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The epigenomic regulation of transcriptional programs in metastatic prostate
cancer is poorly understood. We studied the epigenomic landscape of prostate
cancer drivers using transcriptional profiling and ChIP-seq in four clonal
metastatic tumors derived from a single prostate cancer patient. Our epige-
nomic analyses focused on androgen receptor (AR), which is a key oncogenic
driver in prostate cancer, the AR pioneer factor FOXA1, chromatin insulator
CCCTC-Binding Factor, as well as for modified histones H3K27ac and
H3K27me3. The vast majority of AR binding sites were shared among healthy
prostate, primary prostate cancer, and metastatic tumor samples, signifying
core AR-driven transcriptional regulation within the prostate cell lineage.
Genes associated with core AR-binding events were significantly enriched for
essential genes in prostate cancer cell proliferation. Remarkably, the metasta-
sis-specific active AR binding sites showed no differential transcriptional out-
put, indicating a robust transcriptional program across metastatic samples.
Combined, our data reveal a core transcriptional program in clonal metastatic
prostate cancer, despite epigenomic differences in the AR cistrome.
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1. Introduction

In metastatic castration-resistant prostate cancer
(mCRPC), under the selective pressure of low circulat-
ing testosterone levels, tumors typically respond by
restoring the Androgen Receptor (AR) pathway by
means of activating mutations or splice variants of the
AR [1-4], amplification of the gene itself [5,6], or its
associated enhancer [7]. In addition, changes in the
genome-wide chromatin interactome of the AR (here-
after referred to its ‘cistrome’) have been characterized
in cell line models, primary tumors, and mCRPC [§8-
11]. Interestingly, in primary prostate cancers of differ-
ent patients, AR chromatin interactions have been
shown to be highly variable [9], suggesting a high level
of cistrome heterogeneity in primary disease. Although
the genomic landscape of mCRPC is heterogenous,
numerous studies have demonstrated that genomic dri-
ver alterations are shared between different metastatic
sites in a given patient [12—-16]. These findings establish
that distant metastases likely arise from a single cell
clone in the primary tumor and show a high level of
genetic similarity, irrespective of their anatomic loca-
tion [15,17]. Despite these well-established genetic simi-
larities, little is known about the AR cistrome and its
surrounding epigenome, along with the corresponding
transcriptome between different metastatic sites. Pros-
tate cancer is considered an epigenetic disease [18] and
multiple epigenetic drugs (e.g., HDAC and Enhancer
Of Zeste 2 Polycomb Repressive Complex 2 Subunit
inhibitors) are in clinical development for the treat-
ment of mCRPC [19], ClinicalTrials.gov
NCT03480646. For genomic analyses in mCRPC, a
biopsy procedure is performed on an accessible

Fig. 1. Anatomically distinct metastases
share histomorphological features and
driver alterations. (A) Schematic of
locations of the metastasis samples
examined along with their H&E stainings
indicating cell nuclei in purple. (B)
Schematic indicating SNV, structural
rearrangement, and amplification alteration C
for the driver genes identified to be
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metastatic lesion [20,21] and the question remains
whether sampling bias would impact the clinical deci-
sion-making process.

Previously, Haffner et al. [15] described the clonal
genomic relationship between distant metastases and the
primary tumor from a single patient (Fig. 1A). Impor-
tantly, this study revealed that the vast majority of geno-
mic alterations are present in all distant metastases,
thereby demonstrating limited interlesional heterogene-
ity on the genomic level. In the backdrop of these
genomically highly similar metastases, we aimed to
investigate in specimens from the same patient, if epige-
nomic and downstream transcriptional programming
differ between anatomically distinct metastatic sites.

In order to comprehensively survey the epigenome,
we generated ChIP-seq data for AR, its pioneer factor
FOXAT [22], the chromatin insulator CCCTC-Binding
Factor (CTCF) [23], histone modification H3K27ac
demarcating active promoters and enhancers [24], and
at the histone modification H3K27me3 demarcating
polycomb repressed regions [25]. To assess the combi-
natory impact of these epigenetic modifications in the
different metastases on downstream gene expression
programs, matched RNA-seq data were generated pro-
viding the most comprehensive epigenome study of
mCRPC in a single patient to date.

2. Materials and methods

2.1. Clinical sample collection

All samples were procured as part of the Johns Hop-
kins Prostate Cancer Rapid Autopsy Program with

BESNV
|1 Structural rearrangement
M Amplification

shared among the different metastases M5, M38, M40, M45 1. ChIP-Seq

samples. (C) Molecular data collected for Molecular Profiling

metastases samples, 1.) ChlP-seq for AR, FOXA1 @ 333@‘:‘:[

FOXA1, CTCF, H3K27ac, H3K27me3, and K27Ac K27me3

2.) RNA-seq. 2. RNA-seq
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approval by the Johns Hopkins Institutional Research
Board and written informed consent. The tissue pro-
curement was conducted in accordance with the Decla-
ration of Helsinki. The patient and the patient’s next
of kin provided consent. Clinicopathological informa-
tion is described previously [15] and below. Details on
genomic profiling have been described previously [15].
In brief, four metastatic samples were taken at the
time of autopsy and were compared with the primary
tumor using whole-genome sequencing, copy number
variation analysis, immunoprofiling, and targeted
sequencing for key drivers.

2.2. Patient treatment history

The detailed clinical history of the patient in this study
has been reported previously [15]. In brief, the patient
was diagnosed age 47 with a Prostate Serum Antigen
(PSA) > 40 ng-mL~" and underwent a radical prosta-
tectomy. Five years after surgery, his PSA had risen to
> 6 ng-mL ™', without any initial radiographic evidence
of metastatic disease which prompted the treatment
with an investigational prostate cancer vaccine
(GVAX) [26]. Over the course of the following
12 years, he experienced disease recurrence in bones,
lymph nodes, the prostate bed, skull, lungs, and liver,
which were treated with goserelin acetate, bicalu-
tamide, zoledronic acid docetaxel, *°Sr, mitoxantrone,
abiraterone acetate, etoposide, cisplatin, and external
beam radiation along with chemoembolization of the
liver lesions. Seventeen years after the initial diagnosis,
the patient died of progressive castration-resistant
prostate cancer.

2.3. RNA isolation, sequencing, and analysis

RNA was extracted from fresh-frozen tissue samples
using the RNeasy Mini kit (Qiagen, Hilden, Germany).
Purified RNA was then used to prepare a sequencing
library and sequenced on Applied Biosystems SOLiD
(V3). Sequencing reads were aligned to hgl8
(NCBI36), and raw counts were generated using Bio-
scope. We used DESeq2 v1.22.2 [27] to normalize data
for library size in R (v3.5.0). All genes that were not
expressed across samples (normalized count data < 4)
were removed. Subsequently, the data were log trans-
formed. These data were used to plot gene expression
heatmaps. To analyze the significant differential gene
expression between the two lymph node samples versus
two nonlymph node samples, we used DESeq2 with
two replicates per condition [27]. The correlation
matrix of log transformed normalized data was gener-
ated in R using the PerformanceAnalytics package
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v1.5.3. Gene expression heatmaps were plotted with a
heatmap function in the R package NMF v0.21.0 [2§]
using the log transformed normalized data.

2.4. DNA isolation and ChIP-sequencing

ChIP-seq for AR, FOXAI1l, CTCF, H3K27ac, and
H3K27me3 were performed using 5 pg of antibody
and 50 pL of Protein A/G magnetic beads (Invitrogen,
Carlsbad, CA, USA) per sample. Antibodies applied
here were AR (Millipore, Burlington, MA, USA, 06-
680, lot#2489005&2943813); FOXA1l (Abcam, Cam-
bridge, UK, ab5089, lot#GR20766-16); CTCF (Milli-
pore, 07-729, 1ot#2887267); H3K27ac (Active Motif,
Carlsbad, CA, USA 39133, 1ot#31814008); H3K27me3
(Sigma-Aldrich, St. Louis, MO, USA (07-449,
10t#2826067). As control, input of each sample was
generated separately. Immunoprecipitated DNA was
processed for sequencing using standard protocols and
sequenced on an Illumina Hi-seq 2500 with 65 bp sin-
gle end reads.

2.5. ChIP-seq analysis

Raw sequencing data were aligned using BWA v0.5.20
to hgl9 and filtered for mapping quality > MQ20 with
samtools version 1.8 [29]. Duplicate reads were marked
with Picard MarkDupes function (version 2.18)
(http://broadinstitute.github.io/picard/). = We called
peaks in all samples for AR, FOXA1l, CTCF and
H3K27ac against input DNA using two peak callers,
macs2 (v2.1.1) [30] and DFilter version 1.5 [31]. The
intersect of peaks from both peak callers was used for
downstream analysis. Quality of the ChIP-seq samples
for AR, FOXAI, CTCF, and H3K27ac was based on
detecting outliers using quantiles of the number of
peaks identified in each factor. One sample was
removed based on low quality (M40, CTCF, number
of peaks = 4250). For H3K27me3, we used the raw
signal and did not call peaks. For public data from
mCRPC PDX, the input data were not available. To
peak call these samples, we used a pooled input of five
random mCRPC samples from our own in-house data.
Sample-shared and sample-specific site regions and
unsupervised clustering analyses of correlation heat-
maps were generated using the DiffBind package
v2.4.8 in R v3.4.4 with the reads counted in peaks
using the dba.count function. To visualize the raw
data, heatmaps and profiles were generated with deep-
Tools computeMatrix (v2.0), plotHeatmap, and
plotProfile functions [32]. Count per million library
normalized data were produced with deepTools
bamCoverage and visualized with plotHeatmap [32].
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To produce factor specific noise regions for Fig. 3A,
for each factor individually, all called peaks were con-
catenated and bedTools shuffle (v2.26.0) was used to
produce a random set of coordinates (not found in the
concatenated file) with matching number and length
[33]. DNA region and sequence motif enrichment were
produced using the CEAS and SeqPos packages,
respectively [34,35]. To subset for H3K27ac co-occu-
pied AR sample-specific sites, the sample-specific AR
sites were examined for their respective sample’s
H3K27ac signal with plotHeatmap k-means function
[32]. The top two clusters were taken for further analy-
sis. Gene set over-representation was examined using
the clusterProfiler and DOSE package in R [36] with
the MSigDB Hallmarks pathways [37,38]. Ingenuity
Pathway Analysis was used to examine Top Canonical
Pathways and Up-Stream Regulators (Qiagen).

3. Results

3.1. Epigenomic and transcriptomic profiling of
clonal metastases

To determine whether differences in metastatic niche
are associated with alterations in the epigenome and
transcriptome, we investigated multiple metastasis
samples from a single patient, which share a high
concordance in driver gene alterations [15]. As
described previously [15], multiple metastatic sites
were sampled at the time of autopsy, including metas-
tases to the liver (M5_Liver), perigastric lymph node
(M38 PLN), lung (M40_Lung), and hilar lymph node
(M45_HLN) (Fig. 1A). These samples showed uni-
formly adenocarcinoma differentiation and were
among those previously interrogated at the DNA level
using whole-genome sequencing [15] (Fig. 1A). Geno-
mic analyses revealed a high level of shared driver
gene alterations including mutations in PTEN, SPOP,
and TP53, copy number alterations including a high-
level copy number gain of the AR locus and struc-
tural rearrangements such as an inversion of the
ATRX locus in all metastases (Fig. 1B). Collectively,
these findings establish that from a genomic perspec-
tive the lesions from distinct anatomic sites were
highly similar (Fig. 1B), as was already reported pre-
viously [15].

Minimal intra-individual genetic heterogeneity
allowed us to assess whether diverse metastatic envi-
ronments would associate with changes in the epige-
netic landscape. To investigate the constellation of
epigenome and transcriptome changes in each meta-
static site, we generated RNA-seq data and ChIP-seq
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data for AR, FOXAIl, H3K27ac, and H3K27me3
(Fig. 1C). For ChIP-seq on AR, FOXA1, CTCF, and
H3K27ac, all samples had > 20 million reads per sam-
ple on average (Fig. S1A). All samples used in our
analyses had at least 10 000 peaks in all factors, which
is more than other studies using fresh-frozen prostate
material [9] (Fig. S1B). The very high number of peaks
for AR is reflective of the 4R gene amplification status
of these samples [15]. We excluded one CTCF sample
based on low number of peaks (M40_Lung, n = 4250).
Due to technical challenges in calling broad peaks,
H3K27me3 data were included only as raw tracks in
further analyses.

The AR is a major driver of progression in mCRPC
[39,40]. Between primary prostate cancers of different
patients, AR cistromes are highly variable [9]. To
determine whether AR binding profiles in different
metastatic sites—from within the same patient—are
comparably heterogenous, we compared chromatin
interactions for AR and its pioneer factor FOXA1 [22]
and CTCF using overlapping peaks analysis (Fig. 2A
and S2A). We found a large proportion of the AR-
and FOXAl-associated regions as shared between
samples, with up to 80% of peaks overlapping between
samples. This fraction of overlap is similar to that of
technical replicates from the same tumor sample [9],
indicating a substantial proportion of sites are shared
between different metastasis samples from the same
patient (Fig. S2A).

The strongest signal for both factors was found
where all samples overlapped (the center of the Venn
diagram; inset Figs 2A and S2A) representing the
shared sample-shared regions (n = 41 630) (Fig. 2B).
For AR, we found that shared and sample-specific
binding sites are most frequently enriched for similar
genomic locations such as distal intergenic and intro-
nic regions (Fig. 2C) with similar DNA sequence
motifs for hormone receptors (AR, NR3C1, PGR) and
forkhead motifs (FOXA1, FOXA?2) (Fig. 2B: sample-
shared, 2D: sample-specific, Table S1). As expected,
we found AR and FOXA1 motifs to be significantly
enriched in all sample-specific binding sites; however,
they were not always found among the top most sig-
nificant motifs (Fig. 2D, Table S1). These findings sug-
gest a similar coordinated cistrome between metastatic
sites. Interestingly, for the AR sites selectively bound
in sample M45_HLN (representing 3% of the total
peaks in this sample), we identified motif enrichment
for additional transcription factors such as ELKI
(ETS transcription factor family), FOS, and JUN, sug-
gesting some level of selective transcription factor
functionality in this metastatic sample (Fig. 2D, bot-
tom left, Table S1). Of note, M45 HLN showed focal
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Fig. 2. AR and FOXA1 show shared and unique chromatin binding sites. (A) UpSetR diagrams depicting number of shared and unique AR
(top) and FOXA1 (bottom) binding sites in four anatomically distinct metastases. Inset for AR (top) shows the same data depicted in Venn
diagram format for reference. (B) Top: Schematic indicating the sites visualized in the panel (green: overlapping in all AR samples). Middle:
Heatmap showing the average raw AR signal at these sample-shared sites with 2 kb on either side of the center of the sites. Bottom:
Barchart showing Z score of the top 15 enriched DNA sequence motifs for sample-shared sites (AR motif highlighted in red). (C) Top:
Schematic indicating the sites visualized in the panel (green: overlapping in all AR samples, blue: sample-specific AR sites). Bottom:
Barchart of the genomic distribution in percentage of AR sample-specific and sample-shared peaks. (D) For each panel: Left: Schematic
indicating the sites visualized in the panels (blue: sample-specific AR sites). Middle: Heatmap of raw AR signal in sample-specific sites with
5 kb on either side of the center of those sites for all samples. Right: Barchart showing Z score of top 15 enriched DNA sequence motifs
for sites (AR motif highlighted in red).

areas of necrosis on H&E which might provide a his-
tomorphological correlate to the cistromic differences.
As expected, for all samples analyzed, AR binding sig-
nal intensity at sample-specific sites was stronger in the
respective sample (Fig. 2D). Cumulatively, our find- In order to better characterize the epigenomic land-
ings indicate a striking homogeneity in the cistrome scape and understand the underlying regulatory poten-
centering on AR and FOXAI1 among the four organ tial, we overlaid the AR binding regions (sample-

3.2. Sample-shared epigenetic regions have
similar patterns associated with the potential for
transcriptional activity

site metastases at the end stage of the patient’s clinical shared and sample-specific) with the other datastreams
course. for each sample. This allowed us to uncover epigenetic
1946 Molecular Oncology 15 (2021) 1942-1955 © 2021 The Authors. Molecular Oncology published by John Wiley & Sons Ltd on behalf of
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patterns in both sample-shared and sample-specific
regions. In sample-shared AR regions, we found high
H3K27ac signal, medium CTCF, low H3K27me3 sig-
nal, and high FOXAI1 signal, suggesting that these
highly conserved AR-bound regions are found in
active enhancers/promoters (Fig. 3A, sample-share-
d_only). Furthermore, for all factor data we also
included signal at a random set of regions (fac-
tor_specific_noise), which shows very low signal in
‘noise’ regions for all factors and samples indicating
the quality of signal strength in sample-shared and
sample-specific regions (Fig. 3A, factor_specific_noise;
see methods). We hypothesized that AR sites, which
are absent in a particular sample (i.e., found in sam-
ple-specific regions), would also be devoid of enhancer
activity in that specific sample. To test this, we also
examined the H3K27ac data in AR sample-specific
regions and identified no discernable sample-specific
pattern as observed for AR. In addition, in AR sam-
ple-specific sites, there was no overall increase in
H3K27me3. Together, these data support the conclu-
sion that absence or presence of AR at a particular
site is not associated with differential enhancer activity
(Fig. 3A, sample_specific_regions). To further confirm
this, we examined the number of reads in sample-
shared and sample-specific AR regions in H3K27ac

Epigenetic comparisons in prostate metastases

indicated by signal significantly higher than factor-
specific noise (Wilcoxon test, P < 0.005), albeit signifi-
cantly lower than in sample-shared regions (Fig. 3B,
Wilcoxon test, P < 0.005). Moreover, we observed the
same pattern for FOXAIL, further supporting the
hypothesis that absent AR sites are not devoid of
enhancer activity (Fig. 3B, Wilcoxon test, P < 0.005).
Although the number of reads is of sufficient depth
for calling quality peaks (average mean depth > 100),
the number of reads in AR sample-specific regions for
ChIP-seq datasets of AR, H3K27ac, and FOXAI is
consistently lower than sample-shared regions
(Figs 2D and 3A,B). Interestingly, the fact that
FOXAT does not follow a strong sample-specific pat-
tern similar to AR binding suggests that there is an
AR-independent function of FOXAI1 in these metas-
tases samples, in line with recent evidence in primary
tumor development [41]. Cumulatively, these data sug-
gest that when AR is absent at a specific genomic
region in a sample-specific manner, that enhancer
remains active.

The shared AR binding sites (sample-shared) are
very highly bound by H3K27ac and FOXAI1. Based
on these findings, we hypothesized that the shared AR
binding sites represent core binding events of a pros-
tate lineage-specific epigenetic program that is estab-

data for each sample. We observed that H3K27ac sig-
nal in sample-specific regions remains present, as

lished during organogenesis and maintained
throughout cancer progression. To test this, we

Fig. 3. Multicistromics data integration between metastatic sites reveals metastatic disease specific epigenetic patterns and prostate
lineage programming. (A) Left: Schematic indicating the sites visualized in the panel (green: overlapping in all AR samples, blue: sample-
specific AR sites). Right (top, green): Heatmap of sample-shared-only signal in all factors, AR, CTCF, FOXA2, H3K27ac, and H3K27me3.
Scale bar indicates counts per million (CPM) maximum binned signal at peak regions (0-1.5). Right (bottom, green): Heatmap of
factor_specific_noise signal in factors, AR, CTCF, FOXA2, H3K27ac, and H3K27me3. Scale bar indicates CPM maximum binned signal at
peak regions (0-1.5). Insets show the profile plot of signal from AR data from M40_Lung for sample-shared_only (top left) and AR factor
specific noise (top right) regions. Right (blue): Heatmap of sample-specific regions for all ChiP-seq data in all factors. Scale bar indicates
CPM maximum binned signal at peak regions (0-0.45). Insets show the profile plot of signal from of AR data from M40_Lung for
M40_Lung_only sample-specific regions (middle left) and M5_Liver_only sample-specific (bottom left) regions. (B) Left: Boxplots (for all: the
line represents median, bottom, and top of boxes show the 25th and 75th percentile (interquartile range), vertical line represents 1.5 times
the interquartile range) indicating the log read counts in H3K27ac data for AR sample-specific (blue; n= 67 289, 82 355, 53 248, and
74 895, left to right), AR sample-shared (green; n =41 630 for all samples) H3K27ac sample-specific (turquoise; n = 49 375, 44 051,
37 514, and 55 173, left to right) and H3K27ac noise-specific (purple; n = 463 900 for all samples) regions. Right: Boxplots indicating the log
read counts in FOXA1 data for AR sample-specific (blue; n is same as left panel), AR sample-shared (green; n is same as left panel) FOXA1
sample-specific (turquoise; n = 41 576, 49 246, 10 542, and 19 413, left to right) and FOXA1 noise-specific (purple; n= 120 777 for all
samples) regions [*** indicates P < 0.005 (Wilcoxon test)]. (C) Left: Schematic indicating the sites visualized in the panel (green: overlapping
in all AR samples, blue: sample-specific AR sites). Right: Boxplots of binned read CPM data (n of bins = 100) at peaks for sample-shared-
only and sample-specific regions for benign prostate tissue (Normal), primary prostate tumor (Primary) and LNCaP and VCaP cell line
samples and mMCRPC PDX samples. (D) Left: Unsupervised clustering of correlation heatmap using read count data in peaks for benign
prostate tissue (dark green), primary prostate tumor (brown), autopsy metastasis (orange), mCRPC patient-derived (PDX) samples (black),
and LNCaP (purple) and VCaP (yellow) samples for AR (pink), FOXA1 (turquoise), CTCF (gray), and H3K27ac (dark blue) data. Pearson
correlation coefficient shown from 0 (white) to 1 (dark green). Hierarchical clustering was performed with the complete linkage method.
Right: Unsupervised clustering of correlation heatmap using read count data in peaks of AR (pink) and FOXA1 (turquoise) data only for
benign prostate tissue (dark green), primary prostate tumor (brown), autopsy metastasis (orange), mCRPC patient-derived (PDX) samples
(black), and LNCaP (purple) and VCaP (yellow) cell lines. Pearson correlation coefficient shown from 0 (white) to 1 (dark green). Hierarchical
clustering was performed as in Left panel.
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investigated the distribution of AR sites in previously
published ChIP-seq datasets from benign prostate tis-
sues, primary prostate cancers [10] and cell lines
(LNCaP and VCaP [42,43] and in mCRPC patient-
derived xenografts (PDX) [18]. Importantly, we found
a consistent significantly stronger enrichment of AR
signal at the respective sample-shared epigenetic sites
in benign prostate tissues, primary tumors, cell lines
[42,43], and mCRPC PDX samples [18] compared to
the sample-specific sites (Fig. 3C) (Wilcoxon test, P-
values < 0.005).

To formally test the hypothesis that sample-shared
AR regions are associated with prostate cell survival,
we evaluated the enrichment of essential genes
(LNCaP) in the gene list that was associated with
H3K27ac-positive (active) sample-shared AR binding
sites [44]. Essential genes in LNCaP cells (FDR < 0.05)
were found to be significantly enriched in genes associ-
ated with the active sample-shared AR sites as defined
by proximity (within 20 kb of TSS) (hypergeometric
test, P =0.03, Fig. S3A). This demonstrates these
sample-shared regions are likely to be essential and
associated with genes for prostate cancer cell prolifera-
tion.

To better understand the relationship between all
factors and sample types, we examined the correlation
of samples using peak occupancy (reads in peaks) and
unsupervised clustering. We found sample clustering to
be driven by factor, with CTCF and H3K27ac data
clustering separately from AR/FOXAI1 data, regardless
of sample type (Fig. 3D). This reinforces our earlier
observation that H3K27ac did not show the same sig-
nal of the AR/FOXAI1 binding in sample-specific
regions. As the AR and FOXA1 data were intermin-
gled based on initial unsupervised clustering, we next
focused exclusively on AR/FOXA1 datasets for all
sample types in the same manner (Fig. 3D). This anal-
ysis was aimed to determine underlying relationships
within AR/FOXA1 data alone. Here, we identified the
AR and FOXAI1 autopsy metastasis samples our
autopsy series cluster differently from other samples
including mCRPC PDX models [18], implying a speci-
fic epigenetic pattern selectively found in this individ-
ual patient with metastatic disease, which is highly
conserved between different metastatic sites.

3.3. Genes connected to active differential AR-
bound sites do not show altered transcriptional
output

To better understand the metastatic site-selective AR
regions and their potential impact on downstream
transcription, we analyzed gene expression for these

Epigenetic comparisons in prostate metastases

regions. As active enhancers and promoters are associ-
ated with H3K27ac, for each sample we focused on
AR sample-specific regions which are co-occupied with
H3K27ac (matching sample) using k-means clustering
(Fig. 4A). Subsequently, H3K27ac-positive AR sites
for each metastatic site were analyzed for their impact
on gene expression programs, by identifying the closest
gene (within 20 kb) for each site (Fig. 4A, Table S2).
Genes identified for each sample in this manner were
tested for their enrichment in Hallmarks Gene Sets,
using the hypergeometric test. No enriched gene sets
were found that overlapped between metastatic sites
with the exception of Androgen Response found in
three samples (Fig. 4B). These samples also showed on
average the highest percentage of sample-specific genes
overlapping in the Androgen Response gene set
(Fig. S4A). Very few genes from the Androgen
Response gene set overlap in the other enriched gene
sets (Fig. S4B). Ingenuity Pathway Analysis also
revealed Molecular Mechanisms of Cancer as a Top
Canonical Pathway among samples as well as Up-
Stream Regulators including beta-estradiol, NR3Cl1
(GR) TP53 and Estrogen Receptor 1 (Table S2). Sur-
prisingly, while hypoxia was the most sample-specific
enriched Hallmark gene set based on ChIP-seq data
integration (enriched in MS5_Liver_only), we observed
very stable gene expression for the genes in this gene
set across samples (Fig. 4C). We also saw highly corre-
lated expression across all significantly enriched Hall-
mark gene sets for all samples (Fig. S4C). This
indicates that although specific gene sets may be
enriched in specific samples based on epigenetic marks,
it is not translated to alterations in expression of the
corresponding genes in the gene set.

Much to our surprise, homogeneity was found over-
all; very few differential pathways were found associ-
ated with the sample-specific differentially bound
active AR sites. Therefore, we next investigated the
correlation of normalized gene expression for all genes
across samples. Also, in this analysis, despite the
observed selectivity of AR sites between metastatic
sites, gene expression for all samples was highly signifi-
cantly correlated (Fig. 4D). To further confirm our
results, we investigated known AR signaling genes [8]
more closely and as well as genes encoding for proteins
that are most commonly associated with AR biology
in prostate cancer (FOXAI1, AR, and HOXBI13), and
found them virtually identical across all samples
(Fig. 4E). Further corroborating this, we formally
tested for differential gene expression between lymph
node-derived samples (M38_PLN and M45_HLN) and
organ derived samples (M5_Liver and M40_Lung).
We found only two genes (SLC34A2 and DMBT]1) as
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Fig. 4. Cistromic differences have minimal impact on transcriptional output in anatomically distinct metastatic sites. (A) Left, Schematic of
subset analysis approach. Sample enriched AR sites (blue) were subsetted for matching H3K27ac signal (kmeans cluster 1 and 2, red bar).
Right: For each sample, sample-specific AR sites were examined for raw H3K27ac signal (red bar indicates sites used to associate with
nearest gene). (B) Barchart of —log,o(FDR) enrichment for Hallmarks Gene Sets (MSigDB) in sample-specific gene sets. Missing bar
indicates the gene set was not among the top 12 significantly enriched sets in that sample. (C) Heatmap of gene expression for Hallmark
Hypoxia Gene Set genes. Normalized gene expression shown from low (blue) to high (red). (D) Correlation matrix of normalized log-
transformed gene expression data for all samples for all genes. Pearson correlation and significance are indicated in the top right (***
indicates P < 0.0001). (E) Heatmap of normalized gene expression for of AR signaling genes (27) (top) and AR, FOXA1, and HOXB13 genes
(bottom). Normalized gene expression shown from low (blue) to high (red).

significantly differentially expressed between these
groups (FDR <0.05 and absolute (logFC > 2).
Together, these data show that expression of genes
with metastatic site-selective AR/H3K27ac sites is
remarkably similar. These findings suggest a robust-
ness of the transcriptional output despite differences in
transcriptional regulation between different metastatic
sites.

4. Discussion

Tumor-stromal interactions are widely accepted to
contribute to the tumorigenic and metastatic process,
but a direct connection between the tumor metastatic
niche and tumor epigenome remains thus far elusive.
Here, we have profiled clonal metastases from four
distinct metastatic sites of a patient who died of
mCRPC. We applied a comprehensive integrated
approach to capture both transcriptomic and epige-
nomic alterations, in an effort to better understand the
heterogeneity of the epigenome and cistromic changes

1950

between different metastatic sites. The unique strength
of this study lies in the assessment of multiple mCRPC
metastatic lesions from different sites that were derived
from a single patient, which show a very high level of
genomic homogeneity. This design allowed us to inter-
rogate epigenomic differences in the background of a
shared driver gene alterations.

While the vast majority of AR chromatin binding
sites were conserved among all metastatic sites, we
identified a subset of AR-bound regions that were
sample/metastatic site-specific. These regions were sim-
ilar, both in genomic region as well as in DNA
sequence motif preference, with the exception of one
sample, M45_HLN that shows focal areas of necrosis
that may explain cistromic differences. FOXAI facili-
tates but does not have transactivating potential alone.
We hypothesize differential FOXA1 does not necessar-
ily translate to differences in downstream transcrip-
tomics depending on the transcription factor, co-factor
binding and regulatory effects. In a subset analysis of
differential AR-bound regions marked by H3K27ac,

Molecular Oncology 15 (2021) 1942-1955 © 2021 The Authors. Molecular Oncology published by John Wiley & Sons Ltd on behalf of

Federation of European Biochemical Societies.



T. M. Severson et al.

we found that there were very few differences in gene
expression programs that are associated with differen-
tially bound regions. This indicates that although there
were differences in active AR-bound regulatory ele-
ments, these changes did not translate into differential
transcriptional outputs. Importantly, we did not
observe sample-selectivity in H3K27ac occupancy at
the AR-selective sites but did still observe H3K27ac
binding, indicating the absence of AR binding does
not impact the activity of the corresponding enhancer
region. In addition, we did not observe an increase in
H3K27me3 levels when AR is absent from a specific
site, supporting the conclusion that enhancer activity
remains in the absence of AR. However, as both
FOXAT1 and H3K27ac were present in all samples at
specific regions where AR was sample-specific, we
hypothesize that possible other yet-to-be classified
transcription factors may compensate for AR at these
regions. It is also possible that at the sample-specific
AR sites, the AR dynamics in that particular sample
at that site were less transient. Interestingly, we found
binding at core AR regions is stronger in all sample
types: normal, primary tumors, cell lines, and PDX
samples, indicating an early epigenetic programming
event. Of note, we also found zero overlap of core AR
regions with metastasis-specific AR sites [18] further
showing that our core AR sites that were also identi-
fied in healthy tissue and primary prostate cancers are
separate biologically from metastasis-specific AR sites.
We note the variation of the PDX samples is higher
than other sample types, which may be explained by
the many different locations these samples were
derived from including lymph nodes, bladder, liver,
femur, Transurethral Resection of the Prostate, and
cells from ascites [45]. Cell lines consistently showed a
different pattern for binding data from the autopsy
metastasis samples, revealing the inadequacy of current
model systems to recapitulate the complexity of meta-
static samples. The metastases studied here were all
from soft tissues (lung, liver, lymph nodes), and it
could be argued that the most common metastatic site
for prostate cancer, the bone, may have a substantially
different micro-environment to significantly modulate
the epi-transcriptome. This is worth investigating fur-
ther in future studies, although unfortunately, clinical
samples of sufficient quality for molecular profiling are
difficult to obtain from bone. We also found that the
global transcriptomic signals from each sample are
highly correlated, which has been previously shown
[12]. With the addition of ChIP-seq data for multiple
transcription factors and epigenetic marks as presented
in our study, we were able to position this transcrip-
tomic stability in the context of a differential
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epigenome. It should be noted that we did find a high
proportion of AR/FOXA1 sites that are shared
between all samples, which may indicate an overall
dominant clonal transcriptional survival program
beyond the sample-specific sites. Taken together, these
findings suggest that despite tumor site-specific epigen-
ome heterogeneity, there is a remarkable robustness of
core transcriptional clonal survival programs that are
shared between all metastases in a given patient indi-
cating a minimal impact of sampling bias in research
focused on mCRPC disease. These findings are in line
with previous results showing DNA methylation alter-
ations that varied between metastatic sites within a sin-
gle patient had little impact on cis gene expression
[46].

The patient in this study was first diagnosed with
distant metastatic disease (bone, lymph nodes) around
13 years after radical prostatectomy. In the following
years, up until death, he developed additional metas-
tases with extensive involvement of the liver, lung and
lymph nodes [15]. Over the course of that time, many
factors could have been predicted to play a large role
in generating heterogeneous transcriptional programs
at different metastatic sites, such as tumor evolution
and clonal resistance to multiple systemic therapies as
well as (epi)genetic drift, yet we observe no evidence of
this. Rather, a conserved core clonal survival tran-
scriptional program was manifested and preserved.

The biological implications of these findings should
be interpreted with caution, since there are several lim-
itations to this study. The study is based on the in-
depth analysis of a single case, which raises concerns
about the generalizability of the findings. However, the
value of ‘N = 1’ studies is increasingly recognized [47],
since insights from the integrated analyses of the
patient’s clinical history and molecular findings can
often get diluted when analyzing larger case series.
Therefore, we hope that this report that takes advan-
tage of the comprehensive clinical and molecular anno-
tations available for this case will stimulate future
studies in the field.

It is important to note that all samples analyzed
here were procured at an autopsy and are therefore
representative of metastatic tumor cell populations
that have evolved in this case over a period of over
17 years and have developed resistance to numerous
therapies. It is therefore possible that the tumor bur-
den at autopsy appears from a genetic and epigenetic
standpoint more homogeneous, since tumor cells had
to pass through numerous treatment-induced clonal
bottle necks. It remains to be explored if samples col-
lected in a longitudinal fashion at different stages of
tumor progression show a similarly conserved core
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epigenome program. Although additional longitudi-
nally collected samples were available for this case,
they comprise > 25-year-old Formalin-Fixed Paraffin-
Embedded (FFPE) material, which is not compatible
with the ChIP-seq protocols used in this study. This
highlights the need for thoughtful prospective sample
collection and for the development of robust protocols
to assess cistromic characterization in FFPE materials.

This case is characterized by high expression of
prostate specific markers and no evidence of divergent
differentiation to neuroendocrine (NE) or AR negative
prostate cancer [15,48-52]. Although this tumor phe-
notype (i.e., high AR expression, absence of NE mar-
ker expression) still represents the most commonly
observed molecular subtype of mCRPC in contempo-
rary rapid autopsy cohorts [49,53], the emergence of
treatment-induced phenotypes that are characterized
by NE marker expression and/or absence of AR
expression need to be carefully evaluated [48]. Indeed,
a more recent study provided first evidence for major
DNA methylation changes associated with NE features
[54]. Tumors with evidence of divergent differentiation
are most likely to harbor profound epigenetic changes
that are associated with distinct tumor cell phenotypes.
Therefore, additional studies are needed to address the
role of epigenome changes in treatment associated phe-
notypic plasticity.

5. Conclusions

In summary, this study represents the first in field eval-
uation of cistromic and epigenomic heterogeneity in
any type of metastatic cancer and sets the stage for
further studies in this field which will likely yield major
new insights into the biology of advanced prostate
cancer.
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Fig. S1. ChIP-seq quality measures of anatomically
distinct metastases. (A) Boxplots of millions of
mapped reads > MQ20 for AR (pink), FOXAI1 (tur-
quoise), CTCF (gray) and H3K27ac (dark blue). AR,
FOXAT1 and H3K27ac have n =4. CTCF has n = 3.
The one outlier H3K27ac sample (outlined in red)
indicates the data are less than the 25th percentile
(Q1) - 1.5*(interquartile range). (B) Boxplots of num-
ber of peaks of AR (pink), FOXAT1 (turquoise), CTCF
(gray) and H3K27ac (dark blue). Number of samples
is the same as left plot.

Fig. S2. Shared and unique chromatin binding sites of
AR and FOXAI. (A) Venn diagrams depicting the
number of shared and unique AR (left), FOXAI1

Epigenetic comparisons in prostate metastases

(center) and CTCF (right) binding sites in 3 - 4
anatomically distinct metastases.

Fig. S3. Overlap of LNCaP essential genes and genes
associated with active sample-shared AR sites. (A)
UpSetR diagram depicting number of shared (red) and
unique (gray) genes in LNCaP essential genes [47] and
genes associated with active (H3K27ac-positive) sam-
ple-shared AR sites.

Fig. S4. Percentage and overlap of genes in signifi-
cantly enriched Hallmarks gene sets and gene set
expression correlation. (A) Stacked barplots indicating
the percentage of genes which were in sample-specific
lists (orange) in significantly enriched gene sets (gray).
(B) UpSetR diagram depicting the shared and unique
genes in Hallmarks gene sets that were sample-specifi-
cally significantly enriched. Red box indicates overlaps
of genes in gene sets with the Androgen Response gene
set. (C) Correlation matrix of normalized log-trans-
formed gene expression data for remaining Hallmark
gene sets for all samples. Pearson correlation and sig-
nificance are indicated in the top right (*** indicates
P < 0.0001).

Table S1. SeqPos DNA motif enrichment at AR sites
(shared and sample-specific).

Table S2. Genes associated with H3K27ac-positive
sample selective AR sites and their respective Ingenuity
Pathway Analysis Top Canonical Pathways and
Upstream Regulators.
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