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Abstract  1 

Hepatocellular carcinoma (HCC) is considered as the leading killer disease in the world. So 2 

far most of the diagnosis of HCC is mainly established on imaging and biopsy. As sequencing 3 

technology is developing quite fast, and it has already been widely applied in the medical area, 4 

such as cancer diagnosis. In this article, GSE121248, GSE76427 and GSE60502 datasets were 5 

chosen to analyze and screen key genes which could affect the development of liver cancer 6 

through the bioinformatics method. The results showed up regulated genes mainly reside in 7 

cell division, nucleus, protein binding pathway, and down regulated genes are mostly located 8 

in the Oxidation-reduction process, Extracellular region, Heme binding, Metabolic pathway. 9 

Secondly, hub gene analysis indicated there were twelve critical hub genes found: RFC4, 10 

RACGAP1, CCNB2, CDC20, UBE2C, PTTG1, AURKA, PRC1, NCAPG, CDKN3, TOP2A, 11 

KIF20A, AURKA and CDKN3. By applying bioinformatic measures, the genes associated 12 

with hepatocellular carcinoma can be efficiently analyzed, that would provide invaluable 13 

information for translational studies. 14 

 15 

Introduction 16 

Hepatocellular carcinoma (HCC) is the second leading cause of cancer-related deaths in the 17 

world[1]. HCC is characterized by high mortality rates, high metastasis and high 18 

invasiveness[2]. It is generally believed that the occurrence of HCC is associated with viral 19 

infection (hepatitis C virus, hepatitis B virus), long-term alcohol consumption, Aflatoxin 20 



infection, water contamination, nitrous acid substances, primary biliary cirrhosis and 21 

non-alcoholic fatty liver, etc[3]. The treatment of early HCC mainly includes surgical 22 

resection, liver transplantation,  percutaneous radiofrequency ablation, and probably more 23 

than 50% of patients have a five-year survival rate. Because the pathogenesis of HCC 24 

involves multiple signaling pathways, and the molecular mechanisms of malignant 25 

progression are unclear. Almost 80% of advanced-stage liver cancer patients have mainly 26 

received radiotherapy and chemotherapy treatment. Therefore, identifying effective early 27 

tumor diagnostic markers and targeted therapeutic targets is of great clinical significance [4]. 28 

The development of high-throughput gene chip and sequencing technology has helped 29 

rapid the study of the gene expression profile of liver cancer, facilitating the discovery of gene 30 

and gene expression changes of liver cancer tissues and cells subjected to specific conditions. 31 

Due to the low reliability of positive results from a single microarray data analysis, in this 32 

study, we analyzed three microarray datasets from the GEO database, each of them includes 33 

HCC samples and non-tumor containing liver tissue samples. With the aid of GEO2R, 34 

differential expressed genes (DEG) between HCC and normal samples were analyzed. 35 

Applying several bioinformatics tools such as DAVID and String, the DEG’s biological 36 

functions, involved signaling pathways and interactions were worked out. Finally, 12 key 37 

genes were selected to be candidate biomarkers for HCC. This study provides a theoretical 38 

basis for the clinical screening of molecular markers and drug targets for the development and 39 

progression of hepatocellular carcinoma (Fig.1). 40 



 41 

Fig. 1 The schematic of this study is intended to describe bioinformatics screening and analysis of key 42 

genes for HCC. 43 

1. Methods and materials 44 

1.1 Obtaining Microarray Data The National Center for Biotechnology Information’s 45 

(NCBI) Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) is the largest 46 

public repository of high-throughput gene expression data[5]. To expand the sample size and 47 

improve the reliability of screening, three datasets of Homo tissue samples with both hepatic 48 

carcinoma and normal hepatic tissues included were selected. In our case, GSE121248[6], 49 

GSE76427[7] and GSE60502[8] datasets were screened out from the GEO database platform 50 

GPL570 ([HG-U133_Plus_2], Affymetrix Human Genome U133 Plus 2.0 Array), PL10558 51 



(Illumina HumanHT-12 V4.0 expression bead chip) and GPL96 ([HG-U133A] Affymetrix 52 

Human Genome U133A Array) respectively. GSE121248 contained 70 HCC samples and 37 53 

adjacent non-tumor hepatic tissue samples, GSE76427 contained 115 HCC samples and 52 54 

adjacent non-tumor hepatic tissue samples, while GSE60502 contained 18 HCC samples and 55 

18 adjacent non-tumor hepatic tissue samples. 56 

1.2 Identification of DEG The GEO2R (http://www.ncbi.nlm.nih.gov/geo/geo2r/) is an 57 

R-based web application that enables to analyze GEO data between HCC samples and 58 

non-cancer samples. The blank genome in each data set was removed, and genes with shared 59 

IDs were also eliminated. A value of |logFC| (fold change)>1 and P-value<0.05 was taken to 60 

be statistically significant. The Draw Venn Diagram 61 

(http://bioinformatics.psb.ugent.be/webtools/Venn/) tool was then used to select upregulated 62 

and downregulated genes common to all three datasets. 63 

1.3 GO and KEGG pathway enrichment analysis of DEG DAVID 64 

(https://david.ncifcrf.gov/) (version 6.8)[9] is a web-based online bioinformatics resource 65 

which serves mainly to functionally interpret a large number of genes and protein. The 66 

standard annotations for GO[10] biological functions include Biological Processes (BP), 67 

Molecular Functions (MF) and Cellular Components (CC). KEGG[11] is a database resource 68 

used particularly for genome sequencing and other high-throughput, large-scale molecular 69 

information processing. Combining both GO and KEGG functions of the DAVID online tool, 70 

DEG were analyzed with p<0.05 taken to be statistically significant.  71 

1.4 Protein-Protein Interaction (PPI) Network Analysis The String (https://string-db.org/) 72 



(version 11.0) [12]database is a database that searches for interactions between known 73 

proteins and predicted proteins. In this experiment, multiple protein input forms were selected 74 

and DEG data were imported, with Homo sapiens selected as the organism form. Setting 75 

parameters: medium confidence=0.4, and default other parameters. Default all parameters, 76 

then export the PPI data in TSV format. Cytoscape (version 3.7.1)[13] is a standard 77 

application for bio-network analysis and visualization. The TSV text saved by String was 78 

imported into cytoscape to create a PPI visualization network diagram. Using the MCODE 79 

(version 1.5.1)[14] plugin in the Cytoscape database, setting parameters: k-core=2, Node 80 

score cutoff=0.2, degree cutoff=2, and default other parameters. key genes of the PPI network 81 

were filtered, and the closest set of key genes was selected. To increase the sensitivity and 82 

specificity, we use MCC to discover featured nodes, We selected the Maximal Clique 83 

Centrality algorithm (MCC) of the cytohubba plugin [15] in the Cytoscape tool to screen the 84 

top Hub genes.  85 

1.5 Hub gene selection and analysis cBioPortal for Cancer Genomics 86 

(http://cbioportal.org)[16] is a web resource for exploring, visualizing, and analyzing 87 

multidimensional cancer genomics data. This platform was used to analyze the 12 selected 88 

key genes and co-expressed gene networks. The Gene Expression Profiling Interactive 89 

Analysis (GEPIA) online database (http://gepia.cancer-pku.cn/) is a web server with 90 

customizable features; Tumor and normal samples in the GEPIA database[17] were derived 91 

from The Cancer Genome Atlas (TCGA) and Genotype Tissue Expression (GTEx) programs. 92 

GEPIA was used to analyze the overall survival levels and expression levels in disease-free 93 

survival. Oncomine (https://www.oncomine.org/)[18] was used to analyze DEG expression in 94 



hepatic cancer tissues and non-hepatocarcinoma tissues, as well as AURKA and CDKN3 95 

expression, tumor grade, hepatitis virus infection status, satellite and vascular invasion 96 

relationships. 97 

2 results 98 

2.1 Article ideas and structure 99 

2.2 DEG screening results The GSE121248, GSE76427, and GSE60502 datasets were 100 

screened out from the GEO database, 1153, 554, 1728 DEGs was found respectively. Finally, 101 

an online Venn Diagram tool yielded 215 co-expression DEGs containing 34 common 102 

upregulated genes and 181 downregulated genes from the three datasets. (Tab. S1-3, Fig. 2). 103 

 104 

Fig. 2 215 DEG obtained from the three datasets. (a) 34 common upregulated genes. (b) 181 common 105 

downregulated genes. The different colors represent different datasets, and each intersecting area 106 

represents a gene shared between datasets. DEGs with |logFC|( fold change )>1 and adj.p-value<0.05 107 

were selected.  108 

2.3 Analysis of GO enrichment results  The upregulated genes and downregulated genes 109 

were input separately into the DAVID Database for GO and KEGG functional enrichment 110 

analysis. GO analysis revealed the BP, CC and MF of the first ten upregulated and 111 



downregulated genes (Fig. 3, Tab. S4). The biological processes that were significantly 112 

enriched by upregulated genes include cell division, mitotic nuclear division and cell 113 

proliferation. In terms of cellular components, the upregulated genes reside mainly in the 114 

nucleus, cytoplasm and nucleoplasm. The molecular functions that were most heavily 115 

involved were protein binding and ATP binding. For downregulated genes, the biological 116 

processes most commonly affected were the oxidation-reduction process and immune 117 

response, while heme binding and oxidoreductase activity were the main molecular functions 118 

implicated. Downregulated genes were commonly found in the extracellular region and 119 

extracellular exosome.  120 



 121 

Fig. 3Results of GO enrichment analysis of differential genes. GO=Gene ontology. The X-axis refers to the 122 

function of gene, the left-sided Y-axis represents the p-value (-log10), and the right-sided Y-axis represents 123 

the number of genes enriched. Figures A, B, and C represent the GO enrichment results of upregulated 124 

genes; Figures D, E, and F represent the GO enrichment results of downregulated genes. 125 

2.4 Analysis of KEGG enrichment results Using KEGG, the pathways of the first ten 126 

upregulated and downregulated genes were mapped out (Fig. 4, Tab. S5). Upregulated genes 127 

have been shown to affect the cell cycle and DNA replication while downregulated genes 128 

affected metabolic pathways and chemical carcinogenesis.  129 



 130 

Fig. 4 Results of KEGG enrichment analysis of differential genes. KEGG=Kyoto encyclopedia of genes and 131 

genomes. The X-axis refers to the function of the gene, the left-sided Y-axis represents p-value (-log10), 132 

and the right-sided Y-axis represents the number of enriched genes. Figure A represents the KEGG 133 

enrichment result of upregulated genes; Figure B represents the KEGG enrichment result of 134 

downregulated genes. 135 

2.5 Screening results of Hub genes DEGs were imported into the String database. Homo 136 

sapiens analysis was selected and the interaction score was set to 0.4 to obtain a 137 

protein-protein interaction network (Fig. S1). Using Cytoscape software with MCODE and 138 

cytoHubba plugin, the most critical groups in the PPI network were screened out (Fig. 5A), 139 

and top 12 key genes were filtered: AURKA> CDKN3> TOP2A> CCNB2> CDC20 > 140 

PTTG1> RFC4> UBE2C>RACGAP1> KIF20A> NCAPG> PRC1 (Fig. 5B). According to 141 

the MCC algorithm, AURKA and CDKN3 were the two most critical genes. The names, 142 

abbreviations and functions of these central genes are shown in Tab S6. 143 



144 

  145 

Fig. 5 MCODE and CytoHubba visualization network. (A) The first score gene clusters was screened by 146 

Cytoscape's MCODE plugins. All the genes were upregulated genes, with a network of 19 nodes and 170 147 

edges. (B) Using the MCC algorithm of Cytoscape’s CytoHubba plugin, the top 12 Hub genes were selected. 148 

All the genes were upregulated genes and the Hub gene network had 12 nodes and 60 edges. The red oval 149 

represents a DEG with high PPI score. The darker the red colour, the higher the PPI score. The edge 150 

represents protein-protein association. Among them, AURKA and CDKN3 were the two highest-scoring 151 

genes. 152 

2.6 Functional analysis of Hub gene Kaplan-Meier curve was used to analyze the overall 153 

survival and disease-free survival of the central gene. The expression of AURKA, CDC20, 154 

RFC4, KIF20A, RACGAP1, TOP2A, PTTG1, PRC1, NCAPG in HCC patients showed poor 155 

overall survival, p<0.05, while CCNB2, UBE2C, CDKN3 expression in patients was not 156 

significant in overall survival analysis, p>0.05. Nonetheless, HCC patients with AURKA, 157 

CDC20, RFC4, KIF20A, CDKN3, RACGAP1, TOP2A, CCNB2, UBE2C, PTTG1, PRC1, 158 

NCAPG changes showed poorer disease-free survival, p< 0.05 (Fig. 6A and B). 159 

(A) (B) 



  160 

 161 

 162 

Fig. 6 (A) Using the GEPIA online platform for overall survival analysis, patients’ AURKA, CDC20, RFC4, 163 

KIF20A, RACGAP1, TOP2A, PTTG1, PRC1 and NCAPG expression were significantly different, while patients’ 164 

CCNB2, UBE2C and CDKN3 expression were not significant in the overall survival analysis. The difference of 165 

p< 0.05 was considered statistically significant. (B) Using the GEPIA online platform for Disease Free 166 

A 

B 



Survival analysis, patients’ AURKA, CDC20, RFC4, KIF20A, CDKN3, RACGAP1, TOP2A, CCNB2, UBE2C, PTTG1, 167 

PRC1, and NCAPG were significantly differently expressed, and the difference of p<0.05 was considered 168 

statistically significant. significance. 169 

2.7 AURKA and CDKN3 Functional Analysis  170 

Among these genes, AURKA and CDKN3 were the two most critical genes in the PPI 171 

network, suggesting that they may play an important role in the development or progression 172 

of HCC. Based on data from GEPIA online platform, we noted that HCC patients with 173 

genomic alterations in AURKA and CDKN3 showed reduced overall and disease-free survival, 174 

as shown in Fig.7and Fig.8, AURKA (total survival P = 0.00022, disease-free survival P = 175 

0.0012), CDKN3 (total survival P = 0.058, disease-free survival P = 0.0074). Oncomine 176 

analysis of cancer vs. normal tissue showed that AURKA and CDKN3 were significantly 177 

overexpressed in HCC in the different datasets (Fig. 7A and B).  178 

 179 

Fig. 7 Oncomine analysis of (A) AURKA and (B) CDKN3 in hepatic cancer tissues and normal tissues. Heat 180 

map of AURKA and CDKN3 gene expression in hepatocellular carcinoma clinical samples and normal 181 

tissues.1. Hepatocellular Carcinoma vs. Normal Chen Liver, Mol Biol Cell, 2002; 2. Hepatocellular 182 

Carcinoma vs. Normal Roessler Liver, Cancer Res, 2010; 3. Hepatocellular Carcinoma vs. Normal Roessler 183 

Liver 2, Cancer Res, 2010;4. Hepatocellular Carcinoma vs. Normal Wurmbach Liver, Hepatology, 2007. 184 

 185 



Discussion 186 

   In this study, three datasets were selected from the GEO database, which included HCC 187 

tissue samples and non-HCC tissue samples. Following the GEO2R analysis of differential 188 

genes, 215 DEG were identified, including 34 upregulated genes and 181 downregulated 189 

genes. GO enrichment and KEGG functional analysis were performed on these genes. 190 

Upregulated genes mainly affected cell division, nucleus, protein binding, and pathway in 191 

cancer. Downregulated genes were mainly involved in the oxidation-reduction process, 192 

extracellular region, serine-type endopeptidase activity, and metabolic pathways. Besides, a 193 

PPI network for the DEG was constructed, and the 12 Hub genes in the differential expression 194 

interaction network, including AURKA, CDC20, RFC4, KIF20A, CDKN3, RACGAP1, 195 

TOP2A, CCNB2, UBE2C, PTTG1, PRC1 and NCAPG, were screened by the MCODE and 196 

MCC algorithm in CytoHubba. Among them, AURKA and CDKN3 were identified as the 197 

most important genes. 198 

   TOP2A is one of the nuclear matrix components. It has been found that overexpression of 199 

TOP2A is closely related to breast cancer, prostate cancer and liver cancer[19, 20]. In normal 200 

tissues, PTTG1 is expressed in low amounts or not at all in normal tissue. But in malignant 201 

tumors such as adrenocortical carcinoma, prostate cancer and oral squamous cell carcinoma, 202 

PTTG1 is abnormally highly expressed and plays a role in tumor cell proliferation[21, 22]. 203 

CCNB2 is highly expressed in various malignant tumors such as lung cancer, breast cancer 204 

and gastric cancer, and is significantly associated with poor clinical outcomes and 205 

prognosis[23, 24]. PRC1 is phosphorylated by CDK1/CyclinB1 protein kinase during cell 206 

mitosis and controls the formation of its multimers by regulating its phosphorylation and 207 



dephosphorylation, which in turn affects the formation of the central region of the mitotic 208 

spindle[25]. The study found that that PRC1 promotes the early recurrence of hepatocellular 209 

carcinoma through the wnt/β-catenin signaling pathway[26]. UBE2C is involved in the 210 

regulation of cell mitosis by mediating the ubiquitination of a ubiquitin ligase E3 - APC/C, 211 

which plays an important role in regulating cell cycle progression[27]. KIF20A is a member 212 

of the kinesin superfamily and is involved in cell mitosis. In recent years, it has been found 213 

that KIF20A is abnormally expressed in some tumor cells and tissues, and its abnormal 214 

expression is closely related to the formation and development of tumors[28, 29]. RACGAP1 215 

has also been shown to be overexpressed in malignant tumor tissues such as hepatocellular 216 

carcinoma, breast cancer and meningioma. Overexpression of RACGAP1 can be used as a 217 

marker to evaluate the invasiveness of tumors [30, 31]. NuSAP1 is a microtubule protein that 218 

plays an important role in spindle assembly and is an important regulatory molecule in the 219 

normal cell cycle. The mRNA and protein levels of NuSAP1 are tightly regulated and exhibit 220 

cyclical changes during cell cycle progression[32]. RFC4 is abnormally regulated in various 221 

cancers. In a variety of tumors such as colon cancer, breast cancer and liver cancer, silencing 222 

RFC4 blocks cells in the S phase, preventing them from subsequent mitosis and proliferation, 223 

therefore resulting in a decrease in tumor cell proliferation[33-35]. CDC20 acts as a cell cycle 224 

regulator and also plays an important role in human tumors. In numerous tumor types, high 225 

expression of CDC20 was observed and this was associated with poor prognosis especially in 226 

lung cancer, bladder cancer and liver cancer[36, 37]. NCAPG is a cell cycle-associated gene 227 

that affects primary hepatoma cells by influencing mitosis[38].  228 

      229 



     AURKA is overexpressed in a variety of human cancers, including gastric cancer, 230 

breast cancer, bladder cancer, head and neck squamous cell carcinoma and HCC[39-41]. And 231 

it plays an important role in the mitotic cell cycle by participating in centrosome replication, 232 

isolation and maturation[42-44]. It was demonstrated that the overexpression or inhibition of 233 

AURKA significantly opposed or promoted the anticancer effects of cinobufagin in Huh-7 234 

cells, respectively[45]. Genetic variations in the gene encoding AURKA may be a significant 235 

predictor of early HCC occurrence and a reliable biomarker for disease progression[46]. 236 

Additionally, study results suggested that AURKA contributed to metastasis of irradiated 237 

residual HCC through facilitating epithelial-mesenchymal transition (EMT) and cancer stem 238 

cell (CSC) properties, suggesting the potential clinical application of AURKA inhibitors in 239 

radiotherapy for patients with HCC[47]. The study showed that Aurora-A protein is 240 

upregulated in HCC tissues and significantly correlated with recurrence-free and overall 241 

survival of patients.  242 

CDKN3 is a cell cycle regulatory protein that interacts directly or indirectly with 243 

Cyclin-dependent protein kinase (CDK) and cyclin-dependent kinase inhibitors [48, 49]. 244 

CDKN3 exerts different functions in different tumor types. For example, it inhibits cell 245 

proliferation in glioblastoma, chronic myeloid leukemia and neuroblastoma[50-52]. It is also a 246 

tumor suppressor gene, whereby high expression in liver cancer, lung cancer, ovarian cancer, 247 

cervical cancer, kidney cancer, prostate cancer, and breast cancer promotes cell proliferation 248 

and facilitates the development of cancer[53-56]. CDKN3 expression may reduce the survival 249 

of tumor cells and alter the sensitivity to therapeutic agents via the AKT/P53/P21 signaling 250 

pathway. Therefore, CDKN3 may be involved in tumor differentiation and self-renewal[57].  251 



In the PPI network, AURKA and CDKN3 are directly linked to genes such as TOP2A 252 

and PTTG1, suggesting its important role in HCC. We evaluated the expression of AURKA 253 

and CDKN3 in terms of overall and disease-free survival through GEPIA and Oncomine 254 

software, which was reduced when there were genetic alterations in AURKA and CDKN3. 255 

Although the overall survival analysis of CDKN3 was not statistically significant in this study, 256 

some clinical studies have shown that overexpression of CDKN3 is significantly associated 257 

with reduced survival times[58]. It had been reported that the overexpression of CDKN3 also 258 

had a significant effect on the overall survival of HCC patients[59]. We speculate that this 259 

may be because the survival analysis of the GEPIA tool was based on the relationship 260 

between gene mutation and prognosis, but gene overexpression is usually caused by mutation 261 

or amplification. Besides, the data included in each database is inconsistent and there will be 262 

deviations. Therefore, overexpression of CDKN3 in HCC may come from gene amplification 263 

rather than mutation, and further research is needed to confirm our hypothesis.  264 

In summary, this study was designed to identify DEGs that may be involved in the 265 

pathogenesis or progression of HCC. A total of 215 DEGs and 12 Hub genes were identified 266 

and can be considered diagnostic biomarkers for HCC. However, further research is needed to 267 

elucidate the biological functions of these genes in HCC. 268 
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Figures

Figure 1

The schematic of this study is intended to describe bioinformatics screening and analysis of key genes
for HCC.



Figure 2

215 DEG obtained from the three datasets. (a) 34 common upregulated genes. (b) 181 common
downregulated genes. The different colors represent different datasets, and each intersecting area
represents a gene shared between datasets. DEGs with |logFC|( fold change )>1 and adj.p-value<0.05
were selected.



Figure 3

Results of GO enrichment analysis of differential genes. GO=Gene ontology. The X-axis refers to the
function of gene, the left-sided Y-axis represents the p-value (-log10), and the right-sided Y-axis represents
the number of genes enriched. Figures A, B, and C represent the GO enrichment results of upregulated
genes; Figures D, E, and F represent the GO enrichment results of downregulated genes.



Figure 4

Results of KEGG enrichment analysis of differential genes. KEGG=Kyoto encyclopedia of genes and
genomes. The X-axis refers to the function of the gene, the left-sided Y-axis represents p-value (-log10),
and the right-sided Y-axis represents the number of enriched genes. Figure A represents the KEGG
enrichment result of upregulated genes; Figure B represents the KEGG enrichment result of downregulated
genes.



Figure 5

MCODE and CytoHubba visualization network. (A) The �rst score gene clusters was screened by
Cytoscape's MCODE plugins. All the genes were upregulated genes, with a network of 19 nodes and 170
edges. (B) Using the MCC algorithm of Cytoscape’s CytoHubba plugin, the top 12 Hub genes were
selected. All the genes were upregulated genes and the Hub gene network had 12 nodes and 60 edges.
The red oval represents a DEG with high PPI score. The darker the red colour, the higher the PPI score. The
edge represents protein-protein association. Among them, AURKA and CDKN3 were the two highest-
scoring genes.

Figure 6

(A) Using the GEPIA online platform for overall survival analysis, patients’ AURKA, CDC20, RFC4, KIF20A,
RACGAP1, TOP2A, PTTG1, PRC1 and NCAPG expression were signi�cantly different, while patients’
CCNB2, UBE2C and CDKN3 expression were not signi�cant in the overall survival analysis. The difference
of p< 0.05 was considered statistically signi�cant. (B) Using the GEPIA online platform for Disease Free
Survival analysis, patients’ AURKA, CDC20, RFC4, KIF20A, CDKN3, RACGAP1, TOP2A, CCNB2, UBE2C,
PTTG1, PRC1, and NCAPG were signi�cantly differently expressed, and the difference of p<0.05 was
considered statistically signi�cant. signi�cance.



Figure 7

Oncomine analysis of (A) AURKA and (B) CDKN3 in hepatic cancer tissues and normal tissues. Heat map
of AURKA and CDKN3 gene expression in hepatocellular carcinoma clinical samples and normal
tissues.1. Hepatocellular Carcinoma vs. Normal Chen Liver, Mol Biol Cell, 2002; 2. Hepatocellular
Carcinoma vs. Normal Roessler Liver, Cancer Res, 2010; 3. Hepatocellular Carcinoma vs. Normal Roessler
Liver 2, Cancer Res, 2010;4. Hepatocellular Carcinoma vs. Normal Wurmbach Liver, Hepatology, 2007.
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