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Abstract
Background  Environmental pollutants, particularly from air pollution and tobacco smoke, have emerged as 
significant risk factors. Benzopyrene (BaP), a Group 1 carcinogen, is ubiquitously present in these pollutants, yet its 
molecular mechanisms in periodontitis remain largely unexplored.

Methods  We investigated these mechanisms through an integrated approach combining network toxicology, 
machine learning, and molecular docking analyses. Data from SwissTargetPrediction, CTD databases, and GEO 
datasets were analyzed to identify potential targets. Three machine learning algorithms (Support Vector Machine, 
Random Forest, and LASSO regression) were applied for core target identification, followed by Molecular docking 
analyses.

Results  We identified 11 potential targets associated with BaP-induced periodontitis, primarily involved in cellular 
response to lipopolysaccharide, endoplasmic reticulum function, and cytokine activity, particularly in IL-17 and TNF 
signaling pathways. Machine learning analysis identified three core targets: CXCL12, CYP24A1, and HMGCR. Molecular 
docking demonstrated strong binding affinities between BaP and these targets (binding energies <-5.0 kcal/mol). A 
diagnostic nomogram based on these core targets achieved high prediction accuracy (AUC = 0.922).

Conclusions  This first comprehensive analysis of BaP-induced periodontitis using an integrated computational 
approach elucidates potential molecular mechanisms and identifies specific therapeutic targets. The diagnostic 
nomogram developed offers a promising tool for clinical periodontitis risk assessment, providing new perspectives on 
understanding the impact of environmental pollutants on periodontal health.
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Introduction
Periodontitis, a complex inflammatory disease affecting 
the tooth-supporting tissues, represents one of the most 
significant oral health challenges globally. This chronic 
condition is characterized by progressive destruction of 
periodontal ligament, cementum, and alveolar bone, ulti-
mately leading to tooth loss if left untreated [1]. Accord-
ing to the Global Burden of Disease Study 2019, severe 
periodontitis affects approximately 796  million people 
worldwide, with a standardized prevalence of 9.8% [2]. 
The disease not only compromises oral function and 
quality of life but also poses substantial economic bur-
den on healthcare systems, with estimated direct treat-
ment costs exceeding $30 billion annually in the United 
States alone [3]. The etiology of periodontitis is multi-
factorial, involving complex interactions between bacte-
rial infection, host immune response, and environmental 
factors [4]. While the role of periodontal pathogens and 
host immune mechanisms has been well-established [5], 
accumulating evidence suggests that environmental pol-
lutants play a crucial role in disease initiation and pro-
gression [6].

Benzopyrene (BaP), classified as a Group 1 carcinogen 
by the International Agency for Research on Cancer, is 
one of the most thoroughly studied PAHs [7]. Human 
exposure to BaP occurs through multiple routes, includ-
ing inhalation of air pollution and tobacco smoke, inges-
tion of charred foods, and occupational exposure [8]. 
Recent epidemiological studies have revealed strong cor-
relations between high levels of air pollution or tobacco 
smoke and increased prevalence of periodontal disease, 
particularly in populations [9].

The emergence of network toxicology has provided 
new opportunities for understanding the mechanisms 
of toxicant-induced diseases [10]. This approach enables 
the systematic analysis of complex interaction networks 
between environmental toxicants and biological systems, 
offering insights into both direct and indirect effects 
of xenobiotics [11]. Network toxicology has been suc-
cessfully applied to investigate various environmental 
diseases, revealing previously unknown mechanisms 
and potential therapeutic targets [12]. Currently, there 
are many studies that combine network analysis with 
machine learning algorithms, which can predict new 
molecular targets and pathway interactions with high 
accuracy [13, 14].

Despite these technological advances, the complex 
molecular mechanisms underlying BaP-induced peri-
odontitis remain largely unexplored through integrated 
computational approaches. The combination of network 
toxicology, machine learning, and molecular docking 
presents a promising strategy to decipher these mecha-
nisms comprehensively. We constructed and analyzed 
molecular interaction networks to identify key protein 

targets and pathways involved in BaP-induced peri-
odontal inflammation, developed and applied machine 
learning models to predict potential therapeutic targets 
and regulatory mechanisms, and validated the predicted 
molecular interactions through systematic molecular 
docking analyses. This study represents the first com-
prehensive analysis of BaP-induced periodontitis using 
an integrated computational approach, and our findings 
provide new insights into the pathogenesis of environ-
ment-related periodontitis while identifying potential 
therapeutic targets for future drug development.

Materials and methods
Data acquisition
The dataset (GSE10334) obtained from the periodontitis 
study was analyzed for differential expression using the 
limma package. Important genes that differentiate peri-
odontitis samples (n = 183) from healthy controls (n = 64) 
were identified and confirmed, applying the thresholds 
of adj.P.Val < 0.05 (Benjamini-Hochberg correction) 
and|logFC| > 0.585 for differentially expressed genes 
(DEGs).

By searching for “benzopyrene” in the PubChem data-
base, the standard structure and SMILE nodes of BaP 
were retrieved. Based on this search result, we used the 
SMILE node to retrieve potential targets of BaP from 
the SwissTargetPrediction database [15], setting the spe-
cies filter to “Homo sapiens.” We then filtered genes with 
an “Inference Score ≥ 20” from the CTD database [16] to 
identify target genes and chemicals for BaP. Finally, these 
targets were merged to construct the BaP target library.

Identifying signature genes related to environmental 
pollutants in periodontitis through machine learning
To identify potential candidate genes for diagnosing peri-
odontitis, three machine learning prediction models were 
used: the Random Forest (RF) model, the Support Vector 
Machine (SVM) model, and the Least Absolute Shrink-
age and Selection Operator (LASSO) regression model. 
The SVM modeling was performed using the “e1071” 
package. Feature elimination was used to identify the 
optimal key genes. Subsequently, we used the “random-
Forest” package in R to classify the important genes. We 
built a regression model using the “glmnet” package in R, 
setting the model to “binomial” and selecting the best λ 
(lambda) value using “lambda.min.” A log-lambda curve 
of LASSO coefficients was plotted. After screening with 
the three algorithms, the intersection of the results from 
each algorithm was taken, and the intersecting genes 
were considered as potential core targets for BaP-induced 
periodontitis toxicity.
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Analysis of GO and KEGG enrichment
To elucidate the biological functions and pathways con-
nected to frequently expressed genes, Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) enrichment analyses were performed with the R 
package “clusterProfiler” [17]. Visualization of the enrich-
ment findings was achieved via bubble plots, with a sig-
nificance threshold established at P < 0.05.

Chemical-gene-disease network Building
To explore the relationship between BaP and periodon-
titis, a network illustrating the interactions between BaP, 
genes, and periodontitis was constructed. Through this 
analysis, we identified and evaluated the chemicals asso-
ciated with the key genes. First, an attribute table was 
built in Excel, containing information on the compounds, 
their corresponding targets, and the diseases related to 
these targets. Next, the attribute table was uploaded to 
Cytoscape, where network files were loaded, positions 
set, and image shapes modified. The compound-target-
pathway network visually shows how compounds affect 
diseases through their targets.

Construction and validation of nomogram
The nomogram was constructed using the characteristic 
genes of the normal group and the periodontitis group, 
along with their corresponding expression levels. The 
nomogram can serve as an important tool for the clini-
cal diagnosis of periodontitis. Additionally, a periodon-
titis diagnosis model based on diagnostic markers was 
constructed using the “rms” R software. The values of 
candidate genes were quantified as “points”, and the total 
score was determined by summation. Subsequently, the 
cumulative scoring system was subsequently applied to 
calculate the periodontal disease occurrence probability. 
The diagnostic effectiveness of the nomogram for iden-
tifying periodontitis was assessed via the Receiver Oper-
ating Characteristic (ROC) curve and its corresponding 
Area Under the Curve (AUC). Furthermore, the clinical 
applicability of the nomogram was evaluated using the 
Decision Curve Analysis (DCA).

Development of protein-protein interaction network and 
target identification
Genes that intersected and indicated potential targets for 
BaP-related toxicity in periodontitis were entered into 
the STRING database. The analysis was confined to the 
species “Homo sapiens,” with the “minimum required 
interaction score” parameter configured to “medium 
confidence > 0.4.” Following this, the outcomes produced 
by STRING were transferred into Cytoscape software 
(version 3.10.0). Furthermore, the Network Analyzer plu-
gin was employed to determine the Degree value for each 
individual target, after which the PPI network was visual-
ized according to the Degree values’ magnitude.

Molecular docking and molecular dynamics simulation
Molecular docking was carried out utilizing the CB-
Dock2 online platform, a tool for molecular docking 
founded on AutoDock Vina (​h​t​t​p​​s​:​/​​/​c​a​d​​d​.​​l​a​b​​s​h​a​​r​e​.​c​​n​
/​​c​b​-​d​o​c​k​2) [18]. All settings were maintained at their 
default options. Molecular structures of the compounds 
were obtained from the PubChem database (​h​t​t​p​​s​:​/​​/​p​u​b​​
c​h​​e​m​.​​n​c​b​​i​.​n​l​​m​.​​n​i​h​.​g​o​v​/), whereas the protein structures 
for CXCL12 and HMGCR were acquired from the RCSB 
Protein Data Bank (https://www.rcsb.org/). The protein 
structure of CYP24A1 was sourced from the AlphaFold 
Protein Structure Database (​h​t​t​p​s​:​​​/​​/​a​l​p​h​a​​f​o​l​​​d​.​e​​b​​i​.​​​a​​c​.​​u​k​/​e​
n​​t​r​y​/​Q​0​7​9​7​3).

All molecular dynamics (MD) simulations were per-
formed using GROMACS 2023.2 software under physi-
ological conditions (300  K, 1  bar). The AMBER14SB 
force field was employed for protein parameterization, 
with water molecules represented by the TIP3P explicit 
solvent model [19]. System charge neutralization was 
achieved through the addition of Na + and Cl − counter-
ions using the genion utility. Energy minimization was 
carried out using both steepest descent. Equilibrium state 
simulations of NVT and NPT were subsequently per-
formed. Formal simulations were run for 100 ns in 0.002 
ps time steps, with a total of 50,000,000 steps performed. 
The stability of the simulated system was estimated by 
root mean square deviation (RMSD).

Result
Identification of targets for BaP-induced periodontitis 
toxicity
In this study, we retrieved BaP from the PubChem data-
base and screened its standard structure (Fig. 1). Initially, 
we identified 100 BaP targets from the CTD and Swis-
sTargetPrediction databases. Through differential analy-
sis of the GSE10334 dataset, we determined 625 targets 
highly associated with periodontitis lesions, including 
390 upregulated and 235 downregulated differentially 
expressed genes compared to the vehicle control group 
(Fig.  2A). A Venn diagram revealed 11 intersecting Fig. 1  Structure of BaP. The image sourced from the PubChem website
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targets from these two datasets as potential targets for 
BaP-induced periodontitis toxicity (Fig. 2B).

Network analysis of BaP-induced periodontitis
A target network diagram for BaP-induced periodontitis 
was constructed using Cytoscape, forming a " Chemical-
gene-disease " network. As shown in Fig.  3, blue repre-
sents BaP, orange denotes key targets, and red signifies 
the disease. This diagram provides information on the 
relevant targets of BaP-induced periodontitis.

Functional enrichment analysis of co-associated genes
We further investigated the potential functions of these 
11 intersecting targets through GO and KEGG analyses 
(Fig.  4A-B). GO enrichment analysis indicated that the 
intersecting targets primarily influence biological pro-
cesses related to cellular response to lipopolysaccharide, 
endoplasmic reticulum lumen, cytokine activity, and 
cytokine receptor binding. Additionally, KEGG enrich-
ment analysis showed that the intersecting targets mainly 
affect the IL-17 signaling pathway and TNF signaling 
pathway.

Identification of pivotal targets via multiple machine 
learning approaches
We employed three distinct machine learning method-
ologies (SVM, LASSO regression, and RF) to identify 
crucial target genes. The analysis through SVM yielded 5 
promising target candidates (Fig. 5A). RF analysis gener-
ated a hierarchical ranking of genes based on their signif-
icance metrics (Fig. 5B). Concurrently, LASSO regression 
analysis revealed 5 potential key targets (Fig. 5C, D). To 
determine the most reliable targets, we analyzed the 
overlap between the SVM-identified candidates, the 
top 7 RF-ranked genes, and LASSO-selected targets 
using a Venn diagram (Fig. 5E). This integrative analysis 

identified three essential targets (CXCL12, CYP24A1, 
and HMGCR) in BaP-mediated periodontal damage.

Construction nomogram
To estimate the prevalence of periodontitis patients, a 
diagnostic nomogram was drawn using the core target 
genes (CXCL12, CYP24A1, and HMGCR) (Fig. 6A). The 
area under the ROC curve of the histogram was 0.922, 
indicating a high prediction accuracy (Fig. 6B). The slope 
of the calibration curve was close to 1, indicating that the 
histogram had a significant predictive efficacy (Fig. 6C). 
In addition, the DCA results showed that the histogram 
had a good net benefit (Fig. 6D).

Molecular Docking and MD of bap and core target proteins
The potential interactions between BaP and the core 
target genes (CYP24A1, CXCL12, and HMGCR) were 
investigated through molecular docking analysis. The 
docking results were generated respectively using 
the CB - DOCK2 software (Fig.  7A-C). Among them, 
CYP24A1 and BaP showed relatively low binding ener-
gies (CYP24A1 - BaP: − 10.9  kcal/mol; CXCL12 - BaP: 
− 6.8  kcal/mol; HMGCR - BaP: − 8.6  kcal/mol), indicat-
ing a strong affinity between the compound and the 
target. Building upon molecular docking predictions, 
we extended our investigation through 100ns MD sim-
ulations of BaP complexes with three critical targets: 
CYP24A1, HMGCR, and CXCL12. Comparative analy-
sis of backbone RMSD trajectories revealed distinct 
stabilization patterns (Fig.  7D). The CYP24A1-BaP and 
HMGCR-BaP complexes demonstrated exceptional 
structural stability, maintaining RMSD fluctuations 
within 0.2–0.3 nm throughout the simulation. In con-
trast, the CXCL12-BaP system exhibited greater con-
formational flexibility, with RMSD values ranging from 
0.2 to 0.6 nm. Notably, all systems achieved equilib-
rium within the first 60 ns of simulation, as evidenced 

Fig. 2  Characterization of molecular signatures in periodontitis. (A) Differential gene expression profile visualized through volcano plot analysis. (B) The 
Venn diagram reveals overlapping genes between periodontitis-associated DEGs and benzopyrene-responsive targets
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by plateauing RMSD values that remained stable within 
± 0.05 nm during the final 40 ns. This persistent stability 
suggests robust ligand-target interactions and validates 
the physiological relevance of our simulation conditions.

Discussion
Periodontitis is a chronic inflammatory disease, mainly 
manifested as gingival inflammation, periodontal tissue 
destruction, and alveolar bone resorption, which seri-
ously affects global oral health [20]. There is a significant 
association between environmental pollutants and the 
development of periodontal diseases. BaP, as a represen-
tative substance of persistent organic pollutants, is widely 
present in cigarette smoke [21]. Epidemiological studies 
have shown that people exposed to smoking exhibit a 

higher incidence of periodontitis [22]. However, whether 
BaP in cigarette smoke has an inductive effect has not 
been fully elucidated. Our study, for the first time, sys-
tematically revealed the key molecular network related to 
BaP and periodontitis by integrating network toxicology 
and molecular docking methods. In this study, we sys-
tematically screened 11 potential targets related to BaP-
induced periodontitis using the SwissTargetPrediction, 
CTD, and GEO databases. A “Chemical-gene-disease” 
network of BaP-gene-periodontitis was constructed. Sub-
sequently, we employed three different machine learning 
methods to identify the target genes with the most sig-
nificant BaP-related periodontitis toxicity among these 
11 core targets. Finally, we identified three core genes 
(CXCL12, CYP24A1, and HMGCR) as the key targets in 

Fig. 3  Network analysis of Benzopyrene-induced Periodontitis. “Chemical-gene-disease” network diagram of Periodontitis induced by BaP
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the context of BaP-induced periodontitis. These findings 
provide a new perspective for understanding the molecu-
lar mechanism of BaP-induced periodontitis, and also 
offer potential intervention targets for the development 
of prevention and treatment strategies.

In this study, network toxicology and bioinformatics 
tools were used to identify 11 potential co-associated 
genes related to periodontitis. GO enrichment analy-
sis showed that they mainly affect biological processes 
related to the cell’s response to lipopolysaccharide, 
endoplasmic reticulum lumen, cytokine activity, and 
cytokine-receptor binding. These results suggest that 
BaP may influence periodontitis through the endoplas-
mic reticulum and cytokine activity. KEGG enrichment 
analysis pointed to the IL-17 signaling pathway and the 
TNF signaling pathway. During the development of peri-
odontitis, neutrophil extracellular traps (NETs) can trig-
ger an up - regulation of the IL-17/Th17 response and 
bone destruction [23]. TNF is a pro - inflammatory cyto-
kine that regulates various key pathways in inflammation, 
including the recruitment, activation, and survival of 
immune cells [24]. An increased expression of the TNF 
signaling pathway during the occurrence of periodontitis 
has also been widely reported. In addition, BaP enhances 
the expression of proteins related to the TNF-α pathway 
(TNF-α, NF-κB, Caspase3, and Caspase8) [25]. There-
fore, we speculate that BaP may lead to the development 
of PD by affecting the IL − 17 signaling pathway and the 
TNF signaling pathway.

An important finding of our study is that we screened 
out three core targets (CXCL12, CYP24A1, and 
HMGCR) through three machine learning methods. 
CXCL12 (CXC-chemokine ligand 12) is a potent chemo-
tactic inducer and belongs to the CXC-chemokine family. 

During development, it is widely expressed in many tis-
sues and is a powerful chemotactic inducer of hemato-
poietic cells. It has been shown to promote the migration 
of hematopoietic cells across the endothelial barrier [26]. 
During the development of periodontal diseases, the level 
of CXCL12 increases, which may recruit host defense 
cells to the site of inflammation, thus participating in 
the activation of the immune defense pathways of peri-
odontal diseases [27, 28]. The observed downregulation 
of CXCL12 in smokers with high BaP exposure aligns 
with previous reports linking impaired CXCL12 signal-
ing to dysregulated immune responses in chronic inflam-
matory conditions [29, 30]. Based on the above results, 
we hypothesized that BaP-induced downregulation of 
CXCL12 may decrease the chemotaxis of inflammatory 
cells (e.g., neutrophils, macrophages) to periodontal tis-
sues and promote the development of inflammation. 
CYP24A1, cytochrome P450 family 24 subfamily A mem-
ber 1, initiates the degradation of vitamin D through 
side-chain hydroxylation [31]. Vitamin D insufficiency 
represents a significant risk factor in periodontitis patho-
genesis, potentially compromising alveolar bone den-
sity. During periodontal disease development, enhanced 
CYP24A1 expression may accelerate vitamin D degrada-
tion, potentially exacerbating disease progression [32].
Our results extend these observations, proposing that 
BaP may indirectly suppress periodontal tissue repair 
by enhancing CYP24A1 activity, thereby accelerating 
vitamin D catabolism and compromising bone homeo-
stasis. HMGCR serves as the key regulatory enzyme in 
cholesterol biosynthesis via the mevalonate pathway 
[33]. Evidence suggests that NF-κB pathway activation 
through IKK enhances cholesterol synthesis by upregu-
lating mevalonate pathway flux [34]. A large number of 

Fig. 4  Functional analysis of potential targets. (A) Top 10 pathways of the target genes in the KEGG enrichment analysis (B). the enriched entries for each 
GO category (BP: Biological Process, CC: Cellular Component, and MF: Molecular Function)
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Fig. 5  Pivotal targets in benzopyrene-associated periodontitis. (A) SVM-RFE technique identified five high-confidence biomarkers. (B) RF classification 
algorithm-derived candidate targets. (C) and (D). LASSO regression coefficient trajectories demonstrating tuning parameter (λ) selection. The optimal 
model configuration (minimum cross-validation error) retained five predictive biomarkers. (E) the Venn diagram reveals consensus core targets estab-
lished through integrative analysis of three distinct machine learning outputs
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studies have shown the activation of the NF-κB pathway 
in periodontitis. Therefore, we speculate that during peri-
odontal diseases, NF-κB activation exerts an influence by 
increasing the mevalonate pathway. Finally, our molecu-
lar docking results showed that all three core target pro-
teins had a strong binding to BaP, with binding energies 
all below − 5.0 kcal/mol [35, 36]. This indicates that BaP 
can spontaneously bind to each core target protein and 
plays an important role in the molecular mechanisms of 
BaP-induced periodontitis toxicology and damage.

Although this study has elucidated the molecular 
mechanism of BaP-induced periodontitis through mul-
tidimensional analysis, several limitations need to be 
considered. Firstly, our computational models are mainly 

based on known molecular pathways and protein struc-
tures, which may overlook some as yet undiscovered 
mechanisms of action. Secondly, due to technical limita-
tions, this study was unable to validate all the predicted 
molecular targets in vivo. Especially when considering 
the complex physiological environment, the interactions 
between molecules may differ from those predicted in 
vitro. In addition, this study only focused on the direct 
effects of BaP and failed to fully investigate the possible 
impacts of its metabolites. These metabolites may have 
different toxic mechanisms in the organism. Finally, 
the prediction accuracy of machine learning models 
depends heavily on the quality and completeness of the 
training data, and there may be prediction biases, which 

Fig. 6  Clinical predictive model development and performance validation. (A) Multivariate prognostic nomogram incorporating molecular signatures. 
(B) ROC analysis of GEO dataset demonstrating diagnostic accuracy. (C) Calibration curves demonstrating concordance between predicted (x-axis) and 
observed (y-axis) disease probabilities, with 45°reference line indicating ideal prediction. (D) DCA curve assessment nomogram model accuracy
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require further experimental verification. Future research 
should focus on validating these findings through in vivo 
experiments.

Conclusion
In conclusion, this study has successfully integrated 
network toxicology, machine learning, and molecular 
docking approaches to comprehensively investigate the 
molecular mechanisms of BaP-induced periodontitis. 
Through systematic database screening and advanced 
computational analyses, we identified 11 candidate tar-
gets associated with BaP-induced periodontitis. The 
novel application of three machine learning algorithms 
refined these targets to three core proteins (CXCL12, 
CYP24A1, and HMGCR), whose interactions with BaP 
were validated through molecular docking analysis 
showing binding energies below − 5.0  kcal/mol. Addi-
tionally, we developed a diagnostic nomogram based on 
these core targets that achieved high prediction accuracy 
(AUC = 0.922) for periodontitis diagnosis, demonstrating 
potential clinical utility. While our computational pre-
dictions require experimental validation, and the effects 
of BaP metabolites warrant further investigation, this 

study provides significant insights into the molecular 
mechanisms of BaP-induced periodontitis. Our findings 
not only advance the understanding of environmental 
pollutant-induced oral diseases but also demonstrate the 
effectiveness of integrated computational approaches in 
toxicological research. Future studies should focus on 
experimental validation of these findings and the devel-
opment of targeted therapeutic strategies based on the 
identified molecular mechanisms, potentially leading to 
more effective treatments for environmental pollutant-
induced periodontitis.
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