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Abstract: Aims: To investigate the effect of Glutathione metabolism in prostate cancer
pathogenesis. Background: There is growing evidence that Glutathione metabolism plays
an important role in prostate cancer, with genes encoding key enzymes in this pathway
potentially serving as diagnostic or prognostic biomarkers. Objective: To explore whether
there is a causal relationship between key enzymes in the Glutathione metabolism and
prostate cancer, and to further investigate the molecular mechanisms and roles of the genes
encoding their proteins in relation to prostate cancer. Method: Transcriptomic datasets
from the Gene Expression Omnibus (GEO) database were analyzed to identify differentially
expressed genes (DEGs) and enriched pathways in prostate cancer versus normal tissues.
Two-sample bidirectional Mendelian randomization (MR) was employed to assess causal
relationships between Glutathione metabolic enzymes (exposure) and prostate cancer
risk (outcome). Immune infiltration analysis and LASSO regression were performed to
construct a diagnostic model. Single-cell RNA sequencing (scRNA-seq) data were utilized
to elucidate cell-type-specific expression patterns and functional associations of target
genes. Result: The results of two-sample bidirectional MR showed that Glutathione S-
transferase P (GSTP) in Glutathione metabolism could reduce the risk of prostate cancer.
The Glutathione S-transferase Pi-1 (GSTP1) gene was lowly expressed in prostate cancer
and was able to diagnose prostate cancer more accurately. Single-cell analysis showed that
the high expression of GSTP1 in prostate cancer epithelial cells was closely associated with
the upregulation of the P53 pathway and apoptosis. Conclusions: Our study reveals that
GSTP in Glutathione metabolism reduces the risk of prostate cancer and further analyzes
the genetic association and mechanism of action between GSTP1 and prostate cancer.

Keywords: Glutathione S-transferase P; prostate cancer; Mendelian randomization; causality;
machine learning; single-cell analysis

1. Introduction
Prostate cancer is the most common tumor in European and American men [1,2]. Epi-

demiological projections estimate 299,010 new diagnoses and 35,250 prostate-cancer-related
deaths in the United States during 2024 [2]. Established risk factors include advanced
age, African ancestry, and familial predisposition to the disease [3]. Tumors have com-
mon metabolic features, but some studies have shown that prostate cancer itself has
unique metabolic features: abnormalities in amino acid metabolism (particularly glutamate
metabolism), abnormalities in cholesterol metabolism, etc. [4]. These metabolic insights are
informing novel therapeutic strategies and monitoring approaches for clinical management.

Biomedicines 2025, 13, 1051 https://doi.org/10.3390/biomedicines13051051

https://doi.org/10.3390/biomedicines13051051
https://doi.org/10.3390/biomedicines13051051
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/biomedicines
https://www.mdpi.com
https://doi.org/10.3390/biomedicines13051051
https://www.mdpi.com/article/10.3390/biomedicines13051051?type=check_update&version=1


Biomedicines 2025, 13, 1051 2 of 22

Glutathione (GSH), an intracellular antioxidant, is the most abundant non-protein
thiol at millimolar concentrations in mammals [5]. Production of reactive oxygen species
in most tumor cells can lead to increased GSH levels and the expression of the antioxi-
dant process [5]. And as an important antioxidant regulator, NRF2, which regulates the
expression of several enzymes in the Glutathione metabolism, including Glutathione reduc-
tase, Glutathione peroxidase, and Glutathione S-transferase (GST) [6,7]. GST can prevent
cancer progression [5]. Its polymorphisms are associated with susceptibility to a variety
of cancers [8,9]. A study has shown that GSTP1 polymorphisms behave differently in
different tumors, with the GSTP1a allele being significantly lower in prostate cancer while
the GSTP1b allele is significantly higher in bladder and testicular cancer [10]. However,
the mechanistic link between GSTP1 polymorphisms and prostate carcinogenesis remains
controversial in contemporary research.

This study aimed to investigate the association between key Glutathione metabolic
enzymes and prostate cancer. MR analysis, an epidemiological method grounded in
Mendelian inheritance principles, employs genetic variants as instrumental variables to
infer causal relationships between exposures (e.g., enzyme activity) and outcomes (e.g.,
prostate cancer risk), thereby minimizing confounding and reverse causality. MR analysis
was utilized to elucidate causal links between Glutathione metabolic enzymes and prostate
cancer. Concurrently, machine learning approaches were applied to evaluate the diagnostic
utility of key enzyme-related genes and construct predictive models. Single-cell resolution
analysis further delineated cell-type-specific expression patterns of these genes. This
integrative approach aims to advance the identification of novel therapeutic targets for
prostate cancer. The study design is summarized in Figure S1.

2. Materials and Methods
2.1. Dataset Download from GEO Database and Data Preprocessing

In this study, four prostate cancer datasets were retrieved from the GEO database. The
GSE62872 dataset served as a validation set to confirm our findings, while the remaining
three datasets were utilized to identify DEGs in prostate cancer. Following batch correction
and normalization of the three datasets, the merged data were subjected to differential
expression analysis to obtain DEGs. These genes were subsequently analyzed via Gene On-
tology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses
to identify enriched pathways. Additionally, the GSE193337 dataset was downloaded for
single-cell analysis. Details of the downloaded datasets are summarized in Table 1, with
comprehensive clinical information for each dataset provided in Tables S1–S4.

Table 1. Detailed information about the dataset.

GWAS Database

Phenotype Consortium Sample Size GWAS ID

Exposure

Glutathione peroxidase 1 measurement NA 10,708 ebi-a-GCST90019397
Glutathione peroxidase 7 NA 3301 prot-a-1265

Glutathione S-transferase A1 NA 3301 prot-a-1283
Glutathione S-transferase A3 NA 3301 prot-a-1284
Glutathione S-transferase A4 NA 3301 prot-a-1285

Glutathione S-transferase kappa 1 NA 3301 prot-a-1286
Glutathione S-transferase Mu 1 NA 3301 prot-a-1287

Glutathione S-transferase omega-1 NA 3301 prot-a-1288
Glutathione S-transferase P NA 3301 prot-a-1289

Glutathione S-transferase theta-2B NA 3301 prot-a-1291
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Table 1. Cont.

GWAS Database

Phenotype Consortium Sample Size GWAS ID

Lactoylglutathione lyase NA 3301 prot-a-1218
S-Formylglutathione hydrolase NA 3301 prot-a-989
Cysteine-glutathione disulfide NA 1997 met-a-680

Glutathione S-transferase Pi NA NA prot-c-4911_49_2

Outcome

Prostate cancer PRACTICAL 140,254 ieu-b-85

GEO Database

Accession Sample Source Sequencing Type Dataset Usage

GSE46602 Prostate cancer Array Training dataset
GSE55945 Prostate cancer Array Training dataset
GSE69223 Prostate cancer Array Training dataset
GSE62872 Prostate cancer Array Testing dataset

GSE193337 Prostate cancer RNA-seq Single cell analysis
NA: No specifics are indicated in the database.

2.2. Download of Data from the GWAS Public Database

Enriched pathway datasets were obtained from the GWAS Catalog (https://gwas.
mrcieu.ac.uk/ (accessed on 5 August 2024)) for use as exposure variables in MR analysis.
A prostate cancer genome-wide association study (GWAS) dataset (ieu-b-85) was acquired
as the outcome variable. All data originated from European ancestry populations. Sum-
mary statistics utilized in these MR analyses were derived from published studies where
ethical approval and participant consent had been secured in the original research. The
downloaded datasets are cataloged in Table 1.

2.3. Instrumental Variables (IVs)

The MR analysis used genetic variants as IVs to examine whether there was a causal
relationship between exposure factors and outcome factors. To avoid bias, we took the
following measures to treat the exposure factors strictly: (1) We set the significance level of
the correlation analysis at p < 5 × 10−6; (2) To minimize linkage disequilibrium (LD), we set
a clustering window of 10,000 kilobases and an LD threshold of r2 < 0.001; (3) We calculated
the F-statistics of IVs, excluded relevant IVs with F ≤ 10, and retained the remaining IVs for
further analysis to avoid the weak instrumental bias caused by variable effects. Two-sample
bidirectional MR analyses of exposure and outcome factors were then performed.

2.4. MR Analysis Methods

The MR analyses employed five approaches: inverse variance weighting (IVW), MR-
Egger regression, weighted median (WM), simple mode, and weighted mode. The IVW
assumes that the instrumental variables are free of horizontal multivariate, which has the
advantage of high test validity but may lead to bias if multivariate is present. MR-Egger
regression assumes that the instrumental variables satisfy the InSIDE assumptions and
that SNP exposure associations are sufficiently precise; however, MR-Egger is sensitive to
outliers and violations of the InSIDE assumptions, and the test is inefficient [11]. Weighted
median assumes that at least 50% of the instrumental variables are valid, and the method is
robust to outliers, and sensitive to additions or removals of genetic variants. To make the
MR analysis more complete, we used both simple and weighted models.

https://gwas.mrcieu.ac.uk/
https://gwas.mrcieu.ac.uk/
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Sensitivity analysis: Heterogeneity was assessed using Cochran’s Q test within
the IVW framework, where p > 0.05 indicated no significant heterogeneity. Horizon-
tal pleiotropy was evaluated via funnel plots and MR-Egger intercept analysis, with the
latter quantifying the magnitude of pleiotropic effects.

2.5. Construct Drug-Gene Regulatory Network and ceRNA Regulatory Network of Pathway Genes

Drug–pathway gene interactions were identified using the DGIdb database (https:
//dgidb.org/ (accessed on 5 August 2024)), and the drug-gene regulatory network was
constructed via Cytoscape (version 3.9.1). miRNA-target relationships for pathway genes
were screened across four databases: miRanda, miRDB, miRWalk, and TargetScan. Subse-
quently, lncRNA–miRNA binding pairs were analyzed using the spongeScan database to
establish a competing endogenous RNA (ceRNA) regulatory network.

2.6. Analysis of Immune Infiltration of Pathway Genes

The CIBERSORT package was applied to analyze the relative expression of pathway
genes in different immune cells and to further visualize the interactions between immune
cells and the correlation between pathway genes and immune cells.

2.7. Diagnostic Ability, Expression Level, and Validation of Pathway Genes

To evaluate the diagnostic utility of pathway genes, receiver operating characteristic
(ROC) analysis was performed using the pROC package (v1.18.5), with area under the
curve (AUC) values calculated to quantify classification accuracy between control and
case cohorts. Differential expression of pathway genes was assessed in the training cohort
via the ggpubr package (v0.6.0), with results independently validated in the test cohort.
Immunohistochemistry (IHC) further corroborated gene expression patterns in matched
normal and tumor tissues.

2.8. Construction of Prostate Cancer Prediction Model Based on Machine Learning and
Pathway Genes

The pathway genes were screened using LASSO regression, and the obtained hub
genes were used as the final genes for constructing the prostate cancer prediction model.
The results were visualized by the “pROC” package.

2.9. Processing of Single-Cell RNA-Seq Data

To delineate the cellular expression landscape of pathway genes in prostate cancer, two sam-
ples (GSM5793824 and GSM5793828) from the GSE193337 dataset were processed using Seurat
(v4.4.0). First, raw data underwent stringent quality filtering: cells with <200 or >10,000 unique
molecular identifiers (UMIs), mitochondrial gene content > 20%, or ribosomal RNA content
> 20% were excluded. Normalization was performed using the LogNormalize method. The
“FindVariableFeatures” function was then applied to obtain 2000 highly variable genes, which
were used for subsequent PCA downscaling analysis. Second, after normalizing all genes
combined with jackstraw and elbow plots, we determined the principal component (PC) to be
15 and further selected a resolution of 1.2 for PCA downscaling. Third, the UMAP nonlinear
dimensionality reduction algorithm was applied to display cell clusters. Fourth, seven cell types
(T cells; epithelial cells; endothelial cells; NK cells; monocytes; tissue stem cells and smooth
muscle cells) were assigned to cell clusters based on the genetic markers by “SingleR”. The
markers for each cell cluster are listed in Table S13 and are also visualized as heatmaps of
pathway gene expression in different cell types. Fifth, the high and low expression of GSTP1
in epithelial cells were individually characterized. And the pathway genes were enriched and
scored by calling the msigdbr package using the “irGSEA” package in “UCell” (v 2.6.2).

https://dgidb.org/
https://dgidb.org/
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2.10. Statistical Analysis

This study was analyzed using R software (v 4.3.0). The Wilcoxon rank sum test was
used to analyze the differential expression levels of pathway genes. Spearman correlation
analysis was used to explore the correlation between pathway genes and immune cells. A
p-value of <0.05 was considered statistically significant.

3. Results
3.1. Data Merging and Gene Differential Expression Analysis

We have corrected and completed the multi-chip merging of the three data, GSE46602,
GSE55945, and GSE69223. Using R software (version 4.3.0), we performed principal
component analysis (PCA) on the three data before and after data merging. The results
demonstrated successful batch effect removal in the integrated dataset, with minimal
residual systematic variation between the three expression matrices (Figure 1A). The
integrated expression matrix was analyzed for differences using the limma package in
R software, and significant differential genes were obtained based on |logFC| > 1 and
adj.P.Val < 0.05 (Table S5). Filter the top 50 significantly upregulated and downregulated
differentially expressed genes (DEGs) and visualize them using the pheatmap package to
generate heatmaps and volcano plots. (Figure 1B,C).
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Figure 1. Data merging and differential gene analysis. (A) Visualization of PCA downscaling
before and after data merging. (B) Heatmap of differentially expressed genes. (C) Volcano plot of
differentially expressed genes. The red and blue dots represent upregulated and downregulated
differentially expressed genes, respectively.

3.2. GO and KEGG Analysis of Differentially Expressed Genes

We visualized GO analysis and KEGG analysis using R software (Figure 2A,B). GO
analysis was used to classify and annotate the functions of significantly differentially ex-
pressed genes, which were mainly classified into the following three categories: cellular
components (CC), molecular functions (MF), and biological processes (BP). The classifica-
tion leads to a better understanding of the functions of genes and the biological processes
in which they are involved. In this study, the differentially expressed genes were found to
be significantly associated with the extracellular matrix, epithelial–mesenchymal transition,
and Glutathione transferase activity (Table S6). KEGG analysis correlates significantly
differentially expressed genes with known metabolic pathways to better understand the
role of differentially expressed genes in organisms. This study showed that the differen-
tially expressed genes were significantly associated with cytochrome P450, Glutathione
metabolism, and prostate cancer (Table S7).
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3.3. MR Analysis

We selected the Glutathione metabolism for subsequent MR analysis based on the
KEGG results and visualized the genes enriched in this pathway to obtain the volcano
diagram (Figure 3A). Fourteen enzymes in the Glutathione metabolism were screened
from the GWAS database as exposure factors, prostate cancer data were screened as the
outcome factor, the TwoSampleMR package was applied to perform a two-sample bidi-
rectional MR analysis, and the results were dominated by the IVW method. The IVW
method provided two positive results: Glutathione S-transferase P (GSTP) was significantly
causal in reducing the risk of prostate cancer (OR = 0.962, 95% CI 0.926–0.998, p = 0.038),
Glutathione S-transferase omega-1 (GSTO1) also had a significant causal effect on prostate
cancer risk reduction (OR = 0.977, 95% CI 0.959–0.995, p = 0.013), neither of which detected
heterogeneity, with p values of 0.280 and 0.155 for Cochran’s Q, respectively. Reverse
Mendelian randomization yielded no positive results. The sensitivity analysis can be found
in Tables S8 and S9. In the test of multiplicity between GSTP and prostate cancer, the
intercept was −0.006, with a p-value of 0.465, which was not statistically significant, and in
the test of multiplicity between GSTO1 and prostate cancer, the intercept was −0.002, with
a p-value of 0.749, which was not statistically significant. The results of the leave-one-out
method showed that none of the SNPs had a significant impact on causality and had good
robustness (Figure 3B,F). The forest plot of the MR analysis results indicated that IVW
was statistically significant (Figure 3C,G). The funnel plot showed that the distribution of
SNPs tended to be balanced (Figure 3D,H). The scatter plot indicated that the exposure
factors were negatively correlated with the outcome factors (Figure 3E,I). MR-PRESSO
analyses showed no horizontal multiplicity in causality for prostate cancer for both GSTP
and GSTO1 (global test, p = 0.307 and p = 0.347), and neither had outliers. However, the
differentially expressed genes enriched in the Glutathione metabolism did not have GSTO1,
so we subsequently focused on GSTP in the analysis. In summary, Glutathione metabolism
is associated with prostate cancer, and GSTP in the metabolic pathway of prostate cancer
may reduce its risk.
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ized by Cytoscape software (version 3.9.1) to obtain a diagram of the drug-gene regulatory 
network (Figure 4A); lncRNA binds miRNAs competitively, which in turn affects the 
miRNA-regulated target gene mRNAs. This extensive interaction between genes medi-
ated by miRNAs is called the ceRNA regulatory network. Regarding MiRanda, miRDB, 
miRWalk, and TargetScan, all four databases were able to predict the miRNAs that regu-
late the target genes, and in this study, we picked out the miRNAs that can bind to path-
way genes. Then, the spongeScan database was used to screen the lncRNAs that could 
bind to the above-mentioned miRNAs, and the ceRNA regulatory network was visualized 
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Figure 3. MR analysis of Glutathione metabolism and prostate cancer. (A) Volcano diagrams of
pathway genes. (B) Leave-one-out analysis of the causal relationship between GSTP and prostate
cancer. (C) Forest plot of the causal relationship between GSTP and prostate cancer. (D) Funnel plot
of the causal relationship between GSTP and prostate cancer. (E) Scatter plot of the causal relationship
between GSTP and prostate cancer. (F) Leave-one-out analysis of the causal relationship between
GSOP1 and prostate cancer. (G) Forest plot of the causal relationship between GSOP1 and prostate
cancer. (H) Funnel plot of the causal relationship between GSOP1 and prostate cancer. (I) Scatter plot
of the causal relationship between GSOP1 and prostate cancer.

3.4. Construct Drug-Gene Regulatory Network and ceRNA Regulatory Network

The DGIdb database (https://dgidb.genome.wustl.edu/ (accessed on 5 August 2024))
is a publicly available database of drug–gene interactions through which we have found a
variety of drugs capable of regulating pathway genes (Table 2). The results were visualized
by Cytoscape software (version 3.9.1) to obtain a diagram of the drug-gene regulatory
network (Figure 4A); lncRNA binds miRNAs competitively, which in turn affects the
miRNA-regulated target gene mRNAs. This extensive interaction between genes mediated
by miRNAs is called the ceRNA regulatory network. Regarding MiRanda, miRDB, miR-
Walk, and TargetScan, all four databases were able to predict the miRNAs that regulate
the target genes, and in this study, we picked out the miRNAs that can bind to pathway
genes. Then, the spongeScan database was used to screen the lncRNAs that could bind
to the above-mentioned miRNAs, and the ceRNA regulatory network was visualized by
Cytoscape software (Figure 4B).

https://dgidb.genome.wustl.edu/
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Table 2. Details of Drug-Gene Regulatory Network.

Gene Drug Interaction_Types Sources

GSTP1 EZATIOSTAT
HYDROCHLORIDE inhibitor ChemblInteractions

GSTP1 CARBOPLATIN NCI|CIViC
GSTP1 CURCUMIN NCI
GSTP1 LEUCOVORIN PharmGKB
GSTP1 BLEOMYCIN PharmGKB
GSTP1 ISONIAZID PharmGKB
GSTP1 OXALIPLATIN NCI|PharmGKB
GSTP1 AZACITIDINE NCI
GSTP1 IFOSFAMIDE NCI
GSTP1 GARLIC NCI
GSTP1 EZATIOSTAT TdgClinicalTrial|TTD
GSTP1 SULFORAPHANE NCI
GSTP1 PYRIMETHAMINE PharmGKB
GSTP1 PLATINUM PharmGKB
GSTP1 CYCLOPHOSPHAMIDE NCI|PharmGKB
GSTP1 DROLOXIFENE NCI
GSTP1 RESVERATROL NCI
GSTP1 OMEPRAZOLE NCI
GSTP1 DOXORUBICIN PharmGKB
GSTP1 EPIRUBICIN PharmGKB

GSTP1 IRINOTECAN
HYDROCHLORIDE NCI

GSTP1 CYTARABINE NCI
GSTP1 VITAMIN E NCI
GSTP1 MELPHALAN NCI
GSTP1 ALCOHOL NCI
GSTP1 ADRIAMYCIN NCI
GSTP1 PREDNISONE NCI
GSTP1 EXATECAN MESYLATE NCI
GSTP1 THIOTEPA PharmGKB
GSTP1 CAMPTOTHECIN NCI
GSTP1 DOCETAXEL NCI
GSTP1 FLUOROURACIL PharmGKB
GSTP1 DECITABINE NCI
GSTP1 PACLITAXEL CIViC
GSTP1 BUSULFAN NCI|PharmGKB
GSTP1 DEXAMETHASONE NCI
GSTP1 SELENOMETHIONINE NCI
GSTP1 DITIOCARB NCI
GSTP1 MISONIDAZOLE NCI
GSTP1 LYCOPENE NCI
GSTP1 DAUNORUBICIN PharmGKB
GSTP1 RIFAMPIN PharmGKB
GSTP1 ETOPOSIDE PharmGKB
GSTP1 CANFOSFAMIDE TdgClinicalTrial|TTD
GSTP1 CISPLATIN NCI|CIViC|PharmGKB
GSTP1 HYDROQUINONE NCI
GSTP1 PERFOSFAMIDE NCI
GSTP1 VERAPAMIL NCI
GSTM1 CYCLOPHOSPHAMIDE PharmGKB
GSTM1 PACLITAXEL PharmGKB
GSTM1 CURCUMIN NCI
GSTM1 DOXORUBICIN PharmGKB
GSTM1 DICUMAROL NCI
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Table 2. Cont.

Gene Drug Interaction_Types Sources

GSTM1 VINBLASTINE PharmGKB
GSTM1 SULFORAPHANE NCI
GSTM1 CHLORAMBUCIL NCI
GSTM1 CLOZAPINE PharmGKB
GSTM1 AZATHIOPRINE PharmGKB
GSTM1 TROGLITAZONE NCI
GSTM1 NITROGLYCERIN NCI

GSTM1 IRINOTECAN
HYDROCHLORIDE NCI

GSTM1 METHOTREXATE NCI
GSTM1 BLEOMYCIN PharmGKB
GSTM1 PREDNISONE NCI
GSTM1 SULFAMETHOXAZOLE PharmGKB
GSTM1 DOCETAXEL NCI
GSTM1 DACARBAZINE PharmGKB
GSTM1 TRIMETHOPRIM PharmGKB
GSTM1 BUSULFAN PharmGKB
RRM2 HYDROXYUREA inhibitor ChemblInteractions|TTD

RRM2 FLUDARABINE
PHOSPHATE inhibitor ChemblInteractions

RRM2 GALLIUM NITRATE inhibitor ChemblInteractions
RRM2 CLOFARABINE inhibitor ChemblInteractions

RRM2 GEMCITABINE
HYDROCHLORIDE inhibitor ChemblInteractions

RRM2 GEMCITABINE inhibitor ClearityFoundation-
ClinicalTrial|TTD

RRM2 TEZACITABINE inhibitor ChemblInteractions
RRM2 CLADRIBINE inhibitor PharmGKB
RRM2 LY-2334737 TTD
RRM2 CYTARABINE PharmGKB
RRM2 TRIAPINE TdgClinicalTrial|TTD

RRM2 GEMCITABINE
ELAIDATE TTD

GSTM3 OLANZAPINE PharmGKB

3.5. Immune Infiltration Analysis of Pathway Genes

Immune cells play an indispensable role in the treatment and development of tumors.
Infiltration of immune cells can both remove tumor cells and play an anti-tumor role,
thereby preventing disease progression; at the same time, tumor cells can escape the attack
of immune cells by manipulating immune cells and thus promoting tumor progression. The
CIBERSORT package was developed by Stanford University and is capable of accurately
understanding the distribution of different types of immune cells in tissues. We applied
the CIBERSORT package to calculate the infiltration of immune cells in each sample and
then further analyzed the correlation between immune cells and between immune cells
and pathway genes (Figure 5). A strong positive correlation between GSTP1 and activated
mast cells; a strong positive correlation between activated mast cells and memory B cells,
plasma cells, T follicular helper cells, activated NK cells, and resting mast cells and a strong
negative correlation between activated mast cells and activated CD4 memory T cells, γδ T
cells, M0 macrophages, and M2 macrophages can be observed in the figure.
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Figure 5. Immune infiltration analysis of pathway genes. The darker the color between immune cells,
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correlation. The thicker the line between a gene and an immune cell, the greater the correlation;
orange represents a positive correlation, while green represents a negative correlation.

3.6. Evaluate and Verify the Diagnostic Ability and Expression Level of Pathway Genes

We analyzed the diagnostic ability of pathway genes for prostate cancer by applying
“pROC” to calculate AUC scores for receiver operating characteristic (ROC) curve analysis.
To assess whether the pathway genes could be differentially expressed in the internal and
external datasets, we applied R software to analyze the expression levels of the pathway genes
between the control group and the experimental group in the dataset. Figure 6A–D are a
visualization of the differential analysis of the diagnostic ability and expression levels of the
pathway genes in the internal and external validation sets. The GSTP1 shown in the figure
has better diagnostic ability in both training and validation sets with AUC values of 0.885 and
0.760, respectively. All seven pathway genes can be differentially expressed in both training
and validation sets, and the expression trend of GSTP1 in different datasets is the same, i.e., the
expression level is lower than that of normal tissues in the tumor tissues, which further proves
that our selected GSTP1 gene has robust diagnostic ability. We used immunohistochemical
results from the Human Protein Atlas (https://www.proteinatlas.org/ (accessed on 5 August
2024)) to show that GSTP1 is predominantly expressed in the cytoplasm and is expressed
higher in normal tissues than in prostate cancer tissues (Figure 6E,F).

https://www.proteinatlas.org/
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tained for constructing the prostate cancer prediction model (Table S10). The formula of 
the prediction model is as follows: Riskscore = (−0.33351 × GSTP1 expression) + (−0.38436 
× GSTM5 expression) + (1.182265 × RRM2). We performed ROC analysis of the model on 
the training set and validation set to evaluate the prediction accuracy of the model (Figure 
7A–C). As shown in the figure, the constructed LASSO regression model has an AUC 
value of 0.949 in the training set and 0.789 in the validation set, indicating that the model 
has a robust diagnostic capability. Details of the LASSO scores for each sample in the 
training and validation sets can be found in Tables S11 and S12. 

Figure 6. Differences in diagnostic ability and expression levels of pathway genes in the training and
validation sets. (A) ROC curves for pathway genes in the training set. (B) Box plots of expression
levels of pathway genes in training set. (C) ROC curves for pathway genes in the validation set.
(D) Box plots of expression levels of pathway genes in validation set. (E) Immunohistochemical
findings of GSTP1 in normal prostate tissue (scale bars: 200 µm). (F) Immunohistochemical results of
GSTP1 in prostate cancer tissues (scale bars: 200 µm). **: p < 0.01; ***: p < 0.001.

3.7. Constructing Prostate Cancer Prediction Models Based on Machine Learning and
Pathway Genes

LASSO regression is generally used for feature selection. In this study, we used the
“glmnet” package (v 4.1-8) to perform LASSO regression analysis on the training set to select
pathway genes with a large number of features and used 10-fold cross-validation to train
the model. Based on λ.min, 0.01310187 was identified as an appropriate λ value. Finally,
three pathway genes (GSTP1, GSTM5, RRM2) with non-zero coefficients were obtained for
constructing the prostate cancer prediction model (Table S10). The formula of the prediction
model is as follows: Riskscore = (−0.33351 × GSTP1 expression) + (−0.38436 × GSTM5
expression) + (1.182265 × RRM2). We performed ROC analysis of the model on the training
set and validation set to evaluate the prediction accuracy of the model (Figure 7A–C). As
shown in the figure, the constructed LASSO regression model has an AUC value of 0.949 in the
training set and 0.789 in the validation set, indicating that the model has a robust diagnostic
capability. Details of the LASSO scores for each sample in the training and validation sets can
be found in Tables S11 and S12.
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3.8. Single-Cell Analysis of Cell-Specific Expression Patterns of Pathway Genes in Prostate Cancer

To investigate the cell-specific expression of pathway genes in prostate cancer, RNA-
seq analysis was first performed on selected samples. The data were first preprocessed,
including quality control, normalization, and dimensionality reduction (Figures S2–S4).
Cells in the control and experimental groups were clustered into 25 different clusters by
the UMAP algorithm, and the 25 clusters were categorized into seven different cell types
in prostate cancer cells based on the gene expression of different clusters (Figure 8A and
Tables S13–S15) We further analyzed the cellular expression characteristics of the pathway
genes and found that the pathway genes were significantly differentially expressed between
the tumor and normal groups (Figure 8B). GSTP1 was most highly expressed, mainly in the
epithelial cells (Figure 8C). Therefore, we specifically examined the characteristics between
groups with high and low GSTP1 expression in epithelial cells. It was found that the
proportion of the group with high expression of GSTP1 in epithelial cells in prostate cancer
was lower than that in normal prostate tissue (Figure 8D); GO analysis showed that high
and low GSTP1 expression groups in epithelial cells were clearly different in biological
processes such as calcium-dependent protein binding, cadherin binding involved in cell–
cell adhesion, and S100 protein binding. (Figure 8E); KEGG analysis showed that there
were significant differences in tight junctions and estrogen signaling pathways between the
groups with high and low GSTP1 expression in epithelial cells (Figure 8F). We performed
four enrichment analyses, “AUCell”, “UCell”, “singscore”, and “ssgsea”, on the two
epithelial cells, evaluated the results of the differential analysis by robust rank aggregation
(RRA), and sorted out the sets of differential genes that showed similar levels of enrichment
among the four methods. The upregulation of the P53 signaling pathway and apoptosis in
epithelial cells with high expression of GSTP1 can be seen in Figure 8G.



Biomedicines 2025, 13, 1051 17 of 22Biomedicines 2025, 13, x FOR PEER REVIEW 18 of 23 
 

 

Figure 8. Single-cell analysis of pathway genes in prostate cancer. (A) UMAP plots in single-cell 
analysis. Different point colors represent different cell clusters or cell types. (B) Differences in ex-

Figure 8. Single-cell analysis of pathway genes in prostate cancer. (A) UMAP plots in single-cell analysis.
Different point colors represent different cell clusters or cell types. (B) Differences in expression levels of
pathway genes in prostate cancer and normal controls. (C) Distribution of pathway genes in different
cell types. (D) Proportion of subpopulations of high expressing and low expressing cells of GSTP1 in
control and tumor groups. (E) GO analysis of high expressing and low expressing cell subpopulations
of GSTP1. (F) KEGG analysis of high expressing and low expressing cell subpopulations of GSTP1.
(G) Enrichment analysis of high expressing and low expressing cell subpopulations of GSTP1.
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4. Discussion
In this study, we investigated the causal relationship between enzymes in Glutathione

metabolism and prostate cancer based on public databases; GSTP1 has the potential to serve as
a biomarker for prostate cancer and may inhibit the development of prostate cancer through
interactions between immune cells or upregulation of the P53 pathway and apoptosis.

Glutathione is synthesized from glutamic acid, cysteine, and glycine, and its use as an
important antioxidant has shown more promise in tumor therapy [12]. The GST family is
classified into α(A), κ(K), µ(M), ω(O), pi(P), σ(S), θ(T), and ζ(Z) according to amino acid
sequence and substrate specificity; it is involved in key functions such as detoxification, cel-
lular signaling, post-translational modification, resistance to chemotherapeutic agents and
tumor progression [13,14]. DNA methylation, the most common epigenetic modification,
plays a role in tumor cells; promoter hypermethylation of the GSTP1 gene is detected in
prostate cancer, and this alteration is strictly limited to malignant cells, including prostate
cancer and prostatic intraepithelial neoplasia [15]. The literature, therefore, suggests that
hypermethylation of GST1 may be the best and most promising epigenetic marker, which
is currently available for prostate cancer [15]. Vera Hauptstock et al. demonstrate that hy-
permethylation of the GSTP1 promoter in prostate cancer correlates with repressive histone
patterns and that depsipeptide reverses DNA methylation and reduces repressive histone
modifications for epigenetic therapy of prostate cancer [16]. Steven T. Okino et al. similarly
concluded that the silencing of GSTP1 increases tumor susceptibility and promotes tumor
progression and found that DNA methylation and histone modification silenced GSTP1
expression in prostate cancer; the order of alteration of these two epigenetic marks remains
controversial [17]. Clare Stirzaker discovered that the accumulation of DNA methylation
eventually leads to histone methylation, i.e., the sequence of DNA methylation precedes
histone modification [18]. In contrast, Maria Strunnikova found that histone inactivation
can trigger DNA methylation of the RASSF1A promoter, i.e., histone modification precedes
DNA methylation [19]. Furthermore, Rajnee Kanwal et al. suggested that loss of GSTP1
expression due to methylation increases susceptibility to oxidative stress-induced DNA
damage [20]. Regardless of the order, however, epigenetic alterations silence genes, which
further play a role in tumors.

Immune infiltration analysis in this study showed a strong positive correlation between
GSTP1 and activated mast cells, and mast cells had different degrees of positive and
negative correlations with other immune cells. As an important member of the immune
system, mast cells play an important role in anti-inflammation or pro-inflammation and
are associated with the development of cancer [21]. In many studies, mast cells have been
considered immune cells that play a protumorigenic role. A review on mast cells and
colorectal cancer suggests that mast cells may promote colorectal cancer progression by
secreting cytokines [22]. Enrique Zudaire et al. have shown that adrenomedullin modulates
mast cells to promote tumor progression [23]. However, most epidemiological evidence
supports a negative correlation between mast cells and tumor progression in breast, lung,
and colon tumors, and Mark J Sinnamon demonstrated the protective role of mast cells
in colon malignancies through animal experiments and stated that the anticancer effects
of mast cells may be due to the different locations of mast cells [21]. GSTP1 may play
an anticancer role in the prostate through activated mast cells. In single-cell analyses,
different levels of epithelial GSTP1 expression differed significantly in different biological
processes or metabolic pathways. For example, GO analysis showed that S100 protein
binding was significantly different in high and low GSTP1 expression groups. It has been
shown that S100 protein is associated with cell proliferation, metastasis, angiogenesis, and
immune escape in cancer [24,25]. For instance, the expression of S100 A4 in hepatocellular
carcinoma tissues correlates with progression [26]; the expression of S100 A8 and S100 A9
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is regulated by hypoxia and HIF-1 in prostate cancer, and S100 A9 is associated with cancer
recurrence [27]; real-time quantitative PCR reveals upregulated expression of S100 A2 and
S100 P in metastatic non-small cell lung cancer and an overall survival benefit in patients
with low S100 P expression [28]. KEGG analysis showed significant differences in the
estrogen signaling pathway between groups with high and low GSTP1 expression. Prostate
cancer is a highly androgen-dependent tumor, and inhibition of androgens has become an
important tool in the treatment of prostate cancer [29,30]. Camille Lafront et al. found that
the estrogen signaling pathway reprograms prostate cancer metabolism, which is linked
to disease progression, and can be exploited for therapy [31]. All of these showed that
GSTP1 expression is associated with the development and progression of prostate cancer.
Single-cell enrichment analysis showed that P53 and apoptotic pathways were upregulated
in the GSTP1 high-expression group. P53, as an important tumor suppressor, plays a central
role in the cell cycle, and its inactivation is a hallmark of cancer [32–34]. It is regulated at
multiple levels and, therefore, plays an important role in various aspects of the cell cycle,
apoptosis, and anticancer [35]. An animal experiment showed that P53 restoration in mice
led to the regression of lymphomas and sarcomas by inducing apoptosis and inhibiting cell
growth [36], and several other in vivo studies have similarly reported the effects of restoring
the function of P53 on tumors [37,38]. Apoptosis, as a form of programmed cell death,
has been extensively studied in the field of tumor therapy due to its tumor-suppressive
effects [39]. Apoptosis is categorized into the endogenous pathway mediated by B-cell
lymphoma-2 (BCL-2) and the exogenous pathway mediated by death receptors (DR) [40,41].
It has been demonstrated that apoptosis induced by both endogenous and exogenous
pathways occurs in prostate epithelial cells after androgen deprivation or denervation
therapy, which is important in the suppression of prostate cancer [42]. Death receptors are
members of the tumor necrosis factor receptor (TNFR) superfamily [43], including tumor
necrosis factor receptor 1 (TNFR1) and TNF-related apoptosis-inducing ligand (TRAIL)
receptors. TRAIL-R2 (DR5) has been reported in the literature to be downregulated in
prostate cancer and significantly downregulated in high-grade tumors [44]. The DR5
agonist lexatumumab has been used in clinical trials with some efficacy [45]. This suggests
that apoptosis has a non-negligible role in the treatment of cancer. Therefore, GSTP1 may
inhibit tumorigenesis and progression by upregulating the P53 signaling pathway and
apoptosis. This also reflects that Glutathione metabolism plays a role in prostate cancer.

There are some limitations to this study. First, the MR analysis was limited to a
European population, so it remains unknown whether the conclusions are applicable to
non-European populations; second, the sample size of the MR analysis was small, and the
thresholds were relaxed, which leads to the possibility of false-positive results. Third, the
small sample size of the data downloaded from the GEO database has some limitations,
and the reliability of the results still needs to be further verified by in vivo and in vitro
experiments. This study provides a genetic basis for the relationship between GSTP1 and
prostate cancer risk and analyzes the molecular mechanism of GSTP1 in prostate cancer,
but the relationship still needs to be further explored by experiments.

5. Conclusions
In summary, the molecular mechanism of GSTP1 in prostate cancer was revealed

based on machine learning and single-cell analysis. We believe that GSTP1 is able to reduce
the risk of prostate cancer, which is expected to be a potential therapeutic target for prostate
cancer, and also allows us to recognize the non-negligible role of GSH metabolism for
prostate cancer.
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7. Krajka-Kuźniak, V.; Paluszczak, J.; Baer-Dubowska, W. The Nrf2-ARE signaling pathway: An update on its regulation and
possible role in cancer prevention and treatment. Pharmacol. Rep. 2017, 69, 393–402. [CrossRef]

8. Song, K.; Yi, J.; Shen, X.; Cai, Y. Genetic polymorphisms of glutathione S-transferase genes GSTM1, GSTT1 and risk of hepatocel-
lular carcinoma. PLoS ONE 2012, 7, e48924. [CrossRef]

9. Zendehdel, K.; Bahmanyar, S.; McCarthy, S.; Nyren, O.; Andersson, B.; Ye, W. Genetic polymorphisms of glutathione S-transferase genes
GSTP1, GSTM1, and GSTT1 and risk of esophageal and gastric cardia cancers. Cancer Causes Control 2009, 20, 2031–2038. [CrossRef]

10. Harries, L.W.; Stubbins, M.J.; Forman, D.; Howard, G.C.; Wolf, C.R. Identification of genetic polymorphisms at the glutathione
S-transferase Pi locus and association with susceptibility to bladder, testicular and prostate cancer. Carcinogenesis 1997, 18, 641–644.
[CrossRef]

11. Bowden, J.; Holmes, M.V. Meta-analysis and Mendelian randomization: A review. Res. Synth. Methods 2019, 10, 486–496. [CrossRef]
[PubMed]

12. Asantewaa, G.; Harris, I.S. Glutathione and its precursors in cancer. Curr. Opin. Biotechnol. 2021, 68, 292–299. [CrossRef] [PubMed]
13. Townsend, D.; Tew, K. Cancer drugs, genetic variation and the glutathione-S-transferase gene family. Am. J. Pharmacogenom. 2003,

3, 157–172. [CrossRef] [PubMed]
14. Singh, R.R.; Reindl, K.M. Glutathione S-Transferases in Cancer. Antioxidants 2021, 10, 701. [CrossRef]
15. Schnekenburger, M.; Karius, T.; Diederich, M. Regulation of epigenetic traits of the glutathione S-transferase P1 gene: From

detoxification toward cancer prevention and diagnosis. Front. Pharmacol. 2014, 5, 170. [CrossRef]
16. Hauptstock, V.; Kuriakose, S.; Schmidt, D.; Düster, R.; Müller, S.C.; von Ruecker, A.; Ellinger, J. Glutathione-S-transferase pi 1

(GSTP1) gene silencing in prostate cancer cells is reversed by the histone deacetylase inhibitor depsipeptide. Biochem. Biophys.
Res. Commun. 2011, 412, 606–611. [CrossRef]

https://www.mdpi.com/article/10.3390/biomedicines13051051/s1
https://www.mdpi.com/article/10.3390/biomedicines13051051/s1
https://doi.org/10.1016/j.eururo.2024.03.027
https://www.ncbi.nlm.nih.gov/pubmed/38614820
https://doi.org/10.6004/jnccn.2024.0019
https://www.ncbi.nlm.nih.gov/pubmed/38626801
https://doi.org/10.1016/j.eururo.2019.08.005
https://www.ncbi.nlm.nih.gov/pubmed/31493960
https://doi.org/10.4103/aja202363
https://doi.org/10.3390/biom10101429
https://doi.org/10.1038/s41598-019-54065-6
https://doi.org/10.1016/j.pharep.2016.12.011
https://doi.org/10.1371/journal.pone.0048924
https://doi.org/10.1007/s10552-009-9399-7
https://doi.org/10.1093/carcin/18.4.641
https://doi.org/10.1002/jrsm.1346
https://www.ncbi.nlm.nih.gov/pubmed/30861319
https://doi.org/10.1016/j.copbio.2021.03.001
https://www.ncbi.nlm.nih.gov/pubmed/33819793
https://doi.org/10.2165/00129785-200303030-00002
https://www.ncbi.nlm.nih.gov/pubmed/12814324
https://doi.org/10.3390/antiox10050701
https://doi.org/10.3389/fphar.2014.00170
https://doi.org/10.1016/j.bbrc.2011.08.007


Biomedicines 2025, 13, 1051 21 of 22

17. Okino, S.T.; Pookot, D.; Majid, S.; Zhao, H.; Li, L.-C.; Place, R.F.; Dahiya, R. Chromatin changes on the GSTP1 promoter associated
with its inactivation in prostate cancer. Mol. Carcinog. 2007, 46, 839–846. [CrossRef]

18. Stirzaker, C.; Song, J.Z.; Davidson, B.; Clark, S.J. Transcriptional gene silencing promotes DNA hypermethylation through a
sequential change in chromatin modifications in cancer cells. Cancer Res. 2004, 64, 3871–3877. [CrossRef]

19. Strunnikova, M.; Schagdarsurengin, U.; Kehlen, A.; Garbe, J.C.; Stampfer, M.R.; Dammann, R. Chromatin inactivation precedes de novo
DNA methylation during the progressive epigenetic silencing of the RASSF1A promoter. Mol. Cell. Biol. 2005, 25, 3923–3933. [CrossRef]

20. Kanwal, R.; Pandey, M.; Bhaskaran, N.; Maclennan, G.T.; Fu, P.; Ponsky, L.E.; Gupta, S. Protection against oxidative DNA damage
and stress in human prostate by glutathione S-transferase P1. Mol. Carcinog. 2014, 53, 8–18. [CrossRef]

21. Noto, C.N.; Hoft, S.G.; DiPaolo, R.J. Mast Cells as Important Regulators in Autoimmunity and Cancer Development. Front. Cell
Dev. Biol. 2021, 9, 752350. [CrossRef] [PubMed]

22. Liu, X.; Li, X.; Wei, H.; Liu, Y.; Li, N. Mast cells in colorectal cancer tumour progression, angiogenesis, and lymphangiogenesis.
Front. Immunol. 2023, 14, 1209056. [CrossRef] [PubMed]

23. Zudaire, E.; Martínez, A.; Garayoa, M.; Pío, R.; Kaur, G.; Woolhiser, M.R.; Metcalfe, D.D.; Hook, W.A.; Siraganian, R.P.; Guise,
T.A.; et al. Adrenomedullin is a cross-talk molecule that regulates tumor and mast cell function during human carcinogenesis.
Am. J. Pathol. 2006, 168, 280–291. [CrossRef] [PubMed]

24. Bresnick, A.R.; Weber, D.J.; Zimmer, D.B. S100 proteins in cancer. Nat. Rev. Cancer 2015, 15, 96–109. [CrossRef]
25. Nasser, M.W.; Elbaz, M.; Ahirwar, D.K.; Ganju, R.K. Conditioning solid tumor microenvironment through inflammatory

chemokines and S100 family proteins. Cancer Lett. 2015, 365, 11–22. [CrossRef]
26. Delangre, E.; Oppliger, E.; Berkcan, S.; Gjorgjieva, M.; Correia de Sousa, M.; Foti, M. S100 Proteins in Fatty Liver Disease and

Hepatocellular Carcinoma. Int. J. Mol. Sci. 2022, 23, 11030. [CrossRef]
27. Grebhardt, S.; Veltkamp, C.; Ströbel, P.; Mayer, D. Hypoxia and HIF-1 increase S100A8 and S100A9 expression in prostate cancer.

Int. J. Cancer 2012, 131, 2785–2794. [CrossRef]
28. Diederichs, S.; Bulk, E.; Steffen, B.; Ji, P.; Tickenbrock, L.; Lang, K.; Zänker, K.S.; Metzger, R.; Schneider, P.M.; Gerke, V.; et al. S100

family members and trypsinogens are predictors of distant metastasis and survival in early-stage non-small cell lung cancer.
Cancer Res. 2004, 64, 5564–5569. [CrossRef]

29. Shafi, A.A.; Yen, A.E.; Weigel, N.L. Androgen receptors in hormone-dependent and castration-resistant prostate cancer. Pharmacol.
Ther. 2013, 140, 223–238. [CrossRef]

30. Desai, K.; McManus, J.M.; Sharifi, N. Hormonal Therapy for Prostate Cancer. Endocr. Rev. 2021, 42, 354–373. [CrossRef]
31. Lafront, C.; Germain, L.; Campolina-Silva, G.H.; Weidmann, C.; Berthiaume, L.; Hovington, H.; Brisson, H.; Jobin, C.; Frégeau-

Proulx, L.; Cotau, R.; et al. The estrogen signaling pathway reprograms prostate cancer cell metabolism and supports proliferation
and disease progression. J. Clin. Investig. 2024, 134, e170809. [CrossRef]

32. Joerger, A.C.; Fersht, A.R. The p53 Pathway: Origins, Inactivation in Cancer, and Emerging Therapeutic Approaches. Annu. Rev.
Biochem. 2016, 85, 375–404. [CrossRef] [PubMed]

33. Hernández Borrero, L.J.; El-Deiry, W.S. Tumor suppressor p53: Biology, signaling pathways, and therapeutic targeting. Biochim.
Et Biophys. Acta (BBA) Rev. Cancer 2021, 1876, 188556. [CrossRef] [PubMed]

34. Lane, D.; Levine, A. p53 Research: The past thirty years and the next thirty years. Cold Spring Harb. Perspect. Biol. 2010, 2, a000893.
[CrossRef] [PubMed]

35. Liu, Y.; Su, Z.; Tavana, O.; Gu, W. Understanding the complexity of p53 in a new era of tumor suppression. Cancer Cell 2024, 42,
946–967. [CrossRef]

36. Ventura, A.; Kirsch, D.G.; McLaughlin, M.E.; Tuveson, D.A.; Grimm, J.; Lintault, L.; Newman, J.; Reczek, E.E.; Weissleder, R.;
Jacks, T. Restoration of p53 function leads to tumour regression in vivo. Nature 2007, 445, 661–665. [CrossRef]

37. Martins, C.P.; Brown-Swigart, L.; Evan, G.I. Modeling the therapeutic efficacy of p53 restoration in tumors. Cell 2006, 127,
1323–1334. [CrossRef]

38. Xue, W.; Zender, L.; Miething, C.; Dickins, R.A.; Hernando, E.; Krizhanovsky, V.; Cordon-Cardo, C.; Lowe, S.W. Senescence and
tumour clearance is triggered by p53 restoration in murine liver carcinomas. Nature 2007, 445, 656–660. [CrossRef]

39. Morana, O.; Wood, W.; Gregory, C.D. The Apoptosis Paradox in Cancer. Int. J. Mol. Sci. 2022, 23, 1328. [CrossRef]
40. Xu, X.; Lai, Y.; Hua, Z.-C. Apoptosis and apoptotic body: Disease message and therapeutic target potentials. Biosci. Rep. 2019, 39,

BSR20180992. [CrossRef]
41. Zhu, M.; Liu, D.; Liu, G.; Zhang, M.; Pan, F. Caspase-Linked Programmed Cell Death in Prostate Cancer: From Apoptosis,

Necroptosis, and Pyroptosis to PANoptosis. Biomolecules 2023, 13, 1715. [CrossRef] [PubMed]
42. Ali, A.; Kulik, G. Signaling Pathways That Control Apoptosis in Prostate Cancer. Cancers 2021, 13, 937. [CrossRef] [PubMed]
43. Wosik, K.; Biernacki, K.; Khouzam, M.-P.; Prat, A. Death receptor expression and function at the human blood brain barrier. J.

Neurol. Sci. 2007, 259, 53–60. [CrossRef] [PubMed]

https://doi.org/10.1002/mc.20313
https://doi.org/10.1158/0008-5472.CAN-03-3690
https://doi.org/10.1128/MCB.25.10.3923-3933.2005
https://doi.org/10.1002/mc.21939
https://doi.org/10.3389/fcell.2021.752350
https://www.ncbi.nlm.nih.gov/pubmed/34712668
https://doi.org/10.3389/fimmu.2023.1209056
https://www.ncbi.nlm.nih.gov/pubmed/37497234
https://doi.org/10.2353/ajpath.2006.050291
https://www.ncbi.nlm.nih.gov/pubmed/16400030
https://doi.org/10.1038/nrc3893
https://doi.org/10.1016/j.canlet.2015.05.002
https://doi.org/10.3390/ijms231911030
https://doi.org/10.1002/ijc.27591
https://doi.org/10.1158/0008-5472.CAN-04-2004
https://doi.org/10.1016/j.pharmthera.2013.07.003
https://doi.org/10.1210/endrev/bnab002
https://doi.org/10.1172/JCI170809
https://doi.org/10.1146/annurev-biochem-060815-014710
https://www.ncbi.nlm.nih.gov/pubmed/27145840
https://doi.org/10.1016/j.bbcan.2021.188556
https://www.ncbi.nlm.nih.gov/pubmed/33932560
https://doi.org/10.1101/cshperspect.a000893
https://www.ncbi.nlm.nih.gov/pubmed/20463001
https://doi.org/10.1016/j.ccell.2024.04.009
https://doi.org/10.1038/nature05541
https://doi.org/10.1016/j.cell.2006.12.007
https://doi.org/10.1038/nature05529
https://doi.org/10.3390/ijms23031328
https://doi.org/10.1042/BSR20180992
https://doi.org/10.3390/biom13121715
https://www.ncbi.nlm.nih.gov/pubmed/38136586
https://doi.org/10.3390/cancers13050937
https://www.ncbi.nlm.nih.gov/pubmed/33668112
https://doi.org/10.1016/j.jns.2006.08.018
https://www.ncbi.nlm.nih.gov/pubmed/17395209


Biomedicines 2025, 13, 1051 22 of 22

44. Hernandez-Cueto, A.; Hernandez-Cueto, D.; Antonio-Andres, G.; Mendoza-Marin, M.; Jimenez-Gutierrez, C.; Sandoval-Mejia,
A.L.; Mora-Campos, R.; Gonzalez-Bonilla, C.; Vega, M.I.; Bonavida, B.; et al. Death receptor 5 expression is inversely correlated
with prostate cancer progression. Mol. Med. Rep. 2014, 10, 2279–2286. [CrossRef]

45. Carneiro, B.A.; El-Deiry, W.S. Targeting apoptosis in cancer therapy. Nat. Rev. Clin. Oncol. 2020, 17, 395–417. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3892/mmr.2014.2504
https://doi.org/10.1038/s41571-020-0341-y

	Introduction 
	Materials and Methods 
	Dataset Download from GEO Database and Data Preprocessing 
	Download of Data from the GWAS Public Database 
	Instrumental Variables (IVs) 
	MR Analysis Methods 
	Construct Drug-Gene Regulatory Network and ceRNA Regulatory Network of Pathway Genes 
	Analysis of Immune Infiltration of Pathway Genes 
	Diagnostic Ability, Expression Level, and Validation of Pathway Genes 
	Construction of Prostate Cancer Prediction Model Based on Machine Learning and Pathway Genes 
	Processing of Single-Cell RNA-Seq Data 
	Statistical Analysis 

	Results 
	Data Merging and Gene Differential Expression Analysis 
	GO and KEGG Analysis of Differentially Expressed Genes 
	MR Analysis 
	Construct Drug-Gene Regulatory Network and ceRNA Regulatory Network 
	Immune Infiltration Analysis of Pathway Genes 
	Evaluate and Verify the Diagnostic Ability and Expression Level of Pathway Genes 
	Constructing Prostate Cancer Prediction Models Based on Machine Learning and Pathway Genes 
	Single-Cell Analysis of Cell-Specific Expression Patterns of Pathway Genes in Prostate Cancer 

	Discussion 
	Conclusions 
	References

