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Tumor DNA circulates in the plasma of cancer patients admixed with DNA from noncancerous cells. The genomic landscape of
plasma DNA has been characterized in metastatic castration-resistant prostate cancer (mCRPC) but the plasma methylome
has not been extensively explored. Here, we performed next-generation sequencing (NGS) on plasma DNA with and without
bisulfite treatment from mCRPC patients receiving either abiraterone or enzalutamide in the pre- or post-chemotherapy
setting. Principal component analysis on the mCRPC plasma methylome indicated that the main contributor to methylation
variance (principal component one, or PC1) was strongly correlated with genomically determined tumor fraction (r = –0.96;
P < 10–8) and characterized by hypermethylation of targets of the polycomb repressor complex 2 components. Further
deconvolution of the PC1 top-correlated segments revealed that these segments are comprised of methylation patterns
specific to either prostate cancer or prostate normal epithelium. To extract information specific to an individual’s cancer, we
then focused on an orthogonal methylation signature, which revealed enrichment for androgen receptor binding sequences
and hypomethylation of these segments associated with AR copy number gain. Individuals harboring this methylation
pattern had a more aggressive clinical course. Plasma methylome analysis can accurately quantitate tumor fraction and
identify distinct biologically relevant mCRPC phenotypes.

Introduction

Analysis of plasma DNA somatic point mutations or copy number alterations through liquid biopsy has potential utility for
informing treatment decisions in cancer patients with a range of
tumor types (1, 2). Several studies have shown that plasma DNA
is representative of clinically relevant metastases (3). In addition
to genomic information, plasma DNA also contains methylation
information that could be concurrently extracted. Methylation
status is tissue-specific and can be used to interrogate cellular
Conflict of interest: AW, PC, DW, and GA have a patent application under consideration
(GB1915469.9). The Institute of Cancer Research (ICR) developed abiraterone and therefore
has a commercial interest in this agent. GA receives a reward from the ICR for his role as an
inventor of abiraterone. GA has received honoraria, consulting fees, or travel support from
Astellas, Medivation, and Janssen, and grant support from Janssen, AstraZeneca, and Arno.
S Sandhu has received honoraria from Merck, Bristol Myers Squibb, Janssen, AstraZeneca,
Merck Serono, Genentech, and Novartis, and grant support from Merck and Amgen. VC and
UDG have received speaker honoraria or travel support from Bayer, Astellas, Janssen-Cilag,
and Sanofi-Aventis. VC has received consulting fees from Bayer. EGB has received speaker
honoraria or travel support from Astellas, Janssen-Cilag, and Sanofi-Aventis.
Copyright: ©2020, Wu et al. This work is licensed under the Creative Commons
Attribution 4.0 International License. To view a copy of this license, visit
http://creativecommons.org/licenses/by/4.0/.
Submitted: June 6, 2019; Accepted: January 8, 2020; Published: March 9, 2020.
Reference information: J Clin Invest. 2020;130(4):1991–2000.
https://doi.org/10.1172/JCI130887.

components and quantitate tumor composition in tissues (4, 5).
Several studies to date have used methylation information from
plasma DNA for early detection of cancer and to identify cancer
tissue of origin (6–14), but the plasma DNA methylome has not
been as extensively characterized in metastatic cancer patients.
Methylation markers identified from cell lines or tissues can be
used for tracking prostate cancer in plasma but may miss differences that occur as a result of plasma DNA composition, which
could be important due to the complexity of tissue-specific
methylation patterns (15).
Metastatic castration-resistant prostate cancer (mCRPC)
exhibits a variable clinical course and biomarkers to stratify patients
are urgently required to optimize management. mCRPC patients
with a range of genomic aberrations, including androgen receptor (AR) gene copy number gain or TP53 mutations, detected in
plasma prior to androgen receptor (AR) targeting with abiraterone
or enzalutamide have a shorter duration of treatment benefit and
overall survival (16–20). Recent integration of genomics, methylation, and expression from tumor biopsies has identified methylation changes as a key component in the transition of mCRPC to a
more aggressive, androgen-insensitive phenotype (21). However,
tumor biopsies from metastatic sites can be difficult to obtain and
repeated sampling of multiple metastases is usually not feasible,
jci.org   Volume 130   Number 4   April 2020
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Figure 1. The mCRPC plasma methylome. (A) Schematic overview of the workflow for integrating NGS of the plasma methylome and genome. (B) Genomically determined tumor fraction in baseline and progression samples from pre- and post-chemotherapy patients receiving abiraterone or enzalutamide.
(C) Methylation ratio density (upper panel) and quantile-quantile plot (Q-Q plot, bottom panel) analysis based on the genomic annotation of methylation
segments in promoter or other regions. Data from white blood cells (WBC) or plasma collected at baseline (BL) or progression (PD) from mCRPC patients or
from healthy volunteers (HV) are presented separately. (D) Schematic workflow of methylation data analysis.

limitations that could be addressed by minimally invasive liquid
biopsy. To concurrently study the plasma genome and methylome
and overcome the inherent challenges of methylation analysis
resulting from the high variance in methylation data, we selected
plasma samples from a focused cohort of mCRPC patients with
genomic information. We hypothesized that integration of meth1992
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ylation and genomic data extracted concurrently from metastatic cancer patient plasma DNA using next-generation sequencing
(NGS) could improve patient stratification by identifying clinically
relevant subtypes. We aimed to profile mCRPC methylation features and interrogate clinical utility in plasma from patients treated with standard-of-care abiraterone or enzalutamide.
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Results

Interrogating the plasma DNA methylome in metastatic prostate
cancer. We concurrently characterized the mCRPC plasma methylome and genome (Figure 1A). Plasma DNA was subjected to
either high-coverage targeted or whole-genome NGS in order to
determine tumor fractions and copy number status. Tumor fractions were derived using genomic information at heterozygous
single-nucleotide polymorphisms (SNPs) to computationally
determine the abundance of deletions involving 8p21 or 21q22,
designated as prostate cancer anchor lesions that we had used
previously as a proxy for tumor fraction (22, 23). We collected
plasma within 30 days of abiraterone or enzalutamide (baseline)
administration from 25 mCRPC patients (median age: 76 years;
range: 42–90 years) representing a wide range of genomically
determined tumor fractions and from across the disease spectrum
(docetaxel-naive or docetaxel-treated) who were participating in
prospective biomarker protocols. Of the 25 patients, 19 also had
plasma collected at radiographic progression (Figure 1B and Supplemental Table 1; supplemental material available online with
this article; https://doi.org/10.1172/JCI130887DS1). The median and range of genomically determined tumor fractions in our
mCRPC cohort were 0.41 (0.04–0.89) and 0.42 (0.09–0.89) for
baseline and progression plasma, respectively.
We subjected a separate aliquot of DNA to bisulfite treatment
and performed target enrichment NGS for 5.5 million pan-genome
CpG sites (target coverage: at least ×30; key sequencing parameters in Supplemental Table 2). These CpGs were selected based on
their known involvement in or proximity to regions that had been
associated with cancer (see Supplemental Methods). In total, we
performed targeted capture on 39 plasma samples (19 baseline, 16
progression, 4 plasma samples from 2 healthy male individuals,
ages 30 and 60 years, Supplemental Figure 1 and Supplemental
Table 2). We also performed low-pass whole-genome bisulfite
sequencing (LP-WGBS) on 46 plasma samples (Supplemental
Figure 1 and Supplemental Table 3). Additionally, we conducted
targeted bisulfite NGS on 15 white blood cell samples, including
white blood cells collected prior to and 108 days after treatment
with abiraterone from one patient (Supplemental Table 1).
Adjacent CpG methylation patterns are usually highly correlated (8, 13). We therefore applied a 100-base-pair sliding window and divided our data into 1.47 million methylation segments
(Supplemental Methods). In keeping with prior studies on tissues,
the methylation ratio distribution across all methylation segments
in plasma and white blood cell samples showed a density peak for
hypermethylation and hypomethylation (Supplemental Figure 2).
We selected regions with a minimum of ×10 coverage. When separated by annotation category (such as promoter, exon, intron),
the distribution was consistent with the targeted regions (Supplemental Figure 3) (24). We observed that methylation segments in
promoter regions were primarily hypomethylated whereas other
categories were primarily hypermethylated (Figure 1C). We then
compared the methylation ratio distribution in baseline, progression plasma, and healthy volunteer plasma with white blood cell
DNA, and we observed significant differences among plasma
and white blood cell samples (P < 10–15, Kruskal-Wallis test). The
difference was more pronounced in plasma samples from cancer
patients compared with healthy volunteers (Z scores for promoter
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regions were –20.3, –20.7, and –13.1 and for nonpromoter regions
were –154.3, 167.9, and –6.0; all P < 10 –9, Dunn’s test; Figure 1C). In
keeping with previous studies that the cancer genome is characterized by more hypomethylation events (25–27), the mCRPC plasma
methylome that includes a mixture of cancer and normal DNA is
globally more hypomethylated than healthy volunteer plasma.
An unbiased approach identifies tumor fraction as the major
determinant of global plasma DNA methylation variance. We used
an unbiased analytical framework to explore the complexity of
pan-genome plasma methylation changes (Figure 1D). We performed principal component analysis (PCA) on the 19 baseline
samples. The first principal component (PC1) contributed 42%
of the variance (Figure 2A) and showed a high correlation with
genomically determined tumor fraction (r = –0.96, P = 1.3 × 10–10,
Pearson correlation; Figure 2B). To investigate whether treatment
with AR targeting agents affected the association of PC1 with
tumor fraction, we used PCA eigenvectors to project the progression samples, healthy volunteer controls (0 tumor fraction), and
the LNCaP prostate cancer cell line (100% tumor, 3 replicates;
Figure 2C). After including the projected samples, the correlation
of PC1 and genomically determined tumor fraction remained high
(r = –0.94, P = 1.3 × 10–18; Figure 2C).
To evaluate the clinical applicability of our findings, we then
extracted scaled PC1 values from LP-WGBS. Applying Bland-Altman analysis, we found a good agreement between LP-WGBS–
derived tumor fraction estimation and estimates from high-coverage targeted NGS (95% limits of agreement: –0.25–0.15, bias:
–0.05), introducing the opportunity for scalable and cost-efficient circulating tumor DNA detection and quantitation using
LP-WGBS (Supplemental Figure 4).
Methylation ratio can serve as a proxy for tumor fraction. To test
features identified by NGS in data sets with fewer data points,
such as methylation arrays, we hypothesized that the median of
methylation ratios of segments that most strongly correlated to
the component features could serve as a proxy of tumor fraction.
We consistently observed a high correlation (r = 0.93, Pearson
correlation) of median methylation ratio with genomically determined tumor fraction in both negatively and positively correlated
group when including 10 to 10,000 segments. Also, the intrasample variance of methylation ratios in the top-correlated segments
gradually increased when we included more segments (Supplemental Figures 5 and 6). We therefore selected the 1000 segments
that showed the highest correlation with PC1 (hereafter referred
to as circulating tumor methylation signature or ct-MethSig; Figure 3A). We confirmed that the median of ct-MethSig methylation ratios showed a high correlation with tumor fraction (520
segments in negatively correlated regions or ct-MethSig, hypermethylated group: r = 0.95, P = 8.4 × 10 –19; 480 segments in positively correlated regions or ct-MethSig, hypomethylated group: r =
–0.93, P = 3 × 10–16, Pearson correlation; Figure 3B). Additionally,
ct-MethSig did not include genes whose methylation status has
been previously reported as diagnostic of prostate cancer in tissue
(28), as the segments overlapping with these genes were not as
strongly correlated with PC1 value (Supplemental Figure 7).
Additionally, we tested this finding in published tissue data
sets and confirmed a high correlation with tumor purity both
in mCRPC (21) (hypermethylated group: r = 0.92, P < 1.5 × 10–6;
jci.org   Volume 130   Number 4   April 2020
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Figure 2. Tumor fraction is the
major determinant of the plasma
methylome. (A) Bar chart shows
the variance associated to each
principal component (PC) on
19 baseline samples; the red
dotted line indicates cumulative
explained variance. (B) Correlation
between PCs and tumor fraction.
Size and the color of each circle
show Pearson correlation and
background shading denotes P
value). (C) Correlation of genomically determined tumor fraction (y
axis) and PC1 values (x axis) from
high-coverage targeted methylation sequencing on 19 baseline
samples, 16 progression plasma
samples, and control samples
(n = 4 healthy volunteer plasma
samples, LNCaP prostate cancer
cell line).

hypomethylated group: r = –0.74, P < 1.4 × 10 –3, Pearson correlation; Supplemental Figure 8), and hormone-sensitive prostate
cancer (HSPC) (29) (hypermethylated group: r = 0.91, P < 10–60;
hypomethylated group: r = –0.61, P < 10–17, Pearson correlation;
Supplemental Figure 9).
Functional enrichment identifies hypermethylation of polycomb
repressor complex 2 targets in circulating prostate cancer DNA. To
study the biological processes underlying PC1, we performed
gene set enrichment analysis (GSEA) on genes overlapping
1994

jci.org   Volume 130   Number 4   April 2020

with ct-MethSig segments. We observed significant enrichment
(adjusted P < 10–4) for targets of the polycomb repressor complex 2
(30) (PRC2-related category in the Molecular Signature Database
or MSigDB, Table 1) that was of particular interest, as a previous
mRNA profiling study showed that prostate cancer was distinguished from noncancer prostate epithelium by downregulation
of genes that are repressed by PRC2 (31). We noted that these
PRC2 genes were only in the ct-MethSig hypermethylated group,
representing an increase in methylation ratio with increasing frac-
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Figure 3. Methylation ratio across ct-MethSig can be a proxy for tumor fraction. (A) Top 1000 segments (ct-MethSig) with the highest correlation coefficient
between PC1 and methylation ratio. (B) ct-MethSig methylation ratio distribution by patient plasma sample split by negatively correlated and positively correlated
segments. (C) Venn diagram showing the overlap of negatively correlated genes (dark blue) in ct-MethSig segments with targets of EED, SUZ12, and embryonic
stem cells (ES) with H3K27ME3 marks. The number in white denotes the number of genes in the ct-MethSig negatively correlated group. (D) Circulating tumor
fraction methylation signature comprises segments specific to either normal or malignant prostate epithelium. Left: Methylation ratios of ct-MethSig hypermethylated (n = 520) and hypomethylated (n = 480) groups from LNCaP (n = 4), healthy volunteers (n = 4), and normal prostate epithelium samples (PrEC). Right: The
ct-MethSig hypermethylated and hypomethylated groups can be split into prostate cancer–specific segments and prostate epithelium–specific segments.
jci.org   Volume 130   Number 4   April 2020
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Table 1. Functional enrichment analysis of genes
in ct-MethSig segments
Gene set ID

ct-MethSig
enriched gene set

P value
adjusted

Genes input/
background, n

1.43 × 10–07
4.49 × 10–07
1.03 × 10–05
4.44 × 10–05
1.61 × 10–04

34/1118
32/1062
23/652
13/228
27/1038

1.31 × 10–02
1.31 × 10–02
4.23 × 10–02
4.23 × 10–02

8/204
4/40
9/324
10/393

Input: negatively correlated genes
M10731
M7617
M8448
M16955
M9898

BENPORATH_ES_WITH_H3K27ME3
BENPORATH_EED_TARGETS
BENPORATH_PRC2_TARGETS
LIVER_CANCER_WITH_H3K27ME3
BENPORTATH_SUZ12_TARGETS

Input: positively correlated genes
M6441
M14437
M14791
M1949

HCMV_INFECTION_18HR
AML_CLUSTER_5
COLORECTAL_ADENOMA
NPC_HCP_WITH_H3K4ME2

The analysis included 231 genes. The P value was corrected for multiple
statistical testing (Benjamini-Hochberg). Background refers to the total
number of genes in that category.

tion. Overall, the 520 negatively correlated segments included 231
genes. Of these, 41 were collectively either components of PRC2EED (embryonic ectoderm development) (32) and SUZ12 (suppressor of zesta 12) (33) or H3K27ME3 (trimethylation of lysine
27 on histone H3 protein subunit) (Figure 3C). We performed a
permutation test and the result indicated that PRC2-regulated
components were more enriched in ct-MethSig as compared with
1000 randomly selected genomic segments (Supplemental Figure
10). Our discovery of hypermethylation in promoters upstream of
these genes provides a biological explanation for their downregulation and introduces a strategy for extending this biological difference to a liquid biopsy application (21, 31).
The circulating tumor methylation signature comprises segments
specific to either normal or malignant prostate epithelium. We posited
that ct-MethSig included components that were specific to either
malignant or nonmalignant prostate epithelium. We plotted the
kernel density estimation of the ct-MethSig methylation ratios in
whole-genome bisulfite sequencing data derived from the nonmalignant prostate epithelium cell (PrEC) line (34), and we observed
that there was a bimodal distribution (Figure 3D). We therefore
adapted the Gaussian mixture model on methylation ratios of
ct-MethSig segments from the prostate cancer cell line LNCaP
and our 2 healthy volunteer plasma samples, and then we used the
fitted Gaussian distribution on normal PrECs. In PrECs, we identified segments whose methylation ratio distribution aligned with
either LNCaP or healthy volunteer plasma. We concluded that the
former segments with methylation ratios in normal prostate epithelium similar to LNCaP were prostate epithelium–specific, while
the segments with methylation ratios similar to healthy volunteer
plasma were prostate cancer–specific (Figure 3D). We then confirmed these findings by showing that CRPC metastases (bone,
bladder, liver, and lymph nodes, described further in Supplemental Table 4) included segments attributed to both normal and cancerous prostate epithelium, whereas normal prostate (54-year-old
male donor, ENCODE donor ID: ENCDO451RUA) included only
1996
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segments attributable to normal prostate epithelium. As a result,
we could split ct-MethSig into 2 components, circulating prostate
cancer–specific and normal prostate-specific signatures. Finally,
we used methylation microarray data from 553 prostate cancers
from TCGA and 12 CRPC adenocarcinoma from Beltran et al. (21)
to show that the distribution of ct-MethSig segments in localized
prostate cancer and CRPC tissue includes both cancer and normal
components (Supplemental Figure 11).
Methylation signatures specific to an individual’s cancer. We were
next interested in plasma DNA methylation changes that could
potentially identify distinct methylation subtypes. The second principal component was driven by a single patient (patient 02), so we
have not investigated further. We focused on the third principal component, where we found only a weak correlation with tumor fraction
(r = 0.01, P = 0.96, Pearson correlation) (Figure 2B). Similar to the
methodology applied to ct-MethSig, we first identified the top 1000
segments that were most correlated with this component’s values.
In contrast to ct-MethSig, these were predominantly positively correlated (Figure 4A). Using the median of every segment’s methylation ratio, we were able to incorporate array-based methylation data
from biopsies from intermediate-risk HSPC (29) and mCRPC (21).
We found that the median methylation ratio in CRPC plasma and
tumor samples presented a greater variability in contrast to HSPC
or white blood cells (Figure 4B and Supplemental Figure 12). We
noted that, in contrast to ct-MethSig, a change in tumor fraction
before and after treatment did not change the median methylation
ratio of the top-correlated segments with PC3 (Figure 4C). Similarly, interpatient differences were greater than intrapatient variability
in multiple metastases and plasma harvested from the same patient
at autopsy (Figure 4D and Supplemental Table 4).
Functional enrichment analysis on the top 1000 segments
showed enrichment in histone H3 trimethylation markers (Supplemental Tables 5 and 6). We hypothesized that this methylation
signature was regulated by a common transcriptional pathway.
Therefore, we searched for known transcriptional factor binding
sites (TFBSs) adjacent to within 75 base pairs of the start of the top
1000 segments, using a protocol described previously (35). Notably, the AR binding motif was the only significantly overrepresented binding site (local enrichment P = 6 × 10 –4, global enrichment P
= 3 × 10–16; Figure 4E and Supplemental Table 7). We denoted this
profile AR-MethSig.
AR-MethSig hypomethylation strongly associates with AR copy
number gain. Next, we extracted genome-wide copy number profiles from LP-WGS and confirmed high similarity among results
from the same sample with and without bisulfite treatment (Supplemental Figure 13). Using LP-WGBS from plasma samples, we
observed copy number alterations at a frequency consistent with
previously described studies of mCRPC tissue or plasma (20, 36)
(for example, most commonly: 8q21-24 gain: prevalence ≥70%;
Xq12 gain: prevalence ≥60%; 8p21 loss: prevalence ≥50%, Supplemental Figure 14). We observed more copy number changes with increasing PC1 values, as an increasing tumor fraction
improved copy number detection (Supplemental Figure 15). We
then confirmed that ct-MethSig or AR-MethSig was not located
more frequently in regions of copy number alterations (Supplemental Table 8). To integrate genomic copy number data with specific methylation signatures, we evaluated the correlation of the
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Figure 4. Methylation signatures that could allow subgrouping of mCRPC. (A) Top 1000 segments with the highest correlation coefficient between
PC3 and methylation ratio. (B) Methylation ratio of top 1000 segments highly correlated with PC3 values derived from plasma, white blood cell,
HSPC tumor, and CRPC tumor (CASCADE trial). (C) Comparison of intraindividual changes in the top-correlated segments defined by targeted
methylation NGS on plasma DNA and changes in tumor fraction. The y axis denotes the difference (Δ) of mean methylation ratio of the top-correlated segments between baseline and progression samples and the x axis denotes the difference in tumor fraction. (D) Median methylation ratio
of the top-correlated segments of different metastatic sites by patient from the CASCADE rapid warm autopsy program. (E) AR binding motif that
is overrepresented in regions adjacent to the top correlated segments (top). The consensus AR binding motif is shown as a reference (bottom). (F)
Methylation ratio of AR-MethSig segments of AR gain group (CRPC metastases n = 5, CRPC plasma n = 18) and nongain group (CRPC metastases n
= 8, CRPC plasma n = 17; Mann-Whitney U test). (G) Overall survival analysis (start of ADT to death) for AR-MethSig low group versus AR-MethSig
high group (Mantel-Cox log-rank test).
jci.org   Volume 130   Number 4   April 2020
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copy number of every segment across the genome and PC1 values (Kruskal-Wallis test, Supplemental Figure 16). Most notably,
we identified a significant difference in PC3 value distributions
when comparing AR copy number gain and AR nongain samples
(P = 0.018, Kruskal-Wallis test, Supplemental Figure 17). Given
the association of PC3 values with AR copy number, we confirmed
that patient plasma and tissue samples with AR gain had a significantly lower AR-MethSig methylation ratio than AR copy number
normal samples (P < 0.001 and P = 0.023, respectively, Wilcoxon
signed-rank test; Figure 4F).
The AR-regulatory methylation signature may identify distinct
clinical phenotypes. We found a high agreement for the median methylation ratio of AR-MethSig extracted from high-coverage targeted NGS and LP-WGBS (95% limits of agreement:
–0.136–0.076; Supplemental Figure 18), again supporting the use
of LP-WGBS, which is amenable to clinical implementation for
methylation-based patient stratification. We did not identify any
hormone-sensitive cancers harboring a low AR-MethSig median
methylation ratio. Likewise, neither of the 2 commonly studied
AR-regulated prostate cancer cell lines (LNCaP and VCaP, Supplemental Figure 12) harbored a low AR-MethSig median methylation
ratio. We were therefore interested in evaluating the clinical relevance of AR-MethSig, and as we had not observed a change over
time in AR-MethSig median methylation ratio, we chose fixed time
points over the disease independent of the time of sampling: namely time from start of ADT to death. We observed that AR-MethSig
low cancers had poor clinical prognosis (HR = 8.18, 95% CI = 1.93–
34.76, P = 0.0044; Mantel-Cox log-rank test; Figure 4G).

Discussion

Here we characterize the plasma methylome in mCRPC and identify prostate cancer–specific methylation signatures. By using a
100-base-pair sliding window strategy, we obtained close to 0.5
million methylation segments in all of the baseline plasma DNA
samples subject to custom targeted enrichment NGS, and we
used them to construct our PCA. What we believe is novel to our
approach was the construction of our model using solely mCRPC
plasma DNA with a wide range of tumor fractions. These had a
variable ratio of normal DNA primarily arising from white blood
cells (14), and tumor DNA that harbors methylation changes that
we found are either prostate epithelium–specific or cancer-specific. By using the median methylation ratio of ct-MethSig (segments
that highly correlated with PC1), we were able to implement our
signature in methylation data with variable CpG coverage, including methylation microarrays or reduced representation bisulfite
sequencing. Ct-MethSig did not include genes widely known to be
hypermethylated in prostate cancer, such as GSTP1 (28, 37). This
finding could be explained by highly variable methylation levels at
these loci in noncancerous plasma DNA.
Because the majority of methylation features extracted from
plasma DNA are related to tumor fraction, extracting methylation
information specifically related to an individual’s cancer could be
challenging across a range of tumor fractions, as seen in clinical
practice and exemplified in our cohort. Higher coverage NGS may
address this challenge, with capture of sufficient tumor-specific
reads even at low circulating tumor. Tissue methylation has been
used for subtyping in other cancer types, such as brain tumors
1998
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(38). To date, methylation NGS data on large mCRPC cohorts
linked to clinical outcomes remains limited; international efforts
have focused on obtaining genomic and transcriptomic data from
tumor biopsies (21, 36, 39). In the study by Beltran et al., selected methylation markers from CRPC patients were used to classify tumors with neuroendocrine differentiation. Pan-genome
copy numbers and methylation patterns in cancer tissues can be
profiled concurrently and coevolve in advanced prostate cancer
(40–42). Here, we identified AR-MethSig spanning 1000 genomic
regions in the mCRPC plasma; these segments appear to identify
a subgroup of cancers characterized by a more aggressive clinical
course and enriched for AR copy number gain. Interestingly, we
also found that they had hypomethylation at putative AR binding
sites. Previous studies have reported worse outcome for patients
with AR gain in plasma (16, 17) and given the high overlap between
this genomic lesion and AR-MethSig, it is possible that our methylation signature identifies the same phenotype. Studies in more
prostate cancer patients across the disease spectrum and healthy
volunteers are required to validate our methylation subtyping signatures and confirm response prediction.
Our study identified methylation changes in 1000 genomic
segments that can be used to track circulating tumor DNA. This
could address some of the challenges inherent in plasma genomic studies, including the paucity of common genomic events (20,
36) and clonal hematopoiesis in older populations (43), that limit
sensitivity and population-based testing. The plasma methylome
could therefore represent an important source of information
that complements or replaces genomic testing. In conclusion, our
study uses methylation features from plasma DNA to track circulating prostate cancer DNA and identify subtypes of mCRPC with
distinct biological mechanisms and differential clinical outcomes.

Methods

Study design. Plasma samples were collected within 30 days of treatment initiation and at progression in 3 biomarker studies. These cohorts
have been described previously (16, 17) (Supplemental Table 1). Briefly, patients needed to have histologically or biochemically confirmed
prostate adenocarcinoma and be starting abiraterone or enzalutamide
for progressive mCRPC. Patients were required to receive abiraterone
or enzalutamide until disease progression, as defined by at least 2 of the
following: a rise in PSA, worsening symptoms, or radiological progression defined as progression in soft-tissue lesions measured by computed
tomography (CT) imaging according to modified Response Evaluation
Criteria in Solid Tumors or progression on bone scanning according
to criteria adapted from the Prostate Cancer Clinical Trials Working
Group 2 guidelines. In keeping with this being a discovery analysis in the
roadmap to development of a methylation-based biomarker, we prioritized patients with sufficient vials to allow both genome and methylome
assessment. Metastases were obtained at rapid warm autopsy in the
Peter MacCallum warm autopsy program CASCADE (Cancer Tissue
Collection After Death, Supplemental Table 2) (44).
Plasma DNA sequencing. Circulating DNA (10–25 ng) was extracted from plasma using the QIAamp Circulating Nucleic Acid kit (Qiagen) and quantified using the Quant-iT high-sensitivity Picogreen
double-stranded DNA Assay Kit (Invitrogen by Thermo Fisher Scientific). Germline DNA was extracted from white blood cells using
the QIAamp DNA kit (Qiagen). Genomic NGS was performed as
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described previously (16). For methylation assessment, raw plasma
DNA was bisulfite treated using the ZYMO Gold Kit per the manufacturer’s protocol. We adapted Swift Bioscience Methyl-Seq to generate libraries. CpGs were selected from prior data generated using
the Illumina Infinium Human Methylation 450k microarray (Roche
Nimblegen targeted capture kit, Epi CpGiant). Probes were designed
to hybridize to strands of fully methylated, partially methylated, and
fully unmethylated derivatives of the target (Supplemental Material).
Libraries were quantified by KAPA library quantification kit (Roche)
before pooling and sequencing on an Illumina HiSeq 2500 using
paired-end 100-base-pair reads. Sequencing matrices for targeted
methylome and LP-WGBS are included in Supplemental Tables 2 and
3, and details on the pipelines for analysis of sequencing data are provided in Supplemental Methods.
Principal component analysis of targeted plasma methylome. Methylation segments with methylation ratios available in all baseline
samples (n = 19) and standard deviation values included in the upper
2 quartiles were subjected to principal component analysis (FactorMineR R package v1.41) (45). Significant principal components were
determined using a permutation test as implemented in the jackstraw
R package (v1.2) (https://CRAN.R-project.org/package=jackstraw).
The projection of all the samples based on the PCA eigenvectors was
based on the methylation ratio of regions used in the initial PCA for all
the samples. Missing values were imputed based on the PCA method
as implemented in the missMDA R package (v1.13) (46).
Tumor fraction estimation. Genomically determined tumor fraction was determined from targeted NGS using CLONET as described
previously (16, 22). On high-coverage targeted methylation NGS, we
calculated PC1 values as described above, and the median of PC1
values extracted from healthy volunteers was set as 0%, whereas
the median of PC1 values derived from LNCaP samples was set as
100% tumor purity. The tumor fraction of all the plasma samples was
obtained with interpolation using PC1 projected values. For tumor
fraction estimation based on LP-WGS on bisulfite-treated or nontreated plasma DNA, we used ichorCNA (47) (Supplemental Methods). For
LP-WGBS, we also used PC1 projected values.
Statistics. Pearson correlation was used to measure the association between 2 parameters (principal component values versus
genomically determined tumor fraction estimation, or different
approaches of tumor fraction estimations). The association between
copy number status of each region and principal components was
estimated using the Kruskal-Wallis test. Mann-Whitney U test was
used to test significance between 2 groups (AR gain versus AR nongain; AR-MethSig high group versus AR-MethSig low group). Hazard
ratio in overall survival analysis was calculated using the Mantel-
Haenszel method. For all tests, a significance threshold of 0.05 was
required unless otherwise specified.
Data availability. The data that support the findings of the study
have been deposited in the European Genome-phenome Archive
(EGA study ID: EGAS00001003958).
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Study approval. Plasma samples were separately approved by the
Istituto Scientifico Romagnolo per lo Studio e la Cura dei Tumori
(IRST), Meldola, Italy (REC 2192/2013), the Royal Marsden, London, United Kingdom (REC 04/Q0801/6), and the PREMIERE trial
(EudraCT: 2014-003192-28, NCT02288936) that was sponsored and
conducted by the Spanish Genito-Urinary Oncology Group (SOGUG).
Metastatic samples obtained were approved by the Peter MacCallum
warm autopsy program, CASCADE (HREC 15/98). All patients provided written informed consent for these analyses.

Author contributions

AW and GA designed the project. AW, DW, VC, AJ, GG, and
AMW performed DNA extractions and sequencing. AW and PC
designed and implemented the computational strategy and statistical analysis with input from AF and SL. MBP optimized copy
number profiling and tumor fraction estimation. DK and SL performed whole-genome sequencing analysis and gave critical feedback on the statistical workflow. GMF, MB, and FD contributed to
genomic determination of tumor content and integrated methylation data from mCRPC data sets. VC, AJ, S Sandhu, SQW, S Salvi,
EGB, UDG, and GA contributed patients and obtained samples.
AW, PC, DW, and GA wrote the manuscript and the other authors
provided critical comments. All authors read and approved the
final manuscript. GA was responsible for the overall project.

Acknowledgments

This work was funded by a Prostate Cancer Foundation Challenge
Award, the John Black Charitable Foundation, and a Cancer Research
UK Advanced Clinician Scientist fellowship (grant A22744). AJ is
funded by an MRC Clinical Research fellowship (MR/P002072/1).
We thank the participating men and their families who suffered from
metastatic prostate cancer and nonetheless gave the gift of participation so that others might benefit. We thank the investigators of the
Cancer Tissue Collection After Death (CASCADE) program in Melbourne, Australia; Karolina Nowakowska (UCL Cancer Institute)
for culturing LNCaP, LNCaP95, and VCaP cell lines; and Alessandro Romanel (University of Trento) for analysis of plasma samples
using CLONET. We acknowledge funding from the Taiwan Ministry
of Education, the Bob Champion Cancer Trust, and the UK National Institutes for Health Research funding to the Royal Marsden, the
Institute of Cancer Research Biomedical Research Centre, and the
UCL Hospital’s Biomedical Research Centre.
Address correspondence to: Gerhardt Attard, UCL Cancer Institute, Room 119, Paul O’Gorman Building, 72 Huntley Street,
London, WC1E 6BT, United Kingdom. Phone: 44.02076790891;
Email: g.attard@ucl.ac.uk.
DK’s present address is: Genome Institute of Singapore (GIS),
Agency for Science Technology and Research, Singapore.

3. Dawson SJ, et al. Analysis of circulating tumor
DNA to monitor metastatic breast cancer. N Engl
J Med. 2013;368(13):1199–1209.
4. Chakravarthy A, et al. Pan-cancer deconvolution
of tumour composition using DNA methylation.
Nat Commun. 2018;9(1):3220.

5. Benelli M, Romagnoli D, Demichelis F. Tumor
purity quantification by clonal DNA methylation
signatures. Bioinformatics. 2018;34(10):1642–1649.
6. Altimari A, et al. Diagnostic role of circulating
free plasma DNA detection in patients with
localized prostate cancer. Am J Clin Pathol.

jci.org   Volume 130   Number 4   April 2020

1999

RESEARCH ARTICLE
2008;129(5):756–762.
7. Sun K, et al. Plasma DNA tissue mapping by
genome-wide methylation sequencing for
noninvasive prenatal, cancer, and transplantation assessments. Proc Natl Acad Sci USA.
2015;112(40):E5503–E5512.
8. Guo S, Diep D, Plongthongkum N, Fung HL,
Zhang K, Zhang K. Identification of methylation
haplotype blocks aids in deconvolution of heterogeneous tissue samples and tumor tissue-of-origin mapping from plasma DNA. Nat Genet.
2017;49(4):635–642.
9. Kang S, et al. CancerLocator: non-invasive cancer
diagnosis and tissue-of-origin prediction using
methylation profiles of cell-free DNA. Genome
Biol. 2017;18(1):53.
10. Li W, et al. CancerDetector: ultrasensitive and
non-invasive cancer detection at the resolution of individual reads using cell-free DNA
methylation sequencing data. Nucleic Acids Res.
2018;46(15):e89.
11. Shen SY, et al. Sensitive tumour detection and
classification using plasma cell-free DNA methylomes. Nature. 2018;563(7732):579–583.
12. Zemmour H, et al. Non-invasive detection of
human cardiomyocyte death using methylation
patterns of circulating DNA. Nat Commun.
2018;9(1):1443.
13. Lehmann-Werman R, et al. Identification of
tissue-specific cell death using methylation patterns of circulating DNA. Proc Natl Acad Sci USA.
2016;113(13):E1826–E1834.
14. Moss J, et al. Comprehensive human cell-type
methylation atlas reveals origins of circulating
cell-free DNA in health and disease. Nat Commun. 2018;9(1):5068.
15. Landan G, et al. Epigenetic polymorphism and
the stochastic formation of differentially methylated regions in normal and cancerous tissues.
Nat Genet. 2012;44(11):1207–1214.
16. Romanel A, et al. Plasma AR and abirateroneresistant prostate cancer. Sci Transl Med.
2015;7(312):312re10.
17. Conteduca V, et al. Androgen receptor gene
status in plasma DNA associates with worse
outcome on enzalutamide or abiraterone for
castration-resistant prostate cancer: a multi-
institution correlative biomarker study. Ann
Oncol. 2017;28(7):1508–1516.
18. De Laere B, et al. TP53 outperforms other andro-

2000

The Journal of Clinical Investigation  
gen receptor biomarkers to predict abiraterone
or enzalutamide outcome in metastatic castration-resistant prostate cancer. Clin Cancer Res.
2019;25(6):1766–1773.
19. Ulz P, et al. Whole-genome plasma sequencing
reveals focal amplifications as a driving force
in metastatic prostate cancer. Nat Commun.
2016;7:12008.
20. Annala M, et al. Circulating tumor DNA genomics correlate with resistance to abiraterone and
enzalutamide in prostate cancer. Cancer Discov.
2018;8(4):444–457.
21. Beltran H, et al. Divergent clonal evolution of castration-resistant neuroendocrine prostate cancer.
Nat Med. 2016;22(3):298–305.
22. Prandi D, et al. Unraveling the clonal hierarchy
of somatic genomic aberrations. Genome Biol.
2014;15(8):439.
23. Carreira S, et al. Tumor clone dynamics
in lethal prostate cancer. Sci Transl Med.
2014;6(254):254ra125.
24. Yu G, Wang LG, He QY. ChIPseeker: an R/Bioconductor package for ChIP peak annotation,
comparison and visualization. Bioinformatics.
2015;31(14):2382–2383.
25. Gama-Sosa MA, et al. The 5-methylcytosine content of DNA from human tumors. Nucleic Acids
Res. 1983;11(19):6883–6894.
26. Feinberg AP, Vogelstein B. Hypomethylation
distinguishes genes of some human cancers
from their normal counterparts. Nature.
1983;301(5895):89–92.
27. Ehrlich M. DNA hypomethylation in cancer cells.
Epigenomics. 2009;1(2):239–259.
28. Massie CE, Mills IG, Lynch AG. The importance
of DNA methylation in prostate cancer development. J Steroid Biochem Mol Biol. 2017;166:1–15.
29. Fraser M, et al. Genomic hallmarks of localized, non-indolent prostate cancer. Nature.
2017;541(7637):359–364.
30. Lee TI, et al. Control of developmental regulators
by Polycomb in human embryonic stem cells.
Cell. 2006;125(2):301–313.
31. Yu J, et al. A polycomb repression signature in
metastatic prostate cancer predicts cancer outcome. Cancer Res. 2007;67(22):10657–10663.
32. Cao Q, et al. The central role of EED in the
orchestration of polycomb group complexes. Nat
Commun. 2014;5:3127.
33. Højfeldt JW, et al. Accurate H3K27 methylation

jci.org   Volume 130   Number 4   April 2020

can be established de novo by SUZ12-directed
PRC2. Nat Struct Mol Biol. 2018;25(3):225–232.
34. Pidsley R, et al. Enduring epigenetic landmarks
define the cancer microenvironment. Genome
Res. 2018;28(5):625–638.
35. Zambelli F, Pesole G, Pavesi G. PscanChIP: Finding over-represented transcription factor-binding
site motifs and their correlations in sequences
from ChIP-Seq experiments. Nucleic Acids Res.
2013;41(W1):W535–W543.
36. Robinson D, et al. Integrative clinical genomics of
advanced prostate cancer. Cell. 2015;162(2):454.
37. Millar DS, Ow KK, Paul CL, Russell PJ, Molloy
PL, Clark SJ. Detailed methylation analysis of
the glutathione S-transferase pi (GSTP1) gene in
prostate cancer. Oncogene. 1999;18(6):1313–1324.
38. Capper D, et al. DNA methylation-based classification of central nervous system tumours.
Nature. 2018;555(7697):469–474.
39. Quigley DA, et al. Genomic hallmarks and structural variation in metastatic prostate cancer. Cell.
2018;175(3):889.
40. Aryee MJ, et al. DNA methylation alterations
exhibit intraindividual stability and interindividual heterogeneity in prostate cancer metastases.
Sci Transl Med. 2013;5(169):169ra10.
41. Feber A, et al. Using high-density DNA methylation arrays to profile copy number alterations.
Genome Biol. 2014;15(2):R30.
42. Brocks D, et al. Intratumor DNA methylation heterogeneity reflects clonal evolution in aggressive
prostate cancer. Cell Rep. 2014;8(3):798–806.
43. Mayrhofer M, et al. Cell-free DNA profiling of
metastatic prostate cancer reveals microsatellite instability, structural rearrangements
and clonal hematopoiesis. Genome Med.
2018;10(1):85.
44. Alsop K, et al. A community-based model of rapid
autopsy in end-stage cancer patients. Nat Biotechnol. 2016;34(10):1010–1014.
45. Lê S, Josse J, Husson F. FactoMineR: An R
package for multivariate analysis. J Stat Softw.
2008;25(1):18.
46. Josse J, Husson F. missMDA: A package for handling missing values in multivariate data analysis.
J Stat Softw. 2016;70(1):31.
47. Adalsteinsson VA, et al. Scalable whole-exome
sequencing of cell-free DNA reveals high concordance with metastatic tumors. Nat Commun.
2017;8(1):1324.

