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Abstract
Background:

Many speci�c biomarkers and target genes of gastric cancer have been identi�ed, but the research areas
on the characterization of epigenetic and transcriptional landscape in the process of gastric
carcinogenesis, known as the trilogy from normal mucosa to precancerous lesions and �nally to gastric
cancer, remains a black box.

Results:

We performed whole-transcriptome sequencing and ATAC-seq based on human gastric tumours (T),
gastric precancerous lesions (P) and normal gastric mucosa (N) and obtained chromatin open regions,
circRNAs, lncRNAs, miRNAs, and mRNAs. Subsequently, differential expression analysis was performed
on the N, P, and T groups, followed by GO, KEGG, and PPI analyses to investigate cancer-related hub
genes (e.g., VEGFA, FN1, CDK1, and MYC) and extracellular matrix related signalling pathways that might
serve as potential therapeutic targets in precancerous lesions and early gastric cancer. A core competing
endogenous RNA (ceRNA) network was then constructed that contained 17 mRNAs, 11 miRNAs, 11
lncRNAs and two circRNAs, and the RNAs were validated by TCGA database and RT-PCR to prove they
play crucial roles in the trilogy of gastric carcinogenesis; notably, hsa-miR-1226-5p, hsa-miR-6720-5p,
lncRNA H19, ARID3A and GPR161 were signi�cantly enriched in the complex network, which might be
speci�city tumour markers. Finally, ROC curve analysis suggested that nine mRNAs and �ve lncRNAs
may be novel biomarkers with clinical implications for the precise diagnosis of early gastric cancer.
Survivorship curve analysis further identi�ed four mRNAs and one lncRNA as potential prognostic
indicators.

Conclusions:

These results reveal a panel of premalignant and malignant speci�c marker genes in the trilogy of gastric
carcinogenesis, potentially aiding the early identi�cation of precancerous lesions and early gastric cancer.
Meanwhile, the present study identi�es the key molecular targets in the dynamic process of gastric
carcinogenesis for experimental research on drugs and molecular mechanisms. 

Background
Gastric cancer (GC) is one of the most common cancers in the world. The incidence rate of gastric cancer
ranks �fth, and the mortality rate ranks third among common cancers globally, with increasing incidence
and mortality in China. [1, 2] According to the Correa model, human gastric carcinogenesis is a multistep
process. Chronic atrophic gastritis (CAG), intestinal metaplasia (IM) and dysplasia are the main
premalignant lesions of intestinal-type gastric cancer (GC). [3, 4] These premalignant lesions are
collectively called gastric precancerous lesions (GPLs), which have the highest risk of progression to early
gastric cancer (EGC).[5] Generally, this is a trilogy of the complete process of transition from normal
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gastric mucosa to precancerous lesions and EGC. It is important to investigate how progression from
GPLs to EGC can be inhibited via prevention and treatment. Additionally, elucidating the molecular
mechanisms underlying GPLs is essential. Therefore, it is vitally important for researchers to unveil
authentic molecular mechanisms representing early neoplastic stages, such as gastric precancerous
lesions, and to unveil the mechanisms of transitioning from normal gastric mucosa to premalignant
lesions and to early gastric cancer, to improve the cure rate of EGC. However, speci�c molecular
biomarkers of the overall process for predicting the transition from normal gastric mucosa to GPLs and
to EGC remain unclear despite the molecular mechanisms of GC being widely studied.[6]

A large number of noncoding RNAs (ncRNAs) have been found to be involved in the control of gene
expression and activation pathways, including the processes of activation and inhibition of the
development of cancer.[7] In recent years, multiple studies have reported the aberrant expression of
ncRNAs in many human diseases, including gastric cancer.[8] For instance, microRNAs are small
noncoding RNAs that regulate gene expression by controlling target mRNAs.[9] MicroRNAs (miRNAs)
have been proven to be the key in regulating important growth regulatory pathways of cancer
pathogenesis in many studies.[10] Growing evidence shows that miRNAs participate in crucial cell
processes of gastric tumours, including gastric tumour cell differentiation, proliferation, apoptosis,
migration, invasion and metastasis.[11] Moreover, the dysregulation function of long noncoding RNAs
(lncRNAs) has also been implicated in gastric cancer according to emerging evidence.[12] For instance,
lncRNA-MT1JP acts as a potential therapeutic target by competitively binding to miRNA in gastric cancer
and has become an essential epigenetic regulator that plays a critical role in gastric cancer.[13, 14]
Circular RNAs (circRNAs) are a new class of regulatory RNAs that have been explored in recent years.[15]
As a rising star, circRNAs show great potential as novel biomarkers of gastric cancer due to their unique
structures and features.[16] However, the "miRNA sponge" is the most common phenomenon, in which
circRNAs and lncRNAs play crucial roles in the progression of tumours. These ncRNAs can act as ceRNAs
to affect the expression levels of target genes and eventually act as tumour promoters in GC tumours.
[17–19] Competing endogenous RNAs (ceRNAs) represent a regulatory mechanism by which ncRNAs can
naturally competitively bind miRNAs, thereby inhibiting the regulation of target genes by miRNAs, such as
lncRNAs and circRNAs, and forming complex miRNA-mediated ceRNA networks.[20, 21] The underlying
mechanism of ceRNAs was determined by bioinformatics analysis. The ceRNA network of GC has been
reported in many types of research, but the mechanism of GPLs and EGC is rarely reported. Thus, it is of
enormous biological signi�cance to explore the mechanisms of ceRNA in GPLs and gastric
carcinogenesis.[22]

Currently, the Assay of Transposase Accessible Chromatin sequencing (ATAC-seq), as a next-generation
technology, is available to predict the molecular targets of disease. Meanwhile, RNA-seq methods are
available for studying many different aspects of RNA biology with the development of next-generation
sequencing.[23] In addition, ATAC-seq has been widely used in studying chromatin biology, and it is an
approach developed to decipher the epigenetic landscape and systematically analyse chromatin open
regions throughout the genome by Tn5 transposase.[24] The combination of these two methods can
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more comprehensively identify molecular biomarkers from epigenetics and genetics and more accurately
identify the target genes and molecular mechanisms of EGC.

To identify potential novel clinical therapeutic targets for EGC and gastric precancerous lesions and
systematically complete the data of the whole process of transition from normal gastric mucous
membrane to GPLs and EGC to gain more insights into the molecular mechanisms of this cancer, we
performed whole-transcriptome sequencing and ATAC-seq based on tumours (T) from 30 early gastric
cancer patients, the gastric mucosa (P) from gastric precancerous lesion patients, and the normal gastric
mucous membrane (N) from 30 participants. Then, differential expression analysis was performed
between the T and P groups and between the N and T groups. Subsequently, we analysed functional
interaction prediction to investigate gene-regulatory circuits. Furthermore, The Cancer Genome Atlas
(TCGA) for gastric cancer data and real-time PCR were used to validate the results. Overall, our research
results may provide novel perspectives to clarify the mechanisms of the transition from premalignant
gastric tissue to EGC for the early diagnosis of gastric cancer and suggest some genes as potential
therapeutic targets in GPLs and EGC.

Results
1. Differential Expression Analysis

According to the screening criteria and method, a total of 2,457 differentially expressed mRNAs (dif-
mRNAs) in GPLs compared with EGC (P versus T) were obtained, along with 2,857 dif-mRNAs in normal
tissues compared with EGC (N versus T), of which 2,548 were upregulated and 2,766 were downregulated
(Figure 1A-1B). The overlapping dif-mRNAs between P versus T and N versus T were �ltered out using
Venn diagrams (Figure 1C). To further integrate epigenetic elements into the results of dif-mRNAs, we
obtained high-quality reads from the ATAC-seq with alignment of the reference genome, obtained the
position information of the reads on the genome and selected an intersection for the dif-mRNAs and the
aligned genes by ATAC-seq. Finally, the DEGs were formed. Among a total of 2,205 DEGs in P versus T
and 2,578 DEGs in N versus T, the overlapping DEGs between the two pairwise groups were presented by
Venn diagrams and hierarchical cluster heatmaps (Figure 1E-1H), and 1,705 DEGs overlapped in total. In
particular, 11 DEGs were upregulated in NvsT but downregulated in PvsT, including CPS1, CYP2D6, APOB,
CHST5, ANPEP, CLCA1, SLC6A19, MME, CDHR5, SLC5A1, and MALL. Most of these mRNAs maybe play
an essential role in the occurrence and development of tumours, which is worthy of further exploration to
determine whether these are the target mechanisms of EGC.

A total of 352 differentially expressed miRNAs (dif-miRNAs), 3,715 differentially expressed mRNAs (dif-
lncRNAs), and 117 differentially expressed circRNAs (dif-circRNAs) were obtained in P versus T, and 455
dif-miRNAs, 4,404 dif-lncRNAs, and 208 dif-circRNAs were obtained in N versus T (Figures 2A–2F). The
overlapping dif-miRNAs (207), dif-lncRNAs (2,235), and dif-circRNAs (59) between P versus T and N
versus T were �ltered out using Venn diagrams (see Figure 2G-2I). The overlapping dif-miRNAs, dif-
lncRNAs, and dif-circRNAs are shown in hierarchical cluster heatmaps (Figure 2J-2L), from which we
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found signi�cant separation between the three groups, indicating that the results of the differential
expression analysis were available. The primary point here is that hsa-miR-215–5p levels were elevated in
normal versus EGC tissues, whereas levels were decreased in both GPLs versus EGC samples which
might be a potential target microRNA.

2. Functional Enrichment Analysis of DEGs

Functional enrichment analysis of the overlapping DEGs was performed to explore the biological
functions. Upregulated genes and downregulated genes were enriched in the top 30 GO terms and top 20
KEGG pathways, respectively (Figure 1I-1L). According to the GO analysis enriched by the upregulated
genes, we found that many pathways of gastric carcinogenesis involve abnormal physiological function
of the extracellular matrix, which indicates that extracellular matrix structural constituents and collagen
manifest the critical processes of transition from normal to GPLs and further to EGC. Among the top 20
KEGG pathways based on the upregulated genes, the PI3K-Akt signalling pathway, proteoglycans in
cancer, cell cycle, p53 signalling pathway, etc., were related to gastric carcinogenesis. Similarly, the KEGG
pathways of downregulated genes suggest that the calcium signalling pathway, gastric acid secretion
and chemical carcinogenesis-DNA adducts may be involved in the occurrence of EGC.

3. Protein–Protein Interaction (PPI) Analysis of DEGs and dif-ncRNAs

To identify important hub genes among the overlapping DEGs, dif-miRNAs, dif-lncRNAs, and dif-circRNAs,
we performed protein–protein interaction (PPI) analysis of all the differentially expressed RNAs. A total of
1,555 DEGs were generated, the degree of each node was calculated using CytoNCA and visualized by the
R packages, and the nodes with high topological scores can be regarded as vital nodes of the network,
with the hub-gene determined according to the number of adjacent nodes. A bar chart including the top
30 hub genes (e.g., VEGFA, FN1, CDK1, MYC, etc.) is shown in (Figure 3B). Meanwhile, PPI networks of the
target genes in DEGs corresponding to dif-miRNAs, dif-lncRNAs, and dif-circRNAs were also established
(Figure 4A-4C). The PPI network based on dif-miRNAs consisted of 1,390 genes and a total of 999 genes
based on dif-lncRNAs, while only 13 DEGs corresponded to dif-circRNAs. We generated bar charts of the
top 20 target genes (Figure 4D-4F). The target genes (e.g., FN1, MYC, VEGFA, CDK1, etc.) corresponding to
the dif-miRNAs and dif-lncRNAs with a signi�cantly higher degree (e.g., DNMT3B, HIST1H2BJ, HIST1H2N,
etc.) were found to be associated with dif-circRNAs. We then extracted �ve clustered modules from the
PPI network and formed �ve subnetworks, the details of the representative genes ranked by degree were
shown in Table 1. The �ve modules contained 96 (Module 1), 82 (Module 2), 77 (Module 3), 48
(Module 4), and 49 (Module 5) nodes, among which the upregulated genes were most often included.
Among the 17 genes in Module 1 with degree=95 (e.g., PBK, KIF23, TOP2A, CDK1, CDC45, etc.), FN1 with
the highest degree in Module 2 (degree=48), ICAM1 with degree=23 in Module 3 with the same
circumstance, THBS1 with twice the degree of the second gene in Module 4 (degree=30), VEGFA is the
highest in Module 5 (degree=21).

Moreover, genes in the �ve modules were subjected to GO and KEGG enrichment analysis (Figure 3H-3I).
According to the KEGG analysis, four main pathways may be involved in the occurrence and development
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of gastric carcinogenesis: the cell cycle, DNA replication, PI3K-AKT signalling pathway, and ECM-receptor
interaction. We believed that changes in the extracellular matrix and extracellular structure
organization were probably involved in the pathological processes of GPLs and EGC.

4. ceRNA Network Construction

First, we constructed a circRNA-related and lncRNA-related ceRNA network. Based on the theory of ceRNA
and the regulatory relationships of dif-circRNA-dif-miRNA, dif-lncRNA-dif-miRNA, and dif-mRNA-dif-
miRNA, the differentially expressed circRNA, lncRNA, and mRNA regulated by the same miRNA were
screened. By using circRNA and lncRNA as decoys, circRNA–miRNA–mRNA and lncRNA-miRNA-mRNA
networks were formed (Figure 4G-4H). The circRNA–miRNA–mRNA ceRNA network contained 17 mRNAs,
two circRNAs, and 11 miRNAs (Figure 4G). In this network, the core circRNA is an unknown gene
expressed as gene loci information, and nodes and edges represent genes and interactions, respectively.
The lncRNA–miRNA–mRNA ceRNA network contained 5,916 edges, 366 mRNAs, 312 lncRNAs, and 55
miRNAs (Figure 4H). Since most of the lncRNAs (approximately 283 lncRNA transcripts) were expressed
as gene loci information, we created a core ceRNA network that �ltered out the unknown lncRNAs, which
contained 2,762 edges, 366 mRNAs, 29 lncRNAs, and 55 miRNAs (Figure 4I).

According to the two subnetworks and the regulatory relationship of these differentially expressed
ncRNAs, we constructed a circRNA-lncRNA-miRNA-mRNA ceRNA network containing 1,013 edges, 17
mRNAs, 11 miRNAs, 242 lncRNAs, and 2 circRNAs (Figure 5A) and then �ltered out 223 unknown
lncRNAs to form a core network containing 17 mRNAs, 11 miRNAs, 11 lncRNAs, and two circRNAs (Figure
5B), the representative RNAs in the three big ceRNA networks were shown in Table 2.

In all of the above networks, we found that in both the whole network and the core network, hsa-miR-
1226–5p and hsa-miR-6720–5p were the most important miRNAs. Furthermore, we found two mRNAs of
GPR161 and ARID3A: lncRNA H19–202 had the highest degree (degree=12) in the core ceRNA network.
We performed GO and KEGG enrichment analysis of all the genes in the core ceRNA network. The results
showed that the smoothed signalling pathway was signi�cantly enriched in GO-BP terms, and cytokine
receptor, immune receptor, G protein-coupled peptide receptor, and peptide receptor activity were
signi�cant in GO-MF terms (Figure 6A). The results of KEGG enrichment showed that the classical MAPK
signalling pathway and cytokine-cytokine receptor interaction pathway were signi�cant (Figure 6B).

5. Validation of The Cancer Genome Atlas (TCGA) Database

To validate our �ndings in the core ceRNA network, the RNA expression levels were compared with the
TCGA database. Because the circRNAs represented gene locus information that could not be veri�ed, we
were more concerned with mRNA, miRNA, and lncRNA validation. Because H19–201, H19–202,
and H19–203 were the isomers of lncRNA-H19, the validation of only nine lncRNAs was performed. The
validation results are shown in Figure 6C-6E. Most of the ceRNA expression patterns in the network were
consistent with the TCGA data. There were ten mRNAs (Figure 6C), eight lncRNAs (Figure 6D), and four
miRNAs (Figure 6E) that were signi�cantly different, indicating participation in the development of EGC.
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6. Survivorship Curve Analysis and ROC Curve Analysis

To further determine the roles of these genes in the ceRNA network with respect to survival and prognosis,
we performed a survivorship curve analysis of mRNAs, miRNAs, and lncRNAs. The results showed that
four mRNAs and one lncRNA were signi�cant (Figure 7A-7E). For example, CCR10 (Figure 7A), GSDME
(Figure 7C), LRRN1 (Figure 7D), and AC136475.3 (Figure 7E) had higher expression, and GPC3 (Figure 7B)
had lower expression, the overall survival rate and prognosis were better. Literature retrieval revealed that
most of these RNAs play a role in cancer progression, suggesting potential targets for the above RNAs in
GPLs and EGC. Therefore, we performed ROC curve analysis to evaluate the diagnostic value of the
candidate ceRNAs in GPL and EGC. The results showed that the AUC values of nine mRNAs (e.g., UBAP2,
NOL6, LGR5, ASCL2, IL1RAP, etc.) and �ve lncRNAs (e.g., DLGAP1-AS2, CYTOR, AC136475.3, AGAP2-AS1,
and AP003774.1.) were more signi�cant than 0.7 (Figure 6F-6G). These results demonstrated that the
above mRNAs and lncRNAs have good diagnostic value in GPLs and EGC, and thus serve as early
biomarkers to predict GPLs and EGC.

7. Real Time-PCR Validation

Based on the results of the ceRNA network, most miRNAs except hsa-miR-3180–3p and hsa-miR-3180–
5p existed in the TCGA database, and we found that hsa-miR-1226-5p, hsa-miR-6720-5p, lncRNA H19,
ARID3A and GPR161 were in critical core positions, but hsa-miR-1226–5p was not signi�cantly different
in the TCGA database. The three mRNAs of GSDME, LRRN1, and GPC3 had certain signi�cance with
respect to the overall survival rate and prognosis, but they were not signi�cant in TCGA. We further
validated the three miRNAs and the three mRNAs by real-time PCR in normal, GPLs and EGC tissues to
prove our data meaningful. In the results depicted in (Figure 7F-7K), there are signi�cant differences in the
expression of GPC3 (Figure 7F), GSDEM (Figure 7G), LRRN1 (Figure 7H), miR-3180–3p (Figure 7I), miR-
3180–5p (Figure 7J) and miR-1226–5p (Figure 7K) between the three groups of normal gastric mucosal
tissues, GPL tissues, EGC tissues, which con�rms that the RNA sequencing and real-time PCR results
were consistent. 

Discussion
The molecular targets of gastric cancer are continually increasing; nonetheless, the prognosis and
mortality remain dismal in Western countries despite declining incidences.[25, 26] Gastric cancer is not a
“jump” from normal epithelial cells to cancer cells: the pathogenesis of gastric cancer is a multistep
carcinogenesis process.[27] Gastric precancerous lesions (GPLs) are a classic precancerous state of the
stomach, and GPLs provide a critical window to prevent and treat gastric cancer. Therefore, speci�c
molecules are urgently needed to represent and elucidate the causes of GPLs. In recent years, epigenetics
has become popular, indicating that gene function has undergone heritable changes that eventually lead
to phenotypic changes without changes in gene DNA sequences. However, little is known about
epigenetic alterations in�uencing GPLs pathogenesis and gastric carcinogenesis.[28] Thus, the main
focus of this study is to identify the speci�c biomarkers that can be employed to predict this global
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process of transition from normal gastric mucosa to GPLs and further to EGC from multiple perspectives
and in the context of numerous methods.

ATAC-seq can identify open chromatin regions and capture regulatory sequence information. Open
chromatin regions can bind regulatory proteins and regulate gene expression, resulting in epigenetic
changes.[29] Therefore, this study established whole-transcriptome sequencing and ATAC-seq on GPLs,
EGC, and normal gastric mucosa and obtained differential expression pro�les such as those of lncRNAs,
circRNAs, miRNAs, and mRNAs. In the present study, we integrated gene sequence changes and
epigenetic information into the differential mRNAs. Therefore, the differential mRNAs and the reference
genome produced by ATAC-seq were cross-screened, and the �nal DEGs were the target genes with two
simultaneous factors. Subsequently, integrated functional enrichment analysis and the establishment of
protein–protein interactions (PPIs) were used to identify candidate genes. We identi�ed several candidate
genes by focusing on the DEG degree values in PPI analysis, which commonly changed in the three
groups, including classic oncogenes such as VEGFA, CDK1, FN1, MYC, AURKA, TOP2A, etc. Combining
the PPI networks of the genes targeted by dif-lncRNAs and dif-miRNAs, we found that four genes, VEGFA,
FN1, CDK1 and MYC, were the key promoter genes from the comprehensive gene degree data. According
to the genes targeted by dif-circRNAs, we found that DNMT3B, HIST1H2BJ, and HIST1H2N might be
involved in the process of gastric carcinogenesis. In addition to the cell cycle, p53 signalling pathway, and
MAPK and PI3K-AKT classical signalling pathways, the mechanism of abnormal physiological function
of the extracellular matrix is closely related to EGC and GPLs according to functional enrichment
analysis.

Vascular endothelial growth factor A (VEGFA) can promote neovascularization and increase vascular
permeability, acting as a key factor in angiogenesis.[30] Many tumour angiogenesis events primarily rely
on VEGFA-driven responses, and angiogenesis is a vital process in the progression of gastric
adenocarcinoma and is necessary for gastric tumour growth and metastasis.[31] VEGF-A inhibition has
become a therapeutic strategy for many cancers, and several anti-VEGF-A strategies have been examined
for gastric cancer. However, very few drugs can be used in the relevant clinical setting.[32] In addition,
there is also evidence indicating that VEGFA expressed in gastric mucosa is related to intestinal
metaplasia or dysplasia, so VEGFA should be represented as a critical gene in the complete process of
gastric carcinogenesis and necessitates further development of relevant drugs.[33, 34] Fibronectin 1
(FN1), as a marker of EMT, plays an essential role in the cell adhesion, invasion, migration and
metastasis of tumours.[35] Mechanistically, there are also a great deal of academic studies suggesting
that FN1 is a novel target for many types of cancers, such as gastrointestinal cancer.[36, 37] FN1 can
promote the malignant progression of gastric cancer cells through ECM remodelling and suppress the
proliferation, migration and invasion of GC cells by downregulation in gastric cancer. It is signi�cantly
related to poor prognosis of gastric adenocarcinoma, which is the �nal cancerous result of gastric
precancerous lesions.[38–40] The MYC gene is a key classical gene in tumorigenesis in various types of
tissues that contributes to gastric cancer progression, and it can be mediated by ncRNAs and may be
associated with cell proliferation, survival, and drug resistance.[41–43] Signi�cantly higher MYC mRNA
expression was observed in atrophy and dysplasia and intestinal metaplasia compared to gastritis
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samples.[44, 45] CDK1 is a cyclin-dependent kinase and often mediates cell cycle defects associated with
many tumours, and emerging evidence suggests that it is mainly involved in prostate cancer, small cell
lung cancer, and GC.[46, 47] Moreover, based on the results of the genes targeted by dif-circRNAs, the
DNA methyltransferase 3B (DNMT3B) gene has been associated with the occurrence or decrease of
various tumours. Some studies have revealed that DNMT3B promotes GC tumorigenesis as an oncogene.
[48, 49] Some studies provide insights into the molecular mechanisms that regulate the HIST1H2BJ gene,
which may be related to the progression of cancer, but the HIST1H2N gene has rarely been reported.[50,
51] Moreover, many studies have examined the expression patterns of ECM components and signalling
pathways in normal gastric epithelium, premalignant lesions, and gastric cancer. ECM-associated
molecules can be used as predictive biomarkers of disease or as potential targets in gastric cancer.[52]
We believe that these four genes (e.g., VEGFA, FN1, CDK1, and MYC), ECM components and signalling
pathways play vital roles in the comprehensive processes of gastric cancer. More related studies are
merited. Our �ndings may contribute to the development of targeted drugs for EGC and GPLs.

In the present study, we constructed a core circRNA-lncRNA-miRNA-mRNA ceRNA network using
candidate RNAs that overlapped between normal tissues, GPLs and EGC. Most of these representative
RNAs in the network were validated by TCGA database and RT–PCR to prove the reliability of our data.
Although little is known about the above two circRNAs, their related network miRNAs, lncRNAs, and
mRNAs have been revealed to serve potential roles in EGC. Through ROC curve analysis, most of these
lncRNAs and mRNAs in this core ceRNA network were found to be signi�cant in predictive diagnosis and
useful as novel diagnostic markers and therapeutic targets. Survivorship curve analysis also
demonstrated that several indicators (e.g., CCR10, GSDME, LRRN1, AC136475.3, and GPC3) can act
together as a prognostic index to evaluate EGC. LRRN1 and GSDME expression represent loss of
regulation in EGC tissues, and high LRRN1 expression is associated with poor prognosis, which plays an
important role in EGC. Glypican-3 (GPC3) is expressed in liver cancers, and antibody-based therapies
targeting glypicans are being investigated in preclinical and clinical studies, which may be further
applicable to gastric cancer.[53–55] We also note that hsa-miR-1226–5p and hsa-miR-6720–5p represent
the centre of the network, and that GPR161, ARID3A, and lncRNA-H19 are of great importance in both
GPLs and EGC. Evidence in the literature shows that miR-1226, which acts as a speci�c tumour
suppressor, affects many tumours, regulates the expression of oncoproteins and induces cell death.[56–
58] MiR-6720 might affect cancer via the hedgehog signalling pathway and calcium signalling pathway.
[59] The G-protein-coupled receptor GPR161 is overexpressed in cancer and is a promoter of cell
proliferation and invasion that can suppress the Sonic hedgehog pathway.[60, 61] ARID3A, which is a
paralogue from the AT-rich interactive domain (ARID) family, has been found to be involved in cancer and
stem cell processes and associated with colorectal carcinoma.[62, 63] H19 is a lncRNA that is described
as an oncofoetal transcript and has been associated with the risk of hepatocellular carcinoma, breast
cancer, bladder cancer, gastric cancer and colorectal cancer.[64, 65]

Our research clari�es the mechanism of the entire process of gastric transition from normal to gastric
premalignant tissue and cancer from a new perspective, contributing to the early diagnosis of gastric
cancer by identifying transcripts (e.g., hsa-miR-1226–5p, hsa-miR-6720–5p, H19, etc.) as potential
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therapeutic targets in early gastric cancer and gastric precancerous lesions. The above results combine
epigenetic and genetic factors, which can provide researchers with multiple directions and perspectives
for further experimental research on drugs and molecular mechanisms. Furthermore, our �ndings suggest
that most of these biomarkers are associated with the development of EGC, although research on
modi�cation, modulation, and mutual mediation between these ncRNAs remains insu�cient. Further
research could build on our �ndings from data analysis to further unveil the mechanisms of these
ncRNAs in EGC and precancerous lesions from the perspective of epigenetics, determine how these genes
interact with each other, and reveal their relationships with EGC. Similarly, few experiments have
investigated the molecular mechanisms of precancerous gastric lesions, and these genes and pathways
can be further used as novel targets for the treatment of GPLs to prevent both their occurrence and the
development of gastric carcinogenesis.

In conclusion, these results reveal the key promoter biomarkers in the entire dynamic process of gastric
carcinogenesis and will help us acquire a more comprehensive understanding of the development of
EGC. This study provides novel and reliable biomarkers for EGC and GPLs, which will be useful for further
clinical applications in diagnosis, prognosis and targeted therapy.

Methods
1. Participants and sample collection

A total of 90 samples were collected (30 early gastric cancer tissues from patients who underwent
operative treatment, 30 gastric precancerous lesion tissues and 30 normal gastric mucous
membrane tissues from mucosal biopsy specimens from the gastric tract) by gastroscopy (N group: 14
males and 16 females, P group: 16 males and 14 females, T group: 18 males and 12 females, age<60: N
24 people, P 19 people, T 17 people, age≥60: N 6 people, P 11 people, T 13 people, mean age: N 53.5
years, P 56 years, T 56.5 years) at the Hospital of Chengdu University of Traditional Chinese Medicine,
Chengdu, Sichuan, between 2018.12–2020.9 from patients with no preoperative radiation or
chemotherapy or drug treatment. All specimens were snap frozen in liquid nitrogen and stored at -80 °C.
This study was approved by the Ethics Committee of the Hospital of Chengdu University of Traditional
Chinese Medicine (approval no. 2018KL‐023), and informed consent was obtained from all participants.

2. RNA Extraction and quality control

Because su�cient RNA was required for RNA sequencing but the tissues were small, 3 tissues were used
as one sample for sequencing, and total RNA was extracted from three tissues of three groups by using
TRIzol reagent (Life Technologies CA, USA) following the manufacturer’s instructions. RNA degradation
and contamination were monitored on 1.5% agarose gels. RNA concentration and purity were measured
using a NanoDrop 2000 Spectrophotometer (Thermo Fisher Scienti�c, Wilmington, DE). RNA integrity was
assessed by using the RNA Nano 6000 Assay Kit for the Agilent Bioanalyzer 2100 System (Agilent
Technologies, CA, USA).



Page 12/31

3. RNA-Seq and ATAC-seq data

RNA sequencing libraries were generated using the NEBNextR UltraTM Directional RNA Library Prep Kit
for Illumina R (NEB, USA) following the manufacturer’s recommendations, and index codes were added to
attribute sequences to each sample. To preferentially select insert fragments 150-200 bp in length, the
library fragments were puri�ed with AMPure XP Beads (Beckman Coulter, Beverly, USA). Finally, library
quality was assessed on an Agilent Bioanalyzer 2100 and through qPCR. After cluster generation, the
library preparations were sequenced on an Illumina platform, and reads were generated. ATAC was
performed according to the ATAC-seq protocol by Biomarker Technologies Biotechnology Ltd. The
Nextera DNA Library Preparation Kit (Illumina) was used to perform transposition according to the
manufacturer’s manual. The transposed DNA fragments were puri�ed immediately with a MinElute PCR
Puri�cation Kit (Qiagen). Subsequent libraries were subjected to sequencing on an Illumina NovaSeq
6000 using PE150. Finally, RNA sequencing and ATAC-seq data were acquired. In brief, we prepared a
sequencing database for the gene regulatory sequences of chromatin open regions, lncRNAs, circRNAs,
miRNAs and mRNAs.

4. Screening of differentially expressed RNAs

mRNAs, miRNAs, lncRNAs, and circRNAs were divided into pairwise groups (P versus T and N versus T).
Differential expression analysis of these groups was performed using the EdgeR package (4.0.2). Genes
with an adjusted P value <0.05 and an absolute value of log2 (fold change) >1 found by EdgeR were
assigned as differentially expressed. Then, we used Bowtie2 software to compare the high-quality reads
obtained from the ATAC-seq of each sample with the reference genome to determine the alignment
e�ciency of the sample reads and the position information of the reads on the genome and performed
peak extraction by MACS2 v2.1.1 software. To identify the openness of chromatin and ensure high-
quality data, DeepTools v2.07 was used to map the density distribution of sequencing reads in the 3 kb
intervals upstream and downstream of the TSS of each gene: the results are presented as heatmaps. For
the purpose of further integrating epigenetic elements into the results of dif-mRNAs, we selected an
intersection for dif-mRNAs and the aligned genes based on the ATAC-seq data, and then the �nal DEGs
were formed. The differentially expressed RNAs between pairwise groups were visualized on volcano
plots and structured by plotting -log10 (p value) on the y-axis and log2 (fold change) on the x-axis.
Overlapping differentially expressed RNAs between the pairwise groups were determined by Venn
diagrams and subjected to further analysis. Heatmaps were generated by the heatmap R package to
exhibit the expression patterns in pairwise groups of DEGs, dif-miRNAs, dif-lncRNAs, and dif-circRNAs.

5. DEGs functional enrichment analysis

The screening of differentially expressed mRNAs (DEGs) was based on ATAC-seq data. To further clarify
the biological mechanism of DEGs in the course of disease development, Gene Ontology (GO) [66] and
KEGG pathway enrichment[67, 68] analyses of the up- and downregulated DEGs were carried out by the
cluster Pro�ler R packages
(http://www.bioconductor.org/packages/release/bioc/html/clusterPro�ler.html), respectively, and the
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threshold p<0.05 was considered signi�cant. The GO enrichment analysis included three parts: BP
(biological process), CC (cellular component) and MF (molecular function). The terms were selected for
display according to the signi�cance order, and we constructed bubble charts for the top 10 GO items and
the top 20 KEGG items of the upregulated and downregulated DEGs. Subsequently, when we established
the PPI network of DEGs and constructed the core ceRNA network, we performed GO and KEGG analysis
on the mRNAs in the networks, where the threshold was set to P less than 0.05.

6. PPI and Module Analysis of DEGs, dif-miRNAs, dif-lncRNAs and dif-circRNAs

The PPI analysis of DEGs was performed using the STRING database (version 11.5, https://www.string-
db.org/).[69] The DEGs were imported into the STRING database, the species was set as human, the
con�dence level was set to 0.4, dissociated nodes were hidden, the TSV format �le was downloaded, and
the �le was imported into Cytoscape software V3.8.0 (https://cytoscape.org/). We then constructed a
protein interaction network (PPI) by Cytoscape software, and R software was used to count the number of
adjacent nodes of each gene in the PPI network. Then, we generated a histogram of the top 30 hub genes
from the network. In addition, a score ≥6 was set up in the MCODE plug-in
(https://apps.cytoscape.org/apps/MCODE) to cluster the DEGs of the PPI network and obtain �ve
subnetworks. GO and KEGG enrichment analyses were also performed on the genes in the signi�cantly
clustered modules, and the threshold p <0.05 was considered signi�cant. At the same time, we also
performed the PPI networks of the targeted DEGs corresponding to dif-miRNAs, dif-lncRNAs and dif-
circRNAs, and plotted the top 20 hub genes in DEGs corresponding to dif-miRNAs and dif-lncRNAs, while
the DEGs corresponding to dif-circRNAs only numbered 13. 

7. Construction of ceRNA Network

It is generally known that miRNAs can lead to gene silencing by binding to mRNA, while some ncRNAs
can act as ceRNAs that can counteract the repressive activity of miRNAs: a ceRNA network is then
formed. [70] To construct a ceRNA network of molecular targets throughout the entire dynamic process of
gastric carcinogenesis. First, we �nd the predicted DEGs-bound miRNAs. We also integrated the dif-
lncRNA regulatory relationships to �nd the predicted miRNAs for targeted binding by dif-lncRNAs.
Similarly, the miRNAs bound to dif-circRNAs were predicted at the same time.

Subsequently, we devoted more attention to the correlation expression of lncRNA-mRNA and circRNA-
mRNA, so we focused on miRNAs that can simultaneously regulate mRNA and lncRNA or circRNA. The
relationships of lncRNA-miRNA-mRNA and circRNA-miRNA-mRNA were extracted and introduced into
Cytoscape V3.5.0 (San Diego, CA, USA), and the correlation coexpression relationship between these
miRNA-regulated mRNAs and ncRNAs was further obtained. Cytoscape was used to construct the
lncRNA-miRNA-mRNA and circRNA-miRNA-mRNA complex networks.

Alternatively, these two complex networks of circRNA-miRNA-mRNA and lncRNA-miRNA-mRNA were
integrated, and then we focused on screening miRNAs that can simultaneously regulate circRNA, lncRNA,
and mRNA. Correlation coexpression relationships of mRNA, lncRNA, and circRNA regulated by these
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miRNAs were further obtained. Finally, the circRNA-lncRNA-miRNA-mRNA ceRNA network was
constructed by Cytoscape. Among them, the spliced transcripts were compared with known lncRNA
databases (lncRNAdb (http://lncrnadb.org) and NONCODE (http://www.noncode.org/) to identify the
known lncRNAs in the sample. Then we �ltered out unknown lncRNAs to form a core ceRNA network.

8. TCGA Gastric Cancer Database Validation and RT–PCR Validation

Two circRNAs in the ceRNA network could not be veri�ed by TCGA (The Cancer Genome Atlas)
because all the circRNAs were expressed as unknown gene loci, so we were more concerned with the
TCGA validation of mRNAs, miRNAs and lncRNAs. The mRNA, miRNA and lncRNA expression matrix and
annotation information were loaded in the TCGA database for data veri�cation in this study. The mRNA
and lncRNA data of gastric cancer contained 375 tumour samples and 32 adjacent normal samples, and
the miRNA data of gastric cancer contained 446 tumour samples and 45 adjacent normal samples. We
examined the expression levels of all the mRNAs, miRNAs and lncRNAs in the ceRNA network in TCGA
gastric cancer data by using the online tool starBase and then generated a visual box diagram of
differential RNAs by the R software ggpubr package, where P 0.05 was considered a signi�cant
difference.[71] Among them, the mRNAs, miRNAs and lncRNAs, which were valuable but not signi�cantly
different or did not exist in the TCGA database, were further validated by real-time PCR. The RT-PCR
validation was applied for newly collected human EGC tissues, precancerous lesions tissues, and normal
gastric mucous tissues. Total RNA from three newly collected human tissues as one group was isolated
by using the Trizol reagent (Life Technologies CA, USA), and then reverse-transcribed into cDNA according
to the manufacturer’s instruction. The data represent three times experiments. The primers were
purchased by the company (GeneCopoeia, USA), the item codes of these RNAs were GPC3
(Cat#HQP007587), GSDME (Cat#HQP004226), LRRN1 (Cat#HQP015766), GAPDH (Cat#HQP006940),
miR-3180-3p (Cat#HmiRQP1638), miR-3180-5p (Cat#HmiRQP1511), miR-1226-5p (Cat#HmiRQP0061),
RNU6-2 (Cat#IImiRQP9001), respectively. 

9. Survivorship Curve Analysis and ROC Curve Analysis

Survivorship curve analysis of the mRNAs, miRNAs and lncRNAs of the ceRNA network was performed by
R software survival and the survivminer package, and the generation curve of P < 0.05 was visualized.[72]
When the ROC curves were generated, the AUC was calculated, and an AUC>0.7 was considered as
meaningful. Then, the ROC curve of the prognostic mRNAs in TCGA was drawn by the R software pROC
package.[73] We also analysed the ROC curves of miRNAs and lncRNAs in the network to assess the
diagnostic value of ceRNA expression for discriminating GPL/EGC from normal tissues, however, the
miRNAs were not signi�cant.
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Table 1 The Degree of the Representative RNAs in the Five Modules
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Cluster Score ID Degree

Module 1 82.547 PBK 95

KIF23 95

KIF2C 95

NCAPG 95

ASPM 95

Module 2 28.198 FN1 48

TIMP1 40

FBN1 37

CXCL8 37

FSTL1 36

Module 3 9.658 ICAM1 23

LY6E 20

GBP1 19

OASL 18

IRF4 17

Module 4 9.617 THBS1 30

THBS2 15

SPARC 14

F2R 14

CCKBR 13

Module 5 6.875 VEGFA 21

CD44 17

FOXP3 11

NT5E 10

MAP3K11 10

 

Table 2 Representative RNAs in the three Big ceRNA Networks
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Network ID Degree

lncRNA-miRNA-mRNA hsa-miR-1226-5p 234

hsa-miR-6720-5p 209

novel-miR-1309 157

hsa-miR-615-5p 145

hsa-miR-3127-3p 99

hsa-miR-3180-3p 93

hsa-miR-10396b-3p 82

novel-miR-495 82

hsa-miR-3180-5p 80

MSTRG.29081.1 77

circRNA-miRNA-mRNA 4:39508566|39552158 24

hsa-miR-6720-5p 9

hsa-miR-1226-5p 9

ARID3A 6

GPR161 6

14:105587554|105707562 6

hsa-miR-3180-3p 5

hsa-miR-615-5p 5

hsa-miR-3180-5p 5

CACNA1E 4

ceRNA hsa-miR-1226-5p 124

hsa-miR-6720-5p 99

hsa-miR-615-5p 55

hsa-miR-3127-3p 43

hsa-miR-1304-3p 42

hsa-miR-3180-5p 41

hsa-miR-3180-3p 38

GPR161 29
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ARID3A 25

4:39508566|39552158 24

Figures

Figure 1
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Differentially Expressed Analysis and Functional Enrichment of Candidate DEGs In the volcano plots, the
signi�cant changes of dif-mRNAs after comparing the two groups were visualized. Red and green dots
indicate upregulated and downregulated genes, respectively(A-B). (A) Volcano plots of differentially
expressed mRNAs in GPLs (P group) compared with EGC (T group). (B) and in normal tissues (N group)
compared with EGC (T group). (C) Venn diagram of the dif-mRNAs in two groups of PvsT and NvsT
analysis. (D) Heatmaps of ATAC-seq of the density distribution in TSS of each gene to testify the
chromatin is open well. (E) The intersection of dif-mRNAs and the alignment genes by ATAC-seq in P
group compared with T group. (F) and in N group compared with T group. (G) Venn diagram of DEGs in
pairwise groups. (H) Heatmaps of overlapped DEGs in Venn diagram G, colours indicate expression
values, with brighter red indicating higher values and brighter purple lower values. (I-J) Top 10 pathways
of GO-BP, GO-CC, GO-MF terms and top 20 KEGG pathways enriched by upregulated DEGs, respectively.
(K-L) Downregulated DEGs were enriched by the same way as the former.
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Figure 2

Identi�cation and Analysis of Differentially Expressed ncRNAs (A)Volcano plots of differentially
expressed miRNAs in PvsT. (B) and in NvsT. (C) Volcano plots of differentially expressed lncRNAs in
PvsT. (D) and in NvsT. (E) Volcano plots of differentially expressed circRNAs in PvsT. (F) and in NvsT. (G)
Venn diagram of the overlapped dif-miRNAs in pairwise groups. (H) and Venn diagram of dif-lncRNAs. (I)
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and Venn diagram of the dif-circRNAs. (J) Heatmaps of dif-miRNAs. (K) Heatmaps of dif-lncRNAs. (L)
Heatmaps of dif-circRNAs.

Figure 3

PPI Networks of Candidate DEGs In PPI networks of DEGs, red and green indicate upregulated and
downregulated genes, respectively. (A) PPI network of candidate DEGs. (B) A bar chart with top 30 hub-
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genes according to the number of interactions. (C-G) Five signi�cant clustered modules extracted from
PPI network. (H-I) GO and KEGG enrichment analysis of the genes in the �ve modules.

Figure 4

PPI networks of dif-ncRNAs and lncRNA-Related, circRNA-Related ceRNA Network (A-C) PPI networks of
the target genes in DEGs which corresponding to dif-miRNAs, dif-lncRNAs and dif-circRNAs. (D-F) A bar
chart of the top 20 target genes according to the number of adjacent nodes. (G) The differentially
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expressed circRNA-miRNA-mRNA network. (H) The differentially expressed lncRNA-miRNA-mRNA
network. (I) and then based on the lncRNA-miRNA-mRNA network formed a core sub-network that �lters
out unknown lncRNAs.

Figure 5

The Competing Endogenous RNA (ceRNA) Network (A) The competing endogenous RNA (ceRNA) network
with differentially expressed circRNA-lncRNA-miRNA-mRNA. (B) A core ceRNA network that �lters out
unknown lncRNAs which cannot be veri�ed.
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Figure 6

Functional Enrichment of the genes in ceRNA network, Validation of The Cancer Genome Atlas (TCGA)
Database and ROC Curve Analysis (A-B) GO and KEGG enrichment analysis of the genes in the ceRNA
network. (C-E) mRNA, miRNA and lncRNA expression levels in gastric cancer and normal samples
according to TCGA database, ***P<0.001, **P<0.01, *P<0.05. (C) mRNA. (D)miRNA. (E) lncRNA. (F) ROC
curve analysis with nine mRNAs which AUC 0.7 represent diagnostic values for discriminating cancer
from normal tissues. (G) ROC curve analysis with nine lncRNAs.
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Figure 7

Survivorship Curve Analysis and RT-PCR Validation (A-E) Four mRNAs and one lncRNA with signi�cant
differences in survivorship curve analysis, including (A) CCR10, (B) GPC3, (C) GSDME, (D) LRRN1, (E)
AC136475.3. (F-K) RT-PCR validation of (F) GPC3, (G) GSDME, (H) LRRN1, (I) hsa-miR-3180-3p, (J) hsa-
miR-3180-5p, (K) hsa-miR-1226-5p between N (normal gastric mucous), P (precancerous lesions tissues),
T (EGC tissues) groups, ***P<0.001, **P<0.01, *P<0.05.


