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Abstract

Background: Endocrine-disrupting chemicals (EDCs) are linked to polycystic ovary
syndrome (PCOS), but their transcriptional mechanisms remain unclear.

Methods: Microarray datasets were analyzed to identify DEGs, with GSE10946 as the
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training cohort and the merged external datasets GSE106724, GSE34526, and
GSE98595 as the validation cohort. EDC-related targets were intersected with DEGs to
obtain EDC-associated DEGs. Protein-protein interaction network construction and
machine learning modeling were employed to identify hub genes. The diagnostic
performance of hub genes was evaluated using receiver operating characteristic
analysis, and a nomogram was constructed based on the key predictors. Gene set
enrichment analysis (GSEA), immune cell infiltration analysis, molecular docking, and
molecular dynamics simulations were conducted to explore potential mechanisms.
Results: A total of 63 EDC-related DEGs were screened, displaying multi-target
regulatory features and enrichment in DNA replication/repair, cell cycle, and p53
signaling pathways. 13 hub genes were identified, among which insulin receptor
substrate 1 (IRS1) and protein kinase C theta (PRKCQ) showed consistent upregulation
in PCOS samples and demonstrated good diagnostic performance. An IRS1-PRKCQ
nomogram achieved an area under the receiver operating characteristic curve (AUC) of
0.773 with good calibration and clinical net benefit. GSEA and immune analyses
suggested associations with metabolic/replicative programs and immune infiltration
patterns. Bisphenol A showed favorable docking to IRSI/PRKCQ, and molecular
dynamics simulations supported a stable IRS1-bisphenol A complex.

Conclusions: IRS1 and PRKCQ represent EDC-associated biomarkers with potential
clinical utility for PCOS risk stratification and mechanistic insight into EDC-related
dysregulation.

Keywords: Polycystic ovary syndrome; Endocrine-disrupting chemicals; Machine
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Introduction

Polycystic ovary syndrome (PCOS) is the most common endocrine disorder
affecting women globally, impacting approximately 6—20% of women of reproductive
age'. This condition is closely characterized by clinical manifestations such as
menstrual irregularities, ovulatory dysfunction, hyperandrogenemia, insulin resistance,
and infertility>>. In the long term, PCOS significantly increases the risk of metabolic
and certain malignancies, particularly endometrial cancer , including type 2 diabetes,
cardiovascular diseases, and endometrial cancer*>. The pathogenesis of PCOS is
multifactorial, with current research primarily focusing on genetic susceptibility,
epigenetic modifications, gut microbiota dysbiosis, immune and inflammatory
mechanisms®®. Current treatments for PCOS primarily aim to alleviate symptoms and
manage metabolic complications, with common strategies including oral contraceptives,
ovulation-inducing drugs, insulin sensitizers, and lifestyle interventions®!°, However,
most of these interventions target single pathological phenotypes, fail to fundamentally
halt disease progression, and exhibit significant variability in efficacy across different
phenotypes. Therefore, further exploration of PCOS pathogenesis and identification of

novel therapeutic targets hold significant clinical importance.

Endocrine-disrupting chemicals (EDCs) constitute a class of exogenous
compounds that interfere with the physiological functions of endogenous hormones by

altering their synthesis, secretion, transport, metabolism, receptor binding, or
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elimination'!. Representative EDCs include bisphenol A (a phenolic compound),
phthalates (plasticizers), and parabens (preservatives), all of which exert their
deleterious effects primarily through their ability to mimic or antagonize steroid
hormones via high-affinity binding to nuclear and membrane receptors, thereby
disrupting critical hormonal signaling cascades'>!®. Studies have shown that the levels
of BPA in the plasma, urine, ovarian fluid of PCOS patients are significantly elevated,
and are positively correlated with insulin resistance, polycystic ovary morphology, and
hepatic steatosis; BPA and phthalates exacerbate the progression of PCOS through
mechanisms such as oxidative stress, inflammation, and gut microbiota dysbiosis!*!°,
Environmental Disrupting Chemicals (EDCs) induce hypothalamic neuroinflammation,
disrupting the pulsatile GnRH secretion rhythm and causing an imbalance in the
LH/FSH ratio, which promotes ovarian hyperandrogenism!'®. Population studies have
shown that women with high exposure to EDCs exhibit an increased risk of developing
PCOS, and BPA may exacerbate PCOS-related hormonal disturbances by inhibiting
ovarian steroidogenic enzyme activity'”!®. Although existing research suggests a close

association between EDCs and PCOS, the specific mechanisms, regulatory targets, and

molecular pathways involved in EDCs' effects on PCOS remain unclear.

This study aims to identify key differentially expressed genes (DEGs) associated
with EDCs in PCOS by integrating transcriptomic data with the EDC database. Core
hub genes were screened using protein-protein interaction (PPI) networks and multiple
machine learning algorithms. Diagnostic models were constructed and their predictive

performance was evaluated. Gene set enrichment analysis (GSEA) and immune
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infiltration analysis were performed to characterize the biological functions and
immune landscape associated with the key genes. Molecular docking and molecular
dynamics simulations were further conducted to investigate the binding interactions
between EDCs and target proteins. The study reveals the molecular characteristics of
EDC-related genes in PCOS, provides a diagnostic prediction tool: IRS1 - PRKCQ
nomogram, and elucidates the potential mechanism by which EDCs (e.g., BPA) may

regulate PCOS through IRS1.

Materials and methods

Data acquisition and study design

Gene expression datasets were retrieved from the Gene Expression Omnibus
(GEO; https://www.ncbi.nlm.nih.gov/geo/). The training dataset GSE10946, generated
on the GPL570 platform, comprised microarray profiles of follicular theca cells from
patients with polycystic ovary syndrome (PCOS, n = 12) and normal controls (n = 11)
Three independent GEO datasets, including GSE106724 (GPL21096; granulosa cells,
PCOS/control = 6/6), GSE34526 (GPL570; granulosa cells, PCOS/control = 7/3), and
GSE98595 (GPL6244; granulosa cells, PCOS/control = 10/6), were employed as
external validation cohorts. In addition, endocrine-disrupting chemical (EDC)
information were curated from a recently published study'’, yielding 15 compounds,
including bisphenols, parabens, and phthalate metabolites (bisphenol A, bisphenol F,
ethyl paraben, methyl paraben, n-butyl paraben, n-propyl paraben, mono-benzyl

phthalate, mono-(2-ethyl-5-carboxypentyl) phthalate, mono-(2-ethyl-5-hydroxyhexyl)
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phthalate, mono-(2-ethylhexyl) phthalate, mono-(2-ethyl-5-oxohexyl) phthalate,
mono-ethyl phthalate, mono-iso-butyl phthalate, mono-methyl phthalate, and mono-n-
butyl phthalate), which were used for subsequent compound-target interaction analyses
to explore potential regulatory links between EDC exposure and PCOS-associated
genes.

Identification of EDC-related differentially expressed genes (DEGs)

DEGs between patients with PCOS and normal controls were identified in the
training dataset GSE10946 using the limma package in R software (version 4.2.2).
Genes with a p-value < 0.05 and |log2 foldchange (FC)| > 0.5 were defined as DEGs.
To identify genes potentially associated with EDCs, EDC-related target genes were
retrieved from four public databases, including the Comparative Toxicogenomics
Database (CTD; http://ctdbase.org/), ChEMBL (https://www.ebi.ac.uk/chembl/),
SwissTargetPrediction (http://www.swisstargetprediction.ch/), and PharmMapper

(http://www.lilab-ecust.cn/pharmmapper/). Subsequently, the intersection between

EDC-related genes and the identified DEGs was determined using the ggvenn R
package, yielding EDC-associated DEGs. The interaction network between EDC-
related compounds and EDC-associated DEGs was visualized using Cytoscape
software (version 3.10.3).
Functional enrichment analysis of EDC-associated DEGs

Functional enrichment analyses were performed to explore the biological
functions and signaling pathways associated with the identified EDC-associated DEGs.

Gene Ontology (GO) enrichment analyses, including biological process (BP), cellular
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component (CC), and molecular function (MF) categories, as well as Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis, were
conducted using the clusterProfiler R package. Enrichment significance was evaluated
using a hypergeometric test with multiple testing correction by the Benjamini-Hochberg
method. The top 10 enriched GO terms and KEGG pathways were visualized using the
ggplot2 package.

Protein-protein interaction (PPI) network construction and candidate gene

identification

The EDC-associated DEGs were uploaded to the Search Tool for the Retrieval of
Interacting Genes/Proteins (STRING) database (https://string-db.org/), with the
organism restricted to Homo sapiens and the minimum required interaction score set to
a combined score > 0.15. The resulting interaction network was imported into
Cytoscape software for visualization. To identify candidate genes within the PPI
network, the cytoHubba plugin was applied, and three topological algorithms, including
Degree, Betweenness, and Closeness, were used independently to rank genes according
to their network importance. The top 20 genes ranked by each algorithm were
intersected using the ggvenn R package, and the overlapping genes were defined as
candidate genes for downstream analyses.

Machine learning model construction to identify hub genes

To construct predictive models based on candidate genes, a total of 12 machine
learning algorithms were implemented in R software by integrating multiple R

packages, including randomForestSRC, plsRglm, gbm, e1071, xgboost, mboost, BART,



155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

and snowfall. The applied algorithms comprised least absolute shrinkage and selection
operator (LASSO), Ridge regression, Elastic Net (Enet), stepwise generalized linear
model (Stepglm), support vector machine (SVM), gradient boosting with component-
wise linear model (glmBoost), linear discriminant analysis (LDA), partial least
squares regression for generalized linear model (plsRglm), Random Forest (RF),
generalized boosted regression models (GBM), extreme gradient boosting (XGBoost),
and Naive Bayes. For Elastic Net models, different mixing parameters (o = 0.1-0.9)
were tested to optimize the balance between L1 and L2 regularization. In addition,
several hybrid models combining feature selection and classification algorithms (such
as LASSO + LDA, glmBoost + Enet, LASSO + XGBoost) were further evaluated.
Model training and tuning were performed in the training dataset and the diagnostic
performance of each model and combined modeling strategies was assessed by
calculating the area under the receiver operating characteristic curve (AUC). The
trained models were subsequently applied to an independent validation cohort, which
was constructed by merging the GSE106724, GSE34526, and GSE98595 datasets and
correcting for batch effects, to assess model generalizability. Model performance across
the training and validation datasets was summarized and visualized as a heatmap using
the pheatmap R package, with higher AUC values indicating superior discriminative
ability.

Hub gene expression analysis and diagnostic performance evaluation

The expression levels of identified hub genes were compared between PCOS

patients and normal controls in both the merged validation cohort and the training
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dataset. Gene expression values were extracted from normalized microarray data, and
between-group differences were visualized using boxplots generated with the ggplot2
R package. Statistical comparisons between PCOS and control groups were performed
using the Wilcoxon rank-sum test, and statistical significance was defined as p < 0.05.
Receiver operating characteristic (ROC) curve analysis was performed using the pROC
R package to evaluate the diagnostic performance of hub genes. ROC curves were
generated in both the training dataset and the merged validation cohort, and the AUC
was calculated to quantify discriminative ability. An AUC value closer to 1.0 indicated
stronger diagnostic performance.
Nomogram construction and clinical performance evaluation

A nomogram based on the hub genes insulin receptor substrate 1 (IRS1) and
protein kinase C theta (PRKCQ) was developed using multivariable logistic regression
with the rms R package to predict disease risk. Hub genes were incorporated as
continuous variables, and each predictor was assigned a weighted score proportional to
its regression coefficient. The total score was calculated by summing the individual
points for each predictor, and the corresponding predicted probability was obtained
according to the total points scale. The discriminative ability of the nomogram model
was evaluated using ROC curve analysis. Calibration of the nomogram was assessed
by comparing predicted probabilities with observed outcomes using a calibration curve.
Internal validation was performed using bootstrap resampling with 1,000 repetitions to
reduce overfitting. The Hosmer-Lemeshow goodness-of-fit test was applied to evaluate

the agreement between predicted and observed risks, and a non-significant p value
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indicated good calibration performance. To evaluate the potential clinical utility of the
nomogram, decision curve analysis (DCA) was conducted using the rmda R package.
Net benefit was calculated across a range of threshold probabilities to compare the
clinical value of the nomogram with individual predictors and default strategies (“treat
all” or “treat none”). A higher net benefit across a wider range of threshold probabilities
indicated superior clinical usefulness of the model.

Gene set enrichment analysis (GSEA)

To explore the biological functions associated with the hub genes IRS1 and
PRKCQ, GSEA was performed using the clusterProfiler R package. The curated KEGG
gene sets were obtained from the Molecular Signatures Database (MSigDB,
https://www.gsea-msigdb.org/) using the c2.cp.kegg.v7.2.symbols.gmt reference gene
set. In the training dataset GSE10946, Spearman correlation coefficients were
calculated between each hub gene and all other genes using the psych R package. Genes
were ranked according to the correlation coefficients in descending order, and GSEA
was conducted separately for IRS1 and PRKCQ. Enriched pathways with a normalized
enrichment score (|NES|) > 1, false discovery rate (FDR) < 0.25, and nominal p value
< 0.05 were considered statistically significant. The top five significantly enriched
pathways were visualized using enrichment plots generated by the enrichplot R package.

Immune infiltration correlation analysis

To investigate the immunological relevance of IRS1 and PRKCQ, immune cell
infiltration levels were estimated using the ssGSEA algorithm. Spearman correlation

analysis was performed to assess the associations between hub gene expression levels
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and immune cell infiltration scores. Correlation coefficients and corresponding p-
values were calculated using the psych package, and the results were visualized as a
heatmap using the pheatmap R package.
Molecular docking analysis

The molecular structures of candidate compounds were retrieved from the
PubChem database (https://pubchem.ncbi.nlm.nih.gov/) in three-dimensional (3D)
format. Protein structures corresponding to IRS1 and PRKCQ were obtained from the

Protein Data Bank (PDB) (https://www.rcsb.org/). Molecular docking was performed

using the CB-DOCK2 web server (http://183.56.231.194:8001/cb-dock2/). The
molecular interactions between ligands and target proteins, including hydrogen bonds,
hydrophobic interactions, and key residue contacts, were visualized and analyzed using
PyMOL software.

Molecular dynamics simulation

Molecular dynamics simulations were performed using GROMACS (version
2024.4) to evaluate the stability and dynamic behavior of protein-ligand complexes.
The AMBER99SB-ILDN force field was applied for protein parameters, while the
TIP3P (three-point transferable intermolecular potential) water model was used to
solvate the system. Each protein-ligand complex was placed in a cubic simulation box,
ensuring a minimum distance of 1.0 nm between the protein surface and the box
boundary. The system was then solvated and neutralized by adding appropriate
counterions. Energy minimization was conducted using the steepest descent algorithm

to remove unfavorable steric contacts. Subsequently, the system underwent
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equilibration in two phases: a constant number, volume, and temperature ensemble
(NVT) followed by a constant number, pressure, and temperature ensemble (NPT).
During both equilibration phases, temperature coupling was achieved using the V-
rescale thermostat with a reference temperature of 300 K and a time step of 2 fs. Each
equilibration phase was carried out for 100 ps to ensure system stability. After
equilibration, a production molecular dynamics simulation was performed for 100 ns
under periodic boundary conditions. Trajectory analyses were conducted using built-in
GROMACS tools to assess the dynamic stability of the complexes. The root mean
square deviation (RMSD) of the protein backbone, root mean square fluctuation (RMSF)
of individual residues, total energy of the system, and the number of hydrogen bonds
between the protein and ligand were calculated throughout the simulation. Protein—
ligand complexes with predicted binding affinities lower than —4 kcal/mol were
selected for molecular dynamics simulations.
Statistical analysis

All statistical analyses were performed using R software (version 4.2.2). Between-
group comparisons were conducted using the Wilcoxon rank-sum test, and correlation
analyses were performed using Spearman’s rank correlation coefficient. Multiple
hypothesis testing was corrected using the Benjamini—Hochberg false discovery rate
(FDR) method. All tests were two-sided, and P < 0.05 was considered statistically
significant unless otherwise specified.

Results

Identification of EDC-related DEGs in PCOS
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Based on the GSE10946 training dataset, differential expression analysis between
PCOS patients and controls was performed using the limma package. With the
thresholds set at p < 0.05 and |log. FC| > 0.5, a total of 225 DEGs were identified,
including 137 downregulated and 88 upregulated genes in the PCOS group. The
volcano plot depicted the overall distribution of DEGs based on fold change and
statistical significance, with the top 10 upregulated and top 10 downregulated genes
specifically highlighted (Figure 1A). Simultaneously, a heatmap of these selected genes
demonstrated a clear separation between PCOS and control samples (Figure 1B). To
investigate the potential involvement of EDCs in PCOS, EDC-related target genes were
collected from four databases, including CTD, ChEMBL, Swiss Target Prediction, and
PharmMapper, and their union yielded 7,548 EDC-associated target genes. Intersection
of these targets with the identified DEGs resulted in 63 overlapping genes, which were
defined as EDC-related DEGs (Figure 1C). Based on the interactions between these
genes and EDC-associated compounds, a drug-target interaction network was
constructed, comprising 78 nodes and 196 edges, including 63 target gene nodes and
15 compound nodes (Figure 1D), highlighting the multi-target regulatory
characteristics of EDCs.

Fig.1
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284  Functional enrichment analysis of EDC-related DEGs
285 To elucidate the biological functions and pathways associated with the identified

286  EDC-related DEGs, GO and KEGG enrichment analyses were performed. GO
287  enrichment analysis yielded a total of 569 significantly enriched GO terms, including
288 385 BP, 30 CC, and 154 MF. In the BP category, EDC-related DEGs were mainly
289  enriched in base-excision repair, regulation of protein serine/threonine kinase activity,
290 and regulation of DNA-binding transcription factor activity (Figure S1A). CC
291  enrichment analysis indicated that these genes were predominantly associated with
292  cyclin D2-CDK4 complex, pore complex, and transferase complex (Figure S1B). MF

293 analysis revealed significant enrichment in transcription coactivator binding, estrogen
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response element binding, and diacylglycerol-dependent serine/threonine kinase
activity (Figure S1C). Furthermore, KEGG pathway analysis identified 45 significantly
enriched pathways, with prominent enrichment in DNA replication, nucleotide excision
repair, base excision repair, cell cycle, p53 signaling pathway, and several cancer-
related pathways, including hepatocellular carcinoma, glioma, pancreatic cancer, and
chronic myeloid leukemia (Figure S1D).
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PPI network construction and screening of candidate genes

To investigate the interaction landscape among the EDC-related DEGs, a PPI

network was constructed using the STRING database with a minimum confidence score
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of >0.15. The resulting PPI network was visualized in Cytoscape and comprised 62
nodes and 267 edges (Figure 2A). Candidate genes were identified using the cytoHubba
plugin in Cytoscape. Betweenness, Closeness, and Degree algorithms were applied to
rank genes by network centrality, and the top 20 genes from each method were
intersected using the ggvenn package, yielding 15 overlapping genes for further
analysis (Figures 2B-2E).

Fig.2
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Machine learning-based identification of EDC-related hub DEGs

To further identify EDC-related hub DEGs, an integrative machine learning
framework was applied to the candidate genes. A total of 12 machine learning
algorithms, including LASSO, Ridge, Enet, Stepglm, SVM, glmBoost, LDA, plsRglm,
RF, GBM, XGBoost, and Naive Bayes, were implemented. The GSE10996 dataset was

used as the training cohort, while GSE106724, GSE34526, and GSE98595 were
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merged and batch-corrected to serve as the validation cohort. The Elastic Net model
with o = 0.2 (Enet[alpha = 0.2]) demonstrated the optimal predictive performance.
Based on this optimal model, 13 hub genes were ultimately identified, including
estrogen receptor 1 (ESR1), cyclin-dependent kinase 4 (CDK4), IRS1, peroxisome
proliferator-activated receptor gamma coactivator 1 alpha (PPARGCI1A), SMAD
family member 3 (SMAD?3), isocitrate dehydrogenase (NADP(+)) 2, mitochondrial
(IDH2), cyclin D2 (CCND?2), ribonuclease L (RNASEL), RAP2B, member of RAS
oncogene family (RAP2B), DNA polymerase delta 1, catalytic subunit (POLDI),
PRKCQ, minichromosome maintenance complex component 6 (MCMS6), and
apolipoprotein A1 (APOAL1) (Figure 3).

Fig.3
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Validation of hub gene expression and diagnostic performance in PCOS

To clarify the expression patterns of the hub genes between PCOS and control
groups, their expression levels were evaluated in the training dataset GSE10946 and in
a merged validation cohort generated by integrating the GSE106724, GSE34526, and
GSE98595 datasets. The results revealed that IRS1 and PRKCQ were significantly
upregulated in PCOS compared with control samples in both the training and merged
validation cohorts (Figures 4A and 4B). Subsequently, ROC curve analyses were
performed for IRS1 and PRKCQ. The results demonstrated that both genes achieved
AUC values greater than 0.7 in the training and validation cohorts, indicating good

discriminatory ability between PCOS and control samples (Figures 4C and 4D).
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343  Construction and validation of an IRS1-PRKCQ-based nomogram for PCOS risk
344  prediction

345 Based on the two hub genes, IRS1 and PRKCQ, a predictive nomogram was
346  constructed to estimate the individual risk of PCOS. Each variable was assigned a
347  weighted score proportional to its contribution to disease risk, and the total score
348  corresponded to the predicted probability of PCOS, enabling convenient clinical
349  application (Figure SA). The nomogram achieved an AUC of 0.773, indicating good

350  discrimination between PCOS patients and controls (Figure 5B). Model calibration was
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assessed by calibration curve analysis with 1,000 bootstrap resamples. The predicted
probabilities closely aligned with the observed outcomes, with the bias-corrected curve
approaching the ideal reference line. The Hosmer—Lemeshow test yielded a non-
significant result (p = 0.362), further supporting good model calibration and
consistency (Figure 5C). To evaluate the potential clinical utility of the nomogram,
DCA was performed. The nomogram provided a higher net benefit across a wide range
of threshold probabilities compared with strategies based on PRKCQ or IRS1 alone, as
well as the “treat-all” and “treat-none” approaches (Figure 5D). Collectively, these
findings demonstrate that the IRS1-PRKCQ-based nomogram exhibits predictive
accuracy, good calibration, and favorable clinical utility, supporting its potential value
as an individualized risk assessment tool for PCOS.

Fig.5
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Functional enrichment and immune correlation analysis of IRS1land PRKCQ

To elucidate the biological functions and signaling pathways associated with IRS1
and PRKCQ, GSEA was performed using the MSigDB c2.cp.kegg.v7.2.symbols.gmt
gene set as the reference. For IRS1, a total of 43 significantly enriched KEGG pathways
were identified. The top five enriched pathways were ribosome, oxidative
phosphorylation, pyrimidine metabolism, Huntington’s disease, and Parkinson’s
disease (Figure 6A), indicating that IRS1-associated gene expression profiles are
closely linked to translational activity, energy metabolism, and DNA synthesis-related
processes. For PRKCQ, 61 significantly enriched KEGG pathways were detected. The

top five pathways included cell cycle, DNA replication, proteasome, ribosome, and
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olfactory transduction pathways (Figure 6B), suggesting that PRKCQ may be involved
in RNA processing, cell cycle regulation, and protein turnover. We applied the ssGSEA
algorithm to quantify the infiltration characteristics of 28 immune cell subsets and
subsequently analyzed the correlations between hub genes and immune cell populations
(Figure 6C). The results showed that IRS1 was significantly negatively correlated with
eosinophils (r =—0.47, p < 0.05), while showing positive correlations with neutrophils
(r =0.43, p < 0.05) and T follicular helper cells (r = 0.52, p < 0.05). PRKCQ was
significantly associated with multiple immune cell types, including activated CD4 T
cells (r = —0.50, p < 0.05), central memory CD4 T cells (r = 0.63, p < 0.01), effector
memeory CD8 T cell (r = 0.50, p < 0.05), immature B cells (r = 0.57, p < 0.01),
Macrophage (r = 0.52, p < 0.05), Natural killer T cell (r=0.51, p <0.05), Neutrophil (r
=0.68, p<0.001), T follicular helper cells (r=0.73, p <0.001), type 1 T helper cells
(r=0.66, p <0.001), and Type 2 T helper cell (r = -0.48, p < 0.05). These findings
suggest that PRKCQ and IRS1 may contribute to immune microenvironment
dysregulation in PCOS by modulating distinct immune cell infiltration patterns.

Fig.6
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Molecular docking analysis of hub genes

Molecular docking analysis demonstrated that Bisphenol A (BPA) could stably
bind to IRS1 and PRKCQ with binding affinities of —4.8 and —4.9 kcal/mol,
respectively. The docking conformations showed that the ligand was well
accommodated within the predicted binding pocket and interacted with multiple key
residues through hydrogen bonds and hydrophobic interactions (Figures 7A and 7B).

Fig.7
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Molecular dynamics simulation of the IRS1-Bisphenol A complex

To further evaluate the structural stability of the IRS1-Bisphenol A complex,
molecular dynamics simulations were performed. The RMSD analysis showed that,
after an initial equilibration phase, the complex rapidly reached a stable conformation
and maintained a relatively constant RMSD throughout the simulation, indicating
overall structural stability (Figure 8A). RMSF analysis revealed that most IRSI
residues exhibited low flexibility (RMSF < 0.2 nm), with only limited regions
displaying higher fluctuations, primarily at the N-terminus, residues 230-240, and the
C-terminus (RMSF > 0.3 nm) (Figure 8B). The total energy profile of the IRSI-
Bisphenol A complex further supported system stability. Although relatively large
energy fluctuations were observed during the initial 0-25 ps of the simulation
(approximately 65—80 kcal/mol), the total energy stabilized between 65 and 72 kcal/mol
from 25 to 100 ps, with reduced fluctuation amplitude and no apparent energy drift
(Figure 8C). In addition, hydrogen bond analysis demonstrated that IRS1 and Bisphenol

A consistently formed 2—-3 hydrogen bonds during the simulation, indicating persistent
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intermolecular interactions. The dynamic equilibrium of hydrogen bond formation
further corroborated the structural stability of the complex, in agreement with the
RMSD and energy analyses (Figure 8D). Collectively, these results suggest that
Bisphenol A forms a stable complex with IRS1 under simulated physiological
conditions.

Fig.8
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Discussion

This study integrated GEO data with EDC databases to explore the key EDC-
related DEGs in PCOS. Utilizing PPI networks and machine learning, we identified 13
hub genes, among which IRS1 and PRKCQ exhibited stable upregulation in PCOS. We

constructed and validated a diagnostic nomogram demonstrating good predictive
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performance and potential clinical utility. Further exploration through GSEA, immune
infiltration analysis, molecular docking, and molecular dynamics simulations
uncovered potential pathogenic mechanisms. The results revealed that IRS1-related
genes were significantly enriched in metabolic reprogramming pathways, including
ribosome biogenesis, oxidative phosphorylation, and pyrimidine metabolism, while
PRKCQ showed a strong association with multiple immune cell infiltration levels.

Additionally, BPA formed stable binding interactions with both IRS1 and PRKCQ.

EDCs are linked to the onset of numerous diseases, including cardiovascular
conditions, prostate disorders, pancreatic ailments, cancer, and others, posing grave
threats to human health?®?2, In particular, EDCs exert substantial effects on
reproductive-related disorders, including recurrent miscarriage, precocious puberty,
gestational diabetes mellitus, preeclampsia, and male asthenospermia®*-, Furthermore,
studies have indicated that emotional and behavioral abnormalities in childhood may
be linked to maternal exposure to phthalates (PAEs) during pregnancy?’. The
mechanisms underlying the reproductive toxicity of EDCs are highly complex and
remain incompletely understood. Current hypotheses include the following: (1) EDCs
interfere with ovarian hormone synthesis and hormone receptor expression, thereby
affecting ovarian function and follicular development®3; (2) EDCs impair mitochondrial
function, causing oxidative damage to DNA, proteins, and lipids, which compromises
oocyte quality and ovarian function?’; (3) EDCs regulate epigenetic modifications to
influence gene expression related to ovarian function, thereby affecting follicular

development*®. GO/KEGG analysis in our study revealed that EDC-associated DEGs
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were significantly enriched in DNA repair, cell cycle regulation, and the p53 pathway.
Consequently, we propose that EDC exposure may impair ovarian cell proliferative

homeostasis, genomic stability, and metabolic-reproductive coupling.

Insulin receptor substrate 1 (IRS1) is intimately linked to hyperinsulinemia in
PCOS?*!"*3. Functioning as a key downstream adaptor protein for insulin receptors, IRS1
critically regulates the PI3K/AKT pathway? and modulatesluteinized granulosa cells®.
Furthermore, chronic inflammation and metabolic stress may further drive the
inhibitory phosphorylation of IRS1 by activating kinases like S6K and JNK, thereby
exacerbating insulin resistance®*. In this study, IRS1 was markedly upregulated across
both the training and validation sets. Genes linked to IRS1 expression demonstrated
enrichment in critical pathways, including ribosome biogenesis, oxidative
phosphorylation, and pyrimidine metabolism. These findings underscore active
metabolic reprogramming, robust energy production, and heightened cellular synthesis.
Moreover, the AUC value of IRS1 exceeding 0.7 demonstrates a good discriminative
capacity, solidifying its potential as a valuable molecular biomarker for predicting
PCOS or assessing the impact of EDC exposure. Notably, EDCs such as BPA have
been shown to interfere with IRS1 expression and phosphorylation®*>. Our molecular
docking and molecular dynamics simulations suggested stable binding interactions. We
hypothesize that by targeting IRS1, EDCs may exacerbate insulin signaling dysfunction,

thereby disrupting ovarian function and energy metabolism coupling.
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PRKCQ is a key regulator in T cell activation, participating in the NF-kB and AP-
1 signaling pathways, and plays a central role in immune synapse formation and
inflammatory cytokine production for immune synapse formation and inflammatory
cytokine expression®®. PCOS is widely recognized as a low-grade chronic inflammatory
disorder characterized by elevated levels of IL-6, TNF-a, and CRP 738 We
hypothesize that PRKCQ may play a role in immune dysregulation-mediated ovarian
dysfunction. The expression and enrichment analyses indicated that: PRKCQ is
significantly upregulated in PCOS; GSEA enrichment occurs in the cell cycle, DNA
replication, and proteasome pathway; it shows significant positive correlation with
multiple immune cells (Tth, memory T, CD4*, B cells, macrophages, etc.); these
findings suggest that PRKCQ not only participates in immune activation but may also
influence cell proliferation and genomic stability Therefore, PRKCQ can serve as a
potential biomarker for the immune subtype of PCOS; it holds promise for
distinguishing patients with inflammation-dominant PCOS; and demonstrates good
AUC performance (>0.7), indicating certain diagnostic capability. The model
constructed in combination with IRS1 shows enhanced predictive efficacy. EDCs have
been demonstrated to activate immune responses, inducing Th1/Th17 polarization and
macrophage activation®®*’. As a key molecule in T-cell activation, PRKCQ may serve

as a potential target for EDC interference.

This study integrates environmental exposure, machine learning, and molecular
simulation to identify the EDC-related regulatory network centered on IRS1 and

PRKCQ, constructs an IRSI-PRKCQ nomogram model, and suggests potential stable
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interactions between bisphenol A and IRS1, providing a new perspective for
understanding the environmental driving mechanisms and molecular heterogeneity of

PCOS.

Conclusions

Systematically, this research explored the transcriptional regulatory connection
between environmental endocrine disruptors (EDCs) and polycystic ovary syndrome
(PCOS) using an integrated bioinformatics and machine learning framework. Based on
our findings, IRS1 and PRKCQ appear to represent potentially significant hub genes

that may play central roles in the pathogenesis and progression of PCOS.

The combined IRSI-PRKCQ model demonstrated exceptional diagnostic
performance and significant clinical application potential, underscoring the profound
value of integrated immune-metabolic signatures for PCOS risk stratification. Overall,
this work proposes a novel immune-metabolic framework linking environmental EDC
exposure to PCOS disease heterogeneity and identifies promising biomarkers for
individualized risk assessment. These findings establish a crucial theoretical foundation
for subsequent experimental validation and offer fresh insights for developing
environment-exposure-focused diagnostic strategies and mechanistic investigations

into PCOS.

Limitations

There are still several limitations to our study that should be acknowledged. (1)

Retrospective Analysis of Public Datasets: This study relied exclusively on publicly
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available microarray datasets, which may introduce selection bias and limit the
generalizability of findings. The lack of prospective, clinically annotated cohorts with
detailed EDC exposure assessments restricts our ability to establish causal relationships
between specific EDCs and PCOS pathogenesis. (2) Validation in Independent Clinical
Populations: While machine learning models demonstrated promising diagnostic
performance in silico, the IRS1-PRKCQ signature and nomogram require prospective
validation in independent, ethnically diverse clinical cohorts with measured EDC
exposure levels to confirm their clinical utility and generalizability across different
populations. (3) In Vitro Confirmation of Mechanistic Insights: Although molecular
docking and dynamics simulations suggested stable interactions between bisphenol A
and hub proteins, these computational predictions lack experimental validation.
Functional studies, such as gene knockdown/overexpression experiments and EDC
exposure assays in PCOS-relevant cellular or animal models, are needed to substantiate
the proposed mechanistic pathways. (4) Limited EDC Diversity in Target Analysis: The
study primarily focused on bisphenol A as a representative EDC, while numerous other
endocrine-disrupting chemicals (such as phthalates, dioxins, and persistent organic
pollutants) also contribute to PCOS risk. The computational pipeline did not
comprehensively evaluate the full spectrum of EDCs, potentially overlooking
compound-specific transcriptional mechanisms and limiting the generalizability of our
findings to broader environmental exposures. (5) Single-Cell Resolution Absence: The
bulk transcriptomic analysis employed in this study may mask cellular heterogeneity

within ovarian tissue and distinct immune cell populations. Critical cell-type-specific
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gene expression patterns and EDC-responsive subpopulations could be obscured, as
bulk analysis averages signals across diverse cell types. Single-cell RNA sequencing
approaches would provide deeper insights into cell-specific EDC responses and precise

mechanisms of IRS1/PRKCQ dysregulation in distinct ovarian and immune cell

lineages.
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Figure Legends

Figure 1. Identification of endocrine-disrupting chemical (EDC)-related differentially

expressed genes (DEGs) in polycystic ovary syndrome (PCOS) and construction of the

compound-target interaction network. (A) Volcano plot showing the distribution of

genes based on log: fold change (log: FC) and —logio(P value) in the training dataset

GSE10946. Differential expression analysis was performed using the limma package,

with genes meeting the thresholds of p value < 0.05 and |log: FC| > 0.5 considered

significant. Upregulated genes are shown in pink, downregulated genes are shown in
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blue, and non-significant genes are shown in gray. (B) Heatmap illustrating the
expression patterns of the top 10 upregulated and top 10 downregulated DEGs between
the PCOS and control groups. Each column represents an individual sample, and each
row represents a gene. (C) Venn diagram of the overlap between DEGs and predicted
compound-related target genes. Candidate EDC-associated targets were collected by
integrating target information from the Comparative Toxicogenomics Database (CTD),
ChEMBL, SwissTargetPrediction, and PharmMapper databases. (D) Compound-target
interaction network was constructed based on the overlapping genes. Nodes represent
candidate compounds and target genes, and edges indicate predicted interactions
between compounds and their corresponding targets. Purple nodes represent target
genes, and orange nodes represent compound (drug) names.

Figure 2. Protein-protein interaction (PPI) network construction and candidate gene
screening. (A) PPI network of EDC-related DEGs was constructed using the STRING
database and visualized in Cytoscape. Nodes represent proteins encoded by genes, and
edges indicate protein-protein interactions. (B-D) Subnetworks of the top-ranked genes
were 1identified using three different topological algorithms implemented in the
cytoHubba plugin: Betweenness (B), Closeness (C), and Degree (D). Node color
intensity reflects the relative importance of each gene based on the corresponding
algorithm, with darker colors indicating higher centrality scores. (E) Venn diagram
showing the overlap of the top 20 genes identified by the Betweenness, Closeness, and
Degree algorithms.

Figure 3. Performance comparison of machine learning models for hub gene selection.
Heatmap of area under the receiver operating characteristic curve (AUC) values for
multiple machine learning models and their combinations in the training dataset
(GSE10996) and the merged wvalidation cohort (GSE106724, GSE34526, and
GSE98595).

Figure 4. Expression validation and diagnostic performance of hub genes. (A) Box plots
of the expression levels of hub genes in the training dataset GSE10946 between PCOS
and control groups. (B) Box plots showing the expression levels of the identified hub

genes in the merged validation cohort (GSE106724, GSE34526, and GSE98595)
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between PCOS and control groups. Statistical significance between groups is indicated
above each gene (p < 0.05; ns, not significant). (C) Receiver operating characteristic
(ROC) curve analysis was performed to assess the diagnostic accuracy of insulin
receptor substrate 1 (IRS1) and protein kinase C theta (PRKCQ) in the training cohort
(GSE10946). (D) The diagnostic efficacy of IRS1 and PRKCQ in the merged validation
cohort was determined using ROC curves.

Figure 5. Construction and evaluation of the nomogram model based on hub genes. (A)
Nomogram integrating IRS1 and PRKCQ for predicting disease risk. Each variable
corresponds to a specific score, and the total points are calculated to estimate the
individual probability of disease occurrence. (B) ROC curve analysis was performed to
assess the discriminative ability of the nomogram model. (C) The concordance between
predicted risks generated by the nomogram and actual observed outcomes was
evaluated using a calibration curve. The dashed diagonal line represents ideal prediction,
while the solid lines indicate the apparent and bias-corrected performance. (D) Decision
curve analysis (DCA) was used to assess the clinical utility of the nomogram by
quantifying the net benefit across a range of threshold probabilities, compared with
single-gene models and default strategies (treat-all or treat-none).

Figure 6. Gene set enrichment analysis (GSEA) and immune infiltration analysis of hub
genes. (A) GSEA plots showing the top five significantly enriched KEGG pathways
associated with IRS1 in the training dataset. (B) GSEA plots showing the top five
significantly enriched KEGG pathways associated with PRKCQ. Important enrichment
pathways were identified under the criteria of jnormalized enrichment score (NES)| >
1, false discovery rate (FDR) < 0.25, and p < 0.05. (C) Heatmap illustrating the
correlation between the expression levels of IRS1 and PRKCQ and the relative
abundance of 28 immune cell types estimated by the ssGSEA algorithm. Color intensity
represents the Spearman correlation coefficient, with red indicating positive correlation
and green indicating negative correlation. Statistical significance is annotated ("p < 0.05,
"p<0.01, "p<0.001).

Figure 7. Molecular docking analysis of hub genes with endocrine-disrupting chemicals.

(A) Predicted binding conformation of the compound within the target protein pocket,
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shown as an overall docking pose (left) and a magnified view of the binding interface
(right). Key interacting amino acid residues involved in ligand binding are labeled, and
noncovalent interactions are indicated. (B) Detailed visualization of the ligand-protein
interaction pattern, highlighting the spatial arrangement of the ligand and surrounding
residues within the binding cavity, as well as the putative hydrogen bonds and
hydrophobic interactions stabilizing the complex.

Figure 8. Molecular dynamics simulation of the IRS1-Bisphenol A complex. (A) Root
mean square deviation (RMSD) of the IRS1-Bisphenol A complex during the molecular
dynamics simulation, reflecting the overall structural stability over time. (B) Root mean
square fluctuation (RMSF) of IRS1 residues, indicating residue-level flexibility upon
Bisphenol A binding. (C) Total energy of the IRS1-Bisphenol A system as a function of
simulation time. (D) Time-dependent variation in the number of hydrogen bonds
formed between IRS1 and Bisphenol A during the simulation.

Figure S1. Functional enrichment analysis of EDC-related DEGs. (A) Gene Ontology
(GO) enrichment analysis for biological processes (BP). (B) GO enrichment analysis
for cellular components (CC). (C) GO enrichment analysis for molecular functions
(MF). (D) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment
analysis. All enrichment results were filtered under the threshold of p-value < 0.05, and
the top 10 significantly enriched terms or pathways were selected for visualization. The
horizontal axis represents —logio(p-value), and each dot or bar corresponds to an

enriched functional term or pathway*!*2,



