RESEARCH ARTICLE

Bioinformatics Analysis based on Multiple Databases Identifies Hub Genes

Send Orders for Reprints to reprints@benthamscience.net

Current Genomics, 2019, 20, 349-361

Associated with Hepatocellular Carcinoma

Lu Zeng'?, Xiude Fan', Xiaoyun Wang', Huan Deng', Kun Zhang', Xiaoge Zhang', Shan He'?,
Na Li', Qunying Han' and Zhengwen Liu"

'Department of Infectious Diseases, First Affiliated Hospital of Xi’an Jiaotong University, Xi’an 710061, Shaanxi Prov-
ince, P.R. China; *Xi’an Medical University, Xi’an 710021, Shaanxi Province, P.R. China

ARTICLE HISTORY

Received: April 22,2019
Revised: August 27, 2019
Accepted: August 30,2019

Dol:
10.2174/1389202920666191011092410

Abstract: Background: Hepatocellular carcinoma (HCC) is the most common liver cancer and the
mechanisms of hepatocarcinogenesis remain elusive.

Objective: This study aims to mine hub genes associated with HCC using multiple databases.

Methods: Data sets GSE45267, GSE60502, GSE74656 were downloaded from GEO database. Differ-
entially expressed genes (DEGs) between HCC and control in each set were identified by limma soft-
ware. The GO term and KEGG pathway enrichment of the DEGs aggregated in the datasets (aggregat-
ed DEGs) were analyzed using DAVID and KOBAS 3.0 databases. Protein-protein interaction (PPI)
network of the aggregated DEGs was constructed using STRING database. GSEA software was used
to verify the biological process. Association between hub genes and HCC prognosis was analyzed us-
ing patients’ information from TCGA database by survminer R package.

Results: From GSE45267, GSE60502 and GSE74656, 7583, 2349, and 553 DEGs were identified re-
spectively. A total of 221 aggregated DEGs, which were mainly enriched in 109 GO terms and 29
KEGG pathways, were identified. Cell cycle phase, mitotic cell cycle, cell division, nuclear division
and mitosis were the most significant GO terms. Metabolic pathways, cell cycle, chemical carcinogen-
esis, retinol metabolism and fatty acid degradation were the main KEGG pathways. Nine hub genes
(TOP24, NDC80, CDK1, CCNBI, KIF11, BUBI, CCNB2, CCNA2 and TTK) were selected by PPI
network and all of them were associated with prognosis of HCC patients.

Conclusion: TOP24, NDC80, CDK1, CCNBI, KIF11, BUBI, CCNB2, CCNA2 and TTK were hub

genes in HCC, which may be potential biomarkers of HCC and targets of HCC therapy.
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1. INTRODUCTION

Hepatocellular carcinoma (HCC), the most common type
of primary liver cancer, is one of the most common malig-
nant tumors of digestive system [1]. There were many causes
of HCC, including viral infection [2], alcohol intake [3],
obesity [4], and environmental pollution [5]. Though many
efforts have been done, the molecular mechanisms of hepa-
tocarcinogenesis remain elusive due to the complexity. With
the advancement of precise cancer treatment, the research of
HCC has turned into gene mutation and genome-wide stud-
ies. A large number of genes have been reported to play roles
in the carcinogenesis of HCC, which may be useful for the
development of effective prevention and treatment regimens
for HCC. However, the identification of hub genes and
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potential underlying mechanisms of their associations with
HCC from the information of various studies remain a chal-
lenge.

Bioinformatics, a new subject of genetic data collection,
analysis and dissemination to the research community, com-
bines medicine, statistics and mathematics and refers to da-
tabase-like activities, involving persistent sets of data that
are maintained in a consistent state over essentially indefinite
periods of time. It has been rapidly applied in the field of
oncogene. Resources of the public databases can be fully
used to screen useful information from a large number of
data by bioinformatics, improving the efficiency and accura-
cy of research [6]. The Cancer Genome Atlas (TCGA), Gene
Expression Omnibus (GEO) and Oncomine are the common-
ly used databases for cancer research.

In this study, we used integrated bioinformatics to ex-
plore genes, especially the hub genes, related to the patho-
genesis of HCC and the underlying mechanisms of the asso-
ciations of the hub genes with HCC. The identification of
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hub genes and the potential mechanisms such as signal
pathways associated with HCC may shed light on the under-
standing of HCC pathogenesis and thus provide new infor-
mation for the precise management of HCC.

2. METHODS
2.1. Gene mRNA Expression Data
GEO (Gene Expression Omnibus) database [7]

(https://www.ncbi.nlm.nih.gov/geo/) is currently the largest
and most comprehensive public database containing gene
mRNA expression data resources. We obtained the datasets
in recent 5 years (from 2014 to 2018) from the GEO data-
base by setting the keyword as “hepatocellular carcinoma”,
organism as “Homo sapiens”, and study type as “expression
profiling by array”. Clinical samples should include HCC
and non-HCC liver tissues. Finally, the data sets GSE45267
[8], GSE60502 [9], and GSE74656 (Yin HY, unpublished
data, 2015), which provided data of both HCC and non-HCC
samples, were selected. There were 46 HCC tissue samples
and 41 non-HCC tissue samples in GSE45267, and the gene
detection platform was GPL570 [HG-U133 Plus 2] Affy-
metrix Human Genome U133 Plus 2.0 Array. A total of 18
HCC tissue samples and 18 non-HCC tissue samples were
selected from GSE60502, and the platform was GPL96 [HG-
U133A] Affymetrix Human Genome U133A Array. Five
HCC tissue samples and 5 non-HCC tissue samples were
chosen from GSE74656, and the platform was GPL16043
GeneChip® PrimeView™ Human Gene Expression Array
(with External spike-in RNAs). HCC tissue samples were
regarded as HCC group, and non-HCC tissue samples were
considered as control group. We downloaded the raw data
from website, and used R language to process the data. Sub-
sequently, the differentially expressed genes (DEGs) in the
HCC group compared with control group from the 3 datasets
were identified using the “limma software” package [10].
Adjusted p value (adj pval) < 0.01 and logFC (log fold
change) > 0 were considered to be significant. The genes
with logFC > 0 were thought to be up-regulated genes, and
those with logFC < 0 were regarded as down-regulated
genes. Finally, we obtained the DEGs of each dataset. The
DEGs aggregated in the three datasets (aggregated DEGs)
were identified by the “Robust Rank Aggregation (RRA)”
package [11].

2.2. Functional Enrichment Analysis

The aggregated DEGs were further applied for functional
and enrichment analysis. GO (Gene Ontology) terms were
analyzed by the online tools DAVID 6.7 [12] (https://david-
d.ncifcrf.gov/), and the terms with adj pval < 0.01 were cho-
sen. KEGG (Kyoto Encyclopedia of Genes and Genomes)
pathways of the aggregated DEGs were analyzed on KOBAS
3.0 website [13] (http://kobas.cbi.pku.edu.cn/), and pathways
with p < 0.01 (unadjusted p value) were selected.

2.3. Protein-protein Interaction (PPI) Network

The protein-protein interaction (PPI) network of the ag-
gregated DEGs was constructed using STRING (version
10.5) [14] (https://string-db.org/) and visualized using Cyto-
scape 3.6.1 software. The nodes with degree > 1 were re-
served in the PPI network. Genes of their proteins with de-
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gree > 50 were considered as hub genes. Proteins encoded by
these hub genes may have high interaction with other pro-
teins, and are at central positions in PPI network.

2.4. Gene Set Enrichment Analysis (GSEA)

GSEA V2.2.4jar software [15] was used to perform
GSEA analysis. The HCC and control samples from
GSE45267 were chosen. The Hallmarks in MSigDB (Mo-
lecular Signatures Database) were selected as reference gene
set. The number of permutations was 1,000. The gene sets
with normalized enrichment score (NES) of > 1, normal p
value (NOM p-val) < 0.05 and false discovery rate value
(FDR) of < 0.25 were regarded as significant enrichment
gene sets.

2.5. Overall Survival Analysis

We downloaded the data of HCC patients’ clinical in-
formation from TCGA (The Cancer Genome Atlas) database
[16] (https://cancergenome.nih.gov/). These data included
the diagnosis time, time of death, and gene mRNA expres-
sion levels of the patients. We processed these data using
perl language for further analysis. The survival time and sur-
vival status of all HCC patients and the mRNA expression
data of each hub gene were obtained using the “hash” pack-
age [17]. The association between each hub gene and prog-
nosis of HCC patients was analyzed using “survminer”
package [18] and p < 0.05 (unadjusted p value) was consid-
ered significant.

3. RESULTS
3.1. Screening of DEGs Aggregated in the Datasets

Datasets GSE45267, GSE60502, and GSE74656 which
were submitted within 5 years (from 2014 to 2018) and have
data of both HCC and non-HCC samples were chosen for
study. The boxplots of the three datasets were shown in Sup-
plementary Fig. (S1), which confirmed that the expression
values in the three datasets had small deviations in distribu-
tion. The analysis of the three datasets and comparison of
HCC group with control group identified 7,583 (4,020 up-
regulated and 3,563 down-regulated), 2,349 (1,247 up-
regulated and 1,102 down-regulated) and 553 (297 up-
regulated and 256 down-regulated) DEGs from GSE45267,
GSE60502 and GSE74656, respectively. Distributions of the
DEGs in the three data sets were shown in Fig. 1 (A-C), re-
spectively. The top 20 up-regulated and down-regulated
DEGs of GSE45267, GSE60502 and GSE74656 were shown
in Supplementary Tables S1-S3, respectively. A total of 221
aggregated DEGs were obtained by further analysis of the
DEGs. The top 20 up- and down-regulated aggregated DEGs
were displayed in Table 1. In addition, we showed the data
by a heatmap (Fig. 2). The trend of the mRNA expression of
the aggregated DEGs screened by RRA method was con-
sistent in all the three datasets, indicating that the aggregated
DEGs we selected were representative.

3.2. GO Analysis

We performed GO analysis using the aggregated DEGs.
A total of 109 significant GO terms were obtained (adj_pval
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Fig. (1). The volcano of GSE45267 DEGs (A), GSE60502 DEGs (B) and GSE74656 DEGs (C). (4 higher resolution / colour version of this

figure is available in the electronic copy of the article).

< 0.01). GO terms contained BP (Biological Process), MF
(Molecular Function), and CC (Cellular Component) catego-
ries. The number of target genes enriched in the top 5 of the
three GO categories were shown in Fig. (3A). Detailed in-
formation was shown in Table 2. We used circle diagram to
demonstrate the gene distribution of the main enriched GO
terms (Fig. 3B). Cell cycle phase (adj pval = 5.57E-14),
mitotic cell cycle (adj pval = 1.45E-13), cell division
(adj_pval = 2.62E-13), nuclear division (adj pval = 2.76E-
13), and mitosis (adj pval = 2.76E-13) were the top 5 BP
terms. Electron carrier activity (adj pval = 1.35E-11), oxy-
gen binding (adj pval = 1.78E-10), heme binding (adj pval
= 7.11E-08), cadmium ion binding (adj pval = 9.47E-08),
and tetrapyrrole binding (adj pval = 1.45E-07) were the top
5 MF terms. Spindle (adj pval = 1.40E-11), microsome
(adj_pval = 2.37E-08), vesicular fraction (adj pval = 3.64E-
08), condensed chromosome kinetochore (adj pval = 7.84E-
08), and condensed chromosome, centromeric region
(adj_pval = 2.48E-07) were the top 5 CC terms. All these
GO terms were enriched with many genes of the DEGs we
selected. Cell cycle phase, mitotic cell cycle and cell division
were the most significant enriched GO terms of the DEGs
selected.

3.3. Enriched KEGG Pathways

We converted gene symbol of all the aggregated DEGs to
ensemble ID by DAVID database, and then analyzed the
KEGG pathways by KOBAS 3.0. Finally, we obtained 29
significant enriched KEGG pathways (p < 0.01, Table 3).
Metabolic pathways (hsa01100, p = 8.71E-12), cell cycle
(hsa04110, p = 1.48E-10), chemical carcinogenesis
(hsa05204, p = 5.45E-09), retinol metabolism (hsa00830, p =
1.18E-08), and fatty acid degradation (hsa00071, p = 1.36E-
08) were the most significant enrichment pathways. With
visualization by Cytoscape software, we demonstrated the
relationship between the enriched KEGG pathways and the
aggregated DEGs (Fig. 4A). We found that the down-
regulated DEGs enriched in the most KEGG pathways, and
mainly focused on metabolic pathways (hsa01100), chemical
carcinogenesis (hsa05204), metabolism of xenobiotics by
cytochrome P450  (hsa00980), retinol metabolism
(hsa00830), and drug metabolism - cytochrome P450
(hsa00982). The up-regulated DEGs mainly concentrated on

cell cycle (hsa04110), oocyte meiosis (hsa04114), p53 sig-
naling pathway (hsa04115), and progesterone-mediated oo-
cyte maturation (hsa04914). CYP344, CYPIA2, ADHIC,
ADH6, and CYP2E1 were the genes participated in the most
KEGG pathways and they were all down-regulated genes in
HCC.

Table 1. The top 20 up-regulated and down-regulated DEGs
aggregated in GSE45267, GSE60502 and GSE74656.
Up-regulated Score Down-regulated Score
Genes Genes
NDC80 3.81E-08 FCN3 1.16E-08
SPINK 1 4.89E-07 HAMP 1.47E-07
RACGAPI1 7.81E-06 APOF 2.20E-07
ACSL4 7.81E-06 CYP1A2 2.64E-07
GINS1 1.09E-05 SLC22A1 4.30E-07
PLVAP 2.10E-05 CRHBP 9.44E-07
EZH2 4.16E-05 GYS2 9.44E-07
GPC3 5.91E-05 HGFAC 5.23E-06
CEP55 6.25E-05 AKRI1D1 6.32E-06
DLGAPS 7.43E-05 CLEC4AM 6.32E-06
CENPE 8.95E-05 MTIF 1.05E-05
CDC20 0.00011 CFHR4 1.77E-05
TOP2A 0.000125 LPA 2.09E-05
TTK 0.000141 DNASEIL3 2.65E-05
KNTCl1 0.000187 MTIE 2.75E-05
ZWILCH 0.000194 GNMT 3.54E-05
NUSAP1 0.000258 KCNN2 3.66E-05
CTHRC1 0.000258 CFP 3.79E-05
SHCBP1 0.000278 CYP2B6 4.32E-05
NCAPG 0.000281 CYP2E1 4.98E-05

Abbreviation: DEGs, Differentially Expressed Genes.
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Fig. (2). The heatmap of the top 20 up-regulated and down-regulated DEGs aggregated in GSE45267, GSE60502 and GSE74656. The values
in each box represents logFC values, logFC > 0 were up-regulated genes, and logFC < 0 were down-regulated genes. (4 higher resolution /
colour version of this figure is available in the electronic copy of the article).



Hub Genes of Hepatocellular Carcinoma Current Genomics, 2019, Vol. 20, No. 5 353

A BP MF cc

Target genes

O B woveon ) owcoer ovion e

Ef B o [ [ —— ot [ —
8 8 GO Tems
§ & [ [o—— p—— W oo [ —

o o " p——
Fig. (3). The number of genes enriched in the top five biological process (BP), molecular function (MF) and cellular component (CC) terms
(A) and the circle diagram of the top five GO enriched biological process (BP), molecular function (MF) and cellular component (CC) terms
(B). (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

Table 2. The main GO terms of the DEGs aggregated in GSE45267, GSE60502 and GSE74656.

Category ID Term Count adj_pval Genes

BP G0:0022403 cell cycle phase 31 5.57E-14 PRCI1, NEK2, DBF4, KNTCI, TTK, CEPSS, KIF2C, SAC3D1, NCAPG, BUBI, ZWILCH,
CCNA2, ASPM, CDCA3, CDC7, CDK1, KIF11, DLGAPS,

TPX2, NUSAP1, CENPE, NDC80, CDC20, PBK, TACC3, CDK4, CDKN3, CCNB1, CCNB2,
CKS2, BUBIB

BP G0O:0000278 mitotic cell cycle 29 1.45E-13 PRCI1, NEK2, DBF4, KNTCI, TTK, CEPSS, KIF2C, SAC3D1, NCAPG, BUBI, ZWILCH,
CCNA2, ASPM, CDCA3, CDC7, CDK1, KIF11, DLGAPS,

TPX2, NUSAP1, CENPE, NDC80, CDC20, PBK, CDK4, CDKN3, CCNB1, CCNB2, BUBIB

BP GO:0051301 | cell division 26 2.62E-13 | PRCI, NEK2, KNTC1, CEP55, SAC3D1, NCAPG, BUBL, ZWILCH, CCNA2, ASPM,
CDCA3, CDC7, CDK1, KIF11, NUSAP1, CENPE, NDCS0,

CDC20, CDK4, RACGAP1, MCMS5, CCNBI1, CCNB2, CKS2, BUB1B, CDCA7L

BP G0O:0000280 nuclear division 23 2.76E-13 CDK1, KIF11, NEK2, DLGAPS, TPX2, KNTC1, NUSAP1, NDC80, CENPE, CDC20, PBK,
CEP55, CCNBI, KIF2C, CCNB2, SAC3D1, NCAPG,

BUBI, BUB1B, ZWILCH, CCNA2, ASPM, CDCA3

BP G0:0007067 | mitosis 23 2.76E-13 | CDKI, KIF11, NEK2, DLGAP5, TPX2, KNTC1, NUSAP1, NDC80, CENPE, CDC20, PBK,
CEP55, CCNBI, KIF2C, CCNB2, SAC3D1, NCAPG,

BUBI, BUB1B, ZWILCH, CCNA2, ASPM, CDCA3

MF GO:0009055 | electron carrier 21 1.35E-11 | CYP3A4, STEAP3, GCDH, CYP2C19, CYP2B6, ADH6, CYP26A1, KMO, CYP4F12,
activity CYP2EL, CYP1A2, CYP4A11, CYP39A1, HAAO, CYP2AS6,

AKR7A3, CYP2A7, CYP4F2, RDH16

MF GO:0019825 | oxygen binding 11 1.78E-10 | CYP3A4, CYP4Al11, CYP2C19, CYP2B6, HAAO, CYP26A1, CYP2A7, CYP4F12, CYP2EL,
CYP1A2, CYP4F2

(Table 2) contd....
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Category ID Term Count adj_pval Genes
MF G0:0020037 heme binding 13 7.11E-08 CYP3A4, CYP4A11, CYP39A1, CYP27A1L, CYP2C19, CYP2B6, CYP26A1, CYP2AG,
CYP2A7, CYP4F12, CYP2EL, CYP1A2, CYP4F2
MF GO:0046870 cadmium ion 6 9.47E-08 MTIM, MTIE, MT1H, MT1G, MT1X, MTIF
binding
MF G0O:0046906 tetrapyrrole bind- 13 1.45E-07 CYP3A4, CYP4A11, CYP39A1, CYP27A1, CYP2C19, CYP2B6, CYP26A1, CYP2AG,
ing CYP2A7, CYP4F12, CYP2EL, CYP1A2, CYP4F2
cC GO:0005819 spindle 18 1.40E-11 CDK1, KIF4A, KIF11, PRC1, NEK2, DLGAP5, KNTC1, TPX2, NUSAPI, TTK, CENPE,
CDC20, CBX1, RACGAP1, SAC3D1, BUBI, BUB1B, ASPM
cC G0O:0005792 microsome 18 2.37E-08 CYP3A4, AQP9, CYP2C19, CYP2B6, IGFALS, CYP26A1, CYP4F12, CYP2E]L, CYP1A2,
CYP4All1, CYP39A1, CYP2A6, SORTL, CYP2A7,
SRD5A2, CYP4F2, ACSL4, RDH16
cC GO:0042598 vesicular fraction 18 3.64E-08 CYP3A4, AQP9, CYP2C19, CYP2B6, IGFALS, CYP26A1, CYP4F12, CYP2E1L, CYP1A2,
CYP4Al1l1, CYP39A1, CYP2A6, SORTL, CYP2A7,
SRD5A2, CYP4F2, ACSL4, RDH16
CcC GO:0000777 condensed chro- 10 7.84E-08 KIF2C, CENPM, HJURP, KNTCI, BUB1, BUB1B, CENPE, NDC80, CENPK, ZWILCH
mosome kineto-
chore
CcC GO:0000779 condensed chro- 10 2.48E-07 KIF2C, CENPM, HJURP, KNTCI, BUB1, BUB1B, CENPE, NDC80, CENPK, ZWILCH

Abbreviations: DEGs, Differentially Expressed Genes; BP, Biological Process; MF, Molecular Function; CC, Cellular Component.

Table 3. The KEGG pathways of the DEGs aggregated in GSE45267, GSE60502 and GSE74656.

S. No. Term ID Input Number P
1 Metabolic pathways hsa01100 38 8.71E-12
2 Cell cycle hsa04110 13 1.48E-10
3 Chemical carcinogenesis hsa05204 10 5.45E-09
4 Retinol metabolism hsa00830 9 1.18E-08
5 Fatty acid degradation hsa00071 8 1.36E-08
6 Metabolism of xenobiotics by cytochrome P450 hsa00980 9 2.65E-08
7 Drug metabolism - cytochrome P450 hsa00982 8 2.46E-07
8 Tyrosine metabolism hsa00350 6 1.13E-06
9 p53 signaling pathway hsa04115 7 3.51E-06
10 Mineral absorption hsa04978 6 9.06E-06
11 Progesterone-mediated oocyte maturation hsa04914 7 2.80E-05
12 Caffeine metabolism hsa00232 3 3.15E-05
13 Glycolysis / Gluconeogenesis hsa00010 6 3.43E-05
14 Tryptophan metabolism hsa00380 5 3.66E-05
15 Oocyte meiosis hsa04114 7 0.0001

(Table 3) contd....
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S. No. Term ID Input Number P

16 Linoleic acid metabolism hsa00591 4 0.000182
17 Steroid hormone biosynthesis hsa00140 5 0.000216
18 Arachidonic acid metabolism hsa00590 5 0.000286
19 Prion diseases hsa05020 4 0.000313
20 Bile secretion hsa04976 5 0.000448
21 PPAR signaling pathway hsa03320 5 0.000505
22 Primary bile acid biosynthesis hsa00120 3 0.000594
23 Complement and coagulation cascades hsa04610 5 0.00071

24 Drug metabolism - other enzymes hsa00983 4 0.000815
25 Melanoma hsa05218 4 0.004018
26 AMPK signaling pathway hsa04152 5 0.004832
27 FoxO signaling pathway hsa04068 5 0.006584
28 HTLV-I infection hsa05166 7 0.007323
29 Valine, leucine and isoleucine degradation hsa00280 3 0.008979

3.4. Protein-protein Interaction Network Construction

STRING website was used to establish the PPI network
of all the aggregated DEGs. A total of 161 proteins had been
identified to interact with other proteins. Of the 161 proteins,
87 were up-regulated and 74 were down-regulated. We ob-
served that there existed close connection between the up-
regulated proteins (Fig. 4B). We considered the genes of the
protein with degree > 50 as hub genes. TOP24, NDCS80,
CDKI, CCNBI, KIF11, BUBI, CCNB2, CCNA2, and TTK
were selected as hub genes with degrees of 65, 54, 53, 52,
51, 50, 50, 50, and 50, respectively. They were all up-
regulated genes.

3.5. GSEA Analysis

GSE45267 was chosen as a validation dataset to verify
the biological process associated with HCC. By comparing
HCC with control, we found that the mainly enriched gene
sets associated with HCC were mitotic spindle (NOM p-val
=0.002, FDR = 0.214, Fig. 5A), G2M checkpoint (NOM p-
val = 0.004, FDR = 0.125, Fig. 5B), E2F targets (NOM p-val
= 0.004, FDR = 0.070, Fig. 5C), spermatogenesis (NOM p-
val = 0.020, FDR = 0.097, Fig. 5D) and DNA repair (NOM
p-val = 0.032, FDR = 0.151, Fig. SE). The top ten core en-
riched genes in each enriched gene set were presented in
Table 4.

3.6. Overall Survival Analysis

A total of 373 HCC patients’ clinical information data
were downloaded from TCGA database. The high expres-
sion group (n = 187) and low expression group (n = 186) of
each hub gene were obtained based on the median mRNA
expression value of each hub gene in all HCC samples. The
median mRNA expression values of the hub genes were
1290.13 (TOP24), 286.75 (NDC80), 529.68 (CDK1), 739.87
(CCNBI), 28539 (KIF1l), 29575 (BUBI), 341.56

(CCNB2), 370.13 (CCNA2) and 154.84 (TTK), respectively.
Those with the values of mRNA expression greater than or
equal to the median value were included in high expression
group, and those with the values of mRNA expression less
than the median value were included in low expression
group. Subsequently, the overall survival analyses of HCC
patients with different mRNA expression levels of the hub
genes we selected were performed. The results were shown
in Fig. (6). The p values of the survival curves of the nine
hub genes were TOP24, 0.0042 (Fig. 6A), NDC80, 0.0012
(Fig. 6B), CDK1, 0.0012 (Fig. 6C), CCNBI, 0.00024 (Fig.
6D), KIF11, 0.00044, (Fig. 6E), BUBI, 0.00015 (Fig. 6F),
CCNB2, 0.049 (Fig. 6G), CCNA2, 0.0065 (Fig. 6H) and
TTK, 0.0016 (Fig. 6I), respectively. Among these genes,
BUBI, CCNBI and KIF'11 were most significant.

4. DISCUSSION

The alteration of gene mRNA expression and gene muta-
tion play important roles in the occurrence and progression
of HCC. Clarification the changes of genes in HCC and the
underlying mechanisms of action will provide a basis for the
biomarkers of HCC diagnosis and prognosis and the molecu-
lar targets of anti-tumor therapy of HCC. Gene chip detec-
tion provides a new method for screening specific genes of
HCC, and for investigating the pathogenesis and treatment of
HCC. This study screened genes with significant differences
in mRNA expression levels between HCC and normal tis-
sues by examining three chip datasets of GEO database, and
clarified their specific biological mechanisms in HCC by
analyzing multiple datasets of HCC.

In this study, we first got the DEGs of each dataset we
selected, and then, to avoid the differences of each dataset in
measurement platforms and laboratory conditions, we used
the “RRA” package to get the DEGs aggregated in the da-
tasets (aggregated DEGs). After obtaining the aggregated



356 Current Genomics, 2019, Vol. 20, No. 5

Zeng et al.

A

hsa04976 hsa00983
hsa00010

hsa00280

hsa03320 S
G \W14/"5305204 hsa00982
hsa00350 & N A
- hsa01100 ,hsa00980 hsa00232
7 /200071 54 AN o030 SET
hsa00380

hsa05166

Fig. (4). The relationship between the enriched KEGG pathways and the DEGs aggregated in GSE45267, GSE60502 and GSE74656 (A) and
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indicate up-regulated DEGs; Green (light dark) nodes represent down-regulated DEGs; The lines between nodes represent the interactions
between proteins. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

DEGs, we analyzed the biological processes which these
genes participate in. The results showed that there were 109
GO terms significantly associated with these DEGs. The top
five BP terms with the most significant statistical difference
included cell cycle phase, mitotic cell cycle, cell division,
nuclear division and mitosis. The top five MF terms with the
most significant statistical difference consisted of electron
carrier activity, oxygen binding, heme binding, cadmium ion
binding and tetrapyrrole binding. The top five CC terms with
the most significant statistical difference included spindle,
microsome, vesicular fraction, condensed chromosome Kki-
netochore and condensed chromosome, centromeric region.
We observed that all these GO terms play important roles in

maintaining the normal growth and metabolism of the organ-
ism. Through the KOBAS website, we got 29 KEGG path-
ways with statistically significant differences. The 10 path-
ways with the most obvious statistical differences included
metabolic pathways, cell cycle, chemical carcinogenesis,
retinol metabolism, fatty acid degradation, metabolism of
xenobiotics by cytochrome P450, drug metabolism - cyto-
chrome P450, tyrosine metabolism, p53 signaling pathway
and mineral absorption. Through STRING database, we con-
structed the PPI network of the aggregated DEGs, and found
that TOP24, NDC80, CDKI, CCNBI, KIFll, BUBI,
CCNB2, CCNA2 and TTK were the hub genes of the net-
work. All the hub genes were up-regulated genes. To further
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Fig. (5). HCC enrichment gene sets by GSEA database. (A) Mitotic spindle; (B) G2M checkpoint; (C) E2F targets; (D) Spermatogenesis; (E)
DNA repair. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

Table 4. The HCC enrichment gene sets in GSE45267 by GSEA database.
. NOM .
Enrichment Gene Set NES al FDR Top Ten Core Enriched Genes
DP-v
TTK, NDC80, RACGAP1, KIF4A, PRC1,
MITOTIC_SPINDLE 1611 0.002 0.214 TOP2A, ANLN, DLGAPS, KIF11, NUSAP1
TTK, NDC80, CDKN3, RACGAPI, KIF4A,
G2M_CHECKPOINT 1.553 0.004 0.125 PRCI, TOP2A, PBK. CDC20, HMMR
GINS1, CDKN3, RACGAPI1, KIF4A, TOP2A,
E2F_TARGETS 1.540 0.004 0.070 BUBI1B, CDC20, HMMR, EZH2, DLGAPS5
TTK, CDKN3, EZH2, NEK2, AURKA,
SPERMATOGENESIS 1.550 0.020 0.097 CDK1, RFC4, CLGN, KIF2C, RPL39L
ZWINT, RFC4, PRIM1, SAC3D1, FENI,
DNA REPAIR 1.578 0.032 0.151
POLA1, TYMS, RFCS, PCNA, POLR3C

Abbreviations: NES, Enrichment Score; NOM p-val, Normal p value; FDR, False Discovery Rate Value.

verify that the aggregated DEGs were involved in important

biological processes in HCC pathogenesis,

we chose

GSEA45267 as a validation dataset to conduct GSEA analysis.
The results showed that mitotic spindle, G2M checkpoint,
E2F targets, spermatogenesis, and DNA repair were the most
significantly enriched gene sets potentially associated with

HCC. These findings, together with the results of GO and
KEGG analysis, confirmed that the development of HCC
implicated important biological processes. The core genes of
each enrichment gene set in GSEA were obtained. Some
important core genes, such as 77K, NDC80, TOP2A4, KIF11,
and CDKI, also belong to the hub genes selected by PPI
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Fig. (6). Associations of the mRNA expression levels of hub genes with the overall survival of HCC patients. (A) TOP2A; (B) NDC80; (C)
CDK1; (D) CCNBI; (E) KIF11; (F) BUBI; (G) CCNB2; (H) CCNA2; (I) TTK. The area around each survival curve represents the confi-
dence interval of the survival curve. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

network, further confirming the key roles of the hub genes mRNA expression was shown to be distinct between HCC
we selected from the three datasets. Moreover, survival anal- tumors and adjacent non-tumoral liver, and microarray anal-
yses showed that the expressions of all the hub genes ysis of 172 cases of HCC tissues found that the increased
(TOP24, NDC80, CDK1, CCNBI, KIF11, BUBI, CCNB?2, mRNA expression of TOP2A4 was related to advanced histo-
CCNA2, and TTK) were associated with the prognosis of logical grading, microvascular invasion, an early age onset
HCC patients. of the malignancy and chemoresistance [21]. In this study,

we demonstrated that TOP2A had the highest degree in the
PPI network although TOP24 was not enriched in the main
GO terms and KEGG pathways. NDC80 (Nuclear division
cycle 80), also called Hecl, is a newly discovered gene that

TOP2A (DNA Topoisomerase II Alpha) plays a role in
DNA transcription. The mRNA expression of TOP2A4 was
abnormal in many tumors, mainly breast cancer [19] and
malignant peripheral nerve sheath tumors [20]. TOP24
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plays a role in tumorigenesis. Studies have confirmed its
association with HCC progression, mainly by reducing apop-
tosis and cell cycle arrest at S-phase [22, 23]. Our analysis
also showed that NDC80 was highly expressed in HCC,
ranked second in all hub genes, and participated in many GO
terms. CDK/ (Cyclin dependent kinase 1) was the third hub
gene in our study, and was also enriched in multiple GO
terms and KEGG pathways. Previous study has demonstrat-
ed that cell cycle was the main biological pathway of CDK1
participation [24]. CDK1 was found to play a particularly
important role in KRAS mutant tumours [25], and be an im-
portant partner in the regulation of apoptin-induced apopto-
sis [26]. In the development of HCC, CDK1 was also found
to be closely related to miR-378 [27] and miR-582-5p [28].
CCNBI (Cyclin Bl), CCNB2 (Cyclin B2), and CCNA2 (Cy-
clin A2) were also hub genes in the PPI network and their
degrees were 52, 50, and 50, respectively. They are all mem-
bers of the cyclin family. Cyclin expression and degradation
play an important role in cell mitosis [29], mainly by regulat-
ing CDK kinase [30]. All the three genes, CCNBI [31],
CCNB?2 [32] and CCNA2 [33], have been shown to play
roles in HCC. The mechanism of action of cyclin family in
HCC deserves further exploration. K/F/1 (Kinesin family
member 11) has also been shown to play a role in the patho-
genesis of cancer [34], but few studies have been done on
HCC. BUBI [35] and TTK [36] were proven to be elevated
in HCC tissues, and may promote the progression and metas-
tasis of HCC, but relevant studies are still scarce. Overall
survival analysis of the hub genes in our study confirmed
that their expressions were all associated with the prognosis
of HCC patients, and the most significant of them were the
expressions of BUBI, CCNBI and KIF11. All of these re-
sults provide clues and directions for the further study of
these genes in HCC.

The present study chose GSE45267, GSE60502, and
GSE74656 datasets for performing analyses. The numbers of
samples between the three datasets were different. However,
the boxplots of the three datasets indicated high quality of
the data. In the screening of DEGs in each dataset, adj_p val
< 0.01 and logFC > 0 were considered to be significant. The
value of logFC was set at a low level so that genes with
mRNA expression of small differences could also be includ-
ed in our study. This may avoid the overlook of some genes
with important biological role but with no significant differ-
ence in expression. “RRA” package was used to identify the
genes which had different mRNA expression between HCC
tissues and normal liver tissues in the three datasets. The
“aggregated DEGs” were proposed, because the DEGs iden-
tified by “RRA” method were different from previous “over-
lapping DEGs” and “aggregated DEGs” can be a better indi-
cation of the meaning of the DEGs we screened. “RRA” is a
method of using probability model to aggregate sorting list
[11, 37], which can make a proper aggregation of gene sets
from different microarray platforms, and the results we get
finally represent the ranking after aggregating analysis but
not the ranking in each dataset.

In this study, a total of 221 aggregated DEGs were ob-
tained. Among the top 20 up- and down-regulated aggregat-
ed DEGs (Table 1), 5 hub genes (CDKI, CCNBI, KIF11,
BUBI and CCNB?2) obtained from STRING did not list at the
top of the aggregated DEGs ranking. The hub genes encode
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key proteins which have stronger interaction with other pro-
teins in our queried gene list but may not necessarily exhibit
significant difference in mRNA expression between tumor
and normal tissues. In GO term and KEGG pathway anal-
yses, TOP24 which was the top 1 hub gene with the highest
interaction score in our study did not enrich in the most sig-
nificant GO terms and KEGG pathways, and the other hub
genes also enriched in a few KEGG pathways, but the GSEA
analyses confirmed the involvement of TOP2A4 and other hub
genes in important pathways. This inconsistency may be
caused by the different principles between the GO/ KEGG
enrichment analysis and GSEA analysis. GO/ KEGG en-
richment analysis needs to set a threshold before analyzing,
and only focuses on the genes with obvious expression dif-
ferences. It is possible to omit some genes that have im-
portant biological functions but are not significantly different
in expression. Regulatory networks between genes may be
overlooked. However, GSEA analysis concerns about gene
set, emphasizes identifying synergistic gene sets from all
target genes, and can include the genes that were left out by
GO/KEGG enrichment analysis. In the present study, p <
0.01 was set as the threshold of KEGG enrichment analysis,
and this could lead to the overlook of some minimally signif-
icant biological pathways that the hub genes involved in.
This might also be the reason why some hub genes we se-
lected, such as TOP24, did not enrich in the most significant
KEGG pathways, but enriched in the results of GSEA anal-
yses. From the findings of this study, we speculated that
there could be important regulatory networks between
TOP2A and other proteins which have potentially important
roles in HCC. Actually, our GSEA analysis showed that
TOP2A was among the mainly enriched gene sets associated
with HCC including mitotic spindle, G2M checkpoint and
E2F targets. Survival analysis showed that the expression
levels of TOP2A were associated with the overall survival of
HCC patients. Previous studies have also shown the overex-
pression of TOP24 in HCC [21, 38]. Therefore, TOP2A may
play an important role in HCC by interaction with other pro-
teins although further study will be needed to confirm this
hypothesis.

In this study, we chose the most recent datasets for analy-
sis. Boxplots of the datasets suggested high quality of the
data. Data analysis was performed using the RRA method,
which is considered to be highly appropriate for analyzing
datasets from multiple databases [11, 37]. We also validated
the findings using a validation dataset. All of these may re-
flex the reliability and comprehensiveness of the hub genes
identified. Among the hub genes identified in the present
study, TOP24 [39-45], CDK1 [39, 42, 43, 45-48], CCNB1
[41, 43, 45, 46], BUBI [39-41, 46, 49], CCNB2 [40, 41, 43,
44], CCNA?2 [39, 43], and TTK [45] have been reported to be
hub genes that participate in HCC in previous studies. The
present study confirmed the core roles of these genes in
HCC. However, NDC80 and KIFI1 have not been described
as hub genes involved in HCC in previous studies. There-
fore, the findings of the present study enriched the infor-
mation of hub genes associated with HCC.

The present study was based on bioinformatics methods,
some studies have confirmed the roles of certain hub genes
mined in HCC but the specific mechanisms of the involve-
ment of these hub genes in HCC remain mostly unexplored.
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Therefore, laboratory and clinical studies will be required to
verify the reliability of our results and find out the genes
most closely related to the pathogenesis of HCC in order to
provide new and precise information for the prevention and
control of HCC.

CONCLUSION

Our study found some DEGs and explored the main GO
terms and KEGG pathways involved in HCC. We selected
nine hub genes (TOP24, NDC80, CDKI1, CCNBI, KIF11,
BUBI, CCNB2, CCNA2, and TTK) and confirmed that their
mRNA expressions were all related to the prognosis of HCC.
These findings may shed light on future investigations per-
taining to the diagnosis and therapy of HCC.
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