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Abstract

Gastric cancer (GC) is highly heterogeneous and prone to metastasis, which are obstacles to the effectiveness of treat-
ment. The basement membrane (BM) acts as a barrier to tumor cell invasion and metastasis. It is critical to investigate
the relationship between BM status, metastasis, and patient prognosis. In several large cohorts, we investigated BM gene
expression-based molecular classification and risk-prognosis models for GC, examined tumor microenvironment (TME)
differences among different molecular subtypes, and developed risk models in predicting prognosis, immunotherapy
effectiveness, and chemotherapy resistance. Three GC subtypes (BMclusterA/B/C) based on BM gene expression status
were discovered. Each of the three GC subtypes has unique immune infiltration and activated oncogenic signals. Moreo-
ver, a 6-gene score (BMscore) predictive model was developed. The low BMscore group had a high tumor mutation
burden, high immunogenicity, and low RHOJ expression levels, implying that individuals with GC in this category may
be more susceptible to immunotherapy and treatment. The EMT subtype showed a considerably higher BMscore than
the other subtypes in the Asian Organization for Research on Cancer (ACRG) molecular classification. Endothelial cells,
smooth muscle cells, and fibroblasts may be engaged in regulating BM reorganization in GC progression, according to
single-cell transcriptome analyses. In conclusion, we defined a novel molecular classification of GC based on BM genes,
developed a prognostic risk model, and elucidated the cell subpopulations involved in BM remodeling at the single-cell
level. This study has deepened the understanding of the relationship between GC metastasis and BM alterations, achieved
prognostic stratification, and guided therapy.
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GC Gastric cancer
CNV Copy number variation
oS Overall survival

TCGA The cancer genome atlas

GEO Gene expression omnibus

EMT  Epithelial mesenchymal transition
MMPs  Matrix metalloproteinases

TME Tumor microenvironment

TMB  Tumor mutation burden

NTN4 Netrin 4

RHOJ  Ras homolog family member J
ROC Receiver operating characteristic

1 Introduction

GC is a major cause of cancer death, and patients can be found all over the globe, with a particular concentration
in the densely populated Asian and European continents. Due to dietary habits and genetic factors, China has the
highest number of GC cases and deaths in the world [1]. Helicobacter pylori infection is a greater contributor to GC
in East Asia [2]. A multicenter prospective cohort analysis in Chinese GC patients discovered that H. pylori infection
accounted for 78.5% of non-cardia and 62.1% of cardia gastric cancers [3]. Immunotherapy is a cancer treatment that
has recently been developed, and an increasing number of studies/clinical trials have demonstrated the efficacy and
power of immunotherapy [4-7]. However, there are still some patients who do not respond to immunotherapy. If the
effects of immunotherapy could be predicted before treatment utilizing molecular markers, it would be of consider-
able value to individualize patient care.

The majority of human tissue is surrounded by BM, a thin, dense layer of the extracellular matrix that lies at the
base of epithelial cells. The laminin network and the type IV collagen network, which are two distinct polymer net-
works, are joined by extracellular matrix proteins to form the BM’s lamellar structure [8]. BM serves as a barrier for
the cell. It has been demonstrated that cells pass through the BM in a variety of ways. Different cells may use differ-
ent methods to cross the BM depending on where they are located in the body, their physiological status, and even
their stage of development [9-12]. Forming invasive pseudopods, down-regulating adhesion receptors, physically
forcing a breakthrough, or inducing cellular remodeling across the basement membrane are all common ways for
normal cells to do this. To properly metastasize, tumor cells must additionally penetrate their outer layer as well as
the BM of the metastatic tissue. According to current research, there are four basic ways for tumor cells to break
through the BM: mechanical forces created by cell proliferation; selective invasion driven by telangiectatic precursor
cells; facilitation of invasion by cancer-associated fibroblasts in the extracellular matrix; and inhibition of tumor cell
invasion by myoepithelial cells [13, 14]. The BM, in addition to affecting the movement of different cell types, can
also perform immunomodulatory actions. BM laminin fractions can directly limit T cell activation and proliferation
in mice by reducing T cell receptor signaling [15]. It is suggested that changes in BM state may indicate tumor cell
malignancy and pathological grading.

Changes in the BM status may reflect the degree of malignancy and pathological grade of cancer. However, there
is still a lack of research on the relationship between the basement membrane and the pathological grade of gastric
cancer. In this study, molecular subtypes of gastric cancer based on BM gene expression were analyzed by consensus
clustering. The differences in TMB, immune infiltration, tumor purity, and cancer-related signaling pathways between
different subtypes were studied. Univariate COX regression, Lasso regression, and multivariate COX regression were
used to construct a predictive model of survival risk based on BM genes, and further, evaluate the differences in
immunotherapy efficacy and chemotherapy resistance between high and low-risk groups. In addition, cell subsets
that may be involved in BM remodeling in gastric cancer were investigated and characterized at the single-cell level.
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2 Materials and methods
2.1 Data sources and processing

Gene expression data and clinical annotation information were collected from GEO and TCGA databases. This study included
seven eligible GC cohorts (GSE15459, GSE34942, GSE57303, GSE62254, GSE84437, GSE183904 and TCGA-STAD) (Table S1)
[16-20]. We downloaded the original ‘CEL files for the first four microarray data from the GPL570 platform on Affymetrix®
chips and used the RMA algorithm of affy package to perform background correction, normalization, and integration of
each dataset in turn. We used the sva (Surrogate Variable Analysis) package’s “ComBat” algorithm to correct for batch effects
caused by non-biotechnical bias between the four datasets. The four datasets were combined and given the name Meta
cohort. We directly downloaded the normalized matrix file for the microarray data GSE84437 from the GPL6947 platform.
The openly available RNA sequencing data (TPM values) from the TCGA platform were downloaded directly from the TCGA
website using the search term “TCGA-STAD". To facilitate subsequent analysis, we converted the TPM values to log,(TPM +1).
We removed genes that had no expression in any of the samples in each dataset. In cases where multiple probes were
enriched to the same gene, we chose the probe with the highest expression value as the corresponding gene’s expression
value. TCGA provided data on somatic mutations and copy number variation (CNV). To analyze somatic mutation data, the
maftools package was used [21]. The GEO database’s GSE183904 dataset was used to obtain single-cell data. We downloaded
the single-cell matrix file and integrated the single-cell data from 36 of these patients with primary gastric cancer. For batch
correction, the Harmony algorithm was used. We used the FindVariableFeature function to find the top 3000 highly variable
genes, the ScaleData function to scale all genes, and the RunPCA function to downscale the top 3000 highly variable genes
that were filtered. The tSNE method was used to find cell clusters by downscaling using the "FindNeighbors" and "FindCluster"
functions and a resolution of 0.5. The cell clusters were identified using GC cell subpopulation marker genes. R (version 4.1.1)
was used for all data analysis. For data visualization, the R packages ggplot2 and pheatmap were used.

2.2 Unsupervised clustering analysis based on BM genes

Ranjay Jayadev et al. conducted a study that yielded the BM gene set [22]. Considering the different numbers of BM genes
detected by different sequencing platforms, we took the intersection to obtain 203 common BM genes for this study
(Table S2). The Meta cohort, TCGA cohort, and GSE84437 cohort were all included in the clustering analysis, which was car-
ried out using the K-means algorithm from the ConsensuClusterPlus package [23]. We selected 80% of the samples, and
80% of the genes for repeat sampling, with the maximum K value set to 6 and the number of repeat samples set to 1000.

2.3 Differential gene analysis

The limma package was used to examine genes that were expressed differently in the two groups [24]. Genes with |logFC|> 1.2
and P-adjust < 0.05 were considered differentially expressed between groups.

2.4 Function enrichment analysis

For gene function enrichment analysis, both Gene Ontology (GO) and Gene Set Variation Analysis (GSVA) were used. The GO
analysis is based on differentially expressed genes, which may miss some important but less differentially expressed genes
in the pathways. The GSVA algorithm computes the cumulative density function of all genes in each pathway of a sample,
ranks the genes, and computes the GSVA score based on its ranking order and scoring rules. The progeny package was used
to calculate the targeted cancer signaling pathway score of the samples. Androgen, EGFR, Estrogen, Hypoxia, JAK-STAT,
MAPK, NFB, PI3K, P53, TNFa, Trail, TGF, VEGF, and WNT are the 14 cancer signaling pathways built into the current version of
progeny. For GO, GSVA, and cancer-related signaling pathway analyses, the ClusterProfiler, GSVA [25], and progeny packages
[26] were used, respectively.

2.5 Tumor microenvironment (TME) analysis

The ssGSEA algorithm in the GSVA package was used to analyze the differences in the expression levels of 29 TME tags
in GC patients [27]. MCPcounter was used to assess variations in the degree of infiltration between the eight immune
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Fig. 1 Subtype analysis of GC based on BM gene expression. A Unsupervised clustering results of the Meta cohort. The eight subgraphs, in »
order from left to right, top to bottom, are Subplots 1-5 show the matrix heat map of the meta-queue for k=2-6, subplot 6 shows the con-
sistent cumulative distribution function (CDF) plot, where the value of k with a small decreasing slope of the CDF is usually chosen, subplot

7 is the Delta Area Plot, which shows the relative change of area under the CDF curve compared with k and k-1. A larger value indicates that
the clustering effect under this k value is more obvious than that under K-1, subplot 8 is the tracking plot, which shows the classification of
the samples attributed to different values of k. Different color blocks represent different classifications, and the samples whose color is often
changed before and after taking different K values represent classification instability. B Unsupervised clustering results for the TCGA-STAD
cohort. The subplot arrangement is consistent with the Meta cohort. C Unsupervised clustering results for the GSE84437 cohort. The sub-
plot arrangement is consistent with the Meta cohort

cell types and the two stromal cell types (fibroblasts and endothelial cells). To assess tumor purity, Estimate package was
utilized, with greater stromal and immune scores indicating poorer tumor purity.

2.6 Regression analysis

This study comprised univariate COX regression analysis, multivariate COX regression analysis, and LASSO regression
analysis. The dependent variables in the COX regression analysis were survival time and survival status. To deal with the
problem of covariance produced by too many independent variables, the LASSO regression was applied, in which the
dependent variable was survival status and the independent variable was the gene’s expression value. The risk models
were built using multivariate COX regression. Multivariate COX regression was used to construct risk models to character-
ize the association between the BMscore and the prognosis of GC patients. The R package survival and survminer were
used for univariate COX regression analysis and KM survival analysis. The R package glmnet (Generalized Linear Models
via Coordinate Descent) was used for LASSO regression and multivariate COX regression analysis [28]. BMscore formula:
(= 0.753) * FBN3 + (— 0.226) * ADAM9 + (0.088) * FREM2 + (0.155) * GPC3 +(0.294) * LOXL4 + (0.428) * ITGB5.

2.7 Single-cell analysis

The main single-cell data analysis was performed using the R package Seurat, and the built-in AddModuleScore function
was used to calculate the fraction of distinct BM components concentrated in the cells [29]. iTALK was used to investigate
intercellular communication.

2.8 Statistical analysis

Statistical analysis was performed with the use of R software. T-test was used for comparison between two groups, and
the ANOVA test was used for comparison between three or more groups. Pearson correlation coefficients were utilized to
analyze correlations between gene expression values, and mantel tests were performed to analyze correlations between
BM gene expression matrices and endothelial, fibroblast score matrices. The Kaplan-Meier method was used to perform
survival analysis, with the log-rank test used to evaluate significance.

3 Results
3.1 Unsupervised clustering analysis reveals three BM-associated GC subtypes

Meta cohort, TCGA cohort, and GSE84437 cohort were included in the cluster analysis. The sample distribution of the meta
cohort before and after debatching was examined by t-SNE, and the results showed that the sample distribution was
uniform after debatching (Fig. STA, B). A total of 203 basement membrane genes were included in this study, including 52
cell surface receptor genes, 22 collagen genes, 58 glycoprotein genes, 16 proteoglycan genes, 38 regulatory factor genes,
4 secretion factor genes, 4 basement membrane accessory protein genes, and 9 other protein genes (Table S2, Fig. S1C).
The transcripts of these 203 BM genes were extracted from the Meta cohort, TCGA cohort, and GSE84437 cohort, and
then clustered based on the K-means unsupervised clustering algorithm (Fig. 1A-C). According to the background of the
matrix heatmap and the descending slope of the CDF curve under different K values, the clustering results of the three
cohorts were comprehensively considered, and finally, gastric cancer could be divided into three subtypes (Table S3).

@ Discover



Discover Oncology (2024) 15:362 | https://doi.org/10.1007/512672-024-01238-z Analysis

A

Meta cohort

consensus matrix k=2

««««««

consensus COF

a1 10 =
o2 -
B3
@4 —
as e
= o8 -

=

|
.
o8

relaive change n area under COF curve
01 0z 03 04

retative change in area under COF curve
01 0z 03 04

samples

@ Discover



Analysis Discover Oncology (2024) 15:362 | https://doi.org/10.1007/512672-024-01238-z

Fig.2 The differences in prognosis among the three subtypes of gastric cancer. A KM survival analysis of BMclusterA/B/C subtypes in the
Meta cohort. B KM survival analysis of BMclusterA/B/C subtypes in the GSE84437 cohort. C KM survival analysis curves for BMclusterA, B,
C subtypes in TCGA cohort. D GSVA enrichment analysis shows the activation status of biological signaling pathways in BMclusterA/B/C
subtypes. Red represents relatively activated pathways and blue represents relatively inhibited pathways. E Volcano plot used to demon-
strate BM genes that are differentially expressed between GC tumor and normal tissue. Blue dots represent genes that are down-regulated
in tumor tissue and red dots represent genes that are up-regulated in tumor tissue. F Bar graph demonstrating the classification of 46 dif-
ferentially expressed BM genes. G Heatmap demonstrating the expression levels of the 46 differentially expressed BM genes in the three GC
subtypes compared to normal tissue

By comparing the differences in expression levels of basement membrane genes and prognosis, we defined the
subtype with the best prognosis and high expression of BM genes as BMclusterA. The subtype of gastric cancer
with poor prognosis and moderate expression of BM genes was defined as BMclusterB. The subtype with the worst
prognosis and low expression of BM genes was defined as BMclusterC (Fig. 2A-C, Fig. S2A-C). To verify the reliability
of the clustering results, we used tSNE downscaling to compare the heterogeneity of sample distribution of BMclus-
terA, B, and C subtypes. The results showed that the sample distribution of different subtypes could be effectively
distinguished in all three cohorts (Fig. S2D-F). To investigate the molecular basis for survival disparities among three
BM-associated GC subtypes, we calculated enrichment scores for 50 pathways per sample using GSVA based on the
h.all.v2022.1.Hs.symbols.gmt gene set from the MSigDB database. In subtype C, the signaling pathways related to
tumor cell metastasis such as the epithelial cell polarization pathway, epithelial cell mesenchymal transition path-
way, and angiogenesis signaling pathway were highly activated, while the signaling pathways related to tumor
proliferation such as oxidative phosphorylation, glycolysis, and MYC pathway were inhibited (Fig. 2D). Subtype A is
activated in exactly the opposite way to subtype Cin these signaling pathways, and subtype B is in an intermediate
state. These results suggest that BMclusterA is characterized by low metastasis and high proliferation, BMclusterC
is characterized by high metastasis and low proliferation, and BMclusterB is in the transition state between A and C
subtypes. To compare the expression levels of basement membrane genes among the three subtypes, we screened
the differentially expressed basement membrane genes between tumor tissues and normal tissues in the TCGA data
set (Fig. 2E, F). The distribution of these differential BM genes in the three subtypes A, B, and C showed a continuous
hierarchical pattern, and the expression of most of them increased gradually (Fig. 2G, Fig.S2G, H), reflecting that the
three GC subtypes may represent different stages of tumor development.

3.2 The immune infiltration and activation of oncogenic signals are different among the three GC subtypes

Tumor ecosystems are very complex, containing not only malignant cells but also a range of host cells such as endothelial
cells, fibroblasts, and different immune cells that influence tumor development and invasion. We used the estimate and
MCPcounter package to study the immune infiltration and tumor purity in the tumor microenvironment of the three
BM-associated GC subtypes. In the BMclusterC subtype, there are abundant stromal cells and immune cells infiltration,
and the purity of tumor cells is the lowest, but CD8 +T cells and NK cells, which are the main tumor killer cells, are the
lowest infiltration in this subtype (Fig. 3A). This may account for the poor prognosis of BMclusterC. The infiltration level of
fibroblasts, the main cell type for extracellular matrix formation, maintenance, and remodeling, was gradually increased
in BMclusterA, B, and C subtypes (Fig. 3A, Fig. S2B). We also analyzed the degree of enrichment of cancer-related signal-
ing pathways among different subtypes. The enrichment of P53, Trail, Andogen, Hypoxia, and TGFf signaling pathways
in BMclusterA, B, and C gradually increased, while the enrichment of VEGF, EGFR, and MAPK signaling pathways gradu-
ally decreased (Fig. 3B). P53 is capable of reversing oncogenic function by mutation, resulting in a gain of function that
promotes tumor invasion and EMT [30]. Mutation landscape analysis of some core genes in these signaling pathways
revealed that a significant proportion of patients in these three gastric cancer subtypes had missense mutations in TP53,
indicating that the biological function of P53 may be altered (Fig. 3C). Furthermore, using the GSE62254 dataset with
complete pathological information, we compared the association of BMclusterA, B and C subtypes with other gastric
cancer pathological types. It can be seen that the proportion of GC diffuse type and EMT type in BMclusterA, B, and C
subtypes increased in turn, and the recurrence rate of treatment also increased gradually, but EBV virus status seems
to be unrelated to each subtype. (Fig. 3D). BM mutation profiles did not demonstrate significant differences across the
three subtypes at the single gene variation level, and the overall incidence of BM gene mutations in gastric cancer was
modest, with a comparatively high rate of COL12A1 mutations (Fig. 3E). Most of the chromosomal regions containing
BM genes were amplified at the genomic level (Fig. 3F).
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Fig.3 The immune infiltration and activation of oncogenic signals are different among BMclusterA/B/C subtypes of gastric cancer. A
Heatmap of TME cell infiltration and tumor purity between BMclusterA/B/C subtypes in the Meta cohort. B Heatmap of the distribution
of enriched cancer-related signaling pathways among BMclusterA/B/C subtypes in the Meta cohort. C Mutational landscape of core genes
in the enriched cancer signaling pathways. D Statistical histogram of pathological information among BMclusterA/B/C subtypes in the
GSE62254 dataset. E Mutation landscape of 46 differential basement membrane genes. F CNV frequency map of the 46 differential base-
ment membrane genes

3.3 A correlation between TME status and BM genes expression among three GC subtypes

We performed gene expression analysis between BMclusterA/B/C and normal groups, respectively, and performed
GO enrichment analysis for differentially expressed genes (Fig. 4A). A high number of B cell-mediated signaling path-
ways are enriched in the BMclusterA subtype, indicating that B cell-mediated immunological processes are active
(Fig. 4B). The lymphatic vascular development signaling pathway is abundant in the BMclusterB subtype (Fig. 4C). This
signaling pathway is thought to be associated with tumor cell metastasis [31]. Positive endothelial cell migration and
vascular endothelial growth factor signaling pathways are abundant in the BMclusterC subtype (Fig. 4D). These results
suggest that each BM-associated GC subtype has distinct biological characteristics. We hypothesized that the gene
expression profiles in BMclusterA, B, and C subtypes were correlated with TME status, so the scores of 29 TME tags
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Fig.4 The altered biological pathways in the three GC subtypes relative to normal tissues. A Venn diagram showing the distribution of dif-
ferential genes in BMclusterA/B/C subtypes compared to normal samples. B GO analysis of differentially expressed genes in BMclusterA
showed the top 20 enriched pathways. C GO analysis of differentially expressed genes in BMclusterB showed the top 20 enriched pathways.
D GO analysis of differentially expressed genes in BMclusterC showed the top 40 enriched pathways

in each GC subtype were calculated (Fig. 5A). From BMclusterA to -B and -C subtypes, levels of infiltration of cancer-
associated fibroblasts, tumor-associated macrophages, and pro-tumor cytokine production rose gradually (Fig. 5B).
BM remodeling is more active in the BMclusterB subtype (Fig. 5B), which may experience BM breakdown.The BM is a
barrier, and changes in its permeability have a direct impact on cellular transit. Transport by macrophages, dendritic
cells, and myeloid-derived immune cells is progressively increased from BMclusterA to -B and -C, consistent with the
BM remodeling (Fig. 5B), while transport by Treg and TH2 is reduced, suggesting the possibility of other regulatory
mechanisms. Matrix metalloproteinases (MMPs) are a crucial protein class in matrix destruction and remodeling [32],
and we discovered that the expression levels of most MMPs were highest in the BMclusterB subtype, indicating active
BM remodeling (Fig. 5C, D). These results suggest that the three BM-related subtypes of gastric cancer may reflect the
three states of gastric cancer progression, among which BM remodeling occurs in the BMclusterB subtype, which is
a key stage for tumor cells to be able to infiltrate and metastasis.

3.4 Construction of BM genes-based prognostic risk model in gastric cancer and its predictive effect
on immunotherapy and metastasis

The above analysis revealed significant differences in the prognosis of GC patients with different BM statuses. Based on
the 203 basement membrane genes included in the analysis, the prognosis risk prediction model of GC based on BM
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Fig.5 The TME tags of the three GC subtypes correlated with BM gene expression levels. A The heatmap shows the scores of 29 TME tags »
calculated by ssGSEA in the BMclusterA/B/C subtypes of the Meta cohort. B Boxplots show the scores of 9 TME tags in the BMclusterA/B/C
subtypes of the Meta cohort. Statistical differences were tested using t ‘test. C Expression of 16 MMPs and NTN4 in the BMclusterA/B/C
subtypes of Meta cohort. The upper and lower ends of the boxes represent the interquartile range of values. Lines in the boxes represent
median values and black dots represent outliers. Asterisks represent statistical P values (*P<0.05; **P<0.01; ***P<0.001, ****P<0.0001).
Statistical differences between the three subtypes were tested using the ANOVA test. D Expression of 16 MMPs and NTN4 in the
BMclusterA/B/C subtypes of TCGA cohort. The upper and lower ends of the boxes represent the interquartile range of values. Lines in the
boxes represent median values and black dots represent outliers. Asterisks represent statistical P values (*P<0.05; **P<0.01; ***P<0.001,
***¥D < 0.0001). Statistical differences between the three subtypes were tested using the ANOVA test

genes was constructed. All samples from the Meta cohort were randomly assigned in a 1:1 ratio and used as the training
set and internal validation set for the model. GSE84437 cohort and TCGA cohort were used for external validation. First,
univariate regression analysis was used to screen genes with significant effects on the prognosis of GC. A total of 63
prognostic BM genes were obtained by univariate regression, and then Lasso regression analysis was used to exclude
variables with coefficient zero (Fig. S3A, B). Finally, the genes that met the requirements were included in the training
set for multivariate COX proportional hazards regression to construct the model. The median BMscore was used to clas-
sify the high and low-risk groups, and the receiver operating characteristic (ROC) curve was used to test the predictive
ability of the model. The results showed that the model could effectively evaluate the survival risk of patients in both the
training set, the internal validation set, and the two external validation sets (Fig. 6A-H). Further, we constructed a Nomo-
gram to predict patient survival by combining clinical information and BMscore (Fig. S3C, D). The expression of FBN3,
FREM2, LOXL4, and ITGB5 in GC tissues was verified by HPA(Human Protein Atlas) database (Fig. S4A). GPC3, LOXL4, and
ITGB5 were independent predictive risk variables among the six genes utilized to build the model (Fig. 61). We explored
the relationship between GC subtypes and BMscore, showing that BMscore gradually increased from BMclusterA to -B
and—C subtypes (Fig. 6J). The BMscore in the four ACRG subtypes of GC was also calculated, and the EMT subtype had
a considerably higher BMscore than the other three subtypes (Fig. 6K), suggesting that the prognostic model based on
BM genes can effectively evaluate the EMT subtypes with the least favorable treatment response. TMB and IPS scores
calculated for high and low BMscore groups revealed that the low-risk group had a greater tumor mutation burden as
well as immunogenicity, implying that the low-risk group is more likely to benefit from immunotherapy. Recent research
has demonstrated that enhanced RHOJ gene expression can promote actin remodeling in tumor cells as well as trig-
ger DNA repair mechanisms to repair chemotherapy-induced DNA damage and mediate chemo-resistance [33]. RHOJ
expression was substantially lower in the low-risk group than in the high-risk group, indicating that the low-risk group
may be more sensitive to chemotherapeutic treatments (Fig. 6L).

3.5 Analysis of cell subpopulations involved in BM remodeling and their intracellular communications

The above results suggest the transition from low- to high-risk GC subpopulations may involve BM remodeling. To
elucidate the cell subpopulations involved in BM remodeling, we performed a single-cell transcriptome analysis. Using
standard procedures, the GSE183904 dataset from the GEO database was processed, downscaled, and annotated to pro-
duce 11 cell subsets (plasma cells, B cells, mast cells, myeloid immune cells, T/NK cell subsets, endocrine cells, epithelial
cells, endothelial cells, fibroblasts, and smooth muscle cells) (Fig. 7A). To ensure the accuracy of the cell subpopulations
annotation, we assigned numerous marker genes to each cell subtype (Fig. 7B). Further, the 203 BM genes were classified
according to molecular function, and then the cell subpopulations in which each class of BM genes was predominantly
expressed were analyzed (Fig. 7C). Most of BM genes were discovered to be expressed largely in fibroblasts, endothelial
cells, and smooth muscle cells in GC tissue, whereas the four affiliated BM genes were found to be expressed primarily
in epithelial cells. Here, epithelial cells are GC cells expressing epithelial markers. Therefore, the major cells involved in
BM remodeling include fibroblasts, endothelial cells, tumor cells, and smooth muscle cells. The proteoglycan fraction
was found to be mainly expressed in fibroblasts subpopulation (Fig. 7C). We further subdivided fibroblasts and found
that the expression level of proteoglycan in fibroblasts gradually increased with the pathological progression of gastric
cancer (Fig. 7D-F), suggesting that proteoglycan components may be an important factor secreted by fibroblasts and
involved in the regulation of gastric cancer progression.

Furthermore, the cell subpopulations expressing the 46 differentially expressed BM genes mentioned above were
analyzed. It can be seen that the cell subpopulations mainly expressed these BM genes are consistent with the above
results, but the expression level in tumor tissues is higher than that in normal tissues (Fig. 8A). We correlated the fibro-
blast and endothelial cell score matrix in the Meta cohort calculated by MCPcounter with 46 differentially expressed
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BM gene expression matrices and found specific BM gene clusters, such as BGN, COL18A1, THBS2, COL4A1 cluster, and
ADAMTS2, NID2, LAMD1 cluster were highly correlated with fibroblasts (Fig. 8B). These results indicate that different
cells have different functions and may require cooperation to achieve BM remodeling. To understand how these cells
cooperate to regulate the progression of gastric cancer, we analyzed cell communication in four GC pathological stages.
It can be seen that with the progression of gastric cancer, the ligand signaling pathway between collagen components
and integrin ITGB1 in smooth muscle cells gradually increased (Fig. 8C). It may be that with the erosion of muscle layer
by cancer cells, smooth muscle cells, and other cells also undergo adaptive changes and participate in processes such
as BM remodeling to regulate tumor progression. Ultimately, the CCLE database (Cancer Cell Line Encyclopedia) was
used to thoroughly assess the status of genes related with the BM in 41 GC cell lines (Fig. S4B). Different GC tumor cell
lines showed comparable BM gene expression patterns. These cell lines scarcely expressed collagen-related genes and
matrix metalloproteinase family-related (MMPs) genes, but they did express the transmembrane protein MMP 14, When
combined with the prior differential analysis, the expression of MMP14 was highly increased in GC tissues, with the
greatest expression occurring in the BMclusterC subtype, which had the worse prognosis. This shows that GC cells may
control BM breakdown through MMP 14, influencing tumor growth.
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Fig. 7 Single-cell analysis of
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In this study, a molecular classification of GC was constructed based on BM genes. Three BM-related subtypes, BMclusterA/
B/C, were found in gastric cancer by unsupervised clustering analysis, and the classification results were verified in mul-
tiple datasets. The prognosis, BM gene transcriptome patterns, TME, and cancer-related signaling pathways of each GC
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Fig.8 Cellular communication between cell subpopulations of GC. A Expression of 46 differentially expressed BM genes in different cell »
subpopulations between normal and tumor tissues. B Correlation analysis between 46 differentially expressed BM genes and endothelial
cells and fibroblasts. C Circle diagram of cell communication pattern in four pathological stages of GC. The arrow points to the receptor
(black short line) and the arrow starts as the ligand (green short line)

subtype were compared and analyzed. The differences among these three subtypes reflected the gradual evolution of
gastric cancer from subtype A to subtype C. In the progression of gastric cancer, the constraint role of the basement
membrane is gradually weakened, the EMT pathway is activated, and the ability to invasion and metastasis of GC cells
is enhanced. Moreover, the composition of immune cells and stromal cells in the TME of BMclusterA/B/C gastric cancer
subtypes were different, and the activation of carcinogenic signals also showed significant differences. These differences
in microenvironmental ecosystems may have potential effects on tumor progression and treatment efficacy. Based on this,
we constructed a survival risk prediction model of GC to characterize the predictive role of BM status in the prognosis,
immunotherapy efficacy, and chemotherapy resistance of patients, and extend the practical application of BM-associated
molecular classification of GC. Several previous studies have also identified various molecular subtypes of gastric cancer
[17, 34, 35]. In contrast, our classification approach focused on the association between BM gene expression and meta-
static progression in gastric cancer. Based on the concept of BM remodeling, the continuity of gastric cancer subtypes
is clarified, and a new molecular classification concept of gastric cancer is proposed.

The basement membrane is a barrier that surrounds the outside of the tumor. The state of the basement membrane
affects the entry and exit of immune cells into and out of tumor tissues, as well as the metastasis and colonization of
tumor cells themselves [36, 37]. The cellular ecosystem in TME also plays a role in BM remodeling, and they interact with
each other [38, 39]. The mechanism by which various stroma or immune cells in tumor tissue are transported through
the basement membrane is not well understood. How the basement membrane of tumor tissue is dynamically regu-
lated, and the cell subsets and molecular mechanisms involved in the remodeling of basement membrane also need
to be further studied [40, 41]. Our study found that most of the matrix metalloproteinases were highly expressed in the
BMclusterB subtype, suggesting that BM remodeling occurs during the progression of GC. The remodeling of the BM is
not only limited to degradation [42], but the alteration of pore size as well as BM rigidity on BM also deserves attention
[43]. Net4, the protein product of the NTN4 gene, can generate larger pores in BM and reduce the rigidity of the BM by
opening the laminin node complex [44]. The expression of NTN4 increased gradually in BMclusterA/B/C. According to
single-cell transcriptome analysis, tumor cells, fibroblasts, endothelial cells, and smooth muscle cells may all have a role in
BM remodeling in GC. The communication between these cell subpopulations expressing BM components and between
them and tumor cells is an important part of the regulation of tumor microenvironment, which has the potential to be
used as a target for intervention.

The shortcoming of our study is that our analysis is based on the transcriptional level, and post-transcriptional regula-
tion also affects the protein level, which may cause incomplete agreement with the actual BM protein level [45]. In this
study, multiple data sets were used for mutual validation, which could compensate for this deficiency to some extent.
The efficiency of cellular transport through the BM is limited by the barrier effect of the BM itself and also depends on
the body’s requirement [46]. Therefore, the calculated basement membrane dynamics of each GC subtype based on
transcriptional data may not completely reflect the true physiological state.

In conclusion, three molecular subtypes of GC (BMclusterA/B/C) based on BM gene expression were identified by
unsupervised cluster learning in this study, and a prognostic model of GC based on six BM genes (FBN3, ADAM9, FREM2,
GPC3, LOXL4, and ITGB5) was constructed. Through comprehensive analysis of the biological characteristics of each sub-
type, it is pointed out that they represent a continuous process of GC progression, accompanied by BM reorganization.
We also analyzed the cell subpopulations that may be involved in BM remodeling at the single-cell level, indicating that
fibroblasts, endothelial cells, tumor cells, and smooth muscle cells may all play a role in this process. This study will help
to understand the important role of BM in the GC progression and provide a new molecular classification and prognostic
prediction method for gastric cancer.
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