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  Abstract 
Background: Nicotine, a key component of cigarette smoke, has been implicated in tu-
mor progression and angiogenesis across multiple cancer types, including nasopharyn-
geal carcinoma (NPC). However, the specific targets and mechanisms through which 
nicotine influences NPC remain incompletely understood. Methods: The ProTox 3.0 
platform was utilized to assess the toxicity of nicotine. The primary chemical structure 
and action targets of nicotine were identified using the Swiss Target Prediction, 
ChEMBL, and PubChem databases. Network toxicology approaches were employed to 
investigate the pathogenic pathways and mechanisms underlying nicotine’s effect on 
NPC. Machine learning techniques facilitated the identification of core targets. Molecu-
lar docking was then performed to evaluate the binding affinity between nicotine and 
these core targets. Additionally, single-cell technology was applied to explore the ex-
pression patterns of these core targets across different cell types in NPC. Results: Nico-
tine was found to exhibit significant neurotoxicity and respiratory toxicity. Fourteen 
shared targets between nicotine and NPC were identified. Functional enrichment analy-
sis revealed that these genes were primarily involved in pathogen infection, cancer, and 
the PI3K-Akt signaling pathway. Machine learning identified five core targets 
(CHRNA6, CNR2, LAMB1, LAMB3, MAOB). Molecular docking confirmed that nic-
otine strongly binds to four of these core targets. Furthermore, single-cell sequencing 
revealed significant expression variability of the core targets across distinct cell clusters 
in NPC. Conclusion: This multidimensional analysis identified CHRNA6, CNR2, 
LAMB1, LAMB3, and MAOB as potential targets for nicotine-induced NPC. The find-
ings contribute new scientific evidence for evaluating nicotine’s toxicological effects and 
hold substantial public health implications.  
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1. Introduction 
Smoking represents a global health crisis, with its dangers widely recognized, as tobacco smoke contains hundreds of 
harmful chemicals capable of affecting nearly every organ in the body [1]. Over the past 30 years, smoking has resulted in 
over 200 million deaths and incurred annual economic losses exceeding one trillion US dollars [2, 3]. Currently, there are 
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more than one billion smokers worldwide, and this number is projected to continue rising in the coming decades. China, 
as the world’s largest consumer of tobacco, accounts for 40% of the global smoking population. Given the vast health and 
economic impact of the tobacco epidemic, tobacco control has become an urgent and critical public health priority [4]. 

Nasopharyngeal carcinoma (NPC) is a malignancy originating from the epithelial cells of the nasopharyngeal mucosa, 
with a notable geographical distribution, predominantly in southern China and Southeast Asia [5]. The etiology of NPC 
involves a combination of Epstein-Barr virus (EBV) infection, genetic predisposition, and environmental factors [6]. 
Smoking, in particular, is strongly linked to an increased risk of NPC, with both past and current smokers being at higher 
risk compared to non-smokers [7]. 

Smoking is a behavior that involves the inhalation of multiple harmful compounds, with nicotine being the primary 
psychoactive and addictive agent in tobacco [8]. Nicotine promotes angiogenesis, cell proliferation, epithelial-mesenchy-
mal transition, and tumor growth and metastasis—processes that are critically involved in NPC development and progres-
sion [9]. In the context of NPC, nicotine significantly enhances the proliferation of human NPC cells in a dose- and time-
dependent manner. Chronic smoking is closely associated with an elevated cancer incidence and contributes to tumor 
recurrence, progression, and acquired resistance [10, 11]. In patients with NPC, recurrence and distant metastasis are the 
primary causes of mortality. Smokers exhibit significantly lower 5-year overall survival and locoregional recurrence-free 
survival rates compared to non-smokers [12, 13]. Therefore, a thorough investigation into the molecular mechanisms 
through which nicotine influences the development and progression of NPC is essential for the development of more 
effective prevention and treatment strategies. 

2. Materials and Methods 
2.1 Toxicity Analysis and Prediction of Nicotine 

In this study, we searched for the chemical structure of nicotine in PubChem (https://pubchem.ncbi.nlm.nih.gov/). Subse-
quently, we utilized ProTox 3.0 (https://tox.charite.de/protox3/), a web server for the prediction of chemical toxicity, to 
analyze the toxicity profile of nicotine using its SMILES notation. 

2.2 Targets for Nicotine Collection 

Both SwissTargetPrediction (http://www.swisstargetprediction.ch) and ChEMBL (https://www.ebi.ac.uk/chembl/) are da-
tabases designed to predict and collect target genes for small-molecule compounds. Nicotine’s targets were identified 
through these platforms. Protein names were converted to gene symbols using the UniProt database (https://www.uni-
prot.org/). 

2.3 Collection of NPC Targets 

Expression matrices and clinical data from the GSE53819, GSE12452, GSE102349, and GSE150430 datasets were re-
trieved from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). The GSE12452 dataset contains 10 normal and 31 
NPC samples, while GSE53819 includes 18 normal and 18 NPC samples. These two datasets were merged and processed 
with batch correction via the ‘sva’ package, resulting in a combined dataset of 28 normal and 49 NPC samples. The 
GSE102349 dataset includes progression-free survival (PFS) data for 88 out of 113 patients. Additionally, the GSE150430 
dataset, comprising 15 primary NPC tumor samples, was used for further single-cell RNA sequencing (scRNA-seq) anal-
ysis. The ‘limma’ package in R was employed to identify differentially expressed genes (DEGs) between tumor and adja-
cent normal tissues in the merged dataset. Genes with a |log2FoldChange| > 1 and an adjusted p-value < 0.05 were consid-
ered significant DEGs. Weighted gene coexpression network analysis (WGCNA) was conducted on the top 25% most 
variable genes to identify coexpression modules associated with NPC. The soft-thresholding power was set to 3 to ensure 
a scale-free network with R2 ≥ 0.9. Modules were defined with a minimum of 30 genes. Each module was represented by 
a module eigengene, which was then correlated with NPC-related clinical traits. DEGs were intersected with key module 
genes to identify candidate NPC genes. 

2.4 Identification and Enrichment Analysis of Potential Targets  

An intersection analysis was performed between nicotine-related targets and NPC genes, yielding a set of shared genes. 
These shared genes were considered potential nicotine targets in NPC. Nicotine-NPC networks were visualized using 
Cytoscape software (version 3.9.1). Furthermore, protein-protein interaction (PPI) networks for potential targets were 
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constructed using the STRING database. Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) 
pathway enrichment analyses were carried out using the ‘clusterProfiler’ R package to investigate the molecular mecha-
nisms, with statistical significance set at p.adjust < 0.05. 

2.5 Machine Learning-Based Screening of Significant Targets 

Target screening was further refined using three machine learning algorithms: Least Absolute Shrinkage and Selection 
Operator (LASSO), Support Vector Machine Recursive Feature Elimination (SVM-RFE), and Random Forest (RF). The 
intersection of targets identified by these three methods was considered a critical target.  

2.6 Differential Expression of Core Genes and Assessing Diagnostic Accuracy 

The expression levels of core genes in the merged dataset were visualized, with genes exhibiting a p-value < 0.05 consid-
ered significant and differentially expressed. To further assess the diagnostic potential of the identified core targets, re-
ceiver operating characteristic (ROC) curves were constructed based on mRNA expression data from both normal and 
NPC samples in the merged dataset. The area under the curve (AUC) was subsequently calculated to evaluate the diagnostic 
accuracy of the ROC curves. 

2.7 Prognostic Model Construction 

Based on the core genes, we constructed a risk score model in the GSE102349 dataset to evaluate its prognostic capability. 
The risk score was calculated using the following formula: 

Risk score = expression of gene a × coefficient a + expression of gene b × coefficient b +…… + expression of gene n × 
coefficient n. 

Subsequently, the samples were divided into low- and high-risk groups based on the risk score (median cut-off value). 
To evaluate the grouping accuracy, the PFS between the two risk subgroups was compared using Kaplan–Meier analysis. 
Time-dependent ROC curves were generated using the “survivalROC” R package.  

2.8 Immune Analysis 

Immune cell infiltration differences between the two risk groups were analyzed and compared using single-sample Gene 
Set Enrichment Analysis (ssGSEA) and CIBERSORT. The ESTIMATE algorithm was employed to evaluate immune, 
stromal, and ESTIMATE scores. Additionally, the expression levels of immune checkpoint genes were compared between 
the two risk groups. 

2.9 Molecular Docking and Molecular Dynamics  

To investigate nicotine’s binding interactions with core target proteins, molecular docking was performed. The crystal 
structures of core target proteins from the RCSB PDB were processed in PyMOL (removal of water and ligands) and 
imported into AutoDock Tools v1.5.6 for hydrogenation, charge optimization, and non-polar hydrogen optimization. Au-
toDock Vina was used for docking via command-line with specified grid and GA parameters. Results were visualized 
using PyMOL and Discovery Studio 2019, revealing the binding affinities and mechanisms of nicotine with key proteins. 
Additionally, 100 ns molecular dynamics (MD) simulations were conducted on the complex using Gromacs 2022 software. 
The Charmm 36 force field [14] was applied for the protein, and Gaff2 was chosen for the ligand. The TIP3P water model 
was used for solvating the protein-ligand system, with a water box and periodic boundary of 1.2 nm [15]. Electrostatic 
interactions were managed using Particle Mesh Ewald (PME) and Verlet algorithms. The system underwent 100,000 equi-
libration steps under isothermal-isochoric (NVT) and isothermal-isobaric (NPT) conditions, with a coupling constant of 
0.1 ps and a 100 ps duration. Van der Waals and Coulomb interactions were computed with a cutoff of 1.0 nm. The system 
was simulated for a total of 100 ns at constant temperature (310 K) and pressure (1 bar). 

2.10 Single-Cell RNA-Sequencing Analysis 

The GSE150430 dataset was analyzed using the ‘Seurat’ R package. Principal component analysis (PCA) was conducted 
to assess the significance of principal components across tissues or cells, while t-SNE was used for dataset visualization. 
The distribution of core target expression within various cell clusters was also explored. 
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2.11 Assessment of Core Genes in the Human Protein Atlas Database 

Differential expression patterns of core genes between normal tissues and tumor samples were analyzed using the Human 
Protein Atlas (HPA) database (https://www.proteinatlas.org/) to examine the immunohistochemical (IHC) characteristics 
of these genes. 

2.12 Statistical Analysis 

All statistical analyses were performed using R software (version 4.4.1) and GraphPad Prism (version 5.01). A p-value of 
< 0.05 was considered statistically significant for all tests. (*p < 0.05, **p < 0.01, ***p < 0.001). 

3. Results 
3.1 Toxicity Analysis and Prediction of Nicotine 

We obtained the chemical structure of nicotine, including both 2D and 3D structures, from the PubChem database(Fig. 
1A-B). The toxicity prediction of nicotine through the PROTox website revealed that its organ toxicities include neuro-
toxicity and respiratory toxicity (Fig. 1C) (Supplementary Table S1). 

 
Figure 1. Molecular structure and toxicity distribution map of nicotine. (A-B) 2D and 3D structural maps of nicotine. (C) Radar 

chart depicting the toxicity distribution of nicotine. 

3.2 Targets for Nicotine Collection 

Nicotine target identification was conducted using the SwissTargetPrediction and ChEMBL databases, yielding 132 po-
tential nicotine-related targets after deduplication (Supplementary Table S2). 

3.3 Collection of NPC Targets 

Differential expression analysis of the merged dataset identified 2881 DEGs (Fig. 2A). WGCNA was then applied to 
identify NPC-associated modules. A scale-free network was constructed using a scale-free R2 of 0.9 and a soft threshold 
of 3 (Fig. 2B-C). Hierarchical clustering based on gene correlations revealed 10 distinct gene modules (Fig. 2D), two of 
which—MEturquoise and MEyellow—showed significant correlation with NPC (|cor| > 0.6, P < 0.05) (Fig. 2E). From 
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these modules, 1703 key genes associated with NPC were selected for further analysis (Fig. 2F-G). The intersection anal-
ysis of DEGs with genes from the key modules identified 1559 hub DEGs (Fig. 2H), which are considered critical for NPC. 
By intersecting these hub DEGs with nicotine-related targets, 14 shared targets were identified (Fig. 2I). 

 
Figure 2. Screening of hub genes for NPC. (A) Volcano plot of DEGs in the NPC merged dataset. (B-C) The histograms of connectiv-

ity distribution and the scale-free topology in the dataset. (D) Hierarchical clustering generated a gene dendrogram. (E) The 
heatmaps of the correlation between genes and clinical traits. (F-G) Scatter plot of gene significance in the turquoise and yellow mod-
ules. (H) Venn diagram of the overlap between DEGs and key module genes in NPC. (I) A Venn diagram shows the overlap between 

key DEGs in NPC and nicotine targets. 

3.4 Functional Enrichment Analysis of Nicotine Targets in NPC 

Cytoscape 3.9.1 software was employed to construct a compound-target-NPC network (Fig. 3A). The PPI network demon-
strated extensive interactions among these common targets (Fig. 3B). To explore the functional roles of these targets in 
NPC, functional enrichment analysis was performed. GO analysis revealed that enriched biological processes (BP) in-
cluded responses to lipopolysaccharides, bacterial molecules, calcium ion transport, regulation of monoatomic ion 
transport, and modulation of chemical synaptic transmission. Key cellular components (CC) were associated with the 
basement membrane, collagen-containing extracellular matrix, postsynaptic membrane, synaptic membrane, and neuronal 
cell body. Molecular functions (MF) were enriched in neurotransmitter receptor activity, extracellular matrix (ECM) struc-
tural constituents, acetylcholine-gated monoatomic cation-selective channel activity, and acetylcholine receptor activity 
(Fig. 3C). KEGG pathway analysis indicated that the candidate targets were predominantly enriched in pathways related 
to toxoplasmosis, ECM-receptor interaction, small cell lung cancer, amoebiasis, focal adhesion, human papillomavirus 
infection, PI3K-Akt signaling, neuroactive ligand-receptor interaction, viral protein interactions with cytokines and cyto-
kine receptors, and chemokine signaling (Fig. 3D). These results suggest that nicotine-induced NPC is driven by the coor-
dinated regulation of multiple pathways and mechanisms. 
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Figure 3. Network diagram and functional enrichment analysis of 14 shared targets. (A) Nicotine-target-NPC network diagram. (B) 

PPI network of 14 targets. (C) GO enrichment analysis. (D) KEGG pathway enrichment analysis. 

3.5 Machine Learning-Based Screening of Significant Targets 
Core targets were identified through the LASSO regression algorithm, which highlighted 9 prominent targets: CCR1, 
CHRNA5, CHRNA6, CNR2, HTR2A, LAMB1, LAMB3, LAMB4, and MAOB (Fig. 4A). The SVM-RFE algorithm iden-
tified 13 targets: LAMB1, CHRNA6, MAOB, CNR2, CHRNA5, CCL2, TLR9, LAMB3, CCR1, LAMB4, HTR2A, CCR5, 
and HCAR3 (Fig. 4B). Additionally, the RF algorithm selected 7 targets: LAMB1, LAMB3, CHRNA6, MAOB, CCL2, 
CNR2, and TLR9 (Fig. 4C). The intersection of results from these three algorithms identified 5 core targets: CHRNA6, 
CNR2, LAMB1, LAMB3, and MAOB (Fig. 4D). 

 
Figure 4. Machine screening of core targets, differential expression of core genes, and assessment of diagnostic accuracy. (A) LASSO 

regression analysis. (B) SVM-RFE algorithm. (C) RF algorithm. (D) A Venn diagram illustrates 5 crucial targets shared by the 
LASSON, SVM-RFE, and RF algorithms. (E) Differences in the expression of five core genes across the merged dataset. (F) ROC 

curve assessment of five targets. 
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3.6 Differential Expression of Core Genes and Assessing Diagnostic Accuracy 

In NPC tissues, expression levels of CHRNA6, LAMB1, and LAMB3 were significantly upregulated, while CNR2 and 
MAOB were notably downregulated, exhibiting clear differences when compared to normal tissues (Fig. 4E). To assess 
the diagnostic potential of these five core genes, ROC curves were plotted, and AUC values were calculated. The AUC 
values for CNR2, MAOB, LAMB3, CHRNA6, and LAMB1 were 0.824, 0.837, 0.811, 0.920, and 0.922, respectively (Fig. 
4F). These results highlight the potential of these core targets in NPC pathogenesis and their diagnostic value in the future. 

3.7 Prognostic Model Construction 

A five-gene prognostic signature for NPC was developed, with risk scores computed as the linear combination of Cox 
coefficients: Risk score = (0.083 × expression level of CNR2) + (0.015 × expression level of LAMB1) + (0.003 × expres-
sion level of LAMB3) + (-0.436 × expression level of MAOB) + (0.011 × expression level of CHRNA6). Using the median 
risk score as the cutoff, NPC patients were stratified into high-risk and low-risk subsets (Fig. 5A). A heatmap revealed 
distinct expression patterns of the five genes between the high- and low-risk groups (Fig. 5B). Mortality was markedly 
elevated in the high-risk cohort, as visualized in the risk-score distribution and survival-status plots (Fig. 5C), suggesting 
poorer outcomes for this subgroup. Kaplan-Meier curves showed a clear separation in PFS between the two arms (P=0.027). 
PFS was markedly longer in the low-risk arm (Fig. 5D). Dynamic ROC analysis yielded 1-, 2-, and 3-year AUCs of 0.621, 
0.71, and 0.722, underscoring the model’s strong predictive performance (Fig. 5E). 

 
Figure 5. Prognostic model construction and immune analysis. (A) PCA analysis. (B) Heatmap of the signature genes correlated with 

the risk score. (C) Distribution of risk scores and survival status. (D) Kaplan-Meier survival analysis. (E) Time-dependent ROC 
curves. (F) CIBERSORT analysis between the two risk groups. (G) Box plot of the expression levels of 23immune cell types between 

two risk groups by ssGSEA. (H) Comparisons of the stromal, immune, and ESTIMATE scores in the two risk groups. (I) The ex-
pression levels of immune checkpoints between the two risk groups. 
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3.8 Immune Analysis 
We leveraged CIBERSORT on the GSE102349 cohort to map how the five-gene risk signature correlates with immune-
cell landscapes in NPC. Distinct immune-cell profiles distinguished the high-risk from the low-risk arm. Low-risk tumors 
were enriched for naive B cells, memory B cells, gamma delta T cells, and resting mast cells, whereas high-risk cases 
showed greater infiltration of monocytes, activated dendritic cells, and activated mast cells (Fig. 5F). ssGSEA further 
showed that the low-risk signature was linked to broad immune activation, with higher scores for activated B cells, imma-
ture B cells, immature dendritic cells, activated CD4+ and CD8+ T cells, eosinophils, activated dendritic cells, macro-
phages, mast cells, monocytes, natural killer cells, plasmacytoid dendritic cells, and regulatory T cells (Fig. 5G). Accord-
ingly, stromal, immune, and ESTIMATE scores were all markedly elevated in low-risk tumors relative to their high-risk 
counterparts (Fig. 5H). These data uncover distinct immune microenvironments: low-risk tumors harbor a markedly hotter, 
more reactive landscape that may underpin their superior clinical outcome. Low-risk tumors expressed significantly more 
checkpoint molecules–CTLA4, TIGIT, LAG3, BTLA, and PDCD1–than their high-risk counterparts (Fig. 5I). Thus, the 
five-gene risk signature may guide treatment selection and predict therapeutic benefit in NPC. 

3.9 Molecular Docking and Dynamics of Nicotine with NPC Core Targets 

 
Figure 6. Molecular docking and molecular dynamics simulation studies. (A) Molecular docking of nicotine with LAMB1. (B) Molec-

ular docking of nicotine with CNR2. (C) Molecular docking of nicotine with MAOB. (D) Molecular docking of nicotine with 
CHRNA6. (E) Molecular docking of nicotine with LAMB3. (F)RMSD values of the two complexes. (G) Rg values of the two com-

plexes. (H) SASA values of the two complexes. (I) Number of hydrogen bonds in the two complexes. (J-K) RMSF values of the two 
complexes. 

The docking results demonstrated that nicotine exhibited low binding energy values (< -5.0 kcal/mol) with LAMB1 
(−5.1 kcal/mol), MAOB (−6.4 kcal/mol), and LAMB3 (−5.0 kcal/mol), indicating strong binding affinities, while CNR2 
(−3.9 kcal/mol) and CHRNA6 (−4.9 kcal/mol) showed moderate binding (Fig. 6A-E). In the LAMB1-nicotine complex, 
hydrogen bonds were formed between LEU3106, THR3108, and nicotine, while SER3112 and LEU3103 engaged in van 
der Waals interactions. LYS2732 formed a carbon-hydrogen bond, and VAL3111, LYS3104, and ALA3113 contributed 
hydrophobic interactions with nicotine (Fig. 6A). In the CNR2-nicotine complex, CYS18 formed a hydrogen bond with 
nicotine, while LEU15, TRP19, and LEU23 formed van der Waals interactions. Hydrophobic interactions were observed 
between VAL14, VAL11, and PHE20 and nicotine (Fig. 6B). In the MAOB-nicotine complex, ARG42 formed a hydrogen 
bond with nicotine, while GLY57, GLY58, MET436, and GLY434 participated in van der Waals interactions. 
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Hydrophobic interactions occurred between CYS397, TYR398, and TYR435 with nicotine (Fig. 6C). In the CHRNA6-
nicotine complex, hydrophobic interactions were formed between TYR227, CYS222, TYR220, and TYR123 with nicotine, 
while THR180 interacted via van der Waals forces, and TRP179 formed conventional hydrogen bonds (Fig. 6D). In the 
LAMB3-nicotine complex, residues VAL984, ARG988, MET717, LEU987, and ALA721 formed hydrophobic interac-
tions, THR991 and THR720 formed van der Waals interactions, and GLN724 formed conventional hydrogen bonds with 
nicotine (Fig. 6E). Molecular dynamics simulations were conducted for the LAMB1-nicotine and MAOB-nicotine com-
plexes with a binding energy threshold of < −5.0 kJ/mol to assess their stability. The equilibrium of these complexes was 
evaluated using root mean square deviation (RMSD). The LAMB1-nicotine complex reached equilibrium after 60 ns, with 
fluctuations around 2.2 Å, while the MAOB-nicotine complex reached equilibrium after 75 ns, with fluctuations around 
4.4 Å (Fig. 6F), indicating high stability of nicotine when bound to both target proteins. Further analysis of the radius of 
gyration (Rg) and solvent-accessible surface area (SASA) revealed minimal fluctuations during the simulations, suggesting 
conformational changes within the nicotine-target protein complexes (Fig. 6G, H). The number of hydrogen bonds in the 
complexes was also analyzed. For LAMB1-nicotine, the hydrogen bond count ranged from 0 to 2, with approximately 2 
hydrogen bonds in most instances. For MAOB-nicotine, the count ranged from 0 to 4, with around 2 hydrogen bonds most 
frequently (Fig. 6I). Additionally, the root mean square fluctuation (RMSF) values for both complexes were low (mostly 
below 4 Å), indicating low flexibility and high stability (Fig. 6J, K). 

3.10 Single-Cell Sequencing Analysis of Core Targets in NPC 
The t-SNE analysis revealed five distinct cell types, each color-coded: B cells, cancer-associated fibroblasts (CAFs), epi-
thelial cells, myeloid cells, and T cells (Fig. 7A). The expression and distribution of CHRNA6, CNR2, LAMB1, MAOB, 
and LAMB3 were also visualized. The t-SNE cell plot clearly highlighted key gene expression differences across cell types 
(Fig. 7B-F). CHRNA6 was predominantly expressed in epithelial and T cells, CNR2 in B cells, LAMB1 and LAMB3 in 
epithelial cells, and MAOB in both epithelial and T cells. These findings delineate the specific roles of key genes in 
different cell types and their expression patterns. 

 
Figure 7. Single-cell RNA-sequencing analysis. (A) The t-SNE cell plot of 5 cell clusters. (B-F) The t-SNE cell plot displays the distri-

bution of core targets across different cell clusters. 

3.11 Assessment of Core Genes in the HPA Database 
IHC staining patterns for CNR2, MAOB, and LAMB1 from the HPA database revealed distinct expression differences 
between normal nasopharyngeal tissues and tumor samples (Fig. 8). Notably, the results aligned with the bioinformatic 
analysis, confirming higher expression levels of LAMB1 in cancer cells, while CNR2 and MAOB showed reduced ex-
pression.  
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Figure 8. Verification of core genes in the HPA database: IHC staining of CNR2, MAOB, and LAMB1. 

4. Discussion 
Smoking is a global health crisis with widely recognized dangers. It plays a major role in tumor pathogenesis, including 
NPC [1, 16]. Among tobacco’s many components, nicotine stands out as the primary psychoactive and addictive substance 
[8]. Nicotine promotes angiogenesis, cell proliferation, epithelial-mesenchymal transition, and tumor growth and metasta-
sis. Its role in cell proliferation, particularly in tumor cells, supports the hypothesis that nicotine acts as a carcinogenic 
promoter in human carcinogenesis [9]. 

In this study, toxicity prediction of nicotine using the PROTox platform revealed its organ toxicities, including neuro-
toxicity and respiratory toxicity. Subsequently, 14 potential shared targets associated with nicotine’s effects on NPC were 
identified through data mining from an online database. Functional enrichment analysis of these targets provided insight 
into the specific mechanisms through which nicotine influences NPC. The analysis indicated that these shared targets were 
primarily involved in cellular processes, environmental information processing, human diseases, and organismal systems. 
Notably, they were enriched in pathways related to pathogen infection, cancer, the PI3K-Akt signaling pathway, and ECM-
receptor interaction. EBV infection is widespread globally and is strongly associated with the development of various 
cancers, with NPC being particularly linked to EBV infection [17]. EBV infects B cells and epithelial cells, establishing 
latent infections in the latter, a process considered an early oncogenic event in NPC development [18]. Airway epithelial 
cells, which serve as the primary barrier against inhaled particles, toxins, and viruses, are located at the interface between 
internal and external environments [19]. Nicotine disrupts airway epithelium integrity, reducing transepithelial electrical 
resistance and increasing permeability, thereby enhancing susceptibility to pathogens [20, 21]. Additionally, nicotine has 
been found to suppress both innate and humoral immune responses [22]. The pathological features of NPC are character-
ized by extensive immune cell infiltration within and around tumor lesions, creating a complex tumor microenvironment. 
This environment includes various cell types such as neutrophils, natural killer cells, macrophages, and dendritic cells, 
which together form the defense against EBV infection [23]. Cellular immunity plays a vital role in controlling EBV 
infection in both the initial and persistent phases, and impaired immune function is central to the pathogenesis of EBV-
associated malignancies [17]. Nicotine exposure may exacerbate EBV-related oncogenic processes in nasopharyngeal ep-
ithelial cells by weakening both the epithelial barrier and immune surveillance. This supports the hypothesis of nicotine’s 
contribution to NPC development through its enhancement of EBV-driven mechanisms. Furthermore, the shared potential 
targets were significantly enriched in the PI3K-Akt signaling pathway, which plays a pivotal role in various physiological 
and pathological processes [24]. By modulating multiple downstream effectors, this pathway robustly drives tumor cell 
growth, proliferation, and invasiveness, including in NPC [25]. Additionally, the activation of the PI3K-Akt pathway has 
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been linked to radiotherapy resistance in NPC [26]. Nicotine has been shown to activate a variety of cellular signaling 
pathways, including the PI3K/Akt pathway, facilitating tumor initiation and progression [27]. For example, nicotine can 
promote tumor growth in bladder cancer and induce acquired chemoresistance by activating the PI3K/Akt/mTOR pathway 
[28]. In non-small cell lung cancer, nicotine significantly enhances tumor development by activating both the LINC00460 
and PI3K/Akt pathways [27]. These findings suggest that nicotine promotes tumor growth and metastasis through multiple 
mechanisms, supporting the relevance of our study. 

In this research, five core targets (CHRNA6, CNR2, LAMB1, MAOB, and LAMB3) were identified as being associated 
with tumor growth and prognosis, consistent with previous studies. The cholinergic receptor nicotinic alpha 6 subunit 
(CHRNA6) plays a pivotal role within the cholinergic system. It encodes a receptor that can be activated by both acetyl-
choline and exogenous nicotine, and its activation is closely linked to tumor growth and metastasis [29, 30]. Epidemiolog-
ical studies suggest that mutations in CHRNA6 increase susceptibility to esophageal squamous cell carcinoma [31]. In 
lung squamous cell carcinoma, CHRNA6 is associated with immune infiltration, influencing prognosis and response to 
immunotherapy by modulating immune cells and immune pathways [32]. Furthermore, CHRNA6 is implicated in the 
prognosis of breast cancer and head and neck squamous cell carcinoma (HNSCC) [30, 33]. Cannabinoid receptor 2 (CNR2), 
predominantly expressed in the immune system, plays a central role in cancer initiation and progression [34]. In breast 
cancer, downregulation of CNR2 expression correlates with poor prognosis. Additionally, CNR2 may inhibit breast cancer 
cell proliferation and promote apoptosis through the PI3K/Akt signaling pathway [35]. Similarly, CNR2 was found to 
inhibit colon tumor formation through immune regulation, also correlating with prognosis [36]. Laminin subunit beta 1 
(LAMB1), a key non-collagenous component of the ECM, is involved in tumor metastasis and poor prognosis in various 
cancers, including hepatocellular carcinoma and gastric cancer [37, 38]. LAMB1 expression is elevated in NPC and sig-
nificantly linked to an immunosuppressive tumor microenvironment. Moreover, LAMB1 promotes the proliferation, mi-
gration, and invasion of NPC cells, correlating with poorer PFS [39]. Monoamine oxidase B (MAOB) has been shown to 
inhibit epithelial-mesenchymal transition and induce apoptosis by targeting the ERK1/2 signaling pathway in HNSCC [40]. 
High MAOB expression suppresses proliferation, migration, and invasion of prostate cancer cells and correlates with a 
favorable prognosis [41]. Preclinical and clinical studies have demonstrated that smoking significantly inhibits MAOB 
activity [42]. Nicotine, the primary psychoactive compound in tobacco, may indirectly promote tumor progression by 
inhibiting MAOB activity. Laminin subunit beta 3 (LAMB3), expressed in various cancers, plays a role in tumorigenesis. 
In NPC, LAMB3 expression is upregulated in both cells and tissues, and knockdown of LAMB3 promotes apoptosis and 
reduces radioresistance in NPC cells [43]. Similarly, LAMB3 expression is upregulated in thyroid cancer and HNSCC, 
where it is associated with lymph node metastasis and poor prognosis [44, 45]. These findings strongly support the validity 
of our research, further confirming its scientific merit and reliability.  

This study further explored the potential interactions between four core targets and nicotine through molecular docking. 
The results demonstrated that nicotine binds strongly to these targets, suggesting that its biological effects may be mediated 
through interactions with them. The tumor microenvironment plays a pivotal role in the onset, progression, and prognosis 
of NPC [5]. scRNA-seq analysis revealed significant differences in the distribution of four core genes (CHRNA6, CNR2, 
LAMB1, and MAOB) across various cell types. Based on these observations, altered interactions between cell types and 
distinct expression patterns of core genes may contribute to tumor progression. Future studies should further investigate 
the interaction mechanisms between these genes in tumor cells and immune cells. Additionally, detailed functional studies 
of these four genes, particularly their relationship with serum nicotine levels in patients with NPC, are warranted. 

5. Conclusion 
By integrating network toxicology, machine learning, molecular docking, molecular dynamics simulations, and scRNA-
seq, this study systematically elucidated the potential link between nicotine and NPC. The findings highlighted that five 
key genes (CHRNA6, CNR2, LAMB1, LAMB3, and MAOB) may serve as crucial mediators connecting nicotine to NPC 
development. These insights offer valuable theoretical contributions to understanding the molecular mechanisms by which 
nicotine influences NPC progression and provide important references for environmental health science and public health 
policy. 
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Appendix (Supplementary Information) 
Supplementary Table S1: The toxicity prediction of nicotine  
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Supplementary Table S2: 132 nicotine-related targets 
132 nicotine-related targets. 
NAPRT HDAC1 RPS6KA5 
CHRNB2 HDAC4 MGAM 
CHRNB4 HTR2B SI 
CHRNA3 CYP19A1 KCNA5 
CHRNA4 HSD11B1 TLR9 
CHRNA2 DRD3 TACR1 
CHRNA9 CHRM1 MC3R 
CHRNA6 CHKA EPHX1 
CHRNA5 OPRK1 CNR2 
CHRNA7 NAMPT OPRD1 
CHRNA10 HTR1A HSD17B1 
CHRNB3 HTR2A TAAR1 
CHRNB1 HTR7 MAOA 
CHRNA1 SLC6A2 MAOB 
HCAR3 SLC6A3 CXCR4 
ACMSD PNMT CCR3 
NMNAT1 KDM1A F11 
CHRND P2RX7 RBP4 
CHRNE PSENEN CHRM3 
HLCS NCSTN PRKX 
CRBN APH1A CCR2 
NECTIN1 PSEN1 EBP 
CHRNG APH1B CCR1 
LAMA1 PSEN2 DRD5 
LAMA2 ITGB3 HRH2 
LAMA3 ITGA2B KCNH2 
LAMA4 TBXAS1 NR1H3 
LAMA5 CTSD NR1H2 
LAMB1 BACE1 TERT 
LAMB2 CYP11B2 MPO 
LAMB3 OPRM1 NPEPPS 
LAMB4 MC1R HTR3A 
LAMC1 SLC18A3 TNKS2 
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LAMC2 CCR5 CNR1 
LAMC3 DRD4 CYP2C19 
HCAR2 DPP9 OPRL1 
NECTIN4 MC5R DRD2 
HRH3 MCHR1 ROCK1 
FDFT1 FAAH PKN1 
CHRM4 TRPV1 PRKCE 
CHRM2 GRM5 SLC6A4 
SIGMAR1 NISCH PTAFR 
SLC18A2 CCL2 ROCK2 
EPHX2 MYLK PKN2 


