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Abstract 
Cancer-associated fibroblasts (CAFs) are central to the pancreatic ductal adenocarcinoma (PDAC) microenvironment, promot-
ing tumor progression and therapeutic resistance. However, the expression landscape of CAF membrane proteins in PDAC 
remains poorly defined. We integrated scRNA-seq (n = 33; 87,949 cells), spatial transcriptomics (n = 2; 7,011 spots), and bulk 
RNA-seq (n = 7; 642 samples) to systematically identify PDAC-specific CAF membrane genes. A LASSO-based Cox model was 
developed to construct a prognostic signature, PaFMS, and evaluated through multi-cohort validation. Functional enrichment, 
immune infiltration, drug sensitivity, and immunotherapy response analyses were further conducted. Validation was performed 
using multiple database-driven analyses. We identified a PDAC-enriched myoCAF-c1 cluster closely associated with epithe-
lial–mesenchymal transition (EMT) and angiogenesis. From this cluster, 33 candidate CAF membrane genes were defined, 
whose protein–protein interactions were predominantly linked to extracellular matrix organization and collagen remodeling, 
and spatially colocalized with myoCAF-c1 and EMT regions. An 11-gene prognostic signature, PaFMS that robustly stratified 
patients across six independent cohorts, achieving high predictive accuracy for overall survival. High-risk patients exhibited 
proliferative signaling activation, immune suppression, and reduced T/B-cell infiltration. PaFMS was associated with responses 
to 33 anticancer agents and predicted enhanced benefit from anti–PD-L1 immunotherapy in the low-risk group. Multi-cohort 
validation confirmed the expression specificity of PaFMS genes, including PLAU, TMEM158, and TRIM59. Together, these 
findings reveal that myoCAF-c1 promotes angiogenesis and tumor progression, and establish PaFMS as a robust CAF mem-
brane–based prognostic model in PDAC with potential utility for precision prognosis and therapeutic decision-making.

Key messages
• �Integrated single-cell, spatial, and bulk RNA-seq analyses identified PDAC-specific CAF membrane genes.
• �Discovered a PDAC-enriched myoCAF-c1 subtype linked to EMT and angiogenesis.
• �Developed an 11-gene CAF membrane–based prognostic model (PaFMS) validated across six cohorts.
• �PaFMS predicts patient survival, drug sensitivity, and immunotherapy response in PDAC.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) remains one 
of the most lethal malignancies worldwide [1], with a 
5-year survival of less than 10% [2]. The absence of reli-
able biomarkers for early detection [3], combined with the 

anatomical inaccessibility of the pancreas, poses significant 
challenges for effective screening [1]. Many PDAC cases are 
diagnosed at advanced, unresectable stages [4]. Recurrent 
and metastatic PDAC further worsens clinical outcomes, 
with liver metastases representing a particularly aggressive 
and prognostically unfavorable subset [5, 6]. Therefore, 
delineating the tumor compositional differences between 
primary PDAC and its liver metastases is critical for guid-
ing novel therapeutic strategies.
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The tumor microenvironment (TME) plays a pivotal 
role in the PDAC progression, with its hallmark desmo-
plastic stroma forming physical and immunological bar-
riers that foster hypoxia and tumor invasion [7, 8]. The 
stromal compartment consists of cancer-associated fibro-
blasts (CAFs) [9, 10], tumor associated endothelial cells 
(TAEs) [11], which collectively shape a tumor-promoting 
niche. Among these, CAFs are key contributors by remod-
eling the extracellular matrix (ECM) [9] and establish-
ing immunosuppressive barriers [12], thereby enhancing 
therapeutic resistance [13]. Moreover, endothelial cells, 
such as COL4A1 + TAEs, interact with CAFs and mac-
rophages to facilitate PDAC progression [14]. The CAFs 
have thus emerged as critical biomarkers and therapeutic 
targets across multiple malignancies, including breast [12], 
ovarian [15], lung [16], skin [17], and gastric [18] cancers.

Membrane proteins expressed on the surface of cancer 
cells and the TME can serve as ideal targets for therapeu-
tic intervention [19, 20]. For example, membrane proteins 
identified in this context can serve as candidate targets for 
multiple downstream applications, such as active targeting in 
drug delivery systems [21], cell-surface–proteomics–guided 
target discovery [22], the development of targeted therapeu-
tics including antibody–drug conjugates [23], and immune-
cell–based strategies such as chimeric antigen receptor (CAR) 
therapies (including CAR-T and CAR-NK) [20, 24], thereby 
enabling selective recognition of tumor cells and improved 
therapeutic precision. A recent study has reported that mem-
brane genes can serve as prognostic markers in lung adeno-
carcinoma and may potentially guide therapeutic strategies 
[25]. Moreover, fibroblasts within the TME are increasingly 
recognized as potential therapeutic targets [26]; for example, 
anti-fibroblast activation protein (FAP) CAR-T cells have been 
shown to enhance PDAC tumor clearance in murine models 
[19, 27]. However, the membrane proteins expressed by CAFs 
in the PDAC TME remain poorly characterized.

The advent of single-cell sequencing technologies, such 
as single-cell RNA sequencing (scRNA-seq), has enabled 
researchers to investigate PDAC at single-cell resolution 
across various cancer contexts [28–30]. More recently, the 
emergence of spatial transcriptomics has made it possible 
to interrogate the PDAC TME within its native spatial con-
text [31–33]. In this study, we integrated publicly available 
scRNA-seq datasets encompassing PDAC primary tumors, 
adjacent normal pancreatic tissues, and PDAC liver metas-
tases [30, 34, 35], together with spatial transcriptomic data 
[33]. Our primary aim was to systematically characterize 
CAF-specific membrane programs within the PDAC TME 
and to explore their potential roles in tumor progression and 
immune regulation. Based on these findings, we developed 
a CAF membrane–based prognostic signature (PaFMS) and 
evaluated its clinical relevance across multiple independent 
cohorts. Through this integrative transcriptomic framework, 

we sought to provide both a biologically informed view of 
CAF heterogeneity and a clinically relevant model for prog-
nosis and therapeutic response prediction in PDAC.

Methods

Data collection

To comprehensively investigate the transcriptomic landscape 
of PDAC TME, we integrated multiple publicly available 
datasets. Three scRNA-seq cohorts: GSE154778 (n = 16), 
GSE197177 (n = 8), and GSE212966 (n = 9) were retrieved 
from the Gene Expression Omnibus (GEO) database (Sup-
plementary table S1). For spatial transcriptomics analysis, two 
PDAC tumor samples (GSM6132061 and GSM6132063) from 
the GEO dataset GSE202740 were included (Supplementary 
table S2). Moreover, bulk RNA-seq data were compiled from 
several independent PDAC cohorts, including TCGA-PAAD 
(n = 146), ICGC-PACA-AU (n = 91), and five GEO datasets: 
GSE71729 (n = 125), GSE21501 (n = 102), GSE57495 (n = 63), 
GSE62452 (n = 66), and GSE78229 (n = 49). Corresponding 
clinical information is provided in Supplementary tables S3. 
According to the descriptions provided in the original studies, 
the spatial transcriptomics samples were derived from primary 
PDAC tumors from patients without prior anticancer treatment 
or other malignancy history [33]. For the scRNA-seq datasets, 
“PDAC primary” refers to samples obtained from primary 
PDAC tumor tissues, “liver metastases” refers to metastatic 
lesions of PDAC in the liver, and “adjacent normal” refers to 
pancreatic tissues adjacent to PDAC tumors or normal pancre-
atic tissues as defined in the original datasets [30, 34].

Furthermore, to explore the clinical relevance of identi-
fied molecular signatures in an immunotherapy context, 
we incorporated the IMvigor210 cohort, which includes 
detailed clinical information and transcriptomic data 
from 298 metastatic urothelial carcinoma patients treated 
with anti-PD-L1 therapy [36]. This dataset was accessed 
through the IMvigor210CoreBiologies R package.

Data processing and analysis

Single-cell RNA-seq data were processed following the 
standard Seurat pipeline [37]. For quality control, only cells 
with 1,000 < nCount < 100,000, 500 < nFeature < 10,000, and 
mitochondrial gene percentage (pMT) < 10% were retained. 
Data were normalized using the SCTransform function, fol-
lowed by dimensionality reduction using RunPCA. To miti-
gate batch effects across samples, we applied the Harmony 
algorithm [38]. Next, uniform manifold approximation and 
projection (UMAP) was employed for visualization. Cluster-
ing was then performed using the FindNeighbors and Find-
Clusters functions for downstream analyses.
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Spatial transcriptomic data were normalized and spatially 
clustered using the BayesSpace [39] package. For bulk RNA-
seq datasets, gene identifiers were first converted to gene 
symbols. For genes with multiple entries sharing the same 
symbol, expression values were averaged to obtain the final 
expression level. Odds ratios (ORs) were calculated to assess 
single-cell tissue preference.

Cell type annotation

Following Seurat analysis, a total of 25 single-cell clusters 
were identified and annotated based on previously reported 
marker genes and information from the CellMarker 2.0 data-
base [40]. A total of 87,849 cells were classified into 8 major 
cell types. The marker genes used for annotation include 
PTPRC for immune cells; CD3E, CD3D and NKG7 for T/NK 
cells; CD79A, MS4A1, IGLC2 and IGHA1 for B/plasma cells; 
CD1C for dendritic cells; CD68, CD14 and MACRO for mac-
rophages/monocytes; CPA3 and KIT for Mast cells; COL1A1 
and FAP for fibroblasts; PECAM1 and VWF for endothelial 
cells; and EPCAM and KRT18 for epithelial cells.

Within the fibroblast population, 7 distinct subclusters 
were identified through re-dimensionality reduction and 
clustering. To determine the specific fibroblast subtypes rep-
resented by each cluster, we referred to previously reported 
marker genes [41], including IL6, PDGFRA, CXCL12, CFD, 
and CXCL1 for iCAFs; HLA-B and CD74 for apCAFs; and 
ACTA2, MMP11, MYL9, HOPX, and TPM1 for myoCAFs.

Identification of PDAC CAF‑specific gene signatures

To identify genes specifically upregulated in the myoCAF-c1 
cluster compared to other fibroblast subpopulations, differential 
expression analysis was conducted using the FindAllMarkers 
function in Seurat. The Wilcoxon rank-sum test was applied 
(test.use = “wilcox”), and filtering parameters were set to 
include only positively regulated genes (only.pos = TRUE) with 
a minimum log2 fold change of 0.25 (logfc.threshold = 0.25) 
and expression in at least 25% of cells (min.pct = 0.25). The 
results of the differential expression analysis are provided in 
Supplementary table S4. Genes significantly enriched in the 
myoCAF-C1 cluster were subsequently visualized through 
volcano plots generated using the EnhancedVolcano package.

Differential expression genes (DEGs) analysis between 
the high-risk and low-risk groups in the TCGA-PAAD 
cohort was performed using the DESeq2 package. Based 
on the DEGs’ results, functional enrichment analysis was 
subsequently conducted.

Cell trajectory and pseudotime analysis

Cellular differentiation trajectories were reconstructed using the 
monocle2 R package [42]. To ensure the reliability of dynamic 

gene expression modeling, genes with an average expression 
level below 0.1 were excluded from the analysis. Subsequently, 
genes exhibiting significant expression variability across cells 
were selected and used to order cells along a pseudotime axis. 
Dimensionality reduction was performed using the discrimina-
tive dimensionality reduction with trees (DDRTree) algorithm 
to facilitate trajectory inference. Pseudotime analysis was then 
conducted to identify key genes associated with cellular transi-
tions. Cells located on the same trajectory branch were inter-
preted as occupying similar differentiation states.

Cell–cell communication analysis

Intercellular communication among different cell types was ana-
lyzed using CellChat [43]. CellChat predicts potential cell–cell 
interactions by integrating gene expression data with a curated 
database of known ligand–receptor and cofactor pairs. Follow-
ing the standard workflow, cell–cell communication networks 
were independently inferred for each sample tissues. Normal-
ized count matrices were used to construct CellChat objects, 
with CellChatDB.human selected as the reference database. 
All recommended preprocessing functions were applied, and 
analyses were performed with default parameters. The result-
ing CellChat objects from different tissues were then merged 
for comparative analysis. Communications involving fewer than 
10 cells were excluded to ensure reliability. Visualization of the 
inferred interaction networks was performed using the built-in 
CellChat plotting functions and the ggplot2 R package.

Spatial transcriptomics analysis and feature 
enhancement

Following spatial clustering, each spot on the tissue section 
was annotated to one or more predominant cell types using 
the same panel of marker genes employed in the single-cell 
transcriptomic classification. To refine spatial resolution and 
improve spot-level cell type delineation, the spatialEnhance 
function from the BayesSpace package was applied [39]. Fur-
thermore, spatial gene expression patterns related to tumor 
identity, CAFs-specific membrane genes, and pancreatic can-
cer-associated fibroblast membrane signature (PaFMS) were 
further accentuated using the enhanceFeatures function. A 
complete list of genes comprising these molecular signatures 
is provided in Supplementary table S5. To investigate spatial 
co-expression patterns, Pearson correlation analyses were 
conducted between enhanced features, and the resulting cor-
relation matrices were visualized using the ggplot2 package.

PPI network construction and analysis

A protein–protein interaction (PPI) network was constructed 
for 33 identified myoCAF-c1 related membrane proteins 
using the STRING database, with the species restricted to 
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“Homo sapiens” and all other settings maintained at default 
values. To further explore the biological relevance of these 
interactions, functional pathway enrichment analysis was 

performed based on the PPI network, and the enriched path-
ways were visualized using the ggplot2 package for intuitive 
graphical representation.
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Construction and validation of the prognostic 
model PaFMS

A prognostic risk model was developed using transcriptomic 
and clinical data from the TCGA-PAAD cohort. Initially, 
33 PDAC CAFs-specific membrane genes were identified 
from scRNA-seq analyses. To assess their prognostic rel-
evance, univariate Cox proportional hazards regression was 
performed. Genes with a p-value < 0.05 and a hazard ratio 
(HR) significantly different from 1 were considered statisti-
cally significant and retained for subsequent modeling to 
minimize the risk of overfitting.

To refine the prognostic gene set, least absolute shrink-
age and selection operator (LASSO) regression was 
employed. Model optimization was achieved through ten-
fold cross-validation, and genes with non-zero regression 
coefficients were selected. The PaFMS was established 
using the expression values and corresponding coeffi-
cients of these genes (Supplementary table S6). Patients 
were stratified into high- and low-risk groups based on the 
median PaFMS score. The PaFMS score was calculated 
using the following formula:

The prognostic utility of the PaFMS signature was assessed 
using Kaplan–Meier survival analysis, with statistical sig-
nificance determined by the log-rank test. Time-dependent 
receiver operating characteristic (ROC) curves were generated 
to evaluate predictive accuracy at different time points, and 
the corresponding area under the curve (AUC) values were 
computed using the timeROC package in R. To confirm the 
robustness and generalizability of the PaFMS model, external 
validation was conducted using multiple independent PDAC 
cohorts obtained from the ICGC and GEO databases.

PaFMS =
∑k

i=1
risk coefficient(i) ∗ mRNA expression(i)

Functional analysis of myoCAF‑c1 and PaFMS 
signature

KEGG and HALLMARK gene sets were obtained from the 
Molecular Signatures Database (MSigDB). For each fibro-
blast subcluster, single-sample gene set enrichment analysis 
(ssGSEA) was conducted across all 50 HALLMARK pathways 
using the “ssgsea” method implemented in the GSVA package.

For the PaFMS, patients were divided into high- and low-
risk groups based on calculated risk scores. DEGs analysis 
was conducted between the two groups, and genes were 
ranked by fold change. Subsequently, gene set enrichment 
analysis (GSEA) based on KEGG pathways was carried out 
using the fgsea package in R. Significantly upregulated and 
downregulated pathways were selected for visualization.

Tumor microenvironment and infiltration analysis

To investigate the correlation between the PaFMS risk score 
and PDAC TME composition, stromal and immune cell 
infiltration levels were quantified using the ESTIMATE and 
CIBERSORT algorithms [44]. Patients were classified into 
high- and low-risk groups according to the median PaFMS 
score. Comparative analysis of infiltration scores between 
groups was conducted using the Wilcoxon rank-sum test. 
Visualization of the immune and stromal landscape, derived 
respectively from ESTIMATE and CIBERSORT results, was 
performed using the ggplot2 package in R.

Prediction of therapeutic response

To explore the potential correlation between PaFMS risk scores 
and sensitivity to anticancer agents, we applied the pRRophetic 
[45] R package (version 0.5) to predict drug responses based 
on the mRNA expression profiles of tumor samples from the 
TCGA-PAAD cohort. Drug sensitivity estimation was per-
formed using the pRRopheticPredict function, with parameters 
set to tissueType = "solid" and dataset = "cgp2014". A total of 
138 compounds were assessed across the cohort. Compara-
tive analyses were conducted between the high- and low-risk 
groups defined by PaFMS scores. Predicted differences in drug 
sensitivity were visualized using boxplots generated via the 
ggboxplot function from the ggpubr package. A summary of 
statistically significant drug-risk group associations is provided 
in Supplementary table S7.

Protein expression of PaFMS signature

To assess the protein-level expression of PaFMS signature 
genes, immunohistochemistry (IHC) data for four representa-
tive membrane proteins were obtained from the Human Protein 
Atlas (HPA; https://​www.​prote​inatl​as.​org/). Representative IHC 

Fig. 1   Single-cell and spatial transcriptome landscapes of PDAC 
(A) Schematic of this study. (1) Datasets were obtained from GEO, 
TCGA, ICGC, HPA and STRING databases. (2) Single-cell RNA 
sequencing and spatial transcriptomics analysis revealed CAF-asso-
ciated membrane genes. (3) The prognostic model was constructed 
based on the TCGA-PAAD cohort and evaluated using independent 
external datasets. (4) Functional analysis of prognostic model and 
verification of model signature genes. (B) UMAP plot of 7 main cell 
types colored by cell type identity, split by tissue types. Adjacent 
normal (15,089 cells); PDAC primary (47,942 cells); liver metasta-
ses (27,918 cells) (C) Proportion of cell types detected from adjacent 
normal (n = 4), PDAC primary (n = 19) and liver metastases (n = 10) 
tissues. (D) Heatmap showing the ORs of cell types occurring in each 
tissue. OR > 1.5 indicates that cell types are preferred to distribute in 
the corresponding tissue. (E) Dot plot showing the expression of cell 
specific marker genes across all cell types. (F) Spatial plot showing 
the annotation of 2 PDAC samples, each spot was annotated accord-
ing to its major cellular composition. PDAC ST1, 3,794 spots; PDAC 
ST2, 3,217 spots

◂

https://www.proteinatlas.org/
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images from PDAC tissues, liver cancer tissues, and matched 
normal pancreatic tissues were analyzed. Due to the unavail-
ability of protein expression data for IGFBP3 in the HPA, this 

gene was excluded from visualization. In the HPA, protein 
staining intensity is categorized into four levels: “not detected”, 
“low”, “medium”, and “high”.
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Statistical analysis

Group comparisons were performed using either Student’s 
t-test or the Wilcoxon rank-sum test, depending on data nor-
mality and distribution. Overall survival differences were 

assessed using the log-rank test. A two-sided p-value < 0.05 
was considered statistically significant. Significance lev-
els were indicated as follows: *p < 0.05, **p < 0.01, and 
***p < 0.001.

Results

Single‑cell and spatial transcriptome landscapes 
of PDAC TME

This study integrated scRNA-seq, spatial transcriptomics, 
and bulk RNA-seq data from publicly databases to system-
atically identify PDAC CAFs-specific membranes (Fig. 1A). 
These membranes were further used for prognostic model 
construction and therapeutic response prediction (Fig. 1A). 
We initially analyzed a total of 31 scRNA-seq samples from 
three independent datasets, comprising 19 PDAC primary 

Fig. 2   Identification of tumor-specific fibroblast clusters in PDAC 
primary tissues. (A) UMAP plot of 7 main fibroblast clusters colored 
by cell type identity, split by tissue types. Adjacent normal (1,434 
cells); PDAC primary (11,001 cells); liver metastases (683cells). 
(B) Proportion of fibroblast clusters detected from adjacent normal, 
PDAC primary and liver metastases tissues. (C) Heatmap showing 
the ORs of cell clusters occurring in each tissue. (D) Feature plot of 
fibroblast subtype marker genes expression in all fibroblasts. Feature 
plots were generated based on the AddModuleScore function. (E) 
Heatmap showing the ssGSEA score of 50 hallmark pathways across 
7 fibroblast clusters. (F) Volcano plot showing the DEGs between 
myoCAF-c1 and other cell clusters in fibroblasts. (G) GSEA plot 
showing the upregulation of regulation of epithelial mesenchymal 
transition pathway in myoCAF-c1 cells

◂

Fig. 3   Cell–cell communication analysis between myoCAF-c1 and 
others. (A) Interaction network of main cell types constructed with 
CellChat. (B) Bubble plot of predicted incoming interactions between 

myoCAF-c1 and four cell types in the TME. (C) Bubble plot of pre-
dicted outgoing interactions between myoCAF-c1 and four cell types 
in the TME
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tissues, 4 adjacent normal tissues, and 10 liver metastases 
tissues (Supplementary table S1). Following rigorous quality 
control procedures, 87,949 high-quality cells were retained 
for downstream analysis (Fig. S1A-B). Principal component 
analysis (PCA), batch effect correction, and dimensional-
ity reduction and clustering were subsequently performed, 
leading to the identification of 25 distinct cellular clusters. 
Based on canonical marker gene expression, these clus-
ters were annotated into different cell types (Fig. S1C-D). 
After filtering out the “ambiguous” cells, seven major cell 
lineages were retained for downstream analysis (Fig. 1B). 
Comparative analysis of cellular composition across tis-
sue types revealed a significant enrichment of fibroblasts 
in PDAC primary tumors, whereas macrophages/monocytes 
and epithelial cells were predominantly increased in liver 
metastases (Fig. 1C). These trends were further validated by 
single-cell tissue preference analysis using odds ratios (OR) 
(Fig. 1D). Expression of representative marker genes dem-
onstrated cell type-specific patterns (Fig. 1E). For instance, 
COL1A1 and FAP were selectively expressed in fibroblasts, 
while PTPRC marked all immune cell populations (Fig. 1E). 
In addition, two spatial transcriptomics samples from PDAC 
tumors were analyzed (Fig. 1F). Spots were annotated using 
BayesSpace cluster results in combination with marker gene 
signatures (Fig. S1E-F). The spatial maps revealed a com-
partmentalized architecture in which fibroblast-enriched 
stromal regions were interposed between tumor areas and 
immune-infiltrated spots, suggesting a spatially organized 
tumor–stroma–immune interface (Fig. 1F). Collectively, 
these analyses delineated the cellular composition of PDAC 
and liver metastases, highlighting the enrichment of fibro-
blasts in primary tumors and the increased presence of 
macrophages/monocytes and epithelial cells in metastatic 
lesions. The spatial transcriptomics analysis further revealed 
an organized tumor–stroma–immune architecture, providing 
a cellular framework for subsequent identification of CAF-
associated membrane proteins.

Characterization of PDAC cancer‑associated 
fibroblast sub‑cluster

To identify fibroblasts specifically enriched in PDAC 
primary tumors, we isolated a total of 13,118 fibroblast 
cells and performed clustering and subtype classifica-
tion (Fig. 2A). All fibroblasts were annotated into three 
canonical CAF subtypes: myoCAFs, iCAFs, and apCAFs 
(Fig. S2A-B). Compared to adjacent normal tissues, the 
myoCAF-c1 subcluster accounted for a significantly 
higher proportion of fibroblasts in PDAC primary tissues 
(Fig. 2B). Further single-cell tissue preference analysis 
supported that myoCAF-c1 exhibited the highest OR in 
PDAC primary tissues rather than in liver metastases or 
adjacent normal tissues (Fig. 2C). We next visualized the 
module score of the three CAF subtypes (Fig. 2D). Top 
5 genes for each CAF subcluster were identified, and the 
results showed COL11A1, MMP11 and COL12A1 were 
highly expressed within myoCAF-C1 cluster (Fig. S2C). 
Moreover, the HALLMARK pathway analysis indicated 
a notable enrichment of epithelial-mesenchymal transi-
tion (EMT) signaling in this myoCAF-c1 cluster (Fig. 2E). 
Notably, myoCAF-c1 and c3 were enriched in angiogen-
esis pathway, which may contribute to tumor proliferation. 
Subsequent differential expression analysis confirmed 
that COL11A1, MMP11, COL12A1, C1QTNF3, and 
FN1 were significantly upregulated in the myoCAF-c1 
subcluster compared to other fibroblast clusters (Fig. 2F). 
Furthermore, GSEA analysis demonstrated myoCAF-C1 
upregulated genes significant enriched in the regulation of 
EMT (p = 0.042, NES = 1.43) and focal adhesion (p = 2e-4, 
NES = 1.84) in the myoCAF-c1 cluster (Fig. 2G, S2D). 
we also investigated the differentiation dynamics of those 
fibroblast subpopulations (Fig. S2E-G). When pseudo-
time was ordered from normal to tumor states (Fig. S2F), 
myoCAF-c1 cluster cells were predominantly positioned 
within the primary PDAC tissues, suggesting that they 
may originate from normal fibroblasts and differentiate 
into tumor-associated fibroblasts along this trajectory. 
These findings indicated that myoCAF-c1 represents an 
EMT-associated CAF population predominantly enriched 
in PDAC primary compared with adjacent normal and 
liver metastases tissues.

Interactions of myoCAF‑c1 with tumor and tumor 
progression–associated cells

Given the association of myoCAF-c1 with epithelial–mesen-
chymal transition (EMT) and angiogenesis, we further inves-
tigated intercellular communications involving this subtype. 
myoCAF-c1 exhibited extensive interactions with multiple 

Fig. 4   Characterization of PDAC myoCAF-c1 specific mem-
branes. (A) Volcano plot showing the differential expression of mem-
brane-associated genes between myoCAF-c1 and other cell clusters in 
fibroblasts (Left). The intersection of up-regulated membrane-associ-
ated genes and myoCAF-c1 related DEGs in PDAC (Middle). Venn 
plot showing the intersection of myoCAF-c1 marker genes and up-
regulated genes in PDAC versus Adjacent/LM sites (Right). (B) The 
protein–protein interaction (PPI) network of 33 myoCAF-c1 related 
membrane proteins using STRING online database. (C) Bar plot 
showing the functional enrichment of gene ontology (GO), KEGG 
and UniPort Keywords pathways associated with 33 myoCAF-c1 
related membrane proteins within panel (B). (D) Spatial distribution 
of tumor, myoCAF-c1 spatial signature score, membrane and EMT 
genes in PDAC ST1 sample. (E) The correlation between membrane, 
EMT and myoCAF-c1 spatial signature score in PDAC ST1 sample

◂



	 Journal of Molecular Medicine          (2026) 104:60    60   Page 10 of 20



Journal of Molecular Medicine          (2026) 104:60 	 Page 11 of 20     60 

cell types (Fig. 3A). We defined interactions received by 
or originating from myoCAF-c1 as incoming and outgoing 
signals, respectively. myoCAF-c1 received inputs primarily 
from endothelial (44), epithelial (16), macrophage/monocyte 
(15), and T/NK (8) cells, while transmitting outgoing signals 
toward epithelial (83), endothelial (60), macrophage/mono-
cyte (49), and T/NK (29) populations (Fig. 3A).

We next compared signaling interactions within the 
TME of primary PDAC and liver metastases (Fig. 3B–C). 
In primary PDAC, myoCAF-c1 presented HLA molecules 
to T/NK cells and was targeted by T/NK cell cytotoxicity 
via the GZMA–F2R axis. Midkine (MDK) signaling was 
shared between myoCAF-c1 and multiple cell types, with 
the MDK–NCL interaction consistently detected across 
four major cell populations in primary PDAC. myoCAF-
c1 and macrophage/monocyte cells primarily communi-
cated through COLLAGEN and MIF signaling, with strong 
probabilities observed in both primary and metastatic sites. 
Moreover, macrophage/monocyte cells regulated myoCAF-
c1 via the SPP1–integrin pathway, which was more active 
in liver metastases than in primary PDAC. We also found 
that myoCAF-c1 promoted endothelial proliferation via 
VEGF signaling, while endothelial cells, in turn, enhanced 
myoCAF-c1 activation through COL4A1/2, NOTCH, and 
PDGF signaling. Notably, COL4A1+ endothelial cells have 
been identified as tumor-associated endothelium [14], con-
sistent with our observations. Collectively, these results 
highlight the critical role of myoCAF-c1 in shaping both 
primary and metastatic PDAC TMEs, potentially driving 
tumor progression and dissemination through EMT and 
angiogenesis.

Identification of PDAC CAF‑specific membrane 
genes

Membrane proteins are critical mediators of cell–cell com-
munication, signaling, and therapeutic targeting in cancers 
[25, 46, 47]. We first identified 299 membrane genes upreg-
ulated in myoCAF-c1 compared with other fibroblast sub-
types. To delineate PDAC-specific myoCAF-c1 signatures, 
we next integrated three expression contrasts—primary 
PDAC versus adjacent normal fibroblasts, primary PDAC 

versus liver metastasis fibroblasts, and myoCAF-c1 versus 
other fibroblasts—to derive a core PDAC myoCAF-c1 gene 
set. Cross-referencing this set with myoCAF-c1–enriched 
membrane genes yielded 33 definitive candidates, including 
CTSK, CD55, SDC1, TMEM158, and TRIM59 (Fig. 4A). 
Furthermore, PPI network revealed a dense interaction land-
scape among these PDAC myoCAF-c1 specific membrane 
proteins, with LUM serving as a hub node directly con-
nected to multiple ECM-related genes such as COL11A1, 
ASPN, and SDC1 (Fig. 4B). Functional enrichment analy-
sis of the PPI network highlighted significant enrichment 
in extracellular matrix organization and other membrane-
associated pathways (Fig. 4C).

To explore their spatial localization within the PDAC 
TME, spatial transcriptomic mapping was performed for 
myoCAF-c1 marker genes, and the 33 membrane genes, 
EMT-related genes, and the epithelial marker EPCAM. 
The spatial maps demonstrated that myoCAF-c1 marker 
genes did not spatially colocalize with tumor cells but 
exhibited strikingly similar distribution patterns to EMT 
regions, implying a functional role of myoCAF-c1 in EMT 
activation (Fig. 4D, S3A-C). Correlation analyses showing 
positive associations between myoCAF-c1 marker genes 
and EMT regions (sample ST1: R = 0.95, p < 0.001; sam-
ple ST2: R = 0.81, p < 0.001), also between membrane 
genes and EMT regions (sample ST1: R = 0.94, p < 0.001; 
sample ST2: R = 0.9, p < 0.001) across both two spatial 
transcriptomic datasets (Fig. 4D, S3B-C). These findings 
suggest that PDAC myoCAF-c1 specific membrane genes 
hold substantial potential for further investigation in the 
context of pancreatic cancer and therapeutic development.

Identification of risk genes and construction 
of PaFMS

To evaluate the prognostic potential of PDAC myoCAF-
c1 specific membrane genes, we first performed univari-
ate Cox regression analysis of 33 candidate genes in the 
TCGA-PAAD cohort, identifying 15 genes significantly 
associated with overall survival (Fig. 5A). These genes 
were further analyzed using LASSO-Cox regression with 
the minimum λ criterion, yielding 11 genes with non-zero 
coefficients for the construction of PaFMS model (Fig. 5B, 
Table S5). Patients were stratified into high- and low-risk 
groups based on the median PaFMS risk score. Among 
the 11 model genes, PERP, PLAU, IGFBP3, TRIM59, and 
TMEM158 showed markedly higher expression in the high-
risk group (Fig. 5C). Survival analysis revealed that patients 
with high PaFMS scores had significantly worse outcomes 
(log-rank p < 0.0001), and time-dependent ROC curves dem-
onstrated robust predictive accuracy, with AUCs of 0.808, 
0.768, and 0.617 for 1-, 2-, and 3-year overall survival (OS) 

Fig. 5   Identification of risk genes and construction of PaFMS.  (A) 
Forest plot of COX analysis showing 15 myoCAF-c1 related mem-
brane-associated genes significantly associated with prognosis of 
PDAC samples. (B) LASSO analysis identifying prognostic mem-
brane-associated genes. (C) Heatmap showing the expression of 
9 signatures in high and low-risk samples. (D) Survival analysis of 
high- and low-risk samples and ROC analysis results at 1, 2, and 
3 years in the TCGA PDAC dataset (E-J) Survival analysis of high- 
and low-risk samples and ROC analysis results in GSE71729 (E), 
ICGC_AU (F), GSE21501 (G), GSE57495 (H), GSE62452(I) and 
GSE78229 (J)

◂
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in the TCGA cohort, respectively (Fig. 5D). Importantly, 
the prognostic predictive value of PaFMS was consistently 
validated across six independent external cohorts, including 
GSE71729 (log-rank p < 0.0001; AUCs of 0.725, 0.825, and 

0.823 for 1-, 2-, and 3-year OS; Fig. 5E), ICGC-AU (log-
rank p < 0.0001; AUCs of 0.787, 0.795, and 0.777 for 1-, 2-, 
and 3-year OS; Fig. 5F), GSE21501 (log-rank p = 0.0077; 
AUCs of 0.63, 0.773, and 0.755 for 1-, 2-, and 3-year OS; 

Fig. 6   Functional enrichment analysis and infiltration of immune 
cells in PaFMS. (A) GSEA plot showing the up-regulated and down-
regulated KEGG pathways in high- and low-risk groups based on the 
TCGA dataset. (B) Boxplot showing the difference of ESTIMATE 

score, immune score, stromal score, and tumor purity in high- and 
low-risk groups. (C) Boxplot showing the immune cell infiltrating 
results via CIBERSORT based on the TCGA dataset



Journal of Molecular Medicine          (2026) 104:60 	 Page 13 of 20     60 

Fig.  5G), GSE57495 (log-rank p = 0.0035; AUCs of 1, 
0.774, 0.8 and 0.845 for 1-, 2-, 3- and 5-year OS; Fig. 5H), 
GSE62452 (log-rank p = 0.00036; AUCs of 0.653, 0.78, 
0.842 and 0.794 for 1-, 2-, 3- and 5-year OS; Fig. 5I), and 
GSE78229 (log-rank p = 0.0066; AUCs of 0.651, 0.774, 
0.824 and 0.827 for 1-, 2-, 3- and 5-year OS; Fig. 5J), collec-
tively confirming its broad applicability. Thus, these results 
demonstrate that PaFMS is a robust prognostic indicator in 
PDAC, providing a potential framework for risk stratification 
and individualized treatment planning.

Enrichment of proliferative pathways 
and suppression of immune infiltration associated 
with high PaFMS scores

To explore the functional implications of the PaFMS, we per-
formed DEGs analysis between the high- and low-risk groups. 
GSEA of the DEGs revealed that cell cycle (NES = 1.83), DNA 
replication (NES = 1.85), proteasome (NES = 1.54), and p53 
signaling pathway (NES = 1.55) were significantly upregu-
lated in the high-risk group, whereas immune-related path-
ways, including T cell receptor signaling (NES = −1.88), B cell 
receptor signaling (NES = −1.91), natural killer cell mediated 
cytotoxicity (NES = −1.53), and primary immunodeficiency 
(NES = −2.37) were markedly downregulated (Fig.  6A). 
These findings suggest that PaFMS may be negative associ-
ated with the immune response and infiltration of immune cells 
in the PDAC TME. To further investigate this relationship, 
we applied the ESTIMATE and CIBERSORT algorithms to 
assess immune and stromal cell infiltration in the TCGA-PAAD 
cohort. The ESTIMATE results demonstrated that the high-
risk group exhibited lower ESTIMATE, immune, and stromal 
scores, but higher tumor purity compared with the low-risk 
group (Fig. 6B). Consistently, CIBERSORT analysis showed 
that the proportions of B cells and T cells were reduced in the 
high-risk group, while M0 macrophages were significantly 
enriched (Fig. 6C). Together, these results indicated that a 
higher PaFMS score is associated with impaired immune infil-
tration, thereby shedding light on the potential functional role 
of PaFMS in shaping the PDAC immune microenvironment.

PaFMS is associated with drug sensitivity 
and immunotherapy

To investigate the potential clinical relevance of PaFMS, we 
assessed the association between PaFMS risk groups and 
predicted sensitivity to anti-cancer agents using the Cancer 
Genome Project (CGP 2014) dataset. Based on the TCGA-
PAAD transcriptomic profiles, the IC50 values of 138 com-
pounds were estimated for PDAC patients. Comparative 
analysis revealed that IC50 values for 33 drugs differed sig-
nificantly between the high- and low-risk groups (Table S7). 
Among these, 29 agents exhibited lower IC50 values in the 

low-risk group, whereas 4 agents showed lower IC50 values 
in the high-risk group (Fig. 7A). Notably, low-risk patients 
demonstrated significantly lower IC50 values for AKT 
inhibitor VIII (p = 0.0038), AZ628 (p = 0.017), Pazopanib 
(p = 0.016), and Parthenolide (p = 0.046), suggesting poten-
tial therapeutic benefit in this group. Conversely, Mitomycin 
C (p = 0.046), BI-2536 (p = 0.033), selumetinib (AZD6244; 
p = 0.0011), and PLX4720 (p = 4.8 × 10⁻5) exhibited lower 
IC50 values in the high-risk group, indicating possible pref-
erential efficacy in these patients.

To further explore the role of PaFMS in immunotherapy, 
we analyzed the Imvigor210 cohort comprising patients 
treated with anti-PD-L1 therapy (Fig.  7B-E). Survival 
analysis confirmed the prognostic stratification ability of 
PaFMS in this immunotherapy cohort, which patients with 
high PaFMS score were associated with worse outcomes 
(log-rank p = 0.031; Fig. 7B). Moreover, patients respond-
ing to anti-PD-L1 treatment had significantly lower PaFMS 
scores compared with non-responders (p = 0.03; Fig. 7C). 
When stratified by median PaFMS score, the proportion 
of responders was higher in the low-risk group; however, 
this trend did not reach statistical significance (p = 0.072; 
Fig.  7D). Analysis of immune checkpoint expression 
revealed that PD-1, PD-L1, CTLA4, and TIGIT were all 
more highly expressed in the high-risk group, suggesting 
an immunosuppressive TME in these patients and potential 
suitability for immune checkpoint blockade (Fig. 7E). These 
findings suggest that PaFMS possesses predictive power for 
drug response and may help optimize personalized immu-
notherapy strategies for PDAC.

Expression characteristics of the PaFMS signature 
genes

To further validate the expression patterns of PaFMS signa-
tures, we analyzed multiple transcriptomic datasets. scRNA-
seq data demonstrated that these genes were predominantly 
expressed in PDAC primary tissues and, to a lesser extent, 
in liver metastases, while showing minimal expression in 
adjacent normal tissues (Fig. 8A). Notably, with the excep-
tion of IL7R, which was enriched in T/NK cells, and PERP, 
predominantly expressed in endothelial cells, most PaFMS 
genes exhibited fibroblast-specific expression (Fig. S4A). 
Within fibroblasts, these genes showed elevated expression 
not only in the myoCAF-c1 subcluster but also in myoCAF-
c2, apCAF-c1, and iCAF-c2 populations (Fig. 8B). Build-
ing on this observation, we focused on four key genes with 
relatively high hazard ratios (Fig. 8A)—PLAU, TMEM158, 
TRIM59, and IGFBP3—and performed spatial transcrip-
tomic analyses in two PDAC samples. The expression of 
these genes and PaFMS signature, spatially co-localized 
with myoCAF-c1 spatial regions, highlighting a strong spa-
tial association between PaFMS genes (for example, PLAU: 
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R = 0.63, p < 0.001) and the myoCAF-c1 spatial regions 
(Fig. 8C-D, S4B-E). At the protein level, expression of the 
four genes was assessed using data from the HPA database, 
although protein information for IGFBP3 was unavailable 
(Fig. 8E). Notably, TMEM158 showed high expression in 
primary PDAC tissues, reduced levels in liver metastases, 
and was absent in adjacent normal pancreas (Fig. 8E). Col-
lectively, these results validate PaFMS signature genes 
across single-cell, spatial transcriptomic, and proteomic 
modalities, offering potential molecular targets for immu-
notherapy and precision medicine in PDAC.

Discussion

CAFs in PDAC play pivotal roles in tumor progression and 
become novel targets for anti-tumour interventions [9, 10]. 
However, the comprehensive landscape of CAF-specific 
membrane proteins remains largely undefined. In this study, 
by integrating scRNA-seq, spatial transcriptomics, bulk tran-
scriptomic profiling, and protein-level validation, we identi-
fied a panel of PDAC CAF–specific membranes and estab-
lished a prognostic model, termed PaFMS. This model was 
strongly associated with tumor proliferation, immune sup-
pression, and therapeutic responses to both chemotherapy 
and immunotherapy.

Recent studies have highlighted the therapeutic potential of 
targeting CAF-derived genes in PDAC [48]. CAFs secrete col-
lagen and other ECM components that contribute to treatment 
resistance [48]. Wu et al. reported that CAFs remodel the 
ECM and promote EMT in PDAC via the POSTN–ITGAV/
ITGB5 axis [49]. Consistent with this, our study found that 
myoCAF-c1 expresses ECM-related membrane genes such as 
LUM [50], and is enriched in EMT pathways. Furthermore, 
recent work suggests that targeting CAF membrane proteins in 
the TME can enhance CAR-T cell efficacy in PDAC 19. How-
ever, current knowledge of CAF-specific membrane proteins 
remains incomplete. Here, by comparing adjacent normal 
pancreas and liver metastases, we identified a PDAC-enriched 
CAF subtype—myoCAF-c1—characterized by high expres-
sion of membrane genes such as COL11A1, and MMP11, 
which is associated with EMT and tumor progression [51, 52].

Furthermore, we developed the PaFMS signature from 11 
prognostically relevant membrane genes in the myoCAF-c1 
cluster, with PLAU, TMEM158, and TRIM59 as its repre-
sentative features. A recent study found that stromal PLAU 
can drive tumor progression, providing a novel therapeutic 
target for triple-negative breast cancer [53]. Liu et al. fur-
ther reported that PLAU participates in cancer-associated 
immunosuppression [54]. TMEM158 has been reported to 
be involved in the progression of various cancers, includ-
ing intrahepatic cholangiocarcinoma [55], ovarian cancer 
[56], and glioblastoma [57]. Consistent with these findings, 
our study identified those genes as PaFMS signatures, with 
PaFMS associated with tumor progression and reduced T/B 
cell infiltration in the PDAC TME.

Notably, PaFMS can be interpreted as a stromal remod-
eling–immune regulatory axis rather than isolated gene–out-
come correlations. Specifically, the positive-coefficient com-
ponents, such as TRIM59, PLAU, and PERP, are consistent 
with pro-tumor signaling and proteolysis-associated matrix 
remodeling programs reported in PDAC [58–60]. These 
molecular programs are known to influence ECM remod-
eling, EMT, and immune cell exclusion within the TME. 
Based on this synthesis, we propose a testable working 
hypothesis that myoCAF-c1 states promote a uPA/PLAU-
centered remodeling program that facilitates EMT and 
contributes to an immunosuppressive microenvironment in 
PDAC [58, 59].

Considering that PaFMS is a prognostic model, we 
validated its predictive robustness across five independ-
ent cohorts. Recent studies have proposed other prognostic 
models for PDAC or pancreatic cancer, such as the T cell 
marker genes score (TMGS), which achieved mean AUCs 
of 0.658, 0.718, and 0.768 for 1-, 2-, and 3-year OS, respec-
tively, in four independent validation cohorts [61]. Similarly, 
Ding et al. developed a membrane-associated gene prognos-
tic signature (MaGPS), which yielded mean AUCs of 0.600, 
0.627, and 0.617 for 1-, 2-, and 3-year OS, respectively, in 
three validation cohorts [46]. Compared with TMGS [61] 
and MaGPS [46], our PaFMS signature demonstrated greater 
robustness and higher predictive accuracy for 1-, 2-, and 
3-year OS (short-term), with mean AUCs of 0.759, 0.789, 
and 0.799, respectively, across five independent validation 
cohorts. Notably, PaFMS also demonstrated strong predic-
tive ability for 5-year OS, with a mean AUC of 0.820. We 
further compared PaFMS with two additional models: the 
tumor-associated macrophage signature (TAMS) [62] and 
the fibroblast-related prognostic signature (FRPS) [63]. The 
tumor-associated macrophage signature (TAMS) developed 
by Fan et al. achieved a mean 5-year AUC of 0.565 [62], while 
the fibroblast-related prognostic signature (FRPS) developed 
by Wang et al. achieved 0.805 [63]. In comparison, PaFMS 
outperformed both TAMS and FRPS in 5-year (long-term) 

Fig. 7   Drug sensitivity and immunotherapy cohort validation of 
PaFMS. (A) Boxplot showing 4 drugs with significantly higher IC50 
values and 4 drugs with significantly lower IC50 values in the high-
risk group. (B) Survival analysis of high- and low-risk samples in 
the IMvigor210 cohort. (C) Boxplot showing the difference of risk 
score in Anti-PD-L1 response and Anti-PD-L1 no response groups. 
(D) Proportion of anti-PD-L1 immunotherapy responses detected in 
high risk and low risk samples. (E) Boxplot showing the difference of 
PD1, PD-L1, CTLA4 and TIGIT expression in high-risk and low-risk 
groups

◂
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survival prediction. Collectively, these findings highlight 
PaFMS as a compelling and robust independent prognostic 
factor for PDAC.

Prior studies have shown that senescent CAFs can sup-
press CD8⁺ T cell activation and diminish immunotherapy 
responsiveness [64], and that CAFs can promote early PDAC 
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invasion through the SOX4/MMP11 axis [65]. These findings 
align with the functional characteristics of our PaFMS, which 
is strongly associated with EMT and reduced T/B-cell infiltra-
tion. Moreover, PaFMS also has potential therapeutic implica-
tions. In the high-risk group, chemotherapeutic agents such as 
selumetinib (AZD6244) exhibited lower predicted IC50 val-
ues; notably, selumetinib has been applied in the treatment of 
various cancers [66–68], suggesting that patients in this group 
may derive therapeutic benefit from selumetinib. Conversely, 
patients in the low-risk group appeared to benefit more from 
anti–PD-L1 immunotherapy. Thus, these findings support our 
assessment of drug sensitivity and highlight the potential of 
PaFMS as a predictive biomarker for guiding personalized 
therapy in PDAC.

However, several limitations should be acknowledged. 
First, although protein-level evidence from the HPA was 
incorporated, functional validation of the identified mem-
brane genes was not performed, and further experimental 
studies will be required to confirm their biological roles and 
mechanistic relevance. Second, while PaFMS demonstrated 
consistent prognostic performance across multiple independ-
ent retrospective cohorts, prospective validation in multicenter 
PDAC cohorts will be necessary to establish its clinical appli-
cability. Third, the IMvigor210 cohort comprises urothelial 
carcinoma rather than PDAC; therefore, immunotherapy-
related observations from this cohort should be considered 
supportive and hypothesis-generating, requiring validation 
in PDAC-specific immunotherapy datasets. Finally, although 
PaFMS was compared with several published transcriptomic 
signatures, comprehensive benchmarking against routinely 
used clinical prognostic factors such as anatomical staging, 
histologic grade, and serum CA19-9 levels remains warranted.

In conclusion, by integrating single-cell and spatial tran-
scriptomics, we identified a PDAC-enriched CAF subset, 
myoCAF-c1. Based on these CAF-specific membrane genes, 
we developed PaFMS, a robust prognostic signature that 
accurately predicts survival across multiple cohorts. PaFMS 
stratification also correlates with distinct drug sensitivities and 
immune checkpoint expression, underscoring its potential to 
guide both targeted and immunotherapeutic strategies. Col-
lectively, our findings position PaFMS as a clinically relevant 

biomarker and a promising source of therapeutic targets for 
precision oncology in PDAC.
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