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Background: Challenges have arisen in finding an effective treatment for pancreatic ductal adenocarcinoma 
(PDAC). Poor outcomes have fueled ongoing efforts to exploit the tumor microenvironment (TME) in the 
treatment of PDAC; however, to date, treatment strategies have largely failed. Thus, a comprehensive and 
deep understanding of the PDAC TME is necessary. The purpose of the present study was to investigate 
chemotherapy-induced tumor microenvironment changes and to optimize the response to immunotherapy 
in PDAC. 
Methods: We analyzed publicly available single-cell RNA sequencing (scRNA-seq) PDAC (with or without 
standard chemotherapy) data and performed systematic analyses to elucidate novel mechanisms and to 
determinate the marker expression alteration induced by the chemotherapy.
Results: Lysozyme (LYZ), which is usually used as a myeloid marker, was significantly increased in the 
tumor cells, including myeloid cells responding to chemotherapy. Additionally, chemotherapy altered the 
mechanism of antigen presentation and modulated the TME, which may lead to tumor drug resistance and 
recurrence. Chemotherapy also affected the receptor of polio virus receptor (PVR) signaling, which shifted 
from TIGIT in T cells to CD226 in myeloid cells. Thus, PVR (rather than TIGIT) should be the target for 
treatment.
Conclusions: We described the characteristics of widely expressed markers in different cell types in 
PDAC. Chemotherapy disrupted the TME balance, altered tumor antigen presentation, and changed PVR 
signaling. Combining the appropriate chemical and immune therapies could improve the immune therapy 
response in PDAC.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is a highly 
aggressive tumor that demonstrates to be highly fatal in 
humans. Resection therapies are currently the only effective 
interventional strategies for PDAC. When combined with 
chemotherapeutics like gemcitabine and capecitabine or 
Gem and FOLFIRINOX, resection-based interventional 
therapies can achieve a 5-year survival rate of up to 18%. 
Unfortunately, this approach is only suitable for patients 
diagnosed at an early stage, who constitute fewer than one-
fifth of all cases (1,2).

Immunotherapy has been shown to be remarkably 
effective in treating various types of tumors, and has 
revolutionized cancer treatments; however, thus far, it 
has failed to benefit PDAC patients (3-5). Chemotherapy 
may generate favorable tumor neoantigens to induce 
T-cell responses and potentiate antitumor activity, thereby 
enhancing the efficacy of immunotherapies (6,7). The 

combination of chemotherapy and immunotherapy 
represents a potentially promising clinical treatment strategy. 
However, research needs to be conducted to establish 
how cellular interactions change in the PDAC tumor 
microenvironment (TME) under chemotherapy conditions 
(8,9). The neoadjuvant chemotherapy research in pancreatic 
cancer revealed that the clonotype of T cell receptors (TCRs) 
was increasingly expanded in PDAC samples and the level of 
infiltrating CD8+ T cells was increased, which indicated that 
chemotherapy-induced metabolic reprogramming promotes 
anti-tumor immunity and chemo-response TCR sequencing 
analysis revealed enhanced reactivity of intratumoral immune 
components to eliminate tumor cells after chemotherapy (10).

This study used publicly available single-cell RNA 
sequencing (scRNA-seq) data (11) to investigate the standard 
chemotherapy effect on the PDAC TME. We analyzed a 
series of cell markers expressed in PDAC immune cells. 
We also established how chemotherapy reshapes signaling 
patterns in the PDAC TME. The implications for a rational 
treatment application are discussed. We present this article 
in accordance with the MDAR reporting checklist (available 
at https://tcr.amegroups.com/article/view/10.21037/tcr-
2025-103/rc).

Methods

Data resources

All the scRNA-seq data used in this analysis were downloaded 
from the Gene Expression Omnibus (https://www.ncbi.
nlm.nih.gov/geo/). The GSE20513 (11) dataset was used 
for the discovery cohort, while the GSE212966 (12) and  
GSE197177 (13) datasets were used for the validation cohort. 
To avoid sampling bias, the GSE20513, GSE212966, and 
GSE197177 datasets were filtered to use as training datasets, 
and only primary site samples were used for validation.

An immunohistochemistry staining image analysis and bulk 
gene expression analysis were conducted using data from the 
Human Protein Atlas database (https://www.proteinatlas.org/) 
and the Gene Expression Profiling Interactive Analysis (GEPIA) 
database (http://gepia.cancer-pku.cn/index.html), respectively. 
Additionally, the following human PDAC spatial transcriptome 
datasets were obtained: GSE233254 (GSM7421790, 
GSM7421791, and GSM7421792) (14), and GSE203612 
(GSM6177618) (15). The study was conducted in accordance 
with the Declaration of Helsinki (as revised in 2013).

Highlight box

Key findings
•	 The results of our single-cell RNA sequencing (scRNA-seq) data 

analysis showed that chemotherapy altered the mechanism of 
antigen presentation and modulated the tumor microenvironment 
(TME), which may lead to tumor drug resistance and recurrence. 
LYZ was significantly increased in the tumor cells in response to 
chemotherapy. Moreover, chemotherapy affected the receptor of 
polio virus receptor (PVR) signaling, which shifted from TIGIT in 
T cells to CD226 in myeloid cells.

What is known and what is new?
•	 Poor outcomes have fueled ongoing efforts to exploit the TME for 

therapeutic strategies, which have largely failed. Chemotherapy 
may generate favorable tumor neoantigens to induce T-cell 
responses and potentiate antitumor activity, thereby enhancing the 
efficacy of immuno-therapies.

•	 LYZ is usually used as a myeloid marker, and has been overlooked 
in the past due to the huge amount of data generated from 
scRNA-seq. We described the characteristics of cross-cell type 
marker expression in pancreatic ductal adenocarcinoma (PDAC). 
Chemotherapy altered the TME balance, changing the tumor 
antigen presentation and PVR signaling.

What is the implication, and what should change now?
•	 These pathways and key genes may be the treatment targets in the 

future. Combining the appropriate chemical and immune therapies 
could improve the immune therapy response in PDAC.

https://tcr.amegroups.com/article/view/10.21037/tcr-2025-103/rc
https://tcr.amegroups.com/article/view/10.21037/tcr-2025-103/rc
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.proteinatlas.org/
http://gepia.cancer-pku.cn/index.html
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Data processing

Seurat 4.3.0.1 (16) on the R 4.3.0 platform was used to 
process and annotate the scRNA datasets and the spatial 
transcriptome data. scRNA-seq data were processed and 
analyzed using the Seurat package (version 4.3.0.1) in R 
(version 4.3.0). The raw gene expression matrix was loaded, 
and a Seurat object was created with genes detected in at 
least three cells and cells expressing at least 200 genes were 
retained. Quality control was performed by calculating the 
percentage of mitochondrial genes and filtering out cells 
with high mitochondrial gene content (>15%) or extreme 
gene counts. Data normalization was performed using the 
LogNormalize method with a scale factor of 10,000. Highly 
variable genes were identified using the variance-stabilizing 
transformation (VST) method, and 2,000 top variable 
genes were selected for downstream analysis. The data were 
scaled to regress out the effects of sequencing depth and 
mitochondrial gene content. Principal component analysis 
(PCA) was performed, and the top 20 principal components 
were used for cell clustering via the shared nearest neighbor 
(SNN) modularity optimization-based algorithm at a 
resolution of 0.5. Nonlinear dimensionality reduction was 
performed using Uniform Manifold Approximation and 
Projection (UMAP). Cluster-specific marker genes were 
identified using the FindAllMarkers function (log-fold 
change threshold >0.25, minimum fraction of cells >25%). 
Cell type annotation was performed based on known 
marker genes or using automated annotation tools. 

In the present study, Harmony 0.1.1 (17), a preeminent 
data integration algorithm extensively utilized in single-
cell analysis, was implemented. Specifically engineered to 
address the critical issue of batch effects in multi-batch 
single-cell datasets, Harmony 0.1.1 harnesses advanced 
statistical and computational methodologies. Through 
these means, it facilitates the seamless integration of 
heterogeneous single-cell data sources. This integration is 
pivotal in guaranteeing the precision and dependability of 
subsequent downstream analyses, including cell clustering 
and differential gene expression analysis with 20 dimensions 
used for reduction. DubletFinder 2.0.3 (18) was utilized in 
this research. It is specifically designed to precisely detect 
doublets within single-cell datasets. By implementing 
advanced computational algorithms and statistical 
frameworks, DubletFinder 2.0.3 can effectively discern 
doublets from authentic single-cell entities. 

Well-known gene markers were used to conduct a 
comprehensive analysis: tumor cells: KRT119, EPCAM, 

CD24, and SOX9; endothelial cells: VWF and PECAM1; 
myeloid cells: CD14, CD68, CD163, C1QA, ITGAM, 
CKDKN1C, FCGR3A, and lysozyme (LYZ); cancer-
associated fibroblasts (CAFs): DCN, COL1A1, and ACTA2 
(CD74 and HLA-DRA were also used to characterize 
antigen presentation); natural killer cells: NKG7, GNLY, 
and CD34; T cells: CD3D, CD3E, CD4, CD8A, and 
CD8B; B cells: CD79A, MS4A1, and CD19; plasma cells: 
IGHM, IGHG1, and JCHAIN; mast cells: TPAB2, KIT, and 
TPAAB1; proliferation state: MKI67 and TOP2A.

Data assay

Transcriptomic profiling and functional enrichment 
analysis
The differentially expressed genes (DEGs) between the two 
cell groups were identified using the “FindMarkers” function 
(Seurat v5.1.0) with default parameters (log-fold change 
threshold =0.25, adjusted P<0.05). The top 100 genes ranked 
by statistical significance were subsequently subjected to 
pathway enrichment analysis using the Kyoto Encyclopedia 
of Genes and Genomes (KEGG) and Gene Ontology (GO) 
enrichment analyses with clusterProfiler 4.8.2 (19). Hallmark 
variation activity differences were quantified using Gene 
Set Variation Analysis (GSVA) 1.48.1 package (20), with 
normalized gene expression matrices an input.

Cell-cell communication mapping

The intercellular signaling networks were reconstructed 
using CellChat 1.6.1 (21) through systematic interrogation 
of ligand-receptor (LR) pair dynamics. The spatial 
transcriptome datasets underwent preprocessing via 
merging and Single Cell Transform normalization (Seurat 
v5.1.0), followed by reference-based cell type annotation 
using pre-trained classifiers. Cell type predictions were 
projected onto tissue sections via the FindTransferAnchors 
algorithm with default transfer learning parameters. No 
novel computational algorithms were developed during 
this study. All analytical workflows exclusively utilized 
established open-source tools as referenced.

Results

Typical markers expressed across different cell types in the 
PDAC TME

Our analysis utilized the scRNA-seq dataset GSE20513 (11) 
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Figure 1 Single-cell transcriptomic profiling of chemotherapy-treated and naïve PDAC tissues. (A) The integrated cellular map of the 
PDAC samples revealed 33 distinct clusters and identified seven primary cell types (four tumor cell states, three T cell states, and two states 
of B cells, myeloid cells, and CAFs). (B) Dot plot showing the markers used for the cluster annotation with dot size and color intensity 
indicating the ratio and relative gene expression within cells, respectively. (C) Heatmap highlighted the top five genes with the highest 
relative expression for each annotated cell type, which notably included LYZ as a prominent marker. The red arrow labeled a set of the genes 
with high relative expression in T cell CD8+. (D,E) Feature plot showed the cellular distribution and expression intensity for LYZ and CD4. 
(F,G) Validation datasets demonstrated similar expression patterns for LYZ and CD4. PDAC, pancreatic ductal adenocarcinoma; UMAP, 
Uniform Manifold Approximation and Projection; CAF, cancer-associated fibroblast. 
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from the Gene Expression Omnibus. After applying 
stringent quality control measures and doublet filtering 
(see Methods), 56,871 high-quality cells were retained for 
downstream analysis. We identified 34 distinct cell clusters, 
most of which were annotated using well-established 
markers (Figure 1A,1B). These clusters comprised tumor 
cells (Clusters 0, 2, 4, 7, 11, 17, 19, 21, 22, 26, 27, 28, 
and 30), endothelial cells (Clusters 10 and 20), T cells  
(Clusters 1, 3, 15, 24, 31, and 32), B cells and plasma cells 
(Clusters 13 and 18), myeloid cells (Clusters 5, 8, 12, 14, 
and 23), CAFs (Clusters 6, 9, 16, 29, and 33), and mast cells 
(Cluster 25).

The cell markers exhibited notable cross-cellular 
expression (Figure1B,1C). For instance, nearly all the tumor 
cell clusters demonstrated high proportions and expression 
intensity of the myeloid marker LYZ (Figure 1B,1D). Cluster 
17 co-expressed tumor and myeloid cell markers (APOE, 
APOC1, CHIT1, FTL, CCL18) and was designated “Tumor.
Myeloid.”. Similarly, Cluster 19 co-expressed tumor and 
CAF markers (KRT19, EPCAM, CD24, DCN, and COL1A1) 
and was labeled “Tumor.Fibro”, with its top markers being 
PGC, MUC6, PIGR, LYZ, and HBB.

The cross-cellular expression of markers was also evident 
in immune cells. For instance, only a minor subset of T 
cells (CD3D+ and CD3E+) expressed CD4 and/or CD8  
(Figure 1B,1E). Among these, Cluster 3 exhibited prominent 
CD8 expression and was annotated as CD8+ T cells (“T_
cell.CD8+”), consistent with prior findings (11). Notably, 
the myeloid cells displayed high CD4 and endothelial 
marker PECAM1 expression but minimal general T cell 
markers (Figure 1B,1E). The widespread CD4 expression 
across T cells and myeloid cells suggests a potential role for 
innate immune mechanisms in the PDAC TME.

LYZ expression was upregulated in tumor cells under 
chemotherapy, and is implicated in multiple metabolic 
processes

To confirm whether the cross-cellular expression of LYZ 
and CD4 could be attributable to the sample source, we 
analyzed two additional independent scRNA-seq datasets 
containing primary PDAC samples [GSE212966 (12) and  
GSE197177 (13)] using identical quality control and 
annotation protocols. The cross-cellular expression of 
CD4 and LYZ was consistent with our initial observations  
(Figure 1F,1G). Furthermore, LYZ expression was also 
detected across tumor cells and myeloid cell using an 
independent annotation approach (13). These findings 

suggest that LYZ might exert critical regulatory functions in 
the TME.

Data from the GEPIA and Human Protein Atlas 
databases confirmed that the LYZ gene was highly expressed 
in pancreatic cancer at both the bulk RNA and protein 
levels (Figure 2A,2B). Specifically, in the chemotherapy-
treated group, the expression of the LYZ gene was 
significantly upregulated in the tumor cells, particularly 
in the “Tumorcell.Fibro” cluster (Cluster 19), which we 
previously identified as a marker-containing cluster for LYZ. 
In contrast, chemotherapy did not significantly affect LYZ 
expression in myeloid cells or the “Tumorcell.Myeloid” 
cluster (Figure 2C).

LYZ, a secretory protein with antibacterial function 
generally expressed in monocytes/macrophages, has 
been implicated in the prognostic of various tumors and 
possesses antimicrobial function (22). Recent evidence from 
a gene knockout study demonstrated that LYZ enhances 
the proliferation and migration of hepatocellular carcinoma 
cells via epithelial differentiation and lipid metabolism (23). 
However, the role of LYZ remains poorly characterized in 
the PDAC TME.

Given the limited information on LYZ in the PDAC 
TME, we conducted KEGG and GO enrichment analyses 
on the Cluster 19 of the chemotherapy-treated group. 
These analyses revealed that these genes primarily mediated 
cellular phagocytosis and possessed secretion functions 
(Figure 2D,2E). The tumor cells in Cluster 19 exhibited 
a highly active metabolic state, particularly in reactions 
involving copper, iron, and zinc ions.

Given its function in tumor progression (23), the high 
expression of LYZ in the chemotherapy-treated TME 
may facilitate the evolution of tumor cells, enabling 
them to rapidly adapt to the chemotherapy environment 
and subsequently develop the drug resistance. Although 
LYZ expression is associated with the late-stage grading 
of pancreatic cancer; however, it does not significantly 
correlate with the overall survival rates in the pancreatic 
cancer patients (Figure 2F,2G).

Totally, LYZ exhibited differential expression patterns 
within the PDAC tumor microenvironment. Further research 
is required to elucidate whether and how LYZ mediates 
tumor cell differentiation under chemotherapy conditions.

Chemotherapy altered the signal transmission and antigen 
presentation in TME

To elucidate the cellular crosstalk dynamics, we utilized 
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data matched to TCGA normal and GTEx datasets (*, P value cut-off: 0.01). (B) The figure showed immunohistochemistry staining of 
pancreatic cancer and normal pancreatic tissues from the Human Protein Atlas database with antibody HPA048284; bar =100 μm (pancreatic 
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ENSG00000090382-LYZ/tissue/pancreas). (C) The violin plot shows LYZ expression in the chemotherapy-treated and naïve group across 
annotated scRNA cell types. The red box highlights the tumor cell myeloid difference between the naïve and treated groups. (D,E) The 
figures show the gene enrichment analysis of KEGG and GO_BP; dot size and color intensity indicate the counts of the enriched genes and 
the adjusted P values, respectively. (F,G) LYZ expression was analyzed in PAAD clinical stages and overall survival from the GEPIA database. 
PDAC, pancreatic ductal adenocarcinoma; GEPIA, Gene Expression Profiling Interactive Analysis; TPM, transcripts per million; TCGA, 
The Cancer Genome Atlas; GTEx, Genotype-Tissue Expression; KEGG, Kyoto Encyclopedia of Genes and Genomes; COVID-19, 
coronavirus disease 2019; GO, Gene Ontology; BP, biological process; PAAD, pancreatic adenocarcinoma; HR, hazard ratio. 
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Figure 3 Analysis of cellular communication and signal patterns in PDAC TME using CellChat. (A) The figures provide a summary of 
the number and strength of cellular interactions within the TME of PDAC, comparing the naïve (untreated) group to the treated group. 
(B) This heatmap visualization represents the number and strength of interactions using the naïve group as the benchmark. Y-axis shows 
sources (sender) and indicates the cell type to which the signal is sent. X-axis shows targets (receiver) and indicates the cell type that 
receives the signal. The color of the heatmap represents the probability of intercellular communication, the darker the color, the higher 
the probability of communication. (C) Two-dimensional space shows the incoming and outgoing signal strength of each cell type. The size 
of the dot represents the cell numbers. (D,E) These heatmaps highlight the top 20 signal interactions observed in the naïve (serving as the 
benchmark) and treated groups; the map also shows the immune checkpoint PVR-TIGIT signaling; “outgoing” represents the signal senders, 
and “incoming” represents the signal receivers. The yellow and red box highlights the MHC-I difference between the naïve and treated 
groups. The blue and pink box highlights the PVR difference between the naïve and treated groups. The Y-axis showed the molecular 
marker expressed in the cells. The X-axis showed the cells in tumor microenvironment. (F,G) The heatmaps show the ligands and receptors 
mediating the MHC-I and MHC-II signals in the two groups, respectively. CAF, cancer-associated fibroblast; PDAC, pancreatic ductal 
adenocarcinoma; TME, tumor microenvironment; MHC, major histocompatibility complex; PVR, polio virus receptor; TIGIT, tyrosine-
based inhibitory motif (ITIM) domain. 

CellChat (21) to identify the dominant signal transmitters. 
We observed that the number of interactions between the 
cells exhibited modest upregulation in the chemotherapy-
treated group, while the intensity decreased slightly. 
Specifically, the interactions involving tumor cells and 
myeloid cells were limited in the naïve group/chemotherapy-
untreated group, whereas the level of CAFs and other 
cells was slightly high (Figure 3A,3B), aligning with a 
previous report (11). Notably, the signaling output from the 
“Tumorcell.Fibro” cells decreased in the chemotherapy-

treated group, compared to the naïve group, while the 
proliferative T cells received more signals (Figure 3B). 
Collectively, these results indicate that the interactions 
between different cells in the tumor tend to increase in 
response to chemotherapy.

The incoming signal and outgoing modules revealed 
a distinct remodeling of intercellular communication in 
PDAC cells under chemotherapy. In the naïve group, 
interactions in the PDAC TME were mainly driven by 
tumor cells and myeloid cells (24), consistent with the 
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established patterns. Notably, the interaction strengthened 
in the total T cells, CD8+ T cells, myeloid cells, endothelial 
cells, especially with CAFs enhanced after the chemotherapy 
(Figure 3C). The shift highlights significant remodeling of 
the PDAC TME following chemotherapy.

To investigate the signal transmission patterns in the 
PDAC TME, we identified the top 20 signal patterns 
in the naïve group as the benchmark and analyzed their 
alterations under treatment (Figure 3D,3E). Among these, 
we focused on the major histocompatibility complex 
(MHC)-I and MHC-II signaling due to their critical roles 
in the immune responses. The MHC-I signaling was 
predominantly emitted by tumor cells and myeloid cells. 
However, chemotherapy redirected the MHC-I signal to 
the T cells, especially the CD8+T cells and endothelial cells, 
with a slightly increase in the CAFs of the chemotherapy-
treated group (Figure 3D,3E, yellow frame). The CD8+T 
cells remained the exclusive signal recipients regardless of 
treatment (Figure 3D,3E, red frame). Further, the HLA-A/
B/C/E-CD8A LR pairs were the primary mediators of the 
MHC-I signal. Notably, while the overall MHC-I signaling 
increased, the interaction strength of the HLA-A/B/C/
E-CD8B LR pair in the chemotherapy-treated group was 
significantly reduced (Figure 3F). In contrast, the MHC-
II signal was primarily mediated by myeloid cells, both in 
the chemotherapy-treated and untreated (naïve) groups, 
with minimal involvement of B cells observed only after 
chemotherapy (Figure 3D,3E,3G).

Previous research has demonstrated that SPP1 and 
CXCL also undergo significant rearrangements (11). For 
instance, the cellular receptors of the SPP1 signal were 
originally emitted by the myeloid cells after chemotherapy. 
However, the signal received by CAFs and non-proliferative 
T cells remained relatively weak. In contrast, the CXCL 
signal, which was undetected in the naïve group, ranked 
higher in the chemotherapy-treated group with CAFs as the 
emitter. The cerebrospinal fluid (CSF) signal, which was 
originally emitted by CAFs and mast cells, and was mainly 
received by myeloid cells, changed, such that the mast cells 
became the signal emitter. Further investigation into these 
dynamic changes is warranted to elucidate their underlying 
mechanisms and implications.

Chemotherapy remodeled immune checkpoint signaling

Prior studies have established the dominant ligand-receptor 
axis mediating tumor-T cell communication, with reported 
downregulation following chemotherapy (11). Our single-

cell analysis identified that the proliferating tumor cells 
(“Tumor.Prolif” cells) were the strongest senders of the 
polio virus receptor (PVR) signal in both the naïve and 
chemotherapy-treated groups. The PVR signal receiver in 
the naïve group included all states of T cells, but the PVR 
signal was downregulated or even lost in the chemotherapy-
treated group (Figure 3D,3E, blue frame). The PVR 
signaling axis underwent functional compartmentalization, 
shifting from T cell targeting in naïve tumors to preferential 
engagement with proliferating myeloid populations 
following chemotherapy (Figure 3D,3E, magenta frame). 
Meanwhile, the TIGIT signal, which originally came from 
the T cells and its receivers, was completely lost after 
chemotherapy treatment. Further, in the naïve group, the 
primary contributor of the PVR signal was PVR-TIGIT, but 
later switched to PVR-CD226 (Figure 4A). PVR, TIGIT, and 
CD226 were expressed in both the naïve and chemotherapy-
treated groups (Figure 4B).

Our investigation extended to another typical checkpoint 
molecule, CD274, revealing unexpected compartmentalization 
of its biological activity. Single-cell profiling demonstrated 
that mast cells maintained significant programmed death-
ligand 1 (PD-L1) signaling potency despite low baseline 
CD274 expression (Figure 4C). This observation was further 
validated across the GSE212966 and GSE197177 datasets 
(Figures 4D,4E). High CD274 expression in mast cells was 
found to inhibit the activity of effector CD8+ T cells in a 
skin cancer animal model (25), and was also found to be 
associated with an immunosuppressive microenvironment 
in stomach cancer (26). Cross-dataset analysis of three 
independent repositories revealed conserved patterns 
in PDAC. Tumor microenvironment exhibited PVR 
predominance over CD274 (PVR:CD274 ratio >2.8). The 
immune compartment showed preferential expression of 
inhibitory receptors (TIGIT, CTLA4) versus activation 
markers (CD226) (Figure 4C-4E).

To further investigate the expression of immune 
checkpoints in PDAC, we analyzed the spatial transcriptome 
data of PDAC samples from two independent available 
online GSE233254 (14), and GSE203612 (15) datasets. The 
analysis revealed that very few regions had adjacent spots of 
PVR-TIGIT and PVR-CD226 (Figure 4F). Similarly, high-
abundance spots for PD-L1 (CD274) and programmed 
cell death protein 1 (PD-1; PDCD1) were relatively rare 
and clearly distant from each other. Notably, the PD-1 
expression alteration due to the chemotherapy treatment 
was modest; however, according to the GEPIA database, 
CD274 was a more significant prognostic indicator of 
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Figure 4 Distribution and significance of immune checkpoints in PDAC. (A) The figure shows the contribution of the PVR LR pair in both 
the naïve and treated groups. (B) Feature plot shows the expression of the PVR signal mediators in the UMAP for the discovery cohort.  
(C-E) Dot plot represents the primary immune checkpoint mediators in the discovery (GSE205013) and validation cohorts (GSE212966 and 
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disease-free survival and overall survival in pancreatic 
cancer than PVR (Figure 4G,4H). Further research needs 
to be conducted to examine effects of CD274 on immune 
therapy in PDAC.

Notably, high CD226 expression was predominantly 
localized to T cell populations, particularly CD8+ T 
cells, rather than myeloid lineages (Figure 4C-4E), and 
the proportion of proliferating myeloid cells in the 
chemotherapy treatment group was limited. Prior study 
revealed that myeloid cells form physical barriers in the 
TME, isolating T cells from the tumor core and limiting 
their cytotoxic effects on tumor cells (27); however, the 
biological function of CD226 and its clinical relevance 
require further study.

Discussion

To date, no significant immunotherapeutic breakthroughs 
have been achieved in PDAC, primarily due to its highly 
complex immunosuppressive tumor microenvironment. In 
the present study, we observed the cross-cell type expression 
of markers typically associated with specific cell types. 
Among these, the cross-expression of LYZ emerged as a 
notable candidate between myeloid cells and tumor cells. 
LYZ is often used to label myeloid cells, and functional 
significance has previously been established in prior  
study (13). LYZ encodes lysozyme, which is best known 
for its anti-infection function. Previous studies have 
demonstrated that LYZ is highly expressed in Hepatocellular 
carcinoma, and can serve as a potential marker of tumor 
progression (23). LYZ has been identified as an adverse 
prognostic marker in breast cancer (28) and cervical  
cancer (29). Moreover, the protein-protein interaction 
network comprising CCL2, LYZ, MMP2, LOX, and GZMB 
appears to be closely associated to lung cancer brain 
metastasis (30). To the best of our knowledge, this study 
represents the investigation on the unique comprehensive 
expression pattern of LYZ in the PDAC TME. We found 
that LYZ was highly expressed in PDAC tumor cells under 
chemotherapy conditions, and accompanied by robust 

dysregulation of metal ion homeostasis and secretion 
functions (Figure 2). These findings suggest that LYZ 
may play a role in the adaptive response of PDAC cells to 
chemotherapy, potentially influencing cellular metabolism 
and signaling pathways. Further research is required to 
elucidate the underlying mechanisms and to determine the 
prognostic significance of LYZ upregulation in the context 
of PDAC treatment.

Antigen effective presentation is a fundamental process in 
the initiation of adaptive immune response, which is related 
to various cells, including macrophages, dendritic cells, 
and B cells that present antigens to T cells through MHC 
molecules. Both the density and spatial distribution of native 
myeloid cells in PDAC tissues exhibit high heterogeneity, 
and the location and density of immunosuppressive M2 
polarization have a significant effect on patient prognosis (27). 
The key role of myeloid cells is to phagocytose and present 
antigens to CD4+ or CD8+ T cells via MHC molecules. CD4 
often indicates a specific set of innate immune cells (30,31). 
The expression of CD4 in myeloid cells has been described 
previously, and appears to be related to viral infection 
(31,32). The expression of CD4 in blood monocytes 
initiates their differentiation into macrophages and makes 
them more susceptible to human immunodeficiency virus 
infection (33). A recent report found that CD4 expression in 
monocytes decreases their migratory capability and inhibits 
T cell activity (34). In our analysis, we observed substantial 
expression of CD4 in myeloid cells within PDAC tissues. 
However, the antigen presentation signaling pathways in 
these cells did not appear to be significantly affected. This 
suggests that while CD4 may be expressed in myeloid cells, 
its impact on antigen presentation in the context of PDAC 
may be limited or context-dependent. Further investigation 
is required to elucidate the functional significance of 
CD4 expression in myeloid cells within the PDAC tumor 
microenvironment.

MHC-I is primarily responsible for presenting endogenous 
antigens (35), and the upregulation of MHC-I in tumor cells 
may aid in the immunotherapy of PDAC (36). However, 
we found that the signal strength of MHC-I emitted 

GSE197177). (F) Spatial transcript data from the independent PDAC studies; GSE233254 (slice 1, slice 1.1, and slice 1.2) and GSE203612 
(slice 1.3) were used to depict the LR pairs involved in the PVR signaling; each spot represents the expression score of the indicated genes. 
(G,H) The figures show the prognostic significance of CD274 (PD-L1) and PVR based on the bulk RNA datasets of PAAD patients. PDAC, 
pancreatic ductal adenocarcinoma; LR, ligand-receptor; UMAP, Uniform Manifold Approximation and Projection; CAF, cancer-associated 
fibroblast; PD-L1, programmed death-ligand 1; TPM, transcripts per million; HR, hazard ratio; PAAD, pancreatic adenocarcinoma; PVR, 
polio virus receptor. 
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by tumor cells was relatively lower after chemotherapy. 
Conversely, in the chemotherapy-treated group, the MHC-I 
emission was upregulated in CAFs, myeloid cells, and T cells  
(Figure 3D,3E, ye l low frame) .  This  suggests  that 
chemotherapy may downregulate the immunogenicity of 
tumor cells and facilitate the self-antigen presentation of 
CAFs, myeloid cells, and T cells. This observation leads 
us to hypothesize that the tumor’s antigen presentation 
strategy in the TME may be suppressed.

The mechanistic basis remains to be fully elucidated 
on how endogenous antigens in the TME interfere with 
immune responses and whether the process of apoptosis 
after chemotherapy masks or suppresses the immunity. 
Based on our analysis, chemotherapy has limited effects 
on the MHC-II antigen presentation pathway. However, 
the selective expression of CD4  in myeloid cells appears 
to redirect the MHC-II antigen presentation pathway to 
function more as a self-secretory or paracrine signal in 
myeloid cells rather than T cells (Figure 3F,3G).

The immune checkpoint blockade is one of the main 
targets of immunotherapy, and its typical targets include 
PD-1/PD-L1 and CTLA4. Due to its demonstrated clinical 
efficacy in biomarker-selected cohorts, it has become the 
standard treatment for various tumors. However, this 
represents an insufficient foundation for mechanistic 
interpretation for the immunotherapy of PDAC. Researchers 
are striving to find more targets to meet clinical needs (37,38). 
PVR (also known as CD155) has been identified as a common 
ligand for CD226 and TIGIT (39). Besides PVR, CD112 
has been demonstrated to competitively bind to CD226 
and TIGIT, but our transcriptomic profiling failed to detect 
significant CD112 expression across the examined cellular 
populations. CD226 is an immunoglobulin superfamily 
member on the cell membrane surface, and is expressed in 
various immune cells, but its precise functional mechanisms 
remain incompletely characterized (40). With the discovery 
of additional factors related to CD226, such as PD-1, CD96, 
and PVGIG, there is increasing evidence that CD226 is 
another key player in immunotherapy, alongside established 
targets like PD-1/PD-L1 and CTLA4 (41).

In PDAC, comparative transcriptomic analysis across 
three independent cohorts revealed that PVR demonstrated 
consistently elevated expression levels relative to CD274 
(PD-L1) (Figure 4C-4E). Additionally, the dynamic changes 
in TIGIT signaling following chemotherapy suggest that 
these signals or the cells emitting them may be particularly 
sensitive to chemotherapy treatment. The stronger and 
more stable PVR expression suggests that PVR might be a 

more reasonable target for PDAC. Notably, biochemical 
characterization of PVR-mediated interactions revealed 
limited binding affinities with TIGIT/CD226 receptors.

The stromal complexity of PDAC is further amplified 
by CAFs,  of  which its  cel lular ontogeny remains  
controversial (42), and Single-cell transcriptomic studies 
have identified molecularly characterized subtypes, such as 
myogenic (CAFmye), inflammatory (CAFinfla), and the relatively 
rare antigen-presenting (CAFap), adipogenic (CAFadi), and 
endothelial-mesenchymal (CAFEndMT). There seems to 
be a possibility of mutual transformations among these  
phenotypes (43). However, systematic interrogation of clinical 
specimens failed to detect CAFap transcriptional signatures in 
the analyzed sample cohort (11).

Through comprehensive single-cell transcriptomic profiling, 
we identified a special sub-population, Cluster 29 (Figure 1B) 
that was not recognized by conventional cell markers but 
exhibited limited expression of the CAF marker COL1A1. 
Transcriptomic characterization revealed that the top five 
genes expressed in this cluster (CRYAB, CDH19, S100B, 
GPM68, and NRXN1) are all included in the key signature 
of antigen-presenting CAFs (44). HLA-DRA and CD74 
have been previously characterized as specific markers for 
CAFap (45). These two genes displayed ubiquitous expression 
patterns across multiple cell populations without apparent 
specificity in our dataset (Figure 1B). Based on these 
molecular features, we classified this cluster as a potential 
antigen-presenting phenotype of CAFs, which we designated 
as “CAF.ap.” Notably, a similar gene signature (S100B, 
CDH19, GPM6B, ITGB8, and CRYAB) was used to identify 
Schwann cells in the PDAC TME (12). Interestingly, 
this cluster also exhibited markers commonly associated 
with Schwann cells, such as MPZ and NCAM1 (46). This 
observation aligns with recent experimental evidence 
demonstrating CAF-to-Schwann cell transdifferentiation  
in vivo (47).

In conclusion, the high phenotypic plasticity of 
components in the TME adds complexity to their roles 
in PDAC progression and prognosis, highlighting the 
need for new technologies and theoretical frameworks for 
accurate classification. There are a number of limitations 
in this study. First, while we validated our main findings 
with independent datasets, the strong heterogeneity of 
PDAC suggests that some of our conclusions may require 
further validation through larger-scale studies. Second, the 
extent to which chemotherapy affects cells in the TME, as 
well as how these cellular states influence the accuracy of 
sequencing analyses, remains unclear. Nevertheless, our 

http://CAF.ap
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analysis sheds light on this challenging cancer treatment.

Conclusions

Through systematic analysis of scRNA-seq data, we 
investigated the chemotherapy-induced alterations in antigen 
presentation machinery and the significant remodeling of 
the tumor microenvironment. Further, the present results 
revealed that LYZ expression significantly increased in 
tumor cells and myeloid cells in response to chemotherapy. 
Moreover,  chemotherapy induced a  fundamental 
reorganization of PVR signaling, characterized by a cellular 
redistribution from TIGIT-dominant signaling in T cells 
to CD226-predominant signaling in myeloid cells. This 
treatment-mediated shift disrupted the immunosuppressive 
equilibrium of the TME while simultaneously enhancing 
tumor antigen presentation capacity and modifying PVR 
signaling networks. These findings suggest that strategic 
integration of chemotherapy with immune therapies could be 
a path to enhance treatment responsiveness in PDAC.
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