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Abstract

Background Lung adenocarcinoma remains a leading cause of cancer-related mortality worldwide, characterized by high
genetic and cellular heterogeneity, especially within the tumor microenvironment.

Objective This study integrates single-cell RNA sequencing (scRNA-seq) with genome-wide association studies (GWAS)
using Bayesian deconvolution and machine learning techniques to unravel the genetic and functional complexity of lung
adenocarcinoma epithelial cells.

Methods We performed scRNA-seq and GWAS analysis to identify critical cell populations affected by genetic variations.
Bayesian deconvolution and machine learning techniques were applied to investigate tumor progression, prognosis, and
immune-epithelial cell interactions, particularly focusing on immune checkpoint markers such as PD-L1 and CTLA-4.
Results Our analysis highlights the importance of genes like SLC2A1, which regulates glucose metabolism and correlates
with tumor invasiveness and poor prognosis. Immune-epithelial interactions suggest a suppressive tumor microenvironment,
potentially hindering immune responses. Additionally, machine learning models identify core prognostic genes such as F12,
GOLMI, and S100P, which are significantly associated with patient survival.

Conclusions This comprehensive approach provides novel insights into lung adenocarcinoma biology, emphasizing the
role of genetic and immune factors in tumor progression. The findings support the development of personalized therapeutic
strategies targeting both tumor cells and the immune microenvironment.

Keywords Lung adenocarcinoma - Single-cell RNA sequencing - GWAS - Bayesian deconvolution - Machine learning

Introduction

Lung cancer remains one of the leading causes of cancer-
related deaths worldwide, with lung adenocarcinoma, in
particular, exhibiting a persistently high incidence among
non-smoking-related lung cancers. Each year, over 1.8 mil-
lion people die from lung cancer, and lung adenocarcinoma
is especially difficult to treat due to its complex biological
behavior and the individual variability in treatment response
(Wu et al. 2021; Shi et al. 2023). A major challenge in the
clinical treatment of lung adenocarcinoma is its marked het-
erogeneity, which manifests not only within tumor cells but
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also across various levels of the tumor microenvironment
(McKay et al. 2017; Hirz et al. 2023; Mao et al. 2024).
Single-cell RNA sequencing (scRNA-seq) technology
provides a unique perspective, allowing us to precisely
uncover this heterogeneity at the single-cell level (Zhang
et al. 2023a, b; Dai et al. 2019). By analyzing gene expres-
sion data from individual cells, researchers can identify
the presence of different cell populations within the tumor,
including tumor cells, immune cells, fibroblasts, and endo-
thelial cells (Kim et al. 2020; Ren et al. 2024; Feng 2023).
This intricate network of cells plays a critical role in the
progression, metastasis, and therapeutic response of lung
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adenocarcinoma (Zhang et al. 2023a, b; Passaro et al. 2022;
Sinjab et al. 2021). Particularly, single-cell technologies can
reveal dynamic changes in the tumor microenvironment,
such as how immune cells are recruited and manipulated
to aid tumor evasion, and how they either fight against or
support tumor growth (Cords et al. 2024; Qiao et al. 2024).

Furthermore, genome-wide association studies (GWAS)
have identified numerous genetic loci associated with lung
adenocarcinoma risk (Marjanovic et al. 2020; Montégut et
al. 2024). However, the functional roles of these loci—how
they influence gene expression and cellular behavior—can-
not be elucidated by GWAS alone (Xiang et al. 2024; Zhang
et al. 2024). By integrating scRNA-seq data with GWAS
results, we can gain deeper insights into how these genetic
variations affect gene expression in different cell types,
thereby revealing their biological significance (Li et al.
2022; Zhang et al. 2023a, b). For example, specific genetic
markers may regulate signaling pathways in immune cells,
influencing their behavior in the tumor microenvironment—
an understanding crucial for developing novel immuno-
therapeutic strategies (Palermo et al. 2023; Dhainaut et al.
2022).

In this study, we employed Bayesian deconvolution, an
advanced statistical method that allows us to accurately dis-
sect gene expression data from individual cell types within
mixed tissue samples. By combining scRNA-seq data from
lung adenocarcinoma patients with extensive GWAS data,
this technique enables us to directly observe the expression
patterns and impacts of specific genetic variants in different
cell types. This precision is particularly valuable for unravel-
ing the molecular mechanisms underlying complex diseases
like lung adenocarcinoma. Through Bayesian deconvolution
analysis, we identified cell populations affected by specific
genetic variants, and explored how these variants contribute
to lung adenocarcinoma progression and prognosis. Special
attention was given to key genes and pathways involved in
intercellular signaling, cell cycle regulation, and cell death.

Methods
Single-cell RNA sequencing data analysis

To explore cellular heterogeneity and its role in cancer pro-
gression, we performed a comprehensive analysis of single-
cell RNA sequencing (scRNA-seq) data using the Seurat
package (Butler et al. 2018). First, we loaded the scRNA-
seq data object af and conducted a thorough quality control
(QC) assessment. The QC metrics included the number of
detected features (nFeature RNA), the total RNA counts
(nCount RNA), the percentage of mitochondrial genes (per-
cent.mt), and the percentage of ribosomal genes (percent.

@ Springer

rb). These metrics were visualized through violin plots, and
scatter plots were used to show correlations between the QC
metrics to ensure data reliability.Subsequently, the data were
normalized using the LogNormalize method, and 2,000
highly variable genes were identified. These genes, which
are highly expressed in some cells and lowly expressed in
others, are critical for understanding functional differences
between cell types. Principal component analysis (PCA)
and t-distributed stochastic neighbor embedding (tSNE)
were then applied to reduce data complexity and visualize
the distribution of different cell types. In addition, batch
effects were corrected using the Harmony method, minimiz-
ing the impact of technical and biological variability on the
analysis results.Next, we performed cell clustering at vari-
ous resolutions using the FindClusters function, optimiz-
ing the resolution parameters to achieve the best clustering
outcomes. Cell annotation was conducted with the SingleR
package and human primary cell reference data from the
celldex dataset, identifying the identity of each cell cluster.
Manual annotation was further applied to confirm cell types,
using known marker gene lists for cell identification, which
were visualized through heatmaps and dot plots.For the
subsequent BayesPrism deconvolution analysis, a random
subset of cells from each cell subpopulation was selected to
generate the single-cell input file. Genes with high expres-
sion but low cell-type specificity, such as ribosomal protein
genes and mitochondrial genes, were excluded, along with
sex chromosome genes and lowly expressed genes. Finally,
the pre-processed single-cell matrix and cell annotation
information were saved, providing a foundation for further
analysis. We first performed quality control and normal-
ization of the single-cell RNA sequencing data. Using the
Seurat package, we preprocessed the raw data by filtering
out low-quality cells and identifying highly variable genes.
Dimensionality reduction was carried out using PCA and
t-SNE, allowing us to map the data into a low-dimensional
space and identify distinct cell populations, which were then
annotated to ensure the accuracy of each cell group. Based
on this foundation, we extracted the gene expression profiles
of each cell population, providing critical inputs for subse-
quent Bayesian deconvolution and GWAS data integration.

Integration of single-cell RNA sequencing and GWAS
Data

Next, we processed the GWAS data by filtering for genetic
variants associated with lung adenocarcinoma and extract-
ing key statistical information, including locus details, effect
sizes, and standard errors. To ensure compatibility with the
scRNA-seq data, we preprocessed the GWAS data using the
VariantAnnotation package, preparing it for the subsequent
scPagwas analysis.This study aims to integrate single-cell
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RNA sequencing (scRNA-seq) data with genome-wide
association study (GWAS) (Cui et al. 2023) data to explore
the relationship between gene expression and phenotypes in
lung cancer. The analysis workflow consists of data loading
and preprocessing, GWAS data handling, integration anal-
ysis, and result visualization.First, we loaded and prepro-
cessed the previously normalized, dimensionally reduced,
and clustered scRNA-seq data. The data were processed
using the Seurat package to ensure accurate annotation
and gene expression information for each cell type. Next,
we processed the GWAS data using the VariantAnnotation
package to read GWAS data files and convert them into a
format suitable for scPagwas analysis. Key fields such as
chromosomal location, variant ID, standard error (SE),
effect size (ES), and other essential fields were extracted
and saved as summary statistics. After necessary format
conversions, including information on minor allele fre-
quency (MAF), the data were prepared for use in scPagwas
analysis.We then performed the integrated analysis using
the scPagwas package (Ma et al. 2023), which combines
scRNA-seq and GWAS data. The main analysis function,
scPagwas_main, was executed by specifying the file paths
for the GWAS data and single-cell data, setting the analysis
parameters, and enabling multithreading for efficiency. This
step allowed the identification of genetic variants associated
with specific cell types, exploring their roles across different
cell types and their impact on phenotypes.Finally, the results
of the integrated analysis were visualized using the built-in
functions of the scPagwas package. Visualizations included
bar plots based on the Bootstrap method, distribution plots
of cell types by TRS scores, and scatter plots of trait-associ-
ated genes. These graphical representations help intuitively
understand how genetic variants influence the function and
phenotype of specific cell types, providing crucial insights
for further research.

TCGA data download, processing, and differential
gene expression analysis

In this study, we utilized the TCGAbiolinks package
(Colaprico et al. 2016) to download and process data from
The Cancer Genome Atlas (TCGA) for the lung adenocar-
cinoma (TCGA-LUAD) project. The specific steps included
retrieving gene expression quantification data using the
GDCquery function, followed by downloading and pre-
paring the data with the GDCdownload and GDCprepare
functions. Gene expression matrices, gene annotation infor-
mation, and clinical data were extracted and saved as CSV
files, while simple nucleotide variation (SNV) data were
downloaded and saved as Rdata files. These steps pro-
vided complete and accurate gene expression, annotation,
and clinical data, forming the foundation for subsequent

bioinformatics analyses.Next, differential expression analy-
sis was conducted using the DESeq2 package (Love et al.
2014) on the gene expression data downloaded from the
TCGA database. The preprocessing steps involved reading
and organizing the gene expression matrix and clinical infor-
mation, deduplicating the data, and extracting normal and
tumor samples to generate sample grouping information. A
DESeqDataSet object was constructed and normalized, after
which differential expression analysis was performed using
the DESeq function. This analysis calculated the log2Fold-
Change and adjusted p-values (padj) for each gene, identify-
ing significantly differentially expressed genes.To visualize
the results, we used the ggplot2 package to create a volcano
plot of the differentially expressed genes. In this plot, the
x-axis represents log2FoldChange, and the y-axis represents
-log10(padj), with significantly upregulated and downregu-
lated genes highlighted in distinct colors. Important genes
were further filtered and annotated in the plot.Additionally,
heatmaps were generated using the SummarizedExperiment
and sechm packages to display the expression patterns of
significantly upregulated and downregulated genes across
different samples. The gene expression data were log2-
transformed and standardized across both genes and sam-
ples to better illustrate differential expression patterns.

BayesPrism deconvolution analysis

The Bayesian deconvolution method was a key step in
our analysis. In this phase, we integrated scRNA-seq and
GWAS data using deconvolution tools such as BayesPrism.
Specifically, we extracted gene expression data from each
cell population and applied Bayesian deconvolution tech-
niques to accurately estimate the gene expression charac-
teristics of different cell types within mixed tumor samples.
This approach allowed us to gain detailed insights into gene
expression changes across various cell populations and their
associations with lung adenocarcinoma progression.In the
Bayesian deconvolution process, the scPagwas package
played a crucial role. This tool integrates GWAS data with
scRNA-seq data and calculates Trait Risk Scores (TRS) to
identify genetic variants associated with specific cell types.
For instance, scPagwas analysis enabled us to detect sig-
nificant expression of certain genetic variants in distinct cell
populations and explore their potential links to lung adeno-
carcinoma.lIn this study, BayesPrism (Chu et al. 2022) was
used to perform deconvolution analysis on single-cell RNA
sequencing (scRNA-seq) data and bulk transcriptomic data.
The analysis began by reading the preprocessed single-cell
count matrix, cell annotation file, and bulk transcriptomic
count matrix data. Next, the deconvolution parameters
were set, including the bulk expression matrix, single-cell
matrix, cell annotation information, and setting the key
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parameter to NULL in the absence of malignant cells. Addi-
tionally, the number of cores used for the analysis was set
to 10 (ncores=10).For each bulk sample, a gene expression
consistency plot between the bulk and single-cell data was
generated, with protein-coding genes selected for the decon-
volution analysis. A Prism object was then created, contain-
ing both the reference single-cell data and the mixed bulk
data. Parameters such as outlier clipping (outlier.cut=0.01)
and outlier fraction (outlier.fraction=0.1) were adjusted to
manage the influence of outliers on the analysis.The decon-
volution was then performed using BayesPrism, extracting
the posterior mean proportions of different cell types pres-
ent in the bulk samples. These steps allowed us to dissect
the proportions of various cell types in the bulk samples,
providing deeper insights into the cellular composition and
complexity of the tumor microenvironment.

Cox regression and survival analysis

In this study, Cox regression and survival analysis were
employed to assess the impact of gene expression on
the prognosis of lung adenocarcinoma (TCGA-LUAD)
patients. First, the gene expression matrix and clinical data
were read from CSV files and preprocessed by removing
normal samples and integrating survival time and status
information. Cox regression analysis was then performed
for each gene, calculating the hazard ratio (HR), 95% confi-
dence interval (CI), and p-value.Patients were stratified into
high-risk and low-risk groups based on the median gene
expression levels, and survival differences between these
groups were evaluated using Kaplan-Meier survival curves
and log-rank tests. Finally, survival curves and risk tables
were plotted to illustrate the influence of different gene
expression levels on patient prognosis, providing important
insights for further research into the prognostic markers of
lung adenocarcinoma.

Infiltration differences of convolutional cells
between cancer and adjacent normal tissues

Using the rstatix and ggplot2 packages, we analyzed and
visualized the significant differences in the proportions of
different cell types between groups. First, the gene expres-
sion matrix and sample grouping information were loaded,
ensuring consistency in sample names between the two data
files, and then integrated with the sample grouping informa-
tion. Next, the data were reshaped into a long format using
the reshape2 package, containing sample IDs, cell types,
and cell type proportions (Theta).We then applied t-tests
for each cell type between groups using the rstatix package,
and p-values were adjusted using the Bonferroni method
to identify significant differences. Finally, we visualized
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the results using violin plots and box plots created with the
ggplot2 package, adding significance markers to display the
differences between groups. Significant results and markers
for each cell type were added to the plots, which were saved
as PDF files.These steps allowed us to visually present and
understand the significant differences in cell type propor-
tions between groups, providing a solid basis for further
research.

Differential analysis of convolutional cell groupings

First, the gene expression matrix and sample grouping infor-
mation were read from CSV files, and normal samples were
excluded. Next, the proportions of the specified cell types
were extracted from the post-convolution cell proportion
data. Samples were then divided into high-risk and low-risk
groups based on the median or a specified threshold of cell
type proportions.A DESeqDataSet object was created, and
the data were normalized. Differential expression analysis
was performed using the DESeq function, calculating the
log2FoldChange and adjusted p-values (padj) for each gene.
A volcano plot was generated to visualize the differentially
expressed genes.Following this, the tidyestimate package
was used to calculate the immune score, stromal score, esti-
mate score, and purity of the samples. These scores were
combined with sample grouping and cell proportion infor-
mation. The Wilcoxon test was applied to assess significant
differences between groups, and violin plots and box plots
with significance markers were drawn to illustrate these
differences.Finally, the ComplexHeatmap package was
employed to create a heatmap, displaying the expression
patterns of significantly different genes between groups.

Clinical trait analysis of specified convolutional cell
groupings

First, sample grouping information, clinical data, and con-
volutional cell proportion data were collected, ensuring con-
sistent sample names across all data files, and selecting the
proportion data for the specified cell type. Next, based on
a predefined list of comparison groups (including clinical
features such as Stage, Age, T, N, and M), samples were
grouped according to each clinical trait.For each clinical
feature, a DataFrame was created containing cell propor-
tions and clinical trait information, with the levels of each
clinical trait ordered according to a predefined sequence.
Box plots were then generated using the ggboxplot func-
tion to visualize the cell type proportions across different
clinical trait groups. Statistical significance tests were per-
formed using the stat_compare means function, and signifi-
cance markers were added to highlight differences between
groups.



Genes & Genomics (2025) 47:435-468

439

Immune therapy analysis of specified convolutional
cells

In this study, the reticulate package was used to call the
Python-based Tumor Immune Dysfunction and Exclu-
sion (TIDE) tool within the R environment, analyzing and
visualizing the functional states of different immune cell
types within the tumor microenvironment. First, the Python
environment was set up and activated using the reticulate
package, followed by loading the necessary Python librar-
ies and data.Next, the gene expression data were imported
and analyzed using the TIDE tool to generate scores related
to immune evasion. These TIDE analysis results were then
integrated with the immune grouping information of the
samples. To visualize the functional state differences of var-
ious immune cell types between the high and low immune
groups, violin plots with significance markers were gener-
ated using the ggpubr package.

Drug response prediction for specified
convolutional cells

In this study, the oncoPredict package (Maeser et al.
2021) was used to predict and visualize drug responses for
immune cell types within the tumor microenvironment.
First, the gene expression matrix and sample grouping
information were obtained, ensuring consistency in sample
names between the two datasets. Next, gene expression data
and drug response data from the GDSC2 database were
loaded and normalized. Using the oncoPredict package,
drug response phenotypes were calculated for each sample.
The prediction results were then integrated with the immune
grouping information of the samples, followed by differen-
tial significance analysis. The Wilcoxon test was applied to
assess significant differences between groups, and a heat-
map was generated using the pheatmap package to visual-
ize drug responses for significantly different drugs across
groups.Additionally, box plots were generated using the
ggpubr package to illustrate the drug response differences
between immune groups for each drug, with significance
differences clearly marked.

SNV analysis of specified convolutional cells

In this study, the maftools package was used to analyze and
visualize the mutation characteristics of different immune
cell types in tumor samples. First, sample grouping infor-
mation was read from CSV files, and sample IDs were
processed to ensure uniqueness and consistency. Next, the
MAF (Mutation Annotation Format) file was loaded and
integrated with the sample grouping information, generat-
ing a MAF object that included clinical data. A color scheme

was defined to distinguish between the immune cell group-
ings.The oncoplot function was used to visualize the top 30
mutated genes, showing mutation patterns across different
groups. The plotmafSummary function was then used to
generate a summary report of the MAF file, providing an
overview of global mutation characteristics.Next, mutation
differential analysis was conducted. Samples were divided
into two groups (high-expression and low-expression) based
on the specified immune cell type, and the mafCompare
function was employed to compare the differential mutated
genes between the two groups. The results of the differential
mutation analysis were saved as a CSV file.Finally, the sig-
nificantly different mutated genes were visualized using the
coBarplot and forestPlot functions, generating bar plots and
forest plots to provide a clear and intuitive representation of
mutation differences between the groups.

WGCNA analysis of convolutional cells

In this study, the WGCNA package was used to perform
a weighted gene co-expression network analysis on gene
expression data to identify gene modules associated with
lung adenocarcinoma (LUAD). First, the gene expres-
sion matrix, immune infiltration results, and sample type
information were loaded and preprocessed, including the
removal of duplicate samples and low-expression genes.
The top 10,000 genes were selected for analysis.Next, sam-
ple clustering was performed on the gene expression data
to detect and remove outlier samples. The immune infiltra-
tion results and clinical trait data were then integrated. A
soft-threshold power was selected to compute the scale-free
network topology, and the optimal soft-threshold power was
determined. The adjacency matrix between genes was then
calculated and transformed into a topological overlap matrix
(TOM). Hierarchical clustering was applied to identify gene
modules.For each gene module, module eigengenes were
calculated and clustered to merge similar modules, generat-
ing the final module partition. The correlation between each
module eigengene and clinical traits was then calculated,
and a module-trait correlation heatmap was created to visu-
alize the strength of the association between each module
and LUAD.Finally, the module membership (MM) of each
gene within its module and the gene significance (GS) were
calculated. Scatter plots were generated to visualize the rela-
tionship between MM and GS. Through these steps, gene
modules significantly associated with LUAD were identi-
fied, providing important insights and potential therapeutic
targets for further research.
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Venn diagram construction and core gene selection

In this study, we integrated multiple gene expression datas-
ets and performed differential expression analysis to identify
genes with significant changes under different conditions. A
Venn diagram was then constructed to compare and visu-
alize the overlap between these gene sets, allowing us to
identify common differentially expressed genes across con-
ditions.Subsequently, these intersecting genes were further
analyzed to screen for core genes. Functional enrichment
analysis and network analysis were employed to determine
which genes play a critical role in the immune response of
lung adenocarcinoma epithelial cells. These core genes may
serve as potential therapeutic targets, providing important
insights for further investigation into their roles in cancer
progression.

Association between core genes and convolutional
cells

First, the convolutional cell matrix and gene expression
matrix were loaded, and the gene expression matrix was
log-transformed. Next, the sample information file was
read, and normal control samples were excluded. The con-
volutional cell matrix and gene expression matrix were then
integrated by matching samples.To improve computational
efficiency, multicore parallel computing was employed. A
cluster was created, and a processing function was estab-
lished for each pair of genes and cell types. In this function,
the Spearman correlation between each gene and cell type
was calculated along with the corresponding p-values. Mul-
tiple testing correction was applied to the p-values, and if
the corrected p-values were significant, a scatter plot of the
correlation was generated.

Screening hub genes using 101 machine learning
algorithm combinations

In this study, the Mimel package (Liu et al. 2024) and other
related R packages were utilized for various analyses. The
Mimel package integrates 101 combination algorithms
based on five machine learning methods: Lasso, random-
ForestSRC, Enet (Elastic Net), CoxBoost, and SuperPC.
These combinations were used to construct and evaluate
multiple predictive models.First, the ML.Dev.Prog.Sig
function was applied to build prognostic prediction models
based on a candidate gene list and training data. The models
were validated using different datasets, generating C-index
distribution plots and survival curves for the prognostic
prediction models. Next, the ML.Corefeature.Prog.Screen
function was used to screen for core feature genes, and vari-
ous methods were employed to generate Upset plots and
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rank plots of the selected genes, analyzing their correlation
and survival curves.This study systematically constructed
and evaluated multiple predictive models, analyzed immune
infiltration patterns, and identified core feature genes. The
findings provide valuable insights and data support for fur-
ther biomarker discovery and clinical applications.

Cell culture

The lung adenocarcinoma cell lines PC9 and H1650 were
purchased from the Chinese Academy of Sciences Cell Bank
(Shanghai, China). PC9 and H1650 cells were cultured in
RPMI-1640 medium (Gibco, NY) supplemented with 1%
penicillin-streptomycin (Beyotime, Nanjing, China) and
10% fetal bovine serum (Gibco, NY). The cells were incu-
bated in a 5% CO: atmosphere at 37 °C.

Cell transfection

To transiently knock down the expression of SLC2AI,
siRNA sequences targeting SLC2A1 were designed (S1: 5'-
GCCUGUGUAUGCCACCAUUTT-3' (sense) and 5'- AA
UGGUGGCAUACACAGGCTT-3' (anti-sense); S2: 5'- G
CAUCAACGCUGUCUUCUATT-3’ (sense) and 5'- UAGA
AGACAGCGUUGAUGCTT-3' (anti-sense); S3: 5'- GGA
UGUCCUAUCUGAGCAUTT-3' (sense) and 5'- AUGCU
CAGAUAGGACAUCCTT-3' (anti-sense)), and purchased
from GenePharma (Shanghai, China). Transfections were
performed using the siRNA-mate plus transfection reagent
(GenePharma, China) according to the manufacturer’s
instructions.

Western blotting

Western blotting was used to detect the expression of
SLC2AI1, P53, P21, and B-catenin. The primary antibod-
ies used in this study included anti-SLC2A1 (Proteintech,
66290-1-Ig), anti-P53 (Proteintech, 10442-1-AP), anti-P21
(Proteintech, 10355-1-AP), and anti-B-catenin (Proteintech,
66009-1-Ig). Primary antibodies were diluted with dilution
buffer (Solarbio, China) and incubated overnight at 4 °C.
The next day, after incubation with secondary antibodies,
protein bands were detected using an imaging system (Bio-
Rad, USA), and protein intensities were quantified using
ImageJ.

Invasion and migration assays

Transfected cells were resuspended in serum-free RPMI-
1640 medium and seeded at a density of 5% 10* cells per
well in the upper chamber of a Transwell system (NEST,
China). The lower chamber contained 700 ul of medium
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supplemented with 10% FBS as a chemoattractant. After
incubation for 24-48 h, cells in the upper chamber were
removed with a cotton swab. The invading cells in the
lower chamber were fixed with 4% paraformaldehyde and
stained with 0.5% crystal violet for 30 min. Images were
captured under an inverted microscope (Leica, Germany)
and quantified.

Cell counting Kit-8 (CCK-8) assay

Transfected cells were resuspended and seeded at a density
0f 2000 cells per well in a 96-well plate with 100 pl of com-
plete medium. Four replicates were set for each cell type.
Absorbance was measured at 450 nm at 24, 48, 72, 96, and
120 h.

Colony formation assay

Transfected cells were resuspended and seeded at a density
0f 2000 cells per well in a 6-well plate, with three replicates
for each condition, and cultured for 2 weeks. After washing
with PBS, cells were fixed with 4% paraformaldehyde for
30 min and stained with 0.1% crystal violet for 30 min. Col-
onies were washed, air-dried, and analyzed using ImagelJ for
colony formation and relative colony numbers.

Data analysis

Statistical analysis and graphical representation were per-
formed using GraphPad Prism 10 software. Independent
t-tests or one-way ANOVA were used to compare the
means between two groups or multiple groups, respectively.
All data analyses were performed based on R 4.1.3, with
p<0.05 considered statistically significant.

Results
Single-cell data processing

We conducted a quality control (QC) analysis to assess
the number of RNA features, RNA counts, mitochondrial
gene proportion, and red blood cell gene proportion for
each sample (Supplementary Fig. 1A). The results showed
a correlation of 0.24 between mitochondrial gene propor-
tion and RNA count, -0.01 between red blood cell gene
proportion and RNA count, and 0.91 between RNA feature
number and RNA count (Supplementary Fig. 1B). Accord-
ing to QC standards, the mitochondrial gene proportion
should typically be between 5% and 20%, the red blood
cell gene proportion should be minimized, the number of
detected genes per cell should range from 200 to 2,500, and

RNA counts should range from 500 to 50,000.We identified
2,000 highly variable genes, which are highly expressed in
some cells and lowly expressed in others. The top 10 highly
variable genes are labeled in the figure (Supplementary
Fig. 1C). These highly variable genes were used for sub-
sequent dimensionality reduction analysis. Dimensionality
reduction was performed using PCA and t-SNE methods.
The PCA plot showed the distribution of the first two prin-
cipal components, revealing distinct distribution patterns
across samples (Fig. 1A). The t-SNE plot further illustrated
the clustering of high-dimensional data in low-dimensional
space (Fig. 1B), with clear clustering of cells from differ-
ent samples (Fig. 1C).To eliminate batch effects, the Har-
mony algorithm was applied for batch effect correction. The
corrected PCA and t-SNE plots (Fig. 1D, E) demonstrated
effective elimination of batch effects, with tighter and more
consistent cell distributions in low-dimensional space. The
separated and combined t-SNE plots showed the distribu-
tion of tumor and metastatic cells under different condi-
tions (Fig. 1F), further validating the effectiveness of the
batch effect correction.We analyzed the feature genes of
the top 20 principal components (PCs) using PCA, visual-
izing the gene expression patterns of these components in
a heatmap (Supplementary Fig. 2A). The JackStraw test
results indicated significant differences among the top 20
principal components (Supplementary Fig. 2B). The elbow
plot helped determine the optimal number of principal com-
ponents for clustering analysis, leading to the selection of
the top 7 principal components for further analysis (Supple-
mentary Fig. 2C).Based on the top 7 principal components,
a K-nearest neighbor (KNN) graph was constructed using
Euclidean distance, and cell clustering was performed with
different resolutions. The clustering results were visualized
using a Clustree plot (Supplementary Fig. 2D), clearly dis-
playing the hierarchical relationships between clusters at
different resolutions.

Single-cell RNA sequencing analysis and cell type
annotation

Using UMAP and t-SNE dimensionality reduction analy-
ses on single-cell RNA sequencing data, we identified 25
distinct clusters, each representing a specific cell popula-
tion (Fig. 2A). The distribution of these clusters in two-
dimensional space demonstrates significant separation
between cell groups, with different colors representing dif-
ferent clusters. This serves as a foundation for further cell
type annotation and functional analysis. A heatmap analysis
revealed the expression levels of key genes in each cluster.
The color gradient, ranging from red (high expression) to
blue (low expression), clearly illustrates the differences in
gene expression across clusters, providing strong evidence

@ Springer



442 Genes & Genomics (2025) 47:435-468
A o wnems
L @ LUNG TOB
® LunG_Ton
o whe T
® o
© a0
“ ® LuNG 125
® Luna T
® whe o
N ® LUNG_T31
& o nsoz
2
: ::_Z C Combined Metastasis
® NS 05
© nso7
® NS_12
e ® NS_13
® ns_e
® ns7
® NS0
B ® LUNG_T06
® Luna_Ton
® Lne_Tos
® LUNG_T18
2 ° who e
° e iz
® tunG_T2s
® e
~ ® LUNG_T30
g o ® who
z ° nso2
® NS0 ® Metastasis @  Tumor
© nsoe
© nsos
. ® nsor
® NSz
® NS
© nse
© N7
° ns v
T 3 o
ISNE_1
D
80 ® LUNG_TDS
® LUNG To8
* Lne_Tos
® LUNG T18
® LUNG_T18
«© ® LUNG T20
® NGtz
® LUNG_T28 F
o © e Combined Metastasis Tumor
3 o wnoTe1
E ® NS0z
20 ® nsos
® Nsos
® nsos
® Nso7
® ns_12z
o ® NS 13
® nats
® No17
® NS_19
E)
E
40
® LUNG_TO6
® 1UNG_TD8
® LUNG_TO9
® LUNG_T18
20 ® LUNG_T19
® LUNG_I20
® LUNG T25
® LUNG_T28 .
« @ LUNG T30 ® Metastasis @ Tumor
uzJI o ® LUNG_T3!
2} ® nNso02
® Ns_03
® NS D04
® Ns_06
- ® nsor
® Ns_12
® NS_13
® NS 16
® NS_17
-0 ® nNs 19

Fig. 1 Dimensionality Reduction and Batch Effect Correction A PCA
plot showing the distribution of the first two principal components
(PC 1 and PC _2). Cells from different samples are distributed across
the space, with colors representing different samples. B t-SNE plot
illustrating the clustering of high-dimensional data in low-dimensional
space without batch effect correction. Cells from different samples
form distinct clusters in the t-SNE plot. C t-SNE plot showing the
distribution of tumor and metastatic cells. Tumor cells and metastatic
cells are labeled in green and red, respectively, demonstrating their
distribution in low-dimensional space in both combined and separated

@ Springer

views. D PCA plot after Harmony batch effect correction, where the
distribution of data points is tighter and more consistent, indicating
successful batch effect correction. E t-SNE plot after Harmony batch
effect correction, showing more concentrated clustering of data points,
further demonstrating the effective elimination of batch effects. F
t-SNE plot of tumor and metastatic cell distributions after Harmony
correction, showing their distribution under different conditions in
both combined and separated views, indicating the improved separa-
tion after batch effect correction
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Fig. 2 UMAP Dimensionality Reduction, Cell Type Annotation, and
Proportion Analysis of Single-Cell RNA Sequencing Data. A UMAP
dimensionality reduction of single-cell RNA sequencing data, dividing
all cells into 25 distinct clusters. Each color represents a different cell
cluster, with each cluster corresponding to a specific cell population.
The UMAP plot shows the distribution of these clusters in low-dimen-
sional space, illustrating significant separation between cell groups.
B Heatmap displaying the expression levels of key marker genes
within each cell cluster. The color gradient, ranging from yellow (high
expression) to blue (low expression), highlights the significant differ-
ences in gene expression between clusters. These expression patterns
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provide the basis for identifying cell types. C Cell type annotation was
performed using SingleR, revealing various cell types across the clus-
ters, including T cells, B cells, NK cells, macrophages, monocytes,
and epithelial cells. A circular plot shows the distribution of these cell
types within the clusters, with different colors representing different
cell types. D Bar plots showing the proportions of different cell types
in tumor and metastatic tissues. The upper panel represents the cell
type proportions in tumor tissues, while the lower panel represents
the proportions in metastatic tissues. Different colors correspond to
different cell types, revealing distinct differences in cell composition
between tumor and metastatic tissues
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for the identification and distinction of different cell types
(Fig. 2B).Using the SingleR tool for cell type annotation, we
further identified the primary cell types in each cluster. The
annotation results revealed a variety of immune cell types,
including T cells, B cells, NK cells, macrophages, mono-
cytes, and epithelial cells. Heatmaps and circular diagrams
detailed the distribution of these cell types within the clus-
ters. The proportions of different cell types across the dataset
were visualized using bar plots, highlighting the differences
in cell type distribution between tumor and metastatic tis-
sues (Fig. 2C). A clear contrast in the proportions of cell
types in tumor and metastatic tissues was evident (Fig. 2D).
Functional enrichment analysis revealed significant biologi-
cal differences among cell types. Functional annotation of
key genes within each cluster indicated distinct roles in cell
metabolism, immune response, and signal transduction,
with color gradients indicating the degree of gene enrich-
ment in each cell type. The functional annotations empha-
sized the critical roles these genes play in cellular function
and biological processes (Fig. 2).In addition, t-tests compar-
ing different cell types between primary tumor and meta-
static groups revealed that T cells were more abundant in

tumor tissues compared to brain metastases, while epithelial
cells were more prevalent in brain metastases than in tumor
tissues. Other cell types did not exhibit significant differ-
ences between the two groups (Fig. 4).

Identification of trait-associated genes and cell
populations using scPagwas

By performing UMAP dimensionality reduction on single-
cell RNA sequencing data (Fig. SA), we successfully cat-
egorized cells into various types, with each type represented
by a distinct color. Figure 5B illustrates the distribution of
scPagwas Trait Risk Scores (TRS) among these cell popu-
lations, where the color gradient ranges from light gray to
deep red, indicating variations in genetic risk scores across
different cell types. The violin plot in Fig. 5C further quan-
tifies the distribution of TRS scores for each cell type, and
statistical significance is annotated to indicate differences
between cell types. Finally, the scatter plot in Fig. 5D dis-
plays the distribution of genetic heritability and trait asso-
ciation, with colors ranging from blue (negative correlation)
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side displays the expression patterns of each gene cluster (C1-C10),
while the heatmap on the right shows the expression levels of these
genes across different cell types. Red indicates high expression, and
blue indicates low expression. Each gene cluster is associated with
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specific functions, such as cellular translation, immune response, and
signal transduction. The bar chart on the right illustrates the degree
of enrichment for these functions in different cell types, helping to
uncover the roles of various cell types in biological processes such as
metabolism and immunity
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Fig. 4 Proportional Differences of Cell Types Between Tumor (Blue)
and Metastatic (Orange) Tissues The proportions of different cell types
in tumor and metastatic tissues are shown, with T cells being more
abundant in tumor tissues compared to metastatic tissues. Conversely,

to red (positive correlation), highlighting the top 10 genes
that show significant associations with traits.

Differential analysis of TCGA-LUAD

To enhance the robustness of our findings, we also per-
formed a differential expression analysis using bulk RNA
sequencing data. The volcano plot illustrates the differences
in gene expression between the control and tumor groups.
The x-axis represents log2FoldChange, and the y-axis
represents -logl0(padj). Red points indicate upregulated
genes, blue points indicate downregulated genes, and gray
points represent genes with no significant differences. Key
genes, such as PTX2, FGB, and TYRO3, are highlighted in

epithelial cells are more prevalent in metastatic tissues than in tumors.
No significant differences were observed in the proportions of other
cell types, such as macrophages, monocytes, NK cells, and B cells,
between the two groups

the plot, showing significant upregulation or downregula-
tion (Fig. 6A). On the right, the heatmap displays the top
30 upregulated and downregulated genes with differential
expression between the control and tumor groups. Each row
represents a gene, and each column represents a sample,
with the color gradient ranging from red (high expression)
to blue (low expression). Clear distinctions in gene expres-
sion patterns between the control and tumor groups are evi-
dent (Fig. 6B).
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Fig. 5 Analysis of Genetic Risk Scores (TRS) in Single-Cell RNA
Sequencing Data A UMAP plot showing the distribution of different
cell types, with distinct colors representing each cell type. B UMAP
plot displaying the distribution of scPagwas Trait Risk Scores (TRS)
across different cell types. The color gradient from light gray to deep
red indicates the relative levels of genetic risk scores. C Violin plot

Consistency analysis between single-cell RNA sequencing
and bulk RNA-seq data

Based on Bayesian deconvolution results, the three scat-
ter plots illustrate the consistency between single-cell
RNA sequencing (scRNA-seq) and bulk RNA-seq data in
the expression of protein-coding genes, long non-coding
RNAs (IncRNAs), and pseudogenes. The scatter plot for
protein-coding genes shows high consistency, with a cor-
relation coefficient (R) of 0.745, Spearman’s correlation
coefficient (tho) of 0.759, and mean squared error (MSE) of
3.62 (Fig. 6C), indicating strong agreement in gene expres-
sion between the two sequencing methods. The scatter plot
for IncRNAs demonstrates moderate consistency, with an
R value of 0.534, rho of 0.512, and MSE of 7.08, indicat-
ing lower consistency in IncRNA expression (Fig. 6D).
For pseudogenes, the scatter plot shows relatively high
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illustrating the distribution of TRS scores across different cell types,
with statistical significance annotated to indicate differences between
cell types. (D) Scatter plot depicting the correlation between gene heri-
tability and traits. Red indicates a positive correlation, while blue indi-
cates a negative correlation. The top 10 genes significantly associated
with traits are highlighted

consistency, with an R value of 0.701, rho of 0.667, and
MSE of 19.4, though the larger MSE suggests potential bias
(Fig. 6E). Overall, these results indicate that sScRNA-seq and
bulk RNA-seq data exhibit higher consistency in the expres-
sion of protein-coding genes and pseudogenes, but lower
consistency for IncRNAs, providing important insights into
the expression characteristics of different gene types across
sequencing technologies.

Survival analysis of different cell types

The 12 survival curves presented in the figure illustrate the
relationship between various cell types (epithelial cells, B
cells, endothelial cells, macrophages, monocytes, neurons,
NK cells, smooth muscle cells, T cells, and tissue stem
cells) and overall survival. Each plot includes survival
curves for high-risk and low-risk groups, shown in red and
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without significant differences. Key genes, such as PTX2, FGB, and
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of the top 30 differentially expressed genes between the control and
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expression, showing distinct differences in gene expression patterns
between the two groups. C—E Scatter plots compare the consistency
of gene expression between single-cell RNA sequencing (scRNA-seq)
and bulk RNA sequencing (bulk RNA-seq) data for protein-coding
genes C, long non-coding RNAs (IncRNAs, D), and pseudogenes
E. Protein-coding genes and pseudogenes exhibit higher consistency
between the two sequencing methods, whereas IncRNAs show lower
consistency, indicating varying expression characteristics of different
gene types across sequencing technologies
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blue, respectively. The analysis results indicate significant
differences in survival times between the high-risk and low-
risk groups for certain cell types. For example, epithelial
cells (survdiff P: 0.026, Cox regression HR: 1.47, 95% CI:
0.6-3.61), B cells (survdiff P: 0.005, Cox regression HR:
0.02, 95% CI: 0.01-0.02), endothelial cells (survdiff P:
0.846, Cox regression HR: 0.23, 95% CI: 0.02-3.39), mac-
rophages (survdiff P: 0.549, Cox regression HR: 0.02, 95%
CI: 0.02-1.26), monocytes (survdiff P: 0.947, Cox regres-
sion HR: 0.07, 95% CI: 0.16—-16.05), neurons (survdiff P:
0.045, Cox regression HR: 0.62, 95% CI: 0.04-9.42), NK
cells (survdiff P: 0.264, Cox regression HR: 0.7, 95% CI:
0.22-7.27), smooth muscle cells (survdiff P: 0.702, Cox
regression HR: 1.17, 95% CI: 0.3-4.61), T cells (survdiff
P: 0.955, Cox regression HR: 0.35, 95% CI: 0.01-11.19),
and tissue stem cells (survdiff P: 0.173, Cox regression HR:
1.53, 95% CI: 0.83-5.66) (Figure S3). These findings sug-
gest that the proportion of different cell types is significantly
associated with overall survival in patients, offering poten-
tial biomarkers and therapeutic targets.

Differences in infiltration of various cell types between
tumor and adjacent normal tissue

The figure illustrates the distribution of Theta values for
different cell types (e.g., T cells, macrophages, monocytes,
epithelial cells, B cells, NK cells, smooth muscle cells,
endothelial cells, neurons, and tissue stem cells) in the con-
trol and tumor groups. Theta values for each cell type are
compared between the control and tumor groups, repre-
sented by blue and yellow box plots, respectively. The anal-
ysis results reveal significant differences in Theta values
between the control and tumor groups for certain cell types,
such as T cells, macrophages, epithelial cells, B cells, NK
cells, smooth muscle cells, endothelial cells, neurons, and
tissue stem cells (»p<0.05). In contrast, monocytes showed
no significant difference (ns) in Theta values between the
two groups. These findings suggest differences in the pro-
portions of various cell types between the control and tumor
groups, providing important insights into the tumor micro-
environment (Fig. 7A).

Differential analysis of epithelial cell subgroups

Previous evidence has demonstrated that epithelial cells
play a crucial role in the development and progression
of lung cancer. In this next stage of analysis, we focus
on epithelial cells, using a volcano plot to visualize gene
expression differences between the control group and the
high-expression epithelial cell group. The x-axis represents
log2FoldChange, while the y-axis represents -log10(padj).
Red points indicate significantly upregulated genes, blue

@ Springer

points indicate significantly downregulated genes, and gray
points represent genes with no significant differences. Key
genes, such as RN7J5A-1, AP003046.2, and AC006462.2,
show significant upregulation or downregulation (Fig. 7B).
The heatmap illustrates the expression differences of the top
20 significantly upregulated and downregulated genes in
both the control and high-expression epithelial cell groups.
Each row represents a gene, and each column represents a
sample, with colors ranging from red (high expression) to
blue (low expression). The annotation bar at the top indicates
information such as different cell types and immune scores,
with color coding to differentiate between groups. In the
volcano plot, the log2FoldChange on the x-axis shows the
magnitude of gene expression changes, with values farther
from zero representing greater changes. The -log10(padj)
on the y-axis indicates the level of statistical significance,
with higher values representing stronger significance. Red
and blue points represent upregulated and downregulated
genes, respectively, highlighting the differential expression
between the two groups.In the heatmap, each row represents
a differentially expressed gene, and each column represents
a sample. The color gradient from red (high expression) to
blue (low expression) illustrates the gene expression levels
across samples. The top annotation bar includes various
cell types (e.g., T cells, macrophages, monocytes, epithelial
cells, B cells, NK cells, smooth muscle cells, endothelial
cells, neurons, and tissue stem cells) and immune scores
(e.g., Stromal, Immune, Estimate, and Purity). Significant
differences between the control and high-expression epithe-
lial cell groups are indicated by asterisks (* for p<0.05, **
for p<0.01, *** for p<0.001). The Stromal (stromal score),
Immune (immune score), Estimate (composite score), and
Purity (purity score) represent the relative abundance of
different components in the tumor microenvironment, with
significant differences also marked by asterisks.

Through this analysis, we identified genes that are signif-
icantly upregulated or downregulated in the high-expression
epithelial cell group and visualized their expression patterns
in the control and high-expression groups. The volcano plot
and heatmap provide clear visualizations of differential
gene expression between the two groups, offering valuable
insights into the gene expression characteristics within the
tumor microenvironment (Fig. 7C).

Clinical trait analysis of epithelial cell subgroups

The figure illustrates the distribution of epithelial cells
across different clinical characteristics (T stage, N stage, M
stage, gender, age, and clinical stage). The analysis shows a
significant difference in epithelial cell content between the
T1 and T3 groups of the T stage (p<0.05) (Supplementary
Fig. 4A). However, no significant differences were observed
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Fig. 7 Infiltration Differences of Various Cell Types in Tumor and
Adjacent Normal Tissues, and Gene Expression Analysis of Epithelial
Cells A Box plots display the distribution of Theta values for differ-
ent cell types in the control group (blue) and tumor group (yellow).
The results show significant differences in infiltration levels between
the two groups for T cells, macrophages, epithelial cells, B cells, NK
cells, smooth muscle cells, endothelial cells, neurons, and tissue stem
cells (»p<0.05), while monocytes show no significant difference (ns
indicates no significant difference). B The volcano plot illustrates the
gene expression differences between the control group and the high-
expression epithelial cell group. Red points represent significantly
upregulated genes, and blue points represent significantly down-

in the relative abundance of epithelial cells across groups
for N stage, M stage, gender, age, and clinical stage. This
indicates that, aside from the T stage, the relative abundance
of epithelial cells does not vary significantly across other
clinical characteristics. These findings provide a basis for
further exploration of the specific role of epithelial cells in
tumor progression (Supplementary Fig. 4B, C, D, E, F).
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regulated genes. Some key genes, such as RN7J5A-1, AP003046.2,
and AC006462.2, show significant upregulation or downregulation
in epithelial cells. C The heatmap presents the top 20 differentially
expressed genes between the control group and the high-expression
epithelial cell group. Each row represents a gene, and each column
represents a sample. The color gradient from red (high expression) to
blue (low expression) reflects changes in gene expression levels. The
annotation bar at the top of the heatmap displays different cell types
and immune scores (e.g., Stromal, Immune, Estimate, and Purity)
with significant differences marked by asterisks (* for p<0.05, ** for
p<0.01, *** for p<0.001).

Relationship between epithelial cells and immune-
related gene sets

In this study, we integrated single-cell RNA sequenc-
ing data, GWAS, Bayesian deconvolution, and machine
learning techniques to analyze the expression patterns of
immune-related genes in epithelial cells with different
expression levels.
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Interferon Receptors: This figure shows the expression
levels of interferon receptor genes (IFNARI1, IFNAR2,
IFNGRI1, IFNGR?2) in high-expression and low-expression
epithelial cells. The results indicate that all receptor genes are
significantly more highly expressed in high-expression epi-
thelial cells compared to low-expression cells. This suggests
that interferon receptors may play distinct functional roles
in epithelial cells with varying expression levels (Fig. 8A).
Interferons: This figure displays the expression distribution
of interferon family genes (e.g., IFNA, IFNB, IFNG) across
different epithelial cell types. Most genes show no signifi-
cant difference (“ns”), although a few genes exhibit slightly
higher expression in high-expression cells. This implies that
the role of interferons may not differ significantly between
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these two cell types (Fig. 8B).Interleukins: The figure pres-
ents the expression levels of several interleukin genes (e.g.,
IL1, IL2, IL6, IL10) in the two cell types. Significant differ-
ences are marked with asterisks, showing that some inter-
leukins are significantly upregulated in high-expression
epithelial cells, suggesting that these cells may be more
actively involved in specific immune responses (Fig. 8C).
Interleukin Receptors: This figure illustrates the expression
differences of interleukin receptor genes, with most recep-
tors showing higher expression in high-expression cells.
This suggests that these receptors may play an important
role in immune signaling within epithelial cells, influenc-
ing their immune responses (Fig. 8D).Natural Killer Cell
Cytotoxicity: The figure shows the expression levels of
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Fig. 8 Expression Relationships Between Epithelial Cells and
Immune-Related Gene Sets A Interferon Receptor Genes: This
panel shows the expression levels of interferon receptor genes (e.g.,
IFNARI, IFNAR2, IFNGR1, IFNGR2) in high-expression and low-
expression epithelial cells. The expression of interferon receptor genes
is significantly higher in high-expression epithelial cells compared to
the low-expression group, displaying highly significant differences
(»<0.001). B Interferon Genes: This panel presents the expression of
various interferon genes in epithelial cells. Most interferon genes show
no significant difference between high-expression and low-expression
cells (ns indicates no significance), though a few genes exhibit slight
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upregulation in high-expression epithelial cells. C Interleukin Genes:
This panel shows the expression levels of multiple interleukin genes
(e.g., IL1, IL2, IL6, IL10), with some genes significantly upregulated
in high-expression epithelial cells. D Interleukin Receptor Genes: The
expression levels of interleukin receptor genes are significantly higher
in high-expression epithelial cells compared to low-expression cells.
E Natural Killer Cell Cytotoxicity Genes: Genes associated with natu-
ral killer cell cytotoxicity (e.g., KLRD1, NKG7, GZMA, GZMB) are
expressed at significantly higher levels in high-expression epithelial
cells compared to the low-expression group
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genes associated with natural killer cell cytotoxicity (e.g.,
KLRD1,NKG7, GZMA, GZMB), revealing that these genes
are significantly more highly expressed in high-expression
epithelial cells compared to low-expression cells. This sug-
gests that these genes may play a key role in regulating the
immune characteristics of epithelial cells (Fig. 8E).

Immunotherapy analysis of epithelial cells

We observed significant differences in several immune-
related markers between the high- and low-expression
epithelial cell groups. Notably, CD8 and PD-L1 (CD274)
were significantly upregulated in the high-expression group,
suggesting enhanced immune cell activity and infiltration
in these samples. Additionally, the expression of immune
inhibitory markers CTLA-4 and the metabolic enzyme
IDO1 was also significantly higher in the high-expression
group, indicating a more complex tumor microenviron-
ment with activated immune evasion mechanisms.Regard-
ing immunotherapy-related biomarkers, the significant
upregulation of IFNG suggests a strong Thl-type immune
response, which is associated with a favorable potential
for immunotherapy response. We also observed a notable
increase in tumor mutational burden (TMB) and microsat-
ellite instability (MSI) score in the high-expression group,
further supporting the idea that these samples may have
enhanced responsiveness to immune checkpoint inhibitors.
These findings provide valuable biomarkers and potential
therapeutic targets for future immunotherapies in tumors
with high epithelial cell expression (Fig. S5).

Drug response prediction for epithelial cells

This figure presents the differences in drug response
between the two sample groups (“Low Epithelial cells” and
“High Epithelial cells”). The box plots show the distribu-
tion of drug response levels across different sample groups.
The figure highlights that, for certain drugs, the “High Epi-
thelial cells” group exhibits a significantly higher response
compared to the “Low Epithelial cells” group, suggesting
that these drugs may be more effective for patients with
high epithelial cell expression. This information could
be highly valuable in developing personalized treatment
strategies(Figure S6).

Single nucleotide variant (SNV) analysis in epithelial
cells

The heatmap and bar chart on the left provide a comprehen-
sive view of mutation frequencies, showing that 513 out of
557 samples (92.1%) exhibit genetic mutations. The color

coding represents various types of mutations, including mis-
sense mutations, nonsense mutations, frameshift insertions,
frameshift deletions, and splice site variants. The bar chart at
the top displays the total mutation burden for each sample,
revealing an abnormally high number of mutations in some
samples (Fig. 9A).The bar chart at the top right details the
frequencies of different mutation types, illustrating the dis-
tribution of single nucleotide polymorphisms (SNPs), dele-
tions (DEL), and insertions (INS). Additionally, it shows
the mutation rates of genes such as TP53 and TTN, which
may play critical roles in tumor development due to their
frequent mutations across multiple samples (Fig. 9B).The
two bar charts at the bottom compare the mutation frequen-
cies in low-epithelial and high-epithelial cell states. By con-
trasting the mutations in key tumor suppressor genes and
oncogenes, such as KRAS and KEAP1, across different cell
phenotypes, we gain a deeper understanding of how these
mutations contribute to tumor biology and their potential
impact on cancer progression (Fig. 9C).

WGCNA analysis of convolutional cells

In this study, we utilized Weighted Gene Co-expression
Network Analysis (WGCNA) to identify gene co-expres-
sion modules in lung adenocarcinoma (LUAD) samples
and explored the relationship between these modules and
immune infiltration characteristics. First, we verified the
quality and consistency of the samples through a sample
clustering dendrogram and trait heatmap (Fig. 10A), ensur-
ing the reliability of the analysis results. Next, by construct-
ing a gene clustering dendrogram (Fig. 10B), we identified
several biologically meaningful gene modules. Notably, the
green module showed a significant positive correlation with
endothelial cell infiltration levels, suggesting that the genes
within this module may play a key role in regulating the
tumor microenvironment. The module-trait association heat-
map (Fig. 10C) further revealed the correlations between
various modules and immune cell types, underscoring the
green module’s critical role in LUAD. Additionally, through
the module membership versus gene significance plot
(Fig. 10D), we identified key genes within the module that
have both high significance and strong module membership.

Screening of core differential genes in epithelial cells

The Venn diagram (Fig. 11B) illustrates the overlap among
four gene sets: Markers, MEturquoise, Diff gene, and PPC,
with a final intersection comprising 80 common genes. Each
gene set plays a distinct role in biological processes; Markers
represent specific biomarker genes, MEturquoise indicates
significant modules identified through WGCNA analy-
sis, Diff gene contains genes with significant differential
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Altered in 513 (92.1%) of 557 samples.
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Fig. 9 SNV (Single Nucleotide Variant) Analysis in Epithelial Cell
Populations A Mutation Frequency Heatmap: This heatmap illus-
trates the mutation frequencies across 557 samples, with 513 samples
(92.1%) exhibiting genetic mutations. The colors represent different
types of mutations, including missense mutations, nonsense mutations,
frameshift insertions, frameshift deletions, and splice site variants. The
bar chart at the top displays the mutation burden for each sample, with
some showing a significantly higher mutation load. B Analysis of
Mutation Types and Frequencies: The bar chart in the top right shows
the frequencies of various mutation types, including single nucleotide
polymorphisms (SNPs), deletions (DEL), and insertions (INS). Below,

expression, and PPC is associated with specific pathological
processes.

Machine learning screening of key genes through
univariate and multivariate COX regression analysis

In this study, we employed various machine learning meth-
ods to construct models for cancer prognosis prediction,
validating them across different datasets. The heatmap
(Fig. 11A) displays the performance of different models on
two datasets (Datasetl and Dataset2), with color intensity
reflecting the C-index values; higher C-index values indicate
better predictive performance. The survival - SVM model
consistently demonstrated high C-index values across both
datasets, indicating strong predictive capabilities. Survival
curves (Fig. 11C) based on the survival - SVM model’s risk
scores stratified patients into high-risk and low-risk groups,
with clearly separated curves indicating the model’s effec-
tiveness in distinguishing survival rates among different risk
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the mutation rates of key genes, such as TP53 and TTN, are presented,
indicating that these genes have high mutation frequencies across mul-
tiple samples, which suggests they may play a crucial role in tumor
progression. C Comparison of Mutation Frequencies in Low and High
Epithelial Cell Populations: The bar chart compares the mutation fre-
quencies of key genes in the low-epithelial cell group (N=229) and
the high-epithelial cell group (N=262). The analysis reveals that genes
such as KRAS and KEAP1 have significantly higher mutation rates in
the high-epithelial cell group, suggesting that these mutations may be
closely related to epithelial cell states and could impact tumor develop-
ment and progression

groups. The left survival curve corresponds to Datasetl,
while the right corresponds to Dataset2. The gene screening
results highlight the top five genes with the highest selection
frequency during the screening process (Fig. 11D). These
genes, considered core to patient survival, include SLC2A1,
F12, S100P, PERP, and GOLM1, with dot size represent-
ing gene appearance frequency across multiple screenings
(Fig. 11F). Univariate analysis results (Fig. 11F) indicate
that F12 (HR=1.27, p=0.00181), GOLM1 (HR=1.51,
p=0.00037), PERP (HR=1.35, p=5e-05), S100P
(HR=1.08, p=0.00243), SLC2A1 (HR=1.26, p<0.0001),
and pT_stage (HR=1.55, p<0.0001) are significantly asso-
ciated with poor survival. Age and gender did not show sig-
nificance. Multivariate analysis (Fig. 11G) further confirms
that S100P (HR=1.07, p=0.01708), SLC2A1 (HR=1.18,
p=0.01391), and pT_stage (HR=1.44, p=0.00017) remain
significant, indicating that these genes and clinical fea-
tures are independent prognostic factors. Notably, SLC2A1
exhibited significance in both univariate and multivariate
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a significant correlation with endothelial cell infiltration. C Module-
Trait Association Heatmap: This heatmap presents the correlations
between different gene modules and immune cell infiltration character-
istics. The green module is significantly associated with immune cell
types such as endothelial cells, T cells, and macrophages. D Module
Membership vs. Gene Significance Plot: This plot illustrates the rela-
tionship between module membership and gene significance within the
green module, particularly highlighting its association with endothelial
cell infiltration
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4 Fig. 11 Screening of Core Differential Genes in Epithelial Cells and
Survival Analysis A Heatmap of Machine Learning Model Perfor-
mance: This heatmap illustrates the performance of different machine
learning models across two datasets (Dataset] and Dataset2), with
color intensity representing C-index values; higher C-index values
indicate better predictive performance. B Venn Diagram: This diagram
displays the overlap among four gene sets: Markers, MEturquoise,
Diff gene, and PPC. The final intersection includes 80 core genes. C
Survival Curve Plot: Based on the survival - SVM model, patients are
stratified into high-risk and low-risk groups. The left plot corresponds
to Datasetl, while the right plot corresponds to Dataset2, showing that
the survival probability of high-risk patients is significantly lower than
that of low-risk patients. D Bar Chart of Gene Selection Frequency:
This chart presents the frequency of the top five genes identified dur-
ing multiple screenings. E Univariate and Multivariate COX Regres-
sion Analysis: Univariate analysis reveals that the genes F12, GOLM1,
PERP, S100P, and SLC2A1 are significantly associated with poor sur-
vival. In multivariate analysis, SI00P, SLC2A1, and pT_stage remain
significant, indicating their status as independent prognostic factors. F
Survival Analysis of SLC2A1 Gene: This section showcases the sur-
vival curves of the SLC2A1 gene across Dataset]l and Dataset2. G
Multivariate Cox Regression Analysis: The results of the multivariate
Cox regression are depicted, focusing on the impact of F12, GOLM]1,
PERP, S100P, SLC2A1, and clinical characteristics (age, gender, pT
stage) on patient survival rates. H Survival Curve Analysis of SLC2A1
Gene in Dataset] and Dataset2: This plot displays the survival curves
for patients grouped by high and low expression levels of the SLC2A1
gene

analyses, suggesting it as the most promising prognostic
biomarker. Figure 11 H presents the survival curves for
the SLC2A1 gene in Dataset]l and Dataset2, revealing that
patients with high SLC2A1 expression have significantly
lower survival rates compared to those with low expres-
sion (Datasetl: HR=1.71, p<0.001; Dataset2: HR=1.49,
p=0.002). This indicates that high SLC2A1 expression may
correlate with poor prognosis, highlighting its potential as a
biomarker for personalized prognosis assessment in cancer
treatment. These findings provide critical information for
biomarkers in personalized treatment strategies for cancer
patients.

Expression pattern of SLC2A1 in epithelial
cells

In our study, analysis of the expression levels of the
SLC2A1 gene in epithelial cells revealed that high SLC2A1
expression is significantly associated with the enrichment
of specific cell subpopulations. This suggests that SLC2A1
may play a crucial role in various tumor cell types or cel-
lular states, particularly concerning tumor aggressiveness
and metastatic potential. Through population proportion
analysis, we observed a significant difference in the propor-
tions of epithelial cells expressing high versus low levels
of SLC2A1 in primary versus metastatic tumors. Specifi-
cally, the proportion of SLC2A1 high-expressing cells was
greater in metastatic tumors, reflecting the gene’s important

role in the metastatic process (Fig. 12A). UMAP and t-SNE
analyses further supported these findings, clearly demon-
strating the separation of cell populations with high and low
SLC2A1 expression in feature space. This visual separation
validates that the expression level of SLC2A1 can effec-
tively distinguish between different cell populations, sug-
gesting its potential role in cell differentiation and tumor
heterogeneity. Differential gene analysis of high versus low
SLC2A1 expression groups identified a set of significant
differentially expressed genes associated with metabolism,
the cell cycle, and signaling pathways (Fig. 12B). GO and
KEGG pathway enrichment analyses further confirmed that
key biological processes involved in high SLC2A1 express-
ing cells may be closely linked to tumor energy metabolism
and cell proliferation (Fig. 12D, E). Utilizing the irGSEA
method for gene set enrichment analysis, we found that cells
with high SLC2A1 expression are significantly enriched in
signaling pathways related to oxidative stress response,
apoptosis, and immune evasion (Fig. 12C). This indicates
that SLC2A1 not only plays a role in tumor cell growth and
metastasis but may also influence the tumor microenviron-
ment and its interaction with the immune system.

Cell trajectory analysis

In our study, we employed Monocle to perform cell trajec-
tory analysis on epithelial cells with high and low SLC2A1
expression, successfully reconstructing their pseudotime
pathways. By identifying the differentiation states and tra-
jectories of these cells (Fig. 13A and B), we observed the
potential developmental and differentiation processes over
time. This analysis not only enhances our understanding of
the dynamic changes in cells with different expression lev-
els but also reveals the potential role of SLC2A1 in cellular
differentiation.Figure A presents the pseudotime trajectory
of the cells, illustrating their dynamic migration from an ini-
tial state to multiple branching points, which represent criti-
cal decision points in cell differentiation. Figure B further
refines the trajectories of high and low SLC2A1 express-
ing cells, showing that cells with high SLC2A1 expres-
sion primarily cluster at specific branches, suggesting their
importance in directing cells towards particular differen-
tiation pathways. Figure 13 C utilizes the pseudotime path
to demonstrate the dynamic migration of cells over time,
with arrows indicating important directions of cell migra-
tion. Employing Branch Expression Analysis Modeling
(BEAM) (Fig. 13D), we confirmed significant changes in
gene expression at these branching points and their asso-
ciated functions. The heatmap analysis of gene expression
highlights clusters of genes that exhibit significant changes
during the branching process, emphasizing the expression
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Fig. 11 (continued)

differences of specific genes along various differentiation
pathways. By categorizing these genes into distinct clusters,
we identified several key regulatory genes that may play
critical roles in SLC2A1-mediated cell migration and func-
tional changes. Certain upregulated genes in cells with high
SLC2A1 expression underscore its pivotal role in tumor
progression and alterations in cellular functions.

Comparative analysis of cell communication

In this study, we utilized CellChat to analyze intercellular
communication networks in tumor and metastatic tissues.
By categorizing cells into different subpopulations (such as
epithelial cells, monocytes, and macrophages), we inferred
the quantity and weight of communication among these
subpopulations. The results revealed significant differences
in the interaction network structures between tumor and
metastatic tissues. In tumor tissues, epithelial cells com-
municated most frequently and with higher weight with
immune cells (such as T cells and macrophages) (Fig. 14A),
suggesting a crucial role for epithelial cells in modulating
the tumor immune microenvironment.In contrast, the quan-
tity of communication between epithelial and immune cells
decreased in metastatic tissues, although the weight of cer-
tain key interactions significantly increased, indicating that
specific signaling pathways may be reinforced to enhance
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the invasiveness and metastatic capability of tumors dur-
ing the metastatic process.Heatmap analysis (Fig. 14B) fur-
ther illustrated the differences in communication quantities
among various cell subpopulations. Notably, certain cell
types (such as macrophages and monocytes) exhibited sig-
nificant changes in their communication patterns and quanti-
ties in different environments, which may be associated with
immune evasion and remodeling of the tumor microenvi-
ronment during metastasis.By analyzing the ligand-receptor
pairs involved in intercellular communication within tumor
and metastatic tissues, we identified several key pathways
with significant functional differences (Fig. 14C). These
ligand-receptor pairs displayed distinct interaction patterns
across different tumor microenvironments, revealing their
potential roles in tumor progression and metastasis.For
instance, the TNF family signaling pathway—specifically,
TNFSF10-TNFRSF10C and TNFSF15-TNFRSF12A—was
significantly upregulated in metastatic tissues, suggesting
a critical role for the TNF signaling pathway in promot-
ing tumor cell invasion and anti-apoptosis. Activation of
the TNF pathway is typically associated with inflamma-
tory responses and cell survival, which may provide favor-
able conditions for tumor cells during metastasis.In the cell
adhesion molecule signaling pathway, ICAM1-ITGAL and
PECAMI-PECAMI exhibited significant activity in meta-
static tissues, indicating that cell adhesion molecules may
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facilitate tumor cell adhesion and infiltration, assisting their
colonization in new tissues.

In the interleukin signaling pathway, IL6-IL6R and IL1B-
IL1R1 were significantly upregulated in metastatic tissues.
IL-6 and IL-1 pathways play vital roles in inflammatory
responses and immune evasion, potentially promoting met-
astatic growth by modulating the tumor microenvironment.
The chemokine signaling pathway CXCL12-CXCR4 was
notably enhanced in metastatic tumors, typically associ-
ated with tumor cell migration and invasion, highlighting its
importance in guiding tumor cells to new colonization sites.
Lastly, growth factor signaling pathways, including EGF-
EGFR and HGF-MET, were expressed in both tumor and
metastatic tissues, but exhibited greater interaction intensity
in metastatic tissues. These growth factor signaling path-
ways are closely linked to tumor growth and angiogenesis,
potentially supporting tumor survival and expansion in dis-
tant organs by providing essential growth signals.

Clinical relevance analysis of SLC2A1

Figure 15 A demonstrates a significant difference in SLC2A1
expression between normal and tumor tissues, with levels
markedly higher in tumor tissues. This finding suggests
a critical role for SLC2A1 in tumorigenesis and progres-
sion, supported by statistical analysis that confirms the
significance of this expression difference (p<0.001), indi-
cating its potential as a tumor marker.In survival analysis,
Fig. 15B reveals that patients with high SLC2A1 expres-
sion have significantly lower overall survival rates com-
pared to those with low expression (p<0.001), suggesting
that elevated SLC2A1 levels may correlate with poor prog-
nosis and serve as an important factor influencing patient
survival.Gender analysis shows that Fig. 15C indicates
male patients exhibit slightly higher SLC2A1 expression
than female patients, with this difference being statisti-
cally significant (p=0.046), suggesting that gender may
play a role in regulating SLC2A1 expression. Figure 15D
presents age analysis, indicating that patients over 65 years
exhibit significantly higher SLC2A1 expression compared
to younger patients (p=0.048), potentially reflecting age-
related biological changes in tumors.Regarding tumor size
(T stage), Fig. 15 E illustrates a significant increase in
SLC2AT1 expression with tumor size, especially in T3 and
T4 stages (p=0.00018 and p=0.00029), suggesting a close
association with tumor invasiveness.In terms of tumor stag-
ing, Fig. 15F shows significantly elevated SLC2A1 expres-
sion in advanced stages (Stage III and Stage IV) (p=0.0025
and p=0.044), further supporting its potential as a marker
for tumor progression.For lymph node status (N stage),
Fig. 15G indicates that SLC2A1 expression is significantly
higher in patients with lymph node metastasis (N1 and N2)

compared to those without (NO) (»p=0.0028 and p=0.0078),
suggesting its important role in tumor metastasis.Compre-
hensive heatmap analysis reveals the relationship between
SLC2A1 expression and various clinical features (such as
age, gender, tumor stage, T stage, and N stage) (Fig. 15H).
Through stratified analysis, we gain clearer insights into
how these features influence SLC2A1 expression.

Silencing SLC2A1 inhibits tumor cell proliferation
and migration

To investigate the biological function of SLC2A1 in LUAD,
we selected the lung adenocarcinoma cell lines PC9 and
H1650, which have high SLC2A1 expression, and knocked
down SLC2AI1 expression in tumor cells using siRNA. A
series of functional analyses were performed on the trans-
fected cells. The CCK-8 assay results showed that the pro-
liferation capacity of the si-SLC2A1 group (S2 and S3)
was significantly reduced compared to the si-NC group
(Fig. 16A). This result was further confirmed by the colony
formation assay, where the number of colonies in the si-
SLC2AT1 group was significantly lower than in the control
group (Fig. 16B). Furthermore, in the Transwell migration
and invasion assays, the si-SLC2A1 group showed a sig-
nificant reduction in the number of migrating and invading
cells compared to the si-NC group (Fig. 16C). These results
indicate that SLC2A1 functions as an oncogene, promoting
LUAD cell proliferation, migration, and invasion.

Silencing SLC2A1 activates the PS3-P21 signaling
pathway.

To investigate the biological function of SLC2A1 in lung
adenocarcinoma, we first evaluated SLC2A1 protein expres-
sion in multiple LUAD cell lines using Western blot analy-
sis (Fig. 17A). The results showed that SLC2A1 was highly
expressed in PC9 and H1650 cells, which were selected for
subsequent experiments.Since silencing SLC2A1 inhibited
the proliferation and migration of LUAD cells, we further
performed Western blot analysis to identify signaling path-
ways and key molecules associated with cell proliferation,
migration, and invasion. The results showed that, compared
to the si-NC group, P53 expression was reduced, while P21
expression was significantly increased in SLC2A1-knock-
down PC9 and H1650 lung adenocarcinoma cells (Fig. 17B,
C). These findings suggest that silencing SLC2A1 may acti-
vate the P53-P21 signaling pathway, wherein P53 promotes
P21 expression, and overexpression of P21 subsequently
provides negative feedback to suppress P53 expression.Col-
lectively, these results indicate that silencing SLC2A1 acti-
vates the P53-P21 signaling pathway, thereby inhibiting cell
proliferation, migration, and invasion.
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4 Fig. 12 Expression Pattern and Functional Analysis of SLC2A1 in
Epithelial Cells A Cell Population Proportion Analysis: This analysis
illustrates the differences in the proportions of epithelial cells with high
and low SLC2A1 expression in primary versus metastatic tumors. B
UMAP Analysis: UMAP visualizations show a clear separation of epi-
thelial cell populations with high and low SLC2A1 expression in fea-
ture space. C Gene Set Enrichment Analysis: Differential gene analysis
and gene set enrichment analysis indicate that cells with high SLC2A1
expression are significantly enriched in signaling pathways related to
oxidative stress response, apoptosis, metabolism, and immune eva-
sion. D GO Enrichment Analysis: GO enrichment analysis based on
differentially expressed genes associated with high and low SLC2A1
expression reveals significant enrichment in functions such as enzyme
inhibitory activity and endonuclease activity among the high SLC2A1
expressing cell population. E KEGG Pathway Enrichment Analysis:
KEGG analysis demonstrates that cells with high SLC2A1 expression
are enriched in multiple signaling pathways, including the HIF-1 sig-
naling pathway, glycolysis/gluconeogenesis, and ribosome pathways

Discussion

This study integrates single-cell RNA sequencing (scRNA-
seq) with extensive genome-wide association study (GWAS)
data to reveal the complex genetic characteristics of epithe-
lial cells in lung adenocarcinoma and their crucial role in
the tumor microenvironment. Our research offers a novel
perspective for understanding the molecular mechanisms
underlying lung adenocarcinoma and provides strong sup-
port for personalized therapeutic strategies.

Through scRNA-seq analysis, we have elucidated the
intricate heterogeneity of epithelial cells in lung adenocar-
cinoma. These cells exhibit significant diversity, involving
multiple key biological processes and signaling pathways,
particularly in regulating cellular metabolism, prolifera-
tion, and immune evasion. We specifically focused on the
expression levels of genes such as SLC2A1, F12, GOLMI1,
and PERP in epithelial cells. These genes play vital roles
in lung adenocarcinoma, with their high expression closely
linked to increased aggressiveness of cancer cells and poor
prognosis. This finding not only aligns with our research
results but also corroborates observations from other can-
cer studies. Notably, the elevated expression of SLC2A1,
which encodes glucose transporter 1 (GLUT1), enhances
cancer cell uptake of glucose, thereby reprogramming cel-
lular metabolic pathways (Li et al. 2023). Through this
metabolic reprogramming, cancer cells can survive in nutri-
ent-depleted environments and maintain rapid proliferation
(Zheng et al. 2022). Our study further reveals that epithe-
lial cells with high SLC2A1 expression are more prevalent
at the tumor margins and metastatic sites, suggesting their
potential critical role in tumor dissemination and metastasis.
This indicates that SLC2A1 is not only a regulator of tumor
cell metabolism but may also directly promote cancer pro-
gression by participating in cellular migration and invasion.

Additionally, our research uncovers the complex inter-
action network between immune cells and epithelial cells

within the tumor microenvironment. Through Bayesian
deconvolution analysis, we identified certain genetic varia-
tions that may influence the functionality of immune cells,
thereby altering their response to tumor cells. These inter-
action networks encompass not only the direct responses
of immune cells to tumor cells but also the regulation of
immune evasion mechanisms. These findings provide novel
insights into the immune evasion mechanisms of cancer and
lay a theoretical foundation for the development of inno-
vative immunotherapeutic strategies. We observed rich
signaling pathways between immune cells, such as T cells
and macrophages, and epithelial cells in the tumor micro-
environment. These interactions may affect immune cell
infiltration and functionality by regulating the expression
of cytokines and chemokines. Specifically, we noted a sig-
nificant upregulation of key immune checkpoint molecules
such as PD-L1 and CTLA-4 in samples with high epithelial
cell expression, indicating that these tumors may exhibit
a robust immunosuppressive microenvironment, thereby
hindering effective immune responses. This finding holds
important clinical implications for the formulation and
optimization of immunotherapy strategies targeting lung
adenocarcinoma.

To further explore the association between genes and
clinical prognosis, we employed various machine learn-
ing algorithms to construct efficient prognostic prediction
models. These models can identify core genes closely asso-
ciated with lung adenocarcinoma prognosis, such as F12,
GOLMI, and S100P. The gene F12, which encodes coagu-
lation factor XII (Hageman factor), plays a crucial role in
initiating the intrinsic coagulation pathway. This gene is
involved not only in coagulation processes but also in the
bradykinin-kinin system, influencing vasodilation, inflam-
matory responses, and blood pressure regulation (Biswas et
al. 2016). In cancer research, high expression of F12 is asso-
ciated with tumor progression and poor prognosis (Cheish-
vili et al. 2023). Studies suggest that F12 may participate
in cancer dissemination and metastasis by regulating tumor
angiogenesis and promoting the migration of tumor cells.
The GOLMI1 gene encodes Golgi membrane protein 1
(GP73), a membrane protein localized in the Golgi appa-
ratus involved in protein modification, transport, and secre-
tion (Sui et al. 2021). GOLMI is expressed at low levels
in normal cells but is significantly upregulated in various
cancers (e.g., liver, lung, prostate), with its expression level
closely linked to tumor aggressiveness and poor prognosis
(Sui et al. 2021; Song et al. 2021; Yamoah et al. 2015). The
S100P gene belongs to the S100 protein family, encoding a
calcium-binding protein. Members of the S100 protein fam-
ily play important roles in cell proliferation, differentiation,
apoptosis, energy metabolism, inflammation, and cell cycle
regulation (Camara et al. 2020). S100P is highly expressed
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Fig. 13 Cell Trajectory Analysis of Epithelial Cells with High and Low
SLC2A1 Expression FigureA illustrates the pseudotime trajectory of
epithelial cells, depicting their differentiation along various pathways
from an initial state to multiple branching points, which represent criti-
cal decision nodes in cell differentiation. Figure B presents the trajec-
tories of high (red) and low (blue) SLC2A1 expressing cells, revealing
that cells with high SLC2A1 expression tend to cluster along specific

in multiple tumor types, particularly in pancreatic, breast,
colorectal, and lung adenocarcinomas, where its expression
correlates with cancer invasiveness and metastasis (Cong et
al. 2020; Ahmed et al. 2023; Hsu et al. 2015). F12 (Factor
XII), a key factor in the blood coagulation process, has been
found to be closely related to the coagulation system, angio-
genesis, and inflammatory response within the tumor micro-
environment (Pan et al. 2023). In lung adenocarcinoma,
the upregulation of F12 may promote tumor angiogenesis
and metastasis by activating endogenous coagulation path-
ways (Crespo-Bravo et al. 2024). Furthermore, F12 may be
closely associated with immune cell recruitment, particu-
larly in the context of tumor immune evasion mechanisms,
as it affects immune cell function and tumor microenviron-
ment immune escape via coagulation pathways (Campello
et al. 2018).GOLM1 (Golgi membrane protein 1) is a
protein associated with tumor cell metabolism, cell cycle
regulation, and cell migration (Chen et al. 2021). In lung
adenocarcinoma, high expression of GOLMI is generally
correlated with increased tumor cell proliferation and inva-
siveness (By regulating the expression of matrix metallo-
proteinases (MMPs), GOLMI1 facilitates the degradation

@ Springer

branches, suggesting a potential drive towards particular differen-
tiation directions. Figure C further demonstrates the direction of cell
migration, with arrows indicating the primary pathways of movement.
Figure D features a gene expression heatmap based on BEAM analy-
sis, showcasing significant changes in gene expression across different
differentiation pathways, highlighting the potential roles of key regula-
tory genes in cell differentiation and tumor progression

of the extracellular matrix (ECM), enabling tumor cells to
breach the matrix barrier and invade surrounding tissues.
Additionally, GOLM1 may further promote tumor inva-
sion and metastasis by affecting the expression of ECM
components and cell adhesion molecules within the tumor
microenvironment (Sun et al. 2024).S100P (S100 calcium-
binding protein P) is a typical calcium-binding protein that
has been shown to play a crucial role in various tumor types,
particularly in tumor cell migration, invasion, and immune
evasion (Xu et al. 2024). In lung adenocarcinoma, upregula-
tion of S100P is closely associated with cytoskeletal reorga-
nization, tumor metastasis, and immune evasion (Fan et al.
2024). Specifically, it regulates immune cell functions, such
as T-cell suppression, macrophage polarization, and acti-
vation of immune checkpoints, thereby promoting tumor
immune evasion (Gao et al. 2024).

These genes have demonstrated high stability and predic-
tive power across various prognostic models. The application
of machine learning techniques has significantly enhanced
our ability to process complex biological data and provides
a powerful tool for discovering new biomarkers. Through
cross-validation and validation across multiple datasets,
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Fig. 14 A illustrates the communication networks among different
cell subpopulations in tumor and metastatic tissues, highlighting both
the quantity and weight of these communications. The upper left and
upper right panels depict the communication quantities and weights
within tumor tissues, while the lower left and lower right panels pres-
ent the same analyses for metastatic tissues. Different colored lines
represent the strength of communication between cell subpopulations,
with thicker lines indicating more frequent interactions.Figure B pres-

our models performed exceptionally well in diverse popu-
lations, showcasing their accuracy and robustness, indicat-
ing promising prospects for clinical application. A major
innovation of this study lies in the successful integration of
scRNA-seq and GWAS data, providing a more comprehen-
sive perspective for elucidating the molecular mechanisms
of lung adenocarcinoma. By applying Bayesian deconvolu-
tion technology, we accurately dissected cell-type-specific
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ents a heatmap showcasing the communication quantities between
various cell subpopulations in tumor and metastatic tissues, with tumor
tissue on the left and metastatic tissue on the right.Figure C displays
the interaction patterns of key ligand-receptor pairs in tumor and meta-
static tissues. The color intensity indicates the significance of these
interactions, while the size of the circles represents the probability of
communication

gene expression within mixed tissue samples, offering
strong support for understanding intercellular interactions
and further advancing research on the interactions between
different cell populations within the tumor microenviron-
ment. This integrative approach opens new avenues for lung
adenocarcinoma research and provides important references
for future investigations. Our experiments also demon-
strate that SLC2A1 functions as an oncogene by promoting
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Fig. 15 A illustrates the expression differences of SLC2A1 between
normal and tumor tissues. Figure B demonstrates the relationship
between high and low SLC2A1 expression and overall patient survival
rates. Figures C-G show SLC2AI1 expression levels across various

tumor cell proliferation, migration, and invasion. Silencing
SLC2A1 activates the P53-P21 signaling pathway, thereby
inhibiting cell growth and metastasis.

However, the study also has certain limitations. First, the
sample size is limited, which may affect the generalizability
and applicability of the results. Second, although we have
identified some potential therapeutic targets and biomark-
ers, the clinical applicability of these findings requires fur-
ther validation. Future research should expand the sample
size and incorporate clinical data for more comprehensive
validation to enhance the applicability of the results. Nev-
ertheless, the application of machine learning in biomedi-
cal research still faces challenges, such as data quality and
model interpretability issues. Future studies should focus
on improving data diversity and quality while incorporating
biological experimental validation to enhance the practical-
ity and interpretability of the models.
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factors, including gender, age, tumor size (T stage), tumor stage, and
lymph node metastasis status (N stage). Figure H presents a heatmap
correlating SLC2A1 expression with multiple clinical characteristics

Based on the findings of this study, future research can
proceed in several directions: Sample Diversification and
Expansion: Increasing the sample size and including data
from different populations and subtypes of lung adenocar-
cinoma will help uncover more genetic characteristics and
molecular mechanisms.Multi-Omics Data Integration: In
addition to scRNA-seq and GWAS data, integrating pro-
teomics, metabolomics, and other data could provide a
more comprehensive biological perspective.Clinical Appli-
cation Validation: Applying laboratory findings to clinical
trials to validate the efficacy and safety of newly identified
biomarkers and therapeutic targets.Development of Novel
Therapeutic Strategies: Based on identified key genes and
signaling pathways, developing new targeted drugs and
immunotherapy strategies to improve treatment outcomes
for lung adenocarcinoma.
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Fig. 16 Knockdown of SLC2A1 inhibits LUAD cell proliferation, col-
ony formation, migration, and invasion (A) CCK-8 assay results show-
ing significantly reduced proliferation of PC9 and H1650 cells in the
si-SLC2A1 groups (S2 and S3) compared to the negative control (NC).
(B) Colony formation assay results indicating a significant decrease in
the number of colonies formed by si-SLC2A1 cells compared to NC.

In conclusion, this study, through multi-omics integration
analysis, provides new insights into the genetic and molecu-
lar characteristics of lung adenocarcinoma. These findings
not only deepen our understanding of the disease but also
offer directions for future research and therapeutic strate-
gies. We anticipate that future studies will further expand on
these results to improve the survival rates and quality of life
for lung adenocarcinoma patients.
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Representative images and quantification are shown. (C) Transwell
migration and invasion assays demonstrating reduced migratory and
invasive capacities of si-SLC2A1 cells compared to NC. Representa-
tive images and quantification are presented. Statistical significance:
2<0.01 (), p<0.001 (), p<0.0001 (***).
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Fig. 17 Silencing SLC2A1 activates the P53-P21 signaling pathway
in LUAD cells. (A) Western blot analysis showing the expression of
SLC2A1 in NSCLC cell lines (PC9, H1650, A549, HCC827, H1975)
and the normal bronchial epithelial cell line BEAS-2B. (B, C) Western
blot results for PC9 (B) and H1650 (C) cells after silencing SLC2A1
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