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Introduction: Pancreatic cancer is a highly malignant tumor of the digestive
system with a dismal prognosis. Despite advances in diagnosis and treatment,
overall survival remains extremely low. Early diagnostic markers and an improved
understanding of tumor-microenvironment interactions are essential for
developing more effective therapies.

Methods: We analyzed 74 single-cell RNA sequencing (scRNA-seq) samples,
performing unsupervised clustering and marker-gene expression profiling to
define major cell types. Large-scale chromosomal copy-number variation (CNV)
analysis distinguished malignant from non-malignant ductal cells. Non-negative
matrix factorization (NMF) identified stage-associated gene modules, which were
integrated with TCGA bulk-RNA data and machine-learning feature selection to
pinpoint candidate prognostic genes. Two independent cohorts were used for
validation. Regulatory network inference (pySCENIC) and ligand-receptor
interaction analysis (CellPhoneDB) explored cross-talk between malignant cells
and macrophages. Finally, in vitro knockdown of CTSV assessed its functional
role in pancreatic cancer (PAC) cell proliferation and migration.

Results: Three prognosis-related genes—ANLN, NT5E, and CTSV—were selected
based on their strong association with clinical stage and validated in external
datasets. High expression of these genes correlated with poorer overall survival
and an increased infiltration of MO macrophages. CellPhoneDB predicted
significant interactions between high-expression malignant ductal cells and MO
macrophages via CXCL14-CXCR4 and ILIRAP—-PTPRF axes, with SPI1 identified
as an upstream regulator of ILIRAP. In vitro CTSV knockdown significantly
inhibited PAC cell proliferation and migration.
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Discussion: Our integrative single-cell and bulk-RNA workflow identifies ANLN,
NT5E, and CTSV as novel prognostic biomarkers in pancreatic cancer and
highlights a pro-tumorigenic interaction between malignant ductal cells and
macrophages. Targeting CTSV or disrupting CXCL14-CXCR4 and ILLRAP-PTPRF
signaling may offer new therapeutic avenues for PAC.

pancreatic cancer, tumor microenvironment, CTSV, macrophages, CXCL14-CXCR4

1 Introduction

Pancreatic cancer (PAC) is a highly malignant tumor of the
digestive system with a poor prognosis. In recent years, its incidence
and mortality rates have been on the rise, making it the third leading
cause of cancer-related death (1). Due to the lack of obvious early
symptoms, most patients are diagnosed at an advanced stage, making
surgical resection opportunities extremely limited (2, 3). Even with
surgery, the recurrence rate of PAC remains high, with a five-year
survival rate of less than 10% (1). Currently, the main treatment
options for PAC include surgery, chemotherapy, and radiotherapy,
but their effectiveness remains unsatisfactory. In recent years, the
successful application of immunotherapy in various cancers has
attracted widespread attention (4), but its efficacy in PAC is
limited, which is closely related to the complex tumor immune
microenvironment of PAC (5, 6). Therefore, there is an urgent
need to study the immune microenvironment of PAC in depth to
identify new early diagnostic markers and therapeutic targets.

The rise of single-cell RNA sequencing (scRNA-seq) technology
provides a new perspective for studying the cellular heterogeneity
within the tumor microenvironment (TME) (7, 8). For instance,
early scRNA-seq studies by Elyada et al. (9)and Peng et al. (10)
comprehensively profiled tumor and stromal cell populations in
PAC, revealing heterogeneous subtypes of cancer-associated
fibroblasts and identifying distinct malignant ductal cell states.
These findings illuminated how fibroblast diversity and ductal
heterogeneity contribute to disease progression and may
modulate antitumor immune responses—particularly through
interactions with T cells. However, while these works (9, 10)
established a baseline understanding of stromal and malignant
heterogeneity in PAC, they did not fully address the functional
interplay between malignant ductal cells and immune populations
such as macrophages. Recent scRNA-seq studies have begun to
explore the immunological landscape of PAC in greater depth: for
example, Hwang et al. (11) characterized multicellular dynamics in
response to neoadjuvant therapy, uncovering how tumor cells and
immune components co-evolve under treatment pressure.
Nonetheless, the specific molecular crosstalk between malignant
ductal subpopulations and myeloid cells remains incompletely
understood, particularly with regard to how these interactions
might drive tumor progression and shape clinical outcomes.
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In this study, we address these gaps by integrating scRNA-seq
data from 74 samples (68 pancreatic cancer patients) and publicly
available bulk RNA-seq data from The Cancer Genome Atlas
(TCGA). First, we aim to characterize novel malignant ductal
subpopulations. Second, we seek to uncover key ligand-receptor
interactions—particularly those involving macrophages—via
single-cell regulatory network inference. Finally, and most
importantly, we strive to identify robust prognostic genes through
machine-learning approaches. By achieving these goals, we hope to
deepen our understanding of the PAC TME, lay the groundwork for
early diagnostic markers and targeted therapeutic strategies, and
thereby potentially guide risk stratification and therapeutic
decisions for PAC patients.

2 Materials and methods
2.1 Data collection and preprocessing

In this research, we acquired scRNA-seq data for PAC from
multiple databases. Specifically, dataset PRJNA878527, which
includes 6 tumor and 6 normal samples, was downloaded from
the European Nucleotide Archive (ENA) (accessed June 24, 2024),
and dataset CRA001160, comprising 24 tumor and 11 normal
samples, was acquired from the Genome Sequence Archive
(accessed May 24, 2024). In addition, we included dataset
GSE205013, which comprises 27 PAC-related samples (accessed
June 26, 2024). For our analysis, we selected data from 68 patients
representing various tumor stages. We processed the sequencing
data using Cell Ranger v7.0 and primarily analyzed the scRNA-seq
counts matrices with the Python package Scanpy v1.9.1 (12). To
ensure data integrity, we applied Scrublet (default settings) for
doublet detection on all scRNA-seq data (13). Cells classified as
putative doublets were entirely removed from subsequent analyses,
thereby minimizing potential artifacts in downstream clustering
and differential expression steps. Additionally, we collected bulk
RNA data, complete with detailed clinical information, from PAC
patients. This data, including associated clinical records, was
sourced from The Cancer Genome Atlas (TCGA) (accessed May
23, 2024). The International Cancer Genome Consortium (ICGC)
(https://dcc.icgc.org, accessed on October 20, 2024). GSE62452
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were downloaded from the Gene Expression Omnibus (GEO)
database (https://www.ncbi.nlm.nih.gov/gds, accessed on 26
October 2024). In our preprocessing steps, we removed samples
not related to PAC and made necessary corrections to the normal
samples before proceeding with our analysis (14). We utilized the R
package limma v3.52 for analyzing the bulk RNA gene expression
matrices (15).

2.2 scRNA-seq clustering, visualization and
cell annotation

After sequencing data preprocessing, we excluded low-quality
cells using the following filtering criteria. Specifically, cells were
retained only if they (1) expressed between 300 and 8,000 genes,
(2) had fewer than 20% of transcripts mapping to mitochondrial
genes, and (3) had a unique molecular identifier (UMI) count
above 1,000. Cells failing any of these thresholds were removed
from subsequent analyses. The remaining cells were then
normalized using scanpy.pp.normalize_total (target_sum=1e4)
and log-transformed. Next, we identified the top 2,250 highly
variable genes (HVGs) via sc.pp.highly_variable_genes in Scanpy
(n_top_genes=2250). A Principal Component Analysis (PCA) was
performed on these HVGs (40 principal components), followed
by Harmony (16) integration to mitigate potential batch effects.
We then conducted unsupervised clustering with the Leiden
algorithm (17) (resolution=0.1) and visualized the resulting
clusters using Uniform Manifold Approximation and Projection
(UMAP). Cluster annotation proceeded in two steps. First, we
cross-referenced known marker genes from the literature to assign
preliminary labels. Second, we applied the sc.tl.rank_genes_groups
function (Wilcoxon rank-sum test) to identify differentially
expressed genes in each cluster, refining cluster labels and
further elucidating the biological context of the cellular
landscape in PAC.

2.3 InferCNV analysis

To evaluate somatic large-scale chromosomal copy number
variation (CNV) in each ductal cell, we utilized the Python
package inferCNVpy (version 0.3.0). The necessary data inputs,
including a raw counts matrix, an annotation file, and a gene/
chromosome position file, were meticulously prepared in line with
the specifications outlined in the inferCNVpy documentation
(https://github.com/icbi-lab/infercnvpy). We designated B cells
and T cells as the reference normal cells for this analysis,
applying the default settings of the package. We then classified
the ductal cells based on their CNV scores. Cells with a CNV score
exceeding the median value were categorized as malignant ductal
cells. In contrast, those with scores below the median were identified
as non-malignant ductal cells. Further, to gain deeper insights into
the heterogeneity within the malignant ductal cell population, we
re-clustered these cells using the Leiden algorithm. This approach
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allowed us to discern potentially distinct subgroups within the
malignant category, thereby contributing to a more nuanced
understanding of tumor cell diversity.

2.4 GSEA and gene ontology enrichment
analysis

To gain a deeper understanding of the functions and biological
processes of the gene set, GSEA and GO Enrichment Analysis were
conducted. These analyses were performed using the
“clusterProfiler” package (18). We specifically focused on the GO
biological process category to reveal the roles of the gene set in
cellular biological functions and pathways.

2.5 Consensus non-negative matrix
factorization and measuring correlation
between gene expression programs and
tumor stages

The consensus non-negative matrix factorization (NMF) was
conducted by implementing custom modifications to the c¢NMF
v1.1 Python package, as well as by referencing the workflow code
written by William L. Hwang (11, 19). We utilized hypergeometric
testing and Pearson correlation to analyze the relationship between
each program and tumor staging.

2.6 Transcription factor regulon analysis

The SCENIC analysis was performed using pySCENIC (v1.1.3)
with default parameters (20). In short, we randomly picked out
300-500 cells from each cell cluster to construct a new gene-cell
matrix. Regions for transcription factors (TF) searching were
restricted to 10 k distance centered the transcriptional start site or
500 bp upstream of the TSSs. We utilized the RcisTarget databases
for Homo sapiens (hg38, refseq_r80, SCENIC+ gene-based) to
perform TF motif enrichment. Specifically, cis-regulatory modules
and TF-target relationships were identified by matching enriched
motifs to known TF binding sites in these databases. Cluster-
specific TFs were then defined as the top 10 or 15 TFs showing
the largest decrease in fold change relative to all other clusters
(Wilcoxon rank-sum test). Finally, we visualized the resulting TF
networks to highlight key regulators within each cluster.

2.7 Cell—cell interaction analysis

We used cellphoneDB based on cellphoneDB database v.4.0.0 to
infer cell-cell interactions of selected ligand-receptor pairs between
different cell subpopulations (21). The potential interaction strength
between two cell subpopulations was predicted based on the
expression of ligand-receptor pairs. The enriched ligand-receptor
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interactions between two cell subpopulations were calculated based
on a permutation test. We extracted significant ligand-receptor
pairs with P value < 0.001.

2.8 Cell line culture, CTSV gene
knockdown, and wound healing assay

Capan-2 and MIA PaCa-2 cell lines were purchased from the
American Type Culture Collection (ATCC). Capan-2 cells were
maintained in RPMI 1640 medium, and MIA PaCa-2 cells were
maintained in DMEM medium. Both media were supplemented
with 10% fetal bovine serum (Gibco BRL, USA) and 1% penicillin—
streptomycin. Cultures were incubated at 37°C with 5% CO, in a
humidified atmosphere. Two distinct short-hairpin RNA (shRNA)
sequences targeting CTSV (sh-CTSV-A: 5-TCGTCCTTCC
AGTTCTACAAA-3" and sh-CTSV-B: 5'-GCAACACACAGA
AGATTATAT-3") were designed and cloned into the pLKO.1-
TRC plasmid. Briefly, annealed oligonucleotides were ligated into
the pLKO.1-TRC vector at the relevant restriction sites (EcoRI/
Agel). The recombinant plasmids were then transformed into Stbl3
competent Escherichia coli for amplification. Positive colonies were
selected on LB agar plates containing 100 pig/mL ampicillin. Correct
insert orientation and sequence were verified by restriction enzyme
digestion and Sanger sequencing prior to viral packaging.

To produce lentiviral particles, 293T cells were seeded in 10 cm
dishes and co-transfected with 10 ug of the pLKO.1-CTSV-shRNA
plasmid, 7.5 pg of psPAX2 packaging plasmid, and 2.5 ug of
pMD2.G envelope plasmid using Lipofectamine 3000 (Invitrogen)
according to the manufacturer’s protocol. After 48 hours, the viral
supernatant was collected, filtered through a 0.45 um syringe filter.
Target cells (Capan-2 and MIA PaCa-2) were plated in 6-well plates
and infected by replacing their culture medium with viral
supernatant in the presence of 5 ug/mL Polybrene. Twenty-four
hours post-infection, the medium was changed, and cells were
selected with 4 pug/mL puromycin for 5 days to establish stable
knockdown lines.

For functional validation, stable CTSV-knockdown cells and
corresponding control cells were seeded in 6-well plates and
grown to 90-95% confluence. A straight “scratch” was then
made through the monolayer using a sterile 200 UL pipette tip,
followed by gently washing with PBS to remove debris. The
culture medium was replaced with serum-reduced or serum-free
medium to minimize cell proliferation effects. Images were
captured at 0 and 48 hours post-scratch using an inverted
phase-contrast microscope. The distance between the wound
edges was measured, and relative wound closure (%) was
calculated to assess cell migration capability.

2.9 Statistical analysis

R version 4.2.1 was used for statistical analysis. We utilized
Wilcoxon test under the circumstance of non-normal data
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distribution. Kaplan-Meier curves with log-rank statistics were used
to compare OS. P < 0.05 was considered statistically significant.

3 Results
3.1 scRNA-seq profiling of PAC samples

To systematically profile the transcriptional landscape of PAC,
we collect sScRNA-seq data from a total of 74 samples from 68
patients with PAC (Figure 1, Supplementary Table S1). These
samples represented various clinical stages (I-IV), included both
sexes, and covered multiple tumor locations. Following rigorous
quality control, we retained a total of 506,736 high-quality cells for
subsequent analyses. Unsupervised clustering analyses identified 7
major cell types (Figure 1A) including Ductal cells (KRT19,
ANXA4), T cells (CD3D, CD3E), B cells (CD37, CD79A,
MS4A1), Monocytes (CD14, CD163), Endothelial cells (VWF,
PDGFRB), Acinar cells (PRSS1, AMY2A), and Fibroblasts
(ACTA2, DCN) (Figure 1B).

Next, we analyzed the distribution of these cell types based on
tumor location, tissue origin, gender, tumor stage, and treatment
modality. In terms of tumor location, ductal cells were most
prevalent in the common bile duct (57.00%), followed by
endothelial cells (27.04%) (Figure 1C). The head and liver regions
showed a higher proportion of T cells (30.33% and 29.08%,
respectively). Regarding tissue origin, adjacent non-tumor tissue
(Normal) had a higher proportion of endothelial cells (17.02%),
whereas tumor tissues had higher proportions of monocytes
(15.00%) and T cells (27.88%) (Figure 1D). We found no
significant differences in cell type distribution based on gender
(Figure 1E). From the perspective of tumor stages, T cells were most
prevalent in stage Ib samples (34.00%) and least prevalent in normal
samples (Figure 1F). Notably, acinar cells were elevated in samples
without normal tissues and in stage IV samples (11.57% and
12.00%, respectively), while fibroblasts were more common in
stages I and II (approximately 20%) but decreased in late-stage
(IV) samples (around 5%). Analysis of treatment modalities
revealed that samples treated with FFX had the highest
proportion of T cells (31.89%), whereas samples treated with GA
had the lowest proportion of B cells (Figure 1G).

In summary, our study comprehensively reveals the distribution
characteristics of various cell types within the PAC TME and their
differences across tumor location, tissue origin, tumor stage, and
treatment modalities. Specifically, the significant increase in the
proportion of ductal and endothelial cells within the bile duct
suggests a critical role for these cells in PAC (Supplementary
Figure S1). Additionally, the higher proportion of T cells in early-
stage (Ib) and FFX-treated samples may reflect the importance of
immune responses at different stages and under different treatment
strategies. Furthermore, the increase in acinar cells in late-stage
tumors and the higher proportion of fibroblasts in early-stage
tumors provide important insights into the dynamic changes of
cells during the progression of PAC.
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Single cell transcriptional landscape of PAC. (A) Uniform Manifold Approximation and Projection (UMAP) representation of the landscape of different
PCA cell types, (B) Dot-plots for the merged scRNA-seq data demonstrates the marker expressions in the different cell types, (C) Bar chart
illustrating the cell-type proportions across different anatomical locations (e.g., pancreatic head, body, liver metastasis), (D) Bar chart comparing cell-
type distributions between tumor tissues and adjacent normal tissues, (E) Bar chart depicting the relative abundance of each cell type in male vs.
female patients, (F) Bar chart showing cell-type composition stratified by clinical stages (I, Il, Ill, and 1V), (G) Bar chart presenting cell-type
proportions under various treatment modalities (e.g., FOLFIRINOX, gemcitabine + nab-paclitaxel, untreated).

3.2 ldentification and characterization of
malignant ductal cells

To investigate the transcriptional heterogeneity in ductal cells,
we distinguished 69,891 malignant ductal cells and 90,526 non-
malignant ductal cells based on large-scale chromosomal CNVs
(CNV score > 0.011) in each cell, inferred by inferCNVpy, from a
total of 160,417 ductal cells (Figures 2A, B). To further validate our
annotation of malignant ductal cells, we analyzed their distribution,
finding that the malignant ductal cells were predominantly located
in tumor regions (94.72%), supporting the accuracy of our
identification (Figure 2C).
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GSEA revealed significant activation of the mTORCI signaling
pathway, p53 signaling pathway, E2F targets, interferon alpha
response, glycolysis pathway, and KRAS signaling pathway in
malignant ductal cells (Figure 2D). Notably, the significant
activation of the p53 signaling pathway, which differs from
previous studies, suggests a unique heterogeneity within the
PAC TME.

In the context of the TME, cell-cell interactions play a crucial
role. We conducted an analysis of the interactions between
malignant and non-malignant ductal cells, uncovering that
malignant ductal cells engage in interactions through APLP2-
PIGR, LAM3-integrin-a3bl-complex, and PPIA-BSG (Figure 2E).
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Characterization of malignant ductal cell states. (A) Heatmap of inferCNV analysis, illustrating large-scale chromosomal copy number variations in
malignant versus non-malignant ductal cells. (B) UMAP plot showing the distribution of malignant and non-malignant ductal cells. (C) Bar chart

depicting the distribution of malignant and non-malignant ductal cells acro

ss different tumor locations. (D) GSEA analysis of malignant and non-

malignant ductal cells, highlighting significant pathways. (E) CellPhoneDB analysis of cell-cell interactions between malignant and non-malignant

ductal cells.

Taken together, these results confirm the presence of malignant
ductal cells. Next, we sought to further dissect their heterogeneity
and functional roles.

3.3 The heterogeneity of malignant ductal
cells

We next focused on the malignant ductal cells. Through
unsupervised clustering of 69,891 malignant ductal cells, we
identified five distinct subpopulations (Figure 3A). Although we label
these subpopulations by a single, highly upregulated marker gene—
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SAMDI12, RND3, RPLP1, MKI67, and VIM—for convenience, the
classification itself was based on the full set of differentially expressed
genes identified via sc.tLrank_genes_groups (Wilcoxon rank-sum test).
Thus, each cluster is not exclusively defined by one marker but rather
by a broader and unique transcriptional signature, underscoring that
these subpopulations possess distinct gene expression profiles beyond
any individual marker.

To characterize these subpopulations, we conducted GO
enrichment analysis on the top 200 genes of the subpopulation
cells. The results indicated that SAMD12+ cells were significantly
enriched in processes related to actin cytoskeleton reorganization,
regulation of GTPase activity, and centromere localization,
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suggesting these cells are in a state of dynamic remodeling,
facilitating cell movement and structural reorganization
(Figure 3B). RND3+ cells were significantly enriched in processes
associated with skin barrier establishment, positive regulation of cell
motility, and positive regulation of apoptosis, indicating roles in
barrier function, motility regulation, and a higher propensity for
apoptosis (Figure 3C). RPLP1+ cells showed significant enrichment
in cytoplasmic translation, macromolecule biosynthesis, and gene
expression, implying high levels of protein synthesis and metabolic
activity (Figure 3D). MKI67+ cells were significantly enriched in
mitosis, cell cycle regulation, and sister chromatid cohesion,
highlighting their high proliferative state and active cell division
(Figure 3E). VIM+ cells were significantly enriched in cytoplasmic
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translation and macromolecule biosynthesis, indicating robust
protein synthesis and active metabolic processes (Figure 3F).
Next, we performed a detailed analysis of malignant ductal cells
from different tumor locations, stages and gender. Our comparisons
revealed significant biological differences among malignant ductal
cells from various sites. Spatially, MKI67+ cells were predominantly
located in the liver, suggesting a potential link to hepatic metastasis
(Figure 3G). SAMDI12+ cells were primarily found in the head of
the pancreas, whereas VIM+ cells were widely distributed
throughout the pancreas. The differential distribution of these
genes across different locations may reflect distinct characteristics
of PAC metastasis and local invasion. Regarding tumor stages,
SAMDI12+ cells were predominantly expressed in stage II tumors,
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VIM in stage Ib, and both MKI67 and RPLP1 exhibited higher
expression levels in stage IV, indicating their roles in advanced
tumor progression (Figure 3H). Notably, the high expression of
MKI67+ cell is likely associated with the high proliferation rate and
invasiveness of tumor cells. In the context of treatment modalities,
due to the limited number of samples with treatment information,
most samples were from the untreated group. However, existing
data indicated that the proportion of SAMDI12+ cells was lowest in
the FFX-treated group, potentially reflecting the specific efficacy of
this treatment on tumors located in the head of the pancreas. In
terms of gender differences, we observed no significant variation in
gene expression, suggesting that gender has minimal impact on the
gene expression profiles of pancreatic ductal cells.

This suggests that the distinct distribution and associated
biological processes of SAMDI12+ and MKI67+ subpopulations
across different stages and locations underscore their critical
roles in PAC progression. Further investigation into these
subpopulations may elucidate the molecular mechanisms
underlying PAC.
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3.4 NMF identified stage-related malignant
processes

To further explore the characteristics of the SAMDI12+ and
MKI67+ malignant ductal cell subpopulations, we conducted GSEA
on these subpopulations, along with other relevant subpopulations.
For the SAMDI2 subpopulations, GSEA results indicated
significant activation in pathways related to phosphatidylinositol
signaling, inositol phosphate metabolism, TRP channels regulated
by inflammatory mediators, glutamatergic synapses, and
melanogenesis. Conversely, there was significant suppression in
the NF-kappa B signaling pathway, cell cycle, malaria, p53 signaling
pathway, and Legionellosis (Figure 4A). These results suggest that
SAMDI2-positive cells are in a state of high signal transduction and
metabolic activity, with potentially lower proliferative and immune
response capacities. This implies that SAMD12-positive cells might
play critical roles in cell-cell communication and metabolic
regulation while avoiding excessive cell proliferation and

immune reactions.
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For the MKI67 subpopulation, GSEA results showed significant
activation in the cell cycle, progesterone-mediated oocyte maturation,
P53 signaling pathway, cellular senescence, and oocyte meiosis. There
was significant suppression in growth hormone synthesis, secretion
and action, aldosterone synthesis and secretion, serotonergic synapse,
glutamatergic synapse, and type II diabetes mellitus pathways
(Figure 4B). These findings indicate that MKI67-positive cells are
likely in a high proliferation and division state, with enhanced cell
renewal and repair capabilities. This suggests that MKI67-positive cells
may play crucial roles in tumor growth and progression, particularly in
the rapid proliferation and division of tumor cells.

To further characterize the SAMD12 and MKI67 subpopulations,
we performed NMF analysis and identified 5 distinct gene programs.
From each program, we then extracted the top 200 genes and assessed
their correlation with tumor stages (I-IV). Among these programs,
Usage_2 showed the strongest association with advanced disease—
specifically, stage IV (Figure 4C). We next performed GO and
MsigDB enrichment analyses on the genes within Usage_2,
revealing significant enrichment in pathways related to negative
regulation of blood fibrinolysis, protein processing, blood
coagulation, and endothelial cell differentiation (Figure 4D), as well
as epithelial-mesenchymal transition, apoptosis, upregulated KRAS
signaling, and TGF-beta signaling (Figure 4E). Taken together, these
findings suggest that the Usage_2 module may play a key role in
driving the malignancy of PAC cells, particularly in advanced stages.

3.5 Identification of prognostic genes
associated with MO macrophages from the
Usage_2 module

To evaluate the impact of these genes on PAC, we analyzed their
relationship with prognosis using data from TCGA. First, univariate
Cox regression analysis identified 23 genes significantly associated
with prognosis of PAC (Supplementary Table S2). Then we applied
Lasso regression and identify 3 best candidate genes (ANLN, NT5E,
and CTSV) to generate risk scores (Figure 5A). The risk score
formula was as follows: Risk score = (0.01487 x expression ANLN)
+ (0.00683 x expression NT5E) +(0.04551 x expression CTSV).
Finally, we divided patients into high-risk and low-risk groups
according to the median risk score for the TCGA-PAC data. KM
analysis showed that the high-risk group had significantly worse
prognosis compared with the low-risk group (P < 0.001, Figure 5B).
Notably, the overall C-index of this LASSO-based model reached
0.69, indicating a moderate capacity to distinguish outcomes among
TCGA-PAC patients.

We then validated these findings in two independent cohorts of
PAC patients (ICGC and GSE62452 datasets), comprising a total of
369 samples. The results showed that the high-risk group had a
poorer prognosis than those in the low-risk group (P=0.003, P <
0.031, respectively, Figures 5C, D). Considering the role of the TME,
we used CIBERSORT to analyze immune cell infiltration in different
groups. We found that MO macrophages were significantly higher in
the high-risk group, while CD8+ T cells and dendritic cells (DCs)
were significantly lower. This suggests that these genes may be
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involved in macrophage differentiation, which in turn may be
related to the progression of PAC. Collectively, these data indicated
that ANLN, NT5E, and CTSV may play a pivotal role in PAC and are
likely associated with MO macrophages. Given that ANLN, NT5E,
and CTSV are closely associated with M0 macrophage infiltration, we
next examined how these high-expression malignant ductal cells
interact with macrophages in the TME.

3.6 MO macrophages interact with
malignant ductal cells expressing high
levels of ANLN, NT5E, and CTSV via
CXCL14-CXCR4

To further understand the specific roles of the prognostic genes
ANLN, NT5E, and CTSV, we analyzed their expression in scRNA
data. We focused particularly on their relationship with MO0
macrophages to reveal their potential functions within the TME.

First, we divided the malignant ductal cell subpopulations into
high and low expression groups based on the expression levels of
these three genes. In both the high and low expression groups, we
performed cell interaction analysis of MO macrophages to reveal
how the expression of these genes affects the behavior and function
of MO0 macrophages. Using CellPhoneDB for intercellular
communication analysis, we found that the interactions between
MO macrophages and ductal cells were significantly increased in the
high expression group, suggesting that these genes play key roles in
regulating the TME (Figure 6A).

Through Pyscenic analysis, we further explored the transcription
factor networks of each subpopulation. In the high expression group,
we found that PPARG was the main transcription factor, while SPI1
was the key transcription factor in MO macrophages (Figure 6B).
Combining the results of cell interaction analysis, we identified
important ligand-receptor pairs between MO macrophages and high
expression group ductal cells: ILIRAP (ligand from MO
macrophages) - PTPRF (receptor on high expression group ductal
cells) and CXCL14 (ligand from high expression group ductal cells) -
CXCR4 (receptor on M0 macrophages). It is particularly noteworthy
that the ILIRAP-PTPRF pair is not only present between MO
macrophages and high expression group ductal cells but also
between MO macrophages and low expression group ductal cells,
suggesting that it may have different functions in ductal cells with
varying malignancy levels. These findings indicated that the
widespread presence of ILIRAP-PTPRF may indicate its general
importance in the TME, while the specificity of CXCL14-CXCR4
interactions may be related to the highly malignant ductal cells.

3.7 Effect of CTSV knockdown on
migration of PAC cells

CTSV has a significant effect on the proliferation and migration of
PAC cell lines. In order to further investigate the functional significance
of CTSV in PAC cell lines, we investigated the effects of CTSV
knockdown on two specific cell lines, Capan2 and MIA paca2.
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FIGURE 5

Prognostic analysis of genes associated with Usage_2 (A) Distribution of LASSO regression coefficients for survival associated AS events (left).
Shrinkage parameter selection in the LASSO model using ten-fold cross-validation via minimum criteria (right). (B) KM survival curve of overall
survival in TCGA-PAC. (C) KM survival curve of overall survival in ICGC. (D) KM survival curve of overall survival in GSE62452. (E) Box plot showed the
ratio differentiation of 21 kinds of immune cells between TCGA-PAC samples with high-risk and low-risk groups. Significance levels were denoted as

*P < 0.05. "ns” indicates no significant difference.

The scratch repair experiment results showed that the cell migration
rate of the CTSV knockdown group was significantly reduced
compared to the control group (Figures 7A-N), indicating that
CTSV knockdown significantly inhibited the proliferation and
migration ability of PAC cells.

4 Discussion

PAC is a highly malignant and difficult-to-treat cancer with
extremely high mortality and recurrence rates (1). Despite some
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progress in treatment methods, the prognosis for PAC remains poor
due to its complex TME and highly heterogeneous cell composition.
Therefore, understanding the cellular composition and interactions
within the PAC TME is crucial for developing more effective
therapeutic strategies. In this study, we comprehensively
characterized the complex TME landscapes of PAC, demonstrating
TME features and properties associated with various PAC clinical
characteristics, including tumor location, tissue type, stage, and sex.

We found that fibroblasts are more abundant in the early stages
of PAC, indicating their important role in the initial phases of PAC.
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Fibroblasts not only support tumor growth and metastasis but also
influence the structure and function of the TME by secreting
extracellular matrix (ECM) components and various growth
factors (22-25). Additionally, we observed a higher abundance of
T cells and monocytes in tumor tissues compared with normal
controls, indicating an immune component in PAC progression.
However, recent single-cell studies Zheng et al. (26). and
Cheng et al. (27) have highlighted that many of these T cells may
be in an exhausted state, while monocytes often develop into
immunosuppressive macrophage subtypes in PAC, further
exacerbating tumor progression Consistent with these reports, our
findings suggest a significant immune infiltration, but do not fully
resolve the activation status or phenotypic diversity (e.g., M1 vs. M2
macrophages, effector vs. exhausted T cells) within these
populations. Future work could involve more detailed analyses of
checkpoint markers (e.g., PD-1, TIM-3) in T cells and polarization
markers (e.g., CD163, CD206) in macrophages to delineate their
functional states and potential therapeutic implications. This
underscores the complexity of the TME and the need for deeper
mechanistic studies to clarify how immune cells can both restrain
and promote tumor growth.

In the TME, cancer cells, stromal fibroblasts, endothelial cells,
and infiltrating immune populations engage in a dynamic network
of reciprocal signaling—via cytokines, chemokines, growth factors,
receptor-ligand interactions, and extracellular vesicles—that
orchestrates tumor progression, angiogenesis, and immune
modulation (28). Cancer cells interact not only with immune cells
but also affect the behavior of normal epithelial cells through
cytokines and chemokines. Studies have shown that cancer cells
can induce epithelial-mesenchymal transition in normal epithelial
cells by secreting transforming growth factor-B and epidermal
growth factor, increasing cell migration and invasion capabilities
(29, 30). In our study, we found that malignant and non-malignant
ductal cells can interact through APLP2-PIGR, LAM3-integrin-
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a3bl-complex, and PPIA-BSG. These interactions may contribute
to the malignancy of normal ductal cells. APLP2-PIGR and LAM3-
integrin-a3b1-complex interactions aid in cell adhesion and signal
transduction, which may play critical roles in tumor progression
(31, 32). PPIA-BSG interactions are related to the proliferation and
invasiveness of tumor cells (33, 34).

GSEA analysis revealed that malignant ductal cells are in a
highly metabolic state, indicating a high energy demand to
support their rapid proliferation and growth. Notably, our study
also found that the p53 pathway is significantly activated, further
illustrating the heterogeneity of the PAC TME. The activation of
the p53 signaling pathway in PAC may be associated with stress
responses and DNA damage repair mechanisms in tumor cells
(30). Moreover, the activation of the p53 pathway might be related
to metabolic reprogramming in tumor cells, providing the
necessary energy and metabolic intermediates to support their
growth (35).

The heterogeneity of the TME is a key focus of research for
identifying new therapeutic directions. Among the malignant ductal
subpopulations we identified, SAMDI12+ and MKI67+ exhibited
distinct gene expression patterns suggestive of higher proliferative
and metabolic activity relative to other clusters (Figures 3C, F). In
particular, GSEA revealed that SAMDI12+ cells may upregulate
pathways involved in phosphatidylinositol signaling and inositol
phosphate metabolism. Although these results imply a heightened
metabolic and signaling state, further functional validation is
necessary to confirm these observations (36, 37).

Through NMF analysis, we identified the Usage 2 module
related to malignancy progression and integrated it with TCGA
data, determining three prognostic genes: ANLN, NT5E, and CTSV.
These genes were validated by two independent datasets, further
supporting their significant roles in PAC.

ANLN (Anillin) is a cell division-related protein that plays a
critical role in mitosis and cytokinesis (38). High ANLN expression
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In vitro experimental validation. (A-F) Representative microscopic images showing the effects of gene knockdown in Capan-2 cells. (A) Control (Oh),
(B) shRNA targeting CTSV A (0h), (C) shRNA targeting CTSV B (0Oh), (D) Control (48h), (E) shRNA targeting CTSV A (48h), and (F) shRNA targeting
CTSV B (48h). (G-L) Representative microscopic images showing the effects of gene knockdown in MIAPaCa cells. (G) Control (0h), (H) shRNA
targeting CTSV A (0h), (I) shRNA targeting CTSV B (0h), (J) Control (48h), (K) shRNA targeting CTSV A (48h), and (L) shRNA targeting CTSV B (48h).
(M) Invasion rate of Capan-2 cells following gene knockdown with different shRNAs, as measured by a transwell assay. (N) Invasion rate of MIAPaCa
cells following gene knockdown with different shRNAs, as measured by a transwell assay. Data are presented as mean + SD from three independent

experiments. **P < 0.01, ***P < 0.001 and ***P < 0.0001.

is typically associated with tumor invasiveness and poor prognosis
in various cancers (38-41). For instance, high ANLN expression
correlates with enhanced proliferation and migration capabilities of
tumor cells in lung adenocarcinoma and breast cancer (40, 41). In
PAC, ANLN overexpression may promote rapid division and
proliferation of tumor cells, accelerating tumor progression.

NT5E encodes CD73, a cell surface enzyme involved in
adenosine production. Adenosine exerts immunosuppressive
effects in the TME, inhibiting the activity of T cells and natural
killer cells, thereby promoting tumor immune evasion (42). High
CD73 expression is associated with poor prognosis and tumor
resistance in several cancers, including breast and colorectal
cancer (43-45). In PAC, high NT5E expression might suppress
antitumor immune responses via the adenosine signaling pathway,
promoting tumor growth and metastasis.

CTSV (Cathepsin V) is a lysosomal cysteine protease involved
in protein degradation and remodeling (46). High CTSV expression
is associated with enhanced invasion and metastasis of tumor cells
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in various cancers, such as breast and liver cancer (47, 48). In PAC,
CTSV may enhance tumor cell migration and invasion by
promoting extracellular matrix degradation and remodeling.

Immune infiltration analysis revealed that MO macrophages are
significantly more abundant in the high-risk group defined by these
three genes, suggesting that they play a crucial role in PAC
progression. MO macrophages are regarded as un-activated or
initial-state macrophages that can be polarized into various
functional states (e.g., M1 or M2) within the TME (49, 50). Our
ScRNA data further indicate that malignant ductal cells in the high-
expression group of these three genes may interact with MO
macrophages through the CXCL14-CXCR4 axis, potentially
facilitating an immunosuppressive environment.

Myeloid plasticity is increasingly recognized as an important
therapeutic target in PAC. For instance, Zhou et al. (51)
demonstrated that blocking the CD47/SIRPo axis can reprogram
macrophages to a more phagocytic, antitumor phenotype, thereby
overcoming immune evasion. In light of our findings that MO
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macrophages accumulate in high-risk PAC subgroups and may
skew toward a protumoral (M2-like) phenotype, targeting
macrophage polarization—whether via CD47/SIRPo. blockade or
other agents—could be a promising strategy. Future studies are
warranted to determine whether combining such macrophage-
focused therapies with established treatments might improve
patient outcomes in PAC”.

In our study, the CXCL14-CXCR4 interaction emerged as a
particularly notable pathway between malignant ductal cells and
MO macrophages. CXCL14 is a chemokine whose function can be
highly context-dependent, capable of promoting fibroblast
activation and tumor progression or, alternatively, recruiting
NK or T cells in a more antitumor capacity (52),CXCR4, its
corresponding receptor, is widely expressed on various immune
cells and tumor cells. Our data suggest that, in the PAC context we
studied, CXCL14-expressing malignant ductal cells may help
establish immunosuppressive interactions with M0 macrophages,
potentially contributing to immune evasion or tumor progression.
Nevertheless, these observations remain correlative, and further
functional assays (e.g., CXCL14/CXCR4 blockade or knockdown)
are needed to confirm this mechanism and clarify whether
antitumoral pathways might also be engaged under certain TME
conditions. Such complexity highlights the importance of analyzing
not just ligand-receptor pairings, but the broader immune context
in which they operate.

Moreover, we found that MO macrophages interact with both
high- and low- malignant ductal cells via the ILIRAP-PTPREF axis.
This widespread presence suggests that ILIRAP-PTPRF may
function as a more general communication pathway within the
TME, rather than being confined to late-stage or highly aggressive
cells. ILIRAP, an interleukin-1 receptor accessory protein,
associates with PTPRF (protein tyrosine phosphatase receptor
type F) to modulate diverse signaling pathways, including
inflammation and cell proliferation (53). In PAC, our data
indicate that such signals might regulate the survival and
proliferation of ductal cells across different malignancy states,
ultimately impacting overall tumor progression.

Beyond basic cell growth, it is plausible that ILIRAP-PTPRF
contributes to cellular plasticity—for instance, influencing how
malignant cells transition between less- and more-aggressive
phenotypes—or to immune tolerance, by shaping how ductal cells
interact with macrophages and other immune constituents in the
TME (54, 55). Although our single-cell analysis highlights the
correlative nature of these interactions, further mechanistic
studies (e.g., ILIRAP or PTPRF knockdown, co-culture
experiments with macrophages) are needed to verify whether
perturbing this axis could shift ductal cell behavior or
macrophage polarization. Such investigations would clarify
whether ILIRAP-PTPRF indeed serves as a unifying link between
tumor aggressiveness and immunosuppression, thereby offering a
potential avenue for therapeutic intervention.

Pyscenic analysis showed that SPI1 is the transcription factor
for ILIRAP, further supporting the critical role of MO macrophages
in regulating ILIRAP expression (56). SPI1 is a key transcription
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factor essential for the development and function of myeloid cells
(57). The regulation of ILIRAP by SPII indicates that MO
macrophages might modulate their behavior in the TME through
SPIl-mediated pathways, influencing the characteristics of
malignant ductal cells.

5 Conclusions

In this study, we integrated multiple single-cell datasets to
identify two key subpopulations of highly malignant ductal cells
and three prognostic genes (ANLN, NT5E, CTSV) in PAC, then
confirmed these genetic findings using both TCGA and
independent external cohorts. Our analysis also revealed that M0
macrophages and malignant ductal cells likely communicate
through the ILIRAP-PTPRF and CXCL14-CXCR4 axes, hinting
at a dynamic interplay that may foster an immunosuppressive TME.
Meanwhile, functional assays showed that knocking down CTSV
significantly impaired PAC cell migration and proliferation,
underscoring the relevance of these molecular discoveries in
disease progression. Despite these promising insights, several
limitations warrant discussion. First, the bulk of our conclusions
about macrophage-ductal cell cross-talk relies on computational
analyses (CellPhoneDB and SCENIC), without in vivo
corroboration. Further mechanistic studies—such as co-culturing
ductal cells with primary macrophages or employing genetically
engineered mouse models—are needed to confirm the physiological
roles of these ligand-receptor interactions. Second, although we
observed more M0 macrophages in the high-risk group, we did not
dissect specific immune phenotypes (e.g., M1 vs. M2) in depth,
which could clarify how macrophage plasticity shapes the local
TME. Lastly, while we validated CTSV’s effect in vitro, other
putative drivers identified here (ANLN, NT5E) remain to be
explored functionally. Addressing these gaps in future work may
illuminate new therapeutic angles—especially interventions aimed
at modulating macrophage polarization or blocking key ligand-
receptor pathways in advanced PAC. In sum, our findings offer an
integrative single-cell perspective on malignant ductal cell
subpopulations and immune components in PAC, laying a
foundation for targeted interventions aimed at blocking pro-
tumoral crosstalk and improving patient outcomes.
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