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ABSTRACT
Gastric cancer (GC) is characterized by a complex tumor microenvironment (TME) with substantial cellular heterogeneity. 
Tumor-associated macrophages (TAMs) represent the most abundant immune cell population in the TME and exhibit remarka-
ble functional plasticity. This study integrated single-cell RNA-sequencing (scRNA-seq) data, bulk transcriptomics, and spatial 
transcriptomics to systematically characterize TAM heterogeneity and identify prognostic biomarkers in GC. ScRNA-seq analysis 
revealed nine major cell types (T cells, plasma cells, epithelial cells, fibroblasts, macrophages, endothelial cells, B cells, smooth 
muscle cells, and mast cells) and distinct macrophage subpopulations with tumor-specific expansion patterns. High-dimensional 
weighted gene coexpression network analysis identified coexpression modules enriched in GC-associated macrophages. Machine 
learning algorithms were employed to construct a prognostic signature, and the CoxBoost model demonstrated superior predic-
tive performance across multiple cohorts. The seven-gene signature, including UPP1, VCAN, ELL2, ABCA1, TUBA1A, MX2, 
and TSPO, showed robust prognostic value in survival prediction. Spatial transcriptomic analysis further revealed distinct met-
abolic profiles and extensive cellular interaction networks mediated by UPP1-expressing TAMs. These findings provide a com-
prehensive atlas of TAM heterogeneity and establish novel prognostic biomarkers with potential therapeutic implications in GC.

1 | Introduction

Gastric cancer (GC) represents one of the most prevalent malig-
nancies worldwide, ranking as the fifth most common cancer 
and the fourth leading cause of cancer-related mortality globally 
[1, 2]. Despite advances in surgical techniques, chemotherapy, 
and targeted therapies, the prognosis for advanced GC patients 
remains poor, with 5-year survival rates below 30% [3, 4]. This 
clinical challenge underscores the urgent need to identify novel 
prognostic biomarkers and therapeutic targets through compre-
hensive characterization of the tumor microenvironment (TME).

The TME plays a pivotal role in tumor progression, metastasis, 
and therapeutic resistance [5, 6]. Among the diverse cellular con-
stituents of the TME, tumor-associated macrophages (TAMs) 
constitute the most abundant immune cell population and ex-
hibit remarkable functional plasticity [7]. TAMs are generally 
classified into proinflammatory M1-like and anti-inflammatory 
M2-like phenotypes; however, emerging single-cell transcrip-
tomic studies have revealed substantial heterogeneity beyond 
this binary classification. In GC, TAMs have been implicated 
in promoting tumor angiogenesis, immune evasion, and meta-
static dissemination [8–10]. Nevertheless, the precise molecular 
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programs governing TAM heterogeneity and their clinical rele-
vance in GC remain incompletely understood.

Recent advances in single-cell technologies and machine learning 
algorithms have enabled systematic identification of gene modules 
and construction of robust prognostic models from complex tran-
scriptomic data. These computational approaches offer unprece-
dented opportunities to dissect cellular heterogeneity and discover 
clinically actionable signatures. Integrative analysis of single-cell 
RNA sequencing (scRNA-seq) with spatial transcriptomics further 
allows for the mapping of cellular interactions within intact tissue 
architecture, providing critical insights into the spatial organiza-
tion of the TME [11]. However, the application of these multiomics 
approaches to systematically characterize TAM subpopulations 
and their metabolic features in GC remains limited.

Metabolic reprogramming represents a hallmark of cancer and 
is increasingly recognized as a critical regulator of immune 
cell function within the TME [5]. TAMs undergo substantial 
metabolic adaptations that shape their polarization states and 
functional properties, including altered glycolysis, lipid metab-
olism, and amino acid utilization. Understanding the metabolic 
heterogeneity of TAM subpopulations may reveal novel thera-
peutic vulnerabilities and prognostic indicators [12–14]. Spatial 
transcriptomic technologies now enable the mapping of meta-
bolic pathway activities within distinct tissue regions, offering 
insights into the metabolic crosstalk between TAMs and neigh-
boring malignant or stromal cells.

In this study, we integrated scRNA-seq, bulk transcriptomic, 
and spatial transcriptomic data to characterize TAM hetero-
geneity in GC. Through bioinformatics analyses and machine 
learning-based prognostic modeling, we identified a macro-
phage-related gene signature associated with adverse clinical 
outcomes. Furthermore, spatial analysis revealed distinct met-
abolic profiles and cellular interaction networks mediated by 
specific TAM subpopulations. Our findings provide a compre-
hensive atlas of TAM heterogeneity and establish novel prognos-
tic biomarkers with potential therapeutic implications in GC.

2 | Materials and Methods

2.1 | Data Acquisition and Preprocessing

Publicly available scRNA-seq data of GC were obtained from 
the Gene Expression Omnibus (GEO) database under acces-
sion number GSE183904 [15], which included five paired GC 
and adjacent normal tissue samples. For spatial transcriptomic 
analysis, data were retrieved from GSE251950 [16]. Bulk RNA-
seq data and corresponding clinical information for prognostic 
validation were downloaded from The Cancer Genome Atlas 
Stomach Adenocarcinoma (TCGA-STAD) cohort [17] and four 
independent GEO datasets (GSE15459, GSE26253, GSE26901, 
and GSE28541) [18, 19].

For scRNA-seq data preprocessing, raw count matrices were im-
ported into R (Version 4.2.0) and analyzed using the Seurat pack-
age (Version 4.0). Quality control was performed to exclude cells 
with fewer than 200 detected genes, more than 10,000 detected 
genes, or mitochondrial gene content exceeding 20%. Doublet 

removal was conducted using the DoubletFinder algorithm. Data 
normalization was performed using the LogNormalize method 
with a scale factor of 10,000, followed by identification of highly 
variable features using the FindVariableFeatures function with 
selection method “vst” and 2000 features. Data integration across 
samples was performed using the Harmony algorithm to correct 
batch effects. Principal component analysis (PCA) was conducted 
on the scaled data, and the first 30 principal components were used 
for Uniform Manifold Approximation and Projection (UMAP) di-
mensionality reduction with default parameters.

2.2 | Cell Type Annotation and Subpopulation 
Analysis

Cell clusters were initially annotated using canonical marker 
genes obtained from published literature and the CellMarker 
database. The major cell populations identified included T cells 
(CD3D and CD3E), B cells (CD79A and MS4A1), plasma cells 
(IGHG1 and IGLC2), macrophages (CD68, CD14, and CD163), 
fibroblasts (COL1A1 and COL1A2), endothelial cells (PECAM1 
and VWF), epithelial/malignant cells (EPCAM and KRT18), 
mast cells (TPSAB1 and CPA3), and smooth muscle cells 
(ACTA2 and MYH11).

For macrophage subpopulation analysis, CD68-positive cells 
were extracted from the integrated dataset and subjected to re-
clustering using the same pipeline described above. Differential 
abundance analysis between tumor and normal tissues was 
performed using the Milo algorithm with a false discovery rate 
(FDR) threshold of 0.05. Macrophage clusters significantly ex-
panded in tumor tissues (Clusters 1, 2, 6, and 10) were desig-
nated as GC-associated macrophages (GC_Macro), whereas 
remaining clusters were classified as Other_Macro.

2.3 | Cell–Cell Communication Analysis

Intercellular communication analysis was performed using the 
CellChat package (Version 1.6.0) with the human ligand-recep-
tor interaction database [20]. Communication probabilities were 
calculated using the “triMean” method for secretion signaling 
analysis. The number of interactions and interaction weights 
were computed and visualized as circle plots. Significant li-
gand-receptor pairs were identified with a minimum communi-
cation probability threshold of 0.05 and p value < 0.05. Outgoing 
and incoming signaling patterns were analyzed using the ne-
tAnalysis_computeCentrality and netAnalysis_signalingRole 
functions, respectively. For spatial transcriptomic data, cell–cell 
interactions were inferred using the SpaTalk algorithm with 
default parameters across three spatial scales: intraspot (same 
spatial coordinate), juxta-5 (neighboring five spots), and para-15 
(distant 15 spots).

2.4 | High-Dimensional Weighted Gene 
Coexpression Network Analysis (hdWGCNA)

hdWGCNA was performed on macrophage subpopula-
tions using the hdWGCNA package [21]. Soft-thresholding 
power selection was conducted using the pickSoftThreshold 
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function with power values ranging from 1 to 30. The opti-
mal soft-thresholding power was determined based on the 
scale-free topology fit index (R2 > 0.8 ) and mean connectiv-
ity. Signed coexpression networks were constructed using the 
blockwiseModules function with the following parameters: 
maxBlockSize = 10,000 , deepSplit = 4 , minModuleSize = 50 , 
mergeCutHeight = 0.15. Module eigengenes (MEs) were calcu-
lated as the first principal component of each module. Module 
membership (kME) was defined as the correlation between 
gene expression and ME. Hub genes were identified as the Top 
10 genes with highest kME values in each module. Module 
preservation analysis was performed to assess module stabil-
ity across datasets.

2.5 | Machine Learning-Based Prognostic Model 
Construction

One hundred fifty candidate genes were selected from the red, 
blue, and green modules (Top 50 genes per module based on 
kME values) for prognostic modeling. Uunivariate Cox regres-
sion analysis was performed to identify genes significantly as-
sociated with overall survival (OS) using the survival package 
(p  < 0.05). Ten machine learning algorithms were compared 
for model construction: CoxBoost, stepwise Cox regression 
(backward and forward), Ridge regression, Elastic Net regres-
sion (� = 0.1 − 0.9 , increments of 0.1), and Lasso regression. 
For each algorithm, fivefold cross-validation was performed 
to optimize hyperparameters. Model performance was evalu-
ated using time-dependent area under the receiver operating 
characteristic curve (AUC) at 1, 3, and 5 years with the tim-
eROC package. The optimal model was selected based on the 
highest average AUC across the TCGA-STAD and four GEO 
validation cohorts.

Risk scores were calculated for each patient using the formula: 
Risk Score = Σ (Coefficienti × Expressioni), where Coefficienti 
represents the gene coefficient derived from the CoxBoost al-
gorithm and Expressioni represents the normalized expression 
level of gene i. Patients were stratified into high-risk and low-
risk groups using the median risk score as the cutoff. Kaplan–
Meier survival analysis was performed using the survminer 
package, and statistical significance was assessed using the 
log-rank test. Multivariate Cox regression analysis was con-
ducted to evaluate the independent prognostic value of the 
risk score adjusting for clinical covariates (age, sex, stage, and 
Lauren classification). Meta-analysis of hazard ratios (HRs) 
across cohorts was performed using the meta package with a 
random-effects model.

2.6 | Spatial Transcriptomic Data Analysis

Spatial transcriptomic data preprocessing was performed using 
the Seurat and SpatialExperiment packages. Quality control 
filtering excluded spots with fewer than 500 detected genes or 
mitochondrial content exceeding 30%. Data normalization was 
conducted using SCTransform. Dimensionality reduction and 
clustering were performed using PCA and UMAP as described 
for scRNA-seq data. Spatial feature plots were generated to vi-
sualize gene expression and cluster distributions across tissue 

sections. Cell type deconvolution of spatial transcriptomic data 
was performed using the SPOTlight algorithm with scRNA-seq 
data as the reference. Metabolic pathway activity was inferred 
using the scMetabolism package [22]. Pathway activity scores 
were calculated using the Vision algorithm with default pa-
rameters. Spatial autocorrelation analysis was performed using 
Moran's I statistic to assess the spatial clustering of metabolic 
activities. This analytical framework is consistent with recent 
spatial multiomics studies that characterized tumor-stroma 
boundary cell features to predict breast cancer progression and 
therapy response [23].

2.7 | Statistical Analysis

All statistical analyses were performed in R Version 4.2.0. 
Continuous variables were compared using Student's t-test or 
Wilcoxon rank-sum test as appropriate. Categorical variables 
were compared using chi-square test or Fisher's exact test. 
Correlation analysis was performed using Pearson or Spearman 
correlation coefficients. Multiple testing correction was per-
formed using the Benjamini–Hochberg method. Statistical sig-
nificance was defined as p < 0.05.

3 | Results

3.1 | Single-Cell Atlas of GC Reveals Distinct 
Macrophage Subpopulations

To investigate the cellular heterogeneity in GC, we analyzed 
the GSE183904 scRNA-seq dataset. UMAP visualization iden-
tified nine major cell types, including T cells, plasma cells, epi-
thelial cells, fibroblasts, macrophages, endothelial cells, B cells, 
smooth muscle cells, and mast cells (Figure 1A). Analysis of cel-
lular composition across five paired samples (GC tissues versus 
normal tissues [NC]) revealed distinct distribution patterns be-
tween tumor and normal microenvironments (Figure 1B). The 
top five marker genes for each cell type were visualized in a dot 
plot, demonstrating the specific expression signatures of each 
cluster (Figure 1C).

To further characterize macrophage heterogeneity, we extracted 
macrophages from the overall dataset and performed second-
ary clustering. UMAP visualization revealed distinct distribu-
tion patterns between normal and tumor groups (Figure 1D). 
Comparative analysis of cluster proportions between the two 
groups identified Clusters 1, 2, 6, and 10 as significantly ex-
panded in tumor tissues, which we designated as GC-associated 
macrophages (GC_Macro), whereas the remaining clusters were 
classified as Other_Macro (Figure 1E).

Cell–cell communication analysis revealed extensive interac-
tions among different cell types. The network analysis showed 
both the number of interactions and interaction weights/
strength among various cell populations (Figure 1F). Bubble 
plots of significant ligand-receptor pairs demonstrated distinct 
communication probabilities between different cell types, 
with dot size indicating statistical significance (Figure 1G). 
Analysis of outgoing and incoming signaling patterns re-
vealed cell type-specific communication profiles (Figure 1H). 
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FIGURE 1   |   Single-cell transcriptomic atlas reveals cellular heterogeneity and macrophage subpopulations in gastric cancer. (A) UMAP visualiza-
tion identifies nine major cell types from five-paired gastric cancer and normal tissues. (B) UMAP plots show distinct cellular composition between 
normal and tumor tissues. (C) Dot plot displays the top five marker genes defining each cell type. (D) Reclustering of macrophages reveals distinct 
subpopulations in normal and tumor tissues. (E) Differential abundance analysis identifies Clusters 1, 2, 6, and 10 as significantly expanded in tumor 
tissues (the absolute values of cell population in tumor and normal tissues are compared). (F) Circle plots depict the number and strength of inter-
cellular interactions among all cell types. (G) Bubble plot shows significant ligand-receptor pairs between different cell populations. (H) Heatmap 
reveals cell type-specific outgoing and incoming signaling patterns. (I) Scatter plot demonstrates that macrophages exhibit distinct communication 
strengths compared with other cell types.
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Furthermore, scatter plot analysis of overall communication 
strength showed that macrophages exhibited distinct patterns 
of outgoing and incoming signal intensities compared with 
other cell types (Figure 1I).

3.2 | Identification of Macrophage Signature Genes 
Through hdWGCNA Analysis

To identify gene modules associated with GC-specific mac-
rophages, we performed hdWGCNA. Soft-threshold power 
selection analysis indicated an optimal power value for con-
structing scale-free networks, as evidenced by the scale-free to-
pology fit index, mean connectivity, and signed network metrics 
(Figure 2A). Hierarchical clustering dendrogram based on the 
topological overlap matrix (TOM) revealed distinct coexpres-
sion modules, represented by different colors (Figure 2B).

 MEs analysis identified nine coexpression modules (brown, 
magenta, turquoise, black, blue, pink, green, yellow and red). 
For each module, we visualized the distribution of module mem-
bership (kME) values and listed the top 10 hub genes ranked 
by kME  (Figure 2C). Correlation analysis between modules 
showed varying degrees of relationships, with some modules 
exhibiting strong positive correlations whereas others showed 
no significant association (Figure 2D). Spatial visualization of 
MEs on the UMAP plot revealed distinct expression patterns 
among macrophage subpopulations (Figure 2E). Bubble plot 
analysis of ME expression across different cell clusters indicated 
that the red, blue, and green modules were specifically enriched 
in the GC-expanded macrophage clusters (Clusters 1, 2, 6, and 
10). Based on these findings, we selected the top 50 genes from 
each of these three modules for subsequent prognostic analysis 
(Figure 2F).

3.3 | Machine Learning-Based Construction of a 
Macrophage-Related Prognostic Signature

From the 150 candidate genes derived from hdWGCNA anal-
ysis, we performed univariate Cox regression analysis and 
identified 16 genes significantly associated with OS. Forest plot 
visualization revealed their HRs and 95% confidence intervals 
(CIs), with UPP1, FCGR2A, and SDC2 showing the highest risk 
associations (HR > 1.3) (Figure 3A).

We compared 10 different machine learning algorithms for 
prognostic model construction, including CoxBoost, StepCox 
(backward and forward), Ridge regression, Elastic Net (various 
alpha values), and Lasso regression. Evaluation of 1-, 3-, and 
5-year area under the curve (AUC) values across multiple co-
horts (TCGA-STAD and four GEO datasets) demonstrated that 
CoxBoost achieved the highest average AUC (0.680 at 1-year, 
0.687 at 3-year, and 0.655 at 5-year), indicating superior predic-
tive performance (Figure 3B). Analysis of gene coefficients across 
different algorithms revealed that UPP1 consistently showed the 
highest coefficient in the CoxBoost model, followed by VCAN, 
ELL2, ABCA1, TUBA1A, MX2, and TSPO (Figure 3C).

Meta-analysis of the prognostic model across seven cohorts con-
firmed the robustness of our signature, with a combined HR 

of 1.9107 (95% CI: 1.5955–2.2883) and moderate heterogeneity 
(I2 = 50%) (Figure 3D). Kaplan–Meier survival analysis consis-
tently demonstrated that patients in the high-risk group had sig-
nificantly worse OS, disease-free survival, and progression-free 
interval compared with the low-risk group across all cohorts (p 
< 0.05 for all comparisons) (Figure 3E).

Subsequently, we analyzed UPP1 expression in GC and nor-
mal tissues, and found that UPP1 was significantly elevated 
in GC tissues (p = 0.00053; Figure 3F). The correlation heat-
map illustrates the correlation between UPP1 gene expression 
and the cancer-immunity cycle steps in GC tissues, where red 
indicates positive correlation and blue indicates negative cor-
relation; the arcs on the right show that UPP1 is positively cor-
related (green lines) with the recruitment of multiple effector 
immune cells including CD8+ T cells, Th1 cells, and NK cells, 
whereas negatively correlated (orange lines) with immuno-
suppressive cells such as Tregs and MDSCs (Figure 3G). This 
seemingly complex pattern—effector cell enrichment along-
side poor prognosis—suggests a context-dependent immune 
landscape rather than a simple pro- or anti-inflammatory di-
chotomy (see Discussion).

Furthermore, we analyzed the immune feature scores in GC 
samples with different UPP1 expression levels, and revealed 
substantial heterogeneity in immune infiltration patterns 
between high and low UPP1 expression groups (Figure 3H). 
Considerable variation in the expression, copy number varia-
tion (CNV), and epigenetic alterations of most immune-related 
genes across GC samples with different UPP1 expression lev-
els was observed in the TCGA-STAD cohort, indicating that 
UPP1 expression status is associated with widespread hetero-
geneity in the tumor immune microenvironment (Figure 3I).

3.4 | Characterization of UPP1+ TAMs and Their 
Cellular Interactions

Focusing on the TME, we reclustered the tumor samples (ex-
cluding normal tissues) and identified nine cell types: T cells, 
plasma cells, malignant cells, TAMs, cancer-associated fi-
broblasts (CAF), tumor endothelial cells (TEC), mast cells, B 
cells, and smooth muscle cells (Figure 4A). Feature plot anal-
ysis revealed that UPP1 was predominantly expressed in the 
TAM population (Figure 4B).

Subclustering of TAMs identified distinct subpopulations with 
heterogeneous UPP1 expression patterns (Figure 4C,D). Density 
plot analysis enabled the classification of UPP1-high and 
UPP1-low TAM subgroups. Cell–cell communication analysis 
comparing UPP1+ TAM versus UPP1− TAM revealed distinct 
communication patterns with other cell types, with UPP1+ TAM 
showing enhanced interactions with malignant cells, CAF, and 
TEC (Figure 4E). Notably, CAFs have been reported to regulate 
cancer stem cell stemness through the Wnt/β-catenin and SDF-1/
CXCR4 pathways [24], suggesting that the CAF-TAM crosstalk 
may contribute to GC progression via analogous mechanisms.

Detailed analysis of ligand-receptor interactions showed that 
UPP1+ TAM exhibited specific communication patterns with 
malignant cells through various signaling pathways (Figure 4F). 
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FIGURE 2   |   High-dimensional weighted gene coexpression network analysis identifies macrophage module genes associated with gastric cancer. 
(A) Soft-thresholding power analysis determines the optimal power value for scale-free network construction. (B) Hierarchical clustering dendro-
gram reveals nine distinct coexpression modules based on topological overlap. (C) Module eigengene analysis lists the Top 10 hub genes for the red, 
blue, and green modules. (D) Correlation heatmap shows the relationships between module eigengenes. (E) UMAP visualization demonstrates spe-
cific enrichment patterns of the red, blue, and green modules across macrophage subpopulations. (F) Bubble plot confirms that the red, blue, and 
green modules are specifically enriched in GC-expanded macrophage clusters.
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Notably, UPP1+ TAM demonstrated enhanced interactions 
with TEC through angiogenesis-related ligand-receptor pairs 
(Figure 4G). Furthermore, UPP1+ TAM showed distinct im-
munomodulatory interactions with T cells, suggesting potential 
roles in immune regulation (Figure 4H).

3.5 | Spatial Transcriptomic Analysis Reveals 
Metabolic Heterogeneity in GC

To investigate the spatial organization of GC, we analyzed spa-
tial transcriptomic data from GSE251950. UMAP visualization of 
spatial spots identified 14 distinct clusters with unique spatial dis-
tribution patterns (Figure 5A,B). Analysis of TAM signature gene 
expression across spatial clusters revealed that UPP1, TSPO, and 
FCGR2A were enriched in specific spatial regions (Figure 5C).

Metabolic pathway enrichment analysis across spatial clusters 
revealed distinct metabolic profiles. Clusters exhibited differ-
ential enrichment in various metabolic pathways, including 

glycolysis, gluconeogenesis, amino acid metabolism, and lipid 
metabolism (Figure 5D–F). Notably, certain clusters showed 
high activity in galactose metabolism and glycerophospho-
lipid metabolism, suggesting metabolic heterogeneity within 
the TME.

3.6 | Spatial Deconvolution Reveals UPP1+ 
TAM-Mediated Cellular Networks

Spatial feature plot visualization demonstrated distinct UPP1 
expression patterns across the tissue section, with concentrated 
expression in specific tumor regions (Figure 6A). Analysis of 
cell type enrichment revealed the spatial distribution of various 
cell populations, including malignant cells, TAM subsets, and 
stromal components (Figure 6B).

Spatial interaction analysis ranked different target cell types 
by their spatial association significance. UPP1+ TAM showed 
the strongest spatial interactions with malignant cells and 
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FIGURE 3   |   Machine learning-based construction and validation of a macrophage-related prognostic gene signature for gastric cancer. (A) Forest 
plot displays univariate Cox regression results for 16 genes significantly associated with overall survival. (B) Bar plot compares the predictive per-
formance of 10 machine learning algorithms across multiple cohorts. (C) Coefficient values show that UPP1 contributes most significantly to the 
CoxBoost prognostic model. (D) Meta-analysis forest plot demonstrates a combined hazard ratio of 1.9107 across seven independent cohorts. (E) 
Kaplan–Meier survival curves consistently show that high-risk patients have significantly worse outcomes across all cohorts. (F) UPP1 is signifi-
cantly elevated in GC compared with normal tissues (p = 0.00053). (G) The correlation heatmap shows the correlations between UPP1 expression 
and each step of cancer immunity cycle in gastric cancer. (H) Immune feature scores in GC samples with different UPP1 expression levels. (I) 
Considerable variation in the expression, CNV, and epigenetic alterations of most immune-related genes with different UPP1 expression levels in the 
TCGA-STAD cohort.
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other immune components (Figure 6C). Multiscale spatial in-
teraction analysis revealed that different cell types contributed 
variably across spatial scales: intraspot (within the same spot), 
juxta-5 (neighboring five spots), and para-15 (distant 15 spots) 

(Figure 6D). Network visualization at each spatial scale demon-
strated distinct interaction patterns, with UPP1+ TAM forming 
tight interaction modules at the intraspot level and extending 
communications at broader spatial ranges (Figure 6E–G).
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FIGURE 4   |   Characterization of UPP1+ tumor-associated macrophages and their intercellular communication networks. (A) UMAP visualiza-
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Comprehensive spatial cell type mapping confirmed the colo-
calization of UPP1+ TAM with malignant and immune cells 
(Figure 6H). Ligand-receptor analysis identified the Top 50 signifi-
cant pairs, with SPON2-ITGB1 ranking highest (Figure 6I). Spatial 
visualization of SPON2-ITGB1 interaction scores revealed concen-
trated signaling hotspots (Figure 6J). Integrin-mediated signaling 
is a well-established driver of cancer cell migration and invasion; 
for instance, osthole has been shown to inhibit the migration and 

invasion of highly metastatic breast cancer cells by suppressing 
ITGα3/ITGβ5 signaling [25], supporting the functional relevance 
of the SPON2-ITGB1 axis in the GC TME. Cell–cell interaction 
heatmaps demonstrated extensive ligand-receptor communica-
tions across the tissue (Figure 6K,L). Finally, network analysis 
integrating UPP1+ TAM and UPP1− TAM interactions illustrated 
the central role of UPP1+ TAM in orchestrating cellular communi-
cations within the TME (Figure 6M).
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4 | Discussion

In this study, we integrated single-cell transcriptomics, bulk 
RNA-seq, and spatial transcriptomics to systematically char-
acterize TAM heterogeneity in GC. Our analysis identified 
distinct macrophage subpopulations with tumor-specific ex-
pansion patterns and constructed a robust prognostic signature 
through machine learning approaches. Furthermore, spatial 
transcriptomic analysis revealed the metabolic heterogene-
ity and cellular interaction networks within the TME. These 
findings provide novel insights into the molecular programs 
governing TAM function and establish potential therapeutic 
targets for GC intervention.

The TME in GC is characterized by extensive cellular heteroge-
neity and complex intercellular communication networks [26–28]. 
Our single-cell analysis revealed nine major cell types with dis-
tinct transcriptional profiles, consistent with previous reports on 
GC cellular architecture. Notably, we identified four macrophage 
clusters significantly expanded in tumor tissues, designated as 
GC-associated macrophages. These findings align with emerg-
ing evidence that TAMs in solid tumors exhibit substantial het-
erogeneity beyond the traditional M1/M2 dichotomy. The distinct 
distribution patterns between tumor and normal tissues suggest 
that specific macrophage subpopulations are selectively recruited 
or educated within the malignant microenvironment, potentially 
driven by tumor-derived cytokines and metabolic cues.
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Through hdWGCNA analysis, we identified nine coexpression 
modules with distinct expression patterns across macrophage 
subpopulations. The red, blue, and green modules, specifically 
enriched in GC-expanded macrophage clusters, contained genes 
associated with immune regulation, metabolic reprogramming, 
and extracellular matrix remodeling. Machine learning-based 
prognostic modeling further refined these candidates to a sev-
en-gene signature (UPP1, VCAN, ELL2, ABCA1, TUBA1A, 
MX2, and TSPO) with robust predictive performance across 

multiple independent cohorts. The superior performance of the 
CoxBoost algorithm, which achieved the highest average AUC 
values, highlights the utility of gradient boosting methods in 
handling high-dimensional genomic data with complex interac-
tion patterns.

Among the prognostic genes identified, UPP1 emerged as the 
most significant contributor to the risk model. UPP1 encodes 
uridine phosphorylase 1, a key enzyme in pyrimidine salvage 
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metabolism that has been implicated in tumor progression and 
chemoresistance in various malignancies [29–32]. Our analysis 
revealed that UPP1 is predominantly expressed in a specific TAM 
subpopulation with enhanced interactions with malignant cells, 
endothelial cells, and fibroblasts. This suggests that UPP1+ TAMs 
may constitute a functionally distinct subset that promotes tumor 
progression through multiple mechanisms, including metabolic 
support of cancer cells, angiogenesis induction, and immuno-
suppression. The metabolic enzyme function of UPP1 raises the 
intriguing possibility that these macrophages undergo specific 
metabolic adaptations to fuel tumor growth, warranting further 
investigation into their metabolic dependencies.

Our data reveal an apparent paradox: UPP1+ TAMs correlate 
with poor prognosis yet also with increased recruitment of CD8+ 
T, Th1, and NK cells. This is not contradictory. First, effector 
T cells in the TME are often functionally exhausted. Second, 
UPP1 is a metabolic enzyme that consumes uridine, depriving 
T cells of essential nutrients and suppressing their function de-
spite their presence [29, 30]. Third, TAMs are highly plastic and 
may simultaneously produce proinflammatory and immuno-
suppressive signals. Thus, UPP1+ TAMs create a metabolically 
hostile niche where immune cells are recruited but rendered 
ineffective.

The spatial transcriptomic analysis provided critical insights into 
the tissue architecture and metabolic zonation of GC. We observed 
distinct metabolic profiles across spatial clusters, with specific re-
gions showing enrichment in galactose metabolism, glycerophos-
pholipid metabolism, and amino acid metabolism. This metabolic 
heterogeneity likely reflects the varying oxygen and nutrient avail-
ability across the tumor landscape, as well as the metabolic pref-
erences of different cell populations. The colocalization of UPP1+ 
TAM with malignant cells and the identification of SPON2-ITGB1 
as a top-ranked ligand-receptor pair suggest active metabolic and 
signaling crosstalk within specific tumor niches. SPON2 (spon-
din-2) is an extracellular matrix protein that promotes tumor cell 
migration and invasion through integrin-mediated signaling, and 
its interaction with ITGB1 on TAMs may represent a novel axis for 
therapeutic intervention [33, 34].

UPP1 dysregulation is not restricted to GC. Elevated UPP1 has 
been reported in glioblastoma (correlating with immunosup-
pression) [35], breast cancer (promoting premetastatic niche 
formation via uracil-fibronectin axis) [30], and pancreatic can-
cer (supporting uridine catabolism under nutrient stress) [29]. 
Regarding targeted therapy, no UPP1 inhibitor is clinically ap-
proved and no registered trials are ongoing; however, preclinical 
evidence with the inhibitor 5-benzylacyclouridine (5-BAU) in 
melanoma models suggests UPP1 is a tractable target [36]. These 
findings support further exploration of UPP1 as a therapeutic 
and biomarker candidate.

Several limitations of this study should be acknowledged. First, 
the scRNA-seq dataset was limited to five paired samples, which 
may not capture the full spectrum of interpatient heterogeneity. 
Second, the prognostic model was derived and validated using ret-
rospective public cohorts (TCGA-STAD and GEO datasets). The 
retrospective nature of these cohorts may introduce selection bias, 
and prospective clinical validation is needed to establish the mod-
el's utility for patient stratification. Third, platform heterogeneity 

and batch effects between different sequencing technologies (e.g., 
RNA-seq vs. microarray, different GEO datasets) could affect the 
robustness of the prognostic signature, although we applied batch 
correction and independent validation across multiple cohorts to 
mitigate this issue. Fourth, the spatial transcriptomic analysis was 
derived from a single dataset (GSE251950) with limited sample 
breadth and regional coverage; therefore, the spatial interaction 
networks and metabolic zonation patterns should be validated in 
larger and more diverse spatial cohorts. Fifth, although our spatial 
analysis identified candidate interaction networks, functional val-
idation through in vitro and in vivo experiments is necessary to es-
tablish causal relationships. Finally, the molecular mechanisms by 
which UPP1+ TAM promote tumor progression, particularly the 
proposed metabolic competition hypothesis, remain to be eluci-
dated through targeted genetic or pharmacological perturbations.

5 | Conclusions

In conclusion, our multiomics analysis reveals the heterogeneity 
of TAMs in GC and identifies a prognostic gene signature with 
potential clinical utility. The characterization of UPP1+ TAM as 
a functionally distinct subpopulation with context-dependent 
immunometabolic activities and dual immunomodulatory func-
tions provides a foundation for developing targeted therapeu-
tic strategies. Future studies should focus on validating these 
findings in larger clinical cohorts and exploring the therapeutic 
potential of targeting UPP1+ TAM-mediated metabolic and sig-
naling networks in GC.

Author Contributions

Zhaoyan Li: conceptualization, review and editing, writing—original 
draft; Ming Xu: conceptualization and writing—original draft; Yuqing 
Huang: data curation and visualization; Yuan Wu: methodology and val-
idation; Jiafeng Lu: formal analysis and methodology; Guangtao Zhang: 
conceptualization, supervision, and visualization; Lan Zheng: funding 
acquisition, writing—review and editing, and validation. Zhaoyan Li, 
Ming Xu, and Yuqing Huang contributed equally to this study.

Acknowledgments

Thanks are due to the researchers who would like to share their data 
for this analysis.

Funding

This study was supported by National Natural Science Foundation of 
China (10.13039/501100001809, 82305103); The Shanghai Program for 
Leading Talents in Traditional Chinese Medicine (Shanghai Municipal 
Health Commission, [2021] No.2; Traditional Chinese Medicine 
Scientific Research Project of Jiading District Health Commission, 
Shanghai (No. 2023-KY-ZYY-02); Traditional Chinese Medicine 
Scientific Research Project of Jiading District Health Commission, 
Shanghai (No.2023-KY-ZYY-02); Three-Year Action Plan for 
Further Accelerating the Inheritance and Innovative Development 
of Traditional Chinese Medicine in Shanghai [2025–2027]) (ZY 
[2025-2027]-2-1-2).

Disclosure

All authors reviewed and approved the final version of the manuscript 
and agree to be accountable for the accuracy and integrity of the work.

https://doi.org/10.13039/501100001809


19 of 20

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are available from the 
corresponding authors upon reasonable request.

References

1. A. K. Patel, N. S. Sethi, and H. Park, “Gastric Cancer: A 
Review,” JAMA 335, no. 5 (2026): 439–450, https://doi.org/10.1001/
jama.2025.20034.

2. P. Danpanichkul, Y. Pang, P. Tothanarungroj, et al., “Gastrointestinal 
Cancer Statistics in 2022 and Projection to 2050: GLOBOCAN Estimates 
Across 185 Countries,” Cancer 132, no. 1 (2026): e70245, https://doi.
org/10.1002/cncr.70245.

3. Y. J. Kim, H. D. Kim, J. Hyung, and M. H. Ryu, “Neoadjuvant 
Chemotherapy for Gastric Cancer: Evolving Approaches and Supporting 
Evidence,” Journal of Gastric Cancer 26, no. 1 (2026): 106–126, https://
doi.org/10.5230/jgc.2026.26.e2.

4. J. Chen, J. Wang, L. Cai, and J. Li, “Gastric and Upper Gastrointestinal 
Oncology: Integrating Breakthroughs From Prevention To Precision 
Therapeutics,” Experimental Hematology & Oncology 15, no. 1 (2026): 5, 
https://doi.org/10.1186/s40164-025-00741-5.

5. V. Vohra, M. Dhanawat, R. Chalotra, et al., “Shaping Immunotherapy 
Through the Tumor Microenvironment: Translational Perspectives,” 
Critical Reviews in Oncology/Hematology 220 (2026): 105169, https://
doi.org/10.1016/j.critrevonc.2026.105169.

6. D. Hanahan, “Hallmarks of Cancer-Then and Now, and Beyond,” 
Cell 189, no. 8 (2026): 2254–2277, https://doi.org/10.1016/j.
cell.2025.12.049.

7. W. Tang, X. Wang, B. Han, S. H. Jiang, and H. Cao, “Tumor-
Associated Macrophages in Cancer: From Mechanisms to Application,” 
Molecular Biomedicine 6, no. 1 (2025): 145, https://doi.org/10.1186/
s43556-025-00396-y.

8. Z. Huang, Y. Li, Y. Qian, et al., “An LCN2-Dependent Positive-
Feedback Loop Between Gastric Cancer Cells and Tumor-Associated-
Macrophages Mediates Lymphangiogenesis and Lymphatic Metastasis,” 
Advanced Science 12, no. 44 (2025): e08352, https://doi.org/10.1002/
advs.202508352.

9. W. Liu, C. Wang, L. Liang, et al., “Single-Cell RNA Sequencing 
Analysis Revealed the Immunosuppressive Remodeling of Tumor-
Associated Macrophages Mediated by the MIF-CD74 Axis in Gastric 
Cancer,” Scientific Reports 15, no. 1 (2025): 26883, https://doi.
org/10.1038/s41598-025-10301-w.

10. Q. Wang, and W. Ma, “Revisiting TAM Polarization: Beyond M1- 
and M2-Type TAM Toward Clinical Precision in Macrophage-Targeted 
Therapy,” Experimental and Molecular Pathology 143 (2025): 104982, 
https://doi.org/10.1016/j.yexmp.2025.104982.

11. A. Drackley, C. Somerville, P. Arnaud, et al., “Interpretation and 
Classification of FBN1 Variants Associated With Marfan Syndrome: 
Consensus Recommendations From the Clinical Genome Resource's 
FBN1 Variant Curation Expert Panel,” Genome Medicine 16, no. 1 
(2024): 154.

12. Q. Yang, J. Yan, and Q. Yang, “Metabolic Reprogramming of 
Efferocytosis in the Tumour Microenvironment: From Apoptotic-
Cell Clearance to Therapeutic Targeting,” Clinical and Translational 
Medicine 16, no. 2 (2026): e70601, https://doi.org/10.1002/ctm2.70601.

13. J. P. Wang, C. C. An, Z. N. Wang, Z. J. Wei, and Y. Dai, “The 
Identification of LA-Tumor Associated Macrophages in Immune 
Modulation via Amyloid-Beta Precursor Protein/CD74 Signal Pathway 

in Gastric Cancer: A Predictive Module and Machine Learning,” 
Frontiers in Oncology 15 (2026): 1752562, https://doi.org/10.3389/
fonc.2025.1752562.

14. C. Y. Hsu, A. El-Sehrawy, M. R. Baig, et al., “Metabolic Adaptation 
in Colorectal Cancer Microenvironment: Focus on Cancer-Associated 
Fibroblasts (CAFs) and Tumor-Associated Macrophages (TAMs),” 
Experimental Cell Research 455, no. 1 (2026): 114867, https://doi.
org/10.1016/j.yexcr.2025.114867.

15. V. Kumar, K. Ramnarayanan, R. Sundar, et al., “Single-Cell Atlas 
of Lineage States, Tumor Microenvironment, and Subtype-Specific 
Expression Programs in Gastric Cancer,” Cancer Discovery 12, no. 3 
(2022): 670–691, https://doi.org/10.1158/2159-8290.CD-21-0683.

16. S. H. Lee, D. Lee, J. Choi, et al., “Spatial Dissection of Tumour 
Microenvironments in Gastric Cancers Reveals the Immunosuppressive 
Crosstalk Between CCL2+ Fibroblasts and STAT3-Activated 
Macrophages,” Gut 74, no. 5 (2025): 714–727, https://doi.org/10.1136/
gutjnl-2024-332901.

17. The Cancer Genome Atlas Research Network, “Comprehensive 
Molecular Characterization of Gastric Adenocarcinoma,” Nature 513, 
no. 7517 (2014): 202–209, https://doi.org/10.1038/nature13480.

18. S. C. Oh, B. H. Sohn, J. H. Cheong, et al., “Clinical and Genomic 
Landscape of Gastric Cancer With a Mesenchymal Phenotype,” 
Nature Communications 9, no. 1 (2018): 1777, https://doi.org/10.1038/
s41467-018-04179-8.

19. C. H. Ooi, T. Ivanova, J. Wu, et al., “Oncogenic Pathway 
Combinations Predict Clinical Prognosis in Gastric Cancer,” PLoS 
Genetics 5, no. 10 (2009): e1000676, https://doi.org/10.1371/journal.
pgen.1000676.

20. S. Jin, C. F. Guerrero-Juarez, L. Zhang, et al., “Inference and 
Analysis of Cell-Cell Communication Using CellChat,” Nature 
Communications 12, no. 1 (2021): 1088, https://doi.org/10.1038/
s41467-021-21246-9.

21. S. Morabito, F. Reese, N. Rahimzadeh, E. Miyoshi, and V. Swarup, 
“hdWGCNA Identifies Co-Expression Networks in High-Dimensional 
Transcriptomics Data,” Cell Reports Methods 3, no. 6 (2023): 100498, 
https://doi.org/10.1016/j.crmeth.2023.100498.

22. Y. Wu, S. Yang, J. Ma, et al., “Spatiotemporal Immune Landscape 
of Colorectal Cancer Liver Metastasis at Single-Cell Level,” Cancer 
Discovery 12, no. 1 (2022): 134–153, https://doi.org/10.1158/2159-8290.
CD-21-0316.

23. Y. Wu, Y. Shi, Z. Luo, et al., “Spatial Multi-Omics Analysis 
of Tumor-Stroma Boundary Cell Features for Predicting Breast 
Cancer Progression and Therapy Response,” Frontiers in Cell and 
Developmental Biology 13 (2025): 1570696, https://doi.org/10.3389/
fcell.2025.1570696.

24. H. Chen, Z. Li, Y. Yue, et al., “CAF-Mediated Regulation of Prostate 
Cancer Stem Cell Stemness via the Wnt/β-catenin and SDF-1/CXCR4 
Pathways in Castration-Resistant Prostate Cancer,” Frontiers in Cell 
and Developmental Biology 13 (2025): 1617200, https://doi.org/10.3389/
fcell.2025.1617200.

25. Y. Q. Chen, H. Y. Song, Z. Y. Zhou, et al., “Osthole Inhibits the 
Migration and Invasion of Highly Metastatic Breast Cancer Cells by 
Suppressing ITGα3/ITGβ5 Signaling,” Acta Pharmacologica Sinica 43, 
no. 6 (2022): 1544–1555, https://doi.org/10.1038/s41401-021-00757-7.

26. T. Yasuda, and Y. A. Wang, “Gastric Cancer Immunosuppressive 
Microenvironment Heterogeneity: Implications for Therapy 
Development,” Trends in Cancer 10, no. 7 (2024): 627–642, https://doi.
org/10.1016/j.trecan.2024.03.008.

27. A. Sathe, S. M. Grimes, B. T. Lau, et al., “Single-Cell Genomic 
Characterization Reveals the Cellular Reprogramming of the Gastric 
Tumor Microenvironment,” Clinical Cancer Research 26, no. 11 (2020): 
2640–2653, https://doi.org/10.1158/1078-0432.CCR-19-3231.

https://doi.org/10.1001/jama.2025.20034
https://doi.org/10.1001/jama.2025.20034
https://doi.org/10.1002/cncr.70245
https://doi.org/10.1002/cncr.70245
https://doi.org/10.5230/jgc.2026.26.e2
https://doi.org/10.5230/jgc.2026.26.e2
https://doi.org/10.1186/s40164-025-00741-5
https://doi.org/10.1016/j.critrevonc.2026.105169
https://doi.org/10.1016/j.critrevonc.2026.105169
https://doi.org/10.1016/j.cell.2025.12.049
https://doi.org/10.1016/j.cell.2025.12.049
https://doi.org/10.1186/s43556-025-00396-y
https://doi.org/10.1186/s43556-025-00396-y
https://doi.org/10.1002/advs.202508352
https://doi.org/10.1002/advs.202508352
https://doi.org/10.1038/s41598-025-10301-w
https://doi.org/10.1038/s41598-025-10301-w
https://doi.org/10.1016/j.yexmp.2025.104982
https://doi.org/10.1002/ctm2.70601
https://doi.org/10.3389/fonc.2025.1752562
https://doi.org/10.3389/fonc.2025.1752562
https://doi.org/10.1016/j.yexcr.2025.114867
https://doi.org/10.1016/j.yexcr.2025.114867
https://doi.org/10.1158/2159-8290.CD-21-0683
https://doi.org/10.1136/gutjnl-2024-332901
https://doi.org/10.1136/gutjnl-2024-332901
https://doi.org/10.1038/nature13480
https://doi.org/10.1038/s41467-018-04179-8
https://doi.org/10.1038/s41467-018-04179-8
https://doi.org/10.1371/journal.pgen.1000676
https://doi.org/10.1371/journal.pgen.1000676
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1016/j.crmeth.2023.100498
https://doi.org/10.1158/2159-8290.CD-21-0316
https://doi.org/10.1158/2159-8290.CD-21-0316
https://doi.org/10.3389/fcell.2025.1570696
https://doi.org/10.3389/fcell.2025.1570696
https://doi.org/10.3389/fcell.2025.1617200
https://doi.org/10.3389/fcell.2025.1617200
https://doi.org/10.1038/s41401-021-00757-7
https://doi.org/10.1016/j.trecan.2024.03.008
https://doi.org/10.1016/j.trecan.2024.03.008
https://doi.org/10.1158/1078-0432.CCR-19-3231


20 of 20 Human Mutation, 2026

28. D. Zeng, M. Li, R. Zhou, et al., “Tumor Microenvironment 
Characterization in Gastric Cancer Identifies Prognostic and 
Immunotherapeutically Relevant Gene Signatures,” Cancer Immunology 
Research 7, no. 5 (2019): 737–750, https://doi.org/10.1158/2326-6066.
CIR-18-0436.

29. Z. C. Nwosu, M. H. Ward, P. Sajjakulnukit, et al., “Uridine-Derived 
Ribose Fuels Glucose-Restricted Pancreatic Cancer,” Nature 618, 
no. 7963 (2023): 151–158, https://doi.org/10.1038/s41586-023-06073-w.

30. D. Whyte, S. L. Fisher, C. G. J. McKenzie, et al., “Uridine 
Phosphorylase-1 Supports Metastasis by Altering Immune and 
Extracellular Matrix Landscapes,” EMBO Reports 26, no. 17 (2025): 
4248–4282, https://doi.org/10.1038/s44319-025-00520-7.

31. X. Liu, Y. Ma, C. Feng, et al., “UPP1/ARNT Positive Feedback 
Loop Drives Gastric Cancer Progression Through Metabolism 
Reprogramming,” Medical Oncology 43, no. 1 (2026): 21, https://doi.
org/10.1007/s12032-025-03120-6.

32. Y. Guan, A. Bhandari, X. Zhang, and O. Wang, “Uridine 
Phosphorylase 1 Associates to Biological and Clinical Significance 
in Thyroid Carcinoma Cell Lines,” Journal of Cellular and Molecular 
Medicine 23, no. 11 (2019): 7438–7448, https://doi.org/10.1111/
jcmm.14612.

33. C. Huang, R. Ou, X. Chen, et al., “Tumor Cell-Derived SPON2 
Promotes M2-polarized Tumor-Associated Macrophage Infiltration 
and Cancer Progression by Activating PYK2 in CRC,” Journal of 
Experimental & Clinical Cancer Research 40, no. 1 (2021): 304, https://
doi.org/10.1186/s13046-021-02108-0.

34. S. Kuramitsu, T. Masuda, Q. Hu, et al., “Cancer-Associated 
Fibroblast-Derived Spondin-2 Promotes Motility of Gastric Cancer 
Cells,” Cancer Genomics & Proteomics 18, no. 4 (2021): 521–529, https://
doi.org/10.21873/cgp.20277.

35. K. Qian, Z. Jia, Q. Cai, et al., “UPP1 Is a Dual Biomarker of Prognosis 
and Immune Microenvironment in IDH Wild-Type Glioblastoma,” 
Scientific Reports 15, no. 1 (2025): 31677, https://doi.org/10.1038/
s41598-025-16907-4.

36. K. McGrail, P. Granado-Martinez, R. Orsenigo, et al., “Transcriptional 
Reprogramming Triggered by Neonatal UV Radiation or Lkb 1 Loss 
Prevents BRAF (V600E)-Induced Growth Arrest in Melanocytes,” 
Oncogene 44, no. 21 (2025): 1592–1608.

https://doi.org/10.1158/2326-6066.CIR-18-0436
https://doi.org/10.1158/2326-6066.CIR-18-0436
https://doi.org/10.1038/s41586-023-06073-w
https://doi.org/10.1038/s44319-025-00520-7
https://doi.org/10.1007/s12032-025-03120-6
https://doi.org/10.1007/s12032-025-03120-6
https://doi.org/10.1111/jcmm.14612
https://doi.org/10.1111/jcmm.14612
https://doi.org/10.1186/s13046-021-02108-0
https://doi.org/10.1186/s13046-021-02108-0
https://doi.org/10.21873/cgp.20277
https://doi.org/10.21873/cgp.20277
https://doi.org/10.1038/s41598-025-16907-4
https://doi.org/10.1038/s41598-025-16907-4

	Integrative Multiomics Analysis Reveals Tumor-Associated Macrophage Heterogeneity and a Prognostic Signature in Gastric Cancer
	1 | Introduction
	2 | Materials and Methods
	2.1 | Data Acquisition and Preprocessing
	2.2 | Cell Type Annotation and Subpopulation Analysis
	2.3 | Cell–Cell Communication Analysis
	2.4 | High-Dimensional Weighted Gene Coexpression Network Analysis (hdWGCNA)
	2.5 | Machine Learning-Based Prognostic Model Construction
	2.6 | Spatial Transcriptomic Data Analysis
	2.7 | Statistical Analysis

	3 | Results
	3.1 | Single-Cell Atlas of GC Reveals Distinct Macrophage Subpopulations
	3.2 | Identification of Macrophage Signature Genes Through hdWGCNA Analysis
	3.3 | Machine Learning-Based Construction of a Macrophage-Related Prognostic Signature
	3.4 | Characterization of UPP1+ TAMs and Their Cellular Interactions
	3.5 | Spatial Transcriptomic Analysis Reveals Metabolic Heterogeneity in GC
	3.6 | Spatial Deconvolution Reveals UPP1+ TAM-Mediated Cellular Networks

	4 | Discussion
	5 | Conclusions
	Author Contributions
	Acknowledgments
	Funding
	Disclosure
	Conflicts of Interest
	Data Availability Statement




