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Exploring the toxicological effects
of DOTP exposure on periodontitis
by combining molecular docking
and molecular dynamics
simulations

Junjie Wang?, Qingao Deng? & Lu Qi*3**

This research delved into the molecular mechanism underlying dioctyl terephthalate (DOTP)-related
periodontitis (PD) through the application of network toxicology, molecular docking, and molecular
dynamics simulations. By leveraging data from SwissTargetPrediction, SuperPred, and GeneCards
databases, targets associated with DOTP toxicity and PD were pinpointed, leading to the identification
of 37 shared targets through a comprehensive analysis. Enrichment analysis unveiled significant
implications in inflammatory responses (e.g., the AGE-RAGE signaling pathway) and immune
regulatory pathways (e.g., the C-type lectin receptor pathway). Core targets (PTGS2, MAPK14, NFKB1,
STAT1) were pinpointed utilizing Cytoscape and molecular docking techniques. DOTP exhibited

robust binding to these targets through hydrogen bonding and hydrophobic interactions, with the
DOTP-PTGS2 complex displaying the most favorable binding energy (- 7.1 kcal/mol). Molecular
dynamics simulations validated the stability of this complex, demonstrating the lowest root mean
square deviation (RMSD) of 0.22 nm and the largest buried solvent-accessible surface area (Buried
SASA) of 12 nm?, indicating its superior stability. This investigation elucidates the molecular basis

of DOTP-related PD, underscores the efficacy of network toxicology and computational modeling

in environmental health risk assessment, and provides a theoretical framework for targeted
interventions.
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Abbreviations

PD Periodontitis

DOTP Dioctyl terephthalate

PVC Polyvinyl chloride

CSU Chronic spontaneous urticaria
GO Gene ontology

KEGG Kyoto Encyclopedia of Genes and Genomes
BP Biological processes

MF Molecular functions

CcC Cellular components

PPI Protein—protein interaction
ADT AutoDockTools

MD Molecular dynamics

FDR False discovery rate

RMSD Root mean square deviation
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PCA Principal component analysis

Rg Radius of gyration

Buried SASA  Buried solvent accessible surface area

MAPK14 Mitogen-activated protein kinase 14

STAT1 Signal transducer and activator of transcription 1
PTGS2 Prostaglandin-endoperoxide synthase 2

PGE2 Prostaglandin E2

The advent of industrialization has given rise to a plethora of concerns regarding food and environmental
pollutants, which have emerged as significant hazards to human health. The ramifications of these pollutants
are pervasive and far-reaching. For instance, in the food sector, residual organophosphorus pesticides have
been shown to enter the human body via the food chain, thereby inhibiting the activity of the human body’s
acetylcholinesterase enzyme and interfering with the normal function of the nervous system'. A study on PM2.5
has demonstrated that long-term exposure to elevated levels of PM2.5 can result in a decline in lung function
and an increased likelihood of developing chronic obstructive pulmonary disease (COPD)?. This underscores
the imperative for a comprehensive understanding of the impact of these pollutants on human health.

Periodontitis (PD) is a chronic inflammatory disease of the oral cavity. Severe periodontitis is considered
to be the sixth most common disease worldwide, posing a serious threat to human health®. The disease is
characterized by red, swollen, bleeding gums and loose teeth®. Notably, periodontitis has been associated with
inflammatory factors and immune system dysregulation®. While substantial evidence points to a potential
association between environmental pollutants and PD, the precise targets and mechanisms by which it occurs
remain to be fully elucidated.

Dioctyl terephthalate (DOTP) is a prevalent plasticizer that is extensively utilized in polyvinyl chloride (PVC)
plastic processing. There are two manufacturing routes to DOTP. One is by direct esterification of terephthalic
acid with 2-ethylhexanol (2-EH); the other is by transesterification of dimethyl terephthalate with 2-EH.
According to statistics, the global consumption of DOTP exceeded 6.8 million tons in 2017, and this figure is
still increasing®”. It is used in significant quantities in food packaging, plastic products, and children’s toys®. In
these products, DOTP exists in a physically dispersed form, devoid of chemical bonds with the polymer. This
characteristic renders it susceptible to widespread migration into the surrounding environment, underscoring
potential exposure risks. The migration rate of DOTP is crucial for assessing real-world exposure levels. In
Europe, the total migration limit for DOTP is 60 mg/kg, with a tolerable daily intake of 1 mg/kg body weight for
humans. Research indicates that DOTP migration into olive oil reaches this limit of 60 mg/kg®. DOTP and di
(2-ethylhexyl) terephthalate (DEHT) are chemically identical, representing the same compound under different
names. A study measured plasticizer levels in foods from American fast-food chains and food-handling gloves. It
found a median DOTP/DEHT concentration of 251 ug/kg in food samples (n=19), with chicken wraps showing
significantly higher levels than hamburgers (600 ug/kg vs. 220 ug/kg). In glove samples (n=3), DOTP/DEHT
content ranged from 28 to 37% by weight. These findings suggest notable DOTP exposure in fast-food settings'®.
Furthermore, a recent review reports that global indoor settled dust samples show median/average DOTP/
DEHT concentrations of 19 to 164 pg/g, with levels rising in recent years'!. Moreover, a study on the temporal
trends (2009-2019) of the concentrations of DOTP/DEHT metabolites in urine showed that the concentrations
of DOTP/DEHT metabolites in the urine of the US population increased significantly over time!%.

Concerning its effects on human health, long-term exposure to DOTP has the potential to disrupt the
endocrine system and affect physiological processes such as reproduction and development!>. A recent study
suggests that DOTP may induce chronic spontaneous urticaria (CSU) by targeting certain proteins that affect
inflammation and immune regulation'. Meanwhile, high concentrations of DOTP have been linked to increased
production of reactive oxygen species (ROS)®, which may contribute to PD progression via oxidative stress'®.
Additionally, studies indicate that DOTP exposure can lower blood glucose levels, reduce white adipose tissue
weight, trigger inflammatory responses, and alter gut microbiota composition'®. Previous studies consistently
demonstrate a strong association between gut microbiota and PD!”!%, Although direct evidence connecting
DOTP to PD is limited, existing data suggest a potential link. Thus, investigating DOTP’s effects on PD is crucial.

Network toxicology, an emerging interdisciplinary field, employs the "compound-target-gene" network
model to investigate the toxicological properties of target entities!®. This approach facilitates the identification
of potential targets and toxic pathways of food and environmental pollutants, thereby assessing their risks
to human health. Consequently, network toxicology holds significant promise for evaluating the toxicity of
environmental pollutants. Molecular docking, a computational technique, predicts the optimal binding mode
and affinity between a compound and its target. In this study, molecular docking was utilized to forecast the
binding capacity of DOTP molecules to PD-related targets?’. Molecular dynamics simulation captures the real-
time motion trajectory of a molecular system, verifying the stability of the binding mode predicted by molecular
docking during dynamic processes’'?2. These methods enable researchers to gain deeper insights into how
DOTP affects diseases like PD by binding to specific target proteins.

Methods

Access to DOTP toxicity targets

In order to comprehensively assess the toxicity of DOTP, we integrated the targets associated with DOTP
exposure from the SwissTargetPrediction?* and SuperPred databases?’. The 2D structure and SMILES
representation of DOTP were first obtained from the PubChem database?. Potential targets were then identified
from SwissTargetPrediction and SuperPred using SMILES. “Homo sapiens” was selected, and the results were
cross-referenced to the final toxic target of DOTP. The UniProt database®® was then utilized to standardize the
nomenclature of the target proteins.
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Disease-related targets

To identify PD-related targets, we obtained the relevant genes from GeneCards?’, Online Mendelian Inheritance
in Man (OMIM), and Gene Expression Omnibus (GEO) databases?®, leveraging comprehensive and accurate
data sources. In GeneCards, the keyword “periodontitis” was entered to obtain PD-related targets, and the genes
with correlation scores>1 were filtered from the obtained results to enhance credibility. Concurrently, a PD
dataset (GSE10334) comprising 247 samples was selected from the GEO database using the “limma” package?
in R software to screen the characterized genes. The screening criteria included: First, the logFC value had to be
greater than 1. Second, the corrected P-value had to be less than 0.05. Consequently, the genes identified through
these criteria were then cross-denominated and utilized as the final targets of PD.

GO and KEGG enrichment analysis.

In order to explore the potential mechanism of DOTP-related PD, their cross-targets were imported into the
Database for Annotation, Visualization, and Integrated Discovery (DAVID) database®® for gene enrichment
analysis. The DAVID database is a widely used bioinformatics tool for identifying biological processes (Gene
Ontology, GO) and signaling pathways (e.g., KEGG, Reactome) that are significantly enriched in gene lists.
GO analysis evaluates the biological processes (BP), molecular functions (MF), and cellular components (CC)
in which the genes are involved. In all screening processes, a P value of less than 0.05 was set to ensure reliable
results. Enrichment analysis has been identified as a means of identifying potential pathways of DOTP-related
PD at the level of molecular mechanisms, thereby providing further evidence for its possible pathogenicity.

Identify core targets

Protein-protein interaction (PPI) networks of cross-targets were constructed using the Search Tool for
the Retrieval of Interacting Genes/Proteins (STRING) database®® with the species parameter set to “Homo”.
Nodes with confidence scores exceeding 0.4 were selected, while unconnected nodes were concealed. The
ensuing results were then imported into Cytoscape 3.10.2 for core target screening®. Cytoscape is an open-
source network analysis and visualization software that supports the construction, analysis, and visualization
of complex networks and is particularly adept at dealing with biomolecular interaction networks (e.g., protein-
protein interactions and gene regulatory networks, etc.). To accurately identify the core targets, we integrated
the results of the “CytoHubba** and “MCODE”* plug-ins in Cytoscape and used the intersection of the two as
the core targets. CytoHubba is employed to identify the top 10 nodes that are central in the largest clusters, while
MCODE identifies key gene modules. A range of analysis methods were employed to identify the core targets
that may play a pivotal role in DOTP-related PD.

Molecular docking of core targets

Molecular docking is a computational simulation technique designed to predict the binding modes and binding
strengths of small molecules (ligands) to biological macromolecules (receptors, e.g., proteins, DNA). This
method has important applications in the fields of drug discovery, enzyme engineering, and protein-ligand
interaction studies. In this study, molecular docking was utilized to assess the binding capacity between DOTP
and the core target. To obtain the necessary pre-files for molecular docking, 2D files of DOTP in “SDF” format
were obtained from the Public Chemical (PubChem) Database. Concurrently, the identifier of the core target
was obtained from the Universal Protein Resource (UniProt), and the corresponding “PDB” format file was
obtained from the Protein Data Bank (PDB) database. For small molecule ligands, the minimum binding energy
of DOTP was calculated using Chem3D23.1.1 and saved in “MOL2” format. To mitigate the impact of extraneous
factors on the ensuing molecular docking, water molecules, and small ligands were eliminated from the protein
receptor using PyMOL 4.6.0%. AutoDockTools 1.5.7 (ADT) is an open-source tool designed specifically for
molecular docking, which simplifies AutoDock’s complex parameter setting and result analysis process**. ADT
was employed to hydrogenate protein receptors, identify pocket boxes, and save the structure files of DOTP and
target proteins in “PDBQT” format.

AutoDock Vina®” was utilized for the final molecular docking operation, and the results were visualized by
GeneCards. Concurrently, the amino acids implicated in the stabilization of small molecules following molecular
docking were subjected to two-dimensional interaction analysis using Discovery Studio 2025. This analysis was
undertaken with the objective of elucidating the interaction patterns of DOTP with proximate amino acids.

Molecular dynamics simulations

Molecular dynamics simulation (MD) is a computational method based on physical principles that is used
to study the dynamic behavior of atomic or molecular systems under specific conditions®. In this study, we
employed molecular dynamics simulation to meticulously investigate the interaction mechanism between
DOTP and PD-related targets. This approach was undertaken to systematically assess the binding stability of
small molecules and proteins.

GROMACS™ is an open-source and efficient MD simulation software that can be used to simulate the
motion of atoms/ molecules under specific conditions and analyze the structure, energy, interactions, and
dynamic behavior. The optimal binding conformation of DOTP to the target protein, as determined by
AutoDock Vina, was employed as the initial conformation for MD. The GROMACS 2022 program was utilized
for MD manipulation. The GAFF force field was employed for small molecules, while the AMBER14SB force
field and the TIP3P water model were utilized for proteins. The files of protein and small molecule ligands
were then merged to construct the simulation system of the complexes. The simulations were performed at
constant temperature and pressure, as well as under periodic boundary conditions. During MD simulations,
all constraints involving hydrogen bonding were performed using the LINCS algorithm with an integration
step of 2 fs. The cutoff value for non-bonding interactions was set to 10 A and updated at 10-step intervals. The
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V-rescale temperature coupling method was employed to regulate the simulation temperature to 298 K, and the
Berendsen method was utilized to control the pressure to 1 bar. Constant number, volume, and temperature
(NVT) and constant number, pressure, and temperature (NPT) equilibrium simulations were carried out at
298 K for 100 ps, and MD simulations were performed for 100 ns for the complex system, with the conformation
saved every 10 ps. Following the completion of the simulations, the simulation trajectories were analyzed using
VMD and PyMOL. Additionally, the MMPBSA binding free energy analysis between the protein and the small-
molecule ligand was performed using the g_mmpbsa program.

Results

Toxicity targets of DOTP

In this study, a total of 149 toxicity targets associated with DOTP exposure were obtained after cross-denigration
through SwissTargetPrediction and SuperPred databases (Fig. 1A). Similarly, a total of 1618 PD-associated
targets were identified by conducting an in-depth analysis of GeneCards, OMIM, and GEO databases (Fig. 1B).
The integration of these two sets of data yielded a total of 37 genes that have the potential to serve as targets for
PD triggered by DOTP exposure (Fig. 1C). A comprehensive list of these data can be found in the supplementary
material.

Enrichment analysis

The present study employed GO and KEGG enrichment analysis on 37 targets. GO enrichment analysis
(comprising BP, MF, and CC) identified a total of 165 statistically significant items. Of these, 139 were found
to be BP items, 23 were MF items, and 23 were CC items. Figure 1D provides a visual representation of the 10
items with the lowest false discovery rate (FDR). The findings suggest that certain targets may play a role in the
metabolic process of reactive oxygen species and the regulation of inflammatory responses, which are closely
related to the pathogenesis of PD>.
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Fig. 1. A Cross-removal of duplicates for DOTP-related toxicity targets; B Cross-removal of duplicates for
PD-related targets; C Cross-targets between DOTP and PD; D Gene Ontology (GO) enrichment analysis of 37
shared targets, encompassing Biological Processes (BP), Cellular Components (CC), and Molecular Functions
(MF), with presentation limited to the top 10 outcomes; E Presentation of the top 10 pathways derived from
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of shared targets, along with their
associations with relevant genes. Bubble size indicates the number of genes enriched in each pathway, while
bubble color reflects the statistical significance of enrichment, with darker shades indicating lower P-values
and greater significance.
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KEGG enrichment analysis was designed to explore the potential pathways involved in PD by the targets.
The analysis yielded a total of 77 statistically significant KEGG items. To elucidate the relationship between these
pathways and targets, the top 10 pathways were illustrated using mulberry diagrams (Fig. 1E). Of particular
relevance is the AGE-RAGE signaling pathway, which plays a pivotal role in diabetic complications and is a
significant risk factor for PD*. Furthermore, cancer-related pathways and receptor-related pathways (e.g.,
C-type lectin receptor signaling pathway) were enriched. This finding suggests a potential link between the
pathogenesis of PD and the tumor microenvironment and cell signaling.

Core cross-targets

A protein-protein interaction (PPI) network was constructed from the STRING database using the cross-
targeting of DOTP and PD (Fig. 2A). The network contains 37 nodes and 130 edges, with an average node
degree of 7.03. The target network constructed by STRING was systematically analyzed using Cytoscape 3.10.2.
The “MCODE” plugin identified key modules containing 11 targets (Fig. 2B). The “CytoHubba” plugin identified
10 nodes with centrality (Fig. 2C). The 10 genes obtained after crossover were finally used as core targets for
subsequent analysis (Fig. 2D). Table 1 provides the relevant details of these targets in Cytoscape.

Molecular docking
In this study, the binding mode between DOTP and core targets was evaluated using a molecular docking
technique. Lower binding energy between the target and DOTP indicates stronger binding strength, with
hydrogen bond energy substantially enhancing the complex’s binding ability. Consequently, PTGS2, MAPK14,
NFKB1, and STAT1, which form hydrogen bonds with DOTP during molecular docking and exhibit low
binding energies, were identified as targets with significant binding potential (Fig. 3). Table 2 provides detailed
information on the binding energies and interaction forces of these targets during molecular docking.

The results of the two-dimensional interaction analysis demonstrated that DOTP formed van der Waals
interactions with nearby amino acids (Fig. 3). In addition to hydrogen bonding interactions, hydrophobic amino

A B

STAT1 —— TLR4

NOS2

TGFBR2

NFE2L2

EGFR

Fig. 2. A PPI network of 37 overlapping targets obtained from the STRING platform; B Key gene modules
obtained by analyzing the PPI network of overlapping targets using the “MCODE” plugin in Cytoscape
software; C The top 10 genes obtained by calculating the maximum clique centrality of overlapping targets
using the “CytoHubba” plugin in Cytoscape software. The darker the color, the more or larger the maximum
cliques the node participates in, indicating that it may be a core member of the functional module; D
Overlapping targets from the two analysis methods.
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Gene Degree | Eccentricity | Betweenness | Clustering coefficient
EGFR 22 4 0.195 0.857
TLR4 20 4 0.133 0.800
PTGS2 19 3 0.176 0.507
NFKB1 |17 4 0.053 0.356
HIF1A 16 4 0.089 0.458
MAPK14 | 14 3 0.062 0.805
NFE2L2 |12 4 0.021 0.549
STAT1 11 4 0.004 0.384
TGFBR2 |9 4 0.004 0.606
NOS2 8 4 0.002 0.329

Table 1. Details of the core genes in the Cytoscape screen. The first column lists the names of the targets. The
second column shows the centrality values of these targets in the network of 37 cross-targets. A larger degree
value indicates that the node has more direct connections in the network. The third column represents the
eccentricity. A smaller eccentricity value means that the distance from the node to the farthest node in the
network is shorter, suggesting that the node may be located at the core of the network. The fourth column
measures the frequency of the node appearing in the shortest paths between all other pairs of nodes. Nodes
with high betweenness are usually the “bridges” in the network, connecting different functional modules. The
clustering coeflicient in the fifth column mainly measures the tightness of connections among nodes. A high
clustering coefficient indicates that the local area where the node is located is highly interconnected and may
form a functional module.

A PTSG2 B MAPK14

D STAT1

Fig. 3. Molecular docking results of DOTP with key binding targets (target proteins were selected as receptors,
and DOTP was selected as the ligand). In the figures in the upper right corner, the blue parts represent the
amino acid residues involved in hydrogen bond formation, and the red parts represent the DOTP molecules.
The figures in the lower right corner show the 2D interaction analysis, which refers to the interactions between
DOTP and the surrounding amino acids during the molecular docking process, including hydrogen bonds and
hydrophobic interactions. More information is provided in Table 2.
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Name Binding energy (Kcal/mol) | Hydrogen bonds | Hydrophobic interactions

ARG 44 B LEU 152 B, VAL 46 B, ALA 543 A, PRO 153

DOTP-PTGS2 -7.1 TYR 130 B B,PRO 542 A

LEU 75 A, VAL 38 A, ILE 84 A, ALA 172 A,
DOTP-MAPK14 | -6.3 LYS53 A TYR 35 A, ALA 51 A, PHU 169 A, LEU 55
A,LEU 108 A, LEU 171 A

VAL 61 P, PRO 65 P, VAL 115 P, LYS 117 P,

DOTP-NFKBI1 -54 ILE 142 P PHE 56 B, LEU 143 P
HIS 406 A

DOTP-STAT1 =51 PRO 326 A, ARG 405 A, THR 342 A
GLN 340 A

Table 2. Binding energies, hydrogen bonding interactions, and hydrophobic interactions of key binding
targets docked to DOTP molecules.
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Fig. 4. RMSD values of the complexes as a function of simulation time. RMSD is used to track the changes
in the molecular structure relative to the initial structure during the simulation process and observe whether
the amplitude of the changes tends to be stable. A lower RMSD indicates that the two structures are closer.
The target protein is represented by a purple color, the small molecule ligand (DOTP) by a yellow color, and
the complex by a blue color. As can be seen from Figures (A) to (D), the RMSD values of the four complexes
gradually stabilize as the simulation progresses.

acids such as leucine, valine, and alanine contribute to the stable binding of DOTP in the hydrophobic pocket
of the protein. Furthermore, a variety of non-covalent synergistic interactions, including alkyl interactions,
ni-alkyl interactions, and nt-stacking, have been observed to facilitate the formation of relatively stable complexes
between DOTP and proteins. The findings of this study provide substantial evidence in support of the hypothesis
that DOTP exhibits stable binding to target proteins.

Molecular dynamics simulation

In order to determine further the binding ability of DOTP with the four core targets, we performed molecular
dynamics simulations to validate the results of molecular docking. The Root Mean Square Deviation (RMSD)
metric was used to track changes in molecular structure relative to the initial structure during the course of the
simulation. This permitted observation of whether the magnitude of changes tended to stabilize. As illustrated
in Fig. 4, the RMSD value of the complex structure underwent a gradual stabilization after 75 ns, indicating
that DOTP exhibited a stable binding with the four proteins. It is noteworthy that the lower the RMSD, the
more stable the complex structure. Notably, the DOTP-PTGS2 complex exhibited the lowest RMSD (~0.22 nm),
suggesting highly stable binding.
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Principal Component Analysis (PCA) was employed to distill the complex high-dimensional molecular
motion data into a few principal components and to identify the most significant motion patterns of the
molecules during the simulation (Fig. 5). As illustrated in the figure, the conformational distribution of DOTP
in MAPK14 and STAT1 is more dispersed, while the conformational distribution in PTGS2 and NFKBI is
more concentrated, exhibiting a higher frequency conformation. This observation indicates that DOTP exhibits
enhanced conformational stability in the presence of PTGS2 and NFKBI1. The Radius of Gyration (Rg) was
employed as a metric to assess the compactness of the overall small molecule-protein structure. As the simulation
progressed (particularly after 50 ns), the Rg values of the four complexes remained largely stable, suggesting that
there were no evident structural alterations in the complexes (Fig. 6). During this period, the DOTP-MAPK14
and DOTP-NFKBI complexes exhibited lower Rg values and more compact structures.

The RMSD and Rg of the complexes were utilized as the free energy topography of the complexes to demonstrate
the possible conformations of the molecules or systems and their relative stability (Fig. 7). The results indicated
that all four complexes existed in a lower energy state, suggesting that the overall structure of the complexes
was more stable. Of particular interest is the observation of two energy wells in close proximity to the DOTP-
PTGS2 complex (Fig. 7A). This observation suggests that the molecules may undergo frequent conformational
transitions between these two energy minima to establish a dynamic equilibrium. Concomitantly, the transition
between these two stable states is facilitated by the relatively modest energy barriers that must be surmounted
for interconversion between the two conformations. This flexibility in conformation enables the complexes to
respond adaptively to environmental changes while maintaining stability. The Buried Solvent Accessible Surface
Area (Buried SASA) is a crucial metric for assessing the surface exposure of proteins. The results demonstrated
that the Buried SASA values of the three complexes, with the exception of DOTP-STAT1, exhibited stability. This
finding suggests that the contact area between small molecules and proteins remained stable, with no substantial
expansion or contraction occurring subsequent to binding (Fig. 8). Among the complexes studied, DOTP-
PTGS2 exhibited the most significant Buried SASA value, approximately 12 nm?, suggesting that this complex
displays the strongest intermolecular interactions and the largest contact area (Fig. 8A).

In summary, in addition to STAT1, PTGS2, MAPK14, and NFKBI, all of which demonstrated stable binding
to DOTP, the complex exhibited notable characteristics. It is noteworthy that the DOTP-PTGS2 complex
demonstrated the lowest RMSD value and the highest Buried SASA value. In comparison with the other three
complexes, the complete system of DOTP-PTGS2 demonstrated enhanced stability. Consequently, PTGS2 target
proteins may play a pivotal role in the induction of PD by DOTP.

Discussion
The effects of the food and environmental pollutant DOTP, a plasticizer, on inflammatory and immune pathways
constitute a potential threat to PD. This study identified MAPK14, NFKB1, STAT1, and PTGS2 as primary

DOTP_PTGS2 DOTP_MAPK14

Frequency

0 05 00 05 10 15 20
Pl

Fig. 5. PCA analysis of the molecular trajectories of DOTP in the four complexes. Through PCA analysis,
complex high-dimensional molecular motion data can be simplified into a few principal components, and
the most significant motion patterns of molecules during the simulation process can be captured. (A) The
conformational distribution of DOTP is relatively concentrated, with one conformation having a relatively
high occurrence frequency, indicating that its conformation is relatively stable; (B) The conformational
distribution of DOTP is relatively dispersed, and there are two conformations with relatively high frequencies
simultaneously; (C) There is one conformation of DOTP with a relatively high occurrence frequency,
indicating that the conformation of the small molecule is relatively stable; (D) There is one conformation of
DOTP with a relatively high frequency, but the conformational distribution is relatively dispersed, indicating
that the structure of the small molecule is highly variable.
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Fig. 6. Rg values of the complexes over time. A smaller Rg indicates that the molecule is more compact; a
larger Rg suggests that the molecular structure is more loose and may be in a flufty state.

binding targets of DOTP influencing PD, through the integration of data from multiple databases and the
application of network toxicology and molecular docking techniques. Furthermore, MAPK14, NFKBI, and
PTGS2 demonstrated remarkable stability in molecular dynamics simulations. Given the established roles of
these targets in the pathogenesis of PD, we have placed particular emphasis on them in our discussion.

Mitogen-activated protein Kinase 14 (MAPK14) is a pivotal component of the MAPK signaling pathway family.
It plays an important role in cellular stress response and inflammation regulation*!. During the pathogenesis
of PD, host recognition of cellular components (including lipopolysaccharide, etc.) induces activation of the
MAPK14 pathway. The activated MAPK14 subsequently promotes the expression of inflammatory factors, such
as IL-6 and MMP-13, which in turn induce further inflammatory responses in the gingiva*2.

As demonstrated in previous studies, NFKB1 has been identified as a core transcription factor associated
with immunity and inflammation*?. Furthermore, the NFKBI signaling pathway is induced by PD pathogens,
which in turn activates the expression of inflammatory factors, such as TNF-a and IL-6, leading to exacerbated
periodontal tissue loss. Furthermore, the NFKB1 signaling pathway may interact with other signaling pathways,
such as Wnt/B-catenin, which collectively regulate the inflammatory response and cellular function of periodontal
tissues**. Notably, the cryotherapy approach proposed by Lin et al.** has been shown to effectively downregulate
the expression of multiple proinflammatory factors, including NFKBI1, thereby attenuating inflammation in
periodontal ligament cells. This finding provides a novel approach to the treatment of PD.

Signal Transducer and Activator of Transcription 1 (STAT1) is a pivotal pathway that regulates immune
and inflammation-related diseases. STAT1 expression has been observed to be significantly increased in
cases of chronic and aggressive periodontitis in comparison to healthy subjects*®. Furthermore, studies have
demonstrated that STAT1 plays a pivotal role in PD with hypertension, and the inhibition of STAT1 in mice has
been shown to reduce the expression of pro-inflammatory factors (e.g., IL-6, etc.) and macrophage infiltration,
thereby attenuating bone resorption and periodontal destruction in PD lesion areas?’. Consequently, STAT1
may play an important role in the development, progression, and regression of PD by regulating the expression
of inflammatory factors.

Prostaglandin-Endoperoxide Synthase 2 (PTGS2), also known as Cyclooxygenase-2 (COX-2), is activated by
neutrophil extracellular traps via Toll receptors*®. During periods of inflammation, there is a significant increase
in PTGS2 expression. Prostaglandin E2 (PGE2), catalyzed by PTGS2, is a pivotal inflammatory mediator
that instigates vasodilatation and elevates vascular permeability, consequently amplifying the inflammatory
response®”. A recent study demonstrated that PTGS2 is an important factor in PD that mediates the
inflammatory response in periodontal tissues and shows excellent diagnostic efficacy™. Furthermore, molecular
dynamics simulations revealed that PTGS2 formed complexes with DOTP, exhibiting optimal stability, thereby
underscoring the significance of PTGS2 in these processes. The collective evidence from these studies suggests a
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Fig. 7. The free energy landscape of the complex plotted using RMSD and Rg of the complex is used to display
various possible conformations of the molecule or system and their relative stabilities. As can be seen from
Figures A to D, all four complexes exhibit states with relatively low energy, indicating that the overall structures
of the complexes are relatively stable.

collaborative mechanism involving the four key binding targets, working in concert to promote PD progression
through a series of interconnected inflammatory pathways.

PD is a complex inflammatory disease whose pathogenesis involves multiple inflammatory and immune
pathways. PTGS2, MAPK14, NFKB1, and STAT], as key binding targets of DOTP-related PD, play important
roles in the regulation of these pathways. The results of the KEGG enrichment analysis emphasized that PD-L1
expression and the PD-1 checkpoint pathway in cancer (P =1.18E-06) are also implicated. It is noteworthy that
the expression of PD-1 and PD-L1 was higher in periodontitis patients than in the healthy population, and this
was associated with the regulation of the key pathogen Porphyromonas gingivalis (P. gingivalis)>!. This finding
suggests the potential for therapeutic interventions targeting the inflammatory response of periodontal tissues
by modulating the PD-1/PD-L1 pathway regulated by P. gingivalis. Additionally, the AGE-RAGE signaling
pathway (P=2.33E-06) in diabetic complications is closely associated with the progression of PD. It has been
demonstrated that hyperglycemia increases the expression of AGEs in periodontal tissues and promotes the
release of inflammatory factors by binding to RAGE on the surface of immune cells, thereby exacerbating
periodontal tissue destruction®2. Concurrently, we observed a significant enrichment of genes such as PTGS2 in
the C-type lectin receptors (CLRs) signaling pathway (P=5.18E-05). This finding suggests a potential association
between the CLR signaling pathway and the differentiation of immune cells during PD progression. A recent
study demonstrated that the over-expression of Dectin-2 in the CLRs family enhances osteoclast-mediated bone
resorption, leading to alveolar bone resorption and promoting PD progression®. The significant enrichment
of these pathways underscores the potential impact of DOTP-associated targets on PD, as well as providing a
foundation for the future development of preventive and therapeutic strategies.

Despite being an alternative to phthalate plasticizers, DOTP still poses toxicity concerns. There is currently
no direct evidence of toxic concentrations of DOTP in periodontal tissues, and research in this area is virtually
nonexistent, highlighting the urgency of this study. L Ball et al. suggest an oral reference dose limit for DOTP/
DEHT at 0.2 mg/kg/day, which could serve as a guideline®’. Although general population exposure to DOTP is
low, localized exposure in periodontal tissues may occur under specific conditions, such as prolonged contact
with dental materials and medical devices containing DOTP. Future research should focus on the effects of
DOTP in these specific scenarios and assess the relationship between local exposure levels and periodontal
disease.
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Fig. 8. Buried SASA values of the complexes over time. A larger value of the Buried SASA indicates stronger
intermolecular interactions and a larger contact area. Except for Figure D, the Buried SASA values in the other
three groups of complexes remain basically stable, indicating that the contact area between the small molecule
and the protein remains stable, and their binding remains stable. Among them, Figure A shows a higher Buried
SASA value.

This study demonstrates the considerable potential of network toxicology in the assessment of environmental
pollutants’ toxicity. In contrast to conventional toxicology, which focuses on a single pollutant or a single toxicity
pathway, network toxicology employs multifactorial integration to systematically localize key toxicity drivers.
It also utilizes methods such as KEGG and network construction to comprehensively identify cross-pathway
nodes interfered with by pollutants. The limitations of conventional toxicology studies, which depend on animal
models, become evident when attempting to accurately assess the toxicity of pollutants to humans. Additionally,
static experimental models are ill-equipped to capture the dynamic evolution of diseases induced by pollutants™.
Conversely, network toxicology facilitates rapid assessment of key toxicity targets of pollutants by constructing
molecular networks and molecular docking models. Molecular dynamics simulation has played a pivotal role
in this study, as it has been instrumental in overcoming the static nature and high-cost limitations of traditional
experimental methods. By dynamically resolving the binding mechanisms of toxic small molecules and targets,
molecular dynamics simulation has emerged as a crucial tool in network toxicology. Notably, it is indispensable
in elucidating the metathesis effect, solvation effect, and mutation tolerance of the complexes. The integration of
network toxicology with these approaches furnishes a formidable instrument for the analysis of health hazards
posed by complex environmental exposures. The advancements in this field are poised to exert a substantial
influence on environmental regulation, precision preventive medicine, and chemical safety design.

Despite the encouraging potential of network toxicology and molecular dynamics simulations, it is
imperative that enhanced sampling techniques (e.g., Metadynamics) are employed to expedite the acquisition of
rare events and that dedicated force field parameters are developed for novel contaminants. Meanwhile, previous
studies have shown that factors such as smoking, diet, genetics, and alterations in the microbiome also have
potential impacts on the progression of periodontitis. Therefore, future research should rely on standardized
epidemiological data, multi-omics analysis, intelligent algorithms, and relevant dynamic experimental models
to comprehensively analyze how DOTP jointly affects the progression of PD through combined effects with
other factors. This systematic research strategy will promote the precision of cyber-toxicology and safe chemical
design, making network toxicology a core tool for next-generation environmental health risk management.

Conclusion

In this study, we systematically revealed the relevant targets and potential molecular mechanisms of periodontitis
(PD) induced by DOTP, a food and environmental pollutant, by integrating network toxicology, molecular
docking, and molecular dynamics simulation. Through multi-database cross-tabulation analysis, 37 targets
shared by DOTP and PD were identified in this study, among which PTGS2, MAPK14, NFKB1, and STAT1 were
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identified as core targets in molecular docking. Enrichment analysis revealed that these targets were significantly
enriched in inflammatory responses (e.g., AGE-RAGE signaling pathway, C-type lectin receptor pathway) and
immune regulation-related pathways, suggesting that DOTP may synergistically drive inflammatory injury in
periodontal tissues through activation of pro-inflammatory factors (e.g., IL-6, TNF-a) and inhibition of anti-
inflammatory mechanisms. Molecular dynamics simulations further confirmed that PTGS2, MAPK14, and
NFKBI1 were stably bound to DOTP. Of particular note, the DOTP-PTGS2 complex demonstrated optimal
binding stability, suggesting that PTGS2 may be a core driver target of DOTP-related PD. These findings provide
a theoretical basis for mechanism resolution and precise intervention in environmental toxicology and highlight
the unique value of network toxicology, an interdisciplinary approach, in the study of complex diseases.

Data availability
Original research data are provided in the supplementary material. Other data in the course of the study can be
obtained from the corresponding author upon reasonable request.
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