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Abstract 

Background: Gastric cancer (GC), a common malignancy of the human digestive system, represents the second 
leading cause of cancer-related deaths worldwide. Early detection of GC has a significant impact on clinical outcomes. 
The aim of this study was to identify potential GC biomarkers.

Methods: In this study, we conducted a multi-step analysis of expression profiles in GC clinical samples downloaded 
from TCGA database to identify differentially expressed miRNAs (DEMs) and differentially expressed mRNAs (DEGs). 
Potential prognostic biomarkers from the available DEMs were then established using the Cox regression method. 
Gene ontology and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed to 
investigate the biological role of the predicted target genes of the miRNA biomarkers. Then, the prognostic DEM-
mediated regulatory network was constructed based on transcription factor (TF)–miRNA–target interaction. Subse-
quently, the consensus genes were further determined based on the overlap between DEGs and these target genes 
of DEMs. Besides, expression profile, co-expression analysis, immunity, and prognostic values of these prognostic 
genes were also investigated to further explore the roles in the mechanism of GC tumorigenesis.

Results: We got five miRNAs, including miR-23b, miR-100, miR-143, miR-145, and miR-409, which are associated with 
the overall survival of GC patients. Subsequently, enrichment analysis of the target genes of the miRNA biomarkers 
shown that the GO biological process terms were mainly enriched in mRNA catabolic process, nuclear chromatin, and 
RNA binding. In addition, the KEGG pathways were significantly enriched in fatty acid metabolism, extracellular matrix 
(ECM) receptor interaction, and proteoglycans in cancer pathways. The transcriptional regulatory network consisting 
of 68 TFs, 4 DEMs, and 58 targets was constructed based on the interaction of TFs, miRNAs, and targets. The down-
stream gene ETS1 of miR-23b and TCF4 regulated by ETS1 were obtained by the regulatory network construction and 
co-expression analysis. High expression of ETS1 and TCF4 indicated poor prognosis in GC patients, particularly in the 
advanced stages. The expression of ETS1 and TCF4 was correlated with  CD4+ T cells,  CD8+ T cells, and B cells.

Conclusions: miR-23b, ETS1, and TCF4 were identified as the prognostic biomarkers. ETS1 and TCF4 had potential 
immune function in GC, which provided a theoretical basis for molecular-targeted combined immunotherapy in the 
future.
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Background
Gastric cancer (GC) is a common malignancy of the 
human digestive system and represents the second lead-
ing cause of cancer-related deaths worldwide [1]. Since 
early GC is usually mild or asymptomatic, advanced GC 
is most often diagnosed, leading to difficulties in the 
diagnosis of GC and poor survival rate of GC patients [2]. 
Therefore, the identification of specific molecular mark-
ers is urgently required in the above processes for clinical 
applications.

MicroRNAs (miRNAs) are short, approximately 22 
nucleotides in length that have no ability of coding 
proteins and have been suggested to represent tran-
scriptional noise, which widely exists in high eukary-
otes [3, 4]. However, more and more evidence indicate 
that miRNAs play an important role in regulating genes 
associated with malignant biological behavior in can-
cer cells [5]. After biogenesis, miRNAs combine the 
untranslated region (UTR) of the messenger RNAs 
(mRNAs) of their cognate target genes [6]. MiRNAs as 
oncogenes (onco-miRNAs) or tumor suppressors (ts-
miRNAs) by inhibiting the expression of target genes 
via cleaving the mRNA molecules or inhibiting their 
translation, suggests their potential as diagnostic mark-
ers of malignancy [7, 8].

Multiple studies have demonstrated the differential 
expression of miRNAs contributed to malignant phe-
notypes of GC [9], such as tumor growth, metastasis, 
angiogenesis, and drug resistance [10, 11]. In fact, they 
can regulate different signal pathways, targeting genes 
involved in cell migration, angiogenesis, and cell prolif-
eration [12, 13]. Although molecular characterizations 
have identified the gene signature for prognosis in GC, 
today, signatures are still inadequate for accurate patient 
therapy [14, 15]. Identifying new tumor markers or con-
structing gene models is still the focus of many studies. 
Thus, investigating novel biomarkers for early diagnosis 
and other effective therapies basing on a better under-
standing of the mechanisms underlying gastric carcino-
genesis as well as drug resistance is urgent for improving 
the outcome of GC patients.

In this study, we conducted a multi-step analysis using 
various R language packages on clinical samples down-
loaded from The Cancer Genome Atlas (TCGA) (https:// 
portal. gdc. cancer. gov/) [16] and the Gene Expression 
Omnibus (GEO) (https:// www. ncbi. nlm. nih. gov/ geo/) 
[17] databases to identify DEMs and DEGs. Potential 
prognostic biomarkers from the available DEMs were 

then established using the Cox regression method. Sub-
sequently, the target genes of the miRNA biomarkers 
were predicted by the online analysis tools and multiMIR 
package in R [18]; and the consensus genes were further 
determined based on the overlap between DEGs and 
these target genes. Then, the prognostic DEM-mediated 
TF–miRNA–target regulatory network was constructed. 
Furthermore, expression, prognostic values and immu-
nity function of miR-23b downstream genes, ETS1 and 
TCF4, were explored. Together, the prognostic miRNA 
and related genes mined in this study will provide new 
insights in elucidating the molecular mechanisms of 
gastric cancer and contribute to finding new therapeu-
tic targets and prognostic biomarkers for gastric cancer 
patients.

Materials and methods
Identification of differentially expressed miRNAs 
and mRNAs
The miRNA and mRNA expression data and the corre-
sponding clinical information from the patients with GC 
were obtained from the TCGA data portal (https:// por-
tal. gdc. cancer. gov/) [16]; a total of 427 samples, includ-
ing 40 normal and 387 stomach adenocarcinoma (STAD) 
samples. The differentially expressed miRNAs (DEMs) 
and mRNAs (DEGs) in normal gastric tissues and GC tis-
sues of TCGA profiles, were calculated using the limma 
package with the voom method in R, separately [19, 20]. 
Adjusted P value < 0.05 and |log2 fold change (FC)| > 1 
were set as cutoff value. The results were visualized with 
the ggplot2 package in R [21].

Survival analysis of DEMs
The DEM profiles were normalized by log2 transforma-
tion. Expression of the DEMs associated with overall 
survival (OS) in GC patients were analyzed by univari-
ate Cox regression. Variables with P value < 0.05 in 
univariate Cox regression were further used for multi-
variate Cox regression analysis to determine whether 
they could function as independent prognostic factors 
along with the clinical factors (including age; gender; 
and clinical stage, lymph nodes, and distant metasta-
sis). The hazard ratios (HRs) with 95% confidence inter-
vals (CI) and log-rank P values were also computed. 
The results were visualized with the “forestplot” pack-
age of R. Survival curves of the genes were evaluated 
and plotted using the Kaplan-Meier method and the 
log-rank test by the “survival” package in R (https:// 
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CRAN.R- proje ct. org/ packa ge= survi val) [22]. The log-
rank test was used to evaluate statistical significance 
with a cutoff criterion of P < 0.05 [23].

GO terms and KEGG pathway enrichment analysis of DEMs 
and targets
The target genes of prognostic DEMs were predicted 
using TargetScan (http:// www. targe tscan. org/), Tar-
Base (http:// www. mirdb. org/ miRDB/), and DIANA-
microT (http:// www. micro rna. gr/ webSe rver) online 
analysis tools and multiMIR package in R [24]. To fur-
ther enhance the bioinformatics analysis reliability, the 
overlapping target genes were obtained using the Venn 
diagram. Then, the overlapped genes were analyzed by 
The Database for Annotation, Visualization, and Inte-
grated Discovery (DAVID) bioinformatics tool (https:// 
david. ncifc rf. gov/) [25]. Gene Ontology (GO) and 
Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway enrichment analyses were then performed 
for the target genes. The P value < 0.01 was set as the 
cutoff criterion [26, 27]. Furthermore, the targets of 
the transcription factor were predicted using TRANS-
FAC (http:// gene- regul ation. com/) and Harmonizome 
(http:// amp. pharm. mssm. edu/ Harmo nizome/) online 
databases [28, 29].

Construction of TF–DEM–target gene regulatory network
Interactions of DEMs and target genes were obtained 
from the reliable online miRNA–mRNA databases, 
including miRDB, TargetScan, miRTarBase, etc., using 
the “multiMiR” package in R (http:// multi mir. org/) based 
on the experimental verification of luciferase reporter 
assay. To identify the transcription factors (TFs) that 
are targeted miRNAs, we used published TransmiR 
databases [22]. Then miRNAs both in miRNA–target 
interaction and TF–miRNA interaction were obtained. 
Consequently, the integrated dysregulated TF–DEM–
target regulatory network was constructed and visualized 
using Cytoscape software.

Expression validation of DEMs and targets
The expressions of DEMs and targets were further ana-
lyzed with the TCGA dataset. The Gene Expression 
Profiling Interactive Analysis (GEPIA2) (http:// gepia2. 
cancer- pku. cn/# index) and UALCAN (http:// ualcan. path. 
uab. edu/ index. html) databases, which are the publicly 
accessible online cancer databases integrating sequenc-
ing data from several database, were used to validate 
expressions of DEMs and targets in different statuses. 

The mRNA expression was analyzed using the unpaired 
Student’s t test. The expression value was considered sta-
tistically significant when the P value < 0.05.

Correlation analysis of has‑mir‑23b target, ETS1
The LinkedOmics database (http:// www. linke domics. 
org/ login. php) was used to explore the ETS1 co-expres-
sion genes by using Pearson’s correlation coefficient 
and showed the results with volcano plot and heat-
maps. Furthermore, the KEGG pathways of ETS1 and 
its co-expression genes were explored by using gene set 
enrichment analysis (GSEA).

Correlation and expression of ETS1 and its target TCF4 
in TILs of STAD
The correlation between ETS1 and its target TCF4 
expression and the major tumor infiltrating lympho-
cytes (TILs), including B cell,  CD4+ T cell,  CD8+ T cell, 
etc., was explored via the TIMER database (https:// cistr 
ome. shiny apps. io/ timer/), which collected 32 cancer 
types from TCGA. The P value < 0.05 was statistically 
significant. Then, the expression of ETS1 and its target 
TCF4 in TILs between tumor and normal tissues were 
analyzed in GEPIA2021 database (http:// gepia 2021. 
cancer- pku. cn/).

Statistical analysis
All analyses were conducted using RStudio software 
(version 1.3.959). Student’s t test was conducted to 
compare the differences. And a two-sided P < 0.05 was 
regarded as significant.

Results
Identification of five DEMs associated with OS in STAD
A total of 126 DEMs were obtained after analyzing 
miRNA expression profiles from TCGA with R lan-
guage using adjusted P value < 0.05 and |log2FC| > 1 as 
screening criteria. Among them, 67 miRNAs were signifi-
cantly downregulated, and 59 miRNAs were significantly 
upregulated. The volcano map illustrates the significant 
differences and distribution of the fold change in DEMs 
(Fig. 1A). Five prognostic associated DEMs were obtained 
through the univariate and multivariate Cox regression 
analysis. Multivariate Cox regression analysis revealed 
that mir-100 (HR = 0.719, P < 0.05), mir-143 (HR = 0.691, 
P < 0.05), mir-145 (HR = 0.692, P < 0.05), mir-23b (HR = 
0.708, P < 0.05), and mir-409 (HR = 0.643, P < 0.05) had 
negative coefficients, indicating that the lower expression 
level of these DEMs were associated with better patients’ 
OS (Fig. 1B). In addition, except mir-409, the other four 
DEMs were significantly downregulated, in STAD tissues 
compared with normal tissue (P < 0.001, Fig. 1C).
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Prediction and enrichment analysis of prognostic targets 
of DEMs
According to the DEM–target gene analysis, we got 
3396 candidate genes of the five prognostic DEMs. A 
Venn diagram was generated for the comparison of the 
target gene numbers of DEMs using different analysis 
tools; thus, 80 common  targets of DEMs were acquired 
(Fig.  2A). Furthermore, enrichment analysis of target 
genes of single miRNA was also performed. As shown 
in the heatmap, among five DEMs, targets of miR-23b 
and miR-100 were significantly enriched in most GO 
terms and KEGG pathways. The common GO terms of 
miR-23b, miR-100, and miR-143 targets were enriched 
in organelle and catabolic process (Fig.  2B). Addition-
ally, targets of miR-23b and miR-100 were enriched in 
fatty acid metabolism and biosynthesis pathway. Mean-
while, targets of miR-143, miR-409, and miR-145 were 
enriched in Parkinson’s disease, arrhythmogenic right 

ventricular cardiomyopathy, and ECM–receptor inter-
action, respectively (Fig. 2C).

TF–miRNA–target transcriptional regulatory network
To better understand the role of identified prognostic 
DEMs, we further constructed a transcriptional regu-
latory network based on the interaction of TF, miRNA, 
and targets. First, 68 TFs targeting 4 prognostic DEMs 
except mir-409 were identified. At the same time, 74 tar-
gets verified by luciferase reporter experiment interacted 
with 5 prognostic DEMs by using R “multiMiR” software 
package. After unifying the interactions between TFs and 
DEMs and between DEMs and targets, we constructed a 
transcriptional regulatory network consisting of 68 TFs, 
4 DEMs, and 58 targets (Fig. 3A). Next, we analyzed the 
expression levels of TFs and targets in the transcriptional 
regulatory network. The results showed that there were 
18 upregulated TFs, 24 targets, and 2 downregulated 

Fig. 1 Five DEMs associated with overall survival in STAD patients. A Volcano plot of DEMs between STAD and normal tissues. The red dot 
represents upregulated miRNAs, and blue dot represents downregulated miRNAs. B Forest plot of prognostic values of miRNAs based on the Cox 
regression analysis. C The boxplots of expression levels of DEMs between STAD and normal tissues. Different letters upon the box plot illustrated 
significant expression difference (P < 0.001)
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targets in gastric cancer. The single DEM analysis showed 
that there were the most differentially expressed target 
genes in the regulatory pathway of mir-23b, including 
15 upregulated targets and one downregulated target 
gene (Fig.  3B). Further analysis showed that among the 
upregulated targets, 5 were TFs. The results revealed that 
the downstream of mir-23b regulate more gene expres-
sion and pathways, which indicates that mir-23b plays 
an important role in the occurrence and development of 
gastric cancer.

Downstream genes regulated by mir‑23b
Compared with the normal tissues in the TCGA dataset, 
the expression of 5 TFs regulated by mir-23b was upreg-
ulated in STAD tissue samples (P < 0.05, Fig.  4A). In 

addition, with STAD development, the expression level 
of ETS1 was significantly upregulated in advanced stages 
(stages II, III, and IV), and the expression level of RUNX2 
was significantly upregulated in stages III and IV (P < 
0.05, Fig. 4B). Further analysis revealed that the expres-
sion of ETS1 was also affected by the TP53 mutation. In 
contrast to normal tissues, the expression level of ETS1 
in STAD samples with TP53 mutation was significantly 
upregulated, while the expression level of ETS1 in STAD 
samples with TP53 nonmutation was further significantly 
upregulated (P < 0.001, Fig. 4C).

Correlation analysis of mir‑23b target ETS1
Next, we analyzed the co-expressed genes of ETS1 
and found that 1771 positively correlated genes (r > 

Fig. 2 Heatmaps of enrichment analysis of the targets of five prognostic DEMs. A Venn diagrams for the targets of five prognostic DEMs  using 
different analysis tools; 80 genes were overlapped. B The significant enriched GO terms of target genes. C The significant enriched KEGG pathways 
of target genes



Page 6 of 14Mei et al. World J Surg Onc          (2021) 19:311 

0.4, FDR < 0.01) and 130 negatively correlated genes 
(r < − 0.4, FDR < 0.01) (Fig.  5A, B). Later, to explore 
the biological pathways that co-expressed genes of 
ETS1 may participate in, we performed KEGG path-
way enrichment analysis on these co-expressed genes 

based on the GSEA method. The results showed that 
ETS1 co-expressed genes are widely involved in vari-
ous cellular development pathways. We found that 
the ETS1 co-expressed genes were positively enriched 
in the immune-related pathways, including primary 

Fig. 3 TF–miRNA–target network associated with the five prognostic DEMs. A The TF–miRNA–target network; B the differentially expressed TFs and 
targets related to each DEM
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Fig. 4 Expression patterns of five targets associated with mir-23b. A The boxplots of expression levels of five targets between GC and normal 
tissues in TCGA dataset. *P < 0.05. B The violin plots indicated the expression levels of five targets in stages I–IV of GC. C The boxplots of expression 
levels of five targets based on TP53 mutant status. Different letters upon the box plot illustrated a significant expression difference (P < 0.001)
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immunodeficiency, autoimmune thyroid disease, Th1 
and Th2 cell differentiation, chemokine signaling path-
way, etc.. At the same time, the ETS1 co-expressed 
genes were mainly positively enriched in sulfur relay 
system, steroid biosynthesis, RNA polymerase, DNA 
replication, etc. (Fig. 5C).

Correlation and expression of ETS1 and its target TCF4 
in TILs of STAD
Among the co-expressed genes of ETS1, we found that 
the expression level of TCF4, a downstream gene of 

ETS1, was positively correlated with that of ETS1 (r = 
0.7204, P = 1.318e–49, Fig. 5D). Next, we analyzed the 
relationship between ETS1 and TCF4 and the abundance 
of immune cells. The results showed that the expression 
of ETS1 and TCF4 in STAD tissues was positively cor-
related with the abundance of B cells,  CD8+ T cells, and 
 CD4+ T cells and negatively correlated with the abun-
dance of  CD4+ memory resting T cells and  CD4+ Th1 
T cells (Fig.  6A). Next, we examined the difference in 
cell proportion of TILs in STAD tissue and normal tis-
sue. The results showed that the cell proportion of B 

Fig. 5 Correlation expression genes of mir-23b target gene ETS1. A The volcano plot indicated the Pearson correlation coefficient between 
ETS1 and related genes. B The heatmaps indicated the positively and negatively correlated genes associated with ETS1, respectively. C The KEGG 
pathways related to the correlated gene to ETS1 based on GSEA analysis. D The Pearson correlation coefficient between ETS1 and downstream 
gene TCF4
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memory cell (P = 0.02),  CD8+ T cell (P = 6.56E–3) and 
 CD4+ naive cell (P = 6.39E–5) in STAD tissues was sig-
nificantly lower than that in normal tissues (Fig. 6B). The 

expression levels of ETS1 and TCF4 genes in these three 
immune cells were also significantly higher in normal 
tissues than in STAD tissues (Fig. 6C).

Fig. 6 The relationship between ETS1 and downstream gene TCF4 expression and abundance of immune cells. A The relationship between ETS1 
and downstream gene TCF4 expression and abundance of B memory cell,  CD8+ T cell,  CD4+ T cell, and  CD4+ memory resting T cell. B The cell 
proportion in immune infiltrates between STAD tumor and normal tissue. C The expression box plots of ETS1 and TCF4 between tumor and normal 
tissue in immune infiltrates in STAD, respectively
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Prognostic values of ETS1 and TCF4 in STAD
To investigate the prognostic significance of ETS1 and 
TCF4, the log-rank test and Kaplan-Meier method 
were performed to investigate the relationship of the 
expression and OS of STAD patients. Subsequently, 
the results revealed ETS1 (HR = 1.37, P < 0.001) and 
TCF4 (HR = 1.29, P = 0.008) were found to be closely 
related to OS in STAD patients. The results indicated 
that the lower expression levels of ETS1 and TCF4 
were associated with better patients’ OS (Fig.  7). As 
the expression analysis results showed that the ETS1 
expression level increased significantly along with 
the STAD development, we analyzed the correlations 
between the expression of ETS1 and TCF4 and OS 
in STAD patients with advanced stages. The results 
showed that compared with no significant correlation 
between the patients’OS with stage I and the expres-
sion of ETS1 and TCF4, patients with stages II to IV 
and low expression of ETS1 or patients with stages II 
and IV and low expression of TCF4 had significantly 
better OS (P < 0.05, Fig. 7).

Discussion
In the present study, we got expression profiles of miR-
NAs and mRNAs in STAD and normal tissues from the 
TCGA dataset. Then, we identified 126 significantly dif-
ferentially expressed miRNAs, including miR-100, miR-
23b, miR-143, miR-145, and miR-409, which were also 
associated with the overall survival in STAD patients. 
Enrichment analysis showed that the GO terms were 
mainly enriched in nuclear chromatin, organelle, RNA 
binding, cellular protein modification process, mRNA 
catabolic process, etc.. The KEGG pathways were signifi-
cantly enriched in cancers, cellular community, infectious 
disease, signal transduction, and cellular senescence. 
Among these five DEMs, targets of miR-23b and miR-
100 were significantly enriched in the same GO terms 
and KEGG pathways, which suggested that they may 
have similar functions during STAD progression. To bet-
ter understand the role of identified prognostic DEMs, a 
transcriptional regulatory network consisting of 68 TFs, 
4 DEMs, and 58 targets was constructed based on the 
interaction of TFs, miRNAs, and targets. The regulatory 
axis of the single DEM analysis showed 16 differentially 
expressed target genes in the regulatory pathway of mir-
23b, including 5 upregulated TFs. The results suggested 
that more gene expression and pathways are regulated by 
miR-23b, which indicates that mir-23b plays an impor-
tant role in the occurrence and development of gastric 
cancer. Among these 5 upregulated TFs which were 
downstreams of miR-23b, ETS1 was significantly upreg-
ulated in advanced stages and differentially affected by 
TP53 mutation. Next, co-expression genes of ETS1 were 

obtained and positively enriched in the immune-related 
pathways, indicating that ETS1 has a potential immune 
function in STAD progression. Furthermore, it was veri-
fied by the analysis of the correlation and expression of 
ETS1 and its highly correlated target TCF4 in TILs in 
STAD.

miR-23b, belonging to the miR-23b~27b~24-1 cluster 
(9q22.32), is a pleiotropic modulator in different organs 
especially associated with cancer development [30, 31]. 
Transcription factors TP53 and p65 (a subunit of the 
NFkB protein) upregulate gene expression and dimeriza-
tion of Jun and Fos (AP-1) and repress the transcription 
of the pre-miRNA cluster [32]. The findings on miR-23b 
indicate that it is a very potent post-transcriptional regu-
lator of growth and differentiation during development, 
multiple cancers, and other biological processes [33, 34]. 
In the present study, miR-23b was found downregulated 
in STAD tissues suggesting that it acted as a tumor sup-
pressor. Furthermore, the expression levels of upstream 
transcription factors MYC, TP53, E2F1, HIF1A, and 
SP1 in miR-23b were upregulated, indicating the nega-
tive regulation of these transcription factors on miR-
23b. Because these transcription factors are involved in 
different cellular pathways, it is concluded that miR-23b 
may regulate the occurrence and development of gastric 
cancer in many ways under different conditions. This 
result can be confirmed by other cancer studies. c-Myc 
is upregulated in prostate cancer cells and inhibits miR-
23a and miR-23b at the transcriptional level, resulting 
in its target protein mitochondrial glutaminase overex-
pression [35]. Using miRNA microarray meta-analysis, 
it was found that miR-23b was associated with hypoxia-
related pathways mediated by the HIF gene family, which 
revealed the important role of miR-23b in hypoxia and 
thrombosis pathway [36]. E2F1 binding sequence par-
ticipates in the expression of C9orf3 transcripts of host 
genes in miR-23b/27b/24 clusters, thus promoting cell 
migration [37]. The expression of miR-23b is downregu-
lated in multiple myeloma (MM) and Waldendtrom’s 
macroglobulinemia (WM) cells, and promoter methyla-
tion is one of the mechanisms of miR-23b inhibition [38]. 
However, we found that there was no differential expres-
sion in the upstream DNMT1 of miR-23b in our study. 
It is speculated that the expression of miR-23b in gastric 
cancer may not be related to methylation.

The downstream gene ETS1 of miR-23b and TCF4 
regulated by ETS1 were obtained by the regulatory net-
work construction and co-expression analysis. ETS1 is 
a kind of oncogene, which is frequently upregulated in 
human tumors from different tissue sources. ETS1 can 
inhibit cell differentiation in many different situations 
and promote its cancer-promoting effect by keeping 
cells in a state of immaturity and proliferation [39]. It 
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was found that ETS1 can directly induce the expres-
sion of key transcription factors (E4BP4, TXNIP, TBET, 
GATA3, HOBIT, BLIMP1) that regulate the differentia-
tion of NK cells, and regulate the expression of apop-
tosis and activation-related genes in NK cells [40]. In 
the process of thymus CD8 T cell differentiation, ETS1 
plays an important role in the inhibition of CD4 and the 
upregulation of Runx3 [41]. β-catenin is the molecular 
hub of the Wnt signaling pathway, and TCF4 is a tran-
scription factor of the Wnt pathway, which is highly 
expressed in colorectal cancer [42, 43]. WNT/β-catenin 
signal is involved in many physiological processes and 
pathological events, including embryonic develop-
ment, cell migration and polarization, maintenance 
and proliferation of cancer stem cells (CSC), and epi-
thelial–mesenchymal transformation [44, 45]. In addi-
tion, β-catenin/TCF pathway promotes tumor immune 
tolerance in DCs, RA, and Tregs and plays an impor-
tant role in tumor immunotherapy. For a long time, the 
Wnt/β-catenin pathway represented by CTNNB1, LEF1, 
TCF4, etc. has been considered to regulate EMT, and 
ETS1 is also involved in epithelial–mesenchymal tran-
sition (EMT) [46]. Studies have found that miR-155 
inhibits the EMT of cells by targeting TCF4, a key regu-
lator of EMT [47]. As a well-recognized cancer driver 
gene, β-catenin has been demonstrated as a molecular 
target for developing anticancer drugs. Many natural 
products and small-molecule inhibitors have been dis-
covered to inhibit the β-catenin/TCF binding or pro-
moting β-catenin phosphorylation and ubiquitination, 

including fisetin [48], parthenolide [49], γ-mangostin 
[50], curcumin [51], etc.. These inhibitors can also be 
used in the treatment of patients with gastric cancer. 
Our study found that mir-23b affects the expression of 
TCF4 by regulating ETS1, and mir-23b may be nega-
tively regulated by several upstream transcription fac-
tors (Fig. 8). Furthermore, high expression of ETS1 and 
TCF4 indicated poor prognosis, suggesting that ETS1 
and TCF4 are potential prognostic biomarkers for gas-
tric cancer. In fact, ETS1 and TCF4 expression are 
significantly upregulated in advanced gastric cancer tis-
sues, suggesting that ETS1 and TCF4 may be involved 
in tumor growth and progression. In our analysis of the 
ETS1 co-expression network, we found that ETS1 and 
its co-expressed genes were indeed involved in regu-
lating the immune response. The expression of ETS1 
and TCF4 was correlated with  CD4+ T cells,  CD8+ T 
cells, and B cells, suggesting that ETS1 and TCF4 had 
potential immune function in STAD. There was a strong 
correlation between ETS1 and TCF4, which provided 
a theoretical basis for molecular targeted combined 
immunotherapy in the future. Taken together, these 
results strongly suggested the potential of ETS1 and 
TCF4 as targets in anticancer immunotherapy.

However, despite our comprehensive and systematic 
analysis of ETS1 and TCF4 and cross-validation using 
different databases and R 3.2.2, there are some limita-
tions to this study. The mechanism of ETS1 and TCF4 
synergistic involvement in immune regulation is still 
unclear, and the specific pathway needs further study. 

Fig. 7 Kaplan-Meier curve and log-rank test of TCGA samples categorized by the expression of ETS1 and TCF4. The patients were stratified into 
high-level group and low-level group according to the median of each gene
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In the future, prospective studies of ETS1 and TCF4 
expression and their role in immune invasion of human 
cancers are needed, and a novel antitumor immunother-
apeutic agent targeting ETS1 and TCF4 is successfully 
developed and tested.

Conclusion
In conclusion, we systematically identified DEMs and 
DEGs through TCGA datasets. We got five miRNAs, 
including miR-23b, miR-100, miR-143, miR-145, and 
miR-409, which are associated with the overall survival 
of GC patients. Subsequently, pathway and GO enrich-
ment analysis of targets of DEMs gave us an insightful 
view of the functions of DEMs. Then, the transcrip-
tion factor ETS1 was further determined through the 
TF–miRNA–target regulatory network. Furthermore, 
TCF4, which is the downstream genes of ETS1, was 
also upregulated in STAD tissues. Together, miR-23b, 

ETS1, and TCF4 were identified as prognostic biomark-
ers. ETS1 and TCF4 had potential immune function in 
STAD, which provided a theoretical basis for molecular 
targeted combined immunotherapy in the future.

Abbreviations
DAVID: The Database for Annotation; : Visualization; : and Integrated Discovery; 
DEGs: Differentially expressed mRNAs; DEMs: Differentially expressed miRNAs; 
EMT: Epithelial-to-mesenchymal transition; FC: Fold change; GEO: The Gene 
Expression Omnibus; GC: Gastric cancer; GO: Gene Ontology; KEGG: Kyoto 
Encyclopedia of Genes and Genomes; miRNAs: MicroRNAs; mRNAs: Messen-
ger RNAs; K-M: Kaplan–Meier; OS: Overall survival; STAD: Stomach adenocarci-
noma; TCF4: Transcription factor 4; TCGA : The Cancer Genome Atlas.

Acknowledgements
We gratefully acknowledge the TCGA project organizers as well as all study 
participants for making the data and results available.

Authors’ contributions
DL, WN, and DM participated in the design of this study; YX, YQ, and JM 
performed the statistical analysis; DM and HH drafted the manuscript; JA, LC, 

Fig. 8 Transcriptional model of miRNA23b regulated by TFs and effecting the downstream genes ETS1 and TCF4



Page 13 of 14Mei et al. World J Surg Onc          (2021) 19:311  

and DL revised the manuscript. All authors read and approved the final manu-
script. The funding obtained by WN was used for this study.

Funding
This present study was supported by Shanghai Pudong New Area Science and 
Technology Development Fund (Grant No. PKJ2017-Y25). Funding agencies 
have no role in research design or manuscript writing.

Availability of data and materials
The datasets used during the present study are available from the correspond-
ing author upon reasonable request.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 The Department of Oncology, Beijing Mentougou District Hospital, Bei-
jing 102300, People’s Republic of China. 2 Department of Oncology, Shanghai 
Pudong New Area Gongli Hospital, Shanghai 200135, People’s Republic 
of China. 

Received: 11 May 2021   Accepted: 3 October 2021

References
 1. Ferlay J, Soerjomataram I, Dikshit R, Eser S, Mathers C, Rebelo M. et al., 

Cancer incidence and mortality worldwide: sources, methods and major 
patterns in GLOBOCAN 2012. Int J Cancer. 2015;136 [cited 2021 May 10]; 
Available from: https:// pubmed. ncbi. nlm. nih. gov/ 25220 842/.

 2. Dicken BJ, Bigam DL, Cass C, Mackey JR, Joy AA, Hamilton SM. Gastric 
adenocarcinoma: review and considerations for future directions. Ann 
Surg. 2005;241:27–39.

 3. Guttman M, Amit I, Garber M, French C, Lin MF, Feldser D, et al. 
Chromatin signature reveals over a thousand highly conserved large 
non-coding RNAs in mammals. Nature. 2009;458:223–7.

 4. Lee Y, Ahn C, Han J, Choi H, Kim J, Yim J, et al. The nuclear RNase III 
Drosha initiates microRNA processing. Nature. 2003;425:415–9.

 5. Kapranov P, St Laurent G, Raz T, Ozsolak F, Reynolds CP, Sorensen PHB, 
et al. The majority of total nuclear-encoded non-ribosomal RNA in a 
human cell is “dark matter” un-annotated RNA. BMC Biol. 2010;8:149.

 6. Deng S, Calin GA, Croce CM, Coukos G, Zhang L. Mechanisms of microRNA 
deregulation in human cancer. Cell Cycle Georget Tex. 2008;7:2643–6.

 7. Ruan K, Fang X, Ouyang G. MicroRNAs: novel regulators in the hall-
marks of human cancer. Cancer Lett. 2009;285:116–26.

 8. Wu WKK, Lee CW, Cho CH, Fan D, Wu K, Yu J, et al. MicroRNA dysregulation in 
gastric cancer: a new player enters the game. Oncogene. 2010;29:5761–71.

 9. Link A, Kupcinskas J, Wex T, Malfertheiner P. Macro-role of microRNA in 
gastric cancer. Dig Dis Basel Switz. 2012;30:255–67.

 10. Li T, Lu YY, Zhao XD, Guo HQ, Liu CH, Li H, et al. MicroRNA-296-5p 
increases proliferation in gastric cancer through repression of caudal-
related homeobox 1. Oncogene. 2014;33:783–93.

 11. Song S, Ajani JA. The role of microRNAs in cancers of the upper gastro-
intestinal tract. Nat Rev Gastroenterol Hepatol. 2013;10:109–18.

 12. Kogo R, Mimori K, Tanaka F, Komune S, Mori M. Clinical significance 
of miR-146a in gastric cancer cases. Clin Cancer Res Off J Am Assoc 
Cancer Res. 2011;17:4277–84.

 13. Bou Kheir T, Futoma-Kazmierczak E, Jacobsen A, Krogh A, Bardram L, 
Hother C, et al. miR-449 inhibits cell proliferation and is down-regu-
lated in gastric cancer. Mol Cancer. 2011;10:29.

 14. Tsai M-M, Wang C-S, Tsai C-Y, Huang H-W, Chi H-C, Lin Y-H, et al. Poten-
tial diagnostic, prognostic and therapeutic targets of microRNAs in 
human gastric cancer. Int J Mol Sci. 2016;17(6):945.

 15. Chang L, Guo F, Wang Y, Lv Y, Huo B, Wang L, et al. MicroRNA-200c reg-
ulates the sensitivity of chemotherapy of gastric cancer SGC7901/DDP 
cells by directly targeting RhoE. Pathol Oncol Res POR. 2014;20:93–8.

 16. Tomczak K, Czerwińska P, Wiznerowicz M. The Cancer Genome Atlas 
(TCGA): an immeasurable source of knowledge. Contemp Oncol 
Poznan Pol. 2015;19:A68–77.

 17. He J, Jin Y, Chen Y, Yao H-B, Xia Y-J, Ma Y-Y, et al. Downregulation of 
ALDOB is associated with poor prognosis of patients with gastric 
cancer. OncoTargets Ther. 2016;9:6099–109.

 18. The multiMiR R package and database: integration of microRNA-target 
interactions along with their disease and drug associations - PubMed. [cited 
2021 Apr 25]. Available from: https:// pubmed. ncbi. nlm. nih. gov/ 25063 298/

 19. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers 
differential expression analyses for RNA-sequencing and microarray 
studies. Nucleic Acids Res. 2015;43:e47.

 20. Law CW, Chen Y, Shi W, Smyth GK. voom: Precision weights unlock 
linear model analysis tools for RNA-seq read counts. Genome Biol. 
2014;15:R29.

 21. Ito K, Murphy D. Application of ggplot2 to Pharmacometric Graphics. 
CPT Pharmacomet Syst Pharmacol. 2013;2:e79.

 22. Győrffy B. Survival analysis across the entire transcriptome identifies 
biomarkers with the highest prognostic power in breast cancer. Com-
put Struct Biotechnol J. 2021;19:4101–9.

 23. In J, Lee DK. Survival analysis: part I — analysis of time-to-event. 
Korean J Anesthesiol. 2018;71:182–91.

 24. Ru Y, Kechris KJ, Tabakoff B, Hoffman P, Radcliffe RA, Bowler R, et al. The 
multiMiR R package and database: integration of microRNA-target 
interactions along with their disease and drug associations. Nucleic 
Acids Res. 2014;42:e133.

 25. Vlachos IS, Zagganas K, Paraskevopoulou MD, Georgakilas G, 
Karagkouni D, Vergoulis T, et al. DIANA-miRPath v3.0: deciphering 
microRNA function with experimental support. Nucleic Acids Res. 
2015;43:W460–6.

 26. Kanehisa M, Goto S. KEGG: Kyoto Encyclopedia of Genes and Genomes. 
Nucleic Acids Res. 2000;28:27–30.

 27. The Gene Ontology Consortium. The Gene Ontology resource: 20 years 
and still GOing strong. Nucleic Acids Res. 2019;47:D330–8.

 28. Matys V, Kel-Margoulis OV, Fricke E, Liebich I, Land S, Barre-Dirrie A, et al. 
TRANSFAC and its module TRANSCompel: transcriptional gene regulation 
in eukaryotes. Nucleic Acids Res. 2006;34:D108–10.

 29. Rouillard AD, Gundersen GW, Fernandez NF, Wang Z, Monteiro CD, 
McDermott MG, et al. The harmonizome: a collection of processed data-
sets gathered to serve and mine knowledge about genes and proteins. 
Database J Biol Databases Curation. 2016;2016:baw100.

 30. Donadelli M, Palmieri M. Roles for microRNA 23b in regulating autophagy 
and development of pancreatic adenocarcinoma. Gastroenterology. 
2013;145:936–8.

 31. Tian L, Fang Y, Xue J, Chen J. Four microRNAs promote prostate cell prolif-
eration with regulation of PTEN and its downstream signals in vitro. PloS 
One. 2013;8:e75885.

 32. Viswanathan V, Fields J, Boman BM. The miRNA23b-regulated signaling 
network as a key to cancer development--implications for translational 
research and therapeutics. J Mol Med Berl Ger. 2014;92:1129–38.

 33. Park YT, Jeong J-Y, Lee M-J, Kim K-I, Kim T-H, Kwon Y, et al. MicroRNAs 
overexpressed in ovarian ALDH1-positive cells are associated with chem-
oresistance. J Ovarian Res. 2013;6:18.

 34. Liu W, Zabirnyk O, Wang H, Shiao Y-H, Nickerson ML, Khalil S, et al. miR-
23b targets proline oxidase, a novel tumor suppressor protein in renal 
cancer. Oncogene. 2010;29:4914–24.

 35. Gao P, Tchernyshyov I, Chang T-C, Lee Y-S, Kita K, Ochi T, et al. c-Myc sup-
pression of miR-23a/b enhances mitochondrial glutaminase expression 
and glutamine metabolism. Nature. 2009;458:762–5.

 36. Vijay A, Jha PK, Garg I, Sharma M, Ashraf MZ, Kumar B. micro-RNAs 
dependent regulation of DNMT and HIF1α gene expression in throm-
botic disorders. Sci Rep. 2019;9:4815.

 37. Nishida K, Kuwano Y, Rokutan K. The microRNA-23b/27b/24 cluster 
facilitates colon cancer cell migration by targeting FOXP2. Cancers. 
2020;12:E174.

https://pubmed.ncbi.nlm.nih.gov/25220842/
https://pubmed.ncbi.nlm.nih.gov/25063298/


Page 14 of 14Mei et al. World J Surg Onc          (2021) 19:311 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 38. Fulciniti M, Amodio N, Bandi RL, Cagnetta A, Samur MK, Acharya C, et al. 
miR-23b/SP1/c-myc forms a feed-forward loop supporting multiple 
myeloma cell growth. Blood. Cancer J. 2016;6:e380.

 39. Garrett-Sinha LA. Review of ETS1 structure, function, and roles in immu-
nity. Cell Mol Life Sci CMLS. 2013;70:3375–90.

 40. Taveirne S, Wahlen S, Van Loocke W, Kiekens L, Persyn E, Van Ammel E, 
et al. The transcription factor ETS1 is an important regulator of human NK 
cell development and terminal differentiation. Blood. 2020;136:288–98.

 41. Zamisch M, Tian L, Grenningloh R, Xiong Y, Wildt KF, Ehlers M, et al. The 
transcription factor ETS1 is important for CD4 repression and Runx3 
up-regulation during CD8 T cell differentiation in the thymus. J Exp Med. 
2009;206:2685–99.

 42. Liu S, Fan W, Gao X, Huang K, Ding C, Ma G, et al. Estrogen receptor alpha 
regulates the Wnt/β-catenin signaling pathway in colon cancer by target-
ing the NOD-like receptors. Cell Signal. 2019;61:86–92.

 43. Xie J, Xiang D-B, Wang H, Zhao C, Chen J, Xiong F, et al. Inhibition of Tcf-4 
induces apoptosis and enhances chemosensitivity of colon cancer cells. 
PloS One. 2012;7:e45617.

 44. He TC, Chan TA, Vogelstein B, Kinzler KW. PPARdelta is an APC-regulated 
target of nonsteroidal anti-inflammatory drugs. Cell. 1999;99:335–45.

 45. Ceribelli M, Hou ZE, Kelly PN, Huang DW, Wright G, Ganapathi K, et al. A 
druggable TCF4 and BRD4 dependent transcriptional network sustains 
malignancy in blastic plasmacytoid dendritic cell neoplasm. Cancer Cell. 
2016;30:764–78.

 46. Svoronos AA, Engelman DM, Slack FJ. OncomiR or tumor suppressor? The 
duplicity of microRNAs in cancer. Cancer Res. 2016;76:3666–70.

 47. Xiang X, Zhuang X, Jiang H, Ju S, Mu J, Zhang L, et al. miR-155 pro-
motes macroscopic tumor formation yet inhibits tumor dissemination 
from mammary fat pads to the lung by preventing EMT. Oncogene. 
2011;30:3440–53.

 48. Suh Y, Afaq F, Johnson JJ, Mukhtar H. A plant flavonoid fisetin induces 
apoptosis in colon cancer cells by inhibition of COX2 and Wnt/EGFR/NF-
kappaB-signaling pathways. Carcinogenesis. 2009;30:300–7.

 49. Zhu X, Yuan C, Tian C, Li C, Nie F, Song X, et al. The plant sesquiterpene 
lactone parthenolide inhibits Wnt/β-catenin signaling by blocking 
synthesis of the transcriptional regulators TCF4/LEF1. J Biol Chem. 
2018;293:5335–44.

 50. Krishnamachary B, Subramaniam D, Dandawate P, Ponnurangam S, 
Srinivasan P, Ramamoorthy P, et al. Targeting transcription factor TCF4 by 
γ-Mangostin, a natural xanthone. Oncotarget. 2019;10:5576–91.

 51. Zhang Z, Chen H, Xu C, Song L, Huang L, Lai Y, et al. Curcumin inhibits 
tumor epithelial-mesenchymal transition by downregulating the Wnt 
signaling pathway and upregulating NKD2 expression in colon cancer 
cells. Oncol Rep. 2016;35:2615–23.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	Microarray profile analysis identifies ETS1 as potential biomarker regulated by miR-23b and modulates TCF4 in gastric cancer
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Materials and methods
	Identification of differentially expressed miRNAs and mRNAs
	Survival analysis of DEMs
	GO terms and KEGG pathway enrichment analysis of DEMs and targets
	Construction of TF–DEM–target gene regulatory network
	Expression validation of DEMs and targets
	Correlation analysis of has-mir-23b target, ETS1
	Correlation and expression of ETS1 and its target TCF4 in TILs of STAD
	Statistical analysis

	Results
	Identification of five DEMs associated with OS in STAD
	Prediction and enrichment analysis of prognostic targets of DEMs
	TF–miRNA–target transcriptional regulatory network
	Downstream genes regulated by mir-23b
	Correlation analysis of mir-23b target ETS1
	Correlation and expression of ETS1 and its target TCF4 in TILs of STAD
	Prognostic values of ETS1 and TCF4 in STAD

	Discussion
	Conclusion
	Acknowledgements
	References


