Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Identifying Potential Prognostic Biomarkers
Associated With Clinicopathologic Characteristics
of Hepatocellular Carcinoma by Bioinformatics
Analysis

Shaojie Huang
First Affiliated Hospital of Sun Yat-sen University

Jia Yao

Third Affiliated Hospital of Sun Yat-sen University
Xiaofan Lai

Massachusetts General Hospital

Lu Yang
First Affiliated Hospital of Sun Yat-sen University

Fang Ye
First Affiliated Hospital of Sun Yat-sen University

Wengqi Huang
First Affiliated Hospital of Sun Yat-sen University

Yubin Xie
First Affiliated Hospital of Sun Yat-sen University

Zhongxing Wang (% wzhxing@mail.sysu.edu.cn)
First Affiliated Hospital of Sun Yat-sen University

Research Article

Keywords: hepatocellular carcinoma, bioinformatics analysis, differentially expressed genes, biomarkers,
proteinliprotein interaction network

Posted Date: January 25th, 2021
DOI: https://doi.org/10.21203/rs.3.rs-146400/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License


https://doi.org/10.21203/rs.3.rs-146400/v1
mailto:wzhxing@mail.sysu.edu.cn
https://doi.org/10.21203/rs.3.rs-146400/v1
https://creativecommons.org/licenses/by/4.0/

10

11

12

13

14

15

16

17

18

19

20

21

22

Identifying potential prognostic biomarkers associated
with clinicopathologic characteristics of hepatocellular

carcinoma by bioinformatics analysis

Shaojie Huang'', Jia Yao?!, Xiaofan Lai**, Lu Yang®, Fang Ye®, Wengi Huang®,

Yubin Xie>* and Zhongxing Wang>*

"Department of Cardiac Surgery, The First Affiliated Hospital, Sun Yat-Sen
University, Guangzhou, China.

’Department of Hepatic Surgery and Liver Transplantation Center, The Third
Affiliated Hospital of Sun Yat-sen University, Guangzhou, China

3Department of Anesthesiology, The First Affiliated Hospital, Sun Yat-sen University,
Guangzhou, China.

*Department of Neurology, Massachusetts General Hospital, Harvard Medical School,
Boston, MA 02114, USA.

SPrecision Medicine Institute, The First Affiliated Hospital, Sun Yat-sen University,

Guangzhou, China.

Correspondence:

wzhxing@mail.sysu.edu.cn; xieyb6@mail.sysu.edu.cn

*Shaojie Huang, Jia Yao and Xiaofan Lai contributed equally.


mailto:wzhxing@mail.sysu.edu.cn

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

Abstract

Background: Hepatocellular carcinoma (HCC) is one of the most common malignant
tumors worldwide. However, the molecular mechanisms of HCC remain largely
unknown so far.

Methods: To unravel the underlying carcinogenic mechanisms, we utilized Robust
Rank Aggregation analysis (RRA) to identify a set of overlapping differentially
expressed genes (DEGs) from 5 microarray datasets on Gene Expression Omnibus
(GEO) database. Enriched Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathways of DEGs were conducted. The protein-protein
interaction (PPI) network was constructed and Cytoscape V3.8.0 was used for
selecting hub genes. The expression of hub genes was validated in TCGA datasets
and HCC samples in our center by qPCR and immunohistochemistry analysis.
Results: Totally 126 DEGs were identified. GO and KEGG pathways of DEGs
mostly associated with “organelle fission”, “nuclear division” and “caffeine
metabolism. Ten hub genes (BUB1B, CDKN3, CCNB1, CCNB2, CDK1, TOP2A,
CDC20, MELK, NUSAPI, AURKA) were selected. Overall survival (OS) and
progression-free survival (PFS) analysis suggested the good value of these genes for
HCC diagnosis and prognosis. These genes were upregulated in HCC samples from
TCGA, which were associated with higher tumor grades and possibly resulted from
hypomethylation. Moreover, these hub genes were markedly dysregulated in HCC
samples in our center and significantly associated with clinicopathologic

characteristics of HCC patients.



45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

Conclusions: In conclusion, our study identified several hub genes as novel candidate
biomarkers for diagnosis and prognosis of HCC, which may provide new insight into

HCC pathogenesis in order to search for better treatments.

Keywords: hepatocellular carcinoma, bioinformatics analysis, differentially

expressed genes, biomarkers, protein-protein interaction network
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Background

Hepatocellular carcinoma (HCC) is one of the most prevalent cancers in the clinical
setting, which represents the second highest cause of cancer-related deaths worldwide
[1,2]. Nowadays HCC was still associated with enormous mortality and morbidity
that cause large burden to the society [3,4]. It is mainly due to the ineffective
diagnostic methods at the early stage of HCC and the unclear pathologically
molecular mechanisms. Therefore, it is of great importance to understand the precise
molecular mechanisms underlying the carcinogenesis of HCC and develop novel
potential diagnostic methods and therapies.

During the last decades, with the rapid development of second-generation
sequencing technology, microarray and bioinformatic analysis have been widely
applied to screen genetic dysregulations and explore the precise pathogenesis of
various diseases, which have helped us identify the differentially expressed genes
(DEGs) and functional pathways involved in the initiation and development of HCC
[5,6]. Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/) is a
useful website that can be used to obtain a great number of gene profiles related with
different diseases and screen out DEGs or other small molecules by integrated
bioinformatics analysis [7].

In the present study, raw data from five microarray datasets (mRNA expression
profile datasets) conducted on HCC and normal samples were downloaded from the
GEO database. Robust differentially expressed genes (DEGs) were screened by

bioinformatics analysis using R language, a set of overlapping DEGs were identified
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via RRA analysis, and functional enrichment analysis were performed. The protein-
protein interaction (PPI) network was constructed with the Search Tool for the
Retrieval of Interacting Genes (STRING), and top 10 hub genes were identified and
presented by Cytoscape V3.8.0. Overall survival (OS) and progression-free survival
(PFS) analysis of the hub genes were performed by Kaplan-Meier Plotter. Besides,
the gene expression differences between HCC and normal tissues, the gene expression
differences in HCC samples with different tumor stages and promoter methylation
levels analysis were conducted by UALCAN. Moreover, the correlation between the
expression of identified 10 hub genes and tumor infiltrating immune cells as well as
gene alteration were analyzed. The expression of hub genes and their association with
clinicopathologic characteristics of HCC patients were investigated. In conclusion, a
total of 126 DEGs and 10 hub genes were identified, which may be novel candidate

biomarkers for HCC.

Materials and methods

Data collection

Gene Expression Omnibus (GEO) [8] is a widely used gene expression database for
retrieving gene expression profiles from any species submitted by research institutes
worldwide. Five microarray datasets GSE41804, GSE45267, GSE84402,
GSE107170 and GSE121248 were all downloaded from the GEO database.
GSE41804 consisted of 20 HCC samples and 20 noncancerous samples. GSE45267

contained 46 HCC tissues and 41 normal liver tissues. GSE84402 included 14 HCC
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samples and 14 noncancerous samples. GSE107170 consisted of 39 HCC samples
and 80 noncancerous samples. GSE121248 consisted of 70 HCC samples and 37

adjacent normal samples.

Tissue samples

Clinical HCC specimens were histopathologically and clinically diagnosed at the
third affiliated hospital, Sun Yat-sen University (Guangzhou, Guangdong, China).
Each HCC tissue has paired nontumorous tissue. All patients signed informed consent
for their samples to be used for research, and approval was obtained from the

Committees for Ethical Review of Research.

Real-time quantitative PCR (qPCR)

Total RNA was extracted from tissue specimens using the TRIzol reagent (Molecular
Research Center, Inc.) according to the manufacturer’s protocol. Quantification of
RNA was conducted with a NanoDrop 8000 spectrophotometer and 1 ug RNA was
subjected to reverse transcription by RevertAid First Strand cDNA Synthesis Kit
(Thermo Fisher Scientific, K1622). The obtained cDNAs were used to be the template
for qPCR reactions with the FastStart Essential DNA Green Master Mix (Roche,
06924204001). All samples were run in triplicate and GAPDH was used as the
internal control. All primers used for qPCR are described in (Additional file 9: Table

S4).
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Immunohistochemistry (IHC) assay

Paraffin-embedded human HCC tissue sections were subjected to immunostaining
using an UltraSensitiveTM SP (Mouse/Rabbit) IHC Kit (MXB, KIT-9710). After
deparaffinization and antigen retrieval, the tissue sections were incubated overnight
with corresponding primary antibodies listed in (Additional file 10: Table S4).
Signal amplification and detection were conducted using DAB system following the

manufacturer’s instructions (MXB, MAX-001).

Identification of robust DEGs

In our study, the data from five microarray datasets (GSE41804, GSE45267,
GSE84402, GSE107170 and GSE121248) were normalized and the differentially
expressed genes (DEGs) between HCC and corresponding normal samples were
screened using “limma” and “GEOquery” R packages provided by bioconductor. The
Benjamini-Hochberg method was used to adjust original p-value of each gene and an
adjusted p-value <0.05 was considered as the cut-off criterion. Moreover, Robust
Rank Aggregation (RRA) analysis was adopted to identify the most significant DEGs
by integrating the results of all 5 microarray datasets [9]. Genes with adjusted p-value

< 0.05 were defined as significant DEGs in the RRA analysis.

Functional enrichment analysis
Gene Ontology (GO) [10] is an open database constructed by the Gene Ontology

Consortium, which mainly consists of three parts: biological process (BP), cellular
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component (CC) and molecular function (MF). KEGG [11] is an online database for
functions and signaling pathways analysis of different gene sets based on genome
sequencing datasets. In this study, the clusterProfiler v3.14.3 [12] in R language was
used for function enrichment analysis of DEGs. GO terms and KEGG terms of the
identified DEGs with adjusted p-value < 0.05 were considered to be significantly

enriched.

PPI network construction and hub genes selection

The Search Tool for the Retrieval of Interacting Genes (STRING) [13] (http://string-
db.org) was used to predict the protein-protein interaction (PPI) network of the DEGs,
which was visualized by Cytoscape software V3.8.0. The CytoHubba [14], a plug-in

of Cytoscape, was adopted to select top 10 hub genes. GeneCards

(https://www.genecards.org/) [15] was used to search for full names and biological

functions of 10 hub genes.

Correlation analysis

Pearson’s correlation test was applied to do correlation analysis of the expression of
10 hub genes in five datasets (GSE41804, GSE45267, GSE84402, GSE107170 and
GSE121248) respectively. The correlation among the hub genes were visualized by

heatmaps using R language.

Gene set enrichment analysis (GSEA)
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We utilized Java GSEA v4.1.0 desktop program
(http://software.broadinstitute.org/gsea/datasets.jsp) to conduct GSEA analysis of ten
hub genes. Based on the median expression of each hub gene in GSE121248 dataset,
a total of 70 HCC samples were divided into two groups (high expression vs low
expression). The reference gene set “c2.all.v7.2.symbols.gmt” was downloaded from
the Molecular Signature Database (MSigDB,

http://software.broadinstitute.org/gsea/msigdb/index.jsp). Enriched pathways with a

cutoff threshold of p-value < 0.05 and FDR < 0.25 were considered statistically

significant.

Validation and survival analysis of hub genes

Overall survival (OS) and progression-free survival (PFS) analysis of the hub genes
were performed by the online tool Kaplan-Meier Plotter (http://kmplot.com/analysis/).
Besides, the gene expression and promoter methylation levels analysis between HCC
and adjacent normal samples as well as their correlations with clinical features in liver
tissues were conducted by UALCAN (UALCAN,

http://ualcan.path.uab.edu/index.html) [16] based on the Cancer Genome Atlas

(TCGA) datasets.

Correlation analysis of gene expression and tumor-infiltrating immune cells
The correlation between the expression of identified 10 hub genes and tumor

infiltrating immune cells (B cells, CD4+ T cells, CD8+ T cells, macrophages,
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neutrophils and dendritic cells) as well as tumor purity was analyzed by the online

tool TIMER (https://cistrome.shinyapps.io/timer/) [17,18] based on the TCGA

database.

Genetic alterations of hub genes

CBioPortal (https://www.cbioportal.org) [19] provides a publicly web resource for

exploring and analyzing various cancer genomics data from cancer tissues and cell
lines. In our study, the genomic profiles of 10 hub genes including mutations, putative
copy-number alterations from GISTIC and mRNA Expression with a z-score

threshold & 2.0 were all analyzed via cBioPortal.

Statistical analysis

Comparisons in transcriptional expression were conducted using Student’s t-test.
Statistical analysis was performed using GraphPad Prism software (version 8.0.1). P-
value < 0.05 was considered statistically significant, with significance defined as P <

0.05 (*), P< 0.01 (**) and P < 0.001 (***).

Results

Identification of robust DEGs by the RRA method

The workflow for identification, validation, and functional analysis of DEGs in our
study is shown in Fig. 1. Main characteristics of five HCC datasets, including dataset
ID, study country, sample number in each group, platform ID, and number of genes

10


https://cistrome.shinyapps.io/timer/
https://www.cbioportal.org/

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

in each platform are all presented in (Additional file 6: Table S1). After
standardization of the microarray results, we obtained totally 1,017 DEGs (619
downregulated and 398 upregulated mRNAs), 1,088 DEGs (701 downregulated and
387 upregulated mRNAs), 1,435 DEGs (912 downregulated and 523 upregulated
mRNAs), 1,196 DEGs (744 downregulated and 452 upregulated mRNAs), 666 DEGs
(465 downregulated and 201 upregulated mRNAs) from GSE41804, GSE45267,
GSE84402, GSE107170 and GSE121248 respectively. By bioinformatics analysis
using R language, the DEGs between HCC and normal samples in GSE41804,
GSE45267, GSE84402, GSE107170 and GSE121248 were presented in the volcano
plots (Fig. 2A-E). Based on the results of RRA analysis, a total of 126 significant
DEGs (48 upregulated and 78 downregulated DEGs) were identified (Additional file
7: Table S2). The top 20 upregulated and downregulated DEGs according to adjusted
p-values were presented in heatmaps (Fig. 3). In addition, the expression of these top
20 upregulated and 20 downregulated DEGs identified from each dataset (GSE41804,
GSE45267, GSE84402, GSE107170 and GSE121248) were displayed by heatmap

visualization (Additional file 1: Fig. S1A-E).

GO enrichment and KEGG pathway analysis

Next, we applied the most significant DEGs to do GO enrichment and KEGG
pathway analysis by clusterProfiler v3.14.3 in R language. The GO enrichment
analysis indicated that DEGs were significantly enriched in biological processes of

“organelle fission”, “nuclear division”, “chromosome segregation” and ‘“mitotic

11
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nuclear division” (Fig. 4A). In terms of cellular component, “spindle”, “microtubule”,
“chromosomal region” and “midbody” were the most significantly enriched GO
terms (Fig. 4B). Variations in DEGs related with MF were markedly enriched in
“tetrapyrrole binding”, “oxidoreductase activity”, “iron ion binding”, “heme binding”
and “monooxygenase activity” (Fig. 4C). Furthermore, KEGG analysis results
suggested that the top canonical pathways mostly associated with DEGs included

“caffeine metabolism”, “TGF-beta DNA replication” and “tryptophan metabolism”

(Fig. 4D).

Construction of PPI network and hub genes analysis

Then we constructed the PPI network of significant DEGs, which consists of 661
edges and 120 Nodes. After using cytoHubba of Cytoscape 3.8.0, 10 hub genes
(BUBI1B, CDKN3, CCNB1, CCNB2, CDK1, TOP2A, CDC20, MELK, NUSAPI and
AURKA) from the PPI network with relative higher degrees were selected (Fig. SA).
Summaries for gene symbols, full names and biological functions of 10 hub genes
were presented in (Additional file 9: Table S3). Furthermore, through analyzing the
expression data of 10 hub genes using R language, the strong correlations between
the hub genes were also confirmed in GSE41804, GSE45267, GSE84402,
GSE107170 and GSE121248 respectively (Fig. SB-F). To further investigate the
molecular functions of these hub genes in HCC, we performed GSEA analysis of ten
hub genes based on GSE121248 dataset. The results showed these genes are

significantly enriched in eight signaling pathways: PID ATM pathway, regulation of

12
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Tp53 activity, Kauffmann DNA repair genes, transcription coupled nucleotide
excision repair, sumoylation of sumoylation proteins, nucleotide excision repair,

regulation of Tp53 activity through phosphorylation and angiogenesis (Fig. 6A—H).

Expression validation and survival analysis of hub genes

In order to further verify the reliability of the 10 hub genes, we analyzed the data on
HCC and adjacent normal tissue samples as well as their correlations with clinical
features by the online tool UALCAN based on TCGA datasets. We found that all of
them were markedly upregulated in HCC tissue samples compared with adjacent
normal samples (Fig. 7A-D and Additional file 2: Fig. S2A-F). Besides, the hub
genes were significantly differentially expressed in HCC samples with different
tumor grades, which indicated that higher expression levels were associated with
higher tumor grades (Fig. 7E-H and Additional file 2: Fig. S2G-L).

To make sure if the methylation status of hub genes contributes to HCC
pathogenesis, we explored the association between expression levels of these hub
genes and their promoter methylation levels in HCC samples. As a result, we detected
that the promoter methylation levels of CCNB2, CDK1, TOP2A and CCNBI1 were
significantly decreased in HCC samples compared with paracancerous normal
samples (Fig. 7I-L). The above figures presented Beta values of CpG probes located
up to 1500bp upstream of genes’ start site (TSS200, TSS1500), which was the ratio
of the methylated probe intensity and the sum of methylated and unmethylated probe
intensity. In addition, we also did overall survival (OS) and progression-free survival

13
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(PFS) analysis of the hub genes by the online tool Kaplan-Meier Plotter. Kaplan-
Meier curves showed that higher expression of these genes was significantly
associated with shorter OS and PFS of patients with HCC (Fig. 8A-L and Additional
file 3: Fig. S3A-H), which suggested that their high diagnostic and prognostic values

as biomarker candidates.

Association of hub genes’ expression with tumor purity and immune infiltration
It was widely accepted that infiltrating immune cells, an important component of the
tumor microenvironment, played a crucial role in HCC pathogenesis [20]. To better
investigate immunotherapy targets, we continued to explore potential associations
between HCC hub genes’ expression levels and tumor purity as well as infiltration of
immune cells by the online tool TIMER. The tumor purity was estimated through
DNA SNP array data using previously developed methods [21, 22]. Interestingly, the
analysis showed that all hub genes were positively associated with tumor purity and
infiltrating immune cells including B cells, CD4+ T cells, CD8+ T cells, neutrophils,

macrophages, and dendritic cells (Fig. 9A-F and Additional file 4: Fig. S4A-D).

Genetic alterations of hub genes and their associations with overall survival of
HCC patients

To better evaluate the functions of selected hub genes in HCC, we continued to
analyze genetic alterations in these hub genes and their associations with OS of 348
HCC patients in cBioPortal (https://www.cbioportal.org/) based on TCGA datasets.

14
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As a result, we found that multiple hub genes had relatively high genetic alteration
rates in HCC patients. Among them, CCNB2, AURKA, CCNB1 and NUSAP1 were
the top four genes with high genetic alterations, and their alteration rates were 9%,
9%, 8% and 8% respectively (Additional file 5: Fig. SSA). Next, we selected hub
genes with alteration rates over 8% and analyzed their associations with overall
survival of 348 HCC patients. Interestingly, patients with CCNB2, NUSAPI,
AURKA and CCNBI alterations presented with relatively shorter OS, while the
difference of NUSAP1 and AURKA was not statistically significant (Additional file
5: Fig. S5B-E). These results indicate that genetic alterations of hub genes in HCC

may have a strong effect on HCC patients’ prognosis.

The expression and clinical relevance of hub genes in HCC tissue samples

To further validate the expression of hub genes in HCC tissue samples, we performed
qPCR experiment to detect the mRNA levels of ten hub genes in 25 pairs of HCC
tumor tissues and adjacent non-tumor samples. The results showed that all the mRNA
levels of these hub genes were significantly upregulated in HCC tissues relative to
control (Fig. 10A-J), which were consistent with the previous results by
bioinformatics analysis. Next, we analyzed the correlation between the expression of
hub genes and the clinicopathologic characteristics of these HCC patients. We divided
25 HCC patients into low and high groups using median as the cut off from the above
qPCR results and performed Pearson’s Chi-square test. The results indicated that the

expression levels of CCNB1 (Table 1), CCNB2 (Additional file 11: Table S6) and

15
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TOP2A (Table 4) were significantly correlated with vascular invasion and AFP levels
of HCC patients. The expression of CDC20 (Table 2), BUB1B (Table 3), CDK1
(Additional file 12: Table S7) and CDKN3 (Additional file 13: Table S8) were
significantly correlated with AFP levels of HCC patients. Besides, NUSAP1
(Additional file 14: Table S9) and AURKA (Additional file 15: Table S10)
expression were significantly associated with tumor number of HCC patients. And
MELK (Additional file 16: Table S11) expression was strongly associated with
vascular invasion of HCC patients. In conclusion, these results prove that selected
hub genes were indeed upregulated in HCC and significantly correlated with
clinicopathologic characteristics of HCC patients, which can be used as useful
biomarkers in HCC diagnosis and treatment. Moreover, immunohistochemistry
staining indicated that the protein expression levels of these hub genes were much

higher in tumor samples than in non-tumor samples (Fig. 11).

Discussion

Hepatocellular carcinoma (HCC) is the fifth most common cancers worldwide with
high morbidity and mortality [23], but its molecular mechanisms still remain unclear
now. Thus, further exploring the molecular mechanisms of HCC for finding better
therapeutic strategies is of great significance. Though microarray technology and
bioinformatic analysis [24] have provided important new insights into discovering
novel biomarkers and biological pathways involved in various diseases,
inconsistencies were observed between different studies [25]. In our study, we have
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identified 126 significant DEGs (78 downregulated and 48 upregulated genes) after
integrating microarray data from five datasets (GSE41804, GSE45267, GSE84402,
GSE107170 and GSE121248) using the RRA method [26].

The GO enrichment analysis indicated that the robust DEGs identified were
significantly enriched in biological processes of “organelle fission”, “nuclear
division”, “chromosome segregation” and “mitotic nuclear division”. Variations in
DEGs related with MF were markedly enriched in “tetrapyrrole binding”,
“oxidoreductase activity”, “iron ion binding”, “heme binding” and “monooxygenase
activity”. Furthermore, KEGG analysis results suggested that the top significant
pathways mostly included “caffeine metabolism”, “TGF-beta DNA replication” and
“tryptophan metabolism”. Li-Ting Wang et al found that intestine-specific homeobox
gene ISX could regulate immune suppression in HCC by modulating tryptophan
catabolism and IL-6 signaling [27]. Delia Hoffmann group have identified the
expression of Tryptophan 2,3-Dioxygenase expression in human hepatocellular
carcinoma cells, which indicated that TDO might be an immunotherapeutic target in
hepatocellular carcinoma [28]. Besides, caffeine has shown tumouricidal activity in
HCC cells and was associated with decreased risk of HCC recurrence [29]. Quinone
oxidoreductasel (NQO1) transcription might be inhibited by promoter
hypermethylation in HCC, which might be involved in HCC pathogenesis [30].
Quinone oxidoreductase-1 in HCC cells protects against ferroptosis in HCC by
modulating iron metabolism and lipid peroxidation [31]. In addition, Xanthine
Oxidoreductase was identified as a tumor suppressor that facilitated the development

17
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of HCC [32]. Consistent with these published data, the enriched biological functions
and pathways provide basis for further research into the molecular mechanisms of
HCC.

We also obtained 10 hub genes from the constructed PPI network including MELK,
NUSAP1, BUBIB, CDKN3, AURKA, CCNBI1, CCNB2, CDKI1, TOP2A and
CDC20 with relatively higher degrees. MELK, a cell-cycle-dependent protein kinase,
is involved in the pathogenesis and recurrence of HCC [33]. The overall survival (OS)
and recurrence-free survival (RFS) of the high MELK mRNA expression group was
significantly shorter than that of the lower MELK expression group [34]. As a
microtubule-associated protein with the capacity to bundle and stabilize microtubules,
NUSAPI plays essential part in diverse biological processes both physiologically and
pathologically [35]. In vitro studies indicated that HepG2 and Huh-7 cell proliferation
and invasion was inhibited significantly following NUSAP1 knockdown [36].
Besides, NUSAP1 was found to be a target of miR193A-5p and its increased levels
correlated with HCC patients’ shorter survival times [37]. The multidomain protein
kinases BUBR1 encoded by BUBIB is a central component of the mitotic checkpoint
for spindle assembly ensuring chromosomes segregation during mitosis [38]. BUBIB
promoted mTORCI1 signaling pathway in HCC, which could be blocked by
rapamycin [39]. Cyclin-dependent kinase inhibitor 3 (CDKN3) is a dual-specificity
phosphatase that associated with Cdk2 and CDKN3 overexpression could delay the
G1-S phase transition [40]. CDKN3 expression was negatively associated with the
pathological stage of liver cancer and CDKN3 inhibition could facilitate the
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clonogenic capacity and chemotherapeutic tolerance in HCC tissues [41]. AURKA
has been defined as a crucial regulator of mitotic chromosome segregation through
its catalytic activity [42, 43]. The oncogenic phosphatase PRL-3 is upregulated in
metastatic colorectal cancer and it interacted with AURKA and FZR1, thus
influencing the development of colorectal cancer [44]. It was reported that
thiostrepton could reduce FOXMI1 target genes expression including AURKA and
CCNBI, which contributed to the progression of G2/M cell cycle [45]. The
coordinated actions of the cyclin B-dependent kinase (CDK1-CCNB) play central
roles in promoting the error-free chromosome segregation [46, 47]. YAP promotes
liver cancer cells proliferation through the induction of several cell cycle regulators
including CCNB1 and CCNB?2 [48]. In addition, CDK1 is a common serine/threonine
kinase that has been proven to phosphorylate a number of different substrates during
the process of mitosis and have a large effect on cell morphology [49, 50]. Tim Hon
Man Chan lab has revealed a new pathway CHD1L/TCTP/Cdc25C/CDK1 in HCC
progression [51]. Anti-CDKI1 treatment can increase the efficacy of sorafenib in PDX
hepatocellular carcinoma models [52]. TOP2A is a type Il topoisomerase that
functions during mitosis and meiosis for proper segregation of daughter
chromosomes [53]. TOP2A overexpression was associated with shorter HCC patients’
survival, which highlighted the potential prognostic value of TOP2A in HCC [54].
Moreover, TRRAP induced HCC cell proliferation by upregulating mitotic gene
TOP2A, which provided a potential therapeutic strategy for HCC [55]. Ayuko Saeki
et al have detected some polymorphic base changes of CDC20 in HCC cell lines or
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specimens [56]. SIRT2 regulates the anaphase-promoting complex/cyclosome
activity via deacetylation of CDC20 and thus inhibits tumorigenesis [57]. In our study,
we confirmed the expression levels of 10 hub genes were indeed significantly
upregulated in HCC tissues by qPCR analysis and immunohistochemistry staining.
In addition, selected hub genes were significantly correlated with clinicopathologic
characteristics of HCC patients, which can be used as useful biomarkers in HCC
diagnosis and treatment.

Furthermore, we determined that a majority of hub genes were not only
significantly upregulated in HCC samples, but also correlated with higher tumor stage,
suggesting their vital roles in HCC pathogenesis. Kaplan-Meier curves showed that
higher expression of all these hub genes was significantly associated with shorter OS
and PFS of patients with HCC, which also confirmed their great diagnostic and
prognostic values as therapeutic targets and prognosis predictors. Abundant evidence
has demonstrated that DNA methylation status of genes played a key role in HCC,
which help develop molecular diagnoses and individualized treatments [58, 59]. To
make sure if the methylation status of hub genes contributes to HCC pathogenesis,
we referred to UALCAN to explore the association between expression levels of these
hub genes and their promoter methylation levels in HCC samples. As a result, we
detected that CCNB2, CDK1, TOP2A and CCNBI1 were hypomethylated in HCC
samples compared with adjacent normal samples, which is consistent with their
upregulation levels in HCC. Genetic abnormal alteration including gene amplification,
deletion and mutation are reported to be closely correlated with the initiation and
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progression of cancers [60]. Therefore, we analyzed genetic alterations in selected hub
genes and their associations with OS of 348 HCC patients and found that multiple
hub genes had relatively high genetic alteration rates in HCC patients. CCNB2,
AURKA, CCNB1 and NUSAP1 were the top four genes with high genetic alterations.
Interestingly, patients with CCNB2, NUSAP1, AURKA and CCNBI alterations
presented with relatively shorter OS, while the difference of NUSAP1 and AURKA
was not statistically significant.

In summary, we have identified a set of robust DEGs from five microarray datasets
related with HCC development by RRA analysis. Ten hub genes (BUB1B, CDKN3,
CCNBI, CCNB2, CDK1, TOP2A, CDC20, MELK, NUSAP1 and AURKA) were
strongly upregulated in HCC samples and their higher expression was significantly
associated with shorter OS and PFS of HCC patients. Though more work needs to be
done to validate their contribution to the pathogenesis of HCC by in vivo and in vitro
experiments, we believe these data would help enhance the current understanding of

the HCC progression to some extent.

Abbreviations

HCC, Hepatocellular Carcinoma; GEO, Gene Expression Omnibus; DEGs,
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706  Table 1. Correlation between CCNBI1 expression level and the clinicopathologic

707  characteristics of 25 cases of HCC patients.

Characteristics CCNBI expression level Pearson's chi-
Low High square test (p-
valuex)
Gender Male 10 2 0.225
Female 8 5
Age <60 6 9 0.327
=60 6 4
Differentiation =~ High 7 8 0.174
Moderate/low 2 8
Tumor size <Scm 3 4 0.856
=5cm 7 11
Tumor number  Single 1 3 0.743
Multiple 7 14
TNM stage I+11 2 4 0.702
II+1vV 8 11
Vascular No 1 5 0.047
invasion Yes 12 7
AFP <20 1 7 0.007
=20 12 5
708 = Results were considered statistically significant at p < 0.05.
709
710
711
712
713
714
715
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716  Table 2. Correlation between CDC20 expression level and the -clinicopathologic

717  characteristics of 25 cases of HCC patients.

Characteristics CDC20 expression level Pearson's chi-
Low High square test (p-
valuex)
Gender Male 10 2 0.114
Female 7 6
Age <60 5 9 0.346
=60 6 5
Differentiation =~ High 7 8 0.054
Moderate/low 1 9
Tumor size <Scm 4 4 0.678
=5cm 7 10
Tumor number  Single 1 4 0.408
Multiple 8 12
TNM stage I+11 2 3 0.840
II+1vV 9 11
Vascular No 1 5 0.078
invasion Yes 11 8
AFP <20 1 7 0.007
=20 12 5
718 = Results were considered statistically significant at p < 0.05.
719
720
721
722
723
724
725
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726  Table 3. Correlation between BUBIB expression level and the -clinicopathologic

727  characteristics of 25 cases of HCC patients.

Characteristics BUBI1B expression level Pearson's chi-
Low High square test (p-
valuex)
Gender Male 9 2 0.189
Female 8 6
Age <60 3 9 0.096
=60 9 4
Differentiation =~ High 7 10 0.432
Moderate/low 2 6
Tumor size <Scm 3 4 0.856
=5cm 7 11
Tumor number  Single 1 3 0.617
Multiple 8 13
TNM stage I+11 2 4 0.702
II+1vV 8 11
Vascular No 3 5 0.471
invasion Yes 9 8
AFP <20 1 5 0.047
=20 12 7
728 = Results were considered statistically significant at p < 0.05.
729
730
731
732
733
734
735
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736  Table 4. Correlation between TOP2A expression level and the clinicopathologic

737  characteristics of 25 cases of HCC patients.

Characteristics TOP2A expression level Pearson's chi-
Low High square test (p-
valuex)
Gender Male 10 2 0.225
Female 8 5
Age <60 6 9 0.327
=60 6 4
Differentiation =~ High 7 8 0.174
Moderate/low 2 8
Tumor size <Scm 3 4 0.856
=5cm 7 11
Tumor number  Single 1 3 0.617
Multiple 8 13
TNM stage I+11 2 4 0.702
II+1vV 8 11
Vascular No 1 5 0.047
invasion Yes 12 7
AFP <20 1 7 0.007
=20 12 5
738 = Results were considered statistically significant at p < 0.05.
739
740
741
742
743
744
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Figure legends

Fig. 1 Study workflow.

Fig. 2 Identification of DEGs in GEO. DEGs in GSE41804 (A), GSE45267 (B),

GSES84402 (C), GSE107170 (D), GSE121248 (E) dataset were presented.

Fig. 3 Identification of DEGs by RRA analysis. Top 20 upregulated and
downregulated genes were presented by heatmap. The numbers represents

logarithmic fold change in each dataset.

Fig. 4 GO and KEGG analysis of DEGs. Top 20 enriched GO terms related with
biologic process (A), cellular component (B), molecular function (C) for robust DEGs.

(D) Top 20 enriched pathways for DEGs.

Fig. 5 Hub genes network and correlation analysis. (A) Ten hub genes network by
CytoHubba. Correlation analysis among hub genes in GSE41804 (B), GSE45267 (C),

GSE84402 (D), GSE107170 (E), GSE121248 (F) was displayed.

Fig. 6 GSEA analysis based on GSE121248 data. Some representative enriched

pathways of (A) NUSAPI, (B) CDK1, (C) MELK, (D) AURKA, (E) BUBIB, (F)

CCNB2, (G) CCNBI, (H) CDKN3.
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Fig. 7 Expression validation and methylation analysis of hub genes. (A-D) Expression
levels of hub genes in HCC. (E-H) Expression analysis of hub genes with tumor
grades. * p <0.05, ** p <0.01, *** p <0.001. The first layer asterisk above the error
bar represents comparisons to normal samples. (I-L) Promoter methylation levels of

hub genes.

Fig. 8 Survival analysis. (A-F) Overall survival analysis of hub genes. (G-L)

Progression-free survival analysis of hub genes.

Fig. 9 Association of hub genes’ expressions with immune infiltration. The
correlation between expression of (A) BUB1B, (B) CDKN3, (C) CCNBI, (D) CDK1,

(E) MELK, (F) TOP2A and immune infiltration.

Fig. 10 The mRNA expression of hub genes in 25 cases. QPCR analysis of mRNA

levels of (A) CCNBI, (B) CCNB2, (C) NUSAPI, (D) BUBIB, (E) CDKI, (F)

AURKA, (G) TOP2A, (H) CDC20, (I) CDKN3, (J) MELK.

Fig. 11 Immunohistochemistry of HCC tissues. Representative IHC images of hub

genes in HCC samples. Scale bar = 50 pm.
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Additional file 1. Differential heatmap of robust DEGs in each dataset. (A) The top
20 upregulated and 20 downregulated genes according to adjusted p-value identified
from GSE84402 (A), GSE41804 (B), GSE45267 (C), GSE121248 (D) and
GSE107170 (E) were displayed in the heatmap plot.

Additional file 2. Expression validation analysis of hub genes. (A-F) Expression
analysis of hub genes in HCC samples. (G-L) Expression analysis of hub genes with
different tumor grades performed.

Additional file 3. Survival analysis of hub genes. (A-D) Overall survival analysis of
hub genes. (E-H) Progression-free survival analysis of hub genes.

Additional file 4. Association of hub genes’ expressions with tumor purity and
immune infiltration. The correlation between the expression of (A) AURKA, (B)
CCNB2, (C) CDC20, (D) NUSAPI and tumor purity, immune infiltration analysis.
Additional file 5. Genetic Alterations of Hub Genes and Their Associations with
Overall Survival of HCC patients. (A) CCNB2, AURKA, CCNB1 and NUSAP1 were
the top four genes with high genetic alterations. Patients with (B) AURKA, (C)

CCNBI, (D) CCNB2, (E) NUSAPI alterations presented with shorter OS.

Additional file 6. Detailed information about GEO data were showed in this study.
Additional file 7. Screening overlapping DEGs by integrated GEO data.

Additional file 8. Summaries for the function of 10 hub genes.

Additional file 9. Primers used for qPCR analysis.

Additional file 10. Primary antibodies for IHC staining.

Additional file 11. Correlation between CCNB2 expression level and the
clinicopathologic characteristics of 25 HCC patients.

Additional file 12. Correlation between CDKI1 expression level and the
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clinicopathologic characteristics of 25 HCC patients.
Additional file 13. Correlation between CDKN3 expression level
clinicopathologic characteristics of 25 HCC patients.
Additional file 14. Correlation between NUSAP1 expression level
clinicopathologic characteristics of 25 HCC patients.
Additional file 15. Correlation between AURKA expression level
clinicopathologic characteristics of 25 HCC patients.
Additional file 16. Correlation between MELK expression level

clinicopathologic characteristics of 25 HCC patients.
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GSEA
Validation in TCGA:

1. Tumor vs normal

2. Different tumor stages
1. Immune infiltration, TIMER

3. Survival analysis

2. Genetic alteration, cBioPortal

4. Methylation and gene expression
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Validation via experiments:
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3. Association with clinicopathologic characteristics of HCC

Figure 1

Study workflow.
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Figure 2

Identification of DEGs in GEO. DEGs in GSE41804 (A), GSE45267 (B), GSE84402 (C), GSE107170 (D),
GSE121248 (E) dataset were presented.
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Figure 3

Identification of DEGs by RRA analysis. Top 20 upregulated and downregulated genes were presented by
heatmap. The numbers represents logarithmic fold change in each dataset.
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Figure 6

GSEA analysis based on GSE121248 data. Some representative enriched pathways of (A) NUSAP1, (B)
CDK1, (C) MELK, (D) AURKA, (E) BUB1B, (F) CCNB2, (G) CCNB1, (H) CDKN3.
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Figure 7

Expression validation and methylation analysis of hub genes. (A-D) Expression levels of hub genes in
HCC. (E-H) Expression analysis of hub genes with tumor grades. * p < 0.05, ** p < 0.01, *** p < 0.001. The
first layer asterisk above the error bar represents comparisons to normal samples. (I-L) Promoter
methylation levels of hub genes.
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Figure 8

Survival analysis. (A-F) Overall survival analysis of hub genes. (G-L) Progression-free survival analysis of
hub genes.
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Figure 9

Association of hub genes’ expressions with immune infiltration. The correlation between expression of
(A) BUB1B, (B) CDKN3, (C) CCNB1, (D) CDK1, (E) MELK, (F) TOP2A and immune infiltration.
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Figure 10

The mRNA expression of hub genes in 25 cases. QPCR analysis of mRNA levels of (A) CCNB1, (B)
CCNB2, (C) NUSAP1, (D) BUB1B, (E) CDK1, (F) AURKA, (G) TOP2A, (H) CDC20, (I) CDKN3, (J) MELK.
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Figure 11

Immunohistochemistry of HCC tissues. Representative IHC images of hub genes in HCC samples. Scale
bar =50 pm.
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