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Abstract
Liver cancer is one of the most common malignant tumors in the world, of which hepatocellular
carcinoma (HCC) is the most common histological subtype. Although thousands of biomarkers related to
HCC survival and prognosis have been found through database mining, the predictive effects of single-
gene biomarkers are not speci�c enough. Therefore, we aimed to construct a pathway-related signature
that could effectively forecast HCC prognosis. We obtained gene expression data and clinical patient
information from The Cancer Genome Atlas database (TCGA). Univariate and multivariate Cox regression
analyses were used to identify genes enriched in the E2F target gene pathway by Gene Set Enrichment
Analysis. In the training set, NBN, PHF5A, CDCA8, AK2, and EXOSC8 were signi�cantly associated with
overall survival. They were validated in the test and entire groups, con�rmed by Gene Expression
Omnibus (GEO), and compared with two known prognostic signatures for HCC. Overall, we demonstrated
a novel �ve-mRNA prognostic signature based on E2F targets that successfully predicted the survival of
HCC patients, is independent of clinicopathological data, and displayed superior prediction performance
in HCC prognosis. Our study elucidates the cell cycle mechanism in identifying patients with poor HCC
prognosis. The application of our �ve-mRNA prognostic signature may improve risk strati�cation in HCC
patients and existing methods for survival prediction.

1 Introduction
Hepatocellular carcinoma (HCC) is the most commonly diagnosed malignant tumor. It accounts for 70–
90% of all primary liver cancers and is the second most common cause of cancer-related mortality
worldwide [1]. Risk factors for HCC include smoking, obesity, diabetes, chronic alcohol abuse, and
nonalcoholic fatty liver disease, in addition to the major risk factors for hepatitis B or hepatitis C virus [2].
Because of the multiple risk factors and complex molecular mechanisms of HCC, the accurate
identi�cation of prognostic signatures remains di�cult [3, 4]. In liver cancer patients, the average �ve-year
survival rate is < 30% of the diagnosis rate [5-7]. Growing evidence indicates that the investigation and
application of effective biomolecular markers will improve the prognosis of high-risk HCC patients.

In recent years, numerous prognostic biomarkers have been demonstrated for HCC. For example, CNPY2
(canopy homolog 2) plays an important role in HCC progression [8]. SPRYD4 suppresses HCC growth and
progression by inducing apoptosis and cell death, thereby making it useful for HCC prognosis [9]. MiRNAs
and lncRNAs regulate many physiological responses and have been explored in the diagnosis and
treatment of certain diseases [10, 11]. Several emergent high-throughput sequencing technologies have
made great contributions toward tumor diagnosis and prognosis and have helped clarify associated
genome changes [12]. However, single-gene biomarkers are inadequate for HCC prediction. Multiple
biomarkers may have superior collective performance over individual biomarkers and can accurately
diagnose HCC [13, 14]. The most important component of microarray or high-throughput analysis is
functional analysis. The identi�cation of speci�c pathways regulating HCC gene expression may
contribute to clinical applications, provide insights into cancer progression, and lead to the discovery of
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new potential therapeutic targets [15, 16]. Therefore, more effective and sensitive biomarkers are needed
to predict outcomes in HCC patients.

Current biomarker research only focuses on a few genes that are signi�cantly upregulated or
downregulated and tends to overlook those that are not signi�cantly differentially expressed but are
nonetheless biologically important. Often, valuable information, such as the biological characteristics of
genes and the relationships between gene regulatory networks and gene function, is ignored. Here, we
�rst identi�ed the genes signi�cantly enriched using gene set enrichment analysis (GSEA) with false
discovery rates (FDR) of no more than 0.25. Afterwards, we clari�ed the relationships between gene
expression and biological characteristics and between gene regulation networks and gene function, and
evaluated the signi�cance of the acquired information [17]. To the best of our knowledge, only a few
studies have used this approach to seek HCC biomarkers.

In the present study, we analyzed mRNA expression data from The Cancer Genome Atlas (TCGA)
database and the hallmark gene sets of HCC patients (n = 370). Multistep analysis of the genes enriched
in the E2F targets yielded a �ve-mRNA-based risk score that can effectively predict HCC patient outcome
as con�rmed by Gene Expression Omnibus (GEO) database. This approach could be independently
applied as a risk signature for poor prognosis in high-risk HCC patients.

2 Materials And Methods
1. Gene expression and clinical patient data collection

The Liver Hepatocellular Carcinoma (LIHC) transcriptome data (HTSeq-counts) and the corresponding
clinical data were downloaded from TCGA database (https://cancergenome.nih.gov/) on April 4, 2019.
Samples with missing survival information were excluded. A total of 370 HCC patients were included in
the present study and randomly divided into a training group (n = 187) and a test group (n = 183) using
SPSS v. 16.0 (IBM Corp., Armonk, NY, USA). Table 1 shows the general clinicopathological data for both
groups of HCC patients including the TNM stage, tumor histological grade, tumor status, residual tumor,
new tumor events after initial treatment, and family history.

To identify the genome-wide gene expression datasets in HCC patients, the widely used Gene Expression
Omnibus (GEO, www.ncbi.nlm.nih.gov/geo/) database was searched. The data sets (GSE54236 and
GSE76427) recruited for our multiple analysis were based on different platforms, integrated to improve
the number of samples and to avoid generating less reliable results by batch normalization in the R
computing environment using sva and limma package. The data sets (GSE55092, GSE63067, GSE84044
and GSE107170) were based on the same platform GPL570 were obtained from GEO.

2. Gene Set Enrichment Analysis (GSEA)

GSEA (http://www.broadinstitute.org/gsea/index.jsp) is an enrichment analysis method based on the
gene set [18, 19]. The 29,417 mRNA expression levels in the tumor and adjacent nontumorous tissues of

http://www.broadinstitute.org/gsea/index.jsp
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the training group were analyzed by GSEA. Genes were ranked by their correlations with phenotype. Each
enrichment gene set was assigned a normalized enrichment score (NES). Hallmark gene sets were based
on the detection of overlaps between the gene sets in the Molecular Signatures Database (MSigDB) and
the retention of genes with coordinated expression. The gene sets speci�cally de�ne biological states or
processes and show consistent expression [20]. Gene sets with P < 0.05 and FDR < 0.25 were considered
signi�cant.

3. Construction and validation of a gene-related prognostic model

Univariate Cox regression was performed to identify the genes signi�cantly related to overall survival (OS)
in HCC patients of the training group (P <0.05). Afterwards, multivariate Cox regression was performed to
identify the prognostic genes independently associated with OS. A functional prognostic risk score was
established by multiplying the expression levels of these genes by their corresponding regression
coe�cients obtained from the multivariate Cox proportional hazards model

                                  

The patients in each dataset were classi�ed into high-risk and low-risk subgroups based on their median
risk scores as cutoff values derived from the training set. Kaplan-Meier survival curves and log‐rank tests
were used to evaluate and con�rm the risk score system. The prognostic value was validated in the test
and entire groups and compared against two other known prognostic signatures for HCC.

4. Independence of the prognostic risk formula from other clinicopathological parameters

Univariate and multivariate Cox regression analyses were performed to identify the prognostic model that
could predict patients with HCC, independent of other clinicopathological parameters such as age, gender,
histological grade, pathological stage, tumor grade, family history, new event after initial treatment, and
neoplasm tumor status. The hazard ratio (HR) and 95% con�dence intervals (CI) were calculated, and P <
0.05 was considered statistically signi�cant.

5. Statistical analysis

Univariate and multivariate Cox hazards regression analyses were performed to identify the genes
associated with survival using the “survival” package in R. The Cox regression analyses were performed
in the validation and comparison studies using SPSS v. 16.0 (IBM Corp.). Kaplan-Meier survival curves
based on the median risk score and other clinicopathological parameters were plotted with Prism 7
(GraphPad Software, Inc., San Diego, CA, USA).

3 Results
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1. Gene screening by GSEA
The gene expression data for 29,417 mRNAs and the corresponding clinical data of 370 patients with
HCC were collected from the TCGA database and randomly divided into training and test groups. GSEA
was used to identify any statistically signi�cant differences between the tumor and adjacent normal
tissue in the training group. We found that 17 of 50 gene sets were enriched in tumor tissue by the GSEA
automatically, and the four most signi�cant gene sets at FDR < 0.25 and P < 0.05 were chosen for further
analysis, i.e., the E2F targets (FDR = 0.012; P = 0.002), the G2/M checkpoint (FDR = 0.019; P = 0.008),
DNA repair (FDR = 0.100; P = 0.021), and mitotic spindle (FDR = 0.101; P = 0.029; Table 2; Figure 1).
Among these, the E2F targets gene set is the most statistically signi�cant and ranked �rst with NES =
2.01. The 199 genes that were signi�cantly enriched in the E2F target set were then subsequently
investigated.

2. Determination of the E2F target‐related prognostic
mRNAs
A univariate Cox proportional hazards model identi�ed correlations with OS among the 199 genes
enriched in the E2F target set. For the training group, six mRNAs were identi�ed (P < 0.05). Afterwards, we
identi�ed �ve optimal independent prognostic mRNAs by stepwise multivariate Cox regression analysis.
These were divided into risky and protective types based on the HR. NBN, PHF5A, AK2, and CDCA8 were
classi�ed as risky genes with HR > 1 and short survival, whereas EXOSC8 was rated as a protective gene
(0 < HR < 1) with longer survival (Table 3).

The selected �ve-mRNA signature was queried in the cBioPortal web source for bioinformatic analyses.
Alterations in the queried genes were detected in 186 (51%) of the 366 samples. The �ve genes differed in
terms of mutation, ampli�cation, deep deletion, mRNA high, mRNA low, and multiple alterations. NBN
included one example of mutation, one example of deep deletion, 21 examples of ampli�cation, 53
examples of mRNA high, �ve examples of mRNA low, and 28 examples of multiple alterations. PHF5A,
AK2, CDCA8, and EXOSC8 had 7.65%, 14.21%, 5.46%, and 7.1% alteration, respectively (Figures 2A and
2B). A network analysis consisting of 55 nodes, �ve mRNAs, and the 50 most frequently altered neighbor
genes was performed in cBioPortal (Figure 2C). For the TCGA LIHC cohort, we compared the expression
levels of the �ve genes in the tumor and adjacent noncancerous tissues. NBN, PHF5A, CDCA8, and
EXOSC8 were signi�cantly upregulated, whereas AK2 was signi�cantly downregulated (P < 0.05; Figure
2D). The best performing threshold was regarded as beast cutoff to partition the HCC samples collected
from the TCGA database into high-expression and low-expression groups, which were then used to
perform the survival analysis. The overexpression of NBN, PHF5A, AK2, and CDCA8 and low expression of
EXOSC8 were associated with poor prognosis of HCC patients (Figure 2E). The downregulation of AK2
and the upregulation of EXOSC8 were found in HCC tumor tissues, in contrast with the OS prognosis of
HCC patients, which was consistent with the prognostic signature formula constructed next. 
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3. Construction of the E2F target-related �ve-mRNA-based
prognostic signature
For the training group, a prognostic signature was constructed based on the linear combination of the
expression levels of the �ve mRNAs weighted with coe�cients derived from the multivariate Cox
regression analysis as follows:

                                                           

                          
           

We calculated the risk scores using Equation 2 and ranked the patients in the training group in ascending
order (one risk score per patient). We then divided them into the high-risk group (n = 94) and the low-risk
group (n = 93) using the median risk score as the cutoff value. The Kaplan-Meier OS curve showed that
the prognosis of the high-risk group was signi�cantly poorer than that of the low-risk group (P = 0.0011,
log-rank test; Figure 3A). The risk scores are shown in Figure 3B. The survival status of the HCC patients
in the training group was plotted (Figure 3C), along with that of patients in the high-risk group with higher
mortality rates. The expression levels of the �ve mRNAs from the training group are shown in a heatmap
(Figure 3D). The differential expression of the �ve genes in low-risk group compared with high-risk group
HCC patients were also investigated. We found that NBN, PHF5A, AK2, and CDCA8 were upregulated but
EXOSC8 was downregulated in high-risk HCC patients in the training group (Figure 3E). EXOSC8 is a
protective gene with a negative coe�cient. In contrast, NBN, PHF5A, AK2, and CDCA8 are the four risky
mRNAs with positive coe�cients. Thus, they could be used to predict high risk.

4. Validation of the �ve-mRNA prognostic signature in the
test and entire groups
To verify the accuracy and stability of the prognostic signature constructed from the training group data
set, we calculated the risk scores for the HCC patients in the test group and divided them into high-risk (n
= 92) and low-risk (n = 91) groups using the median risk score as the cutoff value. The Kaplan-Meier OS
curve showed that the prognosis of the high-risk group was signi�cantly poorer than that of the low-risk
group (P = 0.0114, log-rank test; Figure 4A). An even more remarkable result was obtained from the
Kaplan-Meier analysis of the entire set (P < 0.0001, log-rank test; Figure 4F). The risk scores and survival
status were plotted for the test group (Figures 4B and 4C) and the entire group (Figures 4G and 4H). The
expression levels of the �ve mRNAs in the test group (Figure 4D) and the entire group (Figure 4I) were
sorted by risk score and displayed in the heatmap. The differential expression of the �ve genes in low-risk
group compared with that of the high-risk group were also investigated in both the test group and entire
group (Figure 4E and 4J).
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5. External validation of the �ve-gene prognostic model
with GEO microarray data
To investigate whether our predictive model was appropriate for other datasets, we acquired four
independent microarray datasets (GSE54236, GSE76427, GSE55092, and GSE107170), which
incorporated the gene expression information and survival time of HCC patients from the GEO database
and applied them to prognostic model. The raw data and platform information were downloaded from
the GEO database. HCC tissue samples obtained from GSE55092 (n=49) and GSE107170 (n=94) were
con�ned with the median risk scores. The expressions of NBN, PHF5A, AK2, CDCA8, and EXOSC8 in the
low-risk and high-risk groups were compared and displayed in Figure 5A-D. EXOSC8 was downregulated
in the high-risk group as a protective gene whereas NBN, PHF5A, AK2, and CDCA8 were upregulated in the
high-risk group as four risky mRNAs. Thus, they could be used to predict high risk. GSE54236 and
GSE76427 were obtained and merged after the batch normalization of 140 HCC tissue samples with
survival time and status were collected and analyzed for prognosis. The Kaplan-Meier OS curve showed
that the prognosis of the high-risk group was signi�cantly poorer than that of the low-risk group (P =
0.0057, log-rank test; Figure 5E),  thereby validating the prognostic signature. In addition, we calculated
and compared the risk factors of different liver cancer tissues based on the formula for patients. The risk
score increased with the severity of the liver disease as displayed in Figure 5F.

6. Independence from clinicopathological parameters
We collected samples with complete clinical information. Univariate and multivariate Cox regression
analyses were performed on the �ve-mRNA-based signature and the clinicopathological parameters
(Table 4). The median age of the 370 HCC patients was 60. Of 367 patients, 274 (74.66%) were classi�ed
as T1-2, and 93 (25.34%) were classi�ed as T3-4. Of 343 HCC patients, 109 (31.78%) presented with
tumors during follow-up. Of 269 HCC patients, 95 (35.32%) presented with new primary tumors. Of 319
HCC patients, 112 (35.11%) had family histories of HCC. Univariate Cox regression analysis of this
dataset revealed that, similar to the risk score, the tumor status, family history, pathological T, and new
tumor event after initial treatment were signi�cant independent prognostic factors (P < 0.05). Of these,
the risk score had the most remarkable prognostic value (P < 0.001 in the univariate Cox regression
analysis; P = 0.003 in the multivariate Cox regression analysis; HR = 2.901; 95% CI = 1.425–5.905).

7. Validation of the survival prediction of the �ve-mRNA
signature using Kaplan-Meier curves
The Kaplan-Meier curve showed that the prognosis of the high-risk group was signi�cantly poorer than
that of the low-risk group for the entire group (P < 0.0001, log-rank test; Figure 4E). Clinicopathological
parameters, including age, T stage classi�cation, family history, neoplasm cancer status, and new tumor
event after initial treatment, effectively predicted OS according to the univariate Cox regression analysis
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(Figures 5A-E). HCC patients with the poorest prognoses were > 60 y (P = 0.0394), were pathologically
rated as T3-T4 (P = 0.0090), and had HCC family history (P = 0.0065), tumors during follow-up (P =
0.0007), and new tumor events after the initial treatment (P = 0.0092). The accuracies of our prognostic
indicators were con�rmed by this observation. A stepwise analysis was applied to investigate these
clinicopathological parameters for subsequent data mining.

The Kaplan-Meier curve disclosed that the �ve‐mRNA-based risk score is independent of gender
(female/male), age (≤ 60/> 60 y), family history (NO/YES), tumor grade (G1-G2/G3-G4), pathological T
(T1-T2/T3-T4), tumor status (tumor free/with tumor), and new tumor event after initial
treatment (NO/YES). It is an accurate and stable prognostic indicator for patients with HCC, and the high‐
risk group had signi�cantly poorer prognosis than the low-risk group (Figures 6A-G).

8. Comparison of the �ve-mRNA prognostic signature with
two other existing signatures
Lin et al. (2018) have reported a 12-gene signature (hereafter, the Lin signature), and Long et al. (2018)
have reported a four-gene signature (hereafter, the Long signature) to predict the outcomes of patients
with HCC [21, 22]. We calculated the risk scores of each patient in the entire cohort using formulae
derived from these signatures and compared the prognostic value from the proposed �ve-mRNA
signature with that of the Lin and Long signatures. The Kaplan-Meier curves showed that both the Lin
signature (P = 0.0002) and the Long signature (P = 0.0092) successfully predicted the outcomes (Figures
7A and 7B) for the entire group. However, the risk score of the �ve-mRNA signature prediction had P <
0.0001 (Figure 4E); therefore, its prognostic value was more effective than either that of the Lin or Long
signatures.

4 Discussion
HCC is a heterogeneous disease with high mortality and differential prognoses. However, current
diagnostic methods for its diagnosis do not have optimal accuracy. The use of more than one biomarker
provides greater diagnostic accuracy than that of any individual biomarker because the expression levels
of individual genes in�uence treatment success. Several molecules that interfere with cancer-associated
pathways are associated with poor prognosis and contribute to the lack of effective treatment options.
Therefore, precise and effective biomarkers for HCC prognosis are urgently required.

TCGA is the largest database of cancer genetic information. It is rich and complete in clinical data and
comprises large sample sizes for each cancer type. In the present study, we downloaded LIHC cohort
pro�les from the TCGA database and sought to identify the functional enrichment genes that are
signi�cantly correlated with HCC prognosis. We used GSEA to analyze the expression data of 29,417
mRNAs in 370 patients with HCC and found that the dataset was signi�cantly enriched in four hallmark
genes (P < 0.05). We analyzed the E2F target set to �nd the best ES and the lowest P-value. We used the
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genes selected from the GSEA to predict HCC patient survival by focusing on biological characteristics
and gene functions rather than genes substantially differing in expression level. Using univariate and
multivariate Cox regression analyses, we constructed a prognostic signature based on the expression of
�ve mRNAs that were enriched in the E2F target gene set, namely, NBN, PHF5A, AK2, CDCA8, and EXOSC8.
Then, the HCC patients were divided into high-risk and low-risk groups based on this �ve-mRNA
prognostic signature. For the training group, the prognosis of the high-risk group was signi�cantly poorer
than that of the low-risk group. The accuracy and stability of the prognostic value were validated in the
test and entire groups.

Several prognostic HCC markers have been reported, and we compared our �ve-mRNA prognostic
signature with two others that were recently developed, i.e., the Lin signature focused on HCC-speci�c
genes obtained by taking the intersection of four genomics pro�ling datasets from the GEO database,
whereas the Long signature focused on the differentially expressed genes acquired from TCGA database.
Meanwhile, we focused on the functional genes enriched in the E2F-target gene set with statistically
signi�cant differences between the tumor and adjacent normal tissue and ranked �rst with the largest
NES=2.01 and P=0.002, FDR=0.012. We found that our proposed signature had superior prediction
performance in HCC prognosis, and all three of our articles have constructed prognostic risk score
formulas. To the best of our knowledge, our study is the �rst to investigate this �ve-mRNA prognostic
signature. The analyses indicated that it could markedly improve the prediction of HCC patient survival.
Potential prognostic markers and their clinical signi�cance were explored by analyzing the bioinformatic
characteristics of genes. This methodology compensated for the existing de�ciencies in biomarker
screening and also lays the foundation for future research. Cox regressions were used to analyze the HCC
dataset in TCGA and to compare the E2F target gene enrichment data between tumor and adjacent non-
cancer tissue samples. The risk score established by the expression levels of the �ve mRNAs indicated a
signi�cantly poorer prognosis for high-risk than low-risk patients. This �nding has important clinical
signi�cance. Overall, we constructed a prognostic risk score for HCC patients based exclusively on the
gene expression levels without considering any other factors in�uencing cancer initiation and
development.

E2F target enriched genes are related to the cell cycle and encode the targets of E2F transcription factors.
Studies have shown that E2F gene family members modulate cell cycle progression, proliferation,
apoptosis, and differentiation. Furthermore, the individual members of the E2F gene family are closely
associated with HCC [23], which could be novel therapeutic target for HCC based on the complicated
functions of mammalian E2Fs. In addition, genes related to E2F, G2M, and the mitotic spindle were
enriched in the high LARP4B-expression phenotype with poor overall survival [24], which may represent
an intrinsic mechanism of poor prognosis and is consistent with the results we have shown in Figure 1.

The GSEA enrichment analysis identi�ed the genes, i.e., NBN, PHF5A, AK2, CDCA8, and EXOSC8, related to
the E2F target gene set and effectively predicted HCC patient survival. NBN recognizes DNA damage and
controls the cell cycle and apoptosis. All of the processes play important roles in tumor occurrence and
development [25]. Mutations in NBN have been reported in patients with acute lymphoblastic leukemia,
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colon cancer, and breast cancer [26]. Although NBN dysfunction may be associated with cancer
occurrence and development, there are no conclusive results to date to support this hypothesis [27].
Meanwhile, PHF5A is involved in cell cycle regulation and cell growth and differentiation [28]. It inhibits
apoptosis and promotes breast cancer progression [29]. In addition, it regulates several essential cell
cycle-related genes and promotes lung adenocarcinoma progression [30]. AK2 regulates cell viability and
growth and participates in cell proliferation [31], whereas CDCA8 is upregulated in lung, breast, and other
cancers and is required for their progression. An increase in CDCA8 expression may result in poor
prognosis for gastric and lung cancer. Thus, CDCA8 is a promising target for the development of novel
cancer therapeutic and diagnostic tools. On the other hand, the role of CDCA8 in hepatocellular
carcinoma remains unexplored [32-35]. Lastly, EXOSC8 encodes an essential protein of the exosome core
and could be associated with prostate cancer. The induction of EXOSC8 may result in poor prognosis for
prostate cancer [36]. To the best of our knowledge, the present study is also the �rst to associate AK2 and
EXOSC8 with HCC prognosis. This information may facilitate future research into the molecular
mechanisms of HCC.

Here, we constructed and validated a �ve-mRNA prognostic signature associated with the cell cycle, i.e.,
E2F targets. The proposed signature can independently and effectively predict the overall survival of HCC
patients, thereby serving as a useful classi�cation tool and providing theoretical guidance for the clinical
treatment of patients with HCC. However, the prediction and veri�cation of our �ve-mRNA prognostic
signature only used the TCGA database. However, there are some de�ciencies for the current study
should be considered. First, the population ethnicities in the TCGA database are mainly con�ned to White
people and Black people. Although we attempted to utilize the microarray data from GEO, the current
�ndings need to be validated with a larger and more racially diverse sample size. Second, we constructed
the risk score system merely based on gene expression levels without considering mutation, methylation,
or other genetic events of that might affect the cancer initiation and progression. Therefore, we
recommend a series of in vitro and in vivo experiments to elucidate the roles of these �ve genes in HCC.

In conclusion, the present study used GSEA functional enrichment and Cox regression to identify �ve cell
cycle-related genes signi�cantly associated with HCC patient survival. We demonstrated that the
proposed �ve-mRNA prognostic signature can independently predict HCC patient outcome, thereby
improving risk strati�cation in HCC patients and existing methods for survival prediction and aiding in the
selection of the most effective cancer treatment options.

5 Abbreviations
CI: con�dence intervals; FDR, false discovery rates; GEO, Gene Expression Omnibus; GSEA, gene set
enrichment analysis; HCC, hepatocellular carcinoma; TCGA, the Cancer Genome Atlas database.
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Figures

Figure 1

(A) Gene sets enriched in tumor phenotype. (B) Enrichment plots of four gene sets, i.e., E2F targets, G2/M
checkpoint, DNA repair, and mitotic spindle signi�cantly differing between noncancerous and HCC
tissues. Enrichment plot of E2F targets.
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Figure 2

Identi�cation of mRNAs associated with patient survival. (A) Alteration of the �ve selected genes in 366
HCC clinical samples from cBioPortal. (B) Alterations in the �ve selected genes. (C) Network containing
55 nodes, �ve mRNAs, and the 50 most frequently altered neighbor genes. (D) Various expression levels
of the �ve selected genes in TCGA. (E) Kaplan–Meier survival analysis of the �ve-gene signature. (*P <
0.05; ****P < 0.0001).
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Figure 3

The �ve-mRNA-based risk score predicts OS of HCC patients of the training group (n = 187). (A) Kaplan-
Meier analysis of the OS of the high-risk group (n = 94) and the low-risk group (n = 93). (B) Five-mRNA-
based risk score distribution per patient. (C) Patient survival status. (D) Heatmap of the �ve mRNA
expression pro�les related to the risk score. (E) Expression patterns of the �ve genes in the low-risk and
high-risk HCC patients of the training group.
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Figure 4

Validation of the prognostic value of the risk score of the test group (A-D) and entire group (E-F) based on
�ve mRNAs. (A) Kaplan-Meier analysis of the OS of the high-risk group (n = 92) and the low-risk group (n
= 91). (B) Risk score distribution per patient. (C) Patient survival status. (D) Heatmap of the �ve mRNA
expression pro�les related to the risk score. (E) Expression patterns of the �ve genes in the low-risk and
high-risk HCC patients of the test group. (F) Kaplan-Meier analysis of the OS of the high-risk group (n =
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185) and the low-risk group (n = 185). (G) Risk score distribution per patient. (H) Patient survival status.
(I) Heatmap of the �ve mRNA expression pro�les related to the risk score. (J) Expression patterns of the
�ve genes in the low-risk and high-risk HCC patients of the entire group.

Figure 5

(A) Risk score distribution per patient and heatmap of the �ve mRNA expression pro�les related to the risk
score of GSE55092. (B) Expression pattern of the �ve genes in the low-risk and high-risk HCC patients
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from GSE55092. (C) Risk score distribution per patient and heatmap of the �ve mRNA expression pro�les
related to the risk score of GSE107170. (D) Expression patterns of the �ve genes in the low-risk and high-
risk HCC patients from GSE107170. (E) Kaplan-Meier analysis of the OS of the high-risk group (n = 70)
and the low-risk group (n = 70) of the merged GSE54236 and GSE76427. (F) Risk score and the
expressions of the �ve mRNAs in different stage of liver disease.

Figure 6
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Kaplan-Meier survival curves for HCC patients of the entire TCGA dataset. Clinical features included (A)
age, (B) pathological T, (C) family history, (D) new tumor event after initial treatment, and (E) tumor status
and were used to predict patient survival.

Figure 7

Prognostic value of the risk score for HCC patients with various clinical features: (A) age, (B) gender, (C)
family history, (D) grade, (E) tumor status, (F) new tumor event after initial treatment, and (G) pathological
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T.

Figure 8

Comparison between the proposed �ve-mRNA signature and the Lin and Long signatures, in terms of
sensitivity and speci�city in predicting the survival of HCC patients. (A) Kaplan-Meier analysis of the OS
of the high-risk group (n = 185) and the low-risk group (n = 185) based on the Lin signature in the entire
group (left). Comparison of the prognostic values of the �ve-mRNA and Lin signatures (right). (B) Kaplan-
Meier analysis of the OS of the high-risk group (n = 185) and the low-risk group (n = 185) based on the
Long signature in the entire group (left). Comparison of the prognostic value of the �ve-mRNA and Long
signatures (right).
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