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Hepatocellular carcinoma (HCC) samples were clustered into three energy

metabolism-related molecular subtypes (C1, C2, and C3) with different prognosis

using the gene expression data from The Cancer Genome Atlas (TCGA) and Gene

Expression Omnibus (GEO). HCC energy metabolism-related molecular subtype analysis

was conducted based on the 594 energy metabolism genes. Differential expression

analysis yielded 576 differentially expressed genes (DEGs) among the three subtypes,

which were closely related to HCC progression. Six genes were finally selected from

the 576 DEGs through LASSO-Cox regression and used in constructing a six-gene

signature-associated prognostic risk model, which was validated using the TCGA

internal and three GEO external validation cohorts. The risk model showed that high

ANLN, ENTPD2, TRIP13, PLAC8, and G6PD expression levels were associated with

bad prognosis, and high expression of ADH1C was associated with a good prognosis.

The validation results showed that our risk model had a high distinguishing ability

of prognosis in HCC patients. The four enriched pathways of the risk model were

obtained by gene set enrichment analysis (GSEA) and found to be associated with

the tumorigenesis and development of HCC, including the cell cycle, Wnt signaling

pathway, drug metabolism cytochrome P450, and primary bile acid biosynthesis. The

risk score calculated from the established risk model in 204 samples and other clinical

characteristics were used in building a nomogram with a good prognostic prediction

ability (C-index = 0.746, 95% CI = 0.714–0.777). The area under the curves (AUCs) of

the nomogram model in 1-, 2-, and 3-years were 0.82, 0.77, and 0.79, respectively.

Then, qRT-PCR and immunohistochemistry were used to validate the mRNA expression

levels of the six genes, and significant differences in mRNA and gene expression

were observed among the tumor and adjacent tissues. Overall, our study divided

HCC patients into three energy metabolism-related molecular subtypes with different

prognosis. Then, a risk model with a good performance in prognostic prediction was

built using the TCGA dataset. This model can be used as an independent prognostic

evaluation index for HCC patients.
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FIGURE 8 | Internal validation of the risk model. (A) Distribution of risk score, OS, survival status (red dots indicate death, blue dots indicate alive) and the six genes

expression heat map in the internal validation cohort; (B) ROC curves and AUC for 1-, 2-, and 3-year survival in the internal validation cohort of the risk model; (C) KM

curves of the OS in the internal validation cohort.

Recently, molecular prognostic markers have drawn more
and more attention of researchers in the survival prediction of
liver cancer (10, 11). In addition, some molecular markers vary
with tumor progression so that we can use them to dynamically
detect disease progression or changes in the prognosis of tumor
patients. Moreover, compared with a single one marker, a panel
of molecular markers will significantly increase the accuracy in
reflecting the prognosis of HCC.

As we all know, energy metabolism is the basis for the
proliferation and invasion of tumor cells. We are particularly
interested in the exploration of the relationship between tumor
metabolic genes and prognosis in HCC. We want to discover
some molecular markers from tumor metabolic genes and make
them be a panel of prognostic markers.

In the present study, the public gene expression data from
TCGA and GEO databases were utilized to classify HCC patients
into three molecular subtypes based on 594 energy metabolism-
related genes, and significant differences in prognosis were found
among the three subtypes. Then, 576 DEGs among the three
subtypes were identified. GO and KEGG enrichment analysis
showed that these DEGs were closely associated functionally with
tumorigenesis and development. Furthermore, a prognostic risk
model including six genes, which were selected by univariate
Cox and LASSO-Cox regression, was established. The risk

model that consisted of ANLN, ENTPD2, TRIP13, PLAC8,
G6PD, and ADH1C was effective and stable to predict HCC
patients’ prognosis according to internal and external validations.
Moreover, a nomogram that had a good prognosis prediction of
survival was built. The risk score is an important risk factor of
OS with the biggest HR value in the nomogram. The enriched
pathways in the high- and low-risk group obtained by GSEA
analysis were significantly associated with the tumorigenesis
and progression of HCC, such as cell cycle, Wnt signaling
pathway, drug metabolism cytochrome P450, and primary bile
acid biosynthesis. Last, qRT-PCR and immunohistochemistry at
tissue level was utilized to validate the mRNA expression levels
of the six genes screened above, and significant differences were
found in the expression of mRNA between tumor and adjacent
normal liver tissues.

In this study, we found three independent subtypes of
metabolism patterns in HCC, but there was no significant
difference in the prognosis between C1 and C3 subtypes.
Although C1 and C3 represented two types of metabolism
patterns by the NMF algorithm, there is no certain relationship
between the different metabolic patterns and the different
prognosis in HCC. With the development of HCC, patients with
above two different metabolic patterns had the same prognosis.
We just used the public database to make a primary exploration
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FIGURE 9 | External validation of the risk model in GSE76427, GSE15654, and GSE14520 datasets. (A) The distribution of risk score, six genes expression heat

map, and the KM curves of the OS in the GSE76427 validation cohort. According to the risk score, the patients were divided into the high-risk group and low-risk

group in the GSE76427 dataset; (B) The distribution of risk score, six genes expression heat map, and the KM curves of the OS in the GSE15654 validation cohort.

According to the risk score, the patients were divided into the high-risk group and low-risk group in the GSE15654 dataset; (C) The distribution of risk score, six

genes expression heat map, and the KM curves of the OS in the GSE14520 validation cohort. According to the risk score, the patients were divided into the high-risk

group and low-risk group in the GSE14520 dataset.
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of the metabolism patterns in HCC. C1 and C3 are two different
metabolism patterns, but they will lead to the same survival
outcomes inHCC, which is an amazing and interesting discovery.
Further research needs to be explored in the future.

ANLN has been identified as a biomarker in a variety of
human cancers. For example, knocking down ANLN could
strongly inhibit the migration ability of breast cancer cells
(12). Silencing the expression of ANLN could significantly
inhibit the migration and invasion abilities of pancreatic ductal
adenocarcinoma lines (13). Besides, the expression of ANLN in

TABLE 3 | Univariable Cox regression of OS in the training cohort.

Characteristics P-value HR Low 95% CI High 95% CI

Risk score <0.001 7.725 4.339 13.754

Age 0.1336 1.015 0.996 1.034

Gender 0.3209 0.790 0.496 1.258

Inducement, Yes vs. No 0.044 0.620 0.389 0.988

Hepatitis virus infection,

Yes vs. No

0.007 0.505 0.307 0.831

ECOG score <0.001 1.929 1.533 2.427

Tumor TNM stage <0.001 2.005 1.555 2.585

Gleason grade 0.269 1.192 0.873 1.628

TNM stage, ACJJ 6TH or 7TH TNM stage; Inducement, factors associated with the

occurrence of HCC; Hepatitis virus, Hepatitis B and/or hepatitis C viruses; ECOG, Eastern

Cooperative Oncology Group.

breast cancer cells played an important role in cell division, and
the high expression of ANLN in nuclear was associated with poor
prognosis in breast cancer patients; thus, ANLN could be used as
a prognostic marker in clinical practice (14). Some researchers
found that ANLN is a key candidate gene for cervical cancer
and HBV-related HCC (15, 16). In the present study, our risk
model contained the ANLN gene. High expression of ANLN was
found to be associated with high risk and poor prognosis for
HCC patients.

David et al. showed that hypoxia can induce the high
expression of ENTPD2 in cancer cells of HCC, leading
to an increase in extracellular 5’-AMP (5’-Adenosine
Monophosphate), which could promote the maintenance
of myeloid-derived suppressor cells (MDSCs) by inhibiting the
differentiation of MDSCs. Inhibition of ENTPD2 could suppress
the proliferation of cancer cells (17). Our study proved that
overexpression of ENTPD2 could increase the risk of survival
in HCC.

Silencing TRIP13 could act as a tumor suppressor for liver
cancer, which inhibited cell growth and metastasis in vivo and
in vitro experiments (18). Overexpression of TRIP13 abrogated
mitotic spindle checkpoint and induced proteasome-mediated
degradation of MAD2 in multiple myeloma mainly through the
Akt pathway. TRIP13 could be used as a biomarker for the
development and prognosis of multiple myeloma (19). High
expression of TRIP13 could lead to an increase of aggression,
treat-resistant in tumor cells, and enhance the repair of DNA
damage. It could also promote false non-homologous terminal

FIGURE 10 | (A) Nomogram predicting the OS in HCC patients containing the risk score. (B) ROC curves and AUC for 1-, 2, and 3-year survival of the nomogram.

(C) Calibration curve of 1-year survival in the nomogram and ideal model. (D) Forest plot of risk factors affecting the survival in HCC patients.
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connections in head and neck cancer and induce chemical
resistance (20). TRIP13 might also be a potential target for the
treatment of colorectal cancer (21, 22). The conclusions of the
above studies are consistent with ours.

The Role of PLAC8 in tumorigenesis is controversial. Some
researchers showed that endogenous PLAC8 promoted cell
proliferation and tumor formation in lung cancer (23). PLAC8
could also promote proliferation and inhibit apoptosis in breast
cancer cells by activating the PI3K/AKT/NF- κB pathway
(24). Interestingly, PLAC8 can exert different biological effects
depending on the cell environment (25, 26) so that HCC patients
with a high level of PLAC8 had a high-risk score and bad
prognosis in our risk model.

Glucose 6-phosphate dehydrogenase (G6PD) is a rate-limiting
enzyme in the pentose phosphate pathway. Previous studies have
shown that elevated G6PD expression could promote cancer
progression in many tumors. For example, Chen et al. found
that high G6PD expression was a risk factor of poor prognosis
for bladder cancer and G6PD expression level increased when
the patients had advanced tumor stage. Patients with lower
G6PD expression in tumor resection have a better survival
rate compared with bladder cancer patients with higher G6PD
expression (27). In colon cancer, the destroyed NADPH dynamic
balance mediated by G6PD could enhance oxaliplatin-induced
apoptosis of colon cancer cells through REDOX regulation; thus,
G6PD could be a potential prognostic biomarker and a promising
target for colon cancer treatment (28). In the present study, high
G6PD expression would get a high-risk score with worse survival.
This result was consistent with previous research results.

Aldehyde dehydrogenases are enzymes that are mainly
involved in alcohol metabolism. Several genes can encode
aldehyde dehydrogenases with different features. Coding
variants, such as ADH1B and ADH1C, can actively encode
alcohol dehydrogenase (ADH) enzymes so that alcohol (i.e.,
ethanol) can be transformed into acetaldehyde faster. These
alleles will produce a protective effect when patients have a
risk of alcoholism (29). Other researchers proved that the
gene polymorphisms in ADH1C might change the risk of
forming esophageal squamous cell carcinoma by regulating
acetaldehyde metabolism and propensity to drink (30). In the
present study, ADH1C was a protective factor in HCC patients.
Many HCC patients were inferred to have a background of
alcohol abuse; thus, ADH1C overexpression can enhance the
ability to transform alcohol into acetaldehyde rapidly and
indirectly protects liver function from damage due to alcohol
and forming HCC.

The advantage of this study is that we have identified
a prognostic feature by 6-gene signature that predicts one-,
two-, three- year survival with relatively high AUC in both
the training and the validation cohorts. Our study had some
limitations. First, our model consisted of six genes and it
is better to use a fewer number of genes for prognostic
prediction in models. Second, the six genes were only validated
by qRT-PCR and immunohistochemical staining in HCC
tissues. Although the RNA-seq data of TCGA were of high
quality, further experimental verification, such as chromatin
immunoprecipitation is needed. Besides, the functions of these
six genes in HCC need to be further studied in vitro and in

vivo experiments. Last, more preclinical studies and prospective
clinical trials are needed to confirm our findings.

CONCLUSION

Taken together, our study found three energy metabolism
molecular subtypes in HCC patients with different prognosis. A
Six-gene signature-associated risk model with good performance
of prognostic prediction was established. This model could
be used as an independent prognostic evaluation index for
HCC patients.
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Figure S1 | Schematic diagram of the parameters of the non-negative

matrix algorithm.

Figure S2 | Immune scoring was performed based on sequencing data of the

three molecular subtypes using TIMER (Tumor Immune Estimation Resource). (A)

Lymphocyte B cell immune score among the three molecular subtypes; (B) CD4+

cell immune score among the three molecular subtypes; (C) CD8+ cell immune

score among the three molecular subtypes; (D) Neutrophil cell immune score

among the three molecular subtypes; (E) Macrophages cell immune score among

the three molecular subtypes; (F) Dendritic cell immune score among the three

molecular subtypes.

Figure S3 | Volcano map of differentially expressed genes among three molecular

subtypes. (A) Volcano map of differentially expressed genes between C2 and C1

subgroups. (B) Volcano map of differentially expressed genes between C2 and C3

subgroups. The red dots indicate genes that are up-regulated, and the blue dots

indicate down-regulated genes.
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Figure S4 | Sample clustering result between C1 and C2 subtypes.

Figure S5 | Sample clustering result between C3 and C2 subtypes.

Figure S6 | Protein-protein interaction network for differentially expressed genes

based on the STRING database. Using the fast greedy clustering algorithm of the

STRINGdb tool to cluster the interaction network and finally, these genes could

significantly cluster into 8 networks (A–H).

Figure S7 | External validation of the risk model in GSE76427, GSE15654, and

GSE14520 datasets. (A) The distribution of survival status (red dots indicate

death, blue dots indicate alive) and the ROC curves for 1-, 2-, and 3-year survival

in the GSE76427 dataset; (B) The distribution of survival status (red dots indicate

death, blue dots indicate alive) and the ROC curves for 1-, 2-, and 3-year survival

in the in GSE15654 dataset; (C) The distribution of survival status (red dots

indicate death, blue dots indicate alive) and the ROC curves for 1-, 2-, and 3-year

survival in the in GSE14520 dataset.

Figure S8 | GSEA analysis results in the high- and low-risk groups. Cell-Cycle and

Wnt-signaling-pathway were highly expressed in the high-risk group. The

Metabolism of Xenobiotics by Cytochrome P450 and the Primary Bile Acid

Biosynthesis pathway showed low expression in the low-risk group.

Table S1 | Metabolic pathways from Reactome database.

Table S2 | Energy metabolism related genes.
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