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Abstract
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Clinical application of the prognostic gene expression signature has been delayed due to the large
number of genes and complexity of prediction algorithms. In current study, we aim to develop an
easy-to-use risk score with a limited number of genes that can robustly predict prognosis of
patients with HCC. The risk score was developed by using Cox coefficient values of 65 genes in
the training set (n=139) and its robustness was validated in test sets (n=292). The risk score was a
highly significant predictor of overall survival (OS) in the first test cohort (P = 5.6 × 10-5, n =
100) and the second test cohort (P = 5.0 × 10-5, n = 192). In multivariate analysis, the risk score
was significant risk factor among clinical variables examined together (hazard ratio [HR], 1.36;
95% confidential interval [CI], 1.13-1.64; P = 0.001 for OS).
Conclusion—The risk score classifier we have developed can identify two clinically distinct
HCC subtypes at early and late stage of the disease in a simple and highly reproducible manner
across multiple data sets.
Keywords
Hepatocellular Carcinoma; Gene expression signature; Microarrays; Prognostic biomarkers
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INTRODUCTION
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Hepatocellular carcinoma (HCC) is the third leading cause of cancer death worldwide and
accounts for an estimated 600,000 deaths annually.1 Although surgical resection for HCC
provides best chance for cure, the prognosis after surgery differs considerably among
patients. Because of this clinical heterogeneity, predicting the recurrence or survival of HCC
patients after surgical resection remains challenging. An accurate stratification reflecting the
prognosis of HCC patients would help select the therapy with the potential to confer the best
survival, so considerable effort has been devoted to establishing such a stratification (or
staging) model for HCC by using clinical information and pathological criteria.2, 3 Currently
several clinical classification systems, including Cancer of the Liver Italian Program, the
Barcelona-Clinic Liver Cancer (BCLC), the Chinese University Prognostic Index, and the
Japanese Integrated Staging schema have been developed and used in clinics.4-7 Although
these staging systems have proved to be useful,8 their predictive accuracy remains limited
and they failed to provide biological characteristics of HCC that might account for the
clinical heterogeneity.
With the recent advances in gene expression profiling technology, improvement in
prediction models for risk assessment in HCC has been reported.9-18 However, although
these gene expression signatures might better reflect the biological characteristics of HCC
tumors, the complexity of prediction models based on such signatures has hampered their
clinical usefulness. To overcome this limitation, we have developed a simple risk scoring
system that can predict overall survival (OS) of patients after surgical resection for HCC.
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MATERIALS AND METHODS
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Patients and Gene Expression Data
Gene expression and clinical data from the National Cancer Institute (NCI), Mount Sinai
Hospital (MSH), and Liver Cancer Institute (LCI) HCC cohorts, as reported in previous
studies, were acquired from the National Center for Biotechnology Information (NCBI)
Gene Expression Omnibus (GEO) database (accession numbers GSE1898, GSE4024,
GSE9843, and GSE14520).11, 13, 15-17 Gene expression data from HCC patients at the
French National Institute for Health and Medical Research (INSERM) were obtained from
ArrayExpress, another public microarray database (accession number E-TABM-36).9

NIH-PA Author Manuscript

In addition to these gene expression data from previous studies, we included gene
expression data from 100 patients with HCC (the Korean cohort) as an independent
validation cohort for the risk score. Tumor specimens and clinical data were obtained from
HCC patients undergoing hepatectomy as primary treatment for HCC at Seoul National
University, Seoul, and Chonbuk National University, Jeonju, Korea. One hundred surgically
removed frozen HCC specimens were used for microarray experiments. Samples were
frozen in liquid nitrogen and stored at −80°C until RNA extraction. The study protocols
were approved by the Institutional Review Boards at both institutions, and all participants
provided written, informed consent. Gene expression data from the Korean cohort were
generated using the Illumina microarray platform (Illumina, San Diego, CA). Patients in the
Korean cohort were followed up prospectively at least once every 3 months after surgery.
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Most of the patients in the two validation cohorts were men (83% for Korean cohort and
87.5% for LCI cohort), Child-Pugh class A (92% for Korean cohort and 87% for LCI
cohort), and had cirrhosis (64% for Korean cohort and 92.0% for LCI cohort). HBV
infection was determined by serological positivity for HBV surface antigen (HBsAg) or
anti-HBe antibodies. All patients were received surgical resection and majority of patients
had a single tumor at the time of resection (96% for Korean cohort and 78% for LCI cohort).
Patients were staged according to TNM sixth edition (2006) and Barcelona Clinic Liver
Cancer staging system.19 Tumor size was based on the largest dimension of the tumor
specimen. Tumor grade was scored using the modified nuclear grading scheme outlined by
Edmondson and Steiner.20 Grades 1 and 2 were defined as well-differentiated, and grades 3
and 4 as moderately/poorly differentiated. Majority of patients in three cohorts were not
received anti-Hepatitis B virus treatment after surgery. ECOG performance score of all
patients was 0 or 1. Presence of cirrhosis was also confirmed on the surgical specimen.
Overall survival (OS) was defined as the time from surgery to death, and censored when a
patient was alive at last contact.
Table 1 shows the pathologic and clinical characteristics of the patients in all five cohorts.
All patients had undergone surgical resection as their primary treatment. Patient data were
retrospectively collected from medical records. BCLC staging is based on pre-operation
data, and vasculature invasion is pathologically defined as presence of endolymphatic or
lymphovascular tumor emboli within tumor. Survival data are not publically available for
the MSH and INSERM cohorts; thus, these patients were not used for survival analyses.
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RNA isolation, microarray experiments, and gene expression data
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For generation of gene expression data from the Korean cohort, total RNA was isolated from
tissue samples using a mirVana RNA Isolation labeling kit (Ambion, Austin, TX). Fivehundred nanograms of total RNA were used for labeling and hybridization, in accordance
with the manufacturer’s protocols (Illumina, San Diego, CA). After the bead chips were
scanned with an Illumina BeadArray Reader (Illumina), the microarray data were
normalized using the quantile normalization method in the Linear Models for Microarray
Data package in the R language environment (http://www.r-project.org).21 The expression
level of each gene was transformed into a log-2 base for further analysis. Primary
microarray data are available from the NCBI GEO public database (accession number
GSE16757).
Statistical analysis
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BRB-ArrayTools were primarily used for statistical analysis of gene expression data,22 and
all other statistical analyses were performed in the R language environment. We estimated
patient prognoses using Kaplan-Meier plots and the log-rank test. Stratification of patients in
NCI cohort according to Seoul National University (SNU) recurrence signature was done as
described in previous study.18
Receiver-operating characteristic (ROC) curve analyses were carried out to estimate
discriminatory power of the prognostic gene expression signatures and clinical variables.
We calculated the area under the curve (AUC), which ranges from 0.5 (for a noninformative
predictive marker) to 1 (for a perfect predictive marker) and a bootstrap method (1000 resampling) was used to calculate the 95% confident internal (CI) for AUC.
We used multivariate Cox proportional hazards regression analysis to evaluate independent
prognostic factors associated with OS, and as covariates we used a 65- gene risk score,
tumor stages, and pathologic characteristics.23 A P-value <0.05 indicated statistical
significance, and all statistical tests were two-tailed. Heat map of gene expression was
generated by using Cluster and TreeView software.24
GoMiner was used to group genes based gene ontology (GO) characteristics of them.25
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Development and validation of 65-gene risk scoring system
To generate a risk score, we adopted a previously developed strategy using the Cox
regression coefficient of each gene among a 65-gene set from the NCI cohort.26 The risk
score for each patient was derived by multiplying the expression level of a gene by its
corresponding coefficient (Risk score = sum of Cox coefficient of Gene Gi X expression
value of Gene Gi). The patients were thus dichotomized into groups at high or low risk using
the 50th percentile (median) cutoff of the risk score as the threshold value. The median risk
score in the NCI cohort was 8.36. The coefficient and the threshold value (8.36) derived
from the NCI cohort were directly applied to gene expression data from the Korean, LCI,
MSH, and INSERM cohorts to divide the rest of the patients into high-risk and low-risk
groups. Gene expression data and master prediction model is available as Supporting Data 1.
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RESULTS
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Sixty-five gene expression signature in HCC and development of the 65-gene risk score
To identify a limited number of genes whose expression pattern is significantly associated
with the prognosis of HCC, we used two previously identified gene expression signatures.
The NCI proliferation signature (1016 gene features) was identified when two major clusters
of HCC patients were uncovered by hierarchical clustering method and the signature was
found to be significantly associated with OS and recurrence-free survival (RFS).13, 15, 16 The
Seoul National University (SNU) recurrence signature (628 gene features) was developed to
predict the likelihood of recurrence after surgical treatment of HCC.18 We hypothesized that
the genes present in both signatures would be better predictors than genes only present in
one signature. Therefore, expression patterns of these genes would be sufficient to predict
the prognosis of HCC patients. When the two gene lists were compared with each other,
only 65 genes overlapped (Fig. 1A).
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In order to develop new risk assessment model for prognosis with 65 genes, we adopted a
previously developed strategy that generate the risk score using the Cox regression
coefficient of each gene in the prognostic signature.26 The risk score for each patient was
calculated by using the regression coefficient of each gene in the 65-gene signature (Table
2). HCC patients in the NCI cohort were then dichotomized into a highrisk and low-risk
group for death using the 50th percentile cutoff (8.36) of the risk score as the threshold value
(Fig. 1B). The OS rates were significantly lower in the patient group with the high risk score
(P = 1.0 × 10-4 by the log-rank test; Fig. 1C). When predicted outcomes of new and reduced
model were compared with those from original prognostic signatures, the statistical
significance of the 65-gene risk score in discriminating between HCC patients with different
prognoses is similar to the discriminatory power of the two original gene expression
signatures (Fig. 1D and E). We also assessed predictive performance of three-year OS of
three prognosis models by calculating areas under curve (AUC) from receiver operating
characteristic (ROC) analysis. Not surprisingly, AUC of 65-gene risk score (0.68; 95% CI,
0.604 – 0.761) is highly similar to those from original prognosis models (Supporting Fig. 1).
This result strongly suggests that the expression patterns of the 65 genes are sufficient to
predict the prognosis of HCC patients, although this data set represents only 5.8% of genes
in the NCI proliferation signature and 10.3% of genes in the SNU recurrence signature.
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To test whether genes not shared by two prognostic signatures have similar discriminatory
power, two additional risk scores were generated from 65 genes that were randomly selected
from non-overlapped gene lists in each prognostic signature, and applied to NCI and SNU
cohorts. As expectedly, NCI proliferation signature risk score showed significant predictive
performance on patients in NCI cohorts (Supporting Fig. 2B). However, it failed to show
significant predictive performance on patients in SNU cohorts (Supporting Fig. 2C). SNU
recurrence signature risk score also showed opposite predictive performance on patients
from two different cohorts (Supporting Fig. 2B & C). However, common gene risk score
showed consistent predictive performance on patients from both cohorts. These data suggest
that genes shared in two independent prognostic signatures might be more robust than those
only present in one signature.
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Validation of the 65-gene risk score
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We next sought to validate the risk score using expression data of the 65 genes from
independent HCC cohort. Gene expression data for 100 tumors from Korean patients with
HCC were collected and used as an independent test set. The coefficient and threshold value
(8.36) derived from the NCI cohort were directly applied. When patients in the Korean
cohort were stratified according to their risk score, the patient group with a low risk score
had a significantly better prognosis (P = 5.6 × 10-5 for OS, log-rank test) (Fig. 2A) than
patients with a high risk score. The risk score was further validated in another independent
cohort (LCI cohort, P = 5.0 × 10-4 for OS, log-rank test) (Fig. 2B). Taken together, these
results demonstrate that it is possible to determine a risk score on the basis of the expression
of a small number of genes.
65-gene risk score is an independent risk factor for OS
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We next combined clinical data from two test cohorts and assessed the prognostic
association between our newly developed 65-gene risk score and other known clinical risk
factors using univariate Cox regression analyses. In addition to alpha-fetoprotein level,
tumor size, grade, and vasculature invasion, which are already well-known risk factors, the
risk score was a significant indicator for OS (Table 3). We then included all relevant clinical
variables in a multivariate Cox regression analysis. Importantly, the risk score remained the
significant prognostic risk factor (HR 1.36, 95% CI 1.13 – 1.64, P = 0.001 for OS) (Table
3).
We next carried out ROC analysis to assess predictive performance of three-year OS of 65gene risk scores in pooled test cohort and compared it with other clinical variables that
showed significance in univariate analysis (tumor size, vasculature invasion, grade, and
AFP). AUC of risk score (0.699; 95% CI, 0.636 – 0.764) is highly close to that of tumor size
(0.691; 95% CI, 0.628 – 0.755), most significant clinical variable in univariate analysis (Fig.
3). Taken together, these findings suggest that the risk score retains its prognostic relevance
even after the classical clinicopathological prognostic features have been taken into account.
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We further tested the independence of the risk score over current staging systems. When the
risk score was applied to patients with early stage (BCLC stage A) and intermediate and
advanced stage (BCLC stage B and C) HCC, it successfully identified high-risk patients in
different BCLC stages (Fig. 4). The risk score was also independent of American Joint
Committee on Cancer (AJCC) stages (Supporting Fig. 3). We next tested whether new risk
score can improve the discrimination of prognosis over BCLC stages. Performance of
combined model (BCLC and risk score) is substantially improved over the baseline models
with only BCLC and risk score as evidenced by increase of AUC from ROC analysis
(Supporting Fig. 4A). Moreover, subset ROC analysis within each BCLC stage clearly
demonstrated incremental value of risk score over current staging system (Supporting Fig.
4B).
Because vasculature invasion is the clinical variable best known to be significantly
associated with OS of HCC after surgical resection,27-31 we next tested how independent the
new risk score is of vasculature invasion. As expected, the prognosis of patients without
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vasculature invasion was significantly better than that of patients with invasion (Supporting
Fig. 5A). When the risk score–based stratification was applied separately to invasionpositive and -negative patients, it successfully identified high-risk patients in both subgroups
(Supporting Fig. 5B and C). Importantly, when all stratifications were combined together,
the risk score even identified patients without vasculature invasion whose risk was worse
than or similar to that of patients with invasion (Supporting Fig. 5D).
We next examined potential association of risk score with underlying liver disease by
including Child-Pugh class and cirrhosis information into analysis. As expectedly,
Edmondson grade reflecting pathological characteristics of tumors showed incremental
association with risk score. The number of patients with high risk score is slightly increased
in higher grade. However, indices for underlying liver disease lack any association with risk
score (Supporting Table 1), indicating that risk score does not reflect biological
characteristics associated with underlying liver disease.
Molecular characteristics of HCC associated with 65-gene risk score
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We grouped 65 genes in risk scores in the context of the Gene Ontology (GO) to summarize
biological characteristics of risk score. Not surprisingly, genes involved in signaling
transduction are enriched in those whose expression is positively associated with poor
prognosis (high risk genes, Supporting Table 2), while genes associated with normal
metabolic functions of liver are enriched in low risk genes (Supporting Table 3).
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In addition, we used gene expression data from the MSH cohort, for whom many biological
characteristics are available.11 Ninety-one patients from the MSH cohort were stratified
according to risk score by applying the coefficient and threshold values (8.36) derived from
the NCI cohort. All three signaling events (phosphorylation) examined in the previous study
with the MSH cohort were significantly associated with the risk score (Supporting Table 4).
We found that a high risk score was significantly associated with enriched phosphorylation
of AKT (P = 0.003, χ2-test), IGFR1 (P = 2.2 × 10-4, χ2-test), and RPS6 (P = 3.6 × 10-5, χ2test). Mutation of TP53 is not associated with the risk score (P = 0.93), whereas a high
frequency of mutations of CTNNB1 (beta-catenin) was significantly associated with a low
risk score (23/ 27 mutations, P = 0.05, χ2-test). To validate the association between risk
score and CTNNB1 mutations in HCC, patients in the INSERM cohort (n = 57) were
stratified by risk score using same 8.36 cutoff threshold.9 Of 17 HCC tumors with CTNNB1
mutations, 16 were in the low-risk group, and this association was statistically significant
(Supporting Table 5; P = 0.015, χ2-test).

DISCUSSION
By applying multi-step exploration and validation strategy (Supporting Fig. 6), we identified
and validated a risk score based on expression patterns of 65 genes that can easily quantify
the likelihood of OS in HCC patients who have undergone surgical resection as primary
treatment.
Several lines of evidence strongly support that the risk score is an independent and
significant predictor of prognosis. First, the risk score was the significant predictive factor
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for OS in the combined validation cohort in multivariate analysis (Table 3). Second, the risk
score can identify high risk patients in both patients with early stage HCC (BCLC stage A)
and those with intermediate or advanced stage (BCLC stage B and C) (Fig. 4). The strength
and independence of the risk score over the current staging systems remained significant
even when the AJCC staging system was applied (Supporting Fig. 3). Third, the risk score
identified poor prognosis patients without vasculature invasion, who are typically considered
as good prognosis patients. (Supporting Fig. 5). Fourth, the risk score was the most
significant predictor of 3-year survival of patients in ROC analysis (Fig. 3). Taken together,
these results strongly support the notion that the risk score identifies clinical characteristics
significantly associated with the prognosis of HCC that are not recognized by current
staging criteria.
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Although it is interesting to see that risk score reflects biological characteristics (Supporting
Table 4), its associations need to be validated in future study. For example, activation of
AKT is most commonly altered signaling event in many cancer and many genetic alterations
would lead to activation of AKT.32 Thus, it is currently uncertain whether AKT is the driver
of tumor developments in patients with high risk score and would be potential therapeutic
targets for these patients. However, the significant association of risk score with CTNNB1
mutations is in good agreement with the results of previous studies demonstrating a
significant correlation between CTNNB1 mutations and a favorable prognosis among
patients with HCC.33, 34 Moreover, TBX3, one of the canonical downstream target genes of
CTNNB1,35 was included in our 65-gene signature, and its expression was associated with a
better prognosis, which strongly supports the activation of CTNNB1 in the low-risk group in
all HCC patients examined. It is also noteworthy to point out that the risk score does not
reflect the status of underlying liver disease, indicating that there might be room for
improvement. Previous study identified prognostic gene expression signature from
surrounding non-tumor tissues of patients with HCC that better reflects biological
characteristics of underlying liver disease than tumors.12 The risk score might be improved
by incorporating genomic data from surrounding tissues that does not overlap with but
complementary to those from tumor tissues.
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Classification of human cancers into more homogenous clinical groups such as stages and
grades significantly improved the treatment of patients by standardizing patient care.
Molecular classification of cancers further improved patient care by enabling the
development of treatments tailored to the abnormalities present in each patient’s cancer
cells. Currently, decision-making for HCC treatment in the clinical setting is mainly based
on clinical data, which is best reflected in BCLC staging and its associated treatment
algorithm.2 However, this staging method offers little or almost no information about
biological characteristics of HCC that would be very critical for tailored treatment in future.
Importantly, risk score may provide clues on biological characteristics of tumors (i.e.,
activation of CTNNB1) as well as prognostic characteristics. Thus, it would provide
opportunity for developing rationalized clinical trials based on molecular characteristics of
tumor that are supplemental to current staging systems. Since our data showed that small
number of genes (65 genes) is sufficient to identify patient with poor prognosis (Supporting
Fig. 1), it will open up possibility that simpler and easily accessible technology in clinics
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like quantitative reverse transcription polymerase chain reaction can replace complicated
microarray technologies to develop easy-to-use prognostic model with small samples from
biopsies.
Our current stratification strategy is limited by its assumption that there are two major
prognostic HCC subgroups. Although this assumption is largely supported by the results of
previous studies,10, 12, 13, 15, 16, 18 we cannot rule out the possibility that there are more than
two prognostic groups of HCC patients, given the genetic heterogeneity of the disease.
However, because our method generates continuous risk scores, it is easy to adjust cutoff
criteria to restratify HCC patients according to the degree of genetic heterogeneity. Future
studies should clarify this result.
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In conclusion, the use of a risk score as defined by an expression pattern of 65 genes can
identify a poorer prognosis in HCC patients in a reliable and reproducible manner across
independent patient cohorts. However, due to the heterogeneity in both ethnic backgrounds
and potential differences in patient care in different hospitals, conclusions of current study
should be validated in larger independent cohort. Moreover, at present it is unclear whether
the risk score offers information about the potential benefits of adjuvant therapies after
surgical resection. Thus, prospective validation using tissues from patients having received
adjuvant therapies is necessary in future studies with proper incorporation of analyses to
correlate it with underlying liver diseases, identify patterns of recurrence, and determine
impact of subsequent therapies.

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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HCC

hepatocellular carcinoma

OS

overall survival

AUC

area under the curve
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leave-one-out-cross-validation
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Figure 1. Stratification of HCC patients in NCI cohort with 65-gene risk score

(A) Venn diagram of gene lists from two independently generated prognostic expression
signatures. (B) Risk scores in the NCI cohort. Each bar represents the risk score for an
individual patient. (C) Kaplan-Meier plots of the two subgroups in the NCI cohort stratified
by risk score. (D) Kaplan-Meier plots of the two subgroups in the NCI cohort stratified by
NCI proliferation signature. (E) Kaplan-Meier plots of the two subgroups in the NCI cohort
stratified by SNU recurrence signature. Percentages in parenthesis indicate recurrence rate in
each subgroup. OS, overall survival.
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Figure 2. Overall survival of HCC patients stratified by risk score in the Korean and LCI HCC
cohorts

HCC patients in the Korean cohort (A) and LCI cohort (B) were stratified by 65-gene risk
score. OS, overall survival.
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Figure 3. Comparison of ROC curves of clinical variables and risk score in validation cohorts

Clinical variables and 65-gene risk score were applied to patients in pooled validation
cohorts and their prognostic significance was estimated by AUC from ROC analysis for 3year OS. AUC: area under curve, CI: 95% confident internal of AUC. TS: tumor size, VI:
vasculature invasion. RS: risk score, AFP:alpha-feto protein
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Figure 4. Kaplan–Meier plots of OS of HCC patients stratified by BCLC stages and risk score

Patients were stratified by BCLC stage (A) or risk score (B and C). P-values were obtained
from the log-rank test.
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0.321
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1.3

Z-score
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SE

0.024

0.0021

0.051

5.40E-05

0.02

0.19

p-value

1.52

1.38

0.745

0.704

1.43

1.2

HR

1.06-2.17
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Univariate and Multivariate Cox Proportional Hazard Regression Analyses of Clinical Variables Associated
with Overall Survival of HCC Patients in Validation Cohort.
Univariate

Gender (M or F)

Multivariate

Hazard Ratio (95% CI)

P-value

Hazard Ratio (95% CI)

P-value

1.22 (0.63 – 2.37)

0.54

0.87 (0.43 – 1.76)

0.71

Age (>60)

1.15 (0.7 -1.89)

0.57

1.27 (0.74 – 2.15)

0.38

AFP (>300 ng/ml)

1.9 (1.23 – 2.93)

0.003

1.63 (1.0 – 2.59)

0.04

Tumor size (quintiles)

1.57 (1.32 – 1.88)

3.1 × 10-7

1.41 (1.16 – 1.71)

4.0 × 10-4

Grade (1,2,3,4)

1.34 (0.99 – 1.82)

0.05

0.95 (0.69 -1.33)

0.79

Vasculature Invasion (Y, or N)

2.07 (1.33 – 3.22)

0.001

Risk Score (quintiles)

1.53 (1.28 – 1.82)

2.2 ×

10-6

1.35 (0.85 – 2.16)

0.19

1.36 (1.13 – 1.64)

0.001

AFP, alpha-fetoprotein
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