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A six-gene prognostic predictor for patients with gastric cancer
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ABSTRACT

Differentially expressed genes and biological pathways are potential diagnostic 
biomarkers and therapeutic targets in gastric cancer. Yet few studies have used gene 
models for predicting patient prognosis. Here, we establish a multiple-gene signature 
to predict the prognosis of patients with gastric cancer. Using a robust likelihood-
based survival model with data from the gene expression profiling dataset GSE62254, 
we built a six-gene signature (RBPMS2, HEYL, NES, TPMT, SMARCD3 and FAM127A) 
to be used to for prognostic prediction. This signature was able to divide a training 
set of patients into high- and low-risk groups, and patients in the high-risk group had 
significantly poorer survival outcomes compared with patients in the low-risk group. 
The six-gene signature was further validated with external validation sets of patient 
data. According to univariate and multivariate analyses, this six-gene signature and 
tumor stage can both be considered as independent prognostic indicators of patients 
with gastric cancer. In conclusion, we have established a six-gene signature as a 
prognostic predictor of patients with gastric cancer, providing new insights and novel 
biomarkers for gastric cancer prognosis, and possibly aiding in the discovery of novel 
therapeutic targets in clinical applications.

INTRODUCTION

Gastric cancer (GC) is one of the most common 
malignant tumors. In 2012, approximately 951,600 new 
cases of GC were diagnosed, and 723,100 deaths resulted 
from GC worldwide [1]. In China in 2015, GC ranked 
second and third for the most commonly diagnosed cancers 
among men and women, respectively [2]. However, GC is 
a complicated disease, with histological and aetiological 
heterogeneity [3], and it exhibits a wide range of molecular 
alterations [4]. Even patients in similar clinical stages can 
experience vastly different outcomes [5]. This may be due 
to the diverse molecular characteristics of GC. Both the 
Cancer Genome Atlas Research Group (TCGA) and the 
Asian Cancer Research Group (ACRG) have proposed 
molecular classification systems which divide GC into 

different groups based on gene expression profiling [3, 6], 
aiming at specific GC molecular phenotypes. Although a 
decline in incidence and mortality rates has been observed 
in recent years, GC still has a poor prognosis, with only 
28.3% of new cases expected to survive longer than 5 
years [7]. Therefore, finding ways to improve prognostic 
conditions or explore aberrant molecular biomarkers of 
GC patients remains an important yet difficult challenge 
for scientists and researchers.

With the development of microarray and sequencing 
technologies, as well as available transcriptome profiling 
datasets such as TCGA and the Gene Expression Omnibus 
(GEO), gene expression profiling studies on GC have 
been increasingly reported. Differentially expressed genes 
and their integrated biological pathways and molecular 
functions are increasingly being considered as potential 
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diagnostic markers, therapeutic targets, or biomarkers 
for many diseases [8, 9] and cancers [10, 11]. Diverse 
gene expression-based prognostic systems have also been 
established for many cancers including GC [12–14] to 
assess prognoses risk of patients [5, 15–17]. In one study, 
researchers used microarray technologies based on 65 
GC patients to identify a 6-gene signature associated with 
relapse [5]. These six genes (CTNNB1, EXOSC3, TOP2A, 
LBA1, LZTR1 and CCL5) were shown to be significantly 
associated with survival and early relapse, which hold 
strong clinical implications. In another study, researchers 
developed a 53-gene signature and a prognostic 
scoring system for GC using a canonical discriminant 
analysis [15].

Although there have been recent discoveries 
identifying molecular markers and potential constructions 
of gene models for GC, there are still only a few gene 
signatures designed to assess prognosis and overall 
survival (OS). Effective and strong methods for 
assembling these gene models are still difficult to 
formulate.

In order to explore the molecular features and 
biological significance possessed by certain genes, and to 
better assess the prognosis of GC, we have successfully 
developed a six-gene signature as a prognostic predictor of 
patients with GC based on robust likelihood-based survival 
modeling. We further established a prognostic risk scoring 
system to predict OS of GC patients. Based on internal 

Figure 1: Workflow of the multi-step strategy for developing the six-gene signature as a prognostic predictor of 
patients with GC. 
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and external data validations, we have demonstrated the 
strong reliability of this signature. Therefore, our six-
gene signature can provide new insights and promising 
biomarkers for GC prognosis, and it may also aid in the 
discovery of novel therapeutic targets for GC in clinical 
applications.

RESULTS

Identification of perturbed genes associated with 
overall survival

In this study, we developed a multi-step strategy to 
establish a gene signature for the prognostic prediction 
of patients with GC (Figure 1). First, a dataset of GC 
patient gene expression profiles (GSE62254, 300 tumor 
samples) was downloaded from the GEO database. We 
used this dataset as a training set for the prognosis model 
construction. When the data generation of gene expression 
was analyzed, a total of 21,755 genes were enrolled for 
further study. We next performed primary screening to 
select significant genes that may be involved in tumor 
development and progression. These genes would be 
expected to display differential expression patterns among 
different GC patients. We therefore used the following 
screening conditions: 1) the median expression level of the 
target gene was higher than 70% of total samples; and 2) 
the variance expression level of the target gene was higher 
than 70% of total samples. Following these conditions, we 
found 12,695 genes with high expression and alteration 
levels among the different GC samples.

In the GSE62254 dataset, each patient sample 
included detailed clinicopathologic information, survival 
time, and status. To evaluate the prognostic value of the 
above genes in GC patients, we performed univariate 
survival analysis using the Cox proportional hazard 
regression model, with p < 0.05 as the threshold. 4,871 
genes were found to be associated with the OS of GC 
patients (Supplementary Table 1). A pathway enrichment 
analysis was then carried out with WebGestalt (http://
bioinfo.vanderbilt.edu/webgestalt/option.php) [18], using 
the Fisher’s exact test with an adjusted p-value of 0.05. 
We found that these genes were significantly enriched 
in cancer-related pathways including pathways in 
cancer, p53 signaling pathway, metabolic pathways, and 
MAPK signaling pathway (Figure 2A). This suggested 
that the genes identified above should be involved 
in GC progression and contribute strongly as genes 
signatures in GC.

Establishment of the six-gene signature of GC by 
robust likelihood-based survival modeling

In order to build a strong gene model able to predict 
OS of patients with GC, we used robust likelihood-based 
survival modeling. This utilized the partial likelihood of 

the Cox model to select significant survival-associated 
genes, where available using the rbsurv package in the 
R language environment. Briefly, given data with large 
variability, this cross-validation method separates samples 
into training and validation sets. In the forward selection 
steps, it develops a series of gene models in which AICs 
are calculated and an optimal model with the smallest 
AICs is defined.

Based on the above algorithm, we established a 
six-gene signature for the prognostic predictor of GC. 
The six survival-associated genes selected by AICs were 
RBPMS2, HEYL, NES, TPMT, SMARCD3 and FAM127A. 
Using the hierarchical clustering analysis, 300 patients 
were divided into two groups according to their expression 
patterns (Figure 2B). Kaplan–Meier curves were then used 
to compare different outcomes of GC patients in the two 
groups (Figure 2C). We found that patients in group 1 had 
significantly better OS outcomes than patients in group 2 
(log-rank test p-value <0.001). Therefore, these six genes 
were considered to be prognostic predictor for patients 
with GC.

Molecular characteristics of the six genes in GC

To explore whether the expression of these genes are 
dysregulated in the tumors compared to the normal tissues 
in GC, we compared their expression levels between 
tumor and normal tissues in the TCGA database. We 
downloaded gene expression profiling data from a total of 
375 GC tumor samples and 32 adjacent normal stomach 
samples. As Figure 2D shows, the expression level of 
FAM127A, RBPMS2 and SMARCD3 were significantly 
down-regulated in tumor tissues compared with normal 
stomach. Conversely, the expression level of HEYL was 
up-regulated in tumor tissues. Both NES and TPMT genes 
were not differentially expressed between tumor and 
normal tissues. Meanwhile, we compared these six genes 
expression in 27 pairs of tumor and their matched normal 
tissues in TCGA. Results were consistent with above that 
FAM127A (p-value=0.003), RBPMS2 (p-value<0.001), 
SMARCD3 (p-value<0.001) and HEYL (p-value=0.009) 
were dysregulated. Both NES (p-value=0.458) and 
TPMT (p-value=0.135) genes were also not differentially 
expressed. FAM127A, previously named CXX1, was 
identified as down-regulated in GC in another study [19]. 
Likewise, studies of colon and breast cancer showed that 
HEYL was highly expressed in cancerous endothelial 
cells compared to their normal counterparts [20–22]. 
Surprisingly, one study found RBPMS2 to be up-regulated 
in gastrointestinal stromal tumors when compared to 
normal adult gastrointestinal tissues [23].

To determine normal protein expression of the six genes, 
we analyzed them in The Human Protein Atlas database. 
We found that SMARCD3 is strongly expressed in healthy 
stomach tissues and weakly expressed in tumor tissues (Figure 
2E), consistent with results from the TCGA database.

http://bioinfo.vanderbilt.edu/webgestalt/option.php
http://bioinfo.vanderbilt.edu/webgestalt/option.php
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Subsequently, the STRING database was used to 
illustrate the protein-protein interaction (PPI) network 
of the above genes. The PPI correlations were generated 
using the Cytoscape software. As shown in Figure 2F, 
these six genes may not directly connect with each other 
until ubiquitin C (UBC) was added into this interaction 
that we made up an interactive network.

Since the 6-gene signature is generated from 
tumor samples to predict the prognosis with high risks 
or low risks, we compared the gene expression of these 
6 individual genes by analyzing them between different 
histological types of GC cell lines. We used the database 
“The Cancer Cell Line Encyclopedia (CCLE)” (https://
portals.broadinstitute.org/ccle/home) which provides 
public access to genomic data for 38 GC cell lines 
(Supplementary Table 2). We first download the gene 
expression profile of these six genes. Then we drew 
heatmap in R to compare the expression of these 6 genes in 
high and low-grade GC cell lines (tubular adenocarcinoma, 
signet ring adenocarcinoma and undifferentiated 
adenocarcinoma) in Supplementary Figure 1A. However, 
similar histological types were not obviously clustered 

together. Using analysis of variance (ANOVA), we found 
that there was no statistically significance (p-value>0.05). 
Next, we picked out the intestinal and diffuse type GC 
cell lines (Supplementary Figure 1B). We found that the 
expressions of NES (3.05 fold-change), FAM127A (3.96 
fold-change) and SAMRCD3 (1.19 fold-change) in the 
diffuse type were higher than those in the intestinal type. 
In our results, this six-gene signature was established by 
a robust survival model. So they were closely associated 
with prognosis rather than histological type.

Establishment of a prognostic risk scoring 
system for the six-gene signature

To develop a prognostic risk scoring system for the 
six-gene signature to predict the OS of GC patients, we 
used the Cox proportional hazard regression to obtain the 
regression coefficient of each gene, using the survival 
package in the R language. We established the risk scoring 
system using gene expression values (log2-transformed) 
as follows: risk scoring = (0.199) * FAM127A value + 
(0.709) * SMARCD3 value + (-1.381)* TPMT value + 

Figure 2: Establishment of the six-gene signature and molecular characteristics of the six genes in GC. (A) Pathway 
enrichment analysis of genes associated with the OS of patients. (B) Heat map of the expression patterns of the six genes in the training 
set. (C) Kaplan–Meier curves for the six-gene signature in the training set (log-rank test p-value <0.001). (D) Violin plot of the expression 
patterns of the six genes from 375 tumor samples and 32 normal samples in the TCGA database (https://cancergenome.nih.gov/). (E) 
SMARCD3 expression in normal stomach tissue and tumor tissues taken from The Human Protein Atlas (http://www.proteinatlas.org) 
online database. (F) A protein-protein interaction network was developed based on the STRING database and generated using the Cytoscape 
software. Blue nodes represent the six genes above. The red node represents at the hub gene that connects all six genes.

https://portals.broadinstitute.org/ccle/home
https://portals.broadinstitute.org/ccle/home
https://cancergenome.nih.gov/
http://www.proteinatlas.org
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(-0.153)* HEYL value + (1.930)* NES value + (0.656)* 
RBPMS2 value. We then calculated the risk score of each 
patient in the training set. As shown in Figure 3A, the area 
under the time-dependent ROC curve (AUC) was 0.760 
for predicting 5-year survival by the survivalROC package 
in the R language environment, indicating the accuracy 
of prognostic prediction based on our six-gene signature.

We then separated the 300 GC patients into high- 
and low-risk groups using the optimum cut-off point of 
the risk score according to the ROC curve. Patients in 
the high-risk group had significantly poorer OS results 
compared with those in the low-risk group (log-rank test 
p-value <0.001) (Figure 3B). Therefore, our six-gene 
signature can strongly predict OS for GC patients.

Internal and external data validation of the six-
gene signature in GC

To demonstrate the robustness of the six-gene 
signature, we used internal and external data for 
verification. We first constructed a prognostic nomogram 
to visualize our Cox proportional hazard regression 
(Figure 4A). This nomogram is able to predict the 3- and 
5-year OS using the expression levels of all six genes. The 
nomogram illustrated that NES is the largest contributor 
to prognosis, followed by RBPMS2, TPMT, SMARCD3, 
FAM127A, then HEYL. The C-index was calculated 
to evaluate the performance of this nomogram with a 
calibration curve conducted to determine its discrimination 
and prediction. The C-index was 0.696 (95%CI: 0.6579-
0.7351, p-value < 0.001) and the calibration plot for the 
probability of the 3- and 5-years survival showed optimal 

agreement between prediction by the nomogram and the 
actual observation (Figure 4B and 4C).

We next used an independent cohort of patients 
from the GEO series GSE15459, (n=192, with detailed 
clinicopathologic and survival information) as an 
external validation set. The gene expression array 
platform for this dataset was the same as for the training 
set previously described. The survival risk score of each 
patient was calculated based on the above results. The 
time-dependent ROC curve results demonstrated that 
this six-gene signature can appropriately predict OS for 
patients with GC (AUC = 0.601, year=5, Figure 5A). 
When we used the same cut-off point as in the training 
set for risk score (cut-off point = 3.562) to separate all 
patients in the validation set, as shown in Figure 5B, the 
Kaplan-Meier curves indicated significant differences 
between high-risk and low-risk groups (log-rank test p-
value=0.039). We again divided all patients into two risk 
groups based on the optimal cut-off risk scoring (Figure 
5C), and Kaplan-Meier curves indicated significant 
differences between the high- and low-risk groups (log-
rank test p-value=0.004).

Besides GSE15459, we also employed another 
two series GSE26253 (n=432) and TCGA data (n=368) 
to verify robustness of our six-gene signature. The 
survival risk score of each patient was calculated based 
on the above results. Kaplan-Meier curves also indicated 
significant differences between 5-year OS of two risk 
groups in GSE26253 (p-value=0.010, Supplementary 
Figure 2A) and TCGA (p-value= 0.022, Supplementary 
Figure 2B). Therefore, our six-gene signature is functional 
for the prognostic prediction of patients with GC.

Figure 3: The time-dependent ROC and Kaplan–Meier curve for the six-gene signature in the training set. (A) The 
time-dependent ROC curve for predicting the 5-year survival. (B) The Kaplan–Meier curve for the six-gene signature that divided the 
300 patients by the optimum cut-off point (log-rank test p-value <0.001). Survival probability is shown on the y-axis and survival time in 
months is on the x-axis. Shaded ribbons denote 95% confidence intervals (95%CI).
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Correlations between the six-gene signature and 
clinicopathologic characteristics

In order to investigate the association of the six-gene 
signature with clinical information in GC, we performed 
univariate and multivariate Cox regression analyses for the 

external validation set. The univariate survival analysis 
revealed that the six-gene signature (p-value=0.043) and 
the tumor stage (p-value<0.001) were both prognostic 
factors for OS. The multivariate analysis confirmed that 
the six-gene signature (p-value=0.032) and the tumor 
stage (p-value<0.001) can be considered as independent 

Figure 4: Internal data validation of the nomogram and calibration plots.  (A) Prognostic nomogram able to predict the 
3- and 5-year OS (In brief, draw an upward vertical line from each individual gene line to the “points” line to calculate the score for each 
factor. Based on the sum of the points of all six genes, draw a downward vertical line from the “total points” line to calculate the 3- or 
5-year survival. (B) Calibration plot of the nomogram for the probability of the 3-year survival. (C) Calibration plot of a nomogram for the 
probability of 5-year survival (Nomogram-predicted probability of survival is plotted on the x-axis; actual survival is plotted on the y-axis).

Figure 5: The time-dependent ROC and Kaplan–Meier curves for the six-gene signature in the validation set.  (A) The 
time-dependent ROC curve for predicting the 5-year survival. (B) The Kaplan–Meier curve for the six-gene signature dividing 192 patients 
by the above cut-off point (log-rank test p-value =0.039). Survival probability is shown on the y-axis and survival time in months is on the 
x-axis. Shaded ribbons denote 95% confidence intervals (95%CI). (C) The Kaplan–Meier curve based on optimal cut-off point (log-rank 
test p-value =0.004).
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prognostic indicators in predicting the OS of patients with 
GC (Table 1).

Finally, we performed the Chi-square test to 
explore correlations between the six-gene signature and 
clinicopathologic information. Table 2  shows that risk 
groups of the six-gene signature were only significantly 
correlated with the Lauren classification (p-value<0.001). 
Therefore, this six-gene signature may take part in the 
development and progression of GC.

DISCUSSION

In the present study, we aimed to explore the 
molecular characteristics of GC and build a potential gene 
model to assess its prognosis. We successfully developed 
a six-gene signature for the prognostic prediction of 
patients with GC based on robust likelihood-based 
survival modeling. Simultaneously, we also established a 
prognostic risk scoring system to predict patient OS and 
presented validation of the external data. Collectively, 
our results can provide new insights and promising 
biomarkers for GC prognosis, and may help to discover 
novel therapeutic targets for GC in clinical applications.

Many genes have been shown to be differentially 
expressed and involved in the tumorigenesis of malignant 
tumors. Liang et al. identified 3,500 differentially 
expressed genes (DEGs) in colorectal cancer (CRC), 
including 1,370 up- and 2,130 down-regulated genes. 

These DEGs were enriched in significant biological 
pathways including cell cycle, DNA replication, and 
metabolism, suggesting that they can be used as molecular 
targets and diagnostic biomarkers for CRC [10]. However, 
there have only been a few studies correlating genes or 
gene models with patient prognosis and survival. For 
example, a prognostic 4-gene expression signature for 
squamous cell lung carcinoma was established using 
the LASSO method to select key genes influencing 
patient prognosis [24]. Also, RNA-seq data and clinical 
information from TCGA were combined with a stepwise 
multivariable Cox analysis to obtain a 4-gene signature 
including one lncRNA in lung adenocarcinoma [25]. In a 
screen for the gene signatures in colon cancer recurrence, 
a 15-gene signature was identified using the support 
vector machine (SVM) analysis [26]. In GC, a total of 
17 genes, including DAB2, ALDH2, CD58, CITED2, 
BNIP3L, SLC43A2, FAU, and COL5A1 were identified as 
signature genes associated with prognosis [17]. Similarly, 
based on the GEO database and the LASSO method, five 
or more genes in the 11-gene model generated were able 
to evaluate the prognostic risk of GC patients [16]. These 
potential gene models for predicting the OS and prognosis 
of patients may be applied in further clinical practice. We 
have generated a table with comparison of these published 
studies (Supplementary Table 3) [5, 15, 16, 27–29]. 
However, we found out that no genes were overlapped 
between our present study and others. The reasons may 

Table 1: Univariate and multivariate Cox regression analyses of prognostic factors for patients with GC (HR: Hazard 
Ratio)

Variables No. of patients Univariate analysis Multivariate analysis

HR 95% CI p-value HR 95% CI p-value

Age at surgery 0.888 0.593-1.330 0.564 1.114 0.734-1.692 0.612

  ≤64.8 77

  >64.8 115

Gender 0.925 0.610-1.402 0.712 1.319 0.854-2.036 0.212

  Male 118

  Female 74

Lauren classification 1.03 0.689-1.542 0.885 0.777 0.506-1.194 0.25

  Intestinal 96

  Diffuse + Mixed 96

Stage 5.311 3.032-9.301 <0.001 5.909 3.323-10.508 <0.001

  I + II 61

  III + IV 131

Groups 2.036 1.024-4.050 0.043 2.235 1.070-4.669 0.032

  Low Risk 30

  High Risk 162
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due to different databases used, different platforms as 
well as different analysis methods, suggesting us there 
exists different and various gene signatures or panels for 
predicting the OS and prognosis of GC patients.

For the six-gene signature developed here, expression 
levels of FAM127A, RBPMS2 and SMARCD3 were seen to 
be down-regulated in tumor tissues compared with healthy 
stomach, HEYL was up-regulated, and neither NES nor 
TPMT were differentially expressed between tumor and 
normal tissues in the TCGA database (Figure 2D). FAM127A 
(family with sequence similarity 127, member A), a protein 
coding gene previously named CXX1, was identified to 
be down-regulated gene in eight GC cell lines compared 
with a normal gastric cell line using cDNA microarray [19]. 
RBPMS2 (RNA binding protein with multiple splicing 2), 
which functions in mRNA and nucleotide binding and is 
shown to be involved in the regulation of gastrointestinal 
smooth muscle differentiation and proliferation [30], was 
shown to be 42-fold higher in gastrointestinal stromal 
tumors than in the control samples [23]. RBPMS2 with the 
rs11672691 SNP was significantly associated with gene 
expression after accounting for multiple comparisons for 
each SNP in prostate cancer [31]. SMARCD3 (SWI/SNF 
related, matrix associated, actin dependent regulator of 
chromatin, subfamily d, member 3) is a member of the 
SWI/SNF family of proteins, regulating gene transcription. 
Smarcd3/Baf60c has been proven to epigenetically induce 
the epithelial-mesenchymal transition by activating the 
Wnt signaling pathway [32]. In one study, the expression 
level of SMARCD3 was reduced in a subset of endometrial 
cancer samples, particularly in those samples with loss of 
ARID1A expression [33]. HEYL (hes-related family bHLH 
transcription factor with YRPW motif-like), which functions 
as a direct target of the Notch signaling pathway [34], was 
significantly higher in breast tumors compared to normal 
breast tissue [22]. This study, also demonstrated that HEYL 
can inhibit TGF-β signaling by binding Smad proteins to 
promote the occurrence of breast cancer. NES (nestin) was 
shown to be in the regulation of cell proliferation, cycle, 
survival, apoptosis and other molecular functions. Nestin 
expression has also been detected in many types of human 

solid tumors [35]. The genetic polymorphism of TPMT 
(thiopurine S-methyltransferase) has been shown to be 
one of the most striking examples of pharmacogenetics in 
cancer therapy [36].

Meanwhile, we have built protein-protein interaction 
based on these six genes. As shown in Figure 2F, these 
six genes may not directly connect with each other 
until ubiquitin C (UBC) was added into this interaction. 
Ubiquitin and ubiquitin-like proteins (Ubls) are not 
only associated with protein degradation, but are also 
closely involved in many other cellular functions, such 
as proliferation, apoptosis, cell cycle, and DNA repair 
[37]. Moreover, the UBC gene has been considered as 
an effective radiosensitizing target in non-small cell lung 
cancer [38].

In the comparison of histological type cell lines 
and these six genes expression profile, we found similar 
histological types were not obviously clustered together. 
Using ANOVA, there was no statistically significance 
which suggested us that there is no relationship between 
histological type and expression pattern. When we picked 
out the intestinal and diffuse type GC cell lines, we found 
that the expressions of NES, FAM127A and SAMRCD3 in 
the diffuse type were higher than those in the intestinal 
type. However, there was only one intestinal type cell line 
which may result in bias.

Most other studies on gene signatures of human 
cancers are involved in how DEGs interact with 
significant biological processes or pathways, and few 
studies are focused on assessing patient prognosis and 
OS. Hence, we aimed to establish a multi-gene model to 
fill this gap. In this study, we showed, for the first time, a 
six-gene signature with a robust likelihood-based survival 
model for prognostic prediction of patients with GC. We 
further established a prognostic risk scoring system by the 
Cox proportional hazard regression. However, there are 
several limitations in our present study. First, our six-gene 
signature should be further verified in other independent 
cohorts including the TCGA database or clinical samples. 
Second, future research must investigate the prognostic 
value of our model for specific clinicopathologic features 

Table 2: Correlations between the six-gene signature and clinicopathologic characteristics (χ2 and p-value were 
obtained from the Chi-square test using SPSS software)

Age χ2 p-
value

Gender χ2 p-
value

Lauren 
classification

χ2 p-
value

Stage χ2 p-
value

≤64.8 >64.8 Male Female Diffuse 
+ Mixed Intestinal I + 

II
III + 
IV

Groups 2.673 0.102 3.472 0.062 12.800 <0.001 2.193 0.139

  High 
Risk 69 93 95 67 72 90 48 114

  Low 
Risk 8 22 23 7 24 6 13 17
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of GC patients, such as TNM stage, disease free survival 
(DFS) and relapse free survival (RFS).

In summary, we have established a six-gene 
signature that can be considered as a prognostic predictor 
of patients with GC. This study provides new insights 
and novel biomarkers for GC prognosis, and may help to 
discover novel therapeutic targets in clinical applications.

MATERIALS AND METHODS

Microarray data source and generation

Three independent gene expression microarray 
datasets (GSE62254, GSE15459 and GSE26253) were 
downloaded from the GEO database (http://www.ncbi.
nlm.nih.gov/geo/). The GSE62254 series contained 
microarray profiles of 300 tumors from GC patients with 
detailed clinicopathologic and survival information based 
on the GPL570 platform (Affymetrix Human Genome 
U133 Plus 2.0 Array), contributed by Cristescu R. et al 
[6]. The GSE15459 series contained data from 192 GC 
patients based on the same platform, contributed by Ooi 
C. et al [39]. The GSE26253 series contained data from 
432 GC patients based on the Illumina HumanRef-8 WG-
DASL v3.0 platform, contributed by Lee J. et al [40]. 
GSE62254 was used as a training set for gene signature 
establishment, GSE15459 and GSE26253 was both used 
as validation sets to test the reliability of the model. 
Briefly, the probe symbols were first converted into the 
corresponding gene symbols based on the annotation 
platform. When one gene corresponded to multiple probes, 
the average expression level of the gene was considered 
to be its initial value. Finally, the limma package [41] in 
the R language environment was used to normalize gene 
expression intensities.

Establishment of the six-gene signature

In order to select survival-associated genes, a robust 
likelihood-based survival model was used which utilized 
the partial likelihood of the Cox model to select significant 
survival-associated genes by the rbsurv package in the R 
language environment [42]. In brief, GC patients were 
divided into the training set with 300*(1-1/4) samples and 
the validation set with 300*1/4 samples. Each gene was 
evaluated by being individually fit into the training set, 
obtaining the parameter estimate, and evaluating the log 
likelihood with the parameter estimate and the validation 
set. The above procedure was repeated 10 times and 
the best gene with the largest mean log likelihood was 
chosen. The next best gene was investigated by repeating 
the previous two steps and selecting an optimal two-gene 
model. When the forward selection steps developed a 
series of gene models, Akaike information criterions 
(AICs) were computed, and the optimal model with the 
smallest AICs was selected.

Integrated analyses of the six-gene signature

Hierarchical clustering analysis was used to observe 
the expression of six genes and sample correlation 
by the pheatmap package in the R language, with the 
“correlation” parameter in the row cluster and the 
“euclidean” parameter in the column cluster. A kaplan-
Meier curve was used to observe the different survival 
outcomes of the two groups divided using the above 
heatmap by the survival package (p-value was computed 
from log-rank test). Gene expression profiling data from 
a total of 375 tumor samples and 32 adjacent normal 
sampleswas downloaded from the TCGA database to 
explore whether these six genes were differentially 
expressed in GC. A violin plot of the expression patterns 
for the six genes was drawn with the ggplot2 package in 
the R environment. The Human Protein Atlas database 
(http://www.proteinatlas.org/) was used to generate 
images of the six protein expression profiles using 
immunohistochemistry. The STRING database [43] 
(http://string-db.org/) was used to indicate interactions 
of the six with others proteins. The software Cytoscape 
(version 3.4.0) was used to visualize protein-protein 
interaction networks.

Establishment of a prognostic risk scoring 
system

To generate a risk scoring system for the six genes, 
Cox proportional hazard regressions were performed to 
obtain the regression coefficient of each gene using the 
survival package in the R language. The risk score was the 
sum of the products of the log2-transformed expression 
level of each gene and its corresponding coefficient, 
as follows: risk score = (0.199) * FAM127A + (0.709) * 
SMARCD3 + (-1.381)* TPMT + (-0.153)* HEYL + (1.930)* 
NES + (0.656)* RBPMS2. The area under the time-
dependent receiver operating characteristic (ROC) curve 
(AUC) was determined to predict the 5-years survival by 
the survivalROC package in the R language to evaluate 
the specificity and sensitivity of the six-gene signature. 
GC patients were split into high- and low-risk groups 
by optimal cut-off value based on the ROC curve, and 
the Kaplan-Meier curve was used to observe survival 
outcomes of the two groups.

Data validation of the six-gene signature

A nomogram was used to visualize the Cox 
proportional hazard regression using the rms package 
in the R language. The nomogram was used to predict 
the 3- and 5-year OS using results from the expression 
levels of all six genes. The concordance index (C-index) 
and a calibration curve were also used to determine the 
discrimination and prediction of our signature. GSE15459, 
GSE26253 and TCGA data was analyzed as validation 

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.proteinatlas.org/
http://string-db.org/
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sets. The procedures of external data validation were done 
as described above.

Statistical analyses

Statistical analyses were performed using SPSS 
software version 23.0 (SPSS Inc., Chicago, IL, USA). 
The Mann–Whitney U test was performed to compare the 
differentially expressed genes between GC and normal 
tissues in the TCGA database. The ANOVA analysis was 
used to compare six genes expression pattern in three 
different grades of GC cell lines in R language. The log-
rank test was applied for statistical comparison of the 
Kaplan-Meier curve. Univariate and multivariate Cox 
proportional hazard regression analyses were performed to 
explore the independent prognostic factors associated with 
OS. The Chi-square test was used to explore correlations 
between the six-gene signature and the clinicopathologic 
characteristics. A two-tailed p-value of less than 0.05 was 
considered to be statistically significant.
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