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The molecular heterogeneity and clinical
impact of genomic driver alterations in
prostate cancer
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Prostate cancer is a commonmalignancywith a heterogeneous disease course.
Prior studies have identified a paucity of point mutations in protein-coding
genes and only a few clinically relevant driver alterations. Here, using the Pan
Prostate Cancer Group whole genome sequencing dataset from 1001 men, we
performan integrative analysis of cancer driver genes by quantifying recurrent
genomic alterations among small mutations, structural variants, and copy
number alterations in 961 primary prostate tumour samples. We identify at
least one recurrent somatic or germline alteration in 97% of tumours and
identify putative driver genes and mechanisms of dysregulation including
frequently altered regulatory elements. A prominent example is the activation
of oncogenes by structural variation-mediated hijacking of onco-enhancers of
the solute carrier gene family including SLC30A4. Other recurrent alterations
including FOXA1, MDM4, COL5A1, TP53, and BRCA1 stratify with metastatic
disease, with additional drivers enriched in African-ancestry tumours. One
quarter of tumours have acquired genome-informed therapeutic targets.
Unsupervised analysis of alterations reveals four oncotypes with distinct
genetic and clinical characteristics, including two clinically unfavourable
oncotypes with shorter metastasis-free survival. Our study uncovers the full
spectrum and recurrence patterns of genomic driver alterations in primary
prostate cancers and delivers targets for biomarker development,mechanistic
studies, and potential therapeutic interventions.

Prostate cancer is themost commonmalignancy in men that accounts
for 10% of male cancer-related deaths and is expected to increase in
incidence in the coming decades1. Its clinical trajectory is highly vari-
able, with disease courses ranging from localised disease with long
indolent phases that often require no therapy, to early-onset cancer
that typically necessitates definitive treatment with curative intent2

and life-threatening metastatic prostate cancer3. The management of
newly diagnosed prostate cancer is primarily based on established
clinical and pathological information along with small gene or mRNA
panels. The most pressing unmet clinical needs include reliable prog-
nostic approaches tominimize overtreatment and the identification of
therapeutic targets4. This is especially challenging due to the

considerable molecular heterogeneity of the disease. Its genomic
landscape is dominated by structural variation (SV) and copy-number
alteration (CNA) drivers, while in contrast, drivers involving small
mutations including single-nucleotide variants (SNVs) and insertions-
deletions (indels) are relatively infrequent5,6. Hallmark driver altera-
tions include ETS oncogene fusions in approximately 50% of prostate
cancers, protein-codingmutations in TP53, FOXA1, and SPOP, genomic
gains of the MYC oncogene and losses of tumour suppressor genes
(TSGs) such as PTEN and TP537–10. However, knowledge of drivers
among non-coding mutations or SVs remains limited as most studies
have used gene panels, exome-sequencing protocols or smaller WGS
datasets that remain underpowered for genome-wide driver discovery.
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Recent WGS studies have observed 4–5 known drivers per genome
across many cancer types11,12, reflecting a limited core set of hallmark
pathways whose dysregulation is required for oncogenesis13. A sub-
stantial fraction of prostate cancers remain poorly explained, with no
or only a single driver mutation detected5,7,10. Moreover, no study has
systematically evaluated how these drivers functionally impact clinical
outcomes, including metastasis. Thus there is an urgent need to
deconvolve the molecular heterogeneity of prostate cancer and
identify its different oncogenic driver routes. This will not only
improve molecular understanding of the disease, but will also have
direct implications for patient risk stratification. The premise of pre-
cision oncology is to accurately diagnose cancer subtypes and assign
effective targeted therapies or surveillance protocols to each patient
based on the genomic makeup of their tumour. Large WGS datasets
coupled with detailed clinical outcome profiles are needed to advance
this premise.

Here we identify and examine known and putative coding and
non-coding cancer drivers in a large WGS dataset of 961 primary
prostate tumour samples analysed with standardised pipelines in the
Pan Prostate Cancer Group (PPCG) project14. We demonstrate the
utility of integrating orthogonal layers of omics and clinical data to
uncover driver genes and their involvement in integrated networks
and oncogenic pathways, and ultimately, to identify molecular sub-
types for risk-stratification of patient outcome.

Results
Recurrent genomic alterations in prostate cancer
We analysed 961 matched tumour-normal whole genomes from pri-
mary, localized, and predominantly untreated prostate cancers in the
Pan Prostate Cancer Group (PPCG) cohort processed using standar-
dized consensus pipelines14. The analysed subset comprised fresh-
frozen samples fromsix contributing countries (Canada,Germany, UK,
Australia, Denmark, France), with median tumour and normal
sequencing depths of 69 and 41, respectively; matched RNA-seq data
were available for 494 (51%) tumours, and one representative tumour
sample per donor was selected (Supplementary Data 1). Key clinical
and demographic features of the cohort, including donor age, PSA at
tumour collection, Gleason grade group, pathological T-stage,
metastasis during follow-up, and predicted ancestry, are summarised
in Supplementary Fig. 1. Most of the cohort (709 or 74%) had the
annotations required for metastasis-free survival analysis. The cohort
was enriched for European ancestry (90%), with smaller groups for
African (3.5%), East Asian (1.7%), Admixed American (0.6%), or unas-
signed (3.3%). Pathogenic germline risk variants in establishedprostate
cancer predisposition genes were identified in 4.6% of donors,
including germline variants in BRCA1 or BRCA2 in 2.2% of donors.

A cancer driver is a genomic alteration that provides a selective
growth advantage to a cancer cell, and can be identified in large
datasets of tumour samples as significantly enriched alterations com-
pared to an expected background mutation rate15. To systematically
discover such events, we identified statistically significant recurrent
genomic alterations (RGAs) (FDR <0.05) from six types of somatic
alterations: CNAs including gains and losses, genes with non-
synonymous small protein-coding mutations (SNVs, indels), regions
with non-coding small mutations (SNVs or indels) or SV breakpoints,
genes with biallelic inactivation (BI) caused by genomic alterations
affecting both alleles, and genes with focal amplifications. RGAs were
evaluated at the level of genes or prostate-relevant non-coding ele-
ments, depending on alteration class. Protein-coding SNVs and indels
were assigned to coding exons,whereas non-coding SNVs and indels in
regulatory elements were linked to nearby genes within ±3 kb. SVs
were evaluated analogously at the level of recurrent breakpoints.
Recurrent CNAs were identified across broader genomic regions and
assigned to a single index gene per recurrent region, based on statis-
tical evidence and manual curation, to reduce redundancy from large

segments affecting multiple neighbouring genes. To facilitate high-
confidence driver discovery, we only included SNV and indel calls
identified by two or more PPCG variant calling pipelines14. SNV and
indel, SV and CNA analyses were conducted using distinct robust
algorithms to detect positive selection16–19 (Methods). In addition to
protein-coding genes, we studied 16,041 non-coding RNA genes,
untranslated regions (UTRs), and 650,873 gene-regulatory and chro-
matin architectural elements derived from prostate tumour
samples20–23, enabling systematic discovery of non-coding driver can-
didates. Altogether, the analysis included 2,372,041 SNVs or indels
(median 2093 per tumour sample, including 17 protein-coding var-
iants), 148,902 SVs (median 106) and 160,032 CNAs (median 114).

We first examined the major landmarks of the driver landscape in
prostate cancer. In agreement with prior CNA studies5,7,10, PPCG gen-
omes were dominated by 44 recurrent CNAs affecting established
prostate cancerdriver genes, suchas8q24gains focusedonMYC (16%),
and losses of NKX3-1 in 8p21 (58%), PTEN in 10q23 (35%), TP53 in 17p13
(33%), and RB1 in 13q14 (40%) (FDR <0.05, one-sided binomial test,
Fig. 1A, Supplementary Fig. 2A, Supplementary Data 2). Recurrent
gains (3–7%) also affected genes known from other cancer types, such
as MDM4 in 1q32, a negative regulator of p5324, and GATA2 in 3q21, a
pioneer factor for androgen receptor (AR) binding that drives prostate
cancer aggressiveness25,26 as well as TERT in 5p15 and CCND1 in 11q13
(Supplementary Fig. 2B). AR amplifications on Xq12 occurred in 1.1% of
primary tumour samples (including one of 14 donors with prior anti-
androgen therapy in PPCG), similar to an earlier study27. AR amplifi-
cation following anti-androgen therapy is a hallmark of metastatic
prostate cancer28,29, but is rare in primary untreated patients. SV ana-
lyses revealed 29 RGAs with recurrent SV breakpoints including rear-
rangements of ETS oncogenes in 51% of tumours and PTEN-disrupting
SVs (16%). ETS alterations are found in 40–50% of prostate cancers10,30,
with an elevated frequency in early-onset disease31. In agreement with
the literature, we found only 20 genes with enriched protein-coding
SNVs or indels (FDR <0.05, dNdScv19), and 69 RGAs in genes or
intergenic sites with non-coding SNVs and indels (FDR <0.05,
ActiveDriverWGS16). Also, 43 TSGs and 290 genes in total were altered
by biallelic inactivation (BI) involving germline and somatic CNAs, SVs,
SNVs or indels (permutation P <0.05, Curveball18).

Besides CNA gains and losses, we characterised 53 RGAs that were
identified in at least 1% of the cohort by gene- or locus-level integration
of five alteration types (protein-coding SNVs or indels, SVs, amplifi-
cations, BI events, non-coding SNVs or indels) (Fig. 1B, Supplementary
Data 3). Besides 57% (30/53) of the RGAs identified in prior prostate
cancer genomics analyses7,8 and 21% (11/53) known as drivers in other
cancer types according to COSMIC Cancer Gene Census32, we identi-
fied 23% of genes or sites (12/53) as previously unreported driver
candidates. 20 out of 53 RGAs were not ascertainable by standard
panel-based methods or exome-sequencing and would therefore
remain undetected, supporting the importance of WGS-based ana-
lyses. Several frequently altered genes (e.g., PTEN, FOXA1, TP53, CHD1)
exhibited multiple alteration types, underscoring the value of our
multi-layered approach in identifying key molecular drivers and
advancing translational insights in prostate cancer.

Diversity of genomic alterations in prostate cancer
Integrating different types of genomic alterations substantially
increased our sensitivity to identify RGAs.Nearly all tumours (97%) had
at least one RGA, with a mean of 8.4 RGAs per tumour (Fig. 2A, Sup-
plementary Fig. 3, Supplementary Fig. 4). RGAs were dominated by
CNAs (91%) and SVs (69%). In contrast, protein-coding driver muta-
tions (SNVs, indels) occurred in only one third (36%) of the tumours.
Biallelic TSG inactivations were found in 37% of tumours, oncogene
amplifications in 4.8% of tumours, and 44%of tumours had at least one
RGA involving non-coding SNVs and indels. When excluding CNAs,
88%of primary cancers in PPCGhadat least oneRGAwith ameanof 2.7
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RGAs per tumour (median 2, 95% range 0–7 RGAs). Notably, no single
variant type was able to identify all 494/961 (51.4%) tumours with
fusions involving ETS transcription factors (ERG fusions in47%, ETV1or
ETV4 in 2-3% tumours and single events in FLI1 or ETV5) (Fig. 2B, Sup-
plementary Data 4), underlining the value of multi-omics analyses.

We identified 20 genes enriched in protein-coding SNVs or indels
using the dNdScv method19 (FDR <0.05), including well-defined pros-
tate cancer genes (TP53, SPOP, FOXA1, PTEN) and less-characterised
ones, suchasZMYM3 coding for a scaffoldingprotein regulatingBRCA1
recruitment to damaged chromatin33, or CHD3, a chromatin remodel-
ing helicase (Fig. 2C, Supplementary Data 5, Supplementary Data 6).

Protein-coding driver genes were overall enriched in highly-disruptive
alterations, including nonsense SNVs, frameshift indels, and essential
splice site alterations (P = 1.0 × 10−17, odds ratio = 2.9, two-sided
hypergeometric test), indicating that loss-of-function is a major con-
sequence of small mutations in TSGs in prostate cancer. Mutational
signature analysis suggested that indels were overrepresented among
protein-coding driver mutations (P = 1.3 × 10−46, odds ratio = 5.5) and
individual genes were also enriched, especially in the context of the
indel signature ID5 of unknown etiology (Supplementary Fig. 5, Sup-
plementary Data 7). All protein-coding driver genes found in this
analysis have been identified in earlier surveys of prostate cancer
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Fig. 1 | Recurrent genomic alterations in prostate cancer. A Frequencies of copy-
number alterations (CNAs) in the PPCG cohort of 961 primary tumour samples.
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mutation frequency (y-axis) and numbers of tumour samples with RGAs (x-axis)
followed by distributions of clinical annotations of RGAs including tumour grade
(Gleason grade group), T-stage, donorwithmetastasis developed during follow-up,
anddonor age atdiagnosis (i.e., early-onsetprostate cancer). Sourcedata for panels
A-B are provided as Source Data files.
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genomes7,8, suggesting a saturation of exome-based driver discovery
due to the bias towards protein-coding regions.

In contrast, SV breakpoints and non-coding SNVs and indels are
comparatively less well described in prostate cancer. Our driver ana-
lyses using ActiveDriverWGS16 revealed 92 genes or other genomic
elements enriched in non-coding mutations (SNVs, indels) or SVs
(FDR <0.05; Supplementary Data 8, Supplementary Data 9).

Examining genes with multiple types of alterations, we found five that
were independently enriched in SVs and small mutations: three
protein-coding genes FOXA1, KLK2, SLC30A4 and two non-coding RNA
genes NEAT1 and MALAT1 (Fig. 2D). The promoter of KLK2, an
androgen-induced serine protease activating PSA to its enzymatically
active form34, was significantly enriched in SNVs or indels in 15 tumours
(FDR =0.013), whereas its 3’UTR was enriched in SVs in 15 tumours
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Source data for panels A-H are provided as Source Data files.
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(FDR = 7.4 × 10−5) (Supplementary Fig. 6). Non-coding SVs at the KLK2
locus showed a trend towards decreased gene expression (P = 0.033,
FDR =0.065), suggesting a possible regulatory effect. Reduced
expression of KLK2 has been associated with poor prognosis in ERG-
negative prostate cancer35, however no robust associationswere found
in PPCG. Next, we examined mutational hotspots of SNVs and indels.
Themost significant SNV hotspot occurred in an intronic enhancer in a
poorly studied zinc finger gene ZNF280D (16 tumours,
FDR = 2.8 × 10−18; Supplementary Fig. 7A). The C>T SNV creates a de
novo DNA binding site for the nuclear receptor transcription factors
NR1I2 and NR1I3 (Supplementary Fig. 7B-D). NR1I2 is a regulator of
drugmetabolism associated with chemotherapy resistance in prostate
cancer and is aputative target for androgen inhibition36,37.We foundno
evidence that the hotspot alters ZNF280D expression or correlates
with NR1I2 or NR1I3 expression, suggesting that it may regulate a
different target gene; however, the associated transcriptomic
signature was enriched for energy metabolism pathways
(Supplementary Fig. 7E). Additional mutational hotspots among
RGAs occurred in protein-coding regions of SPOP and FOXA1, and a
non-coding locus at chr9:139502700 (Supplementary Fig. 8). We also
identified the long non-coding RNA (lncRNA) gene EPHA1-AS1 with
frequent non-coding SNVs and indels in 8.1% of tumours (FDR =0.021)
(Supplementary Fig. 9). Finally, RGAs in FOXA1 were independently
found in three driver analyses, including enrichment of protein-coding
SNVs and indels, enrichment of non-coding SNVs and indels in 3’UTR,
and via SVs enriched in a regulatory region downstream of FOXA1 that
harbor frequent chromatin long-range interactions (Supplementary
Figs. 10A and 10B), reflecting three modes of FOXA1 alteration in
prostate cancer described previously38. Overall, RGAs with frequent
SVs or non-coding SNVs and indels were enriched in prostate-specific
enhancers or open-chromatin elements, suggesting gene regulatory
roles (Supplementary Fig. 11). Among different types of SVs, translo-
cations were enriched among RGAs compared to their genome-wide
distribution (P = 1.8 × 10−60, OR = 2.4) whereas several RGAs such as
FOXA1, SLC30A4, PTEN, KLK2, TP53 and IGF2R were individually enri-
ched in translocations (Fig. 2E, Supplementary Fig. 5). As further vali-
dation, we found 52 associations in which target genes of RGAs were
differentially expressed in the presence of RGAs, based on matching
transcriptomic data for PPCG tumours14 (FDR <0.05, Wilcoxon test)
(Supplementary Fig. 12, Supplementary Data 10, Supplementary
Data 11). As expected, genomic loss or biallelic inactivation was asso-
ciated with decreased expression of TSGs including PTEN, TP53 and
CHD1while upregulation of ETS factors, including ERG, ETV1 and ETV4
was associated with SV-mediated fusions or CNAs.

Next, we examined biallelic inactivation of TSGs, motivated by
frequent CNAs in prostate cancer that lead to chromosomal losses
such as 8p, 5q, 10q and 16q. Genes with BI involved complete loss of
function caused by deletion or disruption of both alleles. We inte-
grated somatic SNVs and indels, SVs, CNAs and germline pathogenic
variants across the genome using a statistical approach2,12,18 (P < 0.05,
Curveball permutation test). High-confidence BI genes included 19
known TSGs affected in at least 1% of the cohort while an extended
list of 290 significant BI genes included 43 known cancer genes
(Fig. 2F, Supplementary Fig. 13, Supplementary Data 12, Supple-
mentary Data 13). Most arm-level recurrent CNA losses contained at
least one TSG with significant BI (Fig. 1A). The most frequent BI
events involved PTEN (13% of tumours) and CHD1, TP53, BRCA2 and
APC each found in 2–5% of tumours. Most BI events were highly gene-
specific and involved CN loss of one allele while the other allele
involved a germline or somatic SNV, indel or disruptive SV. In total,
10% of tumours with BI events of TSGs (29/295) had a pathogenic
germline variant and a somatic second hit, including BRCA2 in 1.1% of
the cohort as well as ATM (0.5%), TP53 (0.4%) and RB1 (0.3%), eluci-
dating the interplay of somatic alterations and genetic predisposi-
tion of prostate cancer.

We compared the frequencies of RGAs between the primary
cohort and metastatic tumours of PPCG, analysing 103 metastatic
cases and 46 de novo metastatic cases. We found that metastatic
tumours were enriched for several alterations associated with
aggressive disease (FDR<0.05, two-sidedbinomial test).Mostnotably,
these included biallelic inactivations of PTEN seen in 50% of all
metastases (FDR = 3.5 × 10−16, 3.7-fold), AR amplifications seen in 5.8%
of metastases (FDR =0.016, 5.1-fold), as well as CNA gains of MYC,
MDM4, and COL5A1 (FDR =0.0036, 11% of metastases), TP53 altera-
tions, and SVs in FOXA1 and the lncRNANEAT1 (Fig. 2G, Supplementary
Data 14). Several of these alterations were also enriched in de novo
metastatic tumours, supporting a consistent association between
these RGAs and metastatic disease.

To assess ancestry-linked differences in the RGA landscape, we
compared 113 prostate cancers from donors of African ancestry39 with
927 PPCG tumours of non-African ancestry, focusing on protein-
coding SNVs and indels, SVs, and CNAs. We found that African-
ancestry tumours were depleted for ETS alterations, with 13% fre-
quency in samples of African ancestry and 56% in non-African ancestry
(FDR = 2.1 × 10−16) and CNA losses including PTEN and FOXP1, while
enriched for several alterations associated with more aggressive dis-
ease, including CNA gains of MYC seen in 40% of samples of African
ancestry and 17% of non-African ancestry (FDR = 6.7 × 10−7), gains of
MDM4 and GATA2, as well as protein-coding mutations in CDK12 and
KMT2C (two-sided binomial test, FDR <0.05; Fig. 2H, Supplementary
Data 15). Overall, these results suggest that the ancestry-linked driver
spectrum is shifted towards a more aggressive alteration profile in
African-ancestry tumours.

Functional interactions of prostate cancer drivers
Pathway and network analyses of cancer drivers complement gene-
focused analyses by considering functionally related subsets of genes
and non-coding elements40. To evaluate the functional importance of
RGAs in prostate cancer, we integrated the main target genes of sig-
nificant RGAs (protein-coding and non-coding SNVs and indels, SVs,
CNAs, BI and amplification events) using pathway enrichment analysis.
We found 268 significantly altered pathways involving 53 target genes
of RGAs (FDR <0.01, ActivePathways41; Fig. 3A, Supplementary Fig. 14,
Supplementary Fig. 15, Supplementary Data 16). The pathways clus-
tered into 12 major functional themes frequently affected by RGAs in
PPCG that included hypoxia, prostate gland development, cell cycle,
apoptosis, immune response, microRNA regulation, and homologous
recombination repair. Of those, genes involved in cellular response to
hypoxia showed genomic alterations in 76% of the PPCG cohort, in line
with the prevalence and importance of hypoxia in prostate cancer
characterised in our companion study42. Recurrent RGAs converged to
multiple central pathways such as PI3K/AKT (60% of tumours), P53
(64%), AR (65%), and TGF-beta (33%). Frequent alterations in homo-
logous recombination pathways (e.g. BRCA1, BRCA2, ATM, POLE,
RAD51B) and immune response processes (e.g. IL6ST, JAK1) may define
subsets of patients for further immuno-oncology investigation in the
predominantly immune-cold and genomically stable landscape of
prostate cancer.

We examined RGAs for patterns of co-occurrence or mutual
exclusivity in the PPCG cohort and found 90 significant pairs of RGAs
(two-sided hypergeometric test, FDR <0.05) (Fig. 3B, Supplementary
Data 17). PTEN and ETS factorswere frequently co-altered (181 tumours
vs 120 expected, FDR = 4.6 × 10−18) while both were mutually exclusive
withoncogenicgains suchasMYC andRGAs in SPOP,CHD1, and FOXA1,
as expected5,43, collectively representing 80% of tumours in PPCG and
supporting ETS+ and ETS- genomic subtypes of primary prostate
cancer (Supplementary Fig. 16A). We examined the subset of 376
tumour samples lacking alterations in SPOP and ETS factors and found
significant associations with 19 RGAs (FDR <0.05), including enriched
alterations in MYC and FOXA1 (Supplementary Fig. 17, Supplementary
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Data 18). Additional co-occurring alterations (AR–TP53; AR–NEAT1;
ETS–SLC30A4, NEAT1–MALAT1, MYC–MDM4, MYC–EPHA1-AS1) impli-
cate less-characterised RGAs in the context of known prostate cancer
drivers (Supplementary Fig. 16B, C).

Non-coding SNVs and indels in gene-regulatory elements may
contribute to gene regulation in cancer through long-range chro-
matin interactions16,21,44. To study this in detail, we integrated long-
range chromatin interactions from prostate cancer21 and recovered
41 distal interactions of RGAs and target genes (Fig. 3C, Supple-
mentary Fig. 18, Supplementary Data 8). As the most frequent RGA,
we identified an SV hotspot at a regulatory region downstream of
FOXA1 harboring long-range chromatin interactions to a distal gene,

MIPOL1 (Supplementary Fig. 10B, C). Tumours with SVs showed
increased expression of MIPOL1, suggesting that the SVs impact
distal transcriptional regulation of MIPOL1 (Supplementary
Fig. 10D). Secondly, we found a frequently-altered subnetwork of
long-range chromatin interactions involving the lncRNAs NEAT1 and
MALAT1 that together have SNVs/indels or SVs in a large fraction
(9.3%) of tumours in PPCG (Supplementary Fig. 19A-D). These two
genes show strong expression correlation, suggesting a co-
regulatory mechanism of transcriptional control (Supplementary
Fig. 19F). Thus, putative driver mechanisms or localised mutational
processes may be mediated by long-range chromatin interactions in
prostate cancer.
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To identify targetable RGAs in our cohort, we prioritised altera-
tions with the highest clinical relevance from two established data-
bases, OncoKB45 and CiViC46. We focused on RGAs comprising BI of
TSGs and curated driver variants of oncogenes and restricted our
analysis to Level 1 evidence comprising biomarkers associated with
response to FDA-approved therapies (Supplementary Data 19). We
identified 221 tumour samples (23%) with a targetable alteration
(Fig. 3D), including PI3K pathway targets PTEN and PIK3CA that are
together highlymutated in PPCG representing 13% and 1.7% of primary
tumours, respectively, but not yet approved for prostate cancer.
Alterations in DNA repair pathways such as BRCA2 (2.9% of PPCG pri-
mary tumours) are currently recommended for PARPi therapies to
patients with metastatic castration-resistant prostate cancer and may
also apply to patients with high-risk localised disease47. In addition, 12
tumours exhibited high tumour mutational burden (TMB, ≥10 non-
synonymous SNVs per Mbp), a biomarker of immunotherapy
response48. Of those, seven had BI in a known TSG, including four with
MSH2 BI (Supplementary Data 20). We also explored the full spectrum
of potential drug targets across all evidence levels and cancer types,
assigning most donors (69%) to a potential targeted therapy (Supple-
mentary Fig. 20).

Structural variants hijack enhancers of solute carrier genes
Our RGA analysis identified a SV breakpoint hotspot at 15q21.1 in
SLC30A4 altered in 26 tumour samples in PPCG (FDR = 1.9 × 10−9,
ActiveDriverWGS). SLC30A4 encodes solute carrier family 30 member
4, which belongs to the solute carrier (SLC) family of membrane
transport proteinswith critical roles in transporting nutrients, ions and
drugs across cell membranes. SLC30A4 is involved in zinc ion trans-
port in prostate cells and has been implicated in prostate cancer49,50,
however, it is not established as a cancer driver. Breakpoints in
SLC30A4 were associated with a high exclusivity score2, indicating
these as likely early events in tumourigenesis (Supplementary Fig. 21).
We found several lines of evidence suggesting that the main function
of the SVs was not to alter SLC30A4 per se. First, SV breakpoints
affected both the gene body and the upstream enhancers23, marked by
histone marks (H3K27ac, H3K4me3)51 and binding of bromodomain
and extra-terminal (BET) protein BRD452 (Fig. 4A). Second, most SVs
were translocations between the SLC30A4 locus anddistant oncogenes
including ERG, ETV4, ETV1, and MYC (Fig. 4A). SVs in SLC30A4 were
mutually exclusive with the consensus set of ETS alterations in PPCG
(FDR =0.027, hypergeometric test) as well as themost common fusion
partners TMPRSS2 and ERG (Fig. 3B, Supplementary Fig. 16C). We also
noted a previous observation of a translocation juxtaposing SLC30A4
to ETV1 in metastatic prostate cancer53. This suggests a mechanism
compatible with enhancer hijacking54,55. We found a similar pattern
affecting SLC45A3, which is an established fusion partner of ETS
oncogenes in prostate cancer56.

We pursued a genome-wide analysis to identify additional SVs
between enhancers of SLC genes and distant oncogenes and found
six additional SLC genes, including SLC4A4 in three tumours and
SLC26A7, SLC12A1, SLC22A16, SLC2A12 and SLC14A2 each in a single
tumour, totalling 2.8% of prostate tumours (Fig. 4B-C; Supplemen-
tary Data 21). Hijacked enhancers are often highly active, resulting in
high target gene expression11,54. We therefore hypothesised that SLC
gene expression was associated with enhancer rearrangements. To
this end, we leveraged transcriptomes from 68 normal tissues
including prostate from the GTEx consortium57, which revealed a
striking correspondence between the number of oncogenic SVs and
the expression of respective SLC genes in normal prostate, with
SLC45A3 and SLC30A4 among the most highly expressed and
most frequently hijacked SLC genes (Fig. 4D). This pattern was
also observed in prostate cancer transcriptomes from PPCG (Sup-
plementary Fig. 21A). Further, 84% of SLC genes were upregulated
in prostate tissues compared to non-prostate tissues (219 / 262

detectable genes, P = 2.04 × 10−8, binomial test). SLC genes were
enriched for DNA-binding sites of AR, especially in recurrently rear-
ranged SLC genes, suggesting AR-mediated regulation (Fig. 4B,
Supplementary Fig. 21B, C, Supplementary Data 21). We also found
SNVs near AR binding sites and SV breakpoints of SLC30A4 (Fig. 1B),
suggesting additional AR-mediated mutagenesis. Finally, we applied
the CESAM algorithm11,55 to ask if the juxtaposition of SLC enhancers
was associated with oncogenic dysregulation. Indeed, SLC rearran-
gements were accompanied by significant upregulation of onco-
genes ERG, ETV1, ETV4, FLI1 and SKIL (Fig. 4E). We also identified
SLC30A4-MYC hijacking, although the change in expression of MYC
did not reach statistical significance. While SLC45A3-ERG SVs are
known to result in fusion transcripts, most rearrangements in
SLC30A4 and other SLC genes resulted in enhancer-oncogene jux-
taposition (Fig. 4F). Together, these findings suggest an AR-mediated
mechanism by which SVs hijack tissue-specific onco-enhancers of
SLC genes early in tumourigenesis to drive cancer gene upregulation
in prostate cancer.

Clinical and functional characteristics of RGA-based prostate
cancer oncotypes
Finally, we investigated the associations between RGAs and clinical
outcomes in prostate cancer. A multivariable Cox proportional-
hazards (CoxPH) model predicting metastasis-free survival (MFS)
using RGAs revealed six RGAs as prognostic factors (protein-coding
mutations in TP53 and CHD3, CNA gains in the oncogenes COL5A1 and
MDM4, FOXA1 SVs, and BRCA1 loss) when considering donor age at
diagnosis, tumour T-stage and Gleason grade group as covariates
(Wald test, P <0.05; Fig. 5A, Supplementary Data 22). When testing
each RGA separately in clinically-adjusted CoxPH models with
multiple-testing correction, we found seven associations with MFS
(FDR <0.05) and additional nominally significant RGAs (Supplemen-
tary Fig. 22, Supplementary Data 23). Significant findings included
protein-coding mutations in TP53 (FDR =0.0027, HR = 3.3), CNA-
driven gains of MDM4 (FDR =0.0041; HR = 3.8) and COL5A1 (FDR =
0.0041; HR = 4.7), and genomic losses of TSGs BRCA1, TP53 and
ZBTB16 (Supplementary Fig. 23). In FOXA1, the SV-enriched RGA at the
chromatin interaction locus downstream of FOXA1 was significantly
associated with MFS (FDR =0.0027, HR = 5.8) while coding and non-
coding SNVs and indels in FOXA1 were not associated (Supplementary
Fig. 10E), suggesting that the clinical significance of different types of
FOXA1 alterations varies in prostate cancer. COL5A1 gains were asso-
ciated with differential expression of 112 genes in matching tran-
scriptomes (FDR <0.05) and enrichments of cell proliferation andDNA
replication processes, suggesting a functional role of this RGA in
aggressive prostate cancer (Supplementary Fig. 24). Next, we con-
textualised RGAs using donor age and identified SVs affecting ETS2,31

and IGF2R, a gene involved in insulin signalling, to be enriched in early-
onset prostate cancer (age ≤55 years) whereas several RGAs such as
SPOP and CHD1, both of which are mutually exclusive with ETS
alterations, were enriched in late-onset cancer (Supplementary Fig. 25,
Supplementary Data 24).We noticed that several RGAs associatedwith
higher risk of metastasis were enriched in the subset of tumour sam-
ples with at least one missing clinical variable required for MFS ana-
lyses (252 or 26%). These included AR amplifications, gains ofMYC and
MDM4, and protein-coding mutations of CDK12, while ETS alterations
were depleted (Supplementary Fig. 26), suggesting underestimates of
our risk associations due tomissing data. Finally, we found that higher
overall RGA burden per tumour was also associated with shorter MFS
when accounting for clinical covariates, with the strongest associa-
tions observed for CNA-based and SNV/indel-based RGAs (Supple-
mentary Fig. 27), indicating the genomic complexity of high-risk
tumours.

To ask whether RGA profiles distinguished tumour subsets with
different metastatic risk, we performed hierarchical consensus
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clustering58 of prostate tumour samples based on RGAs that we
visualised as heatmaps and dendrograms (Fig. 5B, Supplementary
Fig. 28, Supplementary Data 25). We identified four distinct subsets of
tumours, which we refer to as oncotypes. Oncotypes showed a
trending association with MFS when considering donor age at diag-
nosis, tumour T-stage and Gleason grade group as covariates
(P = 0.063, CoxPH likelihood ratio test) and a significant separation
based on MFS alone (P = 1.7 × 10−14, log-rank test). Similarly, the onco-
types showed significant differences in biochemical recurrence (BCR)
(likelihood ratio P =0.014; log-rank P = 2.4 × 10−17) (Fig. 5C-D). To vali-
date the oncotypes, we first mapped CNA, SNV/indel, and SV-based
RGAs to an independent cohort of prostate cancer samples from the
Cancer GenomeAtlas (TCGA-PRAD) cohort5, observing broadly similar
alteration frequencies between the two cohorts (Supplementary
Fig. 29). We then trained a random forest machine learning model for
oncotype classification using RGAs in PPCG and classified prostate
cancer samples from TCGA (Supplementary Fig. 30, Supplementary
Data 26). As validation, the oncotype classification in TCGA was also
associated with progression-free intervals59 when adjusting for patient

age (likelihood ratio P =0.0030; log-rank P = 4.2 × 10−4; Fig. 5E). As
expected, oncotypes in PPCG were differentiated by clinical and
genomic characteristics, explaining differences in risk (Fig. 5F-M).

Next, we examined the genomic and molecular characteristics of
oncotypes in PPCG. The oncotypes appeared genomically distinct and
were enriched with specific sets of RGAs, with 86 associations in total
(two-sided hypergeometric test, FDR <0.05; Fig. 6A, Supplementary
Data 27).We found twohigh-risk oncotypes, oncotype 4 and oncotype
2, with a 10-year metastasis incidence of 35% and 22%, respectively.
Oncotype 4, termed “TP53 / LOH” (93 samples), exhibited frequent
CNA losses, including PIK3R1 (FDR= 7.5 × 10−52, 90% tumours),MAP3K1,
chr8p and NKX3-1, TP53, or PTEN, and significantly higher chromoso-
mal instability (P = 2.5 × 10−41, one-sided Wilcoxon test; Fig. 5K). Onco-
type 2, which we term “MYC / BRCA2” (198 samples), was enriched in
gains of chr8q and MYC (FDR = 1.9 × 10−18, 40% tumours), MDM4 and
GATA2, biallelic inactivation of CHD1 and BRCA2, and SNVs or indels in
CDK12, SPOP, as well as EPHA1-AS1. In agreement with MFS associa-
tions, the two high-risk oncotypes were characterised by higher
tumour grade, T-stage and prostate-specific antigen (PSA) levels
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SLC gene loci SLC30A4 (left) and SLC45A3 (right) across 961 tumour samples. From
top to bottom: Circos plot of SVs juxtaposing SLC regulatory regions to distant
genomic loci (oncogenes highlighted in red), gene annotation, binned breakpoint
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regions next to anoncogene. EAnalysis of SV-driven differential gene expression in
enhancer hijacking events across 494 tumour samples with matching tran-
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Enhancer andoncogene regionsmarked in yellow. A vertical stippled linemarks the
SV breakpoint. Chromatin marks from top to bottom: H3K4me3, H3K27ac and
BRD4 (see also A). Source data for (A-E) are provided as Source Data files.
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accounting for clinical covariates including tumourgrade (Gleason gradegroup), T-
stage, and donor age at diagnosis. RGAs identified by univariable screening (chi-
square test, unadjusted P <0.1) were preselected for inclusion in the multivariable
CoxPH model. Significant RGAs and clinical covariates from the multivariable
model are reported (two-sided Wald tests, unadjusted P <0.05). Points show
hazard ratios (HRs), and error bars indicate 95% confidence intervals. The chi-
square P-value reflects a non-directional likelihood-ratio test comparing the full
modelwith a referencemodel including only clinical variables.B Four oncotypes of
prostate cancer identified by consensus hierarchical clustering of RGA profiles
across 922 tumour samples with at least one RGA, visualised as a dendrogram.
Colour strips below the dendrogram showclinical and genomic annotations (top to
bottom): grade (Gleason grade group), T-stage, donor with metastasis developed
during follow-up, prostate specific antigen (PSA), genomic instability (percent
genome altered, PGA), and early-onset (EO) disease defined as ≤55 years at age of
diagnosis). C-D Kaplan-Meier plots of the four oncotypes in PPCG in the context of
metastasis-free survival (C; 678 tumour samples) and biochemical recurrence
(BCR) (D; 759 tumour samples). Survival analysis using CoxPH regression was
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adjusted for clinical covariates and the log-rank P-value with no clinical adjustment
are shown. E Kaplan-Meier plot showing progression-free intervals of the four
oncotypes in the validation cohort fromTCGA (387 tumours). The P-value from the
likelihood ratio test of TCGA samples accounts for early-onset status.
F-MCharacterisation of oncotypes in the context of clinical and genomic variables.
To evaluate significance of each oncotype, tumours within the oncotype were
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lower tail for age and higher tail for other variables). African ancestrywas evaluated
with a one-sided hypergeometric test. Asterisks indicate statistical significance
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(P2 = 0.0084, P4 = 0.034). J African vs non-African ancestry for 895 tumour samples
(P2 = 9e-04). K Percent genome altered for 916 tumour samples (P2 = 1.4e-26,
P3 = 1.7e-5, P4 = 2.6e-41). L Number of SNVs/indels for 922 tumour samples
(P2 = 1.5e-18, P3 = 0.054, P4 =0.077). M Number of RGAs for 922 tumour samples
(P2 = 5.2e-17, P3 = 2.1e-14, P4 = 1.1e-44). Source data for (A, E, K-M) are provided as
Source Data files.
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(Fig. 5F-I).Oncotype 2was enriched inPPCGdonorsof African ancestry
(Fig. 5J), consistent with the disproportionately higher burden of
aggressive prostate cancer reported in men of African ancestry60. In
contrast, the largest and lower-risk oncotype 1, termed “RGA-desert”
(374 samples), had only a 5% incidence of metastasis within ten years
and was characterised by fewer genomic alterations and RGAs and no
oncotype-specific RGAs were detected (Fig. 5M), however it was
characterised by earlier age of diagnosis and lower grade and stage
(Fig. 5F, G, H, M). Lastly, the intermediate-risk oncotype 3 with
257 samples was enriched in ETS alterations (FDR = 1.9 × 10−31, 82%
tumours) and SVs, losses and BI events of PTEN.

Finally, we characterised the oncotypes at a molecular level using
transcriptomics and tumour microenvironment (TME) signatures of
corresponding tumour samples, comparing each oncotype with other
oncotypes combined (Fig. 6B-D, Supplementary Data 28). The higher-
risk oncotype 2 was the most transcriptomically distinct and involved
four thousandupregulated genes and 145 enrichedpathways (adjusted
P-value < 0.05, Supplementary Data 29), including DNA replication,

cell proliferation, and homologous recombination processes. The
second higher-risk oncotype 4 was enriched in processes related to
extracellular matrix degradation and proliferation. We used cell type
deconvolution to assess TME characteristics, which showed enrich-
ment of fibroblasts in oncotype 4, consistent with cancer-associated
fibroblasts that have been linked to poor prognosis and tumour pro-
gression in solid cancers61. Oncotype 2 was enriched in epithelial sig-
natures that likely reflect malignant cells, suggesting that these are
mainly TME-depleted tumours62. In contrast, the lower-risk oncotype 1
was enriched for muscle regulation pathways and characterised by
TME signatures of smoothmuscle andmast cells, potentially reflecting
a low tumour purity and relatively higher contribution of normal cells
to these indolent tumours. This suggests that its low metastatic
potential reflects the relative absence of high-risk genomic, tran-
scriptomic and microenvironmental features rather than a single
dominant indolent program. Lastly, the intermediate-risk oncotype 3
was enriched in energy metabolism and RNA processing pathways.
Comparison of the four oncotypes with integrated mutational
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Fig. 6 | Functional characteristics of RGA-based oncotypes. A RGAs enriched in
each oncotype relative to all other oncotypes combined across 922 tumour samples
(one-sided hypergeometric tests, FDR<0.05). Pie charts show the fraction of tumour
samples within each oncotype harbouring the respective RGA. Solid-coloured pie
charts indicate significant RGA enrichments, and greyed-out pie charts indicate non-
significant associations (CDS.mut: protein-coding SNVs, indels; NC.mut: non-coding
SNVs, indels; amp: amplification). B Transcriptomics analyses of each oncotype rela-
tive to other oncotypes combined, comparing up-regulated genes (FDR<0.05) and
enriched pathways across 473 tumour samples with oncotype assignments and
matching transcriptomics data. Colours indicate oncotypes. C Pathway enrichment
analysis of oncotypes across 473 tumour samples with oncotype assignments and
matching transcriptomics data. Significant pathways and processes visualised as an
enrichment map (FWER<0.05, ActivePathways). The network represents enriched

processes and pathways as nodes coloured by the relevant oncotypes, while edges
between nodes indicate similar pathways or processes sharingmany genes, organised
as functional themes with characteristic processes annotated. Multiple-testing cor-
rection was performed using Holm family-wise error rate (FWER) in ActivePathways.
D TME characteristics of oncotypes across 473 tumour samples with oncotype
assignments and matching transcriptomics data, based on cell type deconvolution.
Cell type signatures in each oncotype were compared with those in all other onco-
types combined and adjusted for multiple testing (FDR<0.05, two-sided Wilcoxon
tests). The colour scale shows the mean rank-normalised z-score of each TME sig-
nature within each oncotype, with red indicating higher and blue indicating lower
relative abundance compared with the cohort-wide distribution. Asterisks indicate
statistical significance (* <0.05, ** <0.01, *** <0.001). Source data for (A–D) are pro-
vided as Source Data files.
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footprints (IMFs)63 showed that oncotype 2 was enriched for IMF6,
characterised by replication stress, as well as IMF5, characterised by
non-canonical impaired homologous recombination (Supplementary
Fig. 31) in line with the transcriptomic and pathway-level signatures of
this oncotype (Fig. 6B). In contrast, the oncotype 1 was enriched in the
non-CIN subset of genomically stable tumours. Collectively, these data
suggest complex interactions between driver alteration patterns and
clinical characteristics in prostate cancer.

Discussion
As a genetic disease, prostate cancer is initiated and propagated by
genomic alterations, in particular SVs and CNAs. Here, we investigated
a large WGS dataset of prostate cancers to identify recurrent genomic
alterations as cancer drivers. Besides large CNAs, most prostate can-
cers have only a handful of driver alterations and a sizable fraction
have none at all, and few established prognostic signals beyond overall
genomic instability are known. Therefore, analysing whole cancer
genomes with well-annotated clinical parameters is critical for clinical
translation, therapy development, and mechanistic understanding.
Herewe extend the landscape of prostate cancer drivers by identifying
recurrent complex SVs, non-coding SNVs and indels, oncogenic
duplications, and biallelic inactivations of TSGs, many of which are
supported by complementary clinical, transcriptomic, or pathway-
level evidence. Unsupervised clustering of prostate cancers based on
drivers reveals clinically relevant subtypes, including aggressive
tumours defined by either recurrent oncogene alterations or loss of
heterozygosity of TSGs. Compared to variants in protein-coding
regions, the genomic territory outside of protein-coding regions
(~98%) controlling transcription, replication, and genome main-
tenance remains poorly explored. This is particularly important in
prostate cancer, which has an abundance of non-coding SVs and few
protein-coding SNVs and indels. We found several recurrent SV hot-
spots at the solute carrier (SLC) genes, including SLC30A4. SLC family
proteins transport organic molecules in and out of the cell64 and play
important roles in exocrine glandular organs such as the prostate65.
Here, we provide evidence that the primary driver mechanism of the
recurrent SVs at SLCs is enhancer hijacking to upregulate distal
oncogenes. We show that the frequency of SLC enhancer hijacking is
proportional to SLC gene expression in prostate tissue. We also find
themost frequently hijacked SLC enhancers to be AR-regulated, which
is known to be mutagenic, suggesting that AR binding contributes to
the SV-mediated enhancer hijacking. It is plausible that AR binding at
SLC enhancers facilitates both elevated transcriptional activity and SV
formation. Our findings also support the utility of WGS in identifying
the non-coding regulatory driver alterations in cancer.

As part of PPCG, our study has benefited from a large and uni-
formly processed dataset with extensive clinical data, enabling us to
answer key questions concerning the clinical relevance of cancer
drivers in prostate cancer, especially in relation to tumour metas-
tasis. We note that sequencing depth and intratumoral hetero-
geneity are likely to lead to an underestimation of this driver
landscape in prostate cancer. In companion studies, we explore
clonal and subclonal mutations through trajectories of tumour
evolution and their causal roles in evolutionary divergence in pros-
tate cancer66,67. Significant recurrence of genomic alterations is a
reliable indicator of positive selection, however sequencing arte-
facts or unknown locus-specific mutational processes may con-
tribute false positives to driver analyses. For increased stringency,
we focused on high-confidence variant calls supported by two
workflows, thereby removing lower-confidence or sub-clonal var-
iants. Epigenetics can also drive cancer gene dysregulation including
suppression of TSGs, which we explore in our companion study68.
Patient ancestry is an important determinant of the driver alteration
types, for example entailing much lower frequencies of ETS fusions
and higher rates of FOXA1 in men of black African ancestry39. Our

PPCG cohort is enriched in European ancestry and future studies in
diverse ancestries39,69 will enable a more complete picture of geno-
mic alterations driving prostate cancer.

Precision oncology aims to tailor treatment to the distinct geno-
mic features of a patient’s cancer, enhancing therapeutic efficacywhile
minimizing toxicity. WGS emerges as the most comprehensive plat-
form for profiling prostate cancer in clinical settings. The benefits
include a higher genomic resolution at reduced processing costs and
the identification of the next frontier of candidate cancer drivers
among infrequent and non-coding alterations. These insights are
valuable for identifying potential therapeutic targets or biomarkers in
smaller, molecularly defined subsets of cancer patients. Detailed
inventories of genomic events responsible for tumour initiation, pro-
gression, therapy response, and metastasis enable more accurate
patient profiling, aiding in the selection of clinical trials or active sur-
veillance strategies. Simultaneously, systematic genome editing of
RGAs combined with phenotypic analysis will deepen our under-
standing of the genetic and molecular pathways driving aggressive
prostate cancer, ultimately paving the way for innovative targeted
therapies. Our study of coding and non-coding recurrent genomic
alterations in primary prostate cancer and their clinical associations
supports further basic and translational research.

Methods
Ethics
We used data from the PPCG consortium of primary prostate cancer
samples from a total of 1,001 prostate cancer donors. Written
informed consent was obtained at clinical follow‑up, and all proce-
dures were conducted in accordance with local regulations and
International Cancer Genome Consortium (ICGC) ethical guidelines
(https://icgc.org/). Ethical approval was obtained from local research
ethical committees. The full list of approving boards/committees
includes: Human Research Ethics Committee at Melbourne Health
(HREC 2006.073; HREC 2011.009; HREC 2012.275; HREC 2012.220;
HREC 2016.087) (Australia); University Health Network Research Eth-
ics Board and CHU de Québec–Université Laval Research Ethics Board
(UHN 06‑0822‑CE; UHN 11‑0024‑CE; CHUQc‑UL 2012‑913:H12‑03‑192)
(Canada); UBC Clinical Research Ethics Board (UBC REB H21‑03722)
(Canada); The National Committee on Health Research Ethics (refer-
ence no. 1302791) and notification to the Danish Data Agency (no.
1‑16‑02‑330‑13) (Denmark); CPP Ile de France IV Institutional Review
Board (IRB 00003835) (France); Ethik‑Kommission der Ärztekammer
Hamburg (PV3552; PV4445; PV4679) (Germany); NHS East of
England–Cambridge Research Ethics Committee (REC 3/0180) (UK);
NHS East Midlands Research Ethics Committee (01/4/061) (UK) NHS
London Research Ethics Committee (CCR 2075) (UK); University of
Pretoria Human Research Ethics Committee (FWA00002567;
IRB00002235; IORG0001762; approval #43/2010) (South Africa); St
Vincent’s Hospital Human Research Ethics Committee (#SVH/12/231;
#SVH/15/227) (Australia); Human Research Protection Office, US Army
Medical Research and Development Command (approvals E02371 and
E03280 for genomic interrogation of SAPCS samples) (USA).

Somatic SNVs and indels and structural variants (SVs)
Somatic SNVs and indels from index samples of primary prostate
cancers from 961 donors were retrieved from PPCG consensus variant
call sets of the human genome hg1914. We selected high-confidence
variants detected by two indel or SNV calling pipelines in PPCG and
excluded two hypermutated samples with >30 SNVs or indels per
megabase. Functional effects of SNVs and indels on protein-coding
genes were mapped using the ANNOVAR software (ver. 2019-10-24)70

using RefSeq hg19 gene definitions. Mutational signatures of SNVs and
indelswere retrieved from the PPCGconsensus dataset63 and each SNV
and indel was assigned the signature with the highest probability.
Somatic SVs were also retrieved from the PPCG consensus dataset for
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961 primary prostate cancers14. SVs in ETS family genes were con-
sidered jointly as a separate composite driver event as described
below. For driver analyses, SVs were defined as two breakpoints
(SVBPs) comprising the start and end coordinates of the SV.

ETS driver status
ETS alteration status was annotated separately from other RGA ana-
lyses based on PPCG ETS consensus calls that were integrated across
SV, CNA, and transcriptomics datasets that comprised ETS genes and
translocation partners (ERG, TMPRSS2, SLC45A3, ETV4, ETV1). Altera-
tions of multiple types were merged and CNA gains at the TMPRSS2/
ERG were not included. We compiled a consensus mutation status of
ETS family of transcription factors (ERG, ETV1, ETV4, ETV5 and FLI1)
using fusion predictions from our SV and CNA calls14 and from PPCG
RNA-seq data14. Tumour samples were labelled as ETS positive if at
least one of the ETS family genes was predicted to have a fusion.

Genes and genomic regions
Genomic regions for driver discovery included protein-coding exons,
untranslated regions (5’UTR, 3’UTR) and non-coding RNA genes from
Gencode v19, and regulatory and chromatin architectural genomic
elements from prostate cancer epigenomics studies, with 725,000
genomic elements in total. Gene coordinates were derived from Gen-
code v19 and genes with duplicated symbols were removed. Protein-
coding exons (CDS) and UTRs were merged into unique consecutive
regions per gene. We included ~14,000 non-coding RNA genes from
the lincRNA, antisense, miRNA, and sense-intronic classes and
removed very long ncRNAs (>50 kbp). We also derived full gene
coordinates to annotate non-coding elements and detect SV-based
drivers. To define non-coding genomic elements, we subtracted CDS
regions from non-coding regions and removed small remaining frag-
ments (<50 bp). Several classes of non-coding regulatory elements
were used. Open-chromatin elements of prostate cancer samples in
the TCGA prostate cancer cohort were retrieved from a previous
ATAC-seq study22 and mapped from hg38 to hg19 using the liftOver
software71. Androgen receptor (AR) binding sites from normal pros-
tates (NARBS) and prostate tumours (TARBS) were retrieved from an
earlier study (GSE70079)20. Chromatin states of prostate cancers were
retrieved from the ChromHMM profiles of an earlier study
(GSE130408)23 and filtered to include active chromatin elements
(ActEnh_nonProst, ActProm_nonProst, ActEnh_Prost, ActProm_Prost,
BivEnh, BivProm, PrimEnh_nonProst, PrimEnh_Prost) while repressive
and heterochromatin states (HetChrom, RepChrom) were excluded.
Chromatin loop anchors identified fromprostate cancer cell lineswere
retrieved from an earlier study (GSE164347)21. Non-coding genomic
regions were annotated to adjacent genes within ±3 kbp and to distal
sites using long-range chromatin interactions, permitting multiple
genes per region. Distal annotations were based on long-range chro-
matin interactions21 such that one anchor of the interaction over-
lapped the non-coding region and the other anchor overlapped a gene
transcription start site (TSS) of the target gene within ±1 kbp. Chro-
mosomal interactions with adjacent genes were excluded. To interpret
drivers, we collected prostate cancer driver genes from two studies7,8,
and for driver genes of other cancer types, we used the Cancer Gene
Census (CGC) database32 (downloaded 2024-09-18). For pathway
analyses, gene sets corresponding to Gene Ontology biological pro-
cesses and Reactome molecular pathways were retrieved from the
g:Profiler software72 (downloaded 2024-09-17).

Copy-number alterations (CNAs)
Somatic CNAs for chromosomes 1-22 and X were retrieved from the
consensus dataset for 961 primary cancers from PPCG14. Tumour
samples were classified based on ploidy estimates as diploid (ploidy
<2.5) or whole-genome duplicated (WGD). Short segments were fil-
tered (<1 kbp). Segments were annotated based on total copy number

(minor +major allele CN) as balanced, gained (min 3 copies for diploid,
6 forWGD), lost (1 for all), with homozygous deletion (0 for all), orwith
high-number amplification (min 5 for diploid, 8 for WGD), or high-
number amplification in chrX (3 for diploid, 4 for WGD). To study
chromosomal instability, percent genome altered (PGA) scores were
derived as fractions of autosomal genomes in any non-balanced states.
We annotated the CN status of each gene in each tumour sample,
requiring at least 50% of gene sequence in a non-balanced CN state,
excluding ChrX genes with homozygous loss events.

Somatic and germline biallelic inactivation (BI)
To systematically identify genes with BI events from the PPCG WGS
cohort14, we used our previously publishedmethodology2,12 expanding
its previous definitions and generalized the method in the python
module PyBiallelic. Analyses were performed on 961 primary cancers
in PPCG. Briefly, to identify tumour suppressor deficiencies, we
defined BI as a gene locus GA/B, where alleles A and B are genetically
altered, leading to a genetic Gmut/mut state. The BI assessment
includes three genetic inactivation event types consisting of somatic
deletions (“Loss”), somatic SVs (“Break”) and somatic or germline SNVs
(“Mutation”). Given a heterozygous GA/B locus, we required a loss of
theA allele of the gene, leading to a hemizygousG-/B state, and genetic
inactivation of the remaining B allele, specifically requiring the second
event to overlap the loss on the A allele, leading to BI. We considered
four classes of BI: Loss/Mutation: A heterozygous loss combinedwith a
damaging germline SNP (germ_snp/som_loss) or nonsynonymous dri-
ver mutations of the B allele (som_loss/som_snv), including subclonal
SNVs (som_loss/subclonal_snv). This category also comprises loss of
heterozygosity (LOH), where the A allele carrying a driver somatic SNV
is amplified, resulting in a copy-neutral LOH (som_cn_loh/som_snv) or
an amplification with LOH (som_gain_loh/som_snv). Loss/Loss: Two
deletion events that overlap an exon, resulting in a copy-number
derived allele count of 0 for both the A and B alleles (som_loss/som_-
loss). Loss/Break: A heterozygous loss combined with SVs where one
or both breakpoints are situated in an exon of the B allele (som_loss/
som_sv). Mutation/Mutation: Two nonsynonymous driver somatic
SNVs of the same gene, requiring both to be either stopgain or out-of-
frame SNVs. Next, we inferred the germlinemutation to occur on the A
allele and the somatic mutation on the B allele, with the assumption
that two independent driver mutation events are highly unlikely to
occur on the same allele. To test the significance of a BI gene, given its
mutational background in the cohort, we constructed a binary model
using the curveball method (version 0.0.1)18. In this model, a rando-
mized background is defined by permutations of the observed data,
maintaining the mutational load for each tumour sample and the
number of donors with single or BI of a specific gene constant. The
observed binarymatrixwas createdwith columns for allele A and allele
B for each gene. A single hit results in 1/0 for the A/B columns,
respectively, while a BI results in 1/1. We applied this randomization
process 10,000 times and computed the p-value by evaluating the
number of times the background showed a higher occurrence of BI
than the observed data, divided by the number of randomizations. We
selected known cancer driver genes in prostate cancer7,8 or other
cancer types32 having significant BI (curveball P < 0.05, permutation
test) in at least five tumour samples for further analyses. PyBiallelic
with a suite of tools for handling and parsing multiple types of
alterations is available below: (https://bitbucket.org/weischenfeldt/
biallelic_py; https://biallelic-py.readthedocs.io/en/latest/).

Driver analysis of protein-coding mutations
Small mutations in protein-coding genes (SNVs/indels) were studied
for positive selection and driver gene predictions using the dNdScv
method (version 0.0.1.0)19. Results for the global_cv metric were
adjusted for multiple testing using FDR across tested genes and fil-
tered for significance (FDR <0.05). Protein-coding impact of SNVs/
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indels was derived from dNdScv and further annotated as substitu-
tions (missense, deletion inframe) or truncations (nonsense, stop loss,
deletion frameshift, essential splice, insertion frameshift), while
excluding silent mutations.

Driver analysis of regions with non-coding SNVs/indels and SVs
Driver analysis of non-coding smallmutations (SNVs and indels) andSV
breakpoints was performed with the ActiveDriverWGS method (ver-
sion 1.2.1)16 that employs a Poisson regression model to identify
genomic elements with enriched somatic SNVs and indels relative to a
flanking background sequence and trinucleotide-based mutation fre-
quencies. Driver analysis was conducted separately for small muta-
tions (SNVs, indels) and SV breakpoints (encoded as 1-bp indels in the
model) across ncRNA genes and non-coding regulatory elements. For
SVs in protein-coding genes, we analysed entire gene sequences rather
than protein-coding exons. The background sequence parameter in
ActiveDriverWGS was defined for the analyses of different alteration
classes. For SNVs and indels, the default value (±50 kbp) was used. For
SVBPs, a wider background window of ±500 kbp around genomic
elementswasuseddue to the sparser genome-widedistributionof SVs.
P-values were adjusted for multiple testing using the Benjamini-
Hochberg FDR across all tested elements and SNV/indel and SV ana-
lyses. Significant elements were selected (FDR <0.05).

Identification of recurrent SNV/indel hotspots
Recurrent SNV/indel hotspots were defined from single-base and indel
events centred on the mutated genomic position. We used a 3-bp
hotspot window comprising the focal base and one flanking base on
either side, expanding the hotspot boundaries accordingly when
overlapping indels extended beyond this interval. We retained hot-
spots present in at least 1% of the cohort. Each hotspot was then
annotated as overlapping a predefined protein-coding RGA, a non-
coding RGA, tested but not significant (based on our ActiveDriverWGS
analyses), or not tested because it did not overlap any predefined
genomicelement.Hotspotswereannotatedbasedon theRGA inwhich
they were located, or, where no RGA annotation was available, using
adjacent-gene annotations from the consensus PPCG variant annota-
tion datasets.

Merging and annotating RGAs
Following driver analysis, significant non-coding elements were
merged based on overlapping coordinates to reduce redundancy from
input sets of genomic elements. Merging was done separately for
drivers from small mutations (SNVs, indels), and drivers from SVs, and
the merged drivers were assigned the superset of associated tumour
samples and the minimal FDR value from the respective merged ele-
ments. Target genes of non-coding elements were annotated manu-
ally, giving priority to known driver genes in prostate cancer, driver
genes involved in other cancer types, or other protein-coding genes.
Top RGAs with min 1% frequency in PPCGwere selected by integrating
multiple alteration types (coding SNVs and indels, non-coding SNVs
and indels, SVs, BIs, amplifications) and annotated using prostate
cancer genomics studies7,8 and the Cancer Gene Census database for
known cancer genes.We also compared top RGAs with genes targeted
by the Illumina TruSight Oncology 500 (TSO500) sequencing panel
(https://www.illumina.com/content/dam/illumina-marketing/
documents/products/gene_lists/gene_list_trusight_oncology_500%
20ctDNA%20with%20fusions.xlsx), to evaluate if the RGAs would be
detectable using standard panel-based approaches. Similarly, we
evaluated RGAs with protein-coding SNVs or indels in the top list to
assess applicability ofwhole-exome sequencing for RGAdiscovery.We
also asked which types of non-coding genomic elements were over- or
-underrepresented among the elements found as RGAs, combining
regions enriched in SNVs/indels and SVs (ActiveDriverWGS, FDR <
0.05) and excluding protein-coding exons for SNVs/indels and gene

bodies for SVs. We used a permutation test by sampling sets of
genomic elements randomly from the total set of testable genomic
elements to derive a background distribution and evaluated the pro-
portions of genomic element types in the true set of results relative to
the background distribution. Empirical P-values were adjusted for
multiple testing using FDR and filtered for significance (FDR <0.05).
Median expected values with 95% confidence interval from the back-
ground distribution were reported.

Enrichment analysis of mutational signatures and SV classes in
drivers
Statistical interactions of SNVs/indels in RGAs andmutational SBS and
ID signatures were analysed with hypergeometric tests that compared
the genome-wide distribution of a given signature and its presence in a
specific gene or non-coding RGA. Similarly, SV-based RGAs were ana-
lysed for types of SV events (translocation, duplication, deletion,
inversion). The analysis was limited to SBS or ID signatureswith at least
1000SNVsor indels, andRGAswith at least 10 altered tumour samples.
The analysis excluded known artefactual mutational signatures
according to the COSMIC database and the previously unreported
SBS96D signature identified in prostate cancer63. Additional sets of
SNVs/indels in driver genes were also analysed for SBS signatures:
truncation-inducing mutations (nonsense, frameshift); substitution-
inducing mutations (missense, non-frameshift), and non-coding
mutations. Resulting P-values were adjusted for multiple testing and
filtered for significance (FDR <0.05).

Analysis of recurrent copy-number alterations (CNAs)
CNA calls from the consensus PPCG dataset were used, with small CNA
segments removed (<1 kbp). Two strategies were used to find recur-
rent CNAs. First, we used the GISTIC2 software17 (version 2.0.24) on
copy-number segments for 961 primary tumour samples. The follow-
ing parameters were used for GISTIC: “-smallmem0 -broad 1 -brlen 0.5
-conf 0.90 -armpeel 1 -gcm extreme”. Significant CNAs from GISTIC2
were selected (residual FDR <0.05). Secondly, in order to find single
genes or focal regions with enriched CNAs, we used a custom algo-
rithm that first identified individual genes with recurrent CNAs and
secondly grouped these into adjacent gene sets that were frequently
co-altered by the same CNA segments. The algorithm involved three
steps. First, we computed the enrichment of CNA events per gene
using a binomial statistic parameterised by the total number of CNA
events in all protein-coding genes and all tumour samples in PPCG,
selecting recurrently altered genes (FDR <0.05). Second, we tested
pairs of significantly altered genes per chromosome based on the
copy-number segments altering the genes using hypergeometric tests
and selected gene pairs that were often altered by the same CNAs
(FDR <0.05). Third, pairs of significantly co-altered genes were struc-
tured as a non-directional interaction network (i.e. graph) and con-
nected components were identified using a recursive approach to
derive genomic regions with frequent CNAs as defined by gene sets.
The analysis was conducted separately for three types of CNA events
(gains, losses, high-number amplifications) while homozygous losses
were analysed separately in the context of biallelic inactivation. Finally,
results from GISTIC2 and co-CNA analyses were reviewed manually.
Index genes were then selected for most recurrently altered genomic
regions based on manual curation by prioritising prostate cancer
genes7,8 or genes from other cancer types32 with the highest alteration
rates in the regions, considering CNAs of matching types (gains or
losses) and filtering a few adjacent redundant regions as well as
TMPRSS/ERG deletions that were curated separately.

Comparison of RGAs in primary and metastatic tumours
We compared the prevalence of RGAs between the 961 primary
tumours and metastatic tumours, including all 103 metastatic cases
and the subset of 46 de novometastatic cases of the PPCG cohort. For
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a subset of cases withmultiple samples per donor, the sample with the
highest purity was selected. For eachRGAobserved in at least 1% of the
primary cohort, we defined tumour-level alteration status using the
same driver definitions as in the primary analyses, including protein-
coding SNVs/indels, non-coding SNVs/indels, SV breakpoints, CNA
gains, losses and high-level amplifications, and BI events. For each
driver, metastatic enrichment was tested by binomial test using the
alteration frequency in the primary cohort as the background expec-
tation. Separate analyses were performed for all metastatic tumours
and for de novo metastatic tumours. P-values were adjusted across all
tested RGAs across the two analyses using the Benjamini-Hochberg
FDR procedure.

African ancestry analysis of RGAs
To compare RGAs across ancestry groups, we analysed a published
independent cohort of 113 treatment-naive prostate cancers frommen
of African ancestry39, comparing these with the PPCG cohort of 927
non-African tumours, after excluding samples with predicted African
ancestry and those of uncertain ancestry from the PPCG cohort. For
each RGA, we aggregated tumour counts by alteration class from the
earlier study, including protein-coding SNV/indel drivers, non-coding
SNV/indel drivers, SVs, gains, losses and high-level amplifications.
CNAs were annotated based on GISTIC2 calls (gain=1; amplification=2;
loss=1). ETS alterations were handled as a composite event across
canonical fusion partners. We then tested whether each RGA was
enriched in the African ancestry cohort relative to the non-African
PPCG cohort using a binomial test, treating the non-African frequency
from PPCG as the background expectation. RGAs observed at <1%
frequency in both cohorts were excluded, and P-values were adjusted
across all tested RGAs using the Benjamini-Hochberg FDR procedure
(FDR <0.05).

Transcriptomics analyses
Weused the PPCGconsensus transcriptomics dataset (version 1.2) that
was processed using a harmonised pipeline (https://github.com/
panprostate/) and the RUV-III method73 as described in the PPCG
data resource publication14. We selected the subset of 494 tran-
scriptomes that were derived from a tumour sample with a matching
WGS sample ID, in order to reduce the effect of intratumoral hetero-
geneity on integrating genomic and transcriptomic information.
Genes with duplicated or missing symbols were removed. For each
driver alteration, we compared gene expression levels of target genes
of tumours with and without alterations, limiting the analysis to cases
with at least three altered tumours having transcriptomics and WGS
data.We separately testeddrivers based on non-coding SNVs or indels,
SV breakpoints, BI events, CNA gains, losses, and amplifications. Gene
expression levels were compared using non-parametric Wilcoxon
rank-sum tests, adjusted for multiple testing across the set of genes
tested for expression differences, and significant results were reported
(FDR <0.05). To determine genes from Cancer Gene Census32 and
prostate cancer genes7,8 with significantly correlated expression with
EPHA1-AS1, we first derived a background distribution of Spearman
correlation coefficients fromonemillion randomly sampled gene pairs
using the PPCG transcriptomics dataset that included lncRNA
expression levels. 2.5% and 97.5% quantiles from the background dis-
tribution of correlation coefficients were used to determine the cancer
genes showing significant negative or positive correlation with EPHA1-
AS1, respectively (empirical P <0.05).

Pathway enrichment analysis of RGAs
We performed an integrative analysis of molecular pathways and
biological processes affected by RGAs using the ActivePathways
method (version 2.0.4)41 that used as input amatrix of FDR values with
RGAs as rows and the types of alterations as columns. ActivePathways
assigned a higher priority to genes affected by multiple alteration

types and allowed us to evaluate the types of genomic alterations
significantly contributing to each altered pathway. This analysis
included CNAs, coding SNVs/indels, non-coding SNVs/indels, BI
events, and amplifications. ActivePathways was run with parameters
defining gene set sizes (min 25, max 250), Benjamini-Hochberg FDR as
the multiple-testing correction method, cutoff (value 0.5) to account
for FDR-adjusted input P-values. Biological processes from Gene
Ontology and molecular pathways from Reactome were used for the
analysis. Significantly enriched pathways were selected using a more
stringent cutoff to balance sensitivity fromanalysingmanually-curated
genes from large and frequent CNAs (FDR <0.01). The results were
visualised as anenrichmentmap74 in Cytoscape software. Subnetworks
corresponding to sets of related pathways were annotatedmanually to
identify major functional themes75. Representative pathways from
major themes were selected and visualised as oncoprint plots dis-
playing the genes and alteration types in each pathway.

Co-occurrence and mutual exclusivity of RGAs
We tested pairs of driver alterations for statistical interactions (i.e., co-
occurrence ormutual exclusivity) using hypergeometric tests over the
sets of tumour samples affected by specific alterations. This analysis
focused on drivers from SNV/indel, SVBP, BI, and CNA gain and
amplification analyses. We excluded CNA losses due their high fre-
quency and co-occurrence patterns in a subset of tumours. Alterations
with 1% frequency in the cohort were selected and multiple types of
alterations per gene or locus were collapsed. All pairs of alterations
were tested and significant interactions were selected after multiple-
testing corrections across all RGA-RGApairs (FDR <0.05). To highlight
the long tail of recurrent events in ETS-/SPOP-negative tumours, we
asked which RGAs were enriched or depleted in the corresponding
subset of 376 tumours. RGAs were collapsed across alteration types,
RGAs with at least 1% frequency in this subset were included, and the
RGAs were visualised as an oncoprint plot. Associations with ETS-/
SPOP- status were detected using two-sided hypergeometric tests,
P-values were adjusted for multiple testing and significant findings
were reported (FDR <0.05).

Distal interactions of RGAs
We evaluated the potential distal target genes of RGAs detected from
analyses of non-coding SNVs and indels or SVbreakpoints.Distal target
genes were detected through long-range chromatin interactions from
prostate cancer tissues21 as described above. Epigenetic marks
(H3K4me3, H3K27ac) and CTCF binding sites at the loci were derived
for prostate cancer cells (PC-3, C4-2B) from the ENCODE project51, and
BRD4 binding sites were derived from prostate cancer cells (LNCaP)
from a previous study52. The interactions were visualised as an inter-
action network in Cytoscape and the most frequently altered RGAs
were further investigated.MIPOL1 was identified as the distal target of
the SV hotspot at the FOXA1 locus, and its expression was compared
between SV-positive and SV-negative tumour samples using RUV-III
normalised PPCG transcriptomics data in matching samples and two-
sided Wilcoxon tests were used to evaluate significance. As the other
example, the lncRNAs with RGAs NEAT1 and MALAT1 were associated
through long-range chromatin interactions and were further studied
using co-expression analyses in PPCG tumour samples using Spearman
correlation tests.

Drug target analyses of RGAs
Annotated clinical evidence for drug-variant associationswasobtained
from OncoKB45 (https://www.oncokb.org/, “Actionable Genes”, down-
loaded Dec. 14th 2024) and CiViC46 (https://civicdb.org, “Evidence”,
“nightly build”, downloaded Dec. 14th 2024). We considered only
Evidence Levels 1-4 for OncoKBdrug-variant associations and assigned
drugs with evidence for “Prostate” or “All Solid Tumors” for prostate
cancer relevant drugs. We considered CiViC drug-variants evidence
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levels A-E and that fulfilled the following criteria: evidence_type ==
‘Predictive’ & evidence_direction == ‘Supports’ & significance == ‘Sen-
sitivity/Response’ & variant!= ‘Wildtype’. CiViC drug-variants with
“disease” evidence for “Prostate” or “Solid Tumor” were considered
prostate cancer relevant drugs.

Transcriptomic and pathway-level analyses of specific RGAs
To characterise the transcriptional and functional consequences of
specific RGAs in ZNF280D and COL5A1, we compared matched tran-
scriptomic profiles of tumours carrying each RGA against tumours
lacking that RGA using matching transcriptomics data from PPCG.
Transcriptome-wide differential expression signatures were assessed
using two-sided Wilcoxon rank-sum tests, P-values were adjusted
across all tested genes, and significant genes were reported (FDR <
0.05). Separately, all gene-level P values were used for pathway
enrichment analysis with the ActivePathways method41, using GO
Biological Process and Reactome gene sets and restricting analyses to
gene sets containing 25–250 genes. The background gene universe for
ActivePathways analysiswas defined by the set of genes represented in
the PPCG transcriptomics data having any pathway annotations. Sig-
nificant pathways were selected following the default multiple testing
correction method in ActivePathways (family-wise error rate
(FWER) < 0.05). For COL5A1 analyses, we excluded genes co-gained
with COL5A1 from transcriptomic and pathway-level analyses to avoid
confounding effects.

Clinical analyses of RGAs
Clinical information of the 961 primary tumour samples was derived
from the PPCG consensus dataset14. Metastasis-free survival (MFS)
intervals were right-censored at the 10 year time point. Donors with
missing values or zerovalues in time intervalswereexcluded fromMFS
analyses. We determined the associations of RGAs with MFS given
clinical covariates as categorical variables: Gleason grade group (<3 vs
≥3), T-stage (T2, T3, T4), and age of diagnosis (≤55 years as early-onset
vs >55 years as late-onset disease).Donors lacking any clinical covariate
values, time intervals or event status values, or tumours with T1 stage
were excluded from these analyses. Afterfilteringmissing values, RGAs
with at least 10 tumour samples altered in the PPCG cohort were
considered for MFS analyses. Different alteration types were con-
sidered separately. Fourmajor types of analyseswere conducted. First,
we asked if each of the RGAs was individually associated with MFS
when adjusted for clinical covariates. For each RGA, Cox proportional
hazards (CoxPH) regression models were used for MFS analyses using
the presence of the RGA and clinical covariates (T-stage, Gleason grade
group, early-onset status; asdescribed above). The significanceof each
RGAwas determined using ANOVA and chi-square tests that compared
RGA-based, clinically-adjusted MFS models to control MFS models
comprising only clinical covariates. Clinically-adjusted hazard ratio
(HR) values and the 95% confidence intervals (i.e., 1.96 standard errors)
of the RGAs were derived from model coefficients. P-values were
adjusted for multiple testing across the subset of RGAs for which the
tests were conducted, and significant associations were highlighted
(FDR <0.05). Second, we conducted a multivariable analysis of MFS.
We first determined RGAs that were individually associated with MFS
in RGA-informed univariate CoxPH models without adjusting for clin-
ical covariates (chi-square tests, P < 0.1). This subset of significant
RGAs was then used together with clinical covariates (T-stage, Gleason
grade group, early-onset status; as described above) in a single mul-
tivariable CoxPH model of MFS. From this CoxPH model we selected
significant RGAs and clinical covariates using an unadjusted P-value
threshold (Wald test, P <0.05), with nomultiple-testing applied due to
the single-model nature of this test. The results were visualised as a
forest plot with HR values and 95% confidence intervals (i.e.,
1.96 standard errors). To associate RGAs with donor age at diagnosis,
we used univariate logistic regressionmodelswith binary age values as

model response (≤55 years as early-onset (EO); >55 years as late-onset
(LO)). We tested each RGA for which at least 10 tumour samples were
available with age information, conductedmultiple testing corrections
and reported significant results after multiple-testing correction
across all selected RGAs (FDR <0.05), and grouped the results as EO-
enriched or LO-enriched based on model coefficients. Third, we split
the cohort based onmedian number of RGAs per tumour sample (i.e.,
median-dichotomised RGA burden) and asked if this RGA burden was
associated with MFS when adjusting for clinical covariates (grade,
stage, age; as above) using CoxPH models. Different types of altera-
tions as well as all alterations combined were tested and P-values from
log-likelihood tests and HR values with 95% confidence intervals were
reported. Fourth, we asked if tumours missing any of the clinical
variables required for MFS analysis (metastasis status, metastasis time
interval, Gleason grade group, T-stage, age) were associated with
certain RGAs. Enrichments or depletions of RGAs in the subset of
tumours with missing clinical data were tested using two-sided
hypergeometric tests and adjusted for multiple testing across the
RGAs, and significant results were reported (FDR <0.05). We sepa-
rately examined RGAs at the KLK2 locus in the context of MFS and
separately analysed SVs and non-coding SNVs/indels as well as the two
alteration types combined. No significant associations with MFS were
found cohort-wide while too few clinically-annotated ETS-negative
samples were available for analysis. Lastly, clinical and genomic
annotations of tumour samples and donors were visualised as histo-
grams along with genomic information such as sequencing depth,
number of small variants, and CNA prevalence as percent genome
altered, with counts and median values shown for categorical and
numerical data, respectively.

Discovery of oncotypes using RGA-based hierarchical clustering
To discover groups of tumour samples with similar profiles of RGAs,
we performed consensus hierarchical clustering of the tumour sam-
ples. To define RGA-based oncotypes, we first constructed a binary
tumour-by-RGA matrix using RGAs present in at least 1% of tumours,
excluding a small subset of tumours where no RGAswere found.When
multiple alteration types mapped to the same gene in a given sample,
they were collapsed to a single binary event. We then performed
consensus hierarchical clustering using the ConsensusClusterPlus
method (version 1.62.0)58. Consensus clustering was applied using
Euclidean distance and Ward.D2 linkage with 10,000 bootstrap
resampling iterations, subsampling 80% of tumours and 80% of RGAs
per iteration. The number of clusters was evaluated across multiple
numbers (k = 2–10) using consensusmetrics and silhouette scores, and
the final solution was selected at four clusters, based on stable sil-
houettes and a significant drop of per-tumour consensus scores in the
next potential solution. Patient-level cluster membership and cluster
certainty were then extracted from the consensus clustering output.
The oncotypes and RGA profiles were visualised as a heatmap, a den-
drogram, silhouette and consensus scores, as well as clinical and
genomic annotations includingGleason grade group, T-stage, whether
the donor developed a metastasis during the follow-up period, PSA
levels at tumour collection, genomic instability score (i.e., percent
genome altered), and age-based grouping (early vs late-onset disease).
The association of oncotypes with MFS and biochemical recurrence
(BCR) in PPCG was tested using CoxPH models adjusted by clinical
covariates (Gleason grade group, T-stage, donor age) as described
above. Log-likelihood tests as well as log-rank tests were used to
evaluate the survival differences of oncotypes. Each oncotypewas also
compared with all other oncotypes combined for several genomic and
clinical annotations. Continuous variables (Gleason grade group, T-
stage, age at diagnosis, prostate-specific antigen, percent genome
altered, number of SNVs/indels, and number of RGAs) were tested
using one-sided non-parametric Wilcoxon rank-sum tests, with the
lower tail used for age and the upper tail used for the remaining
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variables. Categorical annotations, such as African ancestry, were tes-
ted using one-sided hypergeometric tests. To determine the RGAs
enriched in each oncotype, we compared the RGA frequency in a given
oncotype to all other oncotypes combined using one-sided hyper-
geometric tests for higher frequency, adjusted the results formultiple-
testing across the RGAs tested, and reported significant results for
RGAs (FDR <0.05). Using a similar strategy, we evaluated the overlap
of our RGA-based oncotypes and integrated mutational footprints
based on mutational processes in prostate cancer63. Two-sided
hypergeometric tests were used to determine over- or under-
representation of the two sets of annotations, adjusted for multiple
testing across all tested annotation pairs, and significant results were
reported (FDR <0.05).

Transcriptomic and pathway-level characterization of
oncotypes
Transcriptomic differences between RGA-based oncotypes were eval-
uated using matching RNA-seq data from the PPCG cohort. Analyses
were restricted to 473 tumour sampleswith both RNA sequencing data
and assigned driver-based oncotypes from WGS data. For each onco-
type, gene expression levels were compared between tumours
assigned to that oncotype and all remaining tumours using two-sided
Wilcoxon rank-sum tests. Differential expression analyses were per-
formed independently for each oncotype across all expressed genes.
Effect sizes were reported as log2 fold changes computed from the
difference in mean RUV-III-normalized expression between oncotype-
positive and remaining tumours. P-values were adjusted for multiple
testing across all oncotypes and genes, and genes with FDR <0.05
were considered significantly differentially expressed. Biological
pathways associated with each driver-based oncotype were identified
using the ActivePathways method41. For each oncotype, gene-level
differential expression P-values were used as input for pathway
enrichment analyses of Gene Ontology Biological Process and Reac-
tome gene sets. Analyses were performed separately for each onco-
type, considering gene sets containing 25-250 genes. Resulting
pathway-level P-values across all oncotypes were adjusted using the
default Holm family-wise error rate (FWER) procedure and filtered for
significance (FWER<0.05). Significant pathways were visualised as
enrichment maps in Cytoscape, with pathway nodes annotated
according to the oncotypes contributing to each enrichment and
curated manually into functional themes.

Tumour microenvironment (TME) analysis of oncotypes
TME composition was assessed in a subset of PPCG tumours for which
matching transcriptomics data was available. Cell-type deconvolution
profiles of prostate tumour samples (version 4) were retrieved from
the TME working group of PPCG14. Briefly, deconvolution of PPCG
transcriptomics data was performed using the BayesPrism method
(version 2.2.2)76 and a collection of signatures derived from single-cell
transcriptomics datasets of prostate samples77–82. Each cell type and
cell state was represented by at least 200 cells. Single-cell data was
filtered for protein-coding genes excluding genes in X and Y chro-
mosomes and ribosomal andmitochondrial genes. Default settings for
Gibbs sampling and optimization were used, together with thresholds
of 0.1 for the outlier fraction and 0.01 for the outlier cut. To analyse
TME features of the four oncotypes, we restricted the analysis to the
subset of 473 tumours with both oncotype assignment and matched
transcriptomic data. To interpret oncotypes in the context of TME for
each cell-type signature, we compared cell type scores across onco-
types using two-sided Wilcoxon rank-sum tests, contrasting each
oncotype against all other oncotypes combined. Multiple-testing cor-
rection across all cell-type and oncotype combinations was performed
and significant results are highlighted (FDR <0.05). For visualisation,
TME scores were rank-normalised across samples and z-transformed

from the rank-normalised values, and the heatmap shows the mean
rank-normalised z-score for each oncotype.

Cis expression analysis to identify enhancer hijacking at
SLC genes
We used the structural alteration mapping (CESAM) approach to
identify SLC genes involving enhancer hijacking events. CESAM was
applied as previously described55 with the followingmodifications. We
obtained contact domains and loop regions from prostate tumour
tissue21. The genome was binned using contact domains (TADs) in
which the presence or absence of breakpoints was annotated. In
addition, the presence or absence of loops was also considered for
each bin.We then genotyped each contact domain bin for breakpoints
(rows) in each tumour sample (column).We applied a linear regression
model in which the normalised gene expression was regressed on the
genotypematrix of breakpoints, contact domains and loops, using the
specificities of the sample countries and the first three principal
components of the gene expression matrix as covariates. For tran-
scriptomics studies of SLC genes, we retrieved the GTEx v10 dataset
representing gene-level TPM values by tissue (GTEx_-
Analysis_v10_RNASeQCv2.4.2_gene_tpm.gct.gz) from the GTEx portal
(release version 10). Gene expression differences in prostate tissues
were calculated as log2 fold-change difference betweenmedian of 282
prostate tissue samples andmedian of 19,334 samples representing 67
different non-prostate tissue samples.

Recurrent SVs, epigenetic marks, and expression of SLC genes
We intersected recurrent SV hotspots at SLC genes with epigenetic
marks (H3K4me3, H3K27ac) and CTCF binding sites (derived from
prostate cancer cells PC-3, C4-2B) from the ENCODE project51, and
BRD4 binding sites derived from prostate cancer cells (LNCaP)52. We
also examined enhancer regions identified in prostate cancer
samples23. We identified SLC-oncogene SVs as one breakpoint within
20 kbp of SLC enhancers and the other breakpoint within 20 kbp of
known prostate cancer oncogenes (ERG, ETV4, ETV1, FLI1, SKIL, MYC,
ETV5, AR, ETS1, ELK4). DNA-binding sites of AR were obtained from an
earlier study20. Binding sites in normal prostate tissue and prostate
tumours were both considered and analysed jointly. For each SLC
gene, we determined AR binding sites in transcription start sites (TSS)
as defined through BestRefSeq transcript in GRCh3783. To find SLC
genes potentially regulated by AR, SLC genes were grouped by the
presence or absence of AR binding sites (ARBS) located within ±1 kbp
of their TSSs. Mean expression of each SLC gene in prostate tumour
samples in PPCG was calculated based on RUV-III-normalised values
across PPCG transcriptomics data as described above. SLC genes
lacking RNA-seq data were excluded from the analysis. A reference
distribution of RNA expression of SLC genes lacking ARBS was con-
structed using the ecdf function in the R stats package. Mean expres-
sion values of SLC genes having ARBS in their TSSs were compared to
the defined reference empirical distribution. The subset of ARBS-
present SLC genes with significantly higher expression relative to the
reference distribution (P < 0.05) were predicted to be regulated by AR
activity. Prostate SLC gene expression fold-change fromGTExdatawas
performed as described in the transcriptomics analysis section above.

Analysis of recurrent non-coding SNVs and indels in transcrip-
tion factor (TF) binding motifs
To explore the potential functional effect of non-coding SNVs and
indels in the ZNF280D RGA in the context of TF binding motifs, we
detected the presence of TF binding motifs using the FIMO software
(version 5.4.1)84 within a sequence window of ±25 bp around each SNV
or indel of interest. FIMO analysis was performed on both the refer-
ence sequence (i.e. without SNV/indel) and the altered sequence (i.e.
with SNV/indel) using default parameters of FIMO and the core set of
TF binding motifs from the HOCOMOCO database (v11)85. A motif was

Article https://doi.org/10.1038/s41467-026-77900-7

Nature Communications |        (2026) 17:10572 16

www.nature.com/naturecommunications


considered to be potentially lost due to the SNV/indel if it was only
detected in the reference sequence but not in the altered sequence,
based on default significance cutoffs of FIMO. Vice versa, a motif was
considered to have a potential de novo gain through the SNVor indel if
the motif was only detected significantly in the altered sequence but
not in the reference sequence.

Processing of TCGA genomic alterations for external validation
To validate oncotypes in an independent cohort, we analysedWGS and
clinical data from The Cancer Genome Atlas prostate adenocarcinoma
(TCGA-PRAD) cohort5. Somatic SNVs and indels were obtained from
VarScan2 somatic variant calls, SVs from Manta calls, and CNAs from
GATK4 copy-number segment data retrieved through the Genomic
Data Commons portal. Only variants passing the respective caller
quality filters (FILTER= PASS) were retained for analysis. SVs involving
non-standard chromosomes were excluded. Hypermutated tumours
(>30 SNVs/indels per megabase) were excluded. After filtering, 387
TCGA tumours were retained for analysis. For patients represented by
multiple tumour aliquots, a single representative sample was selected
by choosing the alphabetically first tumour sample identifier. To
facilitate direct comparison with the PPCG cohort, analyses of TCGA
genomic alterations were restricted to RGAs identified in the PPCG
discovery analysis, excluding BI events thatwereunavailable for TCGA.
Protein-coding SNVs/indels in the respective RGAs were annotated
using dNdScv19. For RGAs enriched in non-coding SNV/indels or SV
breakpoints, genomic coordinates of PPCG driver elements were
converted from hg19 to hg38 using liftOver and overlapping TCGA
variants were identified using genomic interval overlap analyses. ERG
fusion status was obtained from TCGA annotations available through
cBioPortal5,86 and represented as a composite ETS driver event for RGA
analyses. CNA segments supported by more than five probes were
annotated as losses, gains, or high-level gains using segment mean
thresholds of −0.2, 0.4, and 0.8, respectively. CNA index genes cor-
responding to PPCG RGAs were then annotated using the same strat-
egy as in PPCG, requiring at least 50%of the gene sequence tooverlap a
segment of the corresponding CNA state.

Validation of driver-based prognostic oncotypes in TCGA
To classify tumours in the external TCGA validation cohort according
to the four driver-based oncotypes identified in PPCG, we trained
supervised machine-learning models using the PPCG cohort as a
reference set. Binary driver matrices were constructed for PPCG and
TCGA cohorts using the harmonized set of RGAs. To reduce sparsity
and improve model robustness, only RGAs altered in at least 1% of
PPCG tumours (excluding BI events) were retained, resulting in a set of
83 recurrent RGAs for classification. Tumours lacking previously
assigned oncotypes in PPCG were excluded from model training.
Random forest classifiers were trained using RGA status as predictor
variables and PPCG oncotype labels as outcome classes. Model
hyperparameters were optimized using five-fold cross-validation with
class balancing by down-sampling and Cohen’s kappa statistic as the
performance metric. The final tuned random forest model was then
applied to assign TCGA tumours to the previously defined PPCG
driver-based oncotypes. The prognostic relevance of the four exter-
nally assigned driver-based oncotypes was evaluated using
progression-free interval (PFI) data from the TCGA-PRAD
cohort, where 75% of PFI events represented biochemical recurrence.
Clinical outcome data and donor age were obtained from the inte-
grated TCGA pan-cancer clinical data resource, and follow-up times
were right-censored at 10 years. CoxPH regression models were fitted
with oncotype as a categorical variable and oncotype 1 as the reference
group, corresponding to the lowest-risk group in PPCG. Because
detailed clinicopathological variables used in the PPCG survival ana-
lyseswereunavailable for the TCGAcohort,modelswere adjustedonly
for early-onset disease status (age at diagnosis≤55 years). To assess the

prognostic contribution of oncotype assignments, models including
early-onset status and oncotype were compared with models con-
taining only early-onset status using likelihood ratio tests from the
CoxPH model. Hazard ratios and 95% confidence intervals were
derived from model coefficients, and statistical significance was
determined using chi-square tests of the nested models.

Statistics and reproducibility
No statistical method was used to predetermine sample size. The
analysed cohort comprised all available primary prostate cancer
samples with WGS data passing PPCG consensus quality control. Sex
was not considered in the analyses because prostate cancer is a male-
specificdisease. Individual analyseswere restricted to sampleswith the
required genomic, transcriptomic, or clinical data. Samples and var-
iants were excluded only according to predefined quality-control cri-
teria or data availability requirements. WGS samples failing PPCG
consensus quality control were excluded before this study, as descri-
bed in the PPCG data resource publication14. High-confidence SNV and
indel analyses were limited to variants detected by at least two inde-
pendent PPCG variant-calling pipelines. No samples or variants were
excluded based on study outcomes. The study was not randomized
and investigators were not blinded because this was a retrospective
computational analysis of existing genomic and clinical datasets. Sta-
tistical tests, sample sizes, and significance measures are reported in
the correspondingMethods sections and figure legends. P-values were
adjusted for multiple testing where appropriate. Reproducibility was
assessed through independent validation and orthogonal analyses.
Findings from WGS data were further evaluated using transcriptomic,
pathway, tumour microenvironment, and clinical analyses. Key find-
ings were also examined in independent datasets, including TCGA
primary prostate cancers, metastatic PPCG tumours, and an external
cohort of prostate cancers from men of African ancestry. The RGA-
defined oncotypes were independently validated in the TCGA cohort
using a random forest classifier trained on PPCG samples, reproducing
significant associations with progression-free intervals.

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

Data availability
PPCG dataset comprises whole-genome sequencing (WGS), RNA-seq,
DNA methylation, clinical, and histopathological data from 2021
prostate cancer donors. Due to the sensitive nature of human geno-
mic/clinical data and participant-consent restrictions, PPCG data are
provided under controlled access and are available only for approved
researchpurposes. Rawgenome sequencing data have been deposited
in the European Genome-Phenome Archive (EGA) (https://ega-archive.
org/studies/EGAS00001002876) under the study ID
EGAS00001002876 as described in the PPCG data resource
publication14. In addition, PPCG working project data (e.g., variant
calls, pipeline outputs and intermediate analyses) and harmonised
RNA-seq/methylation data are made available to approved projects
through secure transfer (Globus), and clinical/histopathological data
are hosted in a GDPR-compliant secure environment (REDCap); access
is limited to approved PPCG researchers. Access to PPCG-controlled
data requires submission of a Project Concept Form, available at
https://panprostate.org, and approval by the PPCG Steering Commit-
tee. Requests are submitted by emailing the completed form to
PPCG@icr.ac.uk. We will respond to the data access request within 14
days. We will provide guidance on the application process; access,
once granted, is provided for the duration of the approved project
under the applicable data access agreement/terms. The TCGA-PRAD
whole-genome sequencing variant calls were derived from controlled-
access TCGA data. Access can be obtained through the National
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Cancer Institute GenomicData Commons (GDC) following approval by
the relevant dbGaP Data Access Committee. The publicly available
datasets on prostate cancer epigenomics used in this study are avail-
able from the NCBI Gene Expression Omnibus (GEO) database under
accession codes GSE164347 [ref21] (https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE164347), GSE70079 [ref. 20] (https://www.ncbi.
nlm.nih.gov/geo/query/acc.cgi?acc=GSE70079), GSE209889 [ref. 52]
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE209889)
and GSE130408 [ref. 23] (https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgi?acc=GSE130408). Single-cell transcriptomics datasets used for
TME analyses are available from GEO or the European Genome-
phenome Archive (EGA) under accession codes GSE176031 (https://
www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE176031) [ref. 77],
GSE137829 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE137829) [ref. 78], EGAS00001005115 (https://www.ega-archive.
org/studies/EGAS00001005115) [ref79], EGAS00001005787 (https://
ega-archive.org/studies/EGAS00001005787) [ref. 80], GSE141445
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE141445)
[ref. 81], and GSE150692 (https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgi?acc=GSE150692), [ref. 82]. ATAC-seqpeak calls for TCGA-PRAD
[ref22] are available from GDC (https://gdc.cancer.gov/about-data/
publications/ATACseq-AWG). GTEx transcriptomics data (release 10)
are available from the GTEx portal (https://www.gtexportal.org/home/
downloads/adult-gtex%23qtl). Gencode gene annotations (version 19)
are available from https://www.gencodegenes.org/human/release_19.
html. Epigenetic marks profiled in prostate cancer cells are available
from the ENCODE data portal (https://www.encodeproject.org/).
Annotated clinical evidence for drug-variant associations is available
from the databases OncoKB45 (https://www.oncokb.org/) and CiViC46

(https://civicdb.org). The remaining data are available within the Arti-
cle or Supplementary Information. Source data are provided with
this paper.

Code availability
The source code for reproducing analyses and figures is available at
Github (https://github.com/panprostate/ppcg-drivers). A static code
repository is available at Zenodo (https://doi.org/10.5281/zenodo.
22262026)87.
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