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N°-methyladenosine (m°A), the most abundant internal RNA modification
inhumans, regulates most aspects of RNA processing. Prostate cancer is
characterized by widespread transcriptomic dysregulation; therefore,

we characterized the m®A landscape of 162 localized prostate tumors with
matched DNA, RNA and protein profiling. m°A abundance varied dramatically
across tumors, with global patterns emerging via complex germline-somatic
cooperative regulation. Individual germline polymorphisms regulated

mCA abundance, cooperating with somatic mutation of cancer driver genes
and m°®Aregulators. The resulting complex patterns were associated with
prognostic clinical features and established the biomarker potential of
global and locus-specific m°A patterns. Tumor hypoxia dysregulates m°A
profiles, bridging prior genomic and proteomic observations. Specific
mCAsites, such as those in VCAN, drive disease aggression, associating with
poor outcomes, tumor growth and metastasis. m°A dysregulation s thus
associated with key events in the natural history of prostate cancer: germline
risk, microenvironmental dysregulation, somatic mutation and metastasis.

Cancer is a disease of the genome, driven by somatic mutations'. The
cancer genome is actuated by the cellular machinery of the central
dogma, leading to transcriptomic and proteomic dysregulation and
eventual clinical presentation. The proteomic and clinical features of
cancer are not fully explained by the genome and the transcriptome,
suggestive of widespread post-transcriptional and post-translational
regulation?’. Chemical modification of RNA is a leading candidate to
explain these discrepancies®.

mCA is the most abundantinternal chemical modification of RNA
inhumans. This epitranscriptomic mark regulates almost every facet
of the RNA life cycle, including secondary structure formation, splic-
ing, nuclear export, translationand degradation’. At least 28 enzymes
read, write or erase m°A, facilitating dynamic transcript regulation®.
Three lines of evidence suggest that m°A drives tumor initiation and
progression*. First, global m°A abundanceis altered relative to that of
normal tissue in a cancer type-specific manner”®, Second, mutations
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in m®A enzymes are common in many cancer types, and their pertur-
bation influences tumor phenotypes in multiple model systems® ™,
Third, specific m®Asitesin oncogenes and tumor suppressorsinfluence
protein abundance via transcript stability and translation rates™*%,

Here, we mapped m°A modifications transcriptome wide in 162
intermediate-risk localized prostate tumors with extensive prior
molecular, microenvironmental and clinical characterization*'*™?,
m°Amethylation defined clinically distinct tumor subgroups and influ-
enced specific signaling pathways, with cross-talk between somatic
mutational and epitranscriptomic profiles. m°A sites interacted with
clinically relevant germline genotypes, with 1,350 m°A quantitative
trait loci (m°A-QTLs) identified. Similarly, both global and specific
meAinformationreflected underlying tumor hypoxia, whichisastrong
prognostic factor. Consistent with this, m°A peaks predicted multiple
clinical phenotypes, including patient survival. Finally, we demonstrate
that specific, targetable m°A modifications functionally drive tumor
growth and progression.

Results

The m°A landscape of localized prostate cancer

We quantified the epitranscriptomes of 162 primary localized pros-
tate tumors using methylated RNA immunoprecipitation sequenc-
ing (meRIP-seq)****. All patients were clinically managed for National
Comprehensive Cancer Network intermediate-risk disease viaradical
prostatectomy with curative intent”. Clinical annotation included
pretreatment prostate-specific antigen (PSA) abundance, tumor size
and extent (T category), surgical International Society of Urological
Pathology (ISUP) Grade Group, biochemical relapse, subhistologies
and age at diagnosis (Fig. 1aand Supplementary Table 1). Tumors were
treatment naive, and samples were taken fromindex lesions as assessed
by two uropathologists. Median follow-up was 6.72 years. Samples
were profiled with multiple additional assays including tumor-refer-
ence whole-genome sequencing'®’®*, DNA methylation and histone
H3 lysine 27 (H3K27) acetylation (H3K27ac) profiling'®'**°, RNA-seq"
and proteomics’ (Fig. 1a and Extended Data Fig. 1a).

For each sample, two libraries were created and sequenced: an
immunoprecipitation (IP) library generated by RNA IP with an anti-m°A
antibodyand aninputlibrary generated from the total RNA pool. After
alignment and quantitation (Extended Data Fig.1b), stringent quality
controlledto the exclusion of 14 samples (Extended DataFig. 1c). In the
final 148-patient cohort, input library results were strongly positively
correlated with prior deep transcriptome sequencing (median Spear-
man’s p = 0.87; Extended Data Fig. 1d)". Germline variants identified
frominput libraries validated sample identity (Extended DataFig.1e)'®,
and metrics from the ENCODE Consortium and other prior m®A studies
were within expected ranges (Extended Data Fig. 1f)*.

mCA peaks were identified with both a highly specific algorithm
(MeTPeak) and a highly sensitive one (exomePeak; Extended Data

Fig. 2a)”"*. The number of peaks detected was modestly correlated
with IP library size (Extended Data Fig. 2b), but read downsampling
showedthatlibraries reached or approached saturation (Extended Data
Fig. 2¢,d)”. The vast majority of identified peaks overlapped known
peaks (Extended DataFig. 2e, inner panel)*, and the canonical RRACH
motifwasenriched in peaksidentified in every sample®. Downstream
analyses used high-specificity MeTPeak results (Fig. 1a and Extended
DataFig. 2e, outer panel).

Torationalize peaks cohort wide, we created analgorithmtointe-
gratesample-level peaksinto cohort-level joint peaks called Histogram-
Zo0™. Briefly, peaks for each sample were aggregated onto transcript
backbones, forming a coverage histogram for each transcript. These
histograms were then segmented to create aset of joint peaks™**. m°A
methylation was quantitated for each sample on each peak as the num-
ber of IPreads, normalized for library size across the cohort** and then
adjusted for transcript abundance using matched input libraries”. In
the full 148-patient cohort, HistogramZoo (Methods) identified 32,051
high-confidence m°A peaks across 9,571 genes; these were specifically
enriched near stop codons (Extended DataFig. 2f). The median tumor
harbored 7,611 + 2,922 m°A peaks (s.d.). Several key prostate cancer
oncogenes such as MYC, AR, MALATI and FOXA1 had frequently meth-
ylated m°A peaks (Fig. 1b,c and Extended Data Fig. 2g,h), while tumor
suppressors like TP53, PTEN and RBI were very infrequently methylated
(Fig.1d,e and Extended DataFig. 2i). One notable exception to the trend
is NKX3-1, which was frequently methylated across samples (Extended
DataFig.2j). About 16% of peaks were identified in asingle sample (5,146
peaks),and ~20% were identified in at least half (6,467 peaks), with only
0.5% (167 peaks) detected in every sample (Fig. 1f).

To ascertain how m°A influences other aspects of the central
dogma, we used mutual information, which can capture complex
associations without assumptions of linearity or monotonicity*®. For
every gene, mutual information was calculated between each pair
of molecular characteristics (Extended Data Fig.1a). The number of
genes with significant mutual information varied widely between
different types of data (Fig. 1g and Supplementary Table 2). m°A was
associated with RNA abundance for ~20% of analyzed genes (839
genes), withless frequent associations with copy number alterations
(CNAs) (26 genes), DNA methylation (102 genes) and H3K27ac (one
gene) (Fig.1g). Genes with very low RNA abundance displayed fewer
samples with a peak (Extended Data Fig. 2k), likely due to limitations
inRNA signature detection. Similarly, a significant negative correla-
tionwas detected between m°A and RNA abundance (Extended Data
Fig. 2I). The extent to which RNA explained protein abundance was
weakly associated with mean gene-level m°A abundance but not
with the number of samples for which the m®A peak was detected
(Extended Data Fig. 2m,n). This provides minor support for previ-
ously reported regulatory roles of m®Ain modulating RNA translation
into protein®*,

Fig.1| The m°A landscape oflocalized prostate cancer. a, Top to bottom, bar
plots. The number of MeTPeak peaks across samples ordered from greatest

to smallest. The number of genomic rearrangements (GRs) identified in each
sample. The number of single-nucleotide variants (SNVs) identified in each
sample. The PGA*® as a proxy of the total CNAs for each sample. The Conti
PRS*’ calculated for each sample. Top heatmap shows the associated clinical
covariates including ISUP Grade Group, anatomical T category, PSA, age, IDC/CA,
biochemical relapse (BCR) and metastasis. Bottom heatmap, complementary
molecular profiling data collected for each sample including germline
polymorphisms insamples of European ancestry'®, somatic CNAs and simple
somatic mutations'”’, DNA methylome'®, H3K27ac?, ultra-deep RNA-seq'’ and
proteomics®. SSM, simple somatic mutation; N/A, not available. b-e, Exemplar
plots for AR (the inset magnifies the region highlighted in yellow; b), MYC (c),
TP53(d) and PTEN (e). In the top polygon plots, the median IP (green) and input
(purple) coverage (reads per kilobase per million mapped reads-normalized
bigWig files) is represented using lines, while background colors represent the

range of IP and input coverage across samples. Exons identified in GENCODE
version 34 are annotated below in dark blue. Bottom heatmaps represent the
distribution of IP and input coverage (loglp transformed) across samples (y axis),
and darker colors correspond to greater read coverage. Samples are clustered
using Euclidean distance and Ward’s minimum variance method with squared
distances. chr, chromosome. f, Top bar plot, the number of peaks uniquely found
inagiven number of samples. Bottom scatterplot, the median adjusted m°A
abundance of ajoint peak (y axis) versus the number of samples in which the peak
isidentified (x axis). Colors indicate the deciles of the adjusted m®A abundance.
Multiple joint peaks can be identified in a single gene, but the most prevalent and
abundant peaks for agiven gene are labeled where applicable. g, Distribution of
the normalized mutual information (MI) for each data type pair. For visualization,
values <10 are shown as 10™*. Top heatmap indicates data type pair. Subsequent
heatmaps show the number of genes with data available for each data type pair,
numbers of genes for which mutual information is significant (Q < 0.1) and
percentage of significant genes.
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Fig.2 | Molecular subtyping and clinical correlates of m°A. a, Clustering of the
top quartile of interquartile range (IQR)-ranked m°A peaks (n = 5,203) identified
five patient subtypes and five m°A subtypes. Clinical covariates are shown to the
right of the heatmap. Heatmap coloring indicates z-score-scaled peak intensities.
b, Association between m°A patient subtypes and clinical features. Q values

are from Pearson’s x* test for categorical variables and a one-way ANOVA for
continuous variables. ¢,d, Overlap of m°A patient clusters with pathologic tumor
extent (pT) (c) and IDC/CA status (d). Patient clusters are indicated in rows, and
clinical features are shown in columns. Row and column totals are depicted in
theright and bottom heatmaps. Independence of clusters and clinical variables
was assessed via Pearson’s x* test (Pvalue shown). The relative intensity of blue
shading indicates the size of the group. e, Biochemical relapse rate across the
five m®A patient subtypes. A Cox proportional hazards model was fit with P1as
the baseline group. Hazard ratios (HR) and Pvalues are shown with confidence
intervals in parentheses. f-h, Association between m°A patient subtypes and
mutations in m°A regulators. f, Bar plot shows Q values from Pearson’s x> test.

ETS, E26 transformation-specific (ETS) transcription factor family members.

g, Overlap of m°A patient clusters with presence of copy number gain of YTHDFI.
h, Overlap of m°A patient clusters with presence of copy number gain of FANCA.
Patient clusters are indicated in rows, and mutations are shown in columns. Row
and column totals are depicted in the right and bottom heatmaps. Independence
of clusters and mutations was assessed via Pearson’s x test (Pvalue shown). The
relative intensity of blue shading indicates the size of the group. i, BORCS6 m°A
peak abundance varies by pISUP Grade Group. P value from one-way ANOVA
isshown (n=148). Box plots represent the median (center line) and upper and
lower quartiles (box limits), and whiskers extend to the minimum and maximum
values within 1.5x the IQR. j, NSDI m°A peak abundance is greater with presence
of IDC/CA. Pvalue from two-sided U-test is shown; samples where IDC status was
missing have been removed (n =133). Box plots represent the median (center
line) and upper and lower quartiles (box limits), and whiskers extend to the
minimum and maximum values within 1.5x the IQR.
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Fig. 3| Germline correlates of m°A in primary prostate cancer. a, Allelic
imbalance of reads at SNPs in annotated m®A sites in heterozygous samples in
either the IP or inputlibrary. Allelicimbalance is evaluated using a paired ¢-test at
astatistical threshold of Q < 0.1. Effect size (log, (fold change (FC))) is calculated
withrespecttothe Aallele. Effect size and direction are represented by the size
and color of the disks, respectively. Statistical significance is represented by the
background color. b, Distribution of Pvalues in associations of m°A peak status
with Conti PRS (t-test)*’. ¢, m°*A methylation of SRRM2 (peak 4) is associated
withalower Conti PRS (¢-test). Box plots represent the median (center line) and
upper and lower quartiles (box limits), and whiskers extend to the minimum

and maximum values within 1.5x the IQR. n =133. d, Significant prostate cancer
risk SNP local m®A-QTLs identified using a linear additive model. Effect size (8)
and direction are represented by the size and color of the disks, respectively.
Statistical significance is represented by the background color. e f, Two local risk
SNP quantitative trait loci are depicted: the associations of genotype with m°A

methylation for B3GATI (rs878987 | peak 13) (e) and RAB29 (rs708723 | peak 1) (f),
respectively. Box plots represent the median (center line) and upper and lower
quartiles (box limits), and whiskers extend to the minimum and maximum values
within 1.5x the IQR. n =133. g, Manhattan plot of genome-wide m°A-QTL analysis.
Results fromalinear additive model implemented in Matrix eQTL®. Points
representing the tag SNPs of m°A-QTLs where the gene has been annotated in
the Cancer Gene Census™ or by Armenia et al.”’, Fraser et al.'° and Quigley et al.”®
areindicated with black squares, while the SNPs of significant (Q < 0.1) m°A-QTLs
where the SNP has been annotated in RMVar* or by Cotter et al.** are indicated
with black diamonds. Labeled black disks selectively identify top hits that fall
into neither of the former categories. SLC9A3R2 (NHERF2). h, A genome-wide
significant m®A-QTL: SNP rs4951018 with SLC45A3 m°A abundance. Box plots
represent the median (center line) and upper and lower quartiles (box limits),
and whiskers extend to the minimum and maximum values within1.5x the IQR.
n=133.

In addition to these 148 prostate tumor samples, we profiled
benign tissue from seven individuals to allow tumor-normal com-
parisons (Supplementary Fig. 1 and Supplementary Tables 3 and 4).
Furthermore, m°A-selective allyl chemical labeling and sequencing
was applied to eight samples, facilitating single-nucleotide-resolution
méA profiling (Supplementary Fig. 2 and Supplementary Table 5). The
analysis of these datais presented in the Supplementary Note.

mA subtypes of localized prostate cancer
To identify global trends in m°A variation across patients, consensus
clustering was performed on peak-level m®A abundance. We identified
five patient subtypes (Supplementary Fig. 3a; P1through P5) and five
mPAsubtypes (Supplementary Fig. 3b,c; M1 through M5; Fig. 2a and Sup-
plementary Tables 6-8). m°A-derived patient subtypes were associated
withmultiple clinico-molecular features (Fig. 2b), including tumor size
and extent (pathologic T category (pT); Fig. 2c), presence of the aggres-
siveintraductal carcinoma and cribriform architecture subhistologies
(IDC/CA;Fig.2d), genomicinstability assessed as the proportion of the
genome witha CNA (percent genome altered (PGA)*°; Supplementary
Fig. 3d) and relapse rate after surgery (Fig. 2e; unadjusted P values
shown) but not with tumor purity (Fig. 2a and Supplementary Fig. 3e).
m°A subtypes were related to known messenger RNA (mRNA)
and CNA subtypes (Supplementary Fig. 3f,g), which themselves are
associated with genomicinstability and patient outcome'®'”. The m°A
subtypeswere characterized by patterns of somatic CNAs in m°A writ-
ers, readers and erasers (Fig. 2f) including gain of YTHDF1 (Fig. 2g) and
loss of FANCA (Fig. 2h). Thus, there are multiple m°A subtypes with
distinct clinical presentations, which partially overlap previous DNA
and RNA subtypes.

Clinical correlates of locus-specific m°A

Several clinical features of prostate cancer influence patient manage-
ment, including age at diagnosis, pathological tumor extent (pT), pre-
treatment serum PSA abundance, pathological ISUP (pISUP) Grade

Group and aggressive intraductal carcinoma subhistology (IDC/
CA). For each clinical indicator, we identified individual m®A peaks
associated with their status (Q < 0.1; Extended Data Fig. 3a). Six m°A
peaks were associated with age (Spearman’s rank correlation, Q < 0.1;
Extended Data Fig. 3b and Supplementary Table 9), eight peaks were
associated with grade (one-way ANOVA, Q < 0.1; Fig. 2i), and 13 were
associated with IDC/CA (two-sided Mann-Whitney U-test, Q < 0.1).
These included NSD1, which enhances AR transactivation (Fig. 2j)*.
The number of m°A peaks in a tumor was elevated in IDC/CA-positive
disease (Extended Data Fig. 3¢,d), and loss of the tumor suppressor
genes FANCA and TP53was more common in patients with more peaks
(two-sided Mann-Whitney U-test, P < 0.05; Extended Data Fig. 3e).
Thus, locus-specific m®A patterns reflect clinical features of prostate
cancer.

Heritable tumor-specific m°A regulation

Given that prostate cancer is the most heritable solid cancer*’, we next
considered whether germline genetics influence m®A methylation.
First, we examined the potential cisregulatory effects of germline poly-
morphisms onm®A. Across all patients, around six million unique SNPs
were identified'®. Of these, 4,755 were located at the specific residue
of a previously annotated m°A site****, We identified 35 germline poly-
morphisms that (1) overlapped an m°A peak identified in this cohort,
(2) occurred atan m®A annotated site and (3) had an A allele on the tran-
scribed strand (Extended DataFig. 4a). Aallelesinactive m°Asites were
present at much higher frequencies thannon-A alleles (median,, 0.83;
range,, 0.11-0.95; median,,.,, 0.45; range, ..., 0.053-0.95) (Extended
DataFig. 4b). Alower A allele frequency was observed at inactive m°A
sites: thatis, annotated sites lacking an m°®A peak in localized prostate
cancer (Extended Data Fig. 4b). This imbalance suggests that non-A
alleles are associated with reduced m®A abundance. A quantitative anal-
ysis identified many SNPs associated with allelicimbalance of IP and/
orinputreads at the méAsite (Fig. 3a; paired t-test, Q < 0.1). These were
often correlated with clinical features. For example, a SNP in GPR107

Fig. 4 | Tumor hypoxiais associated with widespread m°A modulation.

a, Hypoxia correlates with m®A peak abundance. Top bar plot indicates sample
hypoxia score. Left-middle heatmaps show the corresponding z-scored m°A
peak abundance per sample for peaks with a hypoxia correlation (Spearman’s
correlation, Q < 0.05,1,184 peaks). Peaks are clustered by abundance values, and
the two largest resulting clusters are displayed in separate heatmaps. Right-
middle heatmaps display m°A peak annotations. ‘RNA-hypoxia correlation’
indicates whether RNA abundance for the corresponding genes is also correlated
with hypoxia. Hypoxia-correlated peaks are enriched for several biological
pathways, and subsequent columns indicate whether each corresponding gene
is tagged with each of the enriched pathway terms. Bottom heatmap shows
z-scored RNA abundance for m®A writers, readers and erasers. Right bar plot shows
Pvalues for Spearman’s correlation between RNA abundance and hypoxia. Pol,
polymerase. b, Patient m°A subtypes are associated with varying hypoxia levels.

Pvalue from one-way ANOVA. Box plots represent the median (center line) and
upper and lower quartiles (box limits), and whiskers extend to the minimum
and maximum values within 1.5x the IQR. n =146. ¢,d, Associations between m°A
abundance for an example peak on NSD1. Hypoxia (n =146) (c), PGA (n =148) (d).
Plots annotated with results from Spearman’s correlation. e, Overlap between
hypoxia-specific peaks in V16A and PC-3 cells. f,g, Patient hypoxia-associated
peaks significantly overlap with hypoxia-specific peaks in prostate cancer cell
lines. Contingency tables showing results from two-sided Fisher’s exact test for
association between patient hypoxia-associated peaks and V16A (f) and PC-3 (g)
hypoxia-specific peaks. The relative intensity of blue shading indicates the size
of the group. OR, odds ratio. h, Correlation between tumor m°A abundance and
hypoxia for a peak regionin HNRNPLL. This peak shows a corroboratory hypoxia
associationinboth V16A and PC-3 cell lines. Plots annotated with results from
Spearman’s correlation (n =146).
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was associated with biochemical recurrence (Cox proportional hazards
model, hazard ratio =13.8; confidenceinterval, 3.2-60.3; Q= 6.3 x107%;
ExalT P=2.0 x107; Extended Data Fig. 4c). rs2240912 is neither a hit
in prior GWAS studies**® nor in linkage disequilibrium with a GWAS
SNP from those studies, likely due to the low minor allele frequency.
Validation of its molecular effects and clinical consequences will be
needed to better estimate its associations with disease aggression.

Next, tounderstand potential epitranscriptomic alterations char-
acteristic of prostate cancer incidence, we evaluated the association of
m°A peaks with two polygenicrisk scores (PRSs) for incidence***° and
one for hazard (PHS290)" (Fig. 3b, Extended Data Fig. 4d-fand Supple-
mentary Table10). The number of m°A peaks across samples was weakly
associated with polygenicrisk (Fig. 1aand Extended DataFig.4g). The
P-value distribution suggested that many subthreshold associations
of m°A peaks with the incidence PRS remain to be elucidated in larger
cohorts (Fig. 3b), and an m°Assite in SRRM2 was associated with genetic
risk (Fig. 3c and Supplementary Table 11).

We then related the 272 individual risk SNPs to m°A peaks within
10 kbp and to more distal m®A peaks identified using three-dimensional
spatial genomic data® (Extended DataFig. 4h,i). We identified 13 local
prostate risk SNP m°A tags, including six associated with peaks in
B3GATI and one with a peak in RAB29 (Fig. 3d-f and Supplementary
Table12).

To generalize this observation, we identified m°A-QTLs genome
wide, comparing each m®A peak to all SNPs within 10 kbp. This yielded
14,775 significant m°A-QTLs representing 1,350 unique peaks (Q < 0.1;
Fig. 3g and Supplementary Table 13). Eleven percent (151 of 1,350) of
the m®A-QTL SNPs overlap with the peaks they are associated with
(Extended Data Fig. 4j), in concordance with previous studies show-
ing that most of the m®A-QTLs are not located within m°A peaks®*.
Among these SNPs, 1% (14 of 1,350) overlap with methylated ‘A’ sites
in the peaks (Supplementary Table 13). For SNPs that are located in
regulatory regions, applying publicly available* and in-house H3K27ac
high-throughput chromosome conformation capture with chromatin
immunoprecipitation (HiChIP) data, we found evidence of physical
interactions between the m®A-QTL SNPs and the associated peaks in
4% (60 0f 1,350) of SNP-peak pairs (Supplementary Table 13). These
mC°A-QTLs affected 1,017 genes, including 60 cancer or prostate cancer
driver genes'®**"°. Of the 1,350 m°A-QTLs, 101 were associated with
RNA abundance changes of the corresponding gene, nine with pro-
tein abundance changes and four with both (Q < 0.1; Extended Data
Fig. 4k). For example, rs4951018 was associated with changes in m°A,
RNA and proteinabundances of SLC4543, acomponent of the common
prostate cancer fusion gene SLC45A3-ELK4 (Fig. 3h and Extended Data
Fig.4l-n). Threeindependent m®A-QTL SNPs (rs143089027, rs57557217
and rs76338659) were associated with pISUP Grade Group (Pearson’s

Xx’test, Q < 0.1; Extended Data Fig. 40). In sum, these data reveal broad
germline regulation of m°A sites, including on cancer driver genes.

Broad m°A dysregulation by tumor hypoxia
Hypoxiais an adverse prognostic feature in localized prostate cancer
associated with grade, IDC/CA and disease relapse”. We identified
2,280 hypoxia-associated m°A peaks (Spearman’s rank correlation,
Q<0.05; Fig. 4a and Supplementary Table 14). Hypoxia-associated
peakstendedtobeless abundantin hypoxic tumors and preferentially
occurred ongenesinvolved ingene expression regulation (Fig.4a). The
RNA abundance of m°A regulators was also correlated with hypoxia
(Spearman’srank correlation, P< 0.1; Fig. 4a). Further highlighting the
widespread nature of the hypoxia-m°A relation, m°A patient subtypes
(Fig.2a) were hypoxia associated, with the mutationally quiet P5 cluster
being the most normoxic (one-way ANOVA, P=8.1 x107%; Fig. 4b). Eight
peaks showed additional mutational or clinical associations, including
apeaklocated on NSDI (Figs. 2jand 4c,d and Supplementary Table 9).
To validate these hypoxia-associated m°A peaks, we exposed
two prostate cancer cell lines (V16A and PC-3) to 0.2% O, for 24 h
and profiled m®A using the same approach. Both cell lines had many
hypoxia-specific peaks (Fig. 4e and Supplementary Table 15), with these
peaks significantly overlapping the hypoxia-responsive m°A peaksin
primary patients (Fig. 4f,g). Nine peaks showed a consistent hypoxia
correlationacross both cell lines inaddition to patient samples, includ-
ing HNRNPLL (Fig. 4h). Thus hypoxia correlates with m°A profiles in
patients and model systems.

m°A is abiomarker of prostate cancer patient outcome

We next sought to evaluate the biomarker potential of m°A. The
enzymes thatread, write or erase m°A are frequently altered by somatic
mutations, with a majority of tumors having a mutation affecting an
mPA enzyme (Fig. 5a and Supplementary Table 16). Copy number loss
of these genes was accompanied by reduced RNA and protein abun-
danceinseveralinstances (Extended Data Fig. 5a), and these modula-
tions were associated with pISUP Grade Group for loss of METTL16
and gain of VIRMA, HNRNPA2BI1 and YTHDF3 (Extended Data Fig. 5a).
A majority (seven of nine) of these associations were replicated in
the Cancer Genome Atlas (TCGA) Prostate Adenocarcinoma (PRAD)
cohort (N =421) (Supplementary Table 17). Similarly, RNA abundance
of HNRNPA2BI1 and YTHDC2 was also associated with ISUP Grade Group
(Extended Data Fig. 5b).

Tofurther investigate the clinicalimportance of these m°A regula-
tor mutational profiles, we analyzed sixindependent cohorts compris-
ing1,239 patients'®"*"%2, CNAs were significantly predictive of disease
relapse (Fig. 5b), with the strongest effect sizes being observed for gain
of the m°A regulators encoded by VIRMA and YTHDF3 (Fig. 5b-d and

Fig. 5| Quantifying the biomarker potential of m°A sites. a, m°A regulatory
genes are frequently mutated. m°A enzyme-encoding genes are shown on
theyaxis, and patient samples are on the x axis. Top bar plot represents the
number of mutations per sample, while the right bar plot shows the number
of mutations in each m°A regulatory gene across samples. Central heatmaps
display the mutations in each enzyme for each sample. b-d, Meta-analysis of
six independent patient cohorts identifies mutations in m°A regulatory genes
as predictive of patient biochemical recurrence. b, Left heatmap depicts m°A
regulatory gene, mutation type and category of m°A regulatory action. Forest
plot shows hazard ratios and 95% confidence intervals of each mutation on
biochemical recurrence, and left bar plot indicates corresponding P values
froma Cox model. The far right bar plot displays average sample mutation rate
across the patient cohorts (protein, n =54, m°A, n=148;RNA, n = 92; gain or
loss, n=146). c,d, Gain of VIRMA (c) and gain of YTHDF3 (d) predict decreased
biochemical recurrence-free rate. VIRMA gain, n = 22; loss, 191. YTHDF3 gain,
n=23;loss,186. Pvalues displayed are from Cox proportional hazards models.
e-i, m®A provides complementary prognostic information in profiling prostate
cancer driver genes. e, Left heatmap shows driver genes and molecular data

type analyzed. Forest plot shows hazard ratio and 95% confidence intervals for
biochemical recurrence, and the right bar plotindicates corresponding P values
from a Cox model. f,g, Influence of m°A and copy loss on biochemical recurrence-
free rate for tumor suppressors TP53 (f) and NKX3-1 (g). Kaplan-Meier survival
curves show the results from median dichotomizing m°A abundance to create
four patient groups, while inset forest plots show results from treating m°A as
acontinuous variable. Pvalues displayed are from Cox proportional hazards
models. h,i, Relative m®A abundance by biochemical recurrence status for TP53
(h) and NKX3-1 (i). Plots show copy number, z-scored RNA, m°A and protein
abundance, and biochemical recurrence status at censoring time. Patients are
depicted in columns and are ordered by biochemical recurrence status followed
by m°A abundance. j,k, m°A peak status predicts biochemical recurrence for
specific peak sites on INHBA, VCAN and ZFHX4. j, Patients are represented in
columns. Top heatmap displays biochemical recurrence status at censoring time.
Middle heatmap shows patient peak status (peak sites depicted in row labels).
Right bar plot shows Pvalues from a Cox model. k, Presence of a VCAN m°A peak
increases risk of biochemical recurrence. VCAN peak, n = 23; no peak, 125. Pvalues
displayed are from Cox proportional hazards models.
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Supplementary Table18). Furthermore, CNAs in prognostic m°A regu-
latory genes co-occurred with spatially distant prostate cancer driver
events, providing evidence of positive selection (Extended Data Fig. 5¢).
Ofthesessignificantly co-occurring driver-m®A CNA events, 52% (29 of
56) replicated in the TCGA-PRAD cohort (Supplementary Table 19).

Mutations in m°A enzymes may determine patient outcomes
through direct modification of site-specific m°A. We investigated
whether these mutations, in addition to canonical prostate cancer
driver events, were associated with differential methylation of m°A
peaks. Of the 6,467 m°A peaks identified in at least 50% of samples,
over half (3,432 peaks) were differentially methylated in relation to a
prostate cancer driver or m®A regulator, with clustering by effect size
resultingin five peak clusters and five mutation clusters (MC; Extended
Data Fig. 5d and Supplementary Table 20). A subset of m°A cluster-
ing reflects known mutational co-occurrence, such as for YTHDF1
gain and FANCA loss (MC4, Extended Data Fig. 5¢,d). In many cases,
unrelated somatic mutations yielded similar m®A profiles, suggesting
convergent epitranscriptomic dysregulation (for example, ZC3H13and
SPOP(MC5)). Co-regulated peaks were enriched for specific biological
functions. MCl1 preferentially dysregulates several pathways relating
to cellular organization, while MC4 was associated with regulation of
nucleic acid metabolism and RNA methylation (Extended Data Fig. Se
and Supplementary Table 21). Thus, in addition to predicting patient
outcome, the somatic mutation landscapeinfluences the epitranscrip-
tomein adriver-and regulator-specific manner.

We next examined the clinicalimportance of locus-specific m®A on
known prostate cancer drivers. A comprehensive survival analysis of
canonical prostate cancer driver genes across available biomolecular
datatypes was performed (Fig. 5e and Supplementary Table 22). Con-
sistent with previous findings, CNAs were predictive of biochemical
recurrence for a subset of driver events (MYC, PIK3R1 and PTEN'*%).
For tumor suppressors TP53 and NKX3-1, gene-level m®A abundance
provided significant prognostic information (Fig. 5e). Median dichoto-
mization of m®Arevealed atrend toward increasing risk of biochemical
recurrence upon TP53loss in the context of higher m°A abundance.
Further investigation identified a significant interaction effect, with
a hazard ratio of 3.35 per standard deviation increase in log, (m°A)
abundanceinpatients with 7P53loss (Fig. 5f,i). Finally, we expanded the
biomarker evaluation transcriptome wide by considering the 20,334
mCA peaks identified in at least six patients. Strong associations with
biochemical recurrence were detected for peaks on the INHBA, VCAN
and ZFHX4 transcripts (Fig. 5j, Extended Data Fig. 5f and Supplemen-
tary Tables 9 and 23). Additional peaks present on these transcripts
showed a similar trend for association with biochemical recurrence
but with nonsignificant effect sizes (Fig. 5j). The presence of each peak

was associated with worse patient outcome (Fig. Sk and Extended Data
Fig.5g,h).Insummary, m°A provides prognostic value in patients with
prostate cancer via both epitranscriptomic and somatic mutational
information.

m°A modification of VCAN associates with prostate cancer
progression

To gain deeper insights into the intricate mechanisms underlying the
relationship between m®A peaks and tumorigenesis, we conducted
amore detailed exploration. The RNA abundances of VCAN, INHBA
and ZFHX4 were significantly correlated in two large patient cohorts
(Extended Data Fig. 6a). VCAN m°A peaks were observed in ~15% of
tumors, while INHBA and ZFHX4 peaks were observed in 5%. A sec-
ond VCAN peak correlated well with tumor hypoxia (Supplementary
Table 14), prompting further investigation.

VCAN encodes a large chondroitin sulfate proteoglycan called
versican (VCAN). It is a key component of the extracellular matrix®*;
the secretion of VCAN by fibroblasts promotes prostate cancer inva-
sion®. The mRNA abundance of VCAN s significantly higher in tumors
with m°A peaks than in those without (Extended Data Fig. 6b). The
abundance of VCAN protein is also higher in tumors with m°A peaks
(Extended Data Fig. 6¢). Among the five prostate cancer cell lines
tested, PC-3 had the highest level of VCAN m°A (Extended Data Fig. 6d),
comparable to patient samples. High abundance of VCAN mRNA was
significantly associated with a worse outcome in five cohorts com-
prising 981independent patients (Fig. 6a and Extended Data Fig. 6e).

VCAN protein abundance showed a trend but was not signifi-
cantly associated with patient survival, possibly due to the relatively
smallsamplesize (Supplementary Fig. 4a). To address this limitation,
we performed immunohistochemistry staining of VCAN in a tissue
microarray with a larger sample size (n =154). The staining results
revealed the presence of VCAN in both tumor cells and stromal cells,
albeitin modest amounts, with its primary localization observedinthe
extracellular matrix (Supplementary Fig. 4b). Importantly, patients
with higher levels of VCAN had significantly poorer survival outcomes
than those with lower levels (Fig. 6b and Supplementary Table 24).
Furthermore, we observed a significant increase in the total amount
of VCAN protein in tumors compared to normal tissues (Supplemen-
tary Fig. 4c). Additionally, VCAN abundance was notably elevated
in high-risk groups compared to low- and intermediate-risk groups
(Supplementary Fig.4d). These findings highlight the prognostic value
of VCAN in prostate cancer.

Knockdown of VCAN using short hairpin RNA (shRNA) or small
interfering RNA (siRNA) significantly reduced cell proliferation, migra-
tion and invasion in PC-3 cells (Fig. 6¢c, Supplementary Fig. 4e and

Fig. 6 | VCAN drives proliferation and progression in vitro and in vivo.

a, Kaplan-Meier survival curves showing biochemical recurrence stratified

by VCAN mRNA abundance across five cohorts (Gerhauser, Ross-Adams,

Taylor, TCGA-PRAD and International Cancer Genome Consortium (ICGC)-
PRAD-CA (CA, Canada)), grouped by median abundance of VCAN mRNA. A Cox
proportional hazards model was used to compare the hazard of biochemical
recurrence between the groups. b, Kaplan-Meier survival curves showing
biochemical recurrence stratified by VCAN average optical density from the
tissue microarrays (TMA), grouped by median VCAN average optical density.

A Cox proportional hazards model was used to compare the hazard of
biochemical recurrence between the groups. ¢, Quantification of a migration and
invasion assay after shRNA-mediated knockdown of VCANin PC-3 cells. Data are
represented asmean = s.d. of three biological replicates. P values were calculated
using one-way ANOVA with Dunnett’s multiple-comparisons test. d, Tumor
growth of xenografts derived frominjected PC-3 cells infected with shRNAs
targeting VCAN or green fluorescent protein (GFP) as the control. Data are shown
asmean *s.e.m. of five biological replicates. Pvalues are from one-way ANOVA
with Dunnett’s multiple-comparisons test. e, Writing efficiency was assessed by
mPA meRIP-quantitative PCR (QPCR) in PC-3 cells. SETD7 was introduced here

asanegative control. Dataare represented as mean + s.d. of three biological
replicates. Pvalues are calculated using one-way ANOVA with Dunnett’s multiple-
comparisons test. g, guide RNA; gNT, non-targeting guide RNA. f, VCAN protein
abundance after dCasRx-METTL3-based m®A writing in PC-3 cells was detected
by western blot. Ponceau S stain serves as the loading control. Numbers on the
right indicate the positions of molecular mass (kDa) standards. g,h, Migration
and invasion of PC-3 cells after writing by the dCasRx-METTL3-based RNA-editing
system guided by VCAN mRNA-targeting guide RNA mixes. Representative
images (g) and quantification (h, mean + s.d. of three biological replicates;
one-way ANOVA with Dunnett’s multiple-comparisons test) are shown. Scale
bar,200 pm. i, RIP-qPCR showing the physical association of VCAN mRNA with
IGF2BPs in PC-3 cells. Data are represented as mean + s.d. of three biological
replicates. Pvalues were calculated using an unpaired two-sided Student’s ¢-test.
IgG, immunoglobulin G. j, Western blot showing VCAN protein abundance
change after knocking down each IGF2BP protein (silGF2BP1, silGF2BP2 and
silGF2BP3) or all three IGF2BPs (silGF2BP123) in PC-3 cells. Ponceau S stain serves
asthe loading control. Numbers on the right indicate the positions of molecular
mass (kDa) standards. Ctrl, control. k, Graphical representation of VCAN
regulation by m°A.
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Extended Data Fig. 7a-g). VCAN knockdown with shRNA significantly
reduced xenograft tumor growth in vivo (Fig. 6d and Extended Data
Fig.7h). Cell extravasation, whichis akey step during cancer metastasis,
was reduced after VCAN suppression in vivo in a chick embryo model
(Extended DataFig. 7iand Supplementary Videos 1-3). RNA-seq of PC-3
mouse xenografts with and without shRNA-mediated knockdown of
VCAN identified 2,050 differentially expressed genes (Extended Data
Fig.7j), withdownregulated genes enrichedin celladhesion, consistent
with decelerating cell growth and motility (Extended Data Fig. 7k). In
sum, invitro, invivo and clinical datasuggest that VCAN drives aggres-
sive prostate cancer.

VCAN-mediated cross-talk in prostate cancer progression
VCANisrecognized as a pivotal constituentin prostate stroma, secreted
by fibroblasts, and exerts substantial influence on tumor initiation and
progression®*®, To explore cross-talk between tumor and stromal cells
in VCAN-mediated prostate cancer progression, we used the human
prostate fibroblast cell line WPMY-1, which expresses an abundance of
VCAN comparable to PC-3 cells (Extended Data Fig. 8a). Knocking down
VCANin WPMY-1 cells significantly reduced proliferation, underscor-
ingits pivotal role in facilitating cellular proliferation (Extended Data
Fig. 8b). Co-culturing PC-3 and WPMY-1 cells enhanced PC-3 motility
in a dose-dependent manner with increasing WPMY-1 cell numbers
(Extended Data Fig. 8c,d). Furthermore, co-culturing PC-3 cells with
WPMY-1cells with either VCAN or control knockdown (Extended Data
Fig. 8e,f) showed that WPMY-1 could rescue the phenotype caused
by VCAN knockdown (Extended Data Fig. 8g,h), suggesting that the
phenotype was VCAN dependent. These findings highlight the com-
plexinterplay between tumor and stromal cells mediated by VCAN in
prostate cancer progression.

m°A on VCAN drives prostate cancer aggression

Given that tumors with m®A peaks have higher VCAN mRNA abundance,
we hypothesize that the m°A modification stabilizes VCAN mRNA.
We initially observed that VCAN mRNA abundance decreased with
METTL3 knockdown and increased with ALKBHS5 and FTO knockdown
(Extended Data Fig. 9a—c). To confirm that VCAN m°A modifications
directly influence VCAN gene expression, we used catalytically dead
CasRx (dCasRx)/METTL3-based programmable site-specific base edit-
ing on VCAN transcripts. meRIP-qPCR showed that, guided by the
VCAN-targeting guide RNAs, the modification level on VCAN was sig-
nificantly increased, while SETD7 as a negative control was unchanged
(Fig. 6€). After m°A writing, VCAN mRNA and protein abundance was
significantly increased (Fig. 6f and Extended Data Fig. 9d), consist-
ent with perturbation of m®A regulators. In contrast to knockdown of
VCAN, writing additional m°A modification enhanced proliferation and
migration of PC-3 cells (Fig. 6g,h and Extended DataFig. 9e). These data
suggest that specific m®*A modifications on VCAN stabilize its mRNA
and promote subsequent translation to functional protein.

To elucidate the regulatory mechanisms of m®*A modification on
VCAN expression, we investigated the involvement of m®A readers in
regulating VCAN mRNA or protein abundance. YTHDF1 was initially
considered a potential regulator of VCAN expression. However, analysis
of publicly available YTHDF1 RNA immunoprecipitation sequenc-
ing (RIP-seq) data, including in PC-3 cells, revealed that VCANis not
atarget of YTHDF1 (refs. 67-70). Furthermore, knockdown of YTH
domain readers (YTHDF1-YTHDF3) in PC-3 cells did not affect VCAN
protein abundance (Extended Data Fig. 9f-j). However, despite the
lack of involvement of YTH domain-containing readers in VCAN regu-
lation, previous studies have reported VCAN as a high-confidence
target shared by the m°A readers IGF2BP1-IGF2BP3, which stabilize
target mRNA and promote translation”. We tested whether the IGF2BP
proteins also bind VCAN mRNA in PC-3 cells by the RIP assay. Signifi-
cant enrichment of VCAN was detected in all three pulldowns (Fig. 6i
and Extended Data Fig. 9k). Knockdown of these three readers also

reduced VCAN mRNA and protein abundance (Fig. 6j and Extended
Data Fig. 91,m). Consistent with VCAN knockdown, cell proliferation
andinvasion were also significantly reduced upon suppression of these
threereaders (Extended Data Fig.10a-c). Ribosome profiling revealed
increased VCAN abundance in the polysome-free fraction upon IGF2BP
knockdown (Extended Data Fig. 10d,e). A rescue assay introducing
mP®A modification onto VCAN mRNA under the background of IGF2BP2
knockdown restored VCAN expressionand cell phenotypes (Extended
DataFig.10f). These data supportamechanism for m*A modifications
to increase VCAN mRNA abundance by stabilizing and promoting its
translation through IGF2BP proteins, enhancing prostate cancer cell
aggression (Fig. 6k).

Discussion

Post-transcriptional modifications such as m°A facilitate tight
regulation of gene expression and are essential for normal tissue
physiology®”’>7, Germline and somatic genetics directly influence
site-specific m°A levels on thousands of transcripts, while m°A levels
influence downstream RNA and protein abundance. Our data provide
aninitial functional characterization of m°A peaks and highlight the
complexity of these regulatory relationships and the need for addi-
tional functional analyses.

Hundreds of studies have sought to identify genomic or transcrip-
tomic features of prostate cancer or its microenvironment that can
predict variable aggressiveness of diseases™'¢ 9257760637581 Qur data
supportthehypothesis that the epitranscriptomeis clinically predictive:
itisinfluenced by germline, somatic and microenvironmental features
(for example, hypoxia) and shows correlation with clinical behavior. It
appears to synergize with other biomarkers and may be particularly
useful with long-read, single-molecular sequencing technologies that
simultaneously quantify abundance, structure and the epitranscrip-
tome®2. m°A may not only predict clinical behavior but directly drive
aggressive phenotypes, such as proliferation, migration and invasion.

Our study demonstrates the role of IGF2BPs in recognizing m°A
modifications on VCAN. Nevertheless, we acknowledge the possibility
of other m°A readers and their potential collaboration in regulating
VCAN mRNA or protein abundance. Future investigations in different
cell lines and with additional m°A readers are warranted to compre-
hensively elucidate the regulatory landscape of VCAN.

While our study represents the most extensive m°A profiling
endeavor in prostate cancer to the best of our knowledge, the use of
asingle discovery cohort (n =148) limits the generalizability of our
findings. Future studies with larger cohorts incorporating diverse
ancestries are warranted to establish the broader clinicalimportance
of m°A dysregulation in prostate cancer progression.

Our results propose m®A modification as a central player inthe life
history of cancer, influencing its initiation by intermediating genetic
factors, being dysregulated by somatic mutations and ultimately pre-
dicting and driving aggressive clinical and molecular cancer biology.
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Methods

Ethics statement and patient consent

All samples obtained in this study complied with the relevant ethi-
cal regulations approved by the institutional ethics committee and
Research Ethics Board at the University Health Network (UHN). All
procedures were performed in accordance with the International
Guidelines for the Use of Animals and approved by the Animal Care
Committee at the UHN. Informed consent was obtained at clinical
follow-up and was consistent with local Research Ethics Board and
ICGC guidelines.

Cohortdevelopment

Patient selection, tumor sectioning and sample processing followed
established methods™. Tumor tissues had been collected following UHN
Research Ethics Board and CHU de Québec-Université Laval-approved
study protocols (UHN 06-0822-CE, UHN 11-0024-CE, CHUQc-UL 2012-
913:H12-03-192). Patients were treated viaradical prostatectomy, with
biochemical recurrence after radical prostatectomy defined as two
consecutive measurements of PSA > 0.2 ng ml™ or the administration
of salvage radiotherapy. All patients were classified asintermediate risk
by National Comprehensive Cancer Network standards. ISUP score and
tumor cellularity were evaluated by two genitourinary pathologists
(T.v.d.K.and B.T.) using scanned hematoxylin- and eosin-stained slides
from surgical samples'. This categorization yielded a distribution of
nine patientsin G1,87in G2,36in G3, eightin G4 and four in G5, in which
G1-GS5 classification determined prostate cancer-specific mortality.
Tissue areas with >70% tumor cellularity were selected for macrodis-
section and multiomic data generation'. Cellularity was validated in
silico using qpure version 1.1 with OncoScan array data®*.

m°A meRIP and RNA sequencing

The m°A meRIP assay was performed as described in the ‘Refined
RIP-seq’ protocol®. Briefly, 4.5 ng of Escherichia coli K-12 total RNA
was added to 1 pg of total RNA for each sample as a spike-in control.
The RNA samples were fragmented into ~180-nucleotide-long pieces
at 70 °C with RNA Fragmentation Buffer. The reaction was stopped with
EDTA, followed by ethanol precipitation. Ten percent of the fragmented
RNA was saved as input. Protein A magnetic beads (30 pl, Thermo
Fisher,10002D) and 30 pl protein G magnetic beads (Thermo Fisher,
10004D) were mixed and washed twice using 1 ml IP buffer (10 mM
Tris-HCI, pH 7.5,150 mM NacCl, 0.1% IGEPAL CA-630) and resuspended
in 500 ulIP buffer. Next, 5 pg anti-m°A antibody (Millipore, ABE572) was
added tothebeads, and sampleswereincubated at4 °Cforatleast6 h
with constantrotation. The beads were then washed twice with1 mlIP
bufferand resuspendedin 500 plIP mixture containing 100 pl of 5x IP
buffer, fragmented RNA and 5 pl RNasin Plus RNase Inhibitor (Promega,
N2611) and thenincubated at 4 °C for another 2 h. Thebeads were then
washed twice with cold IP buffer, twice with cold low-salt buffer (10 mM
Tris-HCI, pH7.5,50 mM NaCl, 0.1% IGEPAL CA-630) and twice with cold
high-salt IP buffer (10 mM Tris-HCI, pH 7.5,500 mM NacCl, 0.1% IGEPAL
CA-630) for10 mineachat 4 °C. After the washing steps, RNA enriched
onthebeadswaseluted from the beads with200 pl RLT buffer supplied
in the RNeasy Mini Kit (Qiagen, 74106) and then cleaned up with an
RNeasy MinElute spin column. The anti-m°A antibody-enriched RNA
was eluted with 14 pl ultrapure water.

MeRIP-seq libraries were prepared by using the SMARTer Stranded
Total RNA-Seq Kit version 2 (Pico Input Mammalian, Takara, 634413)
according to the manufacturer’s protocol, whichincorporates an rRNA
depletion step. This involves the targeted cleavage of rRNA by ZapR
in the presence of the mammalian-specific R-Probes. Libraries for
siRNA-mediated knockdown of VCAN in PC-3 cells were prepared by
using the TruSeq Stranded mRNA kit (Illumina, 20020594). The librar-
iesweresequenced onlllumina HiSeq X Ten with paired-end 150-bp read
lengthto adepth ofatleast 30 million reads per sample. Samples were
mapped, and counts were quantified using STAR (version 2.7.2), and

differentially expressed genes were identified using DESeq2 (version
1.26.0)°. P,gjustea < 0.05 and |[FC| > 1.5 were used to define differentially
expressed genes. GO enrichment analysis for significantly upregulated
or downregulated genes after knocking down VCAN was performed
using the R package clusterProfiler (version 3.14.3)%. Benjamini-
Hochberg multiple-testing adjustment was used (Q value < 0.1).

Processing meRIP-seq data and quality control

Reads were trimmed using cutadapt (version 2.8) using adaptor
sequences®. Samples were mapped, and reads were quantitated at
the genelevel using STAR (version 2.7.2) using two-pass mapping and
default parameters for hg38 using annotations fromgencode.v34.chr_
patch_hapl_scaff*”®, Using the PCAWG pipeline as areference, different
parameters were chosen for the parameters outFilterMultimapNmax,
the threshold for multiple mapping reads, and outFilterMismatch-
NoveReadLmax, the threshold for an acceptable number of mis-
matches, to determine the robustness of mapped reads®. The quality
of eachsample was determined using FastQC (version 0.11.8)°°, RSeQC
(version 3.0.1)"*, Picard (version 2.21.7) and the ENCODE QC guidelines
as described in ref. 26 and the output metrics of STAR. Using 26 QC
metrics, the sum of negative z scores was computed, and 14 samples
failing anumber of QC metrics were excluded (Extended Data Fig. 1b).
Input reads were counted using RSEM (version 1.3.2)*>. Concordant
with past observation, a high percentage (median: IP, 84.32%; input,
47.86% and range: IP, (0.51, 0.97); input, (0.28, 0.94)) of duplicated
reads was observed®, potentially exacerbated by the use of low-input
starting biological material®®, but, asRNA-seq is prone to natural read
duplicates, the duplicated reads were retained in subsequent peak
callingand m®A quantitation. Germline variants were called using the
GATK pipeline’**and compared to variants called by Houlahan et al.”
using vcfeval (rtg-tools, version 3.10.1) to verify sample identity””*.
TPMs were compared between the 92 overlapping samples from this
study and previous ultra-deep bulk RNA-seq”.

Peak calling, m°A quantitation and motif identification

Peak calling employed MeTPeak (version 1.1) and exomePeak (ver-
sion 2.16.0) with default parameters®*®, As MeTPeak is specialized for
single-end sequencing, forward reads were extracted and used asinput.
Subsampling was conducted with Picard DownsampleSam (version
2.21.7) and three seeds (314,159, 271,828, 1,618) at 50%, 25%, 10% and
1%. Motifs were called for each sample using HOMER (version 4.1.1)*°.

Joint peaks were called using HistogramZoo (version1.0.1). Briefly,
the coverage of gene exons by sample-level peak calls using MeTPeak
was computed onagene-based coordinate system with the removal of
introns to generate a cross-cohort pileup. The pileup was binned into
1-bpbinsasagene-level histogram. Using afine-to-coarse segmentation
algorithm, a histogram segmentation was computed (hyperparameter
£=0.005) and regions of low entropy were filtered* >, Histograms were
fit with probability distributions by optimizing against goodness-of-fit
metrics (mean squared error, Kolmogorov-Smirnov statistic, area of
intersection, Jaccard index, x? statistic) using the DEoptim R package
to characterize distribution shape and skew?’. The best-fitting distri-
bution was selected using majority voting; ties were broken by the best
fitusing the Jaccard index.

Uniquely mapped reads were quantitated onthe joint peaks using
featureCounts from subread (version 2.0.0) using the parameter -
largestOverlap to assign reads to the peak with the largest overlap.
Uniquely mapped reads were quantitated on genes using RSEM (version
1.3.2). The two datasets were used to estimate peak-level and gene-level
mCA abundance, respectively, using the following post-processing steps
based on the protocol described by Zhang et al.””. Specifically, for the 1%
of peaks or genes with the greatest counts, the mean fold enrichment
of peak-level or gene-level IP counts over the corresponding gene-level
input counts was calculated. These enrichment values were then used
inlibrary size factor calculation (RLE) with the DESeq2 (version 1.26.0)*

Nature Genetics


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02128-y

‘estimateSizeFactorsForMatrix’ function. After normalization, IP reads
in peaks or genes were adjusted by the normalized gene-level read
counts of theinput libraries and rounded to yield whole numbers®*,

For m°A peaks, the resulting peak-by-sample count matrix was
either (1) used as direct input or (2) ‘soft-masked’. The identification
ofapeakinasampleisafunction ofapplyingastatistical threshold on
observed IP and input read counts, with the intention of determining
a binary methylation status for a sample. A peak may therefore have
nonzero counts in a sample for which the peak-calling threshold was
not met. Masking thus addressed the goal of filtering spurious reads
observed in ‘peak-less’ samples. Soft-masking was defined as setting
the peak counts to zero after input adjustment in samples where the
peak was not called.

Soft-masked peak-level m®A data were used for differential driver
methylation analysis, while the unmasked peak-by-count matrix was
used insubtype discovery, clinical associations, nominating m°A-QTLs,
hypoxia associations and biomarker discovery. Gene-level m°A data
were used in biomarker discovery for prostate cancer drivers. The
binary status of whether a particular peak was observed in a given
sample was used for mutual information analysis.

Identifying m°A-QTLs
m°A-QTLs were identified using alinear additive model implemented
in Matrix eQTL (version 2.3) and validated using QTLtools (version
1.2)83100191 The ‘soft-masked’ peaks were filtered to remove peaks
withzeroreadsin greater than20% of samples (30,303 of 32,051 peaks
remaining). Normalized, adjusted counts were then transformed
using rank-inverse normal transformation'%. The first seven principal
components of the genotype matrix were identified using PCA with
PLINK at default pruning for linkage disequilibrium'®, and, in combi-
nation with age, were used as covariates. SNPs within10-kbp windows
to the peaks were tested for local m°A-QTLs, while SNPs identified as
linked to genes by Yuan et al.”> were tested for spatial m°A-QTLs, and
the top peak-SNP associations in the set of significant associations
(Q<0.1) were nominated as candidate m°A-QTLs. eQTLs and pQTLs
were identified using the same transformation and covariates for
significant hits.

m°A sites were downloaded from the RMVar database (hg38,
accessed 21 August 2021) and filtered for high-confidence single-base
pair m°A characterization methods in human cell lines. This dataset
represented 132,428 single-base pair sites across 70 studies, 335 tis-
sues, cell lines and conditions and 1,056 samples and were captured
using one of six experimental techniques (miCLIP-seq, DART-seq,
m°ACE-seq, m°A-REF-seq, PA-m°A-seq and m®A-label-seq). Sites were
filtered for those found inIncRNAs, protein-coding genes and pseudo-
genes. Specifically, sites were required to be localized to exons, UTRs,
stop codons and coding sequences. Next, sites were filtered for those
thatoverlappedthe 5,647 regions foundin atleast two cancer cell lines
using meRIP-seq. Finally, sites were filtered for being identified in at
least two studies, identified by at least two experimental techniques and
identified in at least two tissues, resulting in a dataset of 2,883 m®Asites.

HiChIPloop calls from Wei et al.>> were obtained and used to deter-
mine whether m®A-QTL SNPs and their associated peaks were located
inanchored loops.

The GenomicRanges (version1.54.1) R package was used to inter-
sect the genomic coordinates and calculate the distance between
m°A-QTL SNPs and their associated m°®A peaks.

méA hypoxia analysis

Hypoxia scores were calculated using microarray-derived RNA abun-
dance values in a previous study”. To maximize sample overlap, the
corresponding gene-level mMRNA abundance values' were used when
calculating correlation between m°A regulatory gene RNA abundance
and sample hypoxia. m°A peaks that were identified in every sample
(n=20,811) were assessed for correlation with patient hypoxiascore via

Spearman’srank correlation. Pathway enrichment analysis of the result-
ing genes with significant peaks was performed using the gprofiler2R
package (version 0.2.0)'** against the Gene Ontology Biological Process
domainand the Reactome database, with the analysis being limited to
pathway terms containing a maximum of 1,500 genes.

Prostate cancer drivers and m°A enzymes

Somatic mutations were selected based on prior work". These data
were obtained from the ICGC Data Portal under project ‘PRAD-CA’
(https://dcc.icgc.org/projects/PRAD-CA). Specifically, CNA calls
from the Affymetrix OncoScan array were used. CNAs were annotated
with genes of interest, and, if conflicting gains or losses overlapped
a given gene, the CNA type with the largest overlap was selected.
Single-nucleotide variants used were those called via SomaticSniper
version 1.0.5.0 and indels as called by the ‘PCAWG Consensus INDEL
caller’. Only simple somatic mutation events with the following pre-
dicted consequence type were used: ‘missense_variant’, ‘stop_gained’,
‘stop_lost’, ‘splice_donor_variant’, ‘splice_acceptor_variant’. The set of
mCAregulatory enzymes was curated fromref. 105. The set of prostate
cancer driver CNAs was curated from Rheinbay et al.'; a representa-
tive Cancer Gene Census gene was selected from every peak identified
in prostate cancer through the Genomic Identification of Significant
Targetsin Cancer project that was annotated with at least one Cancer
Gene Census gene', The set of prostate cancer driver simple somatic
mutations was curated from the TCGA-PRAD'?’. Structural variants
resulting in ERG or ETV fusion events were called via identification of
genomic breakpoints inferred through whole-genome sequencing
or OncoScan array' or the presence of TMPRSS2-ERG fusion tran-
scriptsinferred through RNA-seq. For statistical analyses, only genes
mutated in >5% of samples were included, yielding 18 drivers and ten
m®A enzymes. Mutation co-occurrence was assessed using a hyper-
geometric test.

Mutation differential methylation analysis

For differential methylation analysis, initial filtering of peaks was per-
formed using a threshold of >0 normalized, ‘soft-masked’, IP-adjusted
read countsin >50% of samples (74 of 144 samples withboth meRIP-seq
and mutation status data), resulting in a total of 6,467 peaks. To reduce
the influence of outliers, the top and bottom 2.5% of samples for
each peak were trimmed. For each mutation, differences in normal-
ized IP-adjusted read counts for each peak were assessed between
mutation-positive and mutation-negative samples using a Poisson
random effect model as implemented in the diffIP function of the
RADAR R package (version 0.2.4)”. Significance was called at Q < 0.1.
Pathway enrichment analysis of significant genes was performed using
ActivePathways (version 1.1.0)'°® against the Gene Ontology and Reac-
tome databases (data obtained from g:profiler release/2022-02-14).
Terms were limited to between 5 and 500 genes. The threshold for
merged P values and for pathway enrichment was set to 0.1. P values
were merged using Brown’s method, and multiple-testing correction
was conducted using Holm’s method.

Biomarker discovery using univariate survival analysis
CNAsinnine m°Aregulatory genes were tested for association with time
until biochemical recurrence. For each gene, a Cox proportional haz-
ards model was used to compare the hazard of biochemical recurrence
between the more common alteration event (that is, copy number gain
or loss) versus neutral copy number. The model was fit using the sur-
vival R package (version 3.3.1)' with Wald test Pvalues. When modeling
agivengene, the Cox model was fit separately to six different cohorts:
Tayloretal. (n=154)°, Hieronymus et al. (n =104)®', Ross-Adams et al.
1(n=105)%, Ross-Adams et al. 2 (n = 76)**, ICGC-PRAD-CA (n = 379)'*"
and TCGA-PRAD (n=421)*. Arandom effect meta-analysis was used to
combine the six cohort-specific log hazard ratiosinto an overall hazard
ratio viathe meta R package'’ (version 6.5.0).
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Taylor etal., Ross-Adams et al. 1and Ross-Adams et al. 2 CNA data
were obtained from https://github.com/crukci-bioinformatics/cam-
cAPP/tree/master/data. Taylor et al. biochemical recurrence data were
obtained fromhttps://www.cbioportal.org/study/clinicalData?id=prad_
mskcc. Hieronymus et al. data were obtained from https://www.cbio-
portal.org/study/summary?id=prad_mskcc_2014, TCGA-PRAD data
were downloaded using the TCGAbiolinks R package (version 2.25.3)™",
and ICGC-PRAD-CA dataareasuperset of the CNA datadescribedinthe
current study and were obtained as described above.

Survival analysis of prostate cancer drivers was performed simi-
larly. m°A was considered as a continuous variable using gene-level
normalized, IP-adjusted counts before median dichotomization. Other
continuous variables (RNA and protein abundance) were also median
dichotomized, and CNAs were analyzed as previously detailed.

For peak-level survival analysis, peaks were initially filtered
to remove those identified in less than six samples (n=20,334). A
two-stage approach was then used to identify survival associations.
First, Cox proportional hazards models were fitted with the R package
survival (version 3.2-13) for each peak using presence or absence of the
peak as adiscrete variable and the Wald test for nonzero coefficients'®.
The proportional hazards assumption was tested for each peak. Next,
to correct for the comparison of potentially imbalanced populations,
ExaLT was used to validate P values using an approximation factor of
10 and a P-value threshold of 0.01 (ref. 112).

For survival analysis of VCAN RNA abundance, the assumptions
of the Cox model were tested using the cox.zph function in the R sur-
vival package (version 2.41-3) with 0.1 as a cutoff. The Cox propor-
tional hazards model was fit using patient groups dichotomized by the
median RNA abundance, with biochemical recurrence as the endpoint.
The analysis used bulk RNA-seq data from several studies, including
TCGA-PRAD*, Taylor et al.®°, Gerhauser et al.”®, Ross-Adams et al.*> and
ICGC-PRAD-CA". TCGA-PRAD RNA-seq data were downloaded using
the R package TCGA2STAT (version1.2)",

mSA datasets

Reference m®Assites were downloaded from RMVar (29 August 2021)*,
and additional m°Asites from the prostate epithelial cell line RWPE and
the cancer cell line LNCaP were downloaded from Cotter et al.**. For
thelatter, m®A sites were identified as the nearest adenine within 3 bp
downstream of the cross-linking mutation by strand.

Additional datasets

Datafromprevious publications were used in their original state
with the exception of genotyping data as described above and RNA-seq
data from ref. 19, which were remapped to hg38 using annotations
from gencode.v34.chr_patch_hapl_scaff, using the RNA-seq pipeline
described above. Quality control of the input library, mutual infor-
mation analysis, eQTLs, enzyme associations with RNA abundance,
comparison of m°A subtypes to RNA subtypes and survival analysis
oftarget genes based on transcript abundance were conducted using
RNA-seq data'® due to greater sequencing depth. Additional RNA-seq
and/or meRIP-seq datasets were processed using identical pipelines.

2,16-18,20

Statistics and reproducibility

Data analysis was conducted using R (version 3.6.1to version 4.1.0).
Unlessindicated otherwise, multiple-hypothesis testing was conducted
for each statistical analysis using the method outlined by Benjamini
and Hochberg™, commonly referred to as the false discovery rate or
Q value (denoted here as Q). In vitro and in vivo data were expressed
as mean *s.d. and mean + s.e.m., respectively. Two-tailed unpaired
Student’s ¢-test and one-way ANOVA were performed to identify sig-
nificant differences between groups in our experiments. Data were
confirmed to meet the assumptions of normality and equal variance for
the statistical tests used. Details of the test method used for statistical
analysis are specified in the relevant figure legends and the Methods.

Allvalues were considered significantly different at P < 0.05. Western
blot experiments were performed at least twice with similar results.
Data visualization was conducted using BoutrosLab.plotting.general
(version 6.0.3)", ggseqlogo (version 0.1)""° and Guitar (version 2.4.0)"".
No statistical method was used to predetermine sample size. The
meRIP-seq data of 14 samples were excluded from the analyses due to
stringent quality control. The experiments were not randomized. The
investigators were not blinded to allocation during experiments and
outcome assessment.

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

Data availability

m°A meRIP-seq raw sequencing data are available at the EGA under
accession EGAS00001006925. Other previously published molecu-
lar data characterizing the ICGC-PRAD-CA cohort analyzed in this
study are available at the EGA under accession EGASO00001000900.
PC-3 shRNA knockdown VCAN RNA-seq data were deposited in the
Gene Expression Omnibus under the accession number GSE220432.
Previously published mRNA microarray data are available at the Gene
Expression Omnibus under accession code GSE84043.Source dataare
provided with this paper.

Code availability

HistogramZoo is available at https://github.com/uclahs-cds/
public-R-HistogramZooref. 31. Scripts for dataanalysis and plotting are
available athttps://github.com/uclahs-cds/prostate-cancer-mé6a-paper
ref.118.
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Extended Data Fig. 1| See next page for caption.
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Extended Data Fig. 1| Data Analysis & Quality Control. a) The study workflow:
we investigate the role of the post-transcriptional RNA modification m°A in
primary prostate tumors by examining global m°A patterns, germline origins,
clinical associations, microenvironmental associations and functional impact.
This builds on previous molecular profiling studies of this primary prostate
tumor cohortincluding 133 genotypes'®, 148 CNA and 143 somatic mutation
profiles”, 146 DNA methylation'®, 29 H3K27ac ChIP-seq*, 92 ultra-deep RNA-
sequencing" and 54 proteomic profiles®. b) Data processing pipeline for meRIP-
sequencing. ¢) Quality control metrics derived from the output of STAR, RSeQC,
cutadaptand correlation of the Input library with previous transcriptome
profiling datasets'®". Top barplot: the sum of negative Z-scores for each sample.
Bottom heatmap: metric by sample matrix where colors denote the magnitude of
negative Z-scores. d) Left panel: sample-level correlation of transcript abundance
in 92 samples common between Input libraries of this study and ultra-deep

bulk RNA-seq from Chen et al.”” (Spearman’s p). Right panel: gene-level
correlation of transcript abundance in the same datasets (Spearman’s p)*.

e) Validation of sample identity by comparing germline variants identified in the
Input libraries and Houlahan et al.”®. Both axes are ordered identically, first, by
ancestry (covariate: orange represents European ancestry, green represents non-
European ancestry) and then, by sample ID. Heatmap color represents precision
(left) and sensitivity (right). Precision is calculated as the intersection of RNA-seq
and WGS variants divided by all RNA-seq variants. Sensitivity is calculated as

the intersection of RNA-seq and WGS variants divided by all WGS variants.

f) Comparisons of the PCR Duplicate Proportion (PDP), the Non-Redundant
Fraction (NRF) and the PCR Bottlenecking Coefficients1and 2 (PBC1/2) for each
sample. The metric values of the IP library (y-axis) are compared to the metric
values of the Input library (x-axis).
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Extended DataFig. 2 | Peak Calling & Central Dogma Integration. a) The
distribution of peaks identified by exomePeak and MeTPeak. Each dotin

the scatterplot represents asample, histograms show the distribution of

mC°A methylated genes and peaks across samples. Bottom histogram shows

the distribution of the number of peaks identified per gene. b) Spearman’s
correlation of the number of peaks and the library size. The size of the disks
corresponds to the magnitude of Spearman’s p and the background color
indicate the P value (two-tailed test). c-d) The number of peaks called using
three IP libraries when randomly subsampled to 50%, 25% 10% and 1% of the
original reads for exomePeak (c) and MeTPeak (d). ) Comparing the coverage
of MeTPeak and exomePeak peaks using the Simpson Index (intersection/
smallest set, median=94.80%) and the Jaccard Index (intersection/union,
median =53.01%) for each sample. Inner panel: Overlap by genomic coverage
with previously identified peaks in the REPIC database?®. f) Distribution of peak
density across ametagene as called by MeTPeak. Line shows the density of the
peaksidentified by HistogramZoo while the blue background shows the variation

of peak density across individual samples. Bottom plot shows the distribution of
peaks annotated across transcriptomic elements. g-j) Exemplar plots for MALAT1
(g), FOXAI (h), RBI (i) and NKX3-1 (j). The median IP (green) and Input (purple)
coverage are represented using lines while background colors represent the
range of IP and Input coverage across samples. Exons are annotated below in
dark blue. Bottom heatmaps represent the distribution of IP and Input coverage
(loglp-transformed) across samples. k) Relationship between the number of
samples with an m°A peak at each gene and the corresponding gene-level RNA
abundance. Box plots represent the median (center line) and upper and lower
quartiles (box limits), and whiskers extend to the minimum and maximum
values within1.5x the IQR. ) Distribution of spearman’s correlation between

m°®A level and input abundance. m-n) Relationship between gene-level RNA and
protein abundance correlation and (m) gene-level m°A abundance and (n) the
number of samples with an m°A peak at each gene. Spearman’s correlation and
corresponding P value displayed (n = 3,233).
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Extended DataFig. 3| Clinical Correlates of m°A. a) m°A peak abundance
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Extended Data Fig. 4 | See next page for caption.
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Extended DataFig. 4| Germline Correlates of m°A. a) The overlap of m®Assites
identified in RMVar**and Cotter et al. 2021* with germline SNPs genotyped as
described in Houlahan et al."®. b) The distribution of allele frequencies of the A
for SNPs/m°A sites in prostate cancer joint peaks (red) compared to the A for
SNPs/m®Assites outside of joint peaks (white). ¢) The SNP rs2240912 is associated
withbiochemical recurrence (Q < 0.1; Cox Proportional Hazards model). d) The
difference in Conti PRS relative to m°®A peak status (PRSpe, - PRSyo pear) 3Cr0ss
peaks assessed using Student’s T test (two-sided). e-f) Left: The distribution

of Pvalues inassociations (two-sided T test) between m°A peak status and
Schumacher PRS (e) and PHS290 (f). Right: Volcano plots showing log,, P values
versus effect sizes (A PRS). g) The association between Conti PRS versus the
number of MeTPeak peaks per sample using Spearman’s correlation analysis
(two-sided). h-i) Left: distribution of P values in modelling associations between
risk SNPs and local m°A peak methylation (h) and spatially-associated m®A peak

methylation (i) Right: Volcano plots of P values versus effect sizes from additive
linear models (B). Data from linear additive model. j) Histogram of the distance
(bps) between the m°A-QTL and associated m°A peak. k) The identification of
significant RNA, protein and clinical associations based on tag SNPs and gene
pairs of m°A-QTLs. I) RNA and protein associations identified using m°A-QTL

tag SNP-gene pairs. The disk sizes and color are indicative of the magnitude and
direction of the 3 values of a linear additive model while the background color
indicates the Q value. m-n) The associations of the SNP rs4951018 with SLC45A3
RNA (m) and protein abundance (n). Box plots represent the median (center line)
and upper and lower quartiles (box limits), and whiskers extend to the minimum
and maximum values within 1.5x the IQR. P values from linear additive model
(n=133). 0) Top: tables showing associations between ISUP-associated alleles and
ISUP Grade Group. Q values are derived from the global X? test. Bottom: tables
showing associations between pairs of alleles.
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Extended DataFig. 5| Somatic Mutations Modulate the m°A Landscape.

a-b) Association of (a) copy number aberrations or (b) RNA abundance with

1) RNA or protein abundance of the corresponding gene, or total sample peak
number (Student’s t-test, two-sided), 2) clinical features: ISUP Grade Group,

IDC status, pathological T category (Pearson’s X test, two-sided), PSA, and age
(Student’s t-test, two-sided). Black background indicates Q value < 0.1, whilst
dotsize represents (a) effect size or (b) Spearman’s correlation. ¢) Association of
mutations in m°A regulatory genes and prostate cancer driver events.

P values from a hypergeometric test (one-sided for over-representation) are
represented by the color of the background, whilst the size of the dot represents
the difference between observed and expected co-occurring mutations.
Covariate bars indicate mutation type and, if applicable, GISTIC peak the
mutationis located within. d) Consensus clustering of 3,432 differentially
methylated m°A peaks (k = 5) associated with driver mutations or mutations to
mPAregulators (k = 5). For each mutation, colors in the main heatmap indicate

thelog, fold change in m®A level, and right barplot the number of m°A peaks
significantly differentially m®A methylated, between samples with and without
the corresponding mutation. MC: mutation cluster; DMPC: differentially-
methylated peak cluster. ) Pathway enrichment analysis performed on genes
with differential m®A abundance associated with mutations in m°A enzymes or
prostate cancer drivers. Each node represents an enriched pathway term (from
GO:BP or REACTOME ontologies). Node colors represent mutations from (d),
with some pathways only enriched through joint consideration of all genes
associated with a whole mutation cluster (indicated through ‘Contribution’ key).
f) Forest plot showing the hazard ratio and 95% confidence intervals for presence
of an m°A peak associated with biochemical recurrence, and left barplotindicates
corresponding P values from a Cox Proportional Hazards model. g-h) Presence
of am®A peak on g) INHBA or h) ZFHX4, increases risk of biochemical recurrence.
INHBA peak samples n = 6, ZFHX4 peak samples n = 9, total samples =148. P values
from a Cox Proportional Hazards model.
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Extended DataFig. 6 | VCAN as a Candidate m6A Driver Event. a) Correlations
in RNA abundance of INHBA, VCAN, and ZFHX4 in the TCGA-PRAD and ICGC
PRAD-CA cohorts. Dot size is Spearman’s correlation; background shading is

P value. b) Comparison of the VCAN mRNA abundance between samples with and
without peaks by the Input RNA-seq data. Samples with m°A peaks (n =23) and
without m®A peaks (n = 124) were derived from independent biological samples.
The P value was calculated with two-sided Mann-Whitney U test between samples
with and without m°A peaks on VCAN mRNA. The top and bottom of the box
represent the 75th and 25th percentiles, respectively, with the line inside the

box indicating the median. Whiskers extend to 1.5 times the interquartile range
from the 25th and 75th percentiles. The fold change of peak mean TPM relative
to no peak mean TPM is shown. ¢) Comparison of the VCAN abundance between
samples with and without peaks by protein mass spectrometry data. Samples
with m®A peaks (n =15) and without m®A peaks (n =39) were derived from
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independent biological samples. A two-sided Mann-Whitney U test was used to
compare the difference between the two groups. The top and bottom of the box
represent the 75th and 25th percentiles, respectively, with the line inside the
box indicating the median. Whiskers extend to 1.5 times the interquartile range
from the 25th and 75th percentiles. The fold change of peak mean value relative
to no peak mean value is shown. d) m°A peak signals of VCAN transcripts from
meRIP-seq libraries of several prostate cancer cell lines and patient samples with
(CPCGO0196) or without (CPCG0255) VCAN m®A peaks identified. The vertical
red lineindicates the location of the significant peak. e) Kaplan-Meier survival
curves showing biochemical recurrence stratified by VCAN mRNA abundance in
the Gerhauser, Ross-Adams, Taylor, TCGA-PRAD and ICGC-PRAD CA cohorts.

A Cox Proportional Hazards model was used to compare the hazard of
biochemical recurrence between the groups.
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Extended Data Fig. 7| VCAN Drives Prostate Cancer Progression.

a-c) Knockdown efficiency of VCAN mRNA by shRNAs (a), protein abundance
(b) and by siRNAs (c) in PC-3 cells. All other Western blots for VCAN in this study
are treated by chABC by default. Ponceau S as the loading control. Numbers
indicate the positions of molecular mass (kDa) standards. Data are represented
asmean = SD of three biological replicates. P values are calculated using one-
way ANOVA with Dunnett’s multiple comparisons test. d) The representative
images of the migration and invasion assay of PC-3 cells after shRNA-mediated
knockdown of VCAN. The experiment was conducted using three biological
replicates for each condition. The scale bar represents 200 pm. e) The growth
curve after siRNA-mediated knockdown of VCAN in PC-3. Data are represented
asmean = SD of three biological replicates. P values are calculated using one-
way ANOVA with Dunnett’s multiple comparisons test. f-g) The migration and
invasion assay of PC-3 cells after siRNA-mediated knockdown of VCAN. The
representative images (f), and the quantification (g). Data are represented

asmean + SD of three biological replicates. The scale bar represents 200 pm.
h-i) The tumor weight (left) and the tumor size (right) of xenografts derived
frominjected PC-3 cells (h), and the extravasation ability of PC-3 (i) infected
with shRNAs targeting VCAN or GFP as the control. Xenografts are shown

as mean + SEM of five biological replicates, and the extravasation data are
presented as mean + SD of biological replicates (shGFP,n =9; VCANshl,n=7;
VCANsh2,n = 6).P values are calculated using one-way ANOVA with Dunnett’s
multiple comparisons test. j) The volcano plot showed the significantly up/
down-regulated genes (average FC > log,(1.5), adjusted P value < 0.05, two-sided)
between shGFP and shKD VCAN groups in PC-3 mouse xenografts. Adjusted P
values were calculated using the Benjamini-Hochberg method. Vertical dashed
linesindicate -log,(1.5) and log,(1.5), respectively, and the horizontal one marks
adjusted P = 0.05.k) Dotmap representing top 10 enriched pathways after shkD
VCANin PC-3 mouse xenograft tumors. Dot size indicates the odds ratio and
background color the Q values.

Nature Genetics


http://www.nature.com/naturegenetics

rti ttps://doi.org/10. s -025- -y
Article h //d /10.1038/s41588-025-02128
a b c
pc-3  Number of WPMY-1 cells in lower chamber
15 WPMY-1
PC-3 __ WPMY-1 o | — shGFP
WT WT ShGFP shVCAN £ o] — ShVCAN
.I'-vl- T ot .- 3 E .
VCAN Y 8
245 §0.5 | ;
Ponceau S }‘60 5 St
3 P=108x10* & . ,
< 0 . . . 2 ‘ S
Days Medium 1:2 1:4 1:8 1:16
B Medi
150071p =435 x 10° -153 o 1500, B=893x10° 08, or
—0.11x10° mmia Upper (PC-3)  shGFP shVCAN shGFP shVCAN B =350 %107 mehvean + sharp
. P-o90x10) E3116  Lower (WPMY- _ShGFP. ShVCAN  shVCAN N P=226x 107 RanGrp + shVOAN
£1000 R 5l e ' = S4000 P =4.04x 107
5 P =1.50 x 10* © £ E=9.15x10°
c P - 788x10" k=2 c P=185x10°
° — = 3
O 500 8 500
c
Ke]
(2]
g
0 —— ; c 0 o—— .
Migration Invasion - Migration Invasion
9 Upper (PC-3)  shGFP sh1 ShGFP sh1 o500,  PELI7xi0f B ShGFP
Lower (WPMY-1) - - + + P=1.97 x 10* B3 shVCAN
c . 2000 PEIBi0f poq77x104
S 2 P=3.09x10%
4 £1500 P=177x10°
= g P=1.48 x10
© 1000
< ()
3 500 P=1.98x10
>
£

Extended Data Fig. 8| VCAN Regulates Tumor-Stromal Crosstalk.

a) Knockdown efficiency of VCAN by shRNA in WPMY-1 cells was detected by
Western blot. Ponceau S stain serves as the loading control, and molecular
mass (kDa) standards are indicated on the right. Additionally, asample from
PC-3 cellsis included for relative quantification, demonstrating comparable
levels of VCAN extracted from the same volume of culture medium collected
from an equal number of cells. The experiment was conducted using three
biological replicates for each condition. b) The growth curve after shRNA-
mediated knockdown of VCANin WPMY-1. Data are represented as mean + SD
of three biological replicates. P valueis calculated using an unpaired two-sided
Student’s T test. c-f) Migration and invasion analysis of indirect coculture of
PC-3 and WPMY-1 cells. PC-3 cells (2 x 10*) were seeded into the upper chamber
containing serum-free medium, while WPMY-1cells were seeded in the lower
chamber containing 10% fetal bovine serum at varying ratios (PC-3 to WPMY-1)

PC-3 PC-3 + WPMY-1
Invasion

PC-3

PC-3 + WPMY-1
Migration

ranging from1:2 to 1:16 as indicated (c-d). PC-3 cells (5 x 10*) were seeded into
the upper chamber containing serum-free medium, while WPMY-1 cells were
seeded in the lower chamber containing 10% fetal bovine serum at a fixed ratio
of1:8 (PC-3 to WPMY-1) (e-f). Representative images (c, €) and quantification

(d, f, mean = SD of three biological replicates; one-way ANOVA with Dunnett’s
multiple comparisons test) are presented. The scale bar represents 200 pm.
g-h) PC-3 cells with VCAN knockdown (shVCAN) or control (shGFP) were cultured
either with or without WPMY-1cells. In the coculture condition, WPMY-1cells
were seeded in the lower chamber at aratio of 1:8 (PC-3 to WPMY-1) in medium
containing 10% fetal bovine serum (FBS); in the monoculture condition, the lower
chamber contained only medium with 10% FBS. Representative images (g) and
quantification (h, mean + SD of three biological replicates; two-sided Student’s
t-test) are presented. The treatments (knockdown) for each group are indicated
inthe figure. The scale bar represents 200 pm.
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Extended DataFig. 9 | m°A Stabilizes VCAN mRNA and Promotes its
Translation. a-b) Knockdown efficiencies of the m®A regulators by shRNAs in
PC-3 atRNA (a, Data are represented as mean + SD of three biological replicates.
Pvalues are calculated using unpaired two-sided T test.) and protein level

(b, Numbers indicate the positions of molecular mass (kDa) standards).

¢) Relative abundance of VCAN mRNA after knockdown m°A regulatorsin PC-3
cells. Ctrl:shRNA targets GFP, M3:METTL3, AS:ALKBHS. Data are represented as
mean + SD of three biological replicates; P values, unpaired Student’s T test.
d-e) The VCAN mRNA abundance (d) and growth curve (e) of PC-3 cells after
writing by VCAN mRNA-targeting guide RNA mixes. Data are represented as
mean + SD of three biological replicates. P values, one-way ANOVA with Dunnett’s
multiple comparisons test. f-g) Knockdown efficiencies of YTHDFs (f) and
corresponding VCAN protein abundance change (g) in PC-3 cells infected with
siRNAs against each YTHDF were assessed by western blot. Numbers indicate
the positions of molecular mass (kDa) standards. h-i) Knockdown efficiencies

of YTHDC1 (h) and YTHDC2 (i) in PC-3 cells infected with siRNAs against each
YTHDC were assessed by western blot. Vinculin was used as aloading control.
Numbers on the rightindicate the positions of molecular mass (kDa) standards.
Jj) Western blot showing VCAN protein abundance change after knocking
down YTHDC1and YTHDC2 in PC-3 cells. Ponceau S stain serves as the loading
control. Numbers on the rightindicate the positions of molecular mass (kDa)
standards. k) RIP efficiencies of the IGF2BP proteins were evaluated by western
blot. Vinculin was included as negative control of the IPs. Numbers on the
rightindicate the positions of molecular mass (kDa) standards. I) Knockdown
efficiencies of IGF2BPs in PC-3 cells infected with siRNAs against each IGF2BP
were assessed by western blot. Vinculin was used as aloading control. Numbers
ontherightindicate the positions of molecular mass (kDa) standards. m) Relative
VCAN mRNA abundance after siRNA-mediated knockdown of IGF2BPs in PC-3
cells. Data are represented as mean + SD of three biological replicates. P values
are from unpaired T test.
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Data collection  gPCRs were run on StepOnePlus Real-Time PCR System (Applied Biosystems) or CFX96 Touch Real-Time PCR Detection System (Bio-Rad).
The Western blots were exposed on Thermo Scientific CL-XPosure film.
The average optical density of VCAN was subsequently analyzed utilizing HALO software (Indica Labs).
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- 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

Bulk RNA-seq data of Gerhauser et al. and Taylor et al. were obtained from https://www.cbioportal.org/study/summary?id=prostate_dkfz_2018 and https://
www.cbioportal.org/study/clinicalData?id=prad_mskcc, respectively. The Ross-Adams (GSE70770) and ICGC-PRAD CA (GSE113120) were downloaded from Gene
Expression Omnibus. Raw sequencing data is available in EGA under accession EGAS00001006925. Previously published data are available in EGA under accession
EGAS00001000900. The PC-3 siRNA knockdown VCAN RNA-seq data is deposited in the Gene Expression Omnibus (GEO) under the accession number GSE220432.
Previously published mRNA microarray data are available at the Gene Expression Omnibus under accession code GSE84043.
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Sample size MeRIP-seq was performed for 162 patient tumor and 10 benign RNA samples. m6A-SAC-seq was performed for four cell line and eight tumor
samples. RNA-seq were performed with the sample size of three for each cell line at each condition. RT-qPCR were performed with biological
replicates. 5-10 mice were used for each treatment arms.

Sample sizes were not predetermined by any statistical methods. Generally, sample size was based on our prior experience and common
standards in the field for detecting statistically significant differences between conditions, and also based on experimental feasibility, sample
availability, and necessary to obtain definitive results.

Data exclusions  All data were used without exclusions.

Replication RNA-seq were performed with the sample size of three for each cell line at each condition. RT-gPCR and western blots were performed with
three biological replicates. 5 mice were used for each group.

Randomization  Randomization not deemed essential for this study because the fundamental findings were made using cell lines, since they are divided and
expanded from a relatively homogeneous cell population. For xenograft, the mice were randomly assigned to receive subcutaneous injections

of either control or treatment group cells.

Blinding Blinding was not possible to our study, because of the time constraint and the limitation of the human resource for animal work.
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Antibodies
Antibodies used anti-anti-VCAN: Abcam, ab270444;
anti-vinculin: CST, 13901S;
anti-IGF2BP1: proteintech, 22803-1-AP, or CST, 8482;
anti-IGF2BP2: proteintech, 11601-1-AP;
anti-IGF2BP3: proteintech, 14642-1-AP;
anti-Chondroitin Sulfate: Sigma, C8035;
anti-METTL3: proteintech, 15073-1-AP;
anti-ALKBH5: Sigma, HPA007196;
anti-FTO: proteintech, 27226-1-AP;
anti-YTHDF1: proteintech, 17479-1-AP;
anti-YTHDF2: proteintech, 24744-1-AP;
anti-YTHDF3: proteintech, 25537-1-AP;
anti-YTHDC1: proteintech, 29441-1-AP;
anti-YTHDC2: proteintech, 27779-1-AP;
anti-mouse 1gG: CST, 7076S; Secondary antibody, 1:5,000 dilution
anti-rabbit IgG: CST, 7074S; Secondary antibody, 1:5,000 dilution
Validation Validation statements and literature citations of each antibody can be found on the manufacturer's website and/or the CiteAb

website:

anti-VCAN (https://www.abcam.com/products/primary-antibodies/versican-antibody-epr23374-21-ab270444.html)
anti-vinculin (https://www.cellsignal.com/products/primary-antibodies/vinculin-e1e9v-xp-rabbit-mab/13901)
anti-IMP1(IGF2BP1) (https://www.cellsignal.com/product/productDetail.jsp?productld=8482)

anti-IGF2BP1 (https://www.ptglab.com/products/IGF2BP1-Antibody-22803-1-AP.htm)

anti-IGF2BP2 (https://www.ptglab.com/products/IGF2BP2-Antibody-11601-1-AP.htm)

anti-IGF2BP3 (https://www.ptglab.com/products/IGF2BP3-Antibody-14642-1-AP.htm)

anti-Chondroitin Sulfate (https://www.sigmaaldrich.com/CA/en/product/sigma/c8035)

anti-METTL3 (https://www.ptgecn.com/products/METTL3-Antibody-15073-1-AP.htm)

anti-ALKBHS (https://www.sigmaaldrich.com/CA/en/product/sigma/hpa007196)

anti-FTO (https://www.ptgcn.com/products/FTO-Antibody-27226-1-AP.htm)

anti-YTHDF1 (https://www.ptgcn.com/products/YTHDF1-Antibody-17479-1-AP.htm)

anti-YTHDF2 (https://www.ptgcn.com/products/YTHDF2-Antibody-24744-1-AP.htm)

anti-YTHDF3 (https://www.ptgcn.com/products/YTHDF3-Antibody-25537-1-AP.htm)

anti-YTHDC1 (https://www.ptgcn.com/products/YTHDC1-Antibody-29441-1-AP.htm)

anti-YTHDC2 (https://www.ptgcn.com/products/YTHDC2-Antibody-27779-1-AP.htm)

anti-mouse IgG (https://www.cellsignal.com/products/secondary-antibodies/anti-mouse-igg-hrp-linked-antibody/7076)
anti-rabbit 1gG (https://www.cellsignal.com/products/secondary-antibodies/anti-mouse-igg-hrp-linked-antibody/7074)

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) HEK293T (Cat#f CRL-3216), PC-3 (Cat# CRL-1435), 22Rv1 (Cat#f CRL-2505), DU145 (Cat# HTB-81), NCI-H660 (Cat# 5813) and
WPMY-1 (Cat# CRL-2854) were purchased from the American Type Culture Collection (ATCC). V16A cell line, originally
established by Dr. Amina Zoubeidi’s laboratory, was provided as a gift from her lab.

Authentication HEK293T, PC-3, 22Rv1, DU145, NCI-H660, WPMY-1 and V16A cells have been authenticated by STR analysis, as declared by
ATCC.

Mycoplasma contamination HEK293T, PC-3, 22Rv1, DU145, NCI-H660, WPMY-1 and V16A cells have been tested negative for Mycoplasma contamination
by the MycoAlert Mycoplasma Detection Kit (Cat. #L.TO7-118, Lonza).

Commonly misidentified lines  No
(See ICLAC register)




Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in

Research

Laboratory animals

Wild animals

Reporting on sex

Field-collected samples

Ethics oversight

Four to six-week old NOD/SCID and BALB/c mice were obtained from Princess Margaret Cancer Centre Animal Research Centre and
housed under standard temperature at 21C-22C, humidity at 45%-60%, and timed lighting conditions at 12hr/12hr light/dark cycle
mandated by the committee.

No wild animals were used in this study

Our finding only apply to male. The sex was not considered in study design because we are focusing on prostate cancer.

No field collected samples were used in the study

All procedures were performed in accordance with the International Guidelines for the Use of Animals and approved by the Animal
Care Committee at UHN.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks

Novel plant genotypes

Authentication

N/A

N/A

N/A
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