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Keywords Neuroendocrine prostate cancer (NEPC) tumours are classified by pathology
neuroendocrine prostate cancer; patient- into several distinct subtypes. Gene expression profiling has revealed transcrip-
derived xenograft; single-cell RNA tional heterogeneity across NEPC, but this is rarely considered in the context
sequencing; tumour heterogeneity .. . . . . . . .

of variation between pathologies. Diagnosis typically relies on immunohisto-
Correspondence chemical markers (CHGA, SYP, NCAM]1) and genomic alterations in RBI,
D. L. Goode, Department of Biochemistry PTEN and TP53. We hypothesized that NEPC pathologies have unique tran-
and Molecular Biology, Monash Biomedicine  scriptional features. Single-cell RNA sequencing of 18 632 tumour cells from
Discovery Institute (BDI), Monash nine patient-derived xenograft models representing five pathologies (small-cell
University, Room 308, Building 75, 15 and large-cell neuroendocrine carcinomas, focal neuroendocrine differentiation
ES;Z:;Z’” Walk, Clayton, VIC 3800, (Focal NED), low-grade neuroendocrine and amphicrine) demonstrated
- pathway-specific enrichment. Focal NED and amphicrine tumours exhibited
E-mail: david.goode@monash edu cellular subpopulations enriched for KRAS, IL2-STATS and TNF signalling

pathways, absent in small- and large-cell carcinomas, which were instead
(Received 20 March 2025, revised 22 May enriched for Myc and E2F pathways. Furthermore, focal NED cells exhibited
2025, accepted 14 July 2025, available minimal clonal divergence from adjacent adenocarcinoma cells, while small cell
online 24 July 2025) carcinoma cells were clonally distinct. These data underscore significant tran-

scriptional variation among NEPC pathologies, highlighting focal NED’s

doi:10.1002/1878-0261.70099 . . . . .. . L.
/ unique biological context and its clinical implications.

1. Introduction

Neuroendocrine prostate cancer (NEPC) is diagnosed CD56 (NCAMI) [1]. NEPC can arise via lineage plas-
on the basis of immunohistochemistry (IHC) of ticity under prolonged androgen deprivation, most
canonical neuroendocrine cell surface markers such as often in metastatic lesions [2,3], or occasionally
chromogranin A (CHGA), synaptophysin (SYP) and de mnovo at diagnosis [4,5]. No effective long-term

Abbreviations
AR, androgen receptor; Cx, castrated; Focal NED, focal neuroendocrine differentiation; NEPC, neuroendocrine prostate cancer; PDX,
patient-derived xenograft.
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treatments exist for NEPC, and overall patient sur-
vival rates are very poor [3,06].

Distinct neuroendocrine pathologies in prostate can-
cer have been defined by histology and morphology
[2,4,6,7]. The small-cell and large-cell neuroendocrine
carcinomas most often associated with NEPC typically
lack detectable androgen receptor (AR) signalling
[4,5]. In contrast, the amphicrine pathology displays
strong co-expression of both AR-activated and neuro-
endocrine genes [4,5]. Prostate adenocarcinoma with
focal neuroendocrine differentiation (NED) displays
small, scattered pockets of cells expressing neuroendo-
crine markers. Focal NED does not fully adhere to
accepted definitions of NEPC [4,5], and its influence
on clinical outcomes remains uncertain [8]. The molec-
ular foundations of diversity among neuroendocrine
pathologies in prostate cancer continue to be elusive,
contributing to suboptimal therapeutic outcomes [9].

Through discovery and profiling transcriptionally
distinct cell populations, single-cell RNA-sequencing
(scRNA-seq) offers a way to directly characterize rare,
dispersed pathologies such as focal NED and uncover
molecular differences between subtypes of NEPC
obscured by bulk sequencing. Prior scRNA-seq studies
revealed substantial intra-tumoural heterogeneity at
the transcriptional level within NEPC [10-12], but pri-
marily focused on transdifferentiation from adenocar-
cinoma to NEPC. The links between transcriptional
heterogeneity and the biological features and clinical
presentation of varied NEPC pathologies remain much
less well explored, however, in part due to difficulties
sourcing tissues from rare pathologies.

To better understand underlying molecular differences
between the diverse neuroendocrine pathologies that arise
in prostate cancer, we turned to patient-derived xenograft
(PDX) models to capture a more extensive representation
of pathologies than were included in previous studies. We
performed scRNA-seq on nine PDX models covering five
distinct neuroendocrine pathologies of prostate cancer.
Both the type and frequencies of transcriptionally distinct
cellular subpopulations varied between PDXs of different
pathologies. Focal NED cells displayed unexpected
co-expression of AR signalling and NE markers as well as
differential patterns in oncogenic pathway expression,
marking focal NED as a distinct molecular entity within
the landscape of NEPC.

2. Methods

2.1. Patient-derived xenografts

Patient-derived xenografts (PDXs) were acquired from
the Melbourne Urological Research  Alliance
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(MURAL). PDXs are maintained in compliance with
Monash University animal ethics approval (MARP
2014/085), as described previously [13]. Briefly, PDXs
are passaged by sub-renal or sub-cutaneous grafting
into  6-8-week-old  immunocompromised  male
NOD.Cg-Prkdc*™“  T12rg™"/SzJ  (NSG; RRID:
IMSR_JAX:005557) mice, supplemented with 5 mm tes-
tosterone implants for mixed or amphicrine pathologies,
or surgically castrated mice for pure NE/AR-null
pathologies. NSG mice were purpose bred at Monash
Animal Research Laboratories (Monash University,
Monash Breeding Colony approval number 15 160,
27 334 and 30 132). All animal handling and procedures
were approved by the Monash University Standing
Committee of Ethics in Animal Experimentation
(approval number 17 944, 17 963, 28 911 and 41 088).
All NSG mice were bred and housed under controlled
temperature (22 °C) and lighting (12 : 12 h light—dark
cycle) and were fed chow diet ad libitum.

2.2. Dissociation of patient-derived xenografts

PDXs were harvested from host NSG mice and cut into
2 x 2 mm pieces using a scalpel. Tumour pieces were
digested in 15 mL RPMI, penicillin/streptomycin con-
taining 13 U LiberaseTM (Sigma-Aldrich, St. Louis,
MO, USA) and 3 mg DNase (Roche Diagnostics, Basel,
Switzerland), for 1 h at 37 °C. Samples were disrupted
with a pipette every 30 min during incubation to ensure
suspension of cells. After cells were spun for 5 min at
1000 rpm, red blood cells were lysed using Red Cell
Lysis buffer (Sigma-Aldrich, St. Louis, MO, USA) for
1 min. Red cell lysis was stopped with RPMI with 10%
FBS. Cells were then resuspended in PBS, 1 mm CaCl,,
with 2% FBS and underwent negative selection for via-
ble cells using the EasySep Dead Cell Removal kit (Mil-
tenyi Biotec, Bergisch Gladbach, Germany), according
to the manufacturer’s protocol. After selection, cells
passed through a 30 pm cell strainer (Miltenyi Biotec).
Cell viability was assessed using Trypan Blue. Samples
with cell viability > 80% were resuspended in PBS con-
taining 2% BSA and proceeded to single-cell analysis.

2.3. Single-cell RNA-sequencing library
preparation

scRNA-Seq was done on dissociated PDXs using the
10x Genomics Chromium Single Cell 3’ Library &
Gel bead Kit V3.0, per the manufacturer’s instructions
(CG000183 Rev C). Approximately 5000 PDX cells
were input per sample. After reverse transcription, bar-
coded cDNA was purified with SILANE Dynabeads
and amplified through 11 cycles of PCR. SPRIselect
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purification was performed on an Agilent Bioanalyzer
High Sensitivity chip to quantify the fragment size and
concentration of the amplified cDNA. Libraries were
sequenced on an Illumina NovaSeq6000 using 151 bp
paired-end reads.

2.4. Expression quantification for individual cells

Paired FASTQ files were aligned to the indexed
GRCh38 human and mm10 mouse reference genomes
using XENOCELL v1.0 [14]. Cells with < 10% mouse-
specific reads in XenoCell were considered human
tumour cells. Transcripts were quantified using the
Alevin (SALMON Software v1.2.1) tool [15] by aligning
against the GRCh38 transcriptome and imported into
SEURAT v3.2.0 [16] in R V4.2.0 [17] for downstream
analysis.

2.5. Identification and profiling of transcriptional
subpopulations (within each PDX)

Standardized filtering criteria to exclude cells with
low-quality features was applied to all samples using
SEURAT (v3.2.0), involving the exclusion of cells expres-
sing fewer than 50 genes, those with fewer than 1000
genes, and sample-specific variations, including a high
mitochondrial transcript fraction (range 25-30%) and a
high transcript count (range 40 000—100 000) (see Table
S1). We used the DoubletFinder [18] algorithm to iden-
tify doublets in our single-cell RNA-sequencing dataset.
Optimal parameters were determined, and doublets were
classified and visualized, revealing a low doublet rate,
with < 2.5% detected in all samples (Fig. S1).

2.6. Cell cycle phase identification

To ascertain cell cycle phase of individual cells, the
‘CellCycleScoring’ function was employed. Canonical
cell cycle markers [19] were incorporated into Seurat,
with a specific focus on features associated with the
G2/M phase and markers indicative of the S phase.
These elements were utilized as essential input parame-
ters for the ‘CellCycleScoring’” function, which effec-
tively scored and classified each cell into distinct
phases, namely ‘S’, ‘G2/M’ and ‘G1’.

2.7. Normalization, scaling and feature
identification

The SCTransform function was utilized for normaliza-
tion, scaling and identification of high variable features
[20]. Default parameters were applied. Subsequently,
principal component analysis (PCA) was executed
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using the top 3000 most highly variable features. The
determination of the appropriate dimension was facili-
tated by an Elbow plot in subsequent steps.

2.8. Clustering and visualization

To initiate the clustering process, the ‘FindNeigh-
bours’ function in Seurat facilitated the construction
of a nearest neighbour graph, utilizing default settings.
Dimensions were then selected based on individual
object (sample) characteristics. The ‘FindClusters’
function employed the shared nearest neighbour
(SNN) approach to identify distinct clusters of cells,
with default parameters utilized, and the resolution
determined per sample. Visualization of clustered cells
was achieved through the Uniform Manifold Approxi-
mation and Projection (UMAP) dimensional reduction
technique using the ‘RunUMAP’ function, employing
default settings and the previously selected dimensions.

2.9. Optimal cluster determination

The optimal number of clusters was determined using
the clustree function from the R package CLUSTERTREE
[21]. Clustering trees were constructed from resolutions
spanning 0 to 1 in increments of 0.1, and optimal reso-
lutions were chosen for each sample. Visual inspection
of trees was employed to choose the optimal resolu-
tion, based on differentially expressed markers per
cluster and marker overlap across clusters at each
resolution.

2.10. Differential gene expression analysis

Marker genes per cluster were identified using Seurat’s
‘FindAllMarkers’ function with a negative binomial
test. Parameters included a log fold change threshold
of 0.25 and a minimum fraction of 0.25 for detected
genes. Expression profiles were visualized logarithmi-
cally, and the top five differentially expressed genes
were chosen based on the highest difference and aver-
age log fold change. Manual curation refined selections
for unique markers.

For gene set enrichment analysis, parameters were
adjusted to improve sensitivity and specificity: Log
fold change threshold was set to 0, and the minimum
fraction of detected genes was set to 0.

2.11. Gene set enrichment analysis

For analysis of individual PDXs, cancer signatures
were downloaded from the CancerSEA database [22]
and scored per cell using Seurat’s ‘AddModuleScore’
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function. The ‘Dotplot’ function was used to visualize
the top enrichment patterns within each cluster.

For analysis of clusters in the integrated data set,
the ‘MsIGDBR’ package was used to obtain the Hall-
marks (H), Oncogenic (C6) and KEGG (CP) gene sets
from Molecular Signatures Database (MSigDB) [23].
Enrichment analysis was conducted using the UCell
method, which calculates a Mann—Whitney U statistic
for each gene set within a ranked list of genes per cell.
A cut-off of 1500 ranked genes was applied to account
for single-cell RNA-seq dropout effects. The final
enrichment score is the complement of the U statistic,
scaled by gene set size and the cut-off. Visualization of
enrichment values was performed using the ‘heatma-
pEnrichment’ function with the scale parameter,
returning the scaled mean enrichment score for every
cluster [24].

2.12. Benchmarking data integration methods

Three algorithms for integration of single-cell
RNA-sequencing were evaluated: Seurat’s canonical
correlation analysis (CCA), LIGER’s integrative
non-negative matrix factorisation (iNMF) and Cluster
Similarity Spectrum (CSS) from Simspec (Fig. S2).
CCA aims to identify matching cell pairs across data-
sets that are maximally correlated. These ‘anchors’
represent a similar biological state, weighted based on
the overlap in their nearest neighbours. This creates a
reference to transfer data and metadata from one
experiment to another (see Methods below for parame-
ters). iNMF provides a low-dimensional space in
which each cell is defined by one set of dataset-specific
factors; each factor usually corresponds to a biologi-
cally interpretable signal representing a particular cell
type. iINMF aims to identify shared and dataset-
specific metagenes across datasets (see Methods below
for parameters). CSS considers every cell cluster in
each sample for integration as an intrinsic reference
and represents each cell by its transcriptome similari-
ties to clusters across samples (see Methods below for
parameters).

To benchmark and compare, integration pipelines
were benchmarked using data from two PDX models
derived from MURAL patient 224 (Table S1). PDX
224R is a small cell NE mixed with adenocarcinoma
grown in a testosterone supplemented with intact
gonads, while PDX 224-Cx originated from grafting
PDX 224R into a castrated host to generate a
castration-resistant subline. We assessed the ability of
each integration to correctly cluster together neuroen-
docrine cells from these two homologous PDX
tumours from intact and castrate hosts while excluding
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the adenocarcinoma cells from PDX 224 into separate
clusters. Four metrics of integration quality were used:
silhouette coefficient, mixing metric and local structure
metric. Details of quality metric calculation are pro-
vided later in this method section.

The CSS Simspec integration method was ultimately
chosen due to its ability to segregate adenocarcinoma
from neuroendocrine cells and overlapping common
neuroendocrine populations while preserving transcrip-
tional heterogeneity from each sample. Initial integra-
tion using Simspec showed the best separation between
adenocarcinoma cells and neuroendocrine populations
(Fig. S3, panel Cl). No neuroendocrine cells were
detected in the adenocarcinoma clusters. Metrics
showed that the Simspec integration method was able
to remove batch effect (AWS: 0.3, mix metric: 298)
while preserving the local structure of the clusters
(score: 0.34). Entropy scores were low in all clusters,
meaning that no adenocarcinoma cells were mixed
with NE cells in any cluster and vice versa (Fig. S4,
panel C).

Further analysis was performed to ensure that the
grouping was not based on any technical source of
variation, such as transcript count and mitochondrial
percentage. The mitochondrial percentage is < 20%,
and clusters are not formed by a high or low mito-
chondrial gene content (Fig. S3, panel C2). Transcript
count showed an even distribution of cells with ~3000
transcripts per cell (Fig. S3, panel C3); proliferative
cluster showed a higher transcript count of ~5000 per
cell, as expected (Fig. S5, panel B).

Furthermore, cancer signatures and differential gene
expression analysis were evaluated on the integrated
dataset to identify if heterogeneity was preserved
(Fig. S5 panel D-E). After integration, clusters with
cancer signatures such as EMT, metastasis, angiogene-
sis, stemness and apoptosis were detected. Like cancer
signatures, markers that previously characterized the
heterogeneity of each tumour were preserved and
detected across samples (Fig. S5, panel D). Clusters 0,
1 and 2 showed some pattern differences in the expres-
sion of specific markers, and this may be because of
castration (Fig. S5, panel E).

2.13. Implementation of integration algorithms
2.13.1. Seurat SCTransform

To integrate multiple datasets with Seurat, individual
normalization of each sample was done before integra-
tion. The normalization function was ‘SCTransform’,
based on regularized negative binomial regression.
During normalization, 3000 variable features were
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selected for downstream analysis. After normalization,
a list of the objects to integrate was created. Next, set-
ting features to use when integrating multiple samples
was done using ‘SelectIntegrationFeatures’. This func-
tion generates a vector of the selected top scoring
ranked features that will be used in the next step.
Then, the function ‘PrepSCTIntegration’ determines
the features to use in the downstream integration pro-
cedure and ensures that sctransform residuals are pre-
sent for all features that will be used as ‘anchors’ in all
datasets. The next step was to find features that could
be used as anchors; the function ‘FindIntegrationAn-
chors’ was used with standard parameters to create an
anchor set object; this gene set will be used for integra-
tion. ‘IntegrateData’ was then used to integrate all
datasets given the previously pre-computed anchor set.

2.13.2. Liger

The ‘Seurat Wrappers’ package was used to integrate
Seurat objects with Liger [25]. Before integrating, the
count matrices of each sample must be merged into one
Seurat Object; cell IDs were added, and the ‘merge’
function from Seurat was used. The pre-processing
steps include normalization, finding variable features
and scaling data. Normalization was done with the
‘NormalizeData’ function and finding variable features
with ‘FindVariableFeatures’; both functions used
default settings. To scale the data, the function ‘Scale-
Data’ from Seurat was used; data were split by sample
and not centred. The integration process starts with
running the integrative non-negative matrix factoriza-
tion on the normalized and scaled datasets using
‘RunOptimizeALS’. The k parameter was set to 20, and
the object was split by sample (processed separately);
the rest of the parameters were used as default. The
next step is to use the ‘RunQuantileNorm’ function
with the resulting factors to cluster cells jointly and per-
form quantile normalization by dataset, factor and
cluster to integrate the datasets fully. Default parame-
ters were used, and the object was split by sample. Lou-
vain clustering was performed after integration using
‘FindNeighbours’ and ‘FindClusters’ from Seurat. The
dimensional reduction was made using ‘RunUMAP’
from the Seurat package.

2.13.3. Simspec (CSS)

A Seurat object is required to integrate single-cell
data using the cluster similarity spectrum (CSS) algo-
rithm in the Simspec package [26]. The data were
pre-processed with Seurat, and normalization, finding
variable features, scaling the data, PCA and

R. Quezada Urban et al.

dimensional reduction UMAP were needed before
integration. The ‘cluster_sim_spectrum’ function was
used to integrate the data; the correlation method
used was ‘Pearson’, and the spectrum type used was
‘corr_kernel’, cluster resolution was set at 0.3, and
the label tag was defined as sample names. After
integration, dimensional reduction methods UMAP
and PCA were run; the type of reduction used was
‘css” and ‘css_pca’, respectively, and 10 dimensions
were selected for each step. Then, the ‘FindNeigh-
bors’ and ‘FindClusters’ functions were used to cal-
culate clusters after integration. The resolution was
set at 0.3, and 10 dimensions were used. Quality
and suitability of data integration was evaluated by
considering multiple factors and potential con-
founders, including cell cycle phase, transcript counts
and mitochondrial and ribosomal percentages
(Figs S3-S5).

2.13.4. Metrics for evaluating integration performance

To compare the integration results, three measures of
integration quality were used: the silhouette coefficient,
a mixing metric and a local structure metric.

2.13.5. Silhouette coefficient

The cluster R package (v2.1.4) was used to calculate
the silhouette coefficient. Before computing the sil-
houette score, distances were calculated using the
code from Stuart, 2019 [27]. The ‘Dist’ function from
the package STATs (v3.6.2) in R was used for the dis-
tance matrix computation. Distances were computed
using the UMAP space defined by the two dimen-
sions for all methods. Labels of clusters must be
defined; the previous ID of each cluster in each sam-
ple was used as a label. Then, the silhouette score
was calculated using the distance matrices previously
calculated and the integer vector with the previous
cluster labels. Then, the silhouette score was added to
the metadata of the integrated Seurat object. A score
of 1 or close to 1 represents dense and well-separated
clusters. Furthermore, a score of 0 or —1 corresponds
to overlapping clusters. A higher score equals high
performance.

2.13.6. Mixing metric

Stuart et al. in 2019 designed the mixing metric [27]. It
is constructed to evaluate how well mixed the input
datasets were after integration. They reason that if
neighbouring cells from a cell are well mixed, the clos-
est neighbours should contain at least a small number
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(k = 5) of cells from each dataset. If poorly mixed, the
cell will be surrounded by a small subset of datasets or
only the cells from their dataset. The function of ‘Mix-
ingMetric’ in the Seurat R package was used. This
function examines the local neighbourhood of each cell
and determines for each group (clusters of datasets
after integration) the k nearest neighbour and what
rank that neighbour was in the overall neighbourhood.
Then, it subtracts the median across all groups as the
mixing metric per cell. For this analysis, the grouping
variable was the previous ID, the reduction used was
‘umap’, the dimensions to use were 1 : 2, the k param-
eter was set to 5 and the max.k was set to 300; this
was the suggested parameter by the user guide. For
this metric, the higher the score, the better the
integration.

2.13.7. Local structure metric

It is a metric designed to measure how well each data-
set’s original structure (cluster) is preserved after inte-
gration. The function ‘LocalStruct’ splits the data
back into its original dataset, re-calculates the PCA on
the uncorrected data and detects the k& = 100 closest
nearest neighbours. This function also computes the
100 nearest neighbours based on the PCA of the inte-
grated dataset. Then, the intersection of these two
neighbours for each cell is calculated, and the overlap
fraction is computed. The higher the score, the better
the performance.

2.13.8. Entropy

To calculate the cluster sample diversity using Shan-
non Entropy, we used the Seurat R package (version
4.0.4) in R software. The function ‘calc_diversity’ was
employed, which takes a Seurat object as input. The
Seurat object should have columns indicating sample
IDs and cluster IDs. The argument ‘sample_id’ spec-
ifies the name of the column containing the sample ID
information, and ‘group_id’ specifies the name of the
column containing the cluster ID information. We
defined the ‘sample_id” column as ‘orig.ident’, which
indicates the original identity of the samples, and
‘group_id’ as ‘cell_type’, which represents the cells that
are labelled as adenocarcinoma or neuroendocrine.

The Shannon Entropy method was applied to
calculate the diversity of clusters across samples.
Shannon Entropy is a commonly used metric for
measuring diversity in a dataset. It provides a quan-
titative measure of the uncertainty or randomness of
a system, in this case, the distribution of clusters
across samples.
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2.14. Downstream analysis for integrated
dataset

Following integration, downstream analyses including
differential gene expression (DGE) and gene set
enrichment analysis were executed. DGE analysis was
performed same as described above, utilizing the ‘Fin-
dAllMarkers’ function from the Seurat package. For
gene set enrichment analysis (GSEA), MSigDB data-
sets were employed. Similar to the previous GSEA
analysis on individual samples, the ‘fgseaMultilevel’
function was utilized for the enrichment analysis,
employing default parameters.

2.15. Co-expression analysis

Co-expression analysis was conducted using the ‘Fea-
tureplot’ visualization function within Seurat, with the
‘blend’ argument set to TRUE. A co-expression scale
ranging from 0 to 10 was established, where 0 repre-
sents the lowest and 10 the highest expression. A maxi-
mum cut-off value of q25 (quantile) was set to capture
the minimum expression of markers. The ‘blend’
threshold was set to 0.1, initiating the blending of
selected colours from the weakest signal. Normalized
counts for each marker were used to calculate the
co-expression percentage across cells.

2.16. Scoring activity of transcription factor
regulons with SCENIC

The integrated R object file containing raw counts
matrix file was loaded into R, and gene regulatory net-
works were inferred using the PYSCENIC package
(v0.11.2) [28]. Regulons with > 20 target genes were
identified, and their activity was depicted in heatmaps.

2.17. ldentification of clonal subpopulations

Clonal subpopulations were defined by chromosomal
arm-level copy-number differences using Gaussian
mixture models in a reference-free manner [29]. Code
was adapted from the module5_cna_subclones. R
script available at https://github.com/gabrielakinker/
CCLE_heterogeneity.

Libraries for whole-genome sequencing (WGS) were
prepared using the TruSeq DNA Nano High Through-
put kit (Illumina) and sequenced as 150 bp paired-end
reads on a NovaSeq 6000 (Illumina). Reads from
PDXs were aligned to hgl9 (Ensembl Homo_sa-
piens.GRCh37.73.dna) and mm10 (Ensembl Mus_mus-
culus.GRCm38.73.dna) using BWA MEM (v0.7.17),
with  duplicates marked by Picarp (v2.17.3).
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XENOMAPPER (v1.0.1) [30] was used to identify reads
mapping to hgl9 only. The patient germline (blood)
sample was aligned and processed in the same fashion
but to the hgl9 reference only.

PDX and germline BAM files sorted with sAMTOOLS
(v1.9) were an input for the HATCHet algorithm
(v0.1) [31] for clonality assessment based on copy-
number alterations using Gurobi Optimizer v9.1.1
(Linux 64-bit), parameters: mapQ = 11, baseQ = 11,
snpQ = 11, minCov = 10, maxCov = 300, binSi-
ze = 100 kb and sensitivity (—1) of 0.4.

3. Results

3.1. Establishing patient-derived models of
neuroendocrine pathologies in prostate cancer

This study includes nine patient-derived xenografts
(PDXs) with neuroendocrine features from the Mel-
bourne Urological Research Alliance (MURAL) col-
lection: 8 published models [13] and one newly
described PDX (470B). The selected PDXs represent
adenocarcinoma with neuroendocrine differentiation
(Focal NED; n = 2), amphicrine carcinoma (n = 1),
mixed adenocarcinoma-small cell (m = 1), small cell
(n =12), large-cell prostate cancer (n=2) and low-
grade neuroendocrine carcinoma (n=1) (Fig. 1).
Thorough histological assessment, genomic and tran-
scriptomic profiling were conducted to determine
pathology and confirm fidelity with neuroendocrine
phenotypes of the original donor patients [13].

Four PDXs originate from radical prostatectomies
of patients who had not received any systemic thera-
pies (224R, 305R-Cx, 272R, 470B). Another four
PDXs originate from metastases via biopsy, metasta-
sectomy or rapid autopsy from patients with prior
treatment, including ADT, androgen receptor
signalling inhibitors, taxane chemotherapy, platinum
chemotherapy and Lu-PSMA (435.31A-Cx, 373M-Cx,
426M-Cx, 387.38A) (Fig. 1A). Notably, patient 426M-
Cx was diagnosed with de novo neuroendocrine pros-
tate cancer before the age of 30, while patient 470B
had a germline BRCA2 mutation.

Tumour tissues were initially grafted into immuno-
compromised NSG mice with testosterone implants
[13]. Several PDXs are maintained under these
conditions (224R, 272R, 387.38A, 470B). Other
PDXs were subsequently regrafted in castrated (Cx)
NSG mice to simulate patients undergoing ADT
(305R-Cx, 373M-Cx, 426M-Cx, 435.31A-Cx and
224R-Cx) (Table S1). The tumour from patient 224
was split into two PDX sub-lines. Growth in

R. Quezada Urban et al.

testosterone-supplemented NSG mice yielded
PDX 224 with mixed adenocarcinoma-small cell
pathology, while selection in castrated NSG mice
resulted in PDX 224-Cx with pure small cell pathol-
ogy. Targeted exome sequencing revealed an abun-
dance of alterations to 7TP53, RBI and PTEN in
these PDXs, which is common in NEPC (Fig. 1A;
Fig. S6).

3.2. Prostate cancer cells with neuroendocrine
pathology include a diverse array of
transcriptional states

Transcriptional profiles were obtained from individual
cells from all nine PDXs using 10X Genomics Chro-
mium Single Cell 3’ single-cell RNA sequencing
(Methods). After removing mouse cells and iterative
filtering of low-quality cells (Methods), 1202-7796 cells
were detected per PDX (mean: 2659) (Table S1). The
average number of genes detected per cell per PDX
ranged from 2829-8037 (mean: 4869.6). This demon-
strates the robust isolation of high-quality tumour cells
from prostate cancer PDXs.

Cells were clustered into subpopulations based on
transcriptional differences and visualized on Uniform
Manifold Approximation and Projection (UMAP)
plots, with the optimal number of clusters per sample
determined using Clustree (Methods). Each tumour
contained 3-8 transcriptionally distinct subpopula-
tions of cells, with an average of 5 subpopulations
(Fig. S7). In the focal NED PDXs 272R and 470B,
neuroendocrine clusters were located on the UMAPs
in close proximity to adenocarcinoma clusters, but in
the mixed adeno-small cell PDX 224R, these two
populations were clearly distant from one another
(Fig. S7).

Functional enrichment analysis using the MSigDB
Hallmarks and CancerSEA signatures [22,23] revealed
transcriptional subpopulations enriched for prolifera-
tion and stemness signatures in at least one cluster in
every tumour, with EMT, hypoxia and invasion signa-
tures also consistently appearing across all neuroendo-
crine pathologies in prostate cancer (Fig. S7). In
contrast, the degree of transcriptional heterogeneity
varied with tumour pathology. While most PDXs had
2-3 distinct neuroendocrine clusters, all small cell NE
PDXs had 5-6 subpopulations regardless of origin in
primary (224R and 224R-Cx) or metastatic (435.31A-
Cx) tissues. Differences in clustering patterns across
PDXs suggest each neuroendocrine pathology har-
bours its own set of transcriptionally distinct
subpopulations.
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Fig. 1. Diverse clinical and pathological landscape of MURAL PDXs with neuroendocrine features. (A) Clinical characteristics of the donor
tumours used to establish of PDX models included in this study, the heatmap summarises the features of the patient samples, pathology of
the PDXs, the patients’ treatment histories, collection method, follow-up, whether the PDXs are maintained intact NSG mice with
testosterone implants or castrated (Cx) NSG mice and major genomic alterations. (B) Histopathology of PDX tumours, showing tissue
morphology and staining for protein markers of adenocarcinoma (AR, PSA) and neuroendocrine (CHGA, SYP, CD56) Sidebar indicates
assigned PDX tumour pathology and mouse host type. Scale bar = 50 um. adeno, adenocarcinoma; ADT, androgen deprivation therapy; AR,
androgen receptor; etop, etoposide; H&E, haematoxylin and eosin staining; Lu-PSMA, lutetium prostate-specific membrane antigen therapy;
NE, neuroendocrine; NED, neuroendocrine differentiated; PARPi, poly ADP-ribose polymerase inhibitors; PDX, patient-derived xenograft;

PSA, prostate-specific antigen.

3.3. Distinctive transcriptional subpopulations
distinguish different neuroendocrine pathologies
from each other

To compare transcriptional subpopulations across NE
pathologies, we integrated data from 18 632 cells from
all 9 PDXs using CSS Simspec, which showed optimal
ability to match cells based on pathology after bench-
marking on the 224R and 224R-Cx samples
(Methods). The resulting 16 UMAP clusters revealed
tumour pathology (Fig. 2A) had a greater influence on
the clustering of cells on the UMAP than the cell cycle
state, prior treatment status or site of tissue collection
(Fig. S8).

Clusters 1-6 displayed robust expression of neuroen-
docrine markers NCAM1, CHGA and SYP and virtu-
ally no expression of AR signalling markers (Fig. 2B):
thus, they were labelled NE+/AR- clusters. Cells in
clusters 1-6 were predominantly from tumours with
large or small cell NE pathologies (Fig. 2C,D). Clus-
ters 1-4 were shared across PDXs with small cell
pathology (224R, 224R-Cx and 435.31A-Cx) and
large-cell pathology (305R-Cx and 373 M-Cx)
(Fig. 2E,F), revealing an overlap in the composition of
some transcriptional subpopulations between these
types of NEPC. In contrast, cluster 5 predominantly
contained cells from large-cell NEPC tumours (305R-
Cx and 373 M-Cx). Clusters 1-5 contained a high pro-
portion of cells in S and G2M phase, reflecting the
highly proliferative nature of fully differentiated NEPC
(Fig. S8A). Nearly all cells in cluster 6 were from
PDX 426 M-Cx, which has low-grade NE pathology.
This cluster was situated far from the other NE+/AR—
populations, likely reflecting the unique clinical charac-
teristics of the patient.

Clusters 7-13 co-expressed neuroendocrine and AR
signalling markers (NE+/AR+; Fig. 2B), with variable
expression of CHGA and/or SYP and little to no
NCAMI. Similarly, expression of AR and KLK3 varied
across these clusters. This variability was reflected in the
spatial heterogeneity of our focal NED tumours, as
shown by staining of a representative whole tissue section

from PDX272R and PDX470B (Fig. S9). FOLHI
(PSMA) expression was also observed in clusters 7-13,
consistent with AR activity and absent from AR-negative
clusters. Most cells in NE+/AR+ clusters came from
PDXs with intermediate focal NED or amphicrine
pathologies (Fig. 2C,D), indicating focal NED is also an
AR-expressing neuroendocrine pathology. Clusters 7-10
were specific to tumours with focal NED pathology
(PDX 272 and 470B) while clusters 11-13 were from the
amphicrine tumour (Fig. 2E,F) indicating that despite
shared AR expression and related AR activity genes such
as FOLHI, focal NED and amphicrine pathologies
diverge at the transcriptional level.

Finally, clusters 14-16 had robust expression of AR-
related genes with virtually no NE gene expression
(AR+; Fig. 2B). They were comprised of cells from the
adenocarcinoma component of the focal NED
tumours and the mixed adeno-small cell PDX 224R.

3.4. Cells with focal NED pathology co-express
neuroendocrine and adenocarcinoma markers

Detection of both AR signalling and neuroendocrine
genes in clusters 8-10 could be due to cells having con-
current expression of both sets of genes, or indicate
those clusters contained a mix of neuroendocrine and
adenocarcinoma cells. To investigate, we performed
cell-level co-expression analysis (Methods) to enumer-
ate the fraction of cells with detectable expression of
both markers AR signalling genes and canonical NE
markers in the focal NED PDX 272R, along with the
amphicrine PDX 387.38A and the mixed adeno-small
cell PDX 224R.

As expected of an amphicrine tumour, PDX387.38A
displayed strong co-expression of SYP with multiple
adenocarcinoma markers (Fig. 3A). Transcript counts
for each pair of markers were generally robust in the
cells where co-expression was detected. In contrast,
PDX 224R with the mixture of small cell and adeno-
carcinoma pathology displayed very limited co-
expression of its most abundant NE marker gene,
ASCLI and AR signalling genes (Fig. 3B).
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PDX 272R displayed robust expression of multiple
neuroendocrine as well as adenocarcinoma markers
(Fig. S10), particularly CHGA. AR and CHGA were
concurrently expressed by 24.5% of cells in PDX
272R, while KLK3-CHGA co-expression was found in
60%, NKX3.I-CHGA co-expression in 49.1%, and
FOLHI1-CHGA co-expression in 47.9% (Fig. 30),
matching co-expression rates of NE and AR markers
seen in the amphicrine PDX 387.38A.

Interestingly, co-expression of CHGA- and AR-
regulated genes was also observed in the adenocarci-
noma component of PDX 272R. However, cells from
PDX 287R, a pure adenocarcinoma from the MURAL
collection profiled in a recent study [32], displayed vir-
tually no detectable expression of NE genes (Fig. S11).
Co-expression of both markers in prostate adenocarci-
noma may therefore only occur in the context of focal
neurodifferentiation.

3.5. Unique expression signatures distinguish
types of neuroendocrine pathologies in prostate
cancer

To identify transcriptional differences between neuro-
endocrine pathologies, we applied differential gene
expression and gene set enrichment (GSE) analysis to
all 16 clusters in the integrated data set. Very few dif-
ferentially expressed genes (DEGs) were shared
between the NE+/AR— clusters and the NE+/AR+
clusters (Fig. 4A), suggesting AR-expressing neuroen-
docrine pathologies have distinct transcriptional signa-
tures from those that lack AR expression. The
exceptions were cell cycle genes such as MKI67, which
overlapped between clusters 1, 2 and 11 due to their
proliferative nature.

To find differences in cancer-related pathways and
processes between neuroendocrine pathologies, cluster-
level enrichment was assessed for the Hallmarks 50,
oncogenic and Kyoto Encyclopedia of Genes and
Genomes (KEGG) gene sets from MSigDB [23]. Cells
from AR+/NE— small- and large-cell neuroendocrine
pathologies have distinct enrichment profiles from

Defining focal NED at single-cell resolution

AR+/NE+ amphicrine and focal NED cells (Fig. 4B).
Many gene sets showed mutually exclusive patterns of
enrichments in focal NED as compared to small and
large-cell pathologies, while clusters from the amphi-
crine PDX shared gene set signatures with both focal
NED and small and large-cell PDXs.

Common enriched gene sets in the NE+/AR- clus-
ters 1-5 included E2F targets and oxidative phosphor-
ylation, consistent with the highly proliferative nature
of small- and large-cell NEPC. Noteworthy oncogenic
signalling enrichments included MYC, MTORCI,
LEF1, a key regulator of epithelial-mesenchymal tran-
sition (EMT) [33].

The NE+/AR+ clusters 7-10 dominated by focal
NED cells displayed markedly different enrichments
from clusters 1-5, including TNFA signalling via
NFKB and KRAS signalling, which were also
enriched in the adenocarcinoma clusters 14-16 but
down-regulated in the small/large cell clusters
(Fig. 4B). In contrast to adenocarcinoma, there was
high expression of genes up-regulated by EGFR and
TGFB. Like in clusters 1-5, enrichment of EMT was
seen, but in concert with enrichment of KRAS signal-
ling rather than LEFI, indicating that in focal NED,
activation of EMT may occur through KRAS instead
[34]. Indeed, each pathology shows divergent expres-
sion of EMT genes (Fig. S12). Androgen response
genes were most strongly up-regulated in cluster 8,
indicating AR signalling expression varies amongst
focal NED cells.

Interestingly, clusters 11-13 primarily represent cells
from the amphicrine PDX 387.38A, shared enrichment
signatures with clusters from the NE+/AR- small- and
large-cell NE pathologies, and the NE+/AR+ focal
NED cells (Fig. 4B). Cluster 11 shared a GSE profile
with clusters 1-5, cluster 12 matched all the other neu-
roendocrine pathologies, while cluster 13 was most
similar to focal NED as well as adenocarcinoma cells
(clusters 14-16). Thus, the amphicrine PDX 387.38A
contains a mix of transcriptional states covering both
AR-expressing pathologies as well as AR-suppressed
neuroendocrine pathologies.

Fig. 2. Inter-tumoural heterogeneity can be observed between the different pathologies and patients. (A) UMAP depicting the multiple sub-
clusters detected in the integrated dataset. 16 clusters were detected. (B) Violin plot showing the range of expression of the
neuroendocrine-specific genes (SYP, CHGA, NCAM1) and androgen-regulated genes (AR, KLK3, NKX3.1, FOLH1) per cluster. Clusters 1-6
are labelled as NE+/AR-, clusters 7-13 are labelled as NE+/AR+ and clusters 14-16 are AR+/NE—. (C) UMAP shows the location of each
sample. Clusters 1-6 comprise small and large cell pathologies. Clusters 7-13 include mixed pathologies (NED and amphicrine). Clusters
14-16 consists in adenocarcinoma cells. (D) Stacked bar plot representing the contribution of each tumour to the individual clusters. (E)
UMAP coloured by PDX sample. (F) Stacked bar plot describing the proportion of clusters per PDX sample. AR, androgen receptor; PDX,
patient-derived xenograft; NE, neuroendocrine; NED, neuroendocrine differentiated. Data shown is representative of a single sample (n = 1).
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Fig. 3. Co-expression analysis of neuroendocrine and adenocarcinoma markers. Colour blending represents the co-expression level; data
have been scaled from 0-10. Zero represents cells without any expression of the markers, while 10 represents cells with the highest
expression level. The percentage represents only the cells that co-express such markers. (A) UMAPs representing the cells that co-express
AR-SYP, KLK3-SYP NKX3.1-SYP and FOLH1-syp in sample PDX387.38A. Pink represents cells expressing SYP, and dark blue represents
cells expressing AR, KLK3, NKX3.1 or FOLH1. A purple shade represents cells that highly co-express such markers. Grey shades represent
cells that do not express any marker. (B) UMAPs representing the cells that co-express AR-CHGA, KLK3-CHGA, NKX3.1-CHGA and FOLH1-
CHGA in sample PDX272R. Green colour represents cells that uniquely express CHGA, and dark blue represents cells that uniquely express
AR or KLK3 or NKX3.1. or FOLH1 A blue shade represents cells that highly co-express such markers. Grey shades represent cells that do
not express any marker. (C) UMAPs representing the cells that co-express AR-ASCL1, KLK3-ASCL1, NKX3.1-ASCL1 and FOLH1-ASCL1 in
sample PDX224R. Dark grey represents cells that uniquely express ASCL1, and dark blue represents cells that uniquely express AR or KLK3
or NKX3.1 or FOLH1. A light blue shade represents cells that highly co-express such markers. Grey shades represent cells that don't
express any marker. Data shown is representative of a single sample (n = 1).

Cluster 6, comprised nearly entirely of cells from the
low-grade NE PDX 426M-Cx, had a GSE profile more
similar to clusters 7-10 than to clusters 1-5, including
enrichments for TNFA signalling via NFKB, EMT,
KRAS signalling, and KEGG neuroactive ligand-
receptor interactions. Despite virtually no AR expres-
sion, PDX 426 M-Cx appears to share characteristics
with AR-expressing focal NED.

Transdifferentiation to neuroendocrine prostate can-
cer is driven by master regulator transcription factors
(TFs) [35,36]. To infer how changes to gene regulatory
networks contribute to differences in gene expression

states across the 16 cell clusters in our data, we scored
the activity of transcription factor regulons in each
cluster using SCENIC [28]. Concordant with prior
results, the small/large cell clusters (1-5) and focal
NED clusters (7-10) showed clear divergence in
inferred TF regulon activity (Fig. 4C). Clusters 1-5
were predicted to have high activity of several TFs
that regulate proliferation, chromatin state and DNA
replication/repair, including E2F1, EZH2, HDAC2
and BRCAI1. Regulons for known neuroendocrine lin-
eage regulators ASCLI1, SOX2 and FOXA2 were
active in all small/large-cell and focal NED clusters
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but scored markedly higher in the latter. Numerous
TFs had high activity in focal NED clusters 7-10 but
weak to no activity in the small/large cell clusters
(Fig. 4C), including stemness factors FOS and JUNB,
and NEURODI, a TF with variable expression across
NEPC [37]. Focal NED clusters also showed overlap
in TF activity with adenocarcinoma populations (clus-
ters 14-16), aligning with retained AR signalling in
those cells. As expected, AR was a shared TF, but
there were also others, including FOS and the lineage
factor HOXA10. HOXBI13 was detected in clusters
6-16 (Fig. S13), but only clusters 7-16 co-expressed
AR and FOLH1 (PSMA), suggesting that HOXBI3
alone does not control PSMA expression in our
models. Cluster 6 (low-grade NE) expressed HOXBI13
but lacked both AR and PSMA (Fig. S13; Fig. 2A).
As in the GSE analysis, TF activity in the amphicrine
clusters 11-13 overlapped with the small/large cell and
focal NED clusters, although ASCL1 was not active in
amphicrine clusters.

In summary, several biologically meaningful expres-
sion differences beyond AR signalling were seen
between the AR-expressing focal NED and amphicrine
pathologies and small and large cell neuroendocrine
pathologies, which lack AR activity (Fig. 5). These
included numerous pathways and processes involved in
oncogenic signalling, inflammation and metastasis.

3.6. Single-cell copy-number profiling indicates
focal NED and small cell neuroendocrine
carcinoma arise by different means in tumours of
mixed pathology

Our single-cell transcriptional profiling supports the
small cell neuroendocrine pathology as being further
diverged from adenocarcinoma than the focal NED
pathology. This view is further supported by pseudo-
time analysis (Fig. S14).

To determine whether clonal divergence exists
between the adenocarcinoma and neuroendocrine sub-
populations in PDXs 224R and 272R, we inferred
copy-number status at the chromosome arm level from
the transcriptomes of individual cells. Following the
methods of Kinker et al. (2020) [29], combined expres-
sion of genes on the same chromosome arm was mea-
sured in each cell to detect heterogeneity in expression
level, chromosome arms indicative of sub-clonal copy-
number gains and losses (Methods).

Three distinct clonal subpopulations were detected
in PDX 224R on the basis of inferred copy-number
states on four chromosome arms: 21q, 8q and 9p and
7q (Fig. 6A). Clones 1 and 3 mapped exclusively to
the neuroendocrine cell clusters of 224R, while Clone

R. Quezada Urban et al.

2 was found only in the adenocarcinoma clusters
(Fig. 6B,D). Expression of genes on 21q, 8q, 7q and
9p showed consistent differences across all neuroendo-
crine and adenocarcinoma clusters (Fig. 6C), indicat-
ing the neuroendocrine and adenocarcinoma cells in
PDX 224R come from genetically distinct clones.

In contrast, cells from PDX 224-Cx, which was
derived from 224R via growth in castrate host mice,
showed no substantial differences in gene expression at
the chromosome arm level (Fig. 6E), suggestive of
selection of a dominant clone from the neuroendocrine
population post-castration. To validate these findings,
whole-genome sequencing (WGS) to 80-90x coverage
(Methods) of 224R, 224R-Cx, and a germline sample
from patient 224 was performed and analysed using
HATCHet to infer clonal subpopulations based on
copy-number alterations [31]. HATCHet predicted two
distinct clonal subpopulations in 224R differing in
copy-number profile across 17 of the 22 autosomes,
including copy-number changes on 7q, 8q, 9p and 21p
(Fig. 6F). In contrast, only a single clone was detected
in PDX 224R-Cx. Patterns of amplification and dele-
tion on 7q, 8q, 9p and 21p were concordant with those
inferred from single-cell RNA-sequencing data.

In contrast, no differences in expression at the chro-
mosome arm level were detected from the 272R single-
cell RNA-sequencing data, suggesting this PDX most
likely harbours only a single dominant clone (Fig. S15)
comprising both the adenocarcinoma and focal NED
populations. Presence of a cluster with low expression
of both AR and NE markers between the adenocarci-
noma and focal NED clusters marks 272R as poten-
tially actively undergoing transdifferentiation (Figs S9,
S10). PDX 470B also has focal NED pathology and
likewise showed no evidence for copy-number differ-
ences amongst adenocarcinoma and focal NED cells
(Fig. S15). On the other hand, the genetic differences
between the adenocarcinoma and small cell neuroen-
docrine subpopulations in PDX 224R are more consis-
tent with divergence of two populations in the prostate
prior to diagnosis. These contrasting patterns of sub-
clonality align with the concept that focal NED and
small cell neuroendocrine pathologies are distinct enti-
ties, with focal NED being less diverged from
adenocarcinoma.

4. Discussion

Integrative transcriptional analysis of 18 632 cells from
nine PDXs with neuroendocrine features demonstrated
that pathology is closely associated with gene expres-
sion in NEPC. Strikingly, focal NED cells retain
expression of AR signalling genes at levels comparable
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Fig. 4. Characterising gene expression features that distinguish neuroendocrine subpopulations within the integrated data set. (A) Genes
that are differentially expressed per cluster are shown. The size of the circle represents the percentage of cells expressing the gene. The
intensity of the colour represents the gene's expression level; dark blue signifies a higher level, while light blue to white shows a low or null
expression of the gene. (B) Enrichment of selected Hallmark, Oncogenic targets and KEGG gene sets from MSigDB are shown. The
enrichment score is represented by colour; yellow is a positive enrichment score, and dark purple is a negative enrichment score. (C)
Transcription factor analysis heatmap. Regulon activity is scored from 2 to —2, where 2 represents a positive regulon activity, and —2
symbolises a negative regulon activity. Here 46 manually curated TFs out of the 87 significantly enriched TFs reported by SCENIC are
displayed. AR, androgen receptor; NE, neuroendocrine; NED, neuroendocrine differentiated; PDX, patient-derived xenograft. Data shown is
representative of a single sample (n = 1).
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Fig. 5. Summary of key transcriptional findings across NEPC pathologies. Summary chart depicting the expression of markers, pathways
and transcriptional factors detected across NEPC pathologies. AR, androgen receptor; EMT, epithelial-mesenchymal transition; NE,

neuroendocrine; NED, neuroendocrine differentiated.

to amphicrine and adenocarcinoma cells, while main-
taining robust expression of neuroendocrine markers
(Fig. 2). Widespread co-expression of CHGA along
with one or more of AR, KLK3, FOLHI and
NKX3.1 in PDX272 (Fig. 3) indicates that focal NED
cells have the capacity for AR signalling. In line with
this, PSMA expression in our cohort was restricted to
NE+/AR+ cells, specifically in focal NED and amphi-
crine tumours, with co-expression of PSMA and neu-
roendocrine markers only observed in these
transitional phenotypes. This aligns with studies link-
ing PSMA expression to AR activity and not with
AR-negative NEPC [38].

Degree of AR signalling across pathologies corre-
sponded to differences in expression of multiple other

oncogenic processes as well. The AR-null small and
large cell NE pathologies displayed strong expression
of growth-associated processes such as Myc signalling,
DNA repair and oxidative phosphorylation (Fig. 4B).
In contrast, focal NED, amphicrine and the low-grade
NE subpopulations were instead enriched for other
pathways, including KRAS, TNF-alpha and EGFR
signalling. Similarly, inferred activity of master regula-
tor transcription factors differed between pathologies
(Fig. 4C).

Certain states along the trajectory from adenocarci-
noma to NEPC captured in prior studies were evident
in our data. Notably, focal NED cells showed the
highest levels of IL2-STATS signalling and activity of
STAT! and IRFI (Fig. 4), inflammatory signalling
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Fig. 6. The small cell neuroendocrine and adenocarcinoma components of the mixed pathology in PDX224R comprise genetically distinct
clonal subpopulations. (A) Inferred copy-number profiles based on single-cell RNA-seq data across four chromosome arms (7q, 8q, 9p and
21q) identify three genetically distinct clones in PDX224R (Clone 1, 2 and 3). Heatmap indicates relative expression per arm (red = high,
blue = low). (B) UMAP showing cells from PDX224R coloured by clone identity. Clone 2 localizes predominantly within adenocarcinoma
clusters, while Clones 1 and 3 localize within neuroendocrine clusters. (C) Violin plots showing chromosome arm-level copy-number signal
for each cell, stratified by clone, across arms 7q, 8g, 9p and 21q. (D) Proportional representation of each clone across transcriptionally
defined clusters. Neuroendocrine clusters (N1-N5) are dominated by Clones 1 and 3, whereas adenocarcinoma clusters (AD1-AD3) are
composed mainly of Clone 2. (E) Violin plots showing the distribution of copy-number signal across all chromosome arms in PDX272R,
indicating no evidence of distinct genetic subclones. (F) Stacked bar plot showing clonal composition and copy-number alteration patterns
across chromosomal arms in PDX224R and PDX224R-Cx, as inferred from whole-genome sequencing. Each vertical bar represents a
chromosome arm, with segments denoting clone identity (Clone 1, Clone 2, or Minor clones) and clone type (e.g. clonal or sub-clonal
amplification/deletion, clonal mix). The data reveal loss of clonal diversity after castration, with PDX224R-Cx retaining the neuroendocrine-
associated clone identified in the single-cell RNA-seq analysis of PDX224R. 7q, long arm of chromosome 7; 8q, long arm of chromosome 8;
9p, short arm of chromosome 9; 21q, long arm of chromosome 21; AD, Adenocarcinoma cluster; Cx, Castrate; N, Neuroendocrine cluster;

PDX, Patient-derived xenograft. Data shown is representative of a single sample (n = 1).

pathways posited to drive lineage plasticity in prostate
cancer [39]. Focal NED cells also displayed concurrent
activity of ASCLI and NEURODI (Fig. 4C), two
transcription factors more often seen in separate sub-
populations in NEPC [40,41]. Along with dual expres-
sion of NE and AR genes, this may indicate focal
NED as a more plastic and/or transitional state.

However, whether focal NED transitions to small or
large cell pathology remains unresolved. The neuroen-
docrine and adenocarcinoma subpopulations within
focal NED PDXs 272R and 470B appeared to originate
from a common clone. In contrast, we clearly distin-
guished genetically distinct clones for the neuroendo-
crine and adenocarcinoma subpopulations of the mixed
small cell-adenocarcinoma PDX 224R (Fig. 6), indicat-
ing long-standing divergence. Cheng et al identified rare
neuroendocrine cells in adenocarcinomas from CRPC
patients, but these expressed E2F1, SOX2 and YY1,
markers we found to be up-regulated in small and large
cell pathology. Further longitudinal studies of PDXs
and patients may shed light on whether focal NED is a
transitional or terminally differentiated state.

Current standard of care chemotherapies do not
confer lasting benefit in NEPC. Our results suggest
focal NED may retain sensitivity to androgen-
targeting agents and could respond to disruption of
KRAS and EGFR signalling. In contrast, Wnt target-
ing and other agents may work better against small-
and large-cell NEPC tumours.

5. Conclusion

Single-cell RNA-sequencing of a diverse spectrum of
PDX models of NEPC reveals focal NED as being
transcriptionally distinct from small- and large-cell
NEPC, requiring its own treatment and management
strategies. Our work redefines the molecular landscape

in NEPC, revealing previously hidden layers of tran-
scriptional heterogeneity that provide a basis to further
develop new therapeutic opportunities for this low-
survival subtype of prostate cancer.
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Fig. S1. Doublet detection. (A) Percentage of doublets
detected per sample. (B) Visualization of doublets in a
UMAP per sample.

Fig. S2. Workflow chart of benchmarking process. (A)
Seurat integration workflow process. Seurat has two
ways of pre-processing the data for integration; stan-
dard workflow and SCTransfrom. Standard workflow
includes normalization, finding variable features and
scaling data. SCTransfrom is a wrapper that includes
the standard workflow, but the data is not scaled. (B)
Liger integration workflow process. Integrative non-
negative matrix factorization (INMF) method was
used. (C) Simspec integration workflow process. The
cluster similarity spectrum method was used. Two
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correlation methods might be used: Pearson or spear-
man. Pearson correlation uses kernel normalisation
and Spearman correlation uses Z-transformation
normalisation.

Fig. S3. Integration outcomes of 3 different pipelines.
UMAPS represents the outcome of each step of the
process (A) Seurat pipeline. (A1) UMAP representing
the Seurat integration using SCTransform as a nor-
malisation method. In a green outline, castrated cells
cluster with adenocarcinoma. (A2) UMAP shows the
main subpopulation of castrated cells that cluster with
adenocarcinoma. (A3) UMAP represents the integra-
tion after removing the cell cycle phase as a source of
variation. Castrated cells from cluster N3 remain clus-
tering with adenocarcinoma and are outlined in green.
(A4) UMAP represents the outcome of integration
with Seurat. (B) Liger pipeline. (B1) UMAP represent-
ing the Liger integration. In a green outline, castrated
cells cluster with adenocarcinoma. (B2) UMAP shows
the main subpopulation of castrated cells that cluster
with adenocarcinoma—outlined in green castrated N2
cells. (B3) UMAP represents the integration after
removing the cell cycle as a source of variation. Cas-
trated N1 and N3 cells clustered with adenocarcinoma,
outlined in green. (B4) UMAP showing the outcome
of integration with Liger. C) Simspec CSS pipeline.
(C1) UMAP represents the initial outcome of the inte-
gration using Simspec. Circled in a green outline, a
cluster is uniquely formed by castrated cells. (C2)
UMAP coloured by the expression of mitochondrial
percentage. (C3) UMAP coloured by the transcript
(UMI) count. (C4) UMAP with the Simspec integra-
tion pipeline after QC.

Fig. S4. Metrics for evaluating integration perfor-
mance. (A) Local structure and Mix metric depicted in
a dotplot. (B) Boxplot of AWS scores per cell resulting
from each integration method. (C) UMAPs depicting
cell type (Adenocarcinoma and neuroendocrine), clus-
ters, and entropy score. Violin plot showing the score
per cluster.

Fig. S5. Tumour heterogeneity is preserved after inte-
gration with CSS. (A) UMAP representing the integra-
tion of PDX224R and PDX 224R-Cx. (B) UMAP
depicting proliferative cells. A score close to one indi-
cates a high expression of proliferative genes. (C)
UMAP showing the 10 clusters formed after integra-
tion. Clusters were defined with the same method used
on previous chapter. (D) Cancer CEA, NEURO I-II,
Squamous and AR responsive signatures. The ratio of
the circle represents the proportion of cells that express
such signature, the colour of the circle represents the
level of expression, yellow represents a high expression,
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Defining focal NED at single-cell resolution

purple represents a low expression. (E) Heatmap show-
ing the top markers per cluster.

Fig. S6. Mutational profiles of the patient-derived
xenograft models used in this study. (A) Protein-cod-
ing mutations in selected cancer driver genes for each
PDX model, coloured by effect on protein sequence.
Sidebar displays overall frequency of mutations to
each gene across the 9 PDXs. (B) Copy-number aber-
rations in selected cancer driver genes for each PDX
model coloured by magnitude of change relative to
diploid.

Fig. S7. Functional state enrichment and transcrip-
tional classification of single-cell clusters across NEPC
PDX models. UMAPs displaying cell clusters identified
in each PDX, with corresponding gene set enrichment
scores for functional states from the Cancer Single-cell
Expression Atlas (CSEA) (Yuan et al., 2018) and
androgen receptor (AR) signaling and neuroendocrine
prostate cancer (Neurol and Neuro2) signatures from
Labrecque et al. (2019). Clusters are labelled according
to whether cells express neuroendocrine markers (N),
adenocarcinoma markers (AD) or both sets of markers
(AM). PDXs are divided according to pathology. (A)
mixed small cell-adenocarcinoma PDX; (B) Small cell
neuroendocrine prostate cancer (NEPC) PDX 224R-
Cx; (C) Small cell NEPC PDX 435.31A-Cx; (D) Large
cell NEPC PDX 305-Cx; (E) Low-grade neuroendo-
crine PDX 426M-Cx; (F) Large cell NEPC PDX
373M-Cx; (G) Adenocarcinoma with neuroendocrine

R. Quezada Urban et al.

differentiation (Adeno-NED) PDX 272R; (H) Adeno-
NED PDX 470B; (I) Amphicrine PDX 387.38A.

Fig. S8. UMAPs of integrated data from all 9 PDXs
with cells coloured by conditions. (A) Cell cycle phase,
(B) site of collection or (C) treatment status.

Fig. S9. Whole tissue section to illustrate the ratio of
NED vs adenocarcinoma. Scale bar = 500 um.

Fig. S10. Expression of neuroendocrine markers genes
in PDX 272R. Neuroendocrine and the adenocarci-
noma marker genes expression by cluster in
PDX 272R.

Fig. S11. Co-expression of the androgen receptor (AR)
and synaptophysin (SYP) genes in tumour cells from
PDX 287R.

Fig. S12. Expression of genes from the epithelial-
mesenchymal transition gene set. Gene set from the
cancer single-cell expression atlas (Cancer SEA) across
UMAP clusters from the integrated analysis of
PDX data.

Fig. S13. Expression of HOXBI13 across clusters.

Fig. S14. Pseudotime trajectory (Monocle 2) for
tumour cells in PDX 272. Trajectory begins in the ade-
nocarcinoma component (left; yellow/orange) and con-
tinues into the neuroendocrine component (right;
blue/purple).

Fig. S15. Relative expression of genes on each chro-
mosome arm for tumour cells from PDX 470B.

Table S1. Summary of single-cell RNA-sequencing
data for each PDX tumour included in this study.
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