Int. J. Pharmacol. 2026; 22(3): 48160
https://doi.org/10.31083/1JP48160

Research Article

Mechanism Elucidation of Bisphenol A-Induced Atherosclerosis Based
on Network Toxicology, Molecular Docking, and Machine Learning

Dabao Xiao'?®, Zhuo Zhang"?®, Xin Xiao*®, Xu Leng!?®, Junru He!?
Shaowu Xiao2®, Mengya Zeng"*®, Yuewu Chen'*

I Department of Cardiology, Second Affiliated Hospital of Hainan Medical University, 570311 Haikou, Hainan, China
2Second Clinical Medical College, Hainan Medical University, 571199 Haikou, Hainan, China
3Medical College, Jishou University, 416000 Jishou, Hunan, China
*Correspondence: zmyalucky(@hainme.edu.cn (Mengya Zeng); eyuewu@126.com (Yuewu Chen)
Academic Editor: Mehmet Ozaslan
Submitted: 11 November 2025 Revised: 25 December 2025  Accepted: 29 January 2026  Published: 26 May 2026

Abstract

Background: Cardiovascular diseases (CVD) and atherosclerosis (AS) are major global health issues. Bisphenol A (BPA), a common
endocrine-disrupting chemical, has been closely linked to the development of AS with long-term exposure. This study aims to explore
the molecular mechanisms underlying BPA-induced AS using network toxicology, molecular docking, and machine learning approaches.
Methods: First, Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) analysis of BPA was conducted to predict its
absorption, metabolism, and toxicity characteristics in the body. Subsequently, potential targets of BPA related to AS were predicted using
public databases, followed by Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis to identify relevant signaling
pathways. Core genes were selected using CytoNCA plugin, Least Absolute Shrinkage and Selection Operator (LASSO) regression, and
Support Vector Machine Recursive Feature Elimination (SVM-RFE) machine learning algorithms. Finally, validation was performed
using receiver operating characteristic (ROC) curves and molecular docking. Results: ADMET analysis showed that BPA may promote
vascular remodeling and inflammatory responses under long-term low-dose exposure, exacerbating the development of AS. Network
toxicology analysis predicted 372 intersecting genes related to BPA and AS. KEGG analysis indicated that BPA might contribute to
AS progression through signaling pathways such as Phosphatidylinositol 3-kinase—protein kinase B (PI3K-Akt)and Mitogen-Activated
Protein Kinase (MAPK). Protein interaction network analysis identified 61 core genes, and machine learning approaches using LASSO
and SVM methods identified 11 and 16 core genes, respectively, with TNF being the key core gene. ROC curve analysis demonstrated
a strong diagnostic potential for TNF in AS, with an AUC value approaching 1.0, suggesting that TNF is a potential biomarker for
AS. Molecular docking results showed a binding energy of —7.3 kcal/mol between BPA and TNF-a. Conclusion: This study employed
multiple technical approaches to identify TNF as a key core gene in BPA-induced AS and validated its diagnostic potential as a biomarker.
BPA may promote AS development by binding to TNF-« and its signaling pathways, offering new therapeutic insights for TNF-targeted
intervention strategies.
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1. Introduction Bisphenol A (BPA), a common endocrine disruptor, is
Cardiovascular diseases (CVD) and atherosclerosis ~ Widely present in plastic products, food packaging materi-
(AS) are major global health challenges, placing a signifi- als, electronic devices, and everyday items. Its widespread
cant burden on global public health [1,2]. CVD is the lead- distribution and persistence in the environment have made
ing cause of death worldwide, responsible for nearly 20 mil- it @ key focus in the study of the impact of environmental
lion deaths each year, and its prevalence is expected to in-  Pollution on human health [9,10]. Studies have shown that

crease by 90% by 2050 [3]. AS, as the primary patholog- long-term exposure to BPA is closely associated with the
ical basis of CVD, is mainly caused by the accumulation occurrence of a range of metabolic diseases, including AS
of lipids, cholesterol, and other substances in the vascular [11,12]. BPA may play a significant role in the development
walls, forming atherosclerotic plaques. This leads to the ~ ©f AS by affecting the endocrine system, inducing oxida-
narrowing or blockage of blood vessels, severely affecting ~ tive stress, and promoting inflammatory responses [13—15].
blood circulation and potentially causing serious complica- ~ However, the specific mechanisms by which BPA induces
tions such as myocardial infarction and stroke [4-6]. Inte-  AS remain unclear and require further investigation [16].
cent years, environmental pollutants, particularly endocrine
disruptors, have played an increasingly important role in the
occurrence and development of AS [7,8].

With the development of bioinformatics and molecu-
lar biology, network toxicology has emerged as a new re-
search approach that can reveal the potential effects of envi-
ronmental toxins on organisms by constructing networks of
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interactions between biomolecules [17,18]. Combined with
molecular docking techniques, the interactions between
BPA and target proteins can be explored in depth, further
elucidating its molecular mechanisms [19]. At the same
time, the application of machine learning methods in bio-
logical data analysis is becoming increasingly widespread,
helping to identify potential biomarkers and predict the im-
pact of BPA on the occurrence of AS [20,21]. This study
aims to deeply explore the molecular mechanisms of BPA-
induced AS based on network toxicology, molecular dock-
ing, and machine learning methods. It is expected to pro-
vide new theoretical insights into the molecular mecha-
nisms of BPA-induced AS and offer new strategies for the
prevention and treatment of related diseases.

2. Materials and Methods
2.1 ADMET Analysis

We obtained the SMILES structure of BPA from the
PubChem database (https://pubchem.ncbi.nlm.nih.gov/)
and performed ADMET (Absorption, Distribution,
Metabolism, Excretion, and Toxicity) analysis using
ADMETIab 2.0 (https://admetmesh.scbdd.com/) [22]. The
platform provides comprehensive prediction functions,
allowing the evaluation of BPA’s absorption in the body,
hepatic metabolism, P-glycoprotein efflux pump substrate
potential, inhibition of cytochrome P450 (CYP) enzymes,
and other toxicity-related parameters [23].

2.2 Potential Target Prediction and KEGG Enrichment
Analysis

We obtained the 2D structure and SMILES code of
BPA from the PubChem database, and performed target
prediction using default parameters in PharmMapper (ht
tps://www.lilab-ecust.cn/pharmmapper/index.html), Swis-
sTargetPrediction (https://www.swisstargetprediction.ch/),
and CHEMBL databases (https://www.ebi.ac.uk/chembl
/), selecting “Homo sapiens” as the species for screen-
ing [24]. By merging and removing duplicates, a list
of potential targets was obtained. Additionally, relevant
targets were screened using the keyword “AS” in the
GeneCards (https://www.genecards.org/) and OMIM (ht
tps://www.omim.org/) databases, and targets with a rele-
vance score greater than 1 were selected from GeneCards
[25]. All potential targets were standardized using the
UniProt database. Next, Kyoto Encyclopedia of Genes
and Genomes (KEGG) enrichment analysis was performed
through the Database for Annotation, Visualization, and
Integrated Discovery (DAVID) database (https://davidb
ioinformatics.nih.gov/), with a screening criterion of p
< 0.05. The top 10 enriched pathways were catego-
rized and visualized using the Bioinformatics platform
(http://www.bioinformatics.com.cn) [26].

2.3 Protein-Protein Interaction Network Construction

We imported the intersecting targets into the STRING
database, selected “Homo sapiens” as the species, and set
the minimum interaction confidence to 0.900. After ex-
porting the results as a TSV file, the data was imported
into Cytoscape v3.9.1, where free nodes were excluded, and
the CytoNCA (v2.1.6) plugin was used for filtering [27].
During the filtering process, six centrality metrics were
calculated: Degree Centrality (DC), Betweenness Central-
ity (BC), Closeness Centrality (CC), Eigenvector Central-
ity (EC), Local Average Connectivity (LAC), and Network
Centrality (NC). Nodes with values above the median in all
six metrics were retained [28].

2.4 Differential Gene Analysis

We obtained the GSE100927 dataset from the Gene
Expression Omnibus (GEO) database (69 diseased ar-
terial tissues and 35 control arterial tissues, platform:
GPL17077). This dataset, derived from human arterial tis-
sues, provides good biological comparability. The diseased
arterial tissues were defined as the experimental group, and
the normal control arterial tissues as the control group.
Batch effect correction and dataset integration were per-
formed using R (v4.5.2), and differential expression analy-
sis was conducted using the limma package (v3.66). Genes
with |log2 FC| >1 and p < 0.05 were selected as signif-
icantly differentially expressed genes (DEGs) [29]. We
performed an intersection analysis between the intersecting
genes and the DEGs from the GEO dataset for subsequent
machine learning analysis.

2.5 Machine Learning Selection

We employed two complementary machine learning
algorithms: Least Absolute Shrinkage and Selection Oper-
ator (LASSO) regression and Support Vector Machine Re-
cursive Feature Elimination (SVM-RFE) to identify core
genes [30,31]. LASSO regression is a regression analy-
sis method used for variable selection and regularization,
which helps reduce overfitting and improve prediction ac-
curacy [32]. SVM-RFE, based on Support Vector Machine,
recursively eliminates less important features and progres-
sively identifies the most contributing features for the clas-
sification task [31]. Both methods employed 10-fold cross-
validation for model training and parameter optimisation to
ensure the model’s generalisation capability and stability.

2.6 Identification of Key Core Genes and Assessment of
Diagnostic Accuracy

The key core genes were identified through the in-
tersection of selections obtained via CytoNCA, LASSO
regression, and SVM-RFE. We visualised these key core
genes based on expression data from the control and AS
groups within the GSE100927 dataset, and constructed
receiver operating characteristic (ROC) curves to further
evaluate their diagnostic potential [33]. Finally, calculate
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Fig. 1. Identification of BPA-related and AS-related targets and KEGG enrichment analysis of overlapping genes. (A) Venn dia-

gram of BPA targets. (B) Venn diagram of AS targets. (C) Venn diagram showing the intersection of BPA and AS targets. (D) Histogram
of KEGG pathway classifications. BPA, Bisphenol A; AS, atherosclerosis; KEGG, Kyoto Encyclopedia of Genes and Genomes; OMIM,

Online Mendelian Inheritance in Man.

the area under the curve (AUC) to assess the diagnostic ac-
curacy of the ROC curve [34].

2.7 Molecular Docking Validation

We performed molecular docking validation on key
core gene proteins, downloading the 3D structure of BPA
from the PubChem database and obtaining the receptor’s
structure file from the PDB database. A suitable dock-
ing box was customised according to the protein size, and
docking was conducted using AutoDock Vina (v1.5.7) [35].
The lower the binding energy, the more stable the ligand-
receptor complex. We visualised the protein-ligand confor-
mation with the lowest binding energy using PyMOL 3.0
and LigPlot v.2.3.1 [36,37].

2.8 Statistical Analysis

Data were analyzed and visualized using R software
(v4.5.2). Comparisons between two groups with normal
distributions were performed using the independent sam-
ples #-test; comparisons between groups with non-normal
distributions were performed using the Wilcoxon signed-
rank test. All tests were two-tailed, with p < 0.05 consid-
ered statistically significant.
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3. Results
3.1 ADMET Prediction Toxicity

As an endocrine disruptor, BPA exhibits significant
biotoxicity and metabolic characteristics. ADMET analy-
sis indicates (Supplementary Fig. 1) that BPA possesses a
Caco-2 permeability coefficient of —4.742, suggesting poor
intestinal absorption capacity. Its low Human Intestinal Ab-
sorption (HIA) value further implies reduced oral absorp-
tion efficiency. The Madin-Darby Canine Kidney (MDCK)
permeability coefficient of 2 x 1075 indicates low renal
permeability, potentially limiting excretion and leading to
systemic accumulation. Nevertheless, as a substrate for
the P-glycoprotein efflux pump, BPA exhibits a moderate
F20% value, suggesting it retains some absorption poten-
tial at specific doses. Furthermore, its high plasma protein
binding rate (96.86%) restricts free distribution within tar-
get tissues, while its moderate volume of distribution (VD)
of 1.560 L/kg indicates distribution into total body water
rather than extensive tissue binding, with limited free activ-
ity. BPA fails to cross the blood-brain barrier (BBB), with a
free drug concentration (Fu) of merely 2.268%, indicating
limited central nervous system effects. ADMET analysis


https://www.imrpress.com

(A)

(B) RPA1  RHOA

DC>4
) BC>71.44 MAP2
e CC>0.24
T, BC-00093%R
b -y —w LAC>1 )
conre 7 S ; ‘ ¥ : 2 ‘, X 7"::’:' NC>2

3
SORTT % ) “ & wiR1
NEKD
Rraat\_~“Gparn

\_ECGRIA——HEXMT

=< | srosar
H S Rere
» iEP1e
SAuRkE K I
A on b

NPR1 A { X
Ko S fpe
" < oA
Bk e ponmpraorerROIROR

Fig. 2. Protein-protein interaction network diagram. (A) The protein—protein interaction network before screening. (B) The core

subnetwork obtained after median-based screening. The number of edges represents the sum of weighted edges. DC, Degree Centrality;

BC, Betweenness Centrality; CC, Closeness Centrality; EC, Eigenvector Centrality; LAC, Local Average Connectivity; NC, Network

Centrality.

further reveals BPA strongly inhibits CYP2C19, CYP2C9,
CYP1A2, and CYP2D6 metabolism, potentially elevating
its own concentration and affecting other drug metabolism.
These metabolic properties, combined with its rapid clear-
ance rate (11.466 L/h) and short half-life (0.644 hours), sug-
gest BPA may accumulate repeatedly under long-term low-
dose exposure, thereby exacerbating vascular burden, par-
ticularly in the context of AS. Concurrently, toxicological
analyses indicate that BPA may influence vascular remod-
elling and inflammatory responses by interacting with NR-
ER and SR-MMP receptors, thereby promoting AS devel-
opment. Moreover, BPA exhibits certain hepatotoxicity and
potent skin sensitising properties, suggesting potential for
inducing allergic reactions with prolonged exposure. En-
vironmental toxicity analysis indicates low accumulation
potential in aquatic organisms, suggesting poor persistence
in the environment. These ADMET findings provide cru-
cial context for understanding BPA’s impact on vascular
health, particularly its role in advancing AS through poten-
tial metabolic accumulation and excretion mechanisms.

3.2 Acquisition of Potential Functional Targets and
Pathway Enrichment Analysis

As shown in Fig. 1A, we predicted 159 potential tar-
gets using the PharmMapper database, 106 using the Swis-
sTargetPrediction database, and 416 using the CHEMBL
database (Supplementary Table 1). As depicted in
Fig. 1B, we additionally obtained 6185 targets from the
GeneCards database and collected 188 targets from the
OMIM database (Supplementary Table 2). An intersec-
tion analysis of BPA-associated targets and AS-associated

targets (Fig. 1C) revealed 372 overlapping genes. Subse-
quently, these 372 genes were imported into the DAVID
database for KEGG enrichment analysis, yielding 157 sta-
tistically significant pathways (p < 0.05; Supplementary
Table 3). As depicted in Fig. 1D, BPA may influence
cellular processes such as migration, proliferation, and
lipid metabolism through multiple signalling pathways—
including PI3K-Akt, MAPK, Ras, and Rap1—thereby pro-
moting AS formation.

3.3 Screening Core Genes via Protein-Protein Interaction
Networks

We constructed a protein interaction network compris-
ing 372 intersecting genes using the STRING database, vi-
sualised via Cytoscape 3.10.3 software (Fig. 2A). This net-
work contained 255 nodes and 691 edges, with an average
node degree of 5.41; node size and colour varied accord-
ing to degree values (Supplementary Table 4). Subse-
quently, median filtering was applied to the network us-
ing the CytoNCA plugin, yielding a subnetwork compris-
ing 61 nodes and 383.5 edges (Fig. 2B). This subnetwork
exhibits markedly enhanced “functional density”, demon-
strating elevated values across DC, BC, CC, EC, LAC, and
NC metrics, revealing characteristics such as hubs, bridges,
and centres of influence (Supplementary Table 5).

3.4 Differential Gene Analysis

Following preprocessing and batch effect correc-
tion of the GSE100927 transcriptome dataset, a total of
418 differentially expressed genes (DEGs) were identified
(Fig. 3B,C). Principal component analysis (PCA) (Fig. 3A)
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Fig. 3. Analysis of DEGs and common target genes in AS. (A) PCA plot of the dataset. (B) Volcano plot of DEGs. Blue dots
represent downregulated DEGs, red dots represent upregulated DEGs. (C) Heatmap of relative expression levels for selected DEGs. (D)

Intersection Venn diagram. PCA, principal component analysis; DEGs, differentially expressed genes.

revealed significant differences between the normal and
diseased groups. Intersection analysis of the 418 DEGs
with the previously identified 372 genes yielded 24 com-
mon target genes, which were further utilised for machine
learning screening (Fig. 3D).

3.5 Machine Learning Screening

We employed LASSO and SVM algorithms to iden-
tify core genes from the DEGs across 24 common targets.
LASSO regression optimised by 10-fold cross-validation
and SVM-RFE identified 11 and 16 core genes respectively

(Fig. 4).

3.6 Identification of Key Core Genes and Validation of
Diagnostic Performance

By integrating core genes selected through CytoNCA,
LASSO regression, and SVM-RFE, we identified TNF as
a key core gene (Fig. 5A). To further validate TNF’s cen-
tral role in AS, we constructed a ROC curve and measured
the AUC to assess its diagnostic efficacy as a biomarker
(Fig. 5B). ROC curve analysis revealed that TNF exhib-
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ited an AUC value approaching 1.0, indicating its ability to
accurately distinguish AS lesion tissue from normal tissue
and demonstrating strong diagnostic potential. Within the
GSE100927 dataset, TNF expression was significantly up-
regulated in AS lesion tissue compared to normal controls,
further highlighting its importance as a potential biomarker
(Fig. 5C).

3.7 Molecular Docking

We employed molecular docking techniques to eval-
uate the binding between BPA and the target protein tu-
mour necrosis factor-a (TNF-«) (PDB ID: 1TNF). Dock-
ing analysis was performed using AutoDock Vina, where
lower scores indicate stronger binding affinity between
the ligand and protein receptor. A score below —5.0
kcal/mol suggests potential binding, while a score below
—7.0 kcal/mol indicates strong binding affinity [38]. The
docking results are shown in Fig. 6, with a binding energy
of —7.3 kcal/mol between BPA and TNF-a, indicating a
strong interaction between the two. The two-dimensional
docking diagram reveals that within TNF-«, BPA forms
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Fig. 4. Core genes screened for BPA-induced AS using machine learning algorithms. (A,B) Core genes identified via LASSO

logistic regression. The horizontal axis denotes the number of genes in the model corresponding to different A values, with 11 genes

identified at the minimum A value. (C,D) Core genes identified via the Support Vector Machine Recursive Feature Elimination (SVM-

RFE) algorithm. (C) The horizontal axis represents the number of genes, while the vertical axis denotes precision. The highest accuracy

value was achieved with 16 genes. (D) The horizontal axis represents the number of genes, while the vertical axis denotes error. The

lowest error value was achieved with 16 genes.

hydrogen bonds with Glul16C (0.309 nm) and Ser99B
(0.309 nm), whilst establishing hydrophobic interactions
with Ser99C, Prol00A, GInl102A, Cysl01A, GInl102C,
Cysl101C, Glul04C, GIn102B, Pro100B, and Pro100C.

4. Discussion

This study systematically investigated the potential
mechanisms linking BPA and AS by integrating multiple
methodologies including ADMET analysis, network toxi-
cology, transcriptomics, machine learning, and molecular
docking. Findings indicate that BPA may contribute to the
onset and progression of AS through multiple pathways, of-
fering novel insights into the role of environmental pollu-
tants in cardiovascular disease.

4.1 ADMET Analysis

ADMET analysis revealed BPA’s significant biotoxi-
city and metabolic characteristics as an endocrine disruptor.
BPA’s low intestinal absorption capacity, low plasma pro-
tein binding rate, and metabolic inhibitory effects suggest
potential accumulation in vivo, particularly under chronic
low-dose exposure, which may exacerbate AS progression.
According to the European Food Safety Authority’s 2023
re-evaluation of BPA, a new tolerable daily intake of 0.2
ng/kg/day has been established, significantly lower than the
previous provisional tolerable daily intake [39]. In con-
trast, the U.S. Environmental Protection Agency has his-
torically published an oral reference dose for BPA of 0.05
mg/kg/day [40]. Notably, in vivo studies have provided evi-
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dence of BPA’s effects on AS. In an ApoE—/— mouse model
fed a high-fat diet, continuous exposure to 50 pg/kg/day
of BPA for 12 weeks significantly increased the burden of
atherosclerotic lesions [41]. Furthermore, BPA has been
widely detected in various environmental media. Literature
reports indicate its concentration ranges from 16 to 1465
ng/L in industrial or domestic wastewater and from 170 to
3113 ng/L in surface water [42]. Against this backdrop,
how BPA triggers inflammation-related alterations in the
structure of the vascular wall at the molecular level is partic-
ularly crucial. And, consistent with prior studies, BPA’s in-
teraction with NR-ER and SR-MMP receptors may further
promote vascular remodelling and inflammatory responses,
thereby driving AS development [43].

4.2 Network Toxicology and KEGG Enrichment Analysis

Through network toxicology analysis, we predicted
372 intersecting genes associated with BPA and AS from
public databases, subsequently identifying 61 core genes
via the CytoNCA plugin. KEGG enrichment analysis
of these 372 intersecting genes revealed that these tar-
gets not only involve classical endocrine receptors but are
also closely linked to multiple AS-related signalling path-
ways, including PI3K-Akt, MAPK, and Ras [44,45]. These
pathways play a crucial role in processes such as vas-
cular endothelial function, smooth muscle cell prolifera-
tion, inflammatory responses, and lipid metabolism [46—
48]. Specifically, the PI3K-Akt pathway is closely asso-
ciated with the maintenance of endothelial cell function,
promoting endothelial cell proliferation and repair while in-
hibiting endothelial dysfunction [49]. The MAPK pathway
plays a pivotal role in the initiation and progression of in-
flammatory responses, particularly in the proliferation of
smooth muscle cells and the formation of plaques [50]. The
Ras signalling pathway regulates cell proliferation, migra-
tion and apoptosis, and is crucial for vascular remodelling
and the progression of aortic stenosis [51]. Therefore, BPA
may trigger a series of pathological changes in various cell
types—such as endothelial cells, smooth muscle cells, and
macrophages—through the interaction of these signalling
pathways, thereby accelerating the development of aortic
stenosis [52—54]. These findings are consistent with re-
cent epidemiological and animal studies, with an increas-
ing body of research suggesting that as an endocrine disrup-
tor, BPA may contribute to the development of cardiovas-
cular disease by modulating metabolic and immune systems
[55,56]. This study may point the way towards future ap-
proaches to mitigate or prevent BPA-induced vascular dam-
age by targeting relevant signalling pathways.

4.3 Machine Learning Screening of Core Genes

To identify reliable gene targets, we screened 418 dif-
ferentially expressed genes (DEGs) from the GSE100927
dataset and intersected them with 372 genes, ultimately
yielding 24 common genes. Subsequently, using two

complementary machine learning algorithms—LASSO re-
gression and SVM-RFE—we selected 11 and 16 high-
confidence DEGs respectively. These genes were fur-
ther intersected with the CytoNCA-selected gene set, ul-
timately identifying TNF as the key core gene. TNF-«
is one of the most important and extensively studied cy-
tokines within the TNF family. As a multifunctional pro-
inflammatory cytokine secreted by activated immune cells
(such as macrophages and lymphocytes), TNF-« is known
to play a crucial role in various inflammatory responses
[57]. TNF-« activates signalling pathways including NF-
kB, MAPK, and JNK by binding to its receptors TNFR1
and TNFR2, thereby regulating the function of vascular
wall cells and processes such as cell proliferation and apop-
tosis [58,59]. In the pathogenesis of AS, TNF not only
promotes endothelial dysfunction and vascular wall inflam-
mation, but also facilitates plaque formation by enhancing
the proliferation and migration of smooth muscle cells [52].
Moreover, TNF accelerates the progression of AS by influ-
encing lipid metabolism, thereby increasing lipid deposi-
tion within the vascular wall [60].

4.4 Validation of TNF as a Key Core Gene in BPA-Induced
AS

To validate the pivotal role of TNF in AS, we con-
structed a ROC curve and calculated the AUC value. The
AUC value for TNF approached 1.0, indicating its strong
diagnostic potential and supporting the clinical application
of TNF as a biomarker for AS. Further molecular dock-
ing analysis validated BPA’s binding affinity with TNF-c.
AutoDock Vina docking revealed a binding energy of —7.3
kcal/mol between BPA and TNF-«, with multiple hydro-
gen bonds and hydrophobic interactions forming a tightly
bound complex. This suggests BPA may directly modulate
TNF function through direct binding.

4.5 Limitations and Future Prospects

Although this study has thoroughly investigated the
mechanisms by which BPA induces AS through approaches
such as network toxicology, machine learning, and molecu-
lar docking, certain limitations remain. Firstly, while com-
putational biology methods have predicted a potential bind-
ing relationship between BPA and TNF, the biological ef-
fects of this interaction have yet to be validated in in vitro or
in vivo experiments. Consequently, future research should
employ animal models or cellular experiments to further
confirm BPA’s specific role in the TNF signalling pathway.
Secondly, although TNF has been identified as a key core
target, the development of AS represents a complex mul-
tifactorial, multi-pathway process. BPA may also influ-
ence AS progression via other targets. Consequently, fu-
ture research should consider incorporating additional po-
tential targets into analyses to provide a more comprehen-
sive mechanistic explanation.
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Beyond the TNF-centered mechanism of action high-
lighted in this study, it should be noted that BPA may also
influence the progression of AS through other classical bio-
chemical pathways, which have not been systematically in-
vestigated in this research. For example, the eNOS/NO
axis serves as a key endothelial protective mechanism for
maintaining vasodilation and inhibiting inflammatory ad-
hesion and thrombosis. Its dysfunction is considered a cru-
cial molecular basis for early endothelial injury in AS [61].
Previous study suggest that BPA exposure may disrupt en-
dothelial redox homeostasis, thereby affecting eNOS phos-
phorylation status, enzyme activity, and NO bioavailability,
and thus contribute to endothelial dysfunction [62]. How-
ever, the causal relationship and molecular mechanisms by
which BPA acts on the eNOS/NO axis remain poorly un-
derstood and require further investigation. Second, dysreg-
ulation of lipid homeostasis is a core driver of AS plaque
formation and progression [63]. Available evidence in-
dicates that low-dose BPA can upregulate the expression
of cholesterol synthesis-related genes through mechanisms
such as reducing associated DNA methylation, and exac-
erbates plaque burden and alters the lipid profile in AS
susceptibility models [64]. Additionally, BPA may down-
regulate apoA-I expression by activating NF-«B signal-
ing, disrupt HDL-mediated reverse cholesterol transport,
and promote plaque progression by affecting macrophage
lipid uptake and foam cell formation-related factors [65]. It
should be noted that while the aforementioned studies pro-
vide some clues regarding BPA’s disruption of cholesterol
homeostasis and its role in promoting AS progression, sig-
nificant gaps remain in several key areas with clear clin-
ical translational value. These include whether BPA af-
fects LDLR-mediated hepatic LDL clearance, whether it
regulates LDLR stability and circulating LDL levels via
the PCSK9 axis, and its potential effects on independent
risk factors such as lipoprotein(a). These questions require
further systematic clarification under standardized expo-
sure conditions and within more clinically relevant research
frameworks.

Based on existing research evidence, TNF-a in-
hibitors demonstrate potential to improve endothelial func-
tion, mitigate oxidative stress, and delay the progression
of AS in multiple inflammatory diseases [66,67]. For in-
stance, in conditions such as psoriasis, rheumatoid arthri-
tis, and hidradenitis suppurativa, combination therapy with
TNF-a inhibitors reduces levels of biomarkers associ-
ated with endothelial dysfunction—including acetylsali-
cylic acid/heparin sulphate, sVCAM-1, and MCP-1—while
improving AS indicators [68—70]. Therefore, for BPA-
induced AS, intervention strategies targeting TNF may of-
fer novel therapeutic approaches. Future systematic pre-
clinical studies and rigorous clinical trials are required to
further evaluate the efficacy and safety of TNF-« inhibitors
in this specific context.
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6. Conclusion

This study successfully identified TNF as a key core
gene in BPA-induced AS through integrated approaches
including network toxicology, transcriptomics, machine
learning, and molecular docking. Machine learning screen-
ing and molecular docking analysis further validated the
direct binding between BPA and TNF, with the diagnos-
tic potential of TNF as an AS biomarker assessed via ROC
curves and AUC values. The findings indicate that TNF
plays a pivotal role in the mechanism of BPA-induced AS
and possesses strong diagnostic potential. This discovery
provides a robust theoretical foundation for future applica-
tions of TNF as a clinical biomarker and therapeutic target.
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