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HIGHLIGHTS

e Developed the BMRPS, a bone
metastasis-related risk model for PCa.

o BMRPS demonstrates strong predictive
ability for PCa prognosis.

e BMRPS accurately predicts prognosis in
PCa with bone metastasis.

e BMRPS effectively forecasts anti-
androgen resistance in PCa.

e AZD8186 shows promise as a personal-
ized therapy linked to BMRPS in PCa.

ARTICLE INFO

Keywords:

Prostate cancer

Bone metastasis
Prognostic gene signature
Anti-androgen resistance
Personalized medicine

* Corresponding authors.

GRAPHICAL ABSTRACT

of BMRGs and i clusters
P -\taane metastasis . — =
( \ 34)? | < GSE32269 117 coneonsls
( P S
\ | WGCNA M7+ _clustering
A | < GSE77930  PEG 4
Construction of prognostic model
s ——
Model evaluation Nomogram
e
e o et - == :=
infilration = o] | -
T
S== Validation cohort
——
T . O Y
= i
IF kel resistance Drug choice. = :
st

ABSTRACT

Objective: Prostate cancer (PCa) often metastasizes to the bone, posing a significant clinical challenge. This study
aims to develop a bone metastasis-related risk model for PCa.

Methods: Bone metastasis-related genes (BMRGs) were identified through a combination of differential gene
expression analysis and WGCNA using GSE32269 and GSE77930 datasets. Consensus clustering analysis was
employed to determine the significance of these genes in molecular subtyping of PCa. LASSO-Cox regression
analysis was utilized to construct the bone metastasis-related prognostic gene signature (BMRPS). The predictive
performance of BMRPS was assessed using ROC curves, Kaplan-Meier survival curves, and a predictive nomo-
gram. The immune landscape heterogeneity of subgroups was analyzed using CIBERSORT, ESTIMATE, and xCell
algorithms. Drug sensitivity and molecular docking analysis were performed to identify drugs associated with
BMRPS.

Results: Forty-four BMRGs associated with the prognosis of PCa were identified. Consensus clustering revealed
the pivotal role of these genes in stratifying PCa into three distinct prognostic clusters. The BMRPS, consisting of
14 BMRGs, demonstrated excellent predictive accuracy for prognosis and served as an independent prognostic
factor in PCa. BMRPS effectively predicted the overall survival of bone metastatic PCa and differentiated bone
metastasis from other metastatic types. BMRPS showed a close correlation with the immune landscape and
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immunotherapeutic response biomarkers. Additionally, BMRPS was associated with anti-androgen resistance,
and AZD8186 was identified as a potential BMRPS-related drug that holds promise for personalized treatment in

PCa.

Conclusion: BMRPS facilitates the prediction of prognosis and resistance to anti-androgens in PCa. It also offers
insights into the molecular mechanisms of bone metastasis and aids in drug selection for the treatment of PCa.

1. Introduction

Prostate cancer (PCa) is a significant health concern affecting the
male urinary system, ranking as the second leading cause of cancer-
related deaths among men [1]. The standard treatments for localized
PCa include surgery, radiotherapy, and active surveillance [2]. In cases
of metastatic PCa, androgen deprivation therapy (ADT) plays a central
therapeutic role, as androgens are crucial in driving PCa cell growth [3].
While many patients initially respond to ADT, a significant number
progress to castration-resistant PCa (CRPC) due to intratumoral
androgen production and aberrant activation of the androgen receptor
(AR) [4,5]. CRPC is characterized by castration-level serum testosterone
accompanied by biochemical recurrence (BCR) or disease progression
on imaging [6]. Metastatic CRPC (mCRPC) represents the advanced
stage of PCa and correlates with high mortality rate [7]. The first-line
drugs for mCRPC include androgen receptor signaling inhibitors
(ARSIs) such as enzalutamide and abiraterone [8]. Enzalutamide
competitively inhibits androgen binding to the receptor and disrupts
nuclear transport and DNA interaction [9]. Abiraterone inhibits
CYP17A1, reducing androgen synthesis [10]. Inhibiting the AR signaling
pathway effectively suppresses tumor growth, providing clinical bene-
fits to patients [11,12]. However, the emergence of anti-androgen
resistance poses a significant challenge [13], emphasizing the neces-
sity for predictive indicators and a deeper understanding of the mech-
anisms underlying drug resistance.

PCa exhibits a notable predilection for bone metastasis, with
approximately 70 % of PCa cases and up to 90 % of advanced PCa cases
manifesting bone involvement [14]. PCa patients with bone metastasis
typically face a median survival of under three years, with an average 5-
year survival rate of merely 3 % [15]. Bone metastasis engenders severe
complications such as bone disease, pathological fractures, spinal cord
compression, hypercalcemia [16]. However, there is currently no spe-
cific effective treatment for bone metastasis in PCa, and the exact mo-
lecular mechanisms driving bone metastasis remain incompletely
understood. In recent years, numerous studies have highlighted the
pivotal role of the bone microenvironment in bone metastasis [17-19].
Interactions between cancer cells and the bone microenvironment
contribute to the progression of bone metastasis [20]. Various constit-
uents of the bone microenvironment, including mesenchymal stem cells
(MSCs), bone marrow stromal cells, osteoblasts, and osteoclasts,
contribute to the processes of colonization, dormancy, activation, and
bone remodeling associated with bone metastasis [20]. Moreover, the
bone microenvironment creates conducive conditions for the establish-
ment of distant metastases in PCa [17]. Historically, the immunosup-
pressive nature of the bone metastatic microenvironment in PCa led to it
being termed an “immune desert,” with limited response to immune
checkpoint therapy [21]. Notably, macrophage infiltration within the
bone metastasis tumor microenvironment has emerged as a critical
factor in tumor progression and resistance to ARSIs like enzalutamide
[22]. Despite the high incidence and immense challenges posed by bone
metastasis, the development of molecular predictive models specifically
tailored to PCa prognosis, bone metastasis, therapeutic response remains
inadequate.

In the present study, we identified a gene set related to bone
metastasis and assessed their significance in PCa progression through
consensus clustering analysis. Subsequently, we developed a bone
metastasis-related prognostic gene signature (BMRPS) and demon-
strated its robust predictive value for PCa prognosis. Furthermore, we

investigated the correlation between BMRPS and bone metastasis, im-
mune landscape, anti-androgen resistance, and drug choice in PCa.
These discoveries collectively provide new perspectives on the pro-
gression, bone metastasis, and potential personalized treatment for PCa.

2. Method
2.1. Publicly available datasets

The GSE32269 and GSE77930 datasets containing primary and bone
metastasis PCa samples were used to identify bone metastasis-related
genes (BMRGs). The gene expression profiling of 52 normal tissues
and 502 PCa tissues in the TCGA-PRAD cohort was downloaded from
The Cancer Genome Atlas database (TCGA, https://portal.gdc.cancer.
gov/). After data cleaning, a total of 491 PCa samples in the TCGA-
PRAD cohort were included as a training cohort. The GSE21034 (n =
140) and GSE70770 (n = 203) datasets were applied as external vali-
dation cohorts. The GSE74685 and GSE66187 datasets containing
samples from multiple organ metastases were used to compare the risk
scores of different types of metastatic PCa samples. GSE32269,
GSE77930, GSE21034, GSE70770, GSE74685 and GSE66187 datasets
were downloaded from the Gene Expression Omnibus database (GEO,
https://www.ncbi.nlm.nih/). In addition, SU2C dataset with mCRPC
samples and clinical data on lethality was downloaded from the cBio-
portal database (https://www.cbioportal.org/). After excluding samples
without prognostic data, a total of 73 mCRPC samples (including bone,
liver, lung, and lymph node metastases) were included in this study.
Additionally, after excluding missing data, the time on treatment for
first-line ARSIs for 55 patients in the SU2C cohort, as reported in Abida
W’s study, was included in this study [23]. The expression profiles of
proteins encoded by BMRPS-based genes in normal and PCa samples
were downloaded from The Human Protein Atlas database (THPA,
https://www.proteinatlas.org).

2.2. Differential gene expression and gene enrichment analysis

The differential gene expression analysis was performed using
“Limma” R package. Significant differentially expressed genes (DEGs)
between primary and bone metastatic PCa in GSE32269 and GSE77930
were considered as those with [logs fold change| > 1 and p-values <
0.05. DEGs between the low- and high-risk groups of TCGA-PRAD cohort
were considered as those with |log; fold change| > 0.7 and p-values <
0.05. Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes
(KEGG), and Gene Set Enrichment Analysis (GSEA) were performed by
the “clusterProfiler” R package. GO and KEGG analyses were conducted
to identify biological processes and signaling pathways linked with
DEGs. GSEA was utilized to explore the enrichment status of specific
signaling pathway. We also performed comprehensive gene enrichment
analysis through the Metascape database (https://metascape.org/gp)
[24].

2.3. Weighted gene co-expression network analysis (WGCNA)

WGCNA was utilized to identify gene modules associated with bone
metastasis based on the GSE32269 and GSE77930 using the “WGCNA” R
package [25]. Initially, the top 6000 genes in GSE32269 and GSE77930,
based on average gene expression, were included in the WGCNA to
construct a gene co-expression network. Outlier samples were removed
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based on clustering results. Subsequently, the adjacency matrix was
transformed into a topological overlap matrix using an optimal soft
threshold. The topological overlap matrix-based phase dissimilarity
metric analysis was employed to detect gene modules, ensuring each
module contained no fewer than 30 genes. Finally, correlations between
modules and disease trait were established, with the module demon-
strating the strongest association with bone metastasis selected as the
key module for subsequent analysis.

2.4. Consensus clustering based on bone metastasis genes

The BMRGs were identified as the overlapping DEGs in the
GSE32269 and GSE77930 datasets, as well as shared genes within the
key modules obtained from WGCNA. Then, the BMRGs associated with
DFS of PCa in the TCGA-PRAD training cohort were identified using
univariate Cox regression analysis. Subsequently, these genes were then
incorporated into the consensus clustering analysis using the “Con-
sensusClusterPlus” R package [26]. The optimal number of clusters was
determined based on the cumulative distribution function (CDF) and the
relative change in the area under the CDF curve. Principal Component
Analysis (PCA) was employed to visualize differences in sample distri-
butions across clusters. The Kaplan-Meier survival curves were utilized
to assess variations in survival outcomes among different clusters.
Additionally, single sample GSEA (ssGSEA) was performed to evaluate
the differences in the activity of osteoclast-related signaling pathways
(Supplementary Table 3) among the consensus clusters.

2.5. Immune landscape analysis

The infiltration abundance of immune cells and stromal cells was
assessed using the CIBERSORT and xCell algorithms. Additionally, the
ESTIMATE score, immune score, and stromal score of these cases were
calculated using the ESTIMATE algorithm. The CIBERSORT, xCell, and
ESTIMATE algorithms [27] were implemented using the “CIBERSORT,”
“xCell,” and “estimate” R packages, respectively.

2.6. Construction and validation of prognostic gene signature

The least absolute shrinkage and selection operator (LASSO)-Cox
regression analysis was employed to construct the bone metastasis-
related prognostic gene signature (BMRPS). Initially, the “glmnet” R
package was utilized for LASSO-Cox regression analysis, leveraging data
from the TCGA-PRAD cohort. The expression levels of included genes
and their corresponding weighted coefficients were then used to
construct the BMRPS model using the formula: BMRPS =} (expression
of gene; x Coefficient of gene;). Subsequently, the cases were stratified
into low- and high-risk groups based on the median BMRPS score.
Kaplan-Meier curves, generated using the “survival” and “survminer” R
packages, were utilized to analyze the survival outcomes of the low- and
high-risk groups. Moreover, the receiver operating characteristic (ROC)
curves and the areas under the curves (AUC) were evaluated using the
“pROC” and “timeROC” R packages to assess the specificity and sensi-
tivity of the BMRPS in predicting prognosis of PCa. The same methods
were performed on the GSE21034 and GSE70770 external validation
cohorts.

2.7. Construction and validation of nomogram

To assess whether BMRPS serves as an independent factor for DFS of
PCa, we performed univariate and multivariate Cox regression analyses.
BMRPS score, age, Gleason score, pathological T stage, pathological N
stage, and prostate-specific antigen (PSA) level were included as cova-
riates. Next, we incorporated the independent predictors identified from
these analyses to construct a nomogram utilizing the “rms” R package.
Calibration curves were utilized to assess the consistency between actual
and predicted survival outcomes, while ROC curves were employed to
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evaluate the specificity and sensitivity of the nomogram. Additionally,
the AUC values of the nomogram and its included parameters were
compared at various time points.

2.8. Genomic heterogeneity analysis

The tumor mutation burden (TMB) and microsatellite instability
(MSI) of cases within the TCGA-PRAD cohort were compared between
the low- and high-risk groups. Furthermore, copy number variation data
were obtained from the TCGA database and analyzed using the “maf-
tools” R package. The mutation landscape of the top 20 mutated genes
was compared between the low- and high-risk groups using the “onco-
plot” R package.

2.9. Drug sensitivity analysis

The drug sensitivity prediction training set, consisting of 987 cell
lines and their sensitivity data to 367 compounds, was obtained from the
Genomics of Drug Sensitivity in Cancer (GDSC) database (https://www.
cancerrxgene.org/) [28]. Subsequently, the “oncoPredict” R package
was employed to compute the drug sensitivity score of tissues in the
TCGA-PRAD cohort, utilizing the information from the training set [29].

2.10. Molecular docking

The structures of the proteins encoded by BMRPS-based genes were
retrieved from the AlphaFold Protein Structure Database (AlphaFold DB,
https://alphafold.ebi.ac.uk) [30] and used as receptors. The structure of
AZD8186 was obtained from the PubChem database (https://pubchem.
ncbi.nlm.nih.gov/) and used as a ligand. AutoDock software (version
1.5.7) was used to accomplish the removal of water molecules, hydro-
genation, prediction of docking sites for core targets, and molecular
docking [31]. Finally, the optimal binding energy of the top 10 core
components was visualized by PyMOL (version 2.5.3) [32].

2.11. Statistical analysis

Statistical analysis was conducted using R software (version 4.3.1)
and GraphPad Prism (version 8.0.2). The “psych” R package was utilized
to calculate correlation coefficients and assess statistical significance.
Kaplan-Meier survival analysis employed the log-rank test. For two-
group comparisons, the t-test was employed for continuous variables,
whereas the chi-squared test was applied for categorical variables in
three-group comparisons. A p-value less than 0.05 was considered sta-
tistically significant.

3. Results
3.1. Identification of BMRGs

The workflow chart of this study was shown in Fig. 1. We identified
220 up-regulated and 313 down-regulated DEGs between bone meta-
static PCa samples and primary PCa samples in GSE32269, and 2214 up-
regulated and 1511 down-regulated genes in GSE77930 (Fig. 2A). Ac-
cording to the Venn tool, GSE32269 and GSE77930 shared 72 up-
regulated DEGs and 23 down-regulated DEGs (Fig. 2B). Next, we per-
formed WGCNA to identify hub gene module associated with bone
metastasis. Following the original sample outlier test, 49 samples in
GSE32269 and 40 samples in GSE77930 were included in WGCNA,
respectively (Fig. S1A). After selecting the optimal soft threshold, a total
of 11 and 7 modules were identified in GSE32269 and GSE77930,
respectively (Fig. S1B and S1C). The correlation between the modules
and disease trait was then examined (Fig. 2C and 2D). The turquoise
module in GSE32269 (R = 0.83, P < 0.0001) and the yellow module in
GSE77930 (R = 0.89, P < 0.0001) with the highest correlation coeffi-
cient were chosen as the key modules. The 714 genes in the turquoise
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Fig. 1. The work flow chart of this study.

module and 417 genes in the yellow module exhibited strong correla-
tions not only within their corresponding modules but also with bone
metastasis (Fig. 2E and 2F). Subsequently, 22 shared genes were iden-
tified between the two key modules (Fig. 2G), which did not overlap
with the shared DEGs of GSE32269 and GSE77930. Therefore, a total of
117 genes were recognized as bone metastasis-related genes (BMRGs)
(Supplementary Table 1). Importantly, GO enrichment analysis revealed
the association of these genes with “extracellular matrix organization”,
“ossification”, “neutrophil degranulation”, ‘“neutrophil activation
involved in the immune response”, and “response to mechanical stim-
ulus” (Fig. 2H). Additionally, KEGG enrichment analysis indicated their
involvement in “ECM-receptor interaction”, “cholesterol metabolism”,
“Focal adhesion”, and “osteoclast differentiation” (Fig. 2I). These find-
ings highlight the critical role of BMRGs in the process of bone metas-
tasis, and these genes potentially impact the advancement of bone
metastasis through the regulation of extracellular matrix remodeling.

3.2. Identification of BMRGs-related clusters

Among the 117 BMRGs, 44 were associated with the disease-free
survival (DFS) of PCa according to the univariate Cox regression anal-
ysis (Supplementary Table 2). We then performed consensus clustering
analysis to further identify the significance of these genes in molecular
subtyping of PCa. Based on the CDF and the relative change of the area
under the CDF curve, the TCGA-PRAD cohort was successfully stratified
into three clusters by the 44 BMRGs (Fig. 3A-3C). Cluster 1 comprises
173 cases of PCa, Cluster 2 comprises 166 cases, and Cluster 3 comprises
152 cases. The result of Principal Component Analysis (PCA) indicated a
distinct distribution of the three clusters, suggesting different expression
patterns of these 44 genes among the three clusters (Fig. 3D). Impor-
tantly, the result of Kaplan-Meier survival analysis demonstrated a

significant difference in DFS among the three clusters, with Cluster 1
having the best prognosis and Cluster 3 having the worst (Fig. 3E).
Further analysis revealed that the cluster with a poorer prognosis had a
higher proportion of patients with higher Gleason score (Fig. 3G),
advanced pathological T stage (Fig. 3H), advanced pathological N stage
(Fig. 3I), and disease progression or recurrence (Fig. 3J). We further
compared the differences in the immune landscape among the three
clusters based on ESTIMATE algorithm, revealing significant disparities
in immune score, stromal score, and ESTIMATE score (Fig. 3F). Inmune
infiltration analysis revealed that the cluster with a poorer prognosis
was accompanied by a higher abundance of M2 macrophages and lower
abundance of plasma cells and resting mast cells (Fig. 3K). Furthermore,
GSEA indicated that “chemokine signaling pathway,” “cytokine-cyto-
kine receptor interaction,” “leukocyte transendothelial migration,” and
“osteoclast differentiation” signaling pathway were activated in the
combined Clusters 2 and 3 compared to Cluster 1 (Fig. 3L). Further
ssGSEA revealed that osteoclast-related signaling pathways were
significantly enriched in the combined Clusters 2 and 3 compared to
Cluster 1 (Fig. S1D), suggesting that these consensus clusters may have a
higher predisposition to bone metastasis [33]. Collectively, these results
further demonstrate the crucial roles of the 44 BMRGs in the progression
and bone metastasis of PCa.

3.3. Construction and validation of BMRPS

LASSO-Cox regression analysis was then performed based on the
expression of the 44 BMRGs in the TCGA-PRAD cohort, resulting in the
selection of 14 genes: COL11A1, HNRNPAB, STAB1, ADORA3, OLFML3,
CDCA3, AIDA, MYH11, KBTBD11, MT1E, MRPL33, EFR3A, ACYP1, and
LMNB2, to construct the BMRPS (Fig. 4A and 4B). In the TCGA-PRAD
cohort, HNRNPAB, CDCA3, KBTBD11, ACYP1, and LMNB2 were
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clusters. (E) Kaplan-Meier survival analysis for the three clusters. (F) Differences of tumor microenvironment scores among the three clusters according to ESTIMATE
algorithm. (G-J) Differences in clinicopathological features among the three clusters. (K) Differences in immune cells infiltration among the three clusters based on
CIBERSORT algorithm. (L) GSEA for illustrating signaling pathway. *, P < 0.05; **, P < 0.01; ***, P < 0.001; ns, not significant.
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found to be up-regulated in the PCa compared to the normal prostate,
and OLFML3, AIDA, MYH11, MT1E, and EFR3A were found to be down-
regulated (Supplementary Fig. 2A). Additionally, the protein expression
profiles in the THPA database revealed higher expression of HNRNPAB,
LMNB2, and ACYP1, and lower expression of AIDA, MYH11, MT1E, and
EFR3A in PCa compared to normal prostate tissue (Supplementary
Fig. 3B). Subsequently, the gene expression of the 14 BMRGs and their
LASSO-Cox coefficients and were extracted to construct the bone
metastasis-related prognostic gene signature (BMRPS) based on the

A.
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TCGA-PRAD cohort according to the following formula: BMRPS =
COL11A1 x 0.030 + HNRNPAB x 0.307 + STAB1 x 0.312 + ADORA3
% 0.051 + OLFML3 x (—0.018) + CDCA3 x 0.085 + AIDA x 0.125 +
MYH11 x (—0.013) + KBTBD11 x (—0.043) + MTI1E x (—0.024) +
MRPL33 x 0.197 + EFR3A x (—0.052) + ACYP1 x 0.328 + LMNB2 x
0.335 (Fig. 4C). The TCGA-PRAD cohort was then stratified into low-
and high- risk group based on the medium BMRPS score. The high-risk
group demonstrated a higher proportion of disease progression or
recurrence and shorter DFS time compared to the low-risk group, in

B.

Pvalue HR Pvalue HR
. . .150-10. . —— ,
BMRPS <0.001 6.538(4.150-10.300) ' BMRPS <0.001 4.348(2.413-7.833) | —_—
Age 0095  1.027(0.995-1.060) m |
. Gleason  0.018 1.429(1.063-1.921)  'm-
Gleason  <0.001 2.190(1.763-2.721) E e E
E pN stage 0.369 0.784(0.461-1.333) :—c
pN stage  0.029 1.726(1.056-2.819) H— !
E pT stage 0.049 1.984(1.003-3.923) E—.—c
pT stage <0.001  3.687(2.081-6.534) Lo |
PSA 0.002 1.048(1.017-1.080) I- PSA 0.325 1.018(0.982-1.055) *
[ | I 1
(lJ 2| 1 1 1|0 HR 0 2 4 6 HR
0 10 20 30 40 50 60 70 80 90 100 9 — r T Rt
Points . ) = i - i > T
] . ‘ ‘ ‘ i /l o | /1 =5 [ '/I
BMRPS 45 5 55 6 65 7 75 8 85 9 g8 g° g gl =
6 7 8 9 10 @ P ///1 2~ !
Gleason I =4 oo - G o
pTstage 12 > § ° { P § ~] ,,// § 2
Total Points ¢ 1 20 30 40 50 60 70 80 90 100 110 120 130 g — 4—Year 8 ol L// — 3Year £31]  5vear
1-year 0.99 09 08 070605 84 deal Line ° J deal Line 3 deal Line
3-year 08 06 04 02 0.86 088 090 092 0.94 0.96 098 060 065 0.70 075 0.80 085 0.90 095 05 06 o7 08 09
v 0.99 0.9 0.7 05 03 01 Nomogram predicted 1 year DFS (%) Nomogram predicted 3 year DFS (%) Nomogram predicted 5 year DFS (%)
07 05 03 01
5-year 089 ' 08 06 04 02 005

Time—-AUC curve

G.

Ea ol — Nomogram
- — BMRPS
o 0.9-
=u |
° )
> =
= ©
e 2 o =
2 B ° O o8-
7] c 2
S o) <
N < Nomogram (7] <
o AUC: 0.770 e
N AUC at 1 Year: 0.800 07-
R =y — AUC at 3 Year: 0.772
—— AUC at 5 Year: 0.768
37 © T T T T T T 06 .
0.0 02 04 06 038 1.0 : : ; .
00 02 04 06 08 10 e 2.5 5.0 7.5 10.0
1 - Specificitv 1-Specificity DFS time(years)

Fig. 5. Construction and validation of nomogram. (A) and (B) Forest plots of univariate (A) and multivariate (B) Cox regression analysis. (C) A prognostic nomogram
based on BMRPS, Gleason score, and pathological T stage. (D) Calibration curves for evaluating the accuracy of the nomogram. (E) and (F) ROC curves (E) and time-
dependent ROC curves (F) of the nomogram for predicting DFS. (G) Time-dependent AUC curves of the nomogram, BMRPS, Gleason score, and pathological T stage

for predicting DFS.



Y. Luo et al.

accordance with the increasing risk score (Fig. 4D and Supplementary
Fig. 2C). Importantly, ROC curve showed an AUC of 0.735 (Fig. 4F), and
the time-dependent ROC curves indicated the AUC at 1, 3, and 5 years
were 0.774, 0.765, and 0.74 for BMRPS in predicting DFS, respectively
(Fig. 4G), indicating excellent sensitivity and specificity. We further
plotted a curve of AUC values over time, where AUC values remain
consistently above 0.7 over 1 to 10 years (Fig. 4H), indicating excellent
stability of BMRPS. Then, Kaplan-Meier survival curves revealed a
significantly worse prognosis for the high-risk group compared to the
low-risk group (P < 0.0001) (Fig. 4I). Further analysis revealed that
BMRPS score was associated with N stage (Fig. 4J), T stage (Fig. 4K), and
Gleason score (Fig. 4L). The applicability of BMRPS was comprehen-
sively assessed using GSE21034 and GSE70770 external validation co-
horts, demonstrating good performance (Supplementary Fig. 3A-3H).
Furthermore, the DEGs between the low- and high- risk groups were
closely correlated with “NABA CORE MATRISOME” (Fig. 4E), which is

A. C.

GSE32269

Sk

GSE74685
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an ensemble of genes encoding core extracellular matrix. This associa-
tion offers molecular mechanistic insights into the elevated risk associ-
ated with BMRPS. Taken together, these results demonstrated the
valuable predictive efficiency in assessing the prognosis of PCa.

3.4. Construction and validation of nomogram

To identified whether BMRPS is an independent risk parameter of
DFS in PCa, we performed univariate Cox and multivariate Cox regres-
sion analysis in TCGA-PRAD cohort. Univariate Cox analysis revealed
that BMRPS, Gleason score, T stage, N stage, and PSA level were asso-
ciated with DFS of PCa (Fig. 5A). Multivariate Cox regression analysis
identified BMRPS, Gleason score, and T stage as independent prognostic
parameters of DFS in PCa (Fig. 5B). Subsequently, we included these
three factors to construct a nomogram, as shown in Fig. 5C. Calibration
curves were then constructed to assess the nomogram’s accuracy,
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demonstrating a good fit between predicted probabilities of 1-, 3-, and 5-
year DFS and observed survival rates (Fig. 5D). The ROC curve for the
nomogram showed an AUC of 0.770 in predicting DFS (Fig. 5E). The
time-dependent ROC curves indicated AUC values of 0.8, 0.772, and
0.768 at 1, 3, and 5 years, respectively (Fig. 5F). Additionally, we
compared AUC values over time for the nomogram, BMRPS, Gleason
score, and T stage, revealing consistently higher AUC values for the
nomogram compared to BMRPS, Gleason score, and T stage over 1 to 10
years (Fig. 5G). These results collectively showcase the outstanding
predictive capability and long-term reliability of the predictive
nomogram.

3.5. BMRPS is correlated with the prognosis of patients with bone
metastasis

We next explored the association of BMRPS with bone metastasis.
First, we conducted ROC curve using the BMRPS risk score to differen-
tiate between sample types (primary and bone metastatic). The results
indicated that the BMRPS score exhibited excellent discriminative
ability, with AUC values of 0.967 and 0.934 in the GSE32269 and
GSE79930 datasets, respectively (Fig. 6A and 6B). This demonstrates
that BMRPS has strong predictive performance in distinguishing normal
tissues from bone metastatic tumors. Furthermore, we compared BMRPS
scores among multiple organ metastases of PCa in GSE74685 and
GSE66187 datasets. Interestingly, the BMRPS score was significantly
higher in bone metastatic tissues compared to liver, lung, lymph node,
and other soft tissue metastases (Fig. 6C and 6D). The distribution of
bone metastasis samples in the PCA space is notably distinct from that of
other metastatic tissues, showing clear spatial separation (Fig. 6E and
6F). These results indicate that the expression patterns of BMRPS-based
gene in bone metastases differ significantly from those in other types of
metastatic tissues, suggesting a strong association between altered
BMRPS-based gene expression and bone metastasis. Then, we explored
the association of BMRPS with the prognosis of patients with bone
metastasis in the SU2C dataset. As shown in Fig. 6G, higher proportion
of deaths and shorter overall survival (OS) time in the high-risk group
were observed compared to the low-risk group. In addition, the time-
dependent ROC curves for BMRPS in predicting OS revealed AUCs of
0.79, 0.833, and 0.711 at 1, 3, and 5 years, respectively (Fig. 6H).
Interestingly, Kaplan-Meier survival analysis indicated that a higher
BMRPS score was associated with OS of bone metastasis (Fig. 5J), but
not in other metastatic cases combined (liver, lung, and lymph node
metastases) (Fig. 5I). Taken together, these findings suggest that
BMRPS-based genes may play a critical role in the process of bone
metastasis, and BMRPS could serve as a valuable indicator for predicting
the prognosis of PCa with bone metastasis.

3.6. The association of BMRPS with immune landscape and
immunotherapeutic biomarkers

Bone metastasis is closely linked to immune-related processes [20],
and bone metastasis tumor microenvironment has been reported to be
immunosuppressive [34]. Therefore, we explored the relationship be-
tween BMRPS and the immune landscape of PCa. As depicted in Fig. 7A,
BMRPS showed significant correlation with immune score, stroma score,
and ESTIMATE score in PCa. Further analysis revealed that the high-risk
group exhibited higher infiltration levels of immunosuppressive cells
including macrophages, endothelial cells, and MSCs compared to the
low-risk group (Fig. 7B). Additionally, the high-risk group showed
significantly higher expression of immune checkpoint genes, such as
CTLA4, CD276, and PDCD1, compared to the low-risk group (Fig. 7C).
Moreover, the high-risk group demonstrated significantly higher tumor
mutation burden (TMB) (Fig. 7D) and microsatellite instability (MSI)
(Fig. 7E) compared to the low-risk group. Furthermore, oncoplots
revealed that the top 20 mutated genes were more frequently mutated in
the high-risk group, with notable prominence observed in genes such as
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TP53, SPOP, TTN, and KMT2D (Fig. 7F). These findings collectively
suggest that BMIRPS is associated with immunosuppressive and multiple
biomarkers of immunotherapeutic response, indicating its potential as a
valuable indicator for immunotherapy.

3.7. BMRPS is associated with anti-androgen resistance

Macrophage is the key stroma cell type significantly enriched in
bone-metastatic PCa compared with primary tumor and metastases in
other organs. Besides, macrophage promoted anti-androgen resistance
in bone metastasis by regulating ECM-receptor interaction of PCa cells
[22]. In our study, we observed a significant increase in macrophage
infiltration in the high-risk group (Fig. 7B), and BMRPS exhibited a
significantly ~positive correlation with macrophage infiltration
(Fig. 8A-C). Besides this, BMRPs was highly related to “NABA_COR-
E_MATRISOME” (Fig. 4E). The androgen response signaling pathway
was found to be suppressed in the high-risk group in the TCGA-PRAD
cohort (Fig. 8D). These prompted us to explore the association be-
tween BMRPS and anti-androgen resistance in PCa. Analyzing data from
55 patients treated with first-line androgen receptor signaling inhibitors
(ARSIs) in the SU2C dataset, we stratified the patients into low- and
high-risk groups based on their median BMRPS scores. A higher rate of
drug withdrawal (indicating resistance) [22] and a shorter duration of
ARSIs treatment were observed in the high-risk group compared to the
low-risk group (Fig. 8E). The time-dependent ROC curves for predicting
ARSIs resistance displayed AUC values of 0.706, 0.742, and 0.749 at 6,
18, and 24 months, respectively (Fig. 8F), with AUC values almost
consistently exceeding 0.7 within 30 months (Fig. 8G). Furthermore, the
high-risk group exhibited a shorter duration of ARSIs treatment than the
low-risk group, suggesting an increased likelihood of developing resis-
tance to ARSIs among these patients (Fig. 8H). For further substantia-
tion, we compared the drug sensitivity of bicalutamide (one of ARSIs)
between high-risk and low-risk groups in the TCGA and SU2C cohorts.
The results indicate that regardless of whether it is primary PCa in the
TCGA-PRAD cohort or mCRPC in the SU2C cohort, the high-risk group
exhibit significantly lower sensitivity to bicalutamide compared to the
low-risk group (Fig. 8I). Besides this, BMRPS was negatively correlated
with bicalutamide sensitivity both in TCGA-PRAD (R = —0.15, P =
0.000819) and SU2C cohorts (R = —0.38, P < 0.0001) (Fig. 8J and 8K).
Collectively, these findings underscore BMRPS as a reliable predictor for
anti-androgen resistance.

3.8. Identification of AZD8186 as a potential drug associated with
BMRPS

To explore the value of BMRPS in personalized and precision treat-
ment of PCa, we compared the drug sensitivity of the low- and high-risk
groups in the TCGA-PRAD cohort to 10 anti-PCa drugs previously re-
ported [35,36]. Compared to the low-risk group, the high-risk group
exhibited lower sensitivity to most of these drugs, but exhibited higher
sensitivity to AZD8186 (Fig. 9A). Furthermore, BMRPS showed positive
correlation with the sensitivity of AZD8186 (R = 0.24, P < 0.0001)
(Fig. 9B). We therefore further evaluated the affinity of AZD8186 to the
proteins encoded by the BMRPS-based genes using molecular docking
analysis. The results revealed that AZD8186 could form stable hydrogen
bonds with these proteins, with a minimum binding energy of less than
—5 kecal/mol in 13 out of 14 conformations (Fig. 9C), indicating a high
degree of stability in the interaction between AZD8186 and the proteins
encoded by BMRPS-based genes. The top 10 conformations with the
lowest binding energies based on hydrogen bonding are illustrated in
Fig. 9D. Taken together, these findings suggest that AZD8186 could be
considered as an alternative treatment option associated with BMRPS.

4. Discussion

Bone metastasis remains a significant clinical challenge due to its
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Fig. 7. The association of BMRPS with immune landscape and immunotherapeutic biomarkers. (A) Correlations of BMRPS with immune score, stromal score and
ESTIMATE score. (B) The box plots illustrating the differences in immune cell and stromal cell infiltration levels between the low- and high-risk groups of TCGA-
PRAD cohort based on xCell algorithm. (C) Comparing the expression of immune checkpoint genes between the high- and low-risk groups of TCGA-PRAD
cohort. (D) and (E) Comparing TMB and MSI between the high- and low-risk groups of TCGA-PRAD cohort. (F) The oncoplots of the top 20 mutated genes in the

high-and low-risk groups. *, P < 0.05; **, P < 0.01; ***, P < 0.001;
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Fig. 9. Identification of AZD8186 as a potential drug associated with BMRPS. (A) Box plots showing the sensitivity score of the low- and high-risk groups of TCGA-
PRAD cohort to 10 anti-PCa drugs previously reported. (B) Scatter plots showing the correlation between BMRPS and the sensitivity score of AZD8186 in the TCGA-
PRAD cohort. (C) The minimum binding energies of the optimal conformation of the docking between AZD8186 and the proteins encoded by the BMRPS-based genes.
(D) Conformations of AZD8186 binding to proteins encoded by BMRPS-based genes via hydrogen bonding. The top 10 conformations with the lowest binding
energies were shown.

intricate interplay with the tumor microenvironment and its resistance
to conventional treatments [37]. Unraveling the molecular intricacies of
bone metastasis holds promise for developing targeted therapies that
could potentially improve patient outcomes and quality of life. The high

propensity of PCa for bone metastasis motivated the development of the

BMRPS based on BMRGs, which demonstrates excellent predictive value

and stability in forecasting prognosis of PCa with bone metastasis.
BMRPS shows close correlation with bone metastasis tissue and serves as
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a reliable indicator for prognosis of patients with bone metastasis.
Therefore, our study provides valuable insights into the molecular
mechanisms driving PCa dissemination to bone.

In this study, the BMRGs were enriched in “extracellular matrix or-
ganization,” “extracellular structure organization,” “ECM-receptor
interaction,” and the increased BMRPS risk was closely associated with
“NABA CORE MATRISOME”. As an important component of both the
tumor and bone microenvironments, extracellular matrix is linked to
numerous cellular processes in tumor cells, including cell adhesion,
differentiation, migration, and angiogenesis [38], and it provides sub-
stantial support for the colonization of bone metastatic tumor cells [39].
To date, several studies have demonstrated a connection between ECM
remodeling and bone metastasis in PCa. For example, PCa cells with
bone metastatic potential exhibit a propensity to diminish their adhe-
sion to the ECM, facilitating their entry into the bloodstream or
lymphatic circulation. This process culminates in their homing to the
bone marrow, where they establish secondary tumors [40,41]. More-
over, as pivotal bone cells involved in bone remodeling, osteoclasts and
osteoblasts contribute to ECM remodeling and the vicious cycle of bone
metastasis [38,42]. PCa cells disrupt the balance between bone resorp-
tion by osteoclasts and bone formation by osteoblasts, fueling tumor
progression within the bone microenvironment [43]. Therefore,
elevated BMRPS risk may be associated with the remodeling of the
extracellular matrix, potentially increasing the likelihood of bone
metastasis. The BMRPS-based genes are expected to become special
therapeutic targets in the progression of bone metastasis in PCa.

The loss of PTEN has been associated with the progression and poor
clinical outcomes of PCa [44]. Increased PI3K signaling resulting from
PTEN loss is implicated in the development of various solid tumors,
including PCa [45]. AZD8186, a potent and selective PI3Kf inhibitor,
has been extensively studied in PCa. In preclinical models of PTEN-
negative PCa, AZD8186 combined with ADT has demonstrated high
efficacy [46]. Furthermore, combining AZD8186 with ARSIs, docetaxel,
and the mTOR inhibitor vistusertib has shown increased antitumor ac-
tivity in an additive manner in PTEN-negative PCa [36,47,48]. Impor-
tantly, AZD8186 exhibited acceptable safety and tolerability in solid
tumors, including PCa, and its combination with abiraterone acetate/
prednisone was well tolerated [36]. In our study, a high BMRPS score
indicated increased sensitivity to AZD8186 in PCa, and AZD8186
demonstrated consistent binding to proteins encoded by BMRPS-based
gens through hydrogen bonding. Based on existing research findings,
we hypothesize that AZD8186 may inhibit the progression of bone
metastasis and the development of anti-androgen resistance in PCa by
targeting the expression of BMRPS-based genes.

While our findings are promising, several limitations should be
noted. First, both the training and validation datasets used in con-
structing our model were obtained from existing public databases,
potentially introducing inherent biases from these data sources. In
addition, due to the limitations of microarray data, some important
BMRGs may have been overlooked. Moreover, further prospective co-
horts and original experiments are necessary to confirm the relationship
between BMRPS and bone metastasis incidence or skeletal-related
events. Finally, the widespread application of BMRPS relies on the
broader adoption of bone biopsy in clinical practice. Although bone
biopsy has not yet been widely implemented, recent technological ad-
vancements have demonstrated the feasibility and broad applicability of
combining bone biopsy with next-generation sequencing [49,50].
Therefore, we believe that BMRPS has the potential to become a valu-
able tool with the continuous development of these technologies.
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