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Insights into immune 
microenvironment and therapeutic 
targeting in androgen‑associated 
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Prostate cancer, one of the most prevalent malignancies among men worldwide, is intricately linked 
with androgen signaling, a key driver of its pathogenesis and progression. Understanding the diverse 
expression patterns of androgen-responsive genes holds paramount importance in unraveling the 
biological intricacies of this disease and prognosticating patient outcomes. In this study, utilizing 
consensus clustering analysis based on the expression profiles of androgen-responsive genes, prostate 
cancer patients from the TCGA database were stratified into two distinct subtypes, denoted as C1 
and C2. Notably, the C1 subtype demonstrates a significant upregulation of certain genes, such as 
CGA and HSD17B12, along with a shorter progression-free survival duration, indicating a potentially 
unfavorable prognosis. Further analyses elucidated the immune infiltration disparities, mutation 
landscapes, and gene functional pathways characteristic of each subtype. Through integrated 
bioinformatics approaches and machine learning techniques, key genes such as BIRC5, CENPA, 
and MMP11 were identified as potential therapeutic targets, providing novel insights into tailored 
treatment strategies. Additionally, single-cell transcriptome analysis shed light on the heterogeneous 
expression patterns of these genes across different cell types within the tumor microenvironment. 
Furthermore, virtual screening identified candidate drugs targeting the BIRC5 receptor, offering 
promising avenues for drug development. Collectively, these findings deepen our understanding of 
prostate cancer biology, paving the way for personalized therapeutic interventions and advancing the 
quest for more effective treatments in prostate cancer management.
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Prostate cancer is the second most common cancer in men and the fifth leading cause of death worldwide, and 
its incidence is closely related to age1. As a complex disease, its development and progression are influenced 
by a variety of genetic and environmental factors, making it a significant challenge in the field of oncology2,3. 
Despite advances in diagnostic methods, the variability in how the disease progresses—ranging from indolent to 
aggressively metastatic forms—poses unique challenges for treatment and management4. Early detection through 
prostate-specific antigen testing has improved outcomes, yet the heterogeneity of the disease often leads to vari-
able responses to conventional therapies, underlining the need for more personalized approaches to treatment5,6.

Androgens, such as testosterone, play a pivotal role in the normal development and functioning of the prostate 
gland but are also implicated in the pathogenesis of prostate cancer7,8. These hormones exert their effects by bind-
ing to the androgen receptor (AR), which then activates a cascade of genetic expressions that promote cellular 
growth and survival9. In the context of prostate cancer, the AR pathway is a critical driver of tumor growth and 
progression, making it a primary target for therapeutic intervention10,11. androgen deprivation therapy (ADT), 
which inhibit the action of testosterone or the AR itself, have been standard treatments and provide significant 
benefits in many cases12–14. However, resistance to these therapies frequently develops, leading to disease pro-
gression and the need for alternative strategies15–17.
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The current treatment landscape for prostate cancer includes a range of options from surgery and radiation 
therapy to hormone therapy and immunotherapy18–21. While these treatments can be effective, particularly in 
the early stages of the disease, they often come with significant side effects and complications22. Additionally, 
the development of resistance to hormone therapy is a major hurdle, particularly in advanced stages6,23. This 
has prompted ongoing research into more effective and less invasive therapeutic strategies that can address 
the diverse biological pathways involved in prostate cancer progression, including immune evasion, cell cycle 
regulation, and genetic mutations.

This research utilizes bioinformatics methods to delve deeper into the molecular intricacies of prostate cancer, 
particularly the differential expression of androgen-responsive genes. By employing advanced analytical tech-
niques such as consensus clustering, gene set enrichment analysis, and machine learning, this study identifies 
novel subtypes and potential therapeutic targets within prostate cancer. This stratification allows for a more 
nuanced understanding of the disease’s biological diversity, potentially leading to the development of targeted 
therapies that can improve patient outcomes and provide personalized treatment strategies. Through these 
insights, the research aims to contribute to the evolving landscape of precision medicine in oncology, addressing 
critical gaps in current treatment modalities and offering new avenues for therapeutic intervention.

Methods
Data collection
Transcriptomic data and associated clinical information for prostate cancer samples, downloaded from the 
TCGA database, encompass a total of 554 samples. This dataset includes 502 samples of prostate cancer tissues 
and 52 samples of normal tissues. This valuable resource facilitates the investigation of the molecular mecha-
nisms underlying prostate cancer and contributes to the advancement of clinical treatment strategies. The dataset 
GSE137829 was downloaded from the GEO database, which includes single-cell transcriptome data from six 
prostate cancer samples. The entire analysis workflow is illustrated in Fig. 1.

Genetic analysis of male hormones
In this study, we focused on genes associated with male hormones retrieved from the Genecard database, spe-
cifically CGA, CYP17A1, HSD17B12, HSD17B3, HSD3B1, HSD3B2, LHB, POMC, SRD5A1, SRD5A2, and 
SRD5A3. Raw data normalization was performed using the normalizeBetweenArrays function from the limma 
package in R to standardize data across the dataset. Subsequently, we extracted the expression profiles of these 
genes and conducted cluster analysis using the ConsensusClusterPlus package. The analysis was configured with 
a maximum of 9 clusters, 50 repetitions, and utilized the "PAM" clustering algorithm with "euclidean" distance 
metric. After evaluating the consistency scores using the calcICL function, we determined that 2 clusters best 
represented the underlying data structure.

Clinical correlation analysis
Progression-Free Survival (PFS) is a crucial indicator in prostate cancer research. To compare PFS between 
clusters C1 and C2, we used Kaplan–Meier survival curves. We also stratified target genes into high and low 
expression groups to construct survival curves, assessing the impact on patient prognosis. Additionally, we 
examined clinical parameters such as age, race, and Gleason score to identify differences between C1 and C2.

Figure 1.   Schematic representation of the complete analysis workflow.
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Tumor mutational burden analysis
We obtained gene mutation data for prostate cancer patients from the TCGA database and processed it with the 
maftools package, visualizing genes with high mutation frequencies. We created waterfall plots for both groups 
C1 and C2, showcasing the mutation profiles of the 20 most common genes, and generated interaction plots to 
illustrate mutation relationships.

Immunoinfiltration analysis
Initially, the prepared transcriptome data from groups C1 and C2 are processed through the estimate function 
to analyze the estimation of tumor purity. The scores are then visualized using a violin plot. Subsequently, the 
CIBERSORT function is executed to analyze the proportions of 22 characteristic genes of immune cells, thereby 
evaluating the proportion of various immune cells in each sample. Upon completion of the analysis, visualiza-
tion tools can be employed to display the results of the proportions of different immune cell types in different 
samples through a box plot.

Drug susceptibility analysis
We utilize the pRRophetic R package to conduct a drug sensitivity analysis between two groups of samples, 
and construct a statistical model to predict the response of tumor biological specimens to chemotherapy drugs. 
Initially, functions within the pRRophetic package will be employed to estimate the half-maximal inhibitory 
concentration (IC50) of the drug. During this process, we set a filter condition of p < 0.001 to ensure the statisti-
cal significance of the results.

Gene set enrichment analysis (GSEA)
Transcriptome data files for groups C1 and C2 have been prepared and pathway enrichment analysis has been 
conducted using the GSEA4.3.2 software. During the analysis, the c2.cp.kegg_medicus.v2023.2.Hs.symbols gene 
set database was selected as a reference. To ensure the reliability of the results, we set the screening criteria: NES 
score greater than 1.5, and FDR q-val less than 0.05.

Analysis of differentially expressed genes (DEGs)
In the analysis of DEGs between the two groups of samples, the Limma software package was utilized to identify 
genes with significant differences. By setting a threshold of an absolute log fold change (|LogFC|) greater than 0.8 
and a p-value less than 0.05, genes with statistically significant differences were able to be filtered out.

Weighted gene co‑expression network analysis (WGCNA)
In the process of conducting a WGCNA analysis between groups C1 and C2, the initial step involves the reading 
and organization of data, with a focus on the top 25% of genes exhibiting the greatest fluctuation for the analysis. 
This is followed by the clustering of samples and the generation of a sample clustering diagram. Any samples 
below the cut line in the sample tree are then removed. Upon the preparation of clinical data, a heatmap of the 
sample clustering is created. The optimal power value is selected and a scatter plot of power values is gener-
ated. The data is then transformed into an adjacency matrix and a TOM matrix is calculated. Gene clustering is 
performed and a gene clustering diagram is generated. Dynamic modules are identified and module clustering 
is conducted. A heatmap of module genes is created, and the correlation between the module and trait data is 
calculated, followed by the creation of a correlation heatmap. Finally, the correlation and its P-value between 
gene module membership and gene trait significance are calculated.

Go and KEGG enrichment analysis
We employ the clusterProfiler package to perform Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analysis. Initially, we conduct DEGs and WGCNA, and then use the intersection 
of the two as the gene list. Subsequently, we utilize functions within the clusterProfiler package to identify the 
enrichment of these genes in GO and KEGG pathways. Finally, we visualize the results using bar and bubble 
charts.

Protein–protein interaction analysis
The intersection genes obtained from the above analysis are input into the STRING database for Protein–Pro-
tein Interaction (PPI) analysis. When uploading the gene list, we select the “Multiple proteins” option for batch 
upload. Upon completion of the analysis, the results are exported and opened in Cytoscape software for further 
analysis. Within Cytoscape, we utilize built-in network centrality algorithms, such as MCC, Degree, and Close-
ness, to identify and select the top 10 hub genes in the network.

Machine learning
We prepared expression data of 21 genes from PPI analysis and PFS clinical data. We applied Random Forest 
(RF), Support Vector Machine-Recursive Feature Elimination (SVM-RFE), and Least Absolute Shrinkage and 
Selection Operator (Lasso) methods. In the RF analysis, we trained the model and obtained the importance score 
for each gene, selecting the gene with the highest score. In the SVM-RFE analysis, we selected the feature number 
with the highest accuracy and the smallest error. In the Lasso analysis, we trained the model and obtained the 
coefficient for each gene, selecting the gene with a non-zero coefficient as the key gene. Finally, we compared 
the key genes obtained from the RF, SVM-RFE, and Lasso analyses, selecting the genes that were chosen in all 
methods as the final key genes.
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Immune checkpoint correlation analysis
We conducted a t-test to analyze differential expression of immune checkpoint genes between groups C1 and 
C2, visualized using a box plot. Furthermore, we examined the Pearson correlation between the differentially 
expressed genes identified by machine learning and the immune checkpoint genes. The outcomes were presented 
via a correlation heatmap, unveiling potential associations between them.

The Human Protein Atlas analysis
We utilized the immunohistochemical staining image data from the HPA database to evaluate the distribution 
differences of proteins in normal and cancerous tissues. Specifically, we conducted immunohistochemical analysis 
on the expression levels of BIRC5, CENPA, and MMP11 proteins in normal prostate tissue, low-grade prostate 
cancer, and high-grade prostate cancer tissues.

Single‑cell analysis
In the processing of the GSE137829 dataset, quality control is initially performed on the single-cell transcrip-
tome data from the six included prostate cancer samples, adhering to the criteria of nFeature_RNA > 500, per-
cent.mt < 20%, and nCount_RNA > 1000. Subsequently, the Harmony package is utilized for data integration 
and dimensionality reduction to eliminate batch effects. Cluster analysis is conducted to identify distinct cell 
populations, and these populations are annotated via marker genes to ascertain their biological characteristics. 
Visualization of the enriched cell populations is carried out for specific genes, namely BIRC5, CENPA, and 
MMP11. Thereafter, these cell populations undergo GSEA to understand the potential roles of these genes in 
prostate cancer.

Virtual screening
We identified the crystal structure of BIRC5 protein (4a0i) from the Protein Data Bank (PDB) and constructed a 
simulation box. Using Autodock Vina software, we performed molecular docking with 1662 energy-minimized 
natural products, filtering potential therapeutic drugs based on binding affinity values.

Results
Analysis of androgenic subgroups in prostate cancer
In the realm of prostate cancer research, the elucidation of expression patterns of androgen-responsive genes is 
pivotal for a comprehensive understanding of the disease’s biological attributes and for prognosticating patient 
outcomes. Utilizing consensus clustering analysis predicated on the expression patterns of androgen-responsive 
genes, we stratified prostate cancer patients within the TCGA database into two distinct subtypes, designated 
as C1 and C2 (Fig. 2A,B). The C1 subtype encompasses 174 cases, while the C2 subtype comprises 328 cases. A 
salient characteristic of the C1 subtype is the markedly elevated expression of genes such as CGA, HSD17B12, 
HSD17B3, LHB, POMC, SRD5A1, and SRD5A3 compared to the C2 subtype (Fig. 2C). Conversely, patients 
within the C2 subtype demonstrate a significantly enhanced expression of POMC and SRD5A2 genes relative 
to the C1 subtype (Fig. 2C). Importantly, the progression-free survival duration of patients within the C2 sub-
type significantly surpasses that of patients within the C1 subtype, intimating a potential association of the C2 
subtype with a more favorable prognosis (Fig. 2D). The results revealed no significant differences in terms of 
age and ethnicity between the two groups (Fig. 2E). However, a notable distinction was observed in the Gleason 
scores. The proportion of patients with high Primary and Secondary Gleason grades in Group C1 was greater 
than that in Group C2 (Fig. 2E).

Analysis of androgenic subtype immune infiltration, mutation load, drug sensitivity, and 
GSEA
We employed the ESTIMATE package to assess the extent of immune infiltration between the C1 and C2 sub-
groups, revealing a superior degree of immune infiltration in the C2 subtype relative to the C1 subtype (Fig. 3A). 
Further stratification using CIBERSORT determined the proportion of diverse immune cells within each tissue, 
indicating an elevated presence of B cells naïve, T cells CD4 memory resting, Monocytes, and Mast cells activated 
in the C2 group compared to the C1 group (Fig. 3B). Conversely, the C1 group showed a higher prevalence of 
Macrophages M1 and Macrophages M2 (Fig. 3B). We procured tumor mutation data from the TCGA database 
and conducted an in-depth analysis of gene mutations within prostate cancer tissues. Significant mutations were 
observed in genes such as TP53, SPOP, TTN, FOXA1, and MUC16 within these tissues (Fig. 3C). A waterfall 
chart illustrated the mutation frequency of each gene within the C1 and C2 subgroups, revealing that TP53 
had the highest mutation frequency in the C1 group at 18%, while SPOP had the highest mutation frequency 
in the C2 group at 12%. Overall, the C1 group demonstrated a higher gene mutation frequency relative to the 
C2 group (Fig. 3D). The interrelation between gene mutations within prostate cancer was visualized using a 
heatmap (Fig. 3E). GSEA enrichment analysis results indicated significant enrichment of cell cycle and DNA 
repair-related signaling pathways within the C1 group (Fig. 3F). Additionally, we extrapolated the sensitivity of 
the two groups to various anti-tumor drugs using IC50 values, based on the transcription data of the C1 and C2 
groups (Supplementary Fig. S1).

Results of DEGs and WGCNA analysis
The DEGs analysis was conducted on the C1 and C2 subtypes of prostate cancer, which are characterized 
by androgen-related genes. We set a threshold of |LogFC|> 0.8 and a P-value less than 0.05. The comparison 
between the C2 and C1 subtypes revealed a total of 656 DEGs, with 586 showing upregulation and 70 showing 
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downregulation (Fig. 4A,B). Subsequently, the top quartile of genes, based on expression variability, were selected 
for WGCNA analysis. The soft-thresholding power of 10 was employed to construct a scale-free network, reveal-
ing complex gene interactions (Fig. 4C). Dynamic module detection was utilized within this network to identify 
gene clusters, potentially representing gene groups acting in concert during disease progression (Fig. 4D). In this 
study, 17 modules were identified, each containing at least 100 genes. The identification of these modules aids 
in understanding the biological differences between the prostate cancer subtypes. Among these modules, the 
MEmagenta module was found to be significantly positively correlated with the C1 subtype (Fig. 4E). Therefore, 
the genes within this module were selected for further analysis. This analysis will contribute to a deeper under-
standing of the pathogenesis of prostate cancer and may provide potential targets for future therapeutic strategies.

Gene set functional pathway and PPI analysis results
Through an in-depth analysis of the intersection of differentially expressed genes and WGCNA module-related 
genes, we successfully identified 37 common genes (Fig. 5A). Subsequently, we conducted GO and KEGG enrich-
ment analyses on these 37 genes. The GO analysis revealed the crucial role of these genes in the process of cellular 
mitosis, especially in the positioning of the spindle and centrosome, which are vital structures in cell division 
(Fig. 5B). The KEGG analysis emphasized the significant role of these genes in pyrimidine metabolism and the 
P53 signaling pathway, pathways that play a central role in cell cycle regulation and tumor suppression (Fig. 5C). 
Finally, we performed a PPI analysis on these genes, revealing an interaction network of nodes including 21 
proteins. Through the analysis methods of MCC, Degree, and Closeness, we further identified 10 key hub genes, 
including MYBL2, MKI67, CENPF, KIF20A, TOP2A, UBE2C, CDC20, CDK1, BIRC5, and TROAP (Fig. 5D). 
These hub genes may play a central role in cell proliferation, differentiation, or disease progression.

Machine learning screening for potential therapeutic targets
In the pursuit of identifying pivotal genes within the PPI data, we employed methodologies such as RF, SVM-
RFE, and Lasso. The random forest algorithm was implemented with a set of 500 trees. The error rate exhibited 
a variation in correlation with the number of trees. We discerned the optimal quantity of trees and conducted a 

Figure 2.   Stratification of prostate cancer patients into two distinct subtypes based on the expression patterns 
of androgen-responsive genes. (A,B) Consensus clustering analysis of prostate cancer patients within the TCGA 
database resulted in the identification of two distinct subtypes, C1 and C2. The C1 subtype includes 174 cases, 
while the C2 subtype consists of 328 cases. (C) Differential analysis of androgen-responsive gene expression 
between C1 and C2 subtypes. (D) Analysis of progression-free survival between C1 and C2 subtypes. (E) Sankey 
diagram representing the clinical correlation analysis between C1 and C2 patients. (C) primarily employs the 
t-test, while (D) utilizes the logrank test. ** for p < 0.01, and *** for p < 0.001.
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screening of genes based on their significance scores. Consequently, we selected the top 7 genes that demonstrated 
an importance exceeding 7.5 (Fig. 6A). In the context of SVM-RFE, we utilized k-fold cross-validation to select 
feature variables. The generalization error was estimated through an array of feature combinations, ultimately 
leading to the selection of the top 16 features exhibiting the smallest error as feature genes. The variable combina-
tions and their corresponding accuracy and error are depicted in Fig. 6B. During the Lasso analysis, the model 
was trained and a coefficient was obtained for each gene. During the Lasso analysis, we identified key genes with 
a non-zero coefficient, resulting in the discovery of a total of 7 such genes. (Fig. 6C). By intersecting the results 
from these three analytical methods, we identified three key genes: BIRC5, CENPA, and MMP11 (Fig. 6D). 
These genes were found to be significantly overexpressed in the C1 subtype of prostate cancer compared to the 
C2 subtype (Fig. 6E). Furthermore, the genes BIRC5 and CENPA were significantly overexpressed in prostate 

Figure 3.   Comparative analysis of immune infiltration, gene mutations, and pathway enrichment between C1 
and C2 subgroups in prostate cancer. (A) Assessment of immune infiltration between the C1 and C2 subgroups 
using the ESTIMATE package. (B) Stratification of diverse immune cells within each tissue using CIBERSORT. 
(C) In-depth analysis of gene mutations within prostate cancer tissues, highlighting significant mutations in 
genes. (D) A waterfall chart illustrating the mutation frequency of each gene within the C1 and C2 subgroups. 
(E) Heatmap visualization of the interrelation between gene mutations within prostate cancer. (F) GSEA 
enrichment analysis results indicating a significant enrichment of cell cycle and DNA repair-related signaling 
pathways within the C1 group.
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Figure 4.   DEGs and WGCNA analysis of C1 and C2 subtypes in prostate cancer. (A) Volcano plot of DEGs 
between C1 and C2 subtypes. (B) Heatmap of DEGs between C1 and C2 subtypes. (C) Soft-thresholding 
selection. (D) Cluster dendrogram of highly connected genes in the key module. (E) Cluster dendrogram of 
modules with highly connected genes.
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cancer relative to normal tissue, while MMP11 exhibited a trend towards overexpression (Fig. 6F–H). Patients 
with high gene expression had a significantly reduced progression-free survival period (Fig. 6F–H). Addition-
ally, the expression of these three genes was associated with a higher risk in various types of cancer, including 
ACC, KIRC, KIRP, LGG, LIHC, and LUAD (Fig. 6I). From a protein level perspective, we analyzed these three 
proteins in normal prostate, high-grade, and low-grade prostate cancer tissues using the HPA database. The 
immunohistochemistry results revealed that these three proteins exhibited higher expression in both high-grade 
and low-grade prostate cancer tissues compared to normal prostate tissues (Supplementary Fig. S2).

Immune cell infiltration, tumor mutational burden and immune checkpoint correlation 
analysis
We conducted a Spearman correlation analysis on the expression levels of three genes, BIRC5, CENPA, and 
MMP11, in prostate cancer tissues, as well as the infiltration levels of 21 types of immune cells in each tissue. 
In Fig. 7A, we present the relationships between these genes and the infiltration levels of 21 different immune 
cells in the form of a heatmap. Notably, there is a significant positive correlation between BIRC5, CENPA, and 
MMP11 and M2 macrophages and Tregs cells, suggesting their potential roles in the immune microenvironment 
of prostate cancer. Furthermore, by comparing the expression differences of immune checkpoint-related genes 
between Group C1 and Group C2, researchers can gain further insights into the immune escape mechanisms of 
prostate cancer (Fig. 7B). For instance, genes such as PDCD1LG2, SIGLEC15, PDCD1, and CD28 are signifi-
cantly more expressed in Group C2 than in Group C1, while genes like TNFRSF18 and LDHA are significantly 
more expressed in Group C1 than in Group C2. We further explored the correlations between these three genes 

Figure 5.   Comprehensive analysis of common genes and their functional implications. (A) Venn diagram of 
the intersection of DEGs and WGCNA module-related genes. (B) GO analysis results of the intersected gene set. 
(C) KEGG analysis results of the intersected gene set. (D) PPI analysis results of the intersected gene set.
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Figure 6.   Identification and analysis of key genes using RF, SVM-RFE, and Lasso methodologies. (A) Selection 
of top 7 genes with importance exceeding 7.5 using the Random Forest algorithm. (B) Selection of top 16 
features with the smallest error as feature genes using SVM-RFE. (C) Identification of 7 key genes with non-zero 
coefficients using Lasso analysis. (D) Intersection of results from the three analytical methods. (E) Significant 
overexpression of these genes in the C1 subtype of prostate cancer compared to the C2 subtype. (F–H) 
Differential expression and clinical prognosis analysis of BIRC5, CENPA, and MMP11 genes between prostate 
cancer and normal tissues. (I) Association of the expression of these genes with a higher risk in various types of 
cancer.
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and immune checkpoint genes, which are presented in the form of a heatmap in Fig. 7C. We also conducted a 
correlation analysis on these three genes and the tumor mutation burden in prostate cancer tissues, revealing a 
significant positive correlation (Fig. 7D). These findings provide us with a new perspective for a deeper under-
standing of the immune microenvironment in prostate cancer.

Figure 7.   Correlation analysis of gene expression and immune cell infiltration in prostate cancer. (A) Heatmap 
presenting the relationships between the expression levels of BIRC5, CENPA, and MMP11 and the infiltration 
levels of 21 different immune cells. (B) Comparison of the expression differences of immune checkpoint-related 
genes between Group C1 and Group C2. (C) Heatmap of the correlations between BIRC5, CENPA, MMP11, 
and immune checkpoint genes. (D) Correlation analysis of BIRC5, CENPA, MMP11, and the tumor mutation 
burden in prostate cancer tissues.
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Prostate cancer single cell analysis results
Single-cell transcriptome analysis is a powerful tool that can reveal the heterogeneity of different cell types within 
the tumor microenvironment. We obtained single-cell transcriptome data samples of prostate cancer from the 
GEO database and conducted an in-depth analysis. After data quality control, dimensionality reduction, and 

Figure 8.   Single-cell transcriptome analysis and visualization of key genes in prostate cancer. (A) UMAP plot 
visualizing the categorization of single-cell transcriptome data samples into various cell groups. (B) Bubble 
chart representing the marker genes of each cell group. (C–E) Visualization of the expression of three key genes 
(BIRC5, CENPA, and MMP11) screened out by machine learning in various cell groups. (F–H) GSEA of the cell 
groups to explore the signaling pathways involved by these three key genes.
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clustering, we categorized these samples into several groups, including epithelial cells, T cells, fibroblasts, myofi-
broblasts, myeloid cells, endothelial cells, mast cells, and B cells, and visualized them using UMAP plot (Fig. 8A). 
The marker genes of each cell group were visualized in the form of a bubble chart (Fig. 8B). We also visualized 
the three key genes screened out by machine learning in various cell groups. The results showed that BIRC5 and 
CENPA are mainly expressed in epithelial cells, while MMP11 is mainly expressed in fibroblasts (Fig. 8C–E). 
In addition, we conducted GSEA on the cell groups to explore the signaling pathways involved by these three 
key genes. The results showed that the BIRC5 gene mainly participates in the P53 signaling pathway, CENPA is 
mainly related to the cell cycle, and MMP11 mainly participates in steroid hormone biosynthesis (Fig. 8F–H).

Virtual screening of potential drugs targeting the BIRC5 receptor
The protein encoded by BIRC5 is known as Survivin, an inhibitor of apoptosis that is typically expressed during 
embryonic development and in proliferating cells in adults. In cancer cells, the expression of Survivin is often 
elevated, making it a promising target for anti-cancer drugs. In PPI screening, the BIRC5 gene is selected as the 
receptor protein for drug screening due to its characteristic as a central node. In our study, we downloaded the 
Survivin protein structure with the identifier 4A0I from the PDB database for analysis. Initially, we protonated 
the protein to better simulate its state under physiological pH conditions (Fig. 9A). During the virtual screen-
ing process, we established a docking box centered on the ligand’s location and screened 1662 natural product 
molecules. The affinity of these molecules was sorted by their binding affinities to identify potential compounds 
with high affinity for Survivin (Fig. 9B). Among the screened compounds, Polyphyllin VI, Narirutin, Lanato-
side C, momordin-Ic, and Gracillin demonstrated hydrogen bond binding with specific amino acid residues of 
Survivin, including ASN119, GLN56, and LYS122 (Fig. 9C). The presence of these hydrogen bonds may play a 
key role in the stability and activity of the compounds, enhancing intermolecular interactions. This provides us 
with a window to understand how these compounds bind to Survivin and how they might affect its function.

Figure 9.   Virtual screening and interaction analysis of potential compounds with Survivin. (A) The Survivin 
protein structure (PDB ID: 4A0I). (B) Binding affinity of potential compounds with high affinity. (C) Hydrogen 
bond interactions of selected compounds (Polyphyllin VI, Narirutin, Lanatoside C, momordin-Ic, and Gracillin) 
with specific amino acid residues of Survivin.
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Discussion
In the domain of prostate cancer research, the exploration of androgen-related mechanisms has provided critical 
insights into the pathogenesis and progression of the disease, particularly given its dependence on androgen 
signaling24–26. Current therapeutic regimens predominantly aim to disrupt these androgen pathways, typically 
through the use of ADT27,28. However, the emergence of castration-resistant prostate cancer (CRPC) underscores 
a significant shortfall in these strategies, highlighting the urgent need for novel therapeutic targets that can 
provide more durable control over the disease progression29,30.

In this study, we employed a novel approach of classifying patients with prostate cancer from the TCGA 
database into two subtypes, C1 and C2, based on the differential expression patterns of androgen-related genes. 
Notably, genes associated with androgen regulation, such as CGA, HSD17B12, LHB, SRD5A1, and SRD5A3, 
exhibited significantly higher expression in the C1 group31–35. This stratification into distinct subtypes provides 
a more nuanced understanding of the correlation between androgen levels and tumor behavior, as well as patient 
prognosis. Interestingly, patients within the C2 subtype not only demonstrated a more robust immune response 
but also had a lower incidence of key genetic mutations. These factors are often indicative of a better response to 
existing treatments and potentially longer disease-free survival. Our findings suggest an intrinsic link between 
the immune landscape of prostate tumors and androgen levels, a hypothesis that could potentially revolutionize 
approaches to immunotherapy in prostate cancer. This refined classification and its implications underscore the 
importance of considering androgen levels in therapeutic strategies for prostate cancer.

Moreover, the application of machine learning to identify critical genes associated with these subtypes offers 
promising new avenues for therapeutic intervention. Genes such as BIRC5, CENPA, and MMP11, identified 
in the study as significantly overexpressed in more aggressive prostate cancers, open up opportunities for tar-
geted therapies. For instance, BIRC5 (Survivin), known for its role in inhibiting apoptosis and promoting cell 
proliferation, could be an ideal target for drugs designed to induce cell death in tumor cells36,37. Similarly, tar-
geting CENPA, a histone variant involved in chromosome segregation during cell division, could disrupt the 
proliferative capacity of cancer cells, addressing the issue of rapid tumor growth38,39. The implications of these 
findings extend beyond simply identifying new drug targets; they also enhance our understanding of the tumor 
microenvironment and its interaction with systemic therapies. The potential synergy between targeted therapies 
against these genes and existing treatments like ADT or chemotherapy could lead to more comprehensive treat-
ment protocols that address multiple aspects of tumor biology simultaneously. Additionally, the drug screening 
results presented in this study, which suggest possible inhibitors for these key proteins, lay the groundwork for 
future preclinical and clinical trials that could one day lead to more effective and personalized treatment options 
for prostate cancer patients.

In conclusion, this study not only reinforces the importance of androgen signaling in prostate cancer but 
also highlights the potential for integrating advanced bioinformatics and machine learning tools to unearth 
new therapeutic targets and strategies. By moving towards a more tailored treatment approach based on spe-
cific genetic and molecular profiles, we can hope to improve the efficacy of treatments, reduce the occurrence 
of resistance, and ultimately enhance the prognosis for patients suffering from this challenging disease. Future 
research should aim to validate these potential targets in preclinical settings, ensuring that treatments continue 
to evolve in line with our deepening understanding of the disease.

Data availability
All TCGA molecular and clinical data sets used in this study are publicly available and can be found here: https://​
portal.​gdc.​cancer.​gov/​proje​cts/​TCGA-​PRAD. The GSE137829 dataset used in this study is publicly available and 
can be found here: https://​www.​ncbi.​nlm.​nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE13​7829. The original contributions 
presented in the study are included in the article/Supplementary Material, further inquiries can be directed to 
the corresponding authors.
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