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Abstract

Prostate cancer (PCa) frequently progresses to metastatic castration-resistant prostate cancer (mCRPC)
following androgen deprivation therapy (ADT), yet the cellular and molecular basis of treatment
persistence remains incompletely understood. Here, we integrated single-cell RNA sequencing from 94
PCa samples spanning localized PCa (LPC), metastatic hormone-sensitive PCa, and mCRPC with spatial
transcriptomics and functional experiments. ARPC3, an AR-positive epithelial state detectable in LPC,
became markedly enriched in mCRPC while maintaining high AR-associated signaling, suggesting
preferential retention or selection during disease progression and therapeutic pressure. Rare NEPC-
associated transcriptional states were also detected in LPC, although immunohistochemistry did not
confirm bona fide NEPC. Spatial analysis revealed a close association between ARPC3 cells and cancer-
associated fibroblasts, consistent with a potentially protective stromal niche. SUMOylation-associated
programs were enriched in advanced epithelial states. Mechanistically, SENP6 interacted with AR and
regulated AR SUMOylation in a deSUMOylase activity-dependent manner. SENP6 depletion increased
AR SUMOylation, AR transcriptional activity, and ADT resistance, whereas SENP6 overexpression
suppressed AR signaling and tumor growth. These findings identify the SENP6-regulated AR
SUMOylation axis as a potential therapeutic vulnerability in advanced PCa.

Keywords: Prostate cancer, single-cell RNA sequencing, spatial transcriptomics, drug-resistance, tumor microenvironment,
SUMOylation

Introduction

Prostate cancer (PCa) is one of the most
commonly diagnosed malignancies in men and
remains a major cause of cancer-related morbidity and
mortality worldwide[l, 2]. Androgen receptor (AR)
signaling is a central driver of prostate cancer
development and progression, making androgen
deprivation therapy (ADT) and AR-pathway
inhibition fundamental components of treatment for
advanced disease[1, 3]. Although these therapies can
initially achieve substantial tumor control, advanced

prostate cancer frequently progresses to metastatic
castration-resistant prostate cancer (MmCRPC), in
which tumor growth persists despite suppression of
androgen signaling[1, 3]. The biological mechanisms
underlying this transition are heterogeneous and
involve both tumor-cell-intrinsic alterations and
remodeling of the surrounding tumor micro
environment[4-6]. Understanding how different
cellular states persist, adapt, or become enriched
during disease progression is therefore important for
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identifying therapeutic vulnerabilities in advanced
PCa.

Intratumoral heterogeneity and lineage plasticity
are increasingly recognized as important features of
prostate cancer progression and treatment response[5,
6]. In particular, neuroendocrine prostate cancer
(NEPC) represents an aggressive disease state
characterized by reduced dependence on canonical
AR signaling and is frequently observed following
prolonged AR-pathway suppression[7,8]. Therapy-
induced lineage plasticity is considered an important
route to NEPC development; however,
neuroendocrine-associated or castration-resistant-like
transcriptional states have also been reported in a
small subset of treatment-naive primary prostate
cancers[7-12]. Large-scale transcriptomic analyses
have identified a small fraction of treatment-naive
primary tumors with molecular features resembling
small-cell /neuroendocrine prostate cancer[12], while
single-cell studies have revealed substantial epithelial
heterogeneity in localized prostate cancer, including
rare neuroendocrine-associated cellular states[10].
Moreover, pre-existing CRPC-like and
neuroendocrine-like populations in hormone-naive
primary tumors have been associated with subsequent
disease progression and resistance to hormonal
therapy[11]. These observations raise the possibility
that treatment resistance may involve both pre-
existing cellular heterogeneity and treatment-induced
adaptation. However, the extent to which individual
epithelial states persist, expand, or undergo
reprogramming during progression from localized
disease to mCRPC remains incompletely resolved.

Therapeutic response is also shaped by the tumor
microenvironment. Immune cells, macrophages, and
cancer-associated  fibroblasts = (CAFs) undergo
extensive phenotypic remodeling during tumor
progression and can influence cancer-cell behavior

through cytokine signaling, extracellular-matrix
remodeling, metabolic support, and immune
regulation[4,13,14]. CAFs are particularly

heterogeneous, and distinct fibroblast states can
occupy different spatial regions and exert context-
dependent effects on tumor behavior[13,14]. However,
conventional bulk transcriptomic approaches do not
retain information about the spatial organization of
tumor and stromal populations. Integration of single-
cell RNA sequencing (scRNA-seq) with spatial
transcriptomics therefore provides a framework for
simultaneously resolving cellular identity and tissue
organization and may reveal microenvironmental
relationships associated with tumor persistence in
advanced prostate cancer.

In  addition to
microenvironmental

transcriptional ~ and
regulation, post-translational

modifications provide another layer of control over
AR activity. SUMOylation is a reversible post-
translational modification that regulates protein
localization, stability, molecular interactions, and
transcriptional activity and has been implicated in
prostate cancer biology and AR regulation[15]. The
balance  between @ SUMO  conjugation  and
deSUMOylation is dynamically controlled by SUMO-
specific proteases, including members of the sentrin-
specific ~ protease (SENP) family[16]. SENP6
preferentially regulates poly-SUMO2/3-conjugated
substrates and has important functions in maintaining
SUMO homeostasis [16,17]. Altered SENP6 activity
has also been implicated in several malignancies[18,
19]. Nevertheless, the role of SENP6 in prostate cancer,
its relationship with AR signaling, and whether
SENP6-dependent deSUMOylation influences the
response to androgen deprivation remain largely
unknown.

In this study, we integrated scRNA-seq datasets
from 94 patients spanning localized prostate cancer
(LPC), metastatic hormone-sensitive prostate cancer
(mHSPC), and mCRPC to characterize epithelial,
immune, and stromal heterogeneity across prostate
cancer progression. Spatial transcriptomic analysis
was further used to define the tissue organization of
treatment-associated tumor and stromal populations.
Based on the identification of stage-associated
alterations in SUMOylation-related programs, we
subsequently investigated the functional relationship
between SENP6, AR SUMOylation, AR transcriptional
activity, and cellular response to androgen
deprivation using molecular, cellular, and in wvivo
experiments. This integrated framework allowed us to
distinguish stage-associated cellular features from
experimentally supported molecular mechanisms and
to identify potential vulnerabilities associated with
progression to advanced prostate cancer.

Materials and methods

Data Acquisition and Preprocessing

Single-cell RNA sequencing (scRNA-seq) data
from prostate cancer samples representing three
clinical states were obtained from the Gene Expression

Omnibus (GEO, https:/ /www.ncbi.nlm.nih.gov/
geo/) database under the accession numbers
GSE274229[20],  GSE137829[21],  GSE141445[22],

GSE181294[23], and GSE210358[24] (Table S1). The
datasets comprised a total of 30 local prostate cancer
samples (ADT-naive), 32 metastatic hormone-sensitive
prostate cancer (mHSPC) samples following ADT
therapy, and 32 metastatic castration-resistant prostate
cancer (mCRPC) samples following ADT therapy.
Furthermore, spatial transcriptomics data for prostate
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cancer were downloaded from the GEO dataset
GSE278936[25]. Additionally, bulk transcriptome
datasets and corresponding clinical information for
prostate cancer were sourced from The Cancer
Genome Atlas (TCGA), the Chinese Prostate Cancer
Genome and Epigenome Atlas (CPGEA), and the GEO
datasets GSE116918[26] and GSE3325[27]. All
sequencing data utilized in this study were derived
from publicly available sources. We further validated
the prognostic relevance of SENP6 expression using
the TCGA clinical cohort.

Analysis of scRNA-seq Data

The scRNA-seq data were processed and
integrated into a Seurat object using the Seurat R
package (version 5.3.0)[28]. Cells were excluded if they
contained fewer than 200 UMIs or more than 6,000
UMLIs, expressed fewer than 200 genes, or displayed a
mitochondrial gene content exceeding 20%. Potential
doublets were identified and removed using the
DoubletFinder R package (version 2.0.4). Datasets
were integrated using Harmony (v1.2.3), and the
integrated matrix was subsequently clustered
following the standard Seurat workflow. We further
assessed the effectiveness of Harmony-based batch
correction by comparing UMAP embeddings before
and after integration. The count matrix was
normalized using a log-normalization approach with
a scale factor of 10,000, and the top 2,000 highly
variable genes (HVGs) were identified via the “vst”
method in the FindVariableFeatures function. To
correct for confounding effects arising from
mitochondrial /ribosomal content (% UMIs), DIG
signature scores, technical batch, and donor
variability, the HVG matrix was z-scaled using
the ScaleData function in Seurat. Dimensionality
reduction was conducted in two sequential steps:
principal component analysis (PCA) based on the
2,000 HVGs, followed by wuniform manifold
approximation and projection (UMAP) applied to the
first 20 principal components using
the RunUMAP function. Cell clustering was then
performed by constructing a shared nearest neighbor
(SNN) graph and optimizing cluster structure using
the Louvain algorithm via the FindClusters function.
Differentially expressed genes (DEGs) defining each
subcluster were identified with FindAllMarkers,
which served as the basis for subsequent tissue-
specific ~ enrichment analysis and  subtype
classification. Cell-cycle scores were calculated based
on canonical S-phase and G2/M-phase gene sets. To
minimize potential clustering bias caused by cell-cycle
heterogeneity, cell-cycle-associated variation was
regressed out before dimensionality reduction and
clustering. The distribution of G1, S, and G2/M phase

cells was then assessed across clusters.

Cell distribution variation

The proportion of cells in each subcluster was
calculated and compared across the three clinical
states. To characterize the distribution patterns of each
cell type among different tumor stages, scatter plots
and density plots were generated to visualize cell type
proportions for each patient. For identifying cell
populations shared across prostate cancer states, an
observed-to-expected ratio (Ro/. observed/
expected) was computed for each combination of cell
cluster and cancer status[29]. Expected cell counts
were derived from y? contingency tables under the
assumption of independence. Additionally, a
correlation heatmap was used to depict expression
relationships among the different cell types.

Single-cell inferred copy number alterations
(CNAs)

Large-scale chromosomal alterations were
inferred from scRNA-seq data using inferCNV
(v1.20.0). Untreated samples served as the reference
group for CNA inference in treated samples. Prior to
analysis, genes with mean expression below 0.1 counts
per cell were excluded. CNV signals were then
denoised by applying a dynamic threshold set at 1.3
standard deviations from the mean. The resulting
denoised and normalized expression matrix was
organized according to genomic position. This matrix
was visualized as a heatmap wusing the
ComplexHeatmap package (v2.14.4) in R, based on
30% randomly subsampled cells from each biological

group.
Cell trajectory inference

Developmental trajectories were reconstructed
using CytoTRACE (v0.3.3), Monocle3 (v1.3.7), and
Monocle2 (v2.32.0). Pseudotemporal ordering was
performed by integrating CytoTRACE trajectory
modeling with Monocle2 (v2.32.0). Highly variable
genes were selected from epidermal cells using
the dispersionTable function in Monocle, followed by
dimensionality reduction via DDRTree. The resulting
trajectory was visualized using the plot_cell
trajectory function.

Transcriptional regulatory network analysis

Transcriptional regulatory networks were
reconstructed using the SCENIC pipeline (v1.1.3).
Reference transcription factors (TFs) for the hg38
genome were obtained from RcisTarget, and a gene
expression matrix normalized by Seurat was used as
input. Co-expression modules linking transcription
factors and potential target genes were first inferred
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using  GRNBoost2. These associations were
subsequently refined through cis-regulatory motif
enrichment analysis performed with the ctx module,
leading to the identification of regulons—defined as
transcription factor and their direct target gene sets —
for further analysis. To characterize subtype-specific
regulatory programs in malignant tumor cells, regulon
activity was quantified per cell using AUCell
enrichment scores. Differential regulon activation
across subtypes was assessed with Wilcoxon rank-sum
tests via the FindAllMarkers function in Seurat
(parameters: min.pct = 0.2, logfc.threshold = 0.25,
only.pos = TRUE). Significant regulons were
visualized by hierarchical clustering based on scaled
regulon activity scores.

Gene pathway enrichment analysis

Differentially expressed genes (DEGs) for each
cell type were identified using the FindMarkers
function in Seurat with the Wilcoxon Rank Sum test
(default parameters). Genes were classified as DEGs if
they met the following criteria: (1) detected in more
than 25% of cells within a given cluster, and (2)
exhibiting an average log, fold change greater than
0.25 compared to other clusters. Cell type annotation
was performed using a dual strategy: canonical
marker genes identified through DEG analysis were
cross-referenced with established literature and
further validated using Seurat's FeaturePlot and
VInPlot functions. Subtype resolution for each defined
cell population was achieved by reapplying Seurat’s
standard clustering workflow.Gene set enrichment
was conducted via gene set variation analysis (GSVA)
implemented in the GSVA package (v1.52.3). GO
pathway analysis was performed using the R package
clusterProfiler (v4.12.1). Single-cell pathway activity
scoring was carried out with the AUCell R package
(v1.26.0). Gene expression rankings per cell were first
generated from the input expression matrix using the
AUCell_buildRankings  function under default
settings. Canonical pathway gene sets were obtained
from the Broad Institute's Molecular Signatures
Database (MSigDB). For each pathway-cell pair,
pathway activity was quantified as the area under the
curve (AUC) score using the AUCell_calcAUC
function. This score reflects the enrichment of
pathway-specific genes among the top-ranking
expressed genes in each cell, where an AUC value of
1.0 indicates that all pathway genes rank within the
highest expression percentiles.

Spatial transcriptomics data analysis of CRPC

Spatial transcriptomics RNA-seq data were
obtained from the GEO database (accession
GSE278936). Data were processed using the Seurat

package. Raw gene expression matrices were log-
normalized with a scale factor of 10,000. Quality
control filtering retained cells with 10-10,000 detected
genes and 10-25,000 UMlIs. The top 2,000 highly
variable genes were then identified using variance-
stabilizing transformation (vst). Expression values of
these genes were scaled to unit variance prior to
dimensionality reduction via principal component
analysis (PCA). Nonlinear embeddings were
generated with UMAP based on the first 30 principal
components. Spatial organization patterns were
visualized by projecting UMAP-derived clusters back
onto the original tissue coordinates.

Spatial transcriptomics cell type
deconvolution

Cell type deconvolution of the spatial
transcriptomics data was performed using the RCTD
algorithm within the spacexr package. Single-cell RNA
sequencing data with annotated cell types were
extracted, where cell type labels were converted to
named factors; nUMI vectors were also computed to
construct the reference object. The spatial
transcriptomics data were converted into a
SpatialRNA object by extracting UMI counts from the
"Spatial" assay, along with the corresponding two-
dimensional tissue coordinates (x,y). The nUMI counts
were then quantified for each spot. Deconvolution was
executed in “full” mode —allowing multiple cell types
per spot—using the create. RCTD function. The
resulting cell type weight matrix was integrated into
the metadata of the spatial Seurat object, while the
complete deconvolution results were saved for
downstream analysis of spatial cell type distributions.

Spatial Co-localization Analysis

Spatial cell-cell interactions were quantified
using the mistyR package. Composition matrices
obtained from RCTD deconvolution were converted
into tibble format. Tissue coordinates were extracted
from the corresponding Seurat object. A paraview
radius was defined as the ceiling value derived from
the Euclidean distance matrix. Multi-view models
were trained using the run_misty pipeline.

Cell culture, RNA interference and plasmid
transfection

The RWPE-1 cell line was obtained from ATCC
and maintained in Keratinocyte Serum-Free Medium
(K-SFM; Gibco, 17005-042). Human prostate cancer
cell lines—including LNCaP, C4-2, PC-3, and 22Rv1 —
were purchased from the Chinese Academy of
Sciences Cell Bank (Shanghai, China) and cultured in
standard medium supplemented with 10% fetal
bovine serum (Biological Industries) and 1%
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penicillin/streptomycin (HyClone). All cell lines were
grown at 37°C in a humidified incubator with 5% CO,
and routinely confirmed to be free of mycoplasma
contamination. siRNA transfections were performed
by reverse transfection using Lipofectamine RNAiMax
(Invitrogen). All siRNAs were transfected at a final
concentration of 10-20 nM. The sequences of all
siRNAs used in this study are provided in Table S4.

Western blotting and real-time quantitative
PCR

Cells were harvested and lysed in RIPA buffer
supplemented with 1% phosphatase and protease
inhibitor ~cocktails. Protein concentration was
determined using a BCA protein quantification kit
(Yazyme, ZJ101). Equal amounts of protein lysates
were separated by SDS-PAGE and transferred onto
nitrocellulose (NC) membranes. After blocking with
5% skim milk for 1 h at room temperature, the
membranes were incubated with specific primary
antibodies diluted in blocking buffer overnight at 4 °C.
The membranes were then washed three times (5 min
per wash) with 1x TBST and incubated with HRP-
conjugated secondary antibodies for 1 h at room
temperature. Following another three washes with
TBST, protein bands were visualized using BeyoECL
Plus (BEYOTIME, P0018M).

Total RNA was extracted using TRIzol reagent
(Thermo Fisher Scientific, 15596018). RNA purity and
concentration were measured spectrophotometrically.
Then, 500 ng of RNA was reverse-transcribed into
cDNA using the PrimeScript RT Master Mix reagent
(TaKaRa, RR036A). Quantitative PCR (qPCR) was
performed using the resulting cDNA, gene-specific
primers (Sangon Biotech), and PowerUp SYBR Green
Master Mix (Thermo, A25742). GAPDH was used as
the internal reference gene. The sequences of all
primers used in this study are provided in Table S4.

Tissue samples, H&E staining and
immunohistochemistry staining

Human prostate cancer (PCa) and adjacent
normal prostate tissue samples for SENP6 protein
level analysis were obtained from the Urological
Department Tissue Specimen Bank. Tissue specimens
were snap-frozen in liquid nitrogen and stored at
—80 °C until use.

For both hematoxylin and eosin (H&E) staining
and immunohistochemistry (IHC), xenograft tumor
and clinical PCa samples were fixed in formalin and
embedded in paraffin. Sections of 4 pm thickness were
prepared and mounted. For H&E staining, tissue
sections were deparaffinized in xylene and rehydrated
through a graded ethanol series (100% — 95% — 80%
— 70%). The slides were then stained with

hematoxylin, rinsed, and counterstained with 1%
eosin. After staining, tissues were dehydrated through
a reverse ethanol series, cleared in xylene, and
coverslipped with mounting medium. Immuno-
staining was performed as previously described[30].
Anti-SENP6 antibody (sc-100585) was used to assess
SENP6 expression in human prostate cancer and
normal tissues. In mouse xenograft tumors, anti-
SENP6 (sc-100585) and anti-Ki67 (ab15580) antibodies
were applied to evaluate protein expression.

Cell Clonal proliferation assay and CCKS8 cell
proliferation assay

Cell proliferation was assessed using a CCK-8 kit
(Beyotime, China). A total of 1,000 cells resuspended
in 100 pL of medium containing 10% FBS were seeded
into three replicate wells of a 96-well plate. The CCK-8
working solution was prepared by mixing 10 uL of
CCK-8 reagent with 100 pL of RPMI-1640 or DMEM.
Then, 110 pL of the mixture was added per well,
followed by incubation for 2h. Absorbance was
measured at 450 nm.

Colony formation assay and transwell invasion
assay

For the colony formation assay, subcultured cells
were digested, resuspended in fresh medium,
counted, and seeded into 6-cm culture dishes at a
density of 1,000 cells per dish. After 14 days, the
medium was removed and cells were fixed with 4%
paraformaldehyde for 30 min. Following fixation, cells
were stained with 0.1% crystal violet solution for 30
min, rinsed three times with pure water, and air-dried
before imaging and colony counting. For the
Transwell invasion assay, cell invasion ability was
evaluated using Transwell chambers pre-coated with
Matrigel. Cells were seeded in serum-free medium
into the upper chamber, while the lower chamber
contained medium with 10% FBS as a chemoattractant.
After 24 h of incubation, non-invading cells were
removed from the upper chamber with a cotton swab.
Cells that migrated to the lower surface were fixed,
stained, and counted under a microscope.

5-Ethynyl-2'-deoxyuridine (EdU) incorporation
assay

The 5-ethynyl-2'-deoxyuridine (EdU)
incorporation assay was conducted using the
Click-iT™ EdU Imaging Kit (Thermo Fisher, C10420)
following the manufacturer's instructions. Cells were
incubated with 20 pM EdU for 1 h, then fixed with 4%
paraformaldehyde. After washing, cells were
incubated in PBS containing 3% BSA. The Click-iT
reaction cocktail was then added and incubated for
30 min. Blocking was performed using 3% BSA with

https://www.ijbs.com



Int. J. Biol. Sci. 2026, Vol. 23

165

0.05% Tween-20 in PBS (PBST blocking buffer) for 1h
at room temperature. Cells were then incubated
overnight at 4 °C with a primary antibody against
biotin (Rabbit, Abcam, ab53494) diluted in the
blocking solution.

Subcutaneous tumorigenesis experiment

The SENP6 overexpression lentiviral vector was
obtained from Youze Biotech (Changsha, Hunan).
Lentivirus was produced by co-transfecting HEK293T
cells with control or HA-SENP6 expression plasmids,
along with the psPAX2 packaging plasmid and
pMD2.G envelope plasmid, using Lipofectamine 2000.
Viral supernatants were collected 48h after
transfection and stored at —80 °C for subsequent use.
For in vivo studies, male NOD/SCID mice (6 weeks
old, 22-24 g; Shanghai SLAC Laboratory Animal Co.,
Ltd.) were housed under specific pathogen-free
conditions in the animal center of Hospital, with
temperature maintained at 22+0.5°C, humidity at
60% £3%, and an automated 12h light/dark cycle.
Food and water were provided ad libitum. Mice were
divided into experimental groups and injected
subcutaneously on the right flank with a 1:1 mixture of
cells and Matrigel. Tumor size was measured every
other day using a caliper for 6 weeks post-injection. At
the endpoint, mice were euthanized, and tumors were
excised and processed for further analysis.

Colocalization of immunofluorescence
staining

Cells on glass coverslips were washed twice in
PBS and fixed with 4% paraformaldehyde (PFA) for
18mins. Cells were permeabilized with 0.5% (v/v)
Triton X-100 for 7mins and incubated with fresh
blocking solution (PBS containing 0.05%Tween-20 and
3%BSA) for 1h. Primary antibodies were diluted 1:1000
in blocking solution and added to cells for overnight
refrigerated. Next, cells were washed three times with
PBST(PBS containing 0.05%Tween-20) for 5mins and
incubated with Alexa-coupled secondary antibodies
(488nm, 555nm, 647nm; diluted 1:1,000 in blocking
solution) for 1 h at RT. Then, cells were washed three
times with PBST and mounted on slides with Prolong
Gold Anti-fade reagent with DAPI (Life Technologies).
Once the Prolong Anti-fade polymerized and cured,
cells were visualized by conventional fluorescence
with 10X and 60X Plan 1 objective (1.4 oil) using a
Nikon Eclipse Ni.

Molecular Docking and Interaction Domain
Analysis

The amino acid sequences of SENP6 and AR were
obtained from the UniProt database. Protein domain
information and related functional annotations were

retrieved from the UniProt and InterPro
databases. Protein-protein ~ interaction = between
SENP6 and AR was modeled using AlphaFold 3. The
amino acid sequences of SENP6 and AR were used as
input to predict the three-dimensional structure of the
SENP6-AR complex. The predicted structure was
subsequently subjected to standardized processing in
PyMOL, including removal of water molecules,
addition of hydrogen atoms, and structural
optimization, followed by energy minimization to
reduce potential steric clashes and optimize the
protein conformation. The resulting complex structure
was used to analyze the potential binding mode and
interaction interface between SENP6 and AR. Protein
domain information obtained from UniProt and
InterPro was further integrated to assess the potential
regions involved in the SENP6-AR interaction.

Results

Diversity of cell subtypes in prostate cancer

To depict the single-cell atlas of prostate cancer,
we performed an in-depth analysis of scRNA-seq data
from 94 cases, including LPC (ADT-naive, n = 30),
mHSPC (ADT-treated, n = 32), and mCRPC (ADT-
resistant, n = 32). Following quality control and
filtering, we generated a dataset comprising 257,303
cells and identified seven major cell types (Fig. 1A-
1C). Cell clusters were annotated based on classical
cell markers and differentially expressed genes within
each cluster (Fig. 1D, 1F, Table S2). We further
evaluated the potential influence of cell-cycle status on
clustering. After regressing out cell-cycle effects, cells
from different cell-cycle phases, including G1, S, and
G2/M, were evenly distributed across -clusters,
suggesting that cell-cycle heterogeneity did not
substantially bias the clustering results (Fig. S1A, 1B).
We further calculated cell-cycle scores for canonical S-
phase and G2/M-phase gene sets. The S.score and
G2M.score results showed that cells were well
distributed across clusters, indicating that clustering
was not driven by cell-cycle effects (Fig. S1C, 1D).
These cell types included NK/T cells, epithelial (Epi)
cells, mononuclear macrophages (Mono/Macro),
endothelial cells, fibroblasts, B cells, and mast cells. To
validate the distributional trends of prostate cancer-
related cell populations, we further examined the ratio
plot (Fig. 1G), proportion plot (Fig. 1H), and Ro/e plot
(Fig. 1I). We observed pronounced variations in the
abundance of all cell types across the three disease
stages. Epithelial cells and fibroblasts showed a
progressive increase from LPC to mCRPC, whereas
NK/T cells and mast cells exhibited a decreasing
trend. Notably, monocyte/macrophage populations
first decreased and then increased, while endothelial
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cells and B cells displayed the opposite pattern. These
dynamic changes indicate that the tumor and immune
microenvironments undergo substantial remodeling
during prostate cancer progression, reflecting
significant tumor heterogeneity across disease stages.
Based on the above analysis, the pre-correction UMAP
demonstrated distinct dataset-specific separation,
whereas the post-correction UMAP displayed
improved mixing of cells from different datasets,
indicating effective batch-effect removal (Fig. S1E, 1F).

Malignant epithelial subtypes exhibit distinct
distributions across prostate cancer stages

The UMAP analysis identified six epithelial
subpopulations, including normal epithelial cells,
three AR-positive prostate cancer subtypes (ARPC1,
ARPC2, and ARPC3), and two NEPC-like epithelial
states, designated NEPCA (ASCL1-positive) and
NEPCM (MKI67-positive) (Fig. 2A). Annotation of
epithelial subtypes was primarily based on the
expression levels of canonical cell markers (Fig. 2B, 2C,
Table S3). Gene expression patterns in the UMAP plot
indicated that AR, KLK3, and NKX3-1 were
progressively upregulated from ARPC1 to ARPC3, but
downregulated in the two NEPC subtypes (Fig. 2G),
consistent with known tumor evolution processes.
Additionally, FOXA1 was highly expressed in AR*
prostate cancer but markedly downregulated in
NEPC, while FOXA2 exhibited an opposite trend (Fig.
2G), further illustrating the substantial heterogeneity
across tumor stages. Previous studies have shown that
FOXA1  mutations  contribute to  prostate
tumorigenesis and therapy resistance[31], whereas
FOXAZ2 can drive neuroendocrine transdifferentiation
in prostate cancer[32]. Next, epithelial cell distribution
was assessed using ratio plots (Fig. 2E), Ro/e plots
(Fig. 2D), and cell density plots (Fig. 2F). ARPC1 and
ARPC2 were predominantly present in the LPC stage,
while normal epithelial cells were enriched in mHSPC.
In the mCRPC stage, the major epithelial populations
consisted of ARPC3, NEPCA, and NEPCM. The
relative abundance of epithelial subtypes differed
markedly across disease stages, with ARPC1 and
ARPC2 predominantly detected in LPC and ARPC3,
NEPCA, and NEPCM enriched in mCRPC. Notably,
ARPC3 maintained relatively high expression of AR
and AR-associated genes at the castration-resistant
stage. The presence of ARPC3 in LPC and its marked
enrichment in mCRPC raise the possibility that this
population is preferentially selected or retained
during disease progression and therapeutic pressure.
Rare NEPC-associated transcriptional states were also
detectable in LPC, suggesting that neuroendocrine-
associated programs may emerge before therapy. To
further assess whether these rare neuroendocrine-

associated states could be detected histologically in
localized disease, we performed IHC staining for SYP,
FOXA2, and ASCL1 in tumor tissues from four
independent LPC patients. No clearly positive tumor
cells were detected in these specimens (Fig. S1G).
Thus, although our single-cell data identify rare
NEPC-associated transcriptional states in LPC, the
current IHC analysis does not provide histological
confirmation of bona fide NEPC cells at this stage.

To quantify the malignancy of different epithelial
subtypes, we performed CNV analysis (Fig. 2H),
which were used to illustrate copy number variation
changes across different tumor stages. The purpose of
this analysis was to assess differences in tumor
malignancy and progression status among stages, and
to provide the basis for subsequent CNV score
calculation (Fig. 2I-2L). CNV scores displayed a
gradual increase from LPC to mHSPC and mCRPC,
consistent with progressive tumor evolution (Fig. 2I,
2]). Moreover, ARPC3, NEPCA, and NEPCM
exhibited markedly elevated CNV scores, suggesting
these subtypes possess higher malignant potential
(Fig. 2K, 2L). Therefore, AR positivity does not
necessarily indicate high sensitivity to ADT, nor does
it reliably reflect an early tumor stage.

Differences in developmental trajectories and
differentiation levels among epithelial cell

Pseudo-temporal trajectory analysis revealed
that individual epithelial subpopulations followed
distinct developmental paths. According to the
CytoTRACE-based UMAP visualization, tumor cells
positioned on the right branch generally exhibited
higher CytoTRACE scores —indicating a lower degree
of differentiation—whereas normal epithelial cells
located on the left branch showed lower scores,
reflecting higher differentiation (Fig. 3A). The inferred
developmental trajectory of prostate cancer
progressed from normal epithelial cells to AR*
prostate cancer (PCA) cells and ultimately to NEPC,
consistent with classical models of prostate cancer
evolution. Supporting this, the Monocle3 analysis
suggested that tumor progression followed a path
from the lower-right direction wupward, then
downward, and finally toward the upper-left region
(Fig. 3B). Furthermore, as cells transitioned into the
NEPC stage, the trajectory bifurcated into two distinct
branches, implying that different NEPC subtypes may
arise through divergent developmental routes, which
could result in different biological behaviors. Next,
Monocle2 was applied to identify genes that drive
tumor progression (Fig. 3C, 3D). Five key genes— AR,
FOXA1, FOXA2, ASCL1, and MKi67 —were selected to
examine dynamic expression patterns along
pseudotime (Fig. 3E). Based on the 3D trajectory
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visualization, AR and FOXA1 displayed an initial
increase followed by a decline at later stages, whereas
FOXA2, ASCL1, and MKi67 exhibited low expression
early in pseudotime and markedly increased
expression during the NEPC phase. These findings are
consistent with the known genetic alterations that
accompany prostate cancer progression and further
validate that the inferred trajectories reflect biological
reality. Notably, the migration paths of tumor cells

were clearly segregated: ARPC1 and ARPC2 were
primarily distributed along the right trajectory, while
ARPC3 and NEPC subtypes were mainly located
along the two upper and lower branches on the left
side (Fig. 3F). The gene expression heatmap was
divided into four clusters, with the gray region
representing pre-branch states, while Fate 1
corresponded to the upper branch and Fate 2
corresponded to the lower branch (Fig. 3G).
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Figure 1. Single-cell atlas of the prostate cancer. (A) UMAP projection of 257,303 high-quality single cells, colored by major cell-type annotations. (B) UMAP projections
separated by clinical stage, including localized prostate cancer (LPC), metastatic hormone-sensitive prostate cancer (mHSPC), and metastatic castration-resistant prostate
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cancer (mCRPC), revealing stage-associated cellular distributions. (C) Density distribution of seven major cell types across the three disease stages. (D) Heatmap showing the
top 10 marker genes for each annotated cell type. (E) Violin plots showing the expression of the top three representative marker genes across the seven major cell populations.
(F) Dot plot showing the expression level and proportion of cells expressing stage-specific marker genes across major cell types. (G) Stacked bar plot showing the relative
contribution of each major cell type to individual disease stages. (H) Boxplots with overlaid scatter points comparing the proportional abundance of each cell type across LPC,

mHSPC, and mCRPC. (I) Ro/e ratio plot showing observed-to-expected cell-type distributions across disease stages, identifying cell types enriched or depleted during prostate
cancer progression.
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Figure 2. Epithelial cell heterogeneity and malignancy assessment in prostate cancer. (A) UMAP projection of epithelial cells identifying six distinct subtypes:
conventional epithelial cells (Epi), AR-positive prostate cancer subtypes (ARPCI, ARPC2, and ARPC3), and neuroendocrine prostate cancer subtypes, including ASCLI-positive
NEPC (NEPC_A) and MKI67-positive NEPC (NEPC_M). (B) Dot plot showing the expression levels and proportions of cells expressing stage-specific marker genes across
the six epithelial subtypes. (C) Violin plots showing the expression distributions of the top three representative marker genes for each epithelial subtype. (D) Ro/e ratio plot
showing the observed-to-expected distribution of epithelial subtypes across disease stages, highlighting subtype enrichment or depletion during progression. (E) Stacked bar
plot showing the relative composition of epithelial subtypes across tumor stages. (F) Density distribution of the six epithelial subtypes across LPC, mHSPC, and mCRPC stages.
(G) UMARP feature plots showing the expression patterns of prostate cancer-related marker genes. (H) CNV analysis using normal epithelial cells as the reference to infer the
malignant potential of prostate cancer epithelial cells. (I-J) Boxplots comparing CNV scores among epithelial subtypes (I), and ridge plots showing CNV score distributions,

with NEPC and ARPC3 displaying the highest malignancy levels (J). (K-L) Comparison of CNV scores across tumor stages (K), and ridge plots showing CNV score distributions,
with mCRPC samples exhibiting the highest malignancy level (L).

.o canonical tumor-associated transcription factors—
SCENIC analyzes the key transcription factors P

of epithelial cells

Using SCENIC, we independently calculated the
major transcription factors active at different stages of
prostate cancer (Fig. 3H, 3I). In the early stage,

such as TP53, MYC, and STAT1 —were predominantly
involved (Fig. 3H). However, in the AR* advanced
stage represented by ARPC3, FOXA2 activity was
markedly elevated (Fig. 3H). In addition, we observed
that members of the HOX protein family became
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highly active during the NEPC stage (Fig. 3H).
Correlation heatmap analysis further revealed that
NEPCA, ARPC3, and NEPCM clustered closely
together, suggesting that ARPC3 may represent a
more malignant subtype (Fig. 3I). We also noted that
PML activity decreased in ARPC3 and NEPCA,
indicating that dysregulation of PML-mediated
SUMOylation may play an important role in the later
stages of prostate cancer progression (Fig. 3]).

GSVA and AUCell analysis of pathway
enrichment

Based on GSVA analysis, SUMOylation-related
pathways —including the SUMO binding pathway,
the ubiquitin-like protein transferase activity pathway,
and the SUMO transferase activity pathway —showed
marked variation across different stages of prostate
cancer, with particularly high activity observed in the
NEPCM stage (Fig. 3K). We further applied AUCell to
evaluate the activity of the ubiquitin-like protein ligase
binding (ULPLB) pathway in the UMAP view. The
ULPLB pathway exhibited a progressively increasing
activity trend from the early to the terminal stages,
suggesting that elevated SUMOylation levels may
contribute to tumor progression. Expression levels of
SUMO-regulated genes are displayed in Fig. 3M.
Overall, the SENP family and RNF4 showed a pattern
of reduced expression in the terminal stage, which
may imply impaired SUMO deconjugation and
dysregulated protein degradation during advanced
prostate cancer.

Naive CD4 T cell and M2 were concentrated
in mCRPC

NK and T cells were divided into five clusters
(Fig. S2A,Table S3), which were annotated as tissue-
resident memory CD8 T cells (CD8" TRM), exhausted
CD8 T cells (CD8* Exh), naive CD4 T cells (CD4*
naive), CD56"bright natural killer cells
(NKMCD56bright), and regulatory T cells (Treg) (Fig.
S2B). Density plots showed that CD8* TRM, CD8" Exh,
and CD4" naive cells were predominantly enriched in
the LPC, mHSPC, and mCRPC stages, respectively
(Fig. S2C). The corresponding ratio plots (Fig. S2D)
and Ro/e plots (Fig. S2E) demonstrated similar trends.
Correlation heatmaps depicting the associations
between immune cell subsets and tumor stages are
presented in Fig. S2F and S2G. Differentially expressed
genes (DEGs) for each T-cell subset were subsequently
identified (Fig. S2H). GSVA analysis revealed
significant enrichment of pathways associated with
CD4" naive-cell DEGs (Fig. S2I). These findings
suggest that CD4" naive cells may promote mCRPC
progression by activating Wnt signaling, negatively
regulating immune responses, and facilitating

epithelial-mesenchymal transition.

Macrophages were classified into five subtypes
(Fig. S3A), designated as plasmacytoid dendritic cells
(DC2), macrophage 1 (M1), macrophage 2 (M2),
monocytes, and macrophages with metallothionein
expression (MTs) (Fig. S3B). LPC and mHSPC samples
were dominated by M1 macrophages, whereas
mCRPC  samples  primarily contained M2
macrophages (Fig. S3C, S3D). Correlation heatmaps
for macrophage subsets are shown in Fig. S3E, F. DEG
analysis for macrophage subsets is shown in Fig. S3G,
and M2-specific DEGs are highlighted in Fig. SSH. We
observed high expression of multiple HLA-related
genes in M2 macrophages, indicating a potential role
for M2 cells in modulating T-cell activation via HLA
family molecules. GO analysis of the upregulated M2
DEGs revealed enrichment in pathways related to the
positive regulation of MAPK, ERK1/2 cascades,
ubiquitin-like protein binding, and NF-«B signaling,
among others (Fig. S3I).

Cancer associated fibroblast (CAF) undergo
stage-specific remodeling during prostate
cancer progression

Clustering analysis of fibroblast subpopulations
in prostate cancer tissues identified four major CAF
subtypes:  antigen-presenting CAFs  (apCAF),
inflammatory CAFs (iCAF), myofibroblast-like CAFs
(myCAF), and pericyte-like CAFs (pcCAF) (Fig. 4A, B
and 4L, Table S3). Ratio plots, density plots, and box-
scatter diagrams demonstrated that apCAF and iCAF
were most abundant in LPC, myCAF predominated in
mHSPC, and pcCAF represented the dominant
fibroblast subtype in mCRPC (Fig. 4C-4E). These data
indicate that CAF composition undergoes stage-
specific alterations during disease progression, which
may contribute to tumor drug resistance. Correlation
analysis further revealed that CAFs from the same
tumor stage tend to cluster together, whereas CAFs
across different stages show minimal correlation (Fig.
4F). This suggests substantial CAF heterogeneity
across tumor progression. CytoTRACE was used to
infer the developmental trajectory of CAFs, where red
indicates early developmental states and blue
indicates terminal states. The results showed that
early-stage tumors were predominantly characterized
by iCAF and apCAF, whereas pcCAF emerged as the
dominant subtype in later stages (Fig. 4G).
Consistently, trajectory inference using Monocle3
revealed a similar developmental pattern (Fig. 4H).
Moreover, CytoTRACE integrated with Monocle2 for
dimensionality reduction and trajectory
reconstruction identified two distinct developmental
branches among CAF subtypes (Fig. 41, 4]). Ro/e
analysis showed that apCAF increased during early
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progression and then declined, while iCAF and
myCAF gradually decreased from initially high levels.
In contrast, pcCAF displayed a steadily increasing

trend across tumor progression (Fig. 4K).

The

Monocle2 heatmap was divided into four clusters,

A

CytoTrace

C

Monocle2

where the gray region represents gene expression in
the pre-branch population, and fate 1 and fate 2
correspond to the upper and lower trajectory
branches, respectively (Fig. 4M).
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Figure 3. Tumor progression landscapes in prostate cancer. (A) CytoTRACE analysis showing the inferred differentiation potential of prostate cancer epithelial cells.
(B) Monocle3 pseudotime trajectory illustrating epithelial tumor progression patterns. (C) Monocle2 trajectory after dimensionality reduction, showing the inferred progression
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path of prostate cancer epithelial cells. (D) Distribution of epithelial subtypes along the Monocle2 pseudotime trajectory. (E) Three-dimensional visualization of dynamic
changes in AR, FOXAI, FOXA?2, MKI67, and ASCL1 expression along the inferred tumor progression axis. (F) Branched Monocle2 trajectory showing divergent progression
paths after dimensionality reduction. (G) Heatmap showing genes with significant branch-dependent expression changes along Monocle2 pseudotime. (H) SCENIC analysis
identifying key transcription factors associated with epithelial subtype states. (I) Dot plot showing transcription factor activity across prostate cancer epithelial subtypes. (J)
Heatmap showing transcription factor expression profiles across epithelial subtypes. (K) GSVA analysis showing hallmark pathway activity across cancer epithelial subtypes.

(L) UMAP plot showing AUCell-estimated ubiquitin-like protein ligase pathway activity. (M) UMAP feature plots showing expression patterns of genes involved in SUMOylation
regulatory balance.
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Figure 4. Fibroblast heterogeneity, dynamics, and developmental trajectories in prostate cancer. (A) UMAP plot identifying distinct fibroblast subtypes, including
apCAF, iCAF, myCAF, and pcCAF. (B) Dot plot showing the expression patterns of stage-specific marker genes across fibroblast subtypes. (C) Stacked bar plot showing the
relative proportions of fibroblast subtypes across tumor stages. (D) Density distribution of fibroblast subpopulations across LPC, mHSPC, and mCRPC stages. (E) Boxplots
with overlaid scatter points showing the proportional abundance of each fibroblast subtype across tumor progression stages. (F) Correlation heatmaps showing the relationships
between tumor samples and the identified fibroblast subtypes. (G) CytoTRACE analysis illustrating the developmental potential and trajectory of fibroblast cells. (H) Monocle3-
inferred pseudotime trajectory showing fibroblast progression patterns. (I-J) Combined Monocle2 and CytoTRACE trajectory plots after dimensionality reduction, depicting
the developmental progression paths of fibroblast subtypes. (K) Ro/e ratio plot highlighting significant enrichment or depletion of the four fibroblast subtypes across disease
progression. (L) UMAP feature plots showing the expression patterns of key fibroblast-related marker genes. (M) Heatmap showing genes with significant expression changes
along distinct pseudotime branches identified by Monocle2 analysis.

0

with our scRNA-seq reference. Spatial mapping
revealed distinct distributions of major and minor cell
populations across tumor regions (Fig. 5A, 5B). ARPC3

To characterize the spatial organization of tumor  tumor cells were predominantly localized within
and stromal populations in advanced prostate cancer,  central tumor regions and were spatially surrounded
we integrated mCRPC spatial transcriptomic data by CAF populations, particularly pcCAFs and iCAFs

Combined spatial transcriptomics analysis of
the resistance mechanisms in PC.
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(Fig. 5C, 5D). Partial spatial overlap between M2
macrophages and ARPC3 tumor cells was also
observed. Spatial co-localization analysis further
demonstrated a strong association between ARPC3
cells and pcCAFs (Fig. 5E, 5F). These findings identify
a spatially organized ARPC3-CAF niche in mCRPC
and raise the possibility that CAF-associated stromal
remodeling may contribute to a microenvironment
favorable for the persistence of ARPC3 cells. Analysis
of an independent mCRPC spatial transcriptomic
dataset further showed widespread expression of
SUMOylation-associated ~ genes  together  with
relatively low SENP6 expression in advanced tumor
regions (Fig. 5G).

SENP6 suppresses the malignant features of
PCa

The expression of SENP6 was significantly lower
in tumor tissues than in normal prostate tissues

A o B
?2

according to analyses of the TCGA and GSE14206[33]
datasets, and its expression was further reduced in
metastatic lesions (Fig. S4A-54C), suggesting that
SENP6 may play an important regulatory role in
prostate cancer (PCa). Although SENP6 expression
was not significantly associated with Disease Free
Survival in the TCGA cohort (Fig. S4D), its reduced
expression in advanced/metastatic prostate cancer
suggests that SENP6 may be related to disease
progression rather than serving as an independent
prognostic marker in the current dataset. We further
analyzed the differential expression of SENP6 across
different cell subtypes and tissue origins, and found
that SENP6 expression was higher in early-stage
prostate cancer (Fig. S4E-54G). These results suggest
that SENP6 may play an important stage-dependent
regulatory role in prostate cancer. Its lower expression
in tumor tissues compared with normal prostate
tissues, and its further reduction in metastatic lesions,
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Figure 5. Spatial transcriptomic mapping and spatial organization of cell types in prostate cancer. (A) Spatial transcriptomic map showing the primary predicted
cell type with the highest prediction score for each spatial spot. (B) Spatial transcriptomic map showing the secondary predicted cell type with the second-highest prediction
score for each spatial spot. (C) Spatial feature plots showing the localization patterns of stage-specific marker genes across prostate cancer tissue sections. (D) Spatial
distribution map showing the localization of different cell types within prostate cancer tissue sections. (E) Spatial co-localization analysis showing the spatial proximity and
potential interaction patterns among different cell types. (F) Correlation matrix summarizing cell-type co-localization patterns identified by spatial transcriptomic analysis.
(G) Expression levels of stage-specific marker genes across distinct spatial regions of prostate cancer tissues.
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indicate that SENP6 downregulation may be
associated with PCa initiation, progression, and
metastasis. In contrast, the relatively higher expression
of SENP6 in early-stage PCa, followed by a subsequent
decrease in advanced-stage PCa, may reflect its
involvement in regulating cellular states or
compensatory responses during early tumorigenesis.
Therefore, we speculate that SENP6 may function as
an important regulator of PCa progression and may
have potential diagnostic and prognostic value. To
validate this, we collected protein samples from a
benign prostate epithelial cell line (RWPE-1) and four
prostate cancer cell lines (LNCaP, C4-2, PC-3, and
22Rv1). Western blot analysis revealed that SENP6
was markedly downregulated in all prostate cancer
cell lines compared with RWPE-1 (Fig. 6A), and qPCR
results demonstrated a similar trend (Fig. 6B).
Consistently, Western blot analysis of tumor tissues
and matched adjacent normal tissues from six patients
revealed consistently lower SENP6 protein expression
in tumor tissues than in their paired normal
counterparts. (Fig. 6C, 6D). Additional IHC data
obtained from the Hospital pathology database further
confirmed that SENP6 expression was significantly
decreased in clinical PCa specimens compared with
normal prostate tissue (Fig. 6E), and IHC scores were
calculated based on both the proportion of positive
staining cells and staining intensity (Fig.6F). Given the
downregulation of SENP6 in PCa tissues, we
hypothesized that SENP6 may function as a tumor
suppressor in prostate cancer. To test this hypothesis,
SENP6 was silenced using specific siRNAs in prostate
cancer cell lines (Fig. 6G, 6H). Of the two lines used,
LNCaP represents a hormone-sensitive PCa (HSPC)
cell line[34], whereas 22Rv1 is derived from CWR
xenografts grown under castration and is considered a
CRPC cell line capable of androgen-independent
growth[35, 36]. Colony formation assays showed that
SENP6 knockdown markedly enhanced clonogenic
capacity in both LNCaP and 22Rv1 cells (Fig. 6I-6K).
In addition, EAU incorporation assays showed that
SENP6 knockdown increased the proportion of DNA-
synthesizing PCa cells, suggesting that SENP6 may
restrain S-phase progression and DNA replication
(Fig. 6L, 6M). Transwell migration and invasion assays
indicated that SENP6 silencing significantly promoted
the motility and invasive potential of prostate cancer
cells (Fig. 6N-6P). To determine whether SENP6
modulates the therapeutic response to androgen
deprivation therapy (ADT), we assessed ADT-
mediated inhibition of cell proliferation in cells with
SENP6 knockdown or overexpression(Fig. 6Q). SENP6
depletion significantly attenuated the antiproliferative
effect of ADT, whereas SENP6 overexpression
markedly enhanced cellular sensitivity to ADT. These

results provide functional evidence that SENP6
contributes to the regulation of ADT sensitivity.

SENP6 can bind to the AR protein and inhibit
the accumulation of SUMOylation
modifications

Analysis of the TCGA dataset revealed a positive
co-expression pattern between AR and SENP6 (Fig.
S4H), ChIP-seq analysis of GSE83860[37] further
showed AR occupancy at the regulatory region of the
SENP6 gene, with enhanced AR binding following
androgen stimulation (Fig. S41). To determine whether
AR regulates SENP6 expression, we assessed SENP6
protein and mRNA levels upon ADT or
dihydrotestosterone  (DHT) treatment. ~SENP6
expression decreased under ADT conditions and
increased following DHT treatment at both the protein
and transcript levels (Fig. 7A, 7B), supporting positive
regulation of SENP6 by AR signaling. To explore the
functional relevance, we mutated the catalytic cysteine
residue of SENP6 (C1030A) to generate a de-
SUMOylation-deficient SENP6-HA construct and
transduced LNCaP cells with lentiviral vectors
expressing either SENP6-WT or SENP6-C1030A (Fig.
54]). Immunofluorescence staining showed that
SENP6-WT accumulated at AR foci, whereas SENTP6-
C1030A displayed even greater accumulation at AR
sites (Fig. 7C), indicating that SENP6-AR binding is
dynamic and that loss of de-SUMOylation activity
traps SENP6 at AR loci without enabling catalytic
removal of SUMO chains. In the SENP6-C1030A
group, HA signal intensity at AR foci positively
correlated with AR intensity, and both were
significantly higher than in the SENP6-WT group (Fig.
7D, Fig. S4K). Co-immunoprecipitation further
confirmed the interaction between SENP6 and AR
(Fig. 7E). To further explore the potential structural
basis of the SENP6-AR interaction, we performed
AlphaFold 3-based structural modeling of the SENP6-
AR complex. The predicted model suggested a
potential interaction interface involving the N-
terminal region of SENP6 and the N-terminal domain
(NTD) of AR (Fig. S5A, S5B). In addition, the catalytic
residue C1030 of SENP6 was positioned in proximity
to AR K386 in the predicted complex, suggesting a
possible spatial arrangement compatible with SENP6-
mediated deSUMOylation of AR. These structural
predictions provide a putative model for SENP6-AR
recognition and catalytic positioning; however, the
precise interaction domains remain to be
experimentally defined by systematic truncation or
mutagenesis analysis. Importantly, SENP6-C1030A
retained its ability to interact with AR (Fig. S4L),
indicating that the catalytic cysteine residue is not
required for SENP6-AR binding.
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Figure 6. The expression of SENP6 in tumors and relationship with proliferation. (A) and (B) The protein and mRNA expression of SENP6 in the most commonly
used PCa cell lines, the androgen-responsive cell lines LNCaP and 22Rvl, androgen-independent cell lines C4-2 and PC-3, and the benign prostate cell lines RWPE-1.
(C), (D) Western blot analysis of SENP6 expression in 6 paired PCa tissues (T) and matched paracancerous non-tumor tissues (N) from the same patient. B-Actin was used
as a loading control, and the protein levels of SENP6 in (C) were quantified with Image] software and are shown (D). (E) Representative images for IHC staining of SENP6é
protein expression in normal prostate tissues and PCa tissues. (F) Bar graph of SENP6é expression in normal prostate tissue sections and PCa tissue sections, as determined
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by IHC scores (normal prostate tissues, n = 21; PCa tissues, n = 28). (G), (H) LNCaP cells were transfected with siSENP6 for 72 h. Then, the cells were harvested for western
blot (G) and qRT—-PCR (H) analyses. (1), (J) and (K) LNCaP and 22RvI cells were transfected with siSENP6 or siCtl for 72 h. Then, the cells were used for colony formation
assays. (I) Representative images of colony formation assays. (J), (K) Quantification of colony numbers. (L) and (M) LNCaP cells were transfected with siSENP6 for 72 h and
treated with EdU cell proliferation detection kit (scale bar: 50 um). (N), (O) and (P) LNCaP and 22Rvl cells were transfected with siSENP6 or siCtl for 72 h. Then, the cells
were used for Transwell assays (N), and the quantitative data are shown (O, P). (Q) LNCaP cells were transfected with siSENP6, OE-SENP$, or siCtl and cultured under ADT
conditions. Cell viability was measured using the CCK-8 assay at the indicated time points. Data are presented as mean * SD from three independent experiments. Statistical
significance was determined using two-way ANOVA followed by Tukey’s multiple comparisons test. *P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001.
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Figure 7. SENP6 regulates AR expression in PCa cells. (A) Western blot analysis of SENPé protein expression in LNCaP cells cultured under androgen deprivation
therapy (ADT) conditions or treated with | nM dihydrotestosterone (DHT) for 24 h. (B) Relative SENP6 mRNA expression measured by qPCR in LNCaP cells following ADT
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or | nM DHT treatment for 24 h. (C) Representative immunofluorescence images of LNCaP cells transfected with HA-SENP6-WT or HA-SENP6-C1030A and stained for HA
(red) and AR (green). Nuclei were counterstained with DAPI (blue). (scale bar: 5um). (D) Quantification of the intensity of SENP6 signals co-localized with AR signals. (E) Co-
immunoprecipitation assay detect the interaction between AR and SENPé. (F) and (G) LNCaP cells were transfected with siSENP6 for 72 h. Then, the cells were harvested
for western blot. (H) Representative immunofluorescence images of LNCaP cells transfected with siSENP6 for 72h and stained for SUMO (red) and AR (green). Nuclei were
counterstained with DAPI (blue). (scale bar: 5pm). (I) and (J) Quantification of AR signal count and SUMO/AR colocalization foci between SUMO and AR signals. (K) Western
Blot analysis of SENP6 and AR protein expression in LNCaP cells transfected with siSENP6 followed by re-expression of siRNA-resistant SENP6-WT or the catalytically inactive
mutant SENP6-C1030A at physiological levels. (L) SUMOylation of AR in LNCaP cells transfected with HA-SUMO-2 under the same conditions. Proteins covalently bound to
HA-SUMO-2 were purified under denaturing conditions using HA-resin. The presence of the indicated proteins was evaluated by immunoblotting. *P < 0.05, ** P < 0.01, ***

P < 0.001, ¥ P < 0.0001.

Given that AR wundergoes multiple post-
translational modifications and SUMOylation plays a
critical regulatory role in AR function[38, 39], and
based on the observation that SENP6 suppresses PCa
cell growth in vitro and in vivo, we next examined the
impact of SENP6 loss on AR modification. SENP6
depletion modestly increased total AR protein
abundance and resulted in the appearance of higher-
molecular-weight AR species, consistent with
increased AR post-translational modification (Fig. 7F).
Consistently, global SUMOylation levels were
elevated after SENP6 knockdown (Fig. 7F). RNF4, a
SUMO-targeted ubiquitin ligase (STUbL), recognizes
poly-SUMO substrates via SUMO-SIM interactions
and  promotes their  ubiquitination-mediated
degradation[40]. In parallel, RNF4 protein levels were
reduced after SENP6 knockdown (Fig. 7G), indicating
that SENP6 depletion is accompanied by broader
alterations in SUMO-related protein regulation.
Because SENP6 predominantly localizes to the
nucleoplasm and specifically removes poly-SUMO2/3
chains from modified substrates[16, 17, 41], we
hypothesized that SENP6 directly binds SUMOylated
AR and removes SUMO modifications to prevent AR
hyper-polymerization. Immunofluorescence staining
for AR and SUMO2/3 after SENP6 knockdown
showed markedly increased foci number and intensity
(Fig. 7H-7J), indicating that loss of SENP6 promotes
SUMO2/3 accumulation and enhances AR clustering.

To further validate the regulatory role of SENP6
in AR SUMOylation, we reconstituted SENP6
expression in SENP6-depleted cells using siRNA-
resistant SENP6-WT or the de-SUMOylation-deficient
SENP6-C1030A. Re-expression of SENP6-WT reduced
the protein levels of both full-length AR and its higher-
molecular-weight species, whereas SENP6-C1030A
failed to produce comparable effects (Fig. 7K),
indicating that the deSUMOylase activity of SENP®6 is
required for the regulation of AR SUMOylation. To
directly assess AR SUMOylation, cells were
transfected with HA-tagged SUMO-2, and HA-
SUMO-2-conjugated proteins were purified under
denaturing conditions followed by immunoblotting
for AR. AR was detected among the HA-SUMO-2-
conjugated proteins, and AR SUMOylation increased
following SENP6 depletion. Re-expression of SENP6-
WT reduced AR SUMOylation, whereas SENP6-

C1030A failed to reverse the increased SUMOylation
(Fig. 7L). Taken together, these results indicate that
SENP6 functions as a critical regulator of AR
SUMOylation.

SENP6 suppresses AR signaling and prostate
cancer growth in vitro and in vivo

Overexpression of SENP6 led to a marked
reduction in AR protein levels in LNCaP cells (Fig. 8A,
8B) and significantly suppressed cell proliferation, as
demonstrated by colony formation assays (Fig. 8C-
8E). Invasion assays further showed that SENP6
overexpression inhibited the invasive capacity of both
LNCaP and 22Rv1l cells (Fig. 8F-8H). Moreover,
SENP6 overexpression substantially decreased the
expression of AR downstream targets, including
TMPRSS2, KLK3, and NKX3-1, and this suppressive
effect became even more pronounced following DHT
stimulation (Fig. 8I-8K). Conversely, SENP6 depletion
increased the expression of these AR target genes to
varying degrees compared with the siCTL group (Fig.
S4M-540), further supporting the regulatory effect of
SENP6 on AR transcriptional activity.

To further validate the function of SENP6 in vivo,
LNCaP cells stably expressing HA-SENP6 were
injected subcutaneously into the right flank of
castrated male NOD/SCID mice, and tumors were
allowed to establish until reaching approximately 50
mm?® (Fig. 8L). SENP6-overexpressing tumors
exhibited reduced tumor growth compared with
control tumors (Fig. 8M, 8P and 8Q). IHC analysis of
the xenograft tumors showed increased SENP6
expression, reduced AR staining, and a lower
proportion of Ki-67-positive tumor cells in the SENP6-
overexpressing group (Fig. 8N-80). Together, these
findings demonstrate that SENP6 suppresses prostate
cancer cell proliferation in vitro and tumor growth in
vivo and is associated with reduced AR expression and
transcriptional activity.

Discussion

Androgen deprivation therapy (ADT) remains
the backbone of treatment for advanced prostate
cancer, yet castration-resistant prostate cancer (CRPC)
is increasingly recognized as a biologically
heterogeneous rather than uniform endpoint. Recent
molecular classifications have separated CRPC into
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AR-dependent, neuroendocrine, WNT-dependent,
and stem cell-like states, indicating that therapeutic
escape can be achieved through distinct
transcriptional programs[42]. This concept is
consistent with earlier studies showing that modest
increases in AR abundance can amplify responses to
residual androgen and promote antiandrogen
resistance, whereas TP53/RB1 loss can instead drive
lineage plasticity and transition toward AR-indifferent
states[43-45]. Our data fit this broader framework and
suggest that progression toward mCRPC may follow

branching evolutionary routes rather than a single
linear trajectory. One route may preserve AR
dependence while changing the conditions under
which AR remains transcriptionally productive,
whereas another may progressively abandon
canonical AR  signaling  through  lineage
reprogramming. Such a model may explain why
advanced tumors with similar clinical resistance to
hormonal therapy retain markedly different degrees of
AR activity.
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Figure 8. SENP6 suppresses PCa cell proliferation in vitro and in vivo. (A), (B) LNCaP cells were transfected with the indicated plasmids. Then the expression of HA-
SENP6 and AR was measured by Western blot. (C), (D) and (E) LNCaP and 22RvI cells were transfected with the indicated plasmids. Then, the cells were used for colony
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formation assays. The quantitative data are shown in (D, E). (F), (G) and (H) LNCaP and 22Rv1 cells were transfected with the indicated plasmids. Then, the cells were used
for Transwell assays (F), and the quantitative data are shown (G, H). (1), (J) and (K) LNCaP cells were transfected with the indicated plasmids. Then, the cells were harvested
for qRT—PCR analyses. (L) Schematic illustration of the in vivo experimental design. (M) The photograph of the xenografts. (N) H&E and IHC staining for SENP6, AR and
Kié7were performed. Representative images were taken from each group. Scale bars = 50 ym. (O) Ki67 positive cells in the tissue sections from (N) were quantified. The
number of positive cells from at least five fields was counted and analyzed. (P) and (Q) The tumor weight and tumor volume curve were measured and analyzed. *P < 0.05,

P <001, **P<0.001, *** P<0.0001

The ARPC3 population is particularly
informative in this regard. Its presence in localized
prostate cancer and marked enrichment in mCRPC
resemble the pre-existing CRPC-like populations
described by Cheng et al., who identified a small
fraction of highly plastic CRPC-like cells in hormone-
naive primary tumors and linked them to subsequent
resistance and disease progression [11]. However, our
cross-sectional data do not demonstrate that ARPC3 is
intrinsically resistant. A more plausible interpretation
is that ARPC3 represents a pre-existing AR-adaptable
state that gains a relative fitness advantage when
androgen availability becomes limiting. This view is
compatible with classical observations that increased
AR abundance can make low residual androgen
sufficient to maintain transcriptional output[43], as
well as with the emergence of AR-V7 during castration
resistance[46]. Thus, AR-driven resistance may
involve quantitative amplification, altered ligand
dependence, or reorganization of AR-associated
transcription rather than simple persistence of an
unchanged luminal program. The key biological
question is therefore not only whether ARPC3
survives ADT, but which molecular features allow it
to convert weak androgenic input into a productive
growth signal.

The NEPC-associated states observed in localized
disease may represent a different route of adaptation.
Genetic and epigenetic studies have established that
TP53/RB1 loss, SOX2 activation, and chromatin
reprogramming can promote lineage plasticity and
antiandrogen resistance[44, 45]. Beltran et al. further
showed that CRPC adenocarcinoma and CRPC-NE
can arise through divergent clonal evolution from a
common ancestor[47], while prospective clinical
studies have demonstrated the emergence of
treatment-related small-cell /neuroendocrine
differentiation in a subset of heavily treated
mCRPC[48]. At the same time, treatment-naive
primary tumors with small-cell/neuroendocrine-like
transcriptional features have been reported[12], and
pre-existing neuroendocrine-like populations have
been detected by single-cell analysis[11]. These
observations suggest that “neuroendocrine priming”
and “neuroendocrine commitment” may represent
distinct biological states. A localized adenocarcinoma
cell could partially activate an ASCL1/FOXA2-
associated program without fulfilling the histological
criteria for bona fide NEPC, while subsequent

treatment pressure and genomic or epigenetic
alterations may stabilize that program and promote
full lineage conversion. This interpretation reconciles
the detection of rare NEPC-associated transcriptional
states in our single-cell data with the absence of clearly
SYP-, FOXA2-, or ASCL1-positive tumor cells in our
limited LPC IHC cohort.

The spatial association between ARPC3 and
CAFs further suggests that resistance is not exclusively
cell autonomous. Prostate CAFs can modulate
hormonal adaptation through mechanisms that are
more specific than simple extracellular-matrix
accumulation. Cui et al. showed that CAF-secreted
glucosamine increases epithelial HSD3B1 expression,
enhances intratumoral androgen synthesis, and
restores AR activation under castrate conditions[49].
Other studies have implicated CD105-dependent
stromal-epithelial ~signaling in neuroendocrine
differentiation and AR-pathway adaptation [50, 51].
CAFs can also cooperate with M2 macrophages;
reciprocal signaling between these populations has
been shown to promote fibroblast activation,
macrophage polarization, and malignant behavior in
prostate cancer[52]. Together, these studies support a
more biologically plausible interpretation of our
spatial findings than a physical drug-barrier model.
We propose that the CAF-rich regions surrounding
ARPC3 constitute an AR-supportive niche in which
metabolites, steroid precursors, cytokines, and matrix-
derived cues lower the threshold of androgenic
signaling required for tumor-cell persistence. The
concurrent enrichment of M2 macrophages may
therefore reflect coordinated ecological remodeling
rather than an independent immune event.

The SUMOylation results provide a potential
intracellular counterpart to this stromal adaptation.
AR SUMOylation has often been described as
transcriptionally repressive: PIAS-mediated SUMO1
modification can suppress AR-dependent
transcription, whereas SENP1- or SENP2-mediated
deSUMOylation can  enhance selected AR
programs[53, 54]. However, genome-wide studies
have shown that SUMOylation is not a simple binary
“off” switch. AR SUMOylation can alter target-gene
selection and chromatin occupancy in a pathway-
selective manner[55], and recent chromatin-proteomic
work demonstrated extensive overlap between the
SUMO2/3 network and AR-associated transcriptional
complexes[38]. Earlier studies also suggested that
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SUMOQ2/3 can enhance endogenous AR activity in
some prostate cancer contexts[56]. These findings
indicate that the biological consequence of AR
SUMOylation depends on SUMO paralogue identity,
chain topology, chromatin context, and the
composition of the modified protein complex. This
framework helps explain why SENP6 depletion in our
study increased SUMO2/3-modified AR while also
enhancing AR-associated transcriptional output.

The distinction between SENP1 and SENP6 is
particularly informative. Androgen-activated AR
induces SENP1, and SENP1 can enhance AR-
dependent transcription by removing SUMO1 from
AR or associated regulators[54, 57]. SENP6, in
contrast, belongs to a distinct SENP subclass with a
strong preference for editing poly-SUMO2/3
chains[17]. Our rescue experiments showed that
catalytically inactive SENP6-C1030A retained AR
binding but failed to reverse the increase in AR
SUMOylation caused by SENP6 depletion, indicating
that the regulatory effect of SENP6 depends on
deSUMOylase activity rather than simply on physical
interaction. We therefore propose that different SENPs
occupy distinct positions within an “AR-SUMO
code.” SENP1 may facilitate selected androgen-
responsive programs through SUMO1 deconjugation,
whereas SENP6 may restrain the accumulation of
poly-SUMO2/3-modified AR complexes. In this
model, the direction of AR regulation cannot be
predicted by the generic terms “SUMOylation” or
“deSUMOylation”; instead, it depends on which
SUMO species is present, whether polymeric chains
form, and which SENP edits that modification.

The androgen responsiveness of SENP6 suggests
an additional regulatory layer. Previous work
established an  AR-SENP1  positive-feedback
relationship, in which androgen-activated AR induces
SENP1 and SENP1 can further enhance AR
transcription[54, 57]. Our data suggest that SENP6
may constitute a contrasting androgen-induced
negative-feedback arm: DHT increases SENP6
expression, ADT decreases it, and SENP6 restrains AR
SUMQO2/3 accumulation and AR target-gene
expression. Under androgen-replete conditions, AR
activation may therefore induce SENP6 to limit
excessive poly-SUMO2/3 modification of AR-
associated complexes. ADT would suppress the
initiating androgen signal but simultaneously reduce
this feedback restraint. In surviving cells, lower SENP6
could permit a different SUMO2/3 state of AR and
thereby alter the efficiency or selectivity of residual AR
transcription. This model offers one possible
explanation for the otherwise counterintuitive
persistence of AR output despite reduced androgen
availability. It remains a working model, however,

because our experiments do not yet establish how
SENP6 loss changes the AR cistrome. AR ChIP-seq,
CUT&RUN, or AR-centered proteomics after SENP6
perturbation will be required to determine whether
altered SUMO2/3 changes AR genomic occupancy or
cofactor recruitment.

In summary, our findings support a model in
which castration resistance develops through
divergent but potentially coexisting evolutionary
strategies. Some tumor cells may reduce their
dependence on AR through lineage plasticity, whereas
others may preserve AR signaling by exploiting pre-
existing epithelial states, stromal support, and altered
post-translational regulation. Within the latter route,
SENP6 may function as an androgen-responsive
negative-feedback regulator of poly-SUMO2/3-
dependent AR signaling. Loss of this restraint during
androgen deprivation, together with an AR-
supportive stromal niche, may facilitate persistence of
AR-driven tumor cells under therapeutic pressure.
This framework shifts the interpretation of mCRPC
from a uniform androgen-independent endpoint
toward an ecosystem of distinct resistance states that
may require different therapeutic strategies.
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