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Background: Tumor is a complex and dynamic ecosystem formed by the interaction of numerous diverse cells types and the
microenvironments they inhabit. Determining how cellular states change and develop distinct cellular communities in response to the
tumor microenvironment is critical to understanding cancer progression. Tumour-associated macrophages (TAMs) are an important
component of the tumour microenvironment and play a crucial role in cancer progression. This study was designed to identify cell-
state-specific M2 macrophage markers associated with gastric cancer (GC) prognosis through integrative analysis of single-cell RNA
sequencing (scRNA-seq) and bulk RNA-seq data using a machine learning framework named EcoTyper.

Results: The results showed that TAMs were classified into M1 macrophages, M2 macrophages, monocytes, undefined macrophages
and dendritic cells, with M2 macrophages predominating. EcoTyper assigned macrophages to different cell states and ecotypes. A total
of 168 cell-state-specific M2 macrophage markers were obtained by integrative analysis of scRNA-seq and bulk RNA-seq data. These
markers could categorize GC patients into two clusters (clusters A and B) with different survival and M2 macrophages infiltration
abundance. Cell adhesion molecules, cytokine-cytokine receptor interaction, JAK/STAT pathway, MAPK pathway were significantly
enriched in cluster A, which had worse survival and higher M2 macrophages infiltration.

Conclusion: In conclusion, this study profiles a single-cell atlas of intratumor heterogeneity and defines the cell states and ecotypes of
TAMs in GC. Furthermore, we have identified prognostically relevant cell-state-specific M2 macrophage markers. These findings
provide novel insights into the tumor ecosystem and cancer progression.
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Introduction

Gastric cancer (GC) is one of the most common human malignancies. Globally, GC is the fifth most prevalent cancer and the
fourth most leading cause of cancer-related deaths, causing an estimated 769,000 deaths in 2020, according to GLOBOCAN
2020 statistics." When patients are diagnosed with early stage GC, current treatment modalities could achieve a better
outcome. However, for patients with advanced GC, there is a lack of effective treatment and the prognosis is extremely poor.”

ImmunoTargets and Therapy 2024:13 721-734 721
Received: 8 September 2024 © 2024 Thu et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are avallahle at httpx / Iwww.dovepress.com/terms.php
AT 2nd incorporate the Creative Commons Attribution — Non Commercial (unported, v3.0) License (http://creati nc/3.0/). By accessing the work

Accepted: 30 November 2024
Published: 11 December 2024

you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, pmwded the work is properly attributed. For
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://orcid.org/0000-0001-5984-7212
http://orcid.org/0000-0003-0839-7316
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/3.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Zhu et al Dove

An important factor affecting the ultimate therapeutic outcome is tumor heterogeneity, ie stomach tumors often exhibit a high
degree of histological, transcriptomic and genomic variation, resulting in different tumour behaviors and treatment
responses. Factoring this heterogeneity into the clinical management of GC and identifying the molecular pathways driving
hallmarks of GC variation represent important goals for improving GC patient outcomes.

The dynamic interactions between cancer cells and their microenvironment determine trajectories of tumor growth,
immune evasion, invasion, metastasis and therapeutic resistance. The tumor microenvironment (TME), characterized by
the lack of nutrients, developing an acidic and hypoxic environment and consisting of cancerous and non-cancerous cells that
support tumor survival.®> Tumor-associated macrophages (TAMs) are one of the major immune cells that infiltrate within the
tumor and provide an important inflammatory environment for cancer progression. Various stimulating factors in the TME
influence the polarization of TAMs into multiple phenotypes, such as M1 and M2.* During tumor development, the phenotype
of TAMs is dynamically changing and is determined by the TME. M1-like macrophages are activated to produce chemokines
and cytokines to recruit the CD8+ T and NK cells, which express high levels of IFN-y and other cytokines to destroy the tumor
cells.* Conversely, M2-like macrophages protect the cancer cells from anti-tumor immune responses and promote their
proliferation, angiogenesis and metastasis. M2-like TAMs impede the cytotoxicity of NK cells against cancer cells by
secreting TGF-B and restrict the antitumor activity of T cells by expressing programmed cell death ligand 1 (PD-L1).>°
Furthermore, previous studies have shown that a high level of TAMs infiltration is associated with the invasive characteristics
of GC and is an independent adverse prognostic factor for GC patients.””® These findings suggest that the number and
distribution of TAMs is an important factor influencing the co-evolution of cancer cells and TAMs.

Tumor is a complex and dynamic ecosystem defined by the interplay of many different types of cells and the microenviron-
ment in which they reside. Determining how the state of cells varies with their microenvironment and form distinct cellular
communities is critical to understanding cancer progression. EcoTyper, a new machine learning framework, first introduced by
Luca et al,” for large-scale identification and validation of cell states and ecosystems from single-cell, bulk and spatially-resolved
gene expression data, providing insight into the cellular background and community structure of human cancers. In the current
study, we constructed the single-cell landscape of intratumoral heterogeneity in GC, analyzed the cellular states and ecosystems
of TAMs, and identified cell-state-specific M2 macrophage markers associated with prognosis based on single-cell RNA-
sequencing (scRNA-seq) data from the GEO database and bulk RNA-seq data from the TCGA database.

Methods

Source and Processing of scRNA-Seq Data

scRNA-seq data of three primary tumor samples (PT; PT 1, PT 2 and PT 3), two liver metastasis samples (Li; Li 1 and
Li 2), two lymph nodes metastasis samples (LN; LN 1 and LN 2) and one peritoneal metastasis sample (P; P 1) in the
GSE163558 dataset were sourced from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). The enrolled patients did
not receive anticancer treatment such as chemotherapy, radiotherapy, and targeted therapy prior to specimen collection.

Seurat package was used to analyze the scRNA-seq data.'” Genes and low-quality cells were first filtered using the
criteria: genes expressed in < 3 cells and unique genes expressed within a cell < 200. Then genes and cells were further
excluded with the following cutoffs: the number of genes detected in each cell (nFeature RNA) < 2% or > 98%, the total
number of molecules detected within a cell (nCount RNA) > 95% and the percentage of reads mapped to the
mitochondrial genome (percent.mt) > 20%. After cell filtering, the high quality scRNA-seq data were normalized by
SCTransform function in the Seurat package and used for principle component analysis (PCA).'" Cell clustering was then
performed on selected principle components (PCs) using t-SNE algorithm."' Next, the annotation of cell type in different
cell clusters were performed using markers from previously reported the literature, as shown in Table S1.'* In addition,
monocyte/macrophage cells were further clustered into different subpopulations, and the cellular subpopulations were
annotated by markers from previously reported the literature, as shown in Table S2.'?

|dentification of Cellular States and Ecotypes
In the current study, cellular states and ecotypes of monocyte/macrophage cell populations were analyzed by the EcoTyper
method following the steps depicted in the work of Luca et al,” including (i) cell state discovery, rank selection and cell state
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quality control based on variants of unsupervised and supervised non-negative matrix factorization (NMF) statistical learning
algorithms to identify and quantify cell-type-specific transcriptional states and (ii) ecotype discovery to co-assign cell states
into multicellular communities (ecotypes).

Identification of Specific Genes Associated with the Cell States of M2 Macrophages

Next, differentially expressed genes (DEGs) between M1 and M2 macrophages under different cell states and ecotypes were
identified by “limma” R package. Those DEGs were crossed with signature genes from different cell states identified by
EcoTyper to obtain cell-state-specific DEGs between M1 and M2 macrophages. The function of the cell-state-specific DEGs
were then analyzed by GSVA (gene set variation analysis) using hallmark gene sets as reference.'® The correlations among the
cell-state-specific DEGs were analyzed by Spearman method. To get more robust genes related to M2 macrophages, the bulk
RNA-seq data of GC patients were downloaded from TCGA database (https://portal.gdc.cancer.gov/). First, the proportions of
M2 macrophages were calculated by CIBERSORTx algorithm, followed by the division of TCGA-STAD cohort into low- and
high-M2 macrophage groups.'* Survival curves for the low- and high-M2 macrophage groups were plotted by Kaplan-Meier,

and differences were compared by Log rank test to detect whether M2 macrophages were associated with prognosis in GC
patients. Then, WGCNA (weighted gene co-expression network analysis) was performed to screen module genes associated
with M2 macrophages.'” Finally, cell-state-specific marker genes of M2 macrophages were obtained by overlapping the
module genes with cell-state-specific DEGs between M1 and M2 macrophages for the downstream analysis.

Consensus Clustering Analysis

In order to investigate the function of cell-state-specific M2 macrophage marker genes in GC, “ConsensusClusterPlus”
R package was applied to divide TCGA-STAD cohort into different clusters based on K-means consensus clustering. The
PCA was used to determine the performance of consensus clustering. Expression of cell-state-specific M2 macrophage
marker genes in different clusters was visualized in the heatmap. Survival between different clusters was analyzed by
Kaplan-Meier curves and Log rank test. Thereafter, the CIBERSORTx algorithm was employed to calculate the
proportions of M2 macrophages in different clusters. Moreover, GSEA method was applied to investigate the KEGG
pathways significantly enriched in different clusters. KEGG pathways with FDR <0.05 were considered as significantly
enriched.'®

Results

Single-Cell Landscape Reveals the Cellular Heterogeneity of GC

In this study, the scRNA-seq and bulk RNA-seq data of GC samples from public databases were included for subsequent
analyses. The flowchart of the study design is shown in Figure 1. After removing genes expressed in < 3 cells and cells with the
unique genes expressed < 200, a total of 25,366 genes within 45,388 cells were obtained. The number of genes measured per
cell (nFeature RNA), the number of gene counts measured per cell (nCount RNA) and the percentage of mitochondrial genes
(percent.mt) were shown in Vlinplots (Figure 2A). After further quality control on nFeature RNA, nCount RNA and percent.
mt, a total of 20,752 genes within 38,148 cells were used for the downstream analysis (Figure 2B). Forty PCs were identified
(Figure 2C), and the top 36 PCs were selected for the following t-SNE analysis. By t-SNE and clustering, we identified 23 cell
populations from primary and metastasis samples (Figure 2D). Further cell annotation revealed that those cell populations
were composed of 20,535 T cells, 5555 B cells, 3329 NK cells, 3219 neutrophils, 1853 epithelial cells, 1358 monocytes/
macrophages, 695 fibroblasts, 617 proliferative cells, 446 plasma cells, 363 endothelial cells, 129 mast cells and 49 pDCs
(Figure 3A and B). Interestingly, we noticed that the proportion of each cell type varied greatly between primary and
metastatic samples (Figure 3C) and among metastatic samples from different tissues (Figure 3D), indicating a high level of
cellular heterogeneity in GC. For monocytes/macrophages, higher proportion was observed in primary samples compared
with metastasis samples (Figure 3C); and in metastasis samples, more monocytes/macrophages were detected in peritoneum
tissues compared with liver and lymph node tissues (Figure 3D).
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Figure | Design and workflow of this study.

M2 Macrophages Constitute a Main Subpopulation of TAMs in GC

Thereafter, we extracted monocyte/macrophage cell populations from the whole cellular landscape of GC (Figure 4A).
By using markers in Table S2, those monocyte/macrophage populations were further classified into 738 M2 macro-
phages, 189 dendritic cells, 183 M1 macrophages, 181 monocytes and 67 undefined macrophages (Figure 4B and C).
Specifically, dendritic cells were mainly in liver and lymph node metastasis tissues, M1 macrophages were mainly in
primary tissues, M2 macrophage were mainly in primary and peritoneum metastasis tissues, monocytes were mainly in
liver tissues, and undefined macrophages were only in peritoneum metastasis tissues (Figure 4D).

Two Hundred and Thirteen DEGs Were Identified Between M| and M2 Macrophages
Under Different Cell States and Ecotypes

Next, M1 macrophages, M2 macrophages, undefined macrophages, monocytes and dendritic cells were divided into 7, 4, 2, 3
and 7 cellular states, respectively, by Ecotyper, as shown in Figure SA-E. Further analysis by EcoTyper assigned M1
macrophages at cell state 7 (S07) and M2 macrophages at cell state 4 (S04) into ecotype 1 (E1) and ecotype 3 (E3),
respectively (Figure 5F). A total of 528 DEGs were then identified between M1 macrophages at E1-S07 and M2 macrophages
E3-S04 (Table S3). Subsequently, 213 cell-state-specific DEGs between M1 and M2 macrophages, including 185 up-regulated
and 28 down-regulated genes, were obtained by overlapping the 528 DEGs with 409 signature genes from the SO7 and S04
states (Figure 6A and Table S4). By GSVA analysis on those 213 cell-state-specific DEGs between E1-M1 and E3-M2
macrophages, we observed that E3-M2 macrophages were mainly involved in hallmarks of IL2-STATS signaling, comple-
ment and coagulation, and E1-M1 macrophages were mainly related to hallmarks of TGFa signaling via NF«B, mitotic
spindle and estrogen response late (Figure 6B). Moreover, we found a strong correlation between the expression of 31 pairs of
cell-state-specific DEGs, such as CIQA and MCEMP1 (cor=—0.861), C1QB and MCEMP1 (cor =—0.844), CIQA and FPR2
(cor = —0.812), C1QC and MCEMP1 (cor = —0.806), HLA-DRA and HLA-DRBI (cor = 0.8), GPNMB and GRN
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Figure 2 Quality control, normalization, principal component analysis (PCA) and cluster analysis of single-cell RNA-seq data for gastric cancer. (A) VInplots of the number
of genes measured per cell (nFeature), the number of gene counts measured per cell (nCount) and the percentage of mitochondrial genes (percent.mt) before quality
control. (B) Vinplots of the nFeature, the nCount and the percent.mt after quality control. (C) Scree plot for PCA. (D) Cell clusters distribution of the single-cell of primary
and metastatic gastric cancer.

(cor =0.801), HLA-A and B2M (cor = 0.806), CD81 and APOE (cor = 0.808), HLA-DQA1 and HLA-DPBI1 (cor = 0.818),
C1QA and APOE (cor = 0.829), GRN and CTSZ (cor = 0.83), C1QB and HLA-DQAI1 (cor = 0.831), etc. (Table S5).

One Hundred and Sixty-Eight Cell-State-Specific Marker Genes of M2 Macrophages

Were Related to GC Prognosis

Next, the proportion of TAMs was calculated by the CIBERSORTx using the bulk RNA-seq data from GC samples.
Consistently, M2 macrophages were the major TAMs in the TCGA-STAD cohort (Additional file 1). We then divided GC
patients into low and high M2 macrophage groups. Kaplan-Meier analysis showed that patients in the low M2
macrophage group had better survival (Figure 7A), indicating that M2 macrophage is related to prognosis in GC. To
obtain the genes related to M2 macrophages, we performed WGCNA analysis. Figure 7B showed that no outliers were
detected in TCGA-STAD. Figure 7C showed that 3 was the optimal soft threshold power with an R? of about 0.9. Five
modules were then identified by WGCNA (Figure 7D). According to the correlation analysis between modules and M2
macrophages, we observed that darkred module had the relatively strongest correlation with M2 macrophages (cor =
0.32, p <0.01) (Figure 7E). By intersecting 7213 genes in the darkred module with 213 cell-state-specific DEGs between
E1-M1 and E3-M2 macrophages, 168 genes were identified as cell-state-specific M2 macrophage markers (Figure 7F and
Additional file 2).
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Figure 3 Cellular heterogeneity in gastric cancer based on single-cell RNA-seq data. (A) Single-cell tSNE map of primary and metastatic gastric cancer. (B) Bubble plot of
marker gene labeling for different cell types. (C) Proportions of different cell types in primary and metastatic gastric cancer samples. (D) Proportions of different cell types in
primary and different metastatic sites samples of gastric cancer.

Subsequently, we divided the TCGA-STAD cohort into two clusters (cluster A and cluster B) based on the
expressions of 168 cell-state-specific M2 macrophage marker genes (Figure 8A and B). PCA plot showed that samples
in cluster A and samples in cluster B were in two distinct groups (Figure 8C). The expressions of cell-state-specific M2
macrophage markers were much higher in cluster A compared with cluster B (Figure 8D). Moreover, we observed that
patients in cluster B had significantly better survival (Figure 9A) and lower proportions of M2 macrophages (Figure 9B).
GSEA analysis showed that cell adhesion molecules, cytokine-cytokine receptor interaction, JAK/STAT signaling path-
way and MAPK signaling pathway were significantly enriched in cluster A, and biosynthesis of unsaturated fatty acids,
cell cycle, maturity onset diabetes of the young and terpenoid backbone biosynthesis were remarkably enriched in cluster
B (Figure 9C).

Discussion

TAMs are the most abundant population of immune cells in the TME and are strongly associated with tumorigenesis and
tumor progression. Therefore, it is valuable to identify the cellular states and ecotypes of TAMs in tumors for the
development of new targets. In this study, we characterised the single-cell profiling in primary and metastatic GC, mined
the cell states and ecosystems of TAMs in GC using a new machine learning framework, EcoTypers, and identified cell-
state-specific TAMs-related genes based on scRNA-seq data. We found that TAMs in GC were classified into M1
macrophages, M2 macrophages, monocytes, undefined macrophages, and dendritic cells, with M2 macrophages pre-
dominating. EcoTyper data analysis revealed that M2 macrophages were distributed to four cell states (S01-S04) and M2
macrophages in S04 were further incorporated into ecotype 3 (E3). A total of 528 DEGs were identified between M1
macrophages of E1-S07 and M2 macrophages of E3-S04. Subsequently, a comprehensive analysis of scRNA-seq and
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bulk RNA-seq data from GC yielded 168 cell-state-specific M2 macrophage markers. Furthermore, GSEA analysis
showed that cell adhesion molecules, cytokine-cytokine receptor interaction, JAK/STAT signaling pathway, and MAPK
signaling pathway were significantly enriched in cluster A, which had significantly poorer survival and higher infiltration
of M2 macrophages.
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MI and M2 macrophages. (B) Bar graph for GSVA analysis of cell-state-specific differentially expressed genes between M| and M2 macrophages.

M2 macrophages play pivotal roles in the malignant progression of GC. Yamaguchi et al” showed that M2 macrophages were
strongly associated with peritoneal spread in GC patients and acted as a pro-metastatic role. Zheng et al'”*'® showed that M2
polarized macrophage-derived exosomes activated the PI3K/AKT signaling pathway, were involved in mediating resistance to
cisplatin, and promoted the invasiveness of GC cells. Li et al'® showed that GC-derived mesenchymal stromal cells promoted M2
macrophage polarization in GC tissues through massive secretion of IL-6 and IL-8, which promoted EMT of GC cells and thus
contributed to GC metastasis. In the present study, we identified M2 macrophages as the major subpopulation of TAMs in GC by
analysing scRNA-seq and bulk RNA-seq data. M2 macrophages were then classified into four cell states by EcoTyper, and cell
state 4 was included in ecotype 3. Compared with M1 macrophages included in ecotype 1, M2 macrophages were mainly
associated with IL2-STATS signaling pathway, complement and coagulation. Activation of IL2-STATS signaling pathway was
reported to lead to proliferation, migration, invasion and survival of GC cells.”” Complement is thought to play a key role in the
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pathogenesis of human cancers, including GC.>' Yuan et al** reported that overexpression of complement C3 could activate the

JAK?2/STAT3 pathway and was associated with the progression of GC. The interaction of coagulation and immune infiltrating

cells in the tumor microenvironment is involved in tumorigenesis and tumor progression.”> Ma et al**

showed that macrophages
treated with coagulation factors behaved as TAMs with M2 characteristics, secreted high levels of IL-4, IL-10, transforming
growth factor (TGF)-B, and tumor necrosis factor (TNF)-0, and activated TAMs induced expression of vascular endothelial
growth factor/MMP-9, thereby promoting GC cells migration and invasion.

Next, we acquired a total of 168 cell-state-specific M2 macrophage marker genes by integration of scRNA-seq and
bulk RNA-seq data, which were able to classify GC patients into two subtypes with significantly different survival.
Furthermore, there was a significant difference in M2 macrophage infiltration between these two subtypes with
differential survival, indicating that the cell-state-specific M2 macrophage marker genes affect the prognosis of GC
patients. These results further suggest that M2 macrophages play important roles in GC progression. Finally, we
performed GSEA analysis to further explore the potential molecular mechanisms by which cell-state-specific M2
macrophage marker genes affect the prognosis of GC patients. GSEA analysis revealed that cell adhesion molecules,
cytokine-cytokine receptor interaction, JAK/STAT signaling pathway, MAPK signaling pathway were significantly
enriched in cluster A, while biosynthesis of unsaturated fatty acids, cell cycle, maturity onset diabetes of the young
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specific M2 macrophage marker genes between the two clusters.

and terpenoid backbone biosynthesis were remarkably enriched in cluster B. The pathways enriched to cluster A are
involved in human tumorigenesis and tumor progression. For example, Ju et al*> showed that infiltrating TAMs released
the pro-inflammatory cytokines TNF-a and IL-6, which activated the NF-kB and STAT3 signaling pathways, thereby
inducing PD-L1 expression in tumor cells and thus promoting GC cell proliferation. Li et al*® showed that the JAK/STAT
pathway mediated the pro-inflammatory response of H. pylori to the gastric mucosa and increased PD-L1 expression,
allowing immune surveillance to be blocked, thereby leading to gastric carcinogenesis.

The diverse states and ecotypes of TAMs underscore their remarkable plasticity and diversity. Chemotherapy,
radiotherapy, targeted therapy, and immunotherapy profoundly affect the functions of TAMs. Antitumor treatments can
modulate the function and marker expression of TAMs by directly influencing their behavior or by altering the
components and signaling of the TME.?’ " These therapies exhibit a dual role in that they not only enhance treatment
efficacy by regulating TAMs polarization, but also convert TAMs into M2 macrophages with an immunosuppressive

phenotype, thereby facilitating tumor recurrence.’'~** Furthermore, during tumor relapse, M2 macrophages adapt to the
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new TME, displaying unique marker expression patterns and evolving into more aggressive phenotypes, thus further
supporting cancer recurrence.>> > Despite advancements, numerous uncertainties remain in this field. Future studies
should investigate the long-term effects of various treatments on M2 macrophages to improve personalised medicine and
prognostic assessment. Such insights are crucial for the development of more effective therapeutic strategies.

Limitations of the Study

This study revealed for the first time prognostically relevant cell-state-specific M2 macrophage markers in GC using
scRNA-seq and bulk RNA-seq data. However, there are still several limitations that need to be raised. First, the data for
this study were only derived from public databases and lacked the inclusion of clinical samples. Second, we did not
validate the expression of cell-state-specific M2 macrophage marker genes in GC tissues. Finally, we did not perform
cellular and animal experiments to investigate the effect of these marker genes on the biological behaviour of GC in vivo
and in vitro. Therefore, further experimental designs are needed to investigate the role and mechanism of cell-state-
specific M2 macrophage markers in GC progression. Although the current study has not been validated in vivo and
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in vitro, the markers we identified provide direction for subsequent experimental studies and lay the foundation for
potential therapeutic targets and new clinical intervention strategies in gastric cancer.

Conclusions

In conclusion, the present study presents a single-cell atlas of intratumoral heterogeneity in GC, and provides insight into
the cell landscape and community structure in the GC microenvironment by identifying different cell states and and
ecotypes of TAMs. Furthermore, this study identifies cell-state-specific M2 macrophage markers, and investigates their
impact on GC prognosis as well as the underlying molecular mechanisms. These findings provide novel insights into the
tumor ecosystem and offer clues for further exploration of the pathogenesis and progression of GC as well as
identification of new therapeutic targets.
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