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Integrated signatures define mutational
processes in prostate cancer
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Prostate cancer follows along and heterogeneous disease course with incompletely
understood aetiology'. Here we dissect the mutational processes shaping the
genomes of 959 donors from the Pan Prostate Cancer Group and assess their clinical
relevance. By integrating de novo extracted single-base substitution, insertion-
deletion and copy-number signatures with six novel complex structural variant
signatures, we identify eight integrated mutational footprints (IMFs) that collectively
explain the mutational processes in 85% of primary prostate cancer genomes. IMFs
were strongly influenced by regional biases in the genome, most prevalently androgen
receptor-mediated mutagenesis and replication stress. Four IMFs, present in 37% of
primary tumours, were significantly associated with shorter time to metastasis.
These included reactive oxygen-species-driven mutagenesis and both canonical and
non-canonical homologous recombination deficiency, the latter being enriched in
patients of African ancestry. Extending to the metastatic setting, we found that IMFs
predicted sensitivity to androgen receptor pathway inhibitors. Taken together, our
study delineates the aetiologies and mutational processes that drive the genomic and
clinical heterogeneity of prostate cancer, introduces IMFs as a unifying framework,
and highlights their potential to improve both risk stratification and biomarker-guided

treatment selection.

Prostate cancer is the second most common cancer globally?, and the
fifthleading cause of cancer death among men®. Despite its high preva-
lence and substantial burden on patients and society, the aetiology
underlying the disease’s clinical heterogeneity, fromindolent to highly
lethal, remains poorly understood. Prostate cancer is influenced by
family history, inherited germline mutations and patient ancestry*.
Mutations in DNA damage repair (DDR) genes such as BRCAI or BRCA2,
associated with homologous recombination deficiency (HRD), are
presentin approximately 2% of localized disease and 15% of metastatic
castration-resistant disease®. Other clinically relevant but rare DDR
pathways (reviewed previously®) include mismatch repair deficiency

(MMRA), identified in 2-3% of primary prostate cancer”®, and CDK12
inactivation, associated with a high burden of somatic tandem duplica-
tions® ™. Asahormone-driven disease, androgen signalling is pivotal,
mediated by activation of the steroid-binding androgen receptor
(AR) transcription factor'. AR activation by testosterone and dihy-
drotestosterone causes widespread changesin transcriptional activa-
tion of AR-target genes, also termed the AR cistrome'>**. Moreover,
both single-nucleotide variants (SNVs) and structural variants (SVs)
accumulate at AR-binding sites (ARBSs)™, with the latter associated
with chromoplexy®, creating chains of interchromosomal complex
SVs (cSVs).
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Beyond these specific contributions, the broader landscape of onco-
genic mutational processes and their underlying aetiologies remains
largely undefined. To characterize mutational processes, mathemati-
cal methods are commonly used that identify mutational signatures,
or footprints, that correspond to each specific mutational process.
Methods have been developed to identify signatures based on SNVs
and insertion-deletions (indels)* and, more recently, copy-number
alterations (CNAs)" and cSVs'. Previous studies have mainly investi-
gated these mutational signatures separately, identifying a few com-
mon mutational processes in prostate cancer including clock-like
mutagenesis (SBS1and SBS5), HRD (SBS3 and ID6), MMRd (SBS15, SBS21
and SBS44)'*2' and complex genomic configurations, mainly chro-
moplexy (approximately 20%)>*¢ and chromothripsis (20-40%)%%.
Despite these important findings, afundamental appreciation and
understanding of the aetiologies and mutational processes driving
prostate cancer remains unexplored.

The Pan Prostate Cancer Group (PPCG) has assembled a clinically
well-annotated and diverse collection of whole-genome sequencing
(WGS) data from fresh-frozen tumour specimens from 1,001 donors.
The WGS data have beenreanalysed with standardized pipelines anno-
tating high-accuracy germline and somatic variant calls and driver
mutations?*. Here we present a comprehensive and integrative muta-
tional signature analysis to describe the mutational processes that
influence and shape the clinical outcome of primary prostate cancer.

Mutational signatures of prostate cancer

The PPCG cohort, comprising 1,209 prostate samples from 1,001 pros-
tate cancer donors, provides the most comprehensive resource to
date to investigate the footprints of somatic mutational processes in
prostate cancer genomes (Fig.1). Here we examined one representative
primary tumour sample (n =959) from each PPCG donor (Extended
Data Fig. 1), with ages ranging from 32 to 88 years (mean, 60 years),
and a median follow-up of 7 years. Of the 903 patients with follow-up
information, 132 (14.6%) developed metastatic disease (median time to
metastasis, 6 years; 24 patients had no available metastatic follow-up
information)®.

The genomic landscape comprised 4,678,132 somatic SNVs (range,
51-292,073),291,531indels (range, 1-62,203), 74,386 SVs (range, 0-876)
and 55,279 CNAs (range, 0-1,023) (Fig.1). We used a curated set of ger-
mline and somatic driver mutations to annotate patient tumour sam-
ples with mutations in known DDR genes, including those involved in
homologous recombination (HR), base excision repair (BER), nucleo-
tide excision repair (NER), non-homologous end-joining (NHEJ) and
mismatch repair (MMR), tallying 21% of the cohortintotal, inagreement
with previous estimates®?,

Toshed light on the mutational processes affecting prostate cancer
genomes, we extracted four types of signatures de novo: single base
substitution (SBS), indel (ID), cSV and copy-number (CX) signatures. In
total, we extracted 22 SBS, 101D, 8 CX and 6 cSV signatures (Fig.2a,band
Extended Data Figs. 2 and 3). Two of the extracted SBS signatures are
considered artefactual according to the COSMIC signature annotations
(SBS52 and SBS54) and were excluded from downstream analyses. Of
the 899 samples with available copy-number profiles, we identified 321
(37.4%) as having CNA levels below the threshold required to identify a
discernible pattern of chromosomalinstability” (CIN) (<20 CNAs; Sup-
plementary Methods), and were therefore classified as copy-number
stable (hereafter, non-CIN).

Clock-like mutational processes, represented by SBS1, SBS5 and
SBS40, were the most prevalent across the cohort as expected'®?
(Extended Data Fig. 3c). Other established mutational processes
detectedincluded MMRd (2%), linked with the signatures SBS15, SBS21
and SBS44 (Fig. 2c) and MSH2 mutations (Fig. 2d); reactive oxygen spe-
cies (ROS) and BER-related mutagenesis (13.1%), represented by the
SBS18signature; and APOBEC mutagenesis (1.44%), caused by cytidine
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deaminase enzymes that are part of a viral defence mechanism, and
associated with the SBS2 and SBS13 signatures' (Fig. 2c). While the
prevalence of APOBEC mutagenesis is consistent with previous stud-
ies'®, we note that higher prevalences have beenreportedin other stud-
ies®® (Supplementary Note 1).

We also found evidence for two additional SBS and ID signatures
with limited previous evidence: ID83C, a signature with single-base
deletionsinhomopolymers detected in1.3% of samples; and SBS96D,
which was detected in 3.9% of samples (Extended Data Fig. 3, further
details are provided in Supplementary Note 2).

Motivated by the diverse SV patterns and associated genomic fea-
turesfoundin prostate cancer (Supplementary Note 3 and Supplemen-
tary Figs.1-5), we constructed prostate-specific cSV signatures de novo.
In brief, we performed unsupervised clustering using multivariate
analysis toidentify cSV signatures based on arecent pan-cancer study
approach®.Intotal, we identified six stable cSV signatures (Fig. 2a,b and
Supplementary Table 1), which we tested for association with genomic
featurestoassign putative aetiologies. Thisincluded somatic mutations
indriver genes, deficiency in five DDR pathways, whole-chromosome
CNAs, focal amplifications, WGD, tandem duplications, chromothrip-
sis, chromoplexy and the unique patterns defining eachindividual sig-
nature. We also computed pairwise correlations between the signature
typesto determine evidence of convergence onan aetiology (Fig.2c-e
and Extended Data Fig. 4).

cSVsignature1(cSV1) encoded a characteristic pattern of deletions in
late-replicating regions, chromothripsis, inversions and local 2-jumps,
suggesting replication stress as the putative aetiology (Fig.2a). More-
over, cSV1was associated with somatic alterations of MYCand SPOP, and
with highactivity levels of CX8 and CX11 (Fig. 2c-e), signatures linked to
mid- and high-level amplifications through replication stress”. By con-
trast, cSV2 had characteristic patterns linked with SVs near ARBS and
with chromoplexy formation'8, suggesting AR-driven transcriptional
activity as the aetiology. cSV3 (unknown aetiology) was also associated
with chromoplexy but characterized by deletionsin early-replicating
regions.cSV4 and cSV5 stratified patients by different sizes of tandem
duplications and tandem duplicator phenotype (TDP)®,and cSV4 was
concurrently observed with biallelic inactivation of CDK12 (Fig. 2d).
Lastly, there was compelling evidence supporting HRD in tumours
with cSV6, a complex signature characterized by acomposite foot-
print of unbalanced translocations and foldback inversion. cSV6 was
significantly correlated with the HRD-related mutational signatures
SBS3,1D6 and CX3 (Fig. 2¢c), with deficiency inthe HR pathway through
biallelicinactivation of canonical genes (Fig. 2e), including BRCA2 muta-
tions (Fig.2d). As expected, BRCA2 mutations were also correlated with
elevated activity of other well-established HRD signatures (SBS3, ID6,
ID8 and CX3; Fig. 2d).

Insummary, we identified the full spectrum of mutational signatures,
including six novel cSV signatures, supporting the presence of several
mutational processes in prostate cancer genomes.

Topographical biases of somatic mutations

Somatic alterations are not uniformly distributed across the genome
butexhibit topographical biases—often in a tissue-specific manner®°?,
To investigate the topographical biases of mutational processes in
prostate cancer, we integrated our comprehensive set of signatures
withadiverserange of common and prostate-specific genomic features.

Wefirst tested the proximity of simple and complex SVs to SBS signa-
tures, which showed astrong and distance-dependent co-occurrence
of SVs with SNVs linked with APOBEC activity (false-discovery rate
(FDR)-corrected P=1.9 x 107, Kolmogorov-Smirnov test; Fig. 3a
and Supplementary Fig. 6a) in the subset of patients with APOBEC
activity (SBS2/SBS13, n =13), as expected'®*% Across the different
types of ¢SV, we identified an enrichment of chromothripsis break-
points near APOBEC-associated SNVs (FDR-corrected P=3.03 x 1073,



CNAs

SBSs IDs

I 00 e

Mutational signature extraction

199

Fig.1|Overview of the WGS cohort. From left toright, the per-sample Gleason
gradegroup, ETS status, deficiency in DDR mechanisms, CNAand SV burden,
the percentages of CNAs, SVs, SBSand ID types, and the SBS and ID burden for
899 whole primary prostate cancer genomes (Extended Data Fig.1). Bottom,

Kolmogorov-Smirnov test; Fig. 3b and Supplementary Fig. 6b,c), sug-
gesting APOBEC-mediated editing at chromothriptic breakpoints.
In support, arecent study used an APOBEC3B-knockout cell line to
demonstrate that such APOBEC mutagenesis at chromothriptic
breakpoints depends on the cytidine deaminase APOBEC3B™®, Next,
we examined the impact of replication and transcription. Highly tran-
scribed genes (fourth quartile expression) and early-replicating regions
were strongly enriched for both simple and complex SVs, including
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outline of the approach toidentify the major oncogenic mutational processes
byintegrating mutational signature analysis with driver gene status, mutational
profiles and clinical information.

templatedinsertions, chromoplexy and tandem duplications (Fig. 3c),
probably arising through fork-stalling and template switching or
transcription-replication collision'®. Finally, we examined AR binding
to DNA, another well-known mutagenic process that can cause SVsin
prostate cancers™. We found chromoplexy events to be specifically
and uniquely enriched at tumour-specific ARBSs (TARBSs)“ (Fig. 3c).
By contrast, chromothripsis, was highly enriched at late-replicating
regions, whichare on average gene poor and transcriptionally inactive.
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Fig.2|See next page for caption.

The mutagenicity of AR binding was not restricted to SVs. In agree-
ment with previous studies'***, we found enrichment of SNVs at ARBSs
(Supplementary Note 4 and Supplementary Figs. 7-11). Thisoccurred
primarily in tumours exceeding a minimal AR activity threshold,
suggesting additional factors contribute beyond this level. SNVs at
ARBS may potentially disrupt AR binding and therefore contribute to
cancer-promoting gene deregulation™. We next examined whether
AR binding was linked with specific mutational signatures at ARBS,
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Driver genes DDR pathway

distinguishing between those enriched in tumours (TARBS) and
those enriched in normal prostate (NARBS)**. We found several lines
of evidence for AR binding associated with an increase in clock-like
mutational signatures intumoursrelative to their genome-wide activ-
ity. These included SBS5, SBS40a, ID5, SBS3 and SBSS8 (fold change
(FC)=1.42,1.47,1.35,1.40,1.34; FDR-corrected P=4.5x107%,2.8 x 107,
9.8 x107,3.8 x107%,1.4 x 107, respectively, RM2 method*; Fig.3d and
Supplementary Note 4). Notably, while two of the clock-like mutational



Fig.2|cSVsignaturesin prostate cancer. a, Six cSV signatures. Each column
(cSV1-6) represents extracted cSVsignatures. The rows represent individual
SV classes, with the major simple and cSVs (left-most column) and subtypes
of SVs (second column), including duplications (dup), inversions (inv),
triplications (trp), translocations (trans), insertions (ins) and fold-backs (fb),
separated by size, occurrences atreplication timing region (early, mid, late),
fragile sites and TARBS. The horizontal coloured bars represent feature-
normalized SV exposure for each cSVsignature. b, cSV signature contribution
foreachsampleinthe cohort. The verticaland horizontal axes represent
samples and relative contribution of signatures, respectively. Colours represent
separate cSVsignatures. ¢, Correlation analysis of scaled SBS, ID, CX and
cSVsignatures across samples (Spearman’s rho). The dot sizes denote the
correlation strength. Only significant (P < 0.05) correlations areindicated;
non-significant results are blank. d,e, The heat map shows significant

positive associations between signatures and genetic alterations in prostate
cancer driver genes (d) and signatures and deficiency in DDR pathways (e).
Mutational signatures are ordered by putative aetiology and novel signatures
are highlightedinred. Ford, atwo-sided Welch’s t-test was applied to compare
means across groups. The dot colours denote the strength of differences
(Cohen’sd) insignature activities of tumour samples with and without the
mutated gene. The dotshapes denote the number of samples with the mutated
gene.Fore, thesamples were classified as deficient based on alterations

in canonical genesinthe pathway. A two-sided Welch'’s t-test was applied

to compare means across groups. The dot colours denote the strength of
differences (Cohen’sd) insignature activities of deficient and proficient PPCG
samples foragiven DDR pathway. Dot shapes denote the level of significance.
n=869(aandb),n=899 (c)andn=959 (dand e) tumour samples.

signatures were enriched at TARBS (SBS5 and SBS40a), we found a
depletion of the clock-like signature SBS1compared withboth NARBS
and genome background (Fig. 3e). SBS1is associated with spontaneous
deamination of 5-methylcytosine (SmC) at CpG dinucleotides leading
to Cto T transitions®, and regulatory regions are enriched for CpGsites,
where SmCis associated with transcriptional repression®. We hypoth-
esized that CpG methylation differences at ARBS could underpin the
observed depletion of SBS1signature. To this end, we performed Oxford
Nanopore long-read sequencing of eight tumours in our cohort to
jointly identify DNA nucleotide context and methylation changes, which
showed an enrichment of unmethylated CpGs at TARBS compared to
NARBS (average FC =2.07, P= 0.039, Wilcoxon signed-rank test; Fig. 3f).
This suggests that the AR mutagenicity at enhancers and promoters
is conditioned on existing CpG methylation levels. In agreement, AR
binding depends on the pioneering transcription factor FOXA1*, which
first binds to specific enhancers and promoters and recruits the dem-
ethylase TET1, therefore allowing AR to bind to these ectopiclocations™.
This provides a conceptual explanation for the observed depletion of
SBS1mutations at TARBS, probably due to open active chromatin and
unmethylated CpG sites at ARBS in tumours (Fig. 3g).

We nextinvestigated theinfluence of replicationtiming, derived from
prostate cancer celllines*’, on both mutational signatures and AR muta-
genicity. We observed SNVs in late replicating regions to be 1.73-fold
enriched (P=4.9 x107%, Poisson test) compared with early-replicating
regions, consistent with previous studies*. Most mutational signatures
displayed similar enrichment in late replicating regions, with notable
enrichment of the ROS-associated SBS18 in late replicating regions
(median, 4.33-fold enrichment, P= 4.9 x 10*, Poisson test; Extended
Data Fig. 5a). By contrast, we found a relative enrichment of TARBS,
and to alesser extent NARBS, in early-replicating regions (Fig. 3h and
Supplementary Fig. 10), compatible with the association with hypo-
methylated open active chromatinregions, generally found enrichedin
early-replicating regions*2. We observed a near-uniformdistribution of
mutations across replication timing zones at TARBS with strong deple-
tion of SBS1, which we propose is due to the epigenetic landscape of
prostate cancer, with TARBS found preferentially at hypomethylated
open active chromatin.

Insummary, we found abroad impact of replication and epigenetic
contexts in defining the topographical biases of both cSVs and SNVs,
with AR-mediated somatic alterations strongly linked with early replica-
tion and active transcription and relative depletion of the ubiquitous
SBS1signature.

Diverse signatures converge on eight IMFs

Mutational processes can cause highly complex footprints in the
genome, simultaneously involving signatures of SNVs, indels, SVs and
CNAs. We therefore reasoned that combining all four levels of muta-
tional signature (SBS, ID, CX and cSV) would better characterize the
major mutational processes operating on prostate cancer genomes.

For example, while processes such as chromothripsis and cytosine
deamination can be potentially identified with asingle signature type,
robust identification of most mutational processes depends on multi-
ple complementary mutational signatures, forexample, HRD (SBS, ID,
CX and cSV) and MMRd (multiple SBS and ID signatures).

To this end, we performed hierarchical clustering of the four levels
of mutational signature from 521 samples of patients with CIN with
activities quantified for all four mutational signature types (Extended
Data Fig. 1), identifying eight clusters, which we term IMFs (Fig. 4a,b,
Supplementary Figs.12-13 and Extended Data Fig. 6). These IMFs rep-
resent the key mutational processes operating in prostate cancer. We
quantified IMF activities within each tumour using linear combination
decomposition. Using IMF activities, we pursued multiple association
analyses to characterize the IMF aetiologies, including mutated genes
(Fig.4c), individual mutational signatures, specific chromosomal alter-
ations, DDR pathway deficiencies, HRDetect** (HR deficiency score) and
MSlIsensor-pro** (MMR deficiency score), as well as tumour mutational
burden (TMB), whole-genome duplication (WGD), cell cycle prolifera-
tion, AR pathway activity and hypoxia scores (Extended Data Fig. 7 and
Supplementary Fig. 14).

IMF1 (MMRd) activity correlated with MMRd-related mutational
signatures SBS15,SBS21and ID2 (Spearman’s rho = 0.14, 0.13and 0.69,
FDR-corrected P=0.006,0.01and 1.45 x 1072, respectively; Extended
DataFig.7a).IMF1 had higher activity in cases with microsatellite insta-
bility (Cohen’s d =1.53), mutations in MSH2 (Cohen’s d = 1.32) and defi-
ciency inthe MMR pathway (Cohen’s d = 0.65; Extended Data Fig. 7d).
Together, this supported an aetiology of MMRd for IMF1. Tumours with
high IMF1exhibited a near-uniform mutation rate across the genome
(Extended Data Fig. 5b and Supplementary Fig. 8b).

IMF2 (ROS mutagenesis) was significantly associated with SBS18
(Spearman’srho =0.32, FDR-corrected P=1.56 x 10"%; Extended Data
Fig. 7a), a signature linked with faulty BER and DNA damage induced
by ROS®. In agreement, IMF2 was anti-correlated with hypoxia score
(Spearman’s rho = -0.13, FDR-corrected P = 0.051; Extended Data
Fig. 7b). IMF2 was also associated with SBS8 (Spearman’s rho = 0.32,
FDR-corrected P=1.56 x 102 Extended Data Fig. 7a), a signature with
unknown aetiology but speculated to involve NER*, a repair pathway
that canbe used in response to ROS-based damage*” and late-replicating
errors*®, Both SBS8 and SBS18 were strongly enrichedinlate replicating
regions (Extended Data Fig. 5a).

IMF3 (AR-mediated mutagenesis) displayed several marks of
AR-mediated mutagenesis, including significant correlation with cSV2
and cSV3 (Spearman’srho = 0.34and 0.48, FDR-corrected P=4.02x 1075
and 1.75 x107%°; Extended Data Fig. 7a), and elevated mutation rate at
TARBS (FDR-corrected P=1.61 x 10°, RM2 negative binomial test>; Sup-
plementaryFig.8b).IMF3activities were higherin cases with 7S fusions
(Cohen’sd=0.75,FDR-corrected P=1.65 x 10, Welch’s t-test; Fig. 4c),
with PTEN mutations (Cohen’s d = 0.55, FDR-corrected P=1.93 x 1073,
Welch’s t-test) and with mutations in one of two key AR regulators
TBLIXL1* or ZBTB16>° (Cohen’s d =1.67,1.17; FDR-corrected P=0.02,
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Fig.3|Regional biases of mutational processes actingin prostate cancers.
a,b, SVbreakpointto SBS distance was measured as the percentage of SBS
signatures (vertical axis) with an SV breakpoint within a certain genomic
distanceinkb (horizontal axis). Distance was compared to abootstrap control
(n=1,000) using atwo-sided Kolmogorov-Smirnov test; FDR-corrected
Pvalues (g) areshown. a, Distance analysis of SBS groups and the different SV
classes. SBS signatures are grouped into known aetiologies. b, The distance
analysis of APOBEC signatures SBS2 and SBS13 and the different SV classes
(Supplementary Fig. 6). ¢, Enrichment of simple and complex SVs at six
different genomic features (permutation test, n=10,000). The vertical axis
represents SV classes and the horizontal axis represents genomic features,
including partially methylated domains (PMDs). The significance level (circle
size), FDR-corrected significance (black dot) and effect size (circle colour) were
assessed by permutation-based estimation using zscores.d, The mutationrate
of SBS/ID signatures found to be significantly different between TARBS and

0.002; Welch’s t-test). We also found correlations with clock-like SBS1
and SBS40asignatures (Spearman’s rho = 0.51and 0.50, FDR-corrected
P=3.21x107%,1.92 x10"% Extended Data Fig. 7a).

IMF4 (mitotic defects and replication stress) activity was signifi-
cantly higher in cases with mutations in genes involved in the mitotic
machinery, including CDC16™ (homozygous loss) and MZT2A/B>
and TUBA3D/E*® (homozygous losses, located in close proximity)
(FDR-corrected P < 0.05, Welch’s t-test; Fig. 4c). Moreover, IMF4 dis-
played CNAs linked to replication stress with CX4 (associated with
WGD), CX5 (impaired HR plus replication stress) and CX11 (mid-level
amplifications through replication stress)”, suggesting faulty repli-
cated DNA after replication stress that persists into mitotic defects®.
IMF4 also correlated with SBS37 (Spearman’srho = 0.35, FDR-corrected
P=7.07 x107%), a signature with unknown aetiology that accumu-
latesin late-replicating regions' (Extended Data Fig. 7a), and showed
the highest late-to-early mutation rate ratio among all mutational
footprints (Extended Data Fig. 5b).
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flanks. The numbers represent signature-assigned TARBS and flank mutations
(dotsize). Statistical significance (colour) was calculated using a negative
binomial test with RM23%; FDR-corrected Pvalues are shown. e, SBSI mutation
ratein TARBS, NARBS and genome-wide, calculated as the number of SBS1
mutations per1,000 CpGdinucleotidesintherespectiveregions (two-sided
Poisson tests, comparing the SBS1frequency betweenregions). f, Methylation
levels derived from Oxford Nanopore sequencing, showing the means of
averaged ARBS methylation per case (dotsize). The grey lines connect the
same cases. Two-sided Wilcoxon signed-rank test. g, Schematic of the putative
mechanism causing SBS1depletionin TARBS compared withNARBS. h, The
late to early replication timing (RT) rateratio in genomic regions (bootstrapping
n=10,000). Mut, mutation. For fand h, the box plots indicate the first and third
quartile (box limits) and the median (centre line), and the whiskersindicate
thefirstorthird quartile £1.5x the interquartile range.n =869 (a-c), n =959
(d,eand h) and n =8 (f) tumour samples.

IMF5 (non-canonical impaired HR) had significantly higher activ-
ity in tumours with mutations in CDK12 (Cohen’sd=1.87, P=0.02,
Welch’s t-test; Fig. 4c¢), which has been shown to phenocopy impaired
HRin the absence of mutations in BRCA1/2%. This suggests an aeti-
ology of impaired HR, which we term non-canonical to differentiate
from canonical impaired HR, which typically involves enrichment in
BRCA1/2-mutant cases and a different pattern of DNA damage. In sup-
port, IMF5activities were significantly correlated with cSV4, character-
ized by tandem duplications,and CX2, linked toimpaired HR (Extended
DataFig.7a). Notably, this mutational process was enriched in patients
of Africanancestry (P=5.36 x 1075, n = 32, Fisher’s test; Supplementary
Fig.15), consistent with a previous study finding more tandem dupli-
cations in this group of patients®. We also found IMF5 to associate
with increased hypoxia and TMB, and decreased AR pathway activity
(Extended Data Fig. 7).

IMF6 (replication stress) showed significant correlation with cSV1
(Spearman’srho = 0.78, FDR-corrected P=2.39 x 10'°*: Extended Data
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Fig.7a), asignature linked with chromothripsis and genomic instabil-
ity inlate-replicating regions, proliferation rate and with AR pathway
activity and hypoxia (Spearman’s correlation, FDR-corrected P < 0.05;

Fig.4|Mutational and chromosomal alterationsignatures converge
oneightintegrated mutational footprintsin prostate cancers.a, The
activities of the four mutational signature types across 521 prostate cancer
samples for SBS, ID, CX and cSV signatures. Only samples with more than
100SNVs,10indels, 5SVs and 20 CNAs were included (Extended Data Fig. 1).

b, Hierarchical clustering of samples based on signature activities presented in
a.c,Significant positive associations between IMF and cancer gene alterations.
Atwo-sided Welch’s t-test (FDR corrected) was applied to compare means
across groups. The dot colours denote the strength of differences (Cohen’s d)
inIMF activities of tumour samples with and without alterations in the given
gene. Dot shapes denote the number of mutated samples per gene. Gene
annotations are summarized on the right. Associations with Cohen’sd < 0.5
arenotdisplayed.

Extended DataFig. 7b). Moreover, IMF6 exhibited increased activity in
cases with mutations in SPOPand WNT-pathway genes APCand SOX17
(FDR-corrected P < 0.05, Welch’s t-test; Fig. 4c). SPOP is a ubiquitin
ligase, involved in preventing replication stress and genomic instability,
and SPOP-mutant tumours are associated with dysregulation of PI3K,
AR and WNT signalling®.

IMF7 (APOBEC mutagenesis) was correlated with APOBEC-associated
signatures SBS2 and SBS13, and with impaired HR-related mutational
signatures SBS3 and ID6 (Spearman’s correlation, FDR-corrected
P<0.05; Extended Data Fig. 7a), but showed no elevated activity in
BRCA2-mutant cases. We examined whether these two distinct muta-
tional processes tended to occur simultaneously or separately in the
same tumour samples. To explore this, we evaluated the clonality of
mutations assigned to SBS2/13 or SBS3/ID6 to test which signatures
may have occurred preferentially early in tumour evolution (clonal)
or later (subclonal). We found that APOBEC-related mutations often
occurred clonally, whileimpaired HR mutations appeared subclonally
(Supplementary Fig.16), suggesting that APOBEC mutagenesis was the
main aetiology and that SBS3/ID6 represented separate, subsequent
processes.

IMF8 (impaired HR) was correlated with mutational signatures SBS3,
ID6,cSV6 and CX3 related toimpaired HR (Spearman’s FDR-corrected
P < 0.05; Extended Data Fig. 7a). IMF8 activity was also significantly
higher in cases with BRCA2 mutations, mutations in the HRD pathway
and highHRdetect scores (FDR-corrected P< 0.05, Welch’s t-test; Fig. 4c
and Extended Data Fig.7). Together, this evidence suggests an aetiology
of canonicalimpaired HR.

To determine the dominant mutational process shaping each pros-
tate cancer, we assigned samples to the IMF with the highest activity.
Extended Data Table 1summarizes the distribution of dominant muta-
tional processes across PPCG tumours, highlighting AR, replication
stress and ROS-mediated mutagenesis as the most recurrent mutational
processes (39%, 28% and 21%, respectively; Extended Data Table 1).

Among the 321 non-CIN tumour samples (without CX but with availa-
ble SBS and ID signatures), we reliably assigned a known mutational pro-
cess to 244 of these non-CIN tumours, primarily clock-like mutational
processes (Supplementary Note 5and Supplementary Figs.17-20). Of
the remaining tumours without a detectable mutational process, 62
had low tumour purity (<20%) and low somatic variant burden. Overall,
this results in 837 tumours (85%) with ascertainable signatures in our
cohort (Supplementary Fig. 21).

Insummary, by integrating four different types of mutational signa-
ture, weidentified eight distinct mutational processes that, in combina-
tionwithasubset found in non-CIN tumours, underpin 85% of primary
prostate cancersin our dataset.

IMFs reflect clinical outcomes

We hypothesized that the distinct mutational processes captured by the
IMFs may help explain differences in the age-at-diagnosis and clinical
outcomes observed in patients with prostate cancer.
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Previous studies have shown distinct mutational patterns in
early-onset prostate cancer (55 years of age or younger at time of diag-
nosis)'>*®, but no specific mutational processes have beenidentified in
patients with the late-onset disease. We found that IMF6 (replication
stress) was predominant in late-onset tumours, whereas IMF8 (HRD)
was enriched in early-onset cases (FDR-corrected P=3.58 x10™*and
P=0.0107, respectively, Fisher’s exact test; Extended Data Fig. 8a).
Age was strongly correlated with cSV1, a key signature defining IMF6
(Extended Data Fig. 8b-d and Supplementary Figs. 22 and 23), and
late-onset tumours frequently had alterations in replication-stress
genes, including somatic variants in SPOP (n=39) and RIFI (n=35),
germline variants in RECQL4 (n=4) and somatic MYC amplifications
(n=40; Extended DataFig. 8e). These findings support the presence of
aunique subset of patients with late-onset prostate cancer dominated
by replication-stress processes.

To dissect the clinical heterogeneity of prostate cancer, we per-
formed multivariate Cox proportional hazard analyses to compare
metastasis-free survival (MFS) among patients according to their domi-
nant IMF (Fig. 5a, Extended Data Table 1 and Supplementary Table 2),
using patients with low chromosomal instability (non-CIN cases) as
the reference group in the survival analyses given their reduced risk
of disease progression compared with patients with genomically
unstable tumours (Extended Data Fig. 9). Tumours primarily driven
by either ROS-mediated mutagenesis (IMF2; hazard ratio =5.26,
P=1.4x10"* Wald test), AR-mediated mutagenesis (IMF3; hazard
ratio =4.05, P=0.0019, Wald test), non-canonical impaired HR (IMF5;
hazardratio=7.17,P= 0.006) or canonical impaired HR (IMF8; hazard
ratio =5.8,P=4.1x107*, Wald test) presented a high risk of metastasis,
independent of age at diagnosis, Gleason grade group, replication
timing ratio, tumour stage and TMB. MMRd (IMF1) and replication
stress (IMF4 and IMF6) did not confer increased risk of metastasis com-
pared with non-CIN cases. Notably, we found that IMFs were also able
torisk-stratify patients withinintermediate-risk Gleason grade groups
GG2 or GG3, with GG2 tumours showing significantly increased risk
withIMF8, and GG3 tumours with IMF2, IMF3 or IMF8 (Supplementary
Fig.24).Increased late-to-early replication timing ratio was associated
with a decreased risk of metastasis (Fig. 5a), and with decreased bio-
chemical recurrencerisk in an external cohort (Supplementary Fig. 25).
A similar Cox model analysis using individual mutational signatures
did not reveal strongrisk associations (Supplementary Figs. 26 and 27).

To determine whether intratumoural heterogeneity was also
reflected in the dominant mutational processes, we analysed the muta-
tional processes in an expanded series of tumour regions from four
patients from PPCG with a high degree of intratumoural heterogene-
ity based on pathology reports (Fig. 5b and Supplementary Fig. 28).
One patient (PPCGO0851) had two genetically unrelated and spatially
confined tumour fociwith entirely distinct mutational processes. Two
further patients (PPCG0056 and PPCG0440) exhibited both shared and
regionally localized mutational processes, whereas all five analysed
tumour samples in another patient (PPCG0058) were dominated by
IMF3. Notably, we identified a tumour area (T1) defined by IMF2 in
PPCG0440,amutational process linked to ROS mutagenesis and altered
oxygen metabolism.

We next sought to investigate whether the IMFs could also inform
therapy selection in metastatic disease, in which the clinical need
for robust predictive biomarkers is most urgent. To examine this, we
used aWGS cohort of metastatic castration-resistant prostate cancers
(mCRPC) from the Hartwig Medical Foundation study®. mCRPC is an
advanced, lethal stage of prostate cancer where tumours progress
despite androgen deprivation therapy (ADT). Current management
relies on the sequential or combined use of AR pathway inhibitors
(ARPIs) and taxane-based chemotherapies on a continuous ADT
backbone. As the transition to second-line treatment often involves
anempirical switchbetweenthese agents, we used this setting to evalu-
ate the predictive power of IMFs. This context enabled us to control for
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first-line therapy and determine whether IMFs could independently
predict response to the subsequent ARPI or taxane.

Overall, 240 patients from HMF with sufficient data were available
for our analyses (Methods). Using these data, we conducted a target
trial emulation design to mimic phase Il randomized controlled bio-
marker trials®, with patients stratified by median IMF activity. Patients
were randomized in silico to an ARPI- or taxane-based regimen, with
timeto treatment failure (TTF) asthe primary end point. Power analy-
ses supported testing of IMF1, IMF4, IMF5 and IMF6 (Supplementary
Tables 3 and 4), with IMF6 subsequently showing predictive capacity
(Fig.5c and Supplementary Table 5). In patients predicted to be sensi-
tive (IMF6 > median), ARPI treatment was associated with a signifi-
cantly reduced risk of treatment failure compared to taxane (hazard
ratio = 0.21, 95% confidence interval (CI) = 0.05-0.79, P= 0.021, Wald
test), whereas no significant difference was observed among patients
predicted to be resistant.

In summary, IMFs not only stratify clinical outcomes but also show
potential to predict therapeutic response in the metastatic setting,
supportingtheir relevance for patient stratification and disease man-
agement. Asour trial emulation analyses are retrospective and obser-
vational, with limited subgroup sizes, these findings should be viewed
as hypothesis generating and warrant prospective biomarker-driven
validation.

Discussion

The complete landscape of mutational processes in prostate cancer
and how they contribute to clinical outcomes has remained unclear.
Efforts have focused on characterizing and risk-stratifying patients with
HRD owing to the increased risk and therapeutic potential. However,
fewer than 3% of primary prostate cancers exhibit a deficiency in this
repair mechanism®. Here we performed a large and comprehensive
examination of the mutational processes shaping the genomes of
961 primary prostate cancers with diverse histopathological stages
and clinical outcomes. We leveraged all genomic variants captured
by WGS to dissect the genomic footprints caused by different muta-
tional processes within the tumour. Through integrated analyses of
multiple signature modalities including six novel cSV signatures, we
identified eight mutational processes in prostate cancer that, together
with clock-like mutational processes in non-CIN tumours, were able to
explain the mutational processes underpinning genomic alterations
in 85% of primary prostate cancers.

A key driver in prostate cancer is AR, the activity of which is muta-
genic™*%, We found that mutations in more than a third of prostate
cancer genomes with CIN were largely attributed to IMF3 (Extended
Data Table 1), linked with AR-mediated mutagenesis. We observed
substantial biases in the regional distribution of both SNVs and SVs,
and we provide evidence that this is mainly driven by differences in
replication timing, DNA methylation and AR binding, exceptin tumours
with MMRd, which showed a nearly uniform distribution of SNVs,
consistent with replication-coupled MMR with higher efficiency in
early-replicating regions®. Signatures of MMRd, associated with repli-
cative slippage and formation of microsatellite instability were detected
with a prevalence similar to previous studies and with adominance of
mutations in MSH23. Although IMF1 (MMRd) tumours exhibited CIN,
we also found signatures of MMRd in chromosomally stable tumours.

Our study also identified a pervasive role for replication stress in
prostate cancer, with dysfunctional DNA replication as the dominant
mutational process in 28% of prostate cancers with CIN (IMF4 and
IMF6). Although prostate cancer is generally considered to grow slowly,
itmay follow a pattern of punctuated equilibrium, where long periods
of slow growth and relative genomic stability areinterrupted by short
episodesinvolving accelerated proliferation, genomicinstability and
replication stress™>*®* Similar findings have been madein breast can-
cer, another hormone-sensitive cancer®.
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Fig.5|Eight dominant mutational processes explain the clinical
heterogeneity in prostate cancer.a, MFS in PPCG samples with CIN stratified
on the basis of their dominant mutational process. Kaplan-Meier curves

(left) and atwo-sided Cox proportional hazards model (right), showing MFS by
dominant IMF. Pvaluesin the Kaplan-Meier curves were estimated using the
log-rank test. The Cox proportional hazard model was corrected for the age at
diagnosis, Gleason grade group, tumour stage, TMB and late-to-early mutation
rate.Non-CINsamples (n=321) were used as the reference group. The dots
represent the mean hazard ratios and the bars represent the 95% CI.*P< 0.05.
b, Theactivity levels of the eight IMFsin spatially confined tumour samples
collected from the same patient. The black dots denote the dominant IMF per

Although our study was not designed to develop a biomarker for
risk stratification, we found that the IMFs were able to stratify primary
prostate cancers that developed metastases. Using an approach to
emulate phase Ill randomized control biomarker trials that we recently
pioneered®®, we showed that IMF6 activity was predictive of reduced
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sample. Intratumour heterogeneity across patient samples was evaluated
usingJaccard’s distance (Supplementary Fig. 28). ¢, Assessment of IMF-

based biomarkers for predicting therapy responsein areal-world cohort of
metastatic prostate cancer cases. Performance was assessed by emulating
phaselllrandomized control biomarker trials. Kaplan-Meier curves show the
TTF between patients with metastatic prostate cancer treated with second-line
ARPIs or taxanesinbiomarker-positive and biomarker-negative arms. Pvalues,
hazardratiosand 95% Cls were estimated using two-sided Cox proportional
hazard models stratified by first-line therapy. No TTF differences were
observed between patients treated with taxanes and ARPIs at the second
treatment line (Extended DataFig.9). RCT, randomized controlled trial.

risk of treatment failure following ARPI. IMF6 is linked to SPOP muta-
tions and replication stress, which corroborates recent findings of
improved ARPIresponse in SPOP-mutated mCRPC® and may extend the
scope of prediction beyond isolated SPOP-mutation-based approaches.
Notably, only seven patients in the HMF cohort had SPOP alterations,
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two of whomreceived these therapies at second line, further support-
ing that the predictive power of IMF6 is not limited to, but extends
beyond, SPOP-mutated tumours. While these findings are encouraging
towards addressing an urgent clinical unmet need, more extensive and
well-powered prospective biomarker-driven studies are warranted.

Our study is not without limitations. For example, our approach is
focused onidentifying mutational processes causing alterations of the
genome. Across the cohort, weidentified 8.6% of primary prostate can-
cer samples without any detectable mutational processes, and found
22%to be non-CIN with primarily clock-like mutations. Several known
oncogenic mutational processes involve dysregulation of epigenetic
and/or transcriptional programs, and it is interesting to speculate thata
subset of primary prostate cancers might be driven by such non-genetic
processes. In support, a recent study found that epigenetic modifi-
cations, mediated by transcriptional silencing by Polycomb group
proteins, could promote cancer initiation in an animal model system®’.

Together, our findings highlight that the complex nature of muta-
tional processes, which often involve multiple types of genomic
alterations (SNVs, indels, CNAs and SVs), requires a comprehensive
integrative approach for accurate identification. We provide compel-
ling evidence that such an approach is essential for deciphering the
mutational processes shaping prostate cancers and for identifying
patients developing more aggressive disease. Looking ahead, our study
supports the implementation of WGS in clinical practice to improve
risk stratification and potentially drive the development of predictive
biomarkers for targeted therapy response.
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Methods

PPCG cohort, WGS and variant calling

We used data from the PPCG consortium of primary prostate cancer
samples fromatotal of 1,001 prostate cancer donors with 1,172 tumour
samples. Informed ethical consent was obtained at clinical follow-up,
and was consistent with local research ethics and International Cancer
Genome Consortium (ICGC) guidelines (https://icgc.org/). Ethical
approval was obtained from local research ethical committees (details
are provided in the Supplementary Methods).

Analysis of SVs from genomic data

Simple and complex SV classification method. We conducted SV
classification on the PPCG cohort using the cSVc tool'®, including also
SVsnear TARBS and chromothripsis, both abundantin prostate cancer.
First, exact breakpoint estimation from our WGS short-read sequenc-
ing data was conducted by using split-read information. Specifically,
for each sample, we used the median of soft-clipped reads from the
corresponding tumour BAM file to obtain corrected breakpoint posi-
tions. Next, we used ClusterSV*® to obtain clusters of SVs from the cor-
rected SV data and we also used Battenberg®® to obtain segmented CN
files fromtumour and normal read coverage files. For each sample, we
generated CN files segmented by corrected SV breakpoints by using
the corrected SV data, the CN segmentation file, CN coverage and the
tumour BAM file. Finally, we conducted simple and complex SV clas-
sification (chromothripsis excluded) using the CN-SV segmentation
filetogether with the corrected SV file, ClusterSV file and information
about ploidy and purity.

To classify chromothripsis on the PPCG cohort, we used Shatter-
seek v.0.4, using SVand CN data. We used Shatterseek’s recommended
cut-off criteria to obtain high-confidence calls®. Multiple-testing cor-
rectionwas performed onthe Pvalues of three statistical tests indicative
of chromothripsis (breakpoint enrichment test, exponential clustering
test and the fragment joins test) and we used a g-value cut-off of 0.2
for the chromothripsis calls on each chromosome to confine the final
high confidence call set.

To obtain the final SV dataset we merged the chromothripsis call
set with the remaining simple and complex SV call set. Specifically,
we merged calls only if aminimum of 90% of SV call sets spanning the
chromothripsis cluster were marked as Complex Unclassified.

Tandem duplication detection. The presence of TDP samples was
assessed by using three criteria described previously’. The criteria
involve the proportion of tandem duplications, the total tandem dup-
lication countand a TDP score™:

Zi |ObS, - EXpi'

TDP =-
score )

Foragivensample, Obs;denotes the observed tandem duplications
for chromosome i, Exp;denotes the expected tandem duplications for
chromosomeiand TDis the total number of tandem duplications. We
calculated Exp;by counting the tandem duplications per chromosome
among all samples and dividing this by the sample size. Together, we
classified TDP samples when the following criteria were met: tandem
duplication proportion > 20%, total tandem duplication count > 50,
and TDPscore >-1.

Enrichmentanalysis of SV classes at specific genomic features were
performed using a permutation testing framework as described inthe
Supplementary Methods.

De novo extraction and assignment of mutational signatures
SBS and ID signatures. For the de novo extraction of SBS and ID sig-
natures we considered high-accuracy SNVs and stringently filtered

(Tier1) high-accuracy indels called and quality controlled as described
previously*. SBS signatures were extracted de novo using SigProfiler-
Extractor (v.1.1.23)”%. De novo extraction of SBS signatures (96 channels)
and ID signatures (83 channels) was performed for 3 to 25 signatures for
SBSand1to 25signatures for ID using the following parameters: nmf_
replicates=500;nmf _init = “random”;min_nmf iterations=10,000;max_
nmf_iterations=1,000,000;export_probabilities=True;make_decom-
position_plots=True;get_all_signature_matrices=True. We then decom-
posed every set of signatures (3 to 25 signatures for SBS and 1to 25
signatures for ID) independently to known COSMIC signatures (v.3.4
for SBS and v.3.3 for ID) using the default parameters of the decom-
pose_fit function of SigProfilerExtrator. To find the optimal number of
SBS or ID signatures, respectively, we investigated each obtained set of
signatures based onanumber of features (Supplementary Methods).

Structural variant signatures (cSV). We extracted SV signatures
by incorporating a non-negative matrix factorization (NMF) frame-
work onto specific feature counts of the SV data. For deletions and
tandem duplications, we grouped the SV classes into four different
size groups: 0-50 kb, 50-500 kb, 500 kb to 5 Mb and >5 Mb. Each of
these groups was further subdivided on the basis of breakpoint occ-
urrence at distinct replication timing regions (early, mid and late) by
applying bedtools pairToBed between SV dataand replication timing
data (see the ‘Enrichment analysis of SV classes at specific genomic
features’section of the Supplementary Information for details about
assessment of replication timing status). In the same manner, we also
incorporated agroup that captured deletions and tandem duplications
occurring at fragile sites (see the ‘Enrichment analysis of SV classes at
specificgenomic features’ section of the Supplementary Information
for details about fragile site data). For balanced inversions, and the
two local 2-jump classes Dup-invDup and Loss-invDup, we created
two groups based on size with a100 kb threshold. Templated inser-
tion groups (chains, cycles and bridges) were divided by a 5 kb size
threshold. Lastly, we included two novel features compared to a pre-
vious study’®, including chromothripsis and SV breakpoints in close
proximity to TARBS, a unique feature of prostate cancer genomes.
We counted SV breakpoints occurring at TARBS regardless of SV class
(see the ‘Enrichment analysis of SV classes at specific genomic fea-
tures’ section of the Supplementary Information for details about
TARBS data). These groups were converted into a matrix that was used
as input for the NMF (NMF package in R)”. For finding the optimal
number of SV signatures, we applied a procedure used for finding
the optimal number of rearrangement signatures in the Palimpsest
R package™. In brief, based on 100 iterations, we determined the
index for which the cophenetic values had the steepest decrease and
used that index as the number of signatures. We normalized the SV
signature values by dividing each valueinarow with the row sumand
subsequently visualized these values with ggplot2. We also extracted
cSVs from WGS data of the HMF-Prostate cohort to quantify cSV sig-
natures (see the ‘Processing genomic data from the HMF-Prostate
cohort’ section).

CX signatures. CX signatures were identified and quantified from
absolute copy-number profiles as previously described” (Supplemen-
tary Methods).

We computed the genome-wide distributions of the five fundamental
copy-number features for each sample (the segment size, the difference
incopy-number between adjacent segments, the lengths of oscillating
copy-number segment chains, the breakpoint counts per 10 Mb, and
the breakpoint counts per chromosome arm). Feature distributions
observed in the cohort were then deconstructed into a total of eight
signatures by applying a NMF. All of these signatures were already pre-
sentin the pan-cancer compendium of CX signatures” (cosine similar-
ity > 0.85). Thefinal signature activities for all samples were computed
using the linear combination decomposition function from YAPSA™


https://icgc.org/

(R package, v.1.12.0) on the feature component-distributions given a
predefined signature matrix. To ensure the robustness of the signature
activitiesand to enable trustin small signature activities, weidentified
signature-specific thresholds by following the same procedure as in
our previous work”. We next set activities to zero if they were below the
signature-specific threshold. The sample-by-activity vector was finally
normalized per sample. This approach was also applied to quantify
CXsignatures in the HMF-Prostate cancer cohort (see the ‘Processing
genomic data from the HMF-Prostate cohort’ section).

Identifying integrated mutational footprints

We performed clustering of patient tumours defined by the com-
plete spectrum of signatures to characterize the main mutational
processes driving prostate cancer. For each sample, we combined
the activities of each of the different types of mutational signatures
into a single vector for clustering input, whereas only signatures
being active in any of the clustered samples were considered. The
datawerescaled and centred before clustering, whichwas performed
independently for samples with CIN and without CIN (non-CIN). Given
thatall tumours share a core set of clock-like mutational signatures®
complemented with more distinct mutational processes during
tumorigenesis, we opted to use hierarchical clustering given the
natural hierarchical structure of the data. We tested abroad range of
clustering parameters and empirically determined that the Ward-D2
algorithm in combination with Manhattan distance best identified
known biological features of our cohort. This approach has also
been chosen in other studies’”” to prioritize robust identification
of known biology. Inthe case of clustering CIN samples, we excluded
samples with fewer than 100 SNVs, fewer than 10 indels, or fewer than
5SVs. We identified eight clusters of CIN samples (Fig. 4b) based on
(1) the obtained minimum, median and maximum cluster stability
metrics (Supplementary Fig. 12); (2) the silhouette scores in sam-
ples (Supplementary Fig. 13); and (3) biological expert knowledge.
Each of these clusters characterized a distinct mutational process
represented by the integration of mutational signatures. Thus, we
referred to these processes as IMFs. In the case of non-CIN samples,
we excluded samples with less than 100 SNVs, or less than 10 indels
(244 cases; Supplementary Fig. 17). As performed for CIN samples,
we explored cluster stability metrics to select 4 clusters for non-CIN
samples (Supplementary Figs. 18 and 19).

To quantify the activity of the eight IMFs in a given tumour, we first
generated an IMF definition matrix, where each IMF was defined across
the 46 multi-signature space (22 SBS,10ID, 8 CX and 6 cSV signatures).
This was done by averaging the multi-signature activities across all
samples within each cluster (Extended Data Fig. 6). Then, given the
IMF definitions, we applied the linear combination decomposition
function from YAPSA” to the multi-signature vector for each tumour
to compute the activity of each of the eight IMFs in the tumour sample.
The resulting IMF activity vector is then normalized tosumto1.

After quantifying the activities of the IMFs, each sample was classi-
fied accordingtoits dominant mutational process, defined as the IMF
with the highest activity. This stratification was applied for testing the
potential of the IMF as biomarkers for predicting metastasis occurrence
and treatmentresponse (see the ‘Predicting clinical outcomesin cases
of primary prostate cancer’ section).

Linking mutational processes with genomic features
Here we performed association analyses between activities of the inte-
grated mutational footprints and different genomic features. We also
correlated each individual mutational signature (SBS, ID, cSV and CX
signatures) with different genomic features (detailed below). Only
samples with available calls for a specific mutational signature and
genomic feature were included in each analysis.

Spearman’s correlation was applied to test the correlation of IMF
activities with the 44 individual mutational signatures. All P values

were corrected for multiple testing using the Benjamin-Hochberg
method (Extended Data Fig. 7a).

Selection of 1,747 genes of interest. We compiled alist of 1,747 genes
by integrating and curating the annotations provided in refs. 78-81.
Thissetof genesincluded driver genes recurrently altered in prostate
cancer?®, known pan-cancer driver genes, as well as genes reported
to be involved in DNA damage response and repair (DDR) pathways,
DNA replication, the cell cycle and chromatin organization. For all
1,747 genes, we identified their transcriptional start sites (TSS) on a
GRCh37reference genome using ENSEMBL. We selected the canonical
TSSforeach gene.

Mutation status of genes of interest. For each gene, we integrated
germline and somatic alterations for classifying samples as mutant
using the following criteria.

Oncogenes: samples with amplifications and somatic mutations
that did not result in the truncation of the oncogene were classified
as mutant. For oncogenes located in autosomal chromosomes (that
is, SPOP, IDHI and MYC), amplifications were considered in cases in
which the copy-number value at the transcriptional start site exceeded
the sample ploidy by at least two copies. For oncogenes located in
sex chromosomes (AR), the threshold was adjusted to require a gain
of at least two copies more than the ploidy - 1. Given that the ampli-
fication of the enhancer region is frequently observed to be ampli-
fied after ADT treatment®, we scanned a genomic region consisting
of 0.5 Mb before the TSS and 1 Mb after the coding region of the AR
oncogene.

Tumour suppressor genes: only samples with biallelic inactivation
or homozygous deletion (copy-number value < 0.5) of the gene were
considered as mutant, with the following exceptions: (1) for TP53,
samples with germline variants or single hotspot driver mutations;
(2) for CDK12, samples with single hotspot driver mutations; and (3) for
DDR-related genes, samples with germline variants due to its impact
on cancer risk. For BRCAI mutants, we also evaluated the presence of
reversion mutations rescuing the HRD phenotype. Rescue was defined
by amutationin either TBS3BPI1, RIFI or MAD2L2%*%5, None of the BRCAI
mutant samples presented reversion mutations.

To test for differences in signature activities between samples with
and without mutationsinany of the 1,747 key genes, we divided the sam-
plesinto two groups: one group with amutation and one without. We
then used Welch’s t-test to performa test of equality of means between
the two groups. Only positive associations were shown to mitigate
compositional data effects. To ensure high-confidence associations,
we discarded gene associations lacking a moderate/large effect size
(Cohen’s d < 0.5). Finally, we further filtered out genes with less than
three samples mutated for IMF associations (Fig. 4¢).

Inthe case of individual mutational signatures, we limited the associa-
tion analysis to well-known prostate cancer genes® filtered out genes
with less than ten samples mutated, and the analysis was performed
for the whole cohort and also after stratifying samples on the basis of
age at diagnosis (Fig. 2d and Supplementary Fig. 29).

Deficiency in DDR mechanisms. Here we evaluated differences in
signature activity between samples deficient and proficient for five
different DDR mechanisms: HR, MMR, NHE]J, NER and BER. To do so,
we first evaluated the mutation status of genes involved in each DDR
pathway. Samples with inactivation of at least one of the DDR-related
genes were classified as deficient; otherwise, as proficient. The genes
evaluated for each repair pathway were as follows: HR: BRCA1, BRCA2,
PALB2; MMR: MLHI1, MSH2, MSH6, PMS2; BER: MUTYH, NTHL1, POLD1,
POLE, WRN; NHEJ: NBN, RAD50, ATM; and NER: DDB2, ERCC2, ERCC3,
ERCC4, ERCCS, POLDI, POLE, XPC, XPA, CUL3.

For eachrepair mechanism, Welsh'’s ¢-tests were performed to com-
pare signature activities between deficient and proficient samples.
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Pvalues were corrected for multiple testing using the Benjamini-
Hochberg method. Cohen’s d was computed to assess the size of the dif-
ference between groups (Fig. 2e, Supplementary Fig. 22 and Extended
DataFig.7).

Assigning mutational signatures to mutations. For each mutation
typeinasample, SigProfilerExtractor’> outputs the posterior probabil-
ity of amutationbeing generated fromasignature given the mutation
type. The probability is computed by SigProfilerExtractor from the
estimated exposure of each signature in the sample, trinucleotide
profilers of the de novo extracted signatures, and the abundance of
each mutation type in the sample. The SigProfilerMatrixGenerator
package was used for classifying SNVs into 96 categories and for clas-
sifying indels into 83 categories based on the sequence context®. We
then assigned mutations to the signature with the highest probability
given their mutation type, as previously done in other studies® . We
note that flat signatures, such as SBS5 and SBS40a, are intrinsically
difficult to distinguish because their trinucleotide profiles have low
information content and high similarity to one another'**°,

WGD. To test whether the WGD status associated with the activity of a
signature, we compared activities between samples with and without
WGD by applying a Welch’s ¢-test. Only samples with activities higher
than zero were included in the analysis. P values were corrected for
multiple testing using the Benjamini-Hochberg method. Cohen’s d
was computed to assess the size of the difference between groups
(Extended DataFig.4b).

Whole-chromosome CNAs. Copy-number segments were classified
asawhole-chromosome alteration ifit was larger than 95% of the whole
chromosome length covered and had a copy-number value greater
or smaller than 2. We then compared signature activities between
samples with and without whole-chromosome CNAs using a Welch’s
t-test. Pvalues were corrected for multiple testing using the Benjamini—
Hochberg method. Cohen’s d was computed to assess the size of the
difference between groups.

Focal amplifications. Focal amplifications were defined as seg-
ments with a copy-number value equal or higher than 8. We then
compared the activities of signatures between samples with and
without focal amplifications using a Welch’s ¢-test. P values were cor-
rected for multiple testing using the Benjamini—-Hochberg method.
Cohen’s d was computed to assess the size of the difference between
groups.

Microsatellite instability. Microsatellite instability (MSI) was evalu-
ated using MSlsensor-prov.1.3.0 with the default parameters**. Inbrief,
MSlIsensor-pro scan was first executed on the reference genome to
obtain homopolymers and microsatellites. Next, MSIsensor-pro was
applied on tumour and normal BAM files with the homopolymer and
microsatellite information file, and with coverage threshold set to 15
and coverage normalization set to 1. Samples with ascore higher than
10 were considered as MSI-Hi.

HRDetect. We used HRDetect* to detect the presence of samples with
HRD. In brief, we combined all four mutation data type (SV, CNA, SNV
andindels) asinput for HRDetect to infer six HRD-associated features
(microhomology deletions, SBS3 and SBS8 signature, SV3 and SV5
signature). These features were then used to compute an HRD prob-
ability score using the default parameters. We considered all samples
with a probability score > 0.7 to have HRD.

Kataegis. The detection of kataegis was performed as described
previously?**. We counted the number of kataegis events per sam-
ple and tested the Spearman correlation to the signature activities.

Multiple-testing correction was performed according to the Benjamini-
Hochberg method.

Cell cycle progression scores. RNA-sequencing (RNA-seq) data were
processed and harmonized before downstream analysis as described
previously?*. For this analysis, we used the high-confidence set of gene
expression data (tier 1) RUV-II PRPS-normalized data (v.1.4/K10). Cell
cycle progression (CCP) scores, also known as Prolaris scores, were com-
puted for each sample. For each of the 31 genes in the CCP signature®?,
log,-normalized expression values were centred and scaled relative
to the median expression of the specific gene across all samples. The
resulting values were then summed to produce asingle CCP score per
sample. All 31 signature genes were available in the tier 1 data release
used for this analysis.

AR pathway activities. The pathway scores were computed from AR
and prostate cancer-related gene sets using the singscore package
(https://doi.org/10.18129/B9.bioc.singscore) v.3.21 as described in
our companion paper® using the singscore HALLMARK_ANDROGEN _
RECEPTOR as arepresentation of AR activity.

Hypoxia scores. A hypoxia score was computed as described in our
companion paper? using the ‘Buffa” hypoxia signature®. In brief, the
hypoxia score was computed for each RNA-seq sample by median-
centring gene expression across the cohort, scaling to unit variance
and summing across signature genes to yield a single hypoxia score.

ARBS mutation rate enrichment. Chromatinimmunoprecipitation—
sequencing (ChIP-seq) data of prostate tumour-specific AR binding
(TARBS, 9,181 sites), normal prostate-specific AR binding (NARBS,
2,690 sites), FOXAI (19,735 sites) and HOXB13 (66,104 sites) were
obtained fromref. 12. TARBS were overlapped with FOXA1 ChIP-seq
peaks and HOXB13 ChIP-seq peaks to obtain co-binding sites (Sup-
plementary Fig. 11a). Assay for transposase-accessible chromatin us-
ing sequencing (ATAC-seq; 111,884 sites) data were obtained from
ref.92. ATAC-seq peaks were overlapped with TARBS to obtain TARBS*
ATAC-seqsites. ATA-seq peaks without TARBS overlap were sampled
without replacement by selecting sites that match the ATAC-seq signal
of each TARBS® ATAC-seq site—this forms a set of TARBS™ ATAC-seq
sites with matching site number and ATAC-seq signal distribution
for comparison to TARBS" ATAC-seq sites (Supplementary Fig. 7c).
Similarly, TARBS were downsampled to match the number and ATAC-
seq signal of NARBS for an additional validation (Supplementary
Fig. 7b). Chromatin state data were obtained from ref. 34. Enhancer
regions were overlapped with TARBS to obtain aset of TARBS* enhanc-
ers, and enhancers without TARBS overlapped were sampled to the
same number as TARBS™ enhancers for comparison (Supplementary
Fig.7d).

To analyse mutation rate uniformly, we defined ARBS to be 400 bp
regions using the midpoint of each ChIP-seq peak as the midpoint
of each site. 400 bp is the median of ChIP-seq peak length. We also
observed that the mutation rate starts to increase around the 400 bp
boundary.400 bp flanks on both sides of the defined ARBS were used
as control. A negative binomial regression model, RM2 (ref. 35), was
used to compare ARBS mutation rate to flanking regions. Sequence
trinucleotide ratio and megabase-scale background mutation rate
were accounted for as covariates in the model. Mutation rate of SBS
and ID signatures was calculated by considering subsets of mutations
assigned to individual signatures. ARBS mutation rate analysis was
performed on samples with atleast 100 SNVs, excluding samples with
all SNVs attributed to artifact signatures (n = 959).

ARBS methylation level. Eight samples were sequenced on the Oxford
Nanopore Promethion N24 machine. Methylation levels were called
using the modkit package (https://github.com/nanoporetech/modkit)
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and methrix package (https://github.com/CompEpigen/methrix).
Uncovered sites and sites overlapping SNPs were removed, as well as
sites withacoverage below20xin 6 out ofthe 8 samples. Ineachsample,
the methylation level of each CpG site was calculated as the number
of methylated reads divided by the total reads. The get_region_sum-
mary functionin methrix was then used to generate average methyla-
tion levels of CpG sites located in TARBS and NARBS in each sample.
Two-sided Wilcoxon rank-sum tests were used to compare TARBS and
NARBS methylation levels.

Replication timing-mutation rate association. Early, mid and late
replication timing regions were defined as described in the ‘Enrich-
mentanalysis of SV classes’ section of the Supplementary Information.
For each sample, the mutation rates of each replication timing were
calculated as the number of SNVs and indels per Mb. replication timing
associations were calculated as the ratio of late to early mutation rates.

To account for sequence-context biases that may differ across rep-
lication timing regions, we generated an expected background using
SigProfilerSimulator. Within each sample, SNVs and indels were ran-
domly assigned to anew genomic position that preserved their original
context (trinucleotide for SNVs and indel-context class for indels).
The expected mutation rates for replication timing regions were then
computed from the simulated mutations (SNVs +indels per Mb), and
asimulated late-to-early replication timing ratio was derived for each
sample. Corrected replication timing ratios were obtained by dividing
the observed late-to-early ratio by the corresponding simulated ratio.
When estimating replication timing association of individual samples,
two screening steps were implemented to avoid unreliable estimation
of replication timing association due to low mutation number. Firstly,
samples with less than100 mutations were excluded, secondly, samples
with less than 10 mutations in either early or late replication timing
regions were excluded (n=959).

Replicationtimingassociation of SBS and ID signatures of individual
samples was estimated by considering subsets of mutations assigned
to each signature as described in the signature assignment section.
The same mutation number screening procedure was applied. For
background correction in signature analyses, Sigprofiler simulated
mutations were assigned to their most probable mutational signa-
ture using the same procedure applied to observed mutations and
signature-specific corrected replication timing ratios were computed
analogously.

Owingtolow mutation countsinindividual samples whenrestricting
regions to TARBS or NARBS, regional mutation rates were estimated by
summing mutations from all samples. A genome mutation rate for all
sampleswasalso calculated with the same method applied to compare
with TARBS and NARBS. TARBS/NARBS replication timing mutation
rates for each IMF were calculated by summing mutations from all
samples belonging to each IMF.

Signature timing. To investigate the temporal dynamics of APOBEC-
and HRD-associated mutagenesis in prostate tumours with evidence
of IMF7 activity, we requantified the contributions of SBS2, SBS13
(APOBEC), SBS3 and ID6 (HRD) in clonal and subclonal epochs. For
each donor, clonaland subclonal mutations were analysed separately
and signature activities (A jn, aNd Agpaona r€Spectively) were estimated
using non-negative least squares (NNLS; R nnls package v.1.5), follow-
ing the framework applied in PCAWG®. To compare activity between
epochs, we calculated a fold change (FC) statistic for each signature,
defined previously®:

EC= (Asubclonal/(l - Asubclonal))
(Aclonal/(1 - Aclonal))

where Ao and Agcona Fepresent the re-estimated activities in the
clonal and subclonal epochs, respectively. This statistic reflects

dynamic changes in signature activity, with FC >1indicating higher
activity in the subclonal period.

Predicting clinical outcomesin cases of primary prostate cancer
Preparation of clinical data. The collection and harmonization of clini-
cal datafrom the PPCG cohortis described previously* (Supplementary
Table 5). Histopathological data included tumour stage and Gleason
grade group. Tumour stages were simplified by omitting additional
stage identifier after the mainidentifier (that is, stage T3b was simpli-
fied tostage T3). For survival analyses, tumour stage was then catego-
rizedinto three groups (T2, T3and T4); Gleasongrade group (GG)1to 5
was divided into two groups (<2 and >2); and age at diagnosis was split
into two categories (<55 and >55 years). MFS was used as the primary
end point for testing prognostic utility of mutational scenarios. MFS
was defined as the number of days from the date of sample collection
and to the date of first metastasis.

Survival analyses. Kaplan-Meier estimates (function survfit fromthe
survival®* R package) and two-sided Cox proportional hazard models
(function coxph from the survminer® R package) were used for survival
analysis across patients based on their dominantintegrated mutational
footprint (IMF; see the ‘Identifying integrated mutational footprints’
section). Cox proportional hazard models were corrected by age at
diagnosis, tumour stage, TMB, late-to-early mutationrate and Gleason
grade. Wald test was used to evaluate statistical significance of regres-
sion coefficients obtained from Cox proportional hazard models.

Given the well-known clinicalimpact of CIN%, we first evaluated dif-
ferences in MFS between tumours with (=20 CNAs) and without (<20
CNAs) detectable CIN (Extended Data Fig. 1). As expected, tumours
without CIN showed longer MFS times compared to tumours with CIN.
Therefore, tumours without CIN were used as reference in the survival
analysis comparing MFS across dominant IMFs (Extended Data Table1).

Furthermore, survival analyses were also performed based on the
activities of individual signatures within each tumour. Two-sided Cox
proportional hazard models were performed for the whole cohort,
and after stratifying samples by the presence or absence of CIN. Cox
proportional hazard models were thus used to evaluate the predic-
tion capacity of each mutational signature for MFS (Supplementary
Fig.26).Inthis case, the study site (country) of originwas alsoincluded
as covariate to avoid putative batch effects. To ensure robust associa-
tions, we filtered out signatures active in less than five samples and
only included samples with a minimum number of somatic altera-
tions per type (=100 SNVs for SBS signature association analyses, >10
indels for ID signatures, =5 SVs for cSV signatures and 220 CNAs for
CXsignatures).

Associations with clinical variables. To test for associations between
signatures and clinical variables, we applied aWelch'’s ¢-test to compare
signature activities betweensamples that did and did notacquire meta-
stasis, as well as between samples with low (<2) and high (>2) Gleason
grade groups (Supplementary Fig. 27) and study site of tumour col-
lection (Supplementary Fig. 30). Pvalues were corrected for multiple
testing using the Benjamini-Hochberg method, while Cohen’s d was
computed to assess the size of the difference between groups. Compari-
sonanalyses were performed for the whole cohort and after stratifying
samples based on the presence of CIN. To ensure robust associations,
we filtered out signatures active inless than 5samples and only included
samples with aminimum number of somatic alterations per type (=100
SNVs for SBS signature association analyses, >5indels for ID signatures,
>5SVsfor cSVsignatures and >20 CNAs for CX signatures).

Replication of findings in the TCGA-PRAD cohort. We downloaded
both raw and processed WGS data, as well as clinical data, from the
TCGA-PRAD cohort (May 2025, https://portal.gdc.cancer.gov/). After
excluding samples with fewer than 100 SNVs, fewer than10 indels and
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fewer than 5SVs, the final dataset comprised 290 TCGA-PRAD samples,
of which 232 (80%) exhibited high levels of CIN (=20 CNAs).

We quantified activities of the new SBS96D and ID83 signatures
extracted in the PPCG cohort in the TCGA-PRAD dataset. Consensus
calls for SNVs and indels were used to quantify activities of SBS and ID
signatures (see the ‘De novo extraction and assignment of mutational
signatures’ section). Replication timing ratio was calculated in the
cohort as described above.

The clinical history of each patient was downloaded from the GDC
dataportalinthe form of an XML file, from which we collected overall
survival, date of last follow-up, date of biochemical recurrence, tumour
stage, Gleason grade, age at diagnosis and PSA. The time to biochemical
recurrence was calculated as the time from diagnosis to the biochemical
recurrence or death. The time to biochemical recurrence was censored
if they were calculated from the last follow-up or treatment end date.

Kaplan-Meier estimates and two-sided Cox proportional hazard
models were used for survival analysis across subgroups. Cox propor-
tional hazard models were corrected by Gleason grade. Age at diagnosis
was notincluded as covariate as most TCGA-PRAD samples were from
individuals aged over 55 years, and we therefore violated the propor-
tional hazards assumption.

Identifying and benchmarking with simple rearrangement signa-
tures. Simple SV-size-based rearrangement signatures were identified
using Palimpsest v.2.0.0 with the default parameters, using PPCG SV
callsfromthe PPCG cohort. Tensimple rearrangement signatures were
identified. The six cSV signatures were compared pairwise to the ten
simple rearrangement signatures using Spearman correlation.

Demonstrating clinical utility in the HMF-Prostate cohort. We
investigated the potential of our integrated mutational footprints as
biomarkers for predicting resistance and/or sensitivity to different
common therapies for prostate cancer. To achieve this, we used the
Hartwig Medical Foundation (HMF) cohort—areal-world retrospective
cohort of treated patients with metastatic prostate cancer®.

Processing genomic data from the HMF-Prostate cohort

Before testing the clinical performance of IMF-based biomarkers, we
downloaded and processed genomic data from this cohort to quantify
mutational signatures. IMF activities were next quantified to assign the
dominant mutational process, as previously described. Supplementary
Table 3 shows the number and frequency of samples assigned to each
dominant IMF.

SBS and ID signatures. We downloaded SNVs and indels from HMF,
which were called using an in-house pipeline previously described”.
Eachsample VCF file was input to the SigProfilerAssignment tool, which
generated the sample-by-mutation type matrix to quantify SBSand ID
signatures. We limited the signature set to the SBS and ID signatures
extracted in the PPCG cohort.

cSV signatures. We implemented a workflow to systematically analyse
cSVsignaturesin prostate cancer samples, using variant calls from Pur-
pleand GRIDSS provided by the HMF pipeline v.5. Each sample aliquot
was processed independently; for each aliquot, we extracted purity and
ploidy values fromthe Purple estimates ([sample_id].purple.purity.tsv).

We retained only high-confidence GRIDSS variants (PASS), exclud-
ing variants overlapping centromeres or telomeres. SCNA and SV calls
were used to extract cSV signatures.

CX signatures. We downloaded PURPLE-derived copy-number profiles
from HMF, and processed them as previously described®®. We then com-
puted the genome-wide distributions of five fundamental copy-number
features for each sample, quantified activities of CX signatures ext-
racted inthe PPCG cohort using the linear combination decomposition

function from YAPSA”, and applying the signature-specific threshold
for shrinking to zero low-level activities (see the ‘CX signatures’ section
for further details).

Emulating phase Il randomized control trials for therapy
response prediction

We aimed to emulate phase lll randomized controlled biomarker tri-
als, classifying patients as biomarker-positive or biomarker-negative
and assigning them to either the therapy of interest (experimental
arm) or an alternative standard-of-care (SoC; control arm). For each
IMF, patients were classified as biomarker positive if their IMF activity
exceeded the median among cases with non-zero activity; otherwise,
they were classified as biomarker negative. Only patients with clini-
cal response data (enabling calculation of TTF) and with sufficiently
high-quality genomic data to compute all four mutational signature
types were included (n =240). TTF was computed as previously
described®®.

Clinical response data covered the full treatment history, although
records before enrolment were acknowledged to be lessaccurate and
comprehensive than post-enrolment information. We evaluated the
predictive power of the IMFsin the second-line mCRPC setting, in which
patients commonly transition empirically between ARPIs and taxanes
following first-line therapy. Our analysis focused on these two common
therapy types, aiming to move beyond the conventional sequential
switching paradigm toward a precision, biomarker-guided approach
to therapy selection at second line. No significant differences in TTF
were observed between these two therapies (Extended Data Fig. 9),
supporting the use of biomarker-positive versus biomarker-negative
comparisons to evaluate predictive capacity in this setting.

To decide which therapy-biomarker combinations to analyse, we
performed power analyses in line with the Consolidated Standards of
Reporting Trials (CONSORT) statement to ensure sufficient statistical
power for clinical assessment. To identify the required cohort size to
have sufficient power, we performed one-tailed power calculations
(8=0.8,a=0.05) using censoring and prediction ratio data from the
cohortand fixingthe hazard ratio at 5 for testing resistance and 1/5 for
testing sensitivity (based on previous knowledge®). Supplementary
Table 4 summarizes the results of the power analyses.

We then compared ARPI-treated patients and taxane-treated in the
second-line setting using two-sided Cox proportional hazards models
forbothbiomarker-positive and biomarker-negative cases, with TTF as
the primary end point (function coxph fromthe survival packageinR).
Cox proportional hazards models were stratified by treatment therapy
atfirstline to control for potential confounding effects of treatment
sequencing. This ensures that TTF differences are not attributable to
switches of the therapy type at the second line. No information of Glea-
songrade and tumour stage was available in this cohort. Kaplan-Meier
survival curves (survfit function from the survival package in R) were
generated to represent differences in treatment effectiveness across
treatment arms in a univariate mode. Supplementary Table 5 shows
the results of the survival analyses.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The PPCG dataset comprises WGS, RNA-seq, DNA methylation, clini-
cal and histopathological data from 2,021 prostate cancer donors.
Owing to the sensitive nature of human genomic and clinical data
and participant-consent restrictions, PPCG data are provided under
controlled access and are available only for approved research
purposes. Raw genome sequencing data have been deposited in
the European Genome-Phenome Archive (EGA) under the study ID



EGAS00001002876 and are described in the Reporting Summary and
our companion paper?*. Access to raw, processed and clinical data from
the Hartwig Medical Foundation can be requested at https://www.
hartwigmedicalfoundation.nl/en/data/data-access-request/. XML
files usedto construct the TCGA clinical data can be accessed through
the Genomic Data Commons portal, and the procedure for request-
ing access to controlled genomic data is outlined online (https://gdc.
cancer.gov/access-data/obtaining-access-controlled-data). 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/mutational-signatures). A
static code repositoryis available at Zenodo®® (https://doi.org/10.5281/
ZENODO.18754193).
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Extended DataFig.7|Association ofintegrated mutational footprints
withgenomicfeatures. a) Heatmap showing the strength of correlation
(Spearman’srho) between activities of integrated mutational footprints
(IMF) and individual mutational signatures. P-values were corrected for
multiple testing using the Benjamini-Hochberg method. Black dots represent
significant correlations. b) Scatter plots showing strength of correlation of
IMF activities with cell cycle proliferation scores, hypoxiascores, tumour
mutational burden, AR pathway activity, and the presence of whole genome
duplication. Associations were evaluated using Spearman’s correlations,
except for WGD status, where atwo-sided Welch’s t-test was used to compare

group means. P-values were corrected for multiple testing using the Benjamini-
Hochberg method. Black dots represent significant correlations. c) Heatmap
showingsignificant correlations between IMF activities and the number of
simple and complex SVs, kataegis, whole/arm-level chromosome alterations,
and focal amplifications. d) Heatmap showing the strength of correlation
(cohens’d) between IMF activities and the presence of deficiency in DNA
damage repair (DDR) pathways. A two-sided Welch’s t-test was applied to
compare means across groups. P-values were corrected for multiple testing
using the Benjamini-Hochberg method. Non-significant results are represented
aswhitefields. Panels a-d: n =521 tumour samples.



Correlation of mutational signatures with age at diagnosis
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Extended DataFig. 8|See next page for caption.
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Extended DataFig. 8| Age-relatedimpact of mutational processes on
prostate cancer. a) Barplot showing proportions of samplesincludedinthe
eight IMFs accordingto age at diagnosis. Fisher’s exact test was applied to
compare thedistribution between early-onset (EOPC) and late-onset
prostate cancers (LOPC). FDR-corrected p-values: IMF1=0.710, IMF2 = 0.229,
IMF3=0.605,IMF4 =0.710, IMF5=0.221,IMF6 =2.86 x 103, IMF7 = 0.710,
IMF8=0.042. Asterisk indicates significant differences. b) Scatterplots of the
Spearman correlation betweensignature activities and age at diagnosis for
allsamples with quantified signature activities. P-values were corrected for
multiple testing using the Benjamini-Hochberg method. Black dots represent
significant correlations. ¢) Multiple linear regression plot showing the
relationship between age at diagnosis and cSV1signature exposure (left),

and therelationship between age at diagnosis and IMF6/IMF8 (centre/right).

Blackline:linear regressionline, grey area: 95% confidence band. FDR-corrected
p-value (q) obtained from multiple linear regression of cSV signatures against
age/IMF.d) Barplot showing the number of early-onset (EOPC) and late-onset
(LOPC) prostate cancer samples with high cSV1 (upper quartile range) or

low cSV1signature exposure. P-value obtained from Fisher’s exact test.

e) Enrichment analysis of driver mutationsin LOPC with the presence or
absence of cSV1signature. P-value obtained from Fisher’s exact test. Circle size
denotes-logl0O(p-value), coloursindicate effect size (log odds ratio), and black
dotsdenote FDRsignificance. Gene list contains 45 well-known genesin
prostate cancer and only genes thatare foundinatleastonesampleinthe
subsets are depicted. Panels a,c:n =521 tumour samples (EOPC: n =248; and
LOPC:n =568).Panelb:n=959 tumour samples. Panel d-e:n =248 EOPC and
n=568LOPC. Fisher’s exact tests were two-sided.



a Metastasis-free survival in PPCG samples based on the presence of chromosomal instability (CIN)
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Extended DataFig.9|Survival time comparisonsin primary and metastatic
prostate cancer samples. a) Kaplan-Meier curves (left) and two-sided Cox
proportional hazards model (right) showing metastasis-free survival for
prostate tumours from PPCG with and without chromosomalinstability (CIN).
The p-valueinKaplan-Meier curves was estimated by the log-rank test. The Cox
proportional hazards model (right) was corrected for the age at diagnosis,
Gleason grade group, tumour stage and tumour mutational burden (TBM).
Dots represent the mean hazard ratios with bars representing the 95% CI.

b) Kaplan-Meier curves (left) and two-sided Cox proportional hazards model
(right) showing biochemical recurrence-free survival for prostate tumours

from TCGA with and without chromosomalinstability (CIN). The p-valuein
Kaplan-Meier curves was estimated by the log-rank test. The Cox proportional
hazards model (right) was corrected for the Gleason grade group, and tumour
mutational burden (TBM). Tumour stage was not available for this cohort, and
most patients were older than 55 years old at diagnosis. Dots represent the
mean hazard ratios with bars representing the 95% Cl. ¢) Kaplan-Meier curve
showing time to treatment failure for HMF metastatic prostate tumours
treated with ARPIs (N=59) and taxanes (N = 60) at second line. The p-valuein

Kaplan-Meier curves was estimated by the log-rank test.
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Extended Data Table 1| Description of the eight major
mutational processes in prostate cancer

Cases with IMF Proposed Enriched in Risk of Therapy manage-
IMF as dominant aetiology cancer genes metastasis ment utility
IMF1 4(0.1%) Mismatch repair MSH2 Low
deficiency
IMF2 113 (21%) Reactive oxygen High
species
IMF3 201 (39%) AR-mediated ETS, PTEN, Intermediate
mutagenesis TBL1XR1, ZBTB16
IMF4 47 (9%) Mitotic defects & IRF4, LMO2, Low

replication stress CDC16,I MZT2A/B,
TUBAS3DI/E, ZNF208

IMF5 14 (3%) Non-canonical CDK12, CCND1, High
impaired HR MDM4
IMF6 101 (19%) Replication SPOP, ARC, SOX17, Low Predicts
stress BRAF, HNRNPA2B1, response
LRP1B, UNCX to ARPIs
IMF7 10 (2%) APOBEC Intermediate
mutagenesis
IMF8 31 (6%) Canonical BRCA2 High
impaired HR
NoCIN Low

Table of the eight major mutational processes in prostate cancer (IMF1-8), including the
number of patients with each IMF as dominant, proposed aetiology, enriched cancer genes,
metastasis risk, and proposed therapy management in the metastatic setting based on our
emulated phase 3 clinical trial in metastatic patients. IMFs are derived from samples with all
four mutational signature types quantified (=521, Supplementary Note 5). IMF, integrated
mutational footprints.
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Data collection  No dedicated software was used for data collection




Data analysis Data analysis was performed using standard and peer-reviewed computational tools in Python and R, together with specialised bioinformatic
software for mutational signature extraction, single nucleotide variant, insertion-deletion, structural variant analysis, and copy-number
quantification. Germline and somatic variant calling is described in our companion paper Jakobsdottir et al. All software used in the study is
listed below.

Programming languages include Python 3.10 and R 4.3.1.

Computational tools, algorithms, and packages:

SigProfilerExtractor v1.1.23 (SBS and ID de novo mutational signature extraction)
SigProfilerMatrixGenerator v1.3.14

SigProfilerAssignment v1.1.0

YAPSAV1.12.0

NMF R package v0.23 (SV signature extraction framework)

Palimpsest v2.0.0 (simple SV signatures)

Shatterseek v0.4 (chromothripsis detection)

ClusterSV (as implemented in Li et al. 2020 pipeline)

Battenberg copy-number segmentation v2.2.9

Purple /GRIDSS (HMF pipeline v5) for external metastatic cohort data processing
SigProfilerSimulator for replication-timing background corrections

singscore v3.21

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

Data

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

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

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

PPCG dataset includes WGS, RNA sequencing, DNA methylation, clinical, and histopathological data from 2,021 prostate cancer donors. Due to the sensitive nature
of these human genomic and clinical data and the participant-consent restrictions governing their use, all PPCG data are controlled-access and can be shared only
for approved research purposes.

Access to PPCG data requires submission of a Project Concept Form, available at https://panprostate.org, and approval by the PPCG Steering Committee.
Completed forms should be emailed to PPCG@icr.ac.uk.

Publicly accessible repositories and accession codes

Aligned whole-genome sequencing BAM files for contributing cohorts are available from the European Genome—Phenome Archive (EGA) under the study ID
EGAS00001002876 (https://ega-archive.org/studies/EGAS00001002876)

Controlled-access components:

WGS working project data (variant calls, pipeline outputs, intermediate analyses) are hosted at the Institute of Cancer Research and made available through the
Globus data transfer service to approved PPCG members; all files are encrypted prior to upload.

Harmonised RNA-seq and methylation data are similarly available through Globus for approved projects.

Clinical and histopathological data are hosted in REDCap, a GDPR-compliant secure environment at the Institute of Cancer Research; access is granted only to
approved PPCG researchers.

Additional external datasets and databases used

The study additionally utilised publicly available external genomic and epigenomic resources, including:

- HMF clinical and raw data: Provided by HMF as part of data access request DR-215

- TCGA raw data: Provided as part of data access project ID 40834

- TCGA somatic variant calls acquired from Genomics Data Commons, https://portal.gdc.cancer.gov/, May 2025

- 1000 Genomes Project haplotype reference panel (for phasing)

- EXAC, gnomAD, dbSNP (for germline and indel filtering)

- COSMIC coding sequence dataset (for BBDuK filtering)

- Gene Expression Omnibus (GEQ) accession GSE70079 (Pomerantz et al. 2015)

- ATACseq data (Corces et al. 2018, PMID: 30361341).

- GEO reference methylation datasets: GSE35069, GSE71837, GSE49667, GSE74877, GSE86258, GSE87797 (cell-type references)

Research involving human participants, their data, or biological material

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

Reporting on sex and gender Sex is not relevant for prostate cancer.

Reporting on race, ethnicity, or | The study includes genomic, clinical, and demographic data from 2,021 prostate cancer donors recruited across multiple
other socially relevant international cohorts (UK, Germany, Denmark, France, Australia, Canada, USA, and Southern Africa). Donor genetic ancestry
was characterised using germline SNP-based ancestry inference across the five 1000 Genomes super-population groups
(EUR, AFR, EAS, SAS, AMR) to support analyses of genomic diversity and disease heterogeneity. Ancestry was therefore
defined using genetic markers, not self-reported race or ethnicity. This approach avoids conflating social constructs with
biological attributes and limits potential misclassification.

Ancestry information was used exclusively to examine mutational, genomic, and molecular variation across populations, with
the goal of improving biological understanding of prostate cancer in diverse groups. Analyses were performed at the
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population level and did not attribute biological differences to socially constructed racial categories.
Overall, socially relevant groupings were included only when scientifically justified, defined using rigorous genomic methods,
and reported in a manner that avoids stigmatization or over-interpretation.

Population characteristics The full PPCG study cohort consists of 2,021 prostate cancer donors enrolled across international PPCG partner institutions.
The age at tumour collection ranged from 32 to 90 years, with a median of 62 years. Clinical covariates collected for each
donor included pretreatment PSA levels (median 7.97 ng/mL; range 0.40-3,459 ng/mL), clinical and pathological T category,
Gleason Grade Group, outcome measures including biochemical relapse, distant metastasis, overall survival, and
cancer-specific survival, where available.

Disease severity and pathological features spanned the full clinical spectrum:

- Gleason Grade Group distribution: GG1 (14%), GG2 (37%), GG3 (20%), GG4 (9.2%), GG5 (17%).

- Pathological T categories: pT2 (44%), pT3 (48%), pT4 (1.6%).

- Metastatic status: 9.5% of donors exhibited metastatic disease; 4.2% presented with de novo metastases.
Treatment-related covariates included radical prostatectomy (n = 1,847), radiation therapy (n = 113), and TURP procedures
(n=22).

Longitudinal clinical follow-up, including relapse status, was available for most donors (1,279 donors (68%) did not relapse;
602 (32%) experienced relapse).

Genotypic and multi-omic covariates were also part of the dataset: all donors underwent whole-genome sequencing, RNA
sequencing, and/or DNA methylation profiling, with germline and somatic variant calls, copy-number alterations, structural
variants, and genetic ancestry estimates derived from 4,235 ancestry-informative markers

The cohort includes donors from seven countries and reflects a diversity of ancestries (European, East Asian, South Asian,
Admixed American, African).
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Recruitment Recruitment was performed independently by each contributing clinical center according to local ethical approvals,
institutional review board (IRB) regulations, and International Cancer Genome Consortium (ICGC) guidelines. Donors were
enrolled at the time of prostate cancer diagnosis or treatment, primarily through radical prostatectomy, biopsy, or
autopsy-based rapid tissue donation programs, depending on the cohort

Ethics oversight Ethical approval for all contributing cohorts within the PPCG was obtained from the relevant institutional research ethics
committees. The full list of approving boards/committees:
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 Ethics 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 (reference no. 1302791) and notification to the Danish Data Agency (no.
1-16-02-330-13) (Denmark)
CPP lle de France IV Institutional Review Board (IRB 00003835) (France)
Ethik-Kommission der Arztekammer 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; IRBO0002235; 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)

As indicated in the manuscript, informed ethical consent was obtained at clinical follow-up, and all procedures were
conducted in accordance with local regulations and International Cancer Genome Consortium (ICGC) ethical guidelines.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size The final harmonized PPCG cohort consisted of 2,021 donors, including 1,001 donors with WGS (1,172 samples), 1,292 donors with RNA-seq
(1,594 samples), and 1,490 donors with DNA methylation data (1,928 samples), spanning multiple disease stages, ancestries, and international
contributing cohorts. Sample size was not predetermined by statistical power calculations, because the PPCG represents a consortium-level
aggregation of all existing high-quality prostate cancer genomic datasets available from contributing groups.

Details about the samples analysed are presented in Supplementary Figure 1.
External dataset include
HMF-Prostate Phase Il Randomised Control Study: 240 patients




HMF-Prostate somatic variant analysis: 467 patients
TCGA-PRAD somatic variant analysis: 387 patients

Data exclusions A small number of samples were excluded based on predefined, objective quality-control criteria established by the PPCG consortium before
analysis. Whole-genome sequencing samples were removed if they exhibited DNA contamination greater than 3%, mismatched tumour—
normal pairing, duplicate assays, or insufficient sequencing coverage (tumour <30x or normal <20x). In total, 24 WGS samples were excluded
for contamination, mis-matching, or duplication. For variant calling, additional exclusions were applied at the variant level according to
reproducible filtering procedures: SNVs located in ENCODE blacklisted regions, recurrent artefacts (Sanger panel of normals), or previously
reported artefact-prone genes were removed. Indels were tiered using gnomAD allele frequencies, and only variants passing caller-specific
filters were retained. Structural variants arising from technical artefacts (transposable element insertions, pseudogene mappings, fold-back
artefacts) were filtered using PCAWG-derived exclusion lists.

For copy-number analyses, samples were excluded if automated QC and expert review deemed the CNA profiles unsatisfactory (n = 24).
Low-information samples (e.g., true quiet genomes or insufficient reads per chromosome copy) were flagged for limited interpretability but
not removed unless specifically required by an analysis.

All exclusion criteria were defined prior to analysis, applied uniformly across cohorts, and unrelated to the biological hypotheses of the study.
Further details are provided in our companion manuscript Jakobsdottir et al., 2025a and presented in Supplementary Figure 1.

Replication All analyses in this study were designed to ensure reproducibility across multiple independent levels of genomic data and validation
procedures. The mutational signatures were extracted using established, peer-reviewed computational approaches with 500—1,000+ NMF
replicates, stability metrics, silhouette analyses, and cross-cohort verification to confirm robust and reproducible signature solutions.

To verify that integrated mutational footprints (IMFs) were reproducible, we performed:

Independent clustering stability assessments (minimum, median, and maximum stability metrics), Silhouette score evaluation,
Cross-validation using biological plausibility (DDR deficiency, AR activity, replication stress, chromothripsis, and known prostate cancer
drivers), and re-quantification of IMF activities in an external metastatic cohort (Hartwig Medical Foundation) using independent variant
calling pipelines and confirming expected associations, including predictive capacity of IMF6 for therapy response. Where multiple tumour
regions were available for a subset of patients, replication of mutational processes across spatially distinct tumour regions was directly
assessed. Three of four patients showed reproducible IMF patterns across clonally related tumour foci. Finally, the major mutational
processes were validated in the external TCGA-PRAD whole-genome dataset, where replication timing biases, HRD-associated signatures, and
CIN-related effects reproduced the patterns observed in the PPCG cohort. All attempts at replication were successful. No findings in the
manuscript failed replication or were deemed non-reproducible.
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Randomization  Randomization was not applicable because this study did not involve experimental interventions, treatment allocation, or prospective
assignment of samples to experimental groups. Instead, the work is a retrospective, observational analysis of whole-genome sequencing and
clinical data from primary prostate cancer donors. All analyses were performed on pre-existing tumour samples collected through the PPCG
consortium and external cohorts, with no experimental manipulation, controlled interventions, or conditions requiring randomized
assignment. The study design therefore does not include any procedures where randomization would be relevant or meaningful.

Blinding Blinding was not applicable because this study did not involve experimental interventions, treatment assignment, or subjective outcome
assessment. The work is a retrospective, computational analysis of whole-genome sequencing data and associated clinical annotations from
existing prostate cancer cohorts. All analyses were performed on pre-existing molecular and clinical datasets using automated bioinformatic
pipelines (e.g., mutational signature extraction, clustering, and genomic feature association analyses). These procedures do not involve
investigator-dependent scoring or assessments that could be influenced by knowledge of sample identity. Therefore, no elements of the
study required blinding, and its absence does not affect the validity or reproducibility of the results.

Reporting for specific materials, systems and methods

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

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies IZI |:| ChiIP-seq
Eukaryotic cell lines IZI |:| Flow cytometry
Palaeontology and archaeology IZI |:| MRI-based neuroimaging
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Plants

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration n/a




Study protocol

Data collection

Outcomes

Plants

n/a

Clinical data were collected retrospectively from participating PPCG cohorts through site-specific clinical systems and harmonized in
a central, secure REDCap instance hosted at the Institute of Cancer Research. Collected variables included age at diagnosis or tumour
collection, pretreatment PSA, AJCC clinical and pathological T category, Gleason Grade Group, treatment pathway (e.g., radical
prostatectomy, radiotherapy, TURP), and longitudinal outcomes. Harmonization procedures and cohort-level metadata are described
in the PPCG data descriptor; all data access is controlled per PPCG governance (Project Concept Form approval; DAC processes for
controlled repositories)

Prespecified clinical outcomes included: Biochemical relapse after curative-intent primary therapy (defined according to standard
criteria: AUA for post-prostatectomy and “Phoenix” definition for primary radiotherapy), Distant metastasis (at diagnosis or during
follow-up), Overall survival and cancer-specific survival (where available). Time origin for survival analyses was date of sample
collection. Outcome definitions and cohort-level follow-up summaries are provided in the PPCG data descriptor and companion
analyses.

Seed stocks

Novel plant genotypes

Authentication

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

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

Describe-any-atithentication-procedures for-each-seed-stock-used-ornovel-genotype-generated—Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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