SE-hijacking genes). These

genes were significantly upregulated in tumors compared

with the control gene sets (SE-promoter pairs with non-signifi-

cant interactions, promoters without newly introduced SEs,

or promoters residing in the de novo chromatin contacts

without SE involvement) (Figures 2D and S4E). Additionally,

we excluded the effect of copy-number gains by confirming

the upregulated expression of SE-hijacking genes that corre-

spond to each copy-number variation (2, 3, andR4) (Figure 2E).

Thus, we can conclude that the spatial interactions between

SE-promoter pairs make meaningful changes in gene expres-

sion. Altogether, our results demonstrated the regulatory effect

of SE-hijacking in CRC and emphasized the importance of pre-

cise interpretation of each patient’s 3D cancer genome to pre-

dict oncogenic SVs.

Prevalent SE-hijackingmediated bymulti-TAD spanning
de novo chromatin contacts
In the canonical model, enhancer-hijacking is mediated by SV-

linked fusion or shuffle between two TADs.20 However, intrigu-

ingly, we observed that a large proportion of de novo chromatin

contacts span multiple TADs: the contacts are not strictly

insulated by the boundaries of ‘‘adjacent TADs’’ (two fused or

shuffled TADs, where breakpoints are located within TADs)

(n = 681, 45.49%) (Figures 3A and S5A–S5C). These multi-

TAD-spanning de novo chromatin contacts often produce

many SE-hijacking candidates, as exemplified in the overex-

pression case of proto-oncogene CCDC117, which is associ-

ated with DNA repair and cell-cycle progression (Figure 3B).

Newly established chromatin contacts were observed between

a SE and the promoter of CCDC117 located outside of the adja-

cent TADs (Figure 3B). We found that both canonical and multi-

TAD-crossing (extended model) SE-hijacking models support

the upregulation of SE-hijacking genes well (Figure 3C).

To further understand the principle of large-scale SVs gener-

ating multi-TAD-spanning de novo chromatin contacts, we

investigated multiple characteristics of the genomic regions

participating in chromatin reorganization. First, we found that

multi-TAD-spanning de novo chromatin contacts are signifi-

cantly associated with weak TAD boundary insulation scores

(Figure 3D; see STARMethods) and short boundary lengths (Fig-

ure S5D). Additionally, SVs located in active compartments

(compartment A) often induced the TAD-boundary-crossing 3D

genome reconfiguration (Figures 3E and 3F). These results pro-

pose that weakly stratified spatial chromatin domains within

active regions are more vulnerable to the effect of SVs on the

3D genome. Our results demonstrated that the regulatory effects

of large-scale SVs can expand much larger than anticipated by

the previous simple TAD fusion model.11,16

Resolving the clonality of de novo SE-promoter
interactions
Clonal evolution is amajor hallmark in cancer progression, where

cancer subclones with genetic diversity emerge at various time

points and experience different selection pressures. Although

previous studies have examined how the enhancer-promoter

pairs are juxtaposed by SVs, the ‘‘clonality’’ of such events in pri-

mary tumors has never been investigated due to the lack of a

proper algorithm.We addressed this challenge by leveraging so-

matic variants found in Hi-C reads. Since de novo chromatin

contacts mediated by SVs are mostly cancer specific, the clon-

ality of somatic variants within Hi-C reads indicates the clonality

of the corresponding de novo chromatin contacts. To this end,

we first measured the mutation timing (clonality) of each WGS

somatic variant21 (see STAR Methods). The clonality estimation

was verified by confirming the clonal enrichment of the

major CRC driver mutations (TP53, APC, KRAS, PIK3CA, and

SMAD4) (Figure S5E). After that, by assessing the existence of

clonality-defined variants within the Hi-C reads that constitute

the de novo chromatin contacts, we categorized 891 upregu-

lated SE-hijacking events (fold change > 0, compared with the

matched adjacent normal tissue) into clonal, subclonal, undeter-

mined, and non-testable (Figure 4A; see STAR Methods).

Approximately 46.4% of the SE-hijacking events were deter-

mined to be clonal, which is likely to occur at a relatively early

stage shared by a major cancer cell population in a tumor tissue

(Figure 4B; Table S6). As expected, the genes associated with

the clonal SE-hijacking also showed a higher level of gene

expression changes compared with those associated with sub-

clonal SE-hijacking (Figure 4C).

Functional recurrence of clonal SE-hijacking genes
The regulatory role of large-scale SVs in cancer progression is

not well understood due to their sporadic location and various

types of rearrangements. Although several SVs and SE-hijacking

incidents were recurrently observed in this study, there was little

commonality at the gene level among patients. In this regard, we

chromatin contacts without SEs (n = 1,469). Statistical differences between the two groups were calculated by performing two-sided Kolmogorov-Smirnov (KS)

tests (***p < 0.001, and NS, not significant).

(E) Boxplots showing the effects of newly established SE-promoter interactions on gene expression (log2 fold changes compared with the matched adjacent

normal tissue) based on CNs. Box colors indicate SE-promoter combination cases. Genes with fragmented CNs were not included. Statistical differences

between the two groups were calculated by performing two-sided KS tests (*p < 0.05, ***p < 0.001, and NS, not significant). For boxplots, the box represents the

interquartile range (IQR), and the whiskers correspond to the highest and lowest points within 1.53 IQR.

See also Figure S4 and Tables S4 and S5.
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Figure 3. SE-hijacking candidates through multi-TAD-spanning de novo chromatin contacts

(A) A pie chart showing the proportion of de novo chromatin contacts either insulated by ‘‘adjacent TAD’’ boundaries or crossing adjacent TAD boundaries.

(B) Top panel: a normalized Hi-C contact map of P35’s tumor showing a representative example of adjacent TAD-boundary-exceeding SE-hijacking at chro-

mosome 22 (chr22):22,419–30,268 kb (40 kb resolution) as well as genome browser tracks of pan-normal TAD, RNA-seq, pan-normal SEs, andWGS-based SVs.

Bottom panel: a reorganized Hi-C contact map showing multi-TAD-spanning de novo chromatin contacts. Fused domains are marked with dashed line triangles

(canonical model: blue, extended model: green). Translucent blue and orange marks show SE and CCDC117 promoter locations, respectively. The SE-promoter

rewired interaction is marked with red and blue solid lines and light green dot.

(legend continued on next page)
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hypothesized that the functions of SE-hijacking genes can be

shared among patients, considering that the SE-hijacking events

are clonal and favorable to cancer progression.

To examine the hypothesis about the functional convergence

of SE-hijacking genes, we performed a gene set enrichment

analysis with the 891 upregulated SE-hijacking genes using

Metascape.22 Notably, these SE-hijacking genes showed func-

tional enrichment in cell cycle and DNA processing terms, seem-

ingly associated with biological functions that contribute to can-

cer progression (Figure 4D). Multiple representative markers for

tumorigenesis and metastasis (e.g., SP1, E2F1, and MYC) were

also identified as upstream regulators of SE-hijacking genes,

which further support the biological significance of SE-hijacking

on tumorigenesis (Figure 4D). We also performed the same anal-

ysis with high-copy-number-gain genes (R3 copies and recur-

rently found in R16 patients, n = 1,011) and frequently mutated

genes (mutated inR3 patients, n = 466) of 40 patients with CRC.

Interestingly, all three gene sets showed a quite unique gene

composition (Figure S5F) and functional enrichment characteris-

tics (Figure 4D), indicating that genes activated by SE-hijacking

could exert a unique contribution to tumorigenesis.

We further questioned whether the functional convergence of

SE-hijacking genes depends on the clonality and applied the

gene set enrichment analysis according to the clonality types

(clonal, subclonal, or undetermined). The results showed that

most of the cancer-related functions of SE-hijacking genes

were reproduced with the clonal SE-hijacking genes, while sub-

clonal or undetermined SE-hijacking genes exhibited weak or no

enrichment (Figure 4E). Additionally, the enrichment analysis

conducted with the PaGenBase (Pattern Gene Database)

showed that only clonal SE-hijacking genes were enriched with

a ‘‘colorectal adenocarcinoma’’ term (Figure 4F). The functional

association of clonal SE-hijacking genes in tumorigenesis sup-

ports our hypothesis that early generated SE-hijacking events

are highly associated with CRC progression and may have a

positive effect on survival during clonal selection.

The prognostic potential of clonal SE-hijacking genes
Given the functional significance of SE-hijacking events, we

further examined whether SE-hijacking genes can act as a

CRC prognostic marker. As it is difficult to estimate the effect

of multiple gene expressions on the CRC prognosis, a RISK

score metric was used23 (see STAR Methods). Using all valid

protein-coding genes as candidates, 2-fold cross validations

were conducted 100 times with the Center for Integrative Omics

and PrecisionMedicine (CoPM) consortium dataset to define the

gene set that is recurrently related to the CRC prognosis (see

STAR Methods).

In a total of 100 repeated tests, the patients with a high RISK

score (RISK score R average RISK score) showed a significant

decrease in survival time (progression-free survival [PFS] of

CoPM dataset) compared with the patients with a low RISK

score (Figure 5A). We found that 23% of SE-hijacking genes

overlap with the ‘‘frequently included genes’’ (significant in

R50 times of cross validations; see STAR Methods) (Figure 5B),

which is a higher proportion compared with the control gene

sets (Figure 5C). Among the SE-hijacking genes found in the

frequently included genes, 82 genes were classified as clonal

(defined as ‘‘clonal RISK genes’’) and 11 genes were subclonal

(3 overlapping genes) (pie chart in Figure 5C).

Next, a hazard ratio (HR) analysis was used to compare the

effects of clonal RISK genes on the CRC prognosis with other

factors. For comparison, 4 mutation features (APC, KRAS,

TP53, and microsatellite instability status), 5 types of gene

set markers,24 and age (control) data were used (see STAR

Methods). In the HR analysis, the RISK score of clonal RISK

genes showed a HR of 3.6, which was the highest value among

the 9 (two non-significant factors filtered; see STAR Methods)

factors (Figure 5D). This is a higher value than a well-known

marker such as KRAS mutation or previously published marker

gene sets. The prognostic ability of clonal RISK genes was

further verified by the HR analysis using The Cancer Genome

Atlas (TCGA) dataset (see STAR Methods). Again, the clonal

RISK genes showed the highest HR of 1.8 in the TCGA dataset,

indicating that clonal RISK genes can work as a robust marker

(Figure S5G). Overall, our results highlighted the potential clin-

ical practicability of SE-hijacking genes as CRC prognostic

markers.

Validation of TOP2B clonal SE-hijacking case and its
functional consequence
Gene upregulation due to 3D genome alterations and their po-

tential as CRC prognostic markers were discussed in the previ-

ous sections. For validation, the CRISPR-Cas9 systemwas used

on the HCT116 CRC cell line to mimic a SE-hijacking event

observed in a patient. We selected TOP2B, which controls

DNA integrity and cell cycle, as a validation target because of

its relevant function on cancer progression,25 the clonal nature

of this SE-hijacking event, and its upregulated expression in

the primary tumor.

(C) A boxplot illustrating the gene expression (log2 fold changes compared with the matched adjacent normal tissue) characteristics of SE-hijacking candidates

based on their adjacent TAD-boundary-exceeding property compared with the controls (gray, expression of the other 39 samples). Yellow: both SE and pro-

moters are located within the adjacent TADs (canonical enhancer-hijacking model, n = 413). Cyan: either SEs or promoters located outside of the adjacent TAD

boundaries (extended enhancer-hijacking model, n = 1,242). Statistical differences between the two groups were calculated by performing two-sided KS tests

(*p < 0.05 and ***p < 0.001).

(D) Boxplots showing the normalized TAD boundary strength compared with background (average of each chromosome) for all TAD boundaries of 40 patients

with CRC (white, n = 103,720), crossing TAD boundaries (cyan, n = 1,257), and insulated by TAD boundaries (orange, n = 744). Statistical differences between the

two groupswere calculated by performing two-sided KS tests (***p < 0.001). For boxplots, the box represents the IQR, and thewhiskers correspond to the highest

and lowest points within 1.53 IQR.

(E) K-means clustering of compartment A/B values around (2 Mb window) TAD boundaries (n = 2,001) reside in de novo chromatin contacts regions.

(F) Bar plots showing the proportion of de novo chromatin contacts that are insulated by (orange, n = 744) or crossing the adjacent TAD boundaries (cyan,

n = 1,257) in each compartment A/B value cluster type.

See also Figure S5.
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Figure 4. Oncogenic functionality and relative clonality of SE-hijacking genes

(A) A schematic showing how clonality types of the de novo chromatin contacts are determined. Hi-C reads harboring a variant with known clonality type (green

square: clonal and red square: subclonal) spanning the de novo chromatin contacts (light blue reads) are highlighted in translucent yellow (top panel). A genome

track example shows de novo chromatin contacts found in patient P35 tumor chromosome 8. Translucent green and green bars show mapped variants sup-

porting the clonality type of the Hi-C interactions consisting of the de novo chromatin contacts (bottom panel).

(B) A pie chart showing the clonality types of upregulated SE-hijacking events.

(C) A boxplot showing the gene expressions (log2 fold changes compared with the matched adjacent normal tissue) for clonal and subclonal SE-hijacking genes,

respectively (one-tailed KS test, *p < 0.05). For boxplots, the box represents the IQR, and the whiskers correspond to the highest and lowest points within 1.53

IQR.

(D) A heatmap showing the enriched biological pathways involved in the upregulated SE-hijacking genes (left column), frequently mutated genes (middle column),

and high-CN genes (right column). Bar plots in each gene set sector show the upstream transcription factors regulating the gene set.

(legend continued on next page)
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Introduction of large-scale genomic deletion mimicking P36

patient’s TOP2B gene SE-hijacking event in the HCT116 cell

line (D134 clone) reproduced the altered 3D cancer genome

observed in the patient well (Figures 6A, 6B, S6A, and S6B;

see STAR Methods). After the 3D genome alteration was

induced, all mutant clones showed significant overexpression

of TOP2B compared with the control clones. However, the

expression levels of nearby (THRB) and distal (SATB1) genes

(no significant interactions with the relocated SE) did not show

consistent changes (Figures 6C and S6C; see STAR Methods).

Our genome editing results provide evidence that SV-mediated

3D genome alterations can have a significant impact on proto-

oncogene activation. In light of the association between topoiso-

merases and drug resistance, we also questioned the clinical

consequences of TOP2B overexpression mediated by SE-hi-

jacking. We examined the viability of HCT116 mutant clones af-

ter treatment with oxaliplatin, a platinum-based, DNA-damaging

antineoplastic drug used in standard CRC chemotherapy (see

STAR Methods).26 The results of MTT assays to measure the

viability of the HCT116 mutant clones with TOP2B overexpres-

sion showed increased viability compared with the control

HCT116 cell line at various oxaliplatin concentrations (Figure 6D).

The mutant clones also showed increased viability against irino-

tecan/SN38 and etoposide, an inhibitor of topoisomerase I and II

a (Figures 6D and S6D). In contrast, TOP2B knockout mutants

(K13 and K14 clones; Figure S6E; see STARMethods) presented

the opposite effect (Figure 6E). These results show that certain

SE-hijacking genes, such as TOP2B, provide a survival ad-

vantage when DNA is topologically stressed by the sustained

cell-cycle progression of cancer. Furthermore, our findings

demonstrate the clinical significance of SE-hijacking genes and

their potential as CRC prognostic markers.

DISCUSSION

Frequent SV is a hallmark of the cancer genome.27,28 Despite the

success in discovering translocations that directly exert an effect

on the coding region by forming oncogenic fusion genes,29,30 the

impact of these genomic aberrations on nearby gene regulation

is not yet fully understood. In this study, we focused on the SV-

mediated 3D genome alterations in primary CRC tumor tissues

and investigated how they affect gene dysregulation in cancer

by thoroughly examining the newly established chromatin con-

tacts between the promoter and SE.

A few studies have previously questioned the impact of the

disorganized 3D genome on gene expression. For example,

the results of the pan-cancer genome analysis examining TAD

boundary deletion indicate that only 16% of genes are

affected,16 which rebuts the impact of the disorganized 3D

genome on gene expression. However, due to the limitations

of the data and detection methodology, the analysis was con-

ducted on cell line Hi-C data rather than the patient-originated

specimens. Furthermore, the scope of the investigations was

limited by handling simple deletion cases, which are insufficient

to draw a generalized conclusion and to estimate the overall

impact of enhancer-hijacking. Also, even though the presence

of significant interactions with relocated regulatory elements is

a critical factor, such information was not incorporated. In

contrast, herein, we focused on the newly established chromatin

interactions mediated by SVs with a large patient cohort. The

machine learning-based method was developed for the detec-

tion and analysis of the disorganized 3D genome (Figure 1D),

which allowed us to find enhancer-hijacking candidates more

precisely regardless of SV types or TAD boundary conditions.

By combining a large CRC cohort’s high-depth Hi-C data with

the precise analysis of de novo chromatin contacts, we showed

that the oncogenic function of SVs can be better understood in

the context of the 3D genome of the individual patient than

relying on WGS-based analysis only (Figures 2D and 2E).

We propose two new principles underlying enhancer-hijack-

ing: (1) multi-TAD-spanning SV-mediated chromatin contacts

(Figure 3) and (2) clonality of enhancer-hijacking (Figure 4). The

enhancer-hijacking was conventionally explained by TAD fusion

or shuffling that only considers two TADs where breakpoints of

the SV reside in these domains.20 However, our analysis showed

that the formation of de novo chromatin contacts can further

extend beyond adjacent TADs rather than being strictly limited

to the local 3D genome organization. Thus, we can expand the

canonical TAD fusion/shuffle model to the multi-TAD fusion/

shuffle model. Also, we devised a new approach to determine

the clonality of enhancer-hijacking through combined analysis

of mutation timing of WGS variants and the variant containing

Hi-C reads. Our approach highlighted that the clonality-resolved

cancer-specific 3D genome provides new insight about

enhancer-hijacking during tumorigenesis.

Sustained proliferative signaling of cancer leads to clones with

mutations favorable for proliferation becoming predominant.

However, oncogene mutations usually activate signaling circuits

for unlimited cell growth and simultaneously activate failsafe

mechanisms such as apoptosis and senescence. Therefore, to

overcome these barriers, an inactivating mutation in the surveil-

lance system such as in TP53 is inevitable, which enables

massive somatic mutations and genome instability. SVs possibly

generated by defects in the DNA repair system could cause SE-

hijacking and lead to clonal selection for cell survival. Remark-

ably, we found that the majority of SE-hijackings are clonal

events that occur relatively earlier in cancer progression than

subclonal events. It seems that the clonal selection of cancer

cells with upregulated DNA repair genes by SE-hijacking have

the advantages of overcoming failsafe mechanisms such as

apoptosis and senescence, which leads to tumor progression

and chemoresistance. In this study, of the SE-hijacking genes

(E) A heatmap showing the enriched biological pathways associated with clonal (left column, green marker), subclonal (middle column, red marker), and un-

determined (right column, blue marker) gene sets.

(F) Bar plots showing the results of PaGenBase enrichment analysis for total upregulated SE-hijacking genes (top panel) and upregulated clonal SE-hijacking

genes (bottom panel).

For (B), (C), (E), and (F), the same gene sets (clonal = 422, undetermined = 145, subclonal = 58, and non-testable = 304) were used.

See also Figure S5 and Table S6.
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Figure 5. The clinical implications of SE-hijacking genes

(A) An example Kalan-Meier curve showing the survival probability (progression-free survival [PFS]) of high- (purple) and low-RISK-score (blue) patient groups

during 2-fold cross validations using the Center for Integrative Omics and Precision Medicine (CoPM) consortium bootstrap dataset.

(B) A bar plot showing the appearance counts of genes during 100 repeats of 2-fold cross validations. Yellow bars indicate that genes appeared more than 50

times in the significant gene set list (false discovery rate [FDR] < 0.01, n = 3,623). Kaplan-Meier (log rank) p value <0.05 was obtained in all tests, and a p value

<0.001was observed in 95 tests. A density plot shows the distribution of the Jaccard index between the frequently included genes and the significant gene set list

of each cross validation.

(C) A bar plot showing the proportion of frequently included genes in each tested gene set (testable gene numbers: SE-hijacking genes = 824, high-copy-gain

genes = 941, and frequently mutated genes = 446). A pie chart indicates the number of clonal and subclonal SE-hijacking genes in frequently included genes.

(legend continued on next page)
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involved in DNA integrity and the cell-cycle checkpoint, TOP2B

is potentially involved in genome stability in CRC. The outcomes

of a recent study suggest that TOP2B generates double-strand

breaks at loop anchors to resolve topological strains associated

with chromosome organization.25 Thus, an elevated level of

TOP2B could overcome genome instability by resolving topolog-

ical strains for unlimited cell growth. In the present study, we vali-

dated this hypothesis that an increased level of TOP2B via SE-hi-

jacking resulted in higher cell survival after drug treatment, while

TOP2B knockout increased drug sensitivity. Similarly, although

CHEK1 (another upregulated clonal SE-hijacking gene found in

the present study; Table S6) functions in the DNA damage

response and activates various downstream effectors to trigger

cellular response upon DNA damage and to protect the genome,

it is frequently overexpressed in cancer. Moreover, an elevated

level of CHEK1 increases cell transformation and is related to

therapy resistance. These examples show that overexpression

of DNA repair genes by enhancer-hijacking efficiently contrib-

utes to relieving DNA damage stress in tumor environments

and facilitates cancer cell survival. As it is well known that genetic

mutation or fusion genes are necessary for the development of

cancer, it is difficult to call enhancer-hijacking a driver. Instead,

we propose that enhancer-hijacking may help cancer progres-

sion from a relatively early point by acting as an ‘‘active

supporter.’’

Predicting the drug response for each patient is key to effec-

tive medical treatment. The diversity of large-scale SVs found

across patients with CRC in our data shows that integrating

Hi-C into multi-omics data analysis provides a new dimension

to explain the complex dysfunctions of cancer. As seen by the

dysregulation of TOP2B, SE-hijacking caused by the disorga-

nized 3D genome may lead to drug resistance against multiple

anticancer drugs. When considering cancer heterogeneity and

clonality, the influence of the disorganized 3D genome can be

large and diverse. In this aspect, our results emphasize the

importance of the disorganized 3D genome in cancer and bridge

the gap between genomic rearrangement and gene expression.

Limitations of the study
We systemically identified 3D genome alterations in tumors from

40 patients with CRC using a new SV detection method and

characterized the regulatory role of the large-scale SVs. Howev-

er, one of the challenges in utilizing clinical tumor specimens lies

in tissue heterogeneity. In the present study, we resolved this

issue, to a large extent, by designing our algorithm to subtract

pan-normal signals in the individual 3D cancer genome to specif-

ically isolate cancer-relevant 3D genome alterations. However,

the construction of 3D genome maps in single-cell resolution is

eventually required to resolve the exact underlying mechanism

of oncogene activation and clonal evolution. In this regard,

recent developments in single-cell Hi-C technology have shown

promising advances,31–33 and the application of these methods

in individual tumor tissues will better portray cancer-specific

gene dysregulations caused by large-scale SVs. Also, the

CAPReSE pipeline should be further modified for application to

broader cases with diverse input formats and sample types

such as cancer cell line data.

STAR+METHODS

Detailed methods are provided in the online version of this paper

and include the following:

d KEY RESOURCES TABLE

d RESOURCE AVAILABILITY

B Lead contact

B Materials availability

B Data and code availability

d EXPERIMENTAL MODEL AND STUDY PARTICIPANT DE-

TAILS

B Colorectal cancer tissue samples and clinical data

B Cell culture

d METHOD DETAILS

B Tumor tissue purity evaluation

B Immunohistochemistry

B Whole-genome sequencing

B Whole-genome sequencing data processing

B Somatic SNV and INDEL calling

B Copy number variation calling

B Large-scale somatic structural variation calling

B Computational tumor purity measurement

B RNA sequencing

B RNA-sequencing data processing

B Identification of CMS for tumor samples

B In situ Hi-C library preparation

B Hi-C data processing

B Topologically associating domain calling and pan-

normal Hi-C contact map generation

B Measurement of insulation score and TAD boundary

strength

B Development of a machine learning-based method to

detect SVs from Hi-C contact maps

B Refinement of the identified breakpoints

B Performance evaluation of the developed method

B Tumor purity robustness test of the developed algo-

rithm

B Identification of complex genomic rearrangements

B ChIP-seq library preparation

B ChIP-seq data processing

B Identification of pan-normal super-enhancers

B Identification of SE-hijacking candidates

B Clonality determination of de novo chromatin contacts

B RISK score metric calculation

B Survival analysis based on RISK score

(D) A forest plot showing PFS hazard ratios of the 82 clonal RISK genes (translucent red), major mutations (translucent blue), and expression level-based CRC

prognostic markers (translucent yellow) using the CoPMpatient dataset (n = 96). Markers were excluded if all genes showed non-significant p value (>0.05) during

Cox regression (markers 4 and 5). Each box represents the median of the hazard ratio, while the bars at both ends represent the minimum and maximum hazard

ratio values. The significance of each factor was calculated based on log rank tests (*p < 0.05).

See also Figure S5.
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Figure 6. Validation and functional inference of the SE-hijacking genes

(A) Normalized Hi-C contact maps for pan-normal and P36 tumor sample at chr3:24.6–45.1 Mb (20 kb resolution) along with genome browser tracks for H3K27ac

ChIP-seq and RNA-seq for the P36 tumor and the matched adjacent normal tissue. Positions of pan-normal SEs (red box) and identified sample SVs (blue stick)

are also annotated. The de novo chromatin contacts are highlighted by a dashed blue line. TOP2B gene expression is highlighted by a dashed red box.

(B) Normalized Hi-C contact maps for the control and the D134 clone along with genome browser tracks for the H3K27ac ChIP-seq signal, SE positions,

directionality index (DI) scores, and TADs. In the D134 clone, CRISPR-Cas9-mediated deletion of 4.9 Mb (scissors) was induced to simulate the genomic re-

arrangement in the P36 tumor.

(legend continued on next page)
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B Hazard ratio analysis

B Experimental validation of the TOP2B gene overex-

pression by genomic deletion

B Cell proliferation analysis

B RNA-seq of CRISPR-Cas9 treated cells for cross vali-

dation

B Western blot analysis

B Growth inhibition assay

d QUANTIFICATION AND STATISTICAL ANALYSIS

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.

celrep.2023.112778.
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Inkyung

Jung (ijung@kaist.ac.kr).

Materials availability
This study did not generate new unique reagents.

Data and code availability
d Hi-C and ChIP-seq data used in this study have been deposited in the GEO repository (GEO: GSE137188) and are publicly

available as of the date of publication. Visualization of processed Hi-C data is available at 3DIV database (http://3div.kr/

cancer_hic). Scanned tissue sample slide images with examination results, details, and figures are available at custom web

repository (http://junglab.kaist.ac.kr/Dataset/CellReports_tissueImage.html).

d Custom code supporting this work has been deposited in the GitHub repository (https://github.com/kaistcbfg/CAPReSEv1).

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

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Colorectal cancer tissue samples and clinical data
Tumor and adjacent normal tissues of 40 colorectal cancer patients (38 patients were diagnosed as stage III and two patients were

diagnosed as stage IV) were used in this study. The biospecimens for this study were provided by the Seoul National University Hos-

pital (SNUH) Cancer Tissue Bank. All samples derived from the Cancer Tissue Bank of SNUH were obtained with informed consent

under institutional reviewboard approved protocols. Institutional ReviewBoard (IRB) approval was obtained fromSeoul National Uni-

versity College of Medicine and IRB waiver was approved by KAIST for the use of these tissues.

The tissues of the patients were initially obtained through surgery at SNUH between 2009 and 2016. After the surgery, the tissue

samples were placed in the cryotube vial with isopentane solution and stored in the liquid nitrogen (�196�C). Two pieces of 0.2–

0.3 cm3 tissue samples were placed per vial. During the sampling of the tumor tissues, tumor-normal tissue border regions were

excluded to avoid inclusion of normal tissues. For the normal tissue sampling, near-mucosa regions which are far from the tumor

site were sampled. Pathological information (adenocarcinoma, mucinous carcinoma, or signet-ring cell carcinoma) were also deter-

mined by examination of SNUH pathologists right after the surgery. Electronic medical records of the patients including age, gender,

tumor site, and progression free survival (PFS) with the pathological information were also provided by SNUH.

Continued
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CNVkit ver. 0.9.6 Talevich et al.40 https://github.com/etal/cnvkit

DELLY ver. 0.7.6 Rausch et al.41 https://github.com/dellytools/delly

Trimmomatic ver. 0.38 Bolger et al.42 http://www.usadellab.org/cms/

?page=trimmomatic

HISAT2 ver. 2.1.0 Kim et al.43 http://daehwankimlab.github.io/hisat2/

Stringtie ver. 1.3.5 Pertea et al.44 https://ccb.jhu.edu/software/stringtie/

DESeq2 ver. 1.22.2 Love et al.45 https://bioconductor.org/packages/

release/bioc/html/DESeq2.html

Sequenza ver. 2.1.2 Favero et al.46 https://cran.r-project.org/web/packages/

sequenza/vignettes/sequenza.html

CMS classifier Guinney et al.18 https://github.com/Sage-Bionetworks/

CMSclassifier

MACS2 ver. 2.1.1 Zhang et al.47 https://github.com/macs3-project/MACS

Rank ordering of super-enhancers (ROSE) Whyte et al.48 http://younglab.wi.mit.edu/super_

enhancer_code.html

Domaincaller Dixon et al.1 https://github.com/XiaoTaoWang/domaincaller

hic_breakfinder Dixon et al.14 https://github.com/dixonlab/hic_breakfinder

MutationTimeR Gerstung et al.21 https://github.com/gerstung-lab/MutationTimeR

QuPath ver. 0.4.1 Bankhead et al.49 https://qupath.github.io/
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Cell culture
HCT116 cells were obtained from the Korean Cell Line Bank (KCLB). The identity of HCT116 cells has been authenticated by KCLB

using short tandem repeat (STR) profiling. Cells were cultured in RPMI 1640 (Cytiva, SH30027.01) supplemented with 10% fetal

bovine serum (WELGENE, S001-01) and gentamicin (Corning, 30-005-CR) (10 mg/mL) at 37 �C in a 5% CO2-humidified atmosphere

as suggested by the supplier. Cells were regularly tested for mycoplasma contamination using MycoAlert Mycoplasma Detection Kit

(Lonza, LT07-318) according to the manufacturer’s instructions.

METHOD DETAILS

Tumor tissue purity evaluation
The purity of the banked tumor tissues was re-validated in terms of cellularity after being retrieved for this study. Tumor tissue sam-

ples with available hematoxylin and eosin (H&E)-stained formalin-fixed, paraffin-embedded (FFPE) slides (n = 37) were scanned with

Aperio AT2 scanner (Leica Biosystems) at 403 magnification and imported into QuPath software (ver. 0.4.1), an open-source soft-

ware that provides multiple ‘‘tools’’ for the slide image analysis.49 The tissue border of each sample was manually outlined by using

the ‘‘Polygon tool’’. The ‘‘Cell detection tool’’ was used to identify individual cells. Several groups of cells of the same cell type were

manually outlined with the Polygon tool, and annotated as ‘‘tumor’’ or ‘‘stroma’’. Then, the entire detected cells (average of 495,046

cells per sample) were classified into tumor cells or stromal cells using ‘‘random trees’’ of the ‘‘Object classifier’’. For the nucleus, cell,

and cytoplasm, 17 features related to morphology (area, perimeter, circularity, max/min caliper, and eccentricity) and color (mean,

sum, standard deviation,max/min, and range) weremeasured. By adding the nucleus/cell ratio to the feature list, a total of 52 features

were prepared and used for the classification. Tumor purity was quantified as the number of tumor cells divided by the number of total

detected cells. Manual processes required for QuPath software were conducted by a trained pathologist (JMB).

To corroborate the purity obtained by QuPath software, a manual assessment of tumor purity was also performed. Another pathol-

ogist (GHK) selected random 7 rectangular areas (0.2653 0.211 mm2) on the virtual slides of 10 random tumor samples. Then, all of

the tumor cells within the areas were first counted followed by the non-tumor cell nuclei counting. From the median values of the

tumor cell count and non-tumor cell count in rectangular areas, the proportion of tumor cells among total cells was determined

for each sample. A strong correlation (Pearson’s correlation coefficient, PCC = 0.727) between the manual and QuPath-measured

tumor purity shows the consistency of our evaluation criteria and validates QuPath-measured purity values.

Immunohistochemistry
Immunohistochemistry (IHC) was also performed for the further validation of QuPath-measured H&E staining-based purity values.

Samples with additional available tissue blocks were used (n = 30). Monoclonal mouse anti-human cytokeratin antibodies cocktail

(clone AE1/AE3) were used as the markers (Dako, M3515). The marker antibodies were validated by confirming the positive staining

in epithelial cells (30 normal tissues were used for the test). Whole IHC procedures were conducted using Ventana BenchMark XT

(Roche) automated immunostainer system, according to the manufacturer’s protocol.

After the staining, the trained pathologist (JMB) examined the slides to count total tumor and non-tumor cells to measure IHC-

based purity. QuPath software was also used for this procedure. Correlation (PCC) was measured with 27 samples which have

both H&E staining and IHC-based purity data. A strong correlation of 0.738 was observed which confirms the quality of our retrieved

tumor tissues and robustness of purity measurement methods.

Whole-genome sequencing
The whole-genome sequencing (WGS) fastq files for patients’ tumor and adjacent normal samples were obtained from the Center for

integrative Omics and Precision Medicine (CoPM) consortium. In brief, DNA was extracted from the tissue using AllPrep DNA/RNA

Mini Kit (QIAGEN, 80204). Thewhole-genome library was preparedwith TruSeqDNANano LowThroughput Library Prep Kit (Illumina,

20015964) and sequenced with Illumina HiSeq X platform with 60X coverage for 40 tumor samples and 30X coverage for adjacent

normal tissue samples.

Whole-genome sequencing data processing
Whole-genome sequencing data were processed according to the genome analysis toolkit (GATK) best practice34 (ver. 4.1.4). Raw

WGS reads were converted into unmapped binary alignment map (BAM) files using Picard FastqToSam (ver. 2.18.12) with default pa-

rameters. BAM files were aligned to human genome reference (GRCh38) using Burrows-Wheeler aligner (BWA)-mem (ver. 0.7.17).

Adapter sequences and polymerase chain reaction (PCR)/optical duplicates were marked. Base quality scores were also recalibrated.

Somatic SNV and INDEL calling
In order to identify somatic single nucleotide variants (SNVs) and Insertion/Deletions (INDELs), we run Mutect2 (GATK ver. 4.1.4) and

Strelka2 (ver. 2.9.7)35,36 with default parameters using 40 CRC tumor-matched adjacent normal tissue aligned BAM files as an input.

Of note, Strelka2 also utilizes the INDEL candidates identified by Manta50 (ver. 1.4.0) to rescue additional INDEL candidates. We
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further filtered out germline variants and sequencing artifacts based on panel of normal (pan-normal) that were generated byMutect2

using 391 normal Korean blood samples provided by the CoPM consortium. The union of identified somatic SNVs and INDELs from

Mutect2 and Strelka2 was used for the downstream analysis.

Copy number variation calling
Copy Number Variation (CNV) profiles of tumor samples were estimated using control-FREEC39 (ver. 11.5) and CNVkit40 (ver.

0.9.6.dev0). 40 CRC tumor-matched adjacent normal tissue WGS BAM files were given as input for both methods. We converted

output CNV profiles from each method into 40 kb resolution by selecting the mode values of each bin. When the copy number values

were not consistent between the two methods, a value similar to the inverse of the B-Allele Frequency (BAF) was selected. BAF in-

dicates a normalized measure of the allelic intensity ratio between two alleles, which was calculated by processing the WGS BAM

files with Samtools (option ‘mpileup –AB –Q 20 –q’) and normalized by control-FREEC (tumor-normal paired input mode). If neither of

the method output matches the BAF, copy number was not assigned to the corresponding region. The copy number values of the

centromere and the telomere region (+1 Mb) were excluded due to low mapping quality (MQ).

Large-scale somatic structural variation calling
A large-scale somatic structural variations (SVs) were identified with DELLY41 (ver. 0.7.6) and filtered by a previously published guide-

line.51 First, SV candidates were obtained by processing WGS BAM files with DELLY (tumor-normal paired input mode).

We further refined somatic SV candidates by applying automated filtration processes to identify precise coordinates of breakpoints

and rescue missed breakpoints by examining SA (other canonical alignments in a chimeric alignment) tags of aligned reads proximal

(700 bp forward, 100 bp backward direction) to the breakpoints of SV candidates. The coordinates of breakpoints were determined if

the coordinates of SA tag and the corresponding DELLY breakpoints are consistent. If they were inconsistent, loci supported bymost

SA tags were selected as the coordinates of breakpoints.

The refined somatic SV candidates have filtered out again according to the following criteria: 1) overlap with germline SVs identified

at least one matched normal samples, 2) minimum MQ < 20 or median MQ < 40 for both breakpoints, 3) all SV supporting reads are

mapped within 2 bp distance from the breakpoints, 4) no supporting split reads for duplication event with breakpoints distance <10

kb or deletion event with breakpoints distance <1 kb, and 5) if less than 5 supporting split reads exists for duplication, deletion, and

inversion event smaller than 1 kb, 1 kb, and 5 kb distance between breakpoints, respectively.

Finally, the filtered SVs were manually curated to remove false positives which are difficult to be removed by the automated

filtration processes. To this end, we use the MQ and three tag information (AS: alignment score generated by aligner, UQ:

Phred likelihood of the segment, conditional on the mapping being correct, and XS: suboptimal alignment score) of

aligned reads nearby breakpoints to identify true SVs with high confidence. We kept only SV candidates satisfying the following

criteria.

(1) for SV breakpoints with supporting split reads, at least 3 paired-end reads support the SV event and at least one read support-

ing each breakpoint satisfies MQ = 60, AS = 151, XS % 40, and UQ % 20.

(2) for SVs breakpoints without supporting split reads, at least 4 paired-end reads support the SV event and at least one read

supporting each breakpoint satisfies MQ = 60, AS = 151, XS % 30, and UQ = 0.

Of note, in the case of candidates in low MQ regions such as repeat sequence, less stringent criteria were applied.

Computational tumor purity measurement
Sequenza pipeline46 (ver. 2.1.2) was used to determine tumor purity. After receiving WGS bam files as input, preprocessing pro-

cedures such as seqz file format conversion and copy number smoothing were performed before the purity was calculated.

Sequenza was applied with a default option to obtain the purity of each sample. The purity values provided by the two software

(Control-FREEC and CNVkit) were also examined. Sequenza showed the best-fit purity value (mean = 0.484) with the purity

calculated with the H&E stained tumor tissue slide using QuPath (mean = 0.522); however, the values of Control-FREEC

(mean = 0.77) and CNVkit (mean = 0.75) showed a significant difference in distribution (KS-test, p value = 5.55e-09 for both

methods when compared with Sequenza). Therefore, the value of Sequenza was used as a representative computational purity

value.

RNA sequencing
RNA-seq fastq files for patients’ tumor and matched normal samples were obtained from the CoPM consortium. In brief, RNA was

extracted from the patients’ tissue samples using AllPrep DNA/RNA Mini Kit (QIAGEN, 80204). Total RNA sequencing libraries were

constructed using TruSeq Stranded Total RNA Library Prep Kit with Ribo-Zero Gold (Illumina, RS-122-2301). RNA-seq library was

sequenced in 100 bp paired-endmode on Illumina HiSeq 4000 system at 120million reads per sample. ERCC (External RNA controls

consortium) RNA Spike-In Mix (Thermo Fisher, 4456740) were included for quality assurance.
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RNA-sequencing data processing
The adapter sequences were trimmed with the trimmomatic42 (ver. 0.38) software using TrueSeq3-PE-2 adapter file. The trimmed

sequences were then aligned to the reference genome (hg38 with ERCC) using HISAT2 software43 (ver. 2.1.0) and transcripts

were quantified by StringTie44 (ver. 1.3.5) software. GENCODE v27 with ERCC was used as a gene transfer format (GTF) reference

input file; a list of annotated protein-coding genes and long non-coding RNAs (lncRNAs) (level 1 and 2 for protein-coding genes and

level 1 for lncRNAs, n = 27,313) were used for quantification. The calculated fragments per kilobase of transcripts per million mapped

reads (FPKM) values obtained from StringTie were log2 transformed with a pseudocount value of 1 and quantile normalized. The

ERCC correlation of each sample against the ERCC input and other samples was examined to check sequencing quality and repro-

ducibility. To calculate differentially expressed genes (DEGs) between normal and tumor samples, the StringTie assembled data was

converted into gene count format using prepDE.py script provided by StringTie. The gene count file was provided as an input for

DESeq2 R package45 (ver. 1.22.2) to calculate log2 fold change and adjusted p value for each gene. The genes over 2-fold change

with adjusted p value <0.01were selected as the final DEGs (n = 4,518). The principle component analysis (PCA) was applied to check

separation of 40 CRC patients’ adjacent normal tissue and tumor samples in terms of gene expression. Due to functional clarity, we

focused on protein-coding genes only in downstream analysis.

Identification of CMS for tumor samples
We identified the consensus molecular subtype (CMS) of the CRC tumor samples based on expression levels of 5,973 genes as an

input for the CMS classifier.18 The predicted CMS subtypes were validated by using knownmutation signatures for each subtype and

comparing the ratio of each subtype with the published data.

In situ Hi-C library preparation
In situ Hi-C experiment was performed on 40 CRC tumors, 10 adjacent normal samples, and HCT116 cell line clones. Approximately

30–50 mg of tissues was placed in sterilized aluminum foil and repeatedly hammered while frozen in liquid nitrogen to produce tissue

powder. The pulverized tissue was cross-linked with 1% formaldehyde. In situ Hi-C experiment was then conducted on the samples

using the protocol modified from a previously study.3 Cross-linked cells were lysed (10 nM Tris-HCl, 10 mMNaCl, and 0.2% IGEPAL

CA-630 (Sigma-Aldrich, 18896), pH 8.0) and digestedwith 100UMboI (NEB, R0147). Digested fragmentswere labeledwith Biotin-14-

dCTP (Invitrogen, 19518018) and proximally ligated with T4 DNA Ligase (NEB, M0202), followed by reverse cross-linking (Proteinase

K (NEB, P8102) and 10%SDS). The fragments were then sonicated (Covaris, S220) and purified with AMPure XP Reagent (Beckman

Coulter, A63880). The final ligated DNA was pulled down with Dynabeads MyOne Streptavidin T1 (Invitrogen, 65602), followed by

manual library preparation. Hi-C library was sequenced with Illumina HiSeq 4000 or NovaSeq 6000 platforms.

Hi-C data processing
Reads from Hi-C sequenced data were mapped to the reference genome (hg38) using BWA-mem (‘–M’ option). We removed low-

quality reads (MQ< 10), reads that span ligation sites, and self-ligation readswhere two fragments are locatedwithin 15 kb. The read-

pairs weremerged together as paired-end alignedBAMfiles, and PCRduplicateswere removedwith Picard (ver. 2.18.12). To remove

multiple sources of intrinsic biases of raw Hi-C data, we used covNorm52 (ver. 1.0.0) and created normalized Hi-C contact maps in 40

kb resolution.

Topologically associating domain calling and pan-normal Hi-C contact map generation
We systemically identified topologically associating domains (TADs) of normalized 40 kb resolution Hi-C contact maps by processing

the directionality index (DI) score with Domain Caller.1 Then, the genome was partitioned into TAD, boundaries, and unstructured

regions. Unstructured regions were defined when the boundary was larger than 400 kb. The pan-normal TADs were generated by

processing merged Hi-C data of 10 adjacent normal samples. Also, we combined (pixel-wise median) Hi-C contact maps of 10 adja-

cent normal samples and defined a pan-normal Hi-C contact map.

Measurement of insulation score and TAD boundary strength
The insulation score of each 40 kb bin was obtained by calculating a mean of 400 kb3 400 kb ([bin_index-10, bin_index], [bin_index,

bin_index+10]) square window along the diagonal of the Hi-C contact map.53 The raw insulation score was normalized by the log2

ratio of the mean of all bins’ insulation scores in each chromosome. The insulation score delta (D) of a given bin was defined as the

insulation score difference between the upstream 3 bins and the downstream 3 bins from the given bin. Boundary strength is defined

as a subtraction between the nearest D local maximum and the local minimum.

Development of a machine learning-based method to detect SVs from Hi-C contact maps
To identify SVs using Hi-C contact maps, we developed a newmethod using image processing andmachine learning algorithms. The

developed method was implemented by Python including python-OpenCV (ver. 2.4.9.1), PyTorch (ver. 0.4.1), and python-XGBoost

(ver. 0.82) packages. 20 kb resolution for cis- and 500 kb resolution trans- Hi-C contact maps were prepared as an input of our

method. Quantile normalization across the trans- Hi-C contact maps was applied to allow a robust comparative analysis. For 20

kb resolution cis- Hi-C contact maps, quantile normalization was not applicable due to the requirements of large computing power.
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Instead, the mean and standard deviation of each cis- Hi-C contact map within the same chromosome were measured and the

average mean and standard deviation were computed by adopting procedures in the previous publication.54 All values were scaled

such that mean and standard deviation of each Hi-C contact mapwere equal to (or similar) the averagemean and standard deviation.

To identify each sample specific long-range chromatin interactions, normalized 20 kb resolution cis- and 500 kb resolution trans-

Hi-C contact maps were divided by the pan-normal Hi-C contact map (pseudocount of 1 was added). In the case of normalizing adja-

cent normal samples, a sample specific pan-normal Hi-C contact mapwas generated by excluding the sample of interest to avoid the

removal of sample specific signals. By dividing Hi-C contact maps with the pan-normal Hi-C contact map, potential artifacts were

crossed out. The signals at the centromere regions were removed due to low mapping quality. The normalized Hi-C contact

maps were converted into image files after ceiling the maximum value to 5-fold for cis- and 15-fold for trans-.

Candidate regions for the SV-mediated tumor specific chromatin contacts were obtained by applying a series of image filters

to the given sample’s normalized Hi-C contact map. The median blur was applied to remove ‘salt and pepper’ noise generated

by division. A kernel size of 3 was used as single pixel-sized signals cannot have any gradient. The bilateral filter was applied to

reduce texture-like patterns and enhance edge-like patterns. The SVs are known to generate ‘gradient’ shaped patterns on the

Hi-C contact map.19 These ‘de novo chromatin contacts’ were defined as where the signal propagated from the breakpoints is

no longer distinguished from the background. To obtain this information, Canny edge detection algorithm55 was applied with a

minimum threshold parameter corresponding to a 1-fold change (no change compared to the pan-normal) of the normalized

Hi-C contact map, which was used to obtain the distinguishable edges from the background. The contour search algorithm

was applied to find separated contours formed by the edges. Liang-Barsky algorithm56 was used to remove contours overlap-

ping the diagonal axis which are potential false positive signals generated by the strong chromatin contact frequencies at a

closer distance. Identified contours were converted to equal sized crop (32 3 32) centered at the potential breakpoints; after

dividing the crop into four square regions, the vertex coordinate of the crop located in the square region with the strongest pixel

intensity was selected.

Applying a series of image processing techniques, a large number of abnormally enriched, distant signals from the Hi-C contact

maps could be identified. Previously published software also tried to find SV-mediated Hi-C signals with their own approaches such

as statistical significance testing. However, there are multiple areas on the Hi-C contact map that show a sharp signal difference,

such as the boundary of low coverage regions or compartment patterns, even though they are not SV. These patterns are difficult

to properly classify into a simple metric and thereby generate many false positives. By adding a machine learning-based classifier

at the final stage, false positives were reduced asmuch as possible. The crops prepared at the previous steps were used as the input

of the machine learning architecture and classified whether it is true de novo chromatin contacts or not.

For the training of the machine learning architecture, the breakpoints centered de novo chromatin contacts were collected. For the

unbiased selection of the positive dataset, de novo chromatin contacts consistent with the WGS-identified SV breakpoints were

selected. Crops from the randomly selected regions were used as a negative dataset. 127 positives and 150 negatives were selected

from 12 different samples and image augmentation (three times of 90-degree rotation and subsampling) was applied to increase the

train set into 2,540 positives and 2,400 negatives.

The transferred feature learning technique was used to classify breakpoints centered crops as the number of the available

train set was not ideal for deep neural networks (DNN) training from the scratch. Pre-trained DNN was used as a feature

extractor and values from the final fully connected layer before the softmax layer were used for an input of the secondary clas-

sifier. The Modified National Institute of Standards and Technology (MNIST) dataset was used for the DNN pre-training as the

features of the MNIST dataset was similar to the gradient patterns (black and white, lines and corners only). Also, the MNIST

dataset can be well-trained to light weighted networks, which decreases the computational burdens of the method. The official

MNIST classification example offered by Pytorch GitHub was used. The convolutional neural network (CNN) with two convolu-

tion layers followed by two fully connected layers which generates a 10-length feature vector was used. The batch size of 64, 10

epochs, 0.01 learning rate, and SGD optimizer with 0.5 momentum were used as the hyperparameters which were provided by

the official Pytorch example. The XGBoost as the binary decision mode was used as a secondary classifier which makes the

final classification decision. Total 10 runs of 2-fold cross validation were done to check the train phase accuracy and robustness

of the trained model.

For the best result, theWGS-guidedmode was also developed. The knownWGS SV breakpoints were used as a region proposal if

the WGS SV breakpoints were covered by none of the image-based detection results. For all candidate contour regions initially clas-

sified as ‘false’, the second classification trial was applied if the contour regionmatches theWGSbreakpoints (contain the breakpoint

in region or breakpoint located within single bin distance). In this case, WGS breakpoints were used as a new crop center. Very small

SVs or misclassified patterns were rescued and included in the final de novo chromatin contacts list. Serious errors were finally

filtered out by manual curation.

Refinement of the identified breakpoints
For the exact estimation of the breakpoints and SV (de novo chromatin contacts) detection results, fine mapping of the identified

breakpoints was conducted. The developed method contains multiple image denoising processes. These processes help

faster and easier identification of the breakpoints but pixel-level exact information can be missed as contour boundaries are manip-

ulated. The raw Hi-C contact map crops corresponding to the called regions were extracted. The best fit point with the highest raw
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interaction frequencies was selected as breakpoints. To avoid miss selection by noise, nearby pixel information was also considered

when selecting the best fit point. The 20 kb and 40 kb resolution were used for fine mapping of cis- and trans-results, respectively. In

the case of the translocation, the coordinates of de novo chromatin contacts were also readjusted into the 40 kb resolution by re-

searching contours containing the corresponding breakpoints in the raw 40 kb Hi-C contact map.

Performance evaluation of the developed method
For the measurement of the performance, the proposed method was compared with the published code. The ‘hic_breakfinder’ soft-

ware14 was used as a benchmark. The benchmark program receives filtered paired-read bam file and author-provided inter-/intra-

chromosomal expectation file as input and computes the sub matrices of the original contact map which may contain structural

rearrangements and breakpoints. TheHi-CBAMfiles of 17CRC tumor sampleswithmanually curatedWGS-identified SV information

and 10 adjacent normal samples were processed by hic_breakfinder and the performance of called results were compared with the

proposed method. The WGS-identified SVs were used as a true positive set for the measuring sensitivity and the called SVs from 10

adjacent normal samples were used for measuring specificity. Germline SVs were removed in specificity measurement by excluding

DELLY called germline SV candidates (MQ > 20 with more than 3 supporting reads). For detailed comparison, both results from the

no-WGS mode and WGS guided mode were compared with the benchmark data.

Tumor purity robustness test of the developed algorithm
Two tests were applied to check whether the SV (de novo chromatin contacts) detection is affected by purity or whether our devel-

oped method functions robustly under various tumor purity conditions. Firstly, 40 CRC tumor samples were sorted based on the

number of Hi-C found SVs, and the Sequenza purities of the top-10 and bottom-10 samples were compared. The 20 samples

from both extremes showed no or marginal purity differences with a non-significant p value (0.164, KS test).

The second test was conducted by using ‘diluted’ tumor Hi-C contact maps. The P40 sample has a �60% tumor purity, and this

sample’s chromosome 8 shows >100 SVs whichmakes it as a good testbed to check a wide variety of purity conditions. After adding

the scale factor-multiplied (0.2, 0.4, 0.6, 0.8, and 1.0) normal Hi-C contact maps to the tumor Hi-C contact map, the scale was

adjusted using the mean and standard deviation normalization method mentioned in the previous section. Scaled diluted tumor

Hi-C contact maps were then divided by pan-normal and tested. The detection result of the original (not diluted P40 chromosome

8) Hi-C contact map was used as a true positive for measuring robustness.

Identification of complex genomic rearrangements
The complex genomic rearrangements were identified according to previously reported criteria.51,57 For the chromoplexy, we sys-

tematically scanned multiple translocation events linking at least three chromosomes. Linked SVs were defined as SVs sharing

breakpoints within 5Mb. In the case of complex cis-rearrangements, chromosomes containingmore than 10 de novo chromatin con-

tacts were checked. The chromosomes with the oscillatory copy number in 40 kb resolution were identified as a potential chromo-

thripsis which occurred by a single catastrophic event while sequentially accumulated complex genomic rearrangements tend to

show a stepwise increase of the copy numbers.

ChIP-seq library preparation
We conducted ChIP-seq to profile genome-wide lysine 27 acetylation (H3K27ac) landscape of 10 adjacent normal samples (P6, P7,

P10, P14, P15, P24, P30, P32, P33, and P40) and twoCRC tumor samples (P14 and P32). Approximately 40–50mg tissuewas placed

in tissueTUBE Extra Thick TT05M XT (Covaris, 520140), and repeatedly hammered while frozen in liquid nitrogen to produce tissue

powder. The tissue sample was cross-linked in cross-linking buffer (100 mM NaCl, 0.1 mM EDTA, 5 mM HEPES, 1% formaldehyde,

pH 8.0) for 10 min at 25�C. The cross-linking was quenched with 125 mM glycine in 25�C for 5 min with rotation, and washed twice

with ice-cold phosphate-buffered saline (PBS). The samples were passed through 30 mmstrainer (Sysmex, 04-0042-2316) to remove

excessive debris, and suspended in SDS lysis buffer (1% SDS, 50 mM Tris-HCl, 10 mM EDTA, pH 8.0) with cOmplete, Mini, EDTA-

free Protease Inhibitor Cocktail Tablets (Roche, 04-693-159-001). Mono- and di-nucleosome size chromatin was obtained through

sonication (Covaris, S220). The sonicated chromatin was incubated with anti-acetyl-histone H3 (Lys27) antibody (Active Motif,

39133) and Dynabeads Protein A for Immunoprecipitation (Thermo Fisher, 10001D) for 4 h in 4�C with rotation, while a fraction of

the input chromatin was stored to be used as input control. The chromatin-antibody-bead complex was subjected to serial washing.

The immunoprecipitated complex and input chromatin were treated with RNase A (QIAGEN, 19101), and reverse cross-linked over-

night at 68�C. The DNA was recovered using AMPure XP (Beckman Coulter, A63881), and ChIP DNA and input DNA libraries were

prepared using NEBNext Ultra II DNA Library Prep Kit (NEB, E7645) following the manufacturer’s instruction. The ChIP-seq libraries

were sequenced using Illumina NextSeq 550 and HiSeq 4000 platforms.

ChIP-seq data processing
ChIP-seq reads aligned to the human reference genome (hg38) using BWA-mem (ver. 0.7.17, ‘–M’ option). Reads with MQ < 10 were

removed, and PCR duplicates were discarded using Picard (ver. 2.18.12). Peaked regions, relative to the input, were identified using

MACS247 (ver. 2.1.1.20160309) with default parameters.
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Identification of pan-normal super-enhancers
H3K27ac peaks were used as an input in the ROSE algorithm to call super-enhancers (SE).48 To assess the activity of super-en-

hancers, reads per million mapped reads (RPM) of H3K27ac ChIP-seq data was subtracted from its corresponding input. Although

the number of enhancers and the exact genomic location vary from samples, generally the region annotated as super-enhancer

showed consistently strong H3K27ac signals in all adjacent normal samples occupying a large portion of the H3K27ac peaks.

Thus, we merged super-enhancer regions from all of the normal samples to create a pan-normal super-enhancer list.

Identification of SE-hijacking candidates
The identified de novo chromatin contacts by the proposed method indicate tumor-specific newly formed long-range chromatin in-

teractions which can mediate interactions of distal super-enhancers and promoters. To investigate the regulatory effect of the newly

established long-range chromatin interactions, all SE and promoter pairs in which their coordinates intersect in the de novo chromatin

contacts were collected. To find SE-promoter pairs that were inherently distant but spatially close after rearrangement, SE and pro-

moter coordinates located at the opposite side of the de novo chromatin contacts on the perspective of the breakpoints were

selected as a candidate pair. SE-promoter pairs with significant interaction frequencies were identified by considering genomic dis-

tance-dependent background interaction frequencies as an expectation value. The interaction frequency of the SE-promoter pair

was calculated by selecting the maximum value in the rectangular region formed by transcription start site (TSS) coordinates

(Additional 1 bin was expanded, �1 if upstream gene and +1 if downstream gene) and super-enhancer coordinates on the raw

Hi-C contact map. As the genomic distance of breakpoints is zero after rearrangement, SE-promoter distance was defined by the

summation of the promoter-breakpoint distance and SE-breakpoint distance. A profile of expected interaction frequencies over

genomic distance was generated from the 20 kb resolution pan-normal Hi-C contact map; the genomic distance-interaction fre-

quency value of all cis-pan-normal Hi-C contact map were averaged per each distance (20 kb bin) and normalized by the maximum

interaction frequency value. The SE-promoter pairs showing higher interaction frequency (over 2-fold) than the expected value at a

given genomic distance after rearrangement (SE-promoter distance) were selected as significant interaction pairs.

Clonality determination of de novo chromatin contacts
The clonality (or mutation time) of each de novo chromatin contacts was determined based on the presence of clonal or subclonal

variants on the Hi-C reads. The clonal or subclonal of WGS-identified variants were determined by using MutationTimeR21 (ver.

1.00.0). Variant call format (VCF) file (trimmed for MutationTimeR input) and a file with position, strand, copy number (major and mi-

nor), and purity information (computational purity) were given as an input with ‘n.boot’ number of 10.

As a number of Hi-C interaction reads inversely proportional to the distance, only reads related to the SV event tend to highly enrich

on the de novo chromatin contacts of large-scale intra-chromosomal SV (breakpoint distance >1 Mb) or translocations (distance un-

defined). This property enables us to select Hi-C reads only from the SV harboring clones among all mapped Hi-C reads obtained

from the heterogeneous condition.

To determine the clonality of de novo chromatin contacts, we first filtered de novo chromatin contacts with less than 3 Hi-C read

coverage at all clonality-resolved variant loci (‘non-testable’). If more than 60%of the subclonal variants are supported by at least two

Hi-C reads, the de novo chromatin contacts were classified as ‘subclonal’. If the Hi-C reads only contain clonal variants, the de novo

chromatin contacts were classified as a ‘clonal’ event. The de novo chromatin contacts supported by both clonal and subclonal var-

iants harboring Hi-C reads were classified as ‘undetermined’.

RISK score metric calculation
ARISK score metric23 was used to evaluate the prognostic effect of the gene sets based on their expression level. The univariate Cox

regression between each gene’s expression level in the given gene set and progression-free survival (PFS) was conducted. The sta-

tistically significant genes (p value or FDR cutoff used) were selected as a RISK gene set. After this process, the coefficient value (biÞ
for each gene was obtained. The RISK score of each patient was defined as the sum of the products of the coefficients (biÞ and
expression levels (xi) of RISK genes (total n genes). Patients with scores higher (R) than the average RISK score were defined as

a high-RISK score group and the remains were defined as a low-RISK score group.

RISK score =
Xn

i

bi � xi

Survival analysis based on RISK score
A total of 214 patients’ gene expression level table, recurrence, and progression free survival time were obtained from the CoPM

consortium. To avoid the potential overfitting issue of the Cox regression, the following procedures were applied: 1) 600 times of

bootstrapping (sampling without replacement) was applied to the CoPM dataset, 2) 2-fold cross validation was performed in which

the coefficient was calculated from the half of the resampled dataset and the final RISK score was calculated by applying the coef-

ficients to the expression level of the other half, and 3) all valid protein coding genes (n = 18,221) were used for the regression. By

repeating this process for 100 times, genes robustly included in the RISK gene set (false discovery rate, FDR <0.01 for each round)
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over 50 times were selected (termed ‘frequently included genes’). The representative coefficient value (biÞ of the frequently included

genes was determined by the average of coefficient values obtained during 100 times of 2-fold cross validations. R ‘survival’ (ver.

2.41.3) and ‘survminer’ (ver. 0.4.1) packages were used to compute p values and plot Kaplan-Meier curves.

Hazard ratio analysis
A total of 96 CoPM patients’ microsatellite instability and driver gene mutation (APC, KRAS, and TP53) information were obtained

from the whole-genome sequencing data. A total of 5 gene sets of published expression level-based prognostic markers for CRC

were also used.24

Marker 1: MCTP1, LAMA3, CTSC, PYROXD1, EDEM1, IL2RB, ZNF697, SLC6A11, IL2RA, CYFIP2, PIM3, LIF, PLIN3, HSD3B1,

ZBED4, PPARA, THNSL2, and CA438802.

Marker 2: BGN, MKI67, MYBL2, GADD45B, FAP, INHBA, c-MYC, ATP5E, GPX1, PGK1, UBB, and VDAC2.

Marker 3: BMI1, ETV6, H3F3B, RPS10, and VEGFA.

Marker 4: PIGR, CXCL13, MMP3, TUBA1B, SESN1, AZGP1, KLK6, EPHA7, SEMA3A, DSC3, CXCL10, ENPP3, and BNIP3.

Marker 5: OLFM4, CXCL9, DMBT1, UGT2B17, SEMA3A, NT5E, and WNT11.

The status of each expression level-based prognostic marker (Marker 1 to 5) and clonal RISK genes (clonal SE-hijacking genes

found in the frequently included genes) for each patient was labeled using the RISK score metric (higher than average RISK: 1

and lower than average RISK score: 0). Due to the small number of genes, the threshold of Cox regression significance was adjusted

to p value <0.05. After labeling, the hazard ratio of the clonal RISK genes compared to the other known markers was calculated. If all

genes had non-significant p values, the gene set was excluded from the HR analysis.

For validation purpose, the TCGA dataset (n = 603) was used to measure HR. Only expression level-based prognostic markers

were used with the TCGA dataset. Through HR analysis, it was calculated whether clonal SE-hijacking genes have higher HR

compared to other factors in TCGA as well as CoPM. R ‘survival’ and ‘survminer’ packages were used to compute the hazard ratio

and plot the result.

Experimental validation of the TOP2B gene overexpression by genomic deletion
In order to validate whether a large-scale genomic deletion (4.2Mb) nearby TOP2B gene induces TOP2B gene overexpression by SE-

hijacking (identified as SE-promoter pairs with significant interaction frequencies), we cloned two guide RNAs (gRNAs) to target the

downstream of TOP2B (gRNA: CTGTATAGTACCCATGCACA) and the upstream of corresponding super-enhancer loci (gRNA:

AGCGAATGACTGACCACCAT) into lentiCRISPRv2 vector (Addgene, 52961). The near-diploid HCT116 cells, obtained from

KCLB, were infected with pairs of lentiCRISPR vectors targeting TOP2B and super-enhancer loci by virus using ViraPower Lentiviral

Packaging Mix (Thermo Fisher, K497500) as described previously.58 The HCT116 clones infected with green fluorescent protein

(GFP)-targeting lentiCRISPR vector served as a control (gRNA: GGGCGAGGAGCTGTTCACCG). Transduced cells were selected

in 1 mg/mL puromycin (Sigma-Aldrich, P4512) for 7 days. Tomake single clones, bulk cultures were plated into 96-well plates. Several

single colonies were isolated and independently expanded. After approximately 30 days of clonal expansion, genomic DNA was ex-

tracted using QIAamp DNAMicro Kit (QIAGEN, 56304). Large-scale genomic deletions induced by CRISPR-Cas9 system were iden-

tified by PCR and direct Sanger sequencing (F1/R1 primer: CCCGGCCCGCAATTTTATAC/GGACTGCTCGGAGGCTTTAA and F2/R2

primer: ACACAGACAGGGCAGGTATC/TCAGATGAGAAGCCGGACTC). For the validation of RNA expression level change, TOP2B,

THRB, and SATB1mRNA levels were analyzed by quantitative Real-Time PCR (qRT–PCR) and normalized relative to 18S ribosomal

RNA in control GFP-targeting vector treated clone (TOP2B mRNA-F/R primer: AAGCACAAGAAAAGGCAGCA/CTCGCCCTTTTG

CATCTCTC, THRBmRNA-F/R primer: AGTCATGTGCCCATTCCTGA/TTTGCTTGCCCACCATTCTC, and SATB1mRNA-F/R primer:

TCAGTGGAAGCCTTGGGAAT/TTGTCCTTCAGTTTGCCGTG). More than six independent RNA preparations were performed.

Cell proliferation analysis
Cell proliferation wasmonitored using Fluorescence-activated cell sorting (FACS) analysis. 13 105 cells were cultured for 3 days and

harvested with trypsin. Cells were fixed with cold 70% ethanol, and stored at�20�C for over 24 h. The cells were then washed in PBS

and incubated with 10 mg/mL RNase A (Sigma-Aldrich, R6148) at 37�C for 20 min. Next, the cells were stained with 20 mg/mL propi-

dium iodide (Sigma-Aldrich, P4864). DNA contents were quantified using a FACSCanto II Flow Cytometer (BD Biosciences, ver. 3.0).

It was confirmed that CRISPR-induced TOP2B SE-hijacking did not affect cell proliferation and apoptosis.

RNA-seq of CRISPR-Cas9 treated cells for cross validation
The expression level of three genes (TOP2B, SATB1, and THRB) measured by qRT-PCR was cross validated by the RNA-seq. The

D134 clone was selected and compared with the GFP-targeting vector treated control clone. The RNA was extracted by using

NucleoSpin RNA XS kit (Macherey-Nagel, MN740902.50). The quality and quantity of the RNA were measured with 4200

TapeStation (Agilent Technologies). TruSeq Stranded mRNA Library Prep (Illumina, 20020594) was used for cDNA synthesis.

High-throughput sequencing was performed by 75 bp paired-end sequencing using NextSeq 550 (Illumina). The quality of obtained

sequencing results was confirmed by fastqc software and ERCC input correlation as described. The HISAT2-stringtie pipeline

mentioned at the previous section was applied for the processing.
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Western blot analysis
The whole cell lysate was obtained by incubating cells on ice for 30 min in lysis buffer (50 mM Tris-HCl, 150 mM NaCl, 1% NP-40,

0.1% Na-deoxycholate, 50 mM NaF, 1 mM sodium pyrophosphate, 1 mM EDTA, and protease/phosphatase inhibitors, pH 7.5), fol-

lowed by centrifugation at 13,000 rpm at 4�C for 15 min. The supernatant was collected and then protein concentrations were quan-

tifiedwith Pierce BCAProtein Assay Kit (Thermo Fisher, 23225). Equal amounts of proteins were size fractionated by 10%SDS-PAGE

and transferred to Amersham Protran NCMembranes (Cytiva, 10600002). Themembranes were blocked with 1X TBS-T (20mMTris-

HCl, 150 mMNaCl, 0.1% Tween 20, pH 8.0) containing 5% skimmilk (BD Biosciences, 232100) with agitation. Then, the membranes

were immunoblotted overnight with TOP2B (Abcam, ab72334) and b-Actin (Cell Signaling Technology, 4976) specific primary anti-

bodies (diluted in 1X TBS-T containing 5% skim milk) at 4�C. The next day, the membranes were washed with 1X TBS-T for 5 times,

incubated with Goat anti-Rabbit IgG (H + L) Secondary Antibody (HRP conjugate, Thermo Fisher, 31460) for 1 h at room temperature,

followed with 5 times washing. The proteins were then detected using a Pierce ECL Western Blotting Substrate (Thermo Fisher,

32106) and visualized with X-ray film (AGFA, CP-BU).

Growth inhibition assay
The viability of cells was assessed using MTT assays. A total of 33 103 cells were seeded in 96-well plates, incubated for 24 h, and

treated for 72 h with drugs (oxaliplatin: Selleckchem, S1224, Irinotecan: Selleckchem, S1198, SN-38: Selleckchem, S4908, and Eto-

poside: Selleckchem, S1225) at 37�C. Following treatment, MTT solution (Sigma-Aldrich, M2128) was added to each well and

incubated for 4 h at 37�C. The medium was then removed, and dimethyl sulfoxide (Sigma-Aldrich, D8418) was added and mixed

thoroughly for 30 min at room temperature. Cell viability was determined by measuring absorbance at 540 nm using a Multiskan

SkyHigh Microplate Spectrophotometer (Thermo Fisher, 51119600) with SkanIt Microplate Reader Software (ver. 5.0). The concen-

tration of drug required to inhibit cell growth by 50% was determined via interpolation from dose-response curves using Calcusyn

software (Biosoft, ver. 5.0). Six replicate wells were utilized for each analysis, and at least three independent experiments were

conducted.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical significance was calculated using R software. Two-sided Kolmogorov-Smirnov (KS) test was used to calculate the statis-

tical significance between the two groups. In the case of comparing patient survival, we used the Kaplan-Meier (log rank) test.

Statistical significance in gene set enrichment was measured by performing a permutation using randomly selected gene sets as

the expectation. Hypergeometric test was used for functional enrichment test, implemented in Metascape. For all figures, asterisks

denote statistical significance and the associated p values are shown in the legend.
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