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Abstract
Background: Prognostic prediction models have been developed to detect new biomarkers of gastric
cancer (GC). The identi�cation of new biomarkers could provide theoretical foundations for the
application of molecular targeted therapy in advanced GC. The aim of this study was to construct a
prognostic prediction model for stomach adenocarcinoma (STAD) based on The Cancer Genome Atlas
(TCGA) database.

Methods: First, we used the "limma" package to screen differentially expressed genes (DEGs) based on
TCGA database. Gene ontology (GO) analysis was performed using the "ClusterPro�ler" package. The
interactions between proteins and the relationships between differentially expressed genes and clinical
features were analyzed by protein-protein interaction (PPI) network analysis and weighted gene
coexpression network analysis (WGCNA), respectively. Then, gene set enrichment analysis (GSEA) and
gene set variation analysis (GSVA) were used to identify differentially enriched pathways. The GenVisR
package and CIBERSORT were used to identify mutations and assess immune in�ltration. Finally, the
expression of COL3A1 in STAD tissues was veri�ed by reverse transcription quantitative polymerase
chain reaction (RT-qPCR) and western blotting.

Results: Six differentially expressed genes were screened out, namely, COL3A1, ADAMTS12, BGN, FNDC1,
AEBP1 and HTRA3. The enrichment results showed that differentially expressed genes were involved in
multiple pathways in STAD, such as those related to the extracellular matrix, extracellular structure
organization, and extracellular matrix organization. The differentially expressed genes were related to
immune in�ltration via the mitogen-activated protein kinase (MAPK) and phosphatidylinositol 3-
kinase/protein kinase B (PI3K/AKT) pathways. The western blotting and RT-qPCR results suggested that
COL3A1 was overexpressed in STAD tissues compared with normal tissues.

Conclusion: COL3A1, ADAMTS12, BGN, FNDC1, AEBP1 and HTRA3 could play important roles in the
tumorigenesis and progression of STAD via various pathways, including those involving the extracellular
matrix, extracellular structure organization, and extracellular matrix organization. COL3A1, ADAMTS12,
BGN, FNDC1, AEBP1, and HTRA3 act as oncogenes in most cancers and may be biomarkers. Additionally,
the identi�cation of COL3A1 as a candidate biomarker provides a direction for further research on the role
of tumor immunity in gastric cancer.

Background
Gastric cancer (GC) is one of the most common tumors and one of the most common causes of tumor-
related death [1]. Stomach adenocarcinoma (STAD) is the main pathological type of GC and can be
further divided into the intestinal type and other pathological types [2]. At present, surgery is a signi�cant
method for the treatment of STAD. Other treatment methods, such as chemotherapy, radiotherapy and
immunotherapy, are also very important. Most studies on STAD have focused on the unrevealed
molecular mechanisms and the discovery of new STAD-related biomarkers [3, 4]. On the one hand, these
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discoveries of effective biomarkers have contributed to the early diagnosis of stomach adenocarcinoma.
On the other hand, these discoveries provide theoretical foundations for the application of molecular
targeted therapy in advanced GC.

Traditional studies have revealed that oncogenes play important roles in the proliferation, metastasis and
drug resistance of STAD. Recently, an increasing number of studies have found that oncogene expression
is correlated with the tumor microenvironment and immune in�ltration. For example, Pan and colleagues
found that layilin (LAYN) expression was related to the in�ltration of immune cells, especially in STAD
patients [5]. Previous research showed that in STAD, C-X-C motif chemokine ligand 8, which is secreted by
macrophages, could inhibit the function of CD8+ T cells by facilitating the expression of programmed
death ligand-1 (PD-L1) on macrophages [6]. Therefore, further exploration of molecules related to the
tumorigenesis, metastasis, and drug resistance of STAD would improve the understanding of the
diagnosis, treatment and prevention of STAD. The discovery of new oncogenes that affect the in�ltration
of immune cells in STAD would provide a new direction for future research on STAD.

Bioinformatics analysis based on The Cancer Genome Atlas (TCGA) database revealed that the
expressions of type III collagen α1 chain (COL3A1), ADAM metallopeptidase with thrombospondin type 1
motif 12 (ADAMTS12), biglycan (BGN), �bronectin domain containing 1 (FNDC1), AE binding protein 1
(AEBP1) and HtrA serine peptidase 3 (HTRA3) were all upregulated in STAD compared to normal controls.
The above upregulated mRNAs were associated with poor overall survival (OS). The biological
characteristics of these six genes were analyzed using gene set enrichment analysis (GSEA) and gene set
variation analysis (GSVA). Mutation analysis and immune in�ltration analysis revealed potential
correlations between the six genes and immune in�ltration in STAD. Therefore, the aim of this study was
to to construct a prognostic prediction model for STAD based on the TCGA database and reveal the
potential regulatory mechanisms of COL3A1, ADAMTS12, BGN, FNDC1, AEBP1 and HTRA3 in STAD.

Methods
Data acquisition and preprocessing

The gene expression pro�les and mutation data of STAD patients were downloaded from the TCGA
database, which is the largest public cancer database, integrating data from 33 cancer genomes and
clinical prognostic information. The clinical and prognostic information was downloaded in the form of
bcr-xml �les. Data preprocessing included background correction, data standardization, supplementation
of missing values, and distinction between normal and tumor groups. The
"Homo_sapiens.GRCh38.99.chr.gtf" �le was used for ID conversion of the probe.

Differential gene analysis and gene ontology (GO) enrichment analysis

The “limma” package on the Bioconductor website, with thresholds of |log fold-change (FC)|>1 and P-
value<0.05, was used to identify differentially expressed genes (DEGS; T4 and T1 patients). The
“clusterPro�ler” package was utilized to perform GO enrichment analysis of DEGs. Interactions with a
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composite score > 0.4 were considered statistically signi�cant. The bioinformatics software Cytoscape
(version 3.4) was subsequently utilized to visualize the protein-protein interaction (PPI) network. Finally,
top nodes were calculated based on the maximal clique centrality (MCC) value of each node through the
cytoHubba plug-in.

PPI network construction

The Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) website (http://string-db.org)
was used to analyze the interactions between all DEGs to explore possible biological mechanisms.

Weighted gene coexpression network analysis (WGCNA)

To identify genes signi�cantly related to the T clinical stage, a coexpression network was constructed
using WGCNA. The program “Good Samples Genes” was used to check whether the differentially
expressed mRNAs (DEmRNAs) of the data matrix met the standard and eliminate unquali�ed data. The
software threshold function was used to calculate the value of the soft threshold power parameter β
(β=6) to ensure the scale-lessness of the network. The hierarchical clustering method was used to
construct a dendrogram to calculate the correlation between the modular characteristic genes and clinical
traits, and these data were also analysed to screen the genes correlated with the T staging of STAD
samples.

Prognostic model and nomogram construction

The Cox regression method was used to screen prognostic genes and construct a prognostic model, and
each patient received a risk score. The formula for constructing the prognostic model was as follows: risk
score = COL3A1 expression * 0.208 + ADAMTS12 expression * 0.172 + BGN expression * 0.005 + FNDC1
expression * 0.223 + AEBP1 expression * 0.053 + HTRA3 expression * 0.179. The risk score was
combined with the clinical data of STAD patients to establish a nomogram to analyze the 1-, 3-, and 5-
year survival rates of patients. The predictive performance of the nomogram was evaluated with a
decision curve.

GSVA and GSEA

GSVA was performed by the GSVA software package in R software, an unsupervised gene enrichment
method that calculates the changes in pathway activity among different samples. The patients were
divided into groups according to their genes, and then GSEA was performed to evaluate their biological
characteristics. The threshold was set to FDR<0.25 and P-value<0.05. The standard for gene sequencing
was Signal2Noise. The high expression group was reagrded as the experimental group, while the low
expression group was reagrded as the control group. The gene set used was
c2.cp.kegg.v7.2.symbols.gmt.

Analysis of mutation and immune in�ltration in high-risk and low-risk patients
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After the data were sorted, the GenVisR package was used to analyze single nucleotide polymorphism
(SNP) mutations in high-risk and low-risk patients. The CIBERSORT method was used to quantify 21
types of immune cells in the samples. R software was used to link the TIMER website online to analyze
the correlation between immune cells and 6 model genes (COL3A1, ADAMTS12, BGN, FNDC1, AEBP1, and
HTRA3).

Reverse transcription quantitative polymerase chain reaction (RT-qPCR)

TRIzol reagent (Beyotime Biotechnology, Shanghai, China) was used to extract total RNA from the tissues
following the manufacturer’s instructions. Then, a ReverTra Ace-α- kit (ToYoBo) was used to reverse
transcribe RNA into cDNA. Reverse transcription was performed at 37°C for 15 min and 98°C for 5 min.
SYBR Green I Master Mix (ToYoBo) was utilized to conduct qPCR with the following steps: 95°C for 30 s,
98°C for 5 s, 58°C for 5 s, 72°C for 15 s with 40 cycles, 72°C for 10 s, followed by holding at 4°C. The
2−ΔΔCt method was used to calculate the expression of COL3A1 relative to that of β-actin. The primer
sequences were shown in Supplementary Table 1.

Western blotting (WB)

The protein expression of COL3A1 was analyzed by WB. The tissues were lysed with RAPI buffer
(Beyotime Biotechnology, Shanghai, China) and centrifuged for 15 min at 12000 rpm (OHAUS, New
Jersey, USA). The protein concentration was measured by a BCA protein assay kit. Then, tissue proteins
were separated by 10% sodium dodecyl sulfate-polyacrylamide gel electrophoresis. Protein
electrophoresis was transferred to polyvinylidene �uoride membranes. The membrane was sealed with
5% skim milk for 60 min. After incubation overnight with the primary antibody, the �uorescent goat anti-
rabbit secondary antibody was incubated with the membrane for 60 min. A Chemidoc-it2 imager (UVP)
was used to detect the band intensity.

Results
Screening of DEGs between STAD and normal stomach tissues

The DEGs were visualized with a volcano map. Finally, a total of 1867 DEGs were identi�ed, including 642
downregulated and 1225 upregulated genes (Figure 1A). The top ten pathways in terms of cellular
component (CC), biological process (BP), and molecular function (MF) from the GO analysis were
visualized. The results showed that the most enriched CC, BP and MF terms were concentrated in the
extracellular matrix, extracellular structure organization, extracellular matrix organization, axon
development, and receptor ligand activity-related pathways. The extracellular matrix, extracellular
structure organization, extracellular matrix organization, axon development, and receptor ligand activity
have been widely reported to be correlated with the tumorigenesis and progression of cancer (Figure 1B)
[7].

PPI network construction
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The top 74 and top 5 nodes were visualized by PPI analysis (Figure 1C). The top 5 nodes were COL3A1,
FN1, COL1A2, POSTN and IL-6. Thus, these �ve genes might play key roles in the DEG protein interaction
network (Figure 1D). In fact, the top 5 node genes are oncogenes that are known to play important roles in
breast cancer, colorectal cancer, non-small-cell lung cancer, pancreatic cancer and GC [8-12].

WGCNA

Advanced GC refers to GC in which the tumor cells have in�ltrated the submucosa and the muscle layer
or have passed through the muscle layer to the serosa, regardless of the presence of lymph node
metastasis. Due to the poor prognosis of advanced GC, it is of grate necessity to identify the protein
coding genes (PCGs) related to the pathological stage of GC. To determine the PCGs associated with the
pathological stage of GC, WGCNA was performed. Average linkage clustering and Pearson correlation
analysis were used to cluster the 375 STAD samples (Figure 2A). Next, network topology analysis was
conducted with various soft-threshold powers. The WGCNA was set to have relatively balanced scale
independence and average connectivity. In this research, the power of β=4 (R2 without scale) was
selected as the soft threshold parameter to ensure that the network was scale-free (Figure 2A). After
merging modules with a difference of less than 25%, nine different PCG modules were identi�ed (Figure
2B). Then, correlation analysis of the modular characteristic genes and T stage of each PCG module was
assessed. Subsequently, black module (Cor=0.89, P<0.001) was identi�ed as a PCG module that was
highly correlated with T stage (Figure 2C). The ClueGO plug-in of Cytoscape was used to perform
enrichment analysis of the black module. The results showed that it was enriched in DEGs related to the
extracellular matrix, the complex of collagen trimers, the extracellular space, etc (Figure 2D).

Prognostic model and nomogram construction

Genes from the black module identi�ed by WGCNA were used to construct the prognostic model. Then,
Cox regression method was used to establish a prognostic model based on six genes to predict the OS of
STAD patients (Figure 3A). The receiver operating characteristic (ROC) curve indicated that our model had
great predictive e�ciency (1-year survival AUC=0.76; 2-year survival AUC=0.7; 3-year survival AUC=0.66)
(Figure 3B). Kaplan-Meier survival curves showed that the prognosis of patients with high expression of
COL3A1, ADAMTS12, BGN, FNDC1, AEBP1 and HTRA3 was poorer than that of patients with low
expression of these genes (Figure 3C). A nomogram was established by combining the prognostic model
with clinical parameters such as age, sex, and T stage to better predict the 1-, 2-, and 3-year survival rates
of STAD patients (Figure 3D). The decision curve indicated that the survival rates predicted by the
nomogram were highly consistent with the actual OS values (Figure 3E).

GSEA and GSVA

Correlation analysis showed that the expression levels of the 6 model genes were highly correlated with a
high T stage (Figure 4). GSEA showed that in samples with high expression of ADAMTS12, AEBP1 and
FNDC1, the mitogen-activated protein kinase (MAPK) signaling was overactivated. In samples with high
expression of BGN, COL3A1 and HTRA3, the MAPK and PI3K/AKT pathways were overactivated. GSVA
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showed that collagen �ber organization and extracellular matrix structural constituents conferring tensile
strength were activated with the increase in ADAMTS12, AEBP1, BGN, FNDC1, COL3A1 and HTRA3
expression.

Mutation analysis and immune in�ltration analysis

The mutation analysis showed that in high-risk group, the mutation frequencies of SYNE1, AHNAK2,
PCDH15, RYR2 and DNAH5 were signi�cantly increased and the non-missense mutation rates of MUC16,
TP53, and CSMD3 were lower than those in low-risk group (Figure 5A-B). The mutation analysis also
showed that in the low-risk group, the MUC16, TP53, OBSCN, CSMD3, SYNE1, MDN1, PLEC, and NEB
mutation rates were signi�cantly increased. CIBERSORT was used to quantify the expression of markers
of 21 immune cells in STAD (Figure 6A). The abundance of M0 macrophages, M1 macrophages,
activated dendritic cells, activated mast cells, and neutrophils was different between the high- and low-
risk groups (Figure 6B). The heat map showed the distribution of 21 types of immune cells in STAD
tissues grouped according to T stage (Figure 6C). Under the background of STAD, the expression
correlation of various immune cells was shown in the heat map (Figure 6D). The correlation between the
6 model genes and the in�ltration of speci�c immune cell types was shown in Figure 6E-I. The tumor
microenvironment (TME) has important clinicopathological signi�cance in predicting outcome and
treatment e�cacy. For example, according to the "macrophage balance hypothesis", tumor-associated
macrophages (TAMs) have dual effects: killing tumors and promoting tumor growth. Low purity and B
cell in�ltration were positively correlated with the occurrence of tumors. A decreased ratio of CD4+/CD8+
T cells and an increase in CD8+ T cells, neutrophils, macrophages and dendritic cells were both positively
correlated with malignant tumors.

Expression of the 6 model genes in tumor and paired nontumor tissues

The box diagram showed that the 6 model genes were signi�cantly expressed higher in cancer tissues
than in normal tissues (Figure 7A-F). According to the Venn diagram, COL3A1 was identi�ed among both
the top 5 nodes of the PPI network and the 6 model genes (Figure 7G).

The expression level of COL3A1 in STAD

Since COL3A1 was the only screened gene that was common to the top 5 nodes of the PPI network and
the 6 model genes, it might have a greater potential to play a crucial role in STAD than other model genes.
To verify the expression of COL3A1 in STAD tissues, RT-qPCR and WB were performed. The results
showed that COL3A1 expression in STAD tissues was notably upregulated compared to that in normal
tissues (Figure 8A-B).

Discussion
Signi�cant attention has been given to oncogenes in recent years, and the important role of oncogenes in
STAD progression has been demonstrated by an increasing number of studies. For example, previous
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research results showed that integrin 1 (ITGB1) expression was promoted by human telomerase reverse
transcriptase (hTERT) [13]. The ubiquitin-mediated degradation of forkhead box O3 (FOXO3) promoted by
hTERT was shown to lead to the metastasis of STAD [13]. Wang and his team revealed that P300
mediated the acetylation of methyltransferase like 3 (METTL3) promoter H3K27 and stimulated the m6A
modi�cation of heparin binding growth factor (HDGF) [14]. However, insulin-like growth factor 2 mRNA
binding protein 3 (IGF2BP3) was found to recognize and combine with HDGF, enhancing the stability of
HDGF [14]. This progression promotes glycolysis in STAD and stimulates the growth and liver metastasis
of STAD [14]. Therefore, DEGs were initially screened, and the most valuable top 5 node genes were
further mined through the PPI network; these genes were COL3A1, FN1, COL1A2, POSTN and IL-6. The
upregulation of COL3A1 is positively related to the methylation of METTL3 in breast cancer [15]. FN1 is
related to TNM staging, lymph node metastasis and OS and promotes the metastasis of GC cell lines
[12]. IL-6-mediated signal transducer and activator of transcription 3 (STAT3) activation can promote the
tumorigenesis of non-small-cell lung cancer through the activating NF-κB pathway [16]. The
overexpression of POSTN in tumors is an indicator of poor prognosis in colorectal cancer [8].
Furthermore, COL1A2 could promote the proliferation and migration of pancreatic cancer cells [9].

The OS of STAD patients was signi�cantly related to pathological stage. Therefore, WGCNA and
prognostic models were used to screen and verify prognostic genes related to STAD pathological staging,
including ADAMTS12, AEBP1, BGN, COL3A1, FNDC1 and HTRA3.

To explore the potential pathways involving the six genes, GSEA and GSVA were performed. The GSEA
results showed that these six genes were mainly enriched in the MAPK and PI3K/AKT pathways. Of
course, many pathways could promote the tumorigenesis, progression and metastasis of STAD. For
example, secreting-type ECM Spondin 2 (SPON2) is highly expressed in metastatic STAD, and by
promoting epithelial-mesenchymal transition (EMT) in STAD cells, it promotes the activation of the
extracellular signal-regulated protein kinase1/2 (ERK1/2) pathway and other signaling pathways, such as
the MAPK cascade, which contributes to the recurrence of STAD [17]. MiR-135b can regulate ste20-like
kinase 1 (MST1), thereby reducing the expression of p-p38 MAPK, p-ERK1/2, P-glycoprotein, p38 MAPK,
ERK1/2, MDR1, MRP1, LRP and Bcl-2 and inhibiting the resistance of STAD cells to cisplatin [18]. In
general, some lncRNAs involved in the STAD process can act as miRNA sponges. Some lncRNAs related
to STAD are also responsible for the excessive proliferation and metastasis of STAD mediated by the
MAPK/ERK pathway. The �rst study that revealed the role of lncRNAs in STAD focused on antisense H19
[19]. As a noncoding transcript, H19 can promote miR-675 to inhibit the apoptotic process of STAD cells
[20]. In addition, miR-675 plays a role in colon cancer progression and regulates migration and invasion
through the MAPK signaling pathway [21]. The sex-determining region Y-box 9 (SOX9)/miR-203a axis
could promote the tumorigenesis of esophageal cancer by activating the PI3K/AKT signaling pathway
[22]. According to the above evidence, the effects of the upregulation of ADAMTS12, AEBP1, BGN, FNDC1,
COL3A1 and HTRA3 through the MAPK or PI3K/AKT signaling pathway on the progression of STAD
should be explored in the future. The GSVA results showed that collagen �ber organization and
extracellular matrix structural constituents conferring tensile strength were activated with the
upregulation of ADAMTS12, AEBP1, BGN, FNDC1, COL3A1 and HTRA3. Collagen �ber organization and
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extracellular matrix structural constituents conferring tensile strength could promote cancer metastasis
and implantation [7, 23]. Therefore, ADAMTS12, AEBP1, BGN, FNDC1, COL3A1 and HTRA3 have the
potential to affect the OS of STAD patients by promoting vascular in�ltration, lymph node metastasis and
distant metastasis of STAD cells.

There is evidence that oncogenes might promote tumor progression by affecting the tumor
microenvironment. According to our results, six pathological stage-related genes were considered to be
related to purity and the in�ltration of B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages and
dendritic cells. Immunotherapy plays a crucial role in the treatment of malignant tumors. Inhibitors
against CTLA4, PD-1 and PD-L1 have achieved encouraging results in malignant melanoma and non-
small-cell lung cancer [24, 25]. However, CTLA4 inhibitors have poor clinical effects in STAD, while PD-1
and PD-L1 m6A inhibitors achieve positive responses in some patients [26-28]. DCLK1 is a marker of
clustered cells in the gastrointestinal tract that drives the type II immune response to in�ammatory injury
and has been reported to play an important role in the tumorigenesis and progression of various cancers
[29, 30]. Interestingly, MAPK and PI3K signalings are thought to be related to tumor immunity. According
to the results of previous research, the epidermal growth factor (EGF)-induced MAPK signaling is
signi�cantly involved in the expression of PD-L1, and these �ndings provide basic guidance for exploring
the combination of MAPK pathway inhibitors and immunotherapy for hepatocellular carcinoma [31]. The
PI3K and AKT pathways also play crucial roles in tumor immunity. T cell receptor signaling regulates
forkhead box P3 (Foxp3) expression via PI3K, Akt, and mammalian Target of Rapamycin (mTOR)
pathways [32]. In addition, immune active cells interact with humoral immune factors, such as Foxp3+
regulatory T cells and IDO, to form a complex tumor immune microenvironment, which ultimately affects
tumor progression [33].

To identify the gene most signi�cantly related to STAD, the top 5 node genes were overlapped with
pathology-related genes. COL3A1 was found to be closely associated with the progression of STAD.
COL3A1, also known as EDS4A, EDSVASC, and PMGEDSV, is one of the main types of �brous collagen.
Maintaining the structural integrity of the arteries, uterus, and intestine is the main function of COL3A1.
COL3A1 is negatively regulated by miR-29a, and a regulatory relationship is thought to be associated with
the resistance of ovarian cancer cell lines to topotekan [34]. As a new translocation partner gene of
PLAG1, COL3A1 could be used to distinguish lipomas by affecting PLAG1 rearrangement and
overexpression [11]. MiR-29a/b can promote cell migration and invasion by regulating COL3A1
expression and nasopharyngeal carcinoma progression [35]. Previous research has demonstrated that
let-7d inhibits growth, metastasis and tumor macrophage in�ltration by targeting COL3A1 and CCL7 in
renal cell carcinoma [36]. Therefore, COL3A1 may affect tumor metastasis, invasion and the tumor
microenvironment to promote the progression of STAD.

This study has several limitations that should be noted. First, the function of COL3A1 in STAD was not
veri�ed. Second, the study of COL3A1 in STAD was not thoroughly examined at the pathway level. Third,
although we provided abundant evidence to prove the correlation between COL3A1 and immunity, more
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evidence is needed to determine the speci�c effects of COL3A1 on the tumor immune microenvironment
and immune cells.

Conclusion
In summary, COL3A1, ADAMTS12, BGN, FNDC1, AEBP1 and HTRA3 could play important roles in STAD
and could affect the tumorigenesis and progression of STAD via many pathways. COL3A1, ADAMTS12,
BGN, FNDC1, AEBP1 and HTRA3 act as oncogenes in most cancers and may be promising biomarkers for
diagnosis and treatment of cancers, especially STAD. In addition, the identi�cation of COL3A1 as a
candidate biomarker provides a direction for further research on the role of tumor immunity in STAD.
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Figure 1

Screening of DEGs and enriched pathways. A. The volcano map showed the DEGs. B. The GO analysis
results of DEGs, including MF, CC and BP categories. C. Top 74 nodes in the PPI network analysis. D. Top
5 nodes in the PPI network analysis.
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Figure 2

PCGs related to the T stage of STAD. A. Cluster analysis and network topology analysis of tumor samples
from 375 patients with STAD. B. Nine different PCG modules. C. The black module was highly correlated
with T stage (Cor=0.89, P<0.001). D. The enrichment results of the black modules were concentrated on
the extracellular matrix, complex of collagen trimers, and extracellular space.
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Figure 3

PCGs related to the T stage of STAD. A. Cluster analysis and network topology analysis of tumor samples
from 375 patients with STAD. B. Nine different PCG modules. C. The black module was highly correlated
with T stage (Cor=0.89, P<0.001). D. The enrichment results of the black modules were concentrated on
the extracellular matrix, complex of collagen trimers, and extracellular space.
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Figure 4

A prognostic model constructed based on WGCNA black module genes. A. A prognostic model was
constructed based on six genes to predict the OS of STAD patients. B. The ROC curve showed that the
prognostic model has good prediction performance. C. Kaplan-Meier survival curves of patients grouped
according to COL3A1, ADAMTS12, BGN, FNDC1, AEBP1 and HTRA3 expression. D. The nomogram was
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used to predict the 1-, 2-, and 3-year survival rates of STAD patients. E. The decision curve showed that
the survival rates predicted by the nomogram was highly consistent with the actual survival rates.

Figure 5

The expression of 6 model genes in STAD with high T stage and GSEA and GSVA results. A-F. COL3A1,
ADAMTS12, BGN, FNDC1, AEBP1 and HTRA3 were highly expressed in STAD with high T stage and were
analyzed by GSEA and GSVA. Figure 5. Mutation analysis in high-risk and low-risk groups. A. The
frequency and type of mutations in high-risk group. B. The frequency and type of mutations in low-risk
group.
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Figure 6

Correlation analysis of gene expression and immune in�ltration in STAD. A. The abundance of 21 kinds
of immune cells in STAD. B. Differences in immune cell abundance in high- and low-risk groups. C. Heat
map of 21 types of immune cells in STAD samples. D. Correlations among different immune cell
subtypes in STAD samples. E-I. The correlation of 6 model genes with speci�c immune cells.
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Figure 7

The expression level of 6 model genes in cancer tissues and normal tissues. A-F. The differential
expression of COL3A1, ADAMTS12, BGN, FNDC1, AEBP1 and HTRA3 in STAD tissues and normal tissues.
G. The Venn diagram showed that the top 5 nodes of the PPI network and the model genes only intersect
with COL3A1.
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Figure 8

A. RT-qPCR showed the differential expression of COL3A1 mRNA between STAD and normal tissues. B.
WB showed the differential expression of COL3A1 protein between STAD and normal tissues.
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