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Background: The established clinical criteria for gastric cancer prognosis are insufficient due to molecular heterogeneity.
Therefore, constructing a robust prognostic model is essential to predict gastric cancer patient survival.
Material/Methods: A comprehensive method, which combined weighted gene co-expression network analysis (WGCNA) with elas-
tic-net Cox regression, was utilized to identify prognostic long non-coding RNAs (IncRNAs) from Gene Expression
Omnibus database for overall survival (OS) prediction. Methods using WGCNA or elastic-net Cox regression
alone were treated as “contrast” methods. The univariate and multivariate Cox regression was used to iden-
tify independent prognostic clinical factors. We performed 3-year and 5-year area under the curve (AUC) of
the time-dependent receiver operating characteristic comparison of 3 different methods in gene and clinical-
gene models to explore the prediction ability of the comprehensive method. The optimal model identified in
the training set were validated in the validation set. Biological information analysis for the optimal model was
also explored.
Results: The clinical-gene model containing 13 co-expression IncRNAs identified by the comprehensive method and
3 clinical factors including molecular subtype, recurrence status and operation type, was the found to be the
optimal model in the study, with 0.832 and 0.830 for the 3-year and 5-year AUC in the training set, and 0.764
and 0.778 in the validation set, respectively. Biological information analysis suggested that lipid metabolism
played an important role in the occurrence and development of gastric cancer.
Conclusions: We constructed a novel prognostic model containing 13 co-expression IncRNAs and 3 clinical factors for gas-
tric cancer patients.
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Background

Gastric cancer (GC) is a widely known malignant cancer, iden-
tified as the third leading cause of death from cancer world-
wide. In 2015, approximately 1 313 000 people were diagnosed
with the condition, and 819 000 patients died worldwide with
a mortality rate of nearly 50% [1]. Although development in
neoadjuvant therapy and surgical techniques can improve the
potential survival of GC patients, the 5-year overall survival
(0S) rate of GC patients remains at an unsatisfactory level [2].
Earlier studies have researched that the time of initial diag-
nosis, disease stage, recurrence or distance-metastasis of GC,
the infection status of Helicobacter pylori and other demo-
graphic and clinical factors that are associated with a poor
prognosis [3,4]. However, established clinical criteria of prog-
nostic strategies based on these factors, such as tumor/node/
metastasis (TNM) classification, Lauren classification, and the
World Health Organization (WHO) classification, were insuf-
ficient to predict the OS of patients with the tumor involving
complex genetic alteration [5-7]. Therefore, constructing a ro-
bust prognostic model including genetic factors is essential to
effectively predict the prognosis of GC patients.

Recent studies have focused on high-throughput sequencing
technology to identify biomarkers related to the survival of GC
patients. Since less than 2% of the human genome encode pro-
teins, there is increasing evidence that has indicated that the
non-coding RNA is involved in tumor occurrence and progres-
sion by regulating gene expression [8,9]. Long non-coding RNA
(IncRNA), a group of non-coding RNA with a length greater than
200 nucleotides, which is a 3 times greater quantity than pro-
tein-coding RNA, has been shown to exhibit a vital role in can-
cer prognosis in recent years [10]. Zhu et al. [11] identified 24
IncRNAs which were related to the prognosis of GC patients by
using a multivariable Cox regression model, with area under the
curve (AUC) was 0.85 when combined with the American Joint
Committee on Cancers (AJCC) stage. Fan et al. [12] selected 5
IncRNAs as OS biomarkers through a random survival forest al-
gorithm, with an AUC of 0.86. Cheng et al. [13] screened 3 prog-
nostic IncRNAs using the least absolute shrinkage and selection
operator (LASSO) Cox regression and the 19-month AUC was
0.737. Peng et al. [14] identified 7 prognostic IncRNA pairs as a
prognostic signature using a permutation method and LASSO
Cox regression with concordance index of 0.872. Zhang et al. [15]
identified 11 IncRNAs as an independent survival signature for
GC patients by utilizing the co-expression of genes and LASSO
Cox regression. However, most of these studies were faced with
the challenge of high dimensionality and collinearity in data
analysis, and they might not reflect the interconnection among
genes, which might cause model over-fitting and lose mean-
ingful molecules during analysis [16]. Therefore, it is necessary
to consider the interconnection among genes and avoid mod-
el over-fitting simultaneously when predicting GC prognosis.
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In recent years, various statistical methods have been in-
troduced to reduce over-fitting in microarray data analy-
sis [10,12,17]. Penalized regression combined with the Cox
proportional hazards model, including LASSO Cox regression,
ridge regulated Cox regression, and elastic-net Cox regression,
can achieve greater performance of genomic survival analysis
by adjusting the parameters, rather than using traditional Cox
regression [18]. The LASSO Cox regression can reduce the di-
mensions of microarray data, but it cannot solve the collinearity
problem; while the ridge Cox regression can address the mul-
ticollinearity issues but cannot execute the variable selection.
The elastic-net Cox regression, which combines the advantag-
es of both LASSO and ridge Cox regressions, has been used in
a number of research studies to screen genes associated with
cancer prognosis [19,20]. In addition, weighted gene co-expres-
sion network analysis (WGCNA) has been widely performed to
identify highly interconnected genes and to explore the corre-
lation between co-expression modules and clinical traits [21].

Thus, in this study, in order to construct a robust prognostic
model of GC, we used a comprehensive method, which com-
bined WGCNA with elastic-net Cox regression, to identify the
0S prediction IncRNAs. Methods using WGCNA or elastic-net
Cox regression alone were treated as “contrast” methods.
Three- and 5-year AUC of the time-dependent receiver oper-
ating characteristic (ROC) were calculated to evaluate the pre-
diction ability of different models and identify an optimal mod-
el as the robust prognostic model of GC patients in our study.
Stratification analysis based on independent clinical factors
was used to validate the independence of the optimal model.
Biological information analysis such as the Gene Ontology (GO)
function and Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analyses was used to identify the biological func-
tions of the IncRNAs involved in the optimal model, so as to
provide a more comprehensive reference for future prognos-
tic researches and the treatment of GC patients.

Material and Methods

Data resource and preprocessing

The chip data were obtained from Gene Expression Omnibus
(GEO) database. Due to the chip platform requirement of the
IncRNA re-annotation pipeline, the inclusion criteria were as
follows: gene expression profiles of GC specimens could be ac-
cessed; a total sample of GC >50; the chip platform was GPL570
(Affymetrix Human Genome U133 Plus 2.0 Array, Santa Clara,
CA, USA); basic clinical data containing OS information was
available. Lastly, the data set GSE62254 was selected, which
consisted of 300 GC samples, the corresponding clinical vari-
ables were obtained from the original research. Next, we ran-
domly selected 70% of the samples without returning to be
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our training set and the other 30% of samples were used as
the validation set. All statistical analysis was conducted by R
3.5.0 software, significance level was set as P<0.05.

In general, IncRNA expression levels are lower than those of
protein-coding genes. The robust multichip average (RMA)
method is an effective method used to obtain a consistent es-
timate value of IncRNA expression profiles [22,23]. Therefore,
the raw CEL file of GSE62254 was processed with background
correction, quantile normalization and log2 transformation by
using the RMA method of R package “affy”. Several missing
clinic values were filled by using R package “rpart”.

LncRNA re-annotation

Affymetrix HG-U133 Plus 2.0 probe set ID annotation was based
on the annotation of NetAffx, RefSeq and Ensembl databases
for INncRNAs [24,25]. Firstly, we mapped the chip probe set ID
to the NetAffx Annotation Files (HG-U133 Plus 2.0 Annotations,
CSV format, release 36, January 2017), the Refseq IDs of
NetAffx Annotation Files which were labeled “NR” and “XR”
were retained. Secondly, the probe sets from the latest Refseq
database annotation with the gene type of “long non-coding
RNA” were retained. For the next step, we retained the probe
sets from both the NetAffx and Refseq database annotations.
Then, in the annotation of the Ensembl database, the IDs with
“3prime-overlapping-ncRNA”, “antisense”, “bidirectional_pro-
moter_IncRNA”, “lincRNA”, “macro-IncRNA”, “misc-RNA”, “pro-
cessed transcripts”, “sense-overlapping”, “sense_intronic” in
the Ensembl database were retained. Finally, the probe sets
which were assigned with a Refseq transcript ID or Ensembl
gene ID were retained for annotation.

Prognostic model construction and comparison
Construction of weighted gene co-expression networks

The IncRNA expression profiles were used to construct
weighted co-expression networks through the R package
“WGCNA” [26,27]. Firstly, a co-expression similarity matrix was
constructed by using Pearson’s correlation coefficients for all
pairwise IncRNAs. Secondly, we transformed the co-expression
similarity matrix into an adjacency matrix by choosing the soft
threshold power B=7 (scale-free topology fitting index R?=0.92)
for scale-free topology network construction. A topological ma-
trix (TOM) was created using a topological overlap measure.
Then, we calculated the corresponding dissimilarity of TOM
(dissTOM) for further analysis. The average linkage hierarchi-
cal clustering method was used to define the network mod-
ules by node dissimilarity, and the hybrid dynamic tree cut-
ting method was used to cut branches by setting a minimum
gene group size of 30 with a cut height of 0.99 for the result-
ed dendrogram. Additionally, the module eigengenes (MEs)
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were used to represent the gene expression profiles of mod-
ules, defined as the first principal component following princi-
pal component analysis in the expression profiles of IncRNAs
within a given module. The module dissimilarity correlation
was calculated based on MEs to merge the modules with sim-
ilar expression profiles greater than 20%. A univariate Cox re-
gression analysis was performed to identify prognostic mod-
ules with P value <0.05. Then, the genes in prognostic modules
with P value <0.01 were selected as hub genes by the univari-
ate Cox regression analysis.

Development of prognostic models

To construct a robust prognostic model, we used 3 methods
to identify prognosis candidate biomarkers: the comprehen-
sive method which used the WGCNA algorithm and elastic-
net Cox regression simultaneously, and the “contrast” meth-
ods using the WGCNA or the elastic-net Cox regression alone.
The hub genes of the co-expression modules play important
roles within biological processes and have generally high inter-
connection. Therefore, for the WGCNA method, we used hub
genes of prognostic modules as candidate prognostic genes.
For the elastic-net Cox regression method, all IncRNAs were
included in an elastic-net Cox regression, of which IncRNAs
with non-zero regression coefficient were considered as can-
didate genes. For the comprehensive method, we incorporat-
ed the IncRNAs of the prognostic modules which was identi-
fied by WGCNA into the elastic-net Cox regression to further
screen candidate genes. The significant independent prognos-
tic clinical variables were selected using univariate and mul-
tivariate Cox regression analysis with a threshold 0=0.05. We
then constructed clinical, gene, and clinical-gene models of the
3 methods by using risk score (RS) formula for GC patients.
The risk score was calculated as follows [27,28]:

Risk score=ieXp,**B,-
i

where exp, indicates the expression of the candidate variable
and B, is the regression coefficient of i which is calculated us-
ing ridge regulated Cox regression to ensure consistency of
all models in our study [16]. The penalized Cox regression,
including the elastic-net Cox regression and ridge regulated
Cox regression, were performed using R package “glmnet” with
10 000 iterations and 10-fold cross-validations.

Prediction ability comparison of prognostic models

The 3-year and 5-year AUC of each model were calculated by
R package “timeROC” to explore the model predictive ability.
The Z-test of the AUC values were used to compare the pre-
dictive ability of the models and identify an optimal prognos-
tic model of GC in our study. Bonferroni correction was used
for multiple comparisons with threshold a=0.025.
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Furthermore, all GC patients were divided into 2 groups (high-
risk group and low-risk group) based on their risk score us-
ing the median value of risk score as the cutoff value. Overall
survival comparison of the 2 risk groups was carried out us-
ing Kaplan-Meier (K-M) analysis and a log-rank test to identify
the prognostic value of the RS index. In addition, stratification
analysis was performed based on the independent prognos-
tic clinical variables to assess the independence of the opti-
mal model which we identified.

Biological function analysis

The top 200 mRNAs of the Spearman correlation coefficient
between the optimal IncRNAs and the data corresponding with
mRNA were identified as model target genes [28]. The GO func-
tion and KEGG pathway enrichment analyses of the target genes
were used to explore potential biological functions involved in
the optimal model. In our study, the analysis was performed
through the database for annotation, visualization and inte-
grated discovery (DAVID) 6.8 (http://david.abcc.ncifcrf.gov/).

Results

Basic characteristics of the data microarray

A total of 14 different clinical factors were utilized when con-
ducting this study, which were age, sex, T stage, M stage,
N stage, AJCC stage, WHO classification, Lauren subtype, molec-
ular subtype, recurrence status, tumor site, adjuvant concur-
rent chemoradiation therapy (adjuvant CCRT), operation (OP)
type, and Epstein-Barr virus (EBV) status. The basic character-
istics of these clinical variables were all displayed in Table 1.
Based on random sampling, 210 independent samples were
classified as a training data set and 90 samples were classified
as a validation data set. Using the data re-annotation method,
a total of 7150 probes (containing the 5238 IncRNAs) were
identified for further analysis.

Construction and comparison of prognostic models for GC
patients

Clinical model

The univariate and multivariate Cox regression analyses of
the clinical information only screened 3 clinical variables re-
lated to OS which were molecular subtype, recurrence status,
and OP type, shown in Table 2. Clinical model RS . ., was con-
structed based on these 3 independent prognostic factors, the
corresponding 3-year and 5-year AUC were 0.765 and 0.780.
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Gene model

Seven modules including blue, brown, green, red, turquoise,
yellow, and gray modules were identified by WGCNA in our
study. The modules were represented by branches of differ-
ent colors, shown in Figure 1. The univariate Cox regression
based on MEs of co-expression modules indicated only the
red module (containing 55 IncRNAs) had a significant associ-
ation with OS, and the increased expression of IncRNAs in the
red module was associated with poor prognosis (hazard ratio
[HR]=42.25, P=0.013, Table 3).

Firstly, 11 hub genes of red module were identified as candi-
date IncRNAs of WGCNA method to construct the gene mod-
el RS, The 3-year and 5-year AUC of the RS, model were
0.689 and 0.682, respectively. Next, the 3 IncRNAs (LINC00930,
AP000550.1, and AC009052.1) that were screened by the
elastic-net Cox regression were used to construct the gene
model RS_. The 3-year and 5-year AUC of RS_were 0.715 and
0.694, respectively. Then, the 13 candidate IncRNAs screened
by the comprehensive method were used to construct the gene
model RS, the corresponding 3-year and 5-year AUC were 0.731
and 0.732, respectively. The candidate prognostic IncRNAs of
different methods are shown in Table 4.

Clinical-gene model

The integrated clinical-gene models consisted of the candi-
date IncRNAs with 3 independent clinical factors for further
analysis. The model RS, .. ., which combined the candidate
[NcRNAs of RS, with 3 independent clinical factors, had 3-year
and 5-year AUC of 0.816 and 0.805, respectively. The model
RS, i €ONtaining 3 IncRNAs of RS, had 3-year and 5-year
AUC of 0.814 and 0.796, respectively. Furthermore, the 3-year
and 5-year predictive ability of the model RS__, ., containing
13 IncRNAs identified by the comprehensive method, were
0.832 and 0.830, respectively.

Comparison of predictive ability

The comparison between the different models were illustrated
in Figure 2. The 3-year and 5-year AUC comparisons of gene
models indicated that the model RS, performed much better
than models RS, and RS, with P<0.05. Considering the influ-
ence of clinical factors on model predictive ability, we com-
pared the clinical-gene models of different methods. The model
RS, .inca EXhibited a higher predictive ability than the RS, ..
and RS__ . models in 3-year and 5-year survival prediction
with P<0.001 (Figure 2A). Furthermore, the comparison between
clinical, gene, and clinical-gene models of the comprehensive
method indicated the RS__, . exhibited the highest predic-
tive ability of GC patient’s OS (Figure 2B). Therefore, the op-
timal model RS were identified as the robust prognostic

c-clinical
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Table 1. Basic characteristics of the clinical variables in GC patients.

Clinical variables Training dataset Validate dataset

Sample size 300 210 90

Dead 152 102 50
"""" Suvied 1w 18 a0
Medianage (yea) 6194 4759 6276
CSex
"""" Female 11 7
"""" Male 191 e
CTstage
"""" > w10 s
"""" s e e a
"""" s a1 s
CNstage
"""" o s s 0
"""" e
"""" > s am
"""" s s
CMstage
"""" o m
"""" A T
CMCCstage
"""" T
"""" T
"""" W e e
"""" v sy

Yes 125 110 53
"""" N st a9
"""" Unknown 1 19 g
Cmordte s
"""" Antam 1ss 10 s
"""" Bdy w7 7
"""" Cardia :mo 19 a3
"""" Whole & a2

Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]
[Chemical Abstracts/CAS]

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0) €923295-5




Luo X. et al.:

DATA BAS E A N A LYS I S Prognostic model of gastric cancer

© Med Sci Monit, 2020; 26: €923295

Table 1 conitnued. Basic characteristics of the clinical variables in GC patients.

Clinical variables Training dataset Validate dataset

WHO classification

W/D and M/D tubular 114 89 25
"""" PDtwbar 16 73 a3
"""" Signetringcell 37 25 1
"""" Mudnous 8 s 3
"""" Papilay 96 3
"""" oher 1 12 a4

Intestinal 150 110 40
Diffuse 142 95 47
Mixed 8 5 3

MSS/TP53— 107 79 28
"""" mssPSIE 7953 26
"""" M e aa
"""" mSSEMT a1
CEBVstatus
"""" Posive 1. w76
"""" Negatve 257 135
"""" Missing 12 1 9

Completed 73 46 27
"""" Notcompleted 7 s a2
"""" Notdone 20 19 e
CoPtype
"""" 15w a
"""" s¢ 1 ue  a

GC — gastric cancer; AJCC — American Joint Committee on Cancer; WHO — World Health Organization; W/D — well-differentiated;
M/D - moderately differentiated; P/D — poorly differentiated; MSS — microsatellite stable; TP53— — tumor protein 53 inactive;
TP53+ — tumor protein 53 active; MSI — microsatellite instability; EMT — epithelial-mesenchymal transition; TG — total gastrectomy;
STG - subtotal gastrectomy.

model in the study. The median of the RS_, . index was  Validation of predictive ability

used as our cutoff value to divide GC patients into 2 separate

groups (high-risk group and low-risk group). The K-M survival ~ The predictive ability of models aforementioned were vali-

analysis indicated that the low-risk group had a significantly dated using the remaining 30% of samples. The 3-year and

better survival than the high-risk group (P<0.001, Figure 3A). 5-year AUC of gene model RS_were 0.646 and 0.552, respec-
tively. A comparison between gene models proved that the
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Table 2. Prognostic clinical factors of OS for GC patients estimated by univariate and multivariate Cox regression.

Univariate analysis Multivariate analysis
Clinical variables

Adjuvant. CCRT 1.07 0.576 0.85-1.33 1.00 1.000 0.78-1.28

* Independent prognostic clinical variables with statistical significance at P<0.05 level both in univariate and multivariate Cox
analyses. OS — overall survival; GC — gastric cancer; HR — hazard ratio; Cl — confidence interval; WHO — World Health Organization;
AJCC = American Joint Committee on Cancer; OP — operation; EBV — Epstein-Barr virus; CCRT — concurrent chemoradiation therapy.

model RS_ had a relatively better performance than models
Gene dendrogram and module colors RS,, and RS, in 3-year OS prediction of GC patients (the 3-year
AUC of model RS, was 0.580; and the 3-year AUC of model
RS, was 0.492; P<0.001, Figure 2C). There was no significant
difference in the 5-year survival prediction between RS_and
RS,, the 5-year AUC of gene model RS, was 0.555, P=0.768.
In terms of comparison between the clinical-gene models,
the model RS_, . ., with 3-year and 5-year AUCs of 0.764 and
0.778, demonstrated a better OS predictive ability than RS
and RS__, . (the 3-year and 5-year AUC values of RS, .
were 0.750 and 0.751; and the 3-year and 5-year AUC values
of RS, ;... Were 0.725 and 0.740, Figure 2C). The 3-year and
5-year AUC of the clinical model in the validation set were
0.747 and 0.714, respectively. Additionally, the comparison
between clinical, gene, and clinical-gene models of the com-
prehensive method indicated that the model RS__ . . had the
most precise predictive ability in the validation set (P<0.05,
— Figure 2D). Using the model RS__, . ., the K-M survival analy-
sis between high-risk group and low-risk group in the valida-
Figure 1. Gene clustering dendrogram and merged module tion set also indicated that high risk patients had a lower sur-
colors based on a dissimilarity measure (1-TOM). vival rate than the rate among low risk patients (Figure 3B).

Height

W-clinical

Merged dynamic
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Table 3. Prognostic modules of OS for GC patients estimated by univariate Cox regression analysis.

Modules* HR P-Value 95%Cl Gene numbers Hub genes

Blue 0.18 0.234 0.01-3.090 826 =
~ Bown 03 0981 006-1734 mw -
"""""" Turquoise 187 0671 010-3344 2084 -
"""""" Yelow 172 o712 oi0-3039 8 -
© Green 320 0392 0225032 e I
R w25 0013 2208114 ss o ou
ey 00s 0053 0o0-1040 2032 I

# Modules identified by WGCNA; * prognostic module with statistical significance at P<0.05 level in univariate Cox analysis. OS — overall
survival; GC — gastric cancer; HR — hazard ratio; Cl — confidence interval. WGCNA — weighted gene co-expression network analysis.

Table 4. The candidate LncRNAs identified by 3 different methods.

PRKAG2.AS1

Coef was the corresponding ridge regression coefficient of the IncRNA (long noncoding RNA).

Stratification analysis

Stratification analysis of the optimal model RS__, . . was per-
formed based on molecular subtypes, recurrent status and
operation type (Table 5). The molecular subtypes of GC were
identified based on different patterns of disease occurrence,
progression, and prognosis from several studies [29-33].
The 4 molecular subtypes, including microsatellite instability
(MSI), microsatellite stable with epithelial-mesenchymal tran-
sition (MSS/EMT), MSS with active tumor protein 53 (MSS/
TP53+), and MSS with inactive tumor protein 53 (MSS/TP53-),
were proven to have a significant difference regarding sur-
vival rates. Of the 4 subtypes, MSI subtype led to the best
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outcome, followed by MSS/TP53+ and MSS/TP53-, and MSS/
EMT had the worst prognosis [34]. By the stratification anal-
ysis, the model performed stably and reliably in MSS/TP53+
and MSS/TP53- subgroups than other 2 subgroups: the 3-year
and 5-year AUC values of MSS/TP53+ were 0.860 and 0.816;
and the 3-year and 5-year AUC values of MSS/TP53- were
0.843 and 0.800. The AUC values of the MSI and MSS/EMT
subgroups displayed a large fluctuation: the 3-year and 5-year
AUC of MSI were 0.677 and 0.717; the 3-year and 5-year AUC
values of MSS/EMT were 0.782 and 0.881. In addition, stratifi-
cation analysis in recurrent status and operation type indicat-
ed the model performed well in patients without recurrence
(the 3-year and 5-year AUC were 0.812 and 0.730), and had
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Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]



Luo X. et al.:
Prognostic model of gastric cancer
© Med Sci Monit, 2020; 26: €923295

DATABASE ANALYSIS
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P00t IT‘m 09 P<0.001 ,m
08160814%82 0,805 796 0830 ' 0832 080
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07 ] ]
0.6
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0.4
0.3
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[l RSw M RSw-clinical [l RSc
M RSe [ RSe-clinical [ RSclinical
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091 peoom P<0.001 Frod 0.9 P<0.001 P<0.01
0.8 P<0.001 0750 5 g 0751 074050 08 0.747 Lo 0714 0‘778
0.7 P=01c8 0.7 0646
0.6 05200353 0.552 06 0552
> : > !
=2 05 2 05
0.4 0.4
0.3 0.3
0.2 0.2
0.0- L — 0.0
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Figure 2. The 3-year and 5-year area under the curve (AUC) comparison. (A) The 3-year and 5-year AUC comparison between 3
methods in gene and clinical-gene models in the training set. (B) The 3-year and 5-year AUC comparison between clinical,
gene, and clinical-gene models of the comprehensive method in the training set. (C) The 3-year and 5-year AUC comparison
between 3 methods in gene and clinical-gene models in the validation set. (D) The 3-year and 5-year AUC comparison
between clinical, gene, and clinical-gene models of the comprehensive method in the validation set.
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Figure 3. Kaplan-Meier curve. (A) Kaplan-Meier curve of high-risk and low-risk groups in the training set (the median of RS_, . asa

cutoff value for patients grouping); (B) Kaplan-Meier curve of high-risk and low-risk groups in the validation set (the median
of RS as a cutoff value for patients grouping).
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Table 5. Stratification analysis of the optimal model based on 3
independent clinical factors in the training set.

Independent clinical

3-year AUC 5-year AUC

factors

Molecular type

MSS/TP53+ 0.860 0.816
"""" Mss/TPS3- 0843 0800
"""" ms oer7 o717
"""" Mss/EMT o782 0881
Recurrentstatus
e o664 0748
"""" N o812 0730
COperationtype
e 0765 0804
"""" st 0770 0684

AUC — area under the curve; MSS — microsatellite stable;

TP53+ — tumor protein 53 active; TP53—— tumor protein 53
inactive; MSI — microsatellite instability; EMT — epithelial-
mesenchymal transition; TG — total gastrectomy; STG - subtotal
gastrectomy.

a good prediction ability for patients with total gastrectomy
(the 3-year and 5-year AUC were 0.765 and 0.804). The strat-
ified analysis was not performed in the validation set due to
the insufficient sample size of subgroups.

Biological function analysis of 13-IncRNA

The list of 200 target genes was inputted into the DAVID data-
base for GO and KEGG enrichment analysis and the results are
shown in Figure 4. The GO analysis was performed for 3 differ-
ent categories: biological process (BP); cell component (CC); and
molecular function (MF). The top 10 items of BP, indicated that
these IncRNAs were all associated with “cytoskeleton organiza-
tion” and “fatty acid metabolic process”(Figure 4A); the top 10
CC terms shown in Figure 4B, such as “intracellular part” and
“cytoplasmic part”, indicated that it might be involved in the
composition of intracellular components. For the top 10 GO MF
categories, items such as “oxidoreductase activity”, “phospho-
lipase A2 activity”, and “catalytic activity” indicated that these
biological activity processes potentially play a significant role
in the occurrence of GC (Figure 4C). The top 5 significant KEGG

” o«

pathways, which included “linoleic acid metabolism”, “alpha-lin-
olenic acid metabolism”, “arachidonic acid metabolism”, “ether
lipid metabolism”, and “valine, leucine and isoleucine degrada-
tion”, are displayed in Figure 4D. The biological pathways anal-
ysis indicated that the alterations in lipid metabolism were as-

sociated with cell proliferation of GC, and might play distinctive
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Discussion

Gastric cancer (GC) is a widely known cancer with unsatisfied
survival. It is crucial to predict the survival of GC patients by
constructing a robust prognostic model. However, most of the
studies could not cope with the problems of high dimensional-
ity and collinearity in data analysis, and they did not consider
the interconnection among genes. Therefore, we combined the
weighted co-expression gene analysis with elastic-net Cox re-
gression based on the IncRNA expression, and we identified 13
co-expression IncRNAs as prognostic biomarkers of GC, which
were LOC644656, VWAS8-AS1, LOC101928069, LINCO1206,
LINCO1085, KMT2E-AS1, DAPK1-IT1, AC139713.2, AC023509.1,
AC017091.1, PXN-AS1, PTPRD-AS1, and PRKAG2-AS1.

The 3-year and 5-year AUC comparison of 3 different meth-
ods in gene and clinical-gene models indicated that the 13 co-
expression IncRNAs identified by the comprehensive method
were the best prognostic biomarkers in the study. The com-
parison between clinical, gene, and clinical-gene models of the
comprehensive method identified the modelRS__, . was the
optimal prognostic model, with 0.832 and 0.830 for 3-year and
5-year AUC in the training set, respectively. Compared with pre-
vious prognostic research, although the 3-year and 5-year AUC
of RS_ ..t Were not the highest, the comprehensive method
performed well in avoiding model over-fitting in high dimen-
sional data and considering the association between genes,
which were the limitations in previous studies. The results also
indicated that both the clinical and genetic factors were indis-
pensable in prognosis prediction.

Analysis in the validation set further validated our findings.
The comparison between different methods in the clinical-gene
models validated the value of the comprehensive method in
prognostic prediction for GC. The 3-year and 5-year AUC of the
optimal model RS_, . were 0.764 and 0.778 in the valida-
tion set, respectively. However, the predictive ability of model
RS was performed unstably in the 3-year and 5-year survival
prediction, which might be due to insufficient sample size.
Furthermore, the K-M analysis of GC patients indicated that
the RS__ ..., index might be an effective prognostic factor to
distinguish high-risk and low-risk patients with GC. In addition,
stratification analysis indicated the modelRS__, .  performed
stably in the MSS/TP53+ and MSS/TP53- subgroups. And the
optimal model had a good prediction ability for patients with-
out recurrence and patients with total gastrectomy. However,
the model performed inaccurately in other subgroups. The large
fluctuations in the 3-year and 5-year survival prediction of the
optimal model in other subgroups might be caused by the small
sample size and the extreme survival status of subgroup GC
patients. A more reliable predictive model is required in future
research for patients with special subtypes of GC.
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Figure 4. The most significantly enriched Gene Ontology (GO) annotations and pathways of 13 IncRNAs which we identified in the
study. The length of bars and the size of dots represent the numbers of genes; the color of bars and dots corresponds to
P value according to legend. (A) Top 10 significantly enriched biological process GO annotations. (B) Top 10 significantly
enriched cellular component GO annotations. (C) Top 10 significantly enriched molecular function GO annotations. (D) Top 5
significantly enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway.

One of the 13 prognostic IncRNAs PXN-AS1 has been report-
ed to play an important role in tumor development, apopto-
sis, metastasis, and drug-resistance in several previous studies.
Yuan et al. [36] identified PXN-AS1 as an alternative splicing
factor which was modulated by Muscleblind-like-3. It was as-
sociated with focal adhesion protein, involved in transducing
signals of the extracellular matrix, post-transcriptional gene
regulation, and promoted cell proliferation in hepatocellular
carcinoma. Zhang et al. [37] reported the mechanisms of PXN-
AS1-Lin non-small cell lung cancer (NSCLC). The over-expres-
sion of PXN-AS1-L increased the diversity of NSCLC cell and was
significantly associated with advanced TNM stages and poor
prognosis of NSCLC patients, and could be a potential prognos-
tic biomarker and therapeutic target of NSCLC. Furthermore,
IncRNA LINC01206 has been reported over-expression in lung
squamous cell carcinoma or lung adenocarcinoma, and might
be involved in cancer-related pathways such as apoptosis and
migration of cell [38].

However, other IncRNAs which we identified in this study have
not been reported currently, and the biological role of these
IncRNAs in GC remains unknown. Therefore, we performed the
GO and KEGG pathway enrichment analyses to briefly describe
the potential molecular mechanisms of these 13 prognostic
IncRNAs in GC. The results of the GO analysis indicated that
these IncRNAs were associated with cytoskeleton components
and intracellular components such as cytoplasm and organelle
membrane, and participated in the fatty acid metabolic pro-
cess and various biological activities such as oxidoreductase
activity and catalytic activity. The KEGG enrichment analysis
suggested that lipid metabolism plays an important role in GC
cell proliferation, differentiation, and survival. The lipids are a
diverse group of hydrophobic molecules which includes fats,
oils, waxes, phospholipids, and steroids. Several studies have
confirmed that various human cancers displayed aberrant ac-
tivation of lipid metabolism, and this enabled cancer cells to
proliferate, grow, and metastasize [35]. The alterations in lipid
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metabolism might be associate with GC progression and prog-
nosis, and it might provide a novel diagnostic and therapeutic
target for clinics. The biological functions of the 13 IncRNAs in-
cluded in this study requires further investigation to provide
a better understanding of the molecular mechanism in GC.

In addition, some limitations in our study need to be improved
in future research. Firstly, the IncRNA re-annotation pipeline
was based on the Affymetrix HG-U133 Plus 2.0 platform, which
only represented a part of IncRNAs. A more comprehensive
and reliable IncRNA re-annotation pipeline for all platforms
is required. In addition, we only used a 30% internal sample
as our validation set; large external cohorts of GC patients
are required to further assess the robustness of the optimal
model. Also, corresponding cell experiments and clinical trials
are needed to validate our findings in future investigation. In
addition, some biases might exist in selecting prognostic bio-
markers based on IncRNAs profiles in this study; thus, analy-
sis based on multi-omics data is required to better understand
the molecular functions and disease etiology.
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Conclusions

In summary, we used a comprehensive method which com-
bined WGCNA with elastic-net Cox regression to identify
potential biomarkers in the OS prediction of GC patients.
The clinical-gene model, which contained 13 co-expression
IncRNAs (LOC644656, VWA8-AS1, LOC101928069, LINC01206,
LINCO1085, KMT2E-AS1, DAPK1-IT1, AC139713.2, AC023509.1,
AC017091.1, PXN-AS1, PTPRD-AS1, and PRKAG2-AS1) and 3 in-
dependent clinical variables (molecular subtypes, recurrent sta-
tus, and operation type) were identified as a robust prognostic
model for this study. The novel prognosis model might provide
molecular knowledge to improve the clinical findings for the
0S of GC patients. Further studies are required to validate our
findings and explain the biological functions of these IncRNAs.
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