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Abstract

Background: The environmental contaminant 6PPD-quinone (6PPDQ), a tire rubber antioxidant derivative,
has emerged as a potential health hazard, yet its association with gastric cancer (GC) remains
unexplored. This study investigates the molecular mechanisms underlying 6PPDQ-induced GC using
network toxicology.

Methods:6PPDQ targets were retrieved from PharmMapper and SwissTargetPrediction databases. GC-
related datasets (GSE33335, GSE19826, GSE63089) were obtained from GEO for differential expression
analysis and model construction, with GSE112369 (organoid) for validation. Weighted Gene Co-
expression Network Analysis (WGCNA) identified disease modules and hub genes, combined with
GeneCards screening. Intersection of 6PPDQ and GC targets yielded 19 cross-targets undergoing
GO/KEGG enrichment and Protein-Protein Interaction (PPI) analysis. Machine learning algorithms
(LASSO, Random Forest, SVM-RFE) and topological methods (DMNC, MCC, Degree, EPC) identified core
targets, validated by molecular docking.

Results:The 19 cross-targets were enriched in cell cycle regulation (G2/M transition), chromosomal
organization, and kinase activity. KEGG analysis highlighted p53, PI3K-Akt, Ras, MAPK signaling
pathways, and cancer metabolism. Multi-dimensional screening identified PLAU, MET, and CDK2 as core
targets. The three-gene risk model showed robust predictive performance. Molecular docking confirmed
strong 6PPDQ binding affinities: -8.3 kcal/mol (MET), -8.1 kcal/mol (CDK?2), and -6.7 kcal/mol (PLAU).

Conclusion: PLAU, MET, and CDK2 represent core targets in 6PPDQ-induced GC. 6PPDQ promotes
tumorigenesis through metabolic reprogramming, hormone metabolism disruption, tumor
microenvironment modulation, and PI3K-AKT-CDK2 axis activation. These findings elucidate 6PPDQ's
oncogenic mechanisms and provide therapeutic targets for GC prevention.

1. Introduction

Gastric cancer ranks among the malignancies with the highest morbidity and mortality rates globally[1,
2], and its development represents a complex pathological process involving multiple genes, signaling
pathways, and multi-stage evolution[3, 4]. In recent years, with the acceleration of industrialization and
increasing environmental pollution, research on the association between environmental pollutants and
tumorigenesis has emerged as a critical frontier in cancer etiology. Among these, N-(1,3-dimethylbutyl)-
N'-phenyl-p- phenylenediamine-quinone (6PPDQ), an emerging contaminant derived from tire and road
wear particles (TRWPs), has garnered increasing attention in public health and oncology research due to
its widespread environmental distribution and potential biological toxicity[5-7].

6PPDQ represents the primary oxidative transformation product of the rubber antioxidant 6-PPD (N-(1,3-
dimethylbutyl)-N'-phenyl-p-phenylenediamine) in the environment[8]. Since Tian et al. reported the acute
lethal toxicity of 6PPDQ to coho salmon in Science in 2021, this compound has been recognized as the
second most toxic emerging pollutant to aquatic organisms[9]. Studies have demonstrated that 6PPDQ
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can be widely distributed in water bodies, sediments, atmospheric dust, and crops through atmospheric
deposition, surface runoff, and soil infiltration, ultimately entering the human body through
bioaccumulation in the food chain[10]. Recent toxicological studies have further revealed that 6PPDQ
exposure can induce multi-organ toxicity in mammals, including hepatic lipid metabolism disorders,
neurodegenerative lesions, intestinal barrier damage, and reproductive system dysfunction[11, 12].
Notably, 6PPDQ has been confirmed to be rapidly absorbed and distributed in human liver, brain tissue,
and placenta, with detectable levels in human serum, urine, and cerebrospinal fluid, indicating potential
human health risks[12-15]. However, research on the association between 6PPDQ and human digestive
system tumors, particularly gastric cancer, and its molecular mechanisms remains unexplored.

From a molecular toxicological perspective, the carcinogenic potential of 6PPDQ may be closely related
to its induction of oxidative stress, DNA damage, mitochondrial dysfunction, and apoptosis. Existing
studies have shown that 6PPDQ can trigger cytotoxicity through mechanisms including reactive oxygen
species (ROS) generation, endoplasmic reticulum homeostasis disruption, and inflammatory cascade
activation[16—18]. In Caenorhabditis elegans models, 6PPDQ exposure can induce germ cell apoptosis,
ferroptosis, and transgenerational lipid accumulation[19]; in mammalian models, it can interfere with
lipid and glucose metabolism and induce non-alcoholic fatty liver disease-like pathological changes by
regulating key molecules such as PPARy, TNF-q, and IL-6[20, 21]. These toxic effects involve signaling
pathways that significantly overlap with classical pathways in tumorigenesis (such as PI3K/AKT, MAPK,
NF-kB, and p53), suggesting that 6PPDQ may participate in the malignant transformation process of
gastric cancer by regulating these key nodes[22].

Network toxicology, as an emerging research paradigm integrating systems biology, computational
toxicology, and big data mining, provides powerful technical support for elucidating the complex toxicity
mechanisms of environmental pollutants. This approach systematically identifies key molecular targets
and core regulatory modules of toxic effects by constructing compound-target-disease interaction
networks combined with topological analysis and enrichment algorithms. Meanwhile, computational
simulation technologies, including molecular docking and machine learning prediction models, can
precisely resolve the interaction patterns between compounds and biological macromolecules at the
atomic level, providing high-resolution structural biological evidence for mechanism elucidation. In
recent years, the combined application of network toxicology and multi-omics technologies has
successfully revealed key targets (such as P53, MAPK1, Casp8, Traf6, etc.)[23] and core pathways (TNF,
NF-kB) in 6PPDQ-induced hepatotoxicity, demonstrating the reliability and effectiveness of this method
in environmental pollutant mechanism research.

In summary, given the environmental ubiquity, bioaccumulation potential, and multi-target toxicity
characteristics of 6PPDQ, in-depth investigation of its molecular association with gastric cancer
development holds significant scientific value and practical implications. This study employs a strategy
combining network toxicology and computational algorithm simulation to systematically screen
potential targets of 6PPDQ in gastric cancer, construct compound-target-pathway interaction networks,
and validate core binding patterns through molecular docking and dynamics simulation, aiming to
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elucidate the key molecular mechanisms of 6PPDQ in gastric carcinogenesis from a systems biology
perspective and provide theoretical basis for assessing the tumor risk of this emerging pollutant and
developing targeted prevention strategies.

2. Methods
2.1 Data Collection and Preprocessing

Batch RNA sequencing data from three independent gastric cancer cohorts (GSE33335, GSE19826, and
GSE63089; n = 167) were downloaded from the NCBI Gene Expression Omnibus (GEO) database. Batch
effects were removed using the sva R package (version 3.44.0) before merging. Another transcriptome
dataset (GSE52194; n = 42) was used as an external validation cohort. All Affymetrix microarray data
underwent log, transformation before merging to ensure scale consistency. Batch labels strictly
annotated sample collection time and sequencing batch information. Ensembl gene IDs (v104) served
as the primary anchor identifiers.

The toxicity of 6PPDQ was predicted using ProTox 3.0 - Prediction Of Toxicity Of Chemicals
(https://tox.charite.de/), with results shown in (Supplementary File 1). Putative human targets of 6PPDQ
were retrieved from PharmMapper (http://www.lilab-ecust.cn/ pharmmapper/) and
SwissTargetPrediction (http://www.swiss- targetprediction.ch/) .

2.2 Identification of 6PPDQ and GC Cross-Targets

Differential expression analysis was performed using the limma package (v3.52.4) with thresholds set at
llog, fold-change| > 0.585 and false discovery rate (FDR) < 0.05. Weighted Gene Co-expression Network
Analysis (WGCNA, v1.72) was applied to the merged training set to identify biologically relevant
modules. The optimal soft-thresholding power B = 4 was selected (scale-free R? = 0.80), and the
topological overlap matrix (TOM) was calculated with a minimum module size of 80 genes. Module-trait
relationships were assessed through Pearson correlation, with genes defined as hub genes when
Imodule membership| > 0.6 and |gene significance| > 0.6.

2.3 Functional Enrichment and Protein-Protein Interaction
(PPI) Network Analysis

To explore the potential molecular mechanisms of 6PPDQ-induced gastric carcinogenesis, functional
enrichment analysis and protein-protein interaction (PPI) network analysis were performed on candidate
target genes.

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment
analyses were conducted based on the DAVID database (https://david.ncifcrf.gov). GO enrichment
analysis covered three categories: Biological Process (BP), Cellular Component (CC), and Molecular
Function (MF). Fisher's exact test was used to assess the enrichment significance of target genes in GO
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terms and KEGG pathways, with P < 0.05 as the screening criterion to identify significantly enriched
biological functions and signaling pathways.

The STRING database (https://string-db.org/) was utilized to retrieve protein-protein interaction
relationships among candidate target genes. The obtained interaction data were imported into
Cytoscape software for network visualization to reveal interaction patterns and potential regulatory
mechanisms among target genes.

2.4 Machine Learning-Based Core Target Prioritization

To screen the most influential genes from the 19-gene signature, we employed an ensemble approach of
three algorithms: Least Absolute Shrinkage and Selection Operator (LASSO), Random Forest (RF)
algorithm, and Support Vector Machine Recursive Feature Elimination (SVM-RFE). Genes retained by all
three methods were defined as core targets.

2.5 Core Target Pathway Mapping

Classical signal transduction cascades involving the final two gene sets were analyzed through the
KEGG pathway database (https://www.kegg.jp/kegg/kegg2.html) and graphically superimposed onto
GC-specific maps to generate mechanistic hypotheses.

2.6 Molecular Docking

First, protein information of target genes was retrieved from three-dimensional conformation data of
small molecular compounds sourced from PubChem database (https://pubchem.ncbi.nlm.nih.gov/) and
RCSB Protein Data Bank (https://www.rcsb.org/). Docking was performed using CB-Dock?2 software
(https://cadd.labshare.cn/ cb-dock2/index.php) with grid dimensions of 100x100x100, 50 docking runs,
and maximum iterations of 20,000.

3. Results

3.1 Screening of GC Characteristic Genes

Batch correction was performed on the included GC samples and their control sequencing data. Sample
correlation plots before and after batch correction are shown in Figure S1.A,B, and principal component
analysis results are shown in Figure S1.C,D. Subsequently, differential expression analysis was
performed on the GC group and normal control group using the limma package, with screening criteria
set at |log,FC| > 1 and FDR < 0.05. The results showed that compared with the NC group, a total of 359
genes were significantly differentially expressed (DEGs) in the GC group (Figure 1A).

Subsequently, to identify gene modules closely associated with gastric cancer occurrence, weighted
gene co-expression network analysis (WGCNA) was performed on the training set data. First, the
pickSoftThreshold function was used to evaluate a range of soft-thresholding powers B. Based on the
scale-free topology fit index, the optimal soft-thresholding power B = 4 was selected (Figure 1B) to
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construct the weighted adjacency matrix, which was further converted to the topological overlap matrix
(TOM) for quantifying co-expression similarity between genes. Subsequently, hierarchical clustering
analysis was performed based on the TOM dissimilarity matrix, combined with the dynamic tree cut
algorithm, with minimum module gene number set to 60, deepSplit parameter set to 3, and module
merge dissimilarity threshold set to 0.25. Ultimately, 10 gene co-expression modules with different
expression patterns were identified, and the correspondence between modules and gene dendrograms
is shown in Figure 1C. Among these, the blue module showed high positive disease correlation, and 941
hub genes highly associated with GC were identified (Figure 1D). Significant differences were observed
between different modules (Figure 1E). These hub genes showed high connectivity within their
respective modules and significant association with disease phenotypes, suggesting their potential
important roles in GC pathogenesis.

Furthermore, the GeneCards database was used to explore GC-related targets, yielding 639 GC-related
target genes. Finally, the 941 WGCNA hub genes, 359 differentially expressed genes, and 978 GeneCards
genes were subjected to Venn diagram intersection analysis. Genes appearing in any two screening
methods were defined as GC-related target genes, ultimately yielding 199 disease-related genes that met
the criteria simultaneously (Figure 1F).

3.2 Confirmation of Cross-Target Genes and Enrichment Analysis

To systematically identify 6PPDQ action targets, this study retrieved human genes related to 6PPDQ
from two databases, PharmMapper and SwissTargetPrediction. After integration and deduplication, 258
potential 6PPDQ-related target genes were ultimately obtained (Figure 2A). Subsequently, intersection
analysis was performed between GC-related genes and 6PPDQ targets, yielding 19 cross-target genes
(Figure 2B). GO and KEGG functional enrichment analyses were performed on these 19 common targets
using the DAVID database to explore the specific molecular mechanisms involved in 6PPDQ-induced
gastric cancer. GO analysis results showed that these genes were mainly involved in biological
processes including cellular component disassembly, regulation of G2/M transition of mitotic cell cycle,
and regulation of cell cycle G2/M phase transition; cellular components including condensed
chromosome, chromosomal region, and spindle microtubule; and molecular functions including protein
serine kinase activity, endopeptidase activity, and protein serine/threonine kinase activity (Figure 2C).
KEGG enrichment analysis revealed that these genes were mainly enriched in the p53 signaling pathway,
PI3K-Akt signaling pathway, Ras signaling pathway, MAPK signaling pathway, Cell cycle, and Central
carbon metabolism in cancer (Figure 2D).

3.3 Construction of Diagnostic Models

Subsequently, based on the 19 cross-targets, 113 machine learning methods and their combinations
were used to train diagnostic models. The batch-effect-removed data collection served as the training
set, while the three pre-batch-correction GC sequencing datasets (GSE33335, GSE19826, and GSE63089)
were used as independent validation sets. Additionally, organoid sequencing data (GSE112369) was
downloaded from the GEO database as an independent test set. As shown in Figure 3A, the
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"Lasso+XGBoost" algorithm demonstrated the highest diagnostic efficacy, showing high diagnostic
performance in both validation and test sets. The diagnostic efficacy in validation and test sets was
further visualized in Figures 3B-F. To more effectively evaluate this model, confusion matrices were used
for validation, which also indicated high diagnostic efficacy (Figures 3G-K).

3.4 SHapley Additive exPlanations Analysis

Subsequently, expression analysis was performed on the 12 modeling genes under the "Lasso+XGBoost
algorithm, with results shown in Figure 4A. The diagnostic efficacy of each modeling gene for GC is
shown in Figure 4B, demonstrating that all modeling genes showed generally high diagnostic efficacy for
GC.

SHapley Additive exPlanations (SHAP) analysis calculates the marginal contribution of each feature to
model predictions, ensuring fair allocation and additivity of feature attribution while providing
interpretability for individual predictions. To improve the interpretability and reliability of the risk
prediction model, this study employed SHAP analysis to analyze modeling features. First, the importance
of each gene feature's contribution to model prediction results was analyzed, with genes ranked
according to SHAP importance as shown in Figure 4C. The GC prediction model based on 12 modeling
genes showed robust performance across five algorithms, with RF achieving the highest AUC value
(0.965; 95% Cl 0.948-0.981) (Figure 4D). The SHAP summary plot (Figure 4E) indicated that AURK1
individually contributed the highest explanatory power to the model (mean |[SHAP| = 0.134), followed by
KIF11 (0.083), with other genes decreasing sequentially. The waterfall plot example (Figure 4F)
demonstrated how these modeling genes played key roles in pushing prediction results from the
baseline value (0.646) to the final value (0.952) in a single sample, with increased AURK1 expression
contributing the most to the increase in individual sample prediction probability, followed by SPARC, with
contributions from other genes decreasing sequentially, corroborating the predictive reliability of the
modeling genes.

3.5 Screening of Core Targets

To further clarify the core targets of 6PPDQ action in gastric cancer, the protein-protein interaction (PPI)
network of the 19 cross-targets was constructed (see Figure S2). Subsequently, this PPl network was
imported into Cytoscape, and four topological algorithms (MNC, MCC, Degree, and EPC) in the
CytoHubba plugin were used to extract the top 10 genes ranked by each algorithm (Figures 5A-D).
Multiple topological dimension core proteins were screened, and intersection analysis yielded 8 core
proteins (Figure 5E).

Subsequently, the SVM-RFE algorithm was used to screen the 19 cross-targets, yielding 4 core targets
(Figure 5F); LASSO was used for further screening, and when 12 variables were retained, model
performance peaked, thus ultimately yielding 12 feature targets (Figure 5G). Then, the Random Forest
(RF) algorithm was used to screen the 19 cross-targets, retaining the top five cross-targets according to
convention when nTree = 61 (Figures 5H,l). Intersection analysis of cross-targets obtained from the three
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machine learning methods yielded 4 core targets (Figure 5J). Then, intersection analysis was performed
between the core proteins obtained from the four topological algorithms and the core targets obtained
from the two machine learning screening methods, ultimately yielding 3 core targets: PLAU, MET, and
CDK2 (Figure 5K).

3.6 Construction and Validation of Risk Prediction Model

Using the 3 screened core characteristic genes of 6PPDQ-induced gastric cancer (PLAU, MET, and
CDK?2), a risk prediction model was constructed. The nomogram model showed that upregulated
expression of PLAU, MET, and CDK2 were risk factors for gastric cancer occurrence (Figure 6A). To
validate the efficacy of the nomogram, calibration curves were used for validation, with results indicating
high fitting between the prediction curve and standard trend, suggesting high predictive performance of
the nomogram model (Figure 6B). Subsequently, Decision Curve Analysis (DCA) was plotted to assess
the clinical net benefit of this model for patients, with results indicating moderate predictive efficacy of
the model (Figure 6C). Clinical impact curves were also plotted, with results showing close proximity
between the prediction curve and actual curve, similarly indicating good clinical benefit of this model
(Figure 6D).

3.7 Molecular Docking Prediction of 6PPDQ Action on GC Core Targets

To validate the direct binding capacity between 6PPDQ and gastric cancer core target proteins,
molecular docking analysis was performed between 6PPDQ and PLAU, MET, and CDK2. 6PPDQ showed
favorable binding affinity with all 3 target proteins, with binding energies of -8.1 kcal/mol (CDK2), -6.7
kcal/mol (PLAU), and -8.3 kcal/mol (MET), suggesting that 6PPDQ may form stable complexes with
these proteins. The 6PPDQ-CDK2 docking results indicated that the 6PPDQ pose docked in a region
containing residues GLUS8, LYS9, ILE10, GLY11, GLU12, GLY13, THR14, VAL18, LYS20, ALA31, LYS33,
VAL64, PHE80, GLU81, PHE82, LEU83, HIS84, GLN85, ASP86, LYS88, LYS89, LYS129, GLN131, ASN132,
LEU134, ALA144, ASP145, GLU162, VAL163, VAL164, THR165, etc. (Figure 7A). The 6PPDQ-PLAU
docking results indicated that the 6PPDQ pose docked in a region containing residues ARG35, TYR40,
VAL41, CYS42, HIS57, CYS58, ASP60, TYR60, THR97, LEU97, HIS99, TYR151, ASP189, SER190, CYS191,
GLN192, GLY193, ASP194, SER195, VAL213, SER214, TRP215, GLY216, ARG217, GLY219, CYS220,
PR0225, GLY226, VAL227, etc. (Figure 7B). The 6PPDQ-MET docking results indicated that the 6PPDQ
pose docked in a region containing residues PHE1089, VAL1092, ALA1108, LYS1110, LEU1112,
ARG1114, ILE1115, GLU1120, GLN1123, PHE1124, GLU1127, GLY1128, MET1131, LEU1140, LEU1142,
ILE1145, VAL1155, LEU1157, PRO1158, MET1160, HIS1202, ASP1204, MET1211, ALA1221, ASP1222,
etc. (Figure 7C). These results preliminarily validate the direct interactions between 6PPDQ and core
target proteins at the molecular level.

3.8 Exploration of Core Target Signaling Pathways

We further utilized the KEGG PATHWAY Database (https://www.kegg.jp/ kegg/kegg2.html) to explore the
signaling pathways of the 3 core differentially expressed genes in cancer. The results indicated that
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CDK2 is located downstream of the PI3K-AKT signaling pathway and participates in the “cell cycle"
process, potentially playing an important role in the process of 6PPDQ-induced gastric cancer. The
hypothesized regulatory mechanism is shown in Figure 8.

4. Discussion

This study systematically analyzed the molecular association between the environmental emerging
contaminant 6PPDQ and gastric cancer development through the integration of network toxicology and
computational algorithm simulation, successfully identifying three core targets: PLAU, MET, and CDK2,
and constructing a carcinogenic mechanism hypothesis based on the PI3K-AKT-CDK2 axis. This
discovery not only fills the gap in 6PPDQ human tumor toxicity research but also provides a new
perspective for understanding the molecular patterns of environmental pollutant-induced digestive tract
tumors.

PLAU (plasminogen activator, urokinase), as a target screened in this study, its core role in gastric cancer
invasion and metastasis has been confirmed by multiple studies. PLAU creates physical conditions for
tumor cells to break through the basement membrane barrier by activating the conversion of
plasminogen to plasmin, thereby degrading fibrin and laminin in the extracellular matrix[24]. Notably, the
carcinogenic effect of PLAU extends far beyond its proteolytic function—its binding to the receptor uPAR
can activate downstream Src, PI3K/AKT[25], and MAPK signaling cascades[26, 27], forming a positive
feedback loop that continuously promotes cell proliferation and anti-apoptosis. Recent studies have
shown that high PLAU expression is significantly associated with gastric cancer peritoneal metastasis
and poor prognosis, and the FOXM1-PLAU synergistic axis can drive tumor progression by regulating
TGF-B, DNA repair, and drug resistance-related pathways[28]. The strong binding affinity between 6PPDQ
and PLAU (-6.7 kcal/mol) identified in this study suggests that this pollutant may abnormally activate the
uPA-uPAR signaling axis by directly occupying the PLAU active site or allosterically regulating its
conformation, thereby breaking the dynamic balance between extracellular matrix degradation and
remodeling, and paving the way for local infiltration and distant dissemination of gastric cancer cells.

MET (mesenchymal-epithelial transition factor), as a member of the receptor tyrosine kinase family[29],
its abnormal activation is an important research direction in gastric cancer targeted therapy[30]. The
high binding energy of -8.3 kcal/mol between 6PPDQ and MET in this study suggests that the two may
form a stable ligand-receptor complex. The carcinogenic mechanism of MET mainly stems from ligand-
independent activation of hepatocyte growth factor (HGF), leading to sustained activation of
downstream PI3K/AKT, RAS/MAPK, and STAT3 pathways, ultimately promoting cell proliferation,
epithelial-mesenchymal transition (EMT), and angiogenesis. Clinical studies have shown that MET gene
amplification occurs in approximately 1.5%-6% of gastric cancers[31], and although the proportion is not
high, these patients show significant therapeutic responses to MET tyrosine kinase inhibitors (such as
Crizotinib, Savolitinib). More meaningfully, MET amplification often co-amplifies with other receptor
tyrosine kinases (such as HER2, EGFR, FGFR2), forming the molecular basis for driving tumor
heterogeneity and targeted therapy resistance[32]. 6PPDQ may induce receptor dimerization and
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autophosphorylation by mimicking HGF conformational features or directly binding to the MET
extracellular domain, thereby initiating carcinogenic signal transduction without ligand dependence. This
mechanism shares similarities with the pattern of heavy metal cadmium inducing abnormal MET signal
activation through oxidative stress, suggesting that environmental pollutants may share certain
strategies for perturbing carcinogenic signaling pathways.

CDK2 (cyclin-dependent kinase 2) is a key regulator of the G1/S phase transition in the cell cycle, and its
activity is precisely regulated by Cyclin E and Cyclin A[33, 34]. The binding energy of -8.1 kcal/mol
between 6PPDQ and CDK2 in this study, and molecular docking showing its stable binding to the active
site near the ATP-binding pocket. CDK2 promotes cell entry into the DNA synthesis phase by
phosphorylating downstream substrates (such as Rb protein, E2F transcription factor) to relieve cell
cycle arrest. In gastric cancer, excessive CDK2 activation is closely associated with cell cycle
dysregulation, increased genomic instability, and chemotherapy resistance. Notably, CDK2 does not
function in isolation—it is located downstream of the PI3K/AKT pathway, and AKT can indirectly promote
CDK2 activation by inhibiting the activity of CDK inhibitors p21 and p27, forming the "PI3K-AKT-CDK2"
carcinogenic axis[35]. The KEGG enrichment analysis in this study showed that cross-targets were
significantly enriched in Cell cycle, p53 signaling pathway, and Central carbon metabolism in cancer
pathways, which highly matches the functional characteristics of CDK2. 6PPDQ may lead to excessive
phosphorylation of CDK2 substrates and accelerated cell cycle progression by directly binding to CDK2
and mimicking the reverse effect of ATP-competitive inhibitors (i.e., stabilizing its active conformation),
or indirectly through PLAU/MET-mediated sustained activation of PI3K/AKT, thereby weakening the
surveillance function of DNA damage checkpoints[36, 37].

The 19 cross-targets screened in this study were enriched in core carcinogenic pathways including p53
signaling pathway, PI3K-Akt signaling pathway, Ras signaling pathway, and MAPK signaling pathway.
These pathways do not exist in isolation but form signaling networks through complex cross-talk. The
PI3K/AKT pathway is at the central node of this network—it can be directly activated by MET receptors or
indirectly activated by PLAU-uPAR complexes, thereby regulating cell survival, metabolic reprogramming,
and protein synthesis by phosphorylating downstream effector molecules such as GSK-33, FOXO
transcription factors, and mTOR. More importantly, AKT can weaken cellular response to DNA damage
by inhibiting p53 transcriptional activity and promoting MDM2-mediated p53 degradation;
simultaneously, AKT can relieve negative regulation of CDK2 by inhibiting p21 expression, accelerating
cell cycle progression. This multi-level regulatory network of "PI3K-AKT-p53-CDK2" precisely explains why
6PPDQ can simultaneously affect multiple biological processes including cell cycle regulation (G2/M
transition), DNA damage repair, and metabolic reprogramming.

From an environmental toxicology perspective, the carcinogenic potential of 6PPDQ may be closely
related to its ability to induce oxidative stress and DNA damage. Existing evidence shows that 6PPDQ
can cause lipid peroxidation, protein oxidation, and DNA adduct formation through reactive oxygen
species (ROS) generation, and oxidative stress is a classic stimulus for initiating p53 signaling pathway
and DNA damage response. Under normal physiological conditions, p53 induces cell cycle arrest to
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allow DNA repair time by activating p21 to inhibit CDK2 activity; however, under conditions of sustained
6PPDQ exposure, abnormal activation of the PI3K/AKT pathway may inhibit p53 transcriptional function
by phosphorylating p53 at Ser315 and Ser392 sites, leading to “cell cycle checkpoint escape” and
accumulation of genomic instability. Furthermore, 6PPDQ-induced ROS can directly activate MAPK and
Ras signaling pathways, promoting the release of inflammatory factors (such as IL-6, TNF-a) through AP-
1 and NF-kB transcription factors, forming a vicious cycle of "oxidative stress-inflammation-tumor".

The findings of this study show high consistency with previous research on environmental pollutant
carcinogenic mechanisms. Components in air pollutant PM2.5 such as polycyclic aromatic
hydrocarbons and heavy metals (such as lead, cadmium, arsenic) [38]have been confirmed to increase
gastric cancer risk by inducing oxidative stress and DNA damage, with mechanisms involving ROS-
mediated 8-hydroxydeoxyguanosine (8-OHdG) formation, inhibition of base excision repair systems, and
epigenetic modification changes[39]. Particularly noteworthy is that epidemiological surveys of rubber
workers have shown that workers with long-term exposure to talc and asbestos have significantly
elevated gastric cancer mortality, suggesting that rubber industry-related chemicals (including 6PPD and
its transformation product 6PPDQ) may have underestimated digestive tract tumor risks[40]. This study
provides theoretical support for this epidemiological observation from the molecular mechanism level—
6PPDQ may directly target key molecules such as PLAU, MET, and CDK2, simulating or amplifying the
signal perturbation effects of traditional carcinogens.

At the targeted therapy level, the core targets identified in this study have important clinical translational
value. Targeted drugs against MET (such as Crizotinib, Cabozantinib) have shown significant efficacy in
MET-amplified gastric cancer patients, while CDK4/6 inhibitors (such as Palbociclib, Ribociclib) have
successful applications in breast cancer[37], providing reference for CDK-targeted therapy in gastric
cancer[41, 42]. Although selective CDK2 inhibitors are still in the development stage, the binding mode
analysis of 6PPDQ and CDK2 in this study can provide structural templates for developing competitive
antagonists. More prospectively, the combined application of PLAU-uPAR axis inhibitors (such as Serpin
molecules) with MET or CDK inhibitors may produce synergistic anti-tumor effects by simultaneously
blocking extracellular matrix degradation and intracellular proliferation signals. The risk prediction model
constructed in this study (based on PLAU, MET, and CDK2) showed good diagnostic efficacy (AUC =
0.965), suggesting that these three genes can serve as a potential biomarker combination for early
gastric cancer screening and prognosis assessment, particularly applicable to precision monitoring of
high-exposure risk populations such as those exposed to 6PPDQ.

Although this study strives for rigor, several limitations remain. First, network toxicology analysis relies
on prediction algorithms from public databases. Although 6PPDQ target prediction has been cross-
validated through multiple databases, direct experimental evidence (such as drug affinity responsive
target stability analysis DARTS or cellular thermal shift analysis CETSA) is lacking. Second, molecular
docking only provides static binding mode information, failing to fully simulate dynamic biological
processes such as cell membrane microenvironment, protein post-translational modifications, and
allosteric effects. Future research should utilize gastric cancer organoid models to simulate the chronic
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exposure effects of 6PPDQ, parsing tumor heterogeneity evolution trajectories; subsequently employ
gene editing technologies (such as CRISPR-Cas9) to knock out PLAU, MET, and CDK2 separately in
gastric cancer cell lines to verify the target dependence of 6PPDQ carcinogenic effects; furthermore
construct 6PPDQ-induced gastric cancer animal models (such as transgenic mice or humanized PDX
models) to evaluate the intervention effects of targeted inhibitors; finally, conduct prospective cohort
studies to detect dose-response relationships between serum 6PPDQ levels and gastric cancer
incidence in high-risk populations (such as rubber industry workers, traffic police), providing
epidemiological evidence for establishing occupational exposure limits.

5. Conclusion

This study, based on network toxicology and computational algorithm simulation, systematically
elucidated for the first time the key molecular mechanisms of the environmental emerging contaminant
6PPDQ in gastric carcinogenesis. The study identified three core targets: PLAU, MET, and CDK2,
revealing that 6PPDQ may drive malignant transformation of gastric cancer through mechanisms
including activation of the PI3K-AKT-CDK2 signaling axis, disruption of cell cycle regulation, and
promotion of tumor microenvironment remodeling. Molecular docking validation demonstrated strong
binding affinities between 6PPDQ and the three core target proteins, providing structural biological
evidence for the hypothesis that environmental pollutants directly target human key carcinogenic
molecules.

Declarations

Clinical trial number

Not applicable.

Ethics, Consent to Participate, and Consent to Publish declarations
Not applicable.

Funding

This research is supported by the Shaanxi Provincial Social Development Project, Project No.:
2023YBSF095.

Data availability

The data used in this study were obtained from the GEO (https:// www.ncbi.nIlm.nih.gov/geo/) database,
both of which are available in publicly available databases. This study complies with its data use and
publication rules.

Author contributions

Page 13/25



YK and LC contributed equally. YK, LC, MJ, LY, TY, ZX,and ZJ participated in the conception and design of
the study. YK, LC and ZJ organized the database and statistical analysis. MJ, LY, ZJ, ZX, YK and LC
divided the work and participated in the picture drawing. YK and LC wrote the frst draft of the
manuscript. YK, LC and ZJ participated in the revision of the manuscript. All authors read and agreed to
the fnal manuscript and authorship arrangement.

Acknowledgements

First, we would like to thank the editors and reviewers of this journal for their contributions to this study.
We also extend our gratitude to the official sources of the following databases and tools for their data
and analytical support: GEO (https://www.ncbi.nlm.nih.gov/geo/) database, ProTox 3.0 - Prediction Of
Toxicity Of Chemicals (https://tox.charite.de/), PharmMapper (http:/ /www.lilab-ecust.cn/
pharmmapper/), SwissTargetPrediction(http://www.swisstargetprediction.ch/), DAVID
(https://david.ncifcrf. gov), STRINGdatabase (https://string-db.org/), PubChem
(https://pubchem.ncbi.nlm.nih.gov/), CB-Dock2(https://cadd.labshare.cn/cb-dock2/index.php) and
GeneCards (https://www. genecards.org/).

References

1. Patel AK, Sethi NS, Park H: Gastric Cancer: A Review. JAMA-J AM MED ASSOC 2026, 335(5):439-
450.

2. Thrift AP, EI-Serag HB: Burden of Gastric Cancer. Clinical gastroenterology and hepatology : the
official clinical practice journal of the American Gastroenterological Association 2020, 18(3):534-
542.

3. Menon G, EI-Nakeep S, Babiker HM: Gastric Cancer. In: StatPearls. Treasure Island (FL): StatPearls
Publishing; 2025.

4. Jaroenlapnopparat A, Bhatia K, Coban S: Inflammation and Gastric Cancer. Diseases (Basel,
Switzerland) 2022, 10(3):35.

5. Fang L, Fang C, Di S, Wang X, Jin Y: Rubber-derived contaminants N-(1,3-dimethylbutyl)-N'-phenyl-p-
phenylenediamine and N-(1,3-dimethylbutyl)-N"-phenyl-p-phenylenediamine-quinone alter
intergenerational cholesterol metabolism in F1 offspring of exposed mice. TOX/COL LETT 2026,
416:111826.

6. Pei J, Peng J, Wu M, Zhan X, Wang D, Zhu G, Wang W, An N, Pan X: Exploring potential targets and
mechanisms of renal tissue damage caused by N-(1,3-dimethylbutyl)-N'-phenyl-p-phenylenediamine
quinone (6-PPDQ) through network toxicology and animal experiments: A case of chronic kidney
disease. The Science of the total environment 2025, 964:178626.

7. Soucek DJ, Dorman RA, Steevens JA, Yargeau V, Pineda M, Bennett ER, Metcalfe CD: Acute Toxicity
of 4-hydroxydiphenylamine (4-HDPA) and N-(1,3-dimethylbutyl)-N'-phenyl-p-phenylenediamine-
quinone (6PPDQ), transformation products of 6PPD, to early instars of the mayfly, Neocloeon
triangulifer. ENVIRON TOXICOL CHEM 2025, 44(5):1369-1377.

Page 14/25



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

. Monaghan J, Jaeger A, Agua AR, Stanton RS, Pirrung M, Gill CG, Krogh ET: A Direct Mass

Spectrometry Method for the Rapid Analysis of Ubiquitous Tire-Derived Toxin N-(1,3-Dimethylbutyl)-
N'-phenyl-p-phenylenediamine Quinone (6-PPDQ). ENVIRON SCI TECH LET 2021, 8(12):1051-1056.

. Ihenetu SC, Xu Q, Khan ZH, Kazmi SSUH, Ding J, Sun Q, Li G: Environmental fate of tire-rubber related

pollutants 6PPD and 6PPD-Q: A review. ENVIRON RES 2024, 258:119492.

Mano H, Moriyama A, Hara J, Tai R, Naito W: Acute Toxicities of Three Para-Phenylenediamine
Quinones to Coho Salmon (Oncorhynchus kisutch) Juveniles and Embryonic Cells. B ENVIRON
CONTAM TOX 2025, 115(6):78.

Blair SI, Wetzel J, Gonzalez M, Kolodziej EP, Mitchell CJ, Foster GM, Lynch-Holm V, Mclintyre JK:
Blood-Brain and Blood-Gill Barrier Disruption in Coho Salmon Exposed to Roadway Runoff and
6PPD-Quinone. ENVIRON SCI TECHNOL 2025, 59(25):12533-12542.

Fang L, Xu J, Fang C, Jin Y: Oral exposure to tire rubber-derived contaminant 6PPD and 6PPD-
quinone induces intestinal toxicity in mice. TOX/COLOGY 2025, 518:154285.

Feng Y, Xian H, Bai R, Li Z, Li H, Zhang L, Huang X, Huang Y, Liang B, Deng Y et al/ Multi-omics
insights into 6PPD- and 6PPDQ-induced gut-liver axis disruption and non-alcoholic fatty liver disease
progression in zebrafish (Danio rerio). J HAZARD MATER 2025, 495:138822.

Zhao HN, Thomas SP, Zylka MJ, Dorrestein PC, Hu W: Urine Excretion, Organ Distribution, and
Placental Transfer of 6PPD and 6PPD-Quinone in Mice and Potential Developmental Toxicity through
Nuclear Receptor Pathways. ENVIRON SCI TECHNOL 2023, 57(36):13429-13438.

Yao K, Kang Q, Liu W, Chen D, Wang L, Li S: Chronic exposure to tire rubber-derived contaminant
6PPD-quinone impairs sperm quality and induces the damage of reproductive capacity in male
mice. J HAZARD MATER 2024, 470:134165.

Song S, Gao Y, Feng S, Cheng Z, Huang H, Xue J, Zhang T, Sun H: Widespread occurrence of two
typical N, N'-substituted p-phenylenediamines and their quinones in humans: Association with
oxidative stress and liver damage. J HAZARD MATER 2024, 468:133835.

Wu J, Cao G, Zhang F, Cai Z: A new toxicity mechanism of N-(1,3-Dimethylbutyl)-N'-phenyl-p-
phenylenediamine quinone: Formation of DNA adducts in mammalian cells and aqueous organisms.
The Science of the total environment 2023, 866:161373.

Hyman S, Bili¢ R, Jensen A, Saladin S, Tsybrii Y, Nosko O, Topping D, Boies A, Giorio C, Roursgaard M
et al Oxidative stress generated DNA damage by 6PPD and other tyre additives in A549 human lung
epithelial cells. SC/ REP-UK 2025, 15(1):35615.

Hua X, Feng X, Liang G, Chao J, Wang D: Long-term exposure to 6-PPD quinone reduces reproductive
capacity by enhancing germline apoptosis associated with activation of both DNA damage and cell
corpse engulfment in Caenorhabditis elegans. J HAZARD MATER 2023, 454:131495.

Qian Q, Wu J, Wang C, Yang Z, Cheng Y, Zheng Y, Wang X, Wang H: 6-PPD triggered lipid metabolism
disorder and inflammatory response in larval zebrafish (Danio rerio) by regulating PPARy/NF-kB
pathway. Environmental pollution (Barking, Essex : 1987) 2025, 368:125785.

Page 15/25



21.

22.

23.

24.

25.

26.

27.

28.

20.

30.

31.

32.

33.

34.

Zhang S, Tang J, Qiu Z, Huo X, Liu D, Zeng X: Environmental and Human Health Risks of 6PPD and
6PPDQ: Assessment and Implications. 7TOX/CS 2025, 13(10):873.

Song Y, Wang S, Hong Y, Yan H, Liu Y, Mi J, Zeng Z, Liu Y, Sun M, Liu M et al Investigating the
Potential Effects of 6PPDQ on Clear Cell Renal Cell Carcinoma via Network Toxicology and
Molecular Docking Analysis With In Vitro Experimental Validation. Journal of applied toxicology :
JAT 2026, 46(2):669-681.

Li B, Xu C, Zhang D, Wang S, Xu J, Xiao B, Feng Y, Fu H, Chen X, Zhang Z: Combined Analysis of
Network Toxicology and Multiomics Revealed the Potential Mechanism of 6PPDQ-Induced
Hepatotoxicity in Mice. ENVIRON SCI TECHNOL 2025, 59(21):10204-10214.

Wan L, Ma T, Li B, Shi X, Chen S, Sun X, Ge H, Lu C, Yu W, Zhou N et al Hypoxia-induced tumor cell-
intrinsic PLAU activation drives immunotherapy resistance in collagenic lung adenocarcinoma. /INT
IMMUNOPHARMACOL 2025, 162:115161.

Nowicki TS, Zhao H, Darzynkiewicz Z, Moscatello A, Shin E, Schantz S, Tiwari RK, Geliebter J:
Downregulation of uPAR inhibits migration, invasion, proliferation, FAK/PI3K/Akt signaling and
induces senescence in papillary thyroid carcinoma cells. Cell cycle (Georgetown, Tex.) 2011,
10(1):100-107.

Xie H, Liao S, Liang L, Liao G: Single-cell analysis of tumor microenvironment immune homeostasis
and identification of prognostic biomarkers in head and neck squamous cell carcinoma. TRANSL
CANCER RES 2025, 14(10):7089-7101.

Morgos D, Stefani C, Miricescu D, Greabu M, Stanciu S, Nica S, Stanescu-Spinu |, Balan DG,
Balcangiu-Stroescu A, Coculescu E et al Targeting PI3K/AKT/mTOR and MAPK Signaling Pathways
in Gastric Cancer. /nternational journal of molecular sciences 2024, 25(3):1848.

Ding Y, Zhang H, Lu A, Zhou Z, Zhong M, Shen D, Wang X, Zhu Z: Effect of urokinase-type
plasminogen activator system in gastric cancer with peritoneal metastasis. ONCOL LETT 2016,
11(6):4208-4216.

Lombardi AM, Sangiolo D, Vigna E: MET Oncogene Targeting for Cancer Immunotherapy.
International journal of molecular sciences 2024, 25(11):6109.

Kawakami H, Okamoto I, Arao T, Okamoto W, Matsumoto K, Taniguchi H, Kuwata K, Yamaguchi H,
Nishio K, Nakagawa K et a/ MET amplification as a potential therapeutic target in gastric cancer.
Oncotarget 2013, 4(1):9-17.

Inokuchi M, Otsuki S, Fujimori Y, Sato Y, Nakagawa M, Kojima K: Clinical significance of MET in
gastric cancer. WORLD J GASTRO ONCOL 2015, 7(11):317-327.

Byeon S, Jung J, Kim ST, Kim K, Lee J: Clinical Implication of Concurrent Amplification of MET and
FGFR2 in Metastatic Gastric Cancer. BIOMEDICINES 2023, 11(12):3172.

Knudsen ES, Witkiewicz AK, Sanidas |, Rubin SM: Targeting CDK2 for cancer therapy. CELL REP
2025, 44(8):116140.

House |, Valore-Caplan M, Maris E, Falchook GS: Cyclin Dependent Kinase 2 (CDK2) Inhibitors in
Oncology Clinical Trials: A Review. Journal of immunotherapy and precision oncology 2025, 8(1):47-

Page 16/25



35.

36.

37.

38.

39.

40.

41

42.

54.

Fagundes R, Teixeira LK: Cyclin E/CDK2: DNA Replication, Replication Stress and Genomic
Instability. FRONT CELL DEV BIOL 2021, 9:774845.

Gerosa R, De Sanctis R, Jacobs F, Benvenuti C, Gaudio M, Saltalamacchia G, Torrisi R, Masci G,
Miggiano C, Agustoni F et al Cyclin-dependent kinase 2 (CDK2) inhibitors and others novel CDK
inhibitors (CDKi) in breast cancer: clinical trials, current impact, and future directions. Critical
reviews in oncology/hematology 2024, 196:104324.

Braal CL, Jongbloed EM, Wilting SM, Mathijssen RHJ, Koolen SLW, Jager A: Inhibiting CDK4/6 in

Breast Cancer with Palbociclib, Ribociclib, and Abemaciclib: Similarities and Differences. DRUGS
2021, 81(3):317-331.

Yuan W, Yang N, Li X: Advances in Understanding How Heavy Metal Pollution Triggers Gastric
Cancer. BIOMED RES INT 2016, 2016:7825432.

Zhu J, Tao H, Kang N, Li S, Song L, Li X, Du L: Long-term exposure to ambient air pollution and
sequential carcinogenesis in the cardia gastric: a cross-sectional study. BMC MED 2025, 23(1):708.

Boniol M, Koechlin A, Boyle P: Meta-analysis of occupational exposures in the rubber manufacturing
industry and risk of cancer. INT J EPIDEMIOL 2017, 46(6):1940-1947.

. Aparicio T, Cozic N, de la Fouchardiere C, Meriaux E, Plaza J, Mineur L, Guimbaud R, Samalin E, Mary

F, Lecomte T et al The Activity of Crizotinib in Chemo-Refractory MET-Amplified Esophageal and
Gastric Adenocarcinomas: Results from the AcSé-Crizotinib Program. TARGET ONCOL 2021,
16(3):381-388.

Lee J, Kim ST, Kim K, Lee H, Kozarewa |, Mortimer PGS, Odegaard JI, Harrington EA, Lee J, Lee T et
al Tumor Genomic Profiling Guides Patients with Metastatic Gastric Cancer to Targeted Treatment:
The VIKTORY Umbrella Trial. CANCER DISCOV 2019, 9(10):1388-1405.

Figures

Page 17/25



C

g Tyee
M -]
(<] - 1
2 Project
GEENREE
-3
GEEIEE =
0 I sseswoan
< -
2 o
-4 E ~ _|
i s
T

-
o

=
=

Gene dendrogram and module colors

D

Module=trait relationships

MEurgueise

MEbrown

MEgreen
MEblue
MEred
MEpink

MEyellow

MEblack
MEmagenta

MEgrey

e I-:I-

0.5

-0.5

"

& P

&
F
DEGs
210

93

872 50 772
GeneCards

WGCNA_Module_blue

= -
iR
= i =
g G
—] it
=
S o
=
i o
- =
Scale independence Mean connectivity
o 2 g
3: — 8 5101 11213141518 7181820 § B 1
2 s
5 2
. (=1
- 3
[ & % -
© ;
§ 2 g
= E o
§ed 8§ 81
=1 =1 =
i
2 E 5 |2
2 Q- S
[
3 4
3 2 44 o = 5675 91011121314151617181920
T T T T T T T T
5 10 18 20 5 10 15 20
E Soft Threshold (powear) Soft Threshold {(power)
Gene significance across modules, p-value=1.5e-258
i
3
82
c
S
=
=
D |
"3 o
@ e s
@ I -
Q
; -
—
J——
g .
black blue brown  green grey  magenta pink red turquoise yellow
Figure 1

Screening of GC characteristic genes.

(A) Heatmap of differential expression analysis results of included GC mRNA sequencing data after
batch correction; (B) Soft-threshold selection: left panel shows scale-free topology fit index R?, right
panel shows mean connectivity, with red marking R? = 0.8 threshold; (C) Gene clustering dendrogram:

different color bars represent different co-expression modules; (D) Module-trait correlation heatmap:
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values are correlation coefficients, with P values in parentheses, and colors indicating correlation
strength; (E) Differential analysis between different modules; (F) Venn diagram: showing intersection of
DEGs, GeneCards target genes, and WGCNA hub genes, with genes appearing in any two screening
methods defined as GC-related target genes.
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Confirmation of cross-target genes and enrichment analysis.
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(A) Screening of 6PPDQ-related targets; (B) Intersection analysis between GC-related genes and 6PPDQ
targets, yielding 19 cross-target genes; (C) GO functional enrichment analysis of cross-targets; (D) KEGG
functional enrichment analysis of cross-targets.
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Figure 3

Diagnostic models based on 113 machine learning screening methods.

(A) Heatmap of diagnostic model training cohort, validation cohort, and test cohort under different
machine learning combinations; (B-E) Diagnostic ROC curves of validation and test cohorts under
Lasso+Stepglm[forward] algorithm; (F-) Confusion matrices of validation and test cohorts under
Lasso+Stepglm[forward] algorithm for model validation; (J) Box plots of differential expression analysis
of GC modeling genes; (K) Diagnostic ROC curves of GC modeling genes for GC.
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Figure 4

SHAP analysis.

(A) Expression of modeling genes; (B) Diagnostic efficacy analysis of modeling genes for GC; (C)
Grouped SHAP feature importance bar plot of modeling genes; (D) Validation set ROC curves:
systematic evaluation of discriminative performance of different machine learning models in gastric
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cancer diagnosis through comparison of multiple algorithms; (E) SHAP value feature importance plot
(SHAP summary plot) showing contribution of modeling genes to the model; (F) SHAP single-sample
explanation plot (force plot), showing departure from baseline 0.646 at lower left, with each feature
sequentially "adding" or "subtracting" portions (SHAP values), ultimately reaching the prediction value for
this sample (f(x) = 0.952) at upper right, indicating high predictive efficacy.
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Screening of key target genes.

(A-D) Top 10 key genes by DMNC algorithm, top 10 key genes by MCC algorithm, top 10 key genes by
Degree algorithm, and top 10 key genes by EPC algorithm, with node colors ranging from red to yellow
indicating scores from high to low; (E) Venn diagram of four algorithm screening results: showing 8 core
target genes commonly identified by the four algorithms; (F) Core target gene screening based on SVM-
RFE analysis; (G) Core target gene screening based on LASSO regression analysis; (H,l) Core target gene
screening based on RF analysis; (J) Intersection of three machine learning method screening results
yielding 4 core targets; (K) Intersection of core targets obtained from topological algorithms and
machine learning yielding the final 3 core targets.
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Figure 6

Construction and validation of 6PPDQ-induced GC risk model.
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(A) Nomogram of risk prediction model based on 3 core cross-target genes; (B) Calibration curve; (C)

Decision curve; (D) Clinical impact curve.
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Figure 7

Molecular docking results.
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(A) Molecular docking results of 6PPDQ with CDK2; (B) Molecular docking results of 6PPDQ with PLAU;

(C) Molecular docking results of 6PPDQ with MET.
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Figure 8

Hypothetical mechanism diagram of 6PPDQ-mediated gastric cancer occurrence through the PI3K-AKT-
CDK2 signaling pathway.
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