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Abstract
Previously reported prognostic signatures for predicting the prognoses of
postsurgical hepatocellular carcinoma (HCC) patients are commonly based on
predefined risk scores, which are hardly applicable to samples measured by different
laboratories. To solve this problem, using gene expression profiles of 170 stage
I/II HCC samples, we identified a prognostic signature consisting of 20 gene pairs
whose within‑sample relative expression orderings (REOs) could robustly predict the
disease‑free survival and overall survival of HCC patients. This REOs‑based prognostic
signature was validated in two independent datasets. Functional enrichment analysis
showed that the patients with high‑risk of recurrence were characterized by the
activations of pathways related to cell proliferation and tumor microenvironment,
whereas the low‑risk patients were characterized by the activations of various
metabolism pathways. We further investigated the distinct epigenomic and genomic
characteristics of the two prognostic groups using The Cancer Genome Atlas
samples with multi‑omics data. Epigenetic analysis showed that the transcriptional
differences between the two prognostic groups were significantly concordant with
DNA methylation alternations. The signaling network analysis identified several
key genes (e.g. TP53, MYC) with epigenomic or genomic alternations driving poor
prognoses of HCC patients. These results help us understand the multi‑omics
mechanisms determining the outcomes of HCC patients.

Introduction

B virus or hepatitis C virus and cirrhosis, are incapable
to provide accurate evaluation. Therefore, it is urgent to
develop an accurate molecular signature for predicting
postsurgical patients with high risk of recurrence.
Many researchers have tried to establish
prognostic signatures based on gene expression profiles
for HCC patients [6–12]. However, all the previously
reported prognostic signatures were based on predefined
risk threshold values summarized from expression
measurements of the signature genes in the training datasets.
Such signatures cannot be directly applied to independent
datasets because gene expression profiles are vulnerable
to systematic measurement biases due to the notorious

Liver cancer is the third‑leading cause of death
from cancer and over 90% of primary liver cancers
are hepatocellular carcinoma (HCC) [1]. The first‑line
treatment option for HCC patients with well preserved
liver function is resection but approximately 60%–70%
patients will suffer from recurrence in 5 years [2–4], due
to either intrahepatic metastases or the development of de
novo tumors [4]. Recurrence is the main causative factor
for the poor prognosis of HCC patients [5]. However,
the currently used clinical and pathologic features for
recurrence risk prediction, such as TNM stage, hepatitis
www.impactjournals.com/oncotarget
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experimental batch effects [13, 14]. Although many data
normalization methods have been proposed to correct such
biases, they can hardly achieve the goal and even distort the
real biological signals [15, 16]. Besides, data normalization
requires collection of samples beforehand and the risk
stratification of patients depends on the heterogeneous
risk composition of the samples adopted for normalization
together [16, 17]. This could produce substantial uncertainty
for patient risk stratification and be impractical for clinical
applications [16, 17]. An efficient solution would be to take
full advantage of the within‑sample relative expression
orderings (REOs) of genes, which are robust to batch effects
and resistant to monotonic data transformation [14, 18, 19].
As demonstrated in our previous studies for breast cancer
[19, 20] and lung cancer [21], prognostic signatures based
on within‑sample REOs can directly and robustly analyze
individual disease samples, in a one‑by‑one manner,
measured by different laboratories. Another problem of
previously reported prognostic signatures of HCC is that
many of them are generated in patients with advanced
stage [10, 12, 22] or regardless of stage [8, 9], which
might be less relevant to the prognosis of resectable HCC.
Therefore, it is worthy employing the REOs‑based method
to identify robust prognostic signatures for early stage HCC.

In this study, using three datasets of gene expression
profiles for HCC patients, we developed and validated a
REOs‑based prognostic signature consisting of 20 gene
pairs. In the validation dataset of the HCC samples
from The Cancer Genome Atlas (TCGA) [23], we used
the TCGA multi‑omics data to analyze the distinct
epigenomic and genomic characteristics of two prognostic
groups. Moreover, the signaling network analysis further
revealed several key genes with epigenomic or genomic
alternations determining the outcomes of HCC patients.

Results
Development and validation of the REOs‑based
prognostic signature
Our general flowchart was described in Figure 1.
Using the gene expression profile of 170 HCC samples
measured by the GPL3921 platform (Table 1), denoted
as HCC170, we found 32 genes whose expression
levels were significantly correlated with the disease‑free
survival (DFS) of HCC patients (univariate Cox
proportional‑hazards regression model, pFDR < 20%). For
every two of the 32 prognosis‑associated genes, according

Figure 1: The workflow for construction and validation of the prognostic signature. The workflow showed four major
analysis steps: the development (step 1) and validation (step 2) of the gene pairs signature; multi-omics characteristics analyses of distinct
prognostic groups (step 3) and the SIGNOR network analysis for HCC prognostic genes (step 4).
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Table 1: Description of the datasets used in this study
Accession
Platform
Sample Size
Age
Median follow-up period(month)
Gender
Male
Female
TNM Stage

HCC170

HCC60

HCC314

GSE14520
GPL3921
170
51.5 (21–77)
53.4 (3.3–67.4)

GSE14520
E-TABM-36
GPL571
21
39
47 (33–76)
68 (18–79)
34.4 (1.8–63.8)
35 (3–60)

TCGA
IlluminaHiseq-RNAseqV2
314
61 (18–90)
10.93 (0–122.5)

143 (84%)
27 (16%)

20 (95%)
1 (5%)

31 (79%)
8 (21%)

219 (70%)
95 (30%)

I
II
III
IV
NA
HBV

93
77
0
0
0

3
1
2
0
15

0
0
0
0
39

154
71
65
4
20

AVR-CC
CC
NA
Cirrhosis

46
119
5

2
4
15

0
0
39

0
0
314

yes
no
NA
AFP

153
17
0

20
1
0

0
0
39

6
3
305

66
101
3

10
10
1

0
0
39

56
178
80

> 300 ng/mL
< = 300 ng/mL
NA

Abbreviations: NA, not available; AVR-CC, active viral replication chronic carrier; CC, chronic carrier.
to their REOs in each sample, we classified all samples into
two subgroups and evaluated whether the two subgroups
of samples had significantly different DFS. Totally 192
prognosis‑associated gene pairs were identified (univariate
Cox regression model, pFDR < 10%). The 20 gene pairs
with the highest C‑index values (C‑index = 0.71) were
selected as the final prognostic signature (Table 2) and
patients were classified into the high‑risk group when at
least ten gene pairs suggested that this patient was at high
risk (see Materials and Methods and Figure 1). According
to this rule, the 170 samples in the training dataset were
stratified into a low‑risk group with 101 samples and a
high‑risk group with 69 samples, and the former group
had significantly better DFS (HR = 5.97, 95% CI:
3.78–9.44, p < 2.2 × 10–16, C‑index = 0.71, Figure 2A) and
overall survival (OS) (HR = 7.64, 95% CI: 3.99–14.58,
p = 4.70 × 10–13, C‑index = 0.73, Figure 2B) than the latter
group. A multivariate COX regression analysis showed
www.impactjournals.com/oncotarget

that the 20‑gene‑pair prognostic signature remained
significantly associated with patients’ DFS after adjusting
for TNM stage, hepatitis B virus infection, liver cirrhosis
and α‑fetoprotein, as shown in Table 3.
In the first validation dataset with 60 samples
from two different laboratories but measured by the same
platform GPL571, denoted as HCC60, 8 and 52 samples
were classified into the high‑ and low‑risk groups,
respectively. The low‑risk group had significantly better
DFS (HR = 4.13, 95% CI: 1.85–9.24, p = 1.92 × 10–4,
C‑index = 0.58, Figure 2C) and OS (HR = 3.13, 95%
CI:1.27–7.75, p = 9.27 × 10–3, C‑index = 0.59, Figure 2D)
than the high‑risk group. The second validation dataset
was composed of 314 TCGA samples of patients with
just OS data but no DFS data, denoted as HCC314. The
significant correlations between DFS and OS have been
reported for gastric cancer [24], colorectal cancer [25],
breast cancer [26] and renal cell carcinoma [27]. Here,
24099
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Table 2: The 20-gene-pair prognostic signature
Signature
Pair1
Pair2
Pair3
Pair4
Pair5
Pair6
Pair7
Pair8
Pair9
Pair10
Pair11
Pair12
Pair13
Pair14
Pair15
Pair16
Pair17
Pair18
Pair19
Pair20

Gene A
CAT
RNF208
TUBA8
RNF208
ST18
OSBPL10
TUBA8
TRIM26
RNF208
TUBA8
ST18
CAT
RNF208
SORBS2
RNF208
SORBS2
PYGL
CAT
RNF208
EYA1

Gene B
EBAG9
MTMR10
MTMR10
GULP1
ADAMTS3
NPM3
NPM3
TRMT12
OSBPL10
PF4V1
NTS
TRMT12
SLC52A2
HSF1
HSF1
SLC52A2
EIF3H
NOLC1
SLC2A1
PF4V1

C-index
0.6581
0.6121
0.6069
0.5886
0.5714
0.5679
0.5583
0.5565
0.5562
0.5502
0.5469
0.5431
0.5362
0.5359
0.5342
0.5337
0.5333
0.5326
0.5269
0.5264

Beta
1.19
0.96
0.92
0.79
0.61
0.74
0.60
1.20
1.33
1.29
0.49
1.74
1.22
1.34
1.97
1.82
1.97
2.35
0.70
1.13

pFDR
4.31 × 10–06
9.20 × 10–05
1.01 × 10–03
5.25 × 10–04
6.10 × 10–03
2.81 × 10–03
2.06 × 10–02
2.17 × 10–04
8.85 × 10–03
1.68 × 10–04
4.97 × 10–02
8.87 × 10–05
2.82 × 10–02
1.26 × 10–03
3.55 × 10–02
1.31 × 10–04
3.56 × 10–02
3.84 × 10–05
7.22 × 10–02
7.67 × 10–03

Note: Beta the parameters calculated by the univariate Cox regression model. Beta represents the risk coefficient of
within-sample REO of gene pair (A, B), where Beta > 0 indicates that Ea < Eb is a risk factor, and vice versa. pFDR, the
adjusted P-value by storey.

differentially expressed genes (DEGs) (Student’s t‑test,
FDR < 10%) between the high‑ and low‑risk groups for
stage I and II patients, respectively. The two DEGs lists
shared 287 genes and they all displayed with the same
over‑/under‑expression directions in the high‑risk samples
compared with the low‑risk samples, which was highly
unlikely to occur by chance (binomial distribution test,
P < 2.2 × 10–16, see Materials and Methods). Similarly,
for the HCC314 dataset, genes shared between any two
DEGs lists of the prognostic groups for stage I, II and III
were also highly consistent (binomial distribution test, all
P < 2.2 × 10–16) (Supplementary Table S1). These results
supported that the 20‑gene‑pair prognostic signature was
independent of stage. In the following text, we analyzed
samples in the same dataset together despite of stage.

we also assessed the correlation between DFS and OS in
HCC using datasets HCC170 and HCC60. The Pearson’s
linear correlation coefficients between DFS and OS were
0.78 (95% CI:0.71–0.83) and 0.82 in the two datasets,
respectively. The results suggested DFS can be a valid
surrogate for OS in HCC. Therefore, for the dataset
HCC314, we shifted survival analysis from DFS to OS,
which is the golden standard for judging the success of
a particular treatment [28]. The low‑risk group of 170
patients had a significantly better OS than the high‑risk
group of 144 patients (HR = 1.95, 95% CI:1.21–3.14,
p = 5.09 × 10–3, C‑index = 0.59, Figure 2E). Due to
the lack of clinical parameters for many patients in the
two validation datasets, we only analyzed whether the
20‑gene‑pair prognostic signature was independent of
TNM stage for dataset HCC314. Multivariate COX
regression analysis showed that the 20‑gene‑pair
prognostic signature remained significantly associated
with patients’ OS after adjusting for TNM stage in dataset
HCC314 (Table 3).
Further, we were able to provide evidence that the
20‑gene‑pair prognostic signature was independent of stage.
From the HCC170 dataset, we detected 1, 212 and 1, 074
www.impactjournals.com/oncotarget

Distinct transcriptional and functional
characteristics of the prognostic subtypes
Using Student’s t‑test with 1% FDR control, we
detected 1, 197 DEGs between the high‑ and low‑risk
prognostic groups recognized from the training dataset
HCC170. Similarly, 5, 026 DEGs were detected between
24100
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Figure 2: The Kaplan-Meier curves of disease-free survival and overall survival for prognostic groups predicted by the
20-gene-pair in the training and validation datasets. Kaplan-Meier curves of disease-free survival (A) and overall survival (B) for

the training dataset HCC170; Kaplan-Meier curves of disease-free survival (C) and overall survival (D) for the validation dataset HCC60;
Kaplan-Meier curves of overall survival (E) for the validation dataset HCC314. A sample was classified into the high-risk group (red line)
if and only if at least 10 of the 20 prognostic gene pairs voted for high-risk; otherwise, the low-risk group (blue line).
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Table 3: Univariate and multivariate Cox regression analyses for the 20-gene-pair signature
Variables

Univariate model
HR (95% CI)
P

Multivariate model
HR (95% CI)
P

HCC170
Predictive signature
(high vs. low)
Stage
(II vs. I)
HBV
(AVR-CC vs. CC)
Cirrhosis
(yes vs. no)
AFP
(> 300 ng/mL vs. < = 300 ng/mL)
HCC314
Predictive signature
(high vs. low)
Stage
(IV/III vs. II/I)

5.97 (3.78–9.44)

< 2.2 × 10–16

5.92 (3.68–9.53)

2.43 × 10–13

2.03 (1.32–3.11)

9.64 × 10–4

1.62 (1.03–2.54)

3.66 × 10–2

1.41 (0.89–2.22)

0.14

1.14 (0.88–1.81)

0.58

2.14 (0.87–5.28)

0.09

1.60 (0.63–4.05)

0.32

0.92 (0.59–1.44)

0.73

0.73 (0.46–1.14)

0.17

1.94 (1.21–3.14)

5.09 × 10–3

1.87 (1.12–3.11)

1.58 × 10–2

1.62 (0.91–2.89)

0.10

1.53 (0.85–2.75)

0.16

NOTE: Bold indicates significant P values.
Abbreviations: HBV, hepatitis B virus; AVR-CC, active viral replication chronic carrier; CC, chronic carrier.

the high‑ and low‑risk prognostic groups recognized from
the validation dataset HCC314. These two lists of DEGs
had 684 overlapped genes and the concordance score was
98.10% (binomial distribution test, P < 2.2 × 10–16, see
Materials and Methods). In the validation dataset HCC60
including samples from two different laboratories,
we detected 2, 192 DEGs between the two prognostic
groups (FDR < 1%) using the Rank Product algorithm
which was insensitive to batch effects. This list of DEGs
overlapped with 443 of the 1, 197 DEGs detected from
the training dataset and the concordance score was
86.46%, which was also unlikely to occur by chance
(binomial distribution test, P < 2.2 × 10–16). These results
suggested that the distinct transcriptional characteristics
of two prognostic groups recognized from different
datasets were highly consistent. The signature genes
differentially expressed between the high‑risk group and
the low‑risk group in the three datasets were shown in
Supplementary Table S2.
Functional analysis for the 5026 DEGs detected
from the HCC314 dataset showed that the genes
overexpressed in the high‑risk group were significantly
enriched in pathways related to cell proliferation and
tumor microenvironment, such as cell cycle, NF‑kappa B
signaling pathway and focal adhesion pathway, whereas
the underexpressed genes were significantly enriched in
metabolic pathways (hypergeometric distribution model,
FDR < 5%, Supplementary Table S3). Thus, compared
with the low‑risk patients, the high‑risk patients might
www.impactjournals.com/oncotarget

have faster growth and aberrant metabolism associated
with poor outcome [23, 29].

Distinct epigenomic and genomic characteristics
of prognostic subtypes
In the HCC314 dataset for TCGA samples,
314 samples had DNA methylation data, which were
predicted into 144 high‑risk samples and 170 low‑risk
samples by the 20‑gene‑pair transcriptional signature,
respectively. We identified 855 hypermethylated and
537 hypomethylated genes in the high‑risk group
compared with the low‑risk group (Wilcoxon rank‑sum
test, FDR < 1%), respectively. Among the 855
hypermethylated genes, 318 were overlapped with the
5, 026 DEGs between the high‑ and low‑risk groups
and the concordance score between hypermethylation
and underexpression of these overlapped genes was
76.10%, which was unlikely to occur by chance (binomial
distribution test, P < 2.2 × 10–16). Similarly, among
the 537 hypomethylated genes, 203 were overlapped
with DEGs between the high‑ and low‑risk groups.
The concordance score between hypomethylation and
overexpression of these overlapped genes was 81.77%,
which was also highly unlikely to occur by chance
(binomial distribution test, P < 2.2 × 10–16). These results
suggested that epigenetic differences of gene promoters
may play an important role in inducing transcriptional
difference between the high‑ and low‑risk groups.
24102

Oncotarget

In the HCC314 dataset, 309 samples had copy
number alteration data, which were stratified into 140
high‑risk samples and 169 low‑risk samples, respectively.
In the high‑risk samples, the frequencies of copy number
gain at 8q13.3, 8q24.21 were 30.10% and 33.66%,
respectively, which were significantly higher than the
corresponding frequencies of 25.57% and 29.13% in
the low‑risk patients (Fisher’s exact test, FDR < 10%).
Among the 209 genes located in the two amplified regions,
70 genes were included in the list of DEGs between the
high‑risk group and low‑risk group, and all of them
were overexpressed in the high‑risk group. This was
unlikely to occur by chance (binomial distribution test,
P < 2.2 × 10–16). These 70 amplified genes all located
at 8q24, supporting previously reported results [30, 31].
12.30% and 27.18% of the high‑risk patients showed copy
number loss at 3p13 and 17p11.2, respectively, which
were also significantly higher than the corresponding
frequencies of 7.12% and 23.31% in the low‑risk patients
(Fisher’s exact test, FDR < 10%). However, the four genes
located in the two deleted regions were not included in the
list of DEGs between the high‑ and low‑risk groups.
The 162 samples with somatic mutation data in the
HCC314 dataset were stratified into 80 high‑risk samples
and 82 low‑risk samples, respectively. We detected 193
genes whose mutation frequencies tended to be different
between the two prognostic groups (Fisher’s exact test,
P < 0.05). Impressively, 190 of the 193 genes had higher
mutation frequencies in the high‑risk group compared
with the low‑risk group, significantly was unlikely to
be observed by chance (binomial test, P < 2.2 × 10–16).
Functional enrichment analysis showed that these 190
mutation genes tended to be enriched in HIF‑1 and
PI3K‑Akt signaling pathways (hypergeometric distribution
model, P < 0.05) (Supplementary Table S4), suggesting
that mutation‑induced disturbances of these pathways
might increase patients’ survival risk.

links with the drivers. The network included 75 drivers
(18 hypermethylated and overexpressed genes, 37
hypomethylated and underexpressed genes, 6 amplified
and overexpressed genes and 14 mutated genes) and 133
DEGs directly linked to them (Supplementary Table S5).
208 genes were significantly enriched in 21 biological
pathways, including cell cycle, focal adhesion and
PI3K‑Akt signaling pathway (hypergeometric distribution
model, FDR < 10%). The largest connected component
(or sub‑network) of this network, as shown in Figure 3,
included 13 hypermethylated genes, 20 hypomethylated
genes, 4 amplified genes and 10 mutated genes in the
high‑risk group. In the following text, we focused on
analyzing six hub genes (TP53, SMAD2, MYC, PTK2,
PTEN and BCL2) with the largest degrees (all ≥ 7) in this
sub‑network.
Three of the six genes, TP53, MYC and SMAD2,
were included in the cell cycle pathway. TP53, a tumor
suppressor interacting with 41 DEGs in the sub‑network,
exhibited mutations in 42.50% of the high‑risk patients.
The mutation of TP53 is correlated with the aggressiveness
and poor prognosis of HCC [33, 34]. MYC, interacting
with eight DEGs in the sub‑network, was overexpressed
in the high‑risk patients. 74.29% of the high‑risk patients
carried MYC amplification which can lead to poor
prognosis via enhancing cell cycle and proliferation of
cancer cell [35]. Besides, MYC had a direct link with
SMAD2 which was hypomethylated and overexpressed
in the high‑risk patients and interacted with 15 DEGs in
the sub‑network. It is known that the overexpression of
SMAD2, a regulator of cell proliferation, apoptosis and
differentiation, is correlated with poor survival of gastric
carcinoma [36], gliomas [37] and non‑small cell lung
cancer [38]. Additionally, the overexpression of SMAD2
could be induced by the suppressed activity of PTEN [39],
which was hypermethylated and underexpressed in the
high‑risk patients. It is well known that reduced expression
of PTEN is correlated with tumor progression and poor
prognosis in HCC patients [40, 41]. As PTEN functions
in the focal adhesion pathway, this result suggested a
functional interplay between focal adhesion and cell cycle
pathways. Another important gene functioning in the focal
adhesion pathway, PTK2, was overexpressed in the
high‑risk patients and amplified together with MYC in
74.29% of the high‑risk patients. It has been reported that
overexpression of PTK2 is associated with shorter overall
survival and higher recurrence rates of HCC [42, 43].
Moreover, the hypomethylated BCL2 in the
PI3K‑Akt signaling pathway exhibited overexpression
in the high‑risk patients, which was consistent with the
previously reported result [44]. Notably, the perturbed
signaling network was closely intertwined, implying that
genes involved in different pathways may contribute to
poor prognosis of HCC through functional cross‑talks. For

Network analysis of prognosis‑associated genes
with multi‑omic characteristics
We defined “drivers” of the disease prognosis
as those genes which had epigenomic and/or genomic
alternations with concordant transcriptional changes in
the high‑risk prognostic group compared with low‑risk
prognostic group, including 242 hypermethylated
and overexpressed genes, 166 hypomethylated and
underexpressed genes, 70 amplified and overexpressed
genes and 193 mutated genes. Then, based on the
activating or inhibitory relations among proteins
documented in the SIGnaling Network Open Resource
(SIGNOR) [32] database, we constructed a directed
network by linking the drivers mapped to SIGNOR with
other DEGs which had direct activating or inhibitory
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example, both TP53 mutation and BCL2 overexpression
may bring about the development of HCC due to the
imbalance between cell proliferation and apoptosis [45].
The above analyses indicated that six hub genes
with epigenomic or genomic alternations might play
key roles in driving poor prognoses of HCC patients. As
only a few genes could be mapped to the sub‑network,
many prognosis‑related pathways were not represented

in the sub‑network. We will further discuss those
prognosis‑related pathways in the Discussion section.

Discussion
In this study, we developed a transcriptional
prognostic signature based on within‑sample REOs
of 20 gene pairs for early stage (I–II) primary HCC

Figure 3: The SIGNOR sub-network for HCC prognosis “drivers”. This sub-network included prognosis “drivers”, which have

distinct epigenomic and/or genomic alternations with concordant expression changes in the high-risk patients, and other “non-drivers”
prognosis-associated DEGs directly linked to the drivers. Circle nodes represent “non-drivers” and the other nodes represent various
types of drivers. Rectangle, amplified genes with concordant overexpressions in the high-risk group; Diamond, hypermethylated (or
hypomethylated) genes with underexpression (or overexpression) in the high-risk group; Triangle, genes with frequently mutated in the
high-risk group; Hexagon, overexpressed genes with hypomethylation and mutation in the high-risk group. The node colors indicate genes’
overexpression (Red) or underexpression (Blue) states in the high-risk group.
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tissues. Different from previously reported signatures
based on predefined risk scores, the REOs‑based
prognostic signature is robust against experimental
batch effects and data normalization, and can be easily
applied at the individual level to samples profiled in
different laboratories. Therefore, the REOs‑based
prognostic signature is a promising type of signature for
successfully predicting the DFS and OS in HCC patients
after resection. The integrated analyses further revealed
the distinct epigenetic and genomic characteristics of
the two prognostic groups. The network analysis of
prognosis‑associated genes with distinct epigenomic
or genomic characteristics provides insights into the
underlying mechanisms of HCC prognoses.
The genes overexpressed in the high‑risk patients
were mainly enriched in two groups of pathways. One
group was cell proliferation‑related pathways, including
cell cycle and PI3K‑Akt signaling pathway, which were
both correlated with poor prognosis of HCC [46–49].
Especially, the cell cycle pathway harbors two key genes
(MYC and SMAD2) and the PI3K‑Akt signaling pathway
includes one key gene (BCL2) which were overexpressed
with concordant epigenomic or genomic alternations in
the high‑risk samples. These results strongly indicated that
the high‑risk patients’ tumors had higher growth ability
than the low‑risk patients. Another group of pathways
was mainly related to tumor microenvironment, such
as focal adhesion and chemokine signaling pathways.
Apart from the hub gene PTK2, Osteopontin (OPN) in
the focal adhesion pathway, which was overexpressed
and hyopmethylated in the high‑risk patients, can
enhance cell proliferation and metastasis [50] and may be
associated with the high recurrence rate and poor survival
of HCC after resection [51]. MAPK3 in the chemokine
signaling pathway was overexpressed in the high‑risk
patients. It has been reported that the activation of MAPK3
correlates with poor survival of HCC patients [44]. These
results suggested that tumor microenvironment played
an important role in the prognosis of HCC patients. A
better understanding of the interactions between tumor
microenvironment and tumor cells may be helpful for
us to identify additional effective treatment targets.
For example, sorafenib, a most successful medication
of targeted treatment for advanced HCC, can benefit
patients’ survival through disrupting the interaction
between tumor cells and stromal cells [52, 53].
The genes underexpressed in the high‑risk patients
were largely enriched in metabolic pathways, including
retinol metabolism, carbon metabolism and drug
metabolism ‑ cytochrome P450. While it is well known
that metabolic pathways are the most frequently disturbed
pathways in HCC [53, 54], our results indicated that
metabolism functional impairment of liver could induce
poor outcome [9, 55, 56]. Besides, HCC is mainly resulted
from exposure to external environmental factors which
can result in epigenetic changes [29] and consequently
www.impactjournals.com/oncotarget

would cause changes in gene expression and metabolism
[57–59]. The alternation of liver metabolism requires
further investigation which may help us better understand
the epigenetic processes determining HCC prognoses.
In conclusion, we developed a 20‑gene‑pair
prognostic signature to robustly predict the DFS and OS
of postsurgical HCC patients. Further, the multi‑omics
analyses and the network analysis provided hints on the
underlying mechanisms determining the prognoses of
HCC patients.

Materials and Methods
Data sources and data preprocessing
Three datasets of HCC used in this study were
downloaded from the Gene Expression Omnibus (GEO,
http://www.ncbi.nlm.nih.gov/geo/) [60], ArrayExpress
(http://www.ebi.ac.uk/arrayexpress/) [61] and TCGA
(http://cancergenome.nih.gov/). From these datasets, we
extracted samples with DFS or OS data for analyses,
as summarized in Table 1. The GSE14520 [7] dataset
included two batches of samples, we used the 170 stage
I/II samples from the larger batch to train a prognostic
signature. The 21 samples from the smaller batch, together
with the 39 samples from the E‑TABM‑36 [22] dataset,
were used as the first validation dataset. The second
validation dataset was composed of 314 TCGA samples
of patients with only OS data, denoted as HCC314. All
samples included in the three datasets were for patients
treated with surgery only.
The raw mRNA expression data (.CEL files) for the
HCC170 and HCC60 datasets were preprocessed using the
Robust Multi‑array Average algorithm [62]. Probe‑set IDs
were mapped to Entrez gene IDs with the corresponding
custom CDF files. If multiple probesets were mapped to a
gene, the expression value of the gene was defined as the
arithmetic mean of the values of the multiple probesets (on
the log2 scale).
For the HCC314 dataset, integrative data including
level 3 mRNA‑seq profiles and DNA methylation profiles
and level 2 gene mutation profiles were obtained from
TCGA portal. For DNA methylation profiles, we only
analyzed the 25, 978 CpG sites located at the promoter
regions of genes. Probes that had any “NA”‑masked data
points and that were designed for sequences on X and Y
chromosomes were removed [63]. Probe IDs were mapped
to Entrez gene IDs with the corresponding platform file.
Totally, 19, 890 CpG sites mapped to 13, 453 genes
were analyzed in this study. For gene mutation data,
only the non‑synonymous mutations were included and
a discrete mutation profile including 19, 669 genes were
analyzed. Copy number data of level 4 were downloaded
from Firehose (https://confluence.broadinstitute.org/
display/GDAC/Download). Using the significant regions
of gain or loss identified by GISTIC 2.0 [64], we assigned
24105
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a discrete copy number alteration status to each gene in
each sample.
The SIGnaling Network Open Resource (SIGNOR)
[32] database, including 3646 proteins with 12, 285
directed relations representing various activating or
inhibitory effects, was downloaded and used to constructed
a directed gene network.

the highest C‑index based on the following classification
rule: when at least a half gene pairs voting for high risk,
a patient was assigned to the high‑risk group; otherwise,
the low‑risk group. The optimal subset of gene pairs with
the highest C‑index was chosen as the final prognostic
gene pair signature. Figure 1 illustrated the flowchart
of developing and validating the prognostic signature
consisting of gene pairs.

Survival analysis

Analysis of epigenomic and genomic data

The disease‑free survival (DFS) time was defined
as the time from surgery to the date of tumor recurrence
or distant metastasis, and overall survival (OS) time was
defined as the time from surgery to death or the final
documented date (censored). The Pearson’s linear
correlation was used to assess the correlation between
DFS and OS. The univariate Cox proportional‑hazards
regression model was used to evaluate the correlation of
expression levels of genes and REOs of gene pairs with
patients’ DFS. The multivariate Cox regression model was
used to evaluate the independent prognostic value of the
signature after adjusting for clinical factors. The C‑index
proposed by Harrell et al. [65] was used to evaluate
the overall concordance between the predicted risk
classification and the observed DFS or OS time. Survival
curves of DFS and OS between distinct subgroups were
visualized with Kaplan‑Meier plots and the p‑value for
the difference between the survival curves was calculated
by the log‑rank tests [66]. The Cox proportional hazards
regression model was also used to calculate the hazard
ratios (HRs) and their 95% confidence intervals (CIs).

The Student’s t‑test was used to select differentially
expressed genes (DEGs) between two groups of samples.
For the HCC60 dataset including samples from two
different laboratories, the Rank Product algorithm [68],
which is insensitive to batch effects, was used to select
DEGs. The Wilcoxon rank‑sum test was used to select
differentially methylated (DM) CpG loci between the
high‑ and low‑risk samples in the HCC314 dataset. If
the promoter of a gene had both hypermethylated and
hypomethylated CpG loci, this gene was excluded from
sub‑sequent analyses [69]. The genes with at least one DM
CpG locus were termed DM genes. Fisher’s exact test was
used to detect genes which had significantly different copy
number alternation frequencies or mutation frequencies
between two prognostic groups.

Concordance scores
If two DEGs lists extracted from two independent
datasets shared k genes, of which s genes had the
same dysregulation directions (both overexpressed or
underexpressed in the two DEGs lists) in the high‑risk
group compared with the low‑risk group, the concordance
score was calculated as s/k. This score was used to
determine the reproducibility of DEGs detected from
independent datasets.
If k hypermethylated (or hypomethylated) genes
were also differentially expressed, of which s genes were
correspondingly underexpressed (or overexpressed), the
concordance score was calculated as s/k. This score was
used to determine the concordance between DEGs and
DM genes.
The cumulative binomial distribution model
was used to estimate the probability of observing a
concordance score of s/k by chance [70]:

Identification of prognostic gene pair signature
For a pair of genes, gene A and gene B, all
samples were classified into two subgroups according
to the REO (Ea > Eb or Ea < Eb) of the gene pair in
each sample. Here, Ea and Eb represent the expression
levels of gene A and gene B, respectively. We used the
univariate Cox proportional‑hazards regression model
to evaluate whether the patients in the two subgroups
had significantly different DFS. The p‑values were
adjusted to positive false discovery rate (pFDR) using
the Storey procedure [67], a less stringent and more
powerful procedure than the Benjamini and Hochberg
FDR control procedure. The significant gene pairs
detected with 10% pFDR control were defined as
prognosis‑associated gene‑pairs. Then, the gene pair
with the highest C‑index was selected as the seed and
candidate prognosis‑associated gene pairs were added
to the signature one at a time until the addition of one
gene pair did not improve the C‑index. Here, a forward
selection procedure was performed to search an optimal
subset of the prognosis‑associated gene pairs that reached
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s −1 k
 
i
k −i
p=
1 − ∑   ( pe ) (1 − pe )
i =0  i 

where pe (here, pe = 0.5) is the probability of a
gene having the concordant relationship between the two
gene lists by random chance.
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disease‑free survival in hepatocellular carcinoma by gene
expression profiling. Ann Surg Oncol. 2013; 20:3747–3753.
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Score for relapse prediction in patients with surgically
resected hepatocellular carcinoma. PLoS One. 2015;
10:e0118658.
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Rebouissou S,
Couchy G,
Decaens T,
Franco D,
Imbeaud S, Rousseau F, Azoulay D, Saric J, Blanc JF, et al.
A hepatocellular carcinoma 5‑gene score associated with
survival of patients after liver resection. Gastroenterology.
2013; 145:176–187.
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the widespread and critical impact of batch effects in
high‑throughput data. Nat Rev Genet. 2010; 11:733–739.
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analysis for molecular cancer diagnosis and prognosis.
Technol Cancer Res Treat. 2010; 9:149–159.
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expression data integration: a survey. Brief Bioinform.
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Commo F, Sieberts S, Andre F, Besse B, Soria JC, Friend SH.
Impact of bioinformatic procedures in the development
and translation of high‑throughput molecular classifiers in
oncology. Clin Cancer Res. 2013; 19:4315–4325.

Functional enrichment analysis was performed
based on the Kyoto Encyclopaedia of Genes and Genomes
(KEGG) [71]. The hypergeometric distribution model
was used to determine biological pathways that were
significantly enriched with genes of interest [72]. The
Benjamini and Hochberg procedure [73] was used to
calculate the False Discovery Rate (FDR). All statistical
analyses were done by using the R software package
version 3.0.2.

Abbreviations
HCC, hepatocellular carcinoma; REO, relative
expression ordering; DFS, disease‑free survival; OS,
overall survival; BH, Benjamini‑Hochberg; DEGs,
differentially expressed genes; DM, differentially
methylated; C‑index, concordance index; FDR, false
discovery rate; HRs, hazard ratios; CIs, confidence
intervals; AVR‑CC, active viral replication chronic carrier;
CC, chronic carrier; HBV, hepatitis B virus;

Grant support
This work was supported by the Natural Science
Foundation of China [grant numbers: 81372213, 81572935,
81501215 and 81501829].

Conflicts of Interest
No potential conflicts of interest were disclosed.

References
1. European Association For The Study Of The Liver; European
Organisation For Research And Treatment Of Cancer.
EASL‑EORTC clinical practice guidelines: management of
hepatocellular carcinoma. J Hepatol. 2012; 56:908–943.
2. Llovet JM, Fuster J, Bruix J. Intention‑to‑treat analysis
of surgical treatment for early hepatocellular carcinoma:
resection versus transplantation. Hepatology. 1999;
30:1434–1440.
3. Esnaola NF, Mirza N, Lauwers GY, Ikai I, Regimbeau JM,
Belghiti J, Yamaoka Y, Curley SA, Ellis LM, Nagorney DM,
Vauthey JN. Comparison of clinicopathologic characteristics
and outcomes after resection in patients with hepatocellular
carcinoma treated in the United States, France, and Japan.
Ann Surg. 2003; 238:711–719.
4. Imamura H, Matsuyama Y, Tanaka E, Ohkubo T,
Hasegawa K, Miyagawa S, Sugawara Y, Minagawa M,
Takayama T, Kawasaki S, Makuuchi M. Risk factors
contributing to early and late phase intrahepatic recurrence
of hepatocellular carcinoma after hepatectomy. J Hepatol.
2003; 38:200–207.

www.impactjournals.com/oncotarget

24107

Oncotarget

17. Wang H, Sun Q, Zhao W, Qi L, Gu Y, Li P, Zhang M, Li Y,
Liu SL, Guo Z. Individual‑level analysis of differential
expression of genes, pathways for personalized medicine.
Bioinformatics. 2015; 31:62–68.
18. O’Brien DA, Gabel CA, Welch JE, Eddy EM. Mannose
6‑phosphate receptors: potential mediators of germ cell‑Sertoli
cell interactions. Ann N Y Acad Sci. 1991; 637:327–339.
19. Patil P, Bachant‑Winner PO, Haibe‑Kains B, Leek JT.
Test set bias affects reproducibility of gene signatures.
Bioinformatics. 2015; 31:2318–2323.
20. Zhang L, Hao C, Shen X, Hong G, Li H, Zhou X, Liu C,
Guo Z. Rank‑based predictors for response and prognosis
of neoadjuvant taxane‑anthracycline‑based chemotherapy in
breast cancer. Breast Cancer Res Treat. 2013; 139:361–369.
21. Qi L, Chen L, Li Y, Qin Y, Pan R, Zhao W, Gu Y, Wang H,
Wang R, Chen X, Guo Z. Critical limitations of prognostic
signatures based on risk scores summarized from gene
expression levels: a case study for resected stage I
non‑small‑cell lung cancer. Brief Bioinform. 2016; 17:
233–42. doi: 10.1093/bib/bbv064.
22. Boyault S, Rickman DS, de Reynies A, Balabaud C,
Rebouissou S, Jeannot E, Herault A, Saric J, Belghiti J,
Franco D, Bioulac‑Sage P, Laurent‑Puig P, Zucman‑Rossi J.
Transcriptome classification of HCC is related to gene
alterations and to new therapeutic targets. Hepatology.
2007; 45:42–52.
23. Tang KW, Alaei‑Mahabadi B, Samuelsson T, Lindh M,
Larsson E. The landscape of viral expression and host gene
fusion and adaptation in human cancer. Nat Commun. 2013;
4:2513.
24. Oba K, Paoletti X, Alberts S, Bang YJ, Benedetti J,
Bleiberg H, Catalano P, Lordick F, Michiels S, Morita S,
Ohashi Y, Pignon JP, Rougier P, et al. Disease‑free survival
as a surrogate for overall survival in adjuvant trials of
gastric cancer: a meta‑analysis. J Natl Cancer Inst. 2013;
105:1600–1607.
25. Buyse M, Burzykowski T, Michiels S, Carroll K.
Individual‑ and trial‑level surrogacy in colorectal cancer.
Statistical methods in medical research. 2008; 17:467–475.
26. Ng R, Pond GR, Tang PA, MacIntosh PW, Siu LL, Chen EX.
Correlation of changes between 2‑year disease‑free survival
and 5‑year overall survival in adjuvant breast cancer trials
from 1966 to 2006. Ann Oncol. 2008; 19:481–486.
27. Delea TE, Khuu A, Heng DY, Haas T, Soulieres D.
Association between treatment effects on disease progression
end points and overall survival in clinical studies of patients
with metastatic renal cell carcinoma. Br J Cancer. 2012;
107:1059–1068.
28. Sargent DJ, Hayes DF. Assessing the measure of a new
drug: is survival the only thing that matters? Journal of
clinical oncology. 2008; 26:1922–1923.
29. Puszyk WM, Trinh TL, Chapple SJ, Liu C. Linking
metabolism and epigenetic regulation in development of
hepatocellular carcinoma. Lab Invest. 2013; 93:983–990.
30. Okamoto H, Yasui K, Zhao C, Arii S, Inazawa J. PTK2 and
EIF3S3 genes may be amplification targets at 8q23‑q24
www.impactjournals.com/oncotarget

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

24108

and are associated with large hepatocellular carcinomas.
Hepatology. 2003; 38:1242–1249.
Patil MA, Gutgemann I, Zhang J, Ho C, Cheung ST,
Ginzinger D, Li R, Dykema KJ, So S, Fan ST, Kakar S,
Furge KA, Buttner R, et al. Array‑based comparative
genomic hybridization reveals recurrent chromosomal
aberrations and Jab1 as a potential target for 8q gain
in hepatocellular carcinoma. Carcinogenesis. 2005;
26:2050–2057.
Perfetto L, Briganti L, Calderone A, Perpetuini AC,
Iannuccelli M, Langone F, Licata L, Marinkovic M,
Mattioni A, Pavlidou T, Peluso D, Petrilli LL, Pirro S,
et al. SIGNOR: a database of causal relationships between
biological entities. Nucleic Acids Res. 2016; 44:D548–54.
doi: 10.1093/nar/gkv1048.
Hsu HC, Tseng HJ, Lai PL, Lee PH, Peng SY. Expression
of p53 gene in 184 unifocal hepatocellular carcinomas:
association with tumor growth and invasiveness. Cancer
Res. 1993; 53:4691–4694.
Hsu H, Peng S, Lai P, Chu J, Lee P. Mutations of p53 gene
in hepatocellular‑carcinoma (hcc) correlate with tumor
progression and patient prognosis ‑ a study of 138 patients
with unifocal hcc. Int J Oncol. 1994; 4:1341–1347.
Cairo S, Armengol C, De Reynies A, Wei Y, Thomas E,
Renard CA, Goga A, Balakrishnan A, Semeraro M, Gresh L,
Pontoglio M, Strick‑Marchand H, Levillayer F, et al. Hepatic
stem‑like phenotype and interplay of Wnt/beta‑catenin and
Myc signaling in aggressive childhood liver cancer. Cancer
Cell. 2008; 14:471–484.
Shinto O, Yashiro M, Toyokawa T, Nishii T, Kaizaki R,
Matsuzaki T, Noda S, Kubo N, Tanaka H, Doi Y, Ohira M,
Muguruma K, Sawada T, et al. Phosphorylated smad2 in
advanced stage gastric carcinoma. BMC Cancer. 2010;
10:652.
Bruna A, Darken RS, Rojo F, Ocana A, Penuelas S,
Arias A, Paris R, Tortosa A, Mora J, Baselga J, Seoane J.
High TGFbeta‑Smad activity confers poor prognosis in
glioma patients and promotes cell proliferation depending
on the methylation of the PDGF‑B gene. Cancer Cell. 2007;
11:147–160.
Chen Y, Xing P, Zou L, Zhang Y, Li F, Lu X. High p‑Smad2
expression in stromal fibroblasts predicts poor survival in
patients with clinical stage I to IIIA non‑small cell lung
cancer. World J Surg Oncol. 2014; 12:328.
Wu SK, Wang BJ, Yang Y, Feng XH, Zhao XP, Yang DL.
Expression of PTEN, PPM1A and P‑Smad2 in hepatocellular
carcinomas and adjacent liver tissues. World J Gastroenterol.
2007; 13:4554–4559.
Wan XW, Wang HY, Jiang M, He YQ, Liu SQ, Cao HF,
Qiu XH, Tang L, Wu MC. PTEN expression and its
significance in human primary hepatocellular carcinoma.
Chinese journal of hepatology. 2003; 11:490–492.
Hu TH, Huang CC, Lin PR, Chang HW, Ger LP, Lin YW,
Changchien CS, Lee CM, Tai MH. Expression and prognostic
role of tumor suppressor gene PTEN/MMAC1/TEP1 in
hepatocellular carcinoma. Cancer. 2003; 97:1929–1940.
Oncotarget

42. Gao S, Lin BY, Yang Z, Zheng ZY, Liu ZK, Wu LM, Xie HY,
Zhou L, Zheng SS. Role of overexpression of MACC1 and/
or FAK in predicting prognosis of hepatocellular carcinoma
after liver transplantation. Int J Med Sci. 2014; 11:268–275.
43. Cai L, Han J, Zhuo X, Xiong Y, Dong J, Li X.
Overexpression and significance of focal adhesion kinase
in hepatocellular carcinoma and its relationship with HBV
infection. Med Oncol. 2009; 26:409–414.
44. Schmitz KJ, Wohlschlaeger J, Lang H, Sotiropoulos GC,
Malago M, Steveling K, Reis H, Cicinnati VR, Schmid KW,
Baba HA. Activation of the ERK and AKT signalling
pathway predicts poor prognosis in hepatocellular
carcinoma and ERK activation in cancer tissue is associated
with hepatitis C virus infection. J Hepatol. 2008; 48:83–90.
45. Feng D, Zheng H, Shen M, Cheng R, Yan Y. Regulation of
p53 and bcl-2 proteins to apoptosis and cell proliferation
in liver cirrhosis and hepatocellular carcinoma. [Article in
Chinese]. Hunan Yi Ke Da Xue Xue Bao. 1999; 24:325–328.
46. Ha SY, Kim JH, Yang JW, Kim J, Kim B, Park CK. The
Overexpression of CCAR1 in Hepatocellular Carcinoma
Associates with Poor Prognosis. Cancer Res Treat. 2015;
doi: 10.4143/crt.2015.302.
47. Qiu H, Zhang X, Ni W, Shi W, Fan H, Xu J, Chen Y, Ni R,
Tao T. Expression and Clinical Role of Cdc5L as a Novel
Cell Cycle Protein in Hepatocellular Carcinoma. Dig Dis
Sci. 2016; 61:795–805. doi: 10.1007/s10620-015-3937-9.
48. Gaballah HH, Zakaria SS, Ismail SA. Activity and expression
pattern of NF‑kappaB/P65 in peripheral blood from
hepatocellular carcinoma patients ‑ link to hypoxia inducible
factor ‑1alpha. Asian Pac J Cancer Prev. 2014; 15:6911–6917.
49. Hoshida Y, Villanueva A, Kobayashi M, Peix J, Chiang DY,
Camargo A, Gupta S, Moore J, Wrobel MJ, Lerner J,
Reich M, Chan JA, Glickman JN, et al. Gene expression in
fixed tissues and outcome in hepatocellular carcinoma. N
Engl J Med. 2008; 359:1995–2004.
50. Bandopadhyay M, Bulbule A, Butti R, Chakraborty G,
Ghorpade P, Ghosh P, Gorain M, Kale S, Kumar D,
Kumar S, Totakura KV, Roy G, Sharma P, et al. Osteopontin
as a therapeutic target for cancer. Expert Opin Ther Targets.
2014; 18:883–895.
51. Zhang H, Ye QH, Ren N, Zhao L, Wang YF, Wu X,
Sun HC, Wang L, Zhang BH, Liu YK, Tang ZY, Qin LX.
The prognostic significance of preoperative plasma levels
of osteopontin in patients with hepatocellular carcinoma. J
Cancer Res Clin Oncol. 2006; 132:709–717.
52. Abou‑Alfa GK, Schwartz L, Ricci S, Amadori D,
Santoro A, Figer A, De Greve J, Douillard JY, Lathia C,
Schwartz B, Taylor I, Moscovici M, Saltz LB. Phase II
study of sorafenib in patients with advanced hepatocellular
carcinoma. J Clin Oncol. 2006; 24:4293–4300.
53. Cheng AL, Kang YK, Chen Z, Tsao CJ, Qin S, Kim JS,
Luo R, Feng J, Ye S, Yang TS, Xu J, Sun Y, Liang H,
et al. Efficacy and safety of sorafenib in patients in the
Asia‑Pacific region with advanced hepatocellular carcinoma:
a phase III randomised, double‑blind, placebo‑controlled
trial. Lancet Oncol. 2009; 10:25–34.
www.impactjournals.com/oncotarget

54. Zhang Y, Qiu Z, Wei L, Tang R, Lian B, Zhao Y, He X,
Xie L. Integrated analysis of mutation data from various
sources identifies key genes and signaling pathways in
hepatocellular carcinoma. PLoS One. 2014; 9:e100854.
55. Lu XF, Zhou YJ, Zhang L, Ji HJ, Li L, Shi YJ, Bu H.
Loss of Dicer1 impairs hepatocyte survival and leads to
chronic inflammation and progenitor cell activation. World
J Gastroenterol. 2015; 21:6591–6603.
56. Higashi T, Hayashi H, Kaida T, Arima K, Takeyama H,
Taki K, Izumi D, Tokunaga R, Kosumi K, Nakagawa S,
Okabe H, Imai K, Nitta H, et al. Prognostic Impact of Visceral
Fat Amount and Branched‑Chain Amino Acids (BCAA)
in Hepatocellular Carcinoma. Ann Surg Oncol. 2015; 22:
1041–7. doi: 10.1245/s10434-015-4796-5.
57. Ferrin G, Aguilar‑Melero P, Rodriguez‑Peralvarez M,
Montero‑Alvarez JL, de la Mata M. Biomarkers for
hepatocellular carcinoma: diagnostic and therapeutic utility.
Hepat Med. 2015; 7:1–10.
58. Cyr AR, Domann FE. The redox basis of epigenetic
modifications: from mechanisms to functional consequences.
Antioxid Redox Signal. 2011; 15:551–589.
59. Shimazu T, Hirschey MD, Newman J, He W, Shirakawa K,
Le Moan N, Grueter CA, Lim H, Saunders LR, Stevens RD,
Newgard CB, Farese RV, Jr., de Cabo R, et al. Suppression
of oxidative stress by beta‑hydroxybutyrate, an endogenous
histone deacetylase inhibitor. Science. 2013; 339:211–214.
60. Edgar R, Domrachev M, Lash AE. Gene Expression
Omnibus: NCBI gene expression and hybridization array
data repository. Nucleic Acids Res. 2002; 30:207–210.
61. Brazma A, Parkinson H, Sarkans U, Shojatalab M, Vilo J,
Abeygunawardena N,
Holloway E,
Kapushesky M,
Kemmeren P, Lara GG, Oezcimen A, Rocca‑Serra P
and Sansone SA. ArrayExpress—a public repository for
microarray gene expression data at the EBI. Nucleic Acids
Res. 2003; 31:68–71.
62. Irizarry RA, Hobbs B, Collin F, Beazer‑Barclay YD,
Antonellis KJ,
Scherf U,
Speed TP.
Exploration,
normalization, and summaries of high density oligonucleotide
array probe level data. Biostatistics. 2003; 4:249–264.
63. Cancer Genome Atlas Research Network. Comprehensive
molecular characterization of gastric adenocarcinoma.
Nature. 2014; 513:202–209.
64. Mermel CH, Schumacher SE, Hill B, Meyerson ML,
Beroukhim R, Getz G. GISTIC2.0 facilitates sensitive
and confident localization of the targets of focal somatic
copy‑number alteration in human cancers. Genome Biol.
2011; 12:R41.
65. Harrell FE, Jr., Lee KL, Mark DB. Multivariable prognostic
models: issues in developing models, evaluating assumptions
and adequacy, and measuring and reducing errors. Stat Med.
1996; 15:361–387.
66. DP Harrington TF. A class of rank test procedures for
censored survival data. Biometrika. 1982; 69:69:553–566.
67. Storey JD. A direct approach to false discovery rates. J R
Statist Soc B 2002; 64, Part 3,: 479–498.
24109

Oncotarget

68. Breitling R, Armengaud P, Amtmann A, Herzyk P. Rank
products: a simple, yet powerful, new method to detect
differentially regulated genes in replicated microarray
experiments. FEBS Lett. 2004; 573:83–92.
69. Kim EH, Park AK, Dong SM, Ahn JH, Park WY. Global
analysis of CpG methylation reveals epigenetic control of
the radiosensitivity in lung cancer cell lines. Oncogene.
2010; 29:4725–4731.
70. Bahn AK. Application of binomial distribution to medicine:
comparison of one sample proportion to an expected
proportion (for small samples). Evaluation of a new treatment.
Evaluation of a risk factor. J Am Med Womens Assoc. 1969;
24:957–966.

www.impactjournals.com/oncotarget

71. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes
and genomes. Nucleic Acids Res. 2000; 28:27–30.
72. Hong G, Zhang W, Li H, Shen X, Guo Z. Separate enrichment
analysis of pathways for up‑ and downregulated genes. J R
Soc Interface. 2014; 11:20130950.
73. Hochberg YBY. Controlling the False Discovery Rate:
A Practical and Powerful Approach to Multiple Testing.
Journal of the Royal Statistical Society. 1995; 57:289–300.

24110

Oncotarget

