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Genome conformation underlies transcriptional regulation by distal
enhancers, and genomic rearrangements in cancer can alter critical
regulatory interactions. Here we profiled the three-dimensional
genome architecture and enhancer connectome of 69 tumor samples
spanning 15 primary human cancer types from The Cancer Genome
Atlas. We discovered the following three archetypes of enhancer usage
for over 100 oncogenes across human cancers: static, selective gain or
dynamic rewiring. Integrative analyses revealed the enhancer landscape
of noncancer cells in the tumor microenvironment for genes related
toimmune escape. Deep whole-genome sequencing and enhancer
connectome mapping provided accurate detection and validation

of diverse structural variants across cancer genomes and revealed
distinct enhancer rewiring consequences from noncoding point
mutations, genomic inversions, translocations and focal amplifications.
Extrachromosomal DNA promoted more extensive enhancer rewiring
among several types of focal amplification mechanisms. These results
suggest asystematic approach to understanding genome topology in
cancer etiology and therapy.

In every human cell, 2 m of DNA is extensively folded within a ~10-um
nucleus. Eukaryotic genomes are hierarchically organized in three
dimensions to enable transcriptional regulation by distal cis-regulatory
elements. Chromosomes are subdivided into multimegabase (Mb)
A and B compartments, which interact in a homotypic fashion and
are enriched for euchromatin versus heterochromatin, respectively'.
Megabase-sized topologically associating domains (TADs) facilitate
DNA interactions within TADs but generally exclude interactions
between TADs? ®. Enhancer-promoter (E-P) loops connect distal
enhancers to target genes located 10-100 kilobases away, enabling

cell-type-specific gene expression’’. These three scales of genome
architecture can operate independently’. Alterations in gene expres-
sion, DNA methylation and chromatin accessibility are widespread in
primary human cancers'2. However, functionally linking cis-regulatory
elementstotarget genesremains challenging dueto regulatory element
redundancy, cell-type-specific activity and large genomic distances
between cis-regulatory elements and their target genes®. While prior
studies have illustrated the potential impact of altered chromosome
topology on enhancer rewiring in cancer™, a systematic understand-
ing of the three-dimensional (3D) architecture of cancer genomes is
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still lacking. Differences in 3D genome organization between cell line
models and primary tissue® as well as patient-specific genetic altera-
tions highlight the importance of chromosome conformation profiling
in primary cancer samples.

Cancer genomes are characterized by frequent structural varia-
tions (SVs) that have the potential to alter 3D genome organization,
enabling interactions with otherwise distant regulatory elements'®".
Inadditionto simpleSVs, including duplications, deletions, inversions
and translocations”, ongoing genomicinstability in cancer canlead to
complexstructures through chromothripsis, breakage-bridge fusion
events and extrachromosomal DNA (ecDNA) formation. ecDNAs are
~100-kb- to 5-Mb-sized circular DNA molecules that enable massive
oncogene expression and lead to poor patient outcome’®. SVs can
lead to alterations in both gene copy number (CN) and DNA element
connectivity, but the functional consequences on gene regulationare
poorly understood?°. Chromosome conformation has emerged as
a powerful tool to assemble and characterize SVs*. Mapping the 3D
cancer genome may clarify the structure of SVs as well as determine
their functional consequences on gene regulation.

Here we map the enhancer connectome of primary human cancers
by HiChlIP, a protein-directed chromosome conformation method,
to simultaneously assess enhancer activity measured by histone H3
lysine 27 acetylation (H3K27ac) and interactions with target loci**?,
two features thatare jointly predictive of gene expression®. We lever-
age and integrate multidimensional data from The Cancer Genome
Atlas (TCGA), including expanded deep whole-genome sequencing
(WGS) and single-cell chromatin accessibility mapping with 3D genome
architecture, to address the role of chromosome topology in cancer
gene regulation.

Results

Multiple scales of 3D genome organization in human cancers
We profiled genome-wide chromosome conformation in 69 tumor
samples representing 15 primary human cancer types using H3K27ac
HiChIP?>** (Methods). These 15 cancer types were chosen based on
overlap with samples previously profiled by the assay of transposase-
accessible chromatin using sequencing (ATAC-seq)? and to represent
the diversity of human cancers (Fig.1aand Supplementary Table1). All
HiChIP experiments demonstrated signal enrichment at gene promot-
ers and sufficient numbers of uniquely mapped contacts for further
analysis (Extended Data Fig. 1a-c). To enable integration with additional
donor-matched data generated by TCGA, including ATAC-seq, RNA
sequencing (RNA-seq) and WGS data, we validated donor identity based
onsingle-nucleotide polymorphism (SNP) genotyping calls (Extended
Data Fig.1d)". WGS of 268 TCGA samples analyzed for chromatin acces-
sibility was also extended to 75x coverage for tumor samples and 25x
coverage for matched normal samples to facilitate interpretation of
CNvariations (CNVs), point mutations and SVs (Extended DataFig. 1e,f
and Supplementary Table 2; Methods).

We identified 665,682 unique significant interactions, or loops,
associated with putative regulatory elements marked by H3K27ac,
including complex E-P interactions such as enhancer-skipping of
nearest genes (Fig. 1b and Extended Data Fig. 2a-f). Additionally, we
compared our pan-cancer loop set with previously identified loops
from H3K27ac HiChlP profiling of cell lines and primary tissue samples
(Extended Data Fig. 2g)*. Overall, 71% of our loops overlapped with
previously identified loops, and we also identified 188,887 looping
interactions not observed in previous datasets. HiChIP interaction
matricesrevealed A/Bcompartment level organization at the megabase
scalereflectedinthefirst eigenvector of the correlation matrix, which
was largely consistent across different cancer types and concordant
with A/B compartments estimated from DNA methylation correlation
matrices® (Fig. 1c,d and Extended Data Fig. 2h).

To explore enhancer connectome diversity between differ-
ent cancer types, we first considered the MYC oncogene located on

chromosome 8, which is regulated by surrounding tissue-specific
enhancers'”. We assessed one-dimensional (1D) H3K27ac ChIP enrich-
ment detected by HiChIP and observed H3K27ac enrichment either at
regulatory elements located 5’ of MYC in cancer types such as colon
adenocarcinoma (COAD) or at 3’ regulatory elements asin liver hepa-
tocellular carcinoma (LIHC; Fig. 1d,e). This bias in H3K27ac reflected
tissue-specific H3K27ac enrichment observed in healthy colon and
liver, as well as previously observed trends in chromatin accessibility
from matched samples'>*® (Fig. 1e and Extended DataFig. 2i). Further-
more, we observed corresponding biases in 3D organization at the
MYClocus using HiChlP, reflected in differential contact frequency
in the interaction matrix and direction of significant loops linked to
the MYC promoter (Fig. 1e and Extended Data Fig. 2j). Finally, 5" or 3’
bias in enhancer activity was also reflected in enhancer interaction
signal (EIS) at the MYC promoter, as determined by virtual 4C analysis,
which reflects both H3K27ac ChIP signal strength and chromosome
conformation contact strength with the designated anchor (Fig.1d,e).

We further examined the scales of genome topology that distin-
guished human cancer types, leveraging the multiscale datayielded by
HiChlIP. We noted that H3K27ac enrichment as well as 2D interaction sig-
nals wereimpacted by CNVs, and for subsequent analyses, we applied
CN correction based on WGS ploidy-corrected CNV calls, excluding
sevensamples without matched WGS from further analysis (Extended
Data Fig. 2k; Methods). First, we performed Pearson correlation and
hierarchical clustering using vectorized subcompartmentannotations
reflecting higher order chromosome conformation® (Fig. 1f). Individ-
ual samples exhibited high pairwise correlation at the subcompartment
level, and some cancer types were not well separated by hierarchical
clustering, similar to prior observations of conserved compartment
organization between different cell and tissue types"**°. Second, we
found that 1D H3K27ac enrichment associated with cell-type-specific
enhancers®** provided better cancer-type specificity, reflected in a
higher cluster purity and lower cluster entropy following hierarchi-
cal clustering (Fig. 1f and Extended Data Fig. 2I; Methods). Finally, 2D
HiChlIPsignal at significantinteractionsin the unionloop set provided
the best separation between different cancer types, and clustering was
concordant with prior clusteringbased onbulk RNA-seq, ATAC-seq and
DNA methylation' (Fig. 1f and Extended Data Fig. 3a).

Dimensionality reduction of either H3K27ac peak or HiChIP loop
signal, followed by ¢-distributed stochastic neighbor embedding,
also separated samples by cancer type and was consistent with pre-
viously described ATAC-seq clusters (Extended Data Fig. 3b-d)™.
Additionally, sample clustering reflected additional features, such
as separation between basal and nonbasal breast cancers (Extended
Data Fig. 3e) and differences between esophageal squamous cell car-
cinoma (ESCC) and esophageal adenocarcinoma (EAC; Extended Data
Fig.3f)*. Toidentify differential H3K27ac peaks and HiChIP loops, we
used feature binarization'>** to identify features that are unique to a
specific cancer type or subset of cancer types and identified 28,716
differential H3K27ac peaks and 5,073 differential loops (Extended
Data Fig. 4a,b). Consistent with prior results from chromatin acces-
sibility profiling, cancer-type-specific peaks and loops identified by
HiChIP were enriched for relevant transcription factor (TF) motifs,
including p63 in squamous cancers (ESCC and lung squamous cell
carcinoma (LUSC)) and androgenresponse elements in prostate adeno-
carcinomas (PRAD; Extended Data Fig. 4c,d). Interestingly, we noted
that some TFs were preferentially enriched in H3K27ac-associated
loopsrelative to H3K27ac peaks, suggesting that these TFs may poten-
tially be more relevant for 3D looping interactions. Expanding on our
observation of cancer-type-specific regulation of MYC, we identified
51 oncogenes with >5 linked differential H3K27ac peaks, nominating
tissue-specific regulatory elements (Extended Data Fig. 4e and Sup-
plementary Table 3).

Furthermore, we noted multiple loci that were enriched for
H3K27acin multiple cancer types but engaged in differential looping
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Fig. 1| HiChIP identifies high-resolution chromosome conformationin
primary human cancers across multiple scales. a, Schematic representation
of'the1S cancer types profiled in this study. b, Stacked bar plot of the number
of unique significant FitHiChlIP interactions identified by H3K27ac HiChIP by
cancer type and colored by loop classification (E-P, E-E, P-P, E-N and P-N). The
numbers shown above each bar represent the number of samples profiled for
each cancer type. ¢, KR matrix balancing-normalized H3K27ac HiChIP contact
matrix at 250-kb resolution for merged COAD samples on chromosome 8. Top
track displays the first principal component of Pearson’s matrix eigenvector

of the KR-normalized observed/expected matrix, corresponding to A/B
compartment. d, First eigenvector of the KR-normalized observed/expected
matrix, corresponding to A/B compartment, for all samples merged by cancer
type (left). One-dimensional H3K27ac signal enrichment at the MYClocus
normalized by reads overlapping TSS for all samples merged by cancer type
(middle). Interaction profiles of the MYC promoter representing EIS for all
samples merged by cancer type (right). Significant loop interactions colored
by adjusted Pvalue are shown below. Pvalues were calculated using a two-sided
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binomial test and corrected using the BH procedure. Cancer types are ordered
based on H3K27ac signal bias at the MYClocus. e, Subtraction matrix comparing
KR-normalized H3K27ac HiChlIP at 10-kb resolution from merged COAD and LIHC
samples at the MYClocus (top). Tracks visualize H3K27ac ChIP-seq enrichment
from normal tissue profiled by ENCODE, HiChIP 1D H3K27ac enrichment,

interaction profiles of the MYC promoter, and significant loop interactions

colored by adjusted Pvalue. Pvalues were calculated using a two-sided binomial
testand corrected using the BH procedure. f, Unsupervised hierarchical

clustering of vectorized HiChIP subcompartment annotations (left), HiChIP

1D H3K27ac signal (middle), and HiChIP 2D interaction signal (right). Heatmap

colored by Pearson correlation coefficients. Cluster purity quantifies the degree
that samples of the same cancer type cluster together with higher values,
indicating better clustering performance, while for cluster entropy, lower values

indicate better clustering performance. Representative subcompartments,

H3K27ac enrichment and EIS tracks illustrating the data type used for correlation

analysis are shown at bottom.
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Fig. 2| Differential contributions of CN and enhancer activity explain
variability in oncogene expression. a, Interaction profiles of the MET and KRAS
promoters for individual samples with high (rank 1and 2 of 56 samples with
matched RNA-seq, WGS and HiChIP data), intermediate (rank 28 and 29) or low
(rank 55 and 56) RNA expression with significant loop interactions colored by
adjusted Pvalue. Pvalues were calculated using a two-sided binomial test and
corrected using the BH procedure. Bar plots visualize RNA expression and CN
inferred from WGS. b, Schematic representation of analysis to infer contribution
of enhancer interaction gain or gene CN to oncogene mRNA expression level.

¢, Oncogenes with variance in RNA expression >1 (n = 45) ranked by the fraction

Top E-P
component (log,)

of RNA variance explained by CNV or linked enhancer activity across cancer
samples. Each columnis agene. Genes with dark blue-colored bars on the top
are significantly explained by CNV, while genes with orange-colored bars on the
bottom are significantly explained by enhancer signal (E-P; H3K27ac term with
the highest relative importance for each gene is shown). Genes in bold dark blue
or orange text are also significant when cancer typeisincluded in regression
analysis. d, Scatter plot of the relationship between DNA CN and RNA expression
for copy-driven gene KRAS (top) and E-P interaction signal and RNA expression
for enhancer-driven gene MET (bottom). FPKM, fragments per kilobase of
transcript per million mapped reads.

inspecific cancer types, although most differential peaks overlapped
with a differential loop (Extended Data Fig. 4f). For example, we iden-
tified a putative regulatory element located -9 kb of the ESR1 gene
encodingestrogen receptor athatis marked by H3K27acin nonbasal
breast invasive carcinomas (BRCA), thyroid carcinoma (THCA) and
uterine corpus endometrial carcinoma (UCEC), but with increased
looping to the ESR1 promoter in UCEC, which correlates with higher
ESRI expression (Extended Data Fig. 4g). Additionally, we identi-
fied more complex examples, such as an H3K27ac peak overlapping
histone H4 gene H4-16 with differential looping interactions to sev-
eral nearby genes that correlates with the expression of the inter-
acting gene (Extended Data Fig. 4h). These results suggest that 3D

cancer genomes have globally similar compartment organization, but
enhancer-associated histone modifications and fine-scale E-P loops
distinguish different cancer types.

Oncogene expression by enhancer rewiring or CN gain

We next examined the roles of the 3D genome in oncogene transcrip-
tion. We focused on 110 consensus driver oncogenes that were found
to be recurrently mutated or overexpressed across different cancer
types®. The 3D chromatin landscape across cancer types suggested the
following three classifications of enhancer usage: (1) static enhancer
usage, exemplified by NRAS (encoding neuroblastoma RAS viral onco-
gene homolog); (2) selective enhancer connectivity in one cancer
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Fig. 3| Deconvolution of HiChIP signal resolves malignant and immune cell-
specific chromatin conformationin TME. a, Schematic representation showing
identification of cell-type-specific enhancer-promoter interactions using
integration of HiChIP and scATAC-seq data. b, Signal tracks showing scATAC-seq
and H3K27ac HiChIP at CD274 locus (encoding PD-L1) for sample TCGA-86-A4P8.
The scATAC-seq track indicates the chromatin accessibility of different cellsin
TME (top). The H3K27ac HiChlIP track indicates the bulk H3K27ac signal (middle).
Theinteraction track indicates the CD274 promoter-associated interactions.

The shaded areaindicates the myeloid cell-specific H3K27ac peak. ¢, Bar plot
ofloop annotation based on scATAC-seq/HiChlIP integration for samples with
matched scATAC and H3K27ac HiChlIP. d, Integrative virtual 4C and scATAC-seq
signal tracks showing the myeloid cell-specific enhancer-promoter interaction
for CD274 (encoding PD-L1). The virtual 4C plot shows the EIS changes (left)

with matched CD274 RNA expression and myeloid cell percentages based on
ScATAC-seq (right). The scATAC-seq track indicates the chromatin accessibility
of myeloid cells, noncancer cells and cancer cells across eight different cancer
types (bottom). The marked areaindicated the myeloid cell-specific H3K27ac

peak. Significant loop interactions are colored by adjusted Pvalue, and Pvalues
were calculated using a two-sided binomial test and corrected using the BH
procedure. e, Scatter plot showing the correlation between the enhancer-
promoter interaction and CD274 RNA expression. The correlation coefficient
was calculated using Pearson correlation, and the Pvalue was calculated using a
two-sided ¢ test. f, Scatter plot showing the correlation between the enhancer-
promoter interaction and RNA-seq-derived leukocyte fraction estimation. The
correlation coefficient was calculated using Pearson correlation, and the Pvalue
was calculated using a two-sided ¢ test. g, Signal tracks showing the integrative
track of scATAC-seq and H3K27ac HiChIP at MYClocus. The scATAC-seq track
indicates the chromatin accessibility of different noncancer and cancer cells
ineight cancer types (top). The H3K27ac HiChlIP track indicates the bulk level
H3K27acssignal in BLCA, BRCA and COAD (middle). The interaction track
indicates the MYC promoter-associated interactions. The shaded area indicates
H3K27ac peaks that overlap with cancer risk-associated SNPs. Significant loop
interactions are colored by adjusted Pvalue, and Pvalues were calculated using a
two-sided binomial test and corrected using the BH procedure.
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type, such as EGFR (encoding epidermal growth factor receptor) in
glioblastoma; and (3) highly dynamic patterns of enhancer contacts,
including MYC (encoding MYC proto-oncogene, bHLH transcription
factor; Fig. 1d, Extended Data Fig. 5a,b and Supplementary Table 4).
Individual oncogenes varied considerably in the number of E-Ploops
identified by HiChIP, suggesting that enhancer activity may contribute
to RNA expression in a gene-specific manner (Extended Data Fig. 5c).

In addition to enhancer rewiring, DNA CN has a profound effect
ononcogeneexpression. Not only do amplified genes tend tobe more
highly expressed due to additional DNA copies, but they may also
explore different gene regulatory space'****¢, We first compared CN and
enhancer activity for cases with low, intermediate or high RNA expres-
sion and found variable contributions depending on the gene. For
example, MET showed a strong correlation between H3K27ac HiChIP
signal and RNA expression with minimal changesin DNA CN (Fig. 2a).
In contrast, differences in KRAS RNA expression reflected DNA CNVs
while H3K27ac HiChIP signal was largely unchanged. To determine the
relative contributions of both enhancer usage and CNVs on oncogene
transcription, we performed an integrated analysis using H3K27ac
HiChlIP, bulk RNA-seq and WGS. We used multiple linear regression to
determine the relative contributions of DNA CN and enhancer interac-
tionscoretovariancein RNA expression across all driver oncogenes and
cancer types (Fig. 2b). Toaccount for multiple coordinated enhancers,
foreachgene, weidentified all significant HiIChIP looping interactions
as well as overlapping H3K27ac peaks and took the top five principal
components of H3K27ac signal across all samples (Extended Data
Fig.5d). We noted correlations between DNA CN and the first principal
component of H3K27ac signal, which was mitigated by CN regression
(Extended DataFig. 5e).

Overall, we found that both H3K27ac signal and DNA CN explained
variance in RNA expression, although individual genes differed sub-
stantially in how muchvariance in RNA expression could be explained
by either CN or enhancer activity (Fig. 2c and Extended Data Fig. 5f,g).
Given the prevalence of cancer-type-specific enhancers, we also per-
formed regression analysis with cancer type included and found that
while cancer type explains a considerable proportion of variance and
reduces the variance explained by E-P signal, the variance explained
per gene forboth CNand E-Psignalis highly correlated inboth analyses
(Extended Data Fig. 5f,h,i). Quantitative analysis showed that for the
majority of all genes and over 70% of oncogenes, mRNA expression
is better explained by gains in enhancer activity, while expression
of the remaining genes is better explained by DNA CN (Fig. 2c and
Extended Data Fig. 6a). When comparing to patterns of static, selec-
tive or dynamic enhancer usage as defined above, we find that only
oncogenes with selective and static enhancer usage were copy-driven,
while all classes of enhancer usage can be enhancer-driven (Extended
DataFig. 6a). While some of the top copy-driven oncogenes have more
extreme variation in CN, several enhancer-driven oncogenes have
comparable variationin CN, suggesting that gene classificationis not
solely driven by extreme changes in CN (Extended Data Fig. 6b). The
pattern of enhancer or copy-driven oncogene expression is remark-
ably binary and consistent (Fig. 2d and Extended Data Fig. 6¢,d). This
analysis demonstrates that CN amplification explains overexpression
for afew oncogenes, while enhancer activity better accounts for most
cases, highlighting therole of the 3D regulatory landscape in oncogene
activation.

Cell-type-specific E-P loops in the tumor microenvironment
(TME)

Epigenetic regulation of immune cells profoundly impacts cancer
development; however, knowledge regarding enhancer-promoter
interactionsinthe TMEis limited. We developed acomputational frame-
work to deconvolute H3K27ac HiChlIP into cell-type-specific signals
using patient-matched single-cell ATAC-seq (scATAC-seq)* (Fig. 3a
and Supplementary Table 5; Methods). For instance, we identified a

myeloid cell-specific enhancer-promoter interaction for the CD274
gene (encoding programmed death-ligand 1 (PD-L1)) in lung adeno-
carcinoma (LUAD) sample TCGA-86-A4P8 (Fig. 3b). HiChIP revealed
aninteractionbetween the CD274 promoter and aregulatory element
marked by H3K27ac located +110 kb away, adjacent to previously
described enhancers®®. scATAC-seq analysis from the same sample
validated myeloid-specific accessibility at this enhancer, with mini-
mal accessibility in malignant or other immune cells. In contrast, an
enhancer -140 kb away from the promoter of the CCND3 gene (cyc-
lin D3) displayed chromatin accessibility specific to malignant cells
(Extended DataFig. 7a).

We extended this framework to 29 patients with matched H3K27ac
HiChIP and scATAC-seq, focusing on16 samples with sufficient nonma-
lignant cells for scATAC-seq peak calling (Methods). Most E-P interac-
tions overlapped with scATAC-seq peaks that were accessible across
multiple cell types; however, we were able to identify cell-type-specific
interactions (Fig.3c). Intotal, we identified 1,551 malignant cell-specific
and 745 immune cell-specific interactions. Immune cell-associated
E-Pinteractions displayed significantly lower correlation with tumor
purity and higher correlation with RNA-seq-derived leukocyte frac-
tion estimates compared to malignant cell-associated E-P interac-
tions (Extended Data Fig. 7b,c; Methods)***°. Gene Ontology analysis
revealed that malignant cell enhancer contacts were enriched for cell
division and growth genes, while those in tumor-associated myeloid,
B and T/natural killer (NK) cells were linked to immune pathways
(Extended Data Fig. 7d).

PD-L1, encoded by CD274, is a ‘don’t kill me’ signal that dampens
anticancer T cell responses and is a major target for cancer immuno-
therapy*. While commonly expressed by malignant cells, PD-L1is also
highly expressed by immune cellsin the TME, including macrophages
and dendritic cells*’. We identified adynamic enhancer located 110 kb
3’ of CD274 with E-P interaction signal correlated with CD274 mRNA
expression, leukocyte fraction estimation and myeloid cell frequency
estimated by scATAC-seq (Fig. 3d-f, Extended Data Fig. 7e and Sup-
plementary Table 6; Methods). Pseudobulk single-cell chromatin
accessibility analysis further supported the myeloid specificity of this
enhancer, which was uniquely accessible in myeloid cells (Fig. 3d). We
also examined T/NK cell-specific E-P interactions for /KZF1, a known
regulator ofimmune cell development expressed by multipleimmune
cell types, including T cells*. While the /KZF1 promoter is accessible
across multipleimmune cell typesin the TME, we identified anintronic,
T/NK cell-specific enhancer with significant looping to the promoter
(Extended Data Fig. 7f). The IKZF1 E-P interaction signal correlated
positively with [KZF1 RNA expression as well as leukocyte fraction
estimation but negatively with tumor purity estimation (Extended
Data Fig. 7g,h). In addition, many E-P interactions exhibited shared
chromatin accessibility between malignant and immune cells, includ-
ing immune checkpoint genes like CTLA4, TIGIT, VSIR and TIM3 (refs.
44,45; Supplementary Table 6 and Extended DataFig. 7i). These results
suggest that the immunological setpoints of cancers reflect the con-
tributions of multiple cell types in the TME.

SscATAC-seq-based deconvolution enabled the classification of
malignant cell-specific E-Pinteractions, nominating enhancers linked
to altered gene expression in transformed cells (Fig. 3c). Gene Ontol-
ogy analysis revealed that one of the most significantly enriched sets
of enhancer target genes is the MYC pathway (Extended Data Fig. 7d).
We enumerated malignant cell-specific E-P loops at the MYClocus in
BLCA, BRCA and COAD samples (Fig. 3g). MYCEIS positively correlated
with MYCmRNA expression and tumor purity estimation but negatively
correlated withleukocyte fraction estimation (Extended Data Fig. 7j,k).
Genome-wide association studies have identified numerous noncoding
variants associated withincreased risk of cancer. Seven SNPs associated
with cancer risk map to the cancer-specific MYCenhancers (Extended
DataFig. 7I), including the COAD risk variant rs6983267 that has been
replicated in multiple cohorts**™, suggesting that these variants exert
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Fig. 4 |Integration of WGS and HiChIP identifies cancer-relevant regulatory
mutations and target genes. a, Schematic representation showing the workflow
ofidentifying the H3K27ac-associated noncoding mutations. b, Scatter plot
indicating the relationship between oncogene promoter-associated HiChIP and
WGS allele frequency differences and the effect size (Tscore) of the associated
H3K27ac signal change between mutant and wild-type patients. The T score was
calculated by atwo-sided t test. ¢, Bar plot showing the allele frequency of chr3:
169,267,090-T>C (MECOM) mutant between HiChIP and WGS for sample TCGA-
HF-A5NB (STAD). The Pvalue was calculated by Fisher’s exact test and corrected
using the BH procedure. d, Signal tracks showing the integrative track of H3K27ac
HiChIP at MECOM locus normalized by reads in TSS. The H3K27ac 1D signal track
indicates the bulk level H3K27ac signal in STAD samples (left). Mutant patient
TCGA-HF-A5NB s highlighted in blue. The chr3:169,267,090-T>C mutant position
islabeled inred line. Bar plots indicate matched H3K27ac signal (CN corrected),
MECOM expression and CN at MECOM locus. e, Scatter plot quantifying the
relationship between enhancer activity and enhancer-promoter interaction
changes for oncogene-associated enhancers with somatic variants.

f, Bar plot showing the allele frequency of chr8:38,553,516-C>T (FGFRI enhancer)
mutant between HiChIP and WGS for sample TCGA-BL-A3JM (BLCA). The Pvalue
was calculated by Fisher’s exact test and corrected using the BH procedure.

g, Signal tracks showing the integrative track of HiChIP 1D H3K27ac enrichment
at FGFRIlocus normalized by reads in TSS. The H3K27ac 1D signal track indicates
the bulk level H3K27ac signal (CN corrected) and FGFRI enhancer-promoter
interactions in BLCA samples (left). Mutant patient TCGA-BL-A3]M is highlighted
inpurple. The chr8: 38,553,516-C>T mutant position was labeled in red line.

Bar plotsindicate matched H3K27ac signal, FGFRI expression and CN at FGFRI
locus. Significant loop interactions are colored by adjusted Pvalue, and Pvalues
were calculated using a two-sided binomial test and corrected using the BH
procedure. h, Scatter plot indicating the association between chr8:38,553,516-
C>T mutant-involved motif enrichment changes and motif enrichment scoresin
chr8:38,553,516-C>T mutant region. i, Motif sequence plot showing the overlap
between the mutant sequence and the enriched motif sequence for TFCP2L1. AF,
allele frequency.
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Fig. 5| Impact of structural rearrangement and ecDNA amplification on
enhancer connectivity. a, Workflow of the joint HIChIP-WGS analysis for
simple structural variants and complex focal amplifications. b, Distribution of
cyclic, BFB, complex and linear somatic focal amplifications detected across

62 tumor whole-genome samples with corresponding HiChIP data and 62
patient-matched normal samples as controls. ¢, Distribution of cyclic, BFB,
complex, linear fSCNA affecting oncogenes. d, Raw HiChIP contact matrix of
ERBB2rearrangement with tracks visualizing H3K27ac 1D signal enrichment, CN
inferred from WGS, SVs identified by WGS and amplicon prediction (top). The
raw, unnormalized HiChIP contact matrix allows for visualization of regions of
high HiChlIP signal before normalization, which correspond to amplifications
and structural rearrangements detected by WGS. CN-normalized HiChIP contact
matrix with tracks visualizing TADs/neoTADs, H3K27ac 1D signal enrichment and
loops/neoloops (bottom). e, Raw HiChIP contact matrix of a cyclic (ecDNA-like)

EGFRrearrangement with tracks visualizing H3K27ac 1D signal enrichment,
CNinferred from WGS, SVsidentified by WGS, amplicon prediction and co-
amplification frequency across all TCGA WGS samples (top). Tracks visualizing
H3K27ac 1D signal enrichment and significance of co-amplification with CN-
normalized HiChIP matrix below (bottom). Arrow indicates increased interaction
signal indicative of a circular amplicon. f, Violin and box plot quantifying
neoloops per megabase within cyclic, BFB, complex, linear amplifications
identified by NeoLoopFinder (n = number of unique amplifications). Loop counts
are quantified for each focal amplification, normalized by the size of the focal
amplification and classified as a neoloop if they span an SV breakpoint. Pvalues
were calculated using a two-sided Wilcoxon rank-sum test and adjusted using the
BH procedure. Box centerline, median; box limits, upper and lower quartiles; box
whiskers, 1.5x interquartile range. fSCNA, focal somatic CN amplifications.
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their effect by impacting MYC expression in transformed cells rather
thanimmune or stromal cells. We extend this SNP analysis to all malig-
nant cell-specific E-P interactions, providing a comprehensive list of
risk SNPs linked to target genes (Supplementary Table 7).

Three-dimensional genome reveals targets of noncoding
regulatory mutations

Identification of somatic mutationsinactive regulatory elements with
higher allele frequencies in H3K27ac HiChIP compared to WGS can
nominate noncoding mutations that may promote enhancer activity
to drive cancer initiation and progression (Fig. 4a). Building on prior
efforts using WGS as well as ATAC-seq to nominate functional non-
coding variants'>*!, additional WGS and HiChIP data generated in this
study provide additional power to nominate functional variants and
to identify target genes. Using somatic mutations identified by WGS,
we calculated mutant allele frequencies in H3K27ac HiChlIP, achiev-
ing a median correlation of 0.54 with ATAC-seq data (Extended Data
Fig. 8a). We then quantified the mutant allele’s impact on enhancer
activity based on the average H3K27ac signal changes within a 2-kb
region centered on the single-nucleotide variant relative to all cases
with only the reference allele (Fig. 4a; Methods). We identified 7,517
somatic mutations (2,975 promoter mutations and 4,542 enhancer
mutations) with higher variant allele frequency in H3K27ac HiChIP
over WGS (Fig. 4a and Extended Data Fig. 8b; Methods), suggesting
enhanced regulatory activity.

Among oncogene promoter variants, this analysis nominated
a stomach cancer-associated variant (chr3:169,267,090-T>C) in the
MECOM promoter, showing a higher allele frequency in HiChIP (85%)
than WGS (45%; Fig. 4b,c) and increased H3K27ac signal (Extended
Data Fig. 8c). Furthermore, a concordant trend between H3K27ac
signal changes and mRNA expression levels was observed across dif-
ferent patients, except for sample TCGA-CD-A48C, which had high RNA
expression despite modest H3K27ac signal at the MECOM promoter.
Examination of WGS datarevealed a focal amplification of the MECOM
locus for this sample, suggesting that either noncoding promoter
mutation or gene copy amplification can promote oncogene over-
expression (Fig. 4d). Indeed, MECOM RNA expression and H3K27ac
promoter signal for the sample with the chr3:169,267,090-T>C variant
rank in the top 16% of TCGA STAD RNA-seq and top 5% of pan-cancer
H3K27ac HiChIP (Extended Data Fig. 8d,e). As noncoding mutations
can create new binding sites for TFs that may promote gene overex-
pression, we compared motif enrichment scores between MECOM
chr3:169,267,090-T>C mutant and wild-type sequences (Extended
Data Fig. 8f). Differential motif analysis nominated AHR and FOXM1
as the most significant TF motif gained by the T>C change in the
MECOM promoter (Extended Data Fig. 8g), and RNA-seq data analy-
sis confirmed the expression of AHR and FOXMI in the tumor sample
(Extended Data Fig. 8h).

We next investigated the presence of enhancer mutations that
may impact gene expression and regulatory element activity. We first
validated the previously identified FDG4 enhancer mutation in the
BLCA cohort using HiChIP (Extended Data Fig. 8i)>. Consistent with
ATAC-seq data, the sample with the chrl2: 32,385,775-C>T variant
showed substantially higher H3K27ac signal compared to noncarriers
(Extended Data Fig. 8i). To further nominate functional noncoding
variants, we examined both 1D H3K27ac enrichment and E-P looping
assessed by HiChIP and nominated 2,214 variants with increased E-P
interaction signal (Extended Data Fig. 8j). The chr8: 38,553,516-C>T
variant linked to the FGFRI promoter in BLCA exhibited allelic bias in
HiChlIP dataand an eightfold increase in H3K27ac signal (Fig. 4e-gand
Extended DataFig. 8k). This variant dramatically enhanced E-P interac-
tionsignal (1.4- to 70-fold) and FGFRI expression, ranking in the top 1%
of the BLCA cohort, without evidence of CNVs (Fig. 4g and Extended
DataFig. 81). Differential motif analysis revealed that the Cto T change
created a new binding motif for the TFCP2L1 TF (Fig. 4h,i), which is

associated with cell cycle progression and stemness during bladder
cancer progression®” and is highly expressed in the affected sample
(Extended Data Fig. 8m). Finally, high FGFRI expression correlated with
worse prognosis in BLCA, suggesting functional consequences of this
enhancer-associated noncoding mutation (Extended Data Fig. 8n).

Extensive enhancer rewiring from structural rearrangements
Anadditional source of somatic alterations with substantialimpact on
3D genome organizationare structural rearrangements'>*. Integration
of WGS analysis with H3K27ac HiChlIP provides unique insight into
the regulatory impact of both simple and complex structural rear-
rangement events, in particular focal amplifications that can promote
oncogene overexpression (Fig. 5a). We first examined the regulatory
impact of simple SVsidentified by WGS, including deletions, duplica-
tions, inversionand translocations (Extended DataFig. 9a). Rearranging
the connectivity of DNA segments can resultin bothincreased contact
probability between two previously distant DNA segments and the
formation of new TADs and new E-P loops across SV junctions. We used
NeoLoopFinder to reconstruct the HiChIP interaction matrices for SVs
identified by WGS, such asa translocation linking enhancers on chromo-
some 20 with the PIK3R1 oncogene on chromosome 5, and identified
new TADs (neoTADs) and new E-P contacts (neoloops), validating
the SV reconstruction and nominating new regulatory interactions™
(Methods; Extended DataFig. 9b). Among all classes of simple SVs, we
find that translocations tend to have higher proportion of SVs with at
least one neoloop and substantially more neoloops/Mb detected per
SV as well as more total loops (Extended Data Fig. 9c-e), suggesting
that translocations may promote more extensive enhancer rewiring
compared to other simple SV classes.

Complex rearrangements link specific amplification classes to
distinct DNA repair mechanisms and regulatory features, includ-
ing breakage-fusion-bridge (BFB) or translocation-bridge® cycles
of chromosomal instability and ecDNA formation. Notably, ecDNA
amplification, associated with poor clinical outcomes, drives gene
overexpression through increased DNA accessibility, enhancer
co-amplification and nuclear colocalization**™’, Focal genomic
amplifications were detected from WGS data using AmpliconArchi-
tect and classified based on the predicted connectivity of discordant
breakpoints as linear, complex, cyclic (with head-to-tail connectivity
characteristic of ecDNA) or BFB (Fig. 5a,b)*°°". Cyclic amplifications
associated with ecDNA were one of the most frequent SVs among
solid tumors affecting multiple oncogenes, and many tumors exhibit
multiple distinct molecular species of ecDNAs (Fig. 5c and Extended
DataFig. 9f).

HiChlIP data confirmed the spatial proximity of the three distal
genomic segments encompassing the ERBB2 and CDK12 genesinvolved
inacomplex rearrangement and nominated several new E-P interac-
tions linked to the CDK12 gene (Fig. 5d). Predicted cyclic amplicons,
such as those involving EGFR and MDM2, were further validated by
increased HiChlP interaction frequency at the corner of the matrix
(Fig. 5e and Extended Data Fig. 9¢g). Finally, regulatory elements
marked by H3K27ac involved in cyclic amplicons were substantially
co-amplified across the TCGA cohort based on WGS data (Fig. 5e and
Extended DataFig. 9g).In addition, we find that ecDNAs exhibit exten-
sive sequence heterogeneity even within individual tumors. In cases
where multiple amplicons were nominated by WGS, including multiple
cyclic cyclesinvolving EGFR, HiChIP provided orthogonal support for
the dominating rearrangement, whichwas supported by a highinterac-
tion frequency (Fig. 5e and Extended Data Fig. 9h).

Overall, we find that different classes of rearrangements impact
gene regulation at distinct scales, with ecDNA generating the largest
number of new E-P loops, as well as larger overall numbers of E-P
loops, compared to BFB or linear amplicons (Fig. 5fand Extended Data
Fig. 9i). These findings underscore diverse mechanisms of structural
rearrangements driving epigenetic rewiring in cancer.
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Discussion

Here we provide an initial survey of 3D genome architecture and
enhancer landscape in 15 primary human cancer types. This dataset
defined chromosome topology at multiple scales and expanded the
lexicon and syntax of gene regulationin cancer. Overlaying 3D genome
conformation with DNA mutation, CN, single-cell chromatin acces-
sibility and RNA expression informed how alterations in gene regula-
tion may impact cancer. Nonetheless, due to the range of sequencing
depth across archival samples, care should be taken for any pairwise
comparison of 3D cancer genomes.

The genome architecture across cancer typesis largely conserved
incompartments and TADs but varies substantially in E-P loops. This
aligns with studies across species and development, suggesting that
compartments and TADs serve as stable scaffolds within which dynamic
E-Ploopsregulate gene expression®”. Focusing on driver oncogenes,
we observed that CN gain and/or enhancer recruitment can lead to
increased RNA expressioninagene-specific manner. Enhancer activity
and rewiring better explain mRNA overexpression for most oncogenes,
but for a subset, such as KRAS, CN gain is the dominant mechanism
of overexpression. These findings may guide the clinical profiling of
CNVsand regulatory element activity to identify high-risk patients and
targeted therapy candidates. We identified noncoding point mutations
that can create TF binding sites de novo, leading to enhancer acqui-
sition to activate oncogenes in an allele-specific manner. Although
enhancer mutations in cancer are often not recurrent across patients,
they can still exhibit potent gene regulatory consequences, and the
identification of functional somatic variants affecting oncogenic driv-
ers may enable precision medicine effortsin the future.

The TME comprises arich ecosystem of malignant and additional
cell types. The integration of 3D genome data with single-cell chro-
matin accessibility nominated cell-type-specific E-P contacts in the
TME. We found a major myeloid contribution to immune checkpoint
expression, such as PD-L1, consistent with the importance of immu-
nomodulatory tumor-associated macrophages®. In contrast, malig-
nant cell-specific E-P loops intersected with SNPs that comprise the
major heritable risk alleles for cancer predisposition, supporting the
role of cell-autonomous mechanisms for these risk alleles.

SVs drive gene regulatory innovation in cancer by forming new
E-P contacts, notably through ecDNA amplification. Unlike chromo-
somal SVs constrained by TADs, ecDNAs are mobile and unrestricted,
driving epigenetic dysregulation and oncogene overexpression in
tumor evolution®**%°%*¢*_Qur analysis of ecDNA amplifications in
TCGA samples suggests that subclonal structural rearrangements
further enhance ecDNA complexity, generating new E-P loops. This
aligns with findings that ecDNAs undergo enhanced mutagenesis
and accelerated evolution® and form transcriptionally active hubs
that facilitate intermolecular interactions®®°¢, potentially promoting
recombination upon DNA damage. As the recognition of mutated
oncogenes led ultimately to targeted therapies, understanding 3D
genome architecture and gene regulatory circuits may pave the way
for new therapeutic strategies in the future.
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Methods

Ethical approval

This study complied with all relevant ethical regulations and ethical
guidance was overseen by the TCGA Program Office. Each study site
that contributed biological material had its own ethics board approval.
TCGA ethics policies are available at https://www.cancer.gov/ccg/
research/genome-sequencing/tcga/history/ethics-policies.

Tumor sample selection

Samples were selected from the set of samples previously profiled by
bulk ATAC-seq™ to span the 15 cancer types profiled in this manuscript,
with afocus onbreast cancerand at least three samples for each other
cancer. Within breast cancer, three samples were selected from each
major breast cancer subtype (Basal, HER2, LumA and LumB).

Statistics and reproducibility

Samples were prioritized for selection based on high data quality in
previous bulk ATAC-seq experiments, the availability of sufficient
nucleiincryopreserved stocks and the representation of the diversity
of cancer types profiled by TCGA. No statistical method was used to pre-
determine sample size. No data were excluded from the analyses. The
experiments were not randomized. The investigators were not blinded
to allocation during experiments and outcome assessment. Data dis-
tribution was assumed to be normal, but this was not formally tested.

HiChlIP library generation

HiChIP library generation was performed following published proto-
cols?. Nucleiused for HiChIP wereisolated as part of a previous study"™
and cryopreserved in BAM Banker. One million cryopreserved nuclei
were used per experiment. Briefly, enzyme Mbol was used for restric-
tion digestion. Sonication was performed on a Covaris E220 instrument
using the following settings: duty cycle 5, peak incident power 140,
cycles per burst 200 and time 4 min. All HiChIP was performed using
H3K27acasthetarget (Abcam, ab4729). Libraries were sequenced onan
lllumina HiSeq 4000 with paired-end 75 bp reads. Full protocol details
are described in Supplementary Methods.

Preparation of WGS libraries for cluster amplification and
sequencing

Intotal, 268 TCGA tumor samples were profiled by deep WGS sequenc-
ing in this study, and for 263 matched normal samples, WGS was also
generated for identification of somatic variants, either collected from
peripheral blood (n=255) or from adjacent normal tissue (n = 8).Five
tumor samples profiled by WGS in this study had previously generated
WGS data from normal blood or tissue, which was used in somatic
variantidentification (Supplementary Table 2). An aliquot of genomic
DNA (350 ng in 50 pl) is used as the input into DNA fragmentation
(also known as shearing). Shearing is performed acoustically using
a Covaris focused-ultrasonicator, targeting 385-bp fragments. Fol-
lowing fragmentation, additional size selection is performed using a
solid-phase reversible immobilization cleanup. Library preparation
is performed using a commercially available kit provided by KAPA
Biosystems (KAPA Hyper Prep without amplification module, KK8505)
and with palindromic forked adapters with unique eight-base index
sequences embedded within the adapter (purchased from Roche,
KK8727). Libraries were sequenced onan IlluminaNovaSeq 6000 with
paired-end 151-bp reads.

HiChIP data analysis

HiChIP data were processed as described previously?’. In brief,
paired-end reads were aligned to the hg38 genome using the HiC-Pro
pipeline (v.2.11.0)“". Default settings were used to remove duplicate
reads, assign reads to Mbol restriction fragments, filter for valid
interactions and generate binned interaction matrices. FitHiChIP
(v.8.0) was used to identify loops®®. Dangling end, self-circularized and

religation read pairs were merged with valid read pairs to create a 1D
H3K37ac signal bed file, corresponding to H3K27ac ChIP followed by
sequencing (ChIP-seq)-like signal that was used for peak callingand 1D
signal quantification using standard ChIP-seq analysis tools, includ-
ing MACS2. FitHiChIP was used to identify ‘peak-to-all’ interactions
at 10-kb resolution using peaks called from the 1D HiChIP data using
MACS2 (ref. 69). Loop calling was restricted to loops with anchors on
the same chromosome and separated by 40 kb to 2 Mb. Bias correction
was performed using coverage-specific bias. HiChIP loop calling was
performed at10-kb resolution to balance resolution for identifying rel-
evant E-Pinteractions with sensitivity inloop calling, whichimproves
at lower resolutions. Per-sample loop calling generated, on average,
112,081 unique interactions per sample, ranging from 580 t0 436,780.
Filtered read pairs from the HiC-Pro pipeline were converted into .hic
format files for visualization and normalization™.

WGS analysis

WGS reads were aligned to the hg38 genome using BWA-MEM, and
variants were called using the Genomic Data Commons (GDC)/Sanger
WGS Variant Calling pipeline (https://docs.gdc.cancer.gov/Data/Bioin-
formatics_Pipelines/DNA_Seq_Variant_Calling_Pipeline/#whole-genom
e-sequencing-variant-calling)”. Briefly, SNV calls were generated with
CaVEMan’?, small insertions/deletions were identified using Pindel”,
structural variants were identified using BRASS (https://github.com/
cancerit/BRASS) and somatic CN alterations were identified using
AscatNGS™. WGS read depth statistics were generated using mosdepth
(v.0.3.1)”. We performed quality control on CN calls (CNVs) generated
using the ASCAT pipeline by comparing them with manually reviewed
calls from running the ABSOLUTE pipeline on SNP array data. ASCAT
does notexplicitly output ploidies, so we calculatedits estimated ploidy
by averaging the total CN of segments weighted by their lengths. For
mostsamples, we observed concordant estimates fromboth pipelines,
and further normalizing CNs by estimated ploidies resolved the majority
of discordances. These ploidy-normalized values are used to compare
the contribution of CNs to the gene expression across tumors with
different ploidy levels. We also examined calls to detect high levels of
noise by counting the number of segments and used 1,000 segments
to identify hyper-segmented samples. Four samples with associated
HiChIP datasurpassed this cutoffand were excluded from further analy-
sis. These four samples were associated with cases for which multiple
WGS sequencing libraries were generated, and the other WGS library
was used for subsequent analysis. To assess the consistency of WGS CNV
calls with prior studies, we determined the proportion of cases within
each cancer type with either CNV gain (>1log,(ploidy-corrected CNV))
or CNVloss (<-1log,(ploidy-corrected CNV)) in1 Mb genomic windows.

HiChIP interaction annotation

We annotated significant HiChIP interactions identified by FitHiChIP
based on overlap with gene promoters and/or enhancers. First, we
intersected FitHiChIP loop anchors with gene promoters obtained
from TxDb.Hsapiens.UCSC.hg38.knownGene (v.3.10.0) and extended
by +1 kb. Anchors that did not overlap with a gene promoter were
thenintersected with the union H3K27ac peak set to identify anchors
that overlap with putative enhancers. HiChIP interactions were then
annotated as either E-P, enhancer-enhancer (E-E), promoter—pro-
moter (P-P), enhancer-neither (E-N) or promoter-neither (P-N). Loop
classifications were based on annotation of loop anchors, with loop
anchors annotated as promoter if they overlapped the promoter (1 kb
of annotated TSS) of atleast one gene, enhancer if they overlapped with
anH3K27ac peak and no promoters, and neither if they did not overlap
with a promoter or H3K27ac peak.

Interaction matrix visualization
Two-dimensional interaction matrices were visualized usingJuicebox
(v.1.11.08) or with the plotgardener package in R (v.1.2.10)"°.
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Eigenvector calculation and A/B compartment annotation

The eigenvector (first principal component of Pearson’s matrix) for
H3K27ac HiChiP observed/expected interaction matrices was obtained
from .hicfiles usingjuicer_tools eigenvector function (v.1.9.9) at 500-kb
resolution with Knight-Ruiz (KR) normalization. The sign of the eigen-
vector and A/B compartment annotation was assigned based on cor-
relation with DNA methylation eigenvector and compartment analysis
obtained from additional file 2 of ref. 26. A positive eigenvector sign is
usedtoindicate A (open) compartmentand anegative signtoindicate
B (closed) compartment, the opposite of the eigenvector sign conven-
tionused inref. 26, and thus the eigenvector sign s flipped relative to
thesigninref. 26.

H3K27ac 1D signal and virtual 4C visualization

One-dimensional H3K27ac enrichment and ATAC-seq signal were
visualized following normalization by reads in TSS regions as described
inthe ArchR package’’. ATAC-seq signal tracks were obtained from the
GDC publication page®. H3K27ac ChIP-seq signal tracks were obtained
from ENCODE (accessions ENCFF905FLR and ENCFF873MWG)*7%,
Virtual 4C plots were generated from dumped matrices generated with
Juicer Tools (1.9.9). The Juicer Tools tools dump command was used
to extract the chromosome of interest from the .hic file. The interac-
tion profile of a10-kb bin containing the anchor was then plottedinR
(v.4.0.3) after normalization by the total number of valid read pairs and
smoothing with the rollmean function fromthe zoo package (v.1.8-9).

Generation of union H3K27ac peak and interaction count
matrices

One-dimensional H3K27ac peaks called by MACS2 were merged using
bedtools merge, and peak signal was calculated using bedtools cover-
age using 1D H3K27ac signal bed files (v2.28.0). Significant HiChIP
interactions identified by FitHiChIP were merged using FitHiChIP’s
CombineNearbylnteraction.py, and the loop signal was calculated
using pgltools coverage (v.2.2.0)”°. Raw peak and loop signal were
normalized using DESeq2’s size factors normalization obtained using
counts(dds,normalized = TRUE) (v.1.30.1)*°. CNV correction was per-
formed for cases with matching WGS data by dividing normalized signal
by ploidy-corrected relative CNV values for peaks or loops overlapping
withamplified genomicintervals (relative CNV > 1). Peaks or loops that
overlapped genomic intervals with CNV equal to zero or no CNV call
were converted to NA values for those samples. For CNV correction of
2D loop signal, the relative CNV value of each loop anchor was deter-
mined, and the normalized loop signal was divided by the product of
the CNV values at the two anchors. Seven samples did not have matched
WGS datafor CNV correction and were excluded from further analysis.

Unsupervised hierarchical clustering and cluster purity
calculation

For hierarchical clustering in Fig. 1f, we used CALDER? (v.2.0) to obtain
subcompartment calls at 10-kb resolution and performed clustering
using vectorized subcompartment annotations based on the com-
partment rank annotation returned by CALDER. Pairwise Pearson
correlations were calculated using the cor functionin R using ‘pairwise.
complete.obs’. Heatmap visualization and hierarchical clustering were
performed using the pheatmap function in R (v.1.0.12). Clustering
assignments were obtained using the cutree functionin Rwith kequal
to the number of unique cancer types. Clustering purity and entropy
were calculated using the purity and entropy functions from the NMF
packageinR (v.0.26)".

For 1D H3K27ac and loop signal clustering, pairwise Pearson cor-
relations were calculated using the normalized, CN-corrected count
matrices. Peaks and loops on chrX and chrY and those overlapping
hg38blacklist regions® (https://github.com/Boyle-Lab/Blacklist/blob/
master/lists/hg38-blacklist.v2.bed.gz) were excluded from analysis.
Correlation analysis was performed on reproducible peaks and loops

where at least two samples had a normalized count value >3. Count
matrices were log,-transformed using a prior count of 1to reduce the
contribution of variance from elements with low count values and to
avoid taking the log of zero. Visualization, clustering and purity calcula-
tions were performed as described above.

Modeling of oncogene expression with CN and enhancer
activity

To determine the relative contributions of CN and enhancer activity
to variability in oncogene expression, we integrated H3K27ac peaks
and interactions, WGS ploidy-corrected CNV calls and HTSeq counts
from RNA-seq datafor annotated gene loci. Samples missing from any
ofthese datasets were excluded from this analysis. RNA-seq raw counts
were normalized using DESeq2’s size factors normalization obtained
using counts(dds,normalized = TRUE) (v.1.26.0). Union H3K27ac peaks
within 1 Mb away from annotated gene TSSs that were supported by
peak-TSS interaction loops in HiIChIP were considered. To account
for increased HiChlIP read counts due to CNV, read counts of these
TSS-associated H3K27ac peaks were normalized to ploidy-corrected
CNs as follows: CNV-normalized peak count = (DESeq2-normalized
peak count)/(ploidy-corrected CN x 2 +1). To assess the variability in
gene expression, we first filtered on expressed genes defined as genes
with more than ten transcripts per millionin more than three samples
in the RNA-seq dataset. We then used multiple linear regression to
model the DESeq2-normalized RNA-seq gene expression values using
the formulaRNA ~ H3K27ac + CN, where RNA is the DESeq2-normalized
RNA-seq gene expression value, H3K27ac represents terms of
log,-transformed, scaled and centered 1D H3K27ac counts of peaks
associated with the given gene and CNrepresents the ploidy-corrected
CN of the gene. For genes with which more than five H3K27ac peaks
were associated, log,-transformed, scaled and centered 1D H3K27ac
counts were reduced to five principal components using the pcafunc-
tion in R with ncomp =5, center = TRUE, scale = TRUE. For genes with
five or less linked H3K27ac peaks, individual peak signal was used as
input for RNA expression modeling rather than PCs. Relative impor-
tance of model predictors for each gene was quantified with the Linde-
man, Merendaand Gold (LMG) method using the calc.relimp function
inRwithtype = ‘Img’, rela = FALSE. To analyze the relative importance
of H3K27ac HiChlIP signal and CN of oncogenes, we curated a list of
oncogenes and possible oncogenes based on previous analysis®. log,
transformation of count data was performed as log,(count +1) unless
specified otherwise.

Sample-specific sScCATAC-seq data analysis

The processed scATAC-seqArchR object (v1.0.1) with cell-type annota-
tion was obtained from the associated publication”. For each sample
with matched H3K27ac HiChIP data, we regenerated ArchR object and
recalculated chromatin accessibility peaks for each cell population
through MACS2 (v2.1.1) under default setting.

HiChIP integration withscATAC-seq

In total, 29 samples with matched H3K27ac HiChIP and scATAC-seq
datawere used. A minimum number of 110 noncancer cells was required
in each sample to ensure the power of scATAC-seq peak signal detec-
tioninthe TME, which ends up with 16 samples for integration. For each
matched sample, we examined the co-occurrence of H3K27ac peaks
and scATAC-seq peaks in the anchor regions of enhancer-promoter
interactions. The cell-type-specific enhancer-promoter interaction
was identified when (1) the promoter region of the regulated gene
had both H3K27ac and scATAC-seq peaks and (2) the enhancer region
defined by the HiChlP interactions had H3K27ac peaks but was uniquely
accessible in a specific cell type. The cell type shared enhancer-pro-
moter interaction was defined when the promoter or enhancer regions
had both H3K27ac and scATAC-seq peaks but were not limited to a
specific cell type. The ambiguous enhancer-promoter interaction
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was defined when both promoter and enhancer region could not map
to any scATAC peaks. To generalize our sample-specific analysis to the
broader population, we performed a correlation analysis between the
enhancer-promoter interaction signal and the corresponding cell
fractioninthe TME. We obtained these cell fractions from scATAC-seq
and estimated leukocyte fractions from RNA-seq data. The Spear-
man correlation coefficient (Rho) was calculated for each correlation,
and we applied cutoff values of Rho >0.30 and Rho >0.25 to filter the
results. For validation of H3K27ac HiChIP deconvolution in TME, the
RNA-seq-derived leukocyte fraction estimation, ImmuneScore and
tumor purity estimation were downloaded, respectively, from the
original publication for correlation analysis®***%,

Identification of noncoding mutation involved H3K27ac
modification

Intotal, 62 samples with matched H3K27ac HiChIP and WGS data were
used. We used the somatic mutation calling from WGS data as the
ground truth. The mutation allele frequency of H3K27ac HiChlIP data
was generated using bcfools. First, the globally aligned H3K27ac BAM
files from the FitHiChIP pipeline were piled up through the mpileup
function from bctools (v1.17). Then, the derived BCF files were con-
verted into VCF files through the call function from bcftools. The allele
frequency of each somatic mutation was quantified from the VCF files
accordingly. The read coverage of H3K27ac HiChlIP at the somatic muta-
tion site was calculated through multiBamSummary from deeptools.
To ensure accurate allele frequency estimations, we filtered somatic
mutations withread counts >30 inboth WGS and H3K27ac HiChIP. The
significance of the mutant allele was estimated using Fisher’s exact
test, followed by the Benjamini-Hochberg (BH) method for multiple
comparison correction.

The H3K27ac signal change involved in the mutation site was quan-
tified using the 2-kb window that centered at the mutation position.
The 2-kb window was split into 20 bins, with each bin equal to 100 bp.
The H3K27ac HiChlP signal was calculated through multiBamSum-
mary from deeptools (v2.0) and normalized by the library size and
CN. For each mutation, we performed ¢ test between mutant samples
and wild-type samples to quantify the difference in CNV-corrected
H3K27ac signals. To perform multiple comparison correction, we
used the BH method.

Quantification of noncoding mutation involved motif
enrichment changes

chromVARmotifs R package (v0.2) was used for the collection of human
TF binding motifs. motifmatchr R package was used for performing
motifenrichmentanalysis. First, a21-bp sequence centered at mutation
position was derived. Then, the matchMotifs function was applied to
the 21 bp sequences from mutant and wild type for motif enrichment
calculation under the parameter out = ‘positions’ with a Pvalue cutoff
of 0.01.

AmpliconArchitect reconstruction of complex structural
rearrangements

We collected 120 tumor WGS samples from 15 distinct cancer types and
123 matched normal WGS samples from TCGA, all aligned to GRCh38.
We ran AmpliconSuite v.0.931.4 (https://github.com/AmpliconSuite/
AmpliconSuite-pipeline), which invoked CNVkit** to callgenome-wide
CN profiles and identify seed ampliconintervals with CN values larger
than4.5fromthese aligned WGS samples. We then ran AmpliconArchi-
tect®®v,1.3_rl to infer the structure of focal amplifications from each
sample, with the aligned WGS reads and seed amplicon intervals as
input. AmpliconArchitect was run with parameters -insert_sdevs 9 to
filter artifactual discordant reads and improve runtime performance
and default parameters otherwise. Focal amplifications were classi-
fied as cyclic, BFB, complex, linear or invalid using AmpliconClassifier
v.0.4.10 (https://github.com/AmpliconSuite/AmpliconClassifier).

HiChlIP visualization at structural rearrangements with
NeoLoopFinder

WeranNeolLoopFinder**v.0.2.5to search for chromatin loops onrear-
ranged genomes (corresponding to local assemblies of linked break-
points) and CN-corrected H3K27ac HiChIP matrices. Input cool files
were generated at10-kb resolution from .hic files using HiCExplorer’s
hicConvertFormat (v.2.2) and balanced using cooler balance (v.0.9.1).
ASCAT CNV calls were used for CNV correction using NeoLoopFinder’s
correct-cnv, and BRASS SVs were used for complex SV assembly with
NeoLoopFinder’s assemble-complexSVs and supplemented with local
assemblies from AmpliconArchitect cycle decomposition. Neoloops
were detected using neoloop-caller -O neo-loops.txt allValidPairs.
cool --assembly assemblies.txt --balance-type CNV --protocol insitu
--prob 0.95 --nproc 20.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Processed datanot provided in the supplementary datafiles are avail-
able through the TCGA Publication Page (https://gdc.cancer.gov/
about-data/publications/TCGA-HiChIP-2024). Raw HiChlIP data as
fastq files are available through the NIH Genomic Data Commons
portal (https://portal.gdc.cancer.gov/), and accession information is
available on the TCGA Publication Page.

Code availability

Custom code used inthis study is available at https://github.com/NCIC-
CGPO/HiChIP-Manuscript and viaZenodo at https://doi.org/10.5281/
zenodo.15103075 (ref. 85).
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Extended DataFig. 1| See next page for caption.
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Extended Data Fig. 1| Quality control of H3K27ac HiChIP and WGS data.

a, Enrichment of HiChIP 1D H3K27ac signal at transcription start sites for all
samples merged by cancer type. H3K27ac enrichment per base pair at regions
+2000 bp from the transcription start site is normalized to the number of
insertions between £1900-2000 bp from the transcription start site. b, Box plot
ofthe transcription start site enrichment values for all samples of each cancer
type. Number of samples from different donors listed for each cancer type. Box
centerline, median; box limits, upper and lower quartiles; box whiskers, 1.5x
interquartile range. ¢, Box plot of the total valid interaction pairs for all samples
of each cancer type. Number of samples from different donors listed for each
cancer type. Box centerline, median; box limits, upper and lower quartiles; box
whiskers, 1.5x interquartile range. d, Genotype correlations between HiChIP
genotype and SNP array-derived genotype. Correlation with the next closest
matchis derived from correlating with all other 69 donors profiled by SNP array
by TCGA. Samples that match their expected donor better than all other donors

have a correlation difference value above zero (red line, left). Heatmap showing
the pairwise Pearson correlation between HiChIP genotype and SNP array
genotype, with high correlation along the diagonal indicating HiChIP sample
genotypes are most highly correlated with the expected donor genotype based
on SNP array (right). e, Box plot of the mean read depth per sample for tumor
WGS and matched normal WGS. Dashed lines indicate targeted coverage of 70x
for tumor WGS and 25x for matched normal WGS. Number of samples from
different donors listed for each cancer type. Box centerline, median; box limits,
upper and lower quartiles; box whiskers, 1.5x interquartile range. f, Genome-wide
frequencies of copy-number alterations (CNVs) identified by WGS quantified as
proportion of cases with CNV gain (Iog,(CNV) >1) or CNV loss (log,(CNV) <-1)
in1Mb genomic windows. Identified CNV alterations are consistent with prior
findings, such as chromosome 8q gainin BRCA and LIHC**"** and chromosome 3q
gainin LUSC*°,
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Extended DataFig. 2| Comparison of HiChIP data with prior epigenomic
profiling. a, Stacked bar plot of unique H3K27ac 1D peaks by cancer type
colored by peak classification. N = number of samples per cancer type.

b, Stacked bar plot of unique H3K27ac 1D peaks by cancer type colored by
overlap with ENCODE H3K27ac ChIP-seq peaks (Supplementary Table 8).

¢, Bar plot of interacting promoters linked to H3K27ac peaks. d, Bar plot of genes
skipped by HiChIP loops. e, Violin with box plots of the average RNA expression
of genes atloop anchors (n = 256,888 gene-loop pairs) and skipped genes
betweenloop anchors (n =218,050 gene-loop pairs). P value determined by
two-sided Wilcoxon rank-sum test and not adjusted for multiple comparisons.
Box centerline, median; box limits, upper and lower quartiles; box whiskers,
1.5xinterquartile range. f, Violin with box plot of loop distances by cancer type.
N =number of loops detected for each cancer type. Box plot components as in
(e). g, Stacked bar plot of unique significant interactions identified by H3K27ac
HiChIP by cancer type and colored by overlap with previously identified loops

in HiChIPdb?*. h, Comparison of the first eigenvector of the DNA methylation
correlation matrix* with the H3K27ac HiChlIP eigenvector by cancer type.

i, Comparison of H3K27ac 1D signal enrichment and bulk ATAC-seq" for
individual COAD and LIHC samples at the MYClocus (left). Bar plot of MYCRNA
expression and copy number from WGS (right). j, KR-normalized H3K27ac
HiChIP contact matrix at the MYClocus at 50 kb resolution for all samples
merged by cancer type. k, Box plots of H3K27ac peak (left) and loop (right)
signal before and after copy-number normalization for peaks or loops with
relative copy number <1 (n=1,684,034 sample-peak pairs and n =1,051,956
sample-loop pairs),1<CN <2 (n = 2,384,070 sample-peak pairs and n = 978,152
sample-loop pairs), or >2 (n =166,180 sample-peak pairs and n = 543,760
sample-loop pairs). Box plot components asin (e). I, Scatter plot of H3K27ac
1D signal enrichment in the union peak set in two PRAD samples. Each dot
represents an individual peak.
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Extended Data Fig. 4 | Cancer-type-specific H3K27ac peaks and HiChIP
interactions. a, Heatmap of H3K27ac enrichment at cancer-type-specific peaks
(n=28,716).b, Heatmap of HiChIP contact enrichment at cancer-type-specific
loops (n=5,073). ¢, TF motif enrichment in cancer-type-specific H3K27ac
peaks. d, TF motif enrichment in cancer-type-specific loops. e, Bar plot of
linked differential peaks for oncogenes with >5 differential peaks, colored by
number of cancer types with differential peaks. f, Stacked bar plot of differential
loops colored by overlap with differential peaks for each cancer type (left).

All differential loops overlap at least one H3K27ac peak. Stacked bar plot of
differential peaks colored by overlap with differential loops for each cancer
type (right). Only differential peaks overlapping any identified loops were
considered (27,166/28,716 differential peaks). g, H3K27ac HiChIP signal z scores
across samples for the enhancer-promoter (E-P) interaction between ESR1
promoter and -9 kb H3K27ac peak (top of top panel). H3K27ac 1D signal zscores
across samples for -9 kb H3K27ac peak (top of bottom panel). Box plot of ESR1
RNA expression (n = number of samples from different donors) and schematic
showing the differential E-P interaction (bottom left). Box centerline, median;

box limits, upper and lower quartiles; box whiskers, 1.5x interquartile range.
Tracks visualize HiChIP 1D H3K27ac enrichment, interaction profiles of the

-9 kb enhancer and significant loop interactions colored by adjusted Pvalue
(bottomright). Pvalues were calculated using a two-sided binomial test and
corrected using the Benjamini-Hochberg procedure. Two alternative TSS for
ESRI are annotated; the enhancer is -9kb from the ENSTO0000440973.5 TSS and
looping interactions are analyzed for the ENST00000206249.7 TSS. h, H3K27ac
HiChlIP signal zscore across patients for E-P interactions between ATF7IP, PLBDI,
CI20rf60, RERG and EPS8 promoters and H3K27ac peak at the H4-16 locus (top

of top panel). H3K27ac 1D signal z score across patients for the H4-16 H3K27ac
peak (top of bottom panel). Heatmap of ATF7IP, PLBD1, C120rf60, RERG and EPS8
RNA expression and schematic showing the differential E-P interactions (bottom
left). Tracks visualize HiChIP 1D H3K27ac enrichment, interaction profiles of the
H4-16 H3K27ac peak and significant loop interactions colored by adjusted P value
(bottom right). Pvalues were calculated using a two-sided binomial test and
corrected using the Benjamini-Hochberg procedure.

Nature Genetics


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02188-0

a chr1:114249999-115200000 chr7:54799999-55320000 b e C vecov [N
ACC Wj\\__/y j Al
ARIDTA- I
8 60 myc| I
S KRAS | I
T E: e o
BRCA k 4 g IDH1{ [
COAD \ g 40 cok4-|
= IDH2-| [
— 5 e © MTOR-|
ESCA VN N 3 20 o® T FoxaT
z J
_. GBM N\ 5 \/\/\‘ 3077 MYCN
) (EGFR BRAF
(3] (KRAS) =
g KIRC J\ IS )\_M_ OI = ® CDKN1A]
e . e 1 2 3 0 25 50 75 100
% \ % /N Maximum loop log2 fold change Number of E-P Loops
£ LUAD ‘,\,\_J \ £ Enhancer usage classification
S S —j\ edynamic e selective estatic
Z Lusc \ J/
Number of E-P loops
PRAD K © 300 60@ 90
N d e Before copy number
SKCM [ \ correction
STAD \ g RNA
__/ ] H CN
x
THCA INC A 8 PC1
o
£ PC2
=05
\_/ < SR 2 Pos
Loops \_/ ._% PC4
Strand =
' NRAS S EGFR we— g PG5
: : " T T T T T 3 < zZ - N ® X W0
1145 114.75 115Mb 548 549 55 . 551 552 553 0.0 20 oA o
-log10(Adjusted P-value) —log10(Adjusted P-value) PC1 PC2 PC3 PC4 PC5
N 5-75—12 5 m Per gene linked H3K27ac After copy number
principal component correction
f RNA
p<222x10-'® - 1.00{ p=1.8x10"° CN
kd — |5 —
[
£ 0751 £ PC1
< 2 0.751 H PC2
o o
@ g PC3
2 0.50 c
8 £ 050 PC4
[ [
Z Z PC5
2 0.25 2 < Z - N ® ¥ W0
£ 5 0251 28588288
: : L '
= Pearson correlation (all genes)
o o
0.00 # # J_ 0.00 ¥— J— 4 -
— — 02 06 1
=z - o [} < 0 o] z - o [ < 1e] © T
c 2 & & & & =@ c 2 B & & B 2 =@
(¢}
H3K27ac principal components H3K27ac principal components
g h i
2 - B Copy-driven 3 R=097 o R=0.96 . :
3z [ Enhancer-driven 2 p<222x10" > 04] p<222x10"® .
8 ) 0.6 a e
5 04 Not significant § A -1 25
—_ B £ = o £~ . ‘
g 23 53 03 ool
o g 04 3 g
S g5 8% 02
| =
= 0 £3 « 24 €5
g m “ “ ‘ku %02 . g2
< ‘ I S . & s~ 01
= f ‘ | L I ‘ Tk g :g
o 1M [l f I =3 a
w 2 00 S 00
<0} | & . e .
o = j
B L 04 0.0 0.2 0.4 0.6 0.0 0.2 0.4 0.6 0.8
o Proportion variance explained by CN Proportion variance explained by EP
v (-Cohort model) (-Cohort model)

Genes (ranked by CNV contribution)
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Extended DataFig. 5| Modeling variance in RNA expression explained by

copy number or enhancer activity. a, H3K27ac HiChIP interaction profiles for
NRAS and EGFR for all samples merged by cancer type (right). Significant loop
interactions colored by adjusted Pvalue shown below. Pvalues were calculated
using a two-sided binomial test and corrected using the Benjamini-Hochberg
procedure. b, Scatter plot of average loop variance per oncogene between cancer
types versus maximum log,(fold change) colored by oncogene classification.

¢, Bar plot of unique enhancer-promoter loops for indicated oncogenes.

d, Box plot of cumulative variance explained by top 5 principal components (PCs)
of H3K27ac signal. Each point represents a gene (n =11,324 genes with linked
H3K27ac peaks for each PC). Box centerline, median; box limits, upper and lower
quartiles; box whiskers, 1.5x interquartile range. e, Heatmap of average Pearson
correlation between RNA expression, CNV and top 5 H3K27ac PCs of for all genes
(n=12,570) before and after copy-number regression. f, Box plot of variance
explained per gene by CNV, top 5H3K27ac PCs and all variables (left). Box plot

of variance explained per gene by CNV, top 5H3K27ac PCs, cancer type and all

variables (right). Pvalue determined by two-sided Wilcoxon rank-sum test and
not adjusted for multiple comparisons. Box plot components asin (d). g, Allgenes
with variance in RNA expression >1 (n = 5,985) ranked by fraction of RNA variance
explained by CNV across cancer samples, modeled withoutincluding cancer type
asavariable. Each column s a gene. Genes highlighted on top are significantly
(adjusted Pvalue < 0.05) explained by CNV (dark blue), while genes highlighted
onthe bottom are significantly (adjusted P value < 0.05) explained by E-P signal
(orange). Pvalues were calculated using a two-sided t test and corrected using the
Benjamini-Hochberg procedure. h, Scatter plot of proportion variance explained
by copy number with and without including cancer type in regression analysis. P
value determined by two-sided t test and not adjusted for multiple comparisons.
i, Scatter plot of proportion variance explained by H3K27ac signal with and
withoutincluding cancer type in regression analysis. P value determined by two-
sided t test and not adjusted for multiple comparisons.
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Extended Data Fig. 6 | Copy-driven and enhancer-driven gene classification.
a, Stacked bar plot of gene classification based on whether variance in RNA
expression is significantly explained by DNA copy number, enhancer activity,
both or neither based on multiple linear regression analysis for all genes (left),
oncogenes (middle) or oncogenes grouped by enhancer usage classification
(right). Genes with variance in RNA expression >1included in modeling analysis
(n=5,985total genes and n = 45 oncogenes). b, Box plot of copy-number

distribution for all oncogenes, ranked by CNV contribution in regression

analysis for all samples included in analysis (n = 62). Box centerline, median;

box limits, upper and lower quartiles; box whiskers, 1.5x interquartile range.

¢, Scatter plot of the relationship between top E-P component and RNA
expression for enhancer-driven genes PIM1, MECOM and ERBB4. d, Scatter plot of
the relationship between DNA copy number and RNA expression for copy-driven
genes PIK3CA, TP53and MYCN.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | Validation of HiChIP deconvolution framework in tumor
microenvironment. a, Signal tracks at the CCND3 locus. scATAC-seq track shows
chromatin accessibility in TCGA-86-A4P8 cells (top), H3K27ac HiChlIP track
shows bulk H3K27ac signal (middle) and interaction track indicates promoter-
associated loops. Shaded region marks a cancer-cell-specific H3K27ac peak. b,
Violin and box plot showing differences in InmuneScore correlation coefficients
between immune cell-specific (n =1,029) and cancer-cell-specific (n =1,551)
enhancer-promoter (E-P) interactions. Pvalue was calculated using a two-sided
Wilcoxon rank-sum test. ¢, Violin and box plot comparing correlation with tumor
purity (CPE score) between immune- and cancer-cell-specific E-P interactions.
Pvalue calculated using a two-sided Wilcoxon rank-sum test. In (b,c), box
centerline denotes median; box limits, upper and lower quartiles; whiskers, 1.5x
interquartile range. d, Bar plot showing Gene Ontology enrichment of genes
regulated by cell-type-specific E-P interactions. Pvalues were determined

using two-sided Fisher’s exact test. e, Scatter plot showing correlation between
E-Pinteraction strength and myeloid cell fraction. Correlation coefficient
calculated using Pearson correlation; Pvalue by two-sided t test. f, Signal tracks

atthe /KZFIlocus showing merged scATAC-seq signal across eight cancer types
(top) and H3K27ac HiChlIP interactions (bottom). Shaded region indicatesa T/
NK cell-specific H3K27ac peak. g, Scatter plots showing correlation between
IKZF1E-P interaction and leukocyte fraction (left) or CPE tumor purity score
(right), with Pearson correlation coefficients and P values from two-sided

t-tests. h, Scatter plot showing correlation between /KZF1 E-P interaction and
IKZFI RNA expression. Correlation was calculated using Pearson correlation;
Pvalue by a two-sided t test. i, Signal tracks at the VS/R locus showing scATAC-
seq signal in noncancer and cancer cells across eight cancer types (top) and
promoter-associated interactions (bottom). j, Scatter plot showing correlation
between MYCE-P interaction and MYC RNA expression, with Pearson correlation
coefficient and Pvalue from two-sided t test. k, Scatter plots showing correlation
between MYCE-P interaction and leukocyte fraction (left) or CPE tumor purity
score (right), with Pearson correlation coefficients and two-sided t test P values. 1,
Signal tracks showing scATAC-seq and H3K27ac HiChlP signal at a MYC enhancer
in COAD, with shaded regions indicating known COAD risk-associated SNPs.
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Extended DataFig. 8 | Validation of noncoding mutation-associated H3K27ac
signal change. a, Density plot showing distribution of correlation coefficients
between mutant allele frequencies derived from H3K27ac HiChIP and ATAC
data. b, Dot plot showing relationship between promoter-associated HiChIP
and WGS allele frequency differences and effect size (T score) of corresponding
H3K27ac signal changes between mutant and wild-type patients. T score

was calculated using a two-sided t test. ¢, Box plot showing H3K27ac signal
differencesin the chr3:169267090-T>C region (+1 kb) between mutant (n =20
bins from one sample) and wild-type patients (n = 60 bins from three samples).
Pvalue calculated by two-sided t test and adjusted using Benjamini-Hochberg
procedure. Box centerline, median; box limits, upper and lower quartiles;
whiskers, 1.5x interquartile range. d, Density plot showing distribution of
MECOM expression in stomach cancer RNA-seq cohort; mutant patient labeled
by ared dashed line. e, Density plot showing distribution of H3K27ac signal
atthe MECOM promoter in the TCGA HiChIP cohort; mutant patient labeled
inred dashed line.f, Dot plot showing association between mutant-involved
motif enrichment changes at chr3:169267090-T>C and motif enrichment

scores. g, Motif sequence plot showing overlap between the mutated sequence
and the enriched AHR motif. h, Bar plot showing RNA expression of enriched
transcription factors FOXM1and AHR in the TCGA-HF-ASNB RNA-seq dataset. i,
Box plot showing H3K27ac signal difference in the chr12:32385775-C>T region
(+1kb) between mutant and wild-type patients.

Pvalue calculated by two-sided t test and corrected using Benjamini-Hochberg
method. j, Volcano plot showing association between enhancer mutations and
changes in enhancer activity and enhancer-promoter interactions. k, Box plot
showing H3K27ac signal difference in the chr8:38553516-C>T region (+1 kb)
between mutant and wild-type patients. Statistical testing asin (i). I, Density
plots showing distribution of FGFR1 expression, enhancer H3K27ac signal,

and enhancer-promoter interactions in the TCGA cohort, with mutant patient
values marked by red dashed lines. m, Bar plot showing expression of enriched
transcription factors UBPI1, TFCP2L1 and TCF7L2in TCGA-BL-A3JM RNA-seq data.
n, Kaplan-Meier plot showing prognostic value of FGFRI expression; patients
stratified into high and low groups based on top and bottom 25% percentiles.
Pvaluebylog-rank test.
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Extended Data Fig. 9| Structural rearrangements affecting enhancer rewiring.

a, Distribution of simple SVs detected across individual samples (del = deletion,
dup = duplication, inv = inversion, trans = translocation).

b, Copy-number-normalized HiChIP contact matrix for PIK3R1 translocation
with tracks visualizing TADs/neoTADs, H3K27ac 1D signal enrichment and loops/
neoloops. ¢, Box and violin plots of the proportion of SVs per cancer type with
>1neoloop detected (n = number of cancer types). SVs that overlap with focal
amplification breakpoints identified by AmpliconArchitect are excluded in c-e.
Box centerline, median; box limits, upper and lower quartiles; box whiskers,
1.5xinterquartile range. d, Box and violin plots of the number of neoloops per
SV per megabase (n = number of SVs). Box centerline, median; box limits, upper
and lower quartiles; box whiskers, 1.5x interquartile range. e, Box and violin
plots of the number of total loops per SV per megabase (n = number of SVs). Box
centerline, median; box limits, upper and lower quartiles; box whiskers, 1.5x

interquartile range. f, Distribution of cyclic, BFB, complex, linear focal somatic
copy-number amplifications (FSCNA) detected across individual samples.

g, Cyclic structural rearrangement predicted by AmpliconArchitect affecting
the MDM2locus (top). Amplicon structure and co-amplification frequency
across all TCGA WGS samples (middle). Tracks visualizing H3K27ac 1D signal
enrichment and significance of co-amplification with copy-number normalized
HiChIP matrix below (bottom). h, Cyclic structural rearrangement predicted by
AmpliconArchitect affecting the EGFR locus (top). Schematic of predicted ecDNA
structures (bottom). i, Number of loops within cyclic, BFB, complex, linear
amplifications identified by NeoLoopFinder. Loop counts are quantified for each
focal amplification, normalized by the size of the focal amplification. Pvalues
were calculated using a two-sided Wilcoxon rank-sum test and adjusted using the
Benjamini-Hochberg procedure. Box centerline, median; box limits, upper and
lower quartiles; box whiskers, 1.5x interquartile range.
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Software and code

Policy information about availability of computer code

Data collection  HiChIP data were processed as described previously. In brief, paired-end reads were aligned to the hg38 genome using the HiC-Pro pipeline
(v.2.11.0). Default settings were used to remove duplicate reads, assign reads to Mbol restriction fragments, filter for valid interactions and
generate binned interaction matrices.

WGS sequencing reads were aligned to the hg38 genome using bwa-mem (version 0.7.15).

Data analysis HiChIP data analysis
FitHiChIP (v.8.0) were used to identify loops. Dangling end, self-circularized, and re-ligation read pairs were merged with valid read pairs to
create a one-dimensional H3K37ac signal bed file, corresponding to H3K27ac ChIP-seq-like signal which was used for peak calling and 1D
signal quantification using standard ChIP-seq analysis tools including MACS2 (v2.2.7.1). FitHiChIP was used to identify ‘peak-to-all’ interactions
at 10-kb resolution using peaks called from the one-dimensional HiChIP data using MACS2. A lower distance threshold of 20kb was used. Bias
correction was performed using coverage specific bias. HiChIP loop calling was performed at 10kb resolution to balance resolution for
identifying relevant enhancer-promoter interactions with sensitivity in loop calling which improves at lower resolutions. Per-sample loop
calling generated on average 112,081 unique significant interactions per sample, ranging from 580 to 436,780. Filtered read pairs from the
HiC-Pro pipeline were converted into .hic format files for visualization and normalization.

WGS analysis

WGS variants were called using the GDC/Sanger Whole Genome Sequencing Variant Calling pipeline (https://docs.gdc.cancer.gov/Data/
Bioinformatics_Pipelines/DNA_Seq_Variant_Calling_Pipeline/#whole-genome-sequencing-variant-calling). Briefly, SNV calls were generated
with CaVEMan (version 1.15.5), small insertions/deletions identified using Pindel (version 2.0), structural variants identified using BRASS
(https://github.com/cancerit/BRASS, version 6.2.1), and somatic copy number alterations identified using AscatNGS (version 4.2.1). WGS read
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depth statistics were generated using mosdepth (version 0.3.1). We performed quality control on copy number calls (CNVs) generated using
ASCAT pipeline by comparing with manually-reviewed calls from running ABSOLUTE (version 1.0.6) pipeline on SNP array data.

HiChIP data QC - Transcription start site enrichment

Enrichment of H3K27ac HiChlP signal at transcription start sites (TSSs) was used to quantify H3K27ac ChIP enrichment quality, similar to ATAC-
seq quality control (Corces et al., 2018). First, allValidPairs generated by HiC-Pro were read into a GenomicRanges object in R. Pairs separated
by more than 10 kb were excluded. TSSs were obtained from TxDb.Hsapiens.UCSC.hg38.knownGene (version 3.10.0) and extended 2000 bp in
each direction and overlapped with fragments (both ends of a valid pair) using GenomicRange’s findOverlaps. Next, the distance between the
fragments and the strand-corrected TSS was calculated and the number of fragments occurring in each single-base bin was summed. To
normalize this value to the local background, the enrichment at each position +/- 2000 bp from the TSS was normalized to the mean of the
enrichment at positions +/-1900-2000 bp from the TSS. The final TSS enrichment reported was the maximum enrichment value within +/- 50
bp of the TSS after smoothing with a rolling mean every 51 bp.

HiChIP data QC - genotype correlation with TCGA SNP array data

In order to validate the authenticity of HiChIP data attributed to specific TCGA donors and their corresponding tissues, we conducted
genotyping analyses. Our approach involved comparing our HiChIP data (N=69 individual sequencing experiments) with SNP calls extracted
from TCGA SNP array data utilizing the Affymetrix SNP 6.0 array (N=11,127 TCGA donors). This SNP array data, having been previously
generated by TCGA, serves as our benchmark for validation. To achieve this, we overlapped genomic locations probed by the Affymetrix SNP
6.0 array (932,148 hg38-mappable probes) with peak regions identified in all HiChIP samples. The genotypic information for each HiChIP BAM
file was then collected at 124,773 SNP locations and converted into a birdseed-style format. Notably, a minimum read depth of 6 was set as a
prerequisite for SNP calls. In the HiChIP data, positions were labeled as homozygous if reads mapped exclusively to either the A or B allele,
resulting in a birdseed call of 0 or 2. Conversely, positions were categorized as heterozygous if the absolute difference between allele A and
allele B counts was less than 50% of the total depth, leading to a birdseed value of 1. Positions exhibiting substantial allelic imbalance were
classified as homozygous due to excessive disparity, with a birdseed value of 0 or 2. Each birdseed-style HiChIP genotyping list was correlated
with TCGA Affymetrix SNP 6.0 array data (11,127 individual donors). Pearson correlations were computed solely for HiChIP BAM files at
genomic locations with a viable SNP call in the HiChIP data (locations with read depth exceeding 6). Samples were considered successful if
their correlation with the expected biological donor surpassed the correlation with all other 11,126 TCGA donors, affirming concordance
between HiChIP data and Affymetrix SNP 6.0 array data, and thereby validating their shared origin.

Interaction and H3K27ac peak annotation

We annotated significant HiChIP interactions identified by FitHiChIP based on overlap with gene promoters and/or enhancers. First we
intersected FitHiChIP loop anchors with gene promoters obtained from TxDb.Hsapiens.UCSC.hg38.knownGene (version 3.10.0) and extended
by +/- 1kb. Anchors that did not overlap with a gene promoter were then intersected with the union H3K27ac peak set to identify anchors
that overlap with putative enhancers. HiChIP interactions were then annotated as either E-P: enhancer-promoter, E-E: enhancer-enhancer, P-
P: promoter-promoter, E-N: enhancer-neither, P-N: promoter-neither. Merged H3K27ac peaks were annotated using HOMER's
annotatePeaks.pl (version 4.11) (Heinz et al., 2010). H3K27ac HiChIP 1D peaks were overlapped with ENCODE H3K27ac ChIP-seq peaks
obtained from MACS narrowPeak files from primary tissue samples with accession numbers listed in Supplementary Table 8. Number of
interacting gene promoters with H3K27ac peaks and number of genes skipped by loops were determined using GenomicRanges’ findOverlaps
function (version 1.42.0) with gene promoters obtained from TxDb.Hsapiens.UCSC.hg38.knownGene (version 3.10.0).

Comparison to HiChIPdb loops

10kb resolution FitHiChIP loops from H3K27ac HiChIP experiments were downloaded from HiChIPdb (Zeng et al., 2023). hg19 coordinates
were converted to hg38 using the easyLiftOver function from the R package easyLift (https://github.com/caleblareau/easyLift, version 0.2.1).
Loop sets were converted to Genomiclnteractions format in R (version 1.24.0) and the intersection between HiChIPdb loops and our loop set
was determined using GenomicRanges’ findOverlaps function (version 1.42.0).

Interaction matrix visualization
2D interaction matrices were visualized using Juicebox (version 1.11.08) or with the plotgardener package in R (version 1.2.10) (Kramer et al.,
2022).

Eigenvector calculation and A/B compartment annotation

The eigenvector (first principal component of the Pearson’s matrix) for H3K27ac HiChiP observed/expected interaction matrices was obtained
from .hic files using juicer_tools eigenvector function (version 1.9.9) at 500 kb resolution with KR normalization. The sign of the eigenvector
and A/B compartment annotation was assigned based on correlation with DNA methylation eigenvector and compartment analysis obtained
from Additional File 2 of Fortin and Hansen, 2015 (Fortin and Hansen, 2015). A positive eigenvector sign is used to indicate A (open)
compartment and negative sign to indicate B (closed) compartment, the opposite of Fortin & Hansen, 2015, and thus the eigenvector sign is
flipped relative to the sign in Fortin & Hansen, 2015. For hierarchical clustering in Figure 1f, we used CALDER (Liu et al., 2021) (version 2.0) to
obtain sub-compartment calls at 10 kb resolution and performed clustering using vectorized sub-compartment annotations based on the
compartment rank annotation returned by CALDER.

H3K27ac 1D signal and virtual 4C visualization

One dimensional H3K27ac enrichment and ATAC-seq signal was visualized following normalization by reads in TSS regions as described in the
ArchR package (Granja et al., 2020). ATAC-seq signal tracks were obtained from the GDC publication page (Corces et al., 2018). H3K27ac ChIP-
seq signal tracks were obtained from ENCODE (accessions ENCFFOO5FLR and ENCFF873MWG) (Dunham et al., 2012; Luo et al., 2020). Virtual
4C plots were generated from dumped matrices generated with Juicer Tools (1.9.9). The Juicer Tools tools dump command was used to
extract the chromosome of interest from the .hic file. The interaction profile of a 10-kb bin containing the anchor was then plotted in R
(v.4.0.3) after normalization by the total number of valid read pairs and smoothing with the rollmean function from the zoo package (v.1.8-9).

Generation of union H3K27ac peak and interaction count matrices

One dimensional H3K27ac peaks called by MACS2 were merged using bedtools merge and peak signal calculated using bedtools coverage
using one-dimensional H3K27ac signal bed files (v2.28.0). Significant HiChIP interactions identified by FitHiChIP were merged using FitHiChIP’s
CombineNearbyinteraction.py and loop signal calculated using pgltools coverage (version 2.2.0) (Greenwald et al., 2017). Raw peak and loop
signal was normalized using DESeq2’s size factors normalization obtained using counts (dds,normalized=TRUE) (version 1.30.1) (Love et al.,
2014). CNV correction was performed for cases with matching WGS data by dividing normalized signal by ploidy-corrected relative CNV values
for peaks or loops overlapping with amplified genomic intervals (relative CNV > 1). Peaks or loops that overlapped genomic intervals with CNV
equal to zero or no CNV call were converted to NA values for those samples. For CNV correction of 2D loop signal, the relative CNV value of
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each loop anchor was determined and the normalized loop signal divided by the product of the CNV values at the two anchors. Seven samples
did not have matched WGS data for CNV correction and were excluded from further analysis.

Unsupervised hierarchical clustering, cluster purity calculation, and dimensionality reduction

Eigenvectors for H3K27ac HiChiP interaction matrices for chromosomes 1-22 were obtained from .hic files using juicer_tools eigenvector
function (version 1.9.9) at 1 Mb resolution with KR normalization and pairwise Pearson correlations calculated using the cor function in R
using "pairwise.complete.obs". Heatmap visualization and hierarchical clustering were performed using the pheatmap function in R (version
1.0.12). Clustering assighments were obtained using the cutree function in R with k equal to the number of unique cancer types. Clustering
purity and entropy were calculated using the purity and entropy functions from the NMF package in R (version 0.26) (Gaujoux and Seoighe,
2010).

For 1D H3K27ac and loop signal clustering, pairwise Pearson correlations were calculated using the normalized, copy-number corrected count
matrices. Peaks and loops on chrX and chrY and those overlapping hg38 blacklist regions (Amemiya et al., 2019) (https://github.com/Boyle-
Lab/Blacklist/blob/master/lists/hg38-blacklist.v2.bed.gz) were excluded from analysis. Correlation analysis was performed on reproducible
peaks and loops where at least two samples had a normalized count value >=3. Count matrices were log2 transformed using a prior count of 1
to reduce the contribution of variance from elements with low count values and to avoid taking the log of zero. Visualization, clustering and
purity calculations were performed as described above. The same count matrices were used for dimensionality reduction and visualization
using t-Distributed Stochastic Neighbor Embedding (t-SNE). Log-transformed counts were scaled using Seurat’s ScaleData and element counts
were ranked by variance using matrixStats rowVars function. The top 10,000 variable elements were used for principal component analysis
(PCA) using Seurat’s RunPCA function. The top 15 PCs were used for t-SNE dimensionality reduction using Seurat’s RunTSNE with perplexity =
5. Samples were colored by cancer type, bulk ATAC-seq cluster annotation (Corces et al., 2018), BRCA subtype (Sanchez-Vega et al., 2018),
and ESCA subtype (Cancer Genome Atlas Research Network et al., 2017).

Identification of differential H3K27ac peaks and HiChIP loops by feature binarization

We executed the identification of 'unique' peaks within the HiChIP data, adhering to a predefined methodology. In essence, we log2-
transformed the copy number corrected H3K27ac peak count matrix, categorizing individual cancer types as distinct 'groups'. For each peak
within the HiChIP peak set, we computed both intragroup mean and standard deviation values. Subsequently, these groups were ranked
based on their respective intragroup mean scores. Through an iterative process, we initiated from the second-lowest-ranked group and
gauged whether its mean value surpassed the sum of the maximum intragroup mean and the intragroup standard deviation of the
subsequent-lower group. This iterative sequence persisted until a group meeting this particular criterion was identified. This point defined the
'breakpoint'. Groups boasting intragroup means exceeding the breakpoint were labeled '1' for that specific peak, while groups situated below
the breakpoint received a '0' designation. Peaks lacking a breakpoint were excluded. This 'binarization' process established all '1s' as being
greater than any individual '0", thus capturing peaks unique to multiple groups. Combinations present in three or fewer groups were retained.
To address multiple hypothesis testing, we devised a contrast matrix for observed combinations and subjected the log-normalized counts
matrix to limma's (v.3.38.3) eBayes test. Subsequently, we extracted false discovery rate (FDR)-adjusted P values from differential testing,
preserving peaks with FDR values below 0.01. Employing the same aforementioned methodology, we also determined the 'unique’
interactions within the HiChIP data by using the log2-transformed copy number corrected H3K27ac interaction count matrix. For motif
enrichment analysis, we transformed the 'unique' peaks of each cancer type into the bed format. However, due to the vast genomic span
covered by 'unique' interactions, conducting direct motif enrichment analysis proved challenging. As a solution, we intersected the 'unique'
interactions per cancer type with the corresponding H3K27ac peaks. Peaks overlapping both anchors were consolidated into the bedgraph
format to facilitate motif enrichment analysis. The findMotifsGenome function from HOMER software (v4.11.1) was employed for this
purpose, using the parameter '-size given'.

Enhancer rewiring analysis

Using the normalized and copy number corrected consensus FitHiChIP loops from H3K27ac HiChIP 3D data, we intersected the loop anchor
with consensus peaks from H3K27ac 1D data as well as promoters of gene transcripts. Promoters are defined as -2500/+250 bp of each TSS
using GENCODE v36. In situations where the peak is involved in a given peak-promoter interaction in one sample but not called as a peak by
H3K27ac 1D in that sample, "0" will be assigned to the peak-promoter interaction for that given sample. We also focused on enhancer-
promoter interactions by excluding H3K27ac 1D peaks overlapping any promoters when interacting with another promoter. Overall, from
consensus loops with 10kb anchors, we identified 894,776 enhancer-promoter interactions.

Modeling of oncogene expression with copy number and enhancer activity

To determine the relative contributions of copy number and enhancer activity to variability in oncogene expression, we integrated H3K27ac
peaks and interactions, WGS ploidy-corrected CNV calls and HTSeq counts from RNA-seq data for annotated gene loci. Samples missing from
any of these datasets were excluded from this analysis. RNA-seq raw counts were normalized using DESeq2’s size factors normalization
obtained using counts (dds,normalized=TRUE) (version 1.26.0). Union H3K27ac peaks within 1 Mb away from annotated gene TSSs that were
supported by peak-TSS interaction loops in HiChIP were considered. To account for increased HiChIP read counts due to CNV, read counts of
these TSS-associated H3K27ac peaks were normalized to ploidy-corrected copy numbers as follows: CNV-normalized peak count = (DESeq2-
normalized peak count) / (ploidy-corrected copy number * 2 + 1). To assess the variability in gene expression, we first filtered on expressed
genes defined as genes with more than 10 transcripts per million (TPM) in more than three samples in the RNA-seq dataset. We then used
multiple linear regression to model the DESeq2-normalized RNA-seq gene expression values using the formula RNA ~ H3K27ac + CN, where
RNA is the DESeq2-normalized RNA-seq gene expression value, H3K27ac represents terms of log2-transformed, scaled and centered 1D
H3K27ac counts of peaks associated with the given gene, and CN represents the ploidy-corrected copy number of the gene. For genes with
which more than five H3K27ac peaks were associated, log2-transformed, scaled and centered 1D H3K27ac counts were reduced to five
principal components using the pca function in R with ncomp =5, center = TRUE, scale = TRUE. For genes with 5 or less linked H3K27ac peaks,
individual peak signal was used as input for RNA expression modeling rather than PCs. Relative importance of model predictors for each gene
was quantified with the Lindeman, Merenda, and Gold (LMG) method using the calc.relimp function in R with type = “Img”, rela = FALSE. To
analyze the relative importance of H3K27ac HiChlIP signal and copy number of oncogenes, we curated a list of oncogenes and possible
oncogenes based on previous analysis (Bailey et al., 2018). Log2 transformation of count data was performed as log2 (count + 1) unless
specified otherwise.

Sample specific scATAC-seq data analysis

The processed scATAC-seq archR object (v1.0.1) with cell type annotation was downloaded from https://www.synapse.org/. For each sample
with matched H3K27ac HiChlIP data, we regenerated archR object and re-calcuated chromatin accessibility peaks for each cell population
through MACS2 (v2.1.1) under default setting.
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HiChlIP integration with scATAC-seq

29 samples with matched H3K27ac HiChIP and scATAC-seq data. A minimum number of 110 non-cancer cells were required in each sample to
ensure the power of sSCATAC-seq peak signal detection in the tumor microenvironment, which ends up with 16 samples for integration. For
each matched sample, we examined the co-occurence of H3K27ac peaks and scATAC-seq peaks in the anchor regions of promoter-enhancer
interactions. The cell type specific promoter-enhancer interaction was identified when (1) the promoter region of the regulated gene had
both H3K27ac and scATAC-seq peaks, (2) the enhancer region defined by the HiChIP interactions had H3K27ac peaks but was uniquely
accessible in a specific cell type. The cell type shared promoter-enhancer interaction was defined when the promoter or enhancer regions had
both H3K27ac and scATAC-seq peaks but were not limited to a specific cell type. The ambiguous promoter-enhancer interaction was defined
when both promoter and enhancer region cannot map to any scATAC peaks. To generalize our sample-specific analysis to the broader
population, we performed a correlation analysis between the promoter-enhancer interaction signal and the corresponding cell fraction in the
tumor microenvironment. We obtained these cell fractions from scATAC-seq and estimated leukocyte fractions from RNA-seq data. The
Spearman correlation coefficient (Rho) was calculated for each correlation, and we applied cutoff values of Rho = 0.30 and Rho > 0.25 to filter
the results. For validation of H3K27ac HiChIP deconvolution in tumor microenvironment, the RNA-seq derived leukocyte fraction estimation,
ImmuneScore and tumor purity estimation were downloaded respectively from the original publication for correlation analysis (Aran et al.,
2015; Thorsson et al., 2018; Yoshihara et al., 2013).

HiChlIP integration with cancer associated SNP sites

Cancer-associated SNP data were retrieved from the database available at https://www.ebi.ac.uk/gwas/. We augmented the SNP list by
incorporating SNPs in high Linkage Disequilibrium (LD) with GWAS lead SNPs (LD r2 > 0.8). This LD data was sourced from the haploreg
website (http://archive.broadinstitute.org/mammals/haploreg/data/). To identify potential regulatory elements associated with these SNPs,
we performed an intersection analysis with enhancer peaks. The enhancer peaks were obtained from malignant cell-specific promoter-
enhancer interactions, as determined through our prior HiChIP decomposition analysis. This approach allowed us to pinpoint genomic
positions where cancer-associated SNPs coincided with enhancer elements.

Identification of non-coding mutation involved H3K27ac modification

62 samples with matched H3K27ac HiChIP and WGS data. We used the somatic mutation calling from WGS data as the ground truth. The
mutation allele frequency of H3K27ac HiChIP data was generated using bcfools. First, the global aligned H3K27ac bam files from the FitHiChIP
pipeline were piled up through mpileup function from bctools (v1.17). Then, the derived bcf files were converted into vcf files through call
function from bcftools. The allele frequency of each somatic mutation was quantified from the vcf files accordingly. The reads coverage of
H3K27ac HiChlIP at the somatic mutation site was calculated through multiBamSummary from deeptools. The mutation with at least 30
H3K27ac reads coverage was taken as confident calls. The significance of the mutant allele was estimated using Fisher’s Exact Test, followed
by Benjamini-Hochberg (BH) method for multiple comparison correction.

The H3K27ac signal change involved in the mutation site was quantified using the 2kb window that centered at the mutation position. The 2kb
window was splitted into 20bins with each bin equal to 100 bp. The H3K27ac HiChlP signal was calculated through multiBamSummary from
deeptools (v2.0) and normalized by the library size and copy number. For each mutation, we performed T test between mutant samples and
wild type samples to quantify the difference of CNV corrected H3K27ac signals. To perform multiple comparison correction, we utilized the
Benjamini-Hochberg (BH) method.

Quantification of non-coding mutation involved motif enrichment changes

chromVARmotifs R package (v0.2) was used for collection of human transcription factor binding motifs. motifmatchr R package was used for
performing motif enrichment analysis. First, a 21 bp sequence centered at mutation position was derived. Then, matchMotifs function was
applied to the 21bp sequences from mutant and wildtype for motif enrichment calculation under parameter out="positions” with a p value
cutoff 0.01.

AmpliconArchitect reconstruction of complex structural rearrangements

We collected 120 tumor WGS samples from 16 distinct cancer types and 123 matched normal WGS samples from TCGA, all aligned to
GRCh38. We ran AmpliconSuite version 0.931.4 (https://github.com/AmpliconSuite/AmpliconSuite-pipeline) which invoked CNVkit (Talevich et
al., 2016) to call genome-wide copy number (CN) profiles and identify seed amplicon intervals with CN values larger than 4.5 from these
aligned WGS samples. We then ran AmpliconArchitect (AA) (Deshpande et al., 2019) version 1.3_r1 to infer the structure of focal
amplifications from each sample, with the aligned WGS reads and seed amplicon intervals as input. A focal amplification is composed of a
collection of genomic segments connected by breakpoints indicating either a CN change between two consecutive segments, or a
rearrangement connecting two nonadjacent segments. A single sample can contain multiple non-overlapping focal amplifications. AA
represents focal amplifications in the form of a copy-number aware breakpoint graph, where nodes represent genome segments and edges
represent junctions between segments, including breakpoint connections. AA further decomposes the breakpoint graph into a collection of
cyclic and non-cyclic paths, each representing a potential structure or substructure (i..e, local assembly) comprised of genome segments
connected by a chain of breakpoints. The structural signatures in these paths are subsequently used to classify the type of focal amplification.
Note that AA was run with parameters -insert_sdevs 9 to filter artifactual discordant reads and improve runtime performance, and default
parameters otherwise.

Amplicon classification

We ran AmpliconClassifier version 0.4.10 (https://github.com/AmpliconSuite/AmpliconClassifier) using the AA-derived breakpoint graph and
cycles files to classify each focal amplification into five categories: (1) cyclic amplification (potential ecDNAs); (2) BFB amplification; (3)
Complex non cyclic amplification; (4) Linear amplification; and (5) Invalid focal amplification. We summarize the AmpliconClassifer rules
(originally described in Kim et al. and Luebeck et al. (Kim et al., 2020; Luebeck et al., 2023)) as follows. As a prerequisite, focal amplifications
must contain 210 kb of total genomic segments amplified to at least 5 copies above median ploidy to be considered valid. Focal amplifications
were classified as BFB if they met the criteria for a BFB amplification (i.e., if breakpoints representing foldback events account for at least 25%
of all SVs in the amplicon, and the cycles containing a foldback account for at least 60% of the length-weighted total CN of valid amplicon
paths decomposed by AA). Focal amplifications not classified as BFB were classified as cyclic if there exists a cycle in the breakpoint graph
(representing a potential ecDNA structure), and the total copy counts from cycles account for at least 12% of the total length-weighted CN.
Acyclic focal amplifications were classified as complex non cyclic if they contained at least 5 breakpoint edges representing rearrangements,
suggesting higher-order rearrangements beyond simple indel SV events. All other valid acyclic focal amplifications were classified as linear. We
then hierarchically classified samples based on which type of focal amplifications were present in the sample, giving precedence to cyclic,
followed by BFB, complex and linear. For example, a sample with both cyclic and complex focal amplifications would be classified as cyclic.
Samples without any valid focal amplifications were similarly classified as ‘no focal somatic CN amplification detected’.

HiChlIP visualization at structural rearrangements with NeoLoopFinder
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We ran NeoloopFinder (Wang et al., 2021) version 0.2.5 to search for chromatin loops on rearranged genomes (corresponding to local
assemblies of linked breakpoints) and CN-corrected H3K27ac HiChIP matrices. NeoLoopFinder, by default, computes a genome-wide CN
profile and a collection of CN segments from an input HiChIP matrix, and then balances the matrix with a modified ICE procedure by taking the
CN segments as input. Input cool files were generated at 10kb resolution from .hic files using HiCExplorer’s hicConvertFormat (version 2.2)
and balanced using cooler balance (version 0.9.1). We provided the NeolLoopFinder pipeline with CN segments estimated from the
corresponding WGS samples (based on ASCAT CNV calls) as its input of the CN-aware matrix balancing procedure with NeoLoopFinder’s
correct-cnv. Given a list of candidate SVs (potentially from other sources, e.g., WGS or OM), NeoLoopFinder then reconstructs local
assemblies representing a chain of one or more SVs from the input list, by shifting or flipping the submatrices according to the coordinates
and orientations of the SVs. Therefore, we supplied NeoLoopFinder with a collection of SV breakpoints identified by BRASS from WGS data,
which were filtered and used for complex SV assembly with NeoLoopFinder’s assemble-complexSVs. In case NeoLoopFinder missed true
assemblies, we additionally augmented the assemblies constructed by NeoLooFinder with the collection of local assemblies from AA cycle
decomposition as follows. Because NeolLoopFinder does not accept assemblies with duplicated segments, we broke each cycle returned by AA
into all possible longest paths of at least 2 non-overlapping segments. We provided these paths as input to NeoLoopFinder to search for
chromatin loops in addition to the local assemblies constructed above using neoloop-caller -O neo-loops.txt allValidPairs.cool --assembly
assemblies.txt --balance-type CNV --protocol insitu --prob 0.95 --nproc 20. The output of NeoLoopFinder consists of two types of interactions:
‘loops,” which represent interactions on a single genomic segment, and ‘neo-loops,” representing interactions on two different genomic
segments, brought together by an SV. We postprocessed the loops and neoloops identified by NeoLoopFinder in each HiChIP sample (as case
sample) by filtering out those that also occur in any other samples without focal amplifications on the same genomic segments (as control
samples). In control samples, loops were searched on the same collection of local assemblies as used in the case sample. For comparing the
number of loops per classification type, we dropped focal amplifications with total size less than 500kb, which often lead to unreliable
classifications, as well as insufficient number of neighboring bins for loop finding.

Co-amplification frequency analysis across TCGA WGS

To identify potential enhancer regions co-focally-amplified with an oncogene of interest (for example, amplified on ecDNA), we binned each
focally amplified genome with 10kb resolution in accordance with HiChIP, and counted the number of samples co-amplified with the given
oncogene per bin. Due to small cohort size (243 samples in total), the oncogene of interest is often amplified in very few samples. We
overcome this limitation by counting, in each 10kb bin, the number of samples co-amplified with the given oncogene within a larger cohort of
1538 WGS samples from Kim et al (Kim et al., 2020). We computed an empirical P-value of co-amplification for each 10kb bin connected with
the given oncogene by a loop or neoloop as follows: Let nO be the number of samples where bin bi is co-amplified with gene g. To compute an
empirical permutation based p-value, we generated 10,000 datasets randomly shuffling the focally amplified bins in each sample, such that (i)
the distance between the first and last amplified bins after shuffling is at most that distance in the original amplification; (ii) the number of
contiguously amplified intervals after shuffling remains the same as the number in the original amplification; and (iii) bins involving g are
always amplified. The empirical p-value was given by the fraction of times bin bi was co-amplified with g in at least n0 samples. Finally,
empirical P-values were adjusted for multiple comparisons using the Benjamini-Hochberg procedure.

Code Availability
Custom code used in this study is available at https://github.com/NCICCGPO/HiChIP-Manuscript.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Processed data not provided in the supplementary data files is available through the TCGA Publication Page (https://gdc.cancer.gov/about-data/publications/TCGA-
HiChIP-2024). Raw HiChIP data as fastq or aligned bam files are available through the NIH Genomic Data Commons portal (https://portal.gdc.cancer.gov/).

The processed RNA-seq, Genome-Wide SNP Array, DNA-methylation, and ATAC-seq data were downloaded from https://portal.gdc.cancer.gov/.

The processed scATAC-seq archR object (v1.0.1) with cell type annotation was downloaded from https://www.synapse.org/.

Cancer-associated SNP data were retrieved from the database available at https://www.ebi.ac.uk/gwas/. The LD data was sourced from the haploreg website
(http://archive.broadinstitute.org/mammals/haploreg/data/).

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Included in Supplementary Table 1.

Reporting on race, ethnicity, or Included in Supplementary Table 1.
other socially relevant
groupings

Population characteristics Samples were selected from the set of samples previously profiled by bulk ATAC-seq to span the 16 cancer types profiled in
this manuscript with a focus on breast cancer and at least 3 samples for each other cancer. Within breast cancer, 3 samples
were selected from each major breast cancer subtype (Basal, HER2, LumA, LumB). Samples were prioritized for selection
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based on high data quality in previous bulk ATAC-seq experiments and the availability of sufficient nuclei in cryopreserved
stocks. Other inclusion or exclusion criteria were not assessed. Additional characteristics including participant age are
available at https://portal.gdc.cancer.gov/

Recruitment All recruitment was done by The Cancer Genome Atlas.
Ethics oversight This study complied with all relevant ethical regulations and ethical guidance was overseen by the TCGA Program Office. Each

study site that contributed biological material had its own ethics board approval. TCGA ethics policies are available at https://
www.cancer.gov/ccg/research/genome-sequencing/tcga/history/ethics-policies

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Samples were selected from the set of samples previously profiled by bulk ATAC-seq to span the 16 cancer types profiled in this manuscript
with a focus on breast cancer and at least 3 samples for each other cancer. Within breast cancer, 3 samples were selected from each major
breast cancer subtype (Basal, HER2, LumA, LumB). Samples were prioritized for selection based on high data quality in previous bulk ATAC-seq
experiments and the availability of sufficient nuclei in cryopreserved stocks. Other inclusion or exclusion criteria were not assessed.

Data exclusions  No data were excluded.

Replication Replication was not performed due to limited availability of biological material and input requirements for HiChIP library generation.

Randomization  No randomization was done to allocate samples into experimental groups.

Blinding The samples we analyzed were deidentified by The Cancer Genome Atlas. The investigators were not blinded to group allocation during
experiments and outcome assessment.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies X[ ] chip-seq
Eukaryotic cell lines X D Flow cytometry
Palaeontology and archaeology X D MRI-based neuroimaging
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Plants

Antibodies

Antibodies used All HiChIP was performed using H3K27ac as the target (Abcam ab4729). 2 ug of H3K27ac antibody was used per sample with one
million cells as input.

Validation The antibodies are validated for use on human samples on the manufacturer's websites and give highly reproducible results with
published positive control data-sets including ChIP-seq data from primary tissues and ATAC-seq from matched tumor samples.
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Plants

Seed stocks

Novel plant genotypes

Authentication

Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied: o ) )
Describe-any-authentication-procedures for-each-seedstock-used-or-novet-genotype-generated.-Describe-any-experiments-tused-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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