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Prostate cancer (PCa) ranks among the most prevalent cancers in men worldwide. Biochemical
recurrence (BCR) presents a major clinical challenge in PCa management, with significant prognostic
heterogeneity observed among patients post-recurrence. This study aimed to develop machine
learning models for predicting both the diagnosis and prognosis of PCa patients. Using WGCNA, we
initially identified 16 BCR-related target genes. Cluster analysis revealed these genes were
significantly associated with PCa prognosis, drug sensitivity, and immune infiltration. We constructed
a robust diagnostic model integrating multiple machine learning algorithms, demonstrating strong
predictive capability for PCa. Furthermore, a BCR-related prognostic model built using the LASSO
algorithm also yielded satisfactory performance. Among the differentially expressed BCR-associated
prognostic genes, COMP emerged as a critical regulatory factor. Both in vitro and in vivo experiments
confirmed COMP’s role in influencing PCa progression. Additionally, COMP demonstrates significant
potential as a dual biomarker for both the diagnosis and recurrence prediction of PCa.

Prostate cancer (PCa) ranks as the most common malignant tumor in
men and represents a major contributor to cancer-related deaths'”. The
primary treatments recommended for localized PCa include radical
prostatectomy (RP) and radical radiotherapy (RT)’. Recent technological
improvements have increased the effectiveness of both RP and RT;
however, approximately 20-60% of individuals who undergo these
radical treatments experience biochemical recurrence (BCR) within ten
years’. BCR is generally characterized by a prostate-specific antigen
(PSA) level greater than 0.2 ng/mL following radical surgery or exceeding
2ng/mL above the lowest point after receiving radiotherapy™. The
occurrence of BCR is linked to negative outcomes in PCa, such as local
recurrence, distant metastasis, and increased mortality’_‘x. Consequently,
even with progress in the early detection and management of PCa, BCR
continues to pose a considerable challenge for healthcare providers™".
Prompt prediction of BCR in PCa patients can help clinicians formulate
individualized treatment strategies and adjust follow-up frequency based
on the risk of recurrence. This method will aid in the early identification

of disease progression or recurrence and encourage timely therapeutic
interventions.

PSA testing is integral to the surveillance of PCa, especially for the early
identification of BCR'"". Studies suggest that changes in PSA levels can
serve as preliminary signals of BCR, making consistent PSA testing a vital
component for tracking the recurrence of PCa'*"“. Nonetheless, it is
important to recognize the limitations inherent in PSA testing. To begin
with, the elevated false-positive rates associated with PSA screenings can
lead to unnecessary additional tests and procedures, which in turn may
exacerbate patients’ psychological stress and increase healthcare costs".
Furthermore, variations in PSA levels do not always have a direct correlation
with cancer recurrence. For instance, after specific therapies—such as high-
intensity focused ultrasound—PSA levels might increase sharply; this
increase, however, does not invariably indicate a recurrence of cancer'®. This
occurrence, referred to as PSA bounce, can result in misinterpretation and
excessive treatment'’. Therefore, while PSA testing significantly contributes
to monitoring PCa recurrence, its limitations also restrict its overall value.
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In recent years, the rapid advancement of artificial intelligence has
emerged as a pivotal factor in the biomedical field"*. Gene expression-
based diagnostic and therapeutic models have become essential tools in
guiding personalized treatment for cancers, including PCa”. This study
aims to systematically identify key genes and regulatory networks associated
with BCR in PCa by integrating multi-omics data and machine learning
algorithms. It seeks to construct a recurrence risk model with high predictive
performance, further evaluate its clinical application value, and contribute to
the advancement of precision medicine. By integrating various machine
learning methods, we anticipate identifying key biomarkers associated with
PCa diagnosis, prognosis, and their influence on the immune micro-
environment. This research could provide potential targets for the devel-
opment of personalized treatment strategies and precise management of
PCa. Ultimately, this work not only seeks to enhance the prognostic
assessment of PCa patients but may also offer a theoretical foundation for
the development of novel treatment options.

Results

Identification of BCR related genes based on Weighted gene co-
expression network analysis (WGCNA)

WGCNA is a systems biology method that describes gene association pat-
terns across different samples. This approach can identify gene sets that
change collaboratively and pinpoint candidate organisms based on the
interconnectivity of these gene sets, as well as their association with phe-
notypes, marker genes, or therapeutic targets. In this study, we employed the
WGCNA method to identify regulatory genes associated with BCR of
PRAD, utilizing 248 samples from the GSE116918 data set. Initially, we
screened and determined the optimal soft threshold, followed by the clus-
tering analysis of the 248 samples within the GSE116918 data set (Fig.
1A-C). The GSE116918 sample was ultimately categorized into 11 stable
modules, with the pink module exhibiting the highest correlation with BCR
of PRAD. Furthermore, the genes within the pink module also demonstrated
a significant correlation with BCR (Fig. 1D-F). This pink module comprises
162 genes, of which only 16 were found to be highly expressed in PRAD and
associated with patient progression-free interval (PFI) (Fig. 1G, H). Notably,
these 16 genes exhibited a positive correlation with one another in the
TCGA-PRAD dataset (Fig. 11). Finally, we validated the correlation of these
genes with BCR in PRAD patients using the GSE116918 dataset. Our ana-
lysis revealed that the expression of these genes was significantly higher in the
group with BCR compared to the group of patients without BCR (Fig. 1]).

Functional analysis of genes associated with BCR

The potential functions of these 16 genes associated with BCR were analyzed
using KEGG and GO databases. The KEGG analysis revealed that these
genes are significantly linked to several pathways, including ECM-receptor
interaction, phagosome formation, focal adhesion, and the PI3K-Akt sig-
naling pathway. Meanwhile, the GO analysis indicated that these genes
predominantly contribute to the regulation of B cell differentiation,
autophagic cell death, and the regulation of macrophage differentiation (Fig.
2A). Furthermore, we conducted an analysis of these genes using the GSCA
database, which indicated that they are associated with the activation of the
cell cycle, epithelial-mesenchymal transition (EMT), activation of estrogen
receptors, and inhibition of the RTK pathway (Fig. 2B). Subsequently, we
analyzed the correlation between these genes and the frequency of copy
number variation. Our findings indicated that CTHRC1, ITGBL1, FAP,
THBS2, MSR1, and OLR1 exhibited significant changes in copy number
variation (CNV) frequency (Fig. 2C). Finally, we examined the expression
differences of these genes across various pathological stages within the
TCGA-PRAD dataset, revealing that all genes were highly expressed in
higher pathological T stages, N stages, and Gleason scores (Fig. 2D-F).

Cluster analysis based on BCR-related genes

The TCGA-PRAD samples were clustered using the Negative matrix fac-
torization (NMF) clustering algorithm. To identify the most suitable
method for categorizing TCGA-PRAD sample subgroups for our

subsequent research, we employed a judgment standard based on co-
expression curves, which is currently regarded as the clearest method. The
optimal grouping is defined by the vertex corresponding to the largest drop
in the co-expression curve. Our study demonstrates that dividing TCGA-
PRAD samples into two clusters based on co-expression curves is the most
appropriate approach. Additionally, the clustering heat map indicates that
color distribution is more concentrated when the samples are divided into
two clusters (Fig. 3A, B). When samples were categorized into two groups,
individuals in cluster 1 exhibited a significantly better prognosis compared
to those in cluster 2 (Fig. 3C). Furthermore, we analyzed the expression of
genes associated with BCR across different groups, revealing significant
differences in gene expression between the groups (Fig. 3D). Additionally,
we incorporated various pathological parameters to compare the distribu-
tion of patient numbers across different clusters. Our results consistently
demonstrate significant differences in patient counts among the clusters,
regardless of the pathological T stage, N stage, or variations in PSA and
Gleason scores (Fig. 3E-H).

Analysis of BCR-related genes and immune infiltration and che-
mosensitivity in PCa patients

The level of immune cell infiltration in each sample from the TCGA-PRAD
dataset was evaluated using the XCELL algorithm. Significant differences
(p < 0.005) were observed in the levels of myeloid dendritic cell activation, T
cell CD4+ memory, T cell CD4+ effector memory, common lymphoid
progenitor, common myeloid progenitor, myeloid dendritic cell,
granulocyte-monocyte progenitor, hematopoietic stem cell, macrophage,
macrophage M1, monocyte, T cell CD4 + Thl, T cell CD4 + Th2, and
regulatory T cells (Tregs) between the two clusters (Fig. 4A, B). A heat map
illustrating the levels of immune cell infiltration was also generated (Fig. 4C).
Furthermore, we analyzed differences in the IC50 scores of various com-
pounds across the two clusters. Notably, several compounds, including
commonly used therapeutic drugs for PCa patients, exhibited significant
differences between the clusters, particularly bicalutamide (Fig. 4D). To
further investigate the mechanisms underlying these findings, we conducted
gene enrichment analysis on the two clusters. Given that patients in cluster 2
have a worse prognosis, we focused our analysis on pathways enriched in
this cluster. The results indicated that WNT, PI3K-AKT, NOTCH1, VEGF,
EGFR, and immune-related pathways were significantly enriched in cluster
2 (Fig. 4E).

Construction of a diagnostic model based on the expression of
biologic recurrence-related genes

To thoroughly investigate the role of biologic recurrence-related genes in
PRAD, we assessed the predictive capability of these genes for diagnosing
PRAD patients using ROC curves. Our analysis revealed that certain genes
exhibit significant predictive ability for the diagnosis of PRAD, while
COL1A1, INHBA, RCN3, and THBS2 demonstrate limited predictive
capacity for PRAD diagnosis (Fig. 5A). Consequently, we endeavored to
develop diagnostic models for PRAD based on these genes, utilizing six
datasets from PRAD: the TCGA-PRAD dataset for training and GSE32571,
GSE62872, GSE16120, GSE14206, and GSE38241 for validation. Among the
108 algorithm combinations tested, the LASSO + LDA algorithm emerged
as the most effective for model development. The area under curve (AUC)
value for the training set TCGA-PRAD was 0.911, while the AUC values for
the validation cohorts GSE32571, GSE62872, GSE16120, GSE14206, and
GSE38241 were 0.764, 0.616, 0.824, 0.860, and 0.897, respectively (Fig. 5B).
Notably, 13 genes associated with BCR were incorporated into the diagnostic
model constructed using the LASSO + LDA algorithm. These genes include
ASPN, BGN, COMP, CTHRCI, FAP, INHBA, ITGBL1, MSR1, NOX4,
OLR1, RCN3, SPP1, and TREM2 (Fig. 5C).

Constructing a prognostic model for BCR

To construct a prognostic model related to BCR, we initially collected
clinical data from patients with BCR in the TCGA-PRAD dataset. We
defined the time node as the number of days prior to the first BCR, with the
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Fig. 1 | Identification of 16 BCR-associated genes based on WGCNA. A Plot scale
independence. B Plot average connectivity. C Draw sample clusters. D Dividing the
GSE116918 sample into 11 modules. E Module-phenotype correlation heat map.
F Scatter plot of correlation between gene significance and module membership.
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related genes and the frequency of copy number variants. D-F Differential
expression of BCR-related genes in different pathological stages of TCGA-
PRAD. ***p < 0.001.

occurrence of BCR serving as the outcome measure. A total of 70 samples
with comprehensive information from TCGA-PRAD were included in the
analysis. Additionally, we incorporated data from 248 patients from the
GSE116918 dataset into our study. Subsequently, samples from both the

GSE116918 and TCGA-PRAD datasets were merged and randomly divided
into a training set (50%), a validation set (50%), and a complete dataset using
a random seed for randomization. Prognosis-related single genes were
screened using univariate Cox analysis with a p-value cutoff of less than 0.05.
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This study identified a total of six genes: OLR1, COMP, INHBA, COL1Al,
RCN3, and ASPN (Fig. 6A). Subsequently, genes were compressed using
LASSO and stepwise regression, leading to the construction of a model
through multivariate Cox analysis (Fig. 6B). In the entire dataset, our

prognostic model demonstrated a robust predictive capability for BCR-
related prognosis in patients. Notably, patients categorized in the high-risk
group exhibited significantly poorer BCR-free prognosis compared to those
in the low-risk group (Fig. 6C, D). Additionally, we presented risk factor
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biochemical relapse-related genes and chemotherapy sensitivity in PRAD patients.
E Gene enrichment analysis of two clusters. ™ pa 0.05, *p < 0.05; **p < 0.01;
*H*p <0.001; **F**p < 0.0001.

plots for COMP and INHBA, which are included in the model, in both the
test set and train set (Fig. 6E, F). The results derived from the ROC curves
and Kaplan-Meier curves indicated that our BCR-related prognostic model
exhibited strong predictive value in both the test set and train set (Fig. 6G-]).

Machine learning algorithm identifies key BCR regulatory genes
To further identify the key regulatory genes associated with BCR in PCa, we
employed the XGBoost algorithm and interpreted the results through
SHAP, using BCR as the outcome variable to analyze the correlation
between the genes included in the model and the recurrence. We displayed
the top 15 genes associated with BCR in the TCGA-PRAD and GSE116918
datasets (Fig. 7A, B). Subsequently, we analyzed the importance of these
genes through Friends analysis (Fig. 7C). Among the genes incorporated
into our diagnostic and therapeutic model, COMP and INHBA consistently
emerged as pivotal regulatory genes. Based on the results obtained from the
combination of the XGBoost algorithm and Friends analysis, we found that

the importance of COMP and its correlation with BCR were both higher
than those of INHBA. Therefore, we selected COMP as the key gene for
subsequent analysis. We divided the samples in the TCGA-PRAD dataset
into two groups based on the median expression level of COMP: samples
with expression levels above the median were designated as the COMP high-
expression group, while those with expression levels below the median were
designated as the COMP low-expression group. Our findings confirm a
significant relationship between COMP expression and the level of immune
cell infiltration (Fig. 7D, E). To further investigate the binding affinity of
COMP with commonly used clinical drugs for PCa, we conducted mole-
cular docking analysis. The three selected PRAD-related drugs demon-
strated strong binding capabilities with COMP (Fig. 7F). We also performed
gene enrichment analysis on COMP, revealing its significant association
with immunotherapy pathways in tumors (Fig. 7G, H). The results of the
TIDE algorithm indicated that patients with high COMP expression had
poorer responses to immunotherapy (Fig. 7I).
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The expression analysis of COMP in PRAD

Our study highlights the critical role of COMP as a gene associated with
BCR in PCa. We collected a total of 60 PRAD samples along with their
corresponding normal prostate tissue samples. To investigate the differences
in COMP expression and its relationship with recurrence and diagnosis in
PRAD patients, we employed immunohistochemical staining techniques.
Our results indicate that COMP expression is significantly higher in PRAD
tissues compared to normal prostate tissues, with even more pronounced
expression in recurrent samples than in non-recurrent samples (Fig. 8A-I).
Furthermore, we utilized violin plots to visually illustrate the differences in
COMP expression between PRAD and normal tissues (Fig. 8]). We

evaluated the predictive potential of COMP for diagnosing PRAD patients
through ROC curve analysis, which indicated that COMP possesses sig-
nificant predictive value for this diagnosis (Fig. 8K). Finally, we analyzed the
expression differences of COMP in recurrent versus non-recurrent samples,
confirming that COMP is expressed at higher levels in recurrent samples
and exhibits strong predictive ability for recurrence in PRAD patients (Fig.
8L, M).

Inhibiting COMP expression can suppress tumor progression
We first confirmed the knockdown efficiency of COMP siRNA in PCa cells
using qRT-PCR (Fig. 9A). Our results demonstrated that COMP
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Fig. 6 | Constructing BCR-related prognostic models. A Screening of prognosis-
related genes by univariate Cox analysis. B Genes were screened through lasso/
stepwise regression, and a model was constructed using multivariate Cox analysis.
C ROC curve analysis of the model’s predictive ability for BCR-related prognosis in
the entire dataset. D The Kaplan-Meier survival curves for the high-risk and low-risk
groups in the entire dataset. E Risk factor plot of the test dataset. F Risk factor plot of

the train dataset. G ROC curve analysis of the model’s predictive ability for BCR-
related prognosis in patients within the test dataset. H The Kaplan-Meier survival
curves for the high-risk and low-risk groups in the test dataset. [ ROC curve analysis
of the model’s predictive ability for BCR-related prognosis in patients within the
train dataset. ] The Kaplan-Meier survival curves for the high-risk and low-risk
groups in the train dataset.

knockdown significantly impaired PCa cell proliferation (Fig. 9B, C). Fur-
thermore, Transwell assays revealed that COMP knockdown markedly
inhibited the migration and invasion capabilities of PCa cells (Fig. 9D, E). To
investigate the in vivo role of COMP in tumor proliferation and metastasis,
we established subcutaneous xenograft and lung metastasis models using
male BALB/c nude mice (Fig. 9F). COMP knockdown significantly inhib-
ited prostate tumor growth, evidenced by a marked reduction in both tumor
volume and weight compared to controls (Fig. 9G-J). Immunohisto-
chemical analysis indicated that COMP knockdown resulted in a notable
decrease in Ki67 staining within tumors (Fig. 9K, L). Subsequently, we
established a tail vein lung metastasis model and quantified metastatic
burden using in vivo imaging. COMP knockdown effectively suppressed
lung metastasis of prostate tumors, with nude mice exhibiting reduced lung
fluorescent signals compared to the control group (Fig. 9M, N).

Discussion

PCa is the most prevalent tumor in the male genitourinary system™.
According to statistics from the American Cancer Society in 2023, there
were 288,300 new cases of PCa and 34,700 deaths among male cancer
patients, making it the leading cancer in incidence and the third in
mortality”. Treatment options for patients with low-risk localized PCa
primarily include active surveillance, RP, radiotherapy, and androgen

deprivation therapy. However, relevant statistics indicate that 30% to
50% of patients experience BCR following RP treatment™. Consequently,
investigating the factors associated with BCR in PCa is both urgent and
challenging.

WGCNA is a technique used to uncover relationships of co-expression
among genes, and it is widely applied in the fields of bioinformatics and
genomic studies. This approach allows for the organization of genes into
modules of co-expression, which are often linked with particular biological
functions or phenotypic characteristics, thus enhancing our comprehension
of intricate biological mechanisms. By examining the correlations between
gene modules and phenotypic information, WGCNA can identify essential
genes involved in specific biological processes””. These significant genes
could act as biomarkers or serve as potential targets for therapy. Therefore,
our aim was to identify critical regulatory genes related to BCR in PCa
through the application of the WGCNA technique. By incorporating clin-
ical data from the TCGA-PARD dataset, we identified 16 differential
prognostic genes associated with BCR. Due to the significant disparity in the
number of death samples compared to non-death samples in the TCGA-
PRAD dataset, we focused on PFI as the prognostic measure. In the
GSE116918 dataset, the expression levels of these 16 genes were all upre-
gulated in samples with BCR. Notably, CTHRCI has been validated as a
predictor of PCa recurrence, while ITGBL1 has been implicated in
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promoting the invasion and migration of PCa cells by activating the NF-«xB
signaling pathway in PCa***. Furthermore, the macrophage cytokine Spp1
has been shown to enhance the growth of prostate intraepithelial neoplasia,
thereby facilitating prostate tumor progression”. TREM2 serves as an

independent predictor of poor prognosis in PCa patients and promotes PCa
cell migration via the PI3K/AKT axis”. The results of the enrichment
analysis indicate that the interaction between the ECM and receptors is
associated with genes related to BCR. The ECM functions as a barrier to the
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progression of cancer cells at both primary and metastatic sites. To navigate
this ECM barrier, cancer cells modify their production of specific proteases
that degrade ECM components™. Consequently, BCR in patients with PCa
may be linked to this mechanism. Additionally, GO results demonstrate that
genes associated with BCR are involved in the regulation of B cell differ-
entiation and the Toll-like receptor signaling pathway, underscoring the
significant role of these genes in the immune microenvironment of PCa.

With the advent of high-throughput sequencing technology, the size
and complexity of genomic data have increased significantly. Machine
learning algorithms are adept at processing and analyzing these large-scale
datasets, allowing for the extraction of valuable information and patterns.
These models can predict gene functions based on characteristics such as
gene sequences and expression data, which is critical for understanding the
roles of genes in organisms and their potential implications in disease™ ™.

npj Digital Medicine | (2025)8:524

11


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-01930-6

Article

NMEF cluster analysis, a form of machine learning, was employed to cate-
gorize PCa patients into two distinct clusters. These clusters displayed dif-
fering clinical characteristics, with patients in cluster 2 generally
experiencing poorer outcomes in terms of PFL. Gene enrichment analysis
revealed that well-known signaling pathways, including WNT, PI3K-AKT,
NOTCHI, VEGF, and EGFR, were significantly enriched in cluster 2,
potentially explaining the unfavorable PFI observed in these patients. To
facilitate the early identification of PCa, we developed a diagnostic model
utilizing multiple machine learning algorithms, which was subsequently
validated across various datasets. Consequently, we assert that the diagnostic
model we constructed possesses exceptionally high predictive value. Addi-
tionally, we established a prognostic model related to BCR using the LASSO
algorithm, which was also validated. The receiver operating characteristic
(ROC) curve further corroborates the robust predictive power of the model
we developed.

Using the Xgboost algorithm, we identified COMP as the most sig-
nificant regulatory gene. Concurrently, we analyzed the correlation between
COMP and the immune microenvironment in PCa. Molecular docking and
correlation analyzes of drug IC50 scores demonstrated the strong binding
affinity of COMP to bicalutamide and other therapeutic agents for PCa.
Furthermore, results from immunohistochemical experiments, as well as
in vivo and in vitro studies, indicate that COMP can serve as a biomarker for
the diagnosis and recurrence of PCa, in addition to being a potential ther-
apeutic target.

Our study acknowledges certain limitations. Although we have pre-
liminarily demonstrated the stability and predictive performance of the
diagnostic and therapeutic model constructed based on BCR-related genes,
the sample size remains insufficient. Validation with larger and more diverse
independent cohorts will further enhance the model’s generalizability. In the
future, we plan to collect and analyze additional independent clinical cohort
data to continuously optimize and validate the model.

Methods

Datasets and patient samples

The current research mainly made use of the TCGA-PRAD and GSE116918
datasets to pinpoint genes linked to BCR. Various diagnostic models were
created and assessed through different datasets, such as TCGA-PRAD,
GSE16120, GSE32571, GSE38241, GSE62872, and GSE14206. A total of
sixty samples of PCa and adjacent non-cancerous tissues were obtained
from Shanghai Aoduo Biotechnology Company. The tissue microarray
analysis incorporated patients who had surgical procedures performed
between January 2011 and December 2014. Follow-up assessments are set to
persist until November 2021, with the ultimate follow-up duration varying
between 6 to 10 years. The study received approval from the Shanghai
Outdo Ethical Committee (SHYJS-CP-2207001) and the Nantong Tumor
Hospital Ethical Committee (2024-118).

WGCNA identified BCR-related genes

Initially, we utilized gene expression profiles to calculate the median abso-
lute deviation (MAD) for each gene individually. Subsequently, we elimi-
nated the top 50% of genes exhibiting the smallest MAD and employed the R
package WGCNA to construct a scale-free co-expression network. Fol-
lowing the establishment of the scale-free network, we constructed a clus-
tering dendrogram with a minimum gene module size of 30 and a threshold
of 0.25. We then calculated module membership (MM) and gene sig-
nificance (GS) to assess the correlation between key modules and clinical
features”.

Cluster Analysis Using NMF

The NMF methodology reveals coefficients within the gene expression
matrix that possess biological significance, effectively arranging genes and
samples to uncover the fundamental structural elements of the data, which
facilitates the grouping of samples [9]. For the analysis of differential
expression, a comparison was made between clusters A and B utilizing the
‘Limma’ R package, with thresholds established at [logFC|> 0.5 and an

adjusted p-value of less than 0.05. Subsequent to this, all samples were
organized into clusters based on the differentially expressed genes (DEGs)
found within the subclusters, employing the ‘NMF R package to unveil
possible molecular subtypes. The ‘brunet’ algorithm was utilized with 100
iterations for each assigned value, examining a range of clusters from 2 to 10.
The identification of the most suitable cluster counts took into account
factors such as cophenetic correlation, dispersion, and silhouette width?,

Analysis of BCR-related genes with PCa immune infiltration and
drug sensitivity

To assess the immune score for each sample within the TCGA-PRAD
dataset, we utilized the immunedeconv tool, an R package that incorporates
six sophisticated algorithms: xCell, TIMER, MCP-counter, CIBERSORT,
EPIC, and quanTIseq”. For our investigation, we chose to focus on the xCell
algorithm because of its capability to evaluate numerous immune cell types,
which aligns well with our research aims. Furthermore, we accessed the
Genomics Drug Sensitivity Database of Cancer to forecast the chemother-
apy response for each sample. This forecasting was performed using the
pRRophetic R software package.

Functional analysis of genes associated with BCR

In our gene set enrichment analysis (GSEA), we employed the GSEA soft-
ware, version 3.0"’. The samples were divided into two categories according
to elevated and reduced expression levels of important genes. Furthermore,
we retrieved the c2.cp.reactome.v7.4.symbols.gmt sub-collection from the
Molecular Signatures Database to evaluate pertinent pathways and mole-
cular mechanisms*'. To perform functional enrichment analysis of gene sets,
we employed the Gene Ontology (GO) as well as the Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway annotations derived from the R
software package (version 3.1.0) to establish a background for mapping the
genes. The enrichment analysis was carried out with the aid of the R software
package clusterProfiler (version 3.14.3) to derive the results of gene set
enrichment. We defined the minimum size of a gene set as 5 and the
maximum as 5000.

Diagnostic and prognostic modeling of genes associated

with BCR

To develop predictive models for PCa diagnosis, we tested multiple con-
figurations of machine learning algorithms. The training cohort was
obtained from TCGA-PRAD, while validation was performed using the
GSE16120, GSE32571, GSE38241, GSE62872, and GSE14206 datasets. Each
algorithm configuration was evaluated based on the AUC metric. The
configuration achieving the highest average AUC was selected as the opti-
mal diagnostic model. Subsequently, to build a prognostic model for BCR,
we pooled samples with associated BCR clinical data from both the TCGA-
PRAD and GSE116918 datasets. This combined cohort was analyzed using
the LASSO regression algorithm.

Immunohistochemical validation

Initially, the tissue microarray was heated at 85 °C for 10 min, followed by
immersion in xylene for 15 min and hydration through a graded ethanol
series (100%, 95%, 80%, and 70%). The microarray was then processed in an
autoclave using a citric acid solution for antigen retrieval. After cooling,
slides were washed with phosphate-buffered saline (PBS) and treated with
hydrogen peroxide for 20 min. Subsequently, the COMP antibody (No.
28369-1-AP, 1:100) was applied and incubated at room temperature for 2 h.
Following three PBS washes, the microarray was incubated with secondary
immunohistochemistry antibodies for 20 min at room temperature. After
three additional PBS rinses, staining was performed using 3,3’-diamino-
benzidine followed by hematoxylin counterstaining. Dehydration pro-
ceeded through a graded ethanol series (70%, 80%, 90%, and 100%),
followed by an 8-minute immersion in xylene. Blocking procedures were
then performed. Immunostaining intensity was scored as: 0 (negative), 1
(weak), 2 (moderate), or 3 (strong). The percentage of positively stained cells
was scored as: 1 (0-25%), 2 (26-50%), 3 (51-75%), or 4 (76-100%). The final
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score was calculated as the product of the intensity score and the
percentage score.

Cell culture and transfection

Human PCa cell lines (DU145 and PC3) were obtained from the American
Type Culture Collection (ATCC) and authenticated by short tandem repeat
(STR) profiling. DU145 cells were cultured in DMEM medium (Gibco,
USA), and PC3 cells were cultured in F-12K medium (MeilunBio, China).
Both media were supplemented with 10% fetal bovine serum (FBS; VivaCell
Biosciences, China) and 1% penicillin-streptomycin (Beyotime, China).
Cells were maintained at 37°C in a humidified 5% CO, atmosphere.
Transient transfection was performed using SuperKine™ Lipo3.0 (Abbkine,
China) according to the manufacturer’s protocol. GenePharma designed
and synthesized small interfering RN As (siRNAs) targeting COMP with the
following sequences: Sense: 5-GGUCACGGAUGACGACUAUTT-3’,
Antisense: 5-AUAGUCGUCAUCCGUGACCTT-3.

Proliferation ability analysis

The assessment of cell viability was conducted using a colony formation
assay. PCa cells were grown in 6-well plates, with each well initially seeded
with 2000 cells. These cells were incubated at 37 °C for two weeks in an
incubator. Upon completion of the incubation period, the visible cell
colonies in each well were treated with a 0.1% crystal violet solution for
15 min, which facilitated better visualization and quantification of the
colonies.

Transwell assay

A total of 600 pL of medium with 10% FBS was placed in the lower chamber,
whereas 200 pL of a PCa cell suspension (4 x 10* cells) in serum-free medium
was added to the upper chamber of the Transwell apparatus. The distinction
between migration and invasion assays is based on whether the upper
chamber is pre-coated with Matrigel. Following a 48-hour incubation period,
gently remove the cells adhered to the upper membrane using a cotton swab.
The cells that migrated to the lower membrane were subsequently fixed,
stained, captured in images, and quantified using Image] software.

qRT-PCR

Total RNA was extracted from fresh tissues or cells using TRIzol reagent
(Takara, T9108, Dalian, China). Complementary DNA (cDNA) was syn-
thesized from total RNA using the Hiscript IT Q RT SuperMix for gPCR (+
gDNA wiper) kit (Vazyme R223, Nanjing, China). qRT-PCR was per-
formed on an ABI Prism 7500 Fast Real-Time PCR System (Applied Bio-
systems, StepOnePlus, USA) using ChamQ Universal SYBR qPCR Master
Mix (Vazyme, Q711) with specific PCR primers (Sangon Biotech Co., Ltd.,
Shanghai, China). GAPDH was used as the normalization control, and the
fold changes were calculated using the 2-AACT method. Below are the
primer pairs’ sequences for the target gene COMP (Forward: ACAC
AGGGTCAAGGAGATCAG, Reverse: AGACTACGCCAGGGAAGCA)
and GAPDH (Forward: GGAGCGAGATCCCTCCAAAAT, Reverse:
GGCTGTTGTCATACTTCTCATGG).

Subcutaneous tumor and lung metastasis model

Five-week-old male BALB/c nude mice were reared under specific pathogen
free (SPF) conditions. The subcutaneous tumor model was established as
follows: 2 x 10° PC-3 or DU145 cells (control group and siCOMP group)
were inoculated in 100 uL DMEM basal medium, respectively, and sub-
cutaneously injected into the right back of mice, with 5 cells in each group.
Tumor size was measured with digital caliper every 3 days, and volume
V =1/2 x (length x width?) was calculated. After 4 weeks, mice were sacri-
ficed by dislocation. Excised tumors were weighed, photographed, and fixed
in 10% neutral buffered formalin for 24 h before embedding in paraffin. It
was used for subsequent HE and IHC staining. Caudal vein pulmonary
metastasis was modeled as follows: 5 nude mice in each group were injected
with 2 x 10° tumor cells (PC-3 or DU145, control group and siCOMP
group) with stable luciferase. In vivo imaging was performed after 6 weeks.

The nude mice were anesthetized with isoflurane. Imaging detection was
performed 10 min after injection of sodium fluorescein using an IVIS Small
animal in vivo imager. All procedures were approved by the Animal Care
and Use Committee of Nantong Tumor Hospital and followed the ARRIVE
guidelines (2024-118).

Statistical analysis

The expression of BCR-related genes in both normal tissues and PRAD was
evaluated using the Wilcoxon rank-sum test. The log-rank test was
employed to assess prognosis. To investigate the relationship between gene
expression and stemness scores, Pearson correlation analysis was per-
formed. A p-value threshold of less than 0.05 was established to indicate
statistical significance.

Data availability
The datasets used and analyzed during the current study are available from
the corresponding author on reasonable request.

Code availability
The underlying code for this study is not publicly available but may be made
available on reasonable request from the corresponding author.
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