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Background: Metabolic disorders have attracted increasing attention from scientists who 
conduct research on various tumours, especially hepatocellular carcinoma (HCC). The 
purpose of this study was to assess the prognostic significance of metabolism in HCC.
Methods: The expression profiles of metabolism-related genes (MRGs) of 349 surviving 
HCC patients were extracted from The Cancer Genome Atlas (TCGA) database. 
Subsequently, a series of biomedical computational algorithms were used to identify a seven- 
MRG signature as a prognostic model. GSEA indicated the function and pathway enrichment 
of these MRGs. Then, drug sensitivity analysis was used to identify the hub gene, which was 
tested using IHC staining.
Results: A total of 420 differential MRGs and 116 differentially expressed transcription 
factors (TFs) were identified in HCC patients based on data from the TCGA database. The 
GO and KEGG enrichment analyses indicated that metabolic disturbance might be involved 
in the development of HCC. LASSO regression analysis was used to construct a seven-MRG 
signature (DHDH, ENO1, G6PD, LPCAT1, PDE6D, PIGU and PPAT) that could predict the 
prognosis of HCC patients. GSEA revealed the functional and pathway enrichment of these 
seven MRGs. Then, drug sensitivity analysis indicated that G6PD might play a key role in 
the prognosis of HCC by promoting chemoresistance. Finally, we used IHC staining to 
demonstrate the relationship between G6PD expression levels and clinical parameters in 
HCC patients.
Conclusion: The results of this study provide a potential method for predicting the prog-
nosis of HCC patients and avenues for further studies of HCC metabolism. Moreover, the 
function of G6PD may play a key role in the development and progression of HCC.
Keywords: bioinformatical analysis, hepatocellular carcinoma, metabolic-genomic 
landscape, The Cancer Genome Atlas, prognostic index

Background
Hepatocellular carcinoma (HCC) ranked sixth in incidence (over 800 thousand new 
cases) and fourth in overall mortality (over 780 thousand deaths) in 2018 and was 
responsible for approximately 1 in 10 cancer cases and related deaths that year.1 

According to histopathological classification, HCC is one of the main types of liver 
cancer, accounting for more than 80% of cases.2 Surgical resection of liver cancer 
and complete and delicate liver transplantation are effective methods for the treat-
ment of HCC. However, HCC still has poor clinical outcomes due to complications, 
such as local recurrence, chemotherapeutic resistance, and distant metastasis.3 
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Moreover, due to the occult onset of HCC and the lack of 
specific early markers, most patients with HCC are often 
diagnosed at an advanced stage with local or distant 
metastases, and their average survival time is approxi-
mately 6 months.4 Therefore, the identification of specific 
early diagnostic markers for HCC and the resolution of 
local recurrence, chemotherapeutic resistance and distant 
metastasis are urgent problems to be solved in clinical 
practice. The occurrence and development of HCC is an 
extremely complex pathological process, and its molecular 
mechanism remains elusive.5 Several studies have consis-
tently shown that several cancer microenvironmental fac-
tors, including high proinflammatory cytokines induced by 
oxidation and endoplasmic reticulum stress, hyperinsuli-
naemia, changes in the intestinal microbiome, and adipo-
kine dysregulation, are involved in the progression of 
HCC.6–11 However, the most important risk factor for 
HCC is excess body fat.12 Although the mechanisms by 
which excess body fat promotes carcinogenesis are still 
not fully understood in HCC, several studies have shown 
that cancer cell-intrinsic metabolic reprogramming plays 
a significant role in promoting carcinogenesis associated 
with obesity.

Metabolic reprogramming can promote carcinogenesis 
by disturbing signalling pathways, inducing cell adapta-
tion, regulating cellular differentiation, and modulating 
epigenetic states.13 Changes in glucose metabolism are 
a marker of tumour metabolism. The most typical example 
is the Warburg effect, which induces aerobic glycolysis 
instead of mitochondrial oxidative phosphorylation to pro-
mote cancer cell proliferation.14 Changes in lipid metabo-
lism are also a marker of cancer metabolism. Fatty acids 
are a source of signalling molecules, energy, structural 
components of cell membranes, and storage compounds, 
which are necessary for cancer cell proliferation. However, 
circulating exogenous lipids are preferentially used by 
normal cells, while cancer cells, such as liver cancer 
cells, have higher rates of de novo lipid formation.15 

Moreover, another well-known metabolic disorder is 
increased glutaminolysis, which increases citrate and α- 
ketoglutarate production and enhances the activation of the 
mitochondrial tricarboxylic acid (TCA) cycle.

Cancer metabolic reprogramming is a complex mole-
cular network that has recently received increasing atten-
tion. The difference between cancer and normal cell 
metabolic reprogramming is helpful for the more accurate 
diagnosis and prognosis evaluation of HCC patients.16 At 
present, bioinformatics analysis is a powerful tool for 

deriving information about HCC.17 Our aim in this study 
was to identify several metabolism-related genes (MRGs) 
as potential candidates for targeted HCC treatment. We 
assessed the expression level of MRGs and their impact on 
prognosis to generate an individualized prognosis predic-
tion model for HCC patients. Bioinformatics analysis was 
also performed to explore the potential regulatory mechan-
isms involved in HCC. The results of this study provide 
a basis for further in-depth metabolism-related research 
and provide good prospects for the individualized treat-
ment of HCC patients.

Materials and Methods
The Source Data and Preprocessing of 
Metabolism-Related Genes (MRGs) and 
Transcription Factors
Seventy MRGs sets were downloaded from the KEGG 
database of GSEA website, and a total of 1466 MRGs 
were included, using the same method as above.18 Three 
hundred and eighteen tumor-related transcription factors 
are extracted from cistrome database (http://cistrome.org/), 
to assist the integrated analysis of the molecular mechan-
isms of cancer development.

TCGA Data Acquisition
Our study included information from the TCGA database 
on a total of 349 HCC patients who were followed up for 
at least one month, with survival times ranging from 30 
days to 3675 days. Download level 3 FPKM data for 
subsequent analysis. Univariate Cox regression was used 
to analyze mRNAs related to patient survival time for 
model construction.

Model Construction and Prognosis
Patients with HCC were randomly divided into training set 
and test set (7:3) in TCGA. First, a univariate Cox risk 
proportional regression model was selected from the train-
ing set to initially screen the genes related to prognosis (p 
< 0.05 and (HR > 1.5 or HR < 0.5)), and lasso regression 
was used to further construct the prognostic correlation 
model. After the expression values of each specific gene 
were included, the risk score formula for each patient was 
constructed and weighted by its estimated regression coef-
ficients in the lasso regression analysis. According to the 
risk score formula, patients were divided into low-risk 
group and high-risk group according to the score value. 
Survival differences between the two groups were assessed 
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by Kaplan-Meier and compared using log-rank statistical 
methods. Lasso regression analysis and stratified analysis 
were used to examine the role of risk scores in predicting 
patient outcomes. ROC curve was used to study the accu-
racy of model prediction.

Gene Ontology (GO) and Kyoto 
Encyclopedia of Gene and Genome 
(KEGG) Analyses
GO, an important bioinformatics analysis, contains biolo-
gical processes (BPs), cellular component (CC), and mole-
cular function (MF). KEGG is a complex analysis 
database resource for gene function system, which con-
nects genomic information with higher-order functional 
information. David is used for GO and KEGG analysis. 
The cut-off standard was p<0.05.

The Analysis of GSEA
GSEA analysis uses predefined gene sets, sorts genes 
according to the degree of differential expression in the 
two types of samples, and then checks whether the preset 
gene sets are enriched at the top or bottom of the list. In 
this study, GSEA was used to compare the differences in 
signaling pathways between the high-risk group and the 
low-risk group to explore the possible molecular mechan-
ism of the difference in prognosis between the two groups, 
in which the replacement times were set as 1000 and the 
replacement type as phenotype.

Drug Sensitivity Analysis
GSCALite (http://bioinfo.life.hust.edu.cn/web/GSCALite/) 
is a cancer genomic analysis platform that integrates can-
cer genomics data from TCGA for 33 cancer types, drug 
response data from GDSC and CTRP, and normal tissue 
data from GTEx for genomic analysis in a one-to-one data 
analysis process. In this study, GSCALite was used for 
pathway analysis of key hub genes, GDSC and CTRP drug 
sensitivity analysis.19

Patients and Specimens
We collected paraffin-embedded tissue blocks, which 
included 60 HCC tissues and corresponding para- 
carcinoma tissues from the Department of Pathology, 
the First Affiliated Hospital of the University of South 
China. Sixty Tissue sections from all HCC cases were 
reviewed by a pathologist. All HCC patients were clas-
sified according to the 7th Union for International 

Cancer Control TNM staging system. The clinical data 
of the specimens recorded in detail are accurate and 
complete. All HCC patients were regularly followed up 
for 4 to 81 months to assess postoperative survival. The 
collection and use of tissues followed the procedures 
according to the ethical standards as formulated in the 
Helsinki Declaration. Written informed consent was 
obtained from each patient, which was approved by the 
research ethics committee of the University of South 
China.

Immunohistochemistry (IHC) Staining
For IHC staining, these slices were dewaxed by xylene. 
Subsequently, they were rehydrated with a graded ethanol 
series, repaired antigen with microwave. Endogenous per-
oxidase activity was blocked by endogenous peroxidase 
for 20 min at 37°C. After rinsing, these slides were incu-
bated overnight at 4°C with a first antibody that was 
diluted with PBST in a working solution (1: 1000 dilution, 
Ab231828, Abcam, MA, USA). After rinsing, subsequent 
operations follow this paper.20 The IHC score refers to this 
previous paper.21

Cell Culture and RNAi
The human HCC cell lines, HepG2, were commercially 
purchased from Procell Life Science & Technology Co., 
Ltd. (Wuhan, China), which were grown in DMEM with 
10% FBS at 37 °C under 5% CO2. Transient transfection 
was performed using Lipofectamine 2000 (Invitrogen, 
Carlsbad, CA, USA) according to the manufacturer’s 
instructions.

The G6PD RNAi-1 shRNA targeting sequence is 5′- 
GGGCTATTTCGATGAATTTGG-3′, the G6PD RNAi-2 
shRNA targeting sequence is 5′-AACTC 
AGATGACGTCCGTGAT-3′, and the control shRNA 
sequence is 5′-CCGCAGGTATGCACGCGT-3′. All the 
shRNA was synthesized by HonorGene (Changsha, 
China).

Reverse Transcription-quantitative PCR 
(RT-qPCR)
TaqMan polymerase with SYBR Green fluorescence 
(Nippon Gene, Japan) was applied to conduct quantitative 
real-time polymerase chain reaction (RT-qPCR). Analysis 
was performed using specific primers (G6PD: sense 5ʹ- 
TCATCATCATGGGTGCATCGG-3ʹ and antisense 5ʹ- 
CTTGAAGAAGGGCTCACTCTGTTTG-3ʹ).
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Cell Proliferation Analysis
For MTT analysis, HepG2 cells were seeded in 96-well 
(1×103 cells/well) and treated with 0, 1, 5, 10 µg/mL of 
propofol for 48 h at 37°C. A total of 5×103 cells/well were 
seeded into 96-well plates and cultured for 1, 2, 3, 4 and 5 
days at 37°C. Twenty microliters MTT solution (5 mg/mL, 
Sigma-Aldrich; Merck KGaA) was incubated for 4 h at 
37°C. Then, 150 µL DMSO was added to dissolve the 
precipitates and the effect of cell number on absorbance at 
490 nm was measured using a microplate reader (Molecular 
Devices, LLC). The experiments were performed in tripli-
cate. For plate clone formation analysis, HepG2 cells were 
re-suspended and seeded in 12-well plates at a density of 
2000 cells/well, incubated for 2 weeks, and then stained with 
0.5% crystal violet for 30 min. Excess dye was rinsed off 
twice with phosphate buffered saline (PBS). Images were 
obtained using the computer software Quantity One® from 
Bio-Rad Laboratories, Inc.

Statistical Analysis
All statistical analyses were conducted in the R language 
(version 3.6). All the statistical tests were bilateral, and 
p<0.05 was statistically significant.

Results
Identification the Survival-Associated 
MRGs in HCC
A growing body of studies indicated a significant role of 
cancer metabolic reprogramming in HCC occurrence, 

development and progression. In order to ascertain 
MRGs for HCC prognosis, the analysis of differential 
gene expression was utilized. First, the expression profiles 
of MRGs were extracted from TCGA HCC data set, which 
contained 1466 MRGs (Figure 1A). Subsequently, we 
found that 357 differentially expressed genes (DEGs) 
were up-regulated, and 63 DEGs were down-regulated 
(p<0.05 and log|FC|>1) in these MRGs between HCC 
and normal liver samples via Volcano Plot (Figure 1B).

Functional Enrichment Was Determined 
by GO and KEGG Analysis
These key MRGs were mapped utilizing GO terms and 
KEGG analysis, which suggested relevant functions and 
underlying mechanisms for HCC progression. 
Furthermore, we found that the MRGs were largely corre-
lated with biological process (BP) of metabolism progres-
sion, including small-molecule catabolic process, 
phospholipid metabolic process and organic hydroxy com-
pound metabolic process. In the part of cellular component 
(CC) and molecular function (MF), they were associated 
with mitochondrial matrix and cofactor binding, respectively 
(Figure 2A). For the analysis of KEGG, purine metabolism, 
drug metabolism-other enzymes and oxidative phosphoryla-
tion were the most frequent enrichment (Figure 2B).

Validation the Differentially Expressed 
Transcription Factors in HCC
Previous research has illustrated how relationships 
between transcription factors (TFs) are highly related to 

Figure 1 Identification the survival-associated MRGs in HCC. (A) Heat map shows the significant MRGs in TCGA datasets. (B) Volcano plot shows 1466 MRGs in HCC. 
Red means up-regulation significantly. Green means down-regulation significantly. (p<0.05 & log|FC|>1).
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Figure 2 Gene ontology analysis of these MRGs. (A) In the part of biological process (BP), cellular component (CC) and molecular function (MF), them were associated 
with small molecule catabolic process, mitochondrial matrix and cofactor binding, respectively. (B) KEGG enrichment analysis indicated that purine metabolism, drug 
metabolism-other enzymes and oxidative phosphorylation were the most frequent enrichment for these MRGs.
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the expression of MRGs. Similar to the study of Kalliopi 
Makarona,22 the expression of glucose 6-phosphate dehy-
drogenase (G6PD) could be enhanced by the HDAC inhi-
bitor. Therefore, we firstly extracted the data of 
transcription factors in HCC and normal liver samples, 
which contain 318 TFs (Figure 3A). Furthermore, 202 
TF had not changed significantly, 8 TFs were upregulated, 
and 108 TFs were downregulated (p<0.05 and log|FC|>1) 
(Figure 3B). In the analysis of GO, we found this set of 
TFs enriched in BP, CC and MF terms, including covalent 
chromatin modification, chromatin, and chromatin bind-
ing, respectively (Figure 3C). In the analysis of KEGG, 
this set of TFs involved in cell cycle, cellular senescence, 
and hepatocellular carcinoma (Figure 3D). The functional 
enrichment analysis indicates that these TFs might be 
involved in the development of HCC. Moreover, the PPI 
network also found extensive interactions between differ-
entially expressed MRGs and key TFs, consistent with 
previous reports that MRGs and TFs in metabolic repro-
gramming worked together to form a delicate process 
conducive to cancer progression. After disconnected 
nodes are deleted, the PPI network is shown in 
Figure 3E. The regulatory network based on TFs clearly 
illuminated the regulation relationship among these 
MRGs.

Construction and Validation of MRGs 
Signature
To construct signatures associated with MRGs, 32 MRGs 
were inputted to least absolute shrinkage and selection 
operator (LASSO) regression. Then, the seven hub 
MRGs (DHDH, ENO1, G6PD, LPCAT1, PDE6D, PIGU, 
PPAT) were inputted to the LASSO regression to construct 
a prognostic signature, which divided HCC patients into 
two groups, and the two groups had discrete clinical out-
comes by the seven hub MRGs (Figure 4A). The prognos-
tic model was as follows:

[Y=DHDH*0.658+ ENO1*0.052 + G6PD*0.043 + 
LPCAT1*0.147 + PDE6D*(−0.154) + PIGU*0.040 + 
PPAT* 0.604].

Based on the optimal cut-off point of 1.471, the risk 
score of these HCC patients can be divided into low- and 
high-risk groups (Figure 4B). The survival score and sur-
vival status of HCC patients is visualized by Figure 5A 
and B. The high expression of DHDH, ENO1, G6PD, 
LPCAT1, PIGU and PPAT, and the low expression of 
PDE6D were found in HCC patients with higher risk 

scores (Figure 4D). Nevertheless, survival time and rates 
decreased with increased risk scores (Figure 4B and C).

The application of ROC curve and KM plot were 
utilized to evaluate the role of this prognostic model in 
predicting the prognosis of HCC patients. In this dataset, 
the overall survival (OS) of the high-risk group is higher 
than that of the low-risk group, which has significant 
differences according to statistical analysis (P<0.05) 
(Figure 5A). Furthermore, the area under curve of the 
receiver operating characteristic (ROC) of 12, 36 and 60 
months was 0.778, 0.728 and 0.749, respectively 
(Figure 5B). Moreover, univariate and multivariate Cox 
regression analysis was used to further evaluate the 
performance of our model in patients with HCC by 
using other common prognostic factors. In univariate 
Cox regression model, tumor stage, T and seven-gene 
signature could be utilized as independent prognostic 
factor for survival (Figure 5C). In multivariate Cox 
regression, only the risk score had prognostic effects 
(Figure 5D).

Validation of the Prognostic Marker of the 
Seven-mRNA Signature in HCC
To verify the prognostic effect of the prognostic model on 
HCC, we used a test set of HCC patients in TCGA to 
measure the prognostic effect of the model. The results 
indicated that the test set of HCC patients were classified 
into high-risk and low-risk groups by risk score and median 
cut-off point (Figure 6A). The survival time of the high-risk 
group was significantly lower than that of the low-risk 
group (Figure 6B). The area under curve of the ROC of 
12, 36 and 60 months was 0.796, 0.744 and 0.675, respec-
tively (Figure 6C). Taken together, these results of test set 
were consistent with those of the training set, indicating that 
the seven-mRNA signature could anticipate the prognosis 
of HCC (between Figures 5 and 6).

GSEA Analysis of MRGs Signature
In order to investigate the potential mechanism of seven- 
gene signature in prognosis, we utilized GSEA enrichment 
analysis. In GO terms, GSEA using the gene sets indicated 
the enrichment in categories like monocarboxylic acid 
catabolic process, organic acid catabolic process, and posi-
tive regulation of cell cycle-phase transition (Figure 7A). 
In KEGG terms, GSEA analysis suggested the enrichment 
in categories, including cell cycle, complement and coa-
gulation cascades, and fatty acid metabolism (Figure 7B).
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Figure 3 Validation the differentially expressed TFs in HCC. (A) Heat map shows the significant HCC related TFs in TCGA datasets. (B) Volcano plot shows 318 TFs in HCC. 
Red means up-regulation significantly. Green means down-regulation significantly. (C) In the part of BP, CC and MF, them were associated with covalent chromatin modification, 
chromatin, and chromatin binding, respectively. (D) KEGG enrichment analysis indicated that cell cycle, cellular senescence, and hepatocellular carcinoma were the most 
frequent enrichment for these TFs. (E) The PPI network also found extensive interactions between differentially expressed MRGs and key TFs. (p<0.05 and log|FC|>1).
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Figure 4 Construction and validation of MRGs signature. (A) Construction of prognostic signatures based on LASSO regression analysis. (B) Risk score analysis of the 
seven-gene signature of HCC. Risk score of gene signature. (C) Duration of cases. (D) Low and high score groups for the seven genes.
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Verification of the Drug Sensitivity of Hub 
MRGs
GSCALite  (ht tp : / /b ioinfo. l i fe .hust .edu.cn/web/  
GSCALite/) is a cancer genome analysis platform 
based on web.19 We utilized the database to make the 
drug sensitivity analysis of seven hub MRGs, offering 
help for drug choice for these hub MRGs targeted treat-
ments. Therefore, we found that the drug sensitivity of 

the two hub MRGs (PPAT and G6PD) were obviously 
associated with multiple chemotherapy drugs by utiliz-
ing the GSCALite database, and the results are exhibited 
in Figure 8A and B, offering help for drug treatment by 
targeting hub MRGs. Furthermore, we also found that 
the pathophysiological function of G6PD was enriched 
in apoptosis and cell cycle by pathway analysis based 
on GSCALite (Figure 8C).

Figure 5 Seven-MRGs signature in HCC patients based on TCGA in training set. (A) Survival curve of low risk and high risk groups classified by seven-MRGs signature. (B) 
The area under curve of ROC of low risk and high risk groups by seven-MRGs signature based on TCGA. (C) Univariate Cox regression model was used to analyze the 
prognostic effects of seven-MRGs signatures and common prognostic factors. (D) The prognostic effect of seven-MRGs signature and used common prognostic factors by 
multivariate Cox regression model.
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Figure 6 The prognostic capability of the seven-MRGs signature in test set. (A) Risk score analysis of the seven-gene signature of HCC in test set. (B) Survival curve of low 
risk and high risk groups classified by seven-MRGs signature in test set. (C) The area under curve of ROC of low risk and high risk groups by seven-MRGs signature based on 
TCGA in test set.
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The Expression and Function of G6PD in 
HCC
To further confirm the expression level of G6PD in HCC, 
we detected the level of G6PD by IHC. As expected from 
the above results, the expression of G6PD is enhanced in 
cancer tissues of 10 patients with HCC compared to para- 
carcinoma tissues (Figure 9A). Moreover, we found that 
the high expression of G6PD was found to be related to 
poor prognosis (Figure 9B) and some clinical parameters 
(Table 1). The results indicated that G6PD might promote 
the development and progression of HCC. Subsequently, 
we used shRNAs to inhibit the G6PD expression in the 
HCC cell line HepG2. Plate clone formation and MTT 
assay indicated that G6PD knockdown could inhibit the 
proliferation ability of HepG2 cells (Figure 9C and D). 
These results indicated that G6PD might promote the pro-
liferation of HCC.

Discussion
Along with the rapid development of high-throughput 
technologies, DNA chips and second-generation sequen-
cing technologies have generated massive amounts of data, 
and researchers need to use bioinformatics analyses to 
process this useful information.23 Bioinformatics is an 
interdisciplinary subject that comprehensively combines 
computer science and life science to integrate computer 
science, statistics, biological science and other theories 
that can be used to calculate and analyse the potential 
significance of extensive biological data.24 An increasing 

number of bioinformatics platforms and analysis softwares 
have been developed. Both genomic information and func-
tional integration data are available, which can signifi-
cantly improve the extraction and analysis of biological 
data. Data sharing based on platforms also effectively 
reduces experimental costs and time.

Changes in cancer metabolic processes, such as glu-
cose metabolism and amino acid metabolism, are charac-
teristic of cancer.25 Understanding the characteristics of 
metabolomics can better explain the pathophysiological 
changes of HCC and provide great potential for the devel-
opment of new HCC treatment methods.26 For instance, 
several metabolic pathways (bile acid biosynthesis, trypto-
phan metabolism, urea cycle metabolism, and citric acid 
cycle) were significantly changed in the HCC group.27 The 
results of a previous study indicated that glycolysis and 
amino acid metabolism were closely associated with the 
development and progression of HCC by multiomics 
analyses.28,29 Moreover, abnormal lipid metabolism has 
also been found in HCC patients.30

In this study, we studied MRG and TF changes in HCC 
patients using bioinformatics. After identifying seven 
MRGs in the TCGA data sets capable of identifying key 
clinicopathological features of HCC, we established risk 
signatures of MRGs by LASSO regression analysis. We 
identified the seven-gene prognostic model of HCC by 
using the following formula to calculate the prognostic 
score: [Y=DHDH*0.658+ ENO1*0.052 + G6PD*0.043 + 
LPCAT1*0.147 + PDE6D*(−0.154)+ PIGU*0.040 + 
PPAT* 0.604]. According to our risk signature, patients 

Figure 7 GSEA analysis for the seven MRGs. (A) In GO terms, GSEA indicated that monocarboxylic acid catabolic process, organic acid catabolic process, and positive 
regulation of cell cycle phase transition were most significantly enriched. (B) In KEGG terms, GSEA suggested the enrichment in cell cycle, complement and coagulation 
cascades, and fatty acid metabolism.
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Figure 8 Drug sensitivity analysis. (A) The CTRP drug sensitivity was analyzed in GSCALite database for these seven genes. The CTRP drug sensitivity analysis indicated 
that G6PD and PPAT were significant target genes for multiple anti-cancer drugs, such as zebularine, YM-155, vorinostat, masitinib and etc. (B) The GDSC drug sensitivity 
analysis indicated that G6PD and PPAT were significant target genes for other important drugs, including vorinostat, ispinesib mesylate, lapatinib, 5−fluorouracil, and etc. (C) 
The seven genes (DHDH, ENO1, G6PD, LPCAT1, PDE6D, PIGU and PPAT) were analyzed in the GSCALite database for signaling pathway enrichment. G6PD was enriched 
in apoptosis and cell cycle.
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in the high-risk group tended to have poorer prognosis and 
had significantly higher expression of DHDH, ENO1, 
G6PD, LPCAT1, PIGU, and PPAT, but lower expression 
of PDE6D.

The model signature genes ENO1, G6PD, LPCAT1, 
PIGU, and PDE6D have been found to be involved in 
the development and progression of HCC. ENO1 (α- 
enolase), a key enzyme of glycolysis, can promote the 
conversion of 2-phosphoglycerate to phosphoenolpyru-
vate 1, which can enhance the proliferation of HCC 
cells.31 Furthermore, previous studies have shown that 
ENO1 expression is upregulated in HCC tissues and is 
related to tumour differentiation and progression.32 

G6PD (glucose-6-phosphate dehydrogenase) is the first 
enzyme and the rate-limiting enzyme of the pentose 
phosphate pathway.33 The expression of G6PD in HCC 
patient tumours and HCC cell lines is increased, which 
can promote migration and invasion by facilitating 
epithelial–mesenchymal transition (EMT).34 LPCAT1 
(lysophosphatidylcholine acyltransferase 1) can acylate 
the unsaturated acyl group to maintain the integrity of 
the cell membrane,35 which can increase cell prolifera-
tion, migration and invasion in HCC.36 PIGU (phospha-
tidylinositol glycan anchor biosynthesis class U) plays 
a carcinogenic role by enhancing GPI-T activity and 
anchor-binding substrates, including urokinase 

Figure 9 G6PD was over-expressed and has correlated with prognosis in HCC patients. (A) Immunohistochemical staining of G6PD expression in HCC and para-carcinoma 
tissue. G6PD showed strong cytoplasm expression in HCC. (B) The survival analysis of G6PD in HCC patients. (C) HepG2 cell was transfected with empty vector, G6PD 
shRNA-1 or G6PD shRNA-2, and the level of G6PD is confirmed by qPCR. (D) The MTT analysis. (E) Plate clone formation analysis. *P < 0.05, **P < 0.01 and ***P < 0.001 
represents significant differences compared with the control.
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plasminogen activator surface receptors,37 which are 
related to poor prognosis in HCC, and nomogram-based 
risk scores that combine the PIGU level with the stan-
dard TNM tend to be more powerful for predicting 
prognosis.38 Finally, Peter Dietrich and his colleagues 
found that PDE6D (rod-specific photoreceptor cGMP 
phosphodiesterase) might affect different cytoplasmic 
and nuclear pathways in HCC and other types of cancer. 
PDE6D could promote proliferation, migration, invasion 
and sorafenib resistance in HCC cells; thus, PDE6D 
might be a new potential therapeutic and diagnostic 
target for addressing HCC progression and chemother-
apy resistance.

To investigate the potential molecular mechanisms by 
which gene signatures influence prognosis, GSEA was 
utilized. The results showed that the gene expression 
changes in the prognostic model mainly affected mono-
carboxylic acid catabolic process, organic acid catabolic 
process, and positive regulation of cell cycle-phase transi-
tion, providing clues for further research. Of the KEGG 
terms identified by GSEA, the cell cycle was the most 
affected pathophysiological pathway. In summary, these 
seven hub signature genes might influence the cell cycle 

and mediate HCC progression through multiple metabolic 
pathways. Furthermore, the drug sensitivity analysis based 
on GSCALite indicated that G6PD might be involved in 
the resistance of HCC to multiple chemotherapy drugs as 
a result of changes in apoptosis and the cell cycle.

Moreover, we found that G6PD was increased signifi-
cantly in HCC tissues compared to para-carcinoma tissues. 
The ectopic expression of G6PD was related to poor 
prognosis in HCC patients, which indicated that G6PD 
might be a prognostic marker for HCC patients. We also 
inhibited G6PD expression in HepG2 cell lines and found 
that G6PD knockdown could significantly repress the pro-
liferation ability of the cells. This result is consistent with 
the findings of Chen et al.39 However, the relationship 
between HCC progression and G6PD expression has not 
been confirmed, and our correlation analysis between IHC 
staining and clinicopathological parameters might provide 
some clues for further research. Taken together, our results 
suggest that MRGs, especially G6PD, might play a role in 
the development and progression of HCC.

Conclusion
We used HCC metabolomics and TF data to identify the 
differentially expressed MRGs. We constructed a seven- 
gene signature and verified that this signature could predict 
the prognosis of patients with HCC. Furthermore, we mea-
sured the expression of G6PD, which plays a key role in the 
seven-gene signature, and analysed its correlation with 
patient clinical parameters. Further study of these MRGs 
will provide new insights into the potential relationship 
between metabolic disorders and HCC progression.
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Table 1 The Correlation Between G6PD Expression and 
Clinicopathological Parameters in Liver Cancer

Viable Case 
(n)

Low 
(n)

High 
(n)

P-value

Gender 0.794

Male 35 11 24
Female 35 10 25

Age(years) 0.638
≤65 33 9 24

>65 37 12 25

Tumour size (cm) 0.711

≤5 41 13 28
>5 29 8 21

AFP 0.414
≤400 ng/mL 25 9 16

>400 ng/mL 45 12 33

TNM stage 0.0026

I–II 14 8 6

III–IV 56 10 46

Lymph node 

metastasis

0.124

Yes 21 9 12

No 49 12 37
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