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Multidimensional bioinformatics perspective
on smoking-linked driver genes and immune
regulatory mechanisms in non-small cell lung
cancer
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Abstract

Background Lung cancer, one of the leading causes of cancer-related morbidity and mortality worldwide, is strongly
associated with smoking as its primary carcinogenic factor. However, despite the strong link between smoking and
lung cancer, not all smokers develop the disease, suggesting that individual genetic susceptibility and molecular
mechanisms may play a critical role in the onset of lung cancer. Understanding the gene-driving mechanisms and
immune regulatory pathways involved in smoking-related lung cancer remains one of the key challenges in current
lung cancer research.

Methods This study employs an integrative bioinformatics approach to explore gene expression differences

and immune microenvironment characteristics between smokers with non-small cell lung cancer (NSCLC) and
normal individuals. First, smoking-linked lung cancer driver genes (SLDCGs) were identified, followed by Mendelian
Randomization (MR) and Summary-based Mendelian Randomization (SMR) analyses to further validate their causal
relationships. Next, public databases, including TCGA, GEO, and GTEx, were used to systematically analyze the
expression differences of SLDCGs across various clinical subgroups, and immune infiltration analysis was conducted to
explore their potential roles in the immune microenvironment of NSCLC.

Results The study identified HLA-J and PRMT7 as core driver genes for smoking-associated NSCLC. MR analysis
confirmed the potential causal relationship of HLA-J and PRMT7 in the development of NSCLC. Specifically, high
expression of PRMT7 was closely associated with the occurrence of NSCLC, while low expression of HLA-J was
implicated in immune evasion mechanisms in NSCLC. Additionally, immune microenvironment analysis revealed that
HLA-J enhances the activity of immune cells, particularly T cells, to promote tumor immune recognition, whereas
PRMT7 suppresses immune cell function, weakening immune surveillance and facilitating immune evasion.

Conclusion This study systematically reveals the molecular mechanisms of smoking-linked NSCLC through
multidimensional bioinformatics analysis, highlighting the key roles of SLDCGs in immune evasion. The discovery of
HLA-J and PRMT7 provides new theoretical foundations for targeted immunotherapy, with significant potential for
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early diagnosis and personalized treatment of smoking-induced NSCLC. Future research should focus on validating
these genes in clinical samples and exploring their potential in immunotherapy.

Keywords Non-Small cell lung Cancer, Smoking-Linked lung Cancer driver genes, Immune microenvironment,

Mendelian randomization, Bioinformatics

Background

Lung cancer remains the leading cause of cancer-related
incidence and mortality worldwide, posing a significant
threat to human health [1]. Smoking, recognized as the
primary risk factor for lung cancer, has been thoroughly
confirmed as a major carcinogenic influence [2, 3]. How-
ever, clinical observations reveal that not all long-term
smokers develop lung cancer. A subset of individuals
exposed to tobacco carcinogens over extended periods
does not manifest the disease [4]. This suggests that lung
cancer development is not solely attributed to external
environmental factors, like smoking but is also signifi-
cantly influenced by individual genetic backgrounds and
molecular regulatory mechanisms [5, 6]. Investigating the
genetic differences between smokers who develop lung
cancer and those who do not, and identifying potential
molecular driving mechanisms, is a crucial pathway to
better understanding the etiology of lung cancer.

Most existing research focuses on comparing the gene
expression profiles of lung cancer patients to those of
non-cancer individuals, aiming to uncover potential
pathogenic mechanisms through differential expres-
sion analyses [7]. While these studies provide founda-
tional knowledge of lung cancer-related molecules in
the general population, they fall short in elucidating
the role of smoking as a specific environmental factor,
especially regarding the genetic characteristics distin-
guishing smokers with lung cancer from those without.
Substantial evidence indicates that tobacco carcinogens
(e.g., benzola]pyrene and nitrosamines) contribute to
lung cancer development by inducing DNA damage and
inflammatory responses [8, 9]. However, individual vari-
ability in sensitivity to tobacco carcinogens implies that
genetic background may regulate the carcinogenic effects
of smoking through complex molecular mechanisms.

With the rapid advancement of high-throughput
sequencing technologies, databases such as TCGA, GEO,
and GTEx have laid a robust foundation for the system-
atic analysis of gene expression patterns and clinical fea-
tures in large-scale samples [10]. Utilizing these resources
enables the identification of differentially expressed genes
(DEGs) across various subgroups within the smoking
population and the exploration of their potential patho-
genic mechanisms. This study focuses on NSCLC in
smokers to investigate SLDCGs. By comprehensively
analyzing multidimensional data, this research delves
into the differences in gene expression between smok-
ers with NSCLC and healthy individuals, alongside their

clinical characteristics. Additionally, the MR method
and bioinformatics tools are employed to analyze SLD-
CGs from multiple perspectives, verifying their roles in
NSCLC development. This provides new evidence for
understanding the complex relationship between smok-
ing and NSCLC and offers a scientific basis for the precise
diagnosis and treatment of smoking-induced NSCLC.

Methods
The research methodology for this study is outlined in
Fig. 1.

Identification of SLDCGs

To identify SLDCGs, we performed differential expres-
sion analysis of gene expression data between NSCLC
patients and non-cancer smokers within the smoking
population and selected differentially expressed genes
(DEGs). Several methods were employed for valida-
tion, including MR analysis, SMR, and validation using
the TCGA dataset. The following selection criteria were
applied to the DEGs:

1) Initially, differentially expressed genes were
identified.

2) In the MR analysis, the inverse variance weighted
method (IVW) was used to assess the causal
relationship between genes and smoking-related
NSCLC. Genes showing significant causal effects
and consistent differential expression direction were
selected (i.e., upregulated DEGs with OR>1, and
downregulated DEGs with OR<1).

3) In the SMR analysis, further selection of DEGs was
conducted based on consistency with MR results and
significant causal relationships.

4) Differential expression analysis of the selected DEGs
was conducted using TCGA data, ensuring that the
expression direction in GEO data was consistent
with that in TCGA.

Acquisition of DEGs

We downloaded the GSE19027 dataset from the GEO
database (https://www.ncbi.nlm.nih.gov/geo/), which
includes gene expression data from smokers with and
without NSCLC. The dataset consists of 21 smoking
NSCLC samples, 30 smoking non-lung cancer samples,
and 9 non-smoker samples. Differential expression analy-
sis was performed using the DESeq2 package in R.
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Fig. 1 Research methodology flowchart

First, we analyzed the gene expression differences
between smoking NSCLC tissue (experimental group)
and smoking normal tissue (control group). Next, we
excluded the differentially expressed genes (DEGs)
between smoking NSCLC samples (experimental group)
and non-smoking normal tissue (control group). The
criteria for selecting DEGs were |log2FC| > 1 and a cor-
rected p-value<0. 05. Finally, we identified the DEGs
between NSCLC patients and non-cancer smokers in the
smoking population.

MR analysis of DEGs

We conducted a two-sample MR analysis to investi-
gate the relationship between DEGs (exposure) and
NSCLC(outcome). To ensure the reliability and accu-
racy of the results, the MR analysis must satisfy three key
assumptions:

1) The instrument variables must be strongly correlated
with the exposure, ensuring that they can effectively
reflect changes in exposure and thus infer causal
relationships.

2) There should be no confounding factors between
the instrument variables and the outcome, ensuring
that causal inference is not affected by unobserved
factors.

3) The instrument variables should only influence
the outcome through the exposure, satisfying
the “exclusion restriction assumption” to exclude
potential pleiotropic effects.

Exposure data sources This study utilized data provided
by the eQTLGen Consortium [11], a large-scale collabor-
ative project designed to identify and analyze cis-expres-
sion quantitative trait loci (cis-eQTLs) by integrating
whole-genome expression data from multiple European
blood samples. These data, derived from joint analyses of
several cohorts, have a large sample size, enhancing statis-
tical power and the reliability of the results. We obtained
the latest DEGs cis-eQTL data from the eQTLGen Con-
sortium (https://eqtlgen.org/cis-eqtls. html), which prima
rily covers gene expression and genetic variation associa-
tions in blood samples.

Outcome data sources For the outcome data of NSCLC,
a genome-wide association study (GWAS) was conducted
using a generalized linear mixed model to analyze NSCLC
(including bronchial and NSCLCs). The study was based
on 2, 120 NSCLC cases and 454, 228 control samples of
European ancestry, with a total sample size of 456, 348
individuals, primarily from the UK. The study employed
genome-wide genotyping arrays and genotype imputation


https://eqtlgen.org/cis-eqtls

Ouyang et al. Journal of Translational Medicine (2025) 23:330

techniques to identify genetic loci significantly associated
with NSCLC.

Data selection and MR analysis In this study, we strictly
followed the following criteria to select DEGs cis-eQTLs
as instrument variables for the MR analysis:

1) Selection of SNPs: SNPs (cis-eQTLs) significantly
associated with DEGs expression were chosen,
with p-values below the genome-wide significance
threshold (p<5. 0x 107®), ensuring that the selected
SNPs had sufficient statistical significance in their
association with gene expression, thus reducing the
risk of false positives.
Linkage Disequilibrium (LD) Control: To minimize
the impact of LD on multiple correlations, the LD
threshold was set at r* < 0. 1, retaining only those
SNPs that did not have strong correlations with the
target SNP, thereby avoiding confounding due to LD.
3) Clustering Window: The clustering window was set
to 10, 000 kb to ensure that the selected SNPs were
physically close to the target gene, thus increasing
the credibility of their role as regulatory SNPs [12].
4) F-Statistic Selection: To prevent “weak instrument
bias, " only SNPs with an F-statistic greater than
20 were retained as instrument variables. A higher
F-statistic indicates a stronger association between
the SNP and the exposure, improving the reliability
of causal inference [13].

2

~

In this study, we employed the IVW method [14]as the
primary analytical approach to assess the causal rela-
tionship between the exposure and outcome. Addition-
ally, four supplementary methods were used: MR-Egger
regression [15], weighted median method, weighted
mode, and simple mode [16]. In the primary analysis, we
calculated the Wald ratio estimate for each genetic vari-
ant and assessed potential heterogeneity using Cochran’s
Q test. If the p-value >0. 05. we assumed no heterogene-
ity between SNPs and used the fixed-effect IVW model.
If the p-value <0. 05, we assumed heterogeneity and used
the random-effect IVW model [17]. Moreover, a leave-
one-out analysis was conducted to evaluate the impact of
removing each SNP on the results, testing the sensitivity
of the findings. To further assess pleiotropy. The intercept
from MR-Egger regression and potential pleiotropy were
assessed using the MR-Presso method, which evaluates
residuals and outliers. When the P-value is greater than
0.05, it indicates the absence of pleiotropy.

SMR analysis of DEGs
Building on the significant results from the MR analy-
sis, this study used the SMR method to further validate
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the reliability of DEGs as SLDCGs. The data for the
SMR analysis were sourced from the 8th version of the
GTEx project (GTEx_V8). The GTEx project aims to
reveal how genomic variations influence gene expres-
sion by analyzing gene expression across various
human tissues. The GTEx_V8 dataset includes gene
expression data from 54 different tissues across nearly
1, 000 donors and is one of the most comprehensive
cross-tissue gene expression resources available. This
study specifically focused on the eQTL data from blood
samples and lung tissues in GTEx_V8 to investigate the
relationship between gene expression and genetic vari-
ation in these tissues.

In the analysis, we selected SNPs(p-value<5.0x107%,
MAF >1%) significantly associated with the expression
of the target genes as instrument variables to infer the
causal relationship between gene expression and disease.
The HEIDI test was used to compare the contribution
of different SNP instrument variables to the association
between target gene expression and phenotypes (such as
disease), evaluating whether these SNPs share the same
causal effect. If the HEIDI test shows significant hetero-
geneity (p-value <0. 01), it suggests that the signal may be
influenced by pleiotropy.

DEGs expression differential analysis and identification of
SLDCGs

In this study, RNA-seq data processed using the STAR
pipeline were downloaded and organized from the TCGA
database (https://portal.gdc.cancer. gov) for the TCGA-L
UAD and TCGA-LUSC projects, and TPM format data
were extracted for analysis. The study performed sepa-
rate analyses for non-paired and paired samples.

1) Non-paired sample analysis: This analysis compared
gene expression differences between tumor tissues
from NSCLC patients and normal tissues from
healthy control groups. Independent T-tests were
used when the assumptions of normality and
homogeneity of variance were met. If normality
was satisfied but homogeneity of variance was not,
Welch’s T-test was applied. When normality was not
met, the Wilcoxon rank-sum test was used.

2) Paired sample analysis: This analysis compared gene
expression differences between tumor tissues and
adjacent non-tumor tissues from the same patient.
A paired T-test was used when both normality and
homogeneity of variance assumptions were met. If
normality was satisfied but homogeneity of variance
was not, a paired Welch’s T-test was applied. When
normality was not met, the Wilcoxon signed-
rank test was used. Finally, the DEGs that met the
selection criteria were identified as SLDCGs.
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Expression characteristics and clinical application analysis
of SLDCGs in NSCLC

Correlation analysis of SLDCGs expression with different
populations and clinical features

To further investigate the expression specificity of SLD-
CGs in different populations and their pathogenic rel-
evance across various cancer types, we analyzed the
correlation between SLDCGs expression and multiple
clinical features using the TCGA-LUAD and TCGA-
LUSC datasets. The clinical variables included smoking
status (smokers: 95 cases; non-smokers: 928 cases), years
of smoking (240 years: 476 cases; <40 years: 325 cases),
tumor type (squamous cell carcinoma: 505 cases; adeno-
carcinoma: 544 cases), age (>65 years: 572 cases; <65
years: 449 cases), sex (male: 626 cases; female: 423 cases),
and race (Asian: 17 cases; Black or African American:
87 cases; White: 764 cases). When the variables met the
assumptions of normality and homogeneity of variance,
an independent T-test was used. For variables meet-
ing normality but failing the homogeneity of variance
assumption, Welch’s T-test was applied. Non-normally
distributed variables were analyzed using the Wilcoxon
rank-sum test.

Clinical prognosis analysis

To assess the potential impact of SLDCGs on patient
prognosis, Fragments Per Kilobase of transcript per Mil-
lion mapped reads (FPKM) data were extracted from the
TCGA-LUAD and TCGA-LUSC datasets to standard-
ize gene expression levels. Additionally, detailed clinical
information and prognosis data for the patients, includ-
ing overall survival (OS), disease-free survival (DFS), and
progression-free interval (PFI), were collected. Statisti-
cal analysis was performed using the survival package in
R, and the Cox proportional hazards model was used to
evaluate the impact of SLDCGs on patient prognosis.

Binary classification diagnosis

The potential diagnostic value of SLDCGs in NSCLC
was assessed by constructing receiver operating char-
acteristic (ROC) curves based on the TCGA-LUAD and
TCGA-LUSC datasets and calculating the area under the
ROC curve (AUC). The AUC value ranges from 0. 5 to
1, with an AUC closer to 1 indicating a higher diagnos-
tic efficiency in distinguishing the normal group from
the tumor group. The analysis was performed using the
pROC package in R.

Enrichment analysis and Protein-Protein interaction network
construction

The potential biological functions of SLDCGs in NSCLC
were explored through functional enrichment analysis
using Gene Ontology (GO) and the Kyoto Encyclope-
dia of Genes and Genomes (KEGG). The GO analysis
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covered three aspects: Biological Process (BP), Molecular
Function (MF), and Cellular Component (CC), to system-
atically reveal the molecular-level functions of SLDCGs
and the key biological processes they are involved in.
The KEGG pathway analysis focused on the enrichment
of SLDCGs in known metabolic and signaling pathways,
providing support for their potential mechanisms. Addi-
tionally, a Protein-Protein Interaction (PPI) network was
constructed to further elucidate the interaction patterns
of proteins encoded by SLDCGs. The PPI network was
generated using the STRING database (https://string-db
.org), with a confidence score threshold set at 0. 5 as the
minimum interaction threshold, and all other parameters
set to default [18], This network serves as a candidate
resource for subsequent functional validation.

Molecular docking

This study utilized molecular docking simulation meth-
ods to investigate the interactions between several
tobacco carcinogens, including 4-(Methylnitrosamino)-
1-(3-pyridyl)-1-butanone, 4-Aminobiphenyl, Acrolein,
and N’-Nitrosonornicotine, with PRMT7 and HLA-J
proteins. The molecular structures of all carcinogen com-
pounds were obtained from PubChem (https://pubche
m.ncbinlm.nih.gov/), and the protein structures of SLD
CGs were retrieved from the AlphaFold Protein Struc-
ture Database (https://alphafold.ebi.ac.uk/). Molecular
docking simulations were performed using AutoDock-
Tools-1.5.7 software to calculate the binding modes,
binding free energies (AG), and potential functional
impacts of these compounds with the target proteins.

SLDCGs in NSCLC immune microenvironment and immune
downstream mechanisms: mediation MR analysis

SLDCGs immune infiltration analysis

Based on RNA sequencing data from the TCGA data-
sets for LUAD and LUSC projects, we extracted gene
expression data in TPM format and conducted an in-
depth analysis of the immune microenvironment using
immune infiltration algorithms. Immune infiltration
scores were calculated using the Single-sample Gene
Set Enrichment Analysis (ssGSEA) algorithm, as pro-
posed by Hénzelmann et al. [19]. implemented through
the GSVA R package. The analysis was based on 24
immune cell marker gene sets defined by Bindea et al.
[20]. The immune cell infiltration scores were calculated
for each sample. Correlation analysis was performed
using Spearman’s rank correlation test, associating the
immune infiltration score matrix with SLDCGs gene
expression data. This analysis aimed to assess the poten-
tial regulatory role of differentially expressed genes in
immune cell infiltration. To ensure the reliability of the
results, multiple testing correction was applied to the
significantly correlated results.
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Expression and annotation of SLDCGs in single-cell
subpopulations

This study analyzed single-cell RNA sequencing data
from 14 untreated NSCLC patients in the GSE99254
dataset from the GEO database. The dataset contains
a total of 12, 346 T cells from tumor, adjacent nor-
mal tissue, and peripheral blood samples. Data pre-
processing was performed using the Seurat package,
which involved filtering low-quality cells and normal-
izing the data. Principal component analysis (PCA) was
then used to extract the primary features, followed by
t-SNE dimensionality reduction for cell visualization
and clustering. The T cells were categorized into dif-
ferent subpopulations. The expression differences of
SLDCGs across different cell subpopulations were ana-
lyzed using the Wilcoxon rank-sum test, and the mean
expression distribution of genes within each subpopu-
lation was visualized using bar plots.

Mediation MR analysis of SLDCGs influencing immune
downstream mechanisms in NSCLC

Multivariable MR analysis was employed to assess
the potential mediating effect of immune cells in the
relationship between SLDCGs and NSCLC Specifi-
cally, the IVW method was used as the primary analy-
sis tool to estimate the impact of SLDCGs on immune
cells (B,). A multivariable MR model was then applied
to assess the role of each immune cell in modulating
NSCLC risk, while adjusting for the genetic effects of
SLDCGs (B,).

To calculate the indirect mediation effect of SLDCGs
on NSCLC, the product of coefficients method was
used. This approach evaluated the causal effect of SLD-
CGs on NSCLC through immune cells as intermediar-
ies (B1 x P2). The direct effect (B;) represents the total
effect of SLDCGs on NSCLC, while the indirect effect
quantifies the influence of immune cells on this rela-
tionship. The total effect is the sum of the direct and
indirect effects (Bs + P1 x P.). Additionally, the ratio of
the indirect effect to the total effect ([f; x P2 / (Ps + P
x B2)]) was calculated to quantify the mediating contri-
bution of each immune cell in the relationship between
SLDCGs and NSCLC. This ratio reflects the immune
cells’ mediation effect in the connection between SLD-
CGs and NSCLC.

The exposure data for 731 immune cells were sourced
from GWAS databases. Tool variables were selected
based on P<5x107%, r* < 0. 01, and a distance window
set at 10, 000 kb, ensuring the reliability and validity of
the selected instrumental variables. By combining multi-
variable Mendelian Randomization methods, this study
deeply explored the regulatory role of SLDCGs in the
immune environment and their involvement in the devel-
opment and progression of NSCLC.
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Results

Identification of SLDCGs

Acquisition of DEGs

Using the selection criteria of |log2FC| > 1 and cor-
rected P<0. 05, a total of 95 differentially expressed genes
(DEGs) were initially identified. Among these, 30 genes
were upregulated and 65 genes were downregulated in
NSCLC Volcano plots (Fig. 2a), differential ranking plots
(Fig. 2b), and heatmaps (Fig. 2d) were generated to visu-
alize these results. A Venn diagram (Fig. 2c) displayed the
overlap of DEGs between smoking NSCLC tissues and
smoking normal tissues, excluding 13 DEGs from the
comparison between NSCLC and non-smoking normal
tissues. Detailed results of the differential analysis are
provided in Supplementary Table 1.

MR analysis of DEGs

A MR analysis was performed on the 82 significantly
differentially expressed genes identified in the initial
screening. The results showed that 41 of the DEGs did
not have valid instrument variables. Among the remain-
ing 41 DEGs, 3 genes were selected for further analysis
based on the screening criteria: HLA-J (OR=0. 889, 95%
CI=0. 792-0. 997, P=0. 045) was identified as a protec-
tive factor with decreased expression in NSCLC tissues;
HNRNPF (OR=0. 791, 95% CI=0. 655-0. 955, P=0. 015)
was also identified as a protective factor with decreased
expression in NSCLC tissues; PRMT7 (IVW OR=1. 326,
95% CI=1.152-1. 527, P<0. 001) was identified as a risk
factor with increased expression in NSCLC tissues. Fig-
ure 2e presents these results, and detailed MR, hetero-
geneity, and horizontal pleiotropy results are provided in
Supplementary Table 2.

SMR analysis of DEGs

The SMR results indicated that the expression of HLA-]
and PRMT7 in lung and blood tissues was significantly
associated with NSCLC susceptibility, and the direc-
tion of these results was consistent with those from the
MR analysis. Additionally, the HEIDI test did not detect
significant heterogeneity (detailed information in Sup-
plementary Table 3). However, no relevant data for the
HNRNPF gene were found in either lung or blood tissue.

DEGs differential expression analysis and identification of
SLDCGs

The expression analysis of HLA-J, PRMT7, and HNRNPF
showed that the expression of HLA-] was significantly
lower in NSCLC tissues compared to normal tissues
(P<0. 001), while PRMT7 expression was significantly
higher in NSCLC tissues (P<0. 001). Additionally,
HNRNPF expression was also significantly higher in
NSCLC tissues (P<0. 001). Figure 2f visually presents
the median expression differences of these three genes
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MR Results for the genes HLA-J, PRMT7, and HNRNPF, with the x-axis representing Odds Ratios (OR) and the vertical line representing the null effect line
(OR=1). Red dots represent the OR values for each analysis method, with the horizontal line indicating the 95% confidence interval. (f) Box Plot of gene
expression in non-paired samples, showing the median gene expression levels and inter-group differences. (g) Scatter Plot of gene expression in paired
samples, where each tumor tissue sample (red dot) is connected to its corresponding normal tissue sample (blue dot), further clarifying the significant
intra-individual gene expression differences

between the two groups, and Fig. 2g shows the expres-  with those from the MR analysis and differential expres-
sion trends in paired samples, both demonstrating statis-  sion analysis. As a result, HNRNPF was excluded from
tically significant differences. While HNRNPF expression  subsequent SLDCGs screening. In contrast, the expres-
was significantly higher in NSCLC tissues compared to  sion patterns of PRMT7 and HLA-] further support their
normal tissues, its directional findings were inconsistent  potential roles in NSCLC development, reinforcing the
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reliability of HLA-J and PRMT?7 as potential NSCLC sus-
ceptibility genes. Detailed statistical descriptors are pro-
vided in Supplementary Table 4.

Expression characteristics and clinical application analysis
of SLDCGs in NSCLC

Correlation analysis of SLDCGs expression with different
populations and clinical features

The results of the correlation analysis between SLDCGs
and clinical features showed that the expression of HLA-]
was significantly higher in female patients compared to
male patients (P<0. 001). Additionally, low expression
of HLA-]J was significantly associated with smokers and
individuals with a longer smoking duration (>40 years)
(P<0.001, P<0. 05). Regarding tumor types, high expres-
sion of PRMT7 was significantly associated with squa-
mous cell carcinoma (P<0. 01), while high expression
of HLA-] was significantly associated with adenocarci-
noma (P<0. 001). However, no significant expression dif-
ferences of SLDCGs were observed across racial or age
groups (Fig. 3). Detailed results are provided in Supple-
mentary Table 5.

Clinical prognosis analysis

Survival prognosis results indicated that high expression
of HLA-] significantly prolonged patients’ overall survival
(OS) (HR=0. 80, 95% CI: 0. 65-0. 97, P=0. 027). Specifi-
cally, the median OS for patients with low expression of
HLA-J was 48. 7 months (95% CI: 40. 3—-56. 9), while the
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median OS for patients with high expression of HLA-]
was 56. 6 months (95% CI: 48. 2-85. 8). These findings
suggest that high expression of HLA-] may serve as a
protective factor for better prognosis in NSCLC patients.
Detailed results are shown in Fig. 4.

Enrichment analysis, Protein-Protein interaction network
construction, and binary classification diagnosis

GO functional enrichment analysis (Fig. 5a) further
revealed the significant biological functions of the dif-
ferentially expressed genes. SLDCGs were significantly
involved in key processes such as histone methyla-
tion, arginine methyltransferase activity, and genomic
imprinting regulation. These functional enrichment
results suggest that the differentially expressed genes
may regulate NSCLC-related gene expression and cel-
lular functions through epigenetic pathways. Detailed
results are provided in Supplementary Table 6.

In the PPI network analysis (Fig. 5b), PRMT7 formed
a dense interaction network with several epigenetically
related proteins, such as PRMT5 and FBL, indicating
that PRMT7 may play a role in NSCLC development and
progression by regulating epigenetic pathways, includ-
ing histone modification and RNA methylation. Detailed
results are provided in Supplementary Table 7. HLA-] did
not show significant regulatory protein associations in
the PPI network.

In the diagnostic ROC curve analysis, the AUC val-
ues for PRMT7 and HLA-J] were 0. 740 and 0. 789,
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HLA-J and PRMT7 genes across different racial groups. (b) Expression levels of HLA-J and PRMT7 genes across different age groups.
HLA-J and PRMT7 genes across different sexes. (d) Correlation between HLA-J and PRMT7 gene expression and smoking status. (e

) Expression levels of
Correlation between

HLA-J and PRMT7 gene expression and years of smoking. (f) Expression levels of HLA-J and PRMT7 genes in different NSCLC types
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respectively, indicating that both genes have strong pre-
dictive power for NSCLC diagnosis (Fig. 5¢).

Molecular Docking

The molecular docking simulation results showed that
the binding free energy of 4-(Methylnitrosamino)-
1-(3-pyridyl)-1-butanone with the PRMT7 protein was
AG = -5. 71 kcal/mol, 4-Aminobiphenyl with PRMT7
was AG = -6. 52 kcal/mol, and N’-Nitrosonornicotine
with PRMT7 was AG = -7. 19 kcal/mol. Similarly, the
binding free energy of 4-(Methylnitrosamino)-1-(3-
pyridyl)-1-butanone with HLA-] was AG = -4. 86 kcal/
mol, 4-Aminobiphenyl with HLA-] was AG = -5.
18 kcal/mol, and N’-Nitrosonornicotine with HLA-]
was AG = -4. 57 kcal/mol. These results suggest that
tobacco carcinogenic compounds interact with key
residues of SLDCGs. Detailed values of binding energy
and the number of hydrogen bonds for the molecular
docking are presented in Fig. 5d, with docking visual-
ization shown in Fig. 5e and L

SLDCGs in NSCLC immune microenvironment and immune
downstream mechanisms: mediation MR analysis
SLDCGs immune infiltration analysis
The immune infiltration analysis revealed that in samples
with high expression of HLA-], the infiltration levels of
antigen-presenting cells (including aDC and iDC) and
macrophages were significantly increased (P<0. 001).
Additionally, high expression of HLA-] was significantly
associated with an increased level of regulatory T cell
(Treg) enrichment (P<0. 001). Simultaneously, HLA-]
high expression was also accompanied by a significant
increase in the infiltration levels of effector immune cells,
such as CD8+ T cells and effector memory T cells (Tem)
(P<0. 01). Overall, HLA-J may play an important role in
tumor immune recognition and cytotoxicity by promot-
ing the function of antigen-presenting cells and enhanc-
ing the activity of effector T cells.

In contrast, in the PRMT7 high-expression group,
the infiltration levels of effector immune cells, such as
CD8+T cells and effector memory T cells (Tem), were
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Fig. 5 (See legend on next page.)
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(See figure on previous page.)

Fig. 5 Analysis of SLDCGs and Molecular Docking Results. (@) GO Enrichment Analysis of SLDCGs: Includes Biological Process (BP), Cellular Component
(CC), and Molecular Function (MF). In the bubble chart, the size of each bubble represents the number of genes associated with each GO term. Larger
bubbles indicate a greater number of genes enriched in the term, suggesting a closer relationship with the study objectives. The color of the bubbles
reflects the significance level, with darker blue indicating a higher likelihood of statistical significance (smaller P value). (b) PPl Network of PRMT7: The
color and thickness of the lines represent the combined_score values of the interactions (ranging from 0. 5 to 0. 9). () ROC Curve Analysis for HLA-J and
PRMT? Genes: The AUC value ranges from 0. 5 to 1, where a higher AUC value closer to 1 indicates greater diagnostic ability to distinguish between the
normal and tumor groups. (d) Visualization heatmap of binding energy absolute values and hydrogen bond counts for molecular docking. (e) Docking
results of 4-(Methylnitrosamino)-1-(3-pyridyl)-1-butanone with HLA-J protein. (f) Docking results of 4-Aminobiphenyl with HLA-J protein. (g) Docking
results of Acrolein with HLA-J protein. (h) Docking results of N'-Nitrosonornicotine with HLA-J protein. (i) Docking results of 4-(Methylnitrosamino)-1-(3-
pyridyl)-1-butanone with PRMT7 protein. (j) Docking results of 4-Aminobiphenyl with PRMT7 protein. (k) Docking results of Acrolein with PRMT7 protein.

(I) Docking results of N'-Nitrosonornicotine with PRMT7 protein

significantly reduced (P<0. 01). The infiltration levels
of immune-suppressive cells, such as macrophages and
aDC, were also reduced, and the enrichment of Treg cells
significantly decreased (P<0. 05). These results suggest
that PRMT7 may play a crucial role in tumorigenesis and
progression by promoting immune suppression. Detailed
results are shown in Fig. 6a and e, with data presented in
Supplementary Table 8.

Expression and annotation of SLDCGs in Single-Cell
subpopulations

In the single-cell subpopulation expression analysis of
the HLA-] gene, the results in Fig. 6f and g showed that
HLA-] expression was not significantly concentrated in a
specific type of T cell subpopulation but exhibited high
expression in certain single cells in localized regions. Fig-
ure 6g shows that HLA-] expression was lowest in the
monocyte/macrophage group (Mono/Macro), while the
average expression level in Treg cells was significantly
higher than in other cell populations. These findings
suggest that HLA-] may participate in immune regula-
tion within the tumor microenvironment through finely
tuned high expression in specific cell populations.

The single-cell analysis of PRMT7 expression fur-
ther revealed its distribution characteristics in different
cell subpopulations. Results in Fig. 6f and h show that
PRMT?7 expression was significantly higher in the Tpro-
lif (proliferating T cells) population compared to other
groups. Taken together, PRMT7 may enhance the activity
of proliferating T cells, regulate the immune function of
exhausted T cells, and influence the behavior of immune-
suppressive Treg cells.

Mediation MR analysis of SLDCGs influencing immune
downstream mechanisms in NSCLC

In the MR analysis based on the IVW method, two
immune cell subpopulations, “HLA DR on B cells” and
“CD8 on CD39+CD8br’, were identified as having a
significant causal relationship with HLA-J and NSCLC.
“HLA DR on B cells” belongs to the Treg subpopulation,
and “CD8 on CD39+CD8br” belongs to another sub-
population. In the mediation effect analysis, the study
explored the regulatory mechanism by which the HLA-]

gene influences the risk of NSCLC through “HLA DR
on B cells” and “CD8 on CD39+CD8br” The analysis
revealed that the total effect of HLA-J on NSCLC risk was
negative (beta_all = -0. 1179). The indirect effect through
the mediator “HLA DR on B cells” was - 0. 032 (95% CI:
-0. 057, -0. 007, P=0. 012), which accounted for 21. 25%
of the total effect, indicating that the indirect effect is
significant, though relatively small. The direct effect was
—0. 086, accounting for the majority of the total effect.
Similarly, in the analysis with “CD8 on CD39 + CD8br” as
the mediator, the indirect effect was —0. 0330 (95% CI:
-0. 0628, -0. 0031, P=0. 031), accounting for 21. 85% of
the total effect, which was statistically significant. The
direct effect was —0. 0849, remaining the dominant con-
tribution pathway, as shown in Table 1. These results sug-
gest that the protective effect of HLA-J on NSCLC risk
is mainly mediated through the direct effect. Although
the mediation effect is not the primary pathway through
which HLA-J influences NSCLC, it still plays an impor-
tant role in the immune regulatory mechanisms.

Discussion

This study, by integrating data from multiple public
databases, provides a deep exploration of the poten-
tial molecular mechanisms underlying smoking-related
NSCLC. By analyzing the genetic differences between
smoking NSCLC patients and non-cancerous smokers,
we identified potential SLDCGs (HLA-J] and PRMT?7),
further revealing the critical role of the immune micro-
environment in smoking-related NSCLC. The key contri-
bution of this study lies in systematically integrating data
and using causal inference to clarify the potential role of
SLDCGs in the development of NSCLC, thereby offer-
ing potential new targets for immunotherapy and tar-
geted therapies. Through this research, we aim to provide
novel biomarkers for the early diagnosis and personalized
treatment of NSCLC, as well as important theoretical
support for the study of molecular mechanisms in smok-
ing-related NSCLC.

HLA-J is a relatively under-researched gene and a
member of the HLA family. HLA molecules play a key
role in tumor immune surveillance and antigen presen-
tation, acting as critical factors in T-cell recognition of
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Fig. 6 Immune Cell Infiltration Analysis and Correlation Study of PRMT7 and HLA-J Genes. (a-b) Box plots comparing the immune cell enrichment levels
between high and low expression groups of PRMT7 (a) and HLA-J (b). Each box plot represents the immune cell infiltration scores for the high expres-
sion group (red) and low expression group (blue). The middle line indicates the median, and the upper and lower box boundaries represent the upper
and lower quartiles. (c-d) Scatter plots showing the correlation between PRMT7 (c) and HLA-J (d) gene expression and immune cell infiltration levels.
Each point represents an immune cell type, with the point size indicating the significance of the correlation (-log10 of P value). The color of the points
represents the direction and strength of the correlation: red indicates a positive correlation, and blue indicates a negative correlation. The intensity of
the color reflects the strength of the correlation (the higher the absolute value, the darker the color). The x-axis represents the correlation coefficient.
(e) Immune Correlation Heatmap: Each small square represents the correlation coefficient between molecules and cells. Darker colors indicate stronger

correlations between the variables. Significance levels are indicated as

*(P<0.05),** (P<0.01),** (P<0.001). (f) t-SNE plot showing the distribution of

major cell types in the single-cell RNA sequencing data. Different colors represent the six major cell subpopulations. (g) t-SNE plot showing the expression
distribution of the HLA-J gene in single cells. The bar graph quantifies the average expression levels of HLA-J in different cell subpopulations. (h) t-SNE
plot showing the expression distribution of the PRMT7 gene in single cells. The color gradient from purple (low expression) to yellow (high expression)
represents the relative expression levels of the gene. The bar graph quantifies the average expression levels of PRMT7 in different cell subpopulations
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Table 1 Mediation MR analysis of SLDCGs influencing immune downstream mechanisms in NSCLC

Effect Type HLA DR on B cells CD8 on CD39 +CD8br
(Treg) (TBNK)

B2 —0.1179

B —0.223874,915 0.182,144,243

B, 0.142,144,391 —0.180,979,521

Mediation Effect 3 (95% a)yd —0.032 (-0.057,~0.007) —0.0330 (-0.063,-0.003)

Mediated Proportion (%)¢ 21.25% 21.85%

P_valuef 0.012 0.031

Total Effect? —0.1497 —0.1509

a: B3 = The causal effect of HLA-J on NSCLC

b: ;= The causal effect of HLA-J on HLA-DR expression on B cells; The causal effect of HLA-J on CD8+CD39 + CD8br cells
c: B, =The causal effect of HLA-DR expression on B cells on NSCLC; The causal effect of CD8 +CD39 +CD8br cells on NSCLC
d: Mediation effect=The indirect causal effect of SLDCGs on NSCLC through immune cells, represented by the product of 3, and 8,

e:The mediated proportion=The proportion of the indirect effect relative to the total effect, calculated as the ratio of indirect effect / total effect, [BxB,/ (Bs+B:1%PB>)]

f: P_value=The significance of the indirect effect, with P<0. 05 supporting the alternative hypothesis (presence of mediation effect)

g: Total Effect= (B + B4 X B2), the sum of the direct and indirect effects

tumor cells [21, 22]. These molecules are involved in the
immune evasion mechanisms of tumor cells, regulat-
ing the activity of T cells and B cells, thereby influencing
tumorigenesis and development [23]. As research into
immunotherapy deepens, HLA molecules, as potential
biomarkers and therapeutic targets, may open up new
pathways for improving treatment outcomes and sur-
vival prognosis in lung cancer patients [24]. The results
of this study show that HLA-J is a protective factor for
lung cancer. Its expression is significantly lower in tumor
tissues compared to normal tissues, and the expression of
HLA-]J is significantly correlated with immune cell infil-
tration in tumor tissues. Similar to other HLA molecules,
the low expression of HLA-] may enable tumor cells to
escape host immune surveillance, promoting tumor
growth and metastasis [22]. As a relatively novel HLA
molecule, the immune-regulatory and anti-tumor roles
of HLA-J are particularly noteworthy and warrant fur-
ther investigation.

PPRMT?7 is a member of the protein arginine methyl-
transferases (PRMTs) family. PRMTs regulate various
biological processes in cells through the arginine meth-
ylation of proteins, including gene expression, RNA
splicing, and cellular metabolism [25]. Alterations in
these processes are closely linked to the onset of vari-
ous diseases, especially in cancer development, where
the role of PRMTs cannot be overlooked [26]. Research
shows that PRMTs play an important role in processes
such as tumor cell proliferation, apoptosis, and metas-
tasis. Therefore, targeting PRMTs for cancer therapy
has become a key area of research [27]. PRMT7, as an
important enzyme, has been receiving increasing atten-
tion. Low expression of PRMT?7 is associated with tumor
size, degree of differentiation, and lymph node metastasis
[28]. Previous studies have found that PRMT7 interacts
with the PTEN protein, promoting its arginine methyla-
tion, which in turn inhibits the activation of the PI3K/

AKT signaling pathway, thereby suppressing cell prolif-
eration and migration [28]. In this study, the high expres-
sion of PRMT7 in lung cancer is particularly significant.
High expression of PRMT7 serves as a risk factor for lung
cancer and is highly expressed in lung cancer tissues.
PRMT7 may promote immune escape by methylating
specific transcription factors and inhibiting anti-tumor
immune responses, leading to the evasion of immune
surveillance by tumor cells [29].

This study, by analyzing the expression of SLDCGs
genes and their relationship with clinical features in
the TCGA dataset, reveals the expression specificity of
HLA-J] and PRMT?7 in different populations. For exam-
ple, HLA-J expression was significantly higher in female
patients compared to male patients. The influence of
estrogen in women may contribute to the differences in
HLA gene expression between males and females. This
discrepancy may lead to a stronger immune response in
women when facing NSCLC [30]. The low expression
of HLA-] is also significantly associated with smoking
behavior and longer smoking duration, suggesting that
HLA-J gene polymorphisms may play an important role
in the pathogenesis of smoking-related NSCLC [31].
Regarding tumor types, high expression of PRMT7 was
significantly associated with squamous cell carcinoma,
while high expression of HLA-] was significantly asso-
ciated with adenocarcinoma. This finding suggests that
the expression of HLA-J and PRMT?7 is also subtype-
specific in NSCLC, which may contribute to the ability
of tumor cells to evade host immune surveillance [32].
The diagnostic ROC analysis showed that SLDCGs have
high predictive value for early NSCLC diagnosis. Stud-
ies have found that in NSCLC, 61% of cases exhibit HLA
transcriptional repression [32]. In the Cox proportional
hazards regression model, high expression of HLA-J
was significantly associated with prolonged overall sur-
vival (OS) in patients, suggesting that high expression
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of HLA-] may be a protective factor for better progno-
sis in NSCLC patients, similar to the behavior of other
HLA molecules [33, 34]. Tumors with high HLA expres-
sion are often associated with better immune therapy
responses [35]. Functional analysis revealed that SLD-
CGs significantly participate in key epigenetic processes,
such as histone methylation, arginine methyltransferase
activity, and genomic imprinting regulation in NSCLC.
PRMT?7 forms an intensive interaction network with var-
ious epigenetically related proteins (such as PRMT5 and
FBL), suggesting that it may regulate the transcriptional
activity of NSCLC cells through epigenetic mechanisms,
thus promoting tumor progression [36]. Molecular dock-
ing indirectly confirmed the interaction between tobacco
carcinogens and key residues of SLDCGs proteins, indi-
cating that these interactions may alter the protein struc-
ture, disrupt its normal biological function, and promote
tumorigenesis and immune escape [37].

This study demonstrated the role of SLDCGs in the
NSCLC immune microenvironment through immune
infiltration analysis. High expression of HLA-] was sig-
nificantly associated with the infiltration of antigen-pre-
senting cells and effector immune cells, further revealing
that HLA-J, as a member of the HLA family, enhances
immune cell functions, thereby promoting tumor
immune recognition and immune effects [38]. In con-
trast, in the PRMT7 high-expression group, the infiltra-
tion of effector immune cells was significantly reduced,
suggesting that PRMT7 may promote immune escape
by inhibiting immune cell activity and weakening tumor
immune surveillance [39]. The annotation of T cell sub-
populations also suggested that HLA-] is primarily highly
expressed in Treg cells, while PRMT7 is significantly
expressed in proliferating T cells. Studies have found that
Treg cells can regulate the expression of HLA molecules
on antigen-presenting cells through cytokine secretion
and direct cell-cell contact. For example, in transplanta-
tion models, Treg cells inhibited the expression of HLA-
DR and HLA-DQ on microvascular endothelial cells,
reducing T cell stimulation and thereby alleviating graft
rejection responses [40]. Mediation MR analysis also
found that HLA-] exerts a significant protective effect on
NSCLC risk through both direct effects and immune cell-
mediated effects. Although the direct effect dominates,
the indirect effect mediated by immune cells also plays an
important role in the persistence and efficacy of the anti-
tumor immune response. These results provide theoreti-
cal support for targeted HLA-J tumor immunotherapy
and further deepen the understanding of the NSCLC
immune microenvironment [41].

This study systematically reveals the role of SLD-
CGs in the development of NSCLC and in the immune
microenvironment, exploring and validating SLDCGs
as carcinogenic biomarkers and functional mechanisms
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in smoking populations. This finding not only uncovers
the gene specificity in populations affected by smoking-
related NSCLC but also deepens our understanding of
the immune microenvironment in NSCLC develop-
ment. Furthermore, it provides new theoretical support
for immune therapeutic strategies targeting HLA-] and
PRMT7. However, there are certain limitations in this
study. First, while this study utilized publicly available
databases, the sample size analyzed was relatively small.
The limited sample size could affect the generalizabil-
ity and statistical power of the results. Future research
should increase the sample size to enhance the robust-
ness and reliability of the conclusions. Second, the patient
data from the public databases may include geographic
and ethnic differences, which limits the external valid-
ity of the study’s results. Patients from different regions
may exhibit distinct gene expression profiles, which
could influence the outcomes. Lastly, although this study
explored the mechanisms of SLDCGs gene function in
NSCLC development and their specificity in different
populations using a multi-dimensional approach, further
experimental validation is needed, especially in clinical
samples. Therefore, future studies should validate the
role of SLDCGs in the pathogenesis of smoking-related
NSCLC in larger clinical cohorts and explore their poten-
tial application in other types of cancer.

Conclusion

This study systematically explores the role of SLDCGs
in the development of NSCLC, their expression in spe-
cific populations, and their involvement in the immune
microenvironment. These findings provide new molecu-
lar insights into the understanding of NSCLC devel-
opment and immune escape mechanisms in smoking
populations and lay a theoretical foundation for the
development of SLDCGs-based immunotherapy and tar-
geted treatment strategies. However, further clinical vali-
dation and experimental studies are required to explore
their potential applications in early diagnosis, prognosis
assessment, and treatment of NSCLC.
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