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Multi-omics analyses reveal interactions
between GREM1+ fibroblasts and SPP1+
macrophages in gastric cancer

Check for updates

Lupeng Qiu1,2,5, Xiao Zhao3,5, Sheng Yao4, Yang Fei4, Yixin Gong2, Zishan Zhou2, Shunchang Jiao3 &
Jianming Xu1,3

Gastric cancer (GC) is among themost lethal humanmalignancies with limited treatment options. Cell-cell
interactions within the tumor microenvironment (TME) can promote tumor growth, yet their therapeutic
value has not been fully explored. Here, bulk RNA-seq, single-cell RNA sequencing (scRNA-seq), and
spatial transcriptomics (ST) were integrated to analyze the heterogeneity of GCmicroenvironment. Tumor-
specificGREM1+fibroblastsandSPP1+macrophagesweresignificantly enriched inGC tissuesandwere
involved in immunosuppression, inflammation regulation, and tumor progression. We then indicated that
GREM1+ fibroblasts and SPP1+macrophageswere positively correlated in 12 independent GC datasets
and validated their close localization by multiplex immunohistochemistry staining and spatial
transcriptomics. Patients with both high GREM1+ fibroblasts and SPP1+macrophages exhibited
significantly shorter OS and showed enrichment of tumor-associated pathways. Our results demonstrated
the complex interactions between GREM1+ fibroblasts and SPP1+macrophages, which may serve as a
potential therapeutic target for future treatment of GC.

Gastric cancer (GC) is one of the most common malignancies worldwide
and an important cause of cancer-related death1,2. At present, surgical
resection is considered theonly potentially curative treatment forGC,which
has greatly improved the prognosis of these patients3. However, the recur-
rence rate is still high in patients undergoing surgical resection, while the
prognosis is worse in unresectable patients. Chemotherapy, targeted ther-
apy, and immunotherapy are the main treatment methods for advanced
gastric cancer, but they are faced with the problems of recurrence, metas-
tasis, and drug resistance4–6. Researchers have gradually changed the
research strategy from tumor cells to a biological model with TME, which
also provides a new opportunity for the treatment of GC.

The tumor microenvironment (TME) is mainly composed of cell
components such as lymphocytes, myeloid cells, and fibroblasts, and non-
cellular components such as blood vessels, extracellular matrix, and
cytokines7. In recent years, more and more studies have found that TME
plays an important role in regulating immune function, angiogenesis, and
drug efficacy8. Cancer-associated fibroblast (CAF) is a common type of
stromal cell inTME,which canaffect tumorprogressionanddrug resistance
by regulating connective tissue proliferation, angiogenesis, immune

regulation, and tumor metabolism9,10. Tumor-associated macrophage
(TAM) is also an important class of immunecells,which canhave important
effects on the occurrence and progression of tumor11. TAM can be further
divided into M1 type and M2 type, wherein M1 macrophages have anti-
tumor and pro-inflammatory functions, while M2 macrophages have anti-
inflammatory and pro-tumor functions12,13. With the rapid development of
single-cell RNA sequencing (scRNA-seq) and spatial transcriptomics (ST),
we can more accurately annotate the function and heterogeneity of cell
subsets, providing a direction for in-depth exploration of TME.

It has been reported that both CAFs and TAMs are essential compo-
nents of the TME and play critical roles in the regulation of tumor
progression14. TAMs are themost abundant immune cells in areas of CAFs,
indicating a close interaction between these two cell types15. CAFs can
secrete a variety of regulatory molecules to promote monocyte recruitment
and differentiation into M2 macrophages, and in turn, M2 macrophages
can also regulate the activation and progression of CAFs16. Comito et al.
found that M2 macrophages can secrete IL-6 and SDF-1, stimulate CAFs
activation, and promote epithelial-mesenchymal transformation17. Zhang
et al. revealed that macrophages can promotemesenchymal cells to acquire

1Department of Medical Oncology, The First Medical Centre, Chinese PLA General Hospital, Beijing, China. 2Research and Development Department, Beijing
DCTY Biotech Co., Ltd., Beijing, China. 3Department of Medical Oncology, The Fifth Medical Centre, Chinese PLA
General Hospital, Beijing, China. 4Department of General Surgery, The First Medical Centre, Chinese PLA General
Hospital, Beijing, China. 5These authors contributed equally: Lupeng Qiu, Xiao Zhao. e-mail: scjiao301@126.com;
jmxu2003@163.com

npj Precision Oncology |           (2025) 9:164 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-00967-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-00967-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-00967-w&domain=pdf
mailto:scjiao301@126.com
mailto:jmxu2003@163.com
www.nature.com/npjprecisiononcology


CAF-like phenotypes and properties, reshape TME, and promote malig-
nant transformation of epithelial cells18. However, due to the complexity of
TME and the limitations of research methods, the detailed molecular
mechanisms of this interaction remain elusive. The rise of scRNA-seq
technology, advances in bioinformatics, and the integration ofmorphology,
spatial localization, and transcriptome features have opened a newwindow
to reveal the cellular communication and conduction networks during
tumor development.

Here, scRNA-seq combined with ST was used to analyze the hetero-
geneity of GC microenvironment. Our study led to the identification of
seven subtypes of fibroblasts and four subtypes of macrophages. Among
these subtypes, we specifically focused on the GREM1+ CAFs and SPP1+
TAMs. Recent studies have shown that GREM1 is a biomarker of myofi-
broblasts, and it plays an important role in promoting tumor progression
through the activationoffibrosis, angiogenesis, and epithelial-mesenchymal
transition19. Similarly, SPP1+ TAM is a type of M2 macrophage with pro-
fibrotic characteristics20. Through in-depth analyses, we found that
GREM1+ CAFs and SPP1+ TAMs localized in neighboring areas. Inter-
cellular communication analysis demonstrated that there were close com-
munication relationships between these two cell types. Furthermore, high
infiltration ofGREM1+CAFs andSPP1+TAMswas correlatedwithworse
prognosis. Together, our study unravels the complex interactions between
GREM1+ CAFs and SPP1+ TAMs, which may serve as a potential ther-
apeutic target for future GC treatment.

Results
A single‑cell transcriptomics atlas of heterogeneous tumor
microenvironment in GC
In this study, the training cohort consisted of four published gastric cancer
scRNA-seq datasets, including 48 gastric cancer tissues and 24 adjacent
normal tissues. After quality control filtering, a total of 151, 869 cell tran-
scriptomes were retained for subsequent analysis, with batch effects across
different samples being removed by “harmony” package. The cells were
classified into 9 major cell types based on their representative classification
markers: 66, 556 T/NK cells marked by CD3E and NKG7, 19, 923 plasma
cells marked by IGLL5 and MZB1, 14, 028 fibroblasts marked by COL1A1
and DCN, 13, 699 myeloid cells marked by S100A9 and CD14, 12, 130
epithelial cells marked by EPCAM and KRT8, 11, 431 B cells marked by
MS4A1 and CD79A, 7, 906 endothelial cells marked by PLVAP and VWF,
3, 401 mast cells marked by KIT and MS4A2, and 2, 795 proliferative cells
marked by MKI67 and TOP2A (Figs. 1A, B and S1). Although all 9 major
cell types were presented in both tumor and adjacent normal tissues, the
percentage of each cell type was different. Myeloid cells, mast cells, and
proliferative cells had higher infiltration levels in tumor tissues than in
adjacent normal tissues (Fig. 1C–E).

Tumor-related GREM1+ fibroblasts are associated with GC
progression
Cancer-associated fibroblasts are recognized as key components of the
tumor microenvironment and are known to promote tumorigenesis and
metastasis. However, the study of CAFswas still very difficult, largely due to
their heterogenous nature. In this study, fibroblasts were divided into 7
subclusters after dimension reduction clustering, named c1-POSTN
(n = 5854), c2-RGS5 (n = 2592), c3-HILPDA (n = 2203), c4-C7
(n = 1487), c5-GREM1 (n = 779), c6-CALB2 (n = 560), and c7-IGF1
(n = 553), respectively (Fig. 2A, B). GREM1+ fibroblasts were sig-
nificantly enriched in tumor tissues, while CALB2+ fibroblasts were enri-
ched in adjacent normal tissues (Fig. 2C). Fibroblasts exhibited ahighdegree
of functional heterogeneity. GREM1+ fibroblasts had the highest scores for
EMT, angiogenesis andM2macrophagepolarization,whileC7+fibroblasts
had the highest scores for complement activation (Fig. S2). GSVA of the
hallmark pathways revealed that GREM1+ fibroblasts had a higher
enrichment score for notch signaling, epithelial mesenchymal transition
and angiogenesis, indicating that GREM1+ fibroblasts could promote GC
progression (Fig. 2D). The pseudotime of the developmental trajectory

showed that GREM1+ fibroblasts may have an impact at later stages (Fig.
2E, F). Subsequently, we analyzed the association between GREM1+
fibroblasts and clinical features in TCGA-STAD dataset using the ssGSEA
algorithm. The results showed that GREM1+ fibroblasts were significantly
enriched in GC tissues, and patients with high expression of GREM1+
fibroblasts were associated with poor TNM stage and survival (Fig. 2G–J).

Tumor-related SPP1+macrophages are associated with GC
progression
Myeloid cells are one of the most abundant stromal cells in the tumor
microenvironment and play an important role in tumor initiation and pro-
gression. In this study, myeloid cells were divided into 9 subclusters after
dimension reduction clustering, named c1-macro-SPP1 (n= 3044), c2-
macro-C1QB (n= 2774), c3-macro-INHBA (n= 1098), c4-macro-CXCL9
(n = 1074), c5-mono-FCN1 (n = 1561), c6-mono-CCL20 (n = 1458), c7-dc-
CD1C (n= 791), c8-dc-LAMP3 (n= 668) and c9-neu-FCGR3B (n = 1231),
respectively (Fig. 3A, B). SPP1+macrophages were significantly enriched in
tumor tissues, and CD1C+ dendritic cells were enriched in adjacent normal
tissues (Fig. 3C). CXCL9+ macrophages had the highest M1 macrophage
polarization scores with high expression of CXCL9, CXCL10 and CD80,
while SPP1+ macrophages had the highest M2 macrophage polarization
scores, with high expression of FN1,CD14andCD163 (Fig. S3).GSVAof the
hallmark pathways revealed that SPP1+macrophages had a higher enrich-
ment score for angiogenesis, coagulation, hypoxia, and glycolysis, indicating
that SPP1+ macrophages could promote GC progression (Fig. 3D). The
pseudotime of the developmental trajectory showed that SPP1+ macro-
phages have an impact at later stages (Fig. 3E, F). We then analyzed the
association between SPP1+ macrophages and clinical features in TCGA-
STAD dataset. The results showed that SPP1+ macrophages were sig-
nificantly enriched inGC tissues, andpatientswithhigh expressionof SPP1+
macrophages were associated with poor TNM stage and survival (Fig. 3G–J).

Interactions between GREM1+ fibroblasts and SPP1+
macrophages
To further confirm these findings, we performed single-cell analysis in our
own cohort. The results showed that bothGREM1+ fibroblasts and SPP1+
macrophages were significantly enriched in GC tissues (Fig. S4). Recent
studies have shown that fibroblasts and macrophages can influence each
other to synergistically drive tumor progression. Given the above results, we
used the ssGSEA algorithm to assess the interactions between GREM1+
fibroblasts and SPP1+ macrophages in 12 independent GC datasets. The
results indicated that GREM1+ fibroblasts and SPP1+macrophages were
positively correlated across all examined datasets (Fig. 4A).

We further investigated whether GREM1+ fibroblasts and SPP1+
macrophages localize closely in GC tissues. Immunofluorescent labeling
indicatedclose proximity betweenGREM1-positive andSPP1-positive cells,
suggesting a potential crosstalk between these twocell types (Fig. 4B). Spatial
transcriptomics can be used to reveal the location of different cell types and
their interactions. Based on the unbiased clustering and spot features, we
classified the spots into 10 clusters, plasma cells, immune cells, fibroblasts,
epithelial cells, malignant epithelial cells, GREM1+ fibroblasts, SPP1+
macrophages, macrophages, B cells, and endothelial cells of patient #4 (Fig.
5A-C).We also classified the spots of patient #5 into 10 clusters,MT+ cells,
fibroblasts, epithelial cells,malignant epithelial cells, plasma cells, GREM1+
fibroblasts, myofibroblasts, endothelial cells, SPP1+ macrophages, and B
cells (Fig. 5D–F). Results presented above suggest thatGREM1+ fibroblasts
and SPP1+macrophages localized in neighboring areas. Score spots in each
cluster with GREM1+ fibroblasts or SPP1+ macrophage signatures from
scRNA-seq data highlighted the spatial proximity of the two cell types
(Fig. 5G–J).

High infiltration of GREM1+ fibroblasts and SPP1+macro-
phages correlates with worse patient prognosis
To further uncover the clinical implicationof suchclose correlation between
these two cell types, we compared the OS of patients with different levels of
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GREM1+ fibroblasts and SPP1+ macrophages. Patients with both high
GREM1+ fibroblasts and SPP1+ macrophages exhibited significantly
shorterOS comparedwith other groups, suggesting that these two cell types
can synergistically promote GC progression (Fig. 6A, B). GO analysis

showed significant enrichment of terms such as extracellular matrix struc-
ture, collagen containing extracellular matrix, and myeloid leukocyte
migration in patients with GREM1+ fibroblasthigh/SPP1+ macrophagehigh

(Fig. 6C). GSEA analysis indicated that genes upregulated in the high

Fig. 1 | Single-cell transcriptomics atlas of heterogeneous tumor microenviron-
ment in GC patients. A UMAP plots of clustered scRNA-seq data from combined
samples. BDot plots showing the top three differentially expressed genes of 9 major

cell types.C Proportion of cell types in different tissues.D Proportion of cell types in
different scRNA-seq datasets. E Proportion of cell types in each sample.
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expression group showed enrichment of TGF-β, axon development, epi-
thelial to mesenchymal transition, and antigen processing and presentation
pathways (Fig. 6D).

GC is a heterogeneous cancer that can be subtyped based on
molecular signatures. Therefore, knowledge of GC molecular subtypes
might help to identify patients for the most appropriate treatment
options. Based on the infiltration levels of GREM1+ fibroblasts and
SPP1+ macrophages, patients were divided into three groups: low
(GREM1+ fibroblastlow/SPP1+ macrophagelow), intermediate (GREM1+
fibroblasthigh/SPP1+ macrophagelow or GREM1+ fibroblastlow/SPP1+
macrophagehigh), and high (GREM1+ fibroblasthigh/SPP1+macrophagehigh).
InTCGA-STADandGSE62254 datasets, the proportion of diffuse subtype
in the high group was 36.5% and 56.3%, respectively, which were sig-
nificantly higher than those in the low group (15.8% and 30.3%)
(Fig. 7A–D). We then analyzed the infiltration levels of tumor infiltrating
immune cells in different subtypes, and found that the percentage of
patients in the high group was generally higher than that in the inter-
mediate and low group (Fig. 7E). The ESTIMATE algorithm also showed
that patients in the high group had the highest immune and stromal scores,
while patients in the low group had the highest tumor purity (Fig. 7F). In

the IMvigor210 cohort, Kaplan-Meier analysis indicated that patients in
the high group had worse survival outcomes after receiving immu-
notherapy (Fig. 7G–J).

Cell-cell interactions of GREM1+ fibroblasts and SPP1+mac-
rophages revealed by scRNA-seq and spatial transcriptomics
In order to clarify the cell-cell interaction mechanisms between GREM1+
fibroblasts and SPP1+ macrophages, we built separate intercellular com-
munication networks based on the scRNA-seq and spatial transcriptomics
data. Results of spatial transcriptomics revealed that GREM1+ fibroblasts
can directly contact with SPP1+ macrophages through COLLAGEN sig-
naling pathway, while SPP1+ macrophages can also act on GREM1+
fibroblasts through SPP1 signaling pathway (Figs. 8A–D and S5). As
demonstrated in Fig. 8E–L, SPP1-ITGAV/ITGB5 signal axiswas distributed
over neighboring sites. For single-cell analysis, we also found that therewere
close communication relationships between GREM1+ fibroblasts and
SPP1+ macrophages (Fig. S6A–C). Similar to the results of spatial tran-
scriptome analysis, the SPP1 and COLLAGEN signaling pathways were the
main functional pathways between GREM1+ fibroblasts and SPP1+
macrophages (Fig. S6D–G).

Fig. 2 | Characterization of fibroblasts in GC patients. AUMAP plot showing the
composition of fibroblasts colored by cluster. B Dot plot showing the top three
differentially expressed genes of 7 fibroblast clusters. C Tissue preference of each
fibroblast cluster estimated by Ro/e score. +++, Ro/e > 1; ++, 0.8 < Ro/e ≤ 1; +,
0.2≤Ro/e ≤ 0.8; ±, 0 <Ro/e < 0.2;−, Ro/e = 0.DGSVAplot showing the terms of the
hallmark gene set enrichment pathway for each fibroblast cluster. EThe pseudotime

of the developmental trajectory inferred byMonocle 2. F Fibroblast transition along
the pseudotime trajectory.GQuantification of GREM1+ fibroblast in TCGA-STAD
dataset. H Association between GREM1+ fibroblast and TNM stage. I Association
between GREM1+ fibroblast and microsatellite status. J K-M curves of OS in
TCGA-STAD dataset grouped by GREM1+ fibroblast.
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Analysis of GREM1+ fibroblasts and SPP1+macrophages in
pan-cancer cohort
To further explore whether GREM1+ fibroblasts and SPP1+macrophages
exist and exert functions in other solid tumors as well, we collected 129
scRNA-seq samples from10 common solid tumors for pan-cancer analysis.
We identified 42, 248 fibroblasts and obtained 13 fibroblast subclusters,
named c1-APOD (n = 13128), c2-PLA2G2A (n = 6528), c3-CTHRC1
(n = 5364), c4-IGFBP5 (n = 4533), c5-MYH11 (n = 4416), c6-APOE
(n = 3849), c7-RGS5 (n = 2058), c8-SERPINE2 (n = 621), c9-SRGN
(n = 546), c10-GREM1 (n = 448), c11-TOP2A (n = 442), c12-IL33
(n = 257) and c13-MSLN (n = 58), respectively (Fig. 9A). Among them,
c10-fibro-GREM1 highly expressed GREM1+ fibroblasts marker genes,
and accounted for a significantly higher proportion in tumor tissues (Fig.
9B, C). Similarly, we identified 29, 527 macrophages in the pan-cancer
cohort, and further clustered into 10 subclusters, named c1-APOE
(n = 6101), c2-CCL4 (n = 5053), c3-FOLR3 (n = 3954), c4-SPP1
(n = 3483), c5-FABP4 (n = 2899), c6-RGS1 (n = 2879), c7-S100A8
(n = 1761), c8-CXCL9 (n = 1269), c9-SLC40A1 (n = 1107) and c10-FTL
(n = 1021), respectively (Fig. 9D). c4-macro-SPP1 highly expressed SPP1+
macrophagesmarker genes, andwere significantly enriched in tumor tissues

(Fig. 9E, F). In the 15 solid tumor typesofTCGA,GREM1+fibroblastswere
significantly upregulated in BRCA, CHOL, COAD, ESCA, HNSC, KIRC,
LUAD, LUSC, and READ, while SPP1+ macrophages were significantly
upregulated in BRCA, CHOL, ESCA, HNSC, KIRC, LUAD, and THCA
(Fig. S7). Scatter plots showed that GREM1+ fibroblasts and SPP1+
macrophages were positively correlated in all types of solid tumors (Fig. S8).
Kaplan-Meier analysis indicated that patients with high expression of
GREM1+ fibroblasts and SPP1+ macrophages were associated with poor
survival across a pan-cancer cohort of 6, 503 TCGA tumor samples from 15
cancer types (Fig. 9G–I).

Discussion
Gastric cancer is among the most lethal malignancies and poses a
serious threat to human health21. The molecular characteristics of GC
differ greatly among different patients, which may be one of the
biggest factors leading to poor treatment results22,23. Precision med-
icine research based on individual genetic characteristics and mole-
cular typing can help us to deeply analyze the heterogeneity of GC and
develop new targeted drugs and treatment strategies24–26. Therefore,
there is an urgent need to apply scRNA-seq and ST technology to the

Fig. 3 | Characterization of myeloid cells in GC patients. A UMAP plot showing
the composition ofmyeloid cells colored by cluster.BDot plot showing the top three
differentially expressed genes of 9 myeloid cell clusters. C Tissue preference of each
myeloid cell cluster estimated by Ro/e score.+++, Ro/e > 1;++, 0.8 < Ro/e ≤ 1;+,
0.2≤Ro/e ≤ 0.8; ±, 0 <Ro/e < 0.2;−, Ro/e = 0.DGSVAplot showing the terms of the
hallmark gene set enrichment pathway for each myeloid cell cluster. E The

pseudotime of the developmental trajectory inferred by Monocle 2. F Myeloid cell
transition along the pseudotime trajectory.GQuantification of SPP1+macrophage
in TCGA-STAD dataset. H Association between SPP1+ macrophage and TNM
stage. I Association between SPP1+ macrophage and microsatellite status. J K-M
curves of OS in TCGA-STAD dataset grouped by SPP1+ macrophage.
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analysis of GC. Based on the above background, we performed this
multi-omics study to analyze the heterogeneity of GC micro-
environment and explore the interactions between fibroblasts and
macrophages.

Fibroblasts are the most commonmesenchymal cells in the TME, and
are closely related to tumor immune escape, progression, and treatment
resistance27,28. Luo et al. identified 8 fibroblast subpopulations in the pan-
cancer scRNA-seq cohort and found that CAF highly expressed genes

Fig. 4 | Interactions between GREM1+ fibroblasts and SPP1+ macrophages.
A Scatter plots showing the correlation between the score ofGREM1+fibroblast and
SPP1+ macrophage across 12 independent GC datasets. B Representative

immunofluorescent labeling of human GC tissue (20x). DAPI (blue), EPCAM
(gray), SPP1 (green), GREM1 (red), MERGE (yellow) in patient #1, #2, and #3.
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related to collagen activation and matrix metalloproteinases29. Sun et al.
found thatFib_1highly expressedmatrixmetalloproteinases such asMMP3
andMMP11, which could regulate the structure of extracellular matrix30. In
addition, the Fib_1 showed positive feedback up-regulation of the TWIST1/
PRRX1/TNC pathway, promoting the expansion and activation of CAF.
The analysis presented above further demonstrated that fibroblasts dis-
played a high degree of heterogeneity in the TME. In this study, we sys-
temically deciphered the features of fibroblasts and demonstrated their
functional heterogeneity. Consistent with previous single-cell fibroblast
studies, our study confirmed the presence of known fibroblast subtypes,
such as POSTN+myofibroblasts, HILPDA+ vascular-like fibroblasts, and
C7+ inflammatory fibroblasts31. Importantly, we identified GREM1+
fibroblasts, which were significantly enriched in GC tissues and had the
highest scores for EMT, angiogenesis, and M2 macrophage polarization.
Patients with high expression of GREM1+ fibroblasts were correlated with
poor TNM stage and prognosis, indicating that GREM1+ fibroblasts could
promote GC progression.

The functions of TAMs are diverse and can be affected by different
stimulation and regulatory mechanisms32. Understanding and inter-
vening the function of TAMs is helpful to develop new anti-tumor
treatment strategies and ultimately improve therapeutic efficacy. Cheng

et al. analyzed 380 samples of scRNA-seq and found 6 TAM sub-
populations: INHBA+ TAM, C1QC+ TAM, ISG15+ TAM,
LNRP3+ TAM, LYVE1+ TAM, and SPP1+ TAM33. Macrophage
subpopulations from different tumor types showed high heterogeneity,
whichmay be related to the different effects of local TME. Li et al. found
that M08 subpopulations highly expressed INHBA, PTGS2, and a
variety of pro-inflammatory cytokines and chemokines, while M09 and
M10 highly expressed genes related to antigen presentation34. In our
study, SPP1+ macrophages were significantly enriched in GC tissues
and had the highest M2 macrophage polarization scores. Furthermore,
patients with high expression of SPP1+ fibroblasts were associated with
poor TNM stage and survival.

Accumulating evidence indicated that there is a close association
between macrophages and fibroblasts35–37. Su et al. found that FAP+
fibroblasts and SPP1+ macrophages can interact through signaling path-
ways such as VEGF, ECM, and hypoxia, jointly forming a unique TME that
promotes the progression of patients with pMMR38. Li et al. found that
THBS2+CAFs and SPP1+TAMs couldmodulate the immunotherapeutic
effect of GC patients through the C3-C3AR1 axis39. In this study, spatial
transcriptomic analysis revealed that GREM1+ fibroblasts and SPP1+
macrophages were located in adjacent regions. GREM1+ fibroblasts can

Fig. 5 | Co-localization of GREM1+ fibroblasts and SPP1+ macrophages
revealed by spatial transcriptomics. A Hematoxylin and eosin (H&E) staining of
tissue sections of ST spots in GC patient #4. B Unbiased clustering of ST spots and
define cell types of each cluster.CDot plots showing the knownmarkers in indicated
cell clusters. D H&E staining of tissue sections of ST spots in GC patient #5.

E Unbiased clustering of ST spots and define cell types of each cluster. F Dot plots
showing the known markers in indicated cell clusters. G–J Spatial feature plots of
signature score of GREM1+ fibroblast and SPP1+macrophage in patient #4, #5, #6,
and #7.
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directly contact with SPP1+macrophages through COLLAGEN signaling
pathway, while SPP1+ macrophages can act on GREM1+ fibroblasts
through SPP1 signaling pathway. These results unravel the complex inter-
actionsbetweenGREM1+fibroblasts andSPP1+macrophages,whichmay
serve as a potential therapeutic target for future GC treatment.

GC is a highly heterogeneous disease, making treatment responses
difficult to predict. Therefore, a better understanding of the molecular
mechanism of GC is crucial for diagnosis, treatment, and prognosis40.
In this study, patients were grouped based on the infiltration levels of
GREM1+ fibroblasts and SPP1+macrophages, and the proportion of
diffuse subtype in the high group was significantly higher than that in
the low group. Patients with both high GREM1+ fibroblasts and
SPP1+ macrophages exhibited significantly shorter OS and showed
enrichment of tumor-associated pathways such as TGF-β, epithelium-
to-mesenchymal transformation, and antigen processing and pre-
sentation. Additionally, Kaplan-Meier analysis demonstrated that
patients in the high group had worse survival outcomes after receiving
immunotherapy. These results enriched our understanding of the
mechanisms of GC and may provide a new therapeutic target for the
treatment of GC.

Given the strong association between these two cell types in GC
patients, wewonderedwhether other pan-cancer types present such pattern
at some appreciable level. Qi et al. found that the synergistic effect between
FAP+ fibroblasts and SPP1+ macrophages can reshape the extracellular
matrix and ultimately form amicroenvironment that prevents lymphocytes
from infiltrating into the tumor core and reduces the efficacy of
immunotherapy41. Li et al. demonstrated that SPP1+ APOE+ TAMs and
CTHRC1+ GREM1+ CAFs may act synergistically to promote an
immune-suppressive TME through active extracellular matrix deposition
and epithelial-mesenchymal transition, resulting in poor prognosis for

patients with pancreatic ductal adenocarcinoma42. There have also been a
number of studies investigating the role of fibroblasts and macrophages in
other solid tumors43,44. In this study, we collected 129 scRNA-seq samples
from 10 common solid tumors. GREM1+ fibroblasts and SPP1+ macro-
phages accounted for a significantly higher proportion in tumor tissues.
Moreover, Kaplan-Meier analysis indicated that patients with high
expression of GREM1+ fibroblasts and SPP1+ macrophages were corre-
lated with poor survival across a pan-cancer cohort. These results suggest
that the interactions between GREM1+ fibroblasts and SPP1+ macro-
phages not only exist in gastric cancer but can also synergistically promote
tumor progression in various solid tumors. We believe that in-depth ana-
lysis of these data will provide new insights for studying the role of
fibroblast-macrophage in the tumor microenvironment.

There were also some limitations to this study. First, because of the
relatively small number of patients, it was difficult to value the rela-
tionship between specific cell types and patient prognosis using the
scRNA-seq data. Second, factors such as sampling strategy, variability
in the distribution of cells, tissue heterogeneity, and histological pro-
cessing might also affect the results. Third, patients included in the
present analysis received a variety of treatment regimens, which may
have affected patient outcomes. Future experimental verification is
needed to elucidate the role of GREM1+ fibroblasts and SPP1+
macrophages in the tumor microenvironment.

In this study, we combined bulk RNA-seq, scRNA-seq, and spatial
transcriptomics to explore the detailed landscape ofGCmicroenvironment.
Both GREM1+ fibroblasts and SPP1+ macrophages were significantly
enriched inGC tissues andwere associatedwith poor patient prognosis.We
then demonstrated the complex interactions between GREM1+ fibroblasts
and SPP1+macrophages, whichmay serve as a potential therapeutic target
for future treatment of GC.

Fig. 6 | High expression of GREM1+ fibroblasts and SPP1+ macrophages was
associated with worse prognosis and cancer-related pathways. A,BK-M curves of
OS in TCGA-STAD and GSE15459 datasets according to the expression of
GREM1+ fibroblast and SPP1+ macrophage. C GO analysis of pathways between

GREM1+ fibroblasthigh/SPP1+ macrophagehigh and GREM1+ fibroblastlow/SPP1+
macrophagelow groups. D GSEA analysis of pathways between GREM1+
fibroblasthigh/SPP1+ macrophagehigh and GREM1+ fibroblastlow/SPP1+
macrophagelow groups.
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Methods
Data sources
In this study, the training cohort consisted of four public scRNA-seq
datasets, and the validation cohort was obtained from 10 GC patients who
underwent radical tumor resection with histologically confirmed diagnosis
at the Chinese PLAGeneral Hospital betweenOctober 2023 andDecember
2023 (Table S1 and Table S2). For bulk sequencing, messenger RNA
(mRNA) expression profiles were obtained from the TCGA and GEO
databases.A total of 12 cohorts includingGSE13861,GSE14210,GSE15459,
GSE26942, GSE27342, GSE29272, GSE34942, GSE51105, GSE57303,
GSE62254, GSE84437 and TCGA-STAD were enrolled. This study was
approved by the Ethical Committee of Chinese PLA General Hospital
(Approval number: S2022-313-02), and was in accordance with the
Declaration of Helsinki. Written informed consent was obtained from all
enrolled patients.

In the pan-cancer analysis, we collected 129 scRNA-seq samples from
10 common solid tumors, including 72 tumor tissues and 57 adjacent
normal tissues (Table S3). Subsequently, the gene expression matrix and
survival data of 15 solid tumors in the TCGA database were downloaded
using the “easyTCGA” package, which was used to analyze the correlation
betweenGREM1+ fibroblasts and SPP1+macrophages and their influence
on patient prognosis.

Single-cell RNA sequencing analysis
Raw scRNA-seq data were processed with Cell Ranger (version 7.1.0) to
obtain theuniquemolecular identifiers (UMI) andgenerate feature-barcode
expression matrices. After quality controls, reads were aligned on the
reference genome GRCh38 using default parameters. The “Seurat” R
package was used to process the scRNA-seq data45. Cells with gene
expression less than 500 or greater than 6000 ormitochondria genes greater
than 15% were excluded. The “decontx” R package was used to eliminate
potential RNA contamination46. Batch effects were then corrected with the
“harmony” package47. The UMAP analyses were used for cluster visuali-
zation, and annotated 9 main cell types using typical marker genes.

Tissue distribution of clusters
We calculated the ratio of observed over expected cell numbers (Ro/e) to
quantify the tissue preference of each cluster48. The expected cell numbers
for each cell cluster and tissue combinationwere obtainedby chi-square test.
Clusters were considered to be enriched in a specific tissue if Ro/e > 1.

Differential gene expression analysis
Differential gene expression analysis can explore differences between
different cell types or states, which can help better understand the tumor
microenvironment. The “FindAllMarkers” function and Wilcoxon

Fig. 7 | The molecular subtypes and immune landscapes of GC patients affected
by GREM1+ fibroblasts and SPP1+ macrophages. The association between
GREM1+ fibroblast/SPP1+macrophage type and Lauren (A) and TCGA (B) type
in TCGA-STAD dataset. The association between GREM1+ fibroblast/SPP1+
macrophage type and Lauren (C) and ACRG (D) type in GSE62254 dataset.
E Correlation between GREM1+ fibroblast/SPP1+ macrophage type and tumor-
infiltrating immune cells. F Box plots displaying the ESTIMATE score, immune

score, stromal score, tumor purity, IPS z-score, and TIDE score between GREM1+
fibroblast/SPP1+ macrophage subtypes. G–I K-M curves of OS in IMvigor210
dataset grouped by GREM1+ fibroblast and SPP1+ macrophage. J Distribution of
the immunotherapy responses according to GREM1+ fibroblast/SPP1+ macro-
phage type. CR complete response, PR partial response, SD stable disease, PD
progressive disease.
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rank sum test were used to analyze differentially expressed genes
between different cell subpopulations. Genes were considered differ-
entially expressed if log2FC was more than 1 and the FDR adjusted p-
value was less than 0.05.

Pathway enrichment analysis
Pathway enrichment analysis was performed with the “irGSEA” package
implemented under the R software environment49. Based on scRNA-seq
data and gene set database, different cell subpopulations were enriched by
“AUCell”, “UCell”, “singscore”, and “ssgsea” functions, and the rank
aggregation algorithm was used for comprehensive evaluation. Further-
more, we used the “AddModuleScore” function to score the cell sub-
populations basedondifferent functional gene sets, and analyzed the specific
functions of the cell subpopulations. The functional gene sets presented in
this study were derived from the summaries of previous literature10,50.

Pseudotime trajectory analysis
The “Monocle” package is a pseudotime based analysis algorithm, which
can infer cell development tracks from dynamic changes in the scRNA-seq
data51. In this study, we used the “newCellDataSet” function to create
pseudo-timing analysis objects and used the “differentialGeneTest” func-
tion to select 2000 genes that were most relevant to the pseudo-timing
model. Finally, the “DDRTree” algorithmwas used to conduct a dimension
reduction analysis of cell features in high-dimensional space, and the
“plot_cell_trajectory” function was used to visualize the trajectory.

Intercellular communication analysis amongst GC clusters
The “CellChat” package can analyze cell-cell interactions based on the
expression levels of ligand-receptor pairs52. “identifyOverExpressedGenes”,
“identifyOverExpressedInteractions”, “computeCommunProb”, and
“aggregateNet” functions were successively applied to deal with scRNA-seq
and spatial transcriptomics data. Finally, the results were visualized by
“netVisual_circle”, “netVisual_heatmap”, “netVisual_bubble”, and “net-
Visual_aggregate” functions.

Immune landscape and immunotherapy efficacy
The “ssGSEA” function was applied to infer the infiltration levels of 28
immune cells within each sample53. To ensure stability, four other algo-
rithms, including TIMER, quanTIseq, MCP-counter, and EPIC, were also
carried out to examine the consequence of immune cell infiltration54–57. The
TIDE algorithm was then employed to predict the likelihood of immu-
notherapy response of GC patients58. In addition, we used the IMvigor210
cohort to analyze the immunotherapy efficacy based on the infiltration
levels of GREM1+ fibroblasts and SPP1+macrophages.

Survival analysis
To explore the role of GREM1+ fibroblasts and SPP1+ macrophages in
predicting prognosis, we assessed the infiltration level of the two cell types
using the “ssGSEA” function (the top 30 specifically expressed genes in the
scRNA-seq data, Table S4). Subsequently, the prognostic significance was
assessed by Kaplan-Meier analysis.

Fig. 8 | The interaction network between GREM1+ fibroblasts and SPP1+
macrophages revealed by spatial transcriptomics. A Heatmap showing the
SPP1 signaling pathway in patient #4. B Dot plot showing the SPP1 signaling
pathway in patient #4.CHeatmap showing the SPP1 signaling pathway in patient #5.
D Dot plot showing the SPP1 signaling pathway in patient #5. E The interaction

network of the SPP1 signaling pathway in patient #4. F–H Spatial images localize the
expression of the SPP1 signaling pathway in patient #4. I The interaction network of
the SPP1 signaling pathway in patient #5. J–L Spatial images localize the expression
of the SPP1 signaling pathway in patient #5.
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Spatial transcriptomics data analysis
Spatial Transcriptomics slides can simultaneously capture approximately
3000-5000 markers with two identical capture areas and obtain spatial
location and sequencing results. The “Load10X_Spatial” function was used
to read the spatial transcriptome data, and exclude markers with the total
number of genes less than 500 or the proportion of mitochondrial genes
more than 30%. Subsequently, the “SCTransform” function was used for
standardization, screening of highly variable genes and normalization. The
“RunPCA” functionwas then used to identify themain sources of change in
the spatial transcriptome data, and the first 30 PCs were selected for clus-
tering, with a unified resolution of 1.2. “FindNeighbors” and “FindClusters”
were used for unsupervised cluster analysis, and “RunUMAP” was applied
to generate a coordinate matrix that visualized the location of individual
marker points onto a two-dimensional plane.

Multiplex immunohistochemistry staining
Multiplex immunohistochemistry (mIHC) is an assay to visualize mul-
tiple antigens simultaneously on the tissue. The GC samples used for
mIHC analysis were obtained from surgical specimens previously who
signed informed consent forms. Primary antibodies included EPCAM
mouse anti-human antibody (cat. No. 14-9326-82, invitrogen, 1:200),

SPP1 rabbit anti-human antibody (Cat. No. MA5-17180, invitrogen,
1:200), and GREM1 rabbit anti-human antibodies (cat. No. PA1-41012,
invitrogen, 1:150). Slides were dewaxed and hydrated, and heat-induced
antigen retrieval was then performed. A TSA Fluorescence Kit was used
to stain the primary antibodies, and all the experimental procedures were
performed according to the manufacturer’s instructions. After staining,
fluorescent staining was observed and photographed under fluorescence
microscope.

Statistical analysis
Pearson correlation analysis was used to assess the strength and
direction of the linear relationship between two variables. The Mann-
Whitney U test was used to compare the proportion of different cell
subpopulations, and the comparative analysis among multiple groups
was performed using Kruskal–Wallis test. All statistical analyses in this
study were performed using R 4.1.0 software. P < 0.05 was considered
statistically significant.

Data availability
The raw data can be found in the TCGA (https://portal.gdc.cancer.gov/
), UCSC Xena (https://xenabrowser.net/), and GEO (https://www.ncbi.

Fig. 9 | Characterization of GREM1+ fibroblasts and SPP1+ macrophages in
pan-cancer cohort. A UMAP showing the composition of fibroblasts colored by
cluster. B Signature score of GREM1+ fibroblast. C Proportion of GREM1+
fibroblast in different tissues. D UMAP showing the composition of macrophages

colored by cluster. E Signature score of SPP1+macrophage. F Proportion of SPP1+
macrophage in different tissues. G–I K-M curves of OS grouped by GREM1+
fibroblast and SPP1+ macrophage.
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nlm.nih.gov/geo/) database. The raw data that support the findings of
this study are available from the corresponding author upon reasonable
request.

Code availability
All codes used in this analysiswere run inRv4.1.0 and are available from the
corresponding authors upon reasonable request.
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