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Abstract

Hepatocellular carcinoma (HCC) is a common cancer of high mortality, mainly due to the difficulty in diagnosis during its
clinical stage. Here we aim to find the gene biomarkers, which are of important significance for diagnosis and treatment. In
this work, 3682 differentially expressed genes on HCC were firstly differentiated based on the Cancer Genome Atlas data-
base (TCGA). Co-expression modules of these differentially expressed genes were then constructed based on the weighted
correlation network algorithm. The correlation coefficient between the co-expression module and clinical data from the
Broad GDAC Firehose was thereafter derived. Finally, the interactive network of genes was then constructed. Then, the
hub genes were used to implement enrichment analysis and pathway analysis in the Database for Annotation, Visualization
and Integrated Discovery (DAVID) database. Results revealed that the abnormally expressed genes in the module played an
important role in the biological process including cell division, sister chromatid cohesion, DNA repair, and G1/S transition
of mitotic cell cycle. Meanwhile, these genes also enriched in a few crucial pathways related to Cell cycle, Oocyte meiosis,
and p53 signaling. Via investigating the closeness centrality of the interactive network, eight gene biomarkers including the
CKAP2, TPX2, CDCAS, KIFC1, MELK, SGO1, RACGAPI1, and KIAA1524 gene were discovered, whose functions had
been indeed revealed to be correlated with HCC. This study, therefore, suggests that the abnormal expression of those eight
genes may be taken as gene biomarkers of HCC.
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1 Introduction increased if surgical resection or liver transplantation was

adopted in the early stage.

Hepatocellular carcinoma (HCC), together with lung can-
cer and stomach cancer, is of the most prevalent and fatal
malignancies [1-3]. The prevalence of HCC primarily arises
from the spread of hepatitis virus particularly its subtype B
and C. In addition, HCC also originates from Non-alcoholic
fatty liver disease and alcoholic liver disease [4]. The patho-
genesis at the molecular level is very complex, rendering
it hard for diagnosing and treating HCC. Therefore, the 5
year survival rate for HCC patients is less or much less than
10% [5]. However, the survival rate would be substantially
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It is difficult to diagnosis HCC in its early stage by tra-
ditional histological examinations. A potentially effective
method bypassing this shortage is to exploit the molecular
mechanisms of differentially expressed genes. Identifying
cancer-specific gene mutations was proved to be fruitful in
discovering biological pathways, biomarkers and therapeu-
tic targets [6]. At present, high-throughput transcriptomics
analyses uncover the mutation genes in tumor cells and
describe the characteristics of genomic rearrangements
during tumor oncogenesis [7]. Microarray was applied
to study the diversity of transcriptome in many studies.
However, whole RNA sequencing (RNA-Seq) data took
superiority compared with the microarrays which have
many limitations in probe selection, probe hybridiza-
tion kinetics, and background hybridization [8, 9]. Espe-
cially, the integration analysis of RNA-Seq, which have
become popular, was utilized to discover the biomarkers
and explore the pathogenesis in various cancer comprising
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breast cancer [10, 11], prostate cancer [12], ovary cancer
[13], and lung cancer [14].

In recent years, the explorations on molecular biomark-
ers not only provided better comprehension for the patho-
genesis of disease but a novel method for the diagnosis and
targeted therapy [15—17]. Chen et al. [18] developed the
dynamic network biomarkers based on complex disease,
which was applied to acute lung injury, chronic hepatitis
B and lymphoma. Shen et al. applied the network bio-
marker to accurate diagnosis, prediction of the Leukemia,
and exploring the pathogenicity mechanisms of prostate
cancer [19, 20]. Xavier et al. [21] discovered the potential
biomarker for early identification of colon cancer. How-
ever, persuasiveness would be enhanced if the biomarker
exploration was combined with clinical information.

In this paper, we studied the 424 RNA-Seq data of
HCC from the cancer genome atlas database and the 377
clinical data of HCC from Broad GDAC Firehose. The
differentially expressed genes were identified. Then, the
co-expression module combined with clinical data of dif-
ferentially expressed genes was then built, followed by
the module with a high correlation to clinical informa-
tion utilized for establishing gene interactive network.
The network contains 103 nodes and 1156 edges. Besides,
the critical module was used for enrichment and pathway
analyses in DAVID database. We identified eight genes as
the gene biomarkers of the early stage of HCC, consistent
with and supported by the functions of the genes revealed
previously.

2 Materials and Methods
2.1 Materials

50 normal cases and 374 tumor cases RNA-Seq data are sup-
plied by TCGA database.Firehose (https://gdac.broadinsti
tute.org/runs/stddata__2016_01_28/data/LIHC/20160128)
offers clinical information composed of 377 liver hepato-
cellular carcinoma (LIHC) cases. First, we chose the GDC
tool to download the RNA-Seq data of 424 LIHC cases from
TCGA. The expression matrix of RNA sequencing was
extracted with a Perl script. Then, the GTF document con-
tained the human genome and gene annotation downloaded
from Ensemble. The expression matrix was annotated with
Perl script combine GTF document.

The clinical data included 377 LIHC cases download
from firehose database (Table 1). A part of the clinical data
was selected, such as pathologic stage (pTNM). The clini-
cal data information was numerically treated, where: For
pTNM, the i corresponds to 1, the ii is to 2, the iii a is to 3,
the iii b is to 4, the iii cis to 5, the iv a is to 6, the iv b is to 7.
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Ta.bI.e ! .Summar.y of partial Characteristics Patients
clinical information number
pTNM
i 177
ii 94
iii 77
v 5
T stage
t 178
1y 102
3 81
ty 13
N stage
1 257
n, 119
M stage
m 272
m, 104

2.2 Methods
2.2.1 Construction of Co-expression Modules

The co-expression module was constructed by the
weighted gene co-expression network algorithm that the
typical algorithm in system biology [22]. To set up the
non-scale co-expression network to differentiate important
modules and genes, the step-by-step network construc-
tion and module detection method were taking. The soft
threshold power was equivalent to 6 and the minimal value
of Module Size was equal to 50. In network analysis, a
node represents a gene, it is important to distinguish the
dissimilarity among nodes. In this work, the topological
overlap matrix (TOM) was used for reflecting the similar-
ity between two nodes.. It is defined as the following by
Ravasz et al.[23].

l[j +a;
Wi = min{k;, &} +1—a;’ M
A = [ay] is the adjacency matrix, k; = Z;':] a; equals

the number of its direct connection to other nodes,
l; = X, a;,a, equals the number of nodes which both i
and j are connected. Then, dissimilarity on the basis of
topological overlap is represented as follow,

d;}’ =1- Wi )

Modules were groups of genes with high correlation. In
this work, the average linkage hierarchical clustering was
used to construct the gene modules. A height cutoff value,
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cut the tree branches of hierarchical clustering, was chosen
based on scale-free topology.

2.2.2 Correlation Between Gene Module and Clinical Data

The first row in right orthogonal matrice extracted from the
singular value decomposition of module expression matrix
was used to represent the property of module. It is assumed
that B = (bg ) equals the module expression matrix of K-th
module, where the index i = 1,2, ...,nindicates the number
of the module genes and the index j indicates the number of
the patient samples. The singular value decomposition B
is marked as [24]

B% = C,DC,, 3)

C, and C, are the orthogonal matrices respectively. The
module eigengene EX is represented by the first row of C,.
Then, the Pearson correlation coefficient is

adopted to evaluate the relation between module eigen-
gene and clinical data. Simultaneously, The statistical analy-
sis of the student test guarantees the correlation significant
in statistics.

2.2.3 Feature Genes and Genes Interactive Network

The Pearson correlation coefficient between 804 genes in the
turquoise module and the turquoise module was calculated.
The genes that their Pearson correlation coefficients are
greater than 0.8 are called feature genes. 112 feature genes
were utilized to the constructed gene interaction network.
The gene interactive network was aimed to discover the bio-
marker of module genes. Then, the closeness centrality, one
of the evaluation index described the nodes centrality in net-
work analysis, was used for evaluating the gene biomarker.
It is represented in the following:

N
Cx) = —,
) Zy d(y,x) S

d(y, x) is the distance between gene x and y, N is the num-
ber of nodes in the network. Generally, the more central a
node is, the closer it is to all other nodes.

The process for gene biomarkers identification for hepa-
tocellular carcinoma is illustrated in Fig. 1. Here we set
up an analysis framework. At first, differential expression
analysis screened genes that were differentially expressed
in tumor samples. Next, co-expression network analysis was
performed, and 13 gene modules were obtained by cluster-
ing. Then, the Pearson correlation coefficient between each
module and clinical data was calculated, and the module
with the largest Pearson correlation coefficient was selected
as a representative expression module. After that, the gene
interaction network of this module was constructed with
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Fig. 1 The flow chart of network biomarker identification for hepato-
cellular carcinoma

a threshold of 0.01. The closeness centrality was used to
evaluate the centrality of the network, and the biomarkers
of hepatocellular carcinoma were determined. Further-
more, these genes were verified in GEO liver cancer data
sets. Afterwards, the eight genes have no aberration in DNA
methylation data. Finally, biomarkers were verified through
enrichment analysis and pathway analysis and literature
research. This workflow can directly determine biomarkers
by bypassing the detection of clinical methods, saving a lot
of time and effort. In addition, each step of the analysis pro-
cess has statistical basis and corresponds well to biological
significance. The process does not require too complicated
steps and can obtain biologically meaningful results.
The basic assumptions of this analysis process:

1 Assuming that the gene expression data obeys normal
distribution.

2 According to principal component analysis, assuming
that the first column of the left-hand orthogonal matrix
obtained by singular value decomposition represents
module eigengene.

3 It is assumed that the gene module represents a highly
similar genome.

4 It is assumed that Pearson’s correlation coefficient
between the clinical data and the module reflects the
correlation between each other.

3 Results

Here, the edge R package was selected to differentiate dif-
ferentially expressed genes. Those genes that an average
expression is less than one was removed as the noise. Then,
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log2 fold change and p value of all genes were calculated.
To avoid statistical errors, adjusted p value was adopted with
Benjamin-Hochberg method. The log2foldchange values that
> 2 and < —2 were selected as obvious differential expres-
sion. Meanwhile, the adjusted p value < 0.05 was adopted.
There are 3697 differential expression genes that 3418 up-
regulation and 279 down-regulation genes, and the specific
situation is seen in Fig. 2.

3.1 Co-expression Network Module Analysis

Based on results from differential expression analysis, the
co-expression module analysis that gene expression data of
high similarity is gathered into the same gene module was
performed. It aimed to find the similarity of gene expression.
13 gene modules (M1-M13) obtained by co-expression anal-
ysis are shown in Table 2. Furthermore, to find the hub gene,
the similarity between each module eigengene and clinical
data were calculated, the result is presented in Fig. 3. Three
modules that M5 (p value=1e—04), M10 (p value=0.04),
and M12 (p value =6e — 05) were marked. In this work, the
turquoise module was regarded as the foremost module.

3.2 Gene Interaction Network
Set the threshold to 0.01, gene interaction network which

contains 103 nodes and 1156 edges was constructed. The

Volcano

logFC

-10

T T T T T T T
0 20 40 60 80 100 120

-log10(FDR)

Fig.2 Volcano plot of abnormally expressed genes in hepatocel-
lular carcinoma. Red dots refer to high expression genes and green
dots mean low expression genes. Black dots show normal expression
genes in comparison. Altogether, 3418 up-regulation and 279 down-
regulation were identified
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Table 2 Sl}mmary of 13 Module DE-genes
co-expression network
MI(green) 189
M2(purple) 101
M3(red) 173
M4 (tan) 82
MS5(pink) 125
Mé6(black) 151
M7(green yellow) 96
M&8(magenta) 107
M9(yellow) 199
M10(brown) 239
M11(blue) 261
M12(turquoise) 804
M13(grey) 1155

Allin 13 modules 3682

visualization of gene interaction network was implemented
using Cytoscape software. The network is exhibited in
Fig. 4. Subsequently, the interaction network was evaluated
with closeness centrality.

The closeness centrality range is from 0.6 to 0.85, and the
different closeness centrality corresponds to different gene
biomarkers, as shown in Table 3. Clustering analysis using
different gene biomarkers, situations of classification of dis-
eased samples and normal samples are shown in Fig. 5. The
accuracy rate R = m/n was used to evaluate the effective-
ness of the classification. m is the sum of correctly classified
diseased and normal samples, n is the quantity of all sam-
ples. Accuracy rate were 76.42%, 76.89%, 76.89%, 92.45%,
76.41%, and 91.98%, respectively, which corresponded to
the closeness centers of 0.85, 0.80, 0.75, 0.70, 0.65, and
0.60, respectively. The gene biomarkers at the closeness
centrality corresponding to the classification with the high-
est accuracy rate were selected as the gene biomarkers of
hepatocellular carcinoma in this work. Besides, we used
these eight biomarkers in GEO hepatocellular carcinoma
datasets to classify normal samples and cancer samples
and found that classification by eight gene biomarkers had
a high accuracy rate. GSE94660 dataset has 42 samples,
of which 21 are normal samples and 21 are cancer sam-
ples [25]. The corresponding classification accuracy rate is
100.00%. GSE121248 dataset has 107 samples, of which 37
are normal samples and 70 are cancer samples and its clas-
sification accuracy rate is 90.65% [26]. GSE124535 dataset
has 70 samples, of which 35 are normal samples and 35
are cancer samples [27]. The classification accuracy rate is
88.57%. GSE138485 dataset has 64 samples, of which 32
are normal samples and 32 are cancer samples. Its classifi-
cation accuracy rate is 87.50%. Afterwards, we downloaded
the methylation data of hepatocellular carcinoma in TCGA.
After extracting the methylation expression matrix, we found
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Fig.3 Co-expression module and heat-map with module-clinical relationships, where: a Co-expression module constructed based on abnormally
expressed genes; b Heat-map between the module eigengene and the disease progression of HCC stage

Fig.4 The genes interactive
network for turquoise module.
The bigger the closeness cen-
trality, the bigger the circle and
the brighter the color
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Table 3 The genes biomarker cut from different closeness centrality value

Closeness Count number Gene names

centrality

0.85 2 TPX2, KIAA1524

0.80 3 TPX2, KIAA1524, CDCAS,

0.75 4 TPX2, KIAA1524, CDCA8, MELK

0.70 8 TPX2, KIAA1524, CDCAS8, MELK, KIFC1, CKAP2L, RACGAPI1, SGO1

0.65 13 TPX2, KIAA1524, CDCAS8, MELK, KIFC1, CKAP2L, RACGAPI1, SGO1, NCAPG, KIF15, KIF18A, KIF2C,
CCNB2

0.60 19 TPX2, KIAA1524, CDCAS8, MELK, KIFC1, CKAP2L, RACGAPI1, SGO1, NCAPG, KIF15, KIF18A, KIF2C,

CCNB2, CENPE,PLK1, TTK, EXO1, DEPDC1, BUB1B

that all genes except for the KIAA1524 gene have meth-
ylation data. After differential expression analysis, it was
found that no clear difference occurs in expression of seven
genes in normal samples and cancer samples. Ultimately,
the eight genes, CKAP2, TPX2, CDCAS, KIFC1, MELK,
SGO1, RACGAPI, and KIAA1524, are discovered as the
gene biomarkers of hepatocellular carcinoma.

We found a correlation between modules and clinical
staging. The eight gene biomarkers were selected from the
modules with the largest Pearson correlation coefficient. We
further analyzed the link between the classification ability
of gene biomarkers and clinical staging. Due to the few
quantities of samples in data set classified according to the
small clinical stage, we classify cancer patients according
to the large clinical stage that stage I, stage II, stage III, and
stage IV. The quantity of samples in stage IV is too tiny,
so the sample set in stage IV is excluded. We verified the
classification ability of gene biomarkers in stages I, IT and
II1, respectively, and the overall classification accuracy rate
was above 80%. The accuracy rate for stage I is 90.60%.The
accuracy rate for stage II is 81.82%. The accuracy rate for
stage III is 81.69%. Accuracy rate of Stage I is largest, so
these eight gene markers may play a major role in stage I
cancer prediction.

3.3 Enrichment Analysis and Pathway Analysis

To study the function of turquoise module genes, enrich-
ment analysis and pathway analysis was implemented based
on Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG). There are 172 significant enrich-
ments in 3 GO categories including biological process (BP,
97), molecular functions (MF, 45), and cellular components
(CC, 30). The top ten significant terms of biological process,
molecular functions and cellular components are illustrated
in Table 4.

There are nine terms pathway based on pathway analysis,
as shown in Table 5. In this work, FDR method was adopted
to reflect the statistical significance (p value <0.05).

3.4 Discussion and Analysis

The enrichment analysis and pathway analysis was imple-
mented by GO and KEGG. We find that the biological
process of the turquoise module is mostly enriched in cell
division, sister chromatid cohesion, DNA repair, cell pro-
liferation, chromosome segregation, DNA replication,
regulation of cell cycle, and G1/S transition of mitotic
cell cycle. Meanwhile, half the gene biomarkers, KIFC1,
CDCAS, TPX2, and SGOI1 gene, are enriched in cell divi-
sion. Genomic instability can raise the rate of tumorigenic
mutations by cell division [28, 29]. A few of them, TPX2
and SGO1, are enriched in mitotic nuclear division. The
TPX2, an important component of the spindle apparatus,
leads to the defects of microtubule organization in mitotic
[30]. In sister chromatid cohesion, the SGO1 and CACDS8
gene ensure the accuracy of chromosomal separation to pre-
vent chromosomal instability and tumorigenesis [31]. The
enrichment analysis reveals that CDK1 exerts a enormous
function on in DNA repair and DNA replication. DNA repair
and DNA replication are associated with high histopatho-
logical grade and HCC oncogenesis [32, 33].

The biomarker of the SGO1 gene is enriched in DNA
replication and chromosome segregation respectively. It has
been revealed to be early events in the cancer process that
DNA replication defect causes Chromosomal segregation
abnormality [31, 34]. Furthermore, TPX2 and MELK are
regulators of G1/S transition and G2/M transition in the
mitotic cell cycle. There is evidence that hepatitis B virus X
protein implicated the carcinogenesis of HCC inhibits acti-
vation of G1/S and G2/M [35].

Pathway analysis shows that genes belonging to the
module are mostly enrich in Cell cycle, Oocyte meiosis,
Progesterone-mediated oocyte maturation, the Fanconi
anemia pathway, HTLV-I infection, MicroRNAs in can-
cer, Homologous recombination, p53 signaling pathway
and FoxO signaling pathway. The evidence is revealed that
CDKs family is one of participator in the cell cycle [36, 37].
The oocyte meiosis pathway regulates stem cell transforma-
tion, cancer development, and stem cell differentiation [38].
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Fig.5 The heat map of different genes biomarker. The red horizon-
tal axis labels represent the normal samples; the blue horizontal axis
labels represent tumor samples. a—f is the clustering by gene bio-

In this study, it is confirmed that the progesterone-mediated
oocyte maturation pathway has a strong correlation with
HCC [39]. Fanconi anemia mutations change homologous
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recombination in DNA repair, which can cause cell death.
The defects of fanconi anemia increase cancer susceptibility
to various cancer. Human T-lymphotropic virus is correlated
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Table 4 The top ten of significantly enriched analysis of differentially
expressed genes in the green module

Table 5 The signification pathway analysis of differentially expressed
genes function

Term Description Count p value Pathway Name Count p value
Biological process hsa04110 Cell cycle 18 2.30E-21
GO:0051301 Cell division 38 3.48E-36 hsa04114 Oocyte meiosis 8 9.36E-07
GO:0007067 Mitotic nuclear division 30 1.94E-29 hsa04914 Progesterone-mediated oocyte 7 4.05E-06
GO:0007062 Sister chromatid cohesion 23 1.98E-28 maturation
GO0:0006281 DNA repair 18 6.70E - 14 hsa03460 Fanconi anemia pathway 6 5.97E-06
GO0:0008283 Cell proliferation 15 5.07E-08  hsa05166  HTLV-I infection 6 8.76E - 03
GO0:0007059 Chromosome segregation 14 1.85E-16 hsa05206 MicroRNAs in cancer 5 543E-02
GO0:0006260 DNA replication 13 1.85E-10 hsa03440 Homologous recombination 4 3.98E-04
G0:0007018 Microtubule-based movement 12 227E-12  hsa04115  p53 signaling pathway 4 4.56E-03
GO0:0051726 Regulation of cell cycle 11 442E-09  hsa04068  FoxO signaling pathway 4 297E-02
GO:0000082 G1/S transition of mitotic cell 10 1.23E-08

cycle
Cellular component . .
GO:0005634 Nucleus 67 671E-12 and apoptosis by regulating many of the target genes. It
GO:0005737 Cytoplasm 62 7 65E - 10 inhibits tumqr by translating environmental stimuli into the
G0:0005654 Nucleoplasm 60  123E-21  geneexpression [47]. , )
GO:0005829 Cytosol 50 A6AE-11 The gene cytoskeleton-associated protein 2 (CKAP2),
GO:0016020 Membrane 4 30E-3 which is relevant to the early stage and the extensive recur-
GO:0005813 Centrosome 19 S3E-11 rence of HCC, takes significant functions in cell proliferation
GO:0005874 Microtubule 16 3.98E—10 of mitosis. Besides, it shows up-regulation in various human
GO:0000776 Kinetochore 15 3.09E— 17 malignancies including gastric carcinoma, diffuse large
GO0:0000777 Condensed chromosome kine- 15 8.89E—-17 B-cell lymphomas, and breast cancer [48, 49]. The TPX2

tochore gene, which contributes to tumor cell invasion by inactiva-
G0:0000775 Chromosome, centromeric region 14 9.03E-18 tion of AKT signaling, has an essential influence on mitotic
G0:0000922 Spindle pole 14 6.83E—14 nuclear division and cell proliferation [30]. The CDCAS
Molecular function gene, which mainly functions to inhibit HCC cell prolifera-
GO:0005515 Protein binding 93 526E—16  tion, influence cell cycle progression, and induce apoptosis
GO0:0005524 ATP binding 35 5.182—12  In HCC cells, is treated as a fresh therapeutic target [S0]. The
G0:0003677 DNA binding 23 411E-04  KIFC1 gene reduces HCC cell viability, promoting apoptosis
G0:0008017 Microtubule binding 15 315E—11 and cell death. Due to high correlation with HCC, the KIFC1
GO:0003682 Chromatin binding 15 1.08E - 07 gene is a therapeutic target and gene biomarker [51]. The
G0:0003777 Microtubule motor activity 11 520£-11  mainly biological processes participated by MELK are apop-
G0:0004674 Protein serine/threonine kinase 10~ 4.88E-04  tosis and mitosis. Low expression of MELK inhibits cell

activity growth, invasion, stemness, and tumorigenicity. The MELK
GO0:0019901 Protein kinase binding 9 2.12E-03  gene, which is a target gene of miR-214-3p that leads to cell
GO:0004672 Protein kinase activity 8 6.42E-03 proliferation reduction, cell cycle arrest, and cell apoptosis
GO:0016887 ATPase activity 8.96E-04  enhancement, is in close connection with the early stage of

with adult T-cell leukemia especially in Japan [40, 41].
HTLV-I infection is highly associated with the oncogenesis
in HCC infected from chronic hepatitis virus [42]. Homolo-
gous recombination can promote the DNA double-strand
breaks, explaining the genetic instability of cancer devel-
opment. Besides, homologous recombination deficiency is
regarded as potential therapeutic strategy in ovarian cancer
and breast cancer [43-45]. p53 signaling pathway, which
regulates tumor suppression and growth inhibition, pushes
forward a immense influence on HCC carcinogenesis [46].
FOXO proteins promoted cell cycle arrest, stress resistance,

HCC [52, 53]. The SGO1 gene, which is correlated with
the onset of HCC, takes key roles in mitosis. It guarantees
the fidelity of chromosome separation by safeguarding sis-
ter chromatid cohesion [31]. The RACGAPI gene partici-
pates in the processes of microtubule-based movement and
mitotic cytokinesis. It is found that the RACGAP]1 has cor-
relation with pathological grading including T, N, and M
stage and lymph node metastasis in HCC. It can be used as
a biomarker in the T, N, and M stage and poor prognosis of
HCC [54]. The KIAA1524 gene produces cancerous inhibi-
tor of phosphatase 2A (CIP2A), which inhibits the activ-
ity of protein phosphatase 2A regulated phosphor-Akt and
apoptosis in HCC [55, 56]. Besides, CIP2A facilitates the
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malignant growth in human breast cancer [57] and prevents
cell growth, senescence, and differentiation in gastric cancer
[58, 59].

4 Conclusions

In conclusion, the work integrated and exploited the RNA-
Seq data and the clinical data of HCC. A total of eight genes
were identified as the biomarkers of HCC. The functions of
these genes were indeed revealed to be closely related to
HCC. Of the eight genes, the CKAP2L, MELK, and SGO1
gene were confirmed to have a high correlation with the
HCC. The RACGAPI1 gene participates in the T, N, and M
stage of HCC. The TPX2, CDCAS, KIFC1, and KIAA1524
gene play significant roles in the mitotic division, cell prolif-
eration, cell cycle, apoptosis, and malignant growth, which
begin in the early stage of HCC oncogenesis. Therefore, the
abnormal expression of those eight genes may be taken as
a mark of HCC. The work of searching key stage-specific
biomarker will be carried out in the further.
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