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Abstract

Background Understanding the molecular features that underlie metastatic prostate cancer (PCa) is essential to
develop prognostic markers and improve treatment decisions. However, such studies are hampered by substantial
intratumor and interpatient heterogeneity.

Methods To cope with this heterogeneity, we propose a unique study design that leverages the statistical power of
multifocal bulk transcriptome profiling with the resolution of a single-cell analysis to identify processes and cell types
associated with regional metastatic lymph node seeding in PCa.

Results Elaborate analysis of these data allowed identifying a metric to distinguish, based on the multifocal
expression data between lesions with high and low potential for regional metastatic lymph node seeding.
Subsequently comparing the expression profiles of these lesions with respectively high and low metastatic potential
identified an aggressiveness signature. Overlaying this signature with single cell data identified proliferative luminal
cells, an adipose derived cancer-associated fibroblast (CAF) state and a specific subtype of arterial endothelial

cells. Assessing the prognostic value of these cell states in an independent dataset (TCGA-PRAD) confirmed

their association with regional metastatic lymph node seeding and progression free survival and unveiled a
complementary role for the proliferative luminal cells and the adipose derived CAF state in driving regional metastatic
lymph node seeding.

Conclusions Based on our analysis, we hypothesize that lesions with high potential for regional metastatic lymph
node seeding are mostly characterized by the presence of highly proliferative luminal cells and a transitioning
towards an aggressive adipose derived CAF state. Markers associated with these cell states largely explain the
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prognostic signal of currently used commercial signatures in PCa, further supporting the role of the identified cell
states in driving regional metastatic lymph node seeding and providing an in depth understanding of the success of

the currently used commercial signatures.

Keywords multifocal transcriptome profiling, prostate cancer, metastatic seeding, adipose-derived stromal stem

cells, cancer-associated fibroblasts, cell state transition

Background

While most prostate cancers (PCa) are indolent and
localized, a small fraction of PCa evolves towards meta-
static disease, leading to poor prognosis and higher
mortality rates. However, the risk on metastasis after
diagnosis remains hard to predict [1]. The presence of
regional lymph node metastases at the time of diagno-
sis (referred to as N1 disease) is an important factor in
determining a patient’s prognosis [2]: Up to 14% of men
are diagnosed with N1 disease at initial diagnosis [3] and
44% of these patients develop distant metastases within
10 years following diagnosis [4]. Lymph node involve-
ment has been hypothesized to represent a clinical stage
between localized disease and metastatic dissemination
[5]. Understanding which processes in the primary tumor
are associated with regional lymph node seeding can
improve predicting a patient’s metastatic potential [6].

A tumor’s metastatic potential is not only driven by
somatic mutations, but also by the interaction of the
tumor cells with the tumor micro-environment (TME)
[7-10]. This seems to be particularly true in the case of
regional lymph node seeding, which follows an evolu-
tionary process that is different from distant metastatic
lesions [11]. The specificities that define a metastatic
seeding clone might therefore, at least in part, be trig-
gered by the plasticity of the tumor cells and the specific-
ities of the TME [12]. Assessing transcriptomic variation
has the potential to capture such phenotypic states of a
tumor that are driven by the interaction between the
tumor and the TME [13, 14] and that associate with met-
astatic potential.

Bulk profiling of large cohorts of patients already
identified expression signatures obtained from primary
tumor samples that associate with poor prognosis and/
or lymph node involvement [13, 15-24], indicating that,
in the primary prostate tumor, transcriptomic signatures
must be present that reflect metastatic potential. How-
ever, most bulk profiling-based transcriptomic studies
rely on samples taken at a single lesion. Given the hetero-
geneity of the primary prostate tumor [25], which con-
tains multiple lesions of which only some are responsible
for metastatic seeding [26—28], such single lesion stud-
ies lack the resolution to identify the specificities of the
metastatic seeding process. In addition, it is difficult to
decide in advance, based on clinical and histopathologi-
cal characteristics which lesion contains the more aggres-
sive cells [29]. If a lesion selected for sequencing does

not correspond to the lesion that determines a tumor’s
metastatic potential, the risk of catching irrelevant sig-
nals or missing a true association with metastatic seeding
increases.

By adopting a multifocal approach and sampling mul-
tiple lesions within the primary tumor, the chance of
selecting the lesions that contain the most aggressive
cells responsible for metastatic seeding increases [30, 31].
Thus, to investigate transcriptional processes in the pri-
mary tumor associated with regional lymph node seed-
ing, we generated a large multifocal cohort of matching
primary and regional metastatic lymph node samples,
comprising 211 samples in total. This cohort allowed
us to define, based on RNA expression a metric that
enables identifying per patient the lesions with respec-
tively the most and the least potential for regional lymph
node metastasis. A subsequent direct comparison of the
expression profiles of lesions with extremely different
metastatic potential resulted in a gene set characterizing
this potential for regional lymph node seeding. Over-
laying with single cell data associated the gene set with
proliferative luminal cells, an adipose derived cancer-
associated fibroblast (CAF) state and a specific subtype
of arterial endothelial cells. Based on these findings we
hypothesized that lesions with high potential for regional
metastatic lymph node seeding are characterized by the
presence of highly proliferative luminal cells, a transi-
tioning towards an aggressive adipose derived CAF state
and a relative depletion of arterial endothelial cells. This
was confirmed by assessing the prognostic value of these
cell states for regional metastatic lymph node seeding
and progression free survival in an independent dataset
(TCGA-PRAD) [32]. The proliferative luminal cell state
carries a signal that is highly prognostic for both regional
lymph node status and progression free survival, whereas
the presence of an aggressive adipose derived CAF state
mostly associates with regional lymph node status. In
addition, we showed that markers associated with these
identified cell states largely explain the prognostic signal
of the currently used commercial signatures Decipher
[18] and Prostadiag [33], further confirming the role of
mostly the adipose derived CAFs and proliferative lumi-
nal cells in determining a lesion’s metastatic potential.
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Methods

Multifocal in-house cohorts

In this study, we analyzed two multifocal in-house
cohorts of patients with advanced PCa. The first cohort
contains samples from 17 locally advanced treatment-
naive hormone-sensitive PCa patients (mHSPC) with
regional pelvic lymph node metastases at the time of
diagnosis, but without detectable distant metastases
(NIMO) (referred to as the locally advanced cohort).
Overall, this cohort consists of bulk RNA-seq data for 62
metastatic lymph node (MLN), 85 primary tumor (RP),
and 17 adjacent normal prostate (NL) FFPE samples. The
second cohort contains samples from 16 treatment-naive
patients with de novo metastatic hormone-sensitive PCa
(mHSPC) with regional pelvic lymph node metastases at
the time of diagnosis and detectable distant metastases
(N1M1, referred to as the de novo cohort). This cohort
contains bulk RNA-seq data for 20 regional MLN and 26
RP samples, but no adjacent normal prostate samples.

To generate the multiregion samples of these cohorts
archival formalin-fixed paraffin-embedded (FFPE) tissue
blocks of primary prostate tumors and regional lymph
node metastases with corresponding H&E stained slides
were reviewed by two urological pathologists. Tumor
areas were marked and individually classified accord-
ing to the current International Society of Urological
Pathology (ISUP) Prostate Cancer Guidelines [34]. The
soft tumor areas of anatomic location of radical prosta-
tectomy were mapped in the PIRADS version2.1 sec-
tor maps [35]. For each patient, candidate regions for
sequencing in the radical prostatectomy specimen were
chosen based on the anatomic location and dimensions
of the dominant tumor lesion (i.e. the highest ISUP grade
and the highest percentage of tumor involvement), plus
one to seven additional tumor-containing areas. Further-
more, metastatic foci measuring approximately 2mm? or
more and different areas within the diagnostic (i.e., pre-
operative) prostate biopsy blocks were selected. Tumor
sampling was performed to maximize the representa-
tion of spatially distinct and/or microscopically hetero-
geneous tumor foci; fibrotic or hemorrhagic areas were
avoided. The tissue regions selected for sequencing were
sampled using 1 mm punch biopsies or 10 um tissue sec-
tions for biopsy and surgical samples, respectively. Patho-
logical tumor cellularity was assessed and only samples
with at least 10% tumor cells were selected for RNA iso-
lation. Informed consent was obtained from all patients
who participated in the study. The clinical characteristics
of the patients and their matching samples are enlisted in
Additional file 1: Table S1 and S4 for the locally advanced
and the de novo cohort.

Samples were sent to ALMAC for RNA extraction and
sequencing. All samples from the same cohort were pro-
cessed and sequenced at once. For both cohorts , RNA
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was extracted using the Qiagen RNeasy FFPE kit. RNA
fragmentation was performed, and RNA integrity was
assessed with High Sensitivity RNA ScreenTape from
Agilent Technologies. As input for the library prep 8.5 pl
(maximum volume) was used for all samples. Libraries
were subsequently prepared using Illumina RNA Exome
and cDNA was measured with the ThermoFisher Qubit
DNA HS Assay Kit (Thermo). Paired end sequencing was
performed on the NovaSeq platform.

For read alignment, quality assessment and expression
quantification, we relied on the nf-core workflow (ver-
sion: 3.1) [36, 37]. To facilitate comparison with TCGA-
PRAD [32], we relied on the same reference genome and
gene annotations as the TCGA consortium. So STAR
for alignment to the human reference genome GRCh37
(Homo_sapiens.GRCh37.dna.primary_assembly.ERCC.
fa) was used. Expression was quantified using StringTie
[38] and normalized TPM gene expression was used as
input for all subsequent analyses. Additional file 1: Table
S2 and S5 provide the detailed quality assessments.

For the locally advanced cohort, targeted Next-Gen-
eration Sequencing (tNGS) data was available for five
patients (that is, ID4, ID5, ID6, ID9, and ID10), in the
context of an independent study conducted at the Karo-
linska Institute [39]. Targeted sequences were obtained
using an in-house gene panel and processed as described
in [39]. QiaAmp FFPE was used for DNA extraction,
and DNA concentration was measured using the Qubit
BR DNA assay. Library preparation was based on KAPA
Hyperprep with IDT adapters. For DNA capture, TWST
probes were used. The bam files for the tNGS data were
aligned with the reference genome glk v37 decoy.fasta
using the BWA-mem aligner [40].

For the six patients with multiple RP samples and at
least one matching MLN sample in the de novo cohort,
we also had matching tNGS data [29]. tNGS libraries
were prepared using the Roche HyperCap Target Enrich-
ment Kit, the Roche HyperCap Bead Kit, and a custom
Roche SeqCap 73 PCa gene panel as previously pub-
lished [41]. The targeted enrichment was performed as
described in the technical manual (SeqCap EZ Hyper-
Cap Workflow User Guide; version 2.3; Chaps. 5 to 7).
The amplified captured multiplex DNA sample was re-
suspended in 53pL nuclease-free water. In contrast to the
technical manual, multiplex DNA sample library pools
with a combined mass of 2 pg were prepared. Sequencing
was performed on either the Illumina HiSeq 1500/2500
High Output platform or the Illumina NextSeq 500
platform.

External cohorts

To identify differentially expressed gene transcripts
between normal tissues and primary prostate tumors,
we also used the TCGA-PRAD bulk RNA-seq dataset.
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Raw HTSeq counts were downloaded from the Xenahub
portal [42]. Ensembl gene IDs were assigned to the gene
names using the Xenahub annotation file.

The sample type information was downloaded from
the biospecimen folder and the lymph node status infor-
mation was derived from the clinical folder, both down-
loaded from the GDC portal [43].

The single-cell RNA-seq dataset of Chen et al. (2021)
[8] consisting of 13 tumor samples (12 RPs and 1 MLN)
from 12 PCa patients was downloaded from the supple-
mentary information file of the original publication.

Identification of the progression signature

To disentangle the progression signature from the con-
founding tissue adaptation signal, we identified genes
that changed in expression in both the NL vs. RP and in
the RP vs. MLN comparisons. Hereto we used the data
from TCGA-PRAD [32] and the locally advanced cohort
to identify the genes that are differentially expressed
between the NL vs. RP samples and the data of the locally
advanced cohort and the de novo cohort to identify genes
differentially expressed between the RP versus MLN
samples.

Differentially expressed genes were identified with
DESEq2 in R (ver. 1.38.3) [44] using the patient identity
as a covariate and the tissue of origin as the condition of
interest (design = ~ patID+sampletype, where the covari-
ate patID reflects the ID of the patient from which the
sample originates and sampletype the condition of inter-
est, either MLN, RP or NL depending on the compari-
son). While the locally advanced cohort was sequenced
as a single batch, de novo cohort was sequenced in four
technical batches (Additional file 1: Table S5).

To evaluate the impact of within-cohort batch effects,
we used the Likelihood Ratio Test (LRT) implemented
in the DESeq2 R package [44], comparing a full model
including batch as a covariate (design=~patID +sam-
pletype + batch) against a reduced model without batch
(design = ~patID + samplettype). Only a small fraction
of genes (76 genes) showed a significantly improved fit
when including batch (adjusted p-value<0.05). Impor-
tantly, none of these genes overlapped with those identi-
fied as differentially expressed in the reduced model. So
we continued the analysis without correcting the de novo
cohort for the batches.

To avoid effects originating from intrinsic differences
or batch effects between the analyzed cohorts [32], differ-
ential analysis was performed for each cohort separately
(Additional file 1: Table S7-S10) and results were com-
bined at the level of the identified differentially expressed
genes (meta-analysis) using the following rule (Addi-
tional file 2: Text S3):

Select = [((genes differentially expressed in NL/RP in
TCGA-PRAD) OR (genes differentially expressed NL/
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RP in locally advanced cohort)) AND ((genes differen-
tially expressed RP/MLN in locally advanced cohort)
OR (genes differentially expressed RP/MLN de novo
cohort))]. This resulted in a list of 575 genes (Additional
file 1: Table S11).

We subsequently performed Spearman’s rank prin-
cipal component analysis (PCA) [45, 46] on the expres-
sion data using the 575 genes selected above as variables
and the samples as observations. Selecting those genes of
which the variance best associated with the tumor pro-
gression (defined in terms of their loading on the first
principal component (PC1), Additional file 2: Text S3)
resulted in a final progression signature of 225 genes of
which the expression associates with disease progression
(Additional file 1: Table S12).

Identification of the lesions with highest aggressive
potential based on the progression signature

To select, per patient, the RP lesion(s) with the highest
aggressive potential based on the progression signature,
we defined a signature-based metric for expression simi-
larity using the differences in scores of the samples within
each patient on PC1 of the Spearman’s rank PCA [45, 46]
obtained with the 225 genes of the progression signature
as variables (Additional file 2: Text S4). Hereto we first
defined RP lesion with the least aggressive potential as
the one that is the most distant from the MLN samples
on PC1. An RP lesion was considered aggressive when
its distance from the least aggressive lesion was greater
than 25% of the distance between the least aggressive
RP lesion and the median score of the MLN samples of
that patient on PC1. Using this metric, we can guaran-
tee that the most aggressive lesion is sufficiently close to
the matching MLN samples and, at the same time, suf-
ficiently different from the least aggressive RP lesion. In
case all primary lesions were equally distant from their
matching MLN samples, no conclusions on the identity
of the most aggressive lesions were drawn.

Identification of the seeding lesions using tNGS

When tNGS data [29] were available for multiple RP
lesions and matching MLN lesions, we used this infor-
mation to identify the lesions in the primary tumor that
were most probably responsible for metastatic seeding
(seeding lesions). To this end, the most likely seeding
lesion was defined as the lesion in the primary tumor that
shared the highest number of mutations with the match-
ing MLN samples. If multiple RP lesions shared the same
number of mutations with the matching MLN sample,
these lesions were considered to have the same seeding
potential (Additional file 2: Text S5).
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Identification of the aggressiveness signature, a gene set
associated with a lesion’s metastatic potential

To identify genes of which the expression is associated
with a lesion’s metastatic potential, we compared the
expression of primary with the highest and the lowest
metastatic potential as identified by our signature-based
metric. We performed this analysis in each multifocal
cohort separately (locally advanced and de novo cohort).
To avoid diluting the differential expression signal,
patient ID4 of the de novo cohort was omitted from the
analysis as in this patient the signature-based metric and
the tNGS analysis disagreed on the identity of the lesion
with the lowest metastatic potential (RP2 was considered
having a low metastatic potential with the signature-
based metric but still identified as a seeding lesion with
the NGS-based lineage reconstruction).

To identify the genes that were differentially expressed
between the least and most aggressive RP lesions we
used DESEq?2 [44] with the patient information as model
variable, design=~ patID+sampletype, where sample-
type indicates whether the RP lesion is the most or
least aggressive). Genes were considered differentially
expressed if their |logFC| was greater than 1 and the
adjusted p-value lower than 0.05. To avoid batch effects
each cohort was analyzed separately, resulting in a list
of differentially expressed genes for the locally advanced
cohort and the de novo cohort respectively (Additional
file 1: Table S14 and S15). Both gene lists were subse-
quently merged: we retained genes that were found dif-
ferently expressed in one of the two cohorts only using
a stringent threshold (|logFC|>2, adj-p-value<0.001)
and added the genes that were found differentially
expressed in both cohorts using a more lenient threshold
(|logFC|>1, adj-p-value <0.01, see Additional file 1: Table
S18 and Additional file 2: Text S7).

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was performed
using fgsea package (ver. 1.24.0) in R [47], that performed
pre-ranked GSEA. Enrichment is assessed using the 50
hallmarks pathways from MSigDB [48]. The ranks used to
perform enrichment were either the stat score returned
by DESEq2 [44] or the average log2 fold change, provided
by FindMarkers from Seurat R package (ver. 5.0.1) [49].
Only enriched gene sets with an adjusted p-value below
0.05 were considered statistically significant (see Addi-
tional file 2: Text S7).

Assessing the prognostic potential of the identified cell
types

Prognostic potential was assessed using the expression
data from primary tumor samples of TCGA-PRAD [32].
K-means clustering [50] was applied to group samples
in two clusters based on their expression profiles of a
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prespecified gene set with ComplexHeatmap package
in R (ver. 2.14.0) [51]. Enrichment in lymph node posi-
tive samples is calculated using the Fisher’s exact test
[52]. The cluster with a p-value <0.05 is considered to be
enriched in lymph node positive samples. Progression-
free survival curves were estimated per cluster, using the
Kaplan-Meier estimator [53] with survival (ver. 3.5.7)
[54] and survminer (ver. 0.5.0) [55] packages in R. Sur-
vival distributions of curves of either cluster were subse-
quently compared using the log-rank test [56]. Moreover,
the relative hazard ratio of the cluster enriched with
lymph node positive samples on progression-free sur-
vival was estimated using the Cox proportional-hazard
model [57], with the lymph node enrichment status of
the cluster as a covariate.

As prespecified gene sets we used respectively gene
signatures that mark the proliferative luminal cell state
(40 genes), the adipose derived fibroblasts (24 genes),
the arterial endothelial cells (26 genes), a reduced 10
gene set that characterizes the transitioning towards
the aggressive adipose derived CAF state we set apart
with the aggressiveness signature (in Fig. 5B) i.e. FBLN2,
VCAN, COMP, SFRP4, CTHRCI1, COLI0A1, CXCL14,
COL11A1, and THBS2. These markers originally asso-
ciated to matrix CAFs in Bartoschek et al. (2018) [58]
were described by Zhu et al. (2021) [59] as being asso-
ciated with the transitioning of adipose derived stromal
stem cells (ASCs) towards a fibroblast-like cell states [8].
All of the selected genes were identified by FindMarkers
[49] as distinctive for the fibroblasts-like cells set apart by
the aggressiveness signature, Additional file 1: Table S21).
The 10 gene set was further reduced to a 5 gene set by
only retaining genes that uniquely mark the transition-
ing to the aggressive COL11A1 cell state and that are
not expressed in any other cell type of Chen et al. (2021)
dataset [8] (Fig. 6B).

As a reference we also clustered the samples according
to their lymph node status and based on gene sets that
define commercially used gene signatures of Decipher
[18], OncotypeDx [20] and Prostadiag [33].

Using single cell data to identify the cell types captured by

the aggressiveness signature

We downloaded the expression values of the 36,424 cells
from the Chen et al. (2021) dataset [60]. t-SNE and cell
annotation were performed as described in Chen et al.
(2021) (see Additional file 3: Fig. S4) [60]. In the remain-
der of the analysis, only primary samples from Chen et
al. (2021) were considered. Of the 427 genes in the met-
astatic progression signature, 380 were profiled in the
Chen et al. (2021) [60]. To identify which cell types of
the Chen et al. (2021) dataset [8] were represented by the
genes in the aggressiveness signature, we focused on the
expression of these 380 overlapping genes and assigned
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each of the 380 genes of the aggressiveness signature to
a cell type using FindMarkers [49]. We only focused on
overexpression to ensure that we could identify genes
that uniquely mark the identified cell types (see also
Additional file 2: Text S8).

To identify cancerous cells in this dataset, a copy num-
ber variation (CNV) analysis was performed individually
for each patient using inferCNV [61] in R (ver. 1.14.2).
This tool requires a baseline, which we derived from cells
not classified as luminal, basal/intermediate, or unknown
clusters. inferCNV computes CNV scores, which signify
copy number deviations from the baseline [61]. The top
10% of cells with the highest C N V;ores Were selected to
obtain an average aggressive baseline. Next, cancerous
cells were classified as follows: cells with CN Vi ppes > 1
and correlation > 0.4 with the average aggressive base-
line were labeled cancerous; cells with CNV;cores < 1
and correlation < 0.4were labeled non- cancerous;
remaining cases were unresolved. In particular, infer-
CNV encountered issues in two patients, leading to miss-
ing CNV scores marked as NA [61].

Refined annotation of the single-cell data

Cells from Chen et al. (2021) [60] were re-clustered.
After normalization, variable gene detection, scaling and
PCA [45], we used Harmony [62] (ver. 0.1.1) in R pack-
age with © = 2 and corrected the embeddings to reduce
interpatient heterogeneity as cell types from the same
origin clustered separately for some patients. Next, we
clustered the cells using FindNeighbors and FindClus-
ters functions in Seurat R package [49] and visualized
them with uniform manifold approximation and projec-
tion (UMAP) [63]. The obtained clusters were overlayed
with the original annotation provided by Chen et al. [8]
(Additional file 3: Fig. S4). Subsequently, the epithelial
and stromal (endothelial and fibroblast) cells were reclus-
tered separately for a more refined annotation using both
canonical markers as summarized in the PanglaoDB [64]
and CellMarker [65] databases, as well as using previ-
ously described markers and gene expression signatures
[66—68].

All used markers are indicated on the heatmaps dis-
playing the results (Figs. 3, 4 and 5). Luminal and basal/
intermediate epithelial cells were distinguished based on
the expression of luminal (KRT8, KLK3, and KLK4) and
basal (KRTS5, KRT14, and TP63) markers. Marker genes
associated with cell-cycle progression or ribosomal func-
tion used to identify the proliferative luminal epithelial
cell cluster were derived from [66—68]. Within the stro-
mal cell compartment, myofibroblasts and pericytes were
distinguished based on canonical markers (E.g.,, MYH11,
ACTA?2 for myofibroblasts [65] and RGS5, NDUFA4L2,
and HIGD1B for pericytes [64]).

Page 6 of 22

Preadicopyte markers (CFD, APOD, MGP, and
CXCL14) were obtained from [69, 70]), markers defining
adipogenic CAFs were obtained from Qian et al. (2020)
[69]; To differentiate ASCs from fibroblasts we used genes
related to matrix remodeling that were more upregulated
in ASCs than in fibroblasts as described in [71] (PI16,
COMP, ELN, EFEM1, POSTN, MFAPS, IGFBP3, INHBA,
MGP, FNDC1, MYHI10, SRFP4, F2R, IGFBP5, VCAN,
CCDC80, TIMP1, PTGIS, and SERPINE2). General CAF
markers FAP, SI00A4, VIM, PDGFRB, PDPN, and TNC)
were obtained from [72]. To define the specific subset of
matrix CAFs [58] that are in Zhu et al. (2021) [59] associ-
ated with the transitioning of ASCs to an adipose derived
CAF state in normal pancreatic tissue, we used PDGFRA,
DCN, LUM, VCAN, MFAP5, POSTN, FBLNI1, FBLN2,
LOX, LOXL1, and CXCL14. Additional genes derived
from Zhu et al. (2021) [59] and Qian et al. (2020) [69] that
define the transitioning to the aggressive COL11AI1 CAF
state were FNI, CTHRCI1, COMP, SFRP4, COLI0AI,
COL11A1, INHBA, and THBS2.

For the endothelial cell annotation, lymphatic ECs were
identified based on expression of CCL2I and PROXI.
Arterial ECs were based on FBLN5, FN1, and GJAS5. The
remaining vascular ECs were further divided in high
endothelial venules and venous ECs (ACKR1, SELP), and
endothelial tip cells (ESM1, INSR). Cells positive for both
EC (PLVAP, PECAM1I) and pericyte (RGS5, NDUFA4L2,
and HIGDI1B) markers were annotated as endothelial-
pericyte doublets.

Results

Multifocal Profiling of locally advanced and de novo
prostate cancer samples

To identify transcriptomic signals that associate with
regional lymph node seeding, we performed an extensive
multifocal RNA-seq profiling of the primary tumor and
matching metastatic lymph node samples of 33 treat-
ment-naive PCa patients. Samples were obtained from
two different clinically different cohorts of patients with
aggressive prostate cancer.

A first cohort (referred to as the locally advanced
cohort) consists of 164 profiled tumor lesions obtained
at diagnosis from 17 patients with mHSPC, with regional
pelvic lymph nodes metastases at diagnosis, but no
detectable distant metastases (N1MO at diagnosis). For
this cohort, per patient multiple RP lesions obtained
from radical prostatectomy, multiple regional MLN
regions and one tumor adjacent region proxying NL tis-
sue were profiled (see Fig. 1A).

For the second cohort, 46 lesions were profiled from
16 mHSPC patients diagnosed with aggressive de novo
metastatic disease (referred to as de novo cohort), who
show distant metastases at the time of diagnosis (N1M1).
It contains for 10 patients RNA-seq data for one RP and
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one regional MLN (unifocal design) and for 6 patients
RNA-seq data for multiple primary regions (for an over-
view of the cohorts, see Additional file 1: Table S1). The
Pearson correlation [73] between the gene expression
values of the different primary and metastatic regions
suggests a higher transcriptomic heterogeneity of pri-
mary tumors compared to metastatic tumors (Additional
file 2: Text S1).

Identifying a signature-based metric to assess a lesions’
metastatic potential
Exploiting this multifocal cohort to identify transcrip-
tomic signals that associate with regional lymph node
seeding first requires identifying the lesions that most
likely were responsible for seeding the regional lymph
node metastases. We assume that in the primary tumor
these seeding lesions should exhibit expression charac-
teristics more similar to those of the metastatic lymph
node lesions than their less aggressive non-seeding coun-
terparts. The gradual change in the progression status,
ranging from a normal to a more aggressive metastatic
state of the different lesions is indeed captured by the
expression data, as is illustrated by the Spearman’s rank
PCA [45, 46] of the expression profiles of the 210 lesions
sampled across both cohorts (see Additional file 2: Text
S2). However, as these gradual changes in gene expres-
sion reflect, in addition to properties associated with an
evolving tumor, also regular tissue adaptation, we disen-
tangled the metastatic progression signal from these con-
founding tissue adaptation effects. Hereto we performed
a meta-analysis of the locally advanced cohort, the de
novo cohort and TCGA-PRAD [32] to identify those
genes that were differentially expressed between the NL
vs. RP samples, but additionally also between the RP vs.
MLN samples and that explained mostly the variation
in expression that associates with metastatic progres-
sion (see Fig. 1B, Additional file 2: Text S3 and Meth-
ods). Because they keep changing their expression during
tumor progression, regardless of their tissue of origin
(prostate or lymph node), the expression of the eventu-
ally selected 225 genes will be referred to as the progres-
sion signature (Additional file 1: Table S12).

As shown in Fig. 1C these 225 genes capture mostly the
progression signal, regardless of the clinical characteris-
tics of the analyzed cohorts.

Progression signature-based metric to define the
metastatic potential of a lesion

Based on this progression signature, we subsequently
defined a metric that allows assessing per patient the
potential of the different lesions in the primary tumor for
regional lymph node metastasis (further referred to as
metastatic potential). Similarity in terms of the progres-
sion signature is based on the within-patient PC1 scores
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of the different samples obtained by performing Spear-
man’s rank PCA [45, 46] using the genes from the pro-
gression signature as variables (Fig. 1C and Additional
file 2: Text S3). We subsequently identified per patient the
primary lesions with the pronouncedly higher metastatic
potential as those for which the PC1 scores are closer to
the scores of the matching metastatic lesions and suf-
ficiently distinct from the scores of the other primary
lesions within the same patient (see Methods and Addi-
tional file 2: Text S4). We applied this analysis to patients
for whom RNA profiling is available for multiple primary
samples and their corresponding lymph node metastases
(i.e. 17 patients of the locally advanced cohort and 6 of
the de novo cohort).

Overall, Fig. 2 shows that in the de novo cohort some
lesions have a pronouncedly higher metastatic potential
than the other lesions within the same patient. In the
locally advanced cohort this difference also exist, but is
less extreme. This shows that in patients with de novo
metastatic disease, at least some lesions with very strong
metastatic potential exist, which aligns with the clinical
characteristics of those patients who already show distant
metastases at diagnosis.

Based on the defined criteria, we could pinpoint in 12
of the 17 patients of the locally advanced cohort at least
one primary lesion with a considerably higher metastatic
potential (Fig. 2A). For five patients this was a single
lesion and for seven patients multiple lesions were identi-
fied. For the remaining 5 patients all lesions had a com-
parable metastatic potential in terms of the progression
signature.

For the de novo cohort, in 5 of the 6 patients with mul-
tiple primary lesions sequenced, a single primary lesion
was identified with high metastatic potential (Fig. 2B). In
one patient (ID3), none of the primary lesions selected
for sequenced has a high metastatic potential according
to our metric, suggesting that the most aggressive lesion
that eventually gave rise to the regional lymph node
metastases was not sequenced.

Similarity to the matching metastatic lesions captures a
lesion’s metastatic potential

To confirm that similarity to the matching metastatic
lesions in terms of the progression signature truly reflects
a lesion’s metastatic potential, we used tNGS data as an
alternative to identify the most likely seeding lesions.
For all patients with available tNGS, we identified as a
proxy for lineage reconstruction, the RP lesion within
a patient that shared most mutations with its matching
MLN lesions (see Methods, Additional file 1: Table S13
and Additional file 2: Text S5), as this primary lesion is
the most likely ancestor of the matching lymph node
metastases and, therefore, also most likely responsible for
its seeding.
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that are located closer to the MLN lesions

In the de novo cohort, a clear one to one overlap exists
between the seeding lesion identified with tNGS and
the lesion with the highest metastatic potential, identi-
fied based on the signature-based metric (Except for ID4
where tNGS identified two lesions). This confirms that
in this cohort often a single lesion has a pronouncedly
higher metastatic potential than the remainder of the
lesions within the same patient and it is likely also this
lesion that drove metastatic seeding (Fig. 2B).

In the locally advanced cohort, all likely seeding lesions
(except in patient ID10) identified based on the tNGS
analysis correspond to lesions that, according to the
signature-based metric show a high metastatic potential

(Fig. 2A and Additional file 2: Text S6). In some cases, but
not all (not in LA-ID4, LA-ID6, and LA-ID10) the lesions
identified by tNGS also exhibited the highest metastatic
potential according to the signature-based metric. This
suggests that within the locally advanced cohort, there
are lesions with relatively comparable metastatic poten-
tial. Some of those have been responsible for seeding the
lymph node metastases, while the others might not have
yet or the metastatic lesions seeded by those lesions have
not been sequenced with tNGS (see Additional file 2:
Text S5 for an in depth analysis).

Important for subsequent analyses, in all cases (except
de novo 1D4), none of the lesions that had, according to
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the signature-based metric a lower metastatic potential
(least aggressive) were identified as seeding lesions by the
tNGS. For de novo 1D4, both called seeding lesions (RP2
and RP9) shared an equal number of mutations with the
metastatic lesion. Although this seems to indicate that
both lesions might have been seeding metastasis, their
large difference in metastatic potential according to the
signature-based metric suggests this is unlikely.

The fact that the lesions indicated by the tNGS as
responsible for metastatic seeding are also the ones that
have the higher metastatic potential according to our
progression signature-based metric, confirms that our
metric captures a lesion’s potential for seeding regional
lymph node metastases.

We indicated in Fig. 2 for each of the lesions also their
corresponding Gleason score. Lesions with a low Gleason
score (<3+x) are almost always classified according to
our metric as having a low metastatic potential and are
never identified as seeding lesions according to tNGS.
However, for higher Gleason scores (4+3, 4+5, 5+4 or
5+5), it is surely not always the lesion with the highest
Gleason score that also is the one responsible for the
observed metastatic seeding (as determined by tNGS) or
that has the highest metastatic potential, according to the
signature-based metric. This confirms earlier observa-
tions [74]. In the locally advanced cohort, only five of the
17 patients, the lesion with the highest metastatic poten-
tial also has the highest Gleason score.

Tumor aggressiveness signature, a gene set of which the
expression is associated with a lesion’s metastatic potential
The ability to pinpoint with our signature-based met-
ric per patient the lesions with respectively the highest
and lowest potential for regional lymph node seeding
enabled a comparative expression analysis to identify
gene sets for which the expression associates with this
metastatic potential without being affected by the inter-
patient variability. To avoid also here batch effects and
effects due to intrinsic biological differences between
the analyzed multifocal cohorts, differential expression
analysis between the lesions with respectively the highest
and lowest metastatic potential was performed on each
cohort separately (respectively the locally advanced and
the de novo cohort) and results were combined after dif-
ferential expression analysis (see Methods).

To generate a final list of genes for which expression
changes are associated with a lesion’s metastatic poten-
tial, we started from all genes that were differentially
expressed between the lesions with the highest and low-
est metastatic potential (intersection of both gene lists)
in both cohorts. However, given the intrinsic differences
in clinical characteristics between both cohorts, we also
added the genes that were differentially expressed in one
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cohort only, provided they passed a strict significance
threshold (Methods and Additional file 2: Text S7).

This gene set referred to as the “tumor aggressive-
ness signature” consists of 268 downregulated and 159
upregulated genes (Additional file 1: Table S18) of which
51 are also part of the progression signature (overlap of
11.94%). The upregulated genes mostly belonged to path-
ways involved in mitotic spindle, spermatogenesis, G2M
checkpoint, E2F targets hallmark pathways, whereas the
downregulated were mostly related to myogenesis, KRAS
signaling, apoptosis, hedgehog signaling, apical surface,
adipogenesis and angiogenesis.

Cell types associated with the aggressiveness signature

To identify the cell types responsible for the observed
changes in expression between lesions with high and low
metastatic potential, we overlaid the metastatic progres-
sion signature with single-cell data obtained from 11
primary prostate tumors of Chen et al. (2021) [8] (Addi-
tional file 2: Text S8). From the aggressiveness signature,
380 genes were measured in Chen et al. (2021) [8] and
the expression of 330 of these (86.84%) was predomi-
nantly associated with one particular cell type: 120 were
relatively more expressed in luminal and basal/interme-
diate epithelial cells compared to the rest of the cells,
146 in stromal cells (fibroblast and endothelial cells) and
a minor fraction (64 genes) in immune cells (i.e., mono-
cytic, mast, T and B cells). This indicates that the dif-
ferences between lesions with high and low metastatic
potential in the primary tumor are mostly driven by
changes in the expression and/or composition of epithe-
lial and stromal cells.

Highly proliferating luminal cells are associated with a
lesion’s metastatic potential

To identify the subset of luminal epithelial cells that asso-
ciate with the expression of genes in the aggressiveness
signature, we performed PCA [45] on the Chen et al.
(2021) dataset [8] using the genes from the aggressive-
ness signature as variables. Figure 3A, left panel, shows
that based on the first PC, a subset of 555 luminal cells
deviates from the profile of the overall population of
luminal cells in their expression of the genes in the sig-
nature. Using as variables for the PCA [45], either the
same number of randomly selected genes or all genes did
not identify the same set of luminal cells (Additional file
3: Fig. S5), indicating that these identified luminal cells
undergo changes specifically captured by the aggres-
siveness signature and are likely contributing to regional
lymph node seeding.

Indeed all of the genes most relevant for subsetting
these cells (i.e. all 30 genes from the aggressiveness sig-
nature with the highest loading on PC1) were specifically
upregulated in the identified luminal cells as compared
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are shown. B. Heatmap of the expression in the luminal cells of the 30 genes from the aggressiveness signature with the top 30 highest loadings on PC1

that were also specifically upregulated in the deviating (luminal_dev) (cell.type indicated in red) as compared to the remaining luminal cells in the Chen
et al. dataset (cell.type indicated in blue). Middle panel with color bars in the heatmap indicates the subdivision of the luminal cells based on respectively
(1) the aggressiveness signature, (2) marker genes in luminal cells (proliferating luminal cells and ribo, translation luminal cells), (3) the cell types defined
by Chen et al. (2021), and (4) the cancerous status as identified by CNV analysis. Right panel in heatmap: expression of literature-based marker genes used
to annotate the luminal cells. C. Prognostic value of the 10 gene signature, representative of identified proliferating luminal cells. Left panel clustering of
TCGA-PRAD samples according to the 10 gene signature with the p-value showing the enrichment in lymph node positive samples, right panel showing
the results of the survival analysis of the two clusters. The cluster enriched in lymph node positive samples is the one that exhibits the lowest survival

to the remainder of the luminal cells (FindMarkers [49],
Additional file 1: Table S19) and show an expression pat-
tern that is highly specific for these deviating luminal cells
[8] (Additional file 3: Fig. S6). Of these 30 genes of the
bulk-level aggressiveness signature, 19 were significantly
upregulated in the lesions with high metastatic potential
in both the locally advanced and de novo cohorts (i.e.,
ARHGAPI1A, ASPM, CCNA2, CCNB1, CCNB2, CDK1,
CENPE, CENPF, CENPU, CEP5S5, DEPDCI1, ECT2,
HMMR, KIF11, NUF2, PBK, SGOL1, SPC25 and TOP2A)
suggesting their expression is a strong signal that is

present in the bulk RNA, regardless of the clinical differ-
ences between both analyzed cohorts.

Genes (FindMarkers [49], adjusted p-value<0.001,
Additional file 1: Table S19) marking these deviating
luminal cells versus the remainder of the luminal cells
are specifically overrepresented in proliferative pathways
G2M checkpoint (with as representatives TOP2A, PBK,
UBE2C, TPX2, NUSAPI, HMMR, KIF4A, CENPF, NEK2,
CDK1, CCNA2, MKI67, CCNB2, CENPE, POLQ, KIF!1,
LMNBI, ORC6 and TTK) and E2F targets (TOP2A,
SPC25, DLGAPS, HMMR, KIF4A, E2F8, MELK, CDKl,
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MKI67, CCNB2, CENPE, BUB1B, LMNBI, RAD51AP1,
DEPDCI and ORC6) (Additional file 1: Table S20).

Based on CNV analysis (see Methods), this identified
subset of “proliferative” luminal cells is enriched in can-
cerous cells (p-value of 0.000535 (Fig. 3B and Additional
file 2: Text S9). Interestingly, these identified proliferating
luminal cells (see Fig. 3B) contain 94% of the “Cell Cycle”
cells described in Chen et al. (2021) [8]. These “Cell
Cycle” cells were considered “high risk cells” by Chen
et al. (2021) [8] because of their association with high
expression of luminal B, hypoxia, and PCS1 signatures
[8]. In line with Chen et al. (2021) [8]) six of the 12 genes,
specifically expressed in the PCS1 subtype [75] were
present in the metastatic aggressiveness signature (i.e.,
HMMR, MKI167, FOXM1, TPX2, KIF11 and CCNBI).

Conclusively the aggressiveness signature associates
with a subset of highly proliferative luminal cells. The
fact that these cells are identified by an expression signa-
ture that characterizes primary tumor lesions with high
metastatic potential and involvement in the seeding of
regional metastatic lymph nodes supports the hypothesis
of Chen et al. (2021) [8] that proliferative luminal cells are
linked to tumor aggressiveness.

Next to luminal cells, the metastatic progression sig-
nature also contains genes of which the expression is
more specifically associated with basal/intermediate
epithelial cells. However, using the aggressiveness sig-
nature to identify cells that distinguish themselves from
the remainder of the basal /intermediate cells, identified
three cells only (Additional file 3: Fig. S7). Although those
cells could not be identified with a random signature nor
with all genes (Additional file 3: Fig. S8), their limited
number impeded an in-depth characterization.

Adipose-derived CAFs are associated with a lesion’s
metastatic potential

Using a similar strategy, we identified, based on the
aggressiveness signature, a subpopulation of 115 fibro-
blast-like cells that deviate in their expression from the
remaining fibroblasts in the Chen et al. (2021) dataset [8].
This subpopulation of cells set apart by the aggressiveness
signature is mainly captured by the second PC (Fig. 4A)
and can partially be obtained using all genes, but not with
a random signature of the same size as the aggressiveness
signature (Additional file 3: Fig. S9). This indicates that
the identified cells are quite different from the remain-
der of the fibroblasts in Chen et al. (2021) [8]. To assess
the specificity of the bulk signature for the identified
fibroblast-like cells, we assessed how many of the genes
with a high loading on the second principal component
(PC2) were also specifically upregulated in the identified
fibroblasts as compared to the remainder of the fibro-
blasts (FindMarkers [49]) in the Chen et al. dataset (2021)
[8]. This was the case for 24 of the 30 (80%) (see Fig. 4B
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and Additional file 1: Table S21). In addition, Additional
file 3: Fig. S10 show that the expression of those genes
is also quite specific for the selected subset of deviating
fibroblast-like cells as compared to cells other than the
fibroblasts in Chen et al. (e.g., PTGDS, SERPINEF1). This
shows that the aggressiveness signature captures specific
expression signals marking these fibroblast-like cells.

A fine-grained annotation of the fibroblast like cells
using literature derived marker genes (see Methods)
shows that most of the deviating cells, set apart by our
signature (Fig. 4B) differentiate from the remainder of
fibroblast cells in Chen et al. (2021) [8] by markers that
have previously been associated with specific subsets of
matrix CAFs [58, 69], but also by the expression of pre-
adipocyte markers and markers that differentiate ASCs
(adipose derived stromal stem cells) from fibroblasts [71].

Interestingly, the expression of several of these markers
and a subset of the 24 genes from the bulk aggressiveness
signature (PTGDS, MMP2, IGFBP6, GSN, SERPINFI,
MRC2 and BOC) that characterize these identified fibro-
blast like cells, have been associated with a transitioning
from ASCs to a fibroblast (like) cell state in normal pan-
creatic cells [59], which was marked by the expression of
APOD, PDGFRA, DCN, LUM, and PTGDS. The hetero-
geneity in the expression of several of the ECM remodel-
ing genes (LUM, GSN and DCN) marking the deviating
cells in the Chen et al. (2021) identified by the aggressive-
ness signature reflect the different transitioning states
that were also observed in this study of Zhu et al. (2021)
[59].

In the same study, Zhu et al. (2021) [59] describe an
alternative attractor state of those ASCs in tumor cells,
indicative of a very aggressive disease state, just pre-
ceding metastasis [59]. This state is marked in Zhu et
al. (2021) [59] by the expression of COL11AI, INHBA
and THBS?2. Interestingly, a subset of the cells identi-
fied by our signature in the Chen et al. (2021) dataset
[8] (referred to as adipose derived CAFs in Fig. 4B) is
characterized by the expression of genes that in pancre-
atic cancer associate with this transitioning towards this
alternative COL11Al-expressing attractor state (SER-
PINF1, MRC2, MMP2 and CTGF). This subset of cells
exhibits a reduced expression of the genes that mark the
transition between ASCs and a normal fibroblast like cell
state (PTGDS, IGFBP6, GSN and APOD), but instead
display an increased expression of an additional set of
CAF-ECM markers that associate with the aggressive
COL11A1l-expressing state (COLI11A1, CTHRCI1, COMP,
COL10A1, INHBA, FN1, and THBS?2) described in pan-
creatic cancer [59] but also observed in a pancancer anal-
ysis of CAFs [69].

The bulk derived aggressiveness signature thus captures
both the cells that undergo a transitioning from ASCs to
fibroblast (like) cells that occurs in normal tissue as well
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Fig. 4 Identification of adipose derived fibroblast like cells, associated with a lesion’s metastatic potential. A. PCA of fibroblasts of the primary samples
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as to a CAF state, reminiscent of a very aggressive disease
state, observed in pancreatic cancer.

The 24 genes of which the expression is specifically
associated with adipose derived fibroblast-like cells were
found to be relatively more downregulated in the lesions
with the higher than in the lesions with the lower met-
astatic potential in both of the analyzed cohorts (Addi-
tional file 1: Table S14 and S15). This indicates that
a subset of genes we used to define the distance to the
seeding lesion with our progression signatures associates
with this normal fibroblast like cell state, which tends to
disappear as tumor lesions in the primary tumor become
relatively more aggressive. We, therefore, hypothesize
that in the seeding lesion the transitioning between ASCs
and the normal adipose derived fibroblast like cells shifts
towards this presumably more aggressive CAF state.

This would imply that the genes marking this more
aggressive disease state would be upregulated in the
seeding versus the non-seeding lesions. In both locally
advanced and de movo cohort, we observe indeed an
upregulation of COMP, COLI0AI and COL11A1 in the
seeding versus the non-seeding state, albeit none of them
were significant (Additional file 1: Table S14 and S15).
The likely small number of cells undergoing this transi-
tioning relative to the total number of cells, in combina-
tion with the fact that the expression of some of the ECM
remodeling markers that characterize this more aggres-
sive disease state (FNI and INHBA) are not exclusive to
the adipose derived CAFs (Fig. 4B), dilutes or even misses
their bulk signal, making it infeasible to distinguish dif-
ferences in their expression signal between lesions with
high and low metastatic potential in the bulk data.
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A specific subset of arterial endothelial cells is associated
with a lesion’s metastatic potential

We used the same PCA-based approach [45] as for the
luminal and fibroblast cells to identify a subpopulation
of deviating endothelial cells. Prior to the analysis, the
pericyte-endothelial doublets were removed from the
Chen et al. (2021) dataset [8] as their presence obviates
finding an expression signal specific for endothelial cells
(Additional file 3: Fig. S12). The aggressiveness signature
set apart a subset of arterial endothelial cells (see Meth-
ods, Additional file 1: Table S23 and Fig. 5A), mainly cap-
tured by the second PC. The same subset of cells could
partially be obtained using all genes, but not with a ran-
dom signature of the same size as the aggressiveness

A B
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signature (Additional file 3: Fig. S12), showing again that
the aggressiveness signature is enriched in pathways that
characterize those endothelial cells.

Of the 30 genes with highest loading on PC2, most rel-
evant to subsetting these cells 27 (90%) were also identi-
fied by FindMarkers [49] as differentially upregulated in
the identified arterial endothelial cells as compared to the
remaining endothelial cells in the Chen et al. (2021) data-
set [8] (Additional file 1: Table S23). Figure 5B and Addi-
tional file 3: Fig. S13 show how, based on these markers,
the identified arterial endothelial cells differ from the
remainder of the endothelial cells in their high expression
of, for instance, PTGS2, which is involved in promot-
ing angiogenesis in ischemic conditions [76], MMP2, an
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ECM-degrading enzyme, which is a.o. involved in angio-
genesis and of which the expression has been associated
with aggressive PCa [77], ID4 of which ectopic expres-
sion results in AR-dependent tumor suppressive activity
in PCa [78] and FGF18 which is a bioactive substance,
so far mostly associated with fibroblasts of which the
activity has been associated with tumor progression and
angiogenesis in various cancer types [76]. These genes
tend to be downregulated in the lesions with high ver-
sus those with low metastatic potential (Additional file 1:
Table S23).

Prognostic value of the identified cell type specific
signatures associated with metastatic potential

As shown above, combining our multifocal cohort with
single-cell data allowed associating a subset of luminal
cells, adipose derived CAFs and arterial endothelial cells
with a primary lesion’s metastatic potential. To confirm
the identified cell types indeed associate with metastatic
progression, we assessed their prognostic potential in
TCGA-PRAD [32]. Hereto we clustered the primary
tumor samples in two groups, using the gene sets that
mark each of the identified cell types (Methods, Addi-
tional file 2: Text S10) and assessed for each grouping the
enrichment in lymph node positive (N1) samples and the
association with progression free survival (Fig. 6).

The expression of the 30 genes marking the prolifera-
tive luminal cells (Fig. 6B, Additional file 3: Fig. S14) is
significantly associated with both lymph node status and
progression-free survival (higher than a subdivision of
the samples based on the lymph node status, p-value of
0.011). Reducing the 30 gene signature to first the top 10
markers of these proliferative luminal cells (i.e., TOP2A,
CENPF, UBE2C, NUSAPI1, TPX2, MKI67, HMMR, PBK,
CCNBI and CCNB?2, i.e. 10 genes largely contributing to
the PCA [45] in Fig. 3A and Additional file 3: Fig. S6) and
subsequently to the top 5 (i.e., TOP2A, CENPF, UBE2C,
NUSAPI, TPX2) gradually increases the association with
lymph node status, at the expense of reducing the asso-
ciation with progression-free survival (Figs. 4C and 6B,
Additional file 3: Fig. S15). This indicates that the more
specific the genes set is for the subset of proliferating
luminal cells we set apart with the aggressiveness sig-
nature, the more prognostic they are for the metastatic
potential specifically associated with regional lymph
node seeding.

The full 24 gene set that marks transitioning between
ASCs and adipose derived fibroblasts is weakly associated
with lymph node status, albeit not significantly, and mar-
ginally prognostic for progression-free survival (Fig. 6B,
Additional file 3: Fig. S6). Assuming that this 24 gene
signature reflects not only the transitioning to a more
aggressive state, but also progression from ASCs to nor-
mal adipose-derived fibroblasts, we also designed a gene
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signature that more specifically captures the transition-
ing towards the presumedly more aggressive COLI1A1-
expressing state (Fig. 4C). Hereto, we selected a subset
of 10 genes marking the transitioning to the COL11A1
aggressive state (Fig. 4B), all of which were also identified
by FindMarkers [49] as genes that distinguish the adipose
derived fibroblast like cells in Chen et al. (2021) [8], from
the remaining fibroblasts (see Additional file 1: Table S21
and Methods).

Clustering TCGA-PRAD samples [32] based on this
cell state specific 10 gene signature (i.e., CTHRCI,
FBLN2, VCAN, COMP, SFRP4, LOXLI, COLIOAI,
CXCL14, COL11A1, and THBS2) increases the prognos-
tic performance as compared to the larger, 24 gene signa-
ture for the association with lymph node status but not
for overall survival (Figs. 4C and 6B).

To exclude that the observed prognostic signal could
be attributed to cell types, other than the identified CAFs
we constructed a reduced signature so that the expres-
sion of the genes contained in that signature was mostly
confined to the transitioning fibroblast like cells in the
dataset of Chen et al. (2021) [8] (so not present in any
other cell type as shown in Additional file 3: Fig. S11) (i.e.,
VCAN, SFRP4, THBS2, COL10A1 and COL11AI). The
high prognostic value of this reduced 5 gene signature
for lymph node staging unequivocally supports the role
of the identified transitioning of adipose derived fibro-
blasts towards aggressive adipose derived CAFs in driv-
ing a tumor’s potential for regional lymph node seeding
(Additional file 3: Fig. S17).

The 27 marker gene set of the arterial endothelial
cells divide the primary tumor samples of TCGA-PRAD
[42] in two expression clusters which show no sig-
nificant association in both with progression-free sur-
vival (p-value=0.0570) and a weak and with differential
enrichment in N1 primary samples (p-value=0.0956,
Figs. 5C and 6B), confirming that the genes characteriz-
ing this subset of arterial endothelial cells carry a signal
associated with metastatic progression, albeit marginal as
compared to the signal carried by respectively the prolif-
erative luminal cells and the adipose derived fibroblasts.

These results confirm that the cells transitioning
towards an adipose derived aggressive CAF state identi-
fied by the aggressiveness signature carry a prognostic
signal for metastatic seeding of regional lymph nodes,
whereas the presence of proliferative luminal cells cap-
tures a lesion’s general metastatic potential, proxied by
both lymph node status and progression free survival.

To assess whether the presence of both cell states con-
tain a complementary prognostic signal, we also tested
the prognostic value of a 10 gene signature, composed
of the 5 gene signatures, representing respectively the
highly proliferative luminal cells and the cells transi-
tioning towards adipose derived CAFs. This combined
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signature increases drastically the association with lymph
node status as compared to the association obtained with
either of the cell type specific signatures alone (Fig. 6),
indicating that the expression signal derived from respec-
tively proliferative luminal cells and adipocyte derived
CAFs reinforce each other in grouping samples according
to their lymph node status. For progression free survival,

the signal provided by luminal cells only seems more
prognostic than the combined signal. The signal from the
TME which appears less informative for progression free
survival here dilutes the prognostic signal of the prolif-
erative luminal cells.
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Markers associated with proliferating luminal cells and
adipose derived fibroblasts determine the prognostic
signal of commercially available markers

As a reference we also assessed the prognostic signal
for respectively lymph node status and progression free
survival contained in the genesets that characterize the
commercial signatures Decipher [18], OncotypeDX [20],
and Prostadiag [33] (Fig. 6B). Hereto we applied the same
strategy as used for our own genesets, described above
and in Methods (assessing the prognostic potential of the
identified cell types).

Our 10 gene combined signature, representing both
the proliferative luminal cells and the transitioning to
aggressive adipose derived CAFs shows an association
with lymph node status that exceeds that of the genes
contained in the commercial signatures. For progression
free survival our three gene sets specific for proliferative
luminal cells outperform the genesets contained in com-
mercial signatures. We, therefore, wondered whether the
same cell types we associated with increased metastatic
potential can explain the prognostic signal of the com-
mercial signatures.

Hereto, we plotted the expression of the genes used
by respectively Decipher [18], Prostadiag [33], and
OncotypeDX [20] across the cells, marked by Chen et
al. (2021) [8] as luminal, fibroblast and endothelial cells
(see Additional file 3: Fig. S18-S20). Several of the genes
contained in these commercial signatures indeed corre-
spond to genes specifically expressed in the cell types, we
associated with high metastatic potential (for an overlap
between the genes in each of the signature and the cell
type specific genes, see Additional file 1: Table S19, S21
and S23).

Decipher [18] and OncotypeDX [20] contain respec-
tively two genes (NUSAPI and UBE2C) and one gene
(TPX2) marking the highly proliferative luminal cell
state, we identified with our aggressiveness signature
(Additional file 3: Fig. S18 and S21). Prostadiag [33] also
contains markers of luminal cells, but not those associ-
ated with the highly proliferative luminal cell state (Addi-
tional file 3: Fig. S18). This explains its relatively lower
predictive potential for progression-free survival than
e.g., Decipher [18] or than our signatures which uniquely
mark these proliferative cell types. These results confirm
that progression free survival is mostly driven by the
properties of the proliferative luminal cells.

According to our results, genes representing prolif-
erative luminal cells and the cells transitioning towards
aggressive CAFs associate with lymph node status. Rep-
resenting both cell states in a single signature largely
improved this association over the use of markers of
each single cell state only (Fig. 6B). Both Decipher and
OncotypeDX contain genes, marking the transition-
ing from ASCs to the adipose derived CAFs (Additional
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file 3: Fig. S19 and S21): i.e. with respectively 2 genes in
OncotypeDX (COLA1 and SFRP4) [20] and one gene in
Decipher (THBS2) [18], while as mentioned above both
signatures also contain markers of proliferative luminal
cells. In Prostadiag several markers quite uniquely define
the transitioning from ASCs to adipose derived CAFs
(i.e.,, COL10A1, COL8A1l, COMP, CXCL14, MOXDI,
NOX4, SFRP2, SFRP4, CXCL14, THBS2 and VCAN
(Additional file 3: Fig. S19 and S21)) [33]. The fact that the
prognostic value of these larger commercial signatures is
comparable to that of our 10-gene combined signature,
which was designed to specifically capture the presence
of both the highly proliferative luminal cell state and the
transitioning towards an aggressive adipose-derived CAF
state shows that the prognostic value of these larger com-
mercial signatures is mostly driven by genes associated
with these aforementioned cell states.

Each of the commercial signatures contain also genes
that mark endothelial cells but these are mostly endo-
thelial pericytes. Only Prostadiag [33] had markers that
associate with the vascular endothelial cells we set apart
(SULFI), albeit not uniquely, as these genes are also
expressed in the adipose derived CAFs (Additional file 3:
Fig. S20).

Discussion

In this study, we leverage the statistical power of multi-
focal bulk transcriptome profiling with the cellular reso-
lution of a single-cell based PCa study [8] to identify
processes and cell types that associate with the meta-
static potential of a primary tumor lesion, in particular
with regional lymph node seeding.

To cope with intratumor heterogeneity, we profiled the
expression of a large multifocal cohort of matching pri-
mary and metastatic regional lymph node lesions. Sam-
pling per patient multiple lesions in the primary and
metastatic tumor enables profiling and comparing the
expression of lesions with different metastatic potential.
To perform such comparison, we first identified a unique
expression derived metric to sort lesions based on their
metastatic potential. The additional availability of adja-
cent normal and treatment-naive regional MLN samples
of the same patients allowed extracting an expression
signature that captures the gradual progression from
normal tissue towards regional lymph node metastases.
We defined the metastatic potential of a lesion in terms
of this progression signature, assuming alike [31] that the
more similar a primary lesion is in its expression behav-
ior to its matching regional MLN lesions, the higher its
metastatic potential. Evaluating similarity in expression
in terms of the progression signature avoids confounding
effects of tissue and cellular composition. This assump-
tion is confirmed by recent findings of the lung cancer
TracerX study which showed that expression patterns in
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metastases are indeed more similar to those of primary
lesions seeding metastasis than to non-seeding primary
lesions [79]. In cases with available data, the lesions
identified as responsible for regional metastatic lymph
node seeding based on tNGS were consistently classi-
fied as having a significantly elevated metastatic poten-
tial according to our expression-based metric, providing
support for the metric’s ability to capture true metastatic
potential in the context of regional lymph node seeding.

Given that in PCa, similarly to colorectal cancer [11],
regional lymph node metastases evolve earlier and more
easily than distant metastases, seeding regional lymph
node metastases seems selectively less constrained than
seeding distant metastases [11, 80] and might, therefore,
at least in part be triggered by the plasticity of the tumor
cells and the specificities of the TME. To investigate the
processes and cell types involved in driving this plasticity,
we subsequently compared expression between lesions
with the highest and lowest metastatic potential to iden-
tify a gene set associated with regional metastatic lymph
node seeding, further referred to as the aggressiveness
signature.

Overlaying this bulk-derived aggressiveness signa-
ture with the single-cell dataset from Chen et al. (2021)
showed that it characterizes highly proliferative lumi-
nal cells, that were considered “high-risk” by Chen et al.
(2021) [8]. The expression of the genes marking these
highly proliferative cells is strongly predictive for pro-
gression free survival in TCGA-PRAD [42], even more
so than a patient’s lymph node status. This cell type also
explains the prognostic value of several commercially
used expression signatures (Decipher [18], Prolaris [16]
and OncotypeDx [20]), and a recently described signa-
ture defining a luminal proliferative PCa subtype [81]
(i.e., TOP2A and MKI67) that all contain genes, marking
these proliferative luminal cells. Interestingly the associa-
tion of a proliferative expression signal with the seeding
state of a lesion was recently also observed in the mul-
tifocal TracerX study of lung cancer [79], indicating that
the presence of highly proliferative luminal cells is a pan-
cancer signature that identifies the aggressive potential
of a tumor lesion and seems not only associated with
regional lymph node status, but also with progression
free survival.

Although the aggressiveness signature contains genes
involved in TME remodeling, no luminal epithelial cells
were found in the primary samples of Chen et al. (2021)
[8] that showed high expression of EMT-related genes.
This can be explained by the fact that (i) the number of
luminal epithelial cells in the primary lesion undergoing
EMT transition is too low to be detected, or that (ii) in
the study of Chen et al. (2021) [8] the selected primary
lesions did not correspond to the seeding lesions or lastly
(iii) the metastasis to the regional lymph node is not
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driven by an active EMT transition. The absence of an
EMT signal in the identified luminal cells is in line with
previous observations that showed that most of the EMT
signal in a tumor sample originates from the TME [82].

Next to proliferative luminal cells, the aggressiveness
signature was also representative for a subset of cells
reminiscent of ASCs transitioning towards fibroblasts,
originally described in pancreatic cancer [59]. The fact
that these fibroblasts like cells express marker genes that
distinguish pluripotent fibroblasts from ASCs such as
MGP, VCAN, COMP and EFEMPI confirms they indeed
are derived from ASCs [71]. A subset of those adipose
derived fibroblasts displays markers reminiscent of an
alternative COL11A1I attractor state, which has been
associated with tumor aggressiveness [59]. We indeed
observed that genes marking this so-called aggressive
CAF state strongly associate with positive lymph node
status in TCGA-PRAD [32] and drive, together with the
markers of the proliferative luminal cells the prognostic
value of several of the commercial prognostic signatures
in PCa. Interestingly, we recently showed that a WSI-
based model predictive for the presence of TP53 muta-
tions known to be associated with aggressive PCa [83, 84]
picks up lesions in the primary prostate tumor that are
characterized by the same CAF-like expression signature,
containing COL10A1, COMP, SFRP4 and INHBA [85],
further supporting the aggressive nature of this adipose
derived CAF state. Recent research underscores the criti-
cal role of adipocytes in tumorigenesis in various cancers
[86, 87] and recognizes ASCs as CAF precursors, pro-
duced as a result of the interaction between tumor cells
and the adipose micro-environment [87-90]. The fact
that this aggressive adipose derived CAF state is associ-
ated with differences in regional lymph node seeding
potential of primary PCa lesions, and has previously been
observed in pancreatic, bladder and lung adeno-carci-
noma [72] suggests that they might be a more universal
marker of regional lymph node metastasis.

Lastly, we found the aggressiveness signature to be
associated with a subset of arterial endothelial cells. Sev-
eral of the genes in the aggressive signature that mark
the presence of these arterial endothelial cells have pre-
viously been associated with cancer and or metastasis,
but have less prognostic value in TCGA-PRAD [32], pre-
sumably because most of them are not sufficiently unique
for the identified cell type. According to their functional
association, they might reflect the more pronounced level
of hypoxia present in the highly proliferating seeding
lesions, which results in a higher need for vascularization.

Eventually, we could show that the signal of exist-
ing prognostic expression signatures (Decipher [18],
Oncotype Dx [20], and Prostadiag [33]) can largely be
explained by genes that mark the same proliferative
luminal cells and the transitioning towards the adipose
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derived CAFs that we associated with higher metastatic
potential through the analysis of our multifocal cohort.
We could show that for progression free survival the
prognostic signal is mostly contained in the prolifera-
tive luminal cells, whereas for lymph node status the cells
transitioning towards the adipose derived CAFs also con-
tain an important signal. Given that the prognostic per-
formance of a combined marker set, representative for
both the proliferative luminal cells and cells transition-
ing towards the adipose derived CAF was considerably
higher for regional lymph node seeding than the signa-
tures representative of either cell type separately, suggests
that an interaction between the adipose derived CAFs
and the proliferative luminal cells is driving regional
lymph node seeding.

Conclusions

With this study, we used the expression profiling of two
large multi-focal cohorts of treatment-naive PCa patients
to define a metric that allows sorting lesions according
to their metastatic potential and to derive an aggressive-
ness signature that reflects processes associated with
regional metastatic lymph node seeding. Leveraging this
information with single-cell RNA-seq data identified the
cell types associating with this signature, and unveiled a
complementary role for proliferative luminal cells and a
specific subpopulation of adipose derived CAFs in driv-
ing regional metastatic lymph node seeding in PCa. The
genes that mark these specific cell states largely explain
the prognostic signal of currently used commercial signa-
tures in PCa.
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