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Background: Gastric cancer (GC) is the most common type of gastrointestinal cancer, and has been
studied extensively. However, resistance to chemotherapeutic agents has become a major problem, leading to
treatment failure. This study aimed to investigate the molecular mechanisms mediating acquired resistance
to cisplatin and fluorouracil (CF) combination-based chemotherapy in GC patients.

Methods: The microarray datasets (GSE14209, GSE30070) were downloaded from the Gene Expression
Omnibus (GEO) database to identify differentially expressed genes (DEGs) and differentially expressed
miRNAs (DEMs) using the limma package in R/Bioconductor. Possible targets of the DEMs were predicted
using miRWalk, and the putative miRNA-mRNA regulatory network was constructed using Cytoscape
software. Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and protein-
protein interaction (PPI) analyses were then conducted and visualized using the Search Tool for Retrieval of
Interacting Genes (STRING) and Cytoscape. The prognostic value of hub genes was revealed by Kaplan-
Meier Plotter. The causal relationships and interactions between proteins were displayed using DisNor.
Finally, similarity analysis was conducted using the Connectivity Map (CMap) profiles to predict a group of
small molecules in GC treatment.

Results: A total of 394 DEGs and 31 DEMs were identified after analysis of pre- and post-treatment
samples of clinical responders to CF therapy. TM9SF4, hsa-miR-185-5p, and hsa-miR-145-5p were found
to be critical in the miRNA-mRNA regulatory network. The DEGs were found to be mainly enriched in the
processes of ribonucleoprotein complex assembly, catalytic activity acting on RNA, mitochondrial matrix,
and thermogenesis. The DEMs were predominantly found to be involved in single-stranded RNA binding
and endoplasmic reticulum lumen. HDACS, DDX17, ILF3, and SDHC were identified as hub genes in
the PPI network. Of these, HDACS5, DDX17, and ILF3 were found to be closely related to the overall
survival of GC patients. DisNor identified the first neighbors of the key genes. Furthermore, CMap profiles
predicted a group of small molecules, including several histone deacetylase inhibitors (HDACIs), menadione,
and mibefradil, which could serve as promising therapeutic agents to reverse acquired resistance to CF
therapy.

Conclusions: Our findings reveal new targets and alternative therapies to overcome the acquired resistance
of GC patients to CF treatment.
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Introduction

Gastric cancer (GC) remains the fifth most frequent type
of cancer and the third leading cause of cancer-related
death worldwide. More than 1,000,000 new GC cases and
nearly 787,000 GC-caused deaths have been estimated for
2018 (1). Despite recent advances in cancer diagnosis and
therapeutic methods, including surgery, chemotherapy,
radiotherapy, and targeted therapy, the prognosis of GC
patients remains poor, with a five-year overall survival
(OS) below 20% (2,3). Treatment using a combination of
cisplatin and fluorouracil (CF) is one of the gold-standard
chemotherapies for advanced GC patients (4). However, the
clinical benefits of cisplatin-based chemotherapy have been
limited due to drug resistance, either intrinsic or acquired.
Patients who initially respond to treatment eventually
develop drug resistance, termed acquired resistance,
which is emerging as a significant challenge for anticancer
treatments. Cancer cells develop drug resistance through a
variety of mechanisms that have not been fully established.
Gene differentially expressed between the chemoresponsive
state and chemoresistant state were identified as the
“acquired resistance gene signatures”. Therefore, not only
is there an urgent need to identify alterations in genes that
occur when tumors become drug resistant, there also exists
a great challenge in overcoming this acquired resistance to
chemotherapy. Furthermore, it is imperative to search for
candidate drugs that can improve the clinical treatment of
GC based on the investigation of drug-gene interactions.

In the past decade, microarray and high-throughput
sequencing technologies have produced massive amounts
of transcriptomic data (5,6). Additionally, there are lots
of shared public data platforms that allow for in-depth
bioinformatics-based prediction of new candidate genes.
Gene Expression Omnibus (GEO) is a free international
public database that contains microarray and high-
throughput functional genomics datasets that can be used
as powerful tools to determine key genes and pathways
in the pathogenesis and progression of tumors. Another
public database, Connectivity Map (CMap), is a large-scale
collection of gene-expression signatures that aids in the
discovery of small molecular compounds with potential use
in the treatment of specific diseases (7,8). Previous studies
have explored the possibility of identification of small

© Journal of Gastrointestinal Oncology. All rights reserved.

molecule drugs that could serve as plausible anticancer
agents on the basis of bioinformatics approaches (9,10).

In this study, we selected the mRINA expression dataset
GSE14209 and the miRNA expression dataset GSE30070
from the GEO database to identify differential expression
genes (DEGs) and differential expression miRNAs (DEMs)
associated with acquired resistance to CF treatment in GC
patients. First, the target genes regulated by miRNAs were
predicted, then the potential miRNA-mRNA regulatory
network regulating CF resistance was established. Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) were performed to shed light on the
biological functions of these DEGs and DEMs. We then
performed protein-protein interaction (PPI) network
and module analysis to identify hub genes involved in CF
chemoresistance. Hub genes were validated, followed by
prediction of their prognostic value. Subsequently, we
also identified candidate drugs for GC by carrying out
similarity analysis of CMap profiles. All these findings offer
new insights into the prospective applications of novel
drugs for overcoming chemoresistance in GC patients. We
present the following article in accordance with the MDAR
reporting checklist (available at http://dx.doi.org/10.21037/
jgo-21-81).

Methods
Microarray data

The mRNA expression microarray dataset GSE14209 and
the miRINA expression microarray dataset GSE30070 were
downloaded from the GEO database (http://www.ncbi.
nlm.nih.gov/geo/). GSE14209 was based on the GPL571
platform [(HG-U133A_2) Affymetrix Human Genome
U133A 2.0 Array), while GSE30070 was based on the
GPL13742 platform (Agilent-015868 Human miRNA
Microarray, miRBase release 9.0 feature number version).
Both GSE14209 and GSE30070 were carried out as
parallel studies and included 22 and 8 paired pre- and post-
biopsy samples, respectively. Endoscopic biopsy samples
were collected prior to chemotherapy from metastatic GC
patients treated with CF. At the time of disease progression,
post-treatment samples were collected from clinical
responders. The pre- and post-treatment samples represent
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the chemosensitive and chemoresistant states, respectively.
The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).

Data pre-processing and identification of DEGs/DEMs

Using the robust multi-array average method (11,12), the
raw data were standardized from a skewed distribution to
an approximate normal distribution. It was then normalized
with the median standardization method and log2-
transformed. While a gene symbol may correspond to
multiple probes (expression values), the average represented
the final expression value for that mRNA or miRNA.

The limma package (13) in R was used to screen DEGs
or DEMs from paired pre- and post-treatment samples.
P value <0.05 and llogFCl >0.263 were used as cut-off
criteria to identify significant DEGs and DEMs.

Construction of the miRNA-target regulatory network

The interactions between DEMs and DEM targets were
predicted using miRWalk online prediction software
(version 3.0, http://mirwalk.umm.uni-heidelberg.de/) (14).
Moreover, the predicted targets were validated in 1 or
more of the following prediction databases: miRDB release
(version 6.0, http://www.mirdb.org/miRDB/download.
html/) (15), miRTarBase release (version 7.0, http://
miRTarBase.mbc.nctu.edu.tw/) (16), and TargetScan release
(version 7.2, http://www.targetscan.org/) (17). The miRNA-
mRNA regulatory network based on the correlation analysis
of targets and the miRNAs regulating them was visualized
using Cytoscape software (version 3.4.0, http://chianti.ucsd.
edu/cytoscape-3.4.0/) (18).

Pathway and process enrichment analysis

To evaluate the DEG and DEM targets at a functional
level, the GO functional and KEGG pathway enrichment
analyses were performed using clusterProfiler v3.14.0
(https://bioconductor.org/packages/clusterProfiler/). GO
functional analysis included 3 functional groups: biological
processes (BP), molecular functions (MF), and cellular
components (CC). The enriched GO terms and pathways
were selected at a P value <0.05.

Construction of the protein-protein interaction network

An online database, Search Tool for the Retrieval of
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Interacting Genes (STRING, version 10.0, http://www.
string-db.org/) (19), was used to identify the PPI network
among the proteins encoded by the DEGs. A combined
score of >0.4 was chosen as the cut-off, following which
the DEGs in the PPI networks were visualized using
Cytoscape software (http://www.cytoscape.org/). Using
the TeCytoNCA plug-in (http://apps.cytoscape.org/apps/
cytonca) in Cytoscape software, the important nodes (named
hub genes in the PPI network) were obtained based on the
topological properties of the network nodes. Furthermore,
module analysis of the PPI network was conducted using
the molecular complex detection (MCODE) plug-in (http://
apps.cytos cape.org/apps/mcode/). A cut-off level of greater
than 5 or 3 was selected as the threshold for statistical
significance.

Causal velationships and interactions between proteins

DisNor (https://disnor.uniroma2.it/) (20) is a new resource
designed to infer disease pathways from the disease-related
gene identification data. In the present study, DisNor
was utilized to depict the key interactions between genes
and disease networks. This data was then combined with
STRING to illustrate the key gene-protein interaction
network. Following direct input of disease names or genes,
a regulatory network could be constructed for analysis of
the gene relationships when the first neighbor was set as the
complexity level.

Survival analysis

The Kaplan-Meier Plotter (KM-plotter, http://www.
kmplot.com/analysis/) is an online database containing
gene expression data and survival information of 1,440
clinical GC patients (21). The KM-plotter was utilized to
calculate the prognostic value of the hub genes in terms of
OS. Patient samples were split at the median expression
and only the JetSet best probe set was used. The log-rank P
value was calculated and a P value <0.05 was regarded as the
cut-off criteria.

Identification of small molecules

CMap (http://www.broadinstitute.org/cmap/) was used
to identify small molecules associated with the identified
DEGs. The up-regulated and down-regulated genes in
the miRNA-target network were input into the CMap
database to identify corresponding small molecules. The
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Figure 1 Expression analysis of differentially expressed genes (DEGs) and differentially expressed miRNAs (DEMs) using volcano plots.
(A) DEGs in GSE14209 and (B) DEMs in GSE30070. Red indicates significantly up-regulated genes, blue indicates significantly down-

regulated genes, and black indicates genes with no significant differences in expression.

tool provided an output in the form of connectivity scores P value <0.05 and llogFCl >0.263. In summary, a total
ranging from -100 to 100. A negative connectivity score of 394 DEGs (299 up- and 95 down-regulated), such as
(closer to -100) demonstrated that the drug was more the up-regulated mRNA CLDN3 and down-regulated

likely to reverse chemoresistance, and thus might have a COL11A1, were identified from dataset GSE14209
therapeutic effect on GC patients with acquired resistance (Figure 1A4). Furthermore, 31 DEMs (17 up- and 14
to CF therapy. down-regulated), such as the up-regulated miRNA hsa-

miR-205-5p and down-regulated hsa-miR-144-3p, were
. . screened from dataset GSE30070 (Figure 1B). The 10 most
Statistical analysis significant DEGs and DEMs are listed in Zables 1,2.

Most statistical analyses were performed using R language
and the bioinformatics database online. The identification
of DEGs or DEMs was performed based on the criteria of

P value <0.05 and IlogFCl >0.263 using “limma” package Of the 31 DEMs, 29 miRNAs were predicted (along with
their 3358 possible targets) by miRWalk2.0 software. There

were 57 overlapping DEGs between predicted miRNA-
target genes and DEGs identified in GSE14209. We further
mapped the miRNA-mRNA regulatory network, which
consisted of 79 nodes, including 57 DEGs and 22 DEMs
(Figure 2). Based on rankings according to the degree, the
Results top 10 nodes of miRNAs and mRNAs are listed in Tuble 3,
Screening of DEGs and DEMs including hsa-miR-185a-5p (degree =13), hsa-miR-766-

3p (degree =7), hsa-miR-198 (degree =7), hsa-miR-145-
By comparing pre-treatment samples (collected prior to 5p (degree =7), and hsa-miR-629-3p (degree =6). ZBTB44
CF therapy) with post-treatment samples collected upon (degree =3), which had the highest degree among the
occurrence of acquired resistance (based on objective DEGs, was co-regulated by hsa-miR-185-5p, hsa-miR-
clinical progression), we identified alterations in gene and 548a-3p, and hsa-miR-629-3p. Additionally, TM9SF4 was
miRNA expression levels that might be involved in the regulated by both hsa-miR-185a-5p and hsa-miR-145a-5p.

Analysis of the miRNA-mRNA regulatory network

in R. Kaplan-Meier survival plots were generated with
survival curves compared by log-rank test. For all analyses,
differences were considered statistically significant if P
values were <0.05.

acquired resistance to CF chemotherapy in GC patients. Therefore, miRNA and target gene networks can facilitate a
The volcano plots in Figure I show an overview of DEGs better understanding of the mechanisms associated with CF
and DEMs in the 2 datasets, with the cut-off criteria of resistance at the molecular level.
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Table 1 The top 10 DEGs identified from two datasets between pre- and post-treatment samples

mRNAs Log,FC P value Adj. P value
Upregulated CLDN3 1.0006173 0.0380159 0.987576
EPHX2 0.6612958 0.017025 0.987576
FBXL6 0.6259178 0.0007217 0.987576
DGAT1 0.6209964 0.0060039 0.987576
CLDN7 0.6152068 0.0117227 0.987576
OPLAH 0.5939395 0.004651 0.987576
DNASEH1 0.574155 0.0229629 0.987576
M6PR 0.5444868 0.0136989 0.987576
RIDA 0.5431977 0.0190195 0.987576
MIPEP 0.5409891 0.0137845 0.987576
Downregulated COL11A1 -1.124596 0.0130451 0.987576
MMP1 -1.018937 0.0321554 0.987576
COL10A1 -0.95503 0.0179476 0.987576
MMP13 —-0.874298 0.0061163 0.987576
FAP -0.743635 0.0487295 0.987576
EIF1AY -0.722582 0.0341005 0.987576
SPOCK1 -0.719279 0.0196658 0.987576
ADM -0.713126 0.0140085 0.987576
SERPINE1 -0.711844 0.0356794 0.987576
GFPT2 -0.681189 0.0253657 0.987576

Pathway and process envichment analyses

To determine the biological functions of the target DEGs
and DEMs, GO functional and KEGG enrichment analyses
were performed using clusterProfiler. Upon GO analysis,
the DEGs were classified into 3 functional groups: biological
processes (BP), molecular function (MF), and cellular
components (CC). A total of 23 DEGs were associated with
the BP category of ribonucleoprotein complex assembly
(GO: 0022618), including AAR2, RPS19, EIF3D, MRPL11,
PRPF6, and RC3H1 (Figure 34). Furthermore, 24 other
DEGs were associated with the MF category of catalytic
activity acting on RNA (GO: 0140098), including POLRMT,
EXOSC4, TRMT112, POLR2L, RRNAD1, and WARS?2
(Figure 3B). Additionally, 44 DEGs were associated with
the CC category of mitochondrial matrix (GO: 0005759),
including TXN2, TUFM, POLRMT, ACP6, PAMI16,
and IDH3B (Figure 3C). Moreover, 14 DEGs were found
to be enriched in the thermogenesis KEGG pathway
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(Figure 3D). DEM targets were predominantly involved
in single-stranded RNA binding (GO: 0003727), which
consisted of RBMS3, ILF3, and PPIE in the MF category
(Figure 44). Some DEMs participated in the endoplasmic
reticulum lumen (GO: 0005788) in the CC category,
including 6 targets such as CLN6, CST3, ERP29, GANAB,
APLP2, and COL10A1 (Figure 4B). However, no DEMs
were found to be significantly enriched in any of the GO
terms of BP or the KEGG pathway.

PPI network construction

Using the STRING database and Cytoscape software, a
PPI network was built based on selection criteria. The
nodes were targets of DEMs and the network comprised
a set of 105 pairs and 53 nodes, including 31 up-regulated
and 22 down-regulated DEGs (Figure 5A). The degree of

every node was calculated and filtered upon evaluating the
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Table 2 The top 10 DEMs identified from two datasets between pre- and post-treatment samples

miRNAs Log,FC P Value Adj. P Value
Upregulated hsa-miR-205-5p 1.63570458 0.01306648 0.56522742
hsa-miR-133a-3p 1.33369558 0.01099628 0.56522742
hsa-miR-520g-3p 0.94296375 0.02475059 0.63691528
hsa-miR-629-3p 0.93988181 0.00247671 0.3417857
hsa-miR-125b-5p 0.91619331 0.01121543 0.56522742
hsa-miR-100-5p 0.82189556 0.00737067 0.56522742
hsa-miR-518f-5p 0.82150222 0.01601997 0.56522742
hsa-miR-526b-5p 0.80708025 0.01749224 0.56522742
hsa-miR-149-5p 0.79503046 0.04343627 0.63691528
hsa-miR-329-3p 0.76105327 0.04892001 0.64280203
Downregulated hsa-miR-144-3p -1.7927043 0.01774869 0.56522742
hsa-miR-451a -1.7874513 0.00070008 0.14491721
hsa-miR-513a-5p —-1.7158641 0.03543367 0.63691528
hsa-miR-206 —-1.5533242 0.02182491 0.63691528
hsa-miR-610 -1.5170364 0.00802517 0.56522742
hsa-miR-29b-3p -1.1954385 0.02354187 0.63691528
hsa-miR-122-5p -1.1640363 0.03919961 0.63691528
hsa-miR-30e-5p —-1.0899657 0.04011013 0.63691528
hsa-miR-198 -1.0497928 0.03892609 0.63691528
hsa-miR-592 -1.036196 0.03144247 0.63691528

topological properties of the PPI network. The top 10 genes,
including HDACS (degree =12), DDX17 (degree =10), ILF3
(degree =10), and SDHC (degree =10), were then selected as
hub genes (Table 4). All 4 hub genes were up-regulated in the
state of acquired resistance, thus indicating that they might
contribute to CF chemoresistance. Additionally, the top 3
most significant modules were screened by the MCODE
plug-in. Module 1 contained 5 DEGs (PPIE, HDACS,
SF1, DHX35, and DDX17; Figure 5B), module 2 included
3 nodes (ILF3, LSM12, and COMMD?Y; Figure 5C), and
module 3 consisted of 3 DEGs (DPAGT1, TM9SF4, and
GANAB; Figure 5D).

Causal relationships and interactions with proteins

DisNor identified the first neighbors of the key genes,
among which PTPN6, CBL, PTPN1, AKT1, and PRKCA
were found to up-regulate or down-regulate at least 4 key

© Journal of Gastrointestinal Oncology. All rights reserved.

genes involved in the cellular membrane and cytoplasm.
For example, PRKCA was upstream to and inhibited the
genes PTPN6 and CBL, along with suppressing INSR.

Furthermore, PTPN6, CBL, PTPN1, AKT1, and PRKCA
interacted with each other (Figure 6).

Survival analysis of bub genes

Next, we evaluated the prognostic effects of the 4 hub
genes on GC patients. The Kaplan-Meier curves indicated
that GC patients with high expression levels of the genes
HDACS, DDX17, and ILF3 had worse OS (P<0.05), while
GC patients with high expression levels of the gene SDHC
had better OS (P<0.05; Figure 7).

Identification of related active small molecules

For the purpose of screening out candidate drugs, up-
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regulated and down-regulated gene groups between the pre-
treatment and post-treatment samples were queried in the
CMap database. The top 10 small molecules corresponding
to GC-related alterations in gene expression and their
predicted targets are listed in Table 5. Three types of drugs,
including mitochondrial DNA polymerase inhibitors,
histone deacetylase inhibitors (HDACIs), and T-type
calcium channel blockers, were identified. Among these
small molecules, menadione (score =-93.23), belinostat
(score =-82.95), and NCH-51 (score =-76.62) showed the
highest negative correlations and the potential to reverse
chemoresistance of GC.

© Journal of Gastrointestinal Oncology. All rights reserved.

Discussion

The last few years have seen a surge in the applications
of bioinformatics analysis in clinical studies. This can
be credited to the rapid developments in microarray
and high-throughput technologies. The GEO database,
a public high-throughput gene molecular abundance
database, provides advanced tools to evaluate key genes
and molecular pathways involved in tumorigenesis. The
high chemoresistance and cytotoxicity of CF therapy
limits its use in advanced GC patients. Partial or complete
responders to CF therapy often develop drug resistance
in a short time, leading to therapeutic failure. A 72-
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Table 3 Top 10 nodes of miRNAs and mRNAs in the miRNA-

mRNA regulatory network, based on the degree
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gene acquired resistance signature was identified as an

independent predictor for time to progression and survival

miRNA Description Degree of CF treated patients (22). Studies have identified some
hsa-miR-185-5p Down 13 molecular mechanisms for the same, including alterations
hsa-miR-766-3p Down 7 in cellular platinum accumulation, increased detoxification
hsa-miR-198 Down . systems, increased DNA repair, decreased apoptosis, and
autophagy (23). However, the underlying mechanisms
hsa-miR-145-5 U 7 . . . .

P P remain to be elucidated. In this study, thanks to the technical
hsa-miR-629-3p Up 6 feasibility, it is possible to obtain endoscopic biopsy samples
hsa-miR-125b-5p Up 5 from the same patients after the occurrence of acquired
hsa-miR-378a-5p Up 4 resistance. Using the GEO database, we screened a total of
hsa-miR-122-5p Down 4 394 DEGs from GSE14209 and 31 DEMs from GSE30070

by comparing pre- and post-treatment samples. We then
ZBTB44 Down 3 . .
used miRWalk to predict the target genes of the DEMs,
hsa-miR-539-5p Down 8 which led to the screening of 3,358 potential target genes.
GO BP Enrichment pualue GO MF Enrichment
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Figure 3 Functional and signaling pathway analyses of DEGs. (A) Biological processes, (B) molecular function, (C) cellular components, and
(D) KEGG pathway. DEG, differentially expressed gene; KEGG, GKyoto Encyclopedia of Genes and Genomes.
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Figure 4 Functional and signaling pathway analyses of differentially expressed miRNAs (DEMs). (A) Molecular function and (B) cellular

components.

Figure 5 The protein-protein interaction (PPI) network among overlapping DEGs. (A) PPI network of proteins encoded by DEGs; (B)
Module 1 contained five nodes and nine edges; (C) Module 2 contained three nodes and two edges; (D) Module 3 contained three nodes and
two edges. DEG, differentially expressed gene.
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Of these potential genes, 57 were then identified as DEGs
and carried forward for further analysis. In the case of
DEGs, GO and KEGG showed that these were most
significantly enriched in the processes of ribonucleoprotein
complex assembly, catalytic activity acting on RNA,
mitochondrial matrix, and thermogenesis.

The miRNA-mRNA regulatory networks predicted
that hsa-miR-185-5p, hsa-miR-145-5p, and TM9SF4 may

Table 4 Top 10 genes in the protein-protein interaction (PPI)
network

Node Description Degree
HDAC5 Up 12
DDX17 Up 10
ILF3 Up 10
SDHC Up 10
INSR Down 9
POLR2L Up 9
CACNB4 Down 7
SERPINE1 Down 7
APLP2 Up 6
SF1 Up 6

Sun et al. Acquired chemotherapy resistance in gastric cancer patients

contribute to the development of drug resistance in GC
patients. GO and KEGG showed that the DEMs were most
significantly enriched in the processes of single-stranded
RNA binding and endoplasmic reticulum lumen. Various
studies have shown that hsa-mir-185-5p acts as a tumor-
suppressor and is down-regulated in GC tissues (24,25),
and hsa-miR-185 has been identified as an independent
prognostic factor that suppresses tumor metastasis in
GC (26). Furthermore, hsa-mir-185 has been shown to be
involved in the regulation of chemotherapeutic sensitivity
in GC by targeting the apoptosis repressor with caspase
recruitment domain (27). Interestingly, down-regulated
miR-145-5p is associated with poor prognosis in GC (28).
Overexpression of miR-145-5p has been shown to suppress
the migration and invasion of prostate cancer cells, in
addition to reducing the chemoresistance to docetaxel (29).
According to the miRNA-mRNA regulatory network in
the present study, TM9SF4 was a target of hsa-miR-185-
5p and hsa-miR-145-5p. A previous study reported that
knockdown of TM9SF4 alleviated endoplasmic reticulum
stress and protected chemoresistant breast cancer cells from
cell death (30). TM9SF4 interacts with V-ATPase in colon
cancer cells, thus playing an important role in the resistance
to 5-fluorouracil (31).

The PPI network suggested that HDACS, DDX17,

APLP2 HDAC5

.0

COL10A1

—

.

EGR1

\

Figure 6 Analysis of causal interaction between key genes using DisNor. The blue line with arrowhead suggests activation, red line with T

arrow suggests inhibition, and grey dashed line means unknown effect. The distance of each path was calculated from the reliability score, r.
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Figure 7 Prognostic values of hub genes in GC patients. OS curves were plotted to evaluate the prognostic value of the mRNA expression
levels of the hub genes. The log-rank test was carried out using the relevant results. (A) HDACS5 (229408_at), (B) DDX17 (208718_at), (C)

ILF3 (217804_s_at), and (D) SDHC (238056_at).

ILF3, and SDHC might be critical for the development of
chemoresistance in GC. Aberrant activation of HDACs in
cancer cells results in the modulation of cell proliferation,
migration, differentiation, and metastasis (31,32). For
example, overexpression of HDACs is an independent
prognostic marker in GC treatment (33). ILF3 is related
to multiple cancers, such as hepatocellular carcinoma,
non-small cell lung carcinoma, breast cancer, and ovarian
cancer (34-38). ILF3 may function as a transcriptional co-
activator, and regulates tumor proliferation and metastasis.
ILF3 results in the deterioration of GC by promoting
the proliferation of GC cells, and the detection of this
protein may be useful in the prognostic prediction of GC
patients (39). However, its role in the drug resistance of

© Journal of Gastrointestinal Oncology. All rights reserved.

GC patients remains unclear. DDX17 is an oncogene in
various cancers, and is associated with acquired gefitinib
resistance in non-small cell lung cancer (40-43). SDHC is
1 of the 4 subunits of the succinate dehydrogenase complex
in the mitochondrial electron transport chain. Epigenetic
modification of SDHC is associated with cancer progression
(44,45). Our survival analysis revealed that high expression
of hub genes, including HDACS5, DDX17, and ILF3, was
significantly correlated with worse OS of GC patients,
indicating that these hub genes might play important
roles in the progression of GC. However, the complex
mechanisms of these hub genes remain to be investigated.
CMap was developed to identify bioactive small molecules
that induced similar or opposite gene-expression profiles in
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Table 5 Top candidate drugs, post analysis by CMap

Sun et al. Acquired chemotherapy resistance in gastric cancer patients

Name Score Description Target
Menadione -93.23 Mitochondrial DNA AOX1, BGLAPR, F10, F2, F7, F9, GGCX, NQO1, NQO2, PKM, PROC, PROS1, PROZ,
polymerase inhibitor ~ VKORC1, VKORC1L1
Belinostat -82.95 HDAC inhibitor HDAC1, HDAC2, HDAC3, HDAC4, HDAC5, HDAC6, HDAC7, HDACS8, HDAC9
NCH-51 -76.62 HDAC inhibitor HDAC1, HDAC10, HDAC11, HDAC2, HDAC3, HDAC4, HDAC5, HDAC6, HDAC?7,
HDACS8, HDAC9
Apicidin -75.08 HDAC inhibitor HDAC1, HDAC10, HDAC11, HDAC2, HDAC3, HDAC4, HDACS5, HDAC6, HDAC?7,
HDACS8, HDAC9
Trichostatin-A  —67.46 HDAC inhibitor HDAC?7, HDAC8, HDAC1, HDAC10, HDAC2, HDAC3, HDAC4, HDAC5, HDACS,
HDAC9
Scriptaid -62.07 HDAC inhibitor HDAC1, HDAC2, HDAC3, HDAC4, HDACS5, HDAC6, HDAC7, HDACS8, HDAC9
Givinostat -60.57 HDAC inhibitor HDAC2, HDAC1, HDAC3, HDAC4, HDACS5, HDAC6, HDAC7, HDACS8, HDACY, IL1B,
IL1R2, IL6R, TNF
Mibefradil -57.29 T-type calcium CACNA1G, CACNA1H, CACNA1C, CACNA1Il, ANO1, CACNA1D, CACNA1F,
channel blocker CACNA1S, CACNB1, CACNB2, CACNB3, CACNB4, CATSPER1, CATSPER2,
CATSPERS, CATSPER4, CYP3A5, CYP3A7, SCN2A, SCN4A, SCN5A, SCN9A
Vorinostat -49.21 HDAC inhibitor HDAC1, HDAC2, HDAC3, HDAC6, HDAC8, HDAC10, HDAC11, HDAC5, HDAC9
Dacinostat -41.88 HDAC inhibitor HDAC1, HDAC2, HDAC3, HDAC4, HDAC5, HDAC6, HDAC7, HDACS8, HDAC9

different diseases. Small molecules with a strong negative
connectivity score are identified as ones with a therapeutic
effect on the disease. CMap is an interesting tool to discover
new functions and applications for available drugs, and
allows for quicker testing of the drugs in clinical trials,
compared to newly developed drugs (46,47). In this study,
a panel of small molecule drugs was screened by comparing
the DEGs with the CMap database. These drugs showed
promise in reversing the alterations in gene expression of
GC patients displaying resistance to chemotherapy.
Menadione, also known as vitamin K3, is an essential
nutrient for blood clotting, calcium regulation, and bone
metabolism. Menadione has been reported to exhibit
anticancer activity iz vitro, primarily by generating reactive
oxygen species, which lead to DNA damage and cell
death (48-50). Previous studies have demonstrated that in
GC, menadione induces cell cycle arrest and apoptosis,
and inhibits tumor development and progression in vive
(51-53). Several clinical trials have evaluated the synergistic
cytotoxicity of menadione with other anticancer drugs. A
clinical phase I/Ila study involving vitamin C and vitamin
K3 showed the safety and efficacy of this combination in
delaying biochemical progression in end-stage prostate
cancer patients who had failed standard therapy (54). A
few novel menadione hybrids have also been designed and

© Journal of Gastrointestinal Oncology. All rights reserved.

synthesized, and have demonstrated significant anticancer
activities against cancer cell lines (55). Therefore,
menadione may be an attractive therapeutic target in GC,
especially for patients in more advanced stages (56).

T-type Ca’* channels, which may regulate a variety of
Ca’*-dependent cellular processes, such as cell proliferation,
migration, survival, and differentiation, are overexpressed
in various cancers. Therefore, T-type Ca’* channels have
the potential to be promising therapeutic targets for cancer
interventions.

HDAC:s are capable of deacetylating the lysine residues
of histones and some non-histone proteins. Aberrant
expression and activity of HDACs are associated with the
development of various cancers. Thus, suppression of
HDAC activity is now gaining attention as a promising
anticancer therapy. So far, 4 HDACIs have already been
approved for cancer treatment by the Food and Drug
Administration, including: (I) vorinostat (SAHA) for
cutaneous T-cell lymphoma (57); (II) belinostat (PXD101)
for peripheral T-cell lymphomas (58); (III) romidepsin
(FK228) for both cutaneous and peripheral T-cell
lymphomas (59); and (IV) panobinostat for myeloma
(LBH-589) (60). Although HDACIs have been highly
successful in cases of hematological malignancies, single-
agent epigenetic therapy appeared to be less effective
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against solid tumors. The non-selective inhibition of
HDACIs against pan-HDAC isoforms results in severe
adverse effects and toxicities (61). Therefore, there is an
urgent need to develop new isoform-selective HDACIs.
Additionally, the use of HDACIs in combination with
chemotherapy or immunotherapy is expected to improve
the effectiveness of conventional drugs and survival rates.
For instance, vorinostat combined with capecitabine and
cisplatin is a feasible first-line chemotherapy for treating
patients with advanced GC (62). Vorinostat, in combination
with carboplatin and paclitaxel, has been shown to have
enhanced anticancer effects in advanced non-small cell lung
carcinoma patients, leading to improved survival (63). These
findings indicate that epigenetic drugs hold promise for
improving the benefits of conventional therapies, though
further studies are needed to confirm this.

Although the problem of drug resistance is difficult to
solve, some possible solutions have been suggested, including
earlier detection of tumors, deeper therapeutic responses,
adaptive monitoring during therapy and mapping cancer
dependencies (64). Considering the limitations of single
biological treatment, combination therapy is the direction of
future development that may achieve good results.

Conclusions

Using integrated bioinformatics analysis, the present study
expands our knowledge of the molecular signatures for
acquired resistance to CF therapy in GC. We also identified
hub genes in the PPI network, including HDACS, DDX17,
and ILF3, which might play important roles in the
development of acquired chemoresistance. Additionally,
this study also led to the identification of some active small
molecules, such as HDACIs, menadione, and mibefradil,
which could potentially be utilized for GC treatment.
However, since our results are based on bioinformatics
analysis, these serve as predictions and need to be further
validated using i vitro and in vivo experiments.
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