
Research article

Establishment of prognosis model of hepatocellular carcinoma 
based on prognosis related gene analysis and study on gene 
regulation mechanism of model

Jingjing Dai a,*,1, Bo Yang b,1, Abdusemer Reyimu c,1, Weiqiang Li a, Wubi Zhou c, 
Xiang Wang d, Weijie Dai b,**, Wan Wang e,***, Jianghong Yan f, Suxia Hu g,****

a Department of Medical Laboratory, The Affiliated Huaian No.1 People’s Hospital of Nanjing Medical University, Huai’an, 223300, Jiangsu, 
People’s Republic of China
b Department of Endoscopy Center, The Affiliated Huaian No.1 People’s Hospital of Nanjing Medical University, Huai’an, 223300, Jiangsu, People’s 
Republic of China
c Department of Pathology, The Affiliated Huaian No.1 People’s Hospital of Nanjing Medical University, Huai’an, 223300, Jiangsu, People’s 
Republic of China
d Department of Paediatrics, The Affiliated Huai’an No.1 People’s Hospital of Nanjing Medical University, Huai’an, 223300, Jiangsu, People’s 
Republic of China
e Department of Reproductive Medicine Center, Anhui No. 2 Provincial People’s Hospital, Hefei, 230041, Anhui, People’s Republic of China
f Department of Pediatric Research, Children’s Hospital of Hebei Province, Shijiazhuang, 050031, Hebei, People’s Republic of China
g Department of Medical Laboratory, Huainan First People’s Hospital, The First Affiliated Hospital of Anhui University of Science and Technology, 
Huainan, 232007, Anhui, People’s Republic of China

A R T I C L E  I N F O

Keywords:
Hepatocellular carcinoma (HCC)
Module gene
Prognosis
Risk score
Survival

A B S T R A C T

Objective: To analyze the expression and mechanism of prognosis related differentially expressed 
genes (DEGs) in hepatocellular carcinoma (HCC), and establish a prognosis risk model of prog
nosis related DEGs.
Methods: Transcriptome data and clinical information of 374 HCC samples were downloaded from 
TCGA data. Kaplan-Meier (KM) survival analysis screened prognostic genes in DEGs. Protein- 
protein interaction (PPI) network was constructed based on prognostic genes and key genes 
were screened. Cox regression was used to analyze the key genes and construct the prognostic risk 
model, calculate the risk score of each patient, divide the patients into low-risk group and high- 
risk group according to the median risk value, use KM analysis method for survival analysis and 
draw the survival curve, and use receiver operating characteristic (ROC) curve to evaluate the 
prognostic risk model, The relationship between risk score and clinicopathological features of 
HCC patients was analyzed. GEPIA and the human protein atlas (HPA) databases were used for 
expression verification of model genes. The mirDIP database is used to analyze the regulatory 
network of model genes. GSCAlite platform is used to analyze the mechanism and drug sensitivity 
of model genes.
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Results: A total of 1987 DEGs were extracted from the transcriptome data of HCC and normal 
samples, of which 258 were related to the prognosis of HCC (P < 0.01). Six key genes (CDK1, 
CCNA2, BUB1, CDC20, CCNB1 and TOP2A) were screened from the PPI network based on 
prognostic related genes, and the prognostic risk model was established. Survival analysis showed 
that the overall survival rate of patients in the high-risk group was significantly lower than that in 
the low-risk group (P < 0.01). The AUC values of 1, 3 and 5 years in the prognostic risk model 
were 0.716, 0.678 and 0.633. Multivariate Cox regression analysis showed that patient age and 
patient risk score were independent risk factors for the prognosis of HCC. The model gene is 
highly expressed in HCC and can promote apoptosis, cell cycle and EMT pathway. In addition, the 
high expression of model gene produced drug resistance to trametinib, selumetinib and RDEA119 
(refametinib).
Conclusion: The prognostic risk model based on six prognostic related DEGs is an independent 
prognostic factor of HCC, which can effectively predict the survival and prognosis of HCC 
patients.

1. Introduction

Hepatocellular carcinoma (HCC) is a kind of highly heterogeneous malignant tumor. Different infection history, different personal 
living environment and individual genetic susceptibility make liver cancer highly heterogeneous [1]. Because of its high mortality, it 
has become the fourth leading cause of cancer-related death [2]. Although the current treatment of HCC includes multidisciplinary 
comprehensive treatment such as surgery, radiotherapy, chemotherapy and neoadjuvant therapy, because the early clinical symptoms 
of HCC are not obvious, most patients are in advanced stage when diagnosed, and their prognosis is still very poor [3]. Early detection, 
research on new therapeutic targets and effective prediction of the prognosis of HCC patients are important means to improve the 
treatment and prognosis of HCC.

Due to the strong heterogeneity of HCC, the mechanism of its occurrence and development is not completely clear. Clinically, it is 
still necessary to explore the markers for HCC [4]. At present, some protein molecules are used as tumor markers in the diagnosis of 
HCC. For example, alpha-foetoprotein (AFP) is the most widely used tumor marker of HCC in the world. About 70 % of patients with 
elevated serum AFP. The increase of AFP concentration suggests a poor prognosis [5]. Its sensitivity and specificity were not very 
satisfactory, especially in the early stage of HCC with small masses, 80 % of patients had no significant increase in serum AFP [6]. 
Alpha-fetoprotein isoform 3 (AFP-L3) is a type of AFP isoform. AFP-L3 and AFP are widely recognized markers for early diagnosis of 
HCC [7]. AFP-L3 is unique to HCC cells. AFP-L3 is of great significance in the evaluation of malignancy, therapeutic effect and 
prognosis of HCC, especially in the early diagnosis of low-level AFP HCC or small HCC [8]. In recent years, 
des-gamma-carboxyprothrombin (DCP) has also been recommended as a tumor marker for HCC monitoring and has been widely used. 
Although DCP increased slightly in the serum of patients with liver disease except HCC, the increase of DCP level in the serum of 
patients with HCC was more significant. DCP plays a certain role in the early screening of AFP negative HCC patients [9]. However, the 
sensitivity and specificity of commonly used clinical markers in the diagnosis of HCC are still insufficient. Therefore, exploring new 
biomarkers for early diagnosis and prognosis of HCC is of great significance for its clinical treatment.

In recent years, as a tool for gene expression analysis, high-throughput microarray and sequencing technology have been widely 
used to identify the changes of genetic information in the process of tumorigenesis [10]. There are abundant tumor related genomes 
and gene expression profiles in TCGA database, which provides a basis for mining DEGs and gene action mechanism in liver cancer. 
This study used bioinformatics and TCGA database to screen the DEGs genes with prognostic value for HCC. Through Cox regression 
analysis, HCC prognostic risk model composed of six DEGs was finally constructed to evaluate the prediction performance of the model 
and determine the independent prognostic value and clinical relevance of the model, so as to provide reference for the individualized 
diagnosis of HCC.

2. Materials and methods

2.1. Data acquisition and preprocessing

RNA sequencing data of HCC were downloaded from TCGA (https://portal.gdc.cancer.gov/) database. At the same time, the 
corresponding clinical information of these patients was collected, including gender, age, lymph node metastasis and tumor stage.

2.2. Differential expression analysis and prognostic gene screening of DEGs

The “limma” package in R software was used to screen DEGs between HCC and normal liver tissues, and the expression profile data 
were standardized by “edger” package. The screening criteria of differential genes were: discovery error rate (FDR) < 0.01 and | log2 
(fold change) | > 2. Volcano and heat maps were drawn using “ggplot2″ and “pheatmap” packages for the visualization of differential 
genes. The relationship between DEGs and overall survival (OS) was determined by survival analysis, and the threshold was set as P <
0.01 to preliminarily screen DEGs with prognostic value for HCC.
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2.3. Functional analysis and pathway analysis of differential genes

GO analysis process exists in large-scale function enrichment and is a common research method in function enrichment research. 
Gene function includes three parts: molecular function (MF), biological process (BP) and cellular component (CC). KEGG pathway 
exploration is also widely used in bioinformatics analysis, which contains a large amount of data on genome, biological processes and 
diseases. Using DAVID database, annotation analysis and pathway enrichment analysis were performed on 258 prognostic related 
DEGs in this study.

2.4. Construction of PPI network and analysis of network modules

258 DEGs obtained from the intersection of Wayne diagrams were uploaded to STRING network analysis to construct protein- 
protein interaction network (PPI), Take the score greater than 0.9 as the standard. The further screened genes were input into 
Cytoscape 3.7.2 open source platform for visual analysis of PPI network. Use the molecular complex detection algorithm mcode 
(molecular complex detection) in Cytoscape to find the core gene module in PPI network. The standard is (degree cutoff = 2,node score 
cutoff = 0.2,k-core＝2,maxdepth = 100). Then the genes in the core module were enriched and analyzed. We used the cytohubba plug- 
in to identify key genes using the algorithm of degree and betweenness.

2.5. Construction and evaluation of prognostic risk model

RNA SEQ data were standardized. The standardized expression of DEGs was combined with the survival information of HCC 
samples. After removing patients without survival time records, a total of 369 HCC samples were included in Cox regression analysis. 
Cox regression analysis was carried out on the predictive DEGs, and the forest map was drawn to construct the HCC prognosis risk 
model. The calculation formula of risk score is: riskscore = gene expression 1 × Coef1 + gene expression 2 × Coef2 + … + gene 
expression n × Coefn (coef: regression coefficient of gene in multivariate Cox regression analysis, N: total number of DEGs related to 
prognosis). According to the risk score formula, taking the median risk score as the dividing point, each patient with HCC was divided 
into low-risk and high-risk groups. KM analysis was used to compare the difference of overall survival (OS) rate between high-risk 
group and low-risk group. The “survivalROC” package of R software was used to draw ROC curve to evaluate the accuracy of HCC 
prognosis model.

2.6. Correlation analysis of independent prognosis and clinical characteristics of model

Cox regression analysis was performed to confirm the prognostic value of HCC risk score after adjusting for other clinical variables. 
If the risk score is significantly different from OS in univariate and multivariate Cox analysis, it indicates that the risk score can be used 
as an independent risk factor. Chi square test was used to compare the distribution of clinicopathological parameters between high-risk 
group and low-risk group. The risk scores of patients grouped according to clinicopathological and molecular pathological features 
were compared by t-test.

2.7. Differential expression of key genes

GEPIA database (http://gepia.cancer-pku.cn/) is an interactive online website, expression data of 9736 tumors and 8587 normal 
samples from TCGA and GTEX can be analyzed. The mRNA expression levels of these hub genes in HCC and normal liver tissues were 
analyzed using GEPIA online tool. HPA (Human Protein Atlas) is an open database for industrial and academic scientists to freely 
access the data of human proteome research. The immunohistochemical results of key genes with obvious prognostic value were 
analyzed by HPA online database.

2.8. Validation and functional experiments of proteins related to cell proliferation and apoptosis

Based on the results of biological information screening of proteins and HPA database, this experiment selected protein molecule 
CDK1 closely related to cell proliferation and apoptosis for immunohistochemical analysis (CDK1, abcam, ab32094, 1:250) of he
patocellular carcinoma, determined their differential expression in cancer tissue and normal tissue, and analyzed their correlation with 
cell proliferation molecule MKI67 (abcam, ab15580, 1:250). By using relevant protein inhibitors (Ro-3306, abcam, ab141491, 25 μM) 
or interfering RNA techniques to reduce the expression of target proteins, we analyzed the apoptosis of cells after the reduction of 
target proteins and further explored their relationship with apoptosis.

2.9. Prediction of model gene miRNA regulatory network

MirDIP database integrates human related target gene information from 30 source databases, which can improve the reliability of 
prediction results. The one-way search function in mirDIP predicts miRNAs targeting model genes. The 1 % miRNA with the highest 
confidence is considered to be a potential regulatory miRNA. The miRNA gene regulatory network was visualized by Cytoscape 
software.
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2.10. Pathways involved in model genes and drug sensitivity analysis

GSCAlite (http://bioinfo.life.hust.edu.cn/web/GSCALite/) is a web-based gene set cancer analysis platform. In GSCAlite database, 
TCGA database tumor data set, GTEx normal control data set and GDSC drug database were integrated. They are well-known cancer- 
related pathways. Gene set drug resistance analysis was performed from GDSC drug database. Spearman correlation indicates that 
gene expression is related to drugs. Positive correlation means that the high expression of the gene is resistant to drugs, and vice versa. 
The Drugbank database (https://go.drugbank.com/) is used to explore the structure of drugs.

3. Results

3.1. Screening and functional enrichment analysis of prognostic related DEGs

The mRNA expression data of 374 HCC tissues and 50 normal tissues were collected from TCGA database, and 1987 DEGs were 
screened (Fig. 1A–B). Survival analysis of the above 1987 DEGs showed that 258 DEGs were significantly related to prognosis (P <
0.01) (Fig. 2A), including 221 up-regulated genes and 37 down-regulated genes (Fig. 2B). GO function and KEGG pathway enrichment 
analysis were performed on 258 prognostically valuable DEGs. The GO function enrichment results showed that in BP, DEGs mainly 
involved mitotic division, DNA repair, microtubule based movement, regulation of cell cycle. In CC, DEGs mainly involves chromo
some, central region, condensed chromosome kinetochore, midbody, kinesin complex and spin pole. On MF, DEGs mainly involves 
microtubule, ATP binding, protein binding and chrome binding. KEGG signaling pathway was mainly enriched in cell cycle, oocyte 
meiosis, progesterone mediated oocyte matching, p53 signaling pathway, HTLV-I infection and FOXO signaling pathway (P < 0.05, 
Fig. 3B).

3.2. Construction of PPI network and screening of key genes

258 DEGs were input into STRING database to construct PPI network, and 1277 interactions among 132 nodes were mapped with 
0.9 as the lowest confidence score. The results were visualized using Cytoscape software (Fig. 4A), and the core modules ranked first 
were selected with MCODE plug-in (Fig. 4B). The module includes 39 nodes and 681 edges. GO analysis is mainly enriched in cell 
division, cell promotion, microtubule based movement, cell cycle, protein procurement catabolic process, midbody, kinetochore, 
cytosol, microtubule, spindle pole, ATPase activity, cyclin dependent protein serine/threonine kinase activity (Fig. 5A). KEGG analysis 
was mainly concentrated in cell cycle, oocyte meiosis, p53 signaling pathway, HTLV-I infection and FOXO signaling pathway (Fig. 5B). 
Use the degree and betweenness algorithms in the cytohubba plug-in to calculate the top 10 node genes respectively and visualize the 
PPI network (Fig. 4C and D). Among them, six overlapping genes were further used as HCC model genes (Table 1).

3.3. Construction and evaluation of HCC prognostic risk model

Univariate Cox analysis showed that six genes (CDK1, CCNA2, BUB1, CDC20, CCNB1 and TOP2A) were significantly correlated 
with the prognosis of HCC patients (Fig. 6A). After further multivariate Cox regression analysis, the prognostic risk model of HCC was 
formed (Fig. 6B). After integrating 6 genes and weighting their multivariable Cox regression coefficients, the risk score formula is 
obtained: (− 0.060094715) × Expression of CDK1) + (0.0300994 × Expression of CCNA2) + (0.193051398 × Expression of BUB1) +
(0.23640234 × Expression of CDC20) + (− 0.00465794) × Expression of CCNB1) + (− 0.102246728) × Expression of TOP2A). The risk 
values of 369 HCC patients were calculated, and the median risk value was used as the critical value. They were divided into high-risk 
group (184 cases) and low-risk group (185 cases). HCC patients were sorted by risk score and divided into high and low risk subgroups 

Fig. 1. Screening of DEGs in HCC. (A) Volcano map of DEGs differentially expressed between HCC and normal tissues. (B) The expression heat map 
corresponding to DEGs.
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(Fig. 7A). The expression of CDK1, CCNA2, BUB1, CDC20, CCNB1 and TOP2A increased with the increase of HCC risk score (Fig. 7B). 
In the high-risk subgroup, the death population of HCC is more intensive and the survival time is shorter (Fig. 7C). The KM survival 
curve showed that the survival rate of patients in the high-risk group was significantly lower than that in the low-risk group (P = 6.33e- 
07) (Fig. 7D). The time-dependent ROC curve was used to evaluate the predictive performance of the prognostic model for the 
prognosis of patients at 1, 3 and 5 years. The AUC (area under curve) of ROC curve in 1 year, 3 years and 5 years are 0.716, 0.678 and 
0.633 respectively. (Fig. 7E). The above evaluation results show that the risk score model has good sensitivity and specificity in 
predicting the prognosis of HCC.

3.4. Clinical application of prognostic risk model

The risk scores of 6 model genes were combined with the clinical data (age, gender, stage and grade) of HCC samples. After 
removing patients with unknown information, a total of 234 HCC samples were included in the analysis. Chi square test analysis 
showed that there were differences in tumor stage, T stage and survival status distribution between high and low risk groups (Fig. 8A). 
ROC curve showed that stage (AUC = 0.712), T stage (AUC = 0.699) and riskScore (AUC = 0.698) had good predictive value for the 
prognosis of HCC. T-test analysis found that there were differences in risk scores of patients grouped according to tumor stage, T-stage 
and grade (Fig. 8E–G). With the increase of stage, the risk score of patients also showed an upward trend. At the same time, age, gender, 
tumor stage, TNM stage, grade and risk score were included in Cox regression analysis. Univariate Cox analysis showed that tumor 

Fig. 2. Identification of prognostic related DEGs in HCC. (A) Venn diagram of the proportion of prognostic genes in deg. (B) Expression of prog
nostic genes in tumor tissues.

Fig. 3. Functional enrichment analysis of 258 prognostic genes. (A) GO enrichment analysis of prognostic genes. (B) KEGG pathway analysis of 
prognostic genes. According to the p value from small to large, the color of the circle increases from red to green. The size of the circle indicates the 
count, that is, the number of genes.
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stage, T stage, M stage and risk score were prognostic risk factors for patients with HCC (P < 0.05, Fig. 8C).
Multivariate Cox analysis showed that risk score was a reliable independent prognostic factor for HCC (P < 0.001, Fig. 8D).

3.5. Validation of six model genes in bioinformatics database

The mRNA expression of six model genes was verified in GEPIA database. The results showed that CDK1, CCNA2, BUB1, CDC20, 

Fig. 4. Prognostic related DEGs were used to construct PPI networks and subnetworks. (A) Cytoscape visualized the genes of PPI network. The node 
color deepens as the degree value increases. (B) The mcode plug-in filters out the most significant modules in the PPI network. (C) The top ten genes 
with degree value. The node color deepens as the degree value increases. (D) Genes with betweenness value in the top ten. The node color deepens 
as the betweenness value increases.

Fig. 5. Functional enrichment analysis of 39 core module genes. (A) GO enrichment analysis of module genes. (B) KEGG pathway analysis of 
module genes. According to the p value from small to large, the color of the circle increases from red to green. The size of the circle indicates the 
count, that is, the number of genes.
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CCNB1 and TOP2A were highly expressed in HCC (Fig. 9). In addition, HPA database was used to show the differences in protein levels 
of CDK1, CCNA2, CDC20, CCNB1 and TOP2A. Immunohistochemical staining was shown in Fig. 10 (BUB1 data was missing in the 
database). Even in tissues, CDK1, CCNA2, CDC20, CCNB1 and TOP2A proteins were significantly stained in HCC.

3.6. The expression of CDK1 and MKI67 in HCC

In Fig. 11, the expression of CDK1 and MKI67 in HCC is higher than that in normal adjacent tissues and has statistical significance 
(P < 0.05). MKI67 is known to be a marker of cell proliferation, CDK1 is positively correlated with MKI67(r = ,p = ). Therefore, CDK1 is 
closely related to cell proliferation.

3.7. The functional mechanism of CDK1 in hepatocellular carcinoma cell line HepG2

Further experiments were needed to elucidate the proliferation mechanism of CDK1 in HCC. We conducted cell function tests to 
illustrate it. As shown in Fig. 12, we inhibited the expression of CDK1 in HepG2 cells by Ro-3306, and detected the apoptosis before and 
after inhibition. We found that inhibiting CDK1 increased HepG2 apoptosis, which was statistically significant (p = ). Therefore, CDK1 
has the effect of inhibiting cell apoptosis and enhancing HCC proliferation in HCC.

3.8. Regulatory network and drug sensitivity analysis of model genes

In this study, target miRNAs corresponding to model genes were further collected and analyzed. The number of sources that can 
predict the regulatory relationship between miRNA and model genes is greater than 5 as the inclusion criteria. MirDIP database 
analysis showed that there were 66 potential regulatory relationships between the four model genes and 69 miRNAs(Fig. 13). Explore 
the regulatory mechanism of six model genes on GSCAlite platform. The results showed that CDK1, CCNA2, BUB1, CDC20, CCNB1 and 
TOP2A could promote apoptosis and cell cycle in most tumors (Fig. 14A). Meanwhile, in lihc, CDK1, CCNA2, BUB1, CDC20, CCNB1 
and TOP2A can promote EMT, cell cycle and apoptosis pathway (Fig. 14B). The drug sensitivity results showed that the high expression 
of CDK1, CCNA2, BUB1 and TOP2A was resistant to trametinib, selumetinib and RDEA119 (refametinib) (Fig. 15A). Finally, the drug 
structure was visualized (Fig. 15B–D).

Table 1 
Top 10 Central genes of Degree and Betweenness scores in PPI network.

Gene Expression Degree Gene Expression Betweenness

CDK1 up 76 CDK1 up 2172.34624
CCNA2 up 67 CCNA2 up 978.11916
BUB1 up 62 MCM2 up 841.32533
CDC20 up 58 TOP2A up 759.18841
CCNB1 up 58 CCNB1 up 696.60976
TOP2A up 57 CDC20 up 691.43916
KIF11 up 57 BUB1 up 628.23855
CCNB2 up 56 CENPA up 620.1354
BUB1B up 55 ASPM up 556.57578
AURKB up 55 RAD51 up 518.17256

Note: Bold Fonts represent overlapping genes in the two algorithms.

Fig. 6. Univariate and multivariate prognostic analysis of six model genes. (A) Univariate prognostic analysis forest map of model gene. (B) 
Multivariate prognostic analysis of model genes.
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4. Discussion

Hepatocellular carcinoma (HCC) remains high in the mortality of malignant tumors [11]. Because liver cancer usually occurs in the 
damaged liver, the recurrence rate is high and the prognosis is poor. At present, clinical guidelines can not fully reflect the specific 
factors affecting the prognosis of patients with liver cancer [12]. The occurrence of liver cancer has experienced a series of complex 
biological processes, which is the result of the joint action of multiple genes and pathways, which greatly limits the clinical early 
diagnosis and treatment of tumors [13]. At present, although there are clinical biomarkers such as AFP, AFP-L3% and DCP, 
comprehensive evaluation is still needed to provide reference for the diagnosis of HCC. Nowadays, the development of next-generation 
sequencing technology makes it possible to determine the gene map of human cancer. Using genomic information to find tumor 
prognosis indicators in individuals is a new trend in tumor diagnosis and treatment in the future [14].

Firstly, the transcriptome data of HCC were downloaded from TCGA database, and the differential genes between cancer and 
normal tissues were screened. Among the 1987 DEGs screened, 258 were related to the prognosis of HCC patients. In addition, these 
prognostic genes are mainly involved in cell division and cell cycle regulation. In the PPI network constructed based on prognostic 
genes, the most important network modules were selected. Similarly, this module plays a key role in the regulation of cell cycle. It is 
speculated that the poor prognosis of patients may be related to the abnormal regulation of cell cycle. Subsequently, six key genes 
(CDK1, CCNA2, BUB1, CDC20, CCNB1 and TOP2A) were obtained through the degree and betweenness algorithms in the cytohubba 
plug-in.

Cyclin-dependent kinase 1 (CDK1) plays a key role in eukaryotic cell cycle control by regulating centrosome cycle and mitotic 
initiation. CDK1 was up-regulated in HCC, which was significantly related to the low overall survival rate [15]. CDK1 promotes the 
expression of cell cycle genes and is essential in cell division [16], and targeting CDK1 can inhibit the proliferation of HCC cells [17]. 
Consistent with this study, CDK1 is up-regulated in HCC and can activate cell cycle pathway. By inhibiting its expression (Ro-3306), it 
can induce enhanced cell apoptosis. Therefore, CDK1 can serve as a potential therapeutic target or diagnostic marker for HCC. The 
poor prognosis of patients with high expression of CDK1 may be related to the proliferation caused by over activation of cell cycle. 

Fig. 7. Performance evaluation of prognostic risk scoring model. (A) Patients’ risk score and grouping: red represents high-risk group and green 
represents low-risk group. (B) Expression heat map of 6 model genes (green indicates low expression and red indicates high expression). (C) Survival 
status distribution of patients in each group (red represents death and green represents survival). (D) KM survival curve of patients in high and low 
risk group. (E) Time dependent ROC curve to evaluate the predictive performance of prognostic risk model.
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CDK1 is a high-risk gene in the risk model, which can be used as a marker to predict the prognosis of patients.
Cyclin A2 (CCNA2) controls cyclin in G1/s and G2/M transition of cell cycle, and its high expression may promote the formation of 

HCC [18]. In vitro experiments show that CCNA2 contributes to HCC [19]. CCNA2 inhibition experiment shows its potential as a 
therapeutic target for HCC [20]. In this study, CCNA2 is highly expressed, which is a high-risk factor in HCC and promotes the cell cycle 
pathway. Patients with high expression of CCNA2 have poor prognosis and may play a cancer promoting role in HCC.

BUB1 is a serine-threonine kinase, which is essential for spindle assembly checkpoint signal and correct chromosome arrangement 
[21]. Therefore, BUB1 plays a role in promoting cancer cell proliferation and tumor progression [22]. Mir-490-5p inhibits the pro
liferation, migration and apoptosis of HCC cells by inhibiting BUB1. Similarly, this study also indicated the promoting effect of BUB1 
on cell cycle in HCC, and its high expression was associated with poor prognosis. It can be used as a reliable index to predict the 
prognosis of HCC.

The up-regulated expression of cell division cycle protein 20 (CDC20) in HCC specimens is related to tumor differentiation and 

Fig. 8. Verify the accuracy of the prognostic scoring model. (A) HCC risk clinical heat map data set. (B) Time dependent ROC curve to evaluate the 
predictive performance of clinical factors. (C) Univariate independent prognostic analysis. (D) Multivariate independent prognostic analysis. (E–G) 
clinical correlation analysis of risk score.
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metastasis, resulting in low patient survival rate [23]. The up regulation of CDC20 can be used to predict the prognosis of HCC [24]. In 
this study, CDC20 is also associated with poor prognosis, and can be used as a high-risk gene to predict the prognosis of patients.

G2/mitotic specific cyclin-b1 (CCNB1) is very important to control the cell cycle of G2/M (mitotic) transition phase, and belongs to 
cyclin family. The up-regulated expression of CCNB1 promotes the proliferation of HCC cells [25]. High expression of CCNB1 predicts 
poor prognosis of HCC. Knockout of CCNB1 inhibited cell proliferation and invasion in human HCC by targeting CCNB1 [26]. In our 
study, CCNB1 is not only a high-risk gene, but also can promote the cell cycle, which may be the reason why it plays an important role 
in cell proliferation. Patients with poor prognosis of HCC have high expression of CCNB1, which may be a potential tumor marker.

DNA toposomerase 2 (TOP2A) is a ribozyme that controls the topological state of DNA. It is very important for the correct division 
of ion chromosomes during mitosis and meiosis [27]. The up-regulation of TOP2A expression is related to the shortening of survival 
time and chemoresistance [28]. Consistent with our study, TOP2A is not only highly expressed in HCC, but also associated with cell 
cycle and poor prognosis. Immunohistochemistry showed that it was higher in HCC than other model genes, and could be used as a 
potential tumor marker of HCC.

Although a single molecular marker has certain auxiliary diagnostic significance, the combined detection of multiple markers can 
improve the detection rate of HCC, make up for the deficiency of a single marker, and better evaluate the prognosis of patients. 
Therefore, we verified the correlation between these six key genes and patient prognosis through Cox analysis. Univariate analysis 
showed that six key genes were related to the prognosis of patients. At the same time, the comprehensive risk score of six key genes 

Fig. 9. The expression differences of six model genes in liver cancer and normal tissues were analyzed by GEPIA database. (A) CDK1. (B) CCNA2. 
(C) BUB1. (D) CDC20. (E) CCNB1. (F) TOP2A. *p < 0.01.
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obtained by multivariate Cox analysis has a good predictive ability for patients and prognosis. Then, a prognostic scoring model of HCC 
was constructed based on six key genes. The prognosis of high-risk group is worse than that of low-risk group. In addition, when using 
the time-dependent ROC to analyze the prediction performance of the risk score on the prognosis of patients, it was found that the 
AUCs of 1 year, 3 years and 5 years were 0.706, 0.678 and 0.633 respectively (Fig. 7E), indicating that the risk score has a better 
prediction on the prognosis of patients in 1 year.

In order to further analyze the correlation between the risk score and the clinical characteristics of patients, we performed chi 
square test and t-test analysis. Results there were significant differences in tumor stage, T stage and survival between high and low risk 
groups. In addition, with the increase of tumor stage, the risk score of patients also showed an upward trend. At the same time, 
combined with the patient’s clinical information and risk value, univariate and multivariate Cox regression analysis were carried out. 

Fig. 10. Immunohistochemistry of model genes in HCC and normal samples based on HPA database. Brown indicates protein expression.

Fig. 11. The expression of CDK1 and MKI67 in HCC. (A) The positive expression of CDK1 and MKI67 in HCC. Negative expression of normal tissue 
(Magnification, × 400). (B) Statistical analysis of protein expression and Correlation analysis of two protein expressions.
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It was found that tumor stage, T stage, M stage and risk score were related to the prognosis of HCC, but only risk score was an in
dependent risk factor of liver cancer.

The highlights and significance of this work as compared to the previous studies are as follows. Firstly, we use conventional 
bioinformatics analysis to identify potential liver cancer biomarkers or therapeutic targets, providing a foundation for research in 
related fields. Although the research methods are relatively conventional, the differential gene expression results obtained through 
cross analysis of different chips are also a prerequisite for subsequent related research, and have important exploratory value for the 

Fig. 12. Apoptosis analysis after CDK1 inhibition. (A) Immunochemical analysis of CDK1 expression in HepG2 cell lines after using CDK1 inhibitors. 
(B) Western blot analysis of CDK1 expression in HepG2 cell lines after using CDK1 inhibitors. (C) Detection of cell apoptosis through apoptosis 
detection kit. (D) Statistical analysis of protein and cell apoptosis.

Fig. 13. Potential miRNA regulatory networks of model genes. The blue node represents mRNA, and the miRNA connected with the blue node by 
dotted line.
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Fig. 14. Pathway prediction analysis of 6 model genes. (A) Global percentage of cancers in which genes affect pathways among 32 cancer types 
(number of cancer types activated or inhibited/32 * 100 %). (B) Possible pathways of six model genes in LIHC. The solid line indicates the pathway 
connected with gene promotion, and the dotted line indicates the pathway connected with gene inhibition.

Fig. 15. Drug resistance analysis of model genes. (A) Model gene resistance was analyzed from gdsc drug data. Spearman correlation represents the 
correlation between gene expression and drugs. Red dots represent positive correlation and purple dots represent negative correlation. Positive 
correlation means that the high expression of the gene is resistant to the drug. (B–D) The ball-and-stick structures of the drugs were displayed 
through the Drugbank database.
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diagnosis and treatment of hepatocellular carcinoma. Secondly, by combining our own clinical data to verify the feasibility and 
reliability of the results of this study, it guides further clinical research, such as the clinical application of CDK1 as a therapeutic or 
diagnostic target for hepatocellular carcinoma. Last but not least, it is important to note that the current high incidence rate of he
patocellular carcinoma and the lack of specific markers for diagnosis and treatment are the key reasons for our study. For example, 
Normal expression of AFP is frequently detected in HCC, the HCC has progressed to the middle and late stages and timely treatment has 
been missed.

5. Conclusion

To sum up, this study screened DEGs related to HCC prognosis in TCGA database, conducted functional enrichment analysis on 
DEGs, and further constructed a HCC prognostic risk model through univariate and multivariate Cox risk regression analysis. The 
model has high predictive value for the survival rate of HCC. The DEGs found in the study provide a theoretical basis for the study of 
the pathogenesis and the exploration of diagnosis and treatment targets of HCC.
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