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Abstract

Background: The development of chemoresistance is one of the leading causes of chemotherapy failure
in gastric cancer (GC). Emerging evidence highlights the multifunctional role of noncoding RNAs
(ncRNAs) in GC chemoresistance. However, the comprehensive expression profile and competing
endogenous RNAs (ceRNAs) regulatory network between ncRNAs and mRNAs in GC chemoresistance
remain unanswered.

Methods: GC cell line MGC-803 was employed to create cisplatin-resistant MGC-803/DDP cells by
continuous exposure to increasing doses of cisplatin. The whole-transcriptome sequencing (RNA
sequencing) was performed to comprehensively analyze the differentially expressed (DE) IncRNAs,
miRNAs and mRNAs in MGC-803/DDP and MGC-803 cells. Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment analyses were conducted to investigate the
biological functions implicated with the DEncRNAs. Then, the cisplatin-resistant-related ceRNA network
and potential regulatory axes were constructed by bioinformatic analysis.

Results: We successfully generated cisplatin-resistant GC cell line MGC-803/DDP. Differential expression
analysis showed that a total of 1,936 DEIncRNAs, 2,194 DEmRNAs and 174 DEmiRNAs were identified.
Functional enrichment analysis indicated that those DEncRNAs were mainly involved in neuroactive
ligand-receptor interaction, drug metabolism, Hippo signaling pathway, cAMP pathway and P53 pathway.
Subsequently, the cisplatin-resistant-related ceRNA network consisting of 71 DEIncRNAs, 121 DEmRNAs
and 8 DEmiRNAs was constructed with the widely accepted vital chemo-resistant-related genes and
signaling pathways. In addition, two constructed regulatory axes (include FAM66C/miR-129-5p/7 mRNAs
and SFTATP/miR-206/FN1 or NRP1) were successfully validated by the Genomic Data Commons (GDC)
GC data.

Conclusion: Our study has shown that differentially expressed ncRNAs have complex and intricate
interactions in the cisplatin resistance of GC. The novel ceRNA network and the potential regulatory axes
may provide the most comprehensive view of GC chemoresistance to date. Our findings uncovered
potential biomarkers for prognostic prediction and novel therapeutic targets for reversing cisplatin
resistance in GC.

Background

Gastric cancer (GC) is emerging as the fifth most common cancer and the fourth leading cause of cancer-
related death globally [1]. First-line systemic therapy regimens of advanced GC patients include
fluorouracil combined with either oxaliplatin or cisplatin (DDP) [2]. However, the 5-year overall survival
(0OS) of GC patients with local and distant metastasis is rather low [3]. The poor prognosis is due to
multiple factors, including chemotherapy resistance, which becomes the most common cause of
treatment failure [4]. In the last few decades, many studies have convincingly shown that genetic
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alterations, such as DNA methylation, and epigenetic changes, such as ectopic expression of noncoding
RNAs (ncRNAs) exert critical roles in the development of chemoresistance in GC [5, 6].

Noncoding RNAs (ncRNAs) is RNA transcripts lacking protein-coding capacity and are classified as small
ncRNAs (sncRNAs, < 200 nt), such as microRNAs (miRNAs), small nuclear RNAs (snRNAs), piwi
interacting RNAs (piRNAs) and small nuclear RNAs (snoRNAs), and long noncoding RNAs (IncRNAs, >
200 nt) [7]. Besides, circular RNAs (circRNAs) are identified as a new type of IncRNA with the special ring
structure [8]. With the development of high-throughput next-generation sequencing (NGS) technologies,
extensive published evidence has deepened our understanding of the role of ncRNAs in cancer
progression including proliferation, metastasis, apoptosis and chemoresistance [9]. In gastric cancer, Hu
et al have reported that MALAT 1 expression was upregulated in chemo-resistant GC cells. MALAT1
functioned as a sponge of miR-23b-3p to downregulate ATG12 expression and promoted chemo-induced
autophagy and chemoresistance in GC [10]. Li et al have shown that miR-148a-3p sensitized DDP-
resistant GC cells to DDP by promoting mitochondrial fission-induced apoptosis and inhibiting
autophagosome formation [11]. Similarly, circAKT3 (has_circ_0000199), enhanced DNA damage repair
and inhibited the apoptotic capacity of DDP-resistant GC cells by regulating the miR-198/PIK3R1
pathway [12]. Therefore, these competing endogenous RNAs (ceRNAs) regulatory patterns, including
IncRNA-MmiRNA-mRNA and circRNA-miRNA-mRNA, constitute critical contributors to the mechanism of GC
chemo-resistance.

Recently, construction and analysis of IncRNA-mediated ceRNA network have been indicated to provide a
novel way to delineate the transcriptomic landscape of tumor development (including chemo-resistance)
and identify new ncRNAs as potential biomarkers and therapeutic targets for many cancers [13—15]. For
example, Zhang et al have successfully constructed a ceRNA network related to FOLFOX
chemoresistance in metastatic colorectal cancer (MCRC). A risk factor model based on the hub IncRNAs
was constructed to predict FOLFOX chemoresistance and prognosis of mCRC patients [16]. Xiong et al
also constructed a chemoresistance-related IncRNA-associated ceRNA network of pancreatic cancer (PC).
Using bioinformatic analyses, GSTM3TV2 was identified as a key regulator of chemoresistance, which
promoted PC cells gemcitabine resistance [17]. However, the comprehensive expression profile of a
cisplatin-resistant-related ceRNA regulatory network and identified key regulators of the ceRNA network in
GC has not been reported to date.

Herein, whole-transcriptome sequencing (RNA sequencing) was performed to screen differentially
expressed (DE) IncRNAs, miRNAs and mRNAs potential involved in DDP resistance by using two chemo-
resistant GC cell lines (MGC-803/DDP versus MGC-803 cells). To explore the main functional pathway of
GC chemoresistance, DEmRNAs were evaluated by Kyoto Encyclopedia of Genes and Genomes (KEGG)
and Gene Ontology (GO) annotation. Then we constructed the cisplatin-resistant-related IncRNA-
associated ceRNA network by functional interaction prediction analysis. Finally, two constructed ceRNA
regulatory pathways were selected and validated by The Cancer Genome Atlas (TCGA) GC database. This
study may provide a comprehensive view of GC chemoresistance based on the construction of cisplatin-
resistant-related ceRNA network, and discover some potential therapeutic targets for reversing it.
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Materials And Methods

Cell lines and culture

The human GC cell line MGC-803 was purchased from the Cell Bank of the Chinese Academy of Science
(Shanghai, China) and cultured in RPMI-1640 supplemented with 10% fetal bovine serum (FBS, Hyclone,
Logan, UT, USA) at 37°C with an atmosphere of 5% CO,. Cisplatin-resistant MGC-803 cells (MGC-
803/DDP) were established by our laboratory. Briefly, MGC-803 cells were initially exposed to 0.03 pM of
DDP for 2 weeks. The drug concentration was intermittently increased up to 3.33 uM over one year. To
maintain the chemoresistant phenotype, MGC-803/DDP cells were cultured in complete culture medium
with 1.67 pmol/L DDP. These two GC cells were stored in liquid nitrogen for further experiments. The
complete experiment workflow is shown in Fig. 1.

The half-maximal inhibitory concentration (IC50) analysis by CCK8 assay

For cisplatin IC50 analysis, MGC-803 and MGC-803/DDP cells were seeded into 96-well plates and treated
with the indicated concentration of cisplatin for 48 hours. 10 pl Cell Counting Kit-8 (CCK-8) solution
(Dojindo, Tokyo, Japan) was added to each well. After 2 hours of incubation at 37 °C, the optical density
(OD) values were measured at a wavelength of 450 nm by Thermo Scientific Varioskan Flash (Thermo
Fisher Scientific, USA). Cell growth inhibition rates were described as cell inhibiting curves and The IC50
parameters were calculated by GraphPad Prism V8 (GraphPad Prism, Inc., La Jolla, CA, USA).

RNA extraction, quality control, library construction and microarray analysis

Total RNA from MGC-803 and MGC-803/DDP cells was isolated using TRIzol reagent (Life Technologies,
CA, USA) according to the manufacture's instruction. The RNA concentration and quality were assessed
with the Agilent Bioanalyzer 2100 system (Agilent Technologies, CA, USA). All RNA samples had an RNA
Integrity Number (RIN) > 8.0. RNA-seq was assessed to identify the differentially expressed (DE) IncRNAs,
mRNAs and miRNAs in MGC-803 and MGC-803/DDP cells. NEBNext® Ultra™ Il RNA Library Prep Kit for
lllumina® (NEB, USA) was used with 2 pg of total RNA for the construction of sequencing libraries on the
lllumina NovaSeq 6000-sequencing platform (Tsingke Biotechnology Co. Ltd, Beijing, China). The raw
reads were filtered and cleaned by removing the adaptor reads and low-quality tags. Then clean paired-
end reads were aligned to the reference genome using HISAT2 (v2.0.4) for transcripts and Bowite (v2.2.5)
for miRNA as described [18, 19]. Subsequently, raw counts were generated by the StringTie (v.2.1.2) for
transcripts and the FeatureCounts (v1.6.1) for miRNAs [20, 21].

Identification of DERNAs

To screen the DE IncRNAs, miRNAs and mRNAs in MGC-803/DDP in comparison with MGC-803 cells, the
expression profiles were analyzed using the edgeR package [22] installed in R (version 4.0.5, www. r-
project. org). Fold change (log, absolute) = 2 were considered as the thresholds for identifying DERNAs.

Heatmaps were drawn using the “pheatmap” R packages to show DERNAs.
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Functional annotation and pathway enrichment of the DEmRNAs

To investigate the biological functions implicated with the DEmRNAs, Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway analysis and Gene Ontology (GO) functional analysis were performed using
the commonly used online database DAVID [23] (version 6.8; https://davidd. ncifcrf.gov/). The Gene
Ontology Biological Process (GO-BP) term and pathway with the enriched gene count = 2 and the
significance threshold P < 0.05 were considered significant. The top 20 significant biological processes or
pathways were visualized by Bubble maps created by “ggplot2” package in R software.

Construction of protein-protein interaction (PPI) network of DEmRNAs

The PPI network of DEmRNAs was constructed by the Search Tool for the Retrieval of Interacting Genes
(STRING, version 11.0; https://string-db.org/cgi/input.pl). The input gene set was set as all DEmRNAs,
and the species was set as homo sapiens. The minimum required interaction score was set as the
highest confidence (0.900). The PPI network was visualized by Cytoscape software (version 3.8.2;
https://cytoscape.org/). The CytoNCA plug-in in Cytoscape software was implemented to determine the
network topology properties of the nodes, and the parameters were set as “without weight”. We used the
MCODE plug-in in Cytoscape software to analyze functionally related and highly interconnected modules
from the PPI network with the threshold score = 12. Then hub genes from the significant clustering
modules were subjected to KEGG pathway analysis with the enriched gene count = 2 and the
significance threshold P < 0.05 as the cut-off criterion.

Prediction of DEmiRNAs regulatory relationship

The miRNA-IncRNA regulatory relationship of DEmRNAs was predicted using the miRcode database
(http://www.mircode.org/). The predicted miRNA-IncRNA regulatory relationship was integrated with
DEIcnRNAs and DEmiRNAs to obtain the DEmiRNA-DEINcRNA relationship. In the light of this regulatory
relationship, these screened DEmiRNAs were further used to predict the miRNA-mRNA regulatory
relationship via four publicly profile datasets (TargetScan, miRDB, miRTarbase and ENCORI). The
screening criteria were the number of supporting datasets = 3. The predicted miRNA-mRNA regulatory
relationship was integrated with DEmRNAs to obtain the DEmiRNA-DEmMRNA relationship.

KEGG pathway analysis of DEmiRNAs and DEIncRNAs

Based on the obtained DEmiRNA-DEIncRNA and DEmiRNA-DEmMRNA regulatory relationships and the co-
expression relationship between DEmRNAs and DEIncRNAs, the compareCluster function in the
clusterProfiler package (http://bioconductor.org/ packages/release/bioc/html/clusterProfiler.html) in R
software was performed to calculate and compare KEGG pathway enrichment analysis of screened
DEmiRNAs and DEIncRNAs. The pathway with the threshold P < 0.05 was considered significant. Bubble
maps are implemented to indicate pathways in which DEmiRNAs and DEIncRNAs may be implicated.

Construction of the ceRNA regulatory network
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According to the ceRNA hypothesis, IncRNAs can function as decoys for various miRNAs and modulate
target genes’ stability or translation [23]. We used the obtained DEmiRNA-DEIncRNA and DEmiRNA-
DEmMRNA regulatory relationships and the correlation coexpression of DEIncCRNA-mRNA pairs to construct
a IncRNA-miRNA-mRNA regulatory network. Because DEmiRNAs expression was negatively associated
with DEIncRNAs or DEmRNAs based on the ceRNA hypothesis, the positive correlation expression of
DEmiRNA-DEIncRNA pairs and DEmiRNA-DEmMRNA pairs were excluded from our ceRNA network. We
conducted the Cytoscape software (version 3.8.2) to visualize the ceRNA network, and the cytoHubba
plug-in was implemented to rank nodes by their network features and select the top 50 genes from
maximal clique centrality (MCC) as the hub genes [24]. To screen potential ceRNA regulatory axes, R
package “ggalluvial” and “ggplot2” were performed to identify the ceRNA axes.

GDC GC data validation and identification of prognostic predictors

For data validation, the RNA-seq and miRNA expression profiles and clinical information of gastric cancer
were downloaded from the Genomic Data Commons (GDC) data portal (https://gdc.xenahubs.net). The
IncRNAs and mRNAs data contained 343 GC tissues and 30 matched non-cancerous tissues, and the
miRNAs data included 410 GC samples and 42 adjacent cancer normal samples. The differentially
expressed IncRNAs, mRNAs and miRNAs between GC and normal tissues were screened out using the
edgeR package (http://bioconductor.org/packages/edgeR/) in R software [22]. The survival package was
applied to explore the prognostic value of DEIncRNAs, DEmiRNAs and DEmRNAs in the ceRNA network,
with clinical data of GDC combined. This test is based on the Kaplan-Meier method and Pvalue < 0.05
was considered statistically significant. Regression analysis was performed to detect the correlation
between DEIncRNAs and DEmRNAs expression from GDC GC data with P< 0.01 and r> 0.3 as the criteria
for significance.

Statistical analysis

All statistical analyses were conducted using SPSS 24.0 (SPSS, Chicago, IL, USA), GraphPad Prism V8
(GraphPad Prism, Inc., La Jolla, CA, USA) and R software (version 4.0.5). Data are presented as the mean
+ SEM. The two-tailed Student’s ttest and one-way ANOVA analysis were used to compare the different
expression levels between two groups. Pearson correlation analysis was performed to evaluate the
ceRNA network construction. The Kaplan-Meier method and log-rank test were employed to generate the
survival curve and compare differences between survival curves, respectively. A Pvalue < 0.05 was
considered statistically significant.

Results

Identification of cisplatin-resistant-related differentially expressed InNcCRNAs, miRNAs and mRNAs

After continuous exposure to increasing concentration of cisplatin for one year, we successfully
generated cisplatin-resistant GC cell line MGC-803/DDP. The IC50 values for MGC-803 and MGC-803/DDP
cells were 0.86 pmol/L and 24.21 umol/L, respectively (Fig. 2a). The whole-transcriptome sequencing
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data (IncRNAs, mRNAs and miRNAs) was acquired from MGC-803 and MGC-803/DDP cells by the
lllumina NovaSeq 6000-sequencing platform. According to the screening criteria, a total of 1,936
DEIncRNAs were obtained, of which 1,006 were upregulated and 930 were downregulated; 2,194
DEmRNAs were identified, including 1,427 were upregulated and 767 were downregulated; 174 DEmiRNAs
were obtained, of which 83 were upregulated and 91 were downregulated. DEIncRNAs, DEmiRNAs and
DEmRNAs in the samples were indicated using the two-way clustering heatmaps (Fig. 2b-d). Thus, we
suggest that these different expressions of RNAs may lead to the chemoresistance of GC, and further
analysis is necessary to better understand the regulatory relationship among these DERNAs.

GO functional enrichment and KEGG pathway analysis of DEmRNAs

GO enrichment and KEGG pathway analysis were conducted to evaluate the biological effects of up and
down-regulated DEmRNAs individually. The results showed that the upregulated DEmRNAs were enriched
in 152 Gene Ontology Biological Process (GO-BP) terms, whereas the downregulated DEmRNAs were
enriched in 55 GO-BP terms. We evaluated the top 20 significant GO-BP terms enriched in DEmRNAs
associated with DDP resistance (Fig. 3a-b). The upregulated genes were mainly enriched in inflammatory
response, defense response to virus, cell adhesion and chemotaxis (Fig. 3a), whereas the downregulated
genes were related to the regulation of calcium ion-dependent exocytosis, positive regulation of ERK1 and
ERK2 cascade, negative regulation of angiogenesis and positive regulation of Rho protein signal
transduction (Fig. 3b). KEGG pathway analysis revealed that the upregulated genes were remarkably
involved in neuroactive ligand-receptor interaction, hematopoietic cell lineage, cytokine-cytokine receptor
interaction and cell adhesion molecules (CAMSs) (Fig. 3c), but the downregulated genes were associated
with biosynthesis of amino acids, cytokine-cytokine receptor interaction, complement and coagulation
cascades, and neuroactive ligand-receptor interaction (Fig. 3d). Therefore, our findings might foreshadow
the complexity yet to be uncovered regarding the cisplatin resistance in gastric cancer.

Protein-protein interaction (PPI) network construction and module extraction

The cisplatin-resistant-related PPI network was constructed using all DEmRNAs. After removing
disconnected nodes, the PPI network consisted of 1888 nodes and 3750 edges. To investigate the
significant modules in the process of GC chemoresistance, the MCODE plug-in (score = 12) was used and
seven highly interconnected modules were subsequently extracted from the PPI network (Fig. 4a-b).
Module 1 (score = 43.86) contained 44 nodes and 943 edges, including growth-regulated a protein
(CXCL1), guanine nucleotide-binding protein subunit y-T2 (GNGT2), kininogen-1 (KNG1) and sphingosine
1-phosphate receptor 1 (STPR1). Module 2 (score = 24) contained 24 nodes and 276 edges, including
platelet-activating factor receptor (PTAFR) and substance-P receptor (TACR1). Module 3 (score = 19)
contained 19 nodes and 171 edges, including Fibronectin 1 (FN1) and Glypican-3 (GPC3). Module 4
(score =16.5) contained 33 nodes and 264 edges, including E3 ubiquitin-protein ligase CBL-B (CBLB),
2'-5"-oligoadenylate synthase-like protein (OASL) and Radical S-adenosyl methionine domain-containing
protein 2 (RSAD2). Module 5 (score = 13) contained 13 nodes and 78 edges, including neutrophil
collagenase (MMP8) and Aldolase fructose-bisphosphate C (ALDOC). Module 6 (score = 12) contained 12
nodes and 66 edges, including G-protein coupled receptor 84 (GPR84), glycoprotein hormones a
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polypeptide (CGA) and 5-hydroxytryptamine receptor 7 (HTR7). Module 7 (score = 12) contained 12 nodes
and 66 edges, in which the genes belong to the keratin protein family, such as keratin type | cytoskeletal
13 (KRT13), keratin type Il cytoskeletal 2 epidermal (KRT2) and keratin type | cuticular Ha2 (KRT32).

We further explored crucial signaling pathways of genes in the abovementioned modules using KEGG
pathway enrichment analyses. The results showed that 18 remarkable enriched pathways might be
related to GC chemoresistance (Fig. 4c). The top four significant pathways were neuroactive ligand-
receptor interaction, calcium signaling pathway, chemokine signaling pathway and cytokine-cytokine
receptor interaction. Taken together, these data suggest that many proteins and related signaling
pathways are involved in the cisplatin resistance of GC cells.

KEGG pathway enrichment analysis of DEmiRNAs and DEIncRNAs-related target genes

Integrated bioinformatic analysis revealed that the DEmiRNA-DEIncRNA regulatory relationship consisted
of 8 DEmiRNAs and 102 DEIncRNAs, and the DEmiRNA-DEmMRNA relationship contained 8 DEmiRNAs
and 200 DEmRNAs (Fig. 5a). According to the above two regulatory relationships and the co-expression
relationship between DEmRNAs and DEIncRNAs, R package “clusterProfiler” was performed and the
results were shown by bubble maps. Figure 5b and Fig. 5c displayed only the top 20 pathways enriched
by those genes related to DEmiRNAs and DEIncRNAs. From the results, we found that the DEmiRNAs-
related genes were significantly enriched in neuroactive ligand-receptor interaction, drug metabolism,
Hippo signaling pathway and cAMP signaling pathway. Additionally, the DEIncRNAs-related genes were
striking involved in axon guidance, neurotrophin signaling pathway and P53 signaling pathway.
Collectively, these results indicated that these screened DEmiRNAs and DEIncRNAs-related pathways
(mainly nerve conduction and metabolic pathway) play important roles in GC chemoresistance.

Construction of cisplatin-resistant-related ceRNA network

The above results were integrated to construct the cisplatin-resistant-related ceRNA network. This network
comprised 199 nodes (71 DEIncRNAs, 121 DEmRNAs and 8 DEmiRNAs) and 227 interactions (Fig. 6a-b).
We noted that 5 DEIncRNAs, including LINC00200 [25], LINC00460 [26], MEG3 [27], NEAT1 [28] and UCA1
[29], have been substantiated to be chemoresistant-related genes. Interestingly, some studies have also
reported that MEG3, NEAT1 and UCAT1 exerted vital roles in regulating cisplatin resistance in ovarian
cancer [30], lung cancer [31] and gastric cancer [32]. Moreover, we selected the top 50 interactomes from
this ceRNA network to construct cisplatin-resistant-related regulatory axes which consist of 22
DEIncRNAs, 7 DEmiRNAs and 21 DEmRNAs (Fig. 6¢). Therefore, this specific ceRNA network may provide
the missing piece of the well-known chemoresistant-related network puzzle in GC.

Prognostic value of DERNAs from GDC GC dataset and identification of potential regulatory axes

The prognostic value of DERNAs from the ceRNA network was analyzed to discover the prognostic
factors according to the sequencing data from GDC gastric cancer samples. As shown in Fig. 7, 4
DEIncRNAs and 19 DEmRNAs were identified as oncogenes because high expression of these DERNAs
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was positively associated with poor prognosis of GC patients (P< 0.05). We further analyzed the
correlation between the abovementioned 4 DEIncRNAs and 19 DEmRNAs based on GDC GC data. The
results indicated that the expression of FAM66C was significant correlated with those of seven DEmRNAs
(EBF3, EDA2R, FBXL2, RUNDC3B, SEMA3E, SLC16A7 and VCAN) (r>0.3, P<0.01) (Fig. 8a). And IncRNA
SFTA1P expression was also positively correlated with those of FN1 and NRP1 (r>0.3, P<0.01) (Fig. 8b).
Based on the hypothesis of ceRNA and the above findings, we identified two potential regulatory axes
from the cisplatin-resistant-related ceRNA network, which include FAM66C/miR-129-5p/7 mRNAs and
SFTATP/miR-206/FN1 or NRP1 (Fig. 8c). Therefore, these two potential regulatory axes may exert
important roles in GC chemoresistance.

Discussion

Currently, platinum-based chemotherapy is the preferred treatment for gastric cancer patients by their
specific anticancer properties and extensive anticancer spectrum [2]. However, most GC patients will
inevitably and eventually relapse and metastases with chemo-resistant diseases, which result in
treatment failure and poor outcome [33]. In recent years, multiple ncRNAs have been demonstrated to
play critical roles in the chemoresistance of GC, including cisplatin resistance [6]. But the majority of
these studies focused on the role of individual ncRNAs in GC chemoresistance, which neglected the
complexity and diversity of the gene regulatory network. Thanks to the rapid development of NGS
sequencing technologies and bioinformatics, we used this effective method to identify the relationship
between networks/genes, pathways and clinical characteristics to avoid the defects of the traditional
method [34, 35]. In this study, we identified 1,936 DEIncRNAs, 2,794 DEmRNAs and 174 DEmiRNAs in one
paired cisplatin-resistant GC cell lines by the whole-transcriptome RNA-sequencing. Functional
enrichment analysis showed that DEmRNAs were mainly involved in neuroactive ligand-receptor
interaction, cytokine-cytokine receptor interaction, chemokine signaling pathway and CAMs. The
enrichment analysis of DEmiRNA and DEIncRNAs-related target genes further indicated that these genes
were enriched in neuroactive ligand-receptor interaction, drug metabolism, Hippo signaling pathway,
cAMP pathway and P53 pathway.

To the best of our knowledge, several lines of evidence have supported the ceRNA hypothesis that many
ncRNAs can regulate mRNA stability or translation and modulate carcinogenesis by acting as decoys for
miRNAs or miRNA “sponges” [36]. Although the ceRNA regulatory networks were intricate and complex,
they can be implemented to provide a more comprehensive view of the RNA regulatory mechanism in
cancer chemoresistance [37]. Actually, Wu et al. [38] constructed a lung adenocarcinoma-specific ceRNA
network based on differentially expressed IncRNAs, miRNAs and mRNAs from TCGA data portal. Pan et
al. [13] showed the interactions of IncRNAs, miRNAs and mRNAs to reveal a novel ceRNA network and the
potential regulatory axes in GC. However, the question on the comprehensive analysis of differentially
expressed profiles of IncRNAs and ceRNA networks in GC chemoresistance still begs an answer. In the
present study, we successfully constructed the cisplatin-resistant-related ceRNA network including 71
DEIncRNAs, 121 DEmRNAs and 8 DEmiRNAs. The selected ncRNAs in this network conformed to the

ceRNA rules and some of them were demonstrated to be well-established drug-resistant-related genes or
Page 10/23



signaling pathways in many cancers [25-32]. Therefore, this network provided a credible and systematic
perspective on the potential function of IncRNAs in cisplatin resistance of GC.

To determine the prognostic value of our cisplatin-resistant-related ceRNA network, we selected GDC GC
database for validation. Prognostic analysis and regression analysis showed that two regulatory axes
(include FAM66C/miR-129-5p/7 mRNAs and SFTATP/miR-206/FN1 or NRP1) were identified to be hub
genes and might be adapted to predict the cisplatin-based chemotherapy response.

Several limitations need to be mentioned. First, this study subject is GC cell lines, not GC samples. But the
publicly available dataset (TCGA or GDC) which contains many GC tissues and matched normal tissues
was used to verify our findings. Second, the enrichment analysis of hub genes was conducted by whole-
transcriptome profiling and bioinformatics analysis. We intend to further validate these predictive results
by experimental studies in the future.

Conclusion

In summary, this study is the first report analyzing the differential expression of IncRNAs, miRNAs, and
mMRNAs in the GC chemoresistance using whole-transcriptome RNA-sequencing and through validation by
GDC data. The cisplatin-resistant-related ceRNA network and regulatory axes were constructed to reveal
the underlying mechanism of the cisplatin resistance of GC. Our findings narrow the scope of research
and improve the predictive accuracy for target IncRNAs or mRNAs, and the latter may serve as promising
biomarkers for predicting chemotherapy response and prognosis and therapeutic targets of GC patients.
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The workflow of this study design. The cisplatin-resistant GC cell line MGC-803/DDP was generated in a
stepwise manner by exposing MCG803 cells to intermittently increasing doses of cisplatin (DDP). Total
RNA was isolated from MGC-803 and MGC-803/DDP cells for RNA-seq analysis. Gene ontology (GO),
KEGG pathway enrichment analysis and the construction of protein-protein interaction (PPI) networks
were performed to identify the potential function of differentially expressed (DE) genes. The cisplatin-
resistant-related ceRNA network was constructed by bioinformatic analysis. Survival and regression
analysis from GDC GC dataset were used to validate our ceRNA network and identify the potential
cisplatin-resistant-related regulatory axes.

Page 16/23



>
vy)

MGC-803 MGC-803/DDP
150 - & MGC-803 1 2 1 B 1
S @ MGC-803/DDP '
1= 1
o
1004
5 05 Z
2 3
> 0o 2
n N
B B oo o o e v - 2
= IC50 = 0.86 uM ' §
8 IC50 = 24.21uM i @
0 L] L ] T 1
-3 2 1 0 1 2 -1.5
log10 concentration DDP (uM) 3
IncRNAs
C D
MGC-803 MGC-803/DDP MGC-803 MGC-803/DDP
1 2 1 p e K 212 -
1 1
05 & s g
3 3
) 0o 2
| g
5 g
05 c
(o) 1 ®©
. 15
1.5
MiRNAS | | mRNAs

Figure 2

Identification of differentially expressed IncRNAs, miRNAs and mRNAs in MGC-803 and cisplatin-resistant
GC cell line MGC-803/DDP. a CCK8 assay of MGC-803 and MGC-803/DDP cells with cisplatin treatment
at the indicated concentration for 48 hours. Hierarchical clustering analysis showed all differentially
expressed IncRNAs b, miRNAs ¢, and mRNAs d. Red represents relative upregulation and blue represents
relative downregulation.
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represent up-and down-regulated DEmRNAs respectively. The size of a node indicated the degree (number
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Figure 5

Bubble map of KEGG pathway analysis of DEmiRNAs and DEIncRNAs. a Venn diagrams represent the
intersections of differentially expressed mRNAs in publicly profile datasets and RNA-seq data. KEGG
pathways are enriched by genes regulated by DEmiRNAs b and by DEIncRNAs c.
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Figure 6

Construction of cisplatin-resistant-related ceRNA network by integrated analysis. a, b Overview of
cisplatin-resistant-related ceRNA network. Red nodes were defined as upregulated genes, and blue nodes
were defined as downregulated genes. Round rectangle, diamond and circle represent miRNAs, IncRNAs
and mRNAs, respectively. ¢ INcRNA-miRNA-MmRNA regulatory axes extracted from this ceRNA network.
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Figure 7
Kaplan-Meier survival analysis of hub DEIncRNAs and DEmRNAs from GDC gastric cancer samples. The

Kaplan-Meier curve of hub IncRNAs a and mRNAs b that significantly associated with overall survival
(0S) in GC patients based on their optimal cutoffs.
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Figure 8

Identification of cisplatin-resistant-related regulatory axes in gastric cancer. a Correlation analysis
between FAM66C and seven mRNAs (EBF3, EDA2R, FBXL2, RUNDC3B, SEMA3E, SLC16A7 and VCAN). b
Correlation analysis between SFTATP and two mRNAs (FN1 and NRP1). ¢ The FAM66C/miR-129-5p/7
mMRNAs and SFTATP/miR-206/FN1 or NRP1 regulatory axes perfectly conformed to the ceRNA
hypothesis.
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