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Abstract

Objective: Hepatocellular carcinoma (HCC) is a highly heterogeneous disease with a dismal prognosis.
However, driver genes and prognostic markers in HCC remain to be identified. It is hoped that in-depth
analysis of HCC genomes in relation to available clinicopathological information will give rise to novel
molecular prognostic markers.

Methods: We collected genomic data of 1,061 HCC patients from previous studies, and performed integrative
analysis to identify significantly mutated genes and molecular prognosticators. We employed three MutSig
algorithms (MutSigCV, MutSigCL and MutSigFN) to identify significantly mutated genes. The GISTIC2 algorithm
was used to delineate focally amplified and deleted genomic regions. Nonnegative matrix factorization (NMF)
was utilized to decipher mutational signatures. Kaplan-Meier survival and Cox regression analyses were used to
associate gene mutation and copy number alteration with survival outcome. Logistic regression model was
applied to test association between gene mutation and mutational signatures.

Results: We discovered 11 novel driver genes, including RNF213, VAV3 and TNRC6B, with mutational
prevalence ranging from 1% to 3%. Seven mutational signatures were also identified in HCC, some of which
were associated with mutations of classical driver genes (e.g., TP53, TERT) as well as alcohol consumption. Focal
amplifications of TERT and other druggable targets, including AURKA, were also revealed. Targeting AURKA by
a small-molecule inhibitor potently induced apoptosis in HCC cells. We further demonstrated that HCC
patients with TERT amplification displayed shortened overall survival independent of other clinicopathological
parameters. In conclusion, our study identified novel cancer driver genes and prognostic markers in HCC,
reiterating the translational importance of omics data in the precision medicine era.

Key words: HCC; mutation; TERT; prognostic marker; druggable target

Introduction

Hepatocellular carcinoma (HCC) ranks the sixth  is as yet available for advanced HCC except sorafenib,
most common cancer and the second leading cause of =~ which modestly extends the median overall survival
cancer mortality worldwide with a 5-year survival from 7.9 months to 10.7 months [2]. In recent years,
rate of about 17% [1]. No effective systemic treatment =~ whole-genome and exome sequencing studies have
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revealed the mutational landscape of HCC. These
studies expanded the list of HCC-related drivers,
including the well-known TP53, CTNNB1 and
ARID1A, and constitutive activation of TERT via
hotspot promoter mutations and/or amplifications [3,
4]. Such efforts also led to the identification of
potential druggable targets, such as actionable
activated mutations in JAK1 [5]. However, the number
of tumor samples analyzed in these studies is still far
from optimal, leaving novel HCC driver genes to be
discovered. In particular, driver genes of
low-to-intermediate mutation frequency are expected
to show up if more samples are added [6]. Moreover,
the mutation spectrum bears information on
mutagenic factors (e.g., ultraviolet in skin cancer and
smoking in lung cancer) that have acted over the
course of tumorigenesis [7, 8]. Our recent study also
discovered the association between TpCpW
mutations and APOBEC expression in gastric cancer
[9]. It is expected that, by deciphering the mutation
spectrum, the mutational processes operative in HCC
and their relationship with environmental and host
factors will be delineated.

Stratification of cancer patients with distinct
clinical outcomes based on molecular features is an
important goal of precision medicine. The prognosis
of HCC is heterogeneous with the median survival
following diagnosis ranging from approximately 6 to
20 months. Currently, HCC prognostication mainly
relies on clinicopathological staging although
molecular features, such as TP53 mutations and
expression of cellular proliferation markers, have
been reported to predict survival [10-12]. With the
advent of next-generation sequencing, utilization of
“big data” for molecular typing now becomes feasible.
Our group previously reported on two molecular
subtypes of gastric cancer with distinct prognostic
outcomes based on mutation profiles of driver genes
[9] and devised a five-gene mutational signature in
colorectal cancer that could predict overall survival
independent of tumor-node-metastasis (TNM)
staging [13]. It is hoped that more in-depth analysis of
HCC genomes in relation to available clinico-
pathological information will give rise to novel
molecular prognostic markers.

The purposes of this study are to identify novel
driver genes and genetic prognosticators in HCC
through integrative analysis of mutational profiles in
association with clinicopathologic data from all
previous related genomic studies [3-5, 14, 15] and the
Cancer Genome Atlas Network. We also examined
mutational signatures of HCC in relation to known
endogenous and exogenous factors.

Results

A compendium of significantly mutated genes
in HCC

A total number of 190,099 somatic mutations
from 1,061 HCC tissues were obtained, including
3,750 nonsense, 59,990 missense, and 2,465 splice-site
mutations together with 5,533 short insertions/
deletions. On average, there are 2.11 mutations per
mega-base (Mb). To identify significantly mutated
genes (SMGs) that are linked to HCC development,
MutSigCV, MutSigCL and MutSigFN were employed
to identify genes whose mutations are positively
accumulated, clustered at hotspot, and of functional
importance [16]. In total, 43 SMGs that were mutated
in 21% of HCCs were identified, including 32
reported HCC-related genes (e.g., TP53, CTNNBI,
ARID1A, ARID2, AXIN1, TSC2) and 11 novel SMGs
(e.g., RNF213, VAV3, TNRC6B, MACC1, LAMAS,
GPAM) (Figure 1A and Table S1). In particular, five
genes, namely TP53, CTNNB1, NFE2L2, HNF1A and
CDKN2A, were identified as significantly mutated by
all three algorithms. To uncover potential genetic
interactions among SMGs in HCC development,
co-occurrence and mutual exclusivity of mutations
among 43 SMGs were analyzed with MuSIC [17] and
MEMo [18]. While none of the pairs displayed
co-occurrence, sixteen pairs of SMGs were found by
MuSIC to be mutually exclusively mutated (Table
S2), including CTNNBI and TP53 (p < 0.0001),
CTNNBI and AXIN1 (p = 0.0003), CTNNB1 and RB1 (p
= 0.0005) and RPL22 and TP53 (p = 0.0023). With
MEMo, we also identified four significant modules
preferably targeting Wnt/p-catenin, p53 signaling
and cell cycle circuits (Table S3), which was further
confirmed by significantly mutated pathway analysis
(Table S4). In addition, we used an integrative model
proposed by Zhao et al. to incorporate mutation, focal
copy number change and expression data from a
TCGA liver cancer study to identify mutated driver
pathways [19]. The result showed that modules
involving TP53, CTNNB1 and AXIN1 are significantly
altered (Table S5).

Promoter mutations in HCC

Promoter mutations can alter transcription factor
binding behaviors, such as creating new binding sites
or abrogating existing binding sites. Consistent with a
recent report [20], we found that TERT, which
encodes the telomerase reverse transcriptase, was
most significantly enriched with promoter mutations
in HCC (Figure 1B). Apart from TERT, we identified 8
other genes with significant enrichment for promoter
mutations (Figure 1C and Figure S1), including
EBNA1BP2 (encoding a binding partner of c-Myc)
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[21], ASAP3 (encoding a GTPase-activating protein
that functions in cell migration and invasion) [22] and
TFPI2 (encoding a proteinase inhibitor epigenetically
silenced in multiple human cancers) [23].

Pathways altered by somatic mutations in
HCC

By mapping SMGs and other well-known genes
to cell signaling pathways, we observed that several
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pathways were frequently genetically altered in HCC
(Figure 2), including p53 signaling (40.0%),
Wnt/B-catenin signaling (30.0%), cytokine/growth
factor receptor signaling (28.7%), and chromatin
remodeling/transcriptional ~ regulation  (24.4%).
Interestingly, genes involved in oxidative stress
response (6.7%) and RNA processing (5.7 %) were also
frequently altered by somatic mutations.

o

||| ! I| ; I+lI

M Inframe indel Syn.

M Missense

C
TERT

EBNA1BP2- I
ASAP3
C100rf2
MRPL43
TFPI2

WDR74 -
2
—]

CDCAS
TBCB

1 I I T
1

o

3 4 5
-log10(g-value)

Figure 1. Significantly mutated genes (SMGs) and promoter-mutated genes identified in HCC. (A) SMGs that are mutated in 21% of HCC (n = 1,061)
are listed. Mutation types are distinguished by different colors with 11 novel SMGs highlighted in red. (B) Mutation density plot of TERT. (C) Bar-plot representation
of enrichment scores for genes enriched for promoter mutations with q values < 0.1.
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Mutational Alterations of Signaling Pathways in Hepatocellular Carcinoma
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Figure 2. Signaling pathways altered by somatic mutations in HCC. Red and blue colors denote SMGs with predicted activating and inactivating mutation,
respectively. Genes in white color are not SMGs but have key roles in tumorigenesis. Druggable targets are marked with red stars. Note: For TERT, promoter instead

of exomic region mutation frequency is shown.

Copy number alterations in HCC

Aside from point mutations and short
insertions/deletions, we used GISTIC2 to analyze
DNA copy number alterations (CNAs) based on
segmentation data obtained from TCGA to delineate
genome-wide focal DNA gain and loss [24].
Significant arm-level alterations include gain of 5q,
6p, 7p, 79, 8q, 17q, 20p and 20q, and loss of 4p, 4q, 6q,
9p, 9q, 10q, 14q, 16p and 21q. Focal amplifications in
regions containing canonical cancer genes include
8q24.21 (MYC), 11q13.3 (CCND1), 19q12 (CCNE1),
7q31.2 (MET), 9p24.2 (JAK2), as well as 5p15.33
(TERT), whereas focal deletions involved 13q14.2
(RB1),9p21.3 (CDKN2A) and 10q23.31 (PTEN) (Figure
3). Tumor ploidy estimated by ABSOLUTE [25]
revealed that a large proportion of HCCs exhibited
genome doubling (Table S6).

Mutated genes and CNAs with prognostic
significance in HCC

The potential association between mutation
status of the identified SMGs and clinicopathological
information of HCC patients was examined. TP53 is
the most prevalently mutated gene in HCC among all
SMGs. We found that its mutations were significantly
associated with poorer overall survival of HCC
patients (Figure S2; Log-rank test, p = 6.6x10-), which

is consistent with previous studies [11, 12]. TP53
mutations were also associated with more advanced
tumor grade (Odds Ratio (OR) = 2.17, Fisher's exact
test, p = 0.0003). Apart from TP53 mutation, we found
that TERT promoter mutations were significantly
correlated with poorer overall survival in HCC
(Figure 4A; p = 2.81x10?), more advanced tumor
grade (OR = 2.5; p = 1.02x10%) and disease relapse (OR
= 4.76; p = 2.33x1012). Mutations of other genes were
not significantly associated with survival in our
analysis. For CNAs at both large segment- and
focal-levels, we observed that three amplification
regions (5q15.33, 19q13.11 and 20q13.13) and three
deletion regions (15921.1, 17q11.2 and 17q12) were
significantly associated with shortened overall
survival of HCC patients, respectively (Figure 4B and
Figure S3). In particular, amplifications of 5q15.33
were significantly associated with increased mRNA
levels of TERT (Figure 4C), which was located in the
amplified region. Importantly, amplification of TERT
was associated with shortened overall survival of
HCC patients (Figure 4D) independent of other
clinicopathological parameters, including age, gender
and TNM staging (Figure 4E). Amplifications or
deletions of individual genes at other regions were
not associated with altered survival of HCC patients.
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Mutational signatures operative in HCC

To elucidate mutagenic processes associated
with hepatocarcinogenesis, computational framework
as proposed by Alexandrov et al. with modifications
was used to define mutational signatures of HCC [8].
We found that nucleotide changes of C>T/G>A,
T>C/A>G and C>A/G>T dominated the mutation
spectrum (Figure 5A). Seven mutational signatures
(Figure 5B) were extracted from 1,061 HCCs, each of
which contributed to different proportion of
mutations (Figure 5C). Kernel principal component
analysis revealed that mutational signatures
corresponding to different studies were admixed
(Figure 5D), suggesting minimal impact of batch
effect on mutational signatures. Next we applied
Bayesian-based general linear model to regress
mutation exposures with etiological factors, tumor
grade and mutation status of six major SMGs. We
found that Signature 6 was positively correlated with
TERT mutations whereas Signatures 2 and 3 were

associated with alcohol consumption. Several
signatures were also negatively correlated with TP53
mutations (Figure 5E and Figure S4). However, none
of the seven signatures was associated with hepatitis
B virus (HBV) infection, hepatitis C virus (HCV)
infection or non-alcoholic fatty liver disease. In
comparison with recently updated COSMIC
mutational signatures [8], we found that Signatures 2,
3, 5 and 6 exhibited high similarity with COSMIC
Signatures 16, 19/23, 24 and 22, respectively, and are
potentially associated with HCC. For example,
Signature 5 is known to be associated with aflatoxin
exposures. Cosine similarities among mutational
signatures obtained from our study and COSMIC are
provided in Figure S5. In addition, we noted that
Signature 6 (dominated by T>A at CpIpG) is
prevalent in our study but absent in a study reported
by Fujimoto et al.?*, whereas the other signatures
exhibited similar base substitution patterns. We were
not able to calculate signature-wise cosine similarity
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Figure 3. Genome-wide focal amplification (red) and deletion (blue) peaks identified in HCC.
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due to the unavailability of mutation signature data
from Fujimoto et al.’s study.

Druggable target amplifications in HCC

We used the TARGET database to identify
potential druggable SMGs (Figure 2) and amplified
genes (Figure 6A). Results showed that epidermal
growth factor receptor inhibitors (e.g., Gefitinib)
might be beneficial for 48.4% of HCC patients by
targeting amplified EGFR, MET, MAPK1, MAPK3 and
CRKL. Crizontinib and vemurafenib may also benefit
31.4% and 22.5% of HCC patients with BRAF and
ERBB2 amplification, respectively. Of particular
interest, AURKA was amplified in about one-third of
HCC, which might be susceptible to the small-
molecule inhibitor alisertib.

Validating AURKA as a druggable target in
HCC

To confirm AURKA as druggable target in HCC,
we first determined its mRNA expression in 10 HCC

cell lines and 3 normal liver tissues. Semi-quantitative
reverse-transcription PCR revealed that AURKA was
strongly expressed in HCC cell lines but not normal
liver tissues (Figure 6B). Importantly, the AURKA
inhibitor alisertib strongly inhibited the cell viability
(Figure 6C) and colony-forming ability (Figure 6D) of
two HCC cell lines, namely HepG2 and Hep3B, at low
micromolar concentrations. Flow cytometry assays
also showed that alisertib induced apoptosis in both
HepG2 and Hep3B cells (Figure 6E). In this regard,
alisertib potently inhibited the auto-phosphorylation
of AURKA on Thr288 within the activation loop
(Figure 6F), which is an indicator of AURKA activity.
We also tested the effects of alisertib on 2 additional
HCC cell lines (SNU449 and SNU182) with more
mesenchymal phenotypes. Similar to HepG2 and
Hep3B, alisertib strongly reduced cell viability and
colony-forming ability and markedly induced
apoptosis. Alisertib also strongly inhibited the
migration of SNU449 and SNU182 cells (Figure S6).
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patterns in 1,061 HCC samples. Single-nucleotide substitutions are divided into six categories with 16 surrounding flanking bases. Inset pie chart shows the
proportion of 6 categories of mutation patterns. (B) Seven mutational signatures were extracted from HCC. (C) Proportion of 7 mutation signatures in individual
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colors. (E-G) Significant association of mutation signatures with (E) TERT mutation status, (F) TP53 mutation status and (G) alcohol consumption were identified.
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Discussion

In this study, we performed a systematic
analysis of 1,061 HCC genomes, which is the largest
number of HCC samples for integrative analysis thus
far, and correlated our analysis with clinical features.
The main findings that emerged from our study
include: (1) Identification of new SMGs and genes
enriched with promoter mutations; (2) Association
between TERT amplification/promoter mutations
and poorer overall survival in HCC; (3) Correlation of
HCC mutation signatures with alcohol consumption
and mutations of canonical cancer genes; (4)
Identification of druggable targets in HCC, including
AURKA, whose inhibition was experimentally
confirmed to induce apoptosis in HCC cells.

Through three different MutSig algorithms, we
rediscovered 32 reported SMGs and identified 11
novel SMGs that are mutated in 21% of HCC.
Importantly, several newly identified SMGs,
including VAV3 [26], MACC1 [27], GPAM [28] and
DYRKIA [29], have been reported to take part in the
pathogenesis of other cancer types. RNF213, which
was mutated at the highest frequency (2.7%) among
the 11 novel SMGs, encodes an E3 ubiquitin-protein
ligase that is known to degrade NFAT1 [30], a
transcription factor that can in turn activate MDM2
for promoting p53 degradation [31]. VAV3, another
novel SMG that was mutated in 2.3% of HCC, has also
been shown to promote prostate cancer metastasis
through activating Racl [32]. It is estimated that the
current sample size has a high power (98%) to identify
new SMGs mutated in 3% of HCC samples. It is
therefore unlikely that further increasing sample size
will lead to identification of novel high-frequency
(>3%) drivers. However, the statistical power reduces
to 66% and 6% for SMGs mutated in 2% and 1% of
samples, respectively. Based on a background
mutation rate of 2.11 mutations per Mb in HCC from
this study, 4,200 cases are required to identify SMGs
in 1% of patients with 80% power. These estimations
underscore the importance of a larger sample size to
discover more drivers with low-to-intermediate
mutation frequencies (1-3%) in HCC.

A potential limitation of this study is that results
might be confounded by batch effect, which is
common for meta-analysis of genomic data. To
address batch effect in SMG identification, we used
stringent criteria (e.g., filtering out cohort-biased
genes) to get rid of artifacts. However, carcinogenesis
is closely related to environmental factors, which may
confer unique selective pressure over specific driver

genes. Thus de facto cohort-specific drivers might have
been removed from the final SMG list.

Pertinent to clinical practice, our analysis
showed that genetic alterations of TERT and TP53
were correlated with poorer overall survival in HCC
patients. Concordantly, previous studies have shown
that TP53 mutations were associated with shortened
survival and disease recurrence in HCC [11, 12]. Our
analysis further identified TERT amplification/
promoter mutations as a novel unfavorable
prognosticator in HCC. TERT promoter mutations
have been reported to create binding sites for E-
twenty-six (ETS) transcription factors [33], leading to
TERT upregulation in different cancer types [20, 34,
35]. However, it is noteworthy that TERT promoter
mutation frequency might be underestimated in this
study due to unavailability of mutation status outside
exomic regions obtained from TCGA level 3 dataset
and incomplete capture/sequencing.

Except Signature 6, the mutational signatures
extracted from our study and those reported by
Fujimoto et al. [29] showed similar base substitution
patterns. However, there are still subtle variations
between these two studies probably because we used
only exomic mutations while Fujimoto et al. used all
mutations identified from whole-genome sequencing
data [15]. In addition, our study incorporated
genomic data from different geographic areas, and
each may have its own distinct mutation signatures,
therefore leading to identification of Signature 6 in

our study.
Our discovery of novel actionable targets,
including AURKA, has strong therapeutic

implications for HCC. Amplification of AURKA is
oncogenic and has been observed in colorectal,
gastric, prostate, and breast cancers [36]. Importantly,
the AURKA inhibitor alisertib is currently being
assessed in multiple Phase II and III clinical trials for
hematological malignancies and solid tumors (HCC
not included). Based on our findings, HCC patients,
especially those with AURKA amplification, might
also benefit from alisertib.

In conclusion, through integrative analysis of
1,061 HCC genomes to increase statistical power, 11
novel driver genes with mutational prevalence
ranging from 1% to 3% were identified. Novel
association between TERT amplification and
shortened overall survival in HCC patients was also
identified. Our findings not only shed new light on
the genetic basis of HCC, but may also be leveraged to
accelerate the interpretation of cancer genome data for
prognostication and personalized intervention.
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Figure 6. Amplified druggable targets and experimental validation of AURKA. (A) Heatmap representation of amplified druggable targets and
corresponding inhibitors are shown. (B) Semi-quantitative PCR was performed to detect AURKA mRNA levels in HCC cell lines and normal liver tissues. ACTB was
used as internal control. (C) HepG2 and Hep3B cells were exposed to varying concentrations of alisertib for 48 h. Cell viability was assessed by MTT analysis. Inset:
1Cs0 values of alisertib in HepG2 and Hep3B cells. (D) Colony formation assay of HepG2 and Hep3B cells treated with varying concentrations of alisertib for 48 h. (E)
Apoptosis was detected by flow cytometric analysis of HCC cells double-stained with 7-AAD and annexin V. Percentages of apoptotic cells (the lower and upper right
quadrants) are indicated. (F) Western blot analysis of phosphorylation of AURKA at T288, total AURKA and ACTB. Data are presented as mean * SEM of at least
three independent experiments. *p < 0.05; **p < 0.01, significantly different from control.
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Materials and Methods

Genomic data

All point mutations and short insertions/
deletions were collected from ICGC Data Release 18
and supplementary information of previous studies
representing 1,069 HCC patients of 4 geographically
different origins [3-5, 14, 15]. Eight hyper-mutated
samples (0.75%) with > 500 somatic mutations in
exomic regions were discarded to avoid their undue
effects on genomic analysis. Duplicated mutations
were merged to keep only one record. All somatic
mutations were examined in a panel of 442 sequenced
normal samples in which variations present in this
panel were removed. Copy number change and gene
expression data were obtained from TCGA Data
Portal.

Identification of significantly mutated genes

We identified significantly mutated genes
(SMGs) with three algorithms using MutSigCV,
MutSigCL and MutSigFN. MutSigCV quantifies
significance of non-silent mutations in a gene based
on background mutation rate estimated by silent
mutations with other confounding covariates taken
into account. MutSigCL and MutSigFN measure the
significance of hotspot mutations and functional
impacts of mutations, respectively. In MutSigFN
analysis, CADD and Polyphen?2 scores available from
dbNSFP database were separately used [37]. For
efficient computation, a two-step permutation was
carried out, in which 999 times were performed in the
first step to define candidate SMGs (i.e., those with p <
0.05) followed by extensive permutation with
1,000,000 times. We then combined p values obtained
from the 1st and 2nd steps. p values were then false
discovery rate (FDR)-corrected (q values) using the
method of Benjamini and Hochberg. For the final
analysis of SMGs, we applied additional filtering
criteria to eliminate possible false positives that may
result from the batch effect via combining somatic
mutations from different studies. A gene was
considered to be a SMG if the following conditions
were satisfied: (1) statistically significant (g value <
0.1) by at least one of the MutSig algorithms; (2)
expressed in the TCGA pan-cancer dataset, human
cancer cell lines and/or reported in previous studies
[6, 38-41]; (3) mutated in at least 3 out of 7 cohorts; (4)
mutational prevalence comparable among different
cohorts. This produced a final list of 43 SMGs with
mutational prevalence >1%.

Identification of genes enriched with promoter
mutations

The promoter of a gene is defined as the region

0-3 kb upstream of its transcription start site. To
control for heterogeneity of background mutation
rates, mutation context and DNA replication time
were taken into account. Mutation contexts are
classified into 6 categories, including C>T mutation in
CpG dinucleotide (CpG>T), mutation of C in TpC
(C>mut), A>T mutation in TpA (TpA>T), C>T and
C>A mutations outside CpG, TpC and TpA, as well as
other mutations. The overall background and
observed number of mutations in category i were
calculated and denoted as N; and k;, respectively. The
latter can be modelled by a binomial distribution with
background mutation rate in category i as:

pi=Ni/ ki
ki ~ dbin(pi, Nl)

The Bayesian inference can be used to estimate p;
with a beta prior distribution for p;:

pi ~ dbeta(a, b), where a and b are hyper parameters

Given that DNA replication timing is associated
with substantially varying background mutation
rates, we clustered genomic regions into 4 distinct
clusters, denoted as C1-4, based on the distribution of
DNA replication timing data (Figure S7) obtained
from a previous study [42]. Estimation of p; was
performed separately for C1-4. Bayesian inference of
pi was performed with JAGS and R package R2jags.

After p; is available, the expected number of
promoter mutations in a gene from genomic region Cj
(where j = 1, 2, 3 and 4) is modelled as a Poisson
distribution with expected number of mutations:

6
Acj = Zpi X N;
=1

A p value was calculated for each gene and
subjected to multiple hypothesis test correction. A
promoter mutation-enriched gene was selected if its g
value was less than 0.1 and considered to be
expressed in previous studies [38][39].

Deciphering mutation signatures

A computational framework as previously
described was used to extract mutation signatures
that are operative in HCC [43]. Since the
divergence-based update negative matrix
factorization (NMF) algorithm used by default did not
give compelling results, the multiplicative update
algorithm was used, which produced higher stability
along with lower reconstruction error at the same
number of mutation signatures (Figure S8).

Survival analysis

Association of mutation status with patients’
overall survival was assessed by Kaplan-Meier
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survival curve and the log-rank test. Univariate and
multivariate Cox model were constructed to estimate
hazard ratios for prognosticators with a p value less
than 0.05 in the log-rank test. All these analyses were
performed with R survival package.

Cell culture and AURKA inhibitor

All human HCC cell lines were purchased from
American Type Culture Collection (ATCC,
Washington, DC, USA) and cultured in Dulbecco’s
Modified Eagle’s Medium (DMEM, GIBCO-BRL)
medium supplemented with 10% fetal bovine serum
(FBS), 100 U/mL penicillin, and 100 pg/mL
streptomycin in humidified air at 37°C with 5% CO..
Alisertib  (MLN8237) was  purchased from
MedChemExpress (New Jersey, USA).

RNA extraction and semi-quantitative
reverse-transcription-PCR

Total RNA was extracted from HCC cell lines
and tissue samples using Trizol reagent (Invitrogen,
Carlsbad, CA). Complementary DNA was
synthesized from total RNA using ABI™ reverse
transcription kit and (Applied Biosystems, Foster
City, CA). For semi-quantitative  reverse-
transcription-PCR, AURKA and ACTB were
amplified with AmpliTag Gold DNA polymerase
(Applied Biosystems) using the following primers:
AURKA forward, 5-GGAATATGCACCACTTGGA
ACA-3"; AURKA reverse, 5-TAAGACAGGGCATTT
GCCAAT-3'; ACTB forward, 5-CATCCACGAAACT
ACCTTCAACTCC-3'; ACTB reverse, 5-GAGCCGCC
GATCCACACG-3".

Functional assays

Cell viability was assayed using
3-(4,5-dimethylthiazolyl)- 2,5-diphenyltetrazoliumbr-
omide (MTT) assays (Sigma-Aldrich, Carlsbad, CA,
USA). Briefly, cells were plated in 96-well plates (1,500
cells per well). After 24 h, cells were treated with
various concentrations of alisertib. After 48 h, 0.5
mg/mL MTT was added to each well. Four hours
later, cells were lysed with dimethyl sulfoxide
(DMSO), and absorbance rates were measured at 570
nm using a microplate reader (Bio-Rad, Hercules, CA,
USA). For colony formation assay, cells were
trypsinized to single cell suspensions and were
seeded in 12-well plates at 1000/well. After 14 days
culture in DMEM medium, the colonies were stained
with Crystal Violent solution and the number of
colonies was counted. Cell migration was measured
with Transwell insert chambers (ThermoFisher, Hong
Kong, China). Phycoerythrin (PE) Annexin
V/7-Amino-Actinomycin (7-AAD) double staining
(Apoptosis Detection Kit, BD Biosciences, San Jose,
CA, USA) was performed to detect apoptosis. In brief,

cells were washed and resuspended in binding buffer
prior to the addition of PE-labeled Annexin V and
7-AAD for 10 min. Suspensions were immediately
analyzed by flow cytometry using BD Accuri™ C6
Cytometer (BD Biosciences). Each experiment was
performed in triplicate.

Statistical analysis

All statistical analyses were performed using the
SPSS 17.0 software package (SPSS, Chicago, IL, USA).
Experimental data were expressed as the mean *
SEM. For comparison of means between two groups, a
two- tailed t-test was used, and for comparison of
means among three groups, one-way ANOVA was
used. Significance was accepted at p < 0.05.
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