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Abstract

Background: Acrylonitrile (AN) is an industrial chemical and environmental pollutant with recognized
carcinogenic potential. However, the molecular pathways potentially linking AN exposure to lung
cancer remain incompletely characterized.

Methods: We integrated network toxicology, machine learning, SHapley Additive exPlanations
(SHAP), molecular docking and dynamics simulations, and transcriptomic—metabolomic profiling to
identify candidate pathways associated with AN exposure and lung cancer.

Results: The intersection of predicted AN-associated targets, lung cancer-related genes, and tumor-
associated differentially expressed genes identified 103 candidate genes. Enrichment analyses
highlighted inflammatory and chemokine signaling, NF-xB, MAPK, and calcium signaling.
Complementary machine-learning approaches prioritized EZH2, PPARG, PARP1, CXCR2, and EGFR.
For tumor-versus-normal classification, the five-gene logistic regression model yielded descriptive
areas under the receiver operating characteristic curve of 0.925 in the training dataset and 0.846 in the
evaluation dataset. Molecular simulations generated hypotheses concerning potential AN interactions
with EZH2 and EGFR. Separately, transcriptomic and metabolomic profiling of AN-exposed A549
cells identified alterations in xenobiotic metabolism, inflammatory signaling, and carbohydrate and
lipid metabolism.
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Conclusions: These complementary analyses identify candidate molecular pathways at the intersection
of AN toxicology and lung cancer biology. Because the computational analyses primarily used existing
lung cancer datasets and experimental profiling was restricted to a single cancer cell line, the findings
do not establish AN-specific causal mechanisms or clinically validated biomarkers. Exposure-
controlled studies in additional pulmonary models and human populations are needed to evaluate the
proposed pathways and their translational relevance.

Keywords: Acrylonitrile; lung cancer; environmental toxicology; network toxicology; machine
learning; transcriptomics; metabolomics; molecular docking.

1. Introduction

Acrylonitrile (AN) is a high-production-volume industrial chemical extensively used in the manufacture
of synthetic fibers, plastics, rubber, and multiple chemical intermediates. Following absorption, AN
undergoes biotransformation primarily through glutathione conjugation and oxidative metabolism (1,
2). The oxidative pathway generates the highly reactive epoxide intermediate 2-cyanoethylene oxide,
which can covalently interact with proteins and nucleic acids or undergo further conversion to
secondary metabolites. These bioactivation events are mechanistically implicated in AN-induced
cytotoxicity and tissue injury (1, 2). Current evidence indicates that AN toxicity is characterized by
oxidative stress, oxidative DNA damage, and genotoxicity, with recent studies further emphasizing its
carcinogenic potential (3, 4). In addition to these molecular toxicities, AN has been associated with
multi-organ injury, particularly inhalation-related pulmonary damage. Occupational studies have
characterized worker exposure to AN (5) and evaluated lung cancer risk in exposed populations (6, 7).
Importantly, biomonitoring studies have detected AN exposure not only in occupational settings but
also in the general population through tobacco smoke and other environmental sources (8).

The convergence of epidemiological and mechanistic evidence has heightened concern regarding the
pulmonary toxicity and carcinogenicity of AN. Occupational cohorts, systematic reviews, and
biomarker studies highlight its occupational and environmental relevance (5-8). Experimental studies
demonstrate that AN and its reactive metabolites induce oxidative stress, DNA lesions, and
genotoxicity, providing plausible mechanisms for malignant transformation (1-4). However, the
molecular mechanisms linking AN exposure to lung carcinogenesis remain poorly defined. Previous
investigations have primarily addressed toxicokinetics, oxidative injury, genotoxicity, and
epidemiology rather than the coordinated molecular and signaling networks underlying AN-associated
lung carcinogenesis (9). Although network-level approaches have advanced research on other
environmental carcinogens, systematic network toxicology studies of AN remain limited, particularly
those integrating multi-omics analyses with structural evaluation of AN—target interactions (4, 10-12).
Consequently, an integrated systems-level framework linking AN exposure to molecular alterations
associated with lung carcinogenesis remains lacking.

To address these gaps, we established an integrative framework combining network toxicology,
machine learning and SHAP-based interpretation, immune signature analysis, transcriptomic-
metabolomic profiling, pathway crosstalk analysis, and molecular dynamics simulation. We
hypothesized that AN exposure is associated with coordinated molecular alterations involving
inflammatory signaling, oncogenic pathway activation, immune remodeling, DNA damage responses,
epigenetic regulation, and metabolic reprogramming. This strategy was designed to reconstruct the
molecular response landscape associated with AN exposure, identify key toxicological hub genes and
regulatory networks, and prioritize candidate biomarkers of exposure and biological effect. By
integrating complementary computational and multi-omics approaches, this study provides a systems-
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level framework to elucidate molecular mechanisms potentially linking AN exposure to lung
carcinogenesis and to inform future mechanistic validation and environmental health risk assessment.

2. Results

Network Toxicology Analysis of Candidate Genes Linking AN Exposure to Lung Cancer
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Figure 1. Integrated network toxicology analysis of candidate genes associated with acrylonitrile exposure and lung
cancer. (4) Volcano plot showing differentially expressed genes (DEGs) between tumor and normal samples. Red and blue
dots represent upregulated and downregulated genes, respectively, whereas gray dots indicate genes that did not meet the
differential expression criteria. (B) Hierarchical clustering heatmap illustrating the expression patterns of representative
DEG s across tumor and normal groups. Red and blue indicate relatively high and low expression levels, respectively. (C)
Venn diagram showing the intersection of DEGs, inflammation-related genes (IRGs), and toxicology-related genes (TRGs),
identifying 103 shared candidate genes. (D) Protein—protein interaction (PPI) network of the intersecting genes, constructed
using the STRING database and visualized in Cytoscape. Node size reflects network connectivity, with EGFR identified as a
prominent hub. (E) Gene Ontology (GO) enrichment analysis showing representative biological process (BP), cellular
component (CC), and molecular function (MF) terms associated with the candidate genes. (F) Circular network visualization
of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment, illustrating associations between candidate genes
and enriched signaling pathways, including inflammation-related, cancer-associated, and DNA damage response pathways.
Abbreviations: AN, acrylonitrile; BP, biological process; CC, cellular component;, DEG, differentially expressed gene; GO,
Gene Ontology, IRG, inflammation-related gene; KEGG, Kyoto Encyclopedia of Genes and Genomes; MF, molecular
function; PPI, protein—protein interaction; TRG, toxicology-related gene.

Transcriptomic analysis identified 2,965 DEGs between tumor and normal samples, including 1,337
upregulated and 1,628 downregulated genes (Figure 1A), with clear separation between groups in
hierarchical clustering (Figure 1B). By integrating these DEGs with 923 AN-related target genes and
13,151 lung cancer-related genes, 103 overlapping interGenes were identified (Figure 1C). STRING-
based PPI analysis revealed several central nodes, including PTPRC, EGFR, FN1, JUN, FOS, CXCLS,
and CXCL12 (Figure 1D). Functional enrichment analysis showed that these interGenes were mainly
associated with inflammatory response, chemokine-mediated signaling, cell migration, apoptosis
regulation, and NF-xB signaling. GO terms were enriched in the extracellular exosome, cell surface,
focal adhesion, and cytosol, with molecular functions related to chemokine activity, receptor-ligand
activity, chemokine receptor binding, and protein tyrosine kinase activity (Figure 1E). KEGG analysis
identified enrichment of cytokine—cytokine receptor interactions, TNF, NF-kB, chemokine, 1L-17,
MAPK, calcium signaling, and focal adhesion pathways (Figure 1F). These associations identify
biological processes shared by the candidate gene set and lung cancer but do not establish their
activation by AN exposure. The 103 intersecting genes were derived partly from lung cancer datasets.
Enrichment therefore cannot, by itself, demonstrate AN-induced pathway activation.

Machine Learning-Based Prioritization of Candidate Genes Associated with AN and Lung
Cancer

To prioritize candidate genes at the intersection of predicted AN-associated targets and lung cancer
biology, three complementary machine-learning algorithms, LASSO, SVM-RFE, and random forest,
were applied to the candidate gene set. LASSO regression retained nine genes at the minimum binomial
deviance (Suppl Figure S1A-B). SVM-RFE was then used to evaluate the discriminative performance

of different feature subsets and identified a compact five-gene subset with strong classification
performance (Suppl Figure S1C-D). Random forest analysis further ranked candidate genes according

to variable importance (Suppl Figure S1E). Based on the combined evidence from LASSO selection,
SVM-RFE-based performance evaluation, and random forest importance ranking, five genes, EZH2,
PPARG, PARPI, CXCR2, and EGFR, were prioritized as candidate genes potentially linking AN
exposure to lung cancer (Suppl Figure S1F). These five genes were subsequently used for model

interpretation, logistic regression-based risk score construction, and downstream mechanistic analyses.
SHAP-Based Interpretation and Tumor-versus-Normal Classification Using Candidate Genes

To explore the classification patterns and relative contributions of the five prioritized genes, eight
supervised algorithms, DTS, glmBoost, KNN, logistic regression, neural network, PLS, random forest
(RF), and SVM, were compared (Figure 2A).
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Figure 2. Exploratory SHAP analysis and five-gene tumor-versus-normal classification. (4) Descriptive comparison of
eight supervised machine-learning models using the five prioritized genes. The RF AUC of 1.000 is presented as an exploratory
result and does not establish independently validated predictive performance. (B) Mean absolute SHAP values of the five
genes in the RF model. (C) SHAP summary plot showing the direction and magnitude of feature contributions. (D) SHAP
dependence plots illustrating relationships between gene expression and model predictions. (E) Expression differences
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between normal and tumor samples. (F) Nomogram derived from the five-gene logistic regression model. (G, H) Receiver
operating characteristic curves for the five-gene logistic regression model in the training dataset (GSE18842, AUC = 0.925)
and the evaluation dataset (GSE32863, AUC = 0.846), respectively. The label “Validation” in panel H refers to the GSE32863
evaluation dataset. Both AUCs are descriptive estimates of tumor-versus-normal discrimination. The independence of feature
selection from model evaluation could not be fully verified. The label “Validation” in panel H refers to the GSE32863
evaluation dataset. () Five-gene logistic regression score formula.

RF yielded an AUC of 1.000 in this analysis. However, because the original analysis workflow could
not be fully verified, this result was considered exploratory and was not interpreted as evidence of
independently validated predictive performance. RF was used for subsequent SHAP analysis to
characterize the contributions of individual genes to model predictions. The classifier comparison and
SHAP analysis were therefore used for exploratory model interpretation rather than to establish the
generalizability of the five-gene signature. SHAP analysis identified EZH2 and PARP1 as the main
contributors, followed by PPARG, CXCR2, and EGFR (Figure 2B). Consistent with these results, the
SHAP summary plot illustrated the distribution and magnitude of SHAP values across the cohort,
thereby reflecting both the direction and strength of each gene’s contribution to the model output (Figure
2C). Furthermore, SHAP dependence plots delineated the quantitative relationships between gene
expression levels and their corresponding contributions to the model predictions (Figure 2D).

The expression patterns of the five selected genes are shown in Figure 2E. PARP1, EZH2, and EGFR
were significantly upregulated in tumor samples, whereas CXCR2 and PPARG were downregulated.
Based on these patterns, a five-gene logistic regression classifier was developed to distinguish tumor
from normal samples, and a nomogram was constructed to visualize individual gene contributions and
predicted tumor probabilities (Figure 2F). The five-gene logistic regression model yielded descriptive
AUCs of 0.925 in the training dataset and 0.846 in the evaluation dataset (Figures 2G—H). The AUCs
summarize tumor-versus-normal discrimination in the two datasets. Independent validation of the
complete modeling pipeline requires documented separation of feature selection, model fitting, and
evaluation. Prognostic utility, AN-exposure specificity, and clinical applicability require separate
evaluation. A weighted five-gene score was calculated using the regression coefficients assigned to
each gene. EGFR, PARP1, and EZH2 contributed positively to the score, whereas CXCR2 and PPARG
contributed negatively, consistent with their respective expression patterns in tumor and normal
samples. The resulting formula was: Risk Score = (17.3118 x EGFR) + (12.0305 x PARP1) + (8.5089
x EZH2) — (3.8112 x CXCR2) — (6.4118 x PPARG). Gene-expression values were at the gene-symbol
level, quantile-normalized, and on the log2 scale, without additional z-score standardization. The
displayed score represents the gene-expression component of the logistic linear predictor, with the
intercept omitted, rather than a calibrated probability (Figure 2I). The full model's linear predictor was
calculated as —175.4992 + Risk Score.

Molecular Dynamics Simulations of Predicted AN—Protein Complexes

The three-dimensional structure of acrylonitrile (AN) was retrieved from the PubChem database and
subjected to geometry optimization using the MMFF94 molecular mechanics force field to obtain an
energetically favorable conformation for subsequent molecular docking. The experimentally
determined crystal structure of human enhancer of zeste homolog 2 (EZH2) was obtained from the
Protein Data Bank (PDB) and prepared for docking to ensure its suitability for evaluating potential
ligand—protein interactions. Molecular docking was performed using AutoDock Vina to investigate the
potential binding mode, predicted binding affinity, and spatial orientation of AN within the selected
EZH?2 binding region. The resulting docking poses were examined to characterize potential interactions
between AN and surrounding amino acid residues, providing a structural basis for assessing the
plausibility of AN-EZH2 association. The predicted binding configuration and intermolecular
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interaction patterns were subsequently visualized and analyzed using Discovery Studio and PyMOL
(Figure 3A).
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Figure 3. Molecular docking and molecular dynamics analyses of the predicted acrylonitrile-EZH2 complex. (4)
Predicted binding configuration of acrylonitrile (AN) with enhancer of zeste homolog 2 (EZH2), showing the overall three-
dimensional binding pose, an enlarged view of the binding region with interacting amino acid residues and predicted
intermolecular distances, and a two-dimensional ligand—protein interaction diagram. (B) Root mean square deviation (RMSD)
trajectories of the AN-EZH?2 complex, protein, and ligand during the 100 ns molecular dynamics (MD) simulation. (C) Root
mean square fluctuation (RMSF) profile illustrating residue-specific flexibility of EZH2. (D) Radius of gyration (Rg) and its
directional components (Rgx, Rgy, and Rgz), reflecting changes in protein compactness and structural organization
throughout the simulation. (E) Solvent-accessible surface area (SASA) profile showing temporal changes in solvent exposure.
(F) Time-dependent hydrogen bond profile illustrating the number and occurrence of hydrogen bonds between AN and EZH?2
during the simulation. (G) Three-dimensional Gibbs free energy landscape derived from principal component analysis (PCA),
illustrating the conformational energy distribution along the first two principal components (PCI and PC2). (H)
Corresponding two-dimensional Gibbs free energy landscape showing the distribution of sampled conformational states, with
blue indicating lower-energy regions and red indicating higher-energy regions. Abbreviations: AN, acrylonitrile; EZH2,
enhancer of zeste homolog 2; MD, molecular dynamics; PCA, principal component analysis; Rg, radius of gyration; RMSD,
root mean square deviation; RMSF, root mean square fluctuation;, SASA, solvent-accessible surface area.

To further investigate the conformational stability and dynamic behavior of the predicted AN—-EZH2
complex under simulated physiological conditions, a 100 ns molecular dynamics (MD) simulation was
performed using GROMACS. The initial complex was subjected to energy minimization to eliminate
unfavorable steric contacts and reduce structural strain, followed by sequential equilibration under
constant particle number, volume, and temperature (NVT) and constant particle number, pressure, and
temperature (NPT) ensembles.

Following equilibration, a 100 ns production simulation was conducted to characterize the time-
dependent structural behavior of the complex. Root mean square deviation (RMSD) was calculated to
assess overall structural stability, while root mean square fluctuation (RMSF) was used to characterize
residue-specific flexibility. The radius of gyration (Rg) and solvent-accessible surface area (SASA)
were analyzed to evaluate protein compactness and changes in solvent exposure, respectively.
Hydrogen bond profiling was performed to examine the persistence and temporal variation of potential
intermolecular interactions.

Additionally, principal component analysis (PCA) was employed to characterize dominant collective
motions, while Gibbs free energy landscape analysis was used to identify energetically favorable
conformational states and assess the conformational distribution sampled during the simulation.
Collectively, these complementary analyses provided a framework for evaluating the predicted
structural stability, molecular interactions, and dynamic properties of the AN-EZH2 complex (Figures
3B-H).

As a complementary analysis, molecular docking and a 100-ns molecular dynamics simulation were
also performed for the AN—EGFR complex (Suppl. Figure S2). RMSD, RMSF, Rg, SASA, hydrogen-
bond dynamics, PCA, and Gibbs free-energy landscape analyses were used to characterize the predicted
complex and its conformational behavior during the simulation.

GSVA and Immune-Related Signature Analysis in Lung Cancer

GSVA was performed to investigate pathways associated with CXCR2, EGFR, EZH2, PARP1, and
PPARG in the analyzed lung cancer transcriptomic dataset. The results highlighted pathways related to
inflammation, proliferation, signal transduction, metabolism, ion transport, autophagy, and membrane

transport (Suppl. Figure S3). These associations suggest candidate biological processes involving the
five prioritized genes but do not establish their functional activity or regulation by AN exposure.
ssGSEA was subsequently used to characterize immune-related transcriptional signatures in the lung
cancer dataset. Multiple immune-related signatures showed strong correlations, suggesting coordinated
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immune-related transcriptional patterns (Figure 4A). Compared with normal samples, tumor samples
showed lower scores for several immune-related signatures and a higher chemokine response score
(Figure 4B). Spearman analysis showed that CXCR2 and PPARG were generally positively correlated
with immune-related signatures, whereas EGFR, PARP1, and EZH2 were predominantly negatively
correlated (Figure 4C-D), indicating potential associations between the five core genes and immune-
related transcriptional features.
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Figure 4. Immune-Related Signature and Correlation Analyses in Lung Cancer. (4) Spearman correlation heatmap of
immune cell and immune-related signatures. (B) Boxplots comparing ssGSEA immune scores between normal and tumor
groups. (C) Network-matrix plot showing correlations between the five feature genes and immune signatures; line color
indicates correlation direction, and dot intensity indicates correlation strength. (D) Spearman correlation heatmap of five
feature genes and immune signatures, with asterisks indicating statistical significance.

Functional Prediction and Regulatory Network Analysis of Candidate Genes

To further characterize the functional relationships and potential molecular interactions among the five
prioritized candidate genes, a GeneMANIA network was constructed using EGFR, EZH2, PARPI,
PPARG, and CXCR2 as input genes. The resulting network revealed extensive functional associations
among these candidates and additional interacting molecules, including SUZ12, EED, PIK3CA,
BRCA1, CXCL8, CXCL3, and EGF. These associations suggest potential connections among growth
factor signaling, epigenetic regulation, DNA damage responses, and inflammatory signaling.
Functional annotation identified enrichment in several biological processes, including ERBB signaling,
epithelial cell proliferation, histone lysine methylation, regulation of DNA damage responses, and
receptor metabolic processes. Collectively, these findings highlight the functional diversity and
interconnectedness of the five candidate genes and suggest that their potential contributions to AN-
associated lung carcinogenesis may involve coordinated alterations in proliferative signaling, chromatin
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regulation, genomic maintenance, and inflammatory responses. However, these network-derived
associations remain predictive and require experimental validation (Figure 5A).
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Figure S. Predicted functional associations and transcriptional and post-transcriptional regulatory networks of the five
prioritized candidate genes. (4) GeneMANIA-derived functional interaction network generated using EGFR, EZH2, PARPI,
PPARG, and CXCR?2 as input genes. Colored node sectors indicate annotated functions, including ERBB signaling, histone
lysine methylation, regulation of epithelial cell proliferation, regulation of ERBB signaling, regulation of the response to DNA
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damage, epithelial cell proliferation, and receptor metabolic processes. Connecting edges represent functional associations
among genes. (B) Integrated microRNA (miRNA)—transcription factor (TF)-messenger RNA (mRNA) regulatory network
centered on the five prioritized candidate genes, EGFR, EZH2, PARPI, PPARG, and CXCR2. The network illustrates
predicted transcriptional and post-transcriptional regulatory interactions involving upstream TFs and miRNAs. Red diamonds
represent mRNASs, blue squares indicate TFs, and orange triangles denote miRNAs. Solid blue arrows indicate predicted TF-
mRNA regulatory interactions, whereas dashed orange arrows represent predicted miRNA-mRNA interactions.
Abbreviations: extracellular signal-regulated kinase; miRNA, microRNA; mRNA, messenger RNA; TF, transcription factor.

These functional associations highlight potential molecular pathways involving growth factor signaling,
epigenetic regulation, epithelial proliferation, inflammatory responses, and DNA damage regulation.
To further investigate the potential upstream regulatory mechanisms governing the five prioritized
candidate genes, an integrated miRNA—transcription factor (TF)-mRNA network was constructed
(Figure 5B). The resulting network revealed extensive predicted regulatory interactions connecting
EGFR, EZH2, PARP1, PPARG, and CXCR2 with multiple miRNAs and TFs, suggesting coordinated
transcriptional and post-transcriptional regulation. Among the identified regulators, SP1, BRD4,
EP300, NFKBI1, and FLI1 formed an interconnected TF module, with prominent predicted associations
involving PPARG and EZH2.

In parallel, several miRNAs, including hsa-miR-7-1-3p, hsa-miR-155-5p, hsa-miR-129-1-3p, hsa-miR-
216b-5p, hsa-miR-130b-3p, hsa-miR-27b-3p, hsa-miR-125a-3p, and hsa-miR-185-5p, were predicted
to target the core mRNAs. These regulatory relationships suggest potential mechanisms through which
transcriptional and post-transcriptional processes may influence the expression of genes involved in
proliferative signaling, chromatin regulation, DNA damage responses, and inflammation. Collectively,
the integrated network provides a framework for identifying candidate upstream regulators of the five
prioritized genes and their potential contributions to lung carcinogenesis. However, these
computationally predicted interactions do not establish direct regulatory activity or AN-exposure
specificity, and their biological relevance requires experimental validation.

Transcriptomic and Metabolomic Alterations Induced by AN in A549 cells

Transcriptomic profiling revealed substantial alterations in gene expression in A549 lung
adenocarcinoma cells following acrylonitrile (AN) exposure, indicating a broad transcriptional response
to AN treatment. Comparative analysis identified 12,646 genes shared between control and AN-treated
cells, whereas 527 and 475 genes were uniquely detected in the control and AN-exposed groups,
respectively (Figure 6A). These findings suggest that AN exposure induces detectable changes in the
transcriptional landscape of A549 cells, potentially reflecting cellular responses to chemical stress and
associated molecular perturbations. A549 cells provide a tractable experimental model for investigating
AN-responsive molecular alterations and identifying candidate genes and signaling pathways
potentially involved in its pulmonary toxicity.

However, because these cells are already malignant, the observed transcriptional changes cannot
establish the molecular events through which AN initiates malignant transformation in normal
pulmonary epithelial cells. Furthermore, using a single exposure concentration and duration limits the
ability to distinguish transient adaptive stress responses from sustained molecular alterations potentially
relevant to chronic environmental exposure. Additional studies using nonmalignant pulmonary
epithelial cells, multiple exposure concentrations, and longitudinal sampling are therefore necessary to
establish the temporal and biological relevance of these transcriptional responses.
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Figure 6. Transcriptomic profiling and functional enrichment analysis of AS49 lung adenocarcinoma cells following
acrylonitrile exposure. (4) Venn diagram showing the distribution of detected genes in control and acrylonitrile (AN)-treated
cells, including 12,646 shared genes and 527 and 475 genes uniquely detected in the control and AN-treated groups,

12



Li et al. Cancer Biome and Targeted Therapy 2026; 1(4):1-27

respectively. (B) Volcano plot illustrating differentially expressed genes (DEGs) following AN exposure, with 189 upregulated
and 114 downregulated genes identified using an adjusted P-value < (.05 and an absolute log: fold change > 1. Red and green
dots represent significantly upregulated and downregulated genes, respectively, while blue dots indicate genes that do not
meet the differential expression criteria. (C) Hierarchical clustering heatmap showing DEG expression patterns across control
and AN-treated samples. Red and blue indicate relatively high and low expression levels, respectively. (D) Gene Ontology
(GO) enrichment analysis of DEGs, showing representative cellular component (CC), biological process (BP), and molecular
function (MF) categories, including extracellular matrix organization, responses to oxidative stress, regulation of cell growth,
and calcium channel activity. (E) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of
downregulated genes, highlighting xenobiotic metabolism by cytochrome P450, chemical carcinogenesis, DNA adduct
formation, and glutathione metabolism. (F) KEGG pathway enrichment analysis of upregulated genes, including MAPK
signaling, PI3K—Akt signaling, proteoglycans in cancer, and chemical carcinogenesis associated with reactive oxygen species.
Bubble size represents gene count, and color indicates enrichment significance. (G) Reactome pathway enrichment analysis
of downregulated genes, including biological oxidation, glutathione conjugation, and NRF2-mediated antioxidant responses.
(H) Reactome pathway enrichment analysis of upregulated genes, including extracellular matrix organization, cellular
responses to hypoxia, and PI3K/AKT signaling in cancer. Abbreviations: AN, acrylonitrile; BP, biological process; CC,
cellular component; DEG, differentially expressed gene; GO, Gene Ontology;, KEGG, Kyoto Encyclopedia of Genes and
Genomes; MAPK, mitogen-activated protein kinase; MF, molecular function; NRF2, nuclear factor erythroid 2-related factor
2; PI3K, phosphoinositide 3-kinase.

Differential expression analysis identified 189 upregulated and 114 downregulated genes following AN
treatment (Figure 6B). Hierarchical clustering revealed distinct expression patterns between control and
AN-treated cells, indicating substantial transcriptional alterations in response to AN exposure (Figure
6C). Gene Ontology (GO) enrichment analysis showed that the differentially expressed genes (DEGs)
were predominantly associated with extracellular matrix-related components, leukocyte activation,
responses to hypoxia and xenobiotics, cytokine regulation, extracellular matrix organization,
glycosaminoglycan binding, calcium ion binding, and growth factor binding (Figure 6D). These
enriched biological processes and molecular functions suggest that AN exposure may influence
extracellular matrix remodeling, cellular stress responses, and growth factor-associated signaling.

Kyoto Encyclopedia of Genes and Genomes (KEGG) and Reactome enrichment analyses further
revealed distinct functional associations between upregulated and downregulated genes.
Downregulated genes were primarily associated with xenobiotic and drug metabolism, glutathione
metabolism, fatty acid degradation, and peroxisome proliferator-activated receptor (PPAR)-related
pathways, suggesting potential alterations in cellular detoxification and metabolic regulation.
Conversely, upregulated genes were enriched in mitogen-activated protein kinase (MAPK), Ras, PI3K—
Akt, ErbB, and hypoxia-inducible factor 1 (HIF-1) signaling, as well as extracellular matrix-related and
immune checkpoint-associated pathways (Figures 6E-H).

Collectively, these findings identify candidate AN-responsive molecular processes involving metabolic
regulation, oxidative stress responses, proliferative signaling, and extracellular matrix remodeling.
However, transcriptomic enrichment reflects associations based on gene expression and does not
directly establish changes in pathway activation, metabolic flux, or immune checkpoint function.
Additional functional studies are required to determine the biological consequences of these
transcriptional alterations.

Metabolomic profiling further revealed metabolic perturbations in AN-treated A549 cells, with 28
upregulated and 21 downregulated metabolites compared with controls (Figure 7A), and clear
separation between groups in hierarchical clustering (Figure 7B).
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Figure 7. Metabolomic alterations and integrated transcriptomic—metabolomic analysis of A549 lung adenocarcinoma
cells following acrylonitrile exposure. (4) Volcano plot showing differential metabolite abundance between control and
acrylonitrile (AN)-treated cells. Red and blue dots represent 28 significantly increased and 21 significantly decreased
metabolites, respectively, whereas gray dots indicate metabolites that did not meet the significance criteria (VIP > 1,
unadjusted P < 0.05, and absolute log, fold change > 1). (B) Hierarchical clustering heatmap illustrating differential
metabolite abundance across control and AN-treated samples. Red and blue indicate relatively high and low metabolite
abundance, respectively. (C) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of differential
metabolites, highlighting glycolysis/gluconeogenesis, glycerolipid metabolism, pentose and glucuronate interconversions,
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chemical carcinogenesis—DNA adducts, and nicotinate/nicotinamide metabolism. (D) Integrated transcriptomic—metabolomic
interaction network illustrating associations between differentially expressed genes (DEGs) and altered metabolites. Blue
nodes represent genes, orange nodes indicate metabolites, and connecting edges depict their inferred associations. (E) KEGG
pathway enrichment analysis of the integrated transcriptomic—metabolomic dataset, highlighting metabolic pathways
associated with glycolysis/gluconeogenesis, glycerolipid metabolism, chemical carcinogenesis—DNA adducts, and xenobiotic
metabolism by cytochrome P450. In panels C and E, bubble size represents the number of associated features, and color
indicates enrichment significance. (F) Correlation matrix illustrating associations between DEGs and differential metabolites.
Red and blue indicate positive and negative correlations, respectively, with color intensity reflecting correlation strength.
Abbreviations: AN, acrylonitrile; DEG, differentially expressed gene; KEGG, Kyoto Encyclopedia of Genes and Genomes.

KEGG enrichment showed that altered metabolites were mainly involved in carbohydrate and lipid
metabolism, including glycolysis/gluconeogenesis, glycerolipid metabolism, inositol phosphate
metabolism, pentose and glucuronate interconversions, fructose and mannose metabolism, propanoate
metabolism, galactose metabolism, glyoxylate and dicarboxylate metabolism, nicotinate and
nicotinamide metabolism, and chemical carcinogenesis-DNA adducts (Figure 7C). Integrated
transcriptomic-metabolomic analysis highlighted associations between DEGs and altered metabolites,
with joint enrichment in glycolysis/gluconeogenesis, glycerolipid metabolism, cytochrome P450-
mediated xenobiotic metabolism, carbon metabolism, purine metabolism, and related carbohydrate
metabolic pathways (Figure 7D-E). Correlation analysis identified associations between differentially
expressed genes and altered metabolites in the analyzed A549 samples (Figure 7F). These associations
do not establish direct regulatory or metabolic relationships.

3. Discussion

AN is a high- volume industrial chemical widely used to manufacture acrylic fibers, ABS/SAN resins,
nitrile rubber, and related fine chemical products. Metabolomic studies have investigated potential
mechanisms linking volatile organic compound exposure to lung cancer (13). IARC classifies
acrylonitrile as carcinogenic to humans (Group 1), with sufficient evidence that it causes lung cancer
(14). Experimental studies and mechanistic reviews implicate oxidative stress and oxidative DNA
damage in AN toxicity (3, 4).

The molecular events linking AN exposure to lung carcinogenesis remain incompletely defined. From
an environmental health perspective, the five-gene signature provides a candidate panel for future
investigation of molecular responses potentially associated with AN exposure. Studies combining
exposure-characterized human cohorts, established exposure biomarkers such as urinary 2CYEMA, and
independent molecular validation are needed to determine whether these genes have utility for
exposure-related risk assessment. Nevertheless, the analyses in this study represent different levels of
evidence. Network toxicology, machine learning, SHAP analysis, molecular docking/MD simulation,
and ssGSEA were used as hypothesis-generating and target-prioritization approaches, whereas A549
transcriptomic-metabolomic profiling provided cell-level experimental evidence of AN-responsive
molecular and metabolic alterations. Therefore, the computational findings should be interpreted as
candidate mechanistic clues rather than definitive validation, and further exposure-response studies, in
vivo models, additional lung cell systems, and population-level cohorts are needed before practical
application.

Network toxicology identified candidate pathways shared by predicted AN-associated targets and lung
cancer-related genes, suggesting potential molecular links between AN exposure and lung
carcinogenesis. These associations are hypothesis-generating and do not establish that AN directly
alters these pathways or promotes tumor growth. Differential expression analysis revealed marked
transcriptional reprogramming, with upregulated genes mainly associated with cell-cycle progression
and autophagy imbalance, including CDC20, UBE2C, and CENPF (16), while increased MIF and
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GAPDH suggested inflammatory activation and metabolic rewiring (17, 18). In contrast, downregulated
genes were enriched in alveolar epithelial differentiation, surfactant secretion, and lipid metabolism,
including SFTPC, CLDNI18, and CLEC3B (19-21). These findings raise the possibility that AN-
associated lung carcinogenesis results from the convergence of cell-cycle dysregulation, inflammatory
chemotactic amplification, immune microenvironment remodeling, and loss of alveolar epithelial
identity. Protein-protein interaction analysis identified EGFR as the dominant hub gene, underscoring
its central role in oncogenic signaling, tumor cell survival, and immune-contextual regulation (22).
EGFR and related signaling mediators regulate receptor tyrosine kinase activity, AP-1-dependent
transcription, and chemokine networks, which contribute to lung cancer progression and tumor—
microenvironment interactions (23-26). Their identification in the present analysis highlights these
pathways as candidate mechanisms potentially linking AN exposure to lung carcinogenesis; however,
AN-specific involvement requires experimental validation. GO and KEGG analyses identified
enrichment of cytokine—cytokine receptor interaction, TNF, NF-xB, IL-17, and chemokine pathways.
Previous studies have examined NF-xB expression in NSCLC (27), shown that IL-17A can promote
neutrophil recruitment in an experimental lung tumor model (28), and evaluated IL-8 as a prognostic
marker in lung cancer (29) and serum CXCL12 in advanced NSCLC treated with PD-1 inhibitors (30).
Because the enrichment analysis used predicted AN targets that overlapped with lung cancer—related
genes, whether AN directly activates these pathways or alters immune function remains to be tested.
Together with the experimental findings in AN-exposed A549 cells and previous studies of lung cancer,
these computational results suggest a candidate framework involving EGFR-related signaling,
TNF/NF-kB-associated inflammatory pathways, and cell adhesion and migration. The potential
contribution of these pathways to AN-associated lung carcinogenesis requires further investigation,
particularly to distinguish AN-specific molecular responses from alterations commonly observed in
lung cancer.

Machine learning was further applied to prioritize candidate genes associated with AN-induced lung
cancer. LASSO, SVM-RFE, and random forest provided complementary approaches to candidate gene
prioritization, while SHAP analysis was used to interpret the selected classifier (15, 31). This strategy
prioritized EZH2, PPARG, PARP1, CXCR2, and EGFR as candidate genes at the intersection of
predicted AN-associated targets and lung cancer biology. These genes have established roles in
epigenetic regulation, lipid metabolism, DNA damage responses, chemokine signaling, and receptor
tyrosine kinase activity. Their potential contributions to AN-specific molecular responses remain to be
determined. Previous studies have demonstrated the involvement of EZH2 in epithelial-mesenchymal
transition and lung cancer progression (32), the context-dependent roles of PPARG in metabolic and
inflammatory regulation (33), and the relevance of DNA damage responses, neutrophil-associated
immune processes, and EGFR signaling to lung cancer biology (34-36). However, these studies do not
establish that the five prioritized genes mediate AN-specific molecular responses.

The use of multiple machine-learning algorithms provided complementary approaches to exploratory
candidate gene prioritization. Because the original feature-selection and model-evaluation workflow
could not be fully reconstructed, the RF classifier comparison was not considered an independently
validated assessment of predictive performance. SHAP analysis was therefore used to characterize the
relative contributions of the five genes to the fitted RF model rather than to establish their predictive
generalizability or causal involvement in AN-associated carcinogenesis. Independent datasets and a
fully documented validation procedure incorporating feature selection within training folds are required
to establish the robustness of the proposed signature. SHAP analysis further showed that EZH2 and
PARP1 contributed most strongly to model output, followed by PPARG, CXCR2, and EGFR. In the
fitted classifiers, higher expression of EZH2, PARPI, and EGFR was associated with tumor
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classification, whereas PPARG and CXCR2 showed associations in the opposite direction. These
model-derived relationships describe contributions to tumor-versus-normal classification and should
not be interpreted as evidence of causal, risk-promoting, or protective biological effects.

The five-gene model yielded descriptive estimates of tumor-versus-normal discrimination in the
training and evaluation datasets. Independent validation of the modeling pipeline and assessment of
AN-associated lung cancer susceptibility remain separate tasks. Explainable Al methods can
characterize how individual features contribute to a model’s predictions (37). Molecular docking and
dynamics simulations generated structural hypotheses about potential interactions between AN and
EZH2 and EGFR. However, AN is a small, reactive chemical, and conventional noncovalent docking
does not adequately capture all possible mechanisms of chemical reactivity or protein modification. The
predicted binding poses and simulation trajectories therefore require biochemical confirmation and
should not be interpreted as evidence that AN directly binds or regulates either protein. Future
experiments should distinguish direct chemical interactions from secondary changes in protein
expression or activity. AN-derived hemoglobin adducts have been measured as exposure biomarkers
(38). Whether AN forms adducts with EZH2 or EGFR requires direct testing. Genetic perturbation
could separately test whether either protein contributes to the cellular response to AN. EZH2 has been
implicated in drug resistance in NSCLC (39), providing a separate rationale for studying its function in
lung cancer cells.

Gene set variation analysis (GSVA) estimated relative gene-set enrichment across samples in the lung
cancer transcriptomic dataset (40). These genes were mainly enriched in oncogenic pathways related to
inflammation, proliferation, and signal transduction. Positive enrichment of IL-8-CXCR2, JAK-STAT,
PI3K-AKT, MAPK, NF-kB, TNF, mTOR, and cell-cycle pathways was consistent with transcriptional
programs associated with inflammation and cell proliferation. Conversely, negative enrichment of
pathways related to metabolism, ion transport, vesicular trafficking, autophagy, and membrane
transport suggested alterations in metabolic and cellular homeostasis. These findings identify candidate
molecular processes associated with the analyzed lung cancer transcriptomes but do not establish their
activation or suppression by AN exposure (41, 42). Transcriptome-based immune signature analysis
further linked these genes to immune-related molecular features in lung cancer. In the analyzed lung
cancer dataset, tumor samples exhibited lower ssGSEA scores for several neutrophil-, monocyte-,
macrophage-, and dendritic cell-related transcriptional signatures than normal samples, together with a
higher chemokine response score. In the analyzed lung cancer dataset, CXCR2 and PPARG generally
showed positive correlations with immune-related transcriptional signatures, whereas EGFR, PARP1,
and EZH2 showed predominantly negative correlations. These associations may reflect differences in
cellular composition, tumor-cell transcriptional programs, or both. Because ssGSEA estimates gene-
expression signatures rather than directly measuring immune-cell abundance or function, the findings
require validation using orthogonal immune-profiling approaches (43-47). GeneMANIA further
showed that the five core genes formed a tightly connected functional module enriched in ERBB
signaling, epithelial proliferation regulation, and receptor metabolic processes. In parallel, the miRNA-
TF-mRNA network revealed an additional layer of transcriptional and post-transcriptional regulation
involving highly interactive modules centered on SP1, BRD4, EP300, and NFKB1, particularly around
PPARG and EZH2. Together, these computational analyses identify interconnected signaling, immune-
related, metabolic, and regulatory pathways that may be relevant to lung cancer biology. Their specific
involvement in molecular responses to AN exposure requires experimental validation.

Integrated transcriptomic and metabolomic analyses suggested that AN exposure induced extensive
metabolic remodeling in A549 cells. Metabolic reprogramming is increasingly recognized as a hallmark
of environmentally associated lung carcinogenesis. Consistent with recent evidence showing that
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particulate matter, polycyclic aromatic hydrocarbons, oxygenated polycyclic aromatic hydrocarbons,
and volatile organic compounds can disrupt energy metabolism, oxidative stress responses, and
xenobiotic metabolism, our findings indicate that AN also perturbs multiple metabolic pathways.
Notably, AN exposure was associated with alterations in glycolysis/gluconeogenesis, glycerolipid
metabolism, cytochrome P450-mediated xenobiotic metabolism, glutathione metabolism, fatty acid
degradation, and PPAR-related lipid metabolic pathways. This coordinated disturbance of
carbohydrate-lipid metabolism, detoxification capacity, oxidative stress-related pathways, and
extracellular matrix remodeling may provide candidate markers of AN-responsive metabolic stress in
A549 cells. Transcriptomic profiling identified downregulated genes enriched in cytochrome P450-
mediated metabolism, glutathione metabolism, fatty acid degradation, and PPAR-related lipid
metabolic pathways. Conversely, upregulated genes were enriched in MAPK, PI3K—Akt, PD-L.1/PD-1
checkpoint, and extracellular matrix-receptor interaction pathways. These transcriptional changes
suggest candidate alterations in xenobiotic metabolism, cellular stress responses, extracellular matrix-
related processes, and growth factor-associated signaling. Whether these changes affect detoxification
capacity, metabolic activity, or cellular behavior requires direct functional assessment (4, 48, 49).
Metabolomic profiling identified changes in metabolites associated with carbohydrate and lipid
metabolism, providing complementary evidence of AN-responsive metabolic alterations in A549 cells
(33, 50). Joint transcriptomic—metabolomic analysis further highlighted candidate relationships among
metabolic pathways, cellular stress responses, and extracellular matrix-associated processes. These
findings do not establish altered metabolic flux or demonstrate that the observed changes drive lung
carcinogenesis.

Overall, this study integrates network toxicology, machine learning, transcriptomics, metabolomics,
and molecular simulations to identify candidate molecular pathways that may link acrylonitrile (AN)
exposure to lung cancer. Computational analyses prioritized EZH2, PPARG, PARP1, CXCR2, and
EGFR as candidate genes, while experimental profiling identified AN-responsive transcriptional and
metabolic changes in A549 cells. Together, these findings generate testable hypotheses concerning
inflammatory signaling, cellular stress responses, and metabolic alterations associated with AN
exposure. However, they do not establish that the prioritized genes mediate AN-induced lung
carcinogenesis or that the proposed five-gene signature is specific to AN exposure. Further validation
in nonmalignant pulmonary models, exposure-characterized human cohorts, and mechanistic
experiments is required to determine the relevance of these candidate pathways to AN-associated lung
cancer.

A central translational challenge is distinguishing molecular features associated with lung cancer from
alterations specifically attributable to AN exposure. The computational analyses identify biologically
plausible candidate pathways, but many of these pathways are also dysregulated by tobacco smoke,
other environmental toxicants, and established oncogenic drivers. Consequently, the five-gene signature
may capture general lung cancer biology rather than an AN-specific molecular response. Exposure-
stratified human cohorts, appropriate adjustment for smoking and occupational co-exposures, and
comparisons with other pulmonary toxicants will be essential to establish specificity. Until such
evidence becomes available, the proposed signature should be considered a research tool for target
prioritization rather than a validated biomarker for occupational screening or clinical risk prediction.

This study has several limitations. First, the computational analyses integrate predicted chemical targets
with lung cancer-associated gene-expression data; the resulting associations do not establish that AN
directly regulates the prioritized genes. Second, the original feature-selection and model-evaluation
workflow could not be fully reconstructed; consequently, the random forest classifier comparison and
SHAP analysis were considered exploratory, and the reported random forest AUC of 1.000 was not
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treated as evidence of independently validated predictive performance. The five-gene signature requires
evaluation using independent datasets and a fully documented validation procedure that prevents
information leakage. Third, docking and molecular dynamics simulations provide structural hypotheses
rather than experimental evidence of direct target engagement. Fourth, experimental profiling was
restricted to A549 cells exposed to 100 uM AN for 24 h, limiting extrapolation to normal pulmonary
epithelium, chronic low-dose exposure, and human occupational conditions. Finally, pathway
enrichment and transcriptome-derived immune signatures do not directly measure signaling activity,
metabolic flux, or immune-cell function. In addition, the generalizability of the classifier depends on
the independence of feature selection and model evaluation, while interpretation of the experimental
multi-omics findings requires transparent reporting of biological replication, statistical testing, and
multiple-testing procedures. Future studies should incorporate dose-response and time-course
experiments, nonmalignant pulmonary models, targeted genetic perturbation, biochemical target
validation, and exposure-characterized human cohorts.

4. Materials and Methods
Network Toxicology Analysis of Candidate Genes Linking AN Exposure to Lung Cancer

AN compound identification

We obtained the molecular structure and physicochemical properties of acrylonitrile (AN) from the
PubChem database (https://pubchem.ncbi.nlm.nih.gov/; accessed in April 2026). We further evaluated
the toxicological profile of AN wusing multiple platforms, including ADMETLAB 3.0
(https://admetlab3.scbdd.com/; last updated January 31, 2024; accessed in April 2026), ChREMBL 36
(https://www.ebi.ac.uk/chembl/; released October 15, 2025; accessed in April 2026), and ProTox-3.0
(https://tox.charite.de/protox3/; accessed in April 2026).

Identification of AN-associated target genes

Potential human targets of AN were collected by integrating predictions from SwissTargetPrediction
(https://www.swisstargetprediction.ch/; 2019 updated model; accessed in April 2026), STITCH v5.0
(http://stitch.embl.de/; last updated January 4, 2016; accessed in April 2026), and TargetNet
(http://targetnet.scbdd.com/; accessed in April 2026). The compound name “acrylonitrile” and/or
canonical SMILES were used as the search input, and only human targets were retained when species
restriction was available. We standardized gene lists from different sources to official gene symbols,
then merged and deduplicated them to generate a refined set of AN-related target genes (TRGs).

Lung cancer-associated gene set

Lung  cancer-associated  genes were retrieved from the  GeneCards  database
(https://www.genecards.org/; accessed in April 2026) and OMIM database (https://www.omim.org/;
accessed in April 2026) using the keyword“lung cancer”. The species was restricted to Homo sapiens
where applicable. We standardized retrieved genes to official gene symbols, merged them, and
deduplicated the list to establish the final lung cancer-related gene set (IRGs).

Acquisition of GEO data and identification of lung cancer-associated differentially expressed
genes (DEGs)

The GSE18842 human Ilung cancer transcriptomic dataset was obtained from GEO
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE18842; accessed in April 2026). After
matching expression data with sample information, we collapsed duplicate gene symbols by mean
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expression, imputed missing values using row medians, and normalized the matrix by quantile
normalization. We performed differential expression analysis between tumor and normal samples using
limma (version 3.62.2) in R version 4.4.3 (2025-02-28 ucrt), with Tumor versus Normal as the contrast.
Genes with FDR < 0.05 and |logFC| > 1 were defined as DEGs. We generated volcano plots and
heatmaps using ggplot2 (version 4.0.3) and pheatmap (version 1.0.13), respectively, and used the
resulting DEGs for downstream analyses.

Identification of AN-Lung Cancer Intersecting Genes (InterGenes)

The intersections among TRGs, LCGs, and DEGs were determined using the ggvenn R package
(version 0.1.19). Genes shared by all three datasets were defined as AN-lung cancer-associated
intersecting genes (interGenes) and used for subsequent analyses.

Functional Enrichment Analysis

We performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analyses of interGenes using the clusterProfiler R package (version 4.14.6), with an
unadjusted P < 0.05 threshold for exploratory identification of relevant biological functions and
pathways. We obtained KEGG pathway annotations from the KEGG database (https:/www.kegg.jp/;
accessed in April 2026). We visualized enrichment results using the ggplot2 (version 4.0.3), circlize
(version 0.4.18), and ComplexHeatmap (version 2.22.0) R packages.

Protein-protein interactions (PPI) Network Construction and Hub Gene Identification

We analyzed PPIs among interGenes using the STRING database v12.5 (https://string-db.org/; accessed
in April 2026), restricted to Homo sapiens, with a minimum interaction score of 0.4. We removed
disconnected nodes and visualized the resulting PPI network wusing Cytoscape 3.10.3

(https://cytoscape.org/). We evaluated network topology based on degree centrality and prioritized
genes with higher degree values as candidate hub genes.

Machine Learning-Based Prioritization of Candidate Genes

To identify candidate genes associated with AN-related lung cancer, we applied LASSO, SVM-RFE,
and random forest to PPI-prioritized candidate genes. GSE18842 was used as the training dataset (n =
91, 46 tumor and 45 normal samples), and GSE32863 was used as the evaluation dataset (n = 116, 58
tumor and 58 normal samples). Stratified five-fold outer resampling was performed with random seed
123. Within each outer split, feature selection and hyperparameter tuning were restricted to the training
portion, without using the held-out samples. LASSO used glmnet (version 5.0; binomial family, a=1,
standardize=TRUE), with ten-fold inner cross-validation to select Amin, the A value yielding the
minimum mean cross-validated binomial deviance. Genes with non-zero coefficients at Ami, were
retained and pooled across outer folds. Linear SVM-RFE used caret (version 7.0.1) and kernlab (version
0.9.33), with ten-fold resampling for feature selection and ten-fold cross-validation for model tuning
based on ROC AUC. Up to 20 genes were retained by selection frequency across outer folds. Random
forest used randomForest (version 4.7.1.2), with 500 trees and other parameters at default settings; up
to 20 genes were retained by mean MeanDecreaseGini importance across outer folds. We integrated
LASSO-selected features, SVM-RFE feature-selection results, and random forest variable importance
to identify candidate genes for subsequent model comparison, SHAP interpretation, logistic regression-
based risk modeling, and downstream mechanistic analyses.

SHapley Additive exPlanations (SHAP) Analysis
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Eight supervised machine-learning algorithms—DTS, glmBoost, KNN, logistic regression, neural
network, PLS, random forest (RF), and SVM—were compared using the five prioritized genes. Because
the original feature-selection and model-evaluation workflow could not be fully reconstructed, the
classifier comparison was treated as exploratory rather than as an independent assessment of predictive
performance. RF was selected for SHAP analysis to examine the relative contributions of individual
genes to the fitted model's predictions. SHAP values were used to characterize model behavior and
feature importance; they were not interpreted as evidence of causal gene function or AN-specific effects.

Construction and Evaluation of Binary LR Model

We constructed a binary logistic regression model using the five AN-associated genes to calculate
individual risk scores. We compared the expression levels of EGFR, PARP1, EZH2, CXCR2, and
PPARG between normal and tumor samples. A nomogram was generated using the rms R package
(version 8.1.1) to visualize gene contributions to risk prediction. Discrimination between tumor and
normal samples was summarized using the area under the receiver operating characteristic curve (AUC)
in each dataset. The AUCs were 0.925 in the training dataset and 0.846 in the evaluation dataset.
Because the independence of feature selection from model evaluation could not be fully verified, these
AUC:s are reported as descriptive estimates of discrimination.

Molecular Docking and Molecular Dynamics Simulation

The AN ligand structure was obtained from PubChem (https://pubchem.ncbi.nlm.nih.gov/; accessed in
April 2026) and optimized using Open Babel (version 2.4.0) with the MMFF94 force field. Human
EZH2 (PDB ID: SWG6; https://www.rcsb.org/structure/SWG6?utm) and EGFR (PDB ID: 1M17;
https://www.rcsb.org/structure/1M17?utm) structures were retrieved from the Protein Data Bank (PDB;
PDB; https://www.rcsb.org; accessed in April 2026) and prepared in AutoDock Tools. Molecular

docking was performed using AutoDock Vina (version 1.1.2) to predict potential AN—protein binding
modes and affinities, and the resulting interactions were visualized using Discovery Studio and PyMOL.
Molecular dynamics simulations of the predicted AN-EZH2 and AN-EGFR complexes were
subsequently conducted using GROMACS version 2025.4. Following CHARMM36/GenFF2
parameterization, TIP3P solvation, energy minimization, and 2 ns NVT and 2 ns NPT equilibration at
300 K, each complex was subjected to a 100 ns production simulation. We used RMSD, RMSF, Rg,
SASA, hydrogen-bond analysis, PCA, and Gibbs free-energy landscape analyses to characterize
complex stability and conformational dynamics. These computational analyses were interpreted as
evidence of predicted interaction and conformational behavior rather than direct biochemical validation
of protein binding or functional regulation.

Immune signature-based analysis

ssGSEA was performed with predefined immune cell and immune-function gene sets to calculate
transcriptome-based immune-related signature scores and compare them between normal and tumor
groups. Group differences were assessed using two-sided Wilcoxon rank-sum tests and visualized using
boxplots. Spearman correlation analysis was used to assess correlations among immune-related
signatures and between core genes and ssGSEA-derived scores. An unadjusted P < 0.05 threshold was
used to identify potentially relevant group differences and correlations for further investigation.

GeneMANIA Functional Prediction and miRNA-TF-mRNA Network Construction

GeneMANIA was used to predict functional modules and interaction networks associated with the core
genes. Upstream microRNAs (miRNAs) were identified through integrated interrogation of
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miRTarBase, miRWalk, and TargetScan, whereas transcription factors (TFs) were obtained from
TRRUST v2. Based on these data, an integrated miRNA-TF-mRNA regulatory network was
constructed and visualized using the tidygraph and ggraph packages in R, facilitating the identification
of potential regulatory axes and providing mechanistic insights.

Cell Culture

Human lung adenocarcinoma A549 cells were obtained from the Cell Bank of the Chinese Academy of
Sciences (Shanghai, China) and cultured in DMEM supplemented with 10% FBS and 1% penicillin-
streptomycin. Cells were maintained at 37 °C in a humidified incubator with 5% CO», with medium
replaced every 2 days. A549 cells at passages 4-8 after recovery from frozen stocks were used for all
experiments. For AN exposure, cells were seeded in 6-well plates at a density of 1 x 10° cells per well
and allowed to attach for 24 h. Cells were then treated with Acrylonitrile (AN; CAS No. 107-13-1; Cat.
No. A95590; analytical reagent grade; ACMEC Biochemical, Shanghai, China) at a final concentration
of 100 uM for 24 h. After treatment, cell lysates were collected for subsequent multi-omics analyses.

Transcriptomic analysis

Three biological replicates per group were analyzed without additional technical replicates. Following
RNA quality control, libraries underwent Illumina paired-end sequencing. Filtered reads were aligned
using HISAT?2 and quantified using featureCounts. Differentially expressed genes were identified using
DESeq2 with Benjamini-Hochberg-adjusted P<0.05 and [log2FoldChange[>1.0.

Metabolomic analysis

Three biological replicates per group were analyzed by UHPLC-MS/MS without additional technical
replicates; pooled QC samples were not counted as biological replicates. Data were processed using
Compound Discoverer 3.3 with blank-based background removal. Peak areas were divided by the ratio
of each sample’s total metabolite signal to that of QC1. Metabolites with QC CV>30% were excluded.

Statistical analysis

Differential metabolites were selected using metaX-derived PLS-DA VIP>1, Student’s t-test P<0.05,
and fold change >2 or <0.5, without additional multiple-testing correction. GO and KEGG enrichment
results were screened using unadjusted P<0.05 and interpreted as exploratory. Gene-metabolite
associations were assessed using Pearson correlation on standardized data from corresponding samples,
with P<0.05 used to flag associations.
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