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Abstract

Prostate cancer (PCa) is one of the most heritable human cancers. Genome-wide association
studies (GWAS) have identified at least 185 PCa germline risk alleles, most non-coding. We used
integrative three-dimensional (3D) spatial genomics to identify the chromatin interaction targets of
45 PCarisk alleles, 31 of which were associated with transcriptional regulation of target genes in
565 localized prostate tumors. To supplement these 31, we verified transcriptional targets for 56
additional risk alleles using linear proximity and linkage disequilibrium (LD) analysis in localized
prostate tumors. Some individual risk alleles influenced multiple target genes; others specifically
influenced only distal genes while leaving proximal ones unaffected. Several risk alleles exhibited
wide-spread germline-somatic interactions in transcriptional regulation, having different effects in
tumors with loss of PTEN or RB1 relative to those without. These data clarify functional PCa risk
alleles in large linkage blocks and outline a strategy to model multi-dimensional transcriptional
regulation.

Introduction

Prostate cancer (PCa) remains a broad health concern because of advancing global
population age. It has a heritability of 57%, well above the 33% for all cancers (1). Both

rare variants in DNA damage repair genes like BRCAZ2and common variants contribute to
PCa heritability (2,3). Genome-wide association studies (GWAS) have identified at least 185
common PCa germline risk alleles (4,5). Almost all of these reside in hon-coding intergenic
(75/185) or intronic regions (99/185).

The mechanisms by which these common non-coding variants influence PCa risk are poorly
understood. They are enriched in prostate lineage-specific enhancers and promoters (6—

8). Many are thought to contribute to the transcriptional reprogramming of the prostate,

akin to the recurrent somatic £RG gene fusions seen in PCa (9). PCa risk alleles have

been associated with transcriptional regulation through multiple mechanisms, including
DNA methylation, transcription factor binding, and enhancer/promoter activity (5,7,10-18).
For example, the PCa risk allele rs684232 and the ERG transcription factor regulate

the expression of three neighboring genes in a combinatorial manner in multiple patient
cohorts (7,14). Similarly, the PCa risk SNP rs11672691 influences enhancer activity and
up-regulates transcription of PCAT19and CEACAMZ21 (12,13). Non-coding SNPs influence
tumor-specific DNA methylation in the human prostate (19,20). Taken together, these
studies suggest that unraveling the genomic and regulatory features of risk alleles can
provide novel insights into the biology of PCa.

Identification of the transcriptional targets of risk alleles has been difficult for myriad
reasons. First, in many cases it is unclear which of multiple alleles in linkage-disequilibrium
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(LD) is functional. Second, functional interrogation of risk alleles is complicated by their
relatively small effect-sizes and which can compound over decades to subtly influence
tumorigenesis (2). Third, individual risk alleles may regulate multiple genes v7a chromatin
interactions, leading to effects in genes distal in the linear genome. Fourth, germline risk
alleles occur in the context of an evolving somatic genome and transcriptome, leading to
joint germline-somatic influences in regulation of target gene transcription.

To help resolve these problems, we quantified the two-dimensional (2D) and three-
dimensional (3D) spatial structure of the PCa genome, and integrated them with germline,
somatic and transcriptome data across 565 localized PCa patients. First, we defined the
transcriptional targets and chromatin features of PCa risk alleles, including those in LD
with tag SNPs. Second, we integrated tumor ChlIP-Seq, whole-genome sequencing (WGS),
transcriptome and proteome data from PCa patients to quantify germline-somatic interplay
in transcriptional regulation between germline risk alleles and somatic mutations. Finally,
we demonstrated how PCa risk allele targets divergently influence the major cell lineages
of the prostate gland. These studies present a multi-dimensional view of transcriptional
dysregulation in PCa.

Results

cis-regulatory targets of germline PCa risk alleles

We examined the DNA sequence and epigenetic features of 185 PCa germline risk alleles
(4,17,21) identified by GWAS (Figures 1A and 1B). About one third (63/185) were

located outside promoters and gene bodies, while only ~6% (11/185) altered protein coding
sequences—implying mechanisms beyond primary protein structure changes (Figure 1C;
Table S1). We hypothesized that many PCa risk alleles influence transcription v7a long-range
chromatin interactions. To test this, we focused on the androgen receptor (AR) and FOXA1
—master transcription factors in the prostate that are expressed in the LNCaP and VVCaP
luminal PCa cell lines. We used ChlIP-Seq and chromatin interaction analysis by paired-end
tag sequencing (ChlA-PET) data to evaluate the enrichment of PCa risk loci in various
chromatin features, including AR or FOXAL1 transcription factor binding sites, insulated
neighborhood boundaries marked by the cohesin component RAD21, active enhancers
marked by H3K27ac, and RNA Polymerase 11 (RNA Pol Il) binding sites. Enrichment
analysis was performed using genome shuffling, controlling for peak number and width (see
Supplementary Methods).

The overlap between PCa risk alleles and both AR and FOXA1 peaks was significantly
greater than expected by chance (Figures 1D and S1A). PCa risk alleles preferentially
occurred in active chromatin marked by H3K27ac or RNA Pol 11 occupancy. ChlA-PET
analysis inferred the subset of peaks that interacted with other peaks associated with

the same protein, termed anchor peaks. The enrichment of PCa risk alleles in chromatin
landmarks was more pronounced in the benign RWPE-1 cells, and AR positive LNCaP and
VCaP PCa cells than in the AR negative DU145 PCa cells. PCa risk alleles were more
enriched than random SNPs in 2D and 3D chromatin features in RWPE-1, LNCaP and
V/CaP cells (Figures 1E and S1B). This enrichment was absent for most chromatin features
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in DU145 cells. PCa typically begins in a cell that expresses AR; DU145 cells lack AR
expression and have undergone a lineage differentiation.

We next sought to identify specific transcriptional targets of PCa risk alleles. Using RNA
Pol 1l and RAD21 ChlA-PET data, we classified targets based on anchor peak location:
Type | targets occur when risk loci have 3D chromatin interactions with gene promoters;
Type Il targets occur when risk loci have 3D chromatin interactions with gene bodies; Type
I11 targets occur when risk loci have 3D chromatin interaction peaks proximal to genes but
outside their body or promoter (Figure 1A). A single risk allele can have all of Type I, Type
I and Type Il targets.

Using this methodology, we identified transcriptional targets of 24.3% (45/185) of the PCa
risk alleles. These included 13,384 total SNP-target pairs (107 Type | targets, 111 Type Il
targets and 13,166 Type Il targets). This was significantly more than expected by chance
for each target class: 68 additional Type | targets, 72 additional Type Il targets and 5,601
additional Type 11 targets (Figure S1C; Table S2).

To quantify the relationship between risk alleles and transcript abundance, we leveraged
three cohorts of localized PCa: the Canadian Prostate Cancer Genome Network (CPC-
GENE, 127 samples), The Cancer Genome Atlas (TCGA, 338 samples), and the Porto
cohort (100 samples), each with germline genotypes and tumor transcriptomes (22-24).
The allele frequencies for risk loci were well correlated across cohorts (Figure S1D). We
stratified tumors according to their risk allele genotype to evaluate transcriptional effects of
13,384 SNP-target pairs representing 45 risk alleles. We identified transcriptional changes
for 36/45 risk alleles, comprising 589 SNP-target pairs (14 Type | SNP-target pairs, 12
Type Il SNP-target pairs, and 563 Type |11 SNP-target pairs) (Figure 1F; Table S3). These
589 SNP-target pairs met two criteria: (A) p-value < 0.05 in one or more cohorts, and (B)
the same direction of effect (B value) in all the three cohorts. The direction of B values
(positive and negative B values represent up-regulation and down-regulation, respectively)
were more concordant across cohorts for Type | SNP-target pairs, followed by Types 1l
and I11. We called these high-sensitivity SNP-target pairs. By applying an FDR <0.2 on the
high-sensitivity SNP-target pairs, we retained 272 and 283 SNP-target pairs in the TCGA
and CPC-GENE cohorts, respectively, with an overlap of 43 SNP-target pairs (Figures S1E
and S1F; Table S4).

We next performed a meta-analysis across the three patient cohorts using Fisher’s method.
This prioritized 104 high-specificity SNP-target pairs representing 31 risk alleles (Fisher’s
combined FDR < 0.2) (Figures 1F, 1G and S1G; Table S3). Using this criteria, we retained
32 of the 43 shared SNP-target pairs (between TCGA and CPC-GENE) as high-specificity
SNP-targets. The presence of an individual risk allele was associated with transcriptional
changes in a median of three genes (Figure S1H). Taken together, these data highlight the
utility of 3D genome maps in deciphering the transcriptomic targets of PCa risk alleles.

Germline risk alleles shape the transcriptome of primary PCa

Two-dimensional proximity in the linear genome is widely-used to assign transcriptional
targets to risk SNPs (25). We therefore applied the same criteria used above for
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identifying high-specificity targets (Fisher’s combined FDR < 0.2) to the nearest gene

in the linear genome for each of the 185 PCa risk alleles. For 48/185, the nearest

gene was transcriptionally validated; 13 of these 48 SNP-nearest gene target pairs

were rediscovered by our 3D genome approach, 8 of which were intra-genic targets.
Intriguingly, 10 out of these 13 SNPs were associated with transcriptional regulation

of both proximal and distal genes in primary tumors; only three were associated with
transcriptional regulation of proximal genes only (Figure 2A). These results demonstrate that
the transcriptional regulation by risk alleles extends beyond its nearest gene, and highlights
the complementarity of 2D and 3D approaches.

One example of the complex influence of 3D genome architecture on transcriptional
regulation by germline PCa risk alleles is the SNP rs4962416, which lies within an intron of
CTBPZ2(26). The locus harboring the risk SNP rs4962416 exhibited RAD21 and RNA Pol Il
associated chromatin interactions in LNCaP cells, along with AR occupancy and H3K27ac
enrichment (Figure 2B). The presence of the risk allele was associated with increased
CTBP2transcript abundance in primary patient tumors (FDR = 9.93 x 107°; Figure 2C). The
presence of the risk allele was associated with increased H3K27ac (Figure 2D, left). In 37
tumors heterozygous for rs4962416, the risk allele was more associated with H3K27ac than
the wildtype allele (Figure 2D, right). This allelic imbalance in an enhancer mark suggests
rs4962416 may facilitate enhancer activation in tumors. Consistent with a tumor-promoting
role of CTBP2 via modulation of AR signaling (27), our results suggest up-regulation of
CTBPZ2is a potential mechanism linking the risk SNP with PCa etiology.

While rs4962416 resides in the intron of C7BP2, surprisingly, such regulatory relationships
are not generalizable in the absence of 3D genome information. For example, the risk SNP
rs636291 is located within an intron of the gene PEX14. DFFA and PEX14 are bidirectional
genes with their promoters in a head-to-head orientation. From a 3D genome perspective, the
locus harboring the SNP rs636291 is bivalent as it has both the H3K27ac active enhancer
mark and the CTCF insulator mark. Consistently, the locus exhibited both RNA Pol Il and
RAD?21 associated chromatin interactions with the promoter of the distal gene AP/TD1
(Figure S2A). The presence of rs636291 was associated with reduced RNA abundance of
APITD1 in patient tumors (FDR = 2.05 x 10~3; Figure S2B). However, we did not observe
a relationship between rs636291 and RNA abundance of either the host PEXZ4 gene or its
bidirectional partner gene, DFFA.

A second example of this phenomenon of intronic risk alleles not regulating their host genes
is rs10486567, located within an intron of JAZF1 (28). This locus showed AR, FOXA1

and ERG co-occupancy, and the H3K27ac active enhancer mark. We observed RNA Pol

Il associated long-range chromatin interactions between this locus and the distal HOXA13-
HOTTIPbidirectional gene cluster (Figure 2E). rs10486567 genotype was associated with
increased RNA abundance of both HOXA13and HOTT/Pexpression in patient tumors
(FDR = 0.11; Figure 2F). However, we did not observe a relationship between s10486567
and RNA abundance of the host gene JAZF1 (FDR = 0.277; Figure S2C). Taken together,
these results indicate that transcriptional targets of risk alleles are not necessarily dictated by
linear 2D proximity.
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Our strategy elucidated transcription control by both intragenic and intergenic risk alleles.
As an example of the latter, the risk SNP rs5759167 is located in an intergenic region
between B/K and TTLL1. 1ts locus exhibited RNA Pol 11 associated chromatin interaction
with the promoter of B/K; but not 77LL1 (Figure S2D). Consistent with this 3D genome
data, rs5759167 was associated with increased B/K transcript abundance in patient tumors
(FDR = 7.66 x 107%; Figure S2E), but not 77ZL1 transcript abundance (FDR = 0.551;
Figure S2F). We replicated several additional expression quantitative trait loci (eQTLS)

in patient cohorts (29), including rs10845943 with CZQL4 up-regulation (FDR = 1.30 x
10™%; Figures S2G and S2H), and rs12621278 with /7GA6 down-regulation (FDR = 3.27 x
107%; Figures S2I and S2J). These results indicate that 3D genome information can improve
identification of the transcriptional targets of risk alleles.

Germline-somatic interplay in PCa transcriptional regulation

We hypothesized that somatic driver mutations can modulate the transcriptional effects

of germline risk alleles, perhaps enhancing the effect of tumor-promoting alleles and
diminishing that of tumor-suppressing ones. To test this, we analyzed the transcriptional
effects of a subset of 283 high-sensitivity SNP-target pairs which were also significant in
the CPC-GENE cohort (FDR < 0.2) by comparing patient tumors with and without specific
somatic driver mutations (somatic mutation status is only available in the CPC-GENE
cohort). Because prostate cancer is a C-class disease primarily driven by structural variants
(30), we focused on four common driver structural variations that typically occur early and
clonally in localized prostate cancer evolution (31): loss of PTEN, loss of RB1, loss of
NKX3-1and ERG gene fusion.

Of these four, PTEN-mutant tumors were systematically associated with larger germline-
effects on RNA (Figure 3A). Loss of PTEN potentiated both transcriptional up-regulation
and down-regulation by germline risk alleles. Loss of RB1 was also associated with
enhanced germline effects on RNA. By contrast, loss of NKX3-1and ERG gene fusion

did not reach statistical significance. B loss potentiated genome-wide transcriptional
down-regulation by germline risk alleles, and several individual SNP-target pairs were
influenced by NKX3-1 loss or ERG fusion status (Table S5). As an example of these effects,
the rs4962416 risk allele was associated with increased CTBPZ2transcript abundance in
tumors with RB1 loss, but with little or no effect in tumors wild-type for RB1 status (Figure
3B). The same risk allele was associated with increased C7BP2transcript abundance in
ERG negative tumors, but with little or no effect in ERG positive tumors. By contrast, loss
of PTEN or NKX3-1 was not associated with changes in the effects of this risk allele on
CTBPZ2transcript.

Consistent with the patient tumor data, we observed that siRNA-based knock-down of RB1
resulted in the transcriptional upregulation of C7BP2in LNCaP cells (Figure 3C). Next,
we studied the wild-type (WT) and rs4962416 in transcriptional regulation by conducting
dual-luciferase reporter assays in LNCaP cells. In comparison to the vector control, the
WT allele increased the reporter luciferase activity, and the magnitude of the effect was
further increased in the presence of the risk allele (Figure 3D). Given the observation of AR
occupancy in the risk SNP locus (Figure 2B), we tested the effect of androgen signaling
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on the activity of WT and rs4962416. Depletion of androgens from the media blocked

the activity of WT and rs4962416 (Figure 3E). This effect was reversed by the exogenous
administration of the AR ligand dihydrotestosterone (DHT) (Figures 3E and S3). Overall,
these results indicate that driver somatic mutations influence gene-expression regulation by
PCa risk alleles, and thereby contribute to the dynamic transcriptional reprogramming of the
prostate epithelium.

We analyzed the chromatin binding profiles of RB1 (in LNCaP and VCaP cells) and

ERG (in VCaP cells) (32,33). By overlapping RB1 and ERG binding peaks with RNA

Pol Il ChlA-PET anchor peaks, we created virtual chromatin contact maps of RB1 and

ERG occupancy and traced the target genes. Importantly, the expression of target genes
discovered by our new approach was significantly higher than the expression of the nearest
neighboring genes as well as control genes in all our comparisons (Figures 3F and 3G).
These results suggest that RB1 and ERG regulate transcription via long-range chromatin
interactions. Furthermore, the chromatin interaction gene targets (expressed genes; FPKM >
1) of RB1 and ERG significantly overlapped with targets (277 genes corresponding to 283
SNP-target pairs) of PCa risk SNPs (Figures 3H and 31).

PCa risk SNP rs8102476 and contextual transcriptional regulation

The SNP rs8102476 is an example of simultaneous up-regulation and down-regulation of
two adjacent genes by a risk allele. It is located in an intergenic region in chromosome
19913.2 (34) that exhibited both RNA Pol Il associated and RAD21 associated chromatin
interactions encompassing the proximal PPPIR14A and distal SPINTZ2 genes (Figure 4A).
These chromatin interactions displayed characteristic CTCF binding and/or the H3K27ac
mark in the anchor regions. The presence of the risk allele was associated with down-
regulation of PPP1R14A transcript (FDR = 2.85 x 1078), and up-regulation of SPINT2
transcript (FDR = 0.01) in patient tumors (Figures 4B and 4C). PPP1R14A protein
abundance showed a similar effect in a cohort of 63 patients (35) (Figure 4D). Therefore,
rs8102476 is both an eQTL and a protein QTL (pQTL) for PPPIR14A. We suggest

that changes in the boundaries of the insulated neighborhood and associated changes in
enhancer-promoter contacts are likely mechanisms that link the presence of rs8102476 with
gene expression changes.

Cis-regulatory targets of SNPs in LD with the tag risk alleles

LD represents the non-random association of alleles at different loci in the population. We
adopted the approach used above to identify the chromatin-interaction targets of alleles in
LD to the tag risk SNPs. We identified a total of 494 LD SNPs for the 185 tag SNPs (r2>0.8)
(Table S6). The median distance between the tag and LD SNPs was 8,492 bp (Figure S4A).
We identified candidate targets for 99 LD SNPs, resulting in 35,836 LD SNP-target pairs
(250 Type | SNP-target pairs, 224 Type Il SNP-target pairs, and 35,362 Type |11 SNP-target
pairs). We identified 158 additional Type | targets, 133 additional Type Il targets and 17,064
additional Type 11 targets than expected by chance (p-value<0.01) (Figure S4B; Table S7).

We identified transcriptional changes for 82/99 LD SNPs with 3D chromatin linkages,
including 70 LD SNPs with high-specificity targets and 12 LD SNPs with high-sensitivity
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targets (Figure S4C). A total of 247 high-specificity LD SNP-targets were discovered (24
Type | LD SNP-target pairs, 31 Type 1l LD SNP-target pairs, and 192 Type 111 LD SNP-
target pairs) (Figure 5A; Table S8). The presence of an individual LD SNP was associated
with transcriptional changes in a median of two genes (Figure S4D). By applying an FDR
<0.2 on the high-sensitivity SNP-target pairs, we retained 691 and 773 SNP-target pairs in
the TCGA and CPC-GENE cohorts, respectively, with an overlap of 122 SNP-target pairs
(Figure SAE; Table S9). Of the 247 high-specificity LD SNP-target pairs: (A) 45 gene targets
were shared between the tag and LD SNPs, and were transcriptionally associated with
both, (B) 7 gene targets were common to the tag and LD SNPs, but were transcriptionally
associated with LD SNPs only, and (C) 195 gene targets were unique to the LD SNPs only
(Figures 5B and S4F). In comparison to the unique targets only identified for LD SNPs, a
greater fraction of the common targets was enriched for direct targets (Type | and Type Il
LD SNP-target pairs) (Figure 5C).

We identified LD SNPs that were enriched for 2D chromatin features (histone modifications
and transcription factor binding) and 3D chromatin interactions (RNA Pol 1l ChlA-PET

and RAD21 ChlA-PET) (Figures 5D, 5E, SAG and S4H). The LD SNPs were enriched

in the enhancers of the benign RWPE-1 cells, and AR positive LNCaP and VVCaP PCa

cells, but not in the AR negative DU145 PCa cells. We studied rs461251, an allele in LD
with rs684232, one of the best characterized PCa GWAS risk alleles (7,14,36,37). The two
SNPs are located ~200 bp apart. Both the tag SNP rs684232 and the LD SNP rs461251
were associated with loss of enhancer activity (decreased H3K27ac) and down-regulation of
VPS53, TLCD3A, and GEMIN4 transcript in patient tumors (Figures S41-S4M).

Two parallel PCa GWAS reported the tag SNPs rs7584330 and rs2292884 (38,39). Given
shared ancestry among study subjects and LD between these two SNPs, the association
perhaps reflected the same signal—although rs7584330 gave a stronger signal. Both these
lead SNPs had a paucity of 2D chromatin features and 3D chromatin interactions, and lacked
clear gene targets. We therefore hypothesized that other LD alleles may be functionally
relevant. The SNP rs6760842 is in LD with rs7584330 and its locus exhibited an abundance
of chromatin features; it lies in an H3K27ac marked intronic enhancer of MLPH in LNCaP
and VCaP cells. This enhancer participated in RNA Pol Il associated chromatin interactions
with the promoter of MLPH, suggesting MLPH as the target gene (Figure 5F). rs6760842
was associated with down-regulation of MLPH transcript in patient tumors (FDR = 7.52

x 1075; Figure 5G). rs6760842 was associated with decreased H3K27ac at the locus,
indicating a loss of enhancer activity (Figure 5H, left). Tumors heterozygous for rs6760842
exhibited an enrichment of the wild-type allele in the H3K27ac region (Figure 5H, right).
Together these data support the idea that rs6760842 is the functional SNP in this GWAS
region, influencing PCa etiology through changing MLPH enhancer activity.

architecture and transcriptome-wide association study (TWAS) hits

Transcriptome-wide association studies (TWAS) have identified both candidate risk genes
at known PCa risk regions, along with novel candidate risk genes outside of them (40,41).
To determine the genomic features underlying transcription control of TWAS genes, we
considered 222 published SNP-TWAS target pairs (Table S10). Of these, 69 SNP-TWAS

Cancer Discov. Author manuscript; available in PMC 2023 June 02.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yuan et al.

Page 9

target pairs shared the PCa risk SNPs included in this study, and for 27/69 we provide
additional 3D genomics support. Six out of these 27 were transcriptionally validated high-
specificity SNP-target pairs (Figure 6A).

The 222 published SNP-TWAS target pairs include 86 SNPs from TCGA prostate tumors
(40). We extended our analyses pipeline to identify the transcriptional targets of these 86
SNPs, as well as the 371 SNPs in LD with these SNPs. Many TWAS SNPs and LD SNPs
were in transcriptionally active regions (Figures S5A and S5B; Table S11). By applying an
FDR <0.2, we observed an overlap of 9 TWAS SNP-targets and 80 TWAS LD SNP-targets,
respectively, between the CPC-GENE and TCGA cohorts (Figures S5C and S5D; Tables
S12 and S13). A total of 33 TWAS SNPs were assigned high-specificity targets by ChlA-
PET directly or pairing with LD SNPs followed by ChlA-PET (Figure S5E). The overlap
between the 86 TWAS SNPs and 185 PCa risk SNP was 23; seven of these were assigned
high-specificity targets (Figure S5F). Eight out of the 12 TWAS SNPs with high-specificity
targets identified by ChIA-PET could be rediscovered by TWAS (Figure S5G).

As a representative example, the PCa risk SNP rs6465657 is in an intron of LMTKZ (42)
and has been associated with three target genes via TWAS— LMTKZ, BHLHA15and
TECPRI1 (40). The locus harboring rs6465657 had a paucity of 2D chromatin features

and 3D chromatin interactions, and therefore we hypothesized that other LD alleles may
be functionally relevant. rs6965016 is in perfect LD with the tag SNP rs6465657—the
patient tumors with the AA, AB and BB genotypes were identical for both these SNPs

in all cohorts. The locus harboring the LD SNP rs6965016 exhibited an abundance of

2D and 3D genome features, including co-occupancy of AR, FOXA1 and ERG, and the
establishment of H3K27ac marked active enhancer (Figure 6B). This locus also exhibited
RNA Pol Il associated chromatin interactions encompassing the LMTKZ2, BHLHA15and
TECPRI genes. rs6965016 was associated with the down-regulation of LMTK2 (FDR =
0.164), BHLHA15 (FDR = 0.160) and 7ECPR1 (FDR = 0.049) in patient tumors (Figure
6C). rs6965016 was also associated with reduced AR occupancy (Figure 6D, top), and
decreased H3K27ac levels—indicating a reduction in enhancer activity—in patient tumors
(Figure 6D, bottom). These results suggest that rs6965016 impedes the recruitment of AR,
thereby reducing enhancer activity and suppressing the transcription of LMTK2, BHLHA15
and TECPRI.

Cell-lineages associated with the transcriptomic targets of PCa risk alleles

The prostate gland is comprised of diverse cellular lineages (43,44). Although PCa is

an epithelial cancer, the microenvironment surrounding the epithelial cells contribute to
carcinogenesis (45). To define the expression of the PCa risk allele target genes in the major
cellular lineages of the human prostate gland, we examined the mRNA abundance of the
transcriptionally validated high-sensitivity target genes of both tag SNPs and LD SNPs in
the flow-sorted luminal epithelial, basal epithelial, other epithelial and stromal cells of the
normal human prostate gland (43). Unsupervised analysis grouped target genes in to four
clusters (Figure 7A; Table S14). Cluster 1 (153 genes) was associated with the stromal cells
and was enriched in apoptotic pathways (Figure 7B). Cluster 2 (171 genes) was associated
with the luminal epithelial cells and was enriched in membrane tethering processes and
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transcriptional regulation by RNA Pol Il. Cluster 3 (323 genes) was associated with the
basal and other epithelial cells, and was predominantly enriched in developmental pathways.
The largest of these, Cluster 4 (464 genes) was expressed in all the major cell types of the
prostate gland, and was enriched in metabolic processes.

We also examined the transcript abundance of a subset of 20 high-specificity target genes
(Fisher’s combined FDR < 0.05) in single cell RNA-Seq of the normal human prostate gland
(43). We detected transcript abundance for 15 of these 20 genes in the single cell level
(Figure S6A; Table S15). Consistent with bulk RNA-Seq analysis, transcriptional targets
of PCa risk alleles were expressed in multiple cell lineages of the prostate gland (Figure
S6B-S6G). This analysis enabled us to resolve cell-type specific aspects of transcription
control by PCa risk alleles. For example, the transcriptional targets of the PCa risk SNP
rs8102476—PPPIRI4A and SPINTZ2 genes—were expressed in distinct cellular lineages.
SPINTZ expression was restricted to the epithelial cell lineages (luminal, basal, hillock,
club and neuroendocrine cells), while PPP1R14A expression was predominantly in smooth
muscle cells. By integrating ChlA-PET, single cell RNA-seq, and bulk RNA-Seq data from
cell lines, normal prostate, and patient tumors, respectively, we hypothesize that rs8102476
is associated with the down-regulation of PPP1R14A in smooth muscle cells, and the
concomitant up-regulation of SPINT2in epithelial cell lineages (Figures 4 and S6A-S6D).

We associate 87 risk SNPs with high-specificity transcriptionally validated targets in this
study: 31 PCa risk SNPs for which targets were defined by ChlA-PET, 48 PCa risk SNPs
for which targets were defined by linear proximity, and 40 PCa risk SNPs for which targets
were defined by pairing with LD SNPs, followed by ChlA-PET analysis (Figure 7C). We
hypothesize that closely spaced risk alleles may perhaps represent the same signal. As
described earlier, rs7584330 and rs2292884 are less than 100 kbp apart and are likely to
represent the same signal (Figures 5F-5H). Therefore, by setting distance cutoffs of 1 Mbp,
100 kbp and 10 kbp, the 185 risk SNPs analyzed in this study were binned into 140, 157
and 177 clusters, respectively (Figure 7D). Remarkably, regardless of the bin size, we have
identified high-specificity SNP-targets in >50% of the clusters (85/140, 1 Mbp clusters;
92/157, 100 kbp clusters; 106/177, 10 kbp clusters) (Figure 7D and Table S16).

We have summarized the molecular and cellular features of the 104 high-specificity SNP-
target pairs which were transcriptionally validated in patient cohorts (Table S17). A large
majority of high-specificity SNP-target pairs do not involve the nearest genes (91/104).

We further filtered the 104 high-specificity SNP-target pairs to identify a subset of 20 SNP-
target pairs (Fisher’s combined FDR < 0.05) (Figure 7E; Table S17). Of these 20 SNP-target
pairs, (A) 4 SNP-target pairs were previously discovered by TWAS analysis (40), and (B)

9 SNP-target pairs do not involve the nearest genes. The summary heatmaps show how
multiple lines of orthogonal evidence converge to illuminate transcription control by PCa
germline risk alleles. In conclusion, we have summarized the SNPs that overlapped between
published datasets and ours; we have reported the SNP-target pairs that were rediscovered
in our dataset; we also report the number of novel SNP-target pairs discovered by our 3D
genomics analysis (Table S18-20) (10,14,25,29,40,46-49).

Cancer Discov. Author manuscript; available in PMC 2023 June 02.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yuan et al.

Page 11

Discussion

It has been long-recognized that germline risk alleles are enriched in gene regulatory
elements, yet the specific transcriptional targets of most disease-associated variants have
remained elusive. We detect a hitherto unknown pervasive germline-somatic interplay
between the PCa risk alleles and somatic loss of PTEN or RB1. These data suggest that
the transcriptional effects of PCa risk alleles are not static, but are dynamically tuned by
the mutation profile of the cancer. Our discoveries build on prior studies where 3D genome
interaction data was used to resolve complex genetic puzzles, and, in so doing, provide a
conceptual framework for transcription control by non-coding variants (50,51). We suggest
that 3D genome information is critical to deconvolving the relationship between risk SNP
location and risk SNP function.

A limitation of our study is the lack of evidence on several PCa risk SNPs. This can be
partially addressed by (A) analyses of larger better-powered cohorts, and (B) conducting
ChIA-PET analysis of the human prostate and its distinct cell types. Additional mechanisms
that are not directly linked to genome architecture or transcription may be in play (some
SNPs could be hotspots for DNA breaks or rearrangements). The effect sizes were modest
in many cases. This is presumably because of an inherent selection against common strong
effect variants. Mendelian variants have high effect size but are present in low frequency

in the population. GWAS hits have relatively lower effect size but are present in higher
frequency in the population.

While trans-acting proteins, histone modifications and DNA methylation are commonly
linked to transcriptional regulation, we suggest that DNA sequence variations can also
function as transcriptional activators/repressors by promoting/preventing the recruitment
of master transcription factors (tuning enhancer activity) and/or adjusting the boundaries
of insulated neighborhoods (tuning enhancer connectivity). We hypothesize that akin to
combinatorial binding of transcription factors, such as AR and FOXA1, the combinatorial
interaction among c/s-regulatory DNA elements can also influence transcription.

Integrating 3D genome data with polygenic risk scores (PRS) can provide insights into
genetic pathways associated with an individual’s lifetime PCa risk and can usher the
development of intervention strategies to prevent or delay the disease (21). The data from
analyses such as these may be used as priors when developing PRS moving forward. In

this way, variants with regulatory influences on known prostate cancer pathways may be
upweighted while also balancing the fact that not all risk variants may work directly on
known pathways and may have biology still to uncover. Studies such as ours may help
prioritize variants that fall slightly below typical GWAS significance thresholds but may still
inform on risk. Understanding risk SNP function can help distinguish not only cancer risk
but provide further insights into the tumor biology and potential vulnerabilities.

Our study has filled-in a key knowledge gap in the field and can stimulate the transition

of the GWAS field from association to function. The enhancer-target connectome data
emanating from cell line 3D genome studies (representing prostatic lineage) can in principle
be used to interpret PCa GWAS signals across all ancestries and will have tremendous value
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in addressing PCa health disparities. The accuracy of PRS greatly varies across ancestry
populations. Mechanistic insights into the function of risk variants along with an increasing
understanding of the molecular differences in prostate tumors across diverse populations
may help us develop more accurate and generalizable PRS.

Although our study is limited to PCa, our approach can be broadly applied to study

other complex diseases with an underlying genetic basis. Integration of GWAS data

with population-based LD maps, cell-type-based 3D genome maps and clinical genomics
measurements shows significant promise to advance our understanding of the etiology of
complex diseases.

Preprocessing of omics data

The omics data analyzed in this study, include ChlA-PET, ChIP-Seq and RNA-Seq from the
benign RWPE-1 cells, the AR positive LNCaP and VVCaP PCa cells and the AR negative
DU145 PCa cells. ChlIA-PET data was processed using ChIAPET?2 tool, and all peaks and
intra-chromosome interactions were used in the down-stream analysis (52). ChIP-Seq data
were processed using bowtie for mapping and MACS?2 for peak calling (53). RNA-Seq data
were processed by TopHat for mapping (54). All the details about the data preprocessing are
described elsewhere (7).

Summary of cohort data

In this study, three cohorts were used for target validation:

TCGA cohort—The TCGA PRAD was used as a validation cohort (22). We included
samples with high concordance (>80%) between SNP6 array and whole exome sequencing
(WXS) genotypes, and of European descent (338 samples). Genotypes were imputed using
the Sanger Imputation Service — pre-phasing using Shapeit2 (55), imputation using PBWT
(56) and the Haplotype Reference Consortium (release 1.1) panel (57).

CPC-GENE cohort—We interrogated a previously published cohort of 127 intermediate
risk PCa samples that underwent RNA-Seq, described previously (23). Germline SNPs

were first identified using GATK (v3.4.0-3.7.0) for each patient individually using
HaplotypeCaller followed by VariantRecalibration and ApplyRecalibration. Individual VCFs
were merged using bcftools (v.1.8) assuming SNPs not present in an individual VCF were
homozygous reference. The minor allele frequency (MAF) of all SNPs within the merged
VCF was calculated and filtered to consider only SNPs with MAF > 0.01 (n=10,058,344).
Next, all patients were re-genotyped using GATK (v.4.0.2.1) at these sites to produce gVVCFs
(7.e. with option -ERC GVCF). Individual gvVCFs were merged using GenomicsDBImport
and joint genotyping was run using GenotypeGVCFs. Finally, SNPs were recalibrated using
VariantRecalibrator and ApplyVQSR. Ancestry was determined based on genetic similarity
to populations from the 1000 Genomes Project as reported previously (58). Only individuals
of European ancestry were included in subsequent analyses (n=127).
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Porto cohort—RNA-Seq and ChlP-Seq for AR, H3K27ac, H3K27me3 and H3K4me3
profiles from 100 PCa samples in Porto cohort were integrated in this study (24). RNA-
Seq processed data was downloaded from GEO database and raw ChIP-Seq data were
downloaded from SRA archive data (GSE120741).

Definition of peak and genomic regions

All RNA Pol Il or RAD21 binding peaks and intra-chromosome interactions were defined
from the preprocessing results of ChlA-PET. Peaks that interact with other peaks are called
anchor peaks or anchor regions. Binding peaks of other TFs and epigenetic marks, e.g.,
AR, FOXAL, CTCF and H3K27ac were identified by MACS2 with default parameters.
The definition of promoters, gene bodies and other regions were based on annotation file
Gencode V19. The DNA sequence between the upstream 500 bp and downstream 250 bp
from transcription start sites (TSS) were defined as promoters. Gene bodies include both
exons and introns. After extracting the coordinates of genes from annotation file, promoter
regions were subtracted from whole gene regions, then remaining regions were defined

as gene body regions. The regions which were not defined as promoters or gene bodies
across the whole genome were defined as other regions. H3K27ac peaks are marks to define
enhancer regions, apart from peaks which have overlaps with promoters.

Stratification of patient tumors based on somatic driver mutations

To assess the impact of somatic PTEN loss, RB1 loss, NKX3-1loss or ERG gene fusions on
SNP-target association, the CPC-GENE samples were separated into somatic mutated and
matched wild-type groups (30). For each SNP-target pair, eQTL within somatic mutated and
corresponding wild-type groups were quantified separately using the same linear regression
model described above. Then two p values were calculated for each SNP-target pair,
including p value for somatic mutated and matched wild-type groups.

Allelic imbalance analysis of ChlP-Seq data

Allelic imbalance analysis was conducted on ChlP-seq data of H3K27ac and AR from Porto
cohort. Firstly, raw reads were mapped to human genome by bwa. Secondly, the mapped
bam files were processed by WASP pipeline to remove the allele imbalance mapping biases
(59). Thirdly, readergroups were added by AddOrReplaceReadGroups (picard 2.10.3).
Finally, allele specific reads were counted by ASEReadCounter (GATK 4.1.4.0). Then,
paired wilcox.test was conducted to compare reads counts mapped on reference allele and
alternative allele for heterozygous patients on each SNP site.

RNA extraction, cDNA synthesis and quantitative RT-PCR

Total RNA were extracted from LNCaP cells using RNeasy Plus Mini Kit (Qiagen,
#74136), and cDNA synthesis was performed using the SuperScript VILO cDNA
Synthesis Kit (Invitrogen, #11754050) following the manufacturer’s instructions. Real-
time quantitative reverse transcription PCR (qPCR) was carried out on QuantStudio™
6 Flex Real-Time PCR System (Thermo Fisher) using PowerUp™ SYBR™ Green
Master Mix (Thermo Fisher, #A25776) to verify the knockdown efficiency and relative
gene expression. The fold change in CTBPZ, RB, or PSA mRNA expression levels
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was calculated by the comparative Ct method, using the formula 2*-(AACt). The

primer sequences for the PCR were RB (forward AGACCCAGAAGCCATTGAAA,
reverse CTGGAAAAGGGTCCAGATGA), CTBP2 (forward
GTCTGGGACACGATGAACCT, reverse CTTGTTCTTCCTTGGGGTCA), PSA (forward
CATCAGGAACAAAAGCGTGA, reverse ATATCGTAGAGCGGGTGTGG), GAPDH
(forward TGCACCACCAACTGCTTAGC, reverse GGCATGGACTGTGGTCATGAG).

siRNA transfection

ON-TARGETplus Human RB (#L-003296-02-0005) and negative control small interfering
RNAs (siRNA) were purchased from Horizon Discovery. siRNAs were transfected into
cells using Lipofectamine RNAIMAX Transfection Reagent (Thermo Fisher, #13778-150)
as described in manufacture’s protocol.

Luciferase reporter assay

The 1 kilobase pair enhancer region containing the wild-type or risk allele rs4962416

was cloned into pGL4 luciferase reporter plasmid (Promega, #E665A) and verified by
Sanger sequencing. LNCaP cells were seeded on 12-well plates and transfected with the
indicated plasmids. For Dihydrotestosterone (DHT) treatment, 5a-Androstan-17b-OL-3-one
was purchased from Sigma Aldrich (#A8380) and dissolved in ethanol. The plated cells
were washed with PBS two times, replaced with 10% charcoal stripped FBS media for 2
days, and treated with 10 nM of DHT for 24 h. The Firefly luciferase / Renilla luciferase
activities were measured using the Dual-Glo luciferase assay system as described in the
manufacturer’s protocol (Promega, #E2940).

Predicting the targets of transcription factors

We integrated ChIP-seq of RB1 and ERG with RNA Pol Il ChIA-PET from the same

cell line to predict targets of these factors. ChlP-seq peaks were used to define RB1/ERG
binding sites, and if the peak was overlapping with one peak anchor from RNA Pol 11
ChIA-PET, the genes locating in the paired peak anchors would be defined as targets. These
genes in the nearest to ChlP-seq binding peaks and randomly selected genes were taken as
control groups.

Data Visualization

Statistics

The track files for multiple factors around different gene loci were visualized by

the Integrative Genomics Viewer (IGV) (60). Heatmap was drawn with R package
BoutrosLab.plotting.general. Scatterplot and balloon plot were drawn with R package
ggpubr. Jensen-Shannon (JS) score was used to measure the expression distance between
transcripts in Figure 7A, and then k-means clustering was performed (k=4).

Significance of SNP enrichment was estimated by empirical test (Figures 1D and 1E). The
significance of mMRNA abundance changes was estimated by linear regression model, and
p-value and B value were from linear model. The significance of ChlP-Seq binding signal
intensity difference was estimated by Mann-Whitney test considering a recessive model. The
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significance of transcriptional changes after somatic mutation stratification was estimated
by Wilcoxon test (Figure 3A). The significance of target position and number of validated
cohorts was estimated by XZ test (Figure 5C). The significance of allele specific binding
was estimated by paired Wilcoxon test (Figures 2D and 5H). P-values for gPCR analysis
were obtained using two-tailed Student’s t-test. Error bars indicate the SD of 3 technical
replicates. P-values for luciferase reporter assay were obtained using Benjamini-Hochberg
Procedure. Error bars indicate the SD of 6 technical replicates.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Significance

Many PCa germline risk alleles are enriched in the non-coding regions of the genome
and are hypothesized to regulate transcription. We present a 3D genomics framework
to unravel risk SNP function and describe widespread germline-somatic interplay in
transcription control.
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Figure 1. Genomic features and cis-regulatory targets of germline PCa risk alleles.
Schematic representation of the overall study design. The 185 PCa risk SNPs were identified

from published papers, and 494 LD SNPs were filtered by LD score calculation (r2>0.8).
The framework of this study included integrative analysis of multiple omics data, prediction
of chromatin interaction targets by ChIA-PET data analysis, and validation of target

gene transcription in three clinical cohorts. ChIA-PET data for RNA Pol 1l and RAD21,
and ChlP-Seq for AR, FOXAL, H3K27ac from four cell lines (RWPE-1, LNCaP, VVCaP,
DU145) were analyzed in this study. eQTL analysis for targets were performed in TCGA,
CPC-GENE and Porto cohorts, and chromatin features around the SNP and target gene
regions were validated based on ChlP-seq for AR, H3K27ac, H3K4me3 and H3K27me3
in patient tumors from the Porto cohort. (B) Overlap between PCa risk SNPs and genomic
features. In the central heatmap, each column represents a SNP, and each row describes a
genomic feature. Black color indicates overlap between SNP and genomic feature, while

Cancer Discov. Author manuscript; available in PMC 2023 June 02.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yuan et al.

Page 21

white color indicates no overlap. The individual genomic features are described by the

three annotations (types, factors and cell lines). For types, sequences denote the manually
defined genomic elements (promoter and motif sequence). Peaks represent antibody bound
regions, and anchor peaks represent the sub-set of peaks that interact with other peaks

in ChIA-PET analysis. The RWPE-1, LNCaP, VCaP and DU145 cell lines are presented

in different colors. (C) Summary table of overlap between PCa risk SNPs and different
genomic elements. For the overlap between risk SNPs and ChlA-PET data, the number
outside the parentheses is the overlap number with interaction anchor peaks while number in
parentheses is the overlap number with all the peaks. P-values were generated by Pearson’s
x 2 test. (D and E) Enrichment analysis of GWAS PCa risk SNPs in peak regions versus
random regions (D). Enrichment of PCa risk SNPs in RAD21 and RNA Pol Il occupied
regions (total peaks, anchor peaks), enhancers (H3K27ac marked peaks), AR, FOXA1,
NKX3-1 and ERG occupied regions. The circle size indicates effect size between observed
and the expected overlap of PCa risk SNPs and the randomly shuffled peaks from 10,000
simulations, and the color indicates the p-value, which was calculated by empirical test.

X represents data not available. Enrichment analysis of PCa risk SNPs versus randomly
selected SNPs in peak regions (E). The circle size illustrates the effect size between
observed (PCa risk SNPs) and expected (random SNPs) overlap of SNPs and the peaks
(from sequencing data) from 10,000 simulations. Color intensity indicates the significant
differences between the expected and observed values; and p-values were generated by
empirical test. (F) 589 high-sensitivity SNP-target pairs with the same B sign across the
three cohorts for the subset of SNP-target pairs which were transcriptionally validated in one
or more cohorts. Bar chart: 104 high-specificity SNP-target pairs. These are a subset of the
high-sensitivity SNP-targets with Fisher’s combined FDR < 0.2. (G) The heatmap represents
104 high-specificity SNP-target pairs. The color intensity in the first three columns denotes
the significance in the cohort, which is measured by p-value for g value from linear
regression model. The color intensity in the fourth column indicates the combined FDR.
The annotation bars in the right for each row describe the interaction context and number of
validated cohorts.
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Figure 2. Transcriptional regulation by the PCa risk alleles in primary tumor cohorts.
(A) The pie charts represent the number of PCa risk SNPs with high-specificity gene

targets determined by ChIA-PET (left pie) and linear proximity (right pie), respectively.
The targets defined by linear proximity are further classified as intra-genic (dark-brown)
or inter-genic (light-brown) targets based on the location of SNPs. Grey color represents
SNPs for which targets were not transcriptionally validated in patient cohorts. Orange
color represents PCa risk SNPs for which the transcriptionally validated targets were only
predicted by one method but not rediscovered by the other one. Light blue color represents
PCa SNPs for which transcriptionally validated targets were defined by both ChlA-PET and
linear proximity. For the smaller pie chart: green color represents PCa risk SNPs with only
proximal gene targets, while dark blue color represents PCa risk SNPs with both proximal
and distal gene targets. (B) Integrated genome view of PCa-risk SNP rs4962416 and its
adjacent regions. RNA Pol 1l and RAD21 ChlA-PET datasets are shown for LNCaP cells.
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(C) The mRNA abundance of C7BPZ2in TCGA and CPC-GENE cohorts. Boxplot represents
median, 0.25 and 0.75 quantiles with whiskers at 1.5x interquartile range. mMRNA abundance
was measured in FPKM. Numbers next to genotypes reflect number of samples in each
group. FDR was calculated by “BH” method, and p value are from linear model. (D) Left:
H3K27ac binding signal in the PCa SNP rs4962416 locus stratified by genotype in Porto
cohort (Mann-Whitney test of recessive model). Y-axis is the number of H3K27ac ChIP-Seq
read counts mapped to the SNP rs4962416 locus, which is normalized by TMM method.
Right: Allelic imbalance analysis in tumors heterozygous for the risk SNP rs4962416 in
Porto cohort. Y-axis denotes the number of read count from allele specific mapping, and

the p-value was estimated by paired Wilcoxon test. (E) Integrated genome view of PCa-risk
SNP rs10486567 and its adjacent regions. RNA Pol Il ChIA-PET, RNA-Seq and CTCF,
FOXA1, AR, H3K27ac, ERG, RNA Pol Il and phospho—RNA Pol Il ChIP-Seq data are
shown for VCaP cells. (F) rs10486567 was associated with increased mRNA abundance of
HOXA13and HOTTIPin the CPC-GENE and TCGA cohorts. FDR was calculated by “BH”
method, and B value were estimated from linear regression model.
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Figure 3. The interplay between PCa risk alleles and somatic mutations in transcription control.
(A) The effect size of transcriptional changes associated with germline risk alleles in tumors

stratified by somatic mutations. P-values were generated by Wilcoxon test, and FDR was
calculated by “BH” method. (B) Forest plots show eQTL analysis for rs4962416 and the
target gene, CTBPZ, after patient stratification by PTEN loss, RB1 loss, NKX3-1 loss,

and ERG gene-fusion status in the CPC-GENE cohort. Dots and error bars indicate beta
value and 95% confidence interval for each group, and p-value from interaction model is
shown for each comparison. (C) gPCR validation of RB knockdown and the expression of
CTBP2 gene upon treatment of LNCaP cells with RB siRNA. P-value was estimated by
2-tailed Student’s t test. Error bars indicate the SD of 3 technical replicates. (D) Luciferase
reporter assays in LNCaP cells. Cells were cotransfected with pSV-Renilla and the luciferase
reporter encoding the CTBP2 wild-type or risk allele (rs4962416) and processed 48 hrs after
transfection. Firefly Luc/Renilla Luc activity was determined, mean + SD, n = 6; P-value
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was estimated by Benjamini-Hochberg Procedure. (E) Luciferase reporter assays in LNCaP
cells. Cells were cotransfected with pSV-Renilla and the luciferase reporter encoding the
CTBP2 wild-type or risk allele (rs4962416) and processed 48 hrs after transfection. After
PBS wash and 10% charcoal stripped FBS media for 2 days, 10 nM of DHT or ethanol was
treated for 24 hrs. Firefly Luc/Renilla Luc activity was determined, mean + SD, n = 6; ;
P-value was estimated by Benjamini-Hochberg Procedure. (F) Framework of overlapping
targets of ERG/RB1 with targets of SNPs shown in Figure 3A, including three steps: I.
Predicting chromatin interaction targets of ERG or RB1 occupied regions by integrating
with RNA Pol 11 ChlA-PET. Here we used the nearest genes to ERG/RB1 binding peaks
and randomly sampled genes as control; I1. Overlapping targets of ERG/RB1 with targets of
SNPs shown in Figure 3A; Ill. Estimating significance of overlapped targets by conducting
permutation test. (G) Expression levels of ERG/RB1 targets identified by ChlA-PET
comparing with control gene sets. Gene promoters interacting with RB1 and ERG occupied
regions in the RNA Pol 1l ChlA-PET data are shown in orange and dark purple, respectively.
Nearest genes to RB1 and ERG binding peaks are shown in yellow and light purple,
respectively. Randomly sampled genes are shown in grey. 2 was estimated by Wilcoxon test.
(H) Scaled venn diagrams show the overlap number between ERG/RB1 targets and SNP
targets with FDR < 0.2 in CPC-GENE cohort. (I) The histograms illustrate the results from
10,000 permutation test that assessed the expected overlapped target number, and red line
shows the observed overlapped target number. P was estimated by empirical test.
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Figure 4. PCa-risk SNP rs8102476 and the transcriptional regulation of PPP1R14A and SPINT2.
(A) Integrated genome view of PCa-risk SNP rs8102476 and its adjacent regions. ChIA-PET

and ChlP-Seq tracks for various factors in LNCaP, VCaP and DU145 cells are shown. (B
and C) The mRNA abundance (FPKM) of PPP1R14A and SPINTZ2were validated in TCGA
and CPC-GENE cohorts. FDR was calculated by “BH” method, and § value were estimated
from linear regression model. (D) The protein abundance of PPP1R14A in CPC-GENE

cohort.
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Figure 5. Transcriptional regulation by SNPs in LD with the tag risk alleles.
(A) 1,728 high-sensitivity SNP-target pairs with the same B sign across the three cohorts for

the subset of SNP-target pairs which were transcriptionally validated in one or more cohorts.
Bar chart: 247 high-specificity SNP-target pairs. These are a subset of the high-sensitivity
SNP-targets with Fisher’s combined FDR < 0.2. (B) Pie chart shows high-specificity
transcriptionally validated LD SNP-target pairs, 45 of which are shared targets of tag and
LD SNPs, and transcriptionally validated with the presence of tag SNPs and LD SNPs
(blue). 7 SNP-target pairs are shared targets of tag and LD SNPs, but only transcriptionally
validated with the presence of LD SNPs (in orange). Others are novel LD SNP-target

pairs, unique targets of LD SNPs (grey). (C) Bar chart shows the proportion of direct and
in-direct targets for both shared and novel SNP-target pairs (*** P<0.01; Pearson’s XZ test).
(D and E) Enrichment analysis of LD SNPs in peak regions versus random regions (D).
Enrichment of LD SNPs in RAD21 and RNA Pol Il occupied regions (total peaks, anchor
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peaks), enhancers (H3K27ac marked peaks), AR and FOXAL occupied regions. The circle
size indicates effect size between observed and the expected overlap of LD SNPs and the
randomly shuffled peaks from 10,000 simulations, and the color indicates the p-value, which
was calculated by empirical test. Enrichment analysis of LD SNPs versus randomly selected
SNPs in peak regions (E). The circle size illustrates the effect size between observed (LD
SNPs) and expected (random SNPs) overlap of SNPs and the peaks (from sequencing data)
from 10,000 simulations. Color intensity indicates the significant differences between the
expected and observed values, and p-values were calculated by empirical test. (F) Integrated
genome view of lead SNPs rs7584330, rs2292884, the LD SNP rs6760842 and the adjacent
regions. ChlA-PET and ChIP-Seq tracks for various factors in LNCaP and VVCaP cells

are shown. Additional LD SNP IDs are listed below the tag SNP track. (G) The mRNA
abundance of MLPH in TCGA and CPC-GENE cohorts stratified by genotype for tag

risk SNPs rs7584330, rs2292884 and the LD SNP rs6760842. Boxplot represents median,
0.25 and 0.75 quantiles with whiskers at 1.5x interquartile range. mMRNA abundance was
measured in FPKM. Numbers next to genotypes reflect number of samples in each group.
FDR was calculated by “BH” method, and p value were estimated from linear regression
model. (H) Left: H3K27ac binding signal in the LD SNP rs6760842 locus stratified by
genotype in Porto cohort (Mann-Whitney test of recessive model). Y-axis is the number

of H3K27ac ChIP-Seq read counts mapped to the LD SNP rs6760842 locus, which is
normalized by TMM method. Right: Allelic imbalance analysis in tumors heterozygous for
the LD SNP rs6760842 in Porto cohort. Y-axis denotes the number of read count from allele
specific mapping, and the p-value was estimated by paired Wilcoxon test.
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Figure 6. Transcriptional regulation of TWAS hits.
(A) Summary of SNP-TWAS target gene pairs rediscovered by the 3D genomics approach.

Each row represents a SNP-target pair, and each column represents a feature. From left

to right, the first nine columns describe qualitative features, and the remaining columns
describe quantitative features by representing beta value or normalized FPKM in the
corresponding dataset. BE: basal epithelia, LE: luminal epithelia, FMSt: fibromuscular
stroma. (B) Integrated genome view of the tag risk SNP rs6465657, the LD SNP rs6965016
and the adjacent regions in VCaP cells. RNA Pol Il ChlA-PET and ChIP-Seq tracks for
various factors in VCaP cells are shown. Additional LD SNPs are listed below the tag

SNP track. (C) The mRNA abundance of LMTKZ, BHLHA15and TECPR1in TCGA and
CPC-GENE cohorts stratified by genotype for the LD SNP rs6965016. Boxplot represents
median, 0.25 and 0.75 quantiles with whiskers at 1.5x interquartile range. mMRNA abundance
was measured in FPKM. Numbers next to genotypes reflect number of samples in each
group. FDR was calculated by “BH” method, and p value were estimated from linear

Cancer Discov. Author manuscript; available in PMC 2023 June 02.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Yuan et al.

Page 30

regression model. (D) Boxplots shows AR and H3K27ac ChIP-Seq signal intensity stratified
by genotype for LD SNP rs6965016 in the Porto cohort (Mann-Whitney test of recessive
model). Y-axis is the number of ChlP-Seq read counts mapped to LD SNP rs6965016 locus,
which is normalized by TMM method.
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Figure 7. Cell-lineages and molecular pathways associated with the transcriptomic targets of

PCarisk alleles.

(A) Expression patterns of high-sensitivity target genes of both tag SNPs and LD SNPs

in the different cell lineages of the human prostate gland, including stroma, luminal
epithelia, basal epithelia, and other epithelia. There are four replicates for each cell type.
The expression level is represented by normalized FPKM, and the heatmaps were clustered
by Jensen—-Shannon divergence (JSD) method. (B) GO term enrichment for targets in each
cluster. The p-values transformed by -log10, and fold change are represented by circle
size, and color, respectively. (C) Number summary of PCa risk SNPs with transcriptionally
validated targets by three strategies. (D) Clustering of PCa risk SNPs by setting different
distance cutoffs, including 1 Mbp, 100 kbp and 10 kbp. Scaled Venn diagrams show the
number of clusters with transcriptionally validated targets by three strategies. (E) Summary
figure for the subset of high-specificity PCa SNP-target pairs (Fisher’s combined FDR

< 0.05). Each row represents a SNP-target pair, and each column represents a feature.
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From left to right, the first nine columns describe qualitative features, and the remaining
columns describe quantitative features by representing beta value or normalized FPKM in
the corresponding dataset. BE: basal epithelia, LE: luminal epithelia, FMSt: fibromuscular
stroma.
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