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Abstract

Biochemical recurrence (BCR) after radical prostatectomy (RP) remains a major clinical
challenge. Although metabolic reprogramming drives prostate cancer (PCa) progression,
its predictive value for BCR and its interplay with the tumor immune microenvironment
(TIME) remain incompletely understood. By integrating weighted gene co-expression
network analysis (WGCNA) with machine learning, we identified four metabolic-related
hub genes (GDPD1, PLA2G7, PTGDS, and SRD5A2) and developed an XGBoost-Cox model
that accurately stratified BCR risk (training 5-year AUC: 0.858; validation 5-year AUC:
0.745). SHAP analysis enhanced the model’s interpretability, while immunohistochemistry
(IHC) validated differential protein expression of these targets across 32 clinical specimens.
Furthermore, immune profiling demonstrated that these genes are closely linked to M2
macrophage-mediated immunosuppression and altered T-cell infiltration. To translate these
biomarkers into therapeutic targets, we employed in silico screening, molecular docking,
and molecular dynamics simulations, identifying (-)-epigallocatechin gallate (EGCG) as a
promising multi-target candidate. Subsequent in vitro assays confirmed that EGCG binds
stably to GDPD1, PTGDS, and SRD5A2, effectively suppressing malignant PCa phenotypes
and prostate-specific antigen (PSA) secretion. In summary, we established a robust and
interpretable model for predicting BCR after RP, and our in vitro validation suggests that
EGCG holds promise as a therapeutic agent to delay PCa progression.

Keywords: prostate cancer; biochemical recurrence; metabolic reprogramming; prognostic
model; machine learning; immune infiltration; molecular docking

1. Introduction

Prostate cancer (PCa) represents a formidable global health burden, ranking as the
second most common malignancy and the fifth leading cause of cancer-specific death in
the male population worldwide [1]. Although radical prostatectomy (RP) is the standard
curative treatment for localized PCa, postoperative outcomes vary substantially among
patients [2]. After RP, approximately 27-53% of patients develop biochemical recurrence
(BCR), commonly defined as a prostate-specific antigen (PSA) level > 0.2 ng/mL [3-5]. As
the earliest indicator of treatment failure, BCR is associated with an increased risk of distant
metastasis and mortality, yet its clinical course is highly heterogeneous [6]. While some
patients rapidly progress to metastatic castration-resistant PCa (mCRPC), others follow a
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more indolent course [7]. Therefore, identifying the specific biomarkers that distinguish
aggressive from indolent disease is critical for optimizing postoperative management.

Traditional clinicopathological parameters, such as the Gleason score and initial PSA
level, cannot fully account for the complex biological networks that govern early recur-
rence. However, by integrating high-dimensional transcriptomic features, machine learning
approaches have emerged as a powerful means of overcoming the limitations of these
parameters in predicting PCa recurrence [8-10]. Specifically, transcriptomic subtyping
provides a robust molecular basis for categorizing patients according to their risk of recur-
rence [11]. Building on these analytical frameworks, validated multi-gene signatures now
provide a reliable means of assessing recurrence risk across diverse patient cohorts [12].

Metabolic reprogramming is a key driver of PCa progression [13]. PCa exhibits distinct
metabolic dependencies, particularly on androgen signaling and lipid metabolism [14]. Dys-
regulated lipid and steroid biosynthesis are closely linked to tumor growth, aggressiveness,
and resistance to therapy [15,16]. Beyond serving as prognostic biomarkers and therapeutic
targets, specific metabolic biomarkers profoundly shape the tumor immune microenvi-
ronment (TIME) and drive immune cell polarization [17]. Although specific metabolites
actively promote an immunosuppressive environment, the underlying regulators of these
pathways and their functional roles in BCR remain poorly characterized [18].

This study integrated transcriptomics, weighted gene co-expression network analysis
(WGCNA), and advanced statistical algorithms (elastic net and stepwise Cox) to identify
a four-gene metabolic signature (GDPD1, PLA2G7, PTGDS, and SRD5A2) that predicts
BCR of PCa. A BCR risk prediction model based on these hub genes was developed and
validated. Immune infiltration profiling was conducted to elucidate the specific roles
of these genes in reshaping the TIME. Additionally, molecular docking and molecular
dynamics (MD) simulations confirmed the strong binding affinity of (-)-epigallocatechin
gallate (EGCG) to these gene-encoded proteins, and in vitro experiments confirmed its
targeted therapeutic potential. This study clarifies the potential link between metabolic
reprogramming and the BCR of PCa, thereby providing new insights into the diagnosis
and treatment of BCR.

2. Results
2.1. Identification of Differentially Expressed Genes (DEGs) and Functional Enrichment Analysis

To explore the transcriptomic changes associated with BCR in PCa, we systematically
compared gene expression profiles between the BCR and non-BCR groups in the training
cohort. Differential expression analysis identified a set of DEGs, including VWA5B1, KLK12,
and CRISP3, which were significantly upregulated, and OR2T11, FOSB, and PON1, which
were significantly downregulated (Figure 1A). Hierarchical clustering of the top 20 DEGs
successfully separated BCR and non-BCR samples, reflecting significant changes in gene
expression during disease recurrence (Figure 1B).

Functional enrichment analyses revealed that these DEGs are primarily associated
with extracellular matrix (ECM) remodeling, cell adhesion, and the p53 signaling pathway
(Figure 1C,D). Moreover, Gene Set Enrichment Analysis (GSEA) revealed that cell cycle-
related networks were highly activated in the BCR group, including mitotic progression,
spindle checkpoints, and PLK1/RHO GTPase signaling (Figure 1E,F). Collectively, these
findings suggest that ECM remodeling and cell cycle dysregulation are critical to PCa
progression and BCR.
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Figure 1. Identification and functional enrichment analysis of differentially expressed genes (DEGs) in
patients with prostate cancer (PCa) with biochemical recurrence (BCR) versus non-BCR. (A) Volcano
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plot of DEGs comparing BCR and non-BCR groups (red: upregulated; blue: downregulated; the grey
dashed line in the figure indicates that | Log?2 fold change (FC)| > 0.5 and p.adj < 0.05). (B) Expression
heatmap of the top 20 DEGs. (C,D) Bar charts summarizing the top enriched Gene Ontology (GO)
terms (colored by Z-score) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways.
(E,F) Gene Set Enrichment Analysis (GSEA) ridge plots highlighting upregulated cell cycle, mitosis,
and RHO GTPase pathways in the BCR group (FDR < 0.05).

2.2. Weighted Gene Co-Expression Network Analysis (WGCNA)

To investigate the underlying gene co-expression networks of BCR, WGCNA was used
to identify key BCR-associated modules. First, a sample clustering analysis was performed
on the training cohort, revealing no significant outliers (Figure 2A). Next, the scale-free
topology fit index (R? > 0.85) and mean connectivity were evaluated across a range of
soft-thresholding powers, resulting in the selection of 3 = 12 to construct the co-expression
network (Figure 2B). Using the dynamic tree-cut method, the genes were clustered and
visually represented by distinct branch colors. This resulted in 11 significant co-expression
modules (Figure 2C-E). Specifically, three modules—the black, brown, and turquoise
modules—exhibited significant correlations with BCR (I cor| > 0.2, p < 0.05) (Figure 2E).
A topological overlap matrix (TOM) heatmap confirmed dense interconnectivity within
modules and clear independence between them (Figure 2F). Ultimately, 2210 BCR-related
genes were identified across these three modules. Scatterplots of gene significance (GS)
versus module membership (MM) show their correlation with BCR (Figure 2G-I).
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Figure 2. Weighted gene co-expression network analysis (WGCNA) identifies co-expression mod-
ules associated with BCR. (A) Sample clustering dendrogram of the training cohort. (B) Network
topology analysis for soft-thresholding power selection in WGCNA. Numbers indicate different
soft-thresholding power values; 3 = 12 was selected. (C,D) Gene hierarchical clustering dendrogram
and corresponding module colors. (E) Heatmap of module-trait relationships. The black, brown,
and turquoise modules were significantly correlated with BCR (Icor | > 0.2, p < 0.05; red and blue
indicate positive and negative correlations). (F) The TOM heatmap illustrates the network’s structural
integrity (red and blue indicate positive and negative correlations). (G-I) Scatterplots of GS versus
MM reveal 2210 key module genes associated with BCR.

2.3. Identification and Functional Enrichment Analysis of Metabolic-Related Differentially
Expressed Genes (MR-DEGs)

A total of 16 MR-DEGs were robustly identified by intersecting the DEGs, with the
BCR-associated module genes identified via WGCNA and the metabolic-related genes
(MRGs) (Figure 3A). A protein—protein interaction (PPI) network revealed that PPARGCIA,
PTGDS, PLA2G7, and HMGCLLI were the primary interacting nodes (Figure 3B). Addition-
ally, chromosomal mapping localized these genes predominantly to chromosomes 1, 2, 4, 5,
6,10, 12, and 17 (Figure 3C).

2.4. Identification of Hub Genes and Validation of Protein Expression

Before model construction, potential batch effects between the training and validation
datasets were removed to ensure consistency across cohorts (Figure 4A,B). A two-step
feature selection strategy was then applied to the 16 MR-DEGs to address multicollinearity.
First, elastic net logistic regression identified six optimal predictive features associated with
BCR status (Figure 4C,D). These results were combined with BCR-free survival data to
perform a final stepwise Cox regression analysis, which identified four hub genes: GDPD1,
PLA2G7, PTGDS, and SRD5A2.
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Figure 3. Identification and functional enrichment analysis of metabolic-related differentially ex-
pressed genes (MR-DEGs). (A) A Venn diagram showing the overlap of 16 MR-DEGs among the
DEGs, the WGCNA BCR-associated module genes, and the MRGs. (B) A protein—protein inter-
action (PPI) network was constructed for the 16 MR-DEGs to highlight their internal interactions.
(C) Chromosomal distribution of the 16 MR-DEGs, visualized in a circular format. (D) KEGG path-
way enrichment analysis indicating the primary metabolic pathways associated with the MR-DEGs.
(E-G) GO enrichment analysis of the MR-DEGs, detailing the enriched (E) biological processes (BP),
(F) cellular components (CC), and (G) molecular functions (MF).

Before batch calibration After batch calibration
10 ]
'
'
'
o '
g i
'
2 =
R! Group § Group
g i "
E . Training cohorts & 0 . Training cohorts
E @ Vaiidation cohorts E @ validation cohorts
! 1
5 H -5 '
! 1
! 1
! 1
! 1
! 1
-0 ' -10 I
| Il
-10 -5 0 5 10 -10 -5 0 10
Dim?1 (77.5%) Dim1 (37.9%)

Figure 4. Cont.

https://doi.org/10.3390/ijms27114797


https://doi.org/10.3390/ijms27114797

Int. J. Mol. Sci. 2026, 27, 4797 7 of 28

0 4 5 6 9 910 10 13 18 15 15 15 15 15 4 9 1 15 15

0.60
L

C-index
Coefficients.
00

0.55
L

0.50
L

BCR Non-BCR

4
&
[
8 8

a
3

GDPD1

GDPD1 H-score
g

a
3

B
¥

BCR Non-BCR

Sokokk
. \
:
oo
.
of o
H

BCR Non-BCR

N
S
=3

a
3

PLA2G7

PLA2G7 H-score
3
=3

a
3

o

a

S
1
*
*

PTGDS

s

PTGDS H-score
N e o
s & 3

1 1

SRD5A2

SRD5A2 H-score
3
8
i

BCR Non-BCR

Figure 4. Identification and clinical validation of four metabolic-related hub genes in PCa. (A) Princi-
pal component analysis (PCA) plot of the groups before ComBat batch correction. (B) PCA plot of
the groups after ComBat batch correction. (C,D) Elastic net logistic regression analysis for candidate
gene selection illustrates the 10-fold cross-validation for optimal parameter selection and the corre-
sponding coefficient profiles of the 16 MR-DEGs. (E) Representative IHC images and corresponding
quantitative analysis of the four hub genes in tumor tissues from patients with BCR and non-BCR.
(Data are presented as mean + SD, ** p < 0.01, *** p < 0.001, **** p < 0.0001).

To assess protein expression of these four hub genes in clinical specimens, immunohis-
tochemistry (IHC) was performed on PCa tissues. Consistent with earlier transcriptomic
profiles, IHC analysis revealed significant upregulation of GDPD1 and PLA2G7 and marked
downregulation of PTGDS and SRD5A2 in samples from patients who experienced BCR
compared with those without recurrence (Figure 4E). These results confirm the differential
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expression of these four hub genes in relation to BCR status and highlight their potential as
biomarkers for predicting BCR in PCa patients.

2.5. Development and Interpretation of the Prognostic Model

To explore nonlinear interactions among the transcript levels of these four hub genes,
we constructed an XGBoost-Cox model to predict the BCR probability of PCa. Hyperparam-
eters were optimized via a grid search with 10-fold cross-validation, and an independent
prognostic risk score was calculated for each patient. The model demonstrated strong dis-
crimination, yielding C-indices of 0.784 (95% CI: 0.738-0.830) and 0.680 (95% CI: 0.595-0.765)
in the training and validation cohorts, respectively. Time-dependent receiver operating
characteristic (ROC) analysis confirmed the model’s robust predictive accuracy, with 1-,
3-, and 5-year areas under the curve (AUCs) of 0.854, 0.831, and 0.858 in the training
cohort, and 0.788, 0.773, and 0.745 in the validation cohort (Figure 5A,B). Additionally,
calibration curves showed strong agreement between predicted and observed BCR events
(Figure 5C,D).

Using an optimal riskScore cutoff of 0.7196 (determined by the minP method), patients
were stratified into high- and low-risk groups. Kaplan—-Meier analysis showed that high-
risk patients had significantly worse BCR-free survival in both the training and validation
cohorts (log-rank p < 0.0001 in both; Figure 5E,F). Finally, SHapley Additive exPlanations
(SHAP) analysis effectively visualized the model’s biological interpretability, delineating
each gene’s specific contribution to risk prediction (Figure 5G-I).
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Figure 5. Performance evaluation and SHAP interpretation of the XGBoost model. (A,B) Time-
dependent receiver operating characteristic (ROC) curves for the training (A) and validation (B)
cohorts. (C,D) Calibration curves assessing predicted versus observed BCR probabilities in both
cohorts. The marks above the curves represent the distribution of predicted probabilities. (E,F) Kaplan-
Meier BCR-free survival analysis for patients stratified by risk score (log-rank p < 0.0001). (G-I) SHAP
interpretability analysis, including a global heatmap (G) and beeswarm plots (H,I), delineating the
impact of each hub gene’s transcript level on the risk score.

2.6. The Influence of Hub Genes on the Tumor Immune Microenvironment (TIME)

The immune infiltration landscape of PCa was characterized using CIBERSORT and
xCell (Figure 6A,B). Compared with the non-BCR group, patients who experienced BCR
exhibited significant alterations in the TIME. Notably, the BCR group showed a substantial
accumulation of general and M2 macrophages, as well as altered proportions of naive B
cells, T follicular helper (Tfh) cells, activated dendritic cells (aDCs), basophils, and CD4+
memory T cells (Figure 6C,D). The enrichment of M2 macrophages suggests that the BCR
group has an immunosuppressive microenvironment that promotes disease recurrence.

A correlation analysis was conducted between the expression levels of these four hub
genes and the abundance of infiltrating immune cells to determine how they shape the
TIME (Figure 6E,F). The detailed correlation coefficients and significance patterns were
visualized using bubble-lollipop plots based on independent CIBERSORT (Figure S1) and
xCell (Figure S2) analyses. Notably, these hub genes exhibited profound and complex
connections with both innate and adaptive immune components. Beyond their significant
associations with macrophage polarization, these hub genes were also significantly related
to other critical immune subsets. Specifically, strong correlations were observed with
distinct T cell populations, such as CD4+ memory T cells and central memory T cells (Tcm),
as well as with innate effectors, such as DCs. These findings suggest that these hub genes
drive BCR not only through a single cell type but also through systemic remodeling that
coordinates complex innate and adaptive immune networks.
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Figure 6. Correlation analysis between the hub genes and immune cell infiltration. (A,B) Overall
distribution and relative proportions of immune cells in the training cohort, as evaluated using the
CIBERSORT (A) and xCell (B) algorithms. (C,D) Comparison of specific immune cell infiltration
abundances between the BCR and non-BCR groups, calculated using CIBERSORT (C) and xCell
(D). (E,F) Correlation analyses illustrating the associations between the four hub genes and distinct
immune cell types, based on CIBERSORT (E) and xCell (F) estimations (* p < 0.05, ** p < 0.01,
*** p < 0.001).
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ESTIMATE analysis revealed no significant differences in macroscopic tumor microen-
vironment (TME) scores (Stromal, Inmune, ESTIMATE, and Microenvironment) between
the BCR and non-BCR groups (Figure 7A). However, all four hub genes showed significant
correlations with the MicroenvironmentScore. GDPD1 also showed specific correlations
with the StromalScore and ESTIMATEScore (Figure 7B).
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Figure 7. Comparison of TME scores between BCR and non-BCR groups and correlation analysis
with the four hub genes. (A) Comparison of TME scores (Stromal, Inmune, ESTIMATE, and Microen-
vironment) between the BCR and non-BCR groups; (B) Correlation analysis between the four hub
genes and TME scores (ns, no significance).
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2.7. In Silico Screening and Molecular Dynamics (MD) Simulations Validation of
Targeted Therapeutics

Potential therapeutic compounds targeting the four hub genes were screened using
the DSigDB database. The analysis identified two compounds capable of interacting
with multiple targets: (-)-epigallocatechin gallate (EGCG, targeting GDPD1, PTGDS, and
SRD5A?2) and tetradioxin (targeting PLA2G7, PTGDS, and SRD5A2). However, tetradioxin
was excluded from further validation due to its well-documented physiological toxicity.
Thus, the natural catechin EGCG was chosen as the optimal candidate drug.

Molecular docking was subsequently performed to evaluate the spatial conformations
and binding affinities of EGCG with the proteins encoded by these three hub genes. The
docking results showed that EGCG successfully occupied the predicted active pocket of
the upregulated risk target (GDPD1) and the non-active stabilizing cavities of the downreg-
ulated protective targets (PTGDS and SRD5A2). These interactions yielded low binding
energies of —8.0, —8.2, and —12.0 kcal/mol, respectively (Figure 8A—C). These results
suggest the presence of favorable intermolecular forces that establish optimal binding
modes for both catalytic antagonism and structural stabilization.

Subsequent 100 ns MD simulations confirmed the conformational stability of these
systems under physiological conditions. Structural metrics, including RMSD, RMSF, Rg,
and SASA, showed that the systems equilibrated and became structurally compact through-
out the trajectories (Figure 8D-O). The continuous presence of intermolecular hydrogen
bonds (Figure 8P-R) and the convergence to global minima in Gibbs free energy land-
scapes (Figure 85-U) also validated the stable binding of EGCG to its specific proteins.
These findings suggest that EGCG may modulate the structure of these proteins, thereby
counteracting the development and progression of PCa.

2.8. In Vitro Functional Validation of the Therapeutic Potential of EGCG

To functionally validate the therapeutic potential of EGCG, its in vitro efficacy was
evaluated in three PCa cell lines (LNCaP, 22Rv1, and PC3). CCK-8 assays revealed a
time-dependent suppression of cell viability following EGCG treatment across all lines
(Figure 9A). Colony formation assays confirmed this anti-proliferative effect by showing
reduced clonogenic capacity (Figure 9B). Furthermore, Annexin V/PI flow cytometry
showed a significant induction of apoptosis in EGCG-treated cells (Figure 9C).
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Figure 8. Molecular docking and molecular dynamics (MD) simulations of EGCG. The left, middle,
and right columns present analyses of the EGCG-GDPD1, EGCG-PTGDS, and EGCG-SRD5A2
complexes, respectively. (A—-C) 3D docking poses of EGCG within the catalytic active pocket of
GDPD1 (A) and within the stabilizing non-active cavities of PTGDS (B) and SRD5A2 (C), the protein is
shown in blue and EGCG is shown in yellow. (D-R) Structural dynamics over 100 ns MD simulations,
including RMSD (D-F), RMSF (G-I), Rg (J-L), SASA (M-O), and the number of intermolecular
hydrogen bonds (P-R). (§-U) Gibbs free energy landscapes (FEL) of the three complexes.
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Figure 9. EGCG suppresses proliferation and induces apoptosis in PCa cells. (A) Cell proliferation
curves for LNCaP, 22Rv1, and PC3 cells treated with DMSO or 20 uM EGCG over four days, assessed
by CCK-8 assay. (B) Representative images and quantification of colony formation assays for the three
cell lines. (C) Flow cytometry analysis of cellular apoptosis using Annexin V/PI staining (** p < 0.01,
*** p <0.001, *** p < 0.0001). Data are presented as mean =+ SD from three independent experiments.

The inhibition of cellular proliferation was further validated by EAU incorporation
assays, which showed a reduced proportion of actively proliferating cells following EGCG
exposure (Figure 10A,B). Since BCR is clinically characterized by rising prostate-specific
antigen (PSA) levels, we evaluated the downstream regulatory effects of this targeted inter-
vention in the AR-positive, PSA-secreting LNCaP and 22Rv1 cell lines. Western blot analysis
confirmed downregulation of intracellular PSA protein expression (Figure 10C), and ELISA
demonstrated a concurrent reduction in secreted PSA levels in the culture supernatant
(Figure 10D). Taken together, these in vitro findings provide compelling functional evidence
that EGCG suppresses PCa cell proliferation and survival and fundamentally represses
PSA expression. This reinforces EGCG’s potential as an effective agent against BCR.
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Figure 10. EGCG inhibits DNA synthesis and reduces PSA expression in PCa cells. (A,B) EAU
incorporation assays evaluate active DNA synthesis in LNCaP, 22Rv1, and PC3 cells. Representative
fluorescence images (A) and quantification of the proportion of EdU-positive cells (B). (C) Western
blot analysis of intracellular PSA protein levels in LNCaP and 22Rv1 cells following EGCG treat-
ment. (D) ELISA quantification of secreted PSA levels in the culture supernatant of LNCaP and
22Rv1 cells (* p < 0.05, ** p < 0.01, *** p < 0.001. Data are presented as the mean + SD from three

independent experiments).
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3. Discussion

BCR following RP represents a highly heterogeneous clinical phase in PCa, with
patient trajectories ranging from indolent disease to lethal metastatic castration-resistant
PCa (mCRPC) [19]. Consequently, precise postoperative risk stratification is imperative to
optimize clinical management. However, conventional clinicopathological nomograms and
static genomic profiling often fail to fully capture the dynamic metabolic and microenviron-
mental changes that drive early tumor recurrence [20,21]. To address this limitation, our
research focuses on the unique metabolic reprogramming of PCa, exploring how specific
metabolic changes mediate BCR and alter the TIME. By integrating transcriptomic analysis
with machine learning, we identified a four-gene metabolic signature (GDPD1, PLA2G7,
PTGDS, and SRD5A2) and developed an interpretable XGBoost-Cox model to accurately
predict BCR. Crucially, we have clarified how these hub genes reshape the TIME, partic-
ularly by driving M2 macrophage polarization. Building on these mechanistic insights,
we further explored whether these targets could be structurally modulated by specific
compounds. Through in silico screening and in vitro validation, we demonstrated that
the structural and functional states of these targets can be precisely modulated by the
natural ligand EGCG. By directly binding to these targets, EGCG effectively suppresses the
malignant phenotype. This indicates that these targets are not only valuable for predicting
BCR risk in patients but also serve as practical therapeutic targets.

Metabolic reprogramming is widely recognized as a hallmark of PCa progression.
Specifically, dysregulation of lipid and phospholipid metabolism distinguishes PCa from
most other malignancies, which rely predominantly on aerobic glycolysis [15,16]. The four
hub genes in our prognostic model strongly reflect this distinct metabolic dependency.

GDPD1 (Glycerophosphodiester phosphodiesterase domain containing 1) is a critical
hub gene identified in our signature. It encodes an essential enzyme in choline phospho-
lipid metabolism. It belongs to the glycerophosphodiester phosphodiesterase family and
catalyzes the hydrolysis of deacylated glycerophospholipids into glycerol phosphate and
alcohol. This enzymatic activity is crucial for maintaining optimal membrane fluidity
and supporting lipid signaling [22]. In highly proliferative malignancies, enzymes in the
GDPD family, such as GDPD], are often dysregulated to accelerate membrane biosynthesis.
This process is essential for sustaining aggressive tumor growth [23]. Our study revealed
that GDPD1 is a metabolic enzyme that promotes BCR occurrence, as it was significantly
upregulated in the BCR cohort. Additionally, our immune infiltration analysis revealed
that elevated GDPD1 expression was significantly associated with increased infiltration of
immune cells, including CD4+ memory T cells, CD8+ Tcm cells, and v T cells. These results
suggest that excessive lipid turnover driven by GDPD1 promotes tumor proliferation and
significantly alters the composition of the TME. EGCG acts as a competitive inhibitor by
binding directly to the enzyme’s active site, thereby inhibiting GDPD1 activity. Specifically,
our docking models showed that EGCG occupies the catalytic core pocket through direct
interactions with residues Glu-72, Asp-74, and His-87 [24]. These residues are essential
for the subsequent hydrolase activity characteristic of GDPD1. By physically occluding
this site, EGCG directly reduces substrate accessibility and effectively inhibits GDPD1’s
enzymatic function.

PLA2G7 (phospholipase A2 group VII) encodes a key metabolic enzyme that hy-
drolyzes oxidized phospholipids, generating highly active proinflammatory lipid media-
tors, such as lysophosphatidylcholine (LPC) [25]. Previous research has shown that this
phospholipase is associated with higher Gleason scores, increased cell migration, and
shorter BCR-free survival [26]. Our research also confirmed that PLA2G? is significantly
overexpressed in BCR tissues. Furthermore, our immune infiltration analysis revealed
that higher PLA2G7 expression is closely associated with the presence of specific immune
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cell populations, particularly the immunosuppressive M2 macrophage phenotype. These
findings suggest that the lipid byproducts produced by PLA2G7 promote M2 macrophage
polarization. This creates an immunosuppressive microenvironment that accelerates post-
operative recurrence. Although our in silico screening revealed that EGCG effectively
targets GDPD1, it did not predict a direct interaction with PLA2G?7. This suggests that
although PLA2G7 remains a crucial prognostic biomarker, an alternative inhibitor is needed
due to its distinct structural pocket. Therefore, effective targeting of the complex metabolic
landscape of PCa may ultimately require combinatorial therapeutic strategies.

However, our research found that PTGDS expression was significantly downregulated
in patients with BCR. PTGDS, the protein encoded by this gene, is a key enzyme that cat-
alyzes the production of prostaglandin D2. It also functions as a critical tumor suppressor
in PCa [27]. Its downregulation has been shown to induce endothelial-to-mesenchymal
transition (EndMT), thereby increasing vascular permeability and creating a microenviron-
ment that promotes tumor recurrence and metastasis [28]. Clinically, the absence of PTGDS
is often associated with excessive activation of AR signaling, which further exacerbates the
malignant phenotype of PCa [29]. Notably, our analysis of immune infiltration revealed a
strong negative correlation between PTGDS expression and the abundance of macrophages
(M1 and M2 phenotypes), plasma cells, and Th2 cells. Mechanistically, chronic inflam-
mation mediated by Th2 cells and tumor-associated macrophages actively drives PCa
progression [30]. This negative correlation suggests that low PTGDS expression in BCR
tissues may promote chronic inflammation. This inflammation leads to the abnormal accu-
mulation of these tumorigenic inflammatory cells, creating conditions that promote tumor
recurrence. Because PTGDS functions as a tumor suppressor, we investigated whether
EGCG binding might compromise its activity. Our molecular docking analysis revealed
that, rather than occupying the catalytic Cys-65 core, EGCG binds to a distinct peripheral
pocket containing Tyr-33, Trp-53, and Arg-94 [31,32]. This suggests that EGCG does not
inhibit the enzyme but instead stabilizes its functional conformation. Furthermore, our
molecular dynamics (MD) simulation revealed that PTGDS became more stable upon
binding with EGCG. These results suggest that EGCG’s targeting of PTGDS can protect the
enzyme from degradation and help maintain immune balance in the microenvironment.

The SRD5A2 gene encodes the enzyme that converts testosterone into the more potent
dihydrotestosterone (DHT). DHT is essential for maintaining normal prostate homeosta-
sis [33]. In our prognostic model, SRD5A2 expression was significantly lower in patients
with BCR. Clinically, loss of SRD5A2 independently predicts BCR after RP [34]. Consistent
with the protective role of SRD5A2, our immune infiltration analysis revealed a strong
negative correlation between its expression and the accumulation of macrophages (M1 and
M2 phenotypes) and other inflammatory cells. These findings suggest that the metabolic
disorder caused by downregulation of SRD5A2 exacerbates the development of a pro-tumor
inflammatory microenvironment. Given EGCG’s role in maintaining prostatic homeostasis,
we investigated whether its binding might impair SRD5A2 function. Interestingly, our
molecular docking analysis showed that EGCG does not inhibit this essential enzyme.
Although SRD5A2’s catalytic activity strictly depends on active site residues such as Glu-57
and Arg-114, our docking model indicates that EGCG binds to a distinct allosteric cavity
containing Ser-45, Leu-48, and Trp-54. This binding completely avoids the main active
site [35]. Furthermore, our MD simulation revealed that SRD5A2 is structurally similar to
PTGDS and that it becomes more stable upon binding to EGCG. This suggests that EGCG
may protect SRD5A2 from degradation.

Our findings suggest that BCR is associated with systemic remodeling of the TIME.
The accumulation of M2 macrophages in the BCR group aligns with previous studies
identifying these cells as independent predictors of poor postoperative prognosis [36,37].
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This transition to an immunosuppressive state may be driven by potential metabolic
changes within the tumor. Specifically, altered lipid metabolism has been shown to polarize
macrophages toward a pro-tumorigenic phenotype. This state helps the tumor evade
immune detection and promotes recurrence [38,39]. In addition to innate immunity, the
metabolic remodeling we observed is associated with changes in the infiltration of CD4+
memory T cells and T follicular helper (Tth) cells. This indicates that this metabolic
remodeling also affects adaptive immunity [40]. These alterations in innate and adaptive
immunity suggest that metabolic reprogramming affects the TIME as a whole rather than
a single cell type. Targeting these metabolic biomarkers with EGCG could reverse this
immunosuppressive environment and provide practical strategies to prevent or delay the
onset of BCR [41].

We developed a prognostic model using the XGBoost-Cox proportional hazards frame-
work to translate these metabolic biomarkers into a practical tool for risk stratification.
Traditional statistical models, such as standard Cox regression, often oversimplify the high-
dimensional nature of transcriptomic data, limiting their ability to model the nonlinear
biological networks that drive tumor recurrence [42,43]. XGBoost effectively overcomes
these limitations by using a gradient boosting framework. It inherently models complex
nonlinear interactions and is uniquely suited to handling right-censored clinical survival
data, thereby improving prognostic accuracy [44]. The established model achieved favor-
able AUC and C-index values in both cohorts, indicating improved predictive performance
compared with traditional approaches. Importantly, SHAP analysis clarified the XGBoost
model’s decision-making process, revealing the biological significance of each gene in
predicting patient prognosis [45]. This visualization shows how each gene affects a pa-
tient’s risk score, providing the interpretability necessary for translation into personalized
clinical management.

EGCG, the primary bioactive polyphenol in green tea, has been extensively studied for
its pleiotropic anti-tumor properties [46]. It antagonizes AR signaling by inhibiting histone
acetyltransferase activity, thereby preventing AR translocation to the nucleus [47]. Epige-
netically, EGCG suppresses DNA methyltransferase activity, thereby reactivating tumor
suppressors such as GSTP1 [48]. Furthermore, it counteracts PCa metabolic reprogram-
ming via the AMPK and PI3K/Akt/mTOR pathways [49-51]. Importantly, EGCG disrupts
lipid synthesis by targeting fatty acid synthase [52], and suppresses tumor-associated
macrophages within the TIME [53]. Our MD results elucidate this microenvironmental
regulation. They reveal that EGCG directly inhibits GDPD1 and structurally stabilizes
the protective enzymes PTGDS and SRD5A2. This targeted, concurrent modulation likely
restricts lipid signals that drive macrophage infiltration, thereby demonstrating its multi-
target potential [41,54].

Despite these promising preclinical findings, a realistic strategy is needed to translate
EGCG into clinical practice. A well-documented limitation of EGCG is its low systemic
bioavailability and rapid in vivo degradation [55]. Furthermore, EGCG may pose safety
risks, including potential hepatotoxicity and unpredictable off-target effects, at high phar-
macological doses [56,57]. Advanced delivery platforms, such as lipid—-polymer hybrid
nanoparticles (LPHNPs), offer a promising avenue to overcome these pharmacokinetic
barriers and enhance tumor-specific targeting [58]. Clinically, EGCG is unlikely to serve as
a standalone treatment for established BCR. Instead, its most feasible application is as a
preventive agent in the adjuvant setting following RP [59,60]. Additionally, EGCG shows
significant promise as part of a combination therapy regimen, potentially synergizing
with novel AR pathway inhibitors, such as enzalutamide, to comprehensively delay PCa
progression and reduce therapeutic resistance [61].
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Although our four-gene metabolic signature has clinical value, we must address the
challenges posed by tumor heterogeneity and sampling bias. Because PCa is usually multi-
focal, local tissue sampling may not accurately reflect the entire genomic landscape [62].
To mitigate this issue, we used WGCNA to identify stable hub genes. Network-based
module analyses have been proven to be fundamentally more robust to transcriptomic
noise and spatial heterogeneity than randomly selected individual biomarkers [63,64]. Fu-
ture validations require a multi-modal approach to overcome heterogeneity and sampling
bias. Integrating spatial transcriptomics with single-cell RNA sequencing (scRNA-seq) will
clarify the in situ metabolic architecture and the clonal diversity of individual cells [65]. Ad-
ditionally, longitudinal liquid biopsies can capture the systemic transcriptomic landscape,
thereby effectively bypassing the spatial limitations of conventional biopsies [66].

Our study established a novel, interpretable, machine learning-derived metabolic-
related gene signature to predict BCR in PCa. This signature highlights critical prognostic
models, immune microenvironment remodeling, and targeted therapeutic interventions.
Nevertheless, several limitations should be acknowledged. First, this retrospective model
requires prospective validation [67]. Second, the specific pathways that drive immune
regulation require further functional exploration via co-culture systems [68,69]. Finally, the
in vivo efficacy and safety of EGCG must be rigorously tested in patient-derived xenograft
(PDX) models before clinical translation [70].

4. Materials and Methods
4.1. Data Acquisition and Preprocessing

Gene expression profiles and corresponding clinical information for PCa patients were
obtained from the Gene Expression Omnibus (GEO) database. The GSE220095 dataset
(platform GPL16791) was used as the training cohort and included 176 patients (75 with
BCR and 101 without BCR within five years). The GSE70769 dataset (platform GPL10558)
was used for external validation and included 94 patients (40 with BCR and 54 without BCR
within five years). The clinical characteristics of PCa patients from the GEO database are
listed in Table S1. Additionally, formalin-fixed paraffin-embedded (FFPE) tissue sections
from 32 patients (16 with BCR and 16 without BCR within five years) who underwent
RP were retrospectively collected between 2020 and 2025 at the Department of Urology,
Affiliated Zhejiang Hospital, Zhejiang University School of Medicine. This study was
approved by the Institutional Ethics Committee (Approval No. ZJHIRB-2026-001K).

After acquiring the data, DEGs between the BCR and non-BCR groups in the training
cohort were identified using the “limma” package (version 3.60.6) in R (version 4.4.1) [71].

| Log, fold change (FC) | > 0.5 and p.adj < 0.05 were used as the thresholds for identifying
DEGs. To visualize differences in gene expression, volcano plots and hierarchical clustering
heatmaps of the top 20 DEGs were generated using the “ggplot2” (version 4.0.1) and
“pheatmap” (version 1.0.13) packages. An overview of the study procedure is provided in
Figure 11.

4.2. Pathway Enrichment Analysis

To annotate the biological functions and signaling pathways of the identified DEGs,
GO and KEGG pathway analyses, as well as GSEA, were performed using the ‘clusterPro-
filer” package (version 4.14.6) in R.

4.3. WGCNA

The R package “WGCNA” (version 1.73) was used to construct a co-expression net-
work using the top 25% of variance-ranked genes [72]. The optimal soft-thresholding power
(B) was determined using the pickSoftThreshold function based on the scale-free network
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topology criterion. Modules containing at least 50 genes were identified using the one-step
network construction approach, with unassigned genes grouped into the gray module.
Pearson correlation between module eigengenes and clinical traits was used to identify
modules associated with BCR. Furthermore, the relationships between individual genes
and BCR were assessed using gene significance (GS) and module membership (MM).

A Metabolic-Related Gene Signature for Predicting Biochemical Recurrence After Radical Prostatectomy: An Integrative
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Figure 11. Flowchart of the study design (* p < 0.05, *** p < 0.001).

4.4. Identification and Screening of Metabolism-Related Hub Genes

A total of 2682 MRGs were extracted from the Hallmark gene sets in the Molecular
Signatures Database (MSigDB) [73]. Overlapping these MRGs with the previously identified
DEGs and the BCR-associated WGCNA module genes yielded 16 MR-DEGs, which were
visualized via a Venn diagram.

To identify metabolic-related hub genes, the 16 MR-DEGs underwent a two-step selec-
tion process. The “sva” package in R was used to implement the ComBat algorithm, which
removed batch effects between the training and validation cohorts, enabling downstream
modeling. First, elastic net logistic regression with cross-validation was used to address
multicollinearity and reduce the features to six candidates. Next, a multivariable stepwise
Cox regression analysis identified four hub genes (GDPD1, PLA2G7, PTGDS, and SRD5A2)
associated with BCR-free survival. These four hub genes were ultimately included in the
final prognostic model.

4.5. Construction of PPI Network

The STRING database (https:/ /string-db.org/, accessed on 13 December 2025) was
used to create the PPI network for the MR-DEGs. A minimum interaction score of 0.4
(medium confidence) was set to ensure data reliability. Subsequently, the network interac-
tion data were exported and visualized using Cytoscape (version 3.10.3).

4.6. Establishment, Validation, and Interpretation of the Prognostic Model

A Cox regression model based on XGBoost was constructed using the transcriptomic
profiles of the four hub genes to predict BCR. The model’s hyperparameters were optimized
using a grid search combined with ten-fold cross-validation. Based on the optimized model,
a risk score (riskScore) was calculated for each patient. The predictive performance was
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evaluated using time-dependent ROC and calibration curves. Patients in the training cohort
were stratified into high- and low-risk groups using an optimal cutoff identified by the
minimum p-value (minP) method. Kaplan—-Meier analysis was performed to compare BCR-
free survival between patients in the high- and low-risk groups. We subsequently verified
the model’s predictive accuracy and risk stratification in an independent validation cohort.

Furthermore, SHAP analysis was used to interpret the XGBoost-Cox model [44]. SHAP
values were calculated to quantify each hub gene’s contribution to the individual riskScore.
The distribution, directional impact, and overall importance of these genes across both
cohorts were visualized with SHAP feature heatmaps and beeswarm plots.

4.7. Analysis of Immune Infiltration

The relative proportions of immune cell populations in the PCa microenvironment
were estimated using the CIBERSORT and xCell algorithms. Additionally, immune, stromal,
microenvironment, and ESTIMATE scores were computed for the BCR and non-BCR groups
using the “estimate” R package. Finally, Spearman correlation analysis was used to assess
associations between the four hub genes and both the differentially enriched immune cells
and the microenvironment scores.

4.8. Identification of Candidate Drugs

Potential therapeutic drugs targeting the four hub genes were identified using the
Drug Signatures Database (DSigDB) [74]. Compounds with high-confidence associations
to the hub genes were ranked by enrichment strength and retained as potential therapeutic
candidates for subsequent molecular modeling.

4.9. Molecular Docking and MD Simulations

Ligand 3D structures from PubChem and target proteins were prepared by removing
crystallographic water and optimizing protonation states. Molecular docking was per-
formed with AutoDock Tools v1.5.7 at the predicted active site. The conformation with the
lowest binding energy was selected for subsequent MD simulations. MD simulations of the
optimal docking complex were performed in GROMACS 2025 using the AMBER99SB force
field. The system was solvated in a TIP3P cubic water box (12 A clearance) and neutralized
with 0.154 M NaCl. Following steepest descent energy minimization, the system underwent
100 ps of NVT (300 K) and NPT (1 bar) equilibration. Finally, a 100 ns production run (2 fs
time step) was executed, saving trajectories every 10 ps.

4.10. Cell Culture

The human PCa cell lines LNCaP, 22Rv1, and PC3 were obtained from the Ameri-
can Type Culture Collection (ATCC, Manassas, USA). Cells were cultured in RPMI-1640
medium (Thermo Fisher Scientific, Waltham, USA; C11875) supplemented with 10% fetal
bovine serum (FBS) and 1% penicillin-streptomycin at 37 °C in a humidified atmosphere
containing 5% CO,.

4.11. Cell Viability Assay

Cell viability was assessed using the CCK-8 assay (Biosharp, Hefei, China; BL1055C)
according to the manufacturer’s protocol. Briefly, cells were seeded into 96-well plates at
3000-5000 cells per well and allowed to adhere overnight. After treatment, 10 uL of CCK-8
reagent was added to each well. After an additional 2 h of incubation at 37 °C, absorbance
was measured at 450 nm with a microplate reader.
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4.12. Colony Formation Assay

Cells were seeded into six-well plates at 1000 cells per well. After treatment, cells
were cultured for 10-14 days, with the culture medium replaced every 3—4 days. The
resulting colonies were fixed with 4% paraformaldehyde, stained with 0.5% crystal violet,
and counted. Clusters with >50 cells were defined as positive colonies.

4.13. Apoptosis Assay

Apoptosis was evaluated using the Annexin V/PI Apoptosis Detection Kit (Vazyme,
Nanjing, China; A214-02). After treatment, cells were stained with Annexin V and propid-
ium iodide (PI) for 15 min in the dark, then analyzed by flow cytometry.

4.14. EAU Incorporation Assay

Cell proliferation was evaluated using the Click-iT EAU-594 Assay Kit (Biosharp, Hefei,
China; BL917A). After a 48 h treatment with DMSO or 20 uM EGCG, cells were incubated
with 10 uM EdU at 37 °C for 2 h. Cells were then fixed with 4% paraformaldehyde,
permeabilized with 0.1% Triton X-100 (Biosharp, Hefei, China; 1139ML100), and stained
with the Click-iT cocktail (Click-iT EAU-594 Assay Kit, Biosharp, Hefei, China; BL917A)
and Hoechst. Finally, EdU-positive cells were imaged by fluorescence microscopy, and
the percentage of proliferating cells was quantified by calculating the ratio of EdU-stained
cells to the total number of Hoechst-labeled nuclei using Image] (version 1.54, National
Institutes of Health, Bethesda, MD, USA).

4.15. Western Blot

Total protein was extracted using RIPA buffer supplemented with protease inhibitors.
Equal amounts of protein were separated by SDS-PAGE and transferred to PVDF mem-
branes. The membranes were blocked with 5% nonfat milk at room temperature for 1 h,
followed by an overnight incubation at 4 °C with primary antibodies against KLK3/PSA
(Proteintech, Wuhan, China; 10679-1-AP) and (3-actin (Servicebio, Beijing, China; GB12001-
100), which served as a loading control for normalization. After washing, membranes were
incubated with HRP-conjugated secondary antibodies at room temperature for 1 h, and
protein bands were visualized using enhanced chemiluminescence.

4.16. Enzyme-Linked Immunosorbent Assay

PSA levels in cell culture supernatants were quantified using a commercial human
PSA ELISA kit (Elabscience, Wuhan, China; E-EL-H0091) according to the manufacturer’s
protocol. Absorbance was measured at 450 nm using a microplate reader, and absolute
PSA concentrations were calculated from the standard curve.

4.17. IHC

Paraffin-embedded sections (4-5 um) were deparaffinized and rehydrated. Then,
they underwent microwave-assisted antigen retrieval in a citrate buffer (pH 6.0). Endoge-
nous peroxidase was quenched with 3% hydrogen peroxide, and nonspecific binding
was blocked with 5% normal serum. Sections were incubated overnight at 4 °C with the
following primary antibodies: SRD5A2 (Affinity, Changzhou, China; #DF8416), GDPD1
(Proteintech, Wuhan, China; 27861-1-AP), PTGDS (Proteintech, Wuhan, China; 10754-2-AP),
and PLA2G?7 (Proteintech, Wuhan, China; 15526-1-AP). After PBS washes, slides were
incubated with an HRP-conjugated secondary antibody, developed with DAB, and coun-
terstained with hematoxylin. Sections were dehydrated, mounted, and scanned using an
automated slide scanner (KFBIO, Ningbo, China; KF-PRO-120).
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4.18. Statistical Analysis

Data are presented as mean + SD. Analyses were performed using R (v 4.4.1) and
GraphPad Prism 10. Two-group and multi-group comparisons were assessed using Stu-
dent’s t-test (or a Mann-Whitney U test) and one-way ANOVA, respectively. BCR-free
survival was analyzed using the Kaplan-Meier method and the log-rank test. A two-tailed
p < 0.05 was considered significant (* p < 0.05, ** p < 0.01, *** p < 0.001 and **** p < 0.0001).

5. Conclusions

In this study, we developed a prognostic signature based on four metabolic-related
hub genes (GDPD1, PLA2G7, PTGDS, and SRD5A2) that accurately predicts BCR and
characterizes the immune microenvironment in PCa. Furthermore, EGCG was confirmed
to selectively bind these targets and was validated in vitro to effectively suppress malignant
phenotypes. These findings improve our understanding of metabolic reprogramming in
PCa and provide a solid theoretical foundation for translating these targets into feasible
therapeutic strategies to prevent BCR.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/ijms27114797 /s1.

Author Contributions: Conceptualization, W.W. and J.C.; methodology, W.W. and X.W.; software,
H.C; validation, W.W. and X.H.; formal analysis, X.H.; investigation, G.J.; resources, G.J. and ].Z.;
data curation, X.W.; writing—original draft preparation, W.W.; writing—review and editing, Z.W.
and J.C.; visualization, H.C.; supervision, Z.W.; project administration, J.C.; funding acquisition, J.C.
All authors have read and agreed to the published version of the manuscript.

Funding: This study was supported by the Scientific Research Fund of the National Health and
Wellness Commission—Major Science and Technology Plan Project for Health and Wellness in
Zhejiang Province, China (grant number WKJ-Z]-2401).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved by the Ethics Review Committee of Affiliated Zhejiang Hospital, Zhejiang
University School of Medicine (ZJHIRB-2026-001K, 8 January 2026).

Informed Consent Statement: Informed consent was obtained from all patients involved in the study.

Data Availability Statement: The data presented in this study are available in GEO at https://
www.ncbinlm.nih.gov/geo/, accessed on 1 December 2025, reference numbers GSE220095 and
GSE70769. These data were derived from the following resources available in the public domain: GEO
datasets GSE220095 (https:/ /www.ncbinlm.nih.gov/geo/query/acc.cgi?acc=GSE220095, accessed
on 1 December 2025) and GSE70769 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE7
0769, accessed on 1 December 2025).

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:
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RP Radical prostatectomy

PCa Prostate cancer

TIME Tumor immune microenvironment
WGCNA Weight gene co-expression network analysis
IHC Immunohistochemistry
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EGCG (-)-Epigallocatechin gallate

PSA Prostate-specific antigen

mCRPC Metastatic castration-resistant prostate cancer
MD Molecular dynamics

DEGs Differentially expressed genes

ECM Extracellular matrix

GSEA Gene set enrichment analysis

GO Gene ontology

BP Biological processes

CcC Cellular components

MF Molecular functions

KEGG Kyoto encyclopedia of genes and genomes
TOM Topological overlap matrix

GS Gene significance

MM Module membership

MRGs Metabolic-related genes

MR-DEGs Metabolic-related differentially expressed genes
PPI Protein—protein interaction

PCA Principal component analysis

CI C-index

ROC Receiver operating characteristic

AUC Area under the curve

SHAP SHapley Additive exPlanations

Tth T follicular helper

aDC Activated dendritic cells

Tem Central memory T cells

TME Tumor microenvironment

AR Androgen receptor

ELISA Enzyme-Linked Immunosorbent Assay
EndMT Endothelial-to-mesenchymal transition
DHT Dihydrotestosterone

PDX Patient-derived xenograft

FFPE Formalin-fixed paraffin-embedded

FC Fold change

MSigDB Molecular Signatures Database
DSigDB Drug Signatures Database

FBS Fetal bovine serum

PI Propidium iodide
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