
Research Article

ISSN: 2574 -1241              DOI: 10.26717/BJSTR.2026.66.010290

Research on the Molecular Mechanisms and Drug 
Targets of Vascular Endothelial Cells in Pancreatic 

Cancer Using Single-Cell Sequencing Combined with 
Mendelian Randomization

Copyright@ : Xingjun Guo | Biomed J Sci & Tech Res |  BJSTR.MS.ID.010290. 58322

Taoyuan Yin, Yangwei Liao, Rui Tian and Xingjun Guo* 
A Division of Hepato-Pancreato-Biliary Surgery, Tongji Hospital, Tongji Medical College, Huazhong University of Science & Technology, Wuhan, 
Hubei, 430030, China

*Corresponding author: Xingjun Guo, A Division of Hepato-Pancreato-Biliary Surgery, Tongji Hospital, Tongji Medical College, Huazhong 
University of Science & Technology, Wuhan, Hubei, 430030, China

ABSTRACT

Pancreatic cancer is a highly malignant tumor with an extremely low five-year survival rate. Due to its insidious 
clinical symptoms and propensity for aggressive invasion and metastasis, identifying risk factors early is crucial 
for the prevention and treatment of pancreatic cancer. This study integrates single-cell sequencing and Men-
delian randomization analysis by collecting pancreatic cancer-related data from the GEO and TCGA databases. 
The Seurat package was utilized for cell quality control and analysis, allowing for cell subpopulation annotation. 
Mendelian randomization was employed to assess the causal relationship between gene expression and pancre-
atic cancer risk, while functional analyses using CIBERSORT, GSEA, and GSVA explored the signaling pathways 
affected by key genes. A total of 16 distinct cell subpopulations were identified, with endothelial cells contrib-
uting the most to pancreatic cancer. Mendelian randomization analysis confirmed five risk genes associated 
with pancreatic cancer (CAV2, NEDD9, PDGFB, RBP7, SERPINB6), and functional analyses further revealed the 
potential mechanisms by which these five target genes regulate the progression of pancreatic cancer. This study 
elucidates the key molecular mechanisms and immune microenvironment characteristics of pancreatic cancer 
through single-cell sequencing and Mendelian randomization analysis, providing new insights and directions for 
early prevention and personalized treatment of the disease.
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Introduction
Pancreatic ductal adenocarcinoma (PDAC) is a highly malignant 

tumor with a five-year survival rate of less than 10% [1]. There is a 
significant difference in survival time between early and advanced 
pancreatic cancer, making early diagnosis and intervention in key tar-
get genes crucial for improving survival outcomes [2]. However, due 
to the complexity of PDAC tumor microenvironment, which includes 
intricate cellular interactions among tumor cells, fibroblasts, endo-
thelial cells, and various other cell types, it is challenging to identify 
the key molecular mechanisms that promote the progression of pan-

creatic cancer [3]. Single-cell RNA sequencing (scRNA-seq) allows for 
the detection of gene expression patterns at the single-cell level and 
reveals the interactions between different cell types within the tumor 
microenvironment [3]. The application of scRNA-seq can explore new 
therapeutic strategies for pancreatic cancer from the perspective of 
the pancreatic cancer tumor microenvironment. Although a limited 
number of studies on scRNA-seq in PDAC have been published, these 
studies carry a risk of confounding bias in the process of target gene 
selection and are also susceptible to reverse causation bias when 
making causal inferences [4].
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Mendelian randomization (MR) utilizes germline genetic varia-
tion as potential instrumental variables; because these variations ex-
hibit quasi-randomness during meiosis and are fixed at conception, 
MR analysis is less affected by conventional confounding factors and 
reverse causation bias [5,6]. By employing MR analysis on the results 
of scRNA-seq, it is possible to systematically identify pancreatic can-
cer risk-related biomarkers associated with different cell types in the 
tumor microenvironment. In this study, we combined scRNA-seq data 
of PDAC, TCGA transcriptome data, and MR methods to analyze how 
cell type contributes to the disease through variations in cell numbers 
and gene expression. This approach allowed us to systematically iden-
tify key target genes that play significant roles in the development of 
PDAC within critical cell subpopulations. Finally, we evaluated the bi-
ological functions of these target genes using CIBERSORT for immune 
infiltration analysis, as well as Gene Set Enrichment Analysis (GSEA) 
and Gene Set Variation Analysis (GSVA) for gene function annotation. 
This exploration aimed to assess the potential of these target genes as 
therapeutic targets within the PDAC microenvironment.

Methods
Data Acquisition

The single cell data was downloaded from the GEO (Gene Expres-
sion Omnibus) public database (GSE212966), and 10 sample data 
with complete single cell expression profiles were downloaded for 
single cell analysis. The transcriptome data including 183 pancre-
atic cancer samples was downloaded from TCGA database (https://
portal.gdc.cancer.gov/). Exposed data came from the eQTLGen con-
sortium database (https://www.eqtlgen.org). Participants in the out-
come-related GWAS studies selected in this study were mainly people 
of European ancestry. Outcome summary data including 1196 cases 
and 475049 controls with pancreatic cancer was sourced from the ebi 
database (ebi-a-GCST90018893).

Quality Control

The expression profile was first read in via the Seurat package, 
where we filtered cells based on the total number of UMIs per cell, 
the number of genes expressed, and the percentage of mitochondri-
al reads per cell and the percentage of ribosome reads per cell. The 
DoubletFinder (V2.0.4) package was used to filter the double cells of 
each sample respectively, thus the cell quality control was completed.

Data Standardization

First, read the expression profile through the Seurat package and 
filter out abnormal expression samples based on the UMI count, gene 
number and mitochondrial gene proportion captured in each cell; 

then standardize, normalize, PCA, and Harmony linear dimensional-
ity reduction of the data, and then use Use a gravel plot to observe 
the optimal number of pcs, and obtain the positional relationship be-
tween each cluster through UMAP nonlinear dimensionality reduc-
tion; use CellMarker and PanglaoDB databases and query the litera-
ture to find the cell types existing in the corresponding tissue and the 
corresponding marker genes.

Determine the Contribution of Cell Subpopulations to the 
Disease

We characterize the contribution of different cell subpopulations 
to disease by considering changes in cell number and gene expres-
sion. We identified characteristic genes for each subpopulation. Brief-
ly, we performed bulk differential gene expression analysis and char-
acterized the changes in this process by identifying differential genes 
from the disease to the control group. Then, we defined FCscore, 
which measures changes in the number and expression levels of 
characteristic genes in biological processes. Among them, FCexp(i,j) 
represents the expression fold change of the i-th characteristic gene 
in the j-th cluster, and FCscore(i,j) is the proportional fold change of 
the i-th characteristic gene in the j-th cluster. The FCscore of the i-th 
characteristic gene in the j-th cluster is defined as the square root of 
FCexp(i,j) divided by FCexp(i,j). Finally, the contribution of different 
cell subpopulations to the disease is characterized by the average FC-
score of all characteristic genes in the cluster.

Mendelian Randomization Analysis

Select the SNPs associated with the locus-wide significance thresh-
old (P < 1e-8) of each gene as potential IVs (Instrumental variables), 
calculate the LD (linkage disequilibrium) between SNPs, and only re-
tain R2 < 0.001 (clumping window size=10,000kb), only keep SNPs 
with p2 < 5e-8. In turn, it passes through Inverse variance weighted 
(IVW, using meta-analysis method combined with the Wald estimate 
of each SNP), MR Egger (based on the assumption that the instrument 
strength is independent of direct effects (InSIDE)), Weighted median 
(the weighted median method allows up to Correctly estimate causal-
ity in 50% of cases where IVs are invalid), Weighted mode (weighted 
model estimation has greater ability to detect causal effects, small-
er bias, and lower Type I error rate than MR-Egger regression). The 
causal relationship is evaluated using two statistical methods (if there 
is only one statistical method for the SNP in the causal relationship, 
only the Wald ratio is used) to obtain an overall estimate of the impact 
of expression of all cis- and some cross-region genes in whole blood 
on pancreatic cancer. Finally, the screened causal relationships are 
verified and analyzed through the leave-one-out method.
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Heterogeneity Test Analysis

In this study, we used the Mendelian heterogeneity test to eval-
uate whether there is statistical heterogeneity among the single nu-
cleotide polymorphisms (SNPs) studied. We calculated the weighted 
sum of squares of effect sizes and standard errors for each SNP to 
produce a Q value. This Q value follows a chi-square distribution with 
one degree of freedom for the number of SNPs studied minus one. 
When the p-value of the Q value is greater than 0.05, we consider that 
there is insufficient evidence to support the existence of heterogene-
ity among the SNPs effect sizes, indicating that their effects on disease 
risk are statistically consistent.

Immune Infiltration

The CIBERSORT algorithm was used to evaluate immune cell 
types in the microenvironment, which was based on the principle of 
support vector regression and performs deconvolution analysis on 
the expression matrix of immune cell subtypes. The TCGA data was 
analyzed using the CIBERSORT algorithm to infer the relative propor-
tions of 22 types of immune infiltrating cells, and conduct correlation 
analysis on gene expression and immune cell content.

GSEA Analysis

According to the expression of key genes in patients, patients 
were divided into high and low expression groups, and Gene Set En-
richment Analysis (GSEA) was used to further analyze the differenc-
es in signaling pathways between the two groups. The background 
gene set is the version 7.0 annotated gene set downloaded from the 
MsigDB database. As an annotated gene set for subtype pathways, dif-
ferential expression analysis of pathways between different groups 
is performed. Significantly enriched gene sets (adjusted p value) are 
analyzed based on the consistency score.

GSVA Analysis

The gene sets for Gene Set Variation Analysis (GSVA) analysis 
were downloaded from the Molecular signatures database, and the 
GSVA algorithm was used to comprehensively score each gene set to 
evaluate potential biological function changes in different samples.

Transcription Factor Regulatory Network

This study used the R package “RcisTarget” to predict transcrip-
tion factors. All calculations performed by RcisTarget are based on 
motifs. The normalized enrichment score (NES) of a motif depends 
on the total number of motifs in the database. In addition to the mo-

tifs annotated by the source data, we inferred further annotation files 
based on motif similarity and gene sequence. The first step in esti-
mating the overexpression of each motif on a gene set is to calculate 
the area under the curve (AUC) for each motif-motif set pair. This 
was performed based on recovery curve calculations of the gene set 
against the ordering of the motifs. The NES of each motif is calculated 
based on the AUC distribution of all motifs in the gene set.

Statistical Analysis

All statistical analyzes were performed using R language (version 
4.3.0), and p<0.05 was considered statistically significant.

Results
Single Cell Analysis Identified Endothelial Cells as the Most 
Contributed Cell Subpopulations in Pancreatic Cancer

The single cell data of GSE212966 including a total of 10 samples 
was screened and filtered, and a total of 36,277 cells were retained 
(Supplementary Figures 1A & 1B). The 10 genes with the highest 
standard deviations were PRSS1, CLPS, PNLIP, CTRB1, PRSS2, CEL-
A3A, CPA1, CPB1, CELA3B, and CTRC (Supplementary Figure 1C). The 
data were subjected to standardization, homogenization, PCA, and 
harmony analysis in sequence (Supplementary Figures 1D & 1F), and 
finally a total of 16 subgroups were obtained through UMAP analysis 
(Figure 1A). This study annotated cells by known cell markers, and 16 
subpopulations were annotated to CD8+ T cells, Fibroblasts, B cells, 
Epithelial cells, Monocytes, CD4+ T cells, Endothelial cells, Neutro-
phils, Mast cells, NK cells, Neurons are the 11 cell categories (Figure 
1B). In addition, we also analyzed the histogram of cell proportions 
corresponding to the groups (Supplementary Figure 1G) and the con-
tribution of different cell subpopulations (Figure 1C).

We characterize the contribution of different cell subpopulations 
to disease by considering changes in cell number and gene expres-
sion. First, we selected the top 26 (logFC > 1) differential genes from 
the disease group to the control group to describe the changes in this 
process. Then the FCscore was defined to measure changes in the 
number and expression levels of characteristic genes in biological 
processes, and Endothelial cells, Neurons and Fibroblasts were the 
most contributed cells in pancreatic cancer (Figure 1D). Since the En-
dothelial cells contributed the most to the disease, endothelial cells 
were used as key cells for subsequent analysis, and genes with log-
2FC>1 and p_val_adj<0.05 were screened as candidate gene sets for 
subsequent analysis.
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Figure 1:  Single cell analysis of pancreatic cancer and contribution analysis of cell subpopulations to the disease.
A.	 UMAP analysis of 36,277 cells derived from 10 samples in GSE212966. Sixteen transcriptionally distinct clusters were identified after quality 
control, normalization, PCA, and Harmony correction. Each color indicates a different cell cluster. 
B.	 Cell-type annotation of the 16 clusters based on canonical marker genes. A total of 11 major cell populations were identified, including CD8⁺ 
T cells, fibroblasts, B cells, epithelial cells, monocytes, CD4⁺ T cells, endothelial cells, neutrophils, mast cells, NK cells, and neurons.
C.	 Pie chart and bar plot showing the contribution of different cell subpopulations. 
D.	 Bubble plot showing the expression patterns of representative marker genes across the 11 cell types. Bubble size reflects the proportion of 
cells expressing each gene, and bubble color indicates expression levels. FCscore analysis integrating changes in cell number and differential gene 
expression (logFC > 1) between pancreatic cancer and control samples. Endothelial cells, neurons, and fibroblasts exhibited the highest FCscores, 
indicating their major contribution to disease progression. Endothelial cells were selected as the key cell population for subsequent analyses.
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Supplementary Figure 1: Quality control, preprocessing, and preliminary characterization of single-cell data in GSE212966.
A.	 Quality control filtering of single-cell RNA-seq data from 10 pancreatic cancer samples. After removal of low-quality cells, doublets, and 
cells with high mitochondrial content, a total of 36,277 high-quality cells were retained for subsequent analysis.
B.	 Statistical summary of cell counts before and after filtering across all samples, showing the distribution of remaining cells included in 
downstream analysis.
C.	 The top 10 genes with the highest standard deviation across all cells, including PRSS1, CLPS, PNLIP, CTRB1, PRSS2, CELA3A, CPA1, CPB1, 
CELA3B, and CTRC.
D.	 Standardization and homogenization of gene expression matrices prior to dimensionality reduction.
E.	 Principal component analysis (PCA) illustrating major sources of transcriptional variability among cells.
F.	 Batch effect correction using Harmony, demonstrating improved integration of cells from different samples.
G.	 Histogram showing the proportion of annotated cell types across the 10 samples, reflecting the relative abundance of each cellular population 
in the dataset.
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Identification of Key Target Genes by Mendelian Random-
ized Analysis

In order to further identify the key genes affecting pancreatic can-
cer among the key cell marker genes, the outcome ID was obtained 
through the summary statistics of 476,245 pancreatic cancer-relat-
ed samples (Controls: 475,049; Cases: 1,196): ebi-a-GCST90018893. 
Further, through Mendelian randomization analysis, the causal re-
lationship of 5 pairs of module genes corresponding to the positive 
eQTL outcome was obtained (Figures 2A-2E, IVW pval < 0.05). The 
corresponding genes are: CAV2, NEDD9, PDGFB, RBP7, and SER-
PINB6. Gene. Genes CAV2 (0.841; 0.712-0.993; P = 0.041), PDGFB 

(0.825; 0.698-0.976; P = 0.025), SERPINB6 (0.907; 0.837-0.982; P 
= 0.016) are associated with a low risk of pancreatic cancer; gene 
NEDD9 (1.370; 1.025-1.830; P = 0.033), RBP7 (1.180; 1.007-1.381; P 
= 0.040) are associated with a high risk of pancreatic cancer. Sensitiv-
ity analysis was further performed on the causal relationships of the 
five genes to determine their reliability. The results show that the im-
pact on the overall error bar after excluding any one SNP is not obvi-
ous, which shows that the 5 pairs of causal relationships we selected 
are robust (Supplementary Figures 2A-2E). The single cell data of key 
genes showed that RBP7, CAV2, and PDGFB were highly expressed in 
endothelial cells (Figure 2F).

Figure 2: Mendelian randomized analysis and expressions of key target genes. 
(A–E) Mendelian randomization analysis evaluating the causal associations between five endothelial cell–related genes and pancreatic cancer. 
Scatter plots display SNP-specific effects on gene expression and disease risk. The causal effects were estimated using the IVW method, with 
MR-Egger, weighted median, and weighted mode analyses performed as sensitivity analyses. (Controls: 475,049; Cases: 1,196; outcome ID: 
ebi-a-GCST90018893). Five gene–trait pairs (CAV2(A), NEDD9(B), PDGFB(C), RBP7(D), and SERPINB6(E)) with positive eQTL associations 
demonstrated significant causal relationships based on the Inverse-variance weighted (IVW) method (IVW pval < 0.05). 
A.	 CAV2 (0.841; 0.712-0.993; P = 0.041), 
B.	 NEDD9 (1.370; 1.025-1.830; P = 0.033),
C.	 PDGFB (0.825; 0.698-0.976; P = 0.025), 
D.	 RBP7 (1.180; 1.007-1.381; P = 0.040), 
E.	 SERPINB6 (0.907; 0.837-0.982; P = 0.016).
F.	 Single-cell expression profiles of the five MR-identified genes, demonstrating high expression of RBP7, CAV2, and PDGFB in endothelial 
cells.
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Supplementary Figure 2: Sensitivity analyses of Mendelian randomization results for the five key genes.
(A–E). Leave-one-out sensitivity analysis of the causal associations between each of the five MR-identified genes CAV2(A), NEDD9(B), PDGFB(C), 
RBP7(D), and SERPINB6(E) and pancreatic cancer. Each plot shows the effect estimates after excluding one SNP at a time. The results indicate 
that removal of any single SNP does not substantially affect the overall causal estimates, demonstrating the robustness and reliability of the MR 
findings for all five gene–trait pairs.
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SERPINB6 is Functional Analysis of Upstream and Down-
stream of Key Target Genes

The microenvironment is mainly composed of fibroblasts, im-
mune cells, extracellular matrix, a variety of growth factors, inflam-
matory factors, and special physical and chemical characteristics. The 
microenvironment significantly affects the diagnosis, survival out-
come and clinical treatment sensitivity of the disease. We showed the 
distribution of immune infiltration levels and the correlation of im-
mune cells in different forms (Supplementary Figures 3A & 3B). The 
research results showed that Mast cells activated, Plasma cells, and 
T cells CD4 memory activated were significantly high in pancreatic 

cancer samples (Figure 3A). We further explored the relationship be-
tween key genes and immune cells and found that CAV2 had a signifi-
cant positive correlation with Macrophages M0, etc., and a significant 
negative correlation with NK cells activated, etc. NEDD9 has a sig-
nificant positive correlation with B cells naive, etc., and a significant 
negative correlation with T cells regulatory (Tregs), etc. PDGFB has 
a significant positive correlation with Macrophages M0 and a signifi-
cant negative correlation with B cells memory. RBP7 has a significant 
positive correlation with B cells naive, etc., and a significant negative 
correlation with T cells CD4 memory resting, etc. SERPINB6 has a sig-
nificant positive correlation with T cells regulatory (Tregs), etc., and 
a significant negative correlation with T cells CD8, etc. (Figure 3B).

Figure 3: Immune infiltration and GSEA analyses of key target genes. 
A.	 Immune infiltration analysis showing differences in immune cell abundance between pancreatic cancer and normal samples. Activated 
mast cells, plasma cells, and activated CD4 memory T cells were significantly enriched in pancreatic cancer (P < 0.05). 
B.	 Correlation analysis between key target genes (CAV2, NEDD9, PDGFB, RBP7, and SERPINB6) and immune cell infiltration levels. Significant 
correlations were determined using Pearson correlation analysis (P < 0.05). 
C.	 (C–G). Gene Set Enrichment Analysis (GSEA) showing significantly enriched signaling pathways associated with the five key genes (FDR 
< 0.25). CAV2 was enriched in Hippo, TGF-beta, and TNF signaling pathways. NEDD9 was enriched in TNF, B cell receptor, and Hedgehog 
signaling pathways. PDGFB was enriched in Hippo, NF-kappa B, and B cell receptor signaling pathways. RBP7 was enriched in chemokine, B cell 
receptor, and NF-kappa B signaling pathways. SERPINB6 was enriched in ribosome, oxidative phosphorylation, and proteasome pathways.The 
expression differences of candidate genes between two groups were assessed using the ttest, where a significance level of P < 0.05 was considered 
statistically significant. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.
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Supplementary Figure 3: Immune infiltration landscape and immune-related factor analysis in pancreatic cancer.
A.	 Distribution of immune cell infiltration levels between pancreatic cancer samples and normal controls, illustrating differences in immune 
composition within the tumor microenvironment.
B.	 Correlation matrix showing the relationships among different immune cell types, reflecting coordinated immune infiltration patterns in 
pancreatic cancer. 
C.	 (C–G) Correlation analysis between the five key genes (CAV2, NEDD9, PDGFB, RBP7, and SERPINB6) and immune-related factors, 
including immunosuppressive factors, immunostimulatory factors, chemokines, and corresponding receptors. These analyses indicate that key 
genes are closely associated with immune regulation and play important roles in shaping the immune microenvironment.
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Copyright@ :  Xingjun Guo | Biomed J Sci & Tech Res | BJSTR.MS.ID.010290.

Volume 66- Issue 1 DOI: 10.26717/BJSTR.2026.66.010290

58331

In addition, we analyzed the correlation between key genes and 
different immune factors, including immunosuppressive factors, im-
munostimulatory factors, chemokines, and receptors. These analyzes 
suggest that key genes are closely related to the level of immune cell 
infiltration and play an important role in the immune microenviron-
ment (Supplementary Figures 3C-3G). Next, we studied the specific 
signaling pathways involved in key genes and explored the potential 
molecular mechanisms by which key genes affect disease progression. 
GSEA results show that CAV2 is enriched in the Hippo signaling path-
way, TGF-beta signaling pathway, TNF signaling pathway and other 
signaling pathways (Figure 3C, Supplementary Figure 4A); NEDD9 

is enriched in the TNF signaling pathway, B cell receptor signaling 
pathway, Hedgehog signaling pathway and other signaling pathways 
(Figure 3D, Supplementary Figure 4B); PDGFB is enriched in Hippo 
signaling pathway, NF-kappa B signaling pathway, B cell receptor sig-
naling pathway and other signaling pathways (Figure 3E, Supplemen-
tary Figure 4C); RBP7 is enriched in Chemokine signaling pathway, B 
cell receptor signaling pathway, NF -kappa B signaling pathway and 
other signaling pathways (Figure 3F, Supplementary Figure 4D); SER-
PINB6 is enriched in Ribosome, Oxidative phosphorylation, Protea-
some and other signaling pathways (Figure 3G, Supplementary Figure 
4E).

Figure 4: GSVA and immunometabolism analyses of key genes. (A-E) GSVA enrichment analysis showing signaling pathways associated with 
the five key genes.
A.	 CAV2 was enriched in TGF-beta signaling, NOTCH signaling, and other pathways. 
B.	 NEDD9 was enriched in UV response–down, IL2–STAT5 signaling, and other pathways. 
C.	 PDGFB was enriched in apical junction, TNFA signaling via NFKB, and other pathways. 
D.	 RBP7 was enriched in angiogenesis, myogenesis, and other pathways.
E.	 SERPINB6 was enriched in cholesterol homeostasis, xenobiotic metabolism, and other pathways. These results suggest that key genes may 
influence pancreatic cancer progression through multiple regulatory pathways. 
F.	 AUCell analysis of immunometabolism-related gene sets in single-cell data, with bubble plots showing the differences in expression levels 
of key genes across immunometabolic pathways. The expression differences of candidate genes between two groups were assessed using the ttest, 
where a significance level of P < 0.05 was considered statistically significant. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.
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Supplementary Figure 4: GSEA enrichment analysis of signaling pathways associated with key target genes.
(A–E). GSEA results showing significantly enriched signaling pathways associated with the five key genes.
A.	 CAV2 was enriched in Hippo signaling pathway, TGF-beta signaling pathway, TNF signaling pathway, and others.
B.	 NEDD9 was enriched in TNF signaling pathway, B cell receptor signaling pathway, Hedgehog signaling pathway, and others.
C.	 PDGFB was enriched in Hippo signaling pathway, NF-kappa B signaling pathway, B cell receptor signaling pathway, and others.
D.	 RBP7 was enriched in chemokine signaling pathway, B cell receptor signaling pathway, NF-kappa B signaling pathway, and others.
E.	 SERPINB6 was enriched in ribosome, oxidative phosphorylation, proteasome, and other pathways.

In addition, GSVA analysis shows that CAV2 is enriched in sig-
naling pathways such as TGF-BETA signaling and NOTCH signaling 
(Figure 4A); NEDD9 is enriched in signaling pathways such as UV re-
sponse-down and IL2-STAT5 signaling (Figure 4B); PDGFB is enriched 
in signaling pathways such as apical junction and TNFA signaling via 
NFKB (Figure 4C); RBP7 is enriched in angiogenesis, myogenesis and 
other signaling pathways (Figure 4D); enriched in cholesterol homeo-

stasis, xenobiotic metabolism and other signaling pathways (Figure 
4E). This suggests that key genes may affect the progression of pan-
creatic cancer through these pathways. We used AUCell to quanti-
tatively score immunometabolism-related pathway genes in single 
cells, and used bubble charts to display the expression differences of 
key genes in immunometabolism-related pathways (Figure 4F).
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Relationship Between Key Target Genes and Disease-Re-
lated Genes

We took key genes as the gene set for this analysis and found 
that they are regulated by common mechanisms such as multiple 
transcription factors (Figure 5A). Therefore, enrichment analysis of 
these transcription factors was performed using cumulative recovery 
curves. Motif-TF annotation and selection analysis of important genes 
showed that the Motif motif with the highest normalized enrichment 

score (NES: 4.57) is cisbp_M5084 (Figure 5B). We obtained tumor 
regulation-related genes through the GeneCards database (https://
www.genecards.org/). This study analyzed the expression levels of 20 
genes that ranked high in Relevance*score and were expressed in the 
transcriptome. It was found that the expression levels of key genes 
were significantly correlated with the expression levels of tumor reg-
ulatory genes, among which CAV2 and EGFR were significantly posi-
tively correlated. (cor = 0.629); SERPINB6 and APC were significantly 
negatively correlated (cor = -0.437) (Figures 5C-5E).

Figure 5: Transcription factor regulatory network analyses between key target genes and disease-related genes. 
A.	  Regulatory network analysis showing that the five key genes are commonly regulated by multiple transcription factors, indicating shared 
upstream regulatory mechanisms. 
B.	 Cumulative recovery curve–based transcription factor enrichment analysis. Motif–TF annotation identified cisbp_M5084 as the most 
significantly enriched motif with the highest normalized enrichment score (NES = 4.57). (C–E) Correlation analysis between the expression 
levels of key target genes and tumor regulation–related genes obtained from the GeneCards database. Twenty tumor-related genes with high 
Relevance*score and detectable expression in the transcriptome were analyzed.
C.	 Strong positive correlation between CAV2 and EGFR, cor = 0.629, P value <0.0001. 
D.	 Negative correlation between SERPINB6 and APC, cor = −0.437, P value <0.0001.
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Discussion
In this study, we analyzed gene expression in a total of 36,277 cells 

from PDAC tissues, identifying 11 distinct cell types, including cancer 
cells, fibroblasts, and endothelial cells. Through an analysis of disease 
contribution, we examined the number of feature genes and changes 
in expression levels across biological processes, revealing that endo-
thelial cells had the highest contribution to the disease. Subsequently, 
through MR analysis, we selected five genes (CAV2, NEDD9, PDGFB, 
RBP7, SERPINB6) as the most significant genes influencing PDAC in 
endothelial cells. Notably, CAV2, PDGFB, and SERPINB6 were associ-
ated with a low risk of PDAC, while NEDD9 and RBP7 were linked to 
a high risk. Finally, we conducted immune infiltration analysis, GSEA, 
GSVA, transcriptional analysis, and disease gene correlation analysis 
to further elucidate the impact of these key genes on PDAC progres-
sion. This comprehensive approach highlights the potential of these 
genes as critical players in the tumor microenvironment and their 
relevance in therapeutic strategies for PDAC. Due to the unique tumor 
microenvironment, the vascular system in PDAC exhibits characteris-
tics distinct from those found in normal tissues, promoting immune 
evasion and chemotherapy resistance in PDAC [7].

The tumor stroma of PDAC contains a large number of aberrant 
blood vessels induced by VEGF, with loosely arranged vascular en-
dothelial cells [8]. Moreover, due to fibrotic proliferation within the 
stroma, the intratumoral vascular pressure is higher than that in the 
surrounding tissue, contributing to the formation of a hypoxic envi-
ronment within PDAC and hindering the recruitment of immune cells 
[8]. In addition, the abnormal endothelial cells in PDAC also express 
receptors such as PD-L1 and FASL, which induce T-cell apoptosis, 
thereby promoting immune tolerance. In summary, vascular endothe-
lial cells in PDAC may play a crucial role in the formation of an im-
mune-tolerant microenvironment [8,9]. Targeting these endothelial 
cells could be an important strategy for improving therapeutic out-
comes in PDAC, highlighting their potential as significant therapeutic 
targets in combating the challenges associated with this aggressive 
cancer. Prior studies suggest that the target genes identified in this 
research may be involved in tumor progression through vascular 
endothelial cells. NEDD9, also known as CASL and HEF1, encodes a 
multidomain scaffold protein that is known to participate in various 
processes, including cell proliferation, DNA damage repair, and cell 
migration [10].

Research has reported that NEDD9 can influence the invasion and 
migration of tumor cells in breast cancer and oral squamous cell car-
cinoma by affecting the activity of the MMP family of proteases and 
the phosphorylation of kinases like FAK [10-12]. In vascular endothe-
lial cells, hypoxia or inflammatory damage can induce the expression 
of NEDD9 on the cell surface, where it interacts with platelet P-selec-
tin [13]. Additionally, NEDD9 is involved in the synthesis of collagen 
COL3A1 in fibroblasts via exosome-mediated signaling, participating 
in vascular fibrosis and the development of chronic pulmonary hyper-

tension [14]. RBP7, a member of the CRBP family, has an affinity for 
all-trans-retinoic [15]. It has been reported to be related to the sen-
sitivity of tumors to chemotherapy agents such as 5-FU and tamoxi-
fen [15,16]. RBP7 may also regulate fatty acid metabolism in breast 
cancer cells by inhibiting the AKT/SREBP1 pathway, thereby playing 
a role in tumor immune responses [17]. CAV2 encodes caveolin-2, an 
important component of the cytoplasmic membrane, which has been 
associated with poor prognosis in breast cancer, esophageal cancer, 
and pancreatic cancer [18]. In vascular endothelial cells, CAV2 is pri-
marily involved in immune inflammatory responses, with studies 
indicating its role in leukocyte adhesion to endothelial cells during 
ischemia-reperfusion injury and aging processes [19,20].

PDGFB, a member of the platelet-derived growth factor family, is 
a key regulator of mesenchymal cell differentiation and is predom-
inantly expressed in vascular endothelial cells, playing a significant 
role in tumor angiogenesis [21]. While the abundance of PDGFB in the 
pancreatic cancer microenvironment promotes tumor growth, recent 
research shows that completely eliminating PDGFB can paradoxically 
induce hypoxia and enhance epithelial-mesenchymal transition, fa-
cilitating the metastasis of pancreatic cancer [22]. Finally, SERPINB6 
functions to inhibit serine protease activity within cells, primarily 
expressed in endothelial cells, epithelial cells, and certain myeloid 
cells. It can inhibit activities like trypsin-like protease activity, con-
sequently affecting cell autophagy and apoptosis [23]. Overall, these 
genes present promising avenues for understanding pancreatic can-
cer’s progression and potential therapeutic targets for intervention. 
Our study has several notable advantages. First, by using scRNA-seq 
data from PDAC, we quantitatively assessed the contributions of dif-
ferent cell subpopulations to disease progression based on changes 
in cell numbers and gene expression. This approach provides a more 
intuitive comparison of the importance of various cell types in PDAC. 
Second, we employed MR methods to minimize the confounding bias-
es and reverse causation biases that can occur in the gene selection 
process.

This strongly suggests that these target genes are risk factors for 
PDAC rather than changes in gene expression driven by PDAC. Third, 
we applied various functional analysis methods, including immune 
infiltration analysis, GSEA, GSVA, and transcription factor regulatory 
network analysis, to provide evidence from different angles support-
ing the role of the target genes in promoting PDAC progression. These 
analyses also suggest the molecular mechanisms by which these pro-
teins are involved in disease progression. To our knowledge, this may 
be the first MR analysis conducted on single-cell sequencing data re-
lated to PDAC. Finally, it is essential to note that there are limitations 
to this study. Although the MR analysis provides insights into causal 
relationships and reduces the risk of reverse causation bias, experi-
mental studies are still needed for validation. Furthermore, since this 
study is based on scRNA-seq data, it cannot assess the impact of pro-
tein levels and post-translational modifications on tumor progression, 
highlighting the need for further research to gain a more in-depth un-
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derstanding of the mechanisms of PDAC progression. In summary, de-
spite some limitations, our research’s innovation and methodological 
rigor lay a solid foundation for further exploration of the molecular 
mechanisms and potential therapeutic targets for PDAC.

Conclusion
Our study identified five endothelial cell genes associated with 

the risk of PDAC through MR analysis, providing new insights into the 
progression of PDAC and presenting promising targets for the devel-
opment of drugs that target endothelial cells in PDAC. Further experi-
mental and clinical research is needed to evaluate the efficacy of these 
candidate genes.
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