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ABSTRACT
Pancreatic cancer remains a highly lethal malignancy with limited therapeutic efficacy and untapped immunotherapeutic po-
tential, largely constrained by immune cell heterogeneity in the tumour microenvironment. Tumour-associated macrophages 
(TAMs), especially tissue-resident macrophages (TRMs), exert complex regulatory roles in tumour progression. Here, we inte-
grated single-cell RNA sequencing (scRNA-seq) and bulk RNA sequencing (bulk-seq) data from the GEO and TCGA databases 
to characterize macrophage heterogeneity and its functional impacts in pancreatic cancer. We delineated the tumour microen-
vironment landscape and identified a specific TRM subpopulation. Cell communication analysis revealed extensive interac-
tions between TRMs and other cell types, including CXCL/MIF and notably upregulated SPP1 signalling in tumour tissues. 
We further established a TAM scoring system and found that clusters 4, 5, 9 and 10 were significantly associated with patient 
survival. Among them, TRM cluster 4 showed the highest predictive efficacy for 5-year and 10-year mortality, and effectively 
stratified patients into high- and low-risk groups with distinct differences in survival, immune cell infiltration and immune 
checkpoint expression. Importantly, TRM_C4 scores exhibited significant changes after immunotherapy, with decreased scores 
in responders and increased scores in non-responders. Together, our findings demonstrate the critical involvement of pancreatic 
cancer tissue-resident macrophages in tumour progression and immunotherapy response, and suggest that targeting specific 
macrophage subpopulations may represent a novel strategy to enhance immunotherapy efficacy and improve clinical outcomes 
for pancreatic cancer patients.

1   |   Introduction

Pancreatic cancer (pancreatic ductal adenocarcinoma, PDAC) is 
one of the most malignant tumours, with a mortality rate almost 
equal to its incidence rate [1]. The 5-year survival rate is only 
approximately 10%, with some reports indicating that it is less 
than 5% [1]. Despite continuous breakthroughs and innovations 

in cancer treatment, satisfactory therapeutic outcomes have not 
been achieved in pancreatic cancer, unlike in other tumours, 
and the improvement in prognosis has not been significant [2]. 
The surgical resection rate of pancreatic cancer is very low, and 
the efficacy of traditional radiotherapy and chemotherapy is 
poor. Immunotherapy, which has recently become highly pop-
ular, has shown promising results in some tumours, including 
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melanoma, breast cancer, and lung cancer [3]. However, the 
efficacy of immunotherapy for pancreatic cancer remains un-
certain. Recent studies have shown that the tumour microen-
vironment plays a critical role in tumours, potentially affecting 
the efficacy of immunotherapy. Researchers believe that the 
tumour microenvironment can regulate the malignant biolog-
ical behaviour of tumours; thus, immunotherapy based on the 
tumour microenvironment is a feasible approach. Therefore, it 
is necessary to explore the immune microenvironment of pan-
creatic cancer and the factors that influence it [4].

Recently, the immune microenvironment has been shown to 
play a crucial role in the progression of pancreatic cancer, with 
a large extent of macrophage infiltration in tumours being as-
sociated with poor clinical outcomes [5]. Tumour-associated 
macrophages (TAMs) contribute to tumour progression by 
promoting angiogenesis, secreting growth factors, and facil-
itating tumour cell invasion and metastasis [6]. Moreover, 
TAMs exert immunosuppressive effects, preventing the elimi-
nation of tumour cells by natural killer (NK) cells and T lym-
phocytes [7]. Therefore, targeting the recruitment, survival, 
and functions of TAMs has become a major therapeutic goal. 
Although TAMs are considered primarily protumorigenic, 
several studies have highlighted their protective roles in spe-
cific stages of disease and in specific organs [8]. Moreover, dif-
ferent macrophage populations with opposing protumour and 
antitumour functions may coexist within the same tumour [9]. 
Consequently, understanding the extent of macrophage het-
erogeneity is essential for the rational design of macrophage-
targeted therapies.

Macrophage heterogeneity may stem from (1) different states 
of alternate activation [10], (2) imprinting by tissue or tumour-
derived cues that define macrophage niches [11], (3) different 
origins of TAMs [12], and (4) systemic modifications induced 
by tumours in circulating monocytes [13]. In human pancre-
atic cancer, macrophage infiltration has been assessed via 
markers such as CD14, CSF1R, and CD68. However, CD14 and 
CSF1R are also markers for undifferentiated monocytes, and 
the expression of CD68 in phagocytic cells has not been fully 
characterized. Other markers, such as CD163, TIE2, MRC1/
CD206, and Marco, have been used to evaluate the phenotypic 
heterogeneity of TAMs. Earlier single-cell RNA sequencing 
(scRNA-seq) studies have challenged the view that alternative 
activation is the primary cause of TAM heterogeneity. Thus, 
the phenotypic and functional diversity of TAMs infiltrating 
human pancreatic tumours remains to be elucidated. Tissue-
resident macrophages (TRMs) are a unique class of immune 
cells that reside in tissues for extended periods, unlike circu-
lating macrophages [14]. TRMs play important roles in tissue 
repair, inflammatory responses, and the formation of the tu-
mour microenvironment [15, 16]. The quantity and functional 
state of TRMs have critical impacts on tumour growth and 
dissemination [17].

This study aims to leverage scRNA-seq data to elucidate the 
heterogeneity and molecular mechanisms of macrophages 
within the pancreatic cancer microenvironment. An additional 
aim of this study is the exploration of the relationship between 
TRMs and tumour progression as well as the immunotherapy 
response.

2   |   Materials and Methods

2.1   |   Single-Cell Data Downloading and Processing

The GSE212966 dataset was downloaded and processed with 
the Seurat package. Cells with fewer than 200 detected genes 
or a mitochondrial gene content greater than 5% were excluded. 
After quality control, the Harmony method was used to remove 
batch effects. Clustering was performed with the parameters 
npca = 20 and resolution = 0.5 for dimensionality reduction 
and clustering. To better distinguish the macrophage subpop-
ulations, the parameters npca = 30 and resolution = 0.8 were 
used for further dimensionality reduction and clustering. The 
Hallmark gene sets were extracted and downloaded via the 
msigdbr R package, and their scores were calculated via the 
GSVA method with the R package GSVA. Data visualization 
was carried out with the R packages pheatmap and ggplot2. 
Characteristic genes for each TAM subpopulation were selected 
with the criterion of logFC > 0.5.

2.2   |   Cell Communication Analysis

Cell communication analysis was conducted using the CellChat 
package. The CellChatDB.human-Secreted Signalling database 
was used for cell interaction analysis, with the gene expression 
threshold adjusted with the parameter trim = 0.1. Data visualiza-
tion was performed with functions such as netVisual_circle, net-
Visual_heatmap, netVisual_aggregate, and netVisual_bubble.

2.3   |   TCGA Data Downloading

The TCGA-PAAD-related RNA expression matrix data and clin-
ical data were downloaded with the R package GDCRNATools 
and standardized. The AnnotationDbi and org.Hs.eg.db data-
bases were used to convert Ensembl IDs to gene symbols in the 
TCGA dataset, and duplicate gene names were removed.

2.4   |   Calculation of TAM Scores for TCGA Samples

TAM scores for TCGA samples were calculated via the GSVA 
method with the R package GSVA. The GSVA method mea-
sures the expression levels of genes in a gene set relative to the 
expression levels of all genes via specific statistics such as the 
Kolmogorov–Smirnov statistic. It ranks the expression values of 
the genes in each sample and calculates an enrichment score on 
the basis of the ranking, converting single-gene expression lev-
els into activity scores for the entire gene set to identify potential 
differences between sample groups.

2.5   |   Survival Analysis and Construction 
of the Cox Proportional Hazards Regression Model

Survival analysis and stratification of the TCGA-PAAD cohort 
were performed with the survival and survminer packages, with 
the median TAM score as the cut-off value (TAM scores greater 
than the median were considered to indicate high risk, and 
TAM scores lower than the median were considered to indicate 
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low risk). The Cox proportional hazards regression model was 
constructed with the coxph function. The univariate Cox model 
included only a single variable, whereas the multivariate model 
was adjusted for variables such as sex, age, stage, and race in ad-
dition to the TAM score risk. Predicted 5- and 10-year survival 
rates were analysed and visualized with the pROC package.

2.6   |   Analysis of Immune Cell Infiltration, 
Immune Function, and Immunotherapy Response

The infiltration of various immune cells was analysed in the TCGA-
PAAD cohort with the R package CIBERSORT, with differences 
between the high- and low-risk groups analysed by the Wilcoxon 
test. Microsatellite instability (MSI) scoring was conducted with 
the BiocOncoTK package. The tumour mutational burden (TMB) 
and immune phenotype score (IPS) were analysed with the R 
package TCGAmutations and the IPS_calculation function. Given 
the lack of publicly available single-cell RNA-seq datasets of pan-
creatic cancer with paired pre- and post-immunotherapy clinical 
responses, we utilized the GSE123813 dataset (basal cell carci-
noma, BCC) as a well-characterized clinical validation cohort for 
immunotherapy response analysis. This dataset contains paired 
single-cell transcriptomic and T cell receptor sequencing data from 
patients receiving anti-PD-1 therapy with documented clinical re-
sponse status, enabling reliable evaluation of macrophage subset 
scores associated with immunotherapy outcomes(Detailed infor-
mation on the immunotherapy regimen is provided in Table S1). 
The GSE123813 dataset was downloaded and standardized, and 
the AddModuleScore function was used to analyse TAM scores on 
the basis of scRNA-seq data.

2.7   |   Statistical Analysis

Statistical analyses were performed via R software (version 
4.2.1), with p-values less than 0.05 (p < 0.05) considered to in-
dicate statistical significance. The following graphing software 
packages were used in this study: SPSS 22.0, GraphPad Prism 
6.02, Adobe Photoshop CS5, and Adobe Illustrator CS6.

2.8   |   Ethics Statement and Informed Consent

This study was conducted in accordance with the Declaration of 
Helsinki. All data used in this study were obtained from public 
databases (GEO and TCGA), and no direct human participants 
were involved. No written consent has been obtained from the 
patients as there is no patient-identifiable data included.

3   |   Results

3.1   |   Characterization of the Tumour 
Microenvironment Landscape and TRM 
Identification on the Basis of scRNA-Seq Data

The GSE212966 dataset was downloaded and thoroughly ver-
ified. The integrated data comprised 3 adjacent (ADJ) samples 
and 6 PDAC samples (another 3 samples had incomplete data 
and were thus excluded) and included a total of 19,945 cells. After 

removing batch effects via Harmony, unsupervised clustering 
was performed, resulting in the identification of 23 clusters 
(Figure 1A). The cells were annotated on the basis of common 
markers and identified as fibroblasts, T cells, NK cells, B cells, 
macrophages, plasma cells, or other types of cells (Figure 1B,C).
Figure 1D displays violin plots of signature gene expression lev-
els for each major cell cluster, which supports the reliability of 
cell clustering and annotation results.

Macrophages were identified by the expression of CD68. To further 
distinguish subpopulations of CD68+ macrophages, clustering 
analysis was performed, resulting in the identification of 12 clus-
ters of macrophages (Figure 2A). A heatmap visualizing the five 
most significantly differentially expressed genes (Top5 genes) was 
generated (Figure 2C), and key genes were identified for further 
subpopulation classification. On the basis of previous literature 
(PMID: 35690521), 56 genes were used to classify TAMs accord-
ing to gene sets, namely, IFN-TAMs, Inflam-TAMs, LA_TAMs, 
Angio_TAMs, Reg_TAMs, Prolif_TAMs, and RTM_TAMs, but no 
significant differences were found [18]. We referenced the study 
by Baer et al. (Nat Immunol. 2023;24(9):1443–1457. doi: 10.1038/
s41590-023-01579-x), in which pancreatic TRMs and macro-
phages were distinguished in Flt3-YFP knock-in mice, with YFP+ 
macrophages recognized as TRMs. Thus, FLT3 (expressed by 
bone marrow-derived monocytes differentiated to macrophages 
but not by embryonic TRMs) was used to differentiate TRMs 
from other macrophages [19]. Clustering on the basis of FLT3 ex-
pression (Figure 2B) resulted in the identification of clusters 6, 8, 
10, and 11 as high-FLT3-expressing subpopulations (Figure 2D), 
which were classified as non-TRM subpopulations, whereas the 
remaining FLT3- cells were classified as TRM subpopulations. 
The expression levels of other TRM markers were also signifi-
cantly increased (Figure 2E). Frequency analysis revealed signifi-
cant differences in TAM subpopulations between PDAC and ADJ 
samples (Figure 2F). To further understand the functional differ-
ences among TAMs, we used GSVA with the Hallmark gene sets 
to score the cells (Figure 2G). TAM_C4/9/2/5 were identified as 
significantly enriched functional cell groups, with pathways such 
as TGF-β signalling, IL-6 JAK-STAT3 signalling, and inflamma-
tion response activated in these groups. Interestingly, PI3K-AKT–
mTOR activation was particularly notable in the TAM_C4 cell 
group compared with the other cell groups.

3.2   |   Crosstalk Between TRMs and Other 
Immune Cells

We categorized CD68+ cells as TRMs and non-TRMs (macro-
phages, Macs) on the basis of FLT3 expression and mapped all 
cells according to these classifications for cell communication 
analysis. We identified multiple forms of interactions, including 
the CXCL/MIF interaction, between TRMs and various other cell 
groups (Figure 3A–C). To further explore potential differences, we 
conducted differential analysis of TRM-derived signals between 
PDAC and ADJ samples. Significant differences were found in the 
expression of TGFB1, CCL3, MIF, SPP1, GRN, and LGALS9, with 
SPP1 showing the most significant difference and being markedly 
upregulated in PDAC samples (Figure 3D). Cell communication 
analysis also revealed extensive interactions between TRMs and 
other cells via the SPP1 signalling pathway, identifying TRMs as 
the primary producers of SPP1 (Figure 3E,F).

https://doi.org/10.1038/s41590-023-01579-x
https://doi.org/10.1038/s41590-023-01579-x
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3.3   |   Association Between TRMs and Clinical 
Outcomes in Cancer Patients

We next further explored the relationships between TRM sub-
types and disease outcomes. Frequency analysis revealed that 
TAM clusters 9, 4, and 3 were significantly enriched in PDAC 
(Figure 4A). Using the FindAllMarkers function (logFC > 0.5; 

p < 0.05), we extracted characteristic genes of all TAMs for sub-
sequent analysis.

We obtained data from 177 pancreatic cancer patients repre-
sented in the TCGA database. Using the characteristic genes of 
the 11 clusters, we calculated a TAM_Score value for each sam-
ple with the ssgsea algorithm. The samples were divided into 

FIGURE 1    |    Tumour microenvironment landscape. (A) The 23 clusters identified through unsupervised clustering after removal of batch ef-
fects via Harmony. (B, C) Annotation of the cell types, including fibroblasts, T cells, NK cells, B cells, macrophages, and plasma cells, on the ba-
sis of common markers. (D) Violin plots showing the distribution and expression levels of signature genes for major cell clusters in the tumour 
microenvironment.
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high-risk and low-risk groups on the basis of the median TAM 
score. Survival analysis based on the 11 clusters revealed that 
TAM clusters 4, 5, 9, and 10—all of which except cluster 10 were 
TRM clusters—were significantly associated with survival risk 
(Figure  4B). The mortality risk was positively correlated with 
the TAM score. Using the Cox proportional hazards model, both 
univariate and multivariate regression analyses were performed 

for TAM clusters 4, 5, and 9 (TRM-related subpopulations), re-
vealing significant associations of these clusters with disease 
survival (Figure 4C).

Then, using these scores, we conducted a predictive analysis of 
5-year and 10-year mortality in patients. Among the clusters, 
TRM cluster 4 demonstrated the highest predictive efficacy. The 

FIGURE 2    |    TRM identification and functional analysis of subtypes with the Hallmark gene sets. (A) Clustering analysis of CD68+ macrophages, 
resulting in the identification of 12 distinct clusters. (B) Clustering on the basis of FLT3 expression to identify subpopulations of macrophages. (C) 
Heatmap of the top 5 most significantly differentially expressed genes (Top5 genes) in the identified macrophage clusters. (D) Identification of high-
FLT3-expressing clusters (clusters 6, 8, 10, and 11) as non-TRM subpopulations. (E) Expression levels of TRM markers in the identified TRM and 
non-TRM subpopulations. (F) Frequency analysis showing significant differences in TAM subpopulations between PDAC and ADJ samples. (G) 
Functional scoring of TAMs via GSVA on the basis of the Hallmark gene sets, highlighting significant functional enhancement in TAM_C4/9/2/5, 
with activation of pathways such as TGF-β signalling, IL-6 JAK-STAT3 signalling, and inflammation response. Notably, PI3K-AKT–mTOR activa-
tion was particularly prominent in the TAM_C4 cell group.
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area under the curve (AUC) for 5-year mortality prediction was 
61.1% (Figure 5). The AUC for 10-year mortality prediction was 
60.5% (Figure 6).

3.4   |   Correlations of the TRM Score With Immune 
Cells, Immune Function, and the Immunotherapy 
Response

We analysed the clinical characteristics associated with high and 
low TRM_C4 risk scores, revealing distinct clinical distribution 

patterns. High-risk scores were more prevalent among patients 
aged 65 years or younger, female patients, individuals with type 
I/II classification, and white patients. Differential gene expres-
sion analysis between high-risk and low-risk PAAD patients 
also revealed significant differences between these patient 
groups (Figure  7A,B). Immune cell infiltration analysis, the 
TMB/MSI/IPS scores, and immune checkpoint analysis indi-
cated that high-risk patients had lower abundances of naive B 
cells and both resting and activated dendritic cells but a greater 
abundance of M0 macrophages (Figure 7C). High-risk patients 
had higher TMBs, while no correlations were found with other 

FIGURE 3    |    Interaction analysis between TRMs and other cells in the tumour microenvironment. (A–C) Identification of various interaction 
pathways, including the CXCL/MIF interaction, between TRMs and other cell groups. (D) Differential expression analysis of TRM-derived signals 
between PDAC and ADJ samples, highlighting significant differences in TGFB1, CCL3, MIF, SPP1, GRN, and LGALS9 expression, with SPP1 exhib-
iting the most significant upregulation in PDAC samples. (E) TRMs were identified as the main producers of SPP1 in the tumour microenvironment. 
(F) Identification of extensive interactions between TRMs and other cells via the SPP1 signalling pathway.
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scores (Figure  7E). Additionally, high-risk patients had ab-
normally high expression of various immune checkpoints, in-
cluding PD-1 (CD274) (Figure  7D). These results suggest that 
Cluster 4-based scoring can be used to classify patients effec-
tively into high-risk and low-risk groups, with significant differ-
ences in survival rates, immune cell infiltration, and immune 
checkpoint expression between the groups. Furthermore, we 
found that the TAM_C4 score differed significantly between 
treatment responders and nonresponders; nonresponders had 
increased posttreatment scores, whereas responders had de-
creased posttreatment scores (Figure  7F). Using a validated 
anti-PD-1 clinical cohort (GSE123813), these findings indicate 
that TRMs, particularly those in the cluster 4 subpopulation, 
play crucial roles in the pathogenesis of cancer and may have 
significant implications for patient outcomes and the response 
to immunotherapy.

4   |   Discussion

Macrophages were initially thought to be sensors of pathogen 
infections and tissue damage, and recent studies have expanded 
our understanding by identifying a type of macrophage origi-
nating from the embryo and conserved in vertebrates [20, 21]. 
These macrophages, known as resident macrophages, persist in 
the human body and maintain stable, close contacts with spe-
cific tissue cells. Resident macrophages exist in nearly all tissues 
and are endowed with some tissue-specific physiological func-
tions. Resident macrophages sense changes in environmental 
signals [22] and mediate the growth, remodelling, and balance 
of tissue cells. In both mice and humans, genetic abnormalities 
that impair macrophage function lead to severe developmental 
disorders, including delayed neurodevelopment; skeletal defor-
mities; impaired tissue repair and remodelling; and dysfunction 

FIGURE 4    |    Survival analysis based on the TAM score. (A) Frequency analysis showing significant enrichment of TAM clusters 9, 4, and 3 in 
PDAC samples. (B) Survival analysis based on the TAM_Score value calculated for each sample using ssgsea, highlighting significant associations 
between the high-risk and low-risk groups stratified on the basis of TAM clusters 4, 5, 9, and 10, most of which were TRM-related clusters. (C) 
Univariate and multivariate Cox proportional hazards regression analyses based on TAM clusters 4, 5, and 9 (TRM-related subpopulations), showing 
significant associations with disease survival.
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of the liver, spleen, reproductive system, lungs, and cardiovas-
cular system [23]. Recently, substantial advancements in fate-
mapping models, transcriptomics, and epigenetics have allowed 
researchers to more easily describe the precise localization and 
developmental origins of macrophages. These tools have also 
facilitated our understanding of the regulatory roles of macro-
phages in development, degenerative diseases, tumours, and 
inflammatory diseases. Although TAMs play complex roles in 
tumour tissues, different subgroups of cells exposed to different 
tissue environments have different functions, and scRNA-seq 
data have made it possible to comprehensively map and study 
the various cells in tumours and their phenotypic functions.

In the present study, we characterized the landscape of the 
tumour microenvironment of pancreatic cancer via anal-
ysis of scRNA-seq data. Macrophages were further subdi-
vided into 12 clusters based on CD68 expression. We used 
FLT3-CD68+ cells to distinguish TRM cells. We identified 
the TAM_C4/9/2/5 clusters as significantly functionally en-
hanced cell groups, with activity of the TGF-β signalling path-
way, IL-6 JAK-STAT3 signalling pathway, and inflammation 
response pathway in these clusters. Further analysis revealed 
extensive crosstalk between TRMs and various cell types. 
Notably, among the genes involved in TRM crosstalk, SPP1 

presented the most significant differential expression between 
PDAC and ADJ tissues. This finding is consistent with previ-
ous research indicating that mTORC2-deficient macrophages 
undergo proinflammatory reprogramming and promote in-
flammation and tumour growth via the cytokine SPP1/osteo-
pontin [24]. Consistent with our observation of elevated SPP1 
expression in PDAC(Figure  3D), accumulating evidence has 
established SPP1, also known as osteopontin, as a multifunc-
tional regulator of pancreatic cancer progression that shapes 
a protumorigenic and immunosuppressive microenviron-
ment [25]. SPP1 is highly expressed in tumour cells, cancer-
associated fibroblasts, and tumour-associated macrophages, 
and its upregulation correlates with advanced tumour stage, 
distant metastasis, and poor overall survival in PDAC patients 
[26]. Notably, SPP1 is increasingly recognized as a hallmark 
signature of a functionally distinct subset of macrophages in 
pancreatic cancer. Within the PDAC microenvironment, mac-
rophages acquire an SPP1+ phenotype under the influence of 
hypoxia and tumour-derived cytokines, thereby shifting to-
ward an immunosuppressive and profibrotic state [27, 28]. Our 
identification of SPP1 upregulation in PDAC therefore carries 
important biological implications beyond descriptive profil-
ing: it highlights SPP1 as a key molecular node connecting 
TRM dysfunction, immune suppression, and adverse clinical 

FIGURE 5    |    Receiver operating characteristic (ROC) curves for the prediction of 5-year mortality based on the TAM subtype score. This figure 
shows the ROC curves for the prediction of 5-year mortality rates based on the scores of various TAM clusters. Compared with the other clusters, 
TRM cluster 4 demonstrated the highest predictive efficacy, with an AUC of 61.1%.
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outcomes. Taken together with previous literature, our results 
support that SPP1 is not only a prognostic indicator but also 
a potential therapeutic target to reverse immunosuppression 
and impede PDAC progression.

In the TAM score-based survival analysis, the TAM scores 
of clusters 4, 5, 9, and 10—all of which except cluster 10 were 
TRM clusters—were significantly associated with survival risk. 
Predictive analysis of mortality based on the TAM score revealed 
an AUC of 61.1% for 5-year mortality and 60.5% for 10-year mor-
tality. High risk scores for the key cell subpopulation TRM_C4 
were more prevalent among patients aged 65 years or younger, 
female patients, individuals with type I/II classification, and 
white patients. High-risk patients had lower abundances of 
naive B cells and both resting and activated dendritic cells but a 
greater abundance of M0 macrophages. High-risk patients also 
exhibited a higher TMB and abnormally high expression of mul-
tiple immune checkpoints, including PD-1 (CD274). There were 
significant differences in TAM_C4 scores between responders 
and nonresponders before and after treatment. Nonresponders 
had increased posttreatment scores, whereas responders had de-
creased posttreatment scores. These findings suggest that TRMs 
play a crucial role in the pathogenesis of pancreatic cancer, 

with the cluster 4 subpopulation potentially playing an import-
ant role.

Recent studies have provided insights into the potential role 
of the PI3K-AKT–mTOR pathway in regulating tissue-resident 
macrophage (TRM) function. For instance, alveolar macro-
phages, a type of TRM, exhibit increased glucose responsive-
ness outside the lung environment, leading to upregulation of 
glycolysis and activation of the PI3K-Akt, mTOR, and C/EBPb 
pathways [29]. Additionally, research on peritoneal TRMs 
has shown that Gata6 deficiency leads to enhanced oxidative 
phosphorylation and alternative activation, which may be 
linked to metabolic reprogramming involving these pathways 
[30]. Furthermore, FOLR2+ TRMs in breast cancer, which 
are associated with CD8+ T cell infiltration and potentially 
anti-tumour activity, might also utilize this pathway for their 
functional regulation, although direct evidence is still lacking 
[31]. These findings collectively suggest that the PI3K-AKT–
mTOR pathway is a critical regulator of TRM phenotype and 
function across different tissues. Elaborating on how this path-
way specifically governs the unique properties of TRM_C4 
would significantly enhance the mechanistic clarity of its pro-
nounced clinical associations.

FIGURE 6    |    ROC curves for the prediction of 10-year mortality based on the TAM subtype score. This figure shows the ROC curves for the pre-
diction of 10-year mortality rates based on the scores of various TAM clusters. Compared with the other clusters, TRM cluster 4 had the highest 
predictive efficacy, with an AUC of 60.5%.
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There is increasing recognition of the importance of TAMs in 
tumour therapy. Studies have shown that CSF-1 receptor in-
hibitors can effectively inhibit the proliferation of endometrial 
cancer (EC) cells and macrophage infiltration. CSF-1 and its re-
ceptor are highly expressed in EC tissues and the ECC-1 and 
HEC-1A cell lines. Wound healing and chemotactic migration 
assays demonstrated that EC cell supernatant promoted the mi-
gration of the U937 macrophage line, but this migration ability 
was reduced after CSF-1R blockade. Further studies indicated 
that inhibiting CSF-1 expression in EC cells also limited U937 
cell migration. Additionally, treating U937 cells with PLX3397 
inhibited the proliferation of EC cells by reducing the expression 
of various proliferation-related proteins, such as Janus kinase-1, 
phosphoinositide 3-kinase, AKT, cyclin-dependent kinases 2 
and 4, and retinoblastoma-related protein. These results indi-
cate that CSF-1 not only promotes macrophage migration but 
also increases EC cell proliferation through CSF-1-stimulated 

macrophages, highlighting the critical role of CSF-1 and its re-
ceptor in driving macrophage infiltration and EC progression 
[32]. Another study explored how interactions between TAMs 
and cancer cells affect epithelial–mesenchymal transition 
(EMT) and circulating tumour cells (CTCs) in colorectal cancer 
(CRC) and examined the role of this process in CRC metastasis. 
The results revealed that CD163+ TAMs at the invasive front 
are closely associated with EMT, mesenchymal CTC propor-
tions, and poor outcomes in CRC patients. In vitro experiments 
demonstrated that TAMs secrete IL-6, activating the JAK2/
STAT3 signalling pathway and inducing EMT in CRC cells, 
thereby increasing their migration and invasion capabilities. 
Furthermore, IL-6 signalling indirectly increased the expres-
sion of the transcription factor FoxQ1 by inhibiting miR-506-3p, 
promoting CCL2 production and increasing macrophage re-
cruitment. These findings reveal the existence of a positive feed-
back loop between TAMs and CRC cells, where TAMs promote 

FIGURE 7    |    Clinical and pathological characteristics and prospective treatment outcomes of patients in the high-risk and low-risk groups based 
on TAM_C4 as a TRM subpopulation. (A,B) Differential gene expression analysis between high-risk and low-risk PAAD patients, showing signifi-
cant differences in gene expression profiles. (C) Immune cell analysis highlighting the lower abundances of naive B cells and both resting and activat-
ed dendritic cells but greater abundance of M0 macrophages in high-risk patients. (D) Abnormally high expression of various immune checkpoints, 
including PD-1 (CD274), in high-risk patients. (E) Higher TMB in high-risk patients, with no correlations found with other scores. (F) Differences 
in the TAM_C4 score between treatment responders (n = 9) and nonresponders (n = 2), with nonresponders showing increased posttreatment scores 
and responders showing decreased posttreatment scores.
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CRC metastasis by regulating EMT. These findings provide new 
insights into the role of TAMs in the CRC microenvironment 
and offer a theoretical basis for developing therapies targeting 
CRC metastasis [33].

Liu X and his team employed scRNA-seq and bulk sequencing 
(bulk-seq) techniques to perform an in-depth analysis of CRC 
patients, focusing on intercellular communication, immune in-
filtration, and macrophage subpopulation characteristics. They 
identified seven distinct macrophage subpopulations and revealed 
that IDO1 macrophages exhibit infiltration patterns that varied 
with CRC characteristics. By analysing 12 key marker genes of 
IDO1 macrophages, patients were classified into the high-IDO1 
macrophage (H-IDO1M) and low-IDO1 macrophage (L-IDO1M) 
groups. The H-IDO1M group displayed greater immune cell infil-
tration, greater immune checkpoint expression, and lower patho-
logical stage. These findings suggest that the IDO1 macrophage 
subtype can predict the patient response to immunotherapy and 
has important clinical implications for the development of effec-
tive immunotherapy strategies. That study highlights the potential 
of using IDO1 macrophages as biomarkers to predict the immu-
notherapy response and underscores the importance of macro-
phage classification in cancer therapy design [34]. However, other 
studies suggest that dense macrophage infiltration at the tumour 
front has a positive effect on CRC prognosis and that the extent 
of cell–cell contact may influence the balance between the protu-
mour and antitumour properties of macrophages. In vitro experi-
ments revealed that when the ratio of macrophages to CRC cells is 
high, macrophages can inhibit cancer cell growth, a process that 
is partially dependent on direct cell-to-cell contact. In the absence 
of such contact, macrophages promote cancer cell proliferation, 
although this study did not distinguish between macrophage sub-
populations [35]. In breast cancer, immune cells, particularly mac-
rophages, are most densely infiltrated at the invasive front of the 
tumour, with the greatest TGF-β signalling activity in these cells. 
These findings indicate that the progression and aggressiveness of 
human breast cancer are closely related to collagen linearization 
and stromal stiffening, which involve tissue inflammation and the 
TGF-β signalling pathway [36].

Research on TRMs in tumours is still limited. In one breast can-
cer study, TRM clustering was utilized to generate a 25-gene ex-
pression signature (RTM.Sig) for predicting the immunotherapy 
response. Validation with bulk-seq datasets from breast cancer 
samples revealed that RTM.Sig accurately predicted immuno-
therapy outcomes, with greater predictive accuracy than previ-
ously reported ICT response signatures. These findings not only 
enhance our understanding of the role of TRMs in breast cancer 
but also potentially improve clinical diagnostic and treatment 
strategies, providing more effective tools for immunotherapy 
decision making for breast cancer patients [37]. Regarding the 
spatial localization of macrophages, extensive immunolabelling 
of human tissues and online analysis of cancer transcriptomic 
datasets revealed high expression of TIM4 in specific macro-
phage populations located in T-cell regions of tumour-associated 
tertiary lymphoid structures (TLSs). TIM4 expression was posi-
tively correlated with B-cell marker expression, effector CD8+ T 
cells, and the expression of 12 chemokine markers for TLSs. TLS 
macrophages expressing TIM4 and FOLR2 (TLSTIM4 + Mφ) 
were enriched in cancers with MSI and abundant CD8+ T-cell 
infiltration, indicating their association with immune-active 

tumours. These macrophages differed in their expression of 
immune inhibitory molecules; CATIM4 + Mφ expressed higher 
levels of TREM2, IL10, and TGFβ than TLSTIM4 + Mφ did. 
scRNA-seq analysis of tumour-associated myeloid cells revealed 
two TIM4 + FOLR2+ clusters consistent with CATIM4 + Mφ 
and TLSTIM4 + Mφ, each defined by specific gene signatures. 
The signature of CATIM4 + Mφ was correlated with poorer pa-
tient survival, whereas the gene signature of TLSTIM4 + Mφ 
was associated with better prognosis. These data suggest that 
TIM4 is a marker for two distinct macrophage populations with 
different phenotypes and tissue localization characteristics that 
potentially play opposite roles in tumour immunity [38]. Another 
study examined the antitumour role of macrophages in tumour 
tissues. This study investigated how influenza virus (IAV) infec-
tion results in the training of alveolar macrophages (AMs) resid-
ing in the respiratory mucosa, endowing them with long-term 
antitumour immune functions. A study in a mouse model re-
vealed that IAV-trained AMs could provide long-term, tumour-
specific immune protection. These trained AMs infiltrated lung 
tumour lesions, exhibited augmented phagocytic and tumor-
icidal functions, and were resistant to tumour-induced immu-
nosuppression. This trained antitumour immunity depended 
on interferon-gamma (IFNγ) and NK cells. Notably, a favour-
able immune microenvironment, associated with human AMs 
possessing antitumour immune characteristics, was observed 
in non-small cell lung cancer (NSCLC) tissue. These findings 
reveal the role of trained resident macrophages in pulmonary 
mucosal antitumour immune surveillance and suggest that in-
ducing trained immunity in resident macrophages could be a 
durable antitumour strategy.

Another study revealed that TRMs with high CD163 expression 
(CD163^hi macrophages) play a crucial role in resistance to T-
cell-based immunotherapy, showing resistance to both primary 
and secondary treatments. These CD163^hi M2 macrophages, 
located at the invasive margin of the tumour, exhibited strong 
resistance to Csf1r-targeted therapy and affected T-cell infiltra-
tion in the tumour. This study proposed new therapeutic strat-
egies targeting these macrophage subpopulations to overcome 
immunotherapy resistance [39]. Additionally, a study published 
in July 2020 explored the role of M1^hot TAMs in human lung 
cancer. These cells promoted the infiltration and survival of 
tissue-resident memory T (T_RM) cells. Detailed transcriptomic 
analysis of early-stage lung cancer patients revealed that M1^hot 
TAMs augment T-cell responses and improve patient survival 
outcomes by expressing specific chemokines such as CXCL9. 
This research underscores the therapeutic potential of modulat-
ing TAM phenotypes to increase immune responses [40].

Among previous studies on TAMs in pancreatic cancer, one study 
examined the mechanisms of resistance to chemotherapy in 
proliferating TRMs (proliferating rM4s) in PDAC. In that study, 
scRNA-seq, multicolour immunohistochemistry, flow cytome-
try, and metabolomic analyses revealed that these macrophages 
reduce gemcitabine uptake by increasing deoxycytidine (dC) 
production and decreasing dC kinase (dCK) expression, thereby 
promoting chemoresistance, fibrosis, and immunosuppression. 
Experiments showed that the elimination of these macrophages 
alleviated fibrosis and immunosuppression and restored che-
mosensitivity, providing new therapeutic strategies for PDAC 
[11]. Another review discussed the role of macrophages in the 
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tumour microenvironment, particularly the different functions of 
tissue-resident and recruited macrophages at primary and met-
astatic sites. This review highlighted macrophage heterogeneity 
and its crucial roles in regulating tumour progression, immune 
responses, and therapy responses, providing an overview of ther-
apeutic strategies targeting macrophages, including methods for 
depletion, recruitment inhibition, and reprogramming (11). The 
role of CXCR4+ macrophages in PDAC progression has been 
extensively studied. Abundant infiltration of these macrophages 
is significantly associated with poor prognosis in PDAC and in-
volves extracellular matrix remodelling and cell proliferation 
through the CXCR4/PI3K/Akt pathway. CXCR4+ macrophage 
infiltration is an indicator of poor prognosis in PDAC, suggest-
ing that targeting CXCR4+ macrophages could be crucial for a 
favourable response to PDAC immunotherapy [41].

5   |   Conclusions

In this study, scRNA-seq analysis was utilized to explore the 
complex landscape of the pancreatic cancer tumour microen-
vironment, revealing significant heterogeneity among macro-
phage populations. Our findings emphasize the critical roles 
of TRMs and TAMs in regulating tumour progression and the 
response to immunotherapy. Specifically, we identified partic-
ular macrophage subpopulations associated with either protu-
mour or protective functions, highlighting the dual roles that 
these cells can play within the same tumour microenvironment. 
Notably, proliferating rM4s demonstrated a mechanism of che-
moresistance in PDAC through the modulation of the tumour 
metabolic environment, a mechanism that can be targeted to 
increase the efficacy of chemotherapy.

Extensive intercellular communication analysis revealed com-
plex interactions between TRMs and other cellular components 
within the tumour microenvironment, providing potential ther-
apeutic targets. Our data suggest that modulating the signalling 
pathways and interaction networks of TRMs and TAMs could 
shift the tumour microenvironment toward a more immu-
nostimulatory state, potentially improving patient outcomes. 
Furthermore, the correlation between TAM heterogeneity and 
patient survival, as well as the unique characteristics of TAM 
subtypes, offers deeper insights into the clinical significance of 
TAMs. By integrating single-cell lineage data with bulk-seq data, 
we provided a comprehensive perspective on immune dynamics 
in pancreatic cancer, supporting the development of more precise 
and effective macrophage-targeted therapeutic strategies.

Overall, this study not only advances our understanding of the 
immunological foundations of pancreatic cancer but also paves 
the way for improving immunotherapy approaches by targeting 
specific macrophage populations within the tumour microenvi-
ronment. Further research and clinical trials will be crucial to 
validate these findings and translate them into effective treat-
ment modalities for pancreatic cancer patients.

Author Contributions

Bin Wu: conceptualization, funding acquisition, methodology, data 
curation, formal analysis, writing – original draft, writing – review 

and editing. Chundong Hu: data curation, validation, formal analy-
sis, writing – original draft, visualization. Fengchun Lu: conceptu-
alization, funding acquisition, writing – review and editing, project 
administration.

Acknowledgements

We would like to thank the NCI for open access to their TCGA database 
and GEO database.

Funding

This work was supported by Project of Starlit South Lake Leading 
Elite Program, 2023AD400006. National Natural Science Foundation 
of China, 82073139. Fujian Provincial Natural Science Foundation 
of China, 2020J02054. Joint Funds for the Innovation of Science and 
Technology, Fujian Province, 2021Y9058.the Bureau of Science and 
Technology of Jiaxing City, 2024AD30085.

Ethics Statement

This study was approved by the ethics committee of the Second 
Affiliated Hospital of Jiaxing University, Jiaxing, China.

Consent

All authors gave their consent for publication.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are available on request 
from the corresponding author. The data are not publicly available due 
to privacy or ethical restrictions.

References

1. R. L. Siegel, K. D. Miller, H. E. Fuchs, and A. Jemal, “Cancer Statis-
tics, 2022,” CA: A Cancer Journal for Clinicians 72 (2022): 7–33.

2. J. P. Neoptolemos, D. H. Palmer, P. Ghaneh, et  al., “European 
Study Group for Pancreatic Cancer. Comparison of Adjuvant Gem-
citabine and Capecitabine With Gemcitabine Monotherapy in Patients 
With Resected Pancreatic Cancer (ESPAC-4): A Multicentre, Open-
Label, Randomised, Phase 3 Trial,” Lancet 389 (2017): 1011–1024.

3. J. Larkin, V. Chiarion-Sileni, R. Gonzalez, et al., “Five-Year Survival 
With Combined Nivolumab and Ipilimumab in Advanced Melanoma,” 
New England Journal of Medicine 381 (2019): 1535–1546.

4. F. R. Balkwill, M. Capasso, and T. Hagemann, “The Tumor Mi-
croenvironment at a Glance,” Journal of Cell Science 125 (2012): 
5591–5596.

5. E. Karamitopoulou, “Tumour Microenvironment of Pancreatic Can-
cer: Immune Landscape Is Dictated by Molecular and Histopathological 
Features,” British Journal of Cancer 121 (2019): 5–14.

6. S. Ham, L. G. Lima, E. Lek, and A. Möller, “The Impact of the Cancer 
Microenvironment on Macrophage Phenotypes,” Frontiers in Immunol-
ogy 11 (2020): 1308.

7. R. Tang, X. Liu, C. Liang, et al., “Deciphering the Prognostic Implica-
tions of the Components and Signatures in the Immune Microenviron-
ment of Pancreatic Ductal Adenocarcinoma,” Frontiers in Immunology 
12 (2021): 648917.

8. S. Kiryu, Z. Ito, M. Suka, et al., “Prognostic Value of Immune Factors 
in the Tumor Microenvironment of Patients With Pancreatic Ductal Ad-
enocarcinoma,” BMC Cancer 21 (2021): 1197.



13 of 13Journal of Cellular and Molecular Medicine, 2026

9. B. Ren, M. Cui, G. Yang, et al., “Tumor Microenvironment Partici-
pates in Metastasis of Pancreatic Cancer,” Molecular Cancer 17 (2018): 
108.

10. D. A. Hume, “The Many Alternative Faces of Macrophage Activa-
tion,” Frontiers in Immunology 6 (2015): 370.

11. T. Cotechini, A. Atallah, and A. Grossman, “Tissue-Resident and 
Recruited Macrophages in Primary Tumor and Metastatic Microenvi-
ronments: Potential Targets in Cancer Therapy,” Cells 10 (2021): 10.

12. R. A. Franklin, W. Liao, A. Sarkar, et  al., “The Cellular and Mo-
lecular Origin of Tumor-Associated Macrophages,” Science 344 (2014): 
921–925.

13. K. J. Hiam-Galvez, B. M. Allen, and M. H. Spitzer, “Systemic Immu-
nity in Cancer,” Nature Reviews. Cancer 21 (2021): 345–359.

14. T. Lazarov, S. Juarez-Carreño, N. Cox, and F. Geissmann, “Physiol-
ogy and Diseases of Tissue-Resident Macrophages,” Nature 618 (2023): 
698–707.

15. X. Mu, Y. Li, and G. C. Fan, “Tissue-Resident Macrophages in the 
Control of Infection and Resolution of Inflammation,” Shock 55 (2021): 
14–23.

16. A. Nawaz, S. Fujisaka, T. Kado, I. Jeelani, and K. Tobe, “Heteroge-
neity of Adipose Tissue-Resident Macrophages-Beyond M1/M2 Para-
digm,” Diabetology International 14 (2023): 125–133.

17. H. Aegerter, B. N. Lambrecht, and C. V. Jakubzick, “Biology of Lung 
Macrophages in Health and Disease,” Immunity 55 (2022): 1564–1580.

18. R. Y. Ma, A. Black, and B. Z. Qian, “Macrophage Diversity in Cancer 
Revisited in the Era of Single-Cell Omics,” Trends in Immunology 43 
(2022): 546–563.

19. J. M. Baer, C. Zuo, L. I. Kang, et al., “Fibrosis Induced by Resident 
Macrophages Has Divergent Roles in Pancreas Inflammatory Injury 
and PDAC,” Nature Immunology 24 (2023): 1443–1457.

20. K. Ley, A. B. Pramod, M. Croft, K. S. Ravichandran, and J. P. Ting, 
“How Mouse Macrophages Sense What Is Going on,” Frontiers in Im-
munology 7 (2016): 204.

21. S. Willenborg and S. A. Eming, “Macrophages—Sensors and Effec-
tors Coordinating Skin Damage and Repair,” Journal Der Deutschen 
Dermatologischen Gesellschaft 12, no. 214–21 (2014): 214–223.

22. S. P. Nobs and M. Kopf, “Tissue-Resident Macrophages: Guardians 
of Organ Homeostasis,” Trends in Immunology 42 (2021): 495–507.

23. J. L. Shepard and L. I. Zon, “Developmental Derivation of Embry-
onic and Adult Macrophages,” Current Opinion in Hematology 7 (2000): 
3–8.

24. K. Katholnig, B. Schütz, S. D. Fritsch, et  al., “Inactivation of 
mTORC2 in Macrophages Is a Signature of Colorectal Cancer That Pro-
motes Tumorigenesis. JCI,” Insight 4 (2019): 4.

25. P. Nallasamy, R. K. Nimmakayala, S. Karmakar, et  al., “Pancre-
atic Tumor Microenvironment Factor Promotes Cancer Stemness via 
SPP1-CD44 Axis,” Gastroenterology 161 (2021): 1998–2013.e7.

26. M. Ke, “Integrated In Vivo and In Vitro Experiments With Multi-
Omics Analysis Reveal SPP1 Drives Pancreatic Cancer Progression,” 
BMC Cancer 26 (2026): 419.

27. S. Tabe, K. Takeuchi, K. Aoshima, et al., “A Pancreatic Cancer Or-
ganoid Incorporating Macrophages Reveals the Correlation Between 
the Diversity of Tumor-Associated Macrophages and Cancer Cell Sur-
vival,” Biomaterials 314 (2025): 122838.

28. F. Long, W. Zhong, F. Zhao, et al., “DAB2 + Macrophages Support 
FAP + Fibroblasts in Shaping Tumor Barrier and Inducing Poor Clini-
cal Outcomes in Liver Cancer,” Theranostics 14 (2024): 4822–4843.

29. F. R. Svedberg, S. L. Brown, M. Z. Krauss, et al., “The Lung Environ-
ment Controls Alveolar Macrophage Metabolism and Responsiveness 
in Type 2 Inflammation,” Nature Immunology 20 (2019): 571–580.

30. M. Rosas, L. C. Davies, P. J. Giles, et al., “The Transcription Factor 
Gata6 Links Tissue Macrophage Phenotype and Proliferative Renewal,” 
Science 344 (2014): 645–648.

31. R. Nalio Ramos, Y. Missolo-Koussou, Y. Gerber-Ferder, et  al., 
“Tissue-Resident FOLR2+ Macrophages Associate With CD8+ T Cell 
Infiltration in Human Breast Cancer,” Cell 185 (2022): 1189–1207.

32. F. Hua, Y. Tian, Y. Gao, C. Li, and X. Liu, “Colony-Stimulating Fac-
tor 1 Receptor Inhibition Blocks Macrophage Infiltration and Endome-
trial Cancer Cell Proliferation,” Molecular Medicine Reports 19 (2019): 
3139–3147.

33. C. Wei, C. Yang, S. Wang, et al., “Crosstalk Between Cancer Cells 
and Tumor Associated Macrophages Is Required for Mesenchymal Cir-
culating Tumor Cell-Mediated Colorectal Cancer Metastasis,” Molecu-
lar Cancer 18 (2019): 64.

34. X. Liu, G. Yan, B. Xu, H. Yu, Y. An, and M. Sun, “Evaluating the Role 
of IDO1 Macrophages in Immunotherapy Using scRNA-Seq and Bulk-
Seq in Colorectal Cancer,” Frontiers in Immunology 13 (2022): 1006501.

35. J. Forssell, A. Oberg, M. L. Henriksson, R. Stenling, A. Jung, and 
R. Palmqvist, “High Macrophage Infiltration Along the Tumor Front 
Correlates With Improved Survival in Colon Cancer,” Clinical Cancer 
Research 13 (2007): 1472–1479.

36. I. Acerbi, L. Cassereau, I. Dean, et al., “Human Breast Cancer Inva-
sion and Aggression Correlates With ECM Stiffening and Immune Cell 
Infiltration,” Integr Biol (Camb) 7 (2015): 1120–1134.

37. Z. A. Xia, Y. Zhou, J. Li, and J. He, “Integrated Analysis of Single-
Cell and Bulk RNA-Sequencing Reveals a Tissue-Resident Macrophage-
Related Signature for Predicting Immunotherapy Response in Breast 
Cancer Patients,” Cancers (Basel) 14 (2022): 14.

38. T. Wang, J. Zhang, Y. Wang, et  al., “Influenza-Trained Mucosal-
Resident Alveolar Macrophages Confer Long-Term Antitumor Immu-
nity in the Lungs,” Nature Immunology 24 (2023): 423–438.

39. M. J. van Elsas, C. Labrie, A. Etzerodt, et  al., “Invasive Margin 
Tissue-Resident Macrophages of High CD163 Expression Impede Re-
sponses to T Cell-Based Immunotherapy,” Journal for Immunotherapy 
of Cancer 11 (2023): 1–24.

40. E. M. Garrido-Martin, T. Mellows, J. Clarke, et al., “M1hot Tumor-
Associated Macrophages Boost Tissue-Resident Memory T Cells 
Infiltration and Survival in Human Lung Cancer,” Journal for Immuno-
therapy of Cancer 8 (2020): 1–18.

41. Z. Liao, L. Ye, T. Li, et al., “Tissue-Resident CXCR4+ Macrophage 
as a Poor Prognosis Signature Promotes Pancreatic Ductal Adeno-
carcinoma Progression,” International Journal of Cancer 152 (2023): 
2396–2409.

Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Table S1: Clarification of Immunotherapy Details. 


	Single-Cell RNA-Seq Combined With Bulk RNA-Seq Revealed the Involvement of Pancreatic Cancer Tissue-Resident Macrophages in Tumour Progression and the Immunotherapy Response
	ABSTRACT
	1   |   Introduction
	2   |   Materials and Methods
	2.1   |   Single-Cell Data Downloading and Processing
	2.2   |   Cell Communication Analysis
	2.3   |   TCGA Data Downloading
	2.4   |   Calculation of TAM Scores for TCGA Samples
	2.5   |   Survival Analysis and Construction of the Cox Proportional Hazards Regression Model
	2.6   |   Analysis of Immune Cell Infiltration, Immune Function, and Immunotherapy Response
	2.7   |   Statistical Analysis
	2.8   |   Ethics Statement and Informed Consent

	3   |   Results
	3.1   |   Characterization of the Tumour Microenvironment Landscape and TRM Identification on the Basis of scRNA-Seq Data
	3.2   |   Crosstalk Between TRMs and Other Immune Cells
	3.3   |   Association Between TRMs and Clinical Outcomes in Cancer Patients
	3.4   |   Correlations of the TRM Score With Immune Cells, Immune Function, and the Immunotherapy Response

	4   |   Discussion
	5   |   Conclusions
	Author Contributions
	Acknowledgements
	Funding
	Ethics Statement
	Consent
	Conflicts of Interest
	Data Availability Statement
	References


