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Abstract: Objective: To elucidate the molecular mechanisms by which endocrine-disrupting chemicals (EDCs) initi-
ate and sustain prostate carcinogenesis, thereby establishing a mechanistic foundation for the early detection 
and targeted intervention of castration-resistant prostate cancer (CRPC). Materials and methods: A total of 402 
transcriptomic profiles from public GEO cohorts were integrated. Differential expression analysis, weighted gene 
co-expression network analysis (WGCNA), and network toxicology were jointly applied to prioritize candidate tar-
gets. Subsequently, an explainable XGBoost-SHAP machine-learning framework was employed to distill the core 
gene signature. The interaction affinities between selected EDCs and the corresponding proteins were computation-
ally validated by molecular docking, with binding free energy (ΔG) serving as the quantitative metric. Results: Five 
genes - NR3C1, CALM1, MET, STAT3 and CES1 - were identified as robust diagnostic biomarkers across multiple 
independent cohorts (AUC > 0.90). All five exhibited high-affinity binding to representative EDCs (ΔG < -7 kcal  
mol-1). Conclusions: For the first time, a seamless “transcriptome-network toxicology-structural biology” causal chain 
was established. By integrating explainable artificial intelligence with structural biology, this study closes a critical 
knowledge gap in the systems-level mechanism linking EDC exposure to prostate cancer initiation and progression, 
and offers novel, actionable targets for risk stratification and precision prevention.

Keywords: Endocrine-disrupting chemicals (EDCs), explainable machine learning (SHAP-XGBoost), multi-omics 
integration, prostate cancer molecular mechanisms, network toxicology and molecular docking

Introduction

Endocrine-disrupting chemicals (EDCs) encom-
pass a heterogeneous group of natural and 
synthetic compounds that are ubiquitously de- 
tected in the ambient air, drinking water, food 
packaging, personal-care products, and con-
sumer goods. These xenobiotics are capable of 
perturbing the biosynthesis, metabolism, and 
signal transduction of endogenous hormones, 
thereby precipitating metabolic dysregulation, 
reproductive and developmental abnormali-
ties, and a spectrum of hormone-dependent 
neoplasms [1-3]. Prostate cancer (PCa), the 
most prevalent hormone-driven malignancy in 
men, accounted for an estimated 1.468 million 
incident cases worldwide in 2022, representing 
14.1% of all male cancers and ranking as the 

fifth leading cause of cancer-related mortality 
[4-6]. Androgen-deprivation therapy is effective 
in reducing tumor burden at the early stage of 
prostate cancer; however, disease progression 
to castration-resistant prostate cancer is fre-
quently observed during long-term treatment, 
and the biological mechanisms driving this 
transition are still not fully defined [7]. Expo- 
sure to endocrine-disrupting chemicals typical-
ly begins early in life and continues over long 
periods, often involving low-dose and mixed 
compounds. These exposure characteristics 
complicate efforts to clarify how EDCs con- 
tribute to prostate cancer development and 
underscore the need for analytical approach- 
es that can identify relevant molecular chang- 
es associated with disease risk. Experimental 
studies have reported that exposure to specific 
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endocrine-disrupting chemicals, such as bi- 
sphenol A and certain phthalates, is associat- 
ed with increased proliferative and migratory 
capacity of prostate cancer cells, potentially 
through altered androgen and estrogen recep-
tor - mediated signaling [8]. Genomic studies 
have suggested that exposure to endocrine-
disrupting chemicals may contribute to early 
tumor-related changes by inducing DNA dam-
age and modifying epigenetic regulation, includ-
ing alterations in DNA methylation [9]. Previ- 
ous multi-omics analyses have identified genet-
ic alterations associated with prostate cancer, 
such as PCA3 expression and TMPRSS2-ERG 
fusion; however, direct evidence linking the- 
se molecular features to endocrine-disrupting 
chemical exposure is still limited [10]. Recent 
studies have shown that supervised machine-
learning approaches, including random forest 
and extreme gradient boosting (XGBoost), can 
be used to identify candidate biomarkers in 
oncology, particularly when combined with in- 
terpretation methods such as SHapley Additive 
exPlanations (SHAP) [11-14]. By quantifying the 
contribution of individual features to model out-
put, SHAP-based approaches allow model pre-
dictions to be interpreted in a manner that is 
more consistent with known biological process-
es, while maintaining acceptable predictive ac- 
curacy [15, 16]. Concurrently, network toxicolo-
gy and molecular docking have emerged as 
powerful in silico tools for predicting EDC-
protein interactions [17]. Nevertheless, existing 
investigations are predominantly confined to 
single-omics layers or in vitro settings, lacking 
a systems-level appreciation of the multi-tar-
get, multi-pathway actions of EDCs.

EDCs influence prostate carcinogenesis primar-
ily by interfering with endogenous hormone syn-
thesis, secretion, transport and receptor-medi-
ated signaling. Many EDCs exhibit structural 
similarity to steroid hormones and can act as 
agonists or antagonists of androgen receptors 
(AR), estrogen receptors (ERα/ERβ) and glu- 
cocorticoid receptors (GR). At the hypothalam-
ic-pituitary-gonadal axis level, EDC exposure 
alters luteinizing hormone and testosterone 
secretion, resulting in long-term hormonal im- 
balance. At the cellular level, EDCs can ac- 
tivate non-canonical AR signaling, enhance 
GR-driven transcription after androgen depri- 
vation, and dysregulate intracellular calcium 
signaling and inflammatory pathways. These 
effects collectively promote prostate epithe- 

lial proliferation, epigenetic reprogramming, 
immune evasion and resistance to androgen-
deprivation therapy, thereby facilitating pros-
tate cancer initiation and progression.

Several limitations continue to constrain the 
field. First, epidemiological evidence remains 
largely correlative, with scant experimental ver-
ification of direct EDC-mediated mechanisms. 
Second, molecular target identification has tra-
ditionally relied on classical statistical approa- 
ches, without full integration of high-through- 
put datasets and artificial-intelligence models. 
Third, studies specifically interrogating the  
contribution of EDCs to CRPC progression are 
scarce, and the impact of EDCs on the tumour 
microenvironment - particularly immune eva-
sion - has been minimally explored. Finally, 
most molecular-docking simulations have fo- 
cused on single EDC - receptor dyads, thereby 
neglecting the synergistic effects characteristic 
of real-world mixture exposures [18].

To address these limitations, we analyzed mul-
tiple publicly available prostate cancer tran-
scriptomic datasets and integrated them with 
network toxicology and structure-based com-
putational approaches. By combining differen-
tial expression analysis, weighted gene co-
expression network analysis, and interpretable 
machine-learning models, we prioritized genes 
that are both dysregulated in prostate cancer 
and biologically plausible targets of endocrine-
disrupting chemicals. Molecular docking was 
subsequently used to examine whether repre-
sentative EDCs could physically interact with 
the identified proteins. This integrative strategy 
was designed to connect population-level tran-
scriptomic alterations with molecular-level toxi-
cological mechanisms. A structured overview of 
the study rationale, knowledge gap, and major 
contributions is summarised in Table 1.

Materials and methods

Transcriptomic data acquisition and prepro-
cessing

Five prostate-cancer (PCa) transcriptome da- 
tasets (GSE46602, GSE55945, GSE60329, 
GSE69223 and GSE246282) were retrieved 
from the NCBI Gene Expression Omnibus  
(GEO). GSE46602 and GSE55945 were desig-
nated as the discovery (training) cohort, where-
as the remaining three datasets (GSE60329, 
GSE69223 and GSE246282) constituted the 
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independent validation cohort. To mitigate bat- 
ch effects, a multi-stage normalization pipeline 
was implemented. Potential confounders in the 
discovery cohort were modelled and adjusted 
with the sva R package and visualized by box-
plot inspection. Principal component analysis 
(PCA) was subsequently performed, yielding 
pre- and post-correction ordination plots that 
confirmed effective batch adjustment.

Characterization of EDCs and target identifica-
tion

Endocrine-disrupting chemicals (EDCs) were 
systematically profiled through integration  
of multiple public repositories. Physicoche- 
mical properties and bioactivity parameters 
were extracted from PubMed after a syste- 
matic literature search, and canonical two-
dimensional structural descriptors (SMILES: 
CCCCCCCCCC1=CC=C(C=C1)O) were obtained 
from PubChem. Putative targets were predict- 
ed via a tripartite strategy: (I) ligand-receptor 
interaction mining in the ChEMBL database;  
(II) chemogenomic inference using Swiss- 
TargetPrediction (http://www.swisstargetpredi- 
ction.ch); and (III) pharmacophore-based target 
prediction via the SEA Search Server (https://
sea.bkslab.org/jobs/search_09a8071e-d970-
4ab4-9fdf-76d833e02d2f). A three-step target 
prediction strategy was employed to improve 
accuracy and reduce platform-specific bias. 
First, experimentally validated ligand-target in- 
teractions were retrieved from the ChEMBL 
database to capture known bioactive relation-

ships. Second, ligand-based similarity predic-
tion was performed using SwissTargetPredic- 
tion, which infers potential targets based on 
structural similarity to compounds with estab-
lished biological activity. Third, a chemogenom-
ic approach was implemented via the SEA 
Search Server, enabling pharmacophore-based 
matching across the human proteome. Only tar-
gets consistently predicted by at least two in- 
dependent platforms were retained for down-
stream analysis.

Differential gene expression analysis

Differential expression was interrogated with 
the limma package (R environment) to identify 
genes exhibiting statistically significant modu-
lation between experimental and control arms. 
A Benjamini-Hochberg-adjusted P-value thre- 
shold of < 0.05 was applied to define signifi-
cance. The resultant differentially expressed 
gene (DEG) set was subsequently visualized  
as a heat map generated with the ggplot2 
package.

Weighted gene co-expression network analysis

A weighted gene co-expression network was 
constructed with the WGCNA package. After 
verifying approximate scale-free topology, mod-
ules were delineated via hierarchical cluster- 
ing of the topological overlap matrix, thereby 
assigning each gene to a discrete co-expres-
sion module. Module-trait relationships were 
subsequently quantified by correlating module 

Table 1. Statement of significance summarising the knowledge gap, existing evidence, key contribu-
tions, and translational relevance of this study
Statement of significance
Problem or Issue Uncertainty about the systems-level molecular circuitry through which life-course 

exposure to complex mixtures of endocrine-disrupting chemicals (EDCs) initiates and 
sustains prostate carcinogenesis, especially the transition to castration-resistant pros-
tate cancer (CRPC).

What is Already Known Single-omics and high-dose in-vitro studies suggest that individual EDCs can perturb 
AR/ER signaling or induce DNA damage in prostate cells, but lack population validation 
and cannot explain real-world low-dose mixture effects.

What this Paper Adds First seamless “transcriptome-network toxicology-structural biology” pipeline integrating 
402 human transcriptomes, explainable SHAP-XGBoost AI, and molecular docking to 
identify and validate five core genes (NR3C1, CALM1, MET, STAT3, CES1) as high-affinity 
EDC targets (ΔG < -7 kcal mol-1) that robustly diagnose PCa (AUC > 0.9) across multiple 
cohorts.

Who would benefit Researchers in environmental carcinogenesis, computational toxicologists, urologists, 
public-health policymakers, and precision-oncology teams developing risk-stratification 
or CRPC-prevention strategies.
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eigengenes with clinical phenotypes, permit-
ting the extraction of disease-relevant modules 
and their constituent genes.

Identification of EDCs-associated disease 
targets

Intersection analysis between DEG/WGCNA-
derived hub genes and EDC-predicted targets 
was performed to delineate the core EDC-PCa 
signature, with resultant overlaps displayed by 
Venn diagram.

Functional enrichment analysis

To elucidate the mechanistic contribution of 
EDCs to PCa pathogenesis, Gene Ontology (GO) 
enrichment analysis was first performed to 
delineate over-represented biological process-
es, cellular components, and molecular functi- 
ons among the differentially expressed genes. 
Subsequently, Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathway enrichment 
analysis was conducted to identify significantly 
enriched signaling cascades and to assess 
their relevance to disease biology.

Machine learning-based core gene screening

To systematically identify EDC-associated diag-
nostic biomarkers for prostate cancer, we con-
structed a unified machine-learning framework 
integrating multiple algorithms. Leveraging ex- 
pression profiles from the training cohort, ten 
established classifiers - least absolute shrink-
age and selection operator (LASSO), support-
vector machine (SVM), random forest (RF),  
generalized linear model boosting (glmBoost), 
stepwise generalized linear model (Stepglm), 
ridge regression (Ridge), elastic net (Enet), gra-
dient boosting machine (GBM), linear discrimi-
nant analysis (LDA), extreme gradient boosting 
(XGBoost), and Naïve Bayes - were employed  
to generate 113 predictive models. Hyperpa- 
rameter tuning was performed by five-fold 
cross-validation with stratified sampling to par-
tition data into training and internal validation 
subsets. Model performance was rigorously 
evaluated according to the area under the 
receiver operating characteristic curve (AUC), 
accuracy, and F1 score. The top-performing 
individual models (AUC > 0.90) were subse-
quently integrated via stacking ensemble lear- 
ning. Feature genes were ranked by cumula- 
tive selection frequency across high-confidence 

models to define candidate core genes, and 
gene-level expression patterns were visualiz- 
ed.

Model interpretation

To mitigate the intrinsic opacity of machine-
learning classifiers, we employed SHapley 
Additive exPlanations (SHAP). This algorithm 
assigns a SHAP value to each feature, there- 
by providing a quantifiable and interpretable 
assessment of its contribution to the model’s 
predictive output.

Molecular docking analysis

To experimentally interrogate the interaction 
landscape between endocrine-disrupting che- 
micals (EDCs) and the prioritized core genes, in 
silico molecular-docking simulations were per-
formed. Ligand structures in SDF format were 
retrieved from PubChem, and three-dimension-
al protein models of the corresponding tar- 
gets were obtained from UniProt. Protein struc-
tures were pre-processed by removing crystal-
lographic water molecules and adding hydro-
gen atoms; ligands were energetically minimiz- 
ed using the MMFF force field. Docking grids 
were centered on putative active sites, with 
grid dimensions adjusted to accommodate pre-
dicted ligand size and binding conformations. 
All docking procedures, analyses, and visualiza-
tions were performed using Cb-dock2.

Statistical analysis

All statistical analyses were conducted using R 
software (version 4.2.0). Differences between 
prostate cancer and control groups were as- 
sessed using the moderated t-test implement-
ed in the limma package. P values were adjust-
ed for multiple testing using the Benjamini-
Hochberg method, and an adjusted P < 0.05 
was considered statistically significant. Re- 
ceiver operating characteristic (ROC) curves 
were generated using the pROC package, and 
the area under the curve (AUC) was used to 
evaluate diagnostic performance.

Results

Data acquisition and pre-processing

Following acquisition, the GSE46602 and 
GSE55945 datasets were concatenated and 
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stratified into experimental and control arms.  
A comprehensive batch-correction procedure 
was applied to the integrated matrix, after 
which principal component analysis (PCA) was 
performed to visualize residual technical varia-
tion. Prior to correction, prostate specimens 
originating from distinct platforms exhibited 
pronounced segregation along the first two 
principal components (Figure 1A); post-corre- 
ction, samples clustered cohesively according 

to biological group (Figure 1B), thereby confirm-
ing effective removal of batch effects.

Identification of EDCs target proteins

Figure 2A shows two-dimensional chemical 
structures of the selected EDCs, retrieved from 
the PubChem database. In Figure 2B, potential 
biological targets were systematically inferred 
through three complementary platforms - the 
ChEMBL repository of curated bioactive mole-

Figure 1. Principal component analysis (PCA) scatter plots. A. Prior to batch correction, GSE46602 and GSE55945 
datasets exhibit clear segregation along PC1 and PC2, indicating pronounced batch effects. B. Following correc-
tion, the two datasets coalesce into a unified cluster, demonstrating effective mitigation of batch-related technical 
variation.

Figure 2. Identification of EDC target proteins. A. Chemical structures of the selected EDCs. B. In silico target predic-
tion workflow integrating ChEMBL, SEA, and SwissTargetPrediction platforms.
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Figure 3. A. Heat map illustrating the expression profile of differentially expressed genes (DEGs); red denotes up-
regulation and blue denotes down-regulation. B. Volcano plot depicting DEGs according to log2 fold change (logFC) 
and statistical significance; red points indicate up-regulated genes, green points indicate down-regulated genes, 
and grey points indicate non-significant genes.
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cules, the Similarity Ensemble Approach (SEA), 
and the ligand-based SwissTargetPrediction 
server. Following integration and removal of 
redundant entries, a non-redundant set of 155 
unique targets was ultimately defined.

Differential gene expression analysis

Differential expression profiling identified ge- 
nes exhibiting statistically significant altera-
tions in prostate cancer; these expression 
changes were visualized by volcano plot and 
heat map, as presented in Figure 3A and 3B, 
respectively.

Weighted gene co-expression network analysis

For weighted gene co-expression network anal-
ysis (WGCNA), the optimal soft-thresholding 
power (β) was first determined to ensure 
approximate scale-free topology. Systematic 
evaluation of powers from 1 to 20 indicated 
that β = 5 was the lowest value satisfying the 
scale-free criterion (R2 ≥ 0.8). Using this pa- 
rameter, a topological overlap matrix (TOM) 
was constructed and subjected to hierarchical 
clustering, yielding eight distinct co-expression 
modules that were color-coded for visualization 
(Figure 4A). Module-trait correlation analysis 
subsequently identified specific modules ex- 
hibiting significant associations with prostate 
cancer (P < 0.05) (Figure 4B).

Identification of EDC-related disease targets

Following consolidation of differentially ex- 
pressed genes with WGCNA-derived module 
genes and removal of duplicates, a non-redun-
dant set of 1,915 PCa-associated genes was 
established (Figure 5A). Intersection of this 
gene list with the EDC-target protein repertoire 
further delineated 48 putative key targets 
implicated in EDC-mediated prostate carcino-
genesis (Figure 5B).

Functional enrichment analysis

Functional characterization by GO and KEGG 
enrichment analyses provided comprehensive 
molecular insight. GO analysis revealed signifi-
cant over-representation across multiple bio-
logical categories (Figure 6A), and KEGG pa- 
thway mapping is presented in Figure 6B. 
Collectively, these data indicate robust activa-
tion of tumor-progression cascades, metabo- 
lic reprogramming, and therapeutic-resistance 
pathways in EDC-associated prostate carcino- 
genesis.

Identification of core genes in EDCs-induced 
prostate cancer

Integrated machine-learning interrogation of 
the 19 candidate targets yielded 113 predic-
tive models aimed at delineating core genes 

Figure 4. A. Gene dendrogram derived from weighted co-expression network analysis (WGCNA), illustrating hier-
archical clustering of genes. The color bar beneath the dendrogram assigns distinct colors to the identified co-
expression modules. B. Heat map of module-trait relationships, displaying the correlation between WGCNA-derived 
modules and sample phenotypes (control vs. treatment). Each cell reports the correlation coefficient and its cor-
responding P value.
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Figure 5. A. Venn diagram illustrating the overlap between differentially expressed genes (DEGs, red) and WGCNA-
derived module genes (blue); the purple intersection denotes genes common to both analytical frameworks. B. Venn 
diagram comparing EDC-associated genes (red) with hepatocellular carcinoma (HCC)-related genes (blue), revealing 
19 overlapping targets (0.9%).

implicated in EDC-associated prostate cancer. 
Among these, the stacked glmBoost-plsRglm 
ensemble demonstrated superior performance 
and the highest accuracy in both training and 
validation phases (Figure 7A), thereby identify-
ing five pivotal genes: NR3C1, CALM1, MET, 
STAT3 and CES1. Their diagnostic potential was 
substantiated by ROC-curve analyses (AUC > 
0.8; Figure 7B), and their differential expres-
sion in PCa tissue was visualized by volcano 
plot (Figure 7C). SHAP-based interpretability 
disclosed distinct functional contributions. 
NR3C1 (SHAP = 0.0507) and CALM1 (SHAP = 
0.0471) emerged as the most influential predic-
tors (Figure 7D), whereas ADRB1 and MB exhib-
ited bidirectional regulatory effects (Figure 7E). 
The distribution patterns of SHAP values for 
individual biomarkers are illustrated in Figure 
7F, demonstrating the directionality and magni-
tude of feature contributions across the sample 
population. Notably, several non-linear relation-
ships were elucidated: (1) NR3C1 displayed a 
negative correlation between expression and 
SHAP value, indicating that elevated levels 
attenuate model prediction; conversely, CALM1 
exhibited a positive correlation, implying that 
increased expression augments predictive out-
put. (2) KDR and PTGS2 both manifested mono-
tonic decreases in SHAP value with rising 
expression, consistent with an inhibitory role in 
the model. (3) ADRB1 and ADRA2C demon-
strated positive associations with SHAP values, 
signifying that higher expression enhances  
predictive strength. (4) MB exhibited predomi-
nantly negative SHAP values, whereas EPHX2 
showed a modest positive trend, underscoring 

divergent influences on model output. (5) 
CHRM1 and CHRM3 were negatively correlated 
with SHAP values, reinforcing their potential 
contribution to reduced predictive capacity. 
Decomposition of model-predicted SHAP val-
ues is presented in Figure 7G. The final predic-
tion f(x) = 0.119 fell below the expected value 
E[f(x)] = 0.69, reflecting an overall negative 
influence of sample features. The most pro-
nounced negative contribution arose from 
“nine additional features” (SHAP = -0.195), 
underscoring their dominant suppressive effect 
on model prediction.

Molecular docking validation of EDCs-core 
gene interactions

To corroborate the putative binding interac- 
tions between endocrine-disrupting chemicals 
(EDCs) and the five core genes identified by 
machine learning - NR3C1, CALM1, MET, STAT3 
and CES1 - comprehensive molecular-docking 
analyses were performed. All EDC-protein pairs 
exhibited markedly favorable binding energies, 
consistently below -7 kcal mol-1, indicative of 
stable and spontaneous complex formation. 
According to established docking criteria, a 
binding energy < 0 kcal mol-1 denotes sponta-
neous association, whereas values < -5.0 kcal 
mol-1 signify exceptional affinity. Visual inspec-
tion of the resultant binding conformations 
(Figure 8) revealed uniformly stable docking 
poses across all EDC-protein complexes. These 
structural data provide direct molecular evi-
dence supporting the physical interaction of 
EDCs with the core prostate-cancer-relevant 
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Figure 6. A. Gene Ontology enrichment of overlapping genes across Biological Process (BP), Cellular Component (CC) and Molecular Function (MF). The x-axis enu-
merates gene counts; the color gradient denotes adjusted P values, with deep red indicating higher significance. B. KEGG pathway enrichment for the same gene 
set. The x-axis represents the gene ratio; the color gradient indicates adjusted P values, with red reflecting greater statistical significance.
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Figure 7. Identification of core genes implicated in EDC-induced prostate cancer. A. Model performance matrix: heat map displaying AUC values for each predictive 
model across cohorts. Left column, model identifier; right column, corresponding AUC (higher values indicate superior performance). Color scale denotes source co-
hort. B. Receiver-operating characteristic (ROC) curves for the five key genes (NR3C1, CALM1, MET, STAT3, CES1). X-axis, false-positive rate; Y-axis, sensitivity. Area 
under the curve (AUC) reflects discriminatory capacity. C. Volcano plot of differentially expressed genes. X-axis, log2 fold change (logFC); Y-axis, -log10 (P value). Red, 
up-regulated; green, down-regulated; key genes are annotated. D. Feature-importance ranking: horizontal bar plot ordering top genes by descending contribution 
to the ensemble model. Longer bars indicate greater influence. E. Violin plots illustrating gene-expression distributions under distinct conditions. Width represents 
kernel density; color intensity denotes expression level. F. SHAP value distributions. Each subplot corresponds to an individual biomarker; X-axis, biomarker expres-
sion; Y-axis, SHAP value. Purple-orange gradient indicates the modifying effect of an additional variable (e.g., PTGS2, MET, KDR) on SHAP output. G. SHAP summary 
plot. Horizontal axis, SHAP value; positive values augment, negative values attenuate the model’s predictive probability.
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targets elucidated by our predictive frame- 
work.

Discussion

This study systematically elucidates the mo- 
lecular mechanisms through which endocrine-
disrupting chemicals (EDCs) promote prostate 
carcinogenesis by integrating multi-omics da- 
tasets, network toxicology, explainable machine 
learning and structure-based docking. Five 
core genes - NR3C1, CALM1, MET, STAT3 and 
CES1 - were identified that not only displayed 
robust discriminatory power across multiple 
independent cohorts (AUC > 0.9) but also ex- 
hibited stable binding affinities (ΔG < -7 kcal 
mol-1) with representative EDCs (e.g., bisphenol 
A, phthalates). NR3C1 encodes the glucocorti-
coid receptor (GR); prior evidence indicates 
that GR accelerates castration-resistant pro-
gression via “AR-bypass” signaling after andro-
gen-deprivation therapy (ADT) [19]. Our docking 
analyses reveal that environmentally relevant 
concentrations of bisphenol A fit snugly into  
the GR ligand-binding pocket, suggesting that 
EDCs may expedite resistance through GR/AR 
crosstalk. CALM1 (calmodulin 1) is a central 
mediator of Ca2+ signaling whose up-regulation 
is tightly linked to neuroendocrine transdiffer-
entiation in prostate cancer [20]. SHAP attribu-

tion confirms a marked positive contribution of 
CALM1 to model predictions, positioning it as a 
quantifiable indicator of tumor aggressiveness 
following EDC exposure. The MET-STAT3 posi-
tive feedback loop is known to drive epithelial-
mesenchymal transition (EMT) and metastatic 
dissemination [21]; molecular docking demon-
strates that phthalate metabolites stabilize the 
active conformation of MET, providing a mecha-
nistic explanation for epidemiological observa-
tions correlating urinary phthalate levels with 
advanced tumor stage [22]. CES1 (carboxyles-
terase 1) catalyzes the hydrolytic clearance of 
numerous xenobiotics [23]; diminished activity 
prolongs systemic EDC half-life. We observed a 
pronounced CES1 down-regulation in tumor tis-
sue (log2FC = -1.2), implicating inter-individual 
metabolic variability as a determinant of EDC 
carcinogenic susceptibility.

Unlike previous in vitro studies that predo- 
minantly examined single [24-26], high-dose 
EDC effects on AR or ER signaling and lacked 
population validation, the present investigation 
leverages 402 real-world transcriptomes inte-
grated with cheminformatics to enable cellular-
to-epidemiological extrapolation. Furthermore, 
the incorporation of the SHAP interpretability 
framework uncovered non-linear gene-EDC in- 
teractions undetectable by conventional linear 

Figure 8. Molecular-docking validation of EDC-
core gene interactions. A. NR3C1-EDC complex. 
B. CALM1-EDC complex. C. MET-EDC complex. D. 
STAT3-EDC complex. E. CES1-EDC complex.
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models, a finding consistent with recent paral-
lel work in breast oncology and corroborating 
[27, 28] the transferability of our methodologi-
cal pipeline.

Compared with previous studies that focused 
on single EDC compounds or isolated signaling 
pathways, our findings provide a systems-level 
validation using population-based transcrip-
tomic data. Earlier in vitro studies mainly re- 
ported AR or ER perturbation at supraphysio-
logical doses, whereas our results indicate that 
EDC exposure is associated with coordinated 
activation of GR, calcium signaling and STAT3 
pathways in clinical prostate cancer samples. 
This integrative pattern aligns with recent epi-
demiological observations linking chronic low-
dose EDC exposure to aggressive and treat-
ment-resistant prostate cancer phenotypes, 
thereby extending prior mechanistic insights 
into a clinically relevant context.

For the first time, we have constructed a three-
tier “transcriptome-network toxicology-struc-
tural biology” fusion model that captures the 
multi-target, multi-pathway actions of complex 
EDC mixtures. The deployment of explainable 
AI (SHAP) in environmental-oncology research 
mitigates the “black-box” limitation inherent to 
classical machine learning and enhances result 
credibility. Our findings demonstrate that com-
bined EDC exposure can simultaneously acti-
vate the GR, Ca2+-CALM1 and STAT3 axes, 
offering systems-level evidence for the molecu-
lar heterogeneity observed in epidemiological 
studies [29].

Several limitations in this work merit consi- 
deration. GEO repositories lack matched EDC 
exposure quantification, rendering gene-EDC 
associations inferential; molecular docking 
employed static conformations and did not ac- 
count for solvent effects or protein flexibility. 
The cross-sectional design precludes estab-
lishment of temporal sequence among EDC 
exposure, epigenetic alteration and malignant 
transformation. Finally, the predominance of 
European-ancestry samples necessitates cau-
tious extrapolation to populations with diver-
gent xenobiotic-metabolizing genotypes [30].

Prospective cohorts incorporating serial ur- 
inary EDC metabolite monitoring and targeted 
methylation sequencing of the five core genes 
are warranted to validate causal pathways. 

Patient-derived organoid models under low-
dose EDC mixtures may provide functional cor-
roboration. Therapeutically, repositioning GR- 
STAT3 axis inhibitors (e.g., ciclesonide, napabu-
casin) could be explored in CRPC patients 
exhibiting high CALM1/MET expression, while 
CES1 genotype-guided detoxification strategies 
may enable personalized EDC mitigation.

Conclusion

In summary, this study demonstrates that 
endocrine-disrupting chemicals contribute to 
prostate carcinogenesis through coordinated 
disruption of hormonal signaling and cancer-
related pathways. By integrating transcripto- 
mic analysis, network toxicology, explainable 
machine learning and molecular docking, we 
identified five key genes - NR3C1, CALM1, MET, 
STAT3 and CES1 - as central mediators of  
EDC-associated prostate cancer. These genes 
showed strong diagnostic performance and 
stable binding affinity with representative 
EDCs. Our findings provide mechanistic evi-
dence linking environmental EDC exposure to 
prostate cancer and offer potential biomarkers 
and therapeutic targets for early detection and 
precision prevention.
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