Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Identification of LncRNA Prognostic Biomarkers
Associated with Copy Number Variants in Gastric
Cancer

Angiang Wang
Peking University Cancer Hospital & Institute

Jiahui Chen
Peking University Cancer Hospital & Institute

Kai Zhou

Peking University Cancer Hospital & Institute
Qifei He

Peking University Cancer Hospital & Institute

Ke Ji

Peking University Cancer Hospital & Institute
Xin Ji

Peking University Cancer Hospital & Institute
Xiaojiang Wu

Peking University Cancer Hospital & Institute

Ji Zhang
Peking University Cancer Hospital & Institute

Zhaode Bu (% buzhaode@cjcrcn.org )
Peking University Cancer Hospital & Institute

Jiafu Ji (% jijiafu@hsc.pku.edu.cn)
Peking University Cancer Hospital & Institute https://orcid.org/0000-0001-6878-5543

Primary research

Keywords: gastric cancer, CNV, IncRNA, TCGA, prognostic
Posted Date: June 4th, 2020

DOI: https://doi.org/10.21203/rs.3.rs-32433/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Page 1/21


https://doi.org/10.21203/rs.3.rs-32433/v1
mailto:buzhaode@cjcrcn.org
mailto:jijiafu@hsc.pku.edu.cn
https://orcid.org/0000-0001-6878-5543
https://doi.org/10.21203/rs.3.rs-32433/v1
https://creativecommons.org/licenses/by/4.0/

Abstract

Backgrounds: Gastric cancer is one of the most common gastrointestinal carcinomas worldwide, with a
poor prognosis. Prognosis prediction is very important in the treatment of gastric cancer .This study
aimed to explore the prognostic value of IncRNA deregulated by copy number variants (CNVs) in gastric
cancer.

Methods: Multi-omics cluster analysis was performed to identify subtypes on the prognosis associated
coding genes, CNVs and methylation sites. We conducted survival analyses on median expression level
for all identified IncRNAs. Finally, we constructed and validated a prognostic model on IncRNAs with data
of public and our center.

Results: As a result, we identified six subtypes of gastric cancer with different prognosis (P=0.00446) and
a total of 83 disease associated IncRNAs. We finally obtained five prognostic IncRNA biomarkers.
Survival analyses showed that the high expression of all identified IncRNAs positive associated with
worse prognosis. We also found that the prognostic model on five identified IncRNAs could predict
survival with high 5-years AUC 0.69. And the differences of survival between high risk and low risk groups
were significant in both of our and public database. In the multivariable analyses, we found that the
prognostic model was an independent prognostic factor (p = 0.0104).

Conclusions: We concluded that the prognostic model on five identified IncRNAs was closely related to
the overall survival of gastric cancer and may serve as promising prognostic biomarkers of gastric
cancer.

Introduction

Gastric cancer is one of the most common gastrointestinal malignant tumors, with an estimated 951600
cases and 713100 deaths being attributed to this cancer in 2012[1]. The regional variations observed
regarding stomach cancer are substantial. Eastern Asia had the highest incidence of gastric cancer, with
an incidence of 35.4 per 100000[1, 2]. In China, gastric cancer ranks second in the incidence of cancer
following lung cancer and ranks third in cancer deaths [3, 4]. Approximately 4104000 gastric cancer
cases and 293800 gastric cancer deaths were estimated to occur in China in 2014[4, 5]. Although the
prognosis of gastric cancer has improved substantially, the mortality of this cancer is still high, which is
partly attributed to the advanced stages of diagnosed cancer and the high proportion of recurrence,
including lymph node metastasis, distant metastasis, and peritoneal metastasis[6, 7]. Therefore, early
detection of patients with aggressive biological characteristics and recurrent cancer undergoing radical
surgery becomes significant for improving patients’ survival with gastric cancer.

Long noncoding RNAs (IncRNAs) are noncoding RNAs longer than 200 nucleotides. Increasing evidence
has pointed towards IncRNAs as regulators of several human diseases, including cancer[8, 9]. Many
cancer-related IncRNAs have been reported to play important roles in multiple steps of carcinogenesis,
including cell proliferation, cellular signaling, angiogenesis and metastasis[10, 11]. HOX transcript
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antisense RNA (HOTAIR) is reported to be overexpressed in gastric cancer and associated with lymph
node metastasis and vessel invasion in gastric cancer by promoting epithelial to mesenchymal transition
(EMT)[12, 13]. As the first imprinted IncRNA to be reported, H19 is upregulated in gastric cancer tissues
compared with normal tissues and associated with proliferation, migration and invasion of gastric cancer
cells[14, 15]. The upregulated H19 in plasma makes it a potential diagnostic biomarker for gastric
cancer[15]. Growth arrest-specific transcript 5 (GAS5) arrests tumor growth by regulating apoptosis and
the cell cycle[16]. GAS5 has been reported to be correlated with tumor stage and lymph node
metastasis[17]. Maternally expressed gene 3 (MEG3) is a tumor suppressor gene downregulated in
gastric cancer. MEG3 has been demonstrated to be associated with deep tumor invasion, metastasis and
poor prognosis, which make it a potential prognostic biomarker for gastric cancer[18, 19]. Many IncRNAs,
such as long intergenic noncoding RNA0QO152 and urothelial carcinoma-associated 1, have also been
reported to be related to biological processes and the diagnosis and prognosis of gastric cancer.

Copy number variations (CNVs) refer to genomic structural variations with gene amplification, gain, loss
and deletion, which have been regarded to play a significant role in carcinogenesis of gastric cancer{20,
21]. Researchers have found numerous CNVs on many cancer-associated genes, such as CTNNB1, MYC
and CDKN2A, located on different chromosomes, including 3p22, 4925, 11p13, 1p36 and 9p21[22, 23].
The PIK3CA gene is frequently amplified in gastric cancer and is involved in multiple steps of
tumorigenesis, including cancer cell proliferation and apoptosis[24]. The CNVs of this gene could predict
the prognosis of gastric cancer regardless of tumor stage[25, 26]. As a well-known suppressor gene,
adenomatous polyposis coli (APC) exhibits frequent deletions in gastric cancer[27, 28]. APC was regarded
as a potential prognostic biomarker due to its close relationship with lymph node invasion and
metastasis[29]. Epidermal growth factor receptor (EGFR) CNVs were also reported to be associated with
an increased risk of invasion and metastasis, thereby resulting in worse prognosis[30]. The CNVs of other
well-known genes, such as MET, HER-2 and TP53, were also correlated with the prognosis of gastric
cancer[31, 32]. As mentioned above, most studies focused on the effects of CNVs on protein-coding
genes; however, an increasing number of researchers have found that the expression of IncRNAs and
miRNAs were also regulated by CNVs[33, 34]. It was reported that an estimated one-third of aberrant
IncRNA expression could be attributed to CNVs[33]. Considering the role of IncRNAs in carcinogenesis, the
IncRNAs deregulated by CNVs warrant further study to determine their role in the prognosis of gastric
cancer.

Therefore, we mined the CNVs and IncRNAs of gastric cancer from The Cancer Genome Atlas (TCGA) and
identified prognostic biomarkers of IncRNA regulated by CNVs.

Methods
Sequenced data collection

We downloaded methylation, RNA sequencing, CNV, and mutation data of gastric cancer and their
corresponding follow-up information from the database TCGA Genomic Data Commons (GDC). First, we
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obtained all fragments per kilobase of transcript per million fragments mapped (FPKM) and counted data
from TCGA GDC. Then, we transferred the FPKM data to Transcripts Per Million (TPM) data. LncRNA,
sense_intronic, sense_overlapping, antisense, processed_transcript, and 3prime_overlapping_ncRNA were
classified as IncRNA. We then obtained the FPKM expression profile of IncRNA and protein-coding genes.
We downloaded the expression data of all samples sequenced for methylation with the
HumanMethylation450 Beadchip from TCGA GDC. CpG sites with cross-reactivity in the genome
according to the cross-reactive sites from the discovery of cross-reactive probes and polymorphic CpGs in
the lllumina Infinium HumanMethylation450 microassay were excluded[35]. The CpGs and single
nucleotide sites were also removed.

Subtype identification and differential analyses

First, we conducted COX regression analyses between protein-coding genes, CNV and methylation and
the survival of patients with gastric cancer. Second, we analyzed a total of 337 samples with CNV,
methylation and RNA sequencing data. Multi-omics cluster analysis was performed to identify subtypes
using the iClusterPlus R package on the prognosis-associated coding genes, CNVs and methylation sites.
iClusterPlus is developed based on unsupervised cluster analysis, which can generate tumor
classification by capturing patterns from multiple genomic data. Before iClusterPlus analysis, we first
selected and optimized the necessary parameters. Firstly, we repeatedly divided the samples into different
training and verification sets to determine the optimal number of clusters k. In order to visualize the
results, we plotted the percent of explained variation vs. the number of clusters. The optimal k value is the
point where the curve starts to flatten out. We then use the Bayesian information criterion to select the
optimal combination of the sparse model and the penalty parameter, or lambda()). Finally, we combine
the optimal clustering number (k) and penalty parameter (A) to run the iClusterPlus analysis. Furthermore,
we analyzed the differential IncRNA and protein-coding genes between tumor and normal samples in
different subtypes. Foldchanges greater than 2 and FDR < 0.05 were used as cutoff values. A comparison
was performed between identified IncRNAs and 232 IncRNAs closely related to disease from the
databases LncRNADisease and Lnc2Cancer[36]. To evaluate the differential expression of IncRNAs in
each subtype of cancer, we conducted gene set enrichment analysis (GESA) according to the absolute
value of IncRNA fold change.

Weighted gene coexpression network analysis

We constructed coexpression modules of differential protein-coding genes and IncRNAs using WGCNA.
We first transferred the FPKM data to TPM data and extracted the expression profiles of IncRNAs and
protein-coding genes. Hierarchical clustering analysis was performed to identify outlier samples. We
obtained 405 samples excluding outlier samples with distances greater than 8000. The Pearson
correlation coefficient was used to calculate the distance between each gene and IncRNA. We screened
coexpression modules by constructing a weighted coexpression network with 3 as its soft threshold
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using the WGCNA R package. We transferred the expression matrix to the adjacent matrix and then to the
topology matrix (TOM), on which we conducted average-linkage hierarchical clustering analysis
according to the hybrid dynamic shear standard. Each coexpression module was set to include more than
30 genes. Then, we calculated eigengenes of each module after they were determined. After that step, we
conducted clustering analysis on modules, and the adjacent modules emerged as a new one. The
parameters are height 0.25, deepsplit 2 and minModulesize 30. We then made statistics of protein-coding
genes and IncRNAs in each module. We further performed gene ontology enrichment (GO) analysis on
significantly enriched modules and analyzed the crosstalk of GO terms.

CNV-related IncRNA biomarker selection

We analyzed the CNVs of 442 gastric cancer samples from TCGA using GISTIC 2.0 software. The CNV
profile of IncRNAs was extracted for further analysis. We defined a copy number more than one as copy
number amplification and a copy number less than one as copy number deletion[37, 38] Then, we
performed statistical analyses on the proportions of copy number amplifications and deletions for each
IncRNA. To explore the relationship between IncRNA expression and CNV, we identified IncRNAs with
more than 10 percent CNVs from each sample for further analysis. To systematically identify INcCRNA
prognostic markers, we analyzed the CNVs of differential IncRNAs in each subtype of gastric cancer. We
selected IncRNAs with CNVs greater than 0.1 percent and differential expression within identified
subtypes. We screened samples with expression levels greater than 0 for each IncRNA and divided
samples according to the median expression level. Then, the survival analyses were performed with a
threshold P value less than 0.05 as significance. We performed prognostic identification efficiency by
constructing a receiver operating characteristic (ROC) curve for all identified INcRNA prognostic
biomarkers. Then, Pearson correlation coefficient analyses for the expression level and CNV of identified
IncRNAs were conducted. The area under the curve (AUC) greater than 0.6 was chosen for further
analysis We retained IncRNAs positively associated with CNVs and that with a Pearson correlation
coefficient greater than 0.1. We classified samples into high and low expression groups based on the
median expression level of each sample for all included IncRNAs. Survival analyses were conducted
between both groups. We conducted multivariable cox analyses and constructed prognostic model on
identified INcRNA. The independence of prognostic model was also analyzed using multivariable
analyses. The validation was performed using GSE62254 data from the GPL570 platform and in our
center.

Results
Six genomic subtypes of gastric cancer were identified

We included 1886 protein-coding genes, 3176 CNV and 9256 CpG sites by u nivariate COX regression
analyses between protein-coding genes, CNV and methylation and the survival of patients with gastric
cancer (Fig. 1, Figure STA). Before iClusterPlus analysis, we determined that the optimal value of k was 5,
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and the number of clusters was k + 1, that is, 6 clusters (Figure S1B). In order to build the final model, we
selected the 95th percentile as the threshold to select the most discriminative features, and only features
larger than this threshold could be finally expressed in the 6 clusters. Based on the multi-omics cluster
analysis on the prognosis-associated coding genes, CNV and methylation sites, we acquired 6 subtypes
(Supplementary Table 1). We found a substantial difference in prognosis among the 6 subtypes with
statistical significance (P = 0.00446) (Fig. 2A). Meanwhile, we extracted the top 10 mutated genes from
each subtype, and a total of 28 genes were obtained, which indicated substantial overlaps of highly
frequent mutated genes within all subtypes (Fig. 2B).

Differential analyses of IncRNAs and protein-coding genes
in different subtypes

A total of 2507 differential IncRNA and 3453 protein-coding genes were obtained from all subtypes
(Supplementary Table 2). The minimum quantities and the largest number of IncRNA and protein-coding
genes were found in C3 and C2 subtypes, respectively (Supplementary Table 2). The differential IncRNAs
were presented for all subtypes (Fig. 3A-G). We found that IncRNA downregulation was greater than
upregulation in the C2, C3 and C4 subtypes (Fig. 3B-D). In contrast, the opposite results were detected in
the C6 subtype (Fig. 3F). In the C1 and C5 subtypes, a similar number of IncRNAs with differential
regulation were found (Fig. 3A, 3E). We found that the differential coding genes were more than those of
IncRNAs (Fig. 3H). A total of 83 disease-associated IncRNAs were obtained by comparing the differential
IncRNAs identified from all subtypes with disease-associated IncRNAs from the database (P <0.0001)

(Fig. 31).

To evaluate the differentiation of IncRNAs in each subtype of cancer, we conducted gene set enrichment
analysis (GESA). We found that the differential IncRNAs were abundant in the gene sets with substantial
fold changes (Figure S2A-G). We analyzed the overlapping differential IncRNAs among six subtypes of
gastric cancer, and substantial common differential IncRNAs were identified (Figure S2H).

Weighted gene coexpression network analysis (WGCNA) of
subtype-associated differential protein-coding genes and
IncRNASs

Hierarchical clustering analysis was performed to identify outlier samples. We excluded outlier samples
with a distance greater than 8000 (Figure S3A). In our study, the coexpression network conforms to the
scale-free network by choosing 3 as its soft threshold (Fig. 3B-C). Finally, we acquired 24 gene modules
(Fig. 3D), in which the gray module represented genes not clustered in other modules. We then made
statistics of protein-coding genes and IncRNAs in each module (Supplementary Table 3). The black
magenta and purple modules are enriched for IncRNA (Figure S3E). We further performed gene ontology
enrichment analysis on these three modules and analyzed the crosstalk of GO terms. A total of 843 GO
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terms were enriched, and few instances of crosstalk were found (Fig. 4A). The results indicated that the
three modules may have different functions. The top 20 GO terms from the black module are associated
with many metabolic processes, including fatty acid metabolism and xenobiotic metabolic process

(Fig. 4B). The Magenta module was associated with extracellular structure organization and extracellular
matrix organization (Fig. 4C). The purple module was mainly related to pattern specification process and
embryonic limb morphogenesis (Fig. 4D). All the results suggested the important role of IncRNA in
carcinogenesis of gastric cancer.

Conjoint analyses of CNVs and IncRNAs in the TCGA
database

To explore the function of IncRNAs associated with CNVs on carcinogenesis, we conjointly analyzed the
CNVs and IncRNAs of 442 gastric cancer samples from TCGA using GISTIC 2.0 software. We found that
the proportion of copy number amplifications was greater than that of deletions (Figure S4A). The most
frequent deletions were identified on chromosome 8, and the largest copy number amplifications were
distributed on chromosomes 5, 12 and 19 (Figure S4A). We further analyzed the distribution of correlation
between IncRNA expression profiles and CNVs. We found a positive correlation between them rather than
a random distribution (Figure S4B). In focal CNV peaks of the genome, we identified more copy number
deletions than amplifications of INcCRNA genes, which suggested a close relationship between the IncRNA
gene copy number deletions and gastric cancer (Figure S4C-D).

To study the relationship between IncRNA expression and CNV, we identified IncRNAs with more than 10
percent CNVs from each sample for further analysis. A total of 13 IncRNAs were selected. We further
analyzed the differential expression between samples with IncRNA CNVs and normal samples. We found
that the expression levels of 10 IncRNAs were higher in samples with copy number amplifications than in
normal samples (Figure S5). However, Linc00861 showed more expression in normal samples than in
samples with copy number amplifications (Figure S5). The results showed that the IncRNA could be
regulated by CNVs.

Identification and validation of CNV-related IncRNA
biomarkers

A total of 187 subtypes specific differential CNV-related IncRNAs were identified. Survival analyses were
conducted, and we selected 19 prognostic IncRNA biomarkers with statistical significance
(Supplementary Table 4). To evaluate the prognostic differentiation efficiency, we constructed a ROC
curve for all 19 IncRNA prognostic biomarkers. Twelve IncRNAs with an area under the curve (AUC)
greater than 0.6 were included for further analyses (Fig. 5). We finally obtained five prognostic IncRNA
biomarkers after Pearson correlation coefficient analyses for the expression level and CNV of 12 IncRNAs
(Table 1). Survival analyses were performed on the high and low expression groups of the five IncRNAs.
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The results supported that all five IncRNAs could effectively predict the prognosis of patients with gastric
cancer (Figure S6A-E). To validate the effects of the five CNV-related IncRNAs on prognosis, we
conducted analyses using GSE62254 data from the GPL570 platform. However, only three IncRNAs could
be annotated. Finally, survival analyses supported the prognostic efficiency of ENSG00000246859,
ENSG00000237187 and ENSG00000245105 (Figure S7A-C).

Table 1
Independent prognostic IncRNAs associated with CNVs

LncRNA p.value HR Low95% High95% Symbol AUC R
ENSG00000237187  0.020 0.670 0.477 0.941 NR2F1-AS1 0.613 0.156
ENSG00000246859  0.003 0.597 0.423 0.844 STARD4-AS1T 0.620 0.130
ENSG00000253405 0.037 0.627 0.404 0.975 EVX1-AS 0.714 0.116
ENSG00000253554  0.039 0.633 0.409 0.980 RNA1414 0.691 0.152
ENSG00000245105 0.004 0.607 0.432 0.855 A2M-AS1 0.612 0.112
Notes: HRihazard ratio; AUCIarea under curve;CNVsllcopy humber variants

We conducted multivariable cox analyses and constructed prognostic model on the five identified
IncRNA. RiskScores = 0.11041842*expNR2F1AS140 17242272%expSTARD4-AST.

0.03026703%expEYX17AS+0.02301935*exp-0C102724623.0 05347689*exp”A2M-AST We found that the
RiskScore model could predict survival with high 5-years AUC 0.69 (Fig. 6A). Meanwhile, the difference of
survival between high risk and low risk groups was significant (P =0.01012) (Fig. 6B). We also performed
validation of prognostic model in our center. The predictive value for survival is similar (Fig. 6C). The
difference of survival was also observed significantly (P = 0.033) (Fig. 6D).

To further identify the independence of RiskScore model in clinic, we systematically analyzed the clinical
characteristics and RiskScore model. Multivariable analyses showed that risk score was independent
prognostic factors (HR =1.583 95%Cl = 1.114-2.249, p =0.0104) (Table 2).
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Table 2
univariate and multivariable analyses of prognostic factors

Variables Univariate analysis Multivariable analysis

HR 95%Clof HR Pvalue HR 95%Clof HR P value
TCGA cohort

5-IncRNA risk score

Risk score 1.554 1.107-2.181 0.0107 1.583 1.114-2.249 0.0104
(High/Low)
Age 1.022 1.005-1.039 0.012 1.03 1.012-1.048 0.0008

Gender (Male/Female) 1.273 0.887-1.825 0.19 1.204 0.835-1.734 0.3193

AJCC PT 1.681 1.097-2.576 0.017 1.788 1.178-2.713 0.0063
AJCC PN 1.559 1.116-2.179 0.009 1.591 1.071-2.363 0.0215
AJCC PM 1.727 1.038-2.871 0.035 2162 1.280-3.65 0.0039
AJCC STAGE 1.757 1.222-2527 0.0023 0816 0.575-1.158 0.2555
Grade 1.303 0.918-1.848 0.138 1.21 0.836-1.748 0.3114

Notes: HR: hazard ratio, Cl: confident interval, TCGA: The Cancer Genome Atlas

Discussion

With the development of next-generation sequencing and target drugs for cancer, molecular classification
has become considerably more important for the detection and treatment of cancer. In 2014, TCGA
molecularly divided gastric cancer into four types, including tumors with Epstein-Barr virus, microsatellite
unstable tumors, genomically stable tumors and tumors with chromosomal instability[39]. The role of
this molecular classification for gastric cancer therapy was partly supported by the high response rate for
programmed cell death 1 (PD1)-targeted therapy of EB virus tumors and microsatellite instability-high
tumors[40]. However, the classification is not sufficiently comprehensive due to a lack of transcription
data, and it could not effectively predict the survival of gastric cancer. In our study, we proposed a new
molecular classification method for DNA methylation, CNVs and coding genes. We also described 6
clusters in combination with the clinical characteristics of patients and found that C2 and C5 showed
good prognosis due to a higher proportion of patients in early stage, while C1 and C6 showed poor
prognosis due to a higher proportion of patients in advanced stage. In the molecular typing comparison
of TCGA, we found that the EBV positive and MSI rates were higher in C2 and C4. Interestingly, the gene
mutation rate of patients was also higher in these two clusters. It is well known that EBV positive and MSI
high patients have good efficacy in current anti-PD-L1 treatment of gastric cancer, and high tumor
mutation burden is also considered as a potential biomarker. Therefore, patients in these two clusters
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may be potential beneficiaries of immunotherapy. Considering the complexity of our molecular
classification, we identified a few prognostic IncRNAs according to the different subtypes, which could be
used to distinguish gastric cancer with different risks.

LncRNA has been used to predict the survival of many types of cancer, including gastric cancer, HCC and
prostate cancer[41—-44]. Genomic CNVs play important roles in the carcinogenesis and development of
cancer. Approximately one-third of deregulated IncRNAs are associated with their CNVs. However, the
function and effects of CNV-related IncRNAs on cancer have not been thoroughly elucidated to date.
Therefore, we conducted conjoint analyses on IncRNAs and their CNVs.

In our research, we identified five CNV-related IncRNA prognostic biomarkers. We found that gastric
cancer patients with high expression of INcRNA NR2F1 antisense RNA1 (NR2F1-AS1,
ENSG00000237187) tend to have a worse prognosis. Previous research showed that NR2F1-AS1
knockdown could reduce hepatocellular carcinoma (HCC) cell invasion, migration and drug
resistance[45]. Similar to NR2F1-AS1, the other four INcRNAs were also observed to have a negative
association between their expression and prognosis in patients with gastric cancer. STARD4-antisense
RNAT (STARD4-AS1, ENSG00000246859) is rarely studied, and its role in carcinogenesis is unknown[46)].
EVX1 antisense RNA (EVN1-AS, ENSG00000253405) is reported to be expressed during embryonic body
differentiation[47]; however, its association with cancer has not been determined. Additionally, the roles of
long intergenic non-protein-coding RNA1414 (LINCO1414, ENSG00000253554) and A2M antisense RNA1
(A2M-AS1, EGSG00000245105) in carcinogenesis have not been determined. However, most of the
identified CNV-related IncRNAs were not further studied for their role in tumorigenesis and the
development of cancer in addition to NR2F1-AS1. Our survival analyses showed that the high expression
of these IncRNAs was associated with poor prognosis, supporting the importance of these IncRNAs in
gastric cancer. Therefore, the mechanisms of IncRNA regulation in gastric cancer merit further study.

Our research first conducted analyses of IncRNAs and their CNVs and identified five novel IncRNA
prognostic biomarkers. The deep bioinformatics analyses on multidimensional genomic data make our
results convincing. However, the large-scale multi-omics data are not very sufficient; therefore, our results
may not be very reliable. Furthermore, although studies validating identified IncRNAs have been
performed in another database, we could not perform validation in patients at our center.

Conclusions

In summary, we identified five innovative CNV-related IncRNAs, including NR2F1-AS1, STARD4-AS1, EVN1-
AS, LINCO1414 and A2M-AS1. The prognostic model on five identified INcRNAs was closely related to the
overall survival of gastric cancer and may serve as promising prognostic biomarkers of gastric cancer.

List Of Abbreviations

Page 10/21



GC: gastric cancer, CNV: copy number variants, INcCRNA: long non-coding RNA, TCGA: The Cancer Genome
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Figure 3

The differential IncRNA and coding genes in different subtypes of gastric cancer. A-F: the volcano plot of
six subtypes of cancer. Red dot and blue dot indicate upregulated and downregulated differential
IncRNAs. G: differential IncRNAs in all samples. H: the differential IncRNAs and protein coding genes
(PCGs) in different subtypes of cancer. Blue and rea columns represent differential IncRNAs and PCGs,
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respectively. I: Venn diagram shows the relationship between differential IncRNAs and disease associated
IncRNAs.

A

q
| ot
S| : .
1
N H I X
) - L IR &
- s &

1 [ ] @ e |
iy i il e preiss| ) ot protin acheaion ciseade: @ it ol Kbiwchig spwi 8 | e
uresiucyied brtp act restols prosss: [ bospmnaraizabent F morphagaresty of a frnching rinscies | . | e
longerisin bty actl retinic prosss: L B swssricular valve morphogeress- Vendir g | [ ] -
kosanodl reat pross: B arventticular wav development- @ Laal spinal comlcmebopnend{ 1) -
wlslar havors Feaivl prossss ) Iogurion of complament acthaies: @ ood ‘grual spinal cord cssioperd . i :_"

roracabecgic ad calblk ooy I regpation of probin ickeion cascade: Emirenz badrbnapboganna @
dgeseet aralorcal drehn g esan ool iffesriiion i spirel ol |+
guooregenesz: i acrhc vabve morphogerese 8 memsacioriesT dewsiopmenl &
g Fehol pooesit 8 PIESEAISE ETbly l&wuru'ﬂquﬂt
o 4B 0 niendEm DMLEDE0 T2
Gewflal Genefam Gerefat
Figure 4

GO enrichment analyses of three modules with substantial enrichment of IncRNA. A: network relationship
within three modules enrichment. B-D: GO enrichment of black, magenta and purple modules.

Page 19/21



g 2 g2 g 2 g2 2
g - £ I F H
g a W'ﬂ: g b LB g o] &m—m E Iﬁﬂml“m“ E mﬂ#ﬁ
(=11 i [i¥] i8] [ ] 0.8 i X [P ] 0.8 ag o [=1:] [=1+] [=E] i
[Pl ga pogitiva rala [Fals poaliva b [Falgs: pogitiva nala Falga poglive i Faigg poaiive rata
ENSGIO00245035 ENSGH000023T18T ENSGI0000248855 ENSGMH00253405 ENSGMHO0224897
§ & § - g 51 £ i 51
: £ 1 g - £ £
k] k]
E oz g s : - .E :z-
a e — P T ——— R [ ——— o ﬁmmuhw
o o T L] T L] T L] o T L] T T L T o
o 0.4 [HE:] [FA V] 04 LIE:] ] 4 LIE:] o o4 [HY:]
ENSGO00253554 ENSGO0000224307 ENSGO0000242147 ENSGDM00245105
- 5 | 3l - o

o
=

a8

Ture peais rale
o
1 1

Tisre i rate
o4
B |

Tisre pecsa v rabe
o4

Ture posfisss ol
o4
1

Tisre poaiiiee rate
o4
L

= _#ﬂmmmm = _I‘Enm&uma-uu = TROSC NI R 17 1) = _#nﬂmlmm = _#ﬂmmmn—um
® T T 1 T 11 ® T T T T T 1 L Ca EPa W M R | ST o Tl L E EPRE [ e |
oo =83 e o o4 W] oo o4 [} aa o4 oa oo o W]
Faina poaiive rals \Fadle prosetive rala [Falsa posilive rale Fabsa pasitee rale Fafsn poaiive raln
ENSGO000258537 ENSGO000023 3008 ENSGO00002TEI89 ENSGODM00231 280
£ 31 £ 3 £ 3 g2
ﬁ 3 = ﬁ 3 = ﬁ 3 E 2 =
S = ‘; - e = e =
. = = Bl

LeXe] o o8 8 ol o L] L] o4 0
Faig pos liva raba Faiga poaitiva rata Falga poailiva rata Flsa positas rabs

2 —Iﬁ'”m':l » 'IH-WI‘-?‘.; g_lﬁmlmm:su-lul: 2 TSN AT 2 = JiT T r———
Gl oA

Figure 5

Prognostic identification efficiency of 19 prognostic IncRNAs. The ROC curve of prognostic IncRNA
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Figure 6

Survival prediction and survival analyses of RiskScore models. A: The ROC curve of relapse prediction for
1-years and 5-years of IncRNA-based RiskScore models. B: Kaplan Meier curve between high and low
riskscore groups. C: The ROC curve of relapse prediction for 1-years and 5-years of IncRNA-based
RiskScore models. In our cohort. D: Kaplan Meier curve between high and low riskscore groups in our
cohort.
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