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Multi-dimensional omics integrated
machine learning framework identifies
macrophage-fibroblast-tumor co-
infiltration patterns to predict prognosis in
gastric cancer
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Qi Wang'’, Yuan Ni*’, Sheng Lu*’, Benyan Zhang*, Jun Ji°, Qu Cai', Chao Yan®, Feng Qi', Min Shi'*0< &
Jun Zhang'®

Gastric cancer (GC), of which cases with peritoneal metastasis are particularly challenging, retains its
position of being highly complex and remarkably resistant to therapy. Understanding the spatial
heterogeneity and leveraging recent technologies such as machine learning to uncover explanatory
patterns remains critical to truly understanding this disease. Here, we conducted spatial
transcriptomics analysis to identify distinct niches within GC tissues. Among these, a niche enriched
with fibroblasts and macrophages exhibited a striking spatial co-infiltration pattern with tumor cells
dominant niches. Further validation by multiplex immunofluorescence highlighted the coordinated
cellular interactions that characterize the TME. Through integration of sc-RNA with bulk RNA
sequencing, we identified DAB2" TAMs and ACTA2" myCAFs as the main contributors to this co-
infiltration pattern. NicheNet analysis further revealed that the PLAU-PLAUR signaling axis holds a
central regulatory role in the communication between macrophages, fibroblasts and tumor cells.
Given the prognostic value of this spatial pattern, we additionally applied transfer learning based on an
ImageNet pre-trained ResNet-50 model to develop a machine learning framework that can accurately
recognize the macrophage-fibroblast-malignant cell co-infiltration pattern, called Gastric-Discovery.
Potentially, Gastric-Discovery could be a tool for precise patient stratification and provides novel
insights into the dynamic architecture of the TME.

Gastric cancer (GC) ranks among the main cancer-related causes of mor-
tality globally and demonstrates a marked elevated incidence in China and
other East Asian countries, posing a considerable burden on regional
healthcare systems. A range of underlying factors have been identified as
contributing to this complicated situation, among them the striking ten-
dency of metastatic potential, with peritoneal metastasis being both the most
prevalent and the most challenging form of the disease to manage'. Peri-
toneal metastasis uniquely resists systemic chemotherapy due to the drug-

blocking peritoneal barrier'”. Commonly, GCPM exhibit extensive pro-
liferation of fibrous connective tissue and an unusually rich matrix com-
position. Not only does this increase the aggressiveness of the lesions, but it
also promotes a highly immunosuppressive TME. Consequently, traditional
treatment approaches that focus on the direct destruction of tumor cells
have emerged as inadequate in this context™. Faced with this therapeutic
impasse, clinical researchers persistently sought out novel approaches.
Several treatment strategies have been proposed and refined through
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continuous practice. For example, S-1-based chemotherapies gained
widespread acceptance in recent years due to their relative ability to pene-
trate the peritoneum. Targeted therapies such as apatinib likewise demon-
strated a certain degree of efficacy in specific cases of GCPM. However, due
to the peritoneal barrier and the unique fibrotic microenvironment char-
acteristic of “hard cancers”, drugs oftentimes struggle to penetrate the dense
fibrous matrix to reach tumor cells, resulting in overall suboptimal efficacy’.
Notably, a previous study led by our research group, the DRAGON-01 trial,
proposed the intraperitoneal normal-temperature combination systemic
therapy (NIPS) regimen as a strategy to overcome these barriers, which
significantly prolonged patient survival and improved one- and two-year
survival rates’. Nevertheless, although the NIPS regimen boosts intraper-
itoneal drug concentrations via optimized drug delivery routes, there still
call for further breakthroughs in overcoming the high-intensity therapeutic
resistance barrier erected by stromal sclerosis in PM>*’,

Furthermore, marked spatial heterogeneity is evident between pri-
mary GC and GCPM. For certain therapeutic targets, like FGFR2b,
CLDN18.2, pronounced expression discrepancies exist between primary
tumors and peritoneal metastases, rendering targeted therapeutic regimens
developed exclusively based on primary tumor clinically ineffective™.
Additionally, fibroblasts, identified as the principal driver of stromal
sclerosis in GC management, constitute the dominant stromal fraction
within the TME". It has been established that these cells facilitate a nur-
turing environment conducive to tumor proliferation and therapeutic
resistance through multifarious mechanisms’. Of particular note is the
observation that an intimate intercellular crosstalk network exists among
CAFs, TAMs and tumor cells, where these populations reinforce one
another via elaborate signaling crosstalk. Macrophages have been evi-
denced to activate fibroblasts through the secretion of factors like IL-6,
thereby endowing the latter with an enhanced pro-tumorigenic potential.
Then, activation of tumor-promoting fibroblasts could further influence
the polarization and function of tumor-supporting macrophages, creating
an ongoing positive feedback loop'. Understanding how these cells col-
laborate to each other and create a tumor-supportive niche is crucial for
developing creative therapies. In order to confront the aforementioned
challenges of heterogeneity and TME regulatory mechanisms, multi-omics
has established itself as a cornerstone tool in recent GC TME research,
leveraging its defining strength of preserving spatial positional information
while decoding transcriptional profiles at a single-cell level'>". For
instance, a research team from Singapore utilized a combination of
scRNA-seq and DSP analysis, complemented by in vitro and in vivo
functional validation assays. Their integrated approach led to the promi-
nent finding of a substantial increase in plasma cell abundance in patients
with diffuse-type GC. Further mechanistic investigations identified that the
underlying regulatory mechanism of this phenomenon is orchestrated by
the transcription factor KLF2, which is specifically derived from epithelial
cells within the GC microenvironment".

Despite the fact that sScRNA-seq technology revolutionized the deci-
phering of the complexity and heterogeneity of cellular composition in the
TME of GC and highlighted the decisive role of a multitude of stromal cells,
including macrophages and fibroblasts, current technical limitations do not
yet allow for the preservation of information about the spatial location of
cells in the original tissue. These limitations compromise our in-depth
understanding of intercellular interactions, particularly those between
macrophages, fibroblasts, and tumor cells, a potently functional co-
infiltrating unit. The intercellular interactions, in particular the proximity
and contact of these cells in physically shared space, are essential for their
biological effects’. Spatial transcriptomics techniques developed in recent
years attempt to fill this gap. In GC research, spatial transcriptomics tech-
nology was initially used to visualize the structure of tissue regions within
tumors, such as tumor cores and invasion fronts, and to validate certain
known cellular communication events. However, there is still a lack of
powerful and general computational biology frameworks to systematically
mine the unidentified but biologically significant cellular co-localization
patterns or co-infiltration patterns from massive and high-dimensional

spatial molecular data'’. Against this backdrop, deep learning strategies offer
a promising path forward. Here, we introduce an integrative deep learning
framework leveraging multi-dimensional evidence'*'®. Core to the frame-
work is the integration of scRNA-seq and spatial transcriptomics techniques
to yield finer estimates of cell type assembly proportions for each spatial
location or region in spatial transcriptomics data. Then, we construct the
entire tissue section or region into a complex spatial cellular graph, on which
a deep learning model is trained with the goal of unsupervised or semi-
supervised learning of feature representations that characterize this spatial
organization pattern. With this approach, the identification of co-
infiltration patterns defined and functionalized with single-cell precision
is of great clinical value for determining the prognosis of patients with GC.
In summary, our work identifies a prognostically relevant MFM co-
infiltration signature in GC, characterizes its constituent cellular states and
communication networks, based on these evidences, we also developed a
deep learning working framework. These efforts may not only complement
existing prognostic prediction tools, but may also point the way to the
development of precise combination therapies targeting specific malignant
microenvironmental ecological niches.

Results

Comparison of stromal characteristics and classification of
spatial niches in GC patients

GC remains a highly challenging clinical problem due to its unique bio-
logical characteristics and therapeutic resistance. To address this, our study
developed a deep learning-based biomarker detection workflow that
leverages multi-omics data to deeply analyze the spatial heterogeneity
features of primary and metastatic lesions in GC. (Fig. 1). To more intui-
tively assess stromal activation characteristics in GC samples and perito-
neal metastasis samples, we applied the ESTIMATE algorithm to normal
and tumor samples in the TCGA-STAD cohort, as well as to tumor and
peritoneal metastasis samples in the ACRG cohort. We evaluated the
tumor microenvironment from four perspectives: Stromal Score, Immune
Score, ESTIMATE Score, and Tumor Purity. We found that the Stromal
Score was higher in the tumor group than in the normal group, and even
higher in peritoneal metastasis samples compared to primary tumor
samples. Moreover, patients with high Stromal Scores had a poorer
prognosis (Fig. 2A-C). These findings preliminarily suggest that enhanced
stromal activity is a factor promoting tumor malignancy and may also
facilitate peritoneal metastasis in GC. To further investigate this, we col-
lected GC specimens and performed Masson staining to define tumor
stromal sclerosis characteristics (Fig. 2D, E). We observed that GC patients
with high stromal scores tended to have a worse prognosis (Fig. 2F). We
also evaluated the relationship between TNM staging and this score.
Although the results did not show a significant p-value, a notable corre-
lation was observed (Fig. 2G). The gene expression-based Stromal Scoreisa
significant prognostic indicator. However, the underlying spatial tissue
basis for this poor prognosis remains unclear. Moreover, the Stromal Score
reliably reflects the relative abundance of fibroblasts and indicates their
mediated stromal remodeling and sclerosis activity. Therefore, we next
aimed to investigate, at spatial resolution, the cellular composition of high
stromal score regions and the spatial interaction patterns formed between
fibroblasts and other core cell types. Subsequently, this study utilized
spatial transcriptomic data to more intuitively and accurately support this
conclusion. Referring to single-cell transcriptomic data from the same
batch of studies, we performed deconvolution annotation using cell2lo-
cation, initially identifying common microenvironment cell types in spatial
slices, such as epithelial cells, fibroblasts, macrophages, and immune cells
(Supplementary Fig. S1A, B). Next, we employed CCA to efficiently and
robustly integrate eight spatial transcriptomic datasets. Hierarchical clus-
tering was performed on the cell abundance of each region and its adjacent
areas in the GC spatial transcriptomic slices. At a resolution of 0.2, eight
distinct niches were identified and labeled with different numerical iden-
tifiers. After calculating the normalized distribution of cell deconvolution
matrix abundances, the average abundance of each cell type was computed
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Fig. 1 | Development details of the deep learning framework guided by multi-
dimensional transcriptomic evidence. First, through spatial transcriptomics ana-
lysis, this study identified niches enriched in fibroblasts and macrophages in GC
tissues; these niches exhibited a significant spatial neighborhood co-infiltration pat-
tern with tumor cell-dominant niches. This pattern was further validated by multiplex
immunofluorescence experiments and referred to as the “MFM” (macrophage-
fibroblast-tumor cell) co-infiltration pattern. Subsequent Celltrek spatial localization
analysis confirmed that DAB2" tumor-associated macrophages (DAB2'TAMs) and
ACTA2" myofibroblasts (ACTA2'myCAFs)—the core participants in this co-
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infiltration pattern—exhibited a significant spatial co-localization relationship.
Notably, patients with this co-infiltration pattern had significantly poorer prognosis.
Given the important prognostic value of this co-infiltration pattern, this study con-
ducted transfer learning based on the ImageNet-pre-trained ResNet-50 model. Using
pathological sections from the TCGA cohort for training, a deep learning framework
capable of accurately identifying the “macrophage-fibroblast-tumor cell” co-
infiltration pattern was constructed. At the mechanistic level, the study further
revealed that the PLAU-uPAR signaling axis plays a key regulatory role in the tripartite
crosstalk among macrophages, fibroblasts, and tumor cells.

by niche grouping, and a composition ratio matrix of cell types within each
niche was obtained. Following malignant cell scoring via infercnv, the
following niche cellular compositions were specifically determined:
Niche_01 (malignant epithelial cells, mal_Epi), Niche_02 (normal epi-
thelial cells, Epi_normal), Niche_03 (T/NK and B cells), Niche_04 (mac-
rophages and fibroblasts, Mph and Fib), Niche_05 (mast cells), Niche_06

(T cells and endothelial cells, T and EC), Niche_07 (Pericyte) and Niche_08
(endothelial cells, EC) (Fig. 2H and I, Supplementary Fig. S1C, D, G). The
distribution of niches across different spatial samples was relatively uni-
form yet distinct. Niches 4 and Niches 1 accounted for a relatively large
proportion in each slice (Supplementary Fig. S1E, F). To quantitatively
assess the spatial organizational relationships between different niches, we
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conducted systematic neighborhood enrichment analysis. The results
revealed a high-intensity neighborhood localization signal between Niches
4 (co-existing Mph and Fib) and Niches 1 (dominated by malignant cells).
This localization signal is highly unique, and we preliminarily speculate
that it may be the reason for the high stromal characteristics (Fig. 2J-L).

Specifically, at the 2-ring neighborhood scale (Fig. 2J), we observed a strong
spatial co-occurrence trend between Niches 1 and Niches 4, with a
neighborhood enrichment score as high as 0.3. This pattern remained
consistent across different spatial scales, demonstrating the robustness of
their spatial interaction (Fig. 2K, L).
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Fig. 2 | Comparison of stromal characteristics and spatial Niche neighborhood
relationships in GC and GC Peritoneal Metastasis (GCPM) Patients. A Bar charts
showing ESTIMATE algorithm-derived scores based on transcriptomic data of GC
patients from the TCGA-STAD cohort, including four metrics: Tumor Purity,
Stromal Score, Immune Score, and ESTIMATE Score. B Bar charts showing
ESTIMATE algorithm-derived scores based on transcriptomic data of GC patients
from the ACRG cohort, including four metrics: Tumor Purity, Stromal Score,
Immune Score, and ESTIMATE Score. C Kaplan-Meier (KM) curves showing that
GC patients with high Stromal Scores had significantly worse clinical prognostic
outcomes than those with low Stromal Scores. D, E Representative Masson-stained
images of GC pathological sections from our center. Top: 10x magnification; Bot-
tom: 40x magnification. Scale bars: 200 pm (10x) and 50 pm (40x), respectively.

F KM survival curves showing that patients with high Stromal Scores (quantified
from Masson staining) had poorer prognosis. G Correlation scatter plot showing the
correlation between CVF% (Stromal Component Proportion in Visual Field, i.e., the
proportion of stromal components in the visual field) and TNM stage of GC patients.
H Niche classification of spatial transcriptomic data from 8 GC cases; a total of 8
niches were identified, with each color representing a distinct niche. I InferCNV
scoring of spatial transcriptomic data from 8 GC cases to delineate tumor regions.
J-L Heatmaps revealing the neighborhood localization relationships among the 8
niches, with neighborhood localization signals observed at distances ranging from
55-55x2 um (left, ring = 2) to 55-55 x 3 um (middle, ring = 3) and further to
55-55 x 5 pum (right, ring =5).

Regional features of the macrophage-fibroblast-malignant cell
colocalized region

Building upon the previously described stable spatial architecture between
cellular niches delineated through neighborhood analysis, this study further
investigated the spatially proximate localization signals of Niches 4 and
Niches 1 observed across each section and the interactions between their
principal cellular components and the adjacent TME. We analyzed spatial
transcriptomics data from eight GC sections included in this study. Using
MISTYR to compute co-localization patterns of major TME cells from the
cell2location deconvolution results, including intra-spot co-localization and
neighboring-spot co-localization, we aimed to elucidate functional inter-
actions significantly contributing to gene expression. The results demon-
strated varying degrees of intra-spot and inter-neighborhood spot
colocalization of macrophages and fibroblasts across all eight analyzed ST
sections (Fig. 3A). We further delineated ROIs in areas with high infiltration
of these cells. Under high resolution, examination of different ST sections
revealed that macrophages and fibroblasts envelop tumor cells, forming an
armor-like structure that impedes the infiltration of T/NK cells. For
descriptive convenience, we termed this spatial organization the MFM
localization pattern (Macrophage-Fibroblast-Malignant cell) (Fig. 3B-D).
To validate this characteristic structure, we performed multiplex immu-
nofluorescence staining on independent pathological paraffin-embedded
sections. The results confirmed that CD68-labeled macrophages and a-
SMA-labeled fibroblasts consistently aggregate around tumor cells, forming
a barrier-like structure that partially excludes CD8 + T cells, thereby sub-
stantiating our hypothesis (Fig. 3E, F).

myCAF as a key component of the MFM region and its con-
tribution to GC progression

To analyze the aforementioned cell distribution pattern in GC at the single-
cell level, we integrated our in-house data, including gene expression profiles
from 19 primary GC samples, 10 normal gastric tissue samples, and 12
GCPM samples. After batch effect removal using the “harmony” package
and quality control filtering, high-quality cells from these 41 samples were
initially classified into 9 major cell types (Fig. 4A, B). These include B cells
(marked by MS4A1, CD79A, etc.), plasma cells (marked by IGKC, IGHG1,
etc.), T/NK cells (marked by CD3D, etc.), epithelial cells (marked by KRTS,
EPCAM, etc.), endothelial cells (marked by VWFE, etc.), fibroblasts (marked
by COL1AL, etc.), myeloid cells (marked by CSF1R, CD68, etc.), and mast
cells (marked by TPSABI, etc.) (Supplementary Fig. S2A, B, D). The het-
erogeneity of the TME is the fundamental cause of various therapeutic
challenges in tumors. Although the above major cell types exist in both
tumor tissues and adjacent normal tissues, their proportions vary sig-
nificantly across different tissue types. As mentioned earlier, spatial tran-
scriptomics indicated that tumor cells, macrophages, and fibroblasts are
highly enriched in tumor tissues and peritoneal metastases, a distribution
pattern we also observed in single-cell datasets. Specifically, the numbers of
fibroblasts and myeloid cells (with macrophages accounting for the
majority) gradually increased in tumor tissues and peritoneal metastases
compared to normal samples (Fig. 4C, Supplementary Fig. S2C). This
quantitative distribution pattern may reflect the “scirrhous characteristics”
of GC, prompting us to further explore such cellular heterogeneity and its

underlying mechanisms. Fibroblasts are one of the main components
contributing to stromal reinforcement in the TME, and studies have con-
firmed their role in promoting tumorigenesis and metastasis. However, the
high consistency of CAFs and their distribution patterns with surrounding
cells across different tissues, as mentioned in this study, remain poorly
understood. In this research, fibroblasts were re-clustered into 6 sub-
populations, named c¢1-CFD-Fib, ¢2-ACT A2-Fib, ¢c3-CCL5-Fib, c4-CCL11-
Fib, c5-ACTG1-Fib, and c6-CD37-Fib (Fig. 4D), with characteristic mar-
kers for each subpopulation shown in Fig. 4G. Furthermore, we used the
Velocity algorithm to infer the developmental trajectory of these fibroblast
subpopulations. The results showed that c1-CFD fibroblasts have a greater
potential to differentiate into c2-ACTA2 fibroblasts, while c3-CCL5 and c4-
CCL11 fibroblasts are more likely to differentiate into c4-CCL11 fibroblasts
(Fig. 4E, F). Functional enrichment analysis of each fibroblast subpopula-
tion revealed distinct functions, reflecting the high heterogeneity of the
tumor microenvironment (Supplementary Fig. S3A). We observed that
fibroblasts are dominant in PM samples; specifically, c2-ACTA2-Fib and
c1-CFD-Fib are the most abundant in PM samples (Fig. 4H-K). Previous
studies have classified fibroblasts based on their functions, including lipid
process-related CAFs (IpCAFs), inflammatory CAFs (iCAFs),
myofibroblast-like CAFs (myCAFs), vascular CAFs (vCAFs), and pro-
liferative CAFs (pCAFs). The types of fibroblasts vary across different
tumors or even different samples of the same tumor. We scored the func-
tional tendencies of each fibroblast subpopulation based on the expression
of key molecules. The results showed that c2-ACTA2-Fib exhibits a strong
correlation with myCAFs, while c1-CFD-Fib is strongly associated with
iCAFs (Fig. 4M). Here, we introduced the Scissor algorithm to investigate
the relationship between cell subpopulations and clinical characteristics. We
successfully identified Scissor+ cells (most relevant to distant metastasis)
among the fibroblast subpopulations. Based on cell proportion inference,
ACTA2" myCAFs accounted for the largest proportion of Scissor+ cells,
suggesting they may be the core component of “MFM pattern” in GCPM
and the TME (Fig. 4L). We further evaluated the correlation between
ACTA2" myCAF infiltration and clinical indicators using bulk RNA-seq
data. High infiltration of ACTA2" myCAFs was more common in tumor
patients and correlated with poorer OS and advanced staging in GC patients
(Fig. 4N). Validation in other GC transcriptome cohorts confirmed that
high infiltration of ACTA2" myCAFs is a risk factor for GC patients (Fig. 40,
P; Supplementary Fig. S3B). Functional enrichment analysis of populations
with high vs.low ACTA2" myCAF infiltration indicated that the infiltration
level of ACTA2" myCAFs is significantly associated with multiple features of
the HALLMARK pathways (Supplementary Fig. S3C).

The role of DAB2 TAMs in GC progression

Furthermore, we investigated another component of the ecological niche of
MEM: macrophages. To identify the primary macrophage subpopulations
most closely associated with ACTA2" myCAFs, we identified macrophages
from myeloid cells and conducted subpopulation annotation. Six cell sub-
populations were identified, including monocytes, which were designated
cl-AIF1-Mph, c2-APOE-Mph, ¢3-SPP1-Mph, c4-DAB2-Mph, c5-FN1-
Mph, and c¢6-FCN1-Mph, each expressing its specific marker (Fig. 5A, B).
We then analyzed the expression levels, enrichment preferences and
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Fig. 3 | Spatial localization features of distinct cell populations in the GC
microenvironment. A Heatmaps showing the colocalization of cells from
cell2location-derived deconvolution results (calculated via the Mistyr algorithm)
across 8 GC spatial transcriptomic sections. The upper panel represents intra-spot
colocalization, and the lower panel represents inter-neighborhood spot

colocalization. B-D Visualization of regions of interest (ROI) for the spatial loca-
lization of macrophages, fibroblasts, and tumor cells. Distinct colors correspond to
different cell types, and the intensity of each color reflects the relative abundance of
the respective cell type. E, F Multiplex immunofluorescence images depicting the
spatial localization of macrophages, fibroblasts, and tumor cells.
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infiltration proportions of the macrophage subpopulations in different
samples. The c4-DAB2-Mph subpopulation attracted particular attention as
it displayed progressively increased expression in both PT and PM derived
samples. Moreover, it showed dominant infiltration in both PT and PM
samples, suggesting its potential as a key subpopulation in GCPM. The c3-
SPP1-Mph subpopulation also exhibited dominant expression, although it

predominantly infiltrated PT samples and showed reduced expression
during PM progression (Fig. 5C, D). Furthermore, these macrophage sub-
populations displayed different preferences across sample types, potentially
reflecting the inherent complexity of macrophage differentiation. The
complexity of macrophages lies in their ability to undergo M1/M2 switching
in response to different TME. As a result, we then compared the M1/M2
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Fig. 4 | Expression and characteristics of fibroblasts in GC tissues. A, B UMAP
plots showing the distribution of 41 single-cell samples (involved in spatial tran-
scriptomic annotation) across different groups, and 12 major cell clusters after
clustering. AD: normal samples; PT: primary tumor samples; PM: peritoneal
metastasis samples. C Bar charts showing the proportions of myeloid cells and
fibroblasts in different groups. The y-axis represents cell abundance. D t-SNE plot
showing further sub-clustering of fibroblasts into 6 fibroblast subpopulations.

E, F RNA Velocity analysis indicating the differentiation direction of different
cancer-associated fibroblasts (CAFs); the start of the arrow represents the sub-
population with low differentiation potential, and the end of the arrow represents the
subpopulation with high differentiation potential. F Kaplan-Meier (KM) survival
curve showing that patients with high Stromal Scores (quantified from Masson
staining) had poorer prognosis. G Bubble plot showing the typical markers of dif-
ferent fibroblast (Fib) subpopulations; the size and color of the bubbles represent the

significance of the markers (bubble size indicates gene expression proportion, color
intensity indicates differential significance). H, I Circular pie charts showing the
proportion of each fibroblast subpopulation in different sample groups. J, K Pie
chart and heatmap showing the abundance of each fibroblast subpopulation in
samples of different groups, calculated using the R/oe method. L Identification of
fibroblast subpopulations most associated with peritoneal metastasis using the
Scissor algorithm; the proportion plot below shows the percentage of cells with
Scissor+ characteristics. M Radar chart showing CAF functional scoring of different
fibroblast subpopulations to identify the properties of inflammatory CAFs (iCAFs),
myo-fibroblastic CAFs (myCAFs), and angiogenic CAFs (apCAFs). N Box plot
showing the differences in CAF scores between groups with different clinical
characteristics. O, P KM survival curves showing the survival prognosis of patients
with high ACTA2'CAF expression in different GC transcriptomic cohorts.

propensity of the above macrophage subpopulations. Due to the diversity of
macrophages, we observed that subpopulations such as c1-AIF1-Mph and
c2-APOE-Mph exhibited ambiguous differentiation characteristics, con-
sistent with the complex functional nature of macrophages. Conversely, cells
within the c4-DAB2-Mph subpopulation exhibited prototypical M2 char-
acteristics (Fig. 5E, F). We endeavored to elucidate the evolutionary
dynamics within these macrophage subpopulations via RNA velocity ana-
lysis. The c4-DAB2-Mph subpopulation occupies an evolutionary endpoint
and most likely differs from the ¢5-FN1-Mph, c2-APOE-Mph, and c6-
FCN1-Mph subpopulations. Indicating that intermediate macrophage
states have the potential to differentiate into M2-type macrophages
(Fig. 5G). We then performed functional comparisons between the
immune, metabolic, signaling, and proliferation pathways of these different
macrophage subpopulations. The results show that DAB2" TAMs exert a
more significant influence on immune functions, while other subpopula-
tions predominantly converge on signaling pathways (Fig. 5H). The
aforementioned findings center on DAB2" TAM, leading us to hypothesize
that it may constitute a core component of the MEM niche. Subsequently,
we scored key markers of DAB2" TAM to assess their association with
immune checkpoint-related indicators. Results demonstrated that the TAM
score derived from DAB2" TAM markers exhibited positive correlations
with PDCD1, CD274, LAG3, and IDOI, aligning with the established
understanding that M2 macrophages promote tumor progression by
inducing immune suppression (Fig. 5I).

Multi-omics analysis of correlative features underlying ACTA2
myCAF and DAB2' TAM colocalization

Based on the above analytical results, we hypothesized that an interactive
communication network forms between ACTA2" myCAFs and DAB2'
TAMs. This network largely also acts upon tumor cells, potentially playing a
key role in stromal remodeling during the malignant progression of GC and
promoting the formation of an immunosuppressive microenvironment in
GC. To gather more evidence supporting this hypothesis, we first performed
a correlation analysis between the infiltration level of ACTA2" myCAFs and
macrophage infiltration levels based on transcriptomic data from different
GC cohorts. The results indicated that in the vast majority of GC tran-
scriptomic cohorts, the expression of ACTA2" myCAFs correlated with
macrophages (especially M2 macrophages). A typical example is the cohort
from Pasini et al, where this correlation was particularly significant
(R=0.55) (Fig. 6A, B). Next, we co-embedded ST and scRNA-seq data using
the CellTrek algorithm, and subsequently mapped ACTA2'myCAFs and
different types of macrophages onto spatial tissue images via a random
forest model prediction. Stable spatial co-localization of ACTA2" myCAFs
and DAB2" TAMs was observed in both GC PT and PM samples (Fig. 6C),
suggesting to some extent that these two cell types are important compo-
nents constituting the MFM armor-like TME structure. Subsequently, to
better interpret this phenomenon, we collected samples, hoping to provide
crucial evidence through multiplex immunofluorescence demonstrating co-
localization (Fig. 6D-G). Our fluorescence evidence revealed varying
degrees of infiltration of DAB2" TAMs and ACTA2" myCAFs in primary

GC lesions and peritoneal metastases. In peritoneal metastases, the spatial
distance between DAB2" TAMs and ACTA2" myCAFs was closer, and the
degree of interaction was stronger (Fig. 6D-G).

PLAU signaling tends to be a critical driver in the formation of the
MFM niche

In our previous work, we sought to identify evidence of fibroblast-
macrophage-tumor cell tripartite co-localization in GC. Through mIF
and multi-omics evidence, we confirmed the co-localization phenom-
enon between ACTA2" myCAFs and DAB2" TAMs within these
structures. We then attempted to explore the potential mechanisms
underlying this phenomenon via functional enrichment analysis. Per-
forming GO functional enrichment on the previously mentioned dif-
ferent niches, we found that Niches 1 was primarily enriched in
functions such as “Mitotic Sister Chromatid Segregation,” while Niches
4 was mainly enriched in the “Antigen Receptor-Mediated Signaling
Pathway” and “B Cell Receptor Signaling Pathway,” among others
(Supplementary Fig. S4B). Hallmark pathway scoring further under-
scored pronounced stromal activation within both nichel and niche4.
Specifically, nichel exhibited engagement of established oncogenic
pathways, including EMT, while niche4 displayed activation of
myogenesis-related programs, consistent with the prevalence of
myCAFs in MEM niches (Supplementary Fig S4C). Unbiased clustering
identified three transcriptional programs in GC, with PM samples
predominantly clustering within an EMT-enriched module (Fig. 7A;
Supplementary Fig S4A). These findings imply a pivotal role for EMT
within tri-cellular ecological niches. As EMT is largely executed by
tumor cells, we employed the NicheNet algorithm to identify fibroblast-
and macrophage-derived ligands that most strongly modulate EMT-
related gene expression in tumor cells. Fibroblast-secreted ligands,
including CCL2, CTGF, PLAU, and DKKI1, were predicted to upregu-
late EMT markers such as VCAN, VIM, and CD44. Similarly,
macrophage-derived ligands, notably PLAU, NODAL, INHBA, and
WNT5A, were associated with upregulation of VIM and OCD1 in
tumor cells (Fig. 7B, C). We also evaluated the contribution of partial
EMT (p-EMT), a metastable intermediate state augmenting canonical
EMT, within these niches. Cross-compartment cytokine analysis
identified several ligands, including PLAU, PTHLH, CTGF, THBS],
and TFF1, within the tri-cellular communicative network (Supple-
mentary Fig S4D, E). Taking the intersection of the aforementioned
ligands, PLAU emerged prominently, leading us to identify it as a key
cytokine in this multicellular ecosystem. The PLAU-PLAUR axis may
hold potential therapeutic value. Subsequently, we used the COMMOT
algorithm to assess signaling tendencies within the ST sections. The
results suggested spatial flux of EMT signals across different locations in
the ST sections, indicating the presence of EMT signal fluctuations
within the GC microenvironment in a spatial context (Fig. 7D, Sup-
plementary Fig. S4F). Furthermore, based on this, we further investi-
gated the spatial distribution dynamics of ligands and receptors in the
PLAU signaling pathway. The results showed significant spatial
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co-localization of PLAU-PLAUR in both PT and PM tissues. Referen-
cing ST spatial annotations, this phenomenon was particularly evident
within the MFM ecological regions (Fig. 7E; Supplementary Fig. S4G)
and coincided with areas dense in EMT signals. In contrast, ligand-
receptor interactions were significantly weaker in the surrounding
regions (Fig. 7E, Supplementary Fig. S4G). These findings suggest
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potential for targeting this pathway for GC treatment. Consequently, we
proceeded with laboratory experiments, treating GC cells with rh-
PLAU. We observed that supplementation with exogenous rh-PLAU
enhanced the proliferation, colony formation, and scratch wound
healing capacity of GC cells, with effects strengthening as the dose
increased (Fig. 7F-I).
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Fig. 5 | Expression and characteristics of macrophages in GC tissues. A UMAP
plot showing the further subdivision of monocyte/macrophage populations, with a
total of 6 macrophage subpopulations identified. B Bubble plot showing the
expression levels of typical markers in different macrophage subpopulations. The
size of the bubble represents the proportion of cells expressing the marker in the
corresponding subpopulation, and the color intensity indicates the significance of
the marker’s differential expression. C Stacked bar chart showing the proportion of
each macrophage subpopulation across different sample groups (normal/primary
tumor/peritoneal metastasis). D Heatmap showing the abundance of each macro-
phage subpopulation in samples of different groups, calculated using the R/OE

method. Box plot (E) and heatmap (F) showing the M1/M2 polarization scores of
different macrophage subpopulations. G RNA Velocity-based analysis indicating
the differentiation direction of different macrophage subpopulations: the start of the
arrow represents the subpopulation with low differentiation potential, and the end of
the arrow represents the subpopulation with high differentiation potential. H Bubble
plot showing the functional enrichment results of different macrophage sub-
populations. The color intensity and size of the bubbles represent the activation level
and enrichment significance of the functional pathways, respectively. I Correlation
scatter plot showing the correlation between the DAB2'TAM signature score (TAM
score) and the expression levels of common immune checkpoint molecules.

The incorporation of the deep learning model to highlight the
predictive value of the MFM pattern

As mentioned above, there exists a multicellular ecosystem in the GC, where
fibroblasts and macrophages gather around tumor cells. This structure
effectively prevents the infiltration of T cells, confers a protective niche to
tumor cells, and leads to the progression of these cells. Here, we evaluated
the impact of different infiltration levels of these three types of cells on the
prognosis of GC patients. We used ConsensusClusterPlus to identify the
expression signature modules in the transcriptomic data of TCGA-STAD
patients. When k = 3, GC patients was clustered into three subtypes: C1, C2,
and C3 (Fig. 8A). We used a deconvolution algorithm to map the expression
data of ACTA2" myCAFs, DAB2" TAMs, and Mal-epi to bulk RNA-seq
data. The results showed that patients in the C3 subgroup had high ACTA2’
myCAF infiltration, high DAB2" TAM infiltration, and high tumor cell
infiltration, exhibiting typical MFM pattern (Fig. 8A). Subsequently, we
performed KM survival analysis on these three groups of patients. The
results showed that patients in the C3 subgroup had the worst prognosis
(Fig. 8B), which indicates that the MFM pattern may be a potential prog-
nostic biomarker. Next, we evaluated the immune microenvironment
characteristics of these three subgroups of patients, retaining only significant
results. The findings revealed that the three subgroups classified by the
MEFM infiltration pattern exhibited distinct TIME characteristics. Specifi-
cally, the TIME of patients in the C3 subgroup (which we focused on) tended
to be stroma-enriched and immune-excluded. For example, the infiltration
of CAFs showed high levels across all algorithms. Meanwhile, this subgroup
was accompanied by the enrichment of macrophages, while the infiltration
of lymphocytes, including various T cell subsets and NK cells were the
lowest. This is consistent with our overall conclusion and suggests that one
reason for the poor prognosis of patients with a high MFM infiltration
pattern may be immune exhaustion (Supplementary Fig. S5A). Subse-
quently, pathway enrichment analysis was conducted among patients of
high MFM infiltration. Principal observations revealed that individuals with
a high MFM infiltration pattern frequently exhibited more distinctive
characteristics of EMT, stromal generation, tumor metastasis, and hypoxia
(Supplementary Fig. S5B-D). Considering the economic and time costs
required for THC staining, as well as the fact that the quantification of
staining intensity varies among individuals, we trained and tested a deep
learning model framework to predict the expression of the MEM pattern in
H&E-stained images, naming it “Gastric-discovery” (Fig. 8C). The specific
experimental workflow is as follows: We selected WSIs from TCGA-STAD
patients. For the accurate identification of pathological regions corre-
sponding to the MEM pattern, we invited senior pathologists to perform
ROIs annotation on all sections. At least 5 ROI regions were outlined for
each section to ensure annotation reliability. Next, we used the FindAll-
Markers function in the Seurat package to screen out the highly variable
gene set related to the multicellular niche. After inputting this gene set into
the bulk RNA-seq data of TCGA-STAD, we calculated the enrichment score
for each sample using the ssGSEA algorithm. We defined samples with the
top 25% of enrichment scores as the positive group and those with the
bottom 25% as the negative group. From these samples, 400 positive image
patches and 400 negative image patches were randomly selected to form the
training set, and the remaining samples served as the independent validation
set. During the model training phase, we conducted transfer learning based

on the ResNet-50 model. The model was trained for 100 epochs using the
AdamW optimizer with a batch size of 32. An early stopping strategy
(patience = 10) was introduced during training: training was stopped when
the performance of the validation set did not improve for 10 consecutive
epochs, and the model weights with the highest validation accuracy were
finally retained. After training, the model showed good overall performance
in fitting the training data and generalizing to new data. However, the results
of the validation set fluctuated, and there was a certain gap between the
performance of the validation set and the training set, indicating that there is
still room for optimizing the model’s generalization ability (Fig. 8D, E). The
test results showed that the optimal model achieved significant dis-
criminative performance on the validation set (precision = 0.961, specifi-
city = 0.9494, recall = 0.864, F1-score =0.9099) (Fig. 8F, G). The model
exhibited excellent classification performance in distinguishing between
high and low MEM patterns and could reliably differentiate between dif-
ferent risk groups (Fig. 8H, I). To further test the accuracy of our Gastric-
discovery workflow, we imported pathological sections with ST data into the
system. The results showed that the MFM pattern in the ST sections was
highly consistent with the MFM pattern identified by our system (Fig. 8], K).

Discussion

Patients suffering from GC and concomitant peritoneal metastasis harbor
an extremely poor overall prognosis. Once peritoneal metastasis occurs, the
median overall survival time is typically between 7 and 15 months, with a
five-year survival rate of only 2%"”. Conventional treatment strategies pre-
sent only limited efficacy in those patients, primarily as a result of the long-
standing neglect of the extensive stromal fibrosis characteristic of peritoneal
metastases'. In GCPM, hyper-deposition of the ECM contributes to the
formation of a dense physical barrier. At the same time, activated CAFs
participate in the formation of a protective shell around the tumor cells
through immunosuppression and dysregulated signaling pathways. Con-
sequently, this structural arrangement renders therapies that exclusively
target cancer cells largely ineffective and represents a significant biological
factor contributing to the poor prognosis of patients with peritoneal
metastasis'’. To overcome this bottleneck, a paradigm shift in therapeutic
strategy is needed, moving away from attacking tumor cells directly to
reshaping the TME, with a focused effort on addressing the characteristic
problem of matrix fibrosis in peritoneal metastases, this conceptual change
completely new directions for the treatment of GCPM’. The present
investigation was conducted in alignment with this line of inquiry. In light of
the findings, it can be concluded that the fibroblast density, measured in
accordance with the stromal scoring device, functions as an independent
prognostic factor. Of particular significance is the observation that these
fibroblasts tend to congregate with macrophages and aggressive tumor cells,
forming a defined spatial structural community which has come to be
termed the MEM pattern. It is hypothesized that such a stable three-partite
structure might form a functional niche, thereby facilitating tumor invasion
and immune evasion™.

In the context of breast cancer, FAP" CAFs fulfill a regulatory function
by means of the secretion of FN1, thereby activating the FAK-AKT-STAT3
pathway in macrophages via the Integrin a5p1 axis. This process leads to the
induction of M2-like polarization and the reinforcement of an immuno-
suppressive environment”. In colorectal cancer, a defining feature is the

npj Digital Medicine | (2026)9:10

10


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02179-9

Article

A Monocytes

= ¢ Mono_FCN1 N Voh_DAB2
Macrophages_M2 I m Ve AFT ..- Mph_APOE
Mast_cells_resting’ Mph_APOE Mph_FN1
NK_cells_activated Mph_FN1 Mph_SPP1
Macrophages_M1 | | Mph_SPP1 || Fib_ACTA2
T,cells,CDA,msmﬁgﬁg;mg ] W Von DAB2 [ ] gshEADI;
Fib_ACTA2 1b_
Dendritic_cells_resting | | F:b_CDCﬂ Mono_FCN1
Dendritic_cells_activated s a____ ™ iy i
Macrophages_MO $ 55555537 E3E3FEF 8
T_cells_follicular_helper & °55 5B '9%'3'938%8°
Eosinophils. o 33823823% 533533783
T_cells_CD8 0o Z-m 2N Nmo =R =
T_cells_gamma_delta
B_cells_memory [Mph_DAB2 u Mph_APOE
Plasma_cells. Mph_SPP1 Fib_CD37
T_cells_regulatory_(Tregs) Mono_FCN1 . JlMono_FCN1
T_cells_CD4_naive Mph_AIF1 Mph_AIF1
NK_cells_resting Mph_APOE B MohOAB?
B_cells_naive Mph_FN1 Mph_FN1
T_cells_CD4_memory_activated Fib_ACTA2 u Fib_ACTA2
Mast_cells_activated Fib_CD37 ] Mph_SPP1
Szzz=zzox -
Monocytes | | $5§53s¢°¢ $355887%
Macrophages_M2 [ O I3} SCEEEECE
NK_cells || 53373238 39'28299%
Dendritic_cells N=ZTm QYN2SR=Rx®
Neutrophils =
Macrophag;sg;vlul u rMph_A,H Moh_DAB2
_cells § Mph_DAB2
T_cells_CD4 | iy Mph_SPP1
T_cells_CD8 Mph_SPP1 Mph_AIF1
O regs Mph_APOE o APOE
ph_/
CT MO ONNOCE RN =0 ® | Mph_FN1
8338383 25538858253 Mono_FCN Mono_FCN1
SARIILSEBIICBnmRS Fib_ACTA2
FEHeiANCIIILBREL ib_ Fib_ACTA2
DUULLON hwaaeeEud Fib_CD37 Moh_FN1
NNV ] NN Uwnnn a T ph_f
VOOVOVOZOOVOOROOO 555555757 szz=z=z1=
= Sns 3% 333535¢%¢3
200>l [ o » I
GSE38749 i;gazs‘ﬁ% 2833392
Cor = 0.550; Pal = 3.4e-02 pemogR BRXE-Q2R
Mono_FCN1
F 5 X
B s [ on A2 Mph_APOE
E - . Mph_APOE Mono_FCN1
] Mph_SPP1 [ Mph_DAB2
2 Ph Mph_FN1
& Fib_CD37 Mpnispm
o 'T ‘. u Mph_FN1 Iph_
g Fib_ACTA2 | | Irshlﬁ:ﬁz
g | EE Veh AR | | e
- [ B
g0 55555573 z2z=z=zz=zon
2 F s . i i 58853538 °°
£ Co>0 838> Z3CZC 7%
R e e e S8338%3T 30829252
£ 28872 % EEFERREE
H
N i e
SR F @ celitype @ Fib_ACTA2 Mph_DAB2 i
D CAFscore °c 2 2 g2 2
A
CD68
A
>
>

; AV R

% :

Fig. 6 | Spatial localization characteristics of fibroblasts and macrophages.

A Heatmap showing the association between CAF score and macrophage infiltration
assessed by different immune infiltration algorithms across various GC cohorts.

B Scatter plot demonstrating the correlation between CAF score and macrophage
infiltration. C CellTrek-based deconvolution analysis reveals the distribution of
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DAB2 TAMs and ACTA2" CAFs. The heatmap displays the degree of co-
localization between different CAF subtypes and macrophage subtypes in various
GC spatial transcriptomics (ST) sections. D-G Multiplex immunofluorescence
images showing the co-localization features of DAB2" TAMs and ACTA2" CAFs.

Scale bars represent 200 um and 100 um, respectively.

npj Digital Medicine| (2026)9:10

11


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02179-9

Article

Metastasis

MYC TARGETS V1

Regulatory potential :-
& ¥ PotentE oo 0005

EMT genes
o

ACTAZ
BRCAT
coL1A1
CT6F
EFNAT

N1
HIF1A
TIMP1
vean

M
MMP2
onct
coL1A
LEF?
MMP1
POSTN
™e
WNT5A
MCM3
McM7
RBL1
cD4s

_TUBB3
coL3A1
PDGFRA

_HEY1
soct

ceiz- [l
MMPY
cTGF
FBNt

TNFSF18
sum2
DKK1 ] O ]
o mm ]
FLRT2

TNFRSF118

GREM1
cxett

ROBOT
NID1

CLECT1A

€0A
NPPC

[ |
|

Prioritized CAF-ligands

CLON11
SEMA3E

-o- HGC-27-NC
-# HGC-27-Plau 2ng/ml
20 -+ HGC-27-Plau 10ng/ml

o MKN45-NC G
-#- MKN45-Plau 2ng/ml
—+ MKN45-Plau 10ng/ml

-n

»
°

-
o
—
*
| S
*
*

o
o

o

c Malignant

0,005

_BRCA1
FN1
HEY1
LEF1
opct
EFNAT

_vim
cT6F
PTX3
ACTAZ
coL1At
HIFY
ENCT
MmP2
Gsc

™e

_TiMP1
COH11
cD4
VCAN
FAP
coL1Az

_coLaat

NID1
TNFRSF118

EDA-
LRRCAC
WNTSA
colz2
ceL?
cxcLs.

d Mph-ligands
5
3
2

INHBA

MMPY
CDH18
SEMA3A

CXCL10
PDGFC
NODAL

PLAU || ||

cxeLtt

10ng/mli

Relative cell proliferation rate
< < 23 »
Relative cell proliferation rate

N
=

°
>
o4
-
~
P
~d
o
ER
~d
°

2 3
NC 2ng/ml 10ng/ml

l l |

ahzZzx=Z I

NNOOTI

close spatial co-localization of SPP1" TAMs and FAP" CAFs. Chemokines,
like TGF- and IL-1 signaling, drive the cooperative generation of immune-
excluding fibrotic stroma by these cells, which physically limits T-cell
infiltration and a low response rate to immunotherapy”. In HCC, a pre-
dominant focus on CD36" CAFs has emerged, whose secretion of MIF
promotes expansion of MDSCs, thereby suppressing T-cell activity. For

instance, the targeting of CD36 with ASOs has been demonstrated to
enhance the efficacy of immunotherapeutic interventions™. Beyond cyto-
kine signaling and pathway crosstalk, TAMs and CAFs have been observed
to attract each other through direct cellular reprogramming or metabolic
interplay. Regardless of the route, the coexistence of these cells typically
results in the formation of stromal structures that resemble barriers around
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Fig. 7 | Signaling interaction features of the MFM Niche. A Unbiased clustering
revealed 3 distinct programs in GC. The heatmap depicts pairwise correlations of
these programs across different spatial transcriptomic datasets. B Heatmap showing
the expression of genes associated with tumor cell EMT pathway activation induced
by ligands secreted from CAFs, as analyzed by NicheNet. C Heatmap showing the
expression of genes associated with tumor cell EMT pathway activation induced by
ligands secreted from TAMs, as analyzed by NicheNet. D Interactions inducing
EMT-related pathway alterations in spatial transcriptomic sections. Red arrow size
indicates signal strength, while arrow direction reflects the trajectory of signal
evolution. E Expression and colocalization of the PLAU-uPAR ligand-receptor axis

across different GC ST sections. “Exp” denotes the relative expression levels of the
ligand (PLAU) and receptor (uPAR); the red gradient represents the colocalization
level, which indicates the interaction strength between the ligand and receptor.
CCK-8 proliferation curves showing the proliferative capacity of MKN45 cells (F)
and HGC27 cells (G) after treatment with exogenous recombinant human PLAU
(rh-PLAU). H Colony formation assay showing the clonogenic capacity of MKN45
cells and HGC27 cells after treatment with exogenous rh-PLAU. I Wound healing
assay showing the migratory (wound closure) capacity of MKN45 cells and HGC27
cells after treatment with exogenous rh-PLAU.

tumors that not only protect malignant cells from immune attack but also
amplify oncogenic signaling through cellular feedback’**. The present
study lends support to these concepts in relation to GC. Stromal bands
composed of macrophages and fibroblasts were identified in both primary
and peritoneal metastases, when lie on the microscopic level, the focus was
on myofibroblasts and DAB2-rich TAMs as dominant cellular players.
Contrary to the findings of previous studies, which examined these popu-
lations in isolation, emphasis is placed on the integrated ecosystem formed
by macrophages, fibroblasts and tumor cells. This structure is not merely a
spatial landscape, but rather a cooperative cellular alliance built from specific
spatial relationships. The formation of such units appears to be crucial for
shaping the pre- and post-metastatic microenvironment and promoting
resistance to conventional therapies™.

Changes in intracellular signaling within the TME are likely to be the
primary drivers of this stability phenomenon, whereby signaling molecules
representing a primary underlying mechanism constitute the most common
form of communication between cells. Our goal is to identify signaling
molecules that are secreted jointly by CAFs and TAMs and selectively target
tumor cells in order to optimize translational therapeutic value. Con-
centrating on p-EMT and EMT, we have further clarified our investigation
on the PLAU and previous extensive research have supported that the
PLAU-PLAUR pathway fulfills a crucial role in tumor invasion and meta-
static spread”. The PLAU-PLAUR interplay has been observed to
demonstrate high avidity and specificity, resulting in the effective activation
of the plasminogen system and the subsequent initiation of multiple
intracellular signaling responses™. Currently, in our research, this axis not
only functions as a central signaling pathway mediating tumor invasion and
ECM remodeling in GCPM but is also intimately integrated with the
aforementioned MFM pattern crosstalk network. Its translational potential
offers a means to overcome the limitations of current therapeutic
strategies”. For angiogenesis, GCPM neovascularization relies on VEGF
and other factors secreted by CAFs and TAMs, with amplification via this
axis. This explains the limited efficacy of current anti-angiogenic agents in
subsets of patients, due to these agents target only the factors, not the PLAU-
PLAUR axis and its mediated ECM degradation cascade, thus failing to fully
abrogate core drivers of neovascularization™’".

The fundamental strength of NIPS therapy lies in its remarkable
capacity to augment the concentration of drug in the peritoneal space. This
enhanced effect is attributable to the synergistic interaction between intra-
peritoneal administration of paclitaxel and oral S-1. However, the dense
ECM structure of peritoneal metastases affects drug penetration, thereby
reducing the efficacy of the drug on deep tissue tumor targets. In the future,
the combination of a PLAU-PLAUR axis inhibitor with NIPS therapy is
expected to enhance the effectiveness of the latter in the treatment of
peritoneal metastases. Furthermore, the continuous advancement of multi-
omics technologies is resulting in PLAUR acquiring novel biological sig-
nificance in this context. For instance, in the context of HCC, PLAUR’
neutrophils have been observed to be particularly abundant among patients
who demonstrate non-responsiveness to anti-PD-1 therapy. Such patients
exhibit a suppression of CD8" T-cell function through the secretion of
immunosuppressive factors, including ARG1 and IL-10, thereby facilitating
immunotherapy resistance””. Conversely, PLAUR monoclonal antibodies
have been shown to competitively impede uPA from binding to uPAR,
thereby inducing ADCC/CDC effects that culminate in the destruction of

tumor cells. Consequently, direct intervention in this axis may be highly
relevant for the treatment of GCPM™.

This structural protective biologic impact of the microenvironment
translates into prognostic challenges in GC patients. Based on data from
TCGA and several other cohorts of GC patients, we have found that patients
with both ACTA2" myCAF and DAB2" TAM-heavily infiltrated solid
tumors carry the worst prognosis, possibly due to the highly aggressive and
immunosuppressive effects of these cells in the armor-like niche. Moreover,
preliminary studies in our laboratory have demonstrated that intervention
in the PLAU axis effectively inhibits the viability of GC cells. In view of the
cumbersome nature of current clinical-pathological work and the fact that
IHC staining is highly subjective, we thus developed the Gastric-discovery
system, which employs the colocalized surrounding areas of these three cell
types in combination with deep learning technology as a novel biomarker.
The system enables accurate prediction of the prognosis of GC patients by
quantifying the characteristics of the distribution of the three cells in rou-
tinely HE-stained sections It is hoped that this approach could bridge the
gap between research into the mechanisms of the tumor microenvironment
and clinical prognosis assessment.

In developing the Gastric-discovery system, we considered the balance
between image recognition accuracy and computational efficiency, parti-
cularly the problem of gradient vanishing in deep neural networks, and we
chose the classic ResNet-50 model as the core basis of the system. Compared
to other models such as VGG-16, ResNet-50 enables a significant reduction
in the number of parameters through residual connections in a deeper
network structure. Although there have been many advances in emerging
imaging analysis models, such as EfficientNet, which achieves a better
balance between performance and efficiency by scaling composite models,
and ViT, which introduces the Transformer architecture to the field of
image processing, the mature ecosystem of ResNet-50 strengthened our
confidence in choosing it as the underlying framework for the Gastric-
discovery system. Overall, the present study reveals the spatial localization
characteristics and cellular interaction information between macrophages,
fibroblasts and tumor cells. Drawing conclusions from these findings, the
study establishes promising clinical prognostic indicators. These endeavors
have the potential to offer novel avenues for the enhancement of patient
prognoses.

Methods

Data retrieval and acquisition

The Cancer Genome Atlas-Stomach Adenocarcinoma (TCGA-STAD)
sequencing data utilized in this study were retrieved from the public domain
via the TCGA database (https:/portal.gdc.cancer.gov/). Concurrently,
whole-slide images (WSIs) were acquired from the same repository for deep
learning model training. For supplementary analyses, gene expression data
corresponding to datasets GSE84426, GSE62254, GSE57303, GSE15459,
GSE14208, GSE29272, GSE34942, GSE84437, GSE84433, GSE26899,
GSE26901, GSE38749, GSE28541, and GSE26253 were downloaded from
the GEO database (https://www.ncbi.nlm.nih.gov/geo/). Public scRNA-seq
datasets included in this study were curated from multiple repositories to
construct the final research cohort. Specifically, this cohort comprised dif-
ferent scRNA-seq samples: HRA004702, GSE183904, GSE163558, and
GSE308231. Spatial transcriptomics data used herein were obtained from
publicly accessible datasets within GSE251950.
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Single-cell data processing

The R package Seurat (v4.4.0) was employed for downstream processing
and analysis of scRNA-seq data. First, to mitigate batch effects and con-
founding influences of individual patient-specific variation, the Harmony
algorithm was applied to integrate the scRNA-seq datasets. For QC, cells
were filtered out by default if they met any of the following criteria: <5000

unique molecular identifiers (UMIs), >15% mitochondrial gene content, or
<250 expressed genes. Only genes detected in at least 3 cells were retained for
subsequent analyses. Additionally, the QC-passed data were evaluated using
the DoubletFinder (v2.0.3) algorithm to eliminate doublets. Finally, uniform
manifold approximation and projection (UMAP) was applied for dimen-
sionality reduction and visualization of cell clusters. The annotation and
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Fig. 8 | Development, training, and validation of the Gastric-Discovery deep
learning model. (A) ConsensusClusterPlus was used to identify expression modules
within TCGA-STAD. Matrix clustering was performed with k = 3 (top). Ridgeline
plots depict the infiltration levels of ACTA2" myCAFs, DAB2" TAMs, and malignant
epithelial cells (Mal-epi) across patient subgroups. B Kaplan-Meier survival curves
illustrating prognostic outcomes among different patient subgroups. C Architectural
details of the Gastric-Discovery workflow. D, E Trends in loss and accuracy across
training epochs for both the training and validation sets. F, G Velocity analysis
inferring differentiation trajectories of cancer-associated fibroblast (CAF)

subpopulations. Arrows indicate directionality from low-differentiation (start) to
high-differentiation (end) states. F Confusion matrix evaluating the binary classi-
fication performance (“High Risk” vs. “Low Risk”) of the model. G Heatmap
comparing key classification metrics (Accuracy, Precision, Recall, Specificity) during
the identification process. H, I Receiver operating characteristic (ROC) curves for
the multi-class task, assessing model performance in classifying high and low MFM
patterns. J, K Comparison between MFM patterns identified by spatial tran-
scriptomics and those predicted by the Gastric-Discovery deep learning framework.

identification of cell types in this study were based on known classical
markers, and detailed information about these gene markers is described
below. The FindAllMarkers function in the Seurat package was used for
differential expression analysis between cell clusters to identify specific
marker genes for each cell cluster. Genes with adj. p < 0.05 were considered
statistically significant differentially expressed genes. Genes with an
avg_log2FC > 0.25 were regarded as having sufficient expression differ-
ences. In addition, each gene should be expressed in at least 10% of the cells
in the cluster to be identified (min.pct = 0.1), and its expression proportion
in the control cluster cells should be lower than 10% or its expression level
should be lower. The identification of malignant cells was performed using
the inferCN'V algorithm to infer copy number variation (CNV) profiles and
identify tumor-specific chromosomal alterations. Velocyto was used to infer
cell differentiation of different cell clusters, and to deduce developmental
trajectories and differentiation states.

Functional enrichment analysis and immune infiltration analysis
DEGs that were upregulated in each cell subset were identified using the
‘FindAllMarkers® function in Seurat, and these DEGs were subjected to
functional enrichment analysis. The R package clusterProfiler was
employed for this enrichment analysis, with pathways exhibiting a false
discovery rate (FDR) < 0.05 deemed significantly enriched. Fifty key cancer
hallmark gene sets utilized in the enrichment analysis were obtained from
the MSigDB. The R package irGSEA was utilized to compute UCell scores
for samples analyzed via scRNA-seq and ST-RNA. For TCGA expression
profile data, the R package ESTIMATE was used to estimate the abundance
of tumor stromal and immune cells, along with tumor purity.

Cell type distribution bias across samples

The R package STARTRAC was employed to compute the Ro/e index (ratio
of observed to expected cell numbers), which was used to assess the rela-
tionship between cell types and tissues, alongside cell type distribution
biases. Ro/e > 1 indicates that the cell subset exhibits a higher distribution
frequency in a specific tissue than would be expected by random chance,
reflecting enrichment of the subset in that tissue. Conversely, Ro/e <1
indicates that the subset is depleted in the target tissue.

Spatial transcriptomics data processing and Niche partitioning

Initially, the R package stCancer was used for quality control and normal-
ization of the downloaded spatial transcriptomics data. A standardization
and integration process based on SCTransform was adopted: each sample
was first independently standardized by SCTransform™, and then 2000
highly variable genes were used as anchors to integrate multiple samples
through the CCA-based FindIntegrationAnchors and IntegrateData func-
tions to eliminate batch effects, resulting in an integrated Seurat object. PCA
analysis was performed on the integrated data, and graph clustering was
conducted based on the PCA results. To determine the optimal clustering
resolution, the Clustree tool was used to visualize the clustering stability at
different resolutions (0.2 to 1.2). To identify the cell types of spatial tran-
scriptomics spots, cell2location was used to train cell type feature signatures
from paired single-cell data, which were then applied to spatial data for
deconvolution to obtain the absolute abundance of each cell type”. The
integrated ST samples were then subjected to hierarchical clustering, further
generating 8 categories, which we labeled as “niches”. Squidpy was used to

construct a spatial adjacency network, and the sq.gr.nhood_enrichment
function was used to calculate the enrichment scores of each cell type at the
1-ring, 2-ring, and 3-ring neighborhood scales. This score evaluates whether
the degree of spatial proximity between two cell types is higher than ran-
domly expected. Using the MistyR package, we established a multi-view
spatial model. Specifically, the cell abundance matrix was input into the
MistyR framework to build an intracellular view and an intercellular view, so
as to quantify the contribution of cell intrinsic composition and local
microenvironment interactions to specific molecular phenotypes.

CellTrek co-localization analysis

Single-cell-level spatial co-localization was conducted utilizing the CelltrekR
package™. First, according to the single-cell file with completed sub-
population annotation, the traint function was used to integrate single-cell
RNA data and spatial transcriptomics data, and the celltrek function was
used for co-embedding analysis. Then, the scoloc method was used to cal-
culate the spatial co-localization map between cell types, and finally a
minimum spanning tree (MST) was generated to reveal the spatial rela-
tionship between cell populations.

Cell-Cell communication analysis

NicheNet was used to analyze cell-cell communication in the study. Spe-
cifically, precurated ligand-receptor pairing information, signaling pathway
data, and gene regulatory network data were integrated to construct ligand-
signaling networks and gene regulatory networks. The Personalized
PageRank algorithm was employed to compute the influence coefficients
between ligands (derived from macrophages, tumor cells, and fibroblasts)
and downstream signaling molecules, as well as target genes. COMMOT
was used here as a method to infer ligand-receptor cell communication in
spatial transcriptomics”’, Specifically, the data were first preprocessed, with
the expression matrix normalized and transformed, followed by further
filtering of ligands and receptors from the CellChatDB ligand-receptor
database. Spatial communication inference was then performed on the fil-
tered ligand-receptor pairs with statistical significance, with the spatial
distance limit set to 500um.

Consensus non-negative matrix factorization (cNMF) analysis

Consensus non-negative matrix factorization ((NMF) was used to identify
potential expression programs in each set of 10 tumor samples™. By sys-
tematically testing k values from 3 to 12, and based on the stability of the
consensus matrix and the inflection point of reconstruction error, k = 6 was
finally determined as the optimal number of clusters. After calculating the
Pearson correlation coefficients of these programs, they were classified into
corresponding meta-programs. To conduct functional annotation of the
expression programs identified by cNMF, we screened the genes that con-
tributed the most to each program. Specifically, we sorted the genes
according to the gene weights generated by cNMF, and selected the top 30
genes with the highest weights in each program as the signature genes of that
program, which were used for subsequent gene set enrichment analysis.

Data preparation and preprocessing for deep learning
framework

A total of 376 hematoxylin-eosin (H&E)-stained whole-slide images (WSIs)
from TCGA-STAD patients were included in this study, and all images were
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obtained from the TCGA platform. The scanning magnification of WSIs
was extracted and verified using Python’s openslide package. The annota-
tion work of the mentioned WSIs was completed under the guidance of at
least two experienced pathologists. They made judgments based on the
World Health Organization classification criteria and cell morphological
and tissue structural characteristics. First, typical tumor regions and normal
epithelial regions were identified under a low-power microscope. Subse-
quently, the cellular and tissue structural characteristics of the above regions
were confirmed under a high-power microscope, and digital pathology
software was used to accurately outline these regions of interest (ROIs). For
controversial regions, the two pathologists discussed together until a con-
sensus was reached; if still undetermined, the region was excluded from the
study and not used for subsequent image cutting and model training.
Through the above process, we outlined ROIs containing the morphological
structure of “MFM” infiltration pattern. Then, within these ROI regions, we
cut and uniformly cropped the images into 224 x 224-pixel image patches,
with at least 5 image patches generated from each WSI. To obtain the
category labels of the image patches, we performed feature analysis and label
assignment at the gene level. With the help of the FindAllMarkers function
in the Seurat package, we identified differentially expressed genes related to
the “MFM” infiltration pattern. This gene set was input into the RN A-seq
expression matrix of the TCGA-STAD cohort, and the enrichment score of
each sample was calculated using the ssGSEA algorithm. Each patient
sample was divided into different MEM infiltration pattern categories
according to the median of this score or other thresholds. Finally, all image
patches extracted from each patient’s WSI inherited the category label of
their corresponding sample, which were used for subsequent model
training.

Training and deployment of deep learning framework

We input the preprocessed and annotated image patches into the ResNet-
50 model for image classification training. Torchvision was used to build a
data loading pipeline, which included image preprocessing steps such as
normalization and data augmentation steps. We conducted 100 training
epochs with a batch size set to 32. In each epoch, the AdamW optimizer
was used for parameter updates. After each training epoch, we evaluated
the model performance on the reserved validation set, calculated and
output the training loss, validation loss, training accuracy, and validation
accuracy. We adopted an early stopping strategy: if the validation accuracy
did not improve for 10 consecutive epochs, the training was terminated,
and the model weights with the best performance on the validation set
were saved. Based on the obtained optimal ResNet-50 model weights, we
developed a clinically practical UI using the Streamlit framework. The
entire training process was completed on an NVIDIA GeForce RTX
4090 GPU.

Cell proliferation, colony formation, and scratch assays

The MKN-45 and HGC-27 GC cell lines were obtained from the Cell Bank
of the Chinese Academy of Sciences. The cells were maintained under
standard culture conditions. Cells in the logarithmic growth phase were
seeded into 96-, 24-, and 12-well plates. After 24 h, recombinant human
PLAU (rth-PLAU) was administered at concentrations of 2 ng/mL and
10 ng/mL. Subsequently, functional assays, including CCK-8 spectro-
photometry, colony formation, and scratch wound healing, were per-
formed. The absorbance at 450 nm was measured daily for a period of six
days. For the colony formation assay, cells were fixed with paraformalde-
hyde and stained with Giemsa after 14 days. Scratch closure was monitored
at two time points: 0 h and 24 h. All experiments were conducted in bio-
logical triplicate.

Multiplex immunofluorescence

Immunofluorescence experiments were performed on samples of GC pri-
mary tumors and peritoneal metastatic lesions. Following deparaffinization,
tissue sections underwent antigen retrieval through heat-mediated epitope
unmasking and subsequent blocking procedures. Permeabilization was

accomplished using TBST, whereupon sections were incubated overnight at
4°C with a panel of primary antibodies specific to Pan-CK, CD68, CD8,
DAB2, FAP, and a-SMA. Species-appropriate secondary antibodies con-
jugated with distinct fluorophores were then applied in sequential order.
Finally, nuclei were counterstained with DAPI prior to cover-slipping. This
study was approved by the Ethics Committee of Ruijin Hospital, Shanghai
Jiao Tong University School of Medicine (2021-336) and conducted in strict
compliance with the ethical principles of the World Medical Association’s
Declaration of Helsinki.

Statistical analysis

Current research was carried by R software (version 4.2.1) for all statistical
analyses. For data that followed a normal distribution, we used the Student’s
t-test to compare two groups. For data that did not follow a normal dis-
tribution, we used the Wilcoxon rank-sum test. When comparing multiple
groups, one-way ANOVA was used for normally distributed data and the
Kruskal-Wallis test for non-normally distributed data.

The relationship between continuous variables was assessed using
Spearman’s rank correlation. Kaplan-Meier analysis was applied to show
survival outcomes and the log-rank test to compare them. A p-value less
than 0.05 was considered statistically significant.

Data availability

All datasets involved in this study have been made publicly available. The
TCGA-STAD sequencing data used in this article can be accessed openly via
the TCGA database. Datasets with accession numbers GSE84426,
GSE62254, GSES57303, GSE15459, GSE14208, GSE29272, GSE34942,
GSEB4437, GSE84433, GSE26899, GSE26901, GSE38749, GSE28541, and
GSE26253 are openly available through the GEO database. The single-cell
RNA sequencing (scRNA-seq) data were obtained from the GEO database
(accession numbers: GSE183904, GSE163558, GSE308231) and the GSA
database (accession number: HRA004702). GSE308231 secure token:
ohcvkuuglrcetvip. The spatial transcriptomics data involved in this study
were derived from the publicly available spatial transcriptomics information
in GEO accession GSE251950. All data used in the study are fully accessible
within this article.
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The analytical codes involved in this study can be obtained by contacting the
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