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Background: The aim of the study was to identify a multigene prognostic factor in patients with gastric cancer (GC).
Material/Methods: Random survival forest (RSF) was performed to screen survival-related genes and develop a multigene combi-
nation based on the cumulative hazard function of each GC patient in TCGA-STAD and GSE15459. Kaplan-Meier
curve and univariate and multivariable Cox proportional hazards regression model were applied to evaluate
the prognostic performance of the 5-gene combination. C-index was used to compare the prognostic perfor-
mance of the 5-gene combination and another 9-gene signature in GC. Gene set enrichment analysis (GSEA)
was conducted.

Results: We obtained 19 survival-related genes through univariate Cox proportional hazards analysis in the training
set, 5 of which were identified and were used to develop a 5-gene combination through RSF. Patients in the
5-gene combination low-risk group had better overall survival (OS) than those in the 5-gene combination high-
risk group, and the 5-gene combination was demonstrated to be an independent prognostic factor in patients
with GC. The 5-gene combination outperformed the 9-gene signature in predicting the OS of GC patients, and
it might affect the prognosis of GC patients through E2F signaling, MYC signaling, and G2M checkpoint.

Conclusions: We introduce a 5-gene combination that can predict the survival of GC patients and might be an independent
prognostic factor in GC.
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Background

Gastric cancer (GC) is the third leading cause of cancer-relat-
ed deaths, with about one million newly diagnosed GC annu-
ally [1,2]. GC can be classified into diffuse and intestinal types
on the basis of its histological appearance, and can also be cat-
egorized into cardia and non-cardia tumor based on its loca-
tion [3,4]. For patients with early-stage GC, surgical treatment
with adequate extended lymphadenectomy can bring about
good prognosis [5-7]. Nevertheless, more than half of GC pa-
tients with advanced disease will eventually develop local re-
lapse or distant metastases or have unresectable disease [6-8].
As a result, the clinical outcomes of GC patients remain ex-
tremely poor (the 5-year survival remains about 5-10%) [4,7,8].
These dismal clinical outcomes stress the need to develop bio-
markers that help to identify at-risk patients who might ben-
efit from early interventions.

Random survival forest (RSF), which has been widely used to
identify risk features of different diseases in clinical settings,
is an exploratory analysis algorithm for right-censored highly
correlated complex survival data, and uses a collection of de-
cision trees for prediction and to rank variables by their im-
portance for time to event. It can handle very high-dimen-
sional data without having to make feature selection, and
can internally produce an unbiased estimate of the error after
generalization when constructing a forest. It is a good meth-
od for estimating missing data and maintaining accuracy if a
large portion of the data is lost, and calculates the intimacy
in each case, which is very useful for data mining, detecting
outliers, and visualizing data. Moreover, the learning process
is very fast [9,10].

Thanks to advancements in genetic technology, various GC
gene expression studies have been published and promoted
for prognostic biomarker identification [11-14]. However, the
prognostic performance of established biomarkers is contro-
versial and limited. In the present study, we identified and de-
veloped a 5-gene combination to predict the survival of pa-
tients with GC by using RSF.

Material and Methods

GC gene expression study

The GC gene expression study TCGA-STAD (level 3 data) [13],
measured by using the Illumina HiSeq 2000 RNA Sequencing
platform by the University of North Carolina TCGA genome
characterization center, was shown as in log2(x+1) trans-
formed RSEM normalized count and downloaded from UCSC
Xena (https://xenabrowser.net/datapages/). The related clinical
information (including age, gender, pathological stage, survival
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information, and relapse information) of samples in TCGA-STAD
was also downloaded. GSE15459 [11,12,15,16] was measured
by Affymetrix Human Genome U133 Plus 2.0 Array and includ-
ed 200 GC samples, and we downloaded the MAS.5.0 normal-
ized gene expression profile and clinical information (age, gen-
der, pathological stage, and histological type) of these samples
from the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/). Expression profiles of these GC
studies were scaled, and genes with near-zero variances were
removed for subsequent analysis.

Statistical analysis

At first, we screened survival-related genes in the TCGA-STAD
using univariate Cox proportional hazards regression mod-
el. Genes at P value <0.05 and familywise error rate less than
0.01 were included for subsequent analysis. Then, patients in
the TCGA-STAD were randomly divided into a training set and
a test set in a 1: 1 ratio. Thus, we employed the RSF method
introduced by Ishwaran et al. [17,18] to perform survival anal-
ysis on the basis of the survival-related genes and the over-
all survival (OS) of GC patients in the training set. As intro-
duced previously, the RSF [17,18], which extends Breiman’s
random forests (RF) method [19], was an ensemble tree al-
gorithm for the analysis of right-censored survival data. We
grew 1000 trees for each RSF, and each tree of the forests
was grown by splitting patients by comparing survival differ-
ences via log-rank test based on a randomly selected subset
of variables at each node. We selected the features using a
variable hunting method, with the number of Monte Carlo it-
erations (nrep) and value to control step size used in the for-
ward process (nstep) set as 100 and 5, respectively. The test
sets were dropped down to the trees for prediction when trees
were constructed. The cumulative hazard function, or Nelson—
Aalen estimator [19], was derived from each tree, and an en-
semble cumulative hazard function with an average over 1000
survival trees was determined in the training set and test set.
The RSF and variable hunting algorithms were implemented
in the R package “randomForestSRC” [20]. Mortality was ob-
tained as a weighted sum over ensemble cumulative hazard
functions for each individual for all unique death time points.
Higher mortality values correspond to higher risk. Therefore,
we applied mortality as a risk score to divide patients into a
low-risk group and a high-risk group according to the optimal
cutoff derived from time-dependent survival receiver operat-
ing characteristic (ROC) analysis using the R package “surviv-
alROC” [21] in the training set, test set, and validation set. We
performed Kaplan-Meier survival curve analyses to evaluate
the OS of GC in the 2 groups. Furthermore, we constructed
univariate and multivariable Cox proportional hazards regres-
sion models to investigate whether the risk score was an in-
dependent prognostic factor in patients with GC.
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Comparing prognostic performance with other study

Wang et al. introduced a 9-gene combination for predicting
the survival of patients with GC [22]. Thus, we tried to com-
pare the prognostic performance of the 9-gene combination
and our 4-gene combination based on the concordance index
(C-index) calculated based on the mRNA expression levels of
the 9 genes (NR112, LGALSL, C10RF198, CST2, LAMP5, FOXS1,
CES1P1, MMP7 and COL8A1) Wang et al. introduced and the
5 genes in the present study. Higher C-index implied better
prognostic performance. The R package “survcomp” was used
to calculate and compare the C-indexes between the 2 prog-
nostic combinations [23], and the t test for dependent sam-
ples was used to compare the C-indexes for different models.

Gene set enrichment analysis (GSEA)

To investigate the potentially relevant molecular mechanisms
that the risk score affected, the survival of GC patients, the
GSEA [24,25] introduced by Subramanian et al., was used
based on the high-risk group and low-risk group in the train-
ing set. The Hallmark gene set (h.all.v6.2) was used as a ref-
erence. Gene sets at normal P value <0.05 and false discovery
rate <0.05 were considered significantly enriched.

Results

Characteristics of GC patients in the training set, test set,
and validation set

A total of 388 GC patients with survival information were in-
cluded in the present study, with half in each set. As shown in
Supplementary Table 1, the characteristics of patients in the
training set and test set were balanced (median age in years
was 66 [range 34-86], 69 females [35.57%], and 125 males
[64.43%] in the training set; median age in years was 68 [range
30-90], 67 females [34.54%], and 127 males [65.46%] in the
test set; median age in years was 66.55 [range 23.4-92.4], 67
females [34.9%], and 125 males [65.1%)] in the training set).

Development of the prognostic multigene combination and
validation of its prognostic performance

Atotal of 19 survival-related genes were identified in the TCGA-
STAD at the inclusion criteria P value <0.05 and familywise
error rate less than 0.01. Then, the 19 survival-related genes
were included in the RSF (Supplementary Table 2). After vari-
able hunting, 5 genes were finally identified: FRMD7 (FERM do-
main containing 7), FLJ16779 (LOC100192386), PRR20A (pro-
line rich 20A), SLC7A2 (solute carrier family 7 member 2), and
SLC22A16 (solute carrier family 22 member 16). Thus, we includ-
ed these 5 genes in the final RSF, from which we calculated the
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risk score of the 5-gene combination based on the sum of the
cumulative hazard functions for each individual for all unique
death time-points. According to the cutoff of 12.199 (shown
in Figure 1A), we classified patients into the 5-gene combina-
tion high-risk group and 5-gene combination low-risk group
in the training set, test set, and validation set. The results of
Kaplan-Meier curve and univariate Cox proportional hazards
regression models suggested that patients in the 5-gene com-
bination low-risk group had better OS compared with those
in the 5-gene combination high-risk group in the training set
(hazards ratio (HR)=1.1136, 95% Cl: 1.0952-1.1324, P<0.0001,
Figure 1B and Supplementary Table 3), test set (HR=1.034, 95%
Cl: 11.0174-1.0511, P=0.0001, Figure 1C and Supplementary
Table 4), and validation set (HR=1.0618, 95% Cl: 1.0059-1.1209,
P=0.0299, Figure 1D and Supplementary Table 5). Meanwhile,
the results of multivariable Cox proportional hazards regres-
sion model suggested that the 5-gene combination might be
an independent prognostic factor after adjusting for the oth-
er clinical factors such as gender, pathological stage, grade,
and age (Supplementary Tables 3-5). These results suggest-
ed that the 5-gene signature could predict the OS of gastric
cancer patients.

The prognostic performance of the 5-gene combination
was better than the established prognostic signature in GC

As shown in Figure 2, the C-index of the 5-gene combination
predicting the OS of patients was significantly higher com-
pared to the 9-gene signature in the training set (0.73+0.01
vs. 0.54+0.01, P<0.001), test set (0.69+0.02 vs. 0.52+0.01,
P<0.001), and validation set (0.68+0.02 vs. 0.53+0.01, P<0.001).
These results suggested that the prognostic performance of
the 5 gene combination was better compared with that of the
9-gene signature.

The results of the gene set enrichment analysis

We tried to investigate the potential mechanisms involved in
the influence of the 5-gene combination on the 0S of GC pa-
tients, and we classified the GC patients in the training set
into the 5-gene combination low-risk group and the 5-gene
combination high-risk group based on the risk score of each
patient. The results suggested that GC samples in the 5-gene
combination low-risk group were significantly enriched in E2F
signaling (P=0.0038, FDR=0.0408), MYC signaling (P<0.0001,
FDR=0.0285) and G2M checkpoint (P=0.0058, FDR=0.0282)
(Table 1). These results suggested that the 5-gene combina-
tion might affect the OS of GC patients through E2F signaling,
MYC signaling, and G2M checkpoint.
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Figure 1. The prognosis role of the 5-gene combination in patients with gastric cancer. (A) Optimal cutoff to classify gastric cancer
in to the 5-gene combination low-risk group and high-risk group. (B) The overall survival of gastric patients in the 5-gene
combination low-risk group and 5-gene signature high-risk group in the training set. (C) The overall survival of gastric patients
in the 5-gene combination low-risk group and 5-gene signature high-risk group in the test set. (D) The overall survival of
gastric patients in the 5-gene combination low-risk group and 5-gene signature high-risk group in the validation set.

Discussions

Due to the low 5-year survival rate and high rate of recur-
rence of GC patients, as well as the fact that early diagno-
sis and early invention can improve the clinical outcomes of
GC patients, identification and evaluation of novel biomark-
ers for patients with GC is of great significance [26-28]. In the
present study, by using an RSF approach, we identified and
validated a 5-gene combination (FRMD7, FLJ16779, PRR20A,
SLC7A2, and SLC22A16) that could predict the survival of GC

patients. Univariate and multivariable Cox proportional haz-
ards regression analysis indicated that the 5-gene combina-
tion might be an independent prognostic factor in GC. We com-
pared the prognostic performance of the 5-gene combination
with another 9-gene based prognostic combination introduced
by Wang et al. [22], which suggested that our 5-gene combi-
nation performed better. The results of GSEA indicated that
the 5-gene combination might affect the OS of GC patients
through E2F signaling, MYC signaling, and G2M checkpoint.
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Figure 2. Comparison of the C-index of the 5-gene combination
and the 9-gene signature in the training set, test, and
validation set.

RSF, which applies a combination of decision trees for predic-
tion and to rank variables according to their importance for
survival data, is specifically designed for exploratory analysis
of right-censored survival data of prospective cohorts where
the outcome is a time-dependent variable, and to reduce the
data dimension by picking out the most important variables
correlated with the survival time of interest [29,30]. Thus, we
applied this robust algorithm to identify the most survival-
related genes, and translated them into a 5-gene combina-
tion to predict the OS of GC patients by the cumulative haz-
ard function of each patient at each time point. Among the 5
genes, we noticed that SLC7A2 and SLC22A16 had been re-
ported to be involved in the pathogenesis of several human
cancers. Coburn et al. [31] and Tozlu et al. [32] demonstrated
that SLC7A2 participates in the carcinogenesis of colon and
breast cancer. Lal et al. indicated that the c.146A>G variation
in SLC22A16 is involved in variations in the pharmacokinetics
of doxorubicin and doxorubicinol patients with malignant tu-
mors [33]. Wu et al. demonstrated that SLC22A16 is up-reg-
ulated in acute myeloid leukemia cells and it affect the pro-
liferation and viability of acute myeloid leukemia cells [34].
Therefore, these studies further confirmed the robustness and
utility of the 5-gene signature.
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The results of GSEA suggested that E2F signaling, MYC sig-
naling, and G2M checkpoint influence the 5-gene combina-
tion in predicting the survival of GC patients. Members of the
E2F family, MYC signaling, and G2M checkpoint regulate vari-
ous cellular functions related to cell cycle, apoptosis, and car-
cinogenesis [35-37].

Wang et al. [22] introduced a 9-gene signature (as mentioned
above) to predict the survival of GC patients by robust likeli-
hood-based modeling with 1000 iterations. We compared the
prognostic performance of our 5-gene combination with theirs,
and the results suggested that our 5-gene combination out-
performed the 9-gene signature. Thus, we suggest that our
5-gene combination is a good supplement for use in the prog-
nosis of patients with GC.

Although the 5-gene combination showed excellent perfor-
mance, our study has the following defects. First, this study
was an integration and reanalysis of existing published GC gene
expression studies. Although it showed good performance in
various aspects, it has not been verified by large-scale pro-
spective studies. Second, molecular biology experiments were
not been carried out to verify its specific mechanisms in GC
cells. Therefore, our subsequent research will focus on verify-
ing the conclusions of this study in terms of clinical applica-
tion and molecular mechanisms.

Conclusions

We introduced a 5-gene combination that can predict the sur-
vival of GC patients and might be an independent prognos-
tic factor in GC.
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Table 1. Genes sets enriched in the 5-gene combination low-risk group.

Gene set SIZE ES
E2F signaling

G2M checkpoint

NES NOM P value FDR

ES — enrichment score; NES — normalized enrichment score; NOM P value — normal P value; FDR q value — false discovery rate
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Supplementary Tables

Supplementary Table 1. Characteristics of gastric patients in the training set and test.

Training set Test set GSE15459

No. of deaths (%) 71  (36.6) 86 (44.33) P>0.05 95 (49.48)

Supplementary Table 2. Genes that were associated with the overall survival of patients with gastric cancer patients.

Genes Coefficients HR LCI uci p Value FDR
FLI16779 0.3368 1.4005 1.2126 1.6175 <0.0001 0.0157
"""" FRMD7 0257 1296 11537 14571 <00001 00441
"""" CPNES 03698 14474 12220 17145 <0001 00637
"""" APOD 03599 14332 1215 16894 <0000l 00608
"""" PRR2OA 02271 12549 11338 13890 <00001 00398
"""" loC113230  -03293 07195 06170 08389 <00001 00906
"""" NRPL 03764 14570 12208 17262 <00001 00462
"""" MAGED4B 03286 13890 11914 16193 <00001 00922
"""" sic22Al6 03050 13566 11763 15644 <00001 00940
"""" ZNFSO4B 02239 12510 11322 13822 <0001 00371
"""" GABRG1 02633 13013 11667 14513 <00001 00077
"""" TeX22 02275 1255 11301 13946 <0000l 00767
"""" PRIG 03190 13757 11851 15971 <00001 00948
"""" sic7a2 03200 13783 11874 15999 <00001 00840
"""" GBS 03143 13693 11959 15679 <00001 00184
"""" Bl 02726 1313 11671 14781 <0001 00207
"""" SERPINEL 03661 14421 12303 16902 <0001 00213
"""" PCOHBS 03158 13714 1186 15849 <0001 00647
"""" GPX3 03591 14321 12136 16899 <0001 00719

HR — hazards ratio; LCI — lower limit of confidence interval; UCI — upper limit of confidence interval; FDR — false discovery rate.
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Supplementary Table 3. Univariate and multivariable Cox proportional hazards regression model of the overall survival of gastric
cancer patients in the training set.

Univariate analysis Multivariable analysis

Variable

5-gene combination 1.1136 1.0952 1.1324 <0.0001 1.1242 1.1033 1.1456 <0.0001
Aee 10117 09890 10350 03158 10415 10147 10690 00022
Gendermale 15118 09007 25374 01178 08170 04615 14462 04878
Genderfemale | Reference ] Reference
Pathologic stage 11777 10381 1332 00111 12341 10807 14092 00019
CGrade 14874 09373 23604 00919 09076 05262 15654 07273

HR — hazards ratio; LCI — lower limit of confidence interval; UCI — upper limit of confidence interval; FDR — false discovery rate.

Supplementary Table 4. Univariate and multivariable Cox proportional hazards regression model of the overall survival of gastric
cancer patients in the test set.

Univariate analysis Multivariable analysis

Variable

5-gene combination 1.0341 1.0174 1.0511 0.0001 1.0232 1.0044 1.0424 0.0156
CAee 10280 10068 10495 00093 10489 10227 10757 00002
GenderMale 09718 06202 15229 09007 10586 06543 17127 08166
Genderfemale | Reference ] Reference
Pathologic stage 13168 11666 14863  <0.0001 13224 11648 15012  <0.0001
CGrade 14126 09209 21669 01136 13735 08688 21714 01745

HR — hazards ratio; LCI — lower limit of confidence interval; UCI — upper limit of confidence interval; FDR — false discovery rate.

Supplementary Table 5. Univariate and multivariable Cox proportional hazards regression model of the overall survival of gastric
cancer patients in the validation set.

Univariate analysis Multivariable analysis
Variable
5-gene combination 1.0618 1.0059 1.1209 0.0299 1.0559 0.9995 1.1155 0.0522
A 09944 09786 10105 04943 10044 09882 10209  0.590
Gendermale 11431 07414 17623 05450 08669 05499 13666 05385
Genderfemale Refrene ~ Refeence
lauren classification Intestinal  0.7527 04956 11433  0.1828 07522 04781 11834 02180
Lauren classification Mixed | 05549 02357 13067 01777 0479 02003 11481 00990
lauren classification Diffuse | Reference ~ Reference
Stge 19697 15647 24795 <00001 20460 16065 26057  <0.0001

HR — hazards ratio; LCI — lower limit of confidence interval; UCI — upper limit of confidence interval; FDR — false discovery rate.
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