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Abstract
Purpose Liver cancer is one of the most common malignant tumors in China, ranked 5th among the
malignant common tumors in the world, which is still di�cult to diagnose early and treat effectively.
Therefore, exploring some indicators for prognostic prediction is imperative in the treatment of liver
cancer. Methods Liver cancer data was obtained from The Cancer Genome Atlas (TCGA). We obtained
differentially expressed genes (DEGs) by R software from TCGA database. Risk scores were acquired to
assess the weighted gene-expression levels by Cox regression analysis and predict the prognosis of
patients with liver cancer. Using the KEGG and GO databases, pathway enrichment was performed by
identifying the analysis of DEGs. The display of receiver-operating characteristic (ROC) curves and area
under the curve (AUC) could show the validity and the prognostic value of this model in liver cancer.
Results In total, 1897 DEGs of transcriptome genes in liver cancer and 1197 DEGs of clinical data were
extracted from the TCGA database. We identi�ed a novel �ve-gene signature associated with liver cancer,
including CDCA8, NR0B1, GAGE2A, AC018641.1, and SPANXC. Among of them, CDCA8 and NR0B1 were
negatively related to 5-year OS, displaying a worse prognosis (P < 0.05). In particular, we also found that
GAGE2A is related to lymphatic metastasis from the clinical data analysis in liver cancer. Receiver-
operating characteristic (ROC) curve assessed the accuracy and sensitivity of the gene signature. In the
heat map, each of the �ve genes for patients was presented with the distribution of the risk score.
Conclusions We �gured out a novel �ve-gene signature for the prognosis of patients with liver cancer,
which may be an effective predictor for patients’ prognosis in the future.

Introduction
Liver cancer is one of the most common malignant tumors in China, which ranked 5th among the
malignant common tumors in the world. Over 620,000 incipient liver cancer cases occur in the world,
including above half of Chinese, 80% of which are hepatocellular carcinoma (HCC) [1]. Viral hepatitis,
cirrhosis, chemicals such as aspergillus �avus, and water and environmental pollution are the main
causes of liver cancer [2]. The Barcelona Clinic Liver Cancer (BCLC) staging system, as a commonly
utilized staging system for HCC, classi�ng patients according to tumor stage, liver function, and cancer-
related symptoms [3]. In the light of the BCLC staging system, speci�c treatment options are substantial
for different stages in HCC [4]. There are multiple therapeutic methods for HCC, including surgical options
(resection or liver transplantation (LT), ablative electrochemical therapies (e.g. radiofrequency ablation or
ethanol injection), and stereotactic body radiotherapy (SBRT) [5]. Despite of the development of
surveillance systems, the over 5-year survival is less than 20%. Although risk factors including late
diagnosis at the �rst time, a series of declines in body function induced by ascites caused by liver
cirrhosis, recurrence, and occur of lymph vascular, it limits the availability of clinical treatment and leads
to the poor prognosis [6].

Widespread prognostic systems have been acknowledged, but none are widely suitable for predicting
prognosis. Some researches do not take into account major prognostic predictors for the presence of
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cancer. Identi�cation of novel targets or predictors through the analysis based on molecular levels may
�gure out some new therapeutic methods for better outcome prediction.

Methods

Data extraction, quality assessment
Liver cancer patients (including transcriptome and clinical data) were downloaded from the TCGA
database. In order to reorganize data, we used the Perl scripting tools. Patients could be divided into
several classi�cation with missing data including vague clinical stages and pathological grading were
excluded. We compared 407 liver cancer cases with 58 normal controls and calculated the fold changes
between the genes using the edge R package in the R language.

Data screened for differentially expressed genes (DEGs)
and heat map
Subsequently, by means of the mRNA data in liver cancer,in comparison with matched normal tissues, we
identi�ed DEGs (fold change = 3, P < 0.05) using R package software (version 3.5.2). The heat map was
constructed by the data reduction (407 liver cancer cases vs. 58 normal controls). Five genes containing
the division of the risk score of patients was demonstrated by a heat map. The high/low gene expression
level was represented by the dark/light color in the heat map. The gplots package was used to draw the
heat maps.

Gene enrichment
As for Gene Ontology (GO) enrichment, we utilized the Database for Annotation, Visualization, and
Integrated Discovery (DAVID; http://david. abcc.ncifcrf.gov/) to execute related pathway dissect. Three
GO terms [biological process (BP), cellular component (CC) and molecular function (MF)] were used to
notarize the enrichment of pointed genes. Besides, the analysis of Kyoto Encyclopedia of Genes and
Genomes (KEGG) was presented for the role pathway of these genes by identifying DEGs (P < 0.05,
counts = 1544). Taking advantage of the Cytoscape (version 3.7.0), more intuitive pathway was shown
with up/down-regulated genes (version 3.7.0) (http://www.cytoscape.org/cy3.html) and R (version 3.5.2).

Gene functional annotation evaluation
Receiver-operating characteristic curve (ROC) was conducted by ‘pROC package’ to assess the accuracy
and sensitivity about the gene signature. Univariate Cox analysis was used to select the related variables.
Based on the multivariate Cox regression analysis, we calculated each patient’ s risk score, which would
be the sign of weighted expression levels of these genes. Risk score = ∑βgenei × Expgenei, where βgenei

indicates the coef for each of �ve genes and Expgenei suggests the expression degree of liver cancer
patients. The higher score is together with high risk mortality.

Statistical analysis
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Edger R, characterized by log fold change (FC), log CPM (counts per million), P value, and FDR (false
discovery rate), was suitable for us to distinguish the statistical signi�cance in the process of data
analysis (de�ned as a fold change = 3, P < 0.05). Derived from the univariate and multivariate Cox
regression analysis, a �ve-gene signature would be considered as an indicative of prognostic predicting
factor (P < 0.05).

Results

1.Characteristics of the datasets
The transcriptome and clinical data were abstracted from the TCGA database, including 465 samples
from patients with liver cancer. Among of them, 407 were tumor tissues and 58 were normal tissues. As
for clinical data, there are totally 418 patients, consist of 146 women and 272 men, ranged from 16 to
90 years. 222 were White people, 164 were Asians, 20 were Black or African American, and 12 were from
the other backgrounds. Amongst the 418 patients, 147 died with their lifespan post-diagnosis ranged
from 0–3675 days. (Table 1)
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Table 1
Demographic and clinical characteristics of the The Cancer

Genome AtlasLiver cancer cohort (N = 418)

Characteristics Number of sample, n(%)

Age (years) n Percentage(%)

≦ 55 128 30.62%

> 55 248 59.33%

unknow 42 10.05%

Sex

Male 272 65.07%

Female 146 34.93%

T stage

T1 204 48.80%

T2 107 25.60%

T3 90 21.53%

T4 14 3.35%

TX 1 0.24%

unknow 2 0.48%

N stage

N0 290 69.38%

N1 8 1.91%

NX 119 28.47%

M stage    

MO 303 72.49%

M1 8 1.91%

MX 107 25.60%

Stage

I 194 46.41%

II 98 23.44%
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Characteristics Number of sample, n(%)

III 90 21.53%

IV 12 2.87%

not available 24 5.74%

Histologic grade

G1 55 13.16%

G2 180 43.06%

G3 124 29.67%

G4 13 3.11%

unknow 46 11.00%

Vital status

Living 271 64.83%

Deceased 147 35.17%

Race

White people 222 53.11%

American Indian or Alaska Native 2 0.48%

Asian 164 39.23%

Black or African American 20 4.78%

unknow 10 2.39%

Total 418 100.00%

2.Enrichment and visualization of signaling pathways
We identi�ed 1897 DEGs by integrating the differential expression of 465 samples in the TCGA data. Of
them, 77 were downregulated genes and 1820 were upregulated genes (Fig. 1). KEGG was presented for
the role pathway of these genes by identifying DEGs. The 1897 DEGs were enriched with 6 signaling
pathways signi�cantly (P < 0.05, counts = 149) (Table 2).

Table 2. Enrichment analysis of differentially expressed genes (DEGs) in the KEGG pathways



Page 7/19

ID Description GeneRatio pvalue p.adjust qvalue Count

hsa00280 Valine, leucine
and isoleucine
degradation

18/149 2.49E-08 1.67E-06 1.47E-06 18

hsa00071 Fatty acid
degradation

15/149 1.69E-06 5.66E-05 4.98E-05 15

hsa00640 Propanoate
metabolism

12/149 1.32E-05 0.0002957 0.00026012 12

hsa00650 Butanoate
metabolism

10/149 6.49E-05 0.0010864 0.00095586 10

hsa00380 Tryptophan
metabolism

12/149 0.000143329 0.0019206 0.00168977 12

hsa00410 beta-Alanine
metabolism

10/149 0.000310915 0.0034719 0.0030546 10

The top six listed KEGG signaling pathways were shown as follows: hsa00280 (Valine, leucine and
isoleucine degradation); hsa00071 (Fatty acid degradation); hsa00640 (Propanoate metabolism);
hsa00650 (Butanoate metabolism); hsa00380 (Tryptophan metabolism) and hsa00410 (beta-Alanine
metabolism) (Fig. 2). Taking advantage of the Cytoscape (version 3.7.0), more intuitive pathway was
shown with up/down-regulated genes (Fig. 3). We then enriched DEGs according to the GO terms
(Table 3). As shown in Fig. 4A and 4B, these speci�c genes were strikingly enriched in the GO terms, such
as BP, CC and MF. Following, we also organized the graphs of the GO signaling pathways by using R
package components (Cluster Pro�ler, Stringi, Pathview, and GOplot) (Fig. 5A, B).

Table 3. Enrichment analysis of differentially expressed genes (DEGs) in the GO terms
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Term Count PValue FDR

GO:0043565 ~ sequence-speci�c DNA binding 75 3.47E-15 5.27E-12

GO:0005576 ~ extracellular region 155 1.34E-12 1.88E-09

GO:0005615 ~ extracellular space 130 1.1E-10 1.54E-07

GO:0007586 ~ digestion 20 4.39E-10 7.92E-07

GO:0009952 ~ anterior/posterior pattern speci�cation 22 9.28E-10 1.67E-06

GO:0005179 ~ hormone activity 23 2.5E-09 3.84E-06

GO:0048704 ~ embryonic skeletal system morphogenesis 15 6.92E-09 1.25E-05

GO:0007062 ~ sister chromatid cohesion 23 2.36E-08 4.26E-05

GO:0021520 ~ spinal cord motor neuron cell fate speci�cation 7 0.000000163 0.000294

GO:0007067 ~ mitotic nuclear division 36 0.00000018 0.000325

GO:0007268 ~ chemical synaptic transmission 35 0.000000246 0.000443

A �vegene signature and risk score assessment
A �ve-gene signature model was drawn from the synthesis of univariate or multivariate Cox regression
analysis. It revealed a �ve-gene signature as an prognostic predictor in liver cancer patients (P < 0.05).
The �ve-gene signature model consists of CDCA8, NR0B1, GAGE2A, AC018641.1, and SPANXC. Of these,
CDCA8 and NR0B1 were related to a worse prognosis (P < 0.05) (Fig. 6). In particular, we also found that
GAGE2A is positively related to lymphatic metastasis through the data analysis in liver cancer. We
calculated each patient’ s risk score, which would be the sign of weighted expression levels of these �ve
genes (Table 4). By means of median-risk score, patients were divided into high- and low-risk groups. A
poorer prognosis could be represented by a higher risk score. These results may help clinicians develop
adaptive treatment strategies for the liver cancer patients to predict prognosis.

Table 4. A �ve-gene signature identi�ed by multivariate Cox regression analysis

Gene coef exp(coef) se(coef) z p

CDCA8 0.2583 1.2947 0.076 3.4 0.00068

NR0B1 0.0551 1.0567 0.0316 1.74 0.08112

GAGE2A 0.1029 1.1084 0.04 2.57 0.0101

AC018641.1 0.1188 1.1261 0.0577 2.06 0.03968

SPANXC 0.3103 1.1261 0.1083 2.86 0.00417

Accuracy of TCGA datasets



Page 9/19

The sensitivity and accuracy of data could be shown through ROC curve and AUC (= 0.714) (P < 0.05)
(Fig. 7A). Risk score calculated was associated dramatically with 5-year OS (overall survival) by using
univariate and multivariate Cox regression analysis (P < 0.05) (Fig. 7B). The heat map based on the risk
scores in patients with liver cancer revealed deeply the obvious differences in expression level of these
�ve genes between liver cancer and corresponding normal tissues (Fig. 8).

Discussion
Up to now, liver cancer is still hardly diagnose early and treat effectively. Hepatic resection, orthotopic liver
transplantation, ablative therapies, chemoembolization and systemic therapies with cytotoxic drugs were
still the main treatment strategies for liver cancer [7]. Following the past few years, increasing studies
have shown that the molecular phenotype plays more and more imperative functions in the diagnosis
and therapeutic reactions of liver cancer patients [8].

Several datasets about patients’ genomes have been built, which makes researchers recognize the
genomic changes between tumor and matched normal tissues. It becomes a crucial step to form a novel
and effective identi�cation for prognostic biomarkers on liver cancer outcomes. Meanwhile,
accumulating studies have revealed that a variety of biomarkers are emerged as the indicators of
prognosis by the analysis of dataset [9–11]. At this study, DEGs between tumor and normal tissues
exerted according to a series of analytical processions based on the TCGA database. Especially, we
obtained a �ve-gene signature by means of univariate and multivariate Cox regression analyses. Besides,
the risk score was also calculated by this signature, which could be a possible marker to predict the
prognosis of patients with liver cancer.

Cell division cycle associated 8 (CDCA8), is a member of the chromosomal passenger complex (CPC)
crucial for transmission of the genome during cell division [12]. More studies illustrated that massive
expression of CDCA8 was an urgent need to the formation and development of tumor [13]. Loss of
CDCA8 could induce the proliferation of defective cell and early embryonic lethality [14]. That reminds us
that CDCA8 could be a risk factor in liver cancer because of negative regulatory in the Kaplan–Meier
curve at our studies. Nuclear Receptor Subfamily 0 Group B Member 1(NR0B1), as a Protein Coding gene,
encodes a protein inferring a DNA-binding domain. The encoded protein acts as a dominant-negative
regulator of transcription which is mediated by the retinoic acid receptor. The mutations of NR0B1 would
trigger both X-linked congenital adrenal hypoplasia and hypogonadotropic hypogonadism [15]. Ho et al.
found that NR0B1 expression is restricted to adrenal-glands, lung and pancreas [16]. In addition, NR0B1,
associated with ERα, PR and AR expression [17], is also a positive prognostic factor in node-negative
breast-cancer. It is correlated with smaller tumor-size, earlier disease-stage and increased survival [18].
With the negative survival correlation in this study, NR0B1 maybe a passitive prognostic factor in live
cancer. Sperm Protein Associated With The Nucleus On The X Chromosome C (SPANX-C) is a member of
the SPANX family, which is located in a gene cluster on chromosome X, whose overexpression has little
in�uence about primary tumor growth in cancer cells, but may be su�cient to determine an invasive
phenotypes, including the morphology of their nucleus and the diameter of vessel[19]. Studies of
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Westcott et al. in vivo/vitro have shown that little SPANX-C expression reduced metastatic behavior of
primary tumors and the number of potential metastatic cancer cells [20]. GAGE2A (G Antigen 2A), a
protein coding gene, belongs to the GAGE family that code for peptide, containing an open reading frame
coding for a protein of 138 amino acids, which are expressed in a signi�cant proportion of
melanomas(24%), sarcomas (25%), non-small cell lung cancer(19%), head and neck tumors(19%), and
bladder tumors(12%)[21]. Mamsen et al. recognized that GAGE gene products could be an important part
during early stages of embryonic development [22]. AC018641.1, the Aliases of ENSG00000226468 Gene,
was poorly investigated, but along with the further investigations, it could be a prognostic possible
marker for cancer detection and therapy.

Future research could investigate the biological characteristics of these �ve genes for their prognostic
value in liver cancer. Besides, we would inform some limitations in this study as followed: the �ve-gene
signature based on dataset analysis in liver cancer was initially useful, but it was not exhaustive. Deeply,
it is necessary to have more comprehensive data sets obtained from other databases for supplementary
authentication. Particularly, clinical practice would do to verify the �ve-gene signature mode, and
experiments are needed to demonstrate our results. Consequently, this study provides us a guideline that
roles of these �ve genes are related to the prognosis of patients in liver cancer. Although we have only
limited knowledge of these �ve genes, these indicators would be a selecting assist on the cancer
progression, monitor and treatment.

Conclusions
Totally, several examinations offer us further sustenance for the suggestions that the �ve-gene signature
possess a meaningful relationship with the prognosis of the patients with liver cancer. We also hope that
our studies will present long-term opinion as an effective predictor for the prognosis of patients with liver
cancer in the future.
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Figure 1

Volcano plot of differentially expressed genes (DEGs). We detected 1897 DEGs in liver cancer from
normal samples; each green dot shows a downregulated gene and each red dot shows an upregulated
gene (fold change>3, P< 0.05)
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Figure 2

Enrichment analysis performed on DEGs using the KEGG database. Dot plot showing the top 6 KEGG
pathway permutations according to the number of DEGs. The correlation is more signi�cant as the
red/blue ratio increases (P <0.05, counts= 149)
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Figure 3

Enrichment analysis data (as visualized by cytoscape) showing 6 KEGG functional pathways. A part of
genes were downregulated represented in green, others were upregulated represented in red
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Figure 4

(A and B) mRNAs most highly enriched in the GO terms. GO, Gene Ontology. DAVID, Database for
Annotation, Visualization and Integrated Discovery.
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Figure 5

(A) Several genes are enrich in signal pathways by GO terms; (B GO enrichment analysis data also show
�ve classical pathways. Most of genes were upregulated represented in red; others were downregulated
represented in blue
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Figure 6

Survival cures of the CDCA8 and NR0B1 are showing on it, which were signi�cantly correlated with gene
expression (P < 0.05)

Figure 7
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Validation of the �ve-gene signature. (A) ROC validation of the �ve-gene signature. The area under the
curve (AUC) was 0.714 (P< 0.05), thus demonstrating that the �ve-gene signature had high sensitivity and
speci�city for the classi�cation of liver cancer from normal controls; (B) Risk score was signi�cantly
correlated with overall survival (OS). Risk score was an independent prognostic factor for OS in
multivariate Cox regression analysis (P=0). The median score divided patients into high- and low-risk
groups.

Figure 8

Heatmap of the �ve-gene signature in TCGA data sets. Each column represents a sample and each row
represents one of the �ve genes. The expression levels of the �ve genes are shown in different colors,
from orange to blue with increasing risk


