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Abstract

This study integrated single-cell transcriptomics, bulk transcriptomics, GWAS, spatial transcriptomics,
and drug-gene data to identify core epithelial genes associated with folate metabolism in cervical
cancer. scPagwas revealed the strongest association between epithelial cells and genetic risk for the
disease; hdWGCNA and WGCNA, combined with differential expression and folate metabolism gene
sets, identified ILTRN and VEGFA. In the CESC cohort, IL1RN expression was downregulated and VEGFA
was upregulated; external validation confirmed this trend, and the AUC of the two-gene diagnostic model
was 0.771 (95% CI: 0.685-0.848). Enrichment analysis indicated that both genes are involved in DNA
repair, the cell cycle, the VEGF/mTOR pathway, and the folate one-carbon pathway, and are associated
with immune infiltration. Single-cell localization analysis showed that both ILTRN and VEGFA are
expressed in epithelial cells; pseudo-time-series, virtual knockout, and spatial transcriptomics analyses
revealed their dynamic expression, regulatory networks, and spatial heterogeneity. Molecular docking
analysis demonstrated that beclomethasone can simultaneously target both ILTRN and VEGFA. In
summary, ILTRN/VEGFA may serve as potential diagnostic biomarkers for cervical cancer, and
beclomethasone is a candidate therapeutic agent.

1.Introduction

Cervical cancer is the fourth most common malignancy among women worldwide and one of the leading
causes of cancer-related deaths in women [1]. Although persistent human papillomavirus (HPV)
infection has been identified as the primary causative factor for cervical cancer, only a fraction of
infected individuals ultimately progress to invasive cancer, suggesting that factors such as the host’s
genetic background, metabolic status, and tumor microenvironment play important regulatory roles in
disease progression [2-4]. In recent years, genome-wide association studies have identified multiple
susceptibility loci for cervical cancer in the HLA region and at loci such as PAX8 and CLPTM1L; however,
since these studies are largely based on bulk tissue samples, they struggle to reveal the expression
patterns and functional consequences of genetic risk signals within specific cellular subpopulations [5].

Folic acid, as a key nutrient in one-carbon metabolism, plays an irreplaceable role in DNA synthesis,
repair, and methylation regulation [6]. Epidemiological studies have shown that folate deficiency or
metabolic disorders are significantly associated with an increased risk of cervical cancer and cervical
intraepithelial neoplasia [7]. Polymorphisms in genes encoding key enzymes in the folate metabolic
pathway—such as methylenetetrahydrofolate reductase and methionine synthase reductase—have been
shown to be associated with susceptibility to cervical cancer; however, study findings across different
populations are not entirely consistent [8, 9]. At the molecular level, folate deficiency may contribute to
the development and progression of cervical cancer through multiple pathways, including interference
with DNA methylation patterns, effects on DNA synthesis and repair, and potentiation of oncogenic viral
activity [10, 11]. However, there are still few reports on the co-expression network characteristics of
folate metabolism-related genes in cervical cancer epithelial cells and their integrated analysis with
genetic risk for the disease.
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The interleukin-1 receptor antagonist ILTRN and vascular endothelial growth factor A (VEGFA) are tumor-
associated genes that have attracted widespread attention in recent years. The IL-1RA protein encoded
by ILTRN is a natural antagonist of the IL-1 signaling pathway [12]. Low ILTRN expression is associated
with the severity of various malignancies, and ILT1RN exerts anti-angiogenic effects by inhibiting the
induction of IL-1-mediated angiogenic factors, including VEGF [13, 14]. VEGFA, on the other hand, is a
central regulator of tumor angiogenesis; it drives endothelial cell proliferation, migration, and survival
through the VEGF/VEGFR2 signaling axis, playing a key role in the progression, invasion, and metastasis
of cervical cancer [15, 16]. Notably, the VEGF/VEGFR pathway is not only a central driver in the formation
of the immunosuppressive microenvironment in gynecological malignancies but also limits the efficacy
of monotherapy with immune checkpoint inhibitors through various mechanisms, such as impeding T-
cell infiltration and expanding immunosuppressive cell populations [17]. Although preliminary insights
into the individual functions of IL1RN and VEGFA in cervical cancer exist, their synergistic relationships
at the co-expression network level in cervical epithelial cells, as well as their diagnostic value and
potential for targeted intervention, have not yet been systematically investigated.

At the methodological level, the integrated analysis of single-cell RNA sequencing and aggregated GWAS
data provides a new paradigm for elucidating cell-type-specific genetic risks in complex diseases [18].
The scPagwas algorithm, which maps GWAS risk loci to single-cell expression networks to calculate
disease-related polygenic risk scores for each cell, has been successfully applied to identify trait-
associated cell subpopulations in various cancer types [19]. High-dimensional weighted gene co-
expression network analysis (hdWGCNA) enables the construction of cell-type-specific co-expression
clusters at single-cell resolution, providing a powerful tool for elucidating the transcriptional regulatory
mechanisms of key cell subsets [20]. Meanwhile, spatial transcriptomics technologies can resolve
spatial heterogeneity in gene expression while preserving tissue spatial information, offering new
approaches for validating the spatial localization of key genes in the tumor microenvironment [21].
Furthermore, drug-gene interaction analysis and molecular docking techniques based on databases
such as DSigDB provide efficient computational strategies for rapidly screening multi-target drug
candidates from approved medications [22]. However, there remains a gap in research regarding the
systematic integration and application of the aforementioned multi-omics methods for the screening of
core genes related to folate metabolism in cervical cancer, the construction of diagnostic models, and
drug prediction.

Based on the research background described above, this study aims to integrate single-cell
transcriptomic, bulk transcriptomic, aggregated GWAS statistics, spatial transcriptomics, and drug-gene
interaction data. Using scPagwas, we map GWAS genetic risks to the single-cell level to identify cell
subpopulations enriched for genetic risk; we utilize hdWGCNA to construct an epithelial cell-specific co-
expression network; and we screen for core signature genes by combining WGCNA, differential
expression analysis, and gene sets related to folate metabolism. Based on these findings, we will
construct a cervical cancer diagnostic model based on these signature genes and validate it externally.
We will further systematically analyze the biological functions of these signature genes through
functional enrichment, immune infiltration, pseudo-time-series trajectories, virtual knockout, and spatial
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transcriptomics analyses. Finally, we will screen for potential targeted drugs through drug enrichment
analysis and molecular docking, with the aim of providing new theoretical foundations and candidate
targets for the early diagnosis and precision treatment of cervical cancer.

2 Materials and Methods
2.1 Data Sources and Preprocessing

This study integrated multi-omics data, including single-cell transcriptomic data from cervical cancer,
bulk transcriptomic data, aggregated GWAS statistics, spatial transcriptomic data, and drug-gene
interaction data. The single-cell transcriptomic data were obtained from the ArrayExpress database
(accession number: E-MTAB-12305) and included 3 samples of normal cervical tissue (Normal, N) and 4
samples of cervical cancer tissue (Tumor, T). After rigorous quality control, 70,946 high-quality cells were
retained for downstream analysis. For bulk transcriptomic data, the combined datasets GSE39001 and
GSE63514 were selected as the training set; GSE52903 served as an independent external validation set
to verify the expression trends of feature genes and the performance of the diagnostic model. The
aggregated GWAS data (ieu-b-4876) were used to characterize genetic risk associated with cervical
cancer. The folate metabolism-related gene set (FMRG) was obtained from Lin et al [23]. A complete list
of FMRGs is provided in Supplementary Table S1. Spatial transcriptomic data were obtained from the
10x Genomics Visium platform to analyze the spatial expression heterogeneity of key genes at the tissue
level. Drug-gene interaction analysis was based on the DSigDB database, and the 3D structures of target
proteins were obtained from the RCSB PDB database. The 3D structure of the small molecule
beclomethasone was downloaded from the PubChem database.

Bulk transcriptomic data underwent background correction, log transformation, and quantile
normalization prior to analysis to remove low-abundance genes and correct for batch effects. Unless
otherwise specified, all analyses were performed in the R 4.5.3 environment; specific R packages and
algorithms are detailed in the corresponding Methods section.

2.2 Single-Cell Data Clustering and Annotation

Single-cell transcriptomic data were obtained from the ArrayExpress database and included 3 samples
of normal cervical tissue and 4 samples of cervical cancer tissue. Data analysis was performed using
the Seurat package in R. The quality control criteria were nFeature_RNA > 50 and a mitochondrial gene
proportion < 15%; a total of 70,946 high-quality cells were retained for downstream analysis. After
standardizing the data using LogNormalize, 1,500 highly variable genes were selected, followed by PCA-
based dimensionality reduction and correction for batch effects using Harmony based on sample origin.
Cell clustering was performed based on the Harmony dimension-reduction results (resolution 0.6), and
visualization was conducted using the t-SNE algorithm. The cell clusters were annotated using the
SingleR package in conjunction with multiple reference datasets. Differences in cell type composition
between the tumor group and the normal control group were further compared, and cell type-specific
marker genes were identified, followed by analysis of intergroup differential expression.
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2.3 Integrated Analysis of Single-Cell Transcriptomics and
GWAS

The scPagwas algorithm was used to integrate aggregated GWAS statistics (ieu-b-4876) with single-cell
transcriptomic data; the analysis was based solely on cells from the tumor group. This algorithm maps
GWAS risk loci to the single-cell expression network to calculate a disease-related polygenic risk score
(TRS) for each cell, which is then aggregated by cell type to assess the contribution of different cell
subpopulations to the genetic risk of the disease. Bootstrap tests were used to evaluate the significance
of associations between each cell subpopulation and GWAS traits, with the strength of genetic
association measured by the -log10 P-value. Furthermore, the Pearson correlation coefficient (PCC)
between gene expression and the disease-related polygenic risk score is calculated. Significantly
correlated genes are selected based on the criteria [PCC| > 0.1 and adj_pvalue < 0.05, and the top 20
genes by PCC are used for visualization.

2.4 Construction of an Epithelial Cell-Specific Co-
expression Network Based on hdWGCNA

Based on single-cell data from the tumor cohort, an epithelial cell-specific gene co-expression network
was constructed using the hdWGCNA algorithm. First, genes expressed in at least 5% of cells were
selected, grouped by cell type and sample type, and metacells were constructed based on the Harmony
dimension reduction results (k = 25, max_shared = 10) based on the Harmony dimension reduction
results and standardized them. We extracted the epithelial cell expression matrix and used
TestSoftPowers to evaluate the network fit at different soft thresholds, selecting a soft threshold of 9 to
construct the co-expression network. Gene co-expression modules were identified using the dynamic
pruning tree algorithm. We calculated the module-specific genes (hMEs), assessed intra-module gene
connectivity using ModuleConnectivity, and screened for core genes in each module based on the kME
value (n_hubs = 300). Module scores for cells were calculated using ModuleExprScore; the spatial
distribution of hMEs was visualized using t-SNE feature maps; and the expression profiles of
characteristic genes in each module across different cell types, as well as the correlations between
modules and cell types, were presented using dot plots and violin plots.

2.5 Construction of a WGCNA-Based Co-expression
Network and Identification of Core Modules

Based on the expression matrix from the merged training set, genes with a standard deviation less than
0.5 were removed. Missing values were checked for and removed using goodSamp < sGe # s, and
outliers were eliminated via sample-level clustering (threshold height 20,000, min Size = 10). A clinical
trait matrix comprising the Control and CESC groups was constructed. The wckSo ftT hreshold
function was used to evaluate soft thresholds ranging from 1 to 20, and the optimal soft threshold was
selected based on the scale-free topological fit index and average connectivity. Construct the adjacency
matrix and TOM matrix to perform gene-level clustering. Identify gene co-expression modules using the
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dynamic pruning tree algorithm (minModuleSize = 60, deepSplit = 2), and merge similar modules using
mer > CloseModes (cutHeight = 0.25). Calculate the correlation coefficients between module
eigenvectors and clinical traits, and plot a module-trait association heatmap. Calculate the gene
significance (GS) for each gene using “Control” as the trait, average the values by module, plot a module
significance map, and evaluate the strength of association between each module and the clinical
phenotype. Output the gene lists for each module for subsequent analysis.

2.6 Differential Expression Analysis, Diagnostic Model
Construction, and Validation

Differential expression analysis was performed on the expression matrix obtained by merging the
training datasets GSE39001 and GSE63514. Differentially expressed genes were screened using a
corrected P-value < 0.05 as the criterion, and the intersection of folate metabolism-related core genes
and epithelial cell Hub genes was obtained. The expression levels of the intersecting genes were
compared between the control and CESC groups, and their expression trends were verified using the
independent external validation dataset GSE52903. Single-gene ROC curve analysis was performed, and
the AUC was calculated to evaluate the ability of individual genes to distinguish CESC from control
samples. Furthermore, a CESC risk prediction scorecard was constructed based on the characteristic
genes; the sum of scores for each gene was used to determine an individual’s probability of developing
CESC, and calibration curves were used to assess the consistency between the model-predicted
probability and the actual observed probability. For the combined gene model, a multivariable logistic
regression model was constructed using the rms::Irm function, with CESC status as the outcome and the
intersecting genes as predictors. A nomogram was generated from this model using nomogram with
fun = plogis and predicted probabilities at 0.001, 0.01, 0.1,0.3, 0.5, 0.7, 0.9, and 0.99. The predicted
probability for each sample was calculated as plogis(predict(IrmModel, newdata = rt)). A comprehensive
ROC curve was then plotted based on the gene combination model, and the AUC with its 95% confidence
interval was calculated by bootstrap. Internal calibration was evaluated using calibrate with the
bootstrap method and 1,000 resamples. Finally, the diagnostic performance of the model was validated
in the independent external dataset GSE52903.

2.7 Functional Enrichment Analysis

GSEA and GSVA analyses were performed on disease group samples from the merged dataset
(GSE39001 and GSE63514), using the KEGG pathway gene set file c2.cp.kegg.Hs.symbols.gmt as a
reference [24]. For IL1RN and VEGFA, samples were divided into high-expression and low-expression
groups based on their median expression levels, respectively. For GSEA, genes were ranked using the
mean difference between the high- and low-expression groups as logFC, with c2.cp.kegg.
Hs.symbols.gmt as TERM2GENE to identify significantly enriched pathways (p < 0.05), and the top 5
most significantly enriched pathways in the high-expression group (NES > 0) and low-expression group
(NES < 0) were presented separately. GSVA employed the ssGSEA algorithm to calculate pathway scores
based on the same KEGG gene set, c2.cp.kegg.Hs.symbols.gmt. After normalization, the differences in
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scores between the high- and low-expression groups were compared, and significantly different
pathways (p < 0.05) were identified using a t-test and presented in bar charts.

2.8 Immune Infiltration Analysis

The CIBERSORT algorithm (perm = 1000) was used to perform deconvolution of the merged expression
matrix based on the LM22 signature gene matrix, yielding the relative infiltration proportions of 22
immune cell subsets; samples with P < 0.05 were retained for subsequent analysis [25]. Samples were
divided into a control group and a CESC group based on sample origin. Stacked bar charts of relative
immune cell abundance were plotted to compare differences in immune cell composition between the
two groups; box-and-whisker plots were used to display the distribution of each immune cell subset
across the two groups, and significance tests for intergroup differences were performed. For samples in
the CESC group, the Spearman correlation coefficients between immune cell subsets were calculated,
and a correlation heatmap was plotted to analyze the regulatory relationships among immune cells.
Furthermore, the expression levels of IL1RN and VEGFA were extracted and subjected to Spearman
correlation analysis with the relative infiltration proportions of each immune cell type, respectively. A P-
value < 0.05 was considered statistically significant, and lollipop plots were generated to display the
correlation coefficients and significance levels.

2.9 Single-Cell Pseudo-Temporal Trajectory Analysis

Epithelial cells and fibroblasts were extracted from the Seurat objects, and up to 5,000 cells were
randomly sampled from each cell type to control computational load. A Monocle cell dataset
(CellDataSet) was constructed based on the RNA assay-normalized expression matrix, and cell type
annotations were added. Standardization and dispersion estimation were performed using
estimateSizeFac — rs and estimateDispersions, with differentially expressed genes
(sig.markersSgene) used as the sorting filter (setOrderingFilter). Dimension reduction was performed
using the DDRTree method (max_components = 2), followed by cell ordering (orderCells). Pseudo-
temporal trajectories, cell type trajectories, and pseudo-temporal distribution violin plots were plotted to
compare the pseudo-temporal characteristics of epithelial cells and fibroblasts and to further analyze
the dynamic expression patterns of the two genes during cell state transitions.

2.10 Virtual Knockout Analysis

Based on single-cell data from the tumor cohort, the RNA assay count matrix was extracted, 5,000 highly
variable genes were selected, and the target genes were included in the expression matrix. Use the
scTenifoldKnk algorithm to perform virtual knockouts for ILTRN and VEGFA, respectively [26], with the
following parameter settings: gc_mtThreshold = 0.1, gc_minLSize = 500, nc_nNet = 10, and nc_nCells =
500. Screen for significantly differentially regulated genes using a p.adj threshold of < 0.05 and output
the results. For each target gene, the genes were sorted by fold change (FC), and the top 20 genes were
used to generate a bar chart.

2.11 Spatial Transcriptomics Analysis
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Spatial transcriptomics data for human cervical cancer obtained using the 10x Genomics Visium
platform. The expression matrix and image data were read using Read10X and Readl10Xma >,
respectively, to create a Seurat object (assay = “Spatial”). The distribution of nC'ountgpatial was
examined using V In Plot and Spatial FeaturePlot. Standardization was performed using

SCTran or m,dimensionality reduction using RunPC'A, clustering using F' € dNeighb or s and
F' € dClusters, and visualization of the reduced-dimensionality data using RunU M AP. Use

F € dAllMarkers to identify marker genes for each cluster. Apply the Sin g < R algorithm, using

re fguman,ll and HumanPrimaryCell Atlasypca as reference datasets, to annotate clusters with
cell types, plot UMAP and spatial distribution maps of cell types, and visualize the spatial expression
patterns of model genes on tissue sections using Spatial FeaturePlot.

2.12 Drug Screening and Molecular Docking

Drug enrichment analysis was performed based on the DSigDB database to construct drug-gene
regulatory networks. Using IL1TRN and VEGFA as target genes, candidate drugs that significantly targeted
both genes were screened, with a significance threshold of p.adjust < 0.05. Molecular docking analysis
was performed on the candidate drug beclomethasone, with the target protein structures being ILTRN
(PDB ID: 1ILR) and VEGFA (PDB ID: 2VPF). AutoDock Vina 1.2.3 was used for molecular docking to
calculate binding energy and analyze binding modes such as hydrogen bonds, hydrophobic interactions,
-1t stacking, and salt bridges between the drug and target proteins. Finally, the docking results were
visualized using PyMol 2.5.5 and Ligplot v2.2.9.

2.13 Statistical Analysis

All statistical analyses were performed using R 4.5.3. Quantitative data were expressed as mean
standard deviation or median (interquartile range) based on data distribution; comparisons between
groups were performed using the independent samples t-test or the Wilcoxon signed-rank test.
Categorical data were analyzed using the chi-square test or Fisher’s exact test. Correlation analysis was
performed using Pearson or Spearman correlation. Survival analysis and diagnostic performance
evaluation were conducted using ROC curves and AUC. P-values from multiple comparisons were
corrected using the Benjamini-Hochberg method. A P-value < 0.05 or a corrected P-value < 0.05 was
considered statistically significant.

3. Results

3.1 Identification of Cellular Heterogeneity and Key Genes Based on Integrated Analysis of Single-Cell
Transcriptomics and GWAS

First, rigorous quality control was performed on samples from the cervical cancer case group and the

control group; after quality control filtering, high-quality cells were retained for subsequent analysis.

Dimension reduction was determined using principal component analysis (PCA) and the JackStraw test,

followed by unsupervised clustering of cells using t-SNE. Ultimately, eight major cell subpopulations

were successfully identified and annotated, including epithelial cells, fibroblasts (Fibroblasts), CD8 + T
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cells, endothelial cells, macrophages, neutrophils, NK cells, and hematopoietic stem cells (HSCs), with
epithelial cells and fibroblasts constituting the major components of the tumor microenvironment

(Fig. TA-E). Analysis of cell proportions revealed distinct dynamic changes in each cell subset between
tumor and normal tissues (Fig. 1F). Disease-related polygenic risk scores (TRS) were significantly
enriched in specific cell populations (Fig. 1G). Bootstrap analysis (Bootstrap results) revealed that
epithelial cells exhibited the strongest genetic association with the trait represented by ieu-b-4876, with
significance far exceeding that of other cell populations, suggesting that epithelial cells are the core cell
type responsible for the genetic risk of this disease (Fig. TH). Furthermore, by calculating the phenotype-
correlated coefficient (PCC) for genes, we identified PERP, KRT17, SERPINE1, RAC1, and others as the
top 20 key genes most strongly associated with genetic risk for the disease (Top 20 Genes with Highest
PCC) (Fig. 11).

3.2 Construction of an Epithelial Cell-Specific Co-expression Network Based on hdWGCNA and
Integrated Analysis with Genetic Risk

To elucidate the transcriptional regulatory mechanisms of epithelial cells in disease progression, this
study utilized the hdWGCNA algorithm to construct a gene co-expression network at the single-cell level.
When the soft threshold was set to 9, the network fit was optimized while maintaining reasonable
connectivity, consistent with the characteristics of a scale-free network (Fig. 2A). After constructing the
co-expression network based on this optimal threshold, a total of 22 color-coded gene co-expression
modules were identified using the Dynamic Tree Cut algorithm, named Epithelial cells-M1 through M22
(Fig. 2B). Correlation analysis between module eigengenes (hMEs) and cell types revealed that the M13
module exhibited high expression levels in epithelial cells (Fig. 2C). The t-SNE plot illustrated the cellular
spatial distribution of the module eigengenes (Fig. 2D). Gene significance analysis within each module
showed that hub genes in different modules all had high significance scores (Fig. 2E). We performed an
integrated analysis of the core genes of the M13 module identified by hdWGCNA and the key genes
identified by the previous scPagwas analysis. The results showed a significant overlap between the
hdWGCNA module gene set and the scPagwas gene set, with a total of 57 overlapping genes identified
(Fig. 2F).

3.3 WGCNA Analysis and Selection of Core Genes

Based on the merged transcriptomic expression matrix, a co-expression network was constructed using
WGCNA. By analyzing the scale-free topology model fit (R?) and average connectivity at different soft
thresholds, the optimal soft threshold (Power) was determined to be 6 (Fig. 3A). Using the dynamic
pruning tree algorithm, a total of 11 gene co-expression modules were identified (Fig. 3B). To assess the
association of each module with clinical phenotypes, correlation coefficients were calculated between
the module eigenvectors and the control group (Control) and the CESC group. The results showed that
the blue module (MEblue) exhibited the strongest significant positive correlation with CESC (r=0.65, P =
1e-23) (Fig. 3C). Gene Significance (GS) analysis within the modules indicated that the average GS value
of the blue module was significantly higher than that of the other modules, suggesting that this module
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is the core module driving CESC progression (Fig. 3D). A Venn diagram was constructed to identify the
intersection of genes from the core module in WGCNA with differentially expressed genes (DEGs) and
the folate metabolism-related gene set (FMRG) (Fig. 3E).

3.4 Screening of Key Feature Genes, Construction of
Diagnostic Models, and External Validation

By identifying the intersection of core folate metabolism genes and epithelial cell hub genes, we
identified two signature genes (ILTRN and VEGFA) (Fig. 4A). Analysis based on the combined GSE39001
and GSE63514 datasets (training set) showed that, compared with the control group, IL1RN expression
was significantly downregulated in the CESC group, while VEGFA expression was significantly
upregulated (Fig. 4B); Single-gene ROC analysis showed that the AUCs for distinguishing CESC from the
control group using IL1RN and VEGFA were 0.644 and 0.727, respectively (Fig. 4C). Validation using the
independent external dataset GSE52903 showed that the expression trends of ILTRN and VEGFA in
CESC samples were consistent with those in the training set (Fig. 4D). Calibration curves demonstrated
that the model’s predicted CESC risk probabilities closely matched the observed probabilities (Fig. 4E),
and a diagnostic model for CESC risk was constructed using these two genes (Fig. 4F). Comprehensive
ROC analysis indicates that this two-gene combination model possesses strong diagnostic performance
(AUC =0.771,95% CI: 0.685-0.848) (Fig. 4

G).
3.5 Gene Function Enrichment Analysis

GSEA and GSVA pathway enrichment analyses were performed based on the combined dataset
(GSE39001 and GSE63514). For ILTRN, the high-expression group was significantly enriched in the
“Epithelial cell signaling in Helicobacter pylori infection,” “TCA cycle,” and lipid metabolism pathways
such as linoleic acid and arachidonic acid (Fig. 5A). In the IL1RN low-expression group, DNA repair and
cell cycle-related pathways—including DNA replication, mismatch repair, base excision repair, and N-
glycan biosynthesis—were significantly enriched (Fig. 5B). In the high VEGFA expression group, pathways
related to tumor proliferation and progression were significantly enriched, including the cell cycle, DNA
replication, the VEGF signaling pathway, the mTOR signaling pathway, and pathways in cancer; they were
also enriched in the “One carbon pool by folate” pathway (Fig. 5C). In contrast, the VEGFA low-expression
group showed enrichment primarily in metabolic and structural pathways, such as ribosomes, cell
adhesion molecules (CAMs), and fatty acid metabolism (Fig. 5D). The results of further GSVA analysis
were highly consistent with those of GSEA (Fig. 5E, F): scores for tumor-related cancer pathways and the
mTOR signaling pathway were significantly elevated in the high VEGFA expression group, while features
related to folate metabolism also showed significant differences in specific expression subgroups of
ILTRN and VEGFA.
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3.6 Correlation between Hub Biomarkers and Infiltrating
Immune Cells

The CIBERSORT algorithm was used to assess the infiltration proportions of 22 immune cell subsets. A
stacked bar chart of relative immune cell abundances showed significant differences in immune cell
composition between the CESC group and the control group (Fig. 6A). A heatmap analysis of
correlations among immune cells revealed complex regulatory relationships within the immune network
(Fig. 6B). Compared with the control group, the CESC group exhibited reduced expression of resting CD4
+ memory T cells, while expression of activated CD4 + memory T cells and MO macrophages was
elevated (Fig. 6C). IL1RN expression was significantly positively correlated with neutrophils and CD8 + T
cells, and significantly negatively correlated with follicular helper T cells. VEGFA expression was
significantly positively correlated with plasma cells; it was significantly negatively correlated with resting
CD4 memory T cells, resting mast cells, and others (Fig. 6D, E).

3.7 Expression of ILTRN and VEGFA in the CESC Tumor
Microenvironment

Through t-SNE-based dimensionality reduction and clustering, as well as SingleR annotation, a total of 8
major cell subpopulations were identified (Fig. 7A). Results from bubble plot and feature map analyses
showed that ILTRN and VEGFA exhibited distinct cell-type-specific distribution patterns in the tumor
microenvironment (Figs. 7B and C). Further quantitative analysis using violin plots confirmed that IL1RN
exhibited the highest expression levels in neutrophils; in contrast, VEGFA was widely expressed in
epithelial cells (Fig. 7D).

3.8 Single-Cell Trajectory Analysis

The Monocle algorithm was used to perform single-cell pseudotime trajectory analysis on two cell
subpopulations: epithelial cells and fibroblasts. The results showed that the trajectories of epithelial cells
and fibroblasts exhibited complex bifurcated structures, with black nodes marking the differentiation
origins or branching points of cell states (Fig. 8A, B). Pseudotime distribution violin plots revealed that
fibroblasts exhibited significantly higher pseudotime values, whereas epithelial cells were primarily
concentrated in the early stages of the trajectories (Fig. 8D). Gene expression time series curves and
heatmap analyses revealed that the expression levels of ILTRN and VEGFA exhibited significant
nonlinear patterns during the early, branching, and late stages of the trajectories, indicating a high degree
of stage specificity during cell state transitions (Fig. 8C, E). Gene expression trajectory feature maps
visually revealed the spatial enrichment of these two genes along the evolutionary pathway from
epithelial cells to fibroblasts (Fig. 8F).

3.9 Virtual Knockout and Spatial Transcriptomics Analysis
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Using the scTenifoldKnk algorithm, virtual knockout analysis of characteristic genes was performed
based on the tumor single-cell expression matrix. The results showed that following virtual knockout of
ILTRN, the top 20 genes significantly differentially regulated in the network included RPSA, SLURP2,
LY6D, and others (Fig. 9A); following virtual knockout of VEGFA, genes such as LY6D, SLURP2, and DSG3
exhibited extremely high fold changes (FC), suggesting that these key genes may play important hub
roles in maintaining intracellular homeostasis or in tumor-related signaling networks (Fig. 9B). Using
spatial transcriptomic data from human cervical cancer, tissue sections were clustered and cell
annotated. UMAP and spatial distribution maps revealed that epithelial cells exhibited specific areas of
spatial clustering within the tissue sections (Fig. 9C). Subsequently, the expression levels of IL1RN and
VEGFA were mapped onto the spatial sections (Fig. 9D). The results showed that these two genes
exhibited distinct spatially heterogeneous expression patterns within the tissue, with their high-
expression regions exhibiting spatial overlap or boundary distribution characteristics relative to areas of
epithelial cell enrichment.

3.10 Drug Screening and Molecular Docking

Drug enrichment analysis showed that beclomethasone significantly targets both IL1RN and VEGFA (p =
1.18 x 10-5, enrichment fold = 288.93; Fig. 10A and Table S2). Molecular docking further confirmed its
binding potential, with binding energies of - 6.344 kcal/mol for IL1RN (PDB: 1ILR) and - 6.871 kcal/mol
for VEGFA (PDB: 2VPF) (Fig. 10B and Table S3). The detailed enrichment scores and docking binding
energies are provided in Supplementary Table S2 and Table S3, respectively. Binding mode analysis
indicates that beclomethasone stabilizes its binding to both targets primarily through hydrogen bonds
(e.g., ASP-104, ARG-102, ASP-34, GLN-37) and hydrophobic interactions (e.g., GLN-149, GLU-64); neither
-1t stacking nor salt bridges were detected. In summary, beclomethasone demonstrates reliable binding
capacity to simultaneously target IL1RN and VEGFA, providing a structural basis for its potential in multi-
target synergistic therapy. This docking analysis serves only as a structural screening step and does not
constitute biological validation of functional interactions.

4.Discussion

In this study, the scPagwas algorithm was used to project aggregated GWAS data for cervical cancer
(ieu-b-4876) onto a single-cell expression network, revealing that the genetic association between
epithelial cells and cervical cancer was significantly stronger than that observed in other cell
subpopulations. These results are consistent with the findings from the application of scPagwas across
various cancer types, indicating that this algorithm can map polygenic risk to cell-type-specific pathway
activity scores, thereby effectively identifying trait-associated cell subsets [19, 27]. From the perspective
of the pathogenesis of cervical cancer, HPV infection primarily targets cervical epithelial cells; its
oncoproteins E5 and E6 impair MHC class | antigen presentation and interfere with interferon regulator 3
signaling, respectively, thereby promoting immune evasion [28, 29]. Therefore, epithelial cells may serve
as the intersection between host genetic susceptibility and viral carcinogenesis; their higher genetic risk
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scores not only have a sound biological basis but also suggest that epithelial cells play a central role in
the development of cervical cancer.

Notably, folate metabolism disorders may represent another key molecular dimension through which
genetic susceptibility and viral carcinogenicity act synergistically in epithelial cells [30]. As a central
nutrient in one-carbon metabolism, folate has no direct physiological activity on its own; it must undergo
metabolic conversion to participate in DNA synthesis, repair, and methylation maintenance [31, 32].
Multiple studies suggest that folate deficiency or metabolic disorders may increase the risk of cervical
cancer and cervical intraepithelial neoplasia [33]. In epithelial cells, folate deficiency can lead to
abnormally elevated expression of DNA methyltransferase 1 (DNMT1), which in turn causes abnormally
high methylation in the promoter regions of tumor suppressor genes [34]. Wang et al. found in 238
samples of cervical lesions that serum folate levels decreased progressively as the severity of cervical
lesions increased, while DNMT1 protein and mRNA expression showed a progressive upward trend [35];
In vitro experiments demonstrated that folate intervention can inhibit cervical cancer cell viability in a
dose-dependent manner and reverse the abnormal expression of DNMT1 [36]. This suggests that folate
metabolism disorders are not merely a state of nutritional deficiency but may directly participate in the
malignant transformation of epithelial cells through epigenetic reprogramming.

The effects of folate metabolism on epithelial cells are also evident in its synergistic relationship with
HPV infection. A cross-sectional study by Flatley et al. confirmed that both folate status and abnormal
DNA methylation are associated with HPV infection and the progression of cervical lesions [35]. Chen et
al. further found in a cohort of 310 participants that folate deficiency was positively correlated with high
methylation and low protein expression of the FHIT gene in both CIN and cervical squamous cell
carcinoma, and that this interactive effect increased with the severity of the lesion [30]; in vitro folate
intervention was able to reverse the high methylation status of the FHIT gene. As a commonly
abnormally methylated tumor suppressor gene in cervical cancer, inactivation of FHIT may impair the
ability of epithelial cells to monitor genomic damage caused by HPV infection, thereby facilitating
persistent viral infection and clonal expansion [37]. At the same time, genetic polymorphisms in MTHFR
and MTRR—key enzymes in the folate metabolism pathway—also interact with HPV infection in the
development of CIN; the prevalence of high-risk HPV infection, the mutation rate of MTHFR, and the
methylation rate of PAX1 gradually increase as the severity of cervical lesions worsens [38]. Taken
together, this evidence points to the following inference: folate metabolism disorders, by affecting the
methylation homeostasis of epithelial cells, may act in concert with HPV oncoproteins to disrupt the
cell's epigenetic balance.

To further elucidate the regulatory architecture within epithelial cells, this study employed hdWGCNA to
construct an epithelial cell-specific co-expression network. Under a soft threshold of 9, a total of 22 gene
co-expression modules were identified, among which the M13 module exhibited the highest expression
level in epithelial cells. hdWGCNA has been successfully applied to elucidate co-expression programs in
epithelial cells across various cancers; for example, it identified the glycolysis-related M3 module and
screened for the core hub gene STOML2 in ovarian cancer [39]. In this study, we identified the
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intersection of genes from the M13 module and key genes from scPagwas, yielding 57 overlapping
genes. The advantage of this integrated strategy lies in the fact that hdWGCNA module genes reflect co-
expression regulatory structures in epithelial cells, while scPagwas genes reflect those significantly
associated with genetic risk for disease; the intersection of the two is more likely to enrich genes that
simultaneously possess regulatory hub status and genetic causal contributions.

Among the 57 overlapping genes, after multiple rounds of screening and expression validation, two
signature genes—IL1RN and VEGFA—were ultimately identified. In the CESC cohort, IL1RN expression
was significantly downregulated, while VEGFA expression was significantly upregulated; this trend was
confirmed in the external validation set GSE52903. IL1RN encodes IL-1RA, a natural antagonist of the IL-
1 signaling pathway [40]. Previous studies have shown that IL1RN gene polymorphisms are associated
with increased susceptibility to cervical squamous cell carcinoma; however, the direction of IL1RN
expression in cervical cancer tissues remains controversial across different studies. This discrepancy
may be related to heterogeneity in sample sources, detection platforms, disease staging, and HPV
infection status, or it may reflect the dual functions of ILT1RN in different tumor microenvironment
contexts. Notably, low ILTRN expression has been shown to correlate with disease severity in various
malignancies, and ILTRN exerts anti-angiogenic effects by inhibiting the induction of IL-1-mediated
angiogenic factors (including VEGF) [41-43]. This provides a mechanistic explanation for the functional
association between ILTRN downregulation and VEGFA upregulation.

Building on this, the potential regulatory link between folate metabolism and the IL1TRN-VEGFA axis
identified in this study warrants further consideration. Abnormal DNMT1 expression and methylation
dysregulation caused by folate deficiency may affect the methylation status of the IL1RN promoter
region, thereby contributing to the downregulation of its expression [44]; simultaneously, folate can also
directly upregulate VEGF expression through the FRa-mediated STAT3 signaling pathway [45]. Thus,
folate metabolism disorders may serve as a bridge linking epigenetic regulation to the remodeling of the
angiogenic microenvironment, while the imbalance in ILTRN and VEGFA expression may represent a
downstream effect of this chain in epithelial cells [46]. The beneficial effects of folate supplementation
on metabolic and inflammatory markers in patients with CIN2/3—including a significant reduction in
high-sensitivity C-reactive protein and an increase in total antioxidant capacity—also indirectly support a
functional link between folate metabolic status and the local inflammatory microenvironment of the
cervix [47]. In summary, the folate metabolic pathway and the IL1RN-VEGFA axis identified in this study
may jointly participate in the epigenetic-microenvironmental remodeling process of epithelial cells under
genetic susceptibility and HPV-induced carcinogenic stress. This integrated framework provides a
testable hypothesis for understanding how genetic risk in cervical cancer epithelial cells is translated
into a neoplastic phenotype via metabolic-epigenetic mechanisms, and suggests that folate metabolic
status may serve as a potential auxiliary target for cervical cancer risk stratification and intervention.

Analysis of immune infiltration further revealed that these two genes are closely associated with the
tumor immune microenvironment. IL1RN expression was positively correlated with the infiltration of
neutrophils and CD8 + T cells. Single-cell localization analysis showed that ILTRN was most highly
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expressed in neutrophils, while VEGFA was widely expressed in epithelial cells. These findings are
consistent with recent research on tumor-associated neutrophils (TANs). A study on lung squamous cell
carcinoma confirmed that tumor-associated neutrophils upregulate IL1RN expression, suggesting that
these cells may exert immunosuppressive effects through IL1RN expression [48]. Furthermore, previous
studies have shown that VEGFA-positive tumor-associated neutrophils are associated with the formation
of an immunosuppressive microenvironment in cervical cancer and with resistance to PD-1
immunotherapy; Eliminating VEGFA-positive tumor-associated neutrophils can significantly enhance the
antitumor efficacy of PD-1 inhibitors [49]. This study observed high expression of IL1RN in neutrophils
and a functional association between IL1RN and VEGFA, suggesting that IL1RN may participate in the
remodeling of the cervical cancer immune microenvironment by regulating the pro-angiogenic
phenotype of neutrophils. This hypothesis requires further experimental validation in subsequent
studies.

Functional enrichment analysis revealed that the VEGFA-high expression group was significantly
enriched in the cell cycle, DNA replication, VEGF signaling pathway, mTOR signaling pathway, and cancer
pathways, as well as in the “One-carbon pool by folate” pathway. This finding extends the function of
VEGFA beyond traditional angiogenesis to the fields of folate metabolism and the one-carbon cycle. Folic
acid, a key nutrient in one-carbon metabolism, is significantly associated with an increased risk of CIN3+,
and this risk rises further when folic acid deficiency is combined with high levels of DNA methylation
[50]. Folic acid status and abnormal DNA methylation have been shown to be associated with HPV
infection and the pathogenesis of cervical cancer; folic acid directly participates in the regulation of DNA
methylation through one-carbon metabolism [51]. This study identified an association between VEGFA
and the folate one-carbon pool pathway, suggesting that VEGFA may contribute to cervical cancer
progression associated with folate metabolism dysregulation by influencing the metabolic
reprogramming of tumor cells, thereby providing new insights into the molecular link between folate
metabolism and angiogenesis in cervical cancer. Furthermore, VEGFA has been shown to activate the
PI3K/Akt and its downstream mTOR signaling pathways, promoting the growth and invasion of cervical
cancer cells [52], which is consistent with the GSEA results of this study.

The two-gene diagnostic model based on ILTRN and VEGFA had an AUC of 0.771 (95% Cl: 0.685-0.848),
and the calibration curve demonstrated good agreement between predicted and observed probabilities.
Although this AUC value is lower than that of models based on large gene combinations, this model is
based on only two genes and has been validated using an external independent dataset, indicating high
feasibility for clinical translation. Single-gene ROC analysis showed that VEGFA (AUC = 0.727) had
superior diagnostic performance compared to IL1RN (AUC = 0.644), which is consistent with extensive
literature reporting VEGFA as a key driver gene in cervical cancer [52]. Spatial transcriptomic analysis
revealed that ILTRN and VEGFA exhibit distinct spatially heterogeneous expression patterns in tissue
sections; their highly expressed regions show spatial overlap with or are distributed along the
boundaries of areas enriched with epithelial cells, indicating that the microenvironment shapes the
malignant epithelial program and extracellular matrix-associated immunological niches. scTenifoldKnk
virtual knockout analysis showed that following the knockout of IL1TRN or VEGFA, genes such as LY6D,
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SLURP2, and DSG3 exhibited extremely high differential regulation fold changes within the network.
LY6D, as a marker of epithelial cell differentiation, shows a regulatory association with ILTRN and VEGFA,
suggesting that these two genes may be involved in maintaining the differentiated state of epithelial
cells. SLURP2 and DSG3, as genes associated with the epidermal differentiation complex, exhibit
responses that indicate the IL1TRN/VEGFA regulatory network may be involved in processes related to
epithelial-mesenchymal transition [53-55].

Drug enrichment analysis based on the DSigDB database revealed that beclomethasone significantly
targets both ILTRN and VEGFA (p = 1.18 x 10-5, enrichment fold of 288.93). Molecular docking revealed
that beclomethasone exhibits reliable binding affinity to both IL1RN (binding energy - 6.344 kcal/mol)
and VEGFA (binding energy - 6.871 kcal/mol). Beclomethasone is a glucocorticoid receptor agonist
widely used as an anti-inflammatory drug in the treatment of asthma and allergic rhinitis. Preliminary
reports have indicated its antitumor activity, and steroidal drugs (including beclomethasone
dipropionate) have been shown to possess topoisomerase Il inhibitory potential [56, 57]. From a
mechanistic perspective, glucocorticoids, including beclomethasone, can suppress pro-inflammatory
signaling through glucocorticoid receptor-mediated transrepression, which interferes with the activity of
transcription factors such as NF-kB [58]. Given that ILTRN is a natural antagonist of the IL-1 signaling
pathway and that IL-1 can induce VEGF expression, beclomethasone may inhibit the IL-1/VEGF axis
through glucocorticoid receptor-mediated anti-inflammatory signaling, thereby exerting a synergistic
regulatory effect on both targets. However, it should be emphasized that the molecular docking analysis
in this study represents only a structural screening step; the functional regulatory effects of
beclomethasone on IL1RN and VEGFA still require validation through cellular and animal experiments.

This study has several limitations. First, the single-cell data were derived from a limited sample size in
the ArrayExpress database (3 normal and 4 tumor tissue samples), which may not fully reflect the
heterogeneity of cervical cancer. Second, the sample size and population composition of the GWAS
aggregate statistic “ieu-b-4876" may limit the generalizability of the genetic risk score. Third, the
scPAGWAS analysis was based solely on cells from the tumor group and did not fully utilize the genetic
risk information from normal controls. Fourth, the diagnostic model was constructed using a
retrospective dataset and lacks validation in a prospective clinical cohort. Fifth, the targeted prediction
for beclomethasone is based solely on computational analysis and lacks experimental validation. Sixth,
the set of folate metabolism-related genes was derived from published literature and may be subject to
selection bias.

5.Conclusion

In summary, this study suggests that ILTRN and VEGFA may serve as potential core epithelial cell
signature genes associated with folate metabolism in cervical cancer, based on an integrated multi-
omics analysis.Both genes contribute to cervical cancer progression by regulating DNA repair, the cell
cycle, the VEGF/mTOR signaling pathway, and the folate one-carbon pool pathway, and are closely
associated with the remodeling of the tumor immune microenvironment. The two-gene diagnostic model

Page 17/32



demonstrates good diagnostic performance and consistency in external validation; beclomethasone, as
a candidate drug that simultaneously targets IL1RN and VEGFA, warrants further investigation. Future
research should focus on validation with a larger sample size, experimental studies on the functional
mechanisms of ILTRN/VEGFA, and preclinical evaluation of beclomethasone’s anti-cervical cancer
activity.
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Figure 1

Construction of a single-cell transcriptome profile for cervical cancer and analysis of genetic
associations with GWAS traits.

(A) Scatter plot for cell quality control. (B) Principal component analysis (PCA) plot for sample origin
grouping, showing the distribution of the Normal and Tumor groups in the reduced-dimension space. (C)
JackStraw test scatter plot used to assess the significance of the top 20 principal components (PCs) in
the PCA,; the dashed line indicates the threshold for statistical significance. (D) Initial clustering plot
based on t-SNE dimensionality reduction, identifying a total of 26 cell subpopulations (Clusters 0-25).
(E) t-SNE cell type atlas based on SingleR and annotated reference datasets, identifying a total of 7
major cell subpopulations. (F) Stacked bar chart showing the cellular proportions of the 7 major cell
subpopulations in the disease group. (G) Visualization of scPagwas analysis results. (H) Significance of
associations between each cell subpopulation and GWAS traits. The red dashed line represents the
threshold for statistical significance (P = 0.05). (1) Bar chart of the top 20 key genes ranked by their
correlation coefficient (PCC) with genetic risk for the disease; the depth of color represents the

magnitude of the PCC value.
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Figure 2

Construction of the epithelial cell-specific gene co-expression network.

(A) Soft threshold (Soft Power) selection plot. The red dashed line indicates the optimal soft threshold
(Power = 9). (B) Hierarchical clustering dendrogram of the epithelial cell gene co-expression network. (C)
Shows the expression percentage and average expression level of characteristic genes (hMEs) in each
module across different cell types. (D) Feature plots of characteristic genes (hMEs) in each gene co-
expression module in the t-SNE dimensionality-reduction space, illustrating the spatial distribution
characteristics of module scores in the cell space. (E) Violin plots of gene significance within each
module, showing the strength of association between hub genes and their corresponding phenotypes or
traits. (F) Intersection of key genes identified by scPagwas and genes in the hdWGCNA module.
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Gene dendrogram and module colors
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Figure 3

WGCNA analysis identifies core modules and candidate genes associated with CESC.

(A) Soft-threshold screening. The red dashed line indicates the optimal soft threshold (power = 6) that
yields a scale-free network. (B) Gene clustering tree and module partitioning. (C) Heatmap of module-
trait relationships. (D) Bar chart showing the distribution of gene significance within modules. (E)
Intersection between the FMRG gene set, DEGs, and the WGCNA core module gene set.
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CESC diagnostic model constructed based on the intersection of core folate metabolism genes and
epithelial cell hub genes, and its validation.

(A) A Venn diagram illustrating the intersection between core folate metabolism genes and epithelial cell
hub genes. (B) Box plots showing the differential expression of ILTRN and VEGFA between the control
group and the CESC group in the training set. (C) Single-gene receiver operating characteristic (ROC)
curves for ILTRN and VEGFA in diagnosing CESC in the training set. (D) Box plots showing the differential
expression of ILTRN and VEGFA in the external independent validation set (GSE52903). (E) Calibration
curve for the nomogram model. (F) CESC risk prediction nomogram based on the two feature genes
ILTRN and VEGFA, the individual’s probability of developing CESC can be determined by calculating the
sum of the scores for each gene. (G) ROC curve for the nomogram-based combined diagnostic model,
with an AUC of 0.771 (95% Cl: 0.685-0.848), indicating good diagnostic performance.
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Figure 5

GSEA and GSVA enrichment analyses.

(A-B) GSEA enrichment plots of KEGG pathways for the high- and low-expression groups of IL1RN. (C-
D) GSEA enrichment plots of KEGG pathways for the high- and low-expression groups of VEGFA. (E-F)
Bar charts comparing differences in KEGG pathways between the high- and low-expression groups of
ILTRN and VEGFA based on GSVA scores.
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Figure 6

Analysis of the immune landscape associated with CESC using the CIBERSORT algorithm on the
integrated dataset. (A) Relative infiltration proportions of 22 immune cell subsets in the control group
(Control) and the cervical cancer group (CESC), as assessed by the CIBERSORT algorithm. (B) Heatmap
of Spearman’s correlation analysis among immune cell subsets; color intensity represents the magnitude
of the correlation coefficient (red indicates a positive correlation, blue indicates a negative correlation).
(C) Differences in the infiltration proportions of each immune cell subset between the CESC group and
the Control group; pink represents the CESC group, and blue represents the Control group. (D) Spearman
correlation lollipop plot showing the relationship between IL1RN expression and the infiltration
proportions of each immune cell subset. (E) Spearman correlation lollipop plot showing the relationship
between VEGFA expression and the infiltration proportions of each immune cell subset.
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Single-cell transcriptomics reveals cell-specific expression patterns of key signature genes in CESCs.

(A) t-SNE dimension-reduction clustering plot. (B) Dot plot showing the expression of IL1RN and VEGFA
in different cell subsets. Dot size represents the proportion of cells expressing the gene, and color
intensity represents the average expression level. (C) t-SNE feature plot showing the expression
distribution of ILTRN and VEGFA in the dimension-reduced space. (D) Violin plot showing the distribution

characteristics of IL1RN and VEGFA expression levels across cell subsets.
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Figure 8

Construction of pseudotime trajectories for epithelial cells and fibroblasts, and the dynamic expression
of the signature genes IL1RN and VEGFA.

(A) Cell differentiation trajectory map constructed using the Monocle algorithm, colored by cell type (red
represents epithelial cells; blue-green represents fibroblasts), showing the spatial distribution of the two
cell types along the trajectories. (B) Cell trajectories colored by pseudotime, with shades ranging from
dark blue to light blue indicating a gradual increase in pseudotime values; black dots mark key branching
nodes determining cell fate. (C) Fitted curves showing the relative expression levels of the key signature
genes ILT1RN and VEGFA as a function of pseudotime, with colors corresponding to different cell types,
revealing nonlinear dynamic changes in gene expression over developmental time. (D) Violin plots
showing the distribution of pseudotime values for epithelial cells and fibroblasts. (E) Heatmaps of the
expression of key signature genes ILTRN and VEGFA as a function of pseudotime. (F) Feature plots of
ILTRN and VEGFA along pseudotime trajectories.
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Figure 9

Regulatory Networks and Spatial Localization of Key Signature Genes

(A-B) Bar charts showing the top 20 genes ranked by fold change (FC) after virtual gene knockout in
tumor single-cell data using the scTenifoldKnk algorithm. (C) The left panel shows a UMAP-based
dimensionality-reduction clustering map, and the right panel shows cell type annotations on tissue
sections, where red dots represent spatial clusters of epithelial cells within the tissue. (D) Spatial
expression patterns of ILTRN and VEGF in cervical cancer tissue sections.
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Drug-Gene Regulatory Network
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Figure 10

Analysis of the Interaction Patterns Between Drug-Gene Regulatory Networks and Molecular Docking

(A) A drug-gene regulatory network diagram constructed based on the DSigDB database. Red circular
nodes represent intersecting signature genes (IL1RN and VEGFA), while blue rectangular nodes
represent significantly enriched candidate drugs (p.adjust < 0.05); the connecting lines indicate
interaction relationships between drugs and genes. (B) Molecular docking binding mode diagrams of
beclomethasone with target proteins. The top figure shows the 3D binding mode of beclomethasone
with ILTRN (PDB ID: 1ILR), and the bottom figure shows the 3D binding mode of beclomethasone with
VEGFA (PDB ID: 2VPF). The yellow stick model represents the small molecule, the blue cartoon model
represents the protein backbone, the green dashed lines indicate hydrogen bonds, and the gray dashed
lines indicate hydrophobic interactions.
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