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Abstract
Background: Metabolic disorders have attracted more and more attention from scientists in the research
of various tumors, especially in hepatocellular carcinoma (HCC). The purpose of this study is to assess
the prognostic signi�cance of metabolism in HCC.

Methods: The expression pro�le of metabolism-related gene (MRGs) were extracted from the cancer
genome atlas (TCGA) database of 349 HCC-surviving patients. Subsequently, A series of biomedical
computational algorithms were used to identify seven-MRGs signature as a prognostic model. GSEA
analysis indicated the function and pathway enrichment of these MRGs. Then, drug sensitivity analysis
found the hub gene, which tested by IHC staining.

Results: 420 differential MRGs and 116 differential transcription factor (TFs) expression were extracted
from HCC patients based on TCGA database. Metabolic disturbance might be involved in the
development of HCC by GO and KEGG enrichment analyses. LASSO regression analysis constructed
seven-MRGs signature (DHDH, ENO1, G6PD, LPCAT1, PDE6D, PIGU and PPAT), which were used to predict
the prognosis of HCC patients. Further GSEA analysis found the function and pathway enrichment of
these seven MRGs. Then, drug sensitivity analysis indicated G6PD might play a key role in the prognosis
of HCC by chemoresistance. Finally, we used IHC staining to demonstrate the relationship of G6PD
expression and clinical parameter in HCC patients.

Conclusion: This study provides a potential clue for predicting the prognosis of HCC patients and further
studies on HCC metabolism.

Background
Hepatocellular carcinoma (HCC) ranks sixth in incidence (more than 800 thousand new cases) and fourth
in overall mortality (more than 780 thousand deaths), which means it is responsible for about 1 in 10
cancer cases and deaths in 2018[1]. According to the examination of histopathological classi�cation,
HCC is one of the main causes of liver cancer, accounting for more than 80 percent[2]. Surgical resection
of liver cancer and complete and delicate liver transplantation are effective methods for the treatment of
HCC. However, the poor clinical outcomes of HCC is still leaded by many causes, such as local recurrence,
chemotherapeutic resistance, and distant metastasis[3]. Moreover, due to the occult onset of HCC and the
lack of speci�c early markers, most patients with HCC are often diagnosed at the advanced stage with
local or distant metastases, and their average survival time is approximately 6 months[4]. Therefore, the
identi�cation of speci�c 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 inenarrable[5]. A great volume of studies has led to a consistent found that various
cancer microenvironmental factors, including high pro-in�ammatory cytokines induce by oxidation and
endoplasmic reticulum stress, hyperinsulinemia, changes in the intestinal microbiome, and adipokines
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dysregulation, are thought to coordinate the progression of HCC[6–11]. But the most important risk factor
for HCC is actually represented by excess body fat[12]. Although the mechanisms of excess body fat
promoting carcinogenesis are still not fully understood in HCC, several studies have shown that cancer
cell-intrinsic metabolic reprogramming play a signi�cant role in promoting carcinogenesis by obesity.

Metabolic reprogramming can promote carcinogenesis by disturbing signaling pathways, inducing cell
adaptation, regulating cellular differentiation, and modulating epigenetic states[13]. Changes in glucose
metabolism are one of the markers of tumor metabolism. The most typical example is the Warburg effect
which induce aerobic glycolysis instead of mitochondrial oxidative phosphorylation to promote cancer
cell proliferation[14]. Changes in lipid metabolism are also a marker of cancer metabolism. fatty acids
functions include signaling 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, perform higher rates of
de novo lipids[15]. Moreover, another well-known metabolic disorder is increased glutaminolysis to make
more citrate and α-ketoglutarate, which can enhance the activation of the mitochondrial tricarboxylic acid
(TCA) cycle.

Cancer metabolic reprogramming is a complex molecular network, which are increasingly got attention.
The difference between cancer and normal cell metabolic reprogramming is helpful for more accurate
diagnosis and prognosis evaluation of HCC patients[16]. At present, bioinformatics analysis is a powerful
tool in deriving information about HCC[17]. Our aim in this study is to get several metabolism-related
genes (MRGs) identi�ed as potential candidates for targeted HCC treatment. We assessed the level and
prognosis of MRGs, and made an individualized prognosis for HCC patients. Bioinformatics analysis was
performed to explore the potential regulatory mechanisms. The results of this study can provide a basis
for further in-depth metabolism-related work and provide a good prospect for individualized treatment of
HCC.

Materials And Methods

The source data and preprocessing of Metabolism-related
genes (MRGs) and transcription factors
70 MRGs sets were downloaded from the KEGG database of GSEA website, and a total of 1466 MRGs
were included, with the same method as above[18]. 318 tumor related transcription factors is extracted
from cistrome database (http://cistrome.org/), to assist the integrated analysis of the molecular
mechanisms 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 time ranging from 30 days to 3675 days. Download level
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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. Firstly, the univariate
cox risk proportional regression model was selected in the training set to initially screen the genes related
to prognosis (p < 0.05 & (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 speci�c gene were included, the risk
score formula for each patient was constructed and weighted by its estimated regression coe�cients 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 by kaplan-meier and compared using log-rank statistical methods. Lasso regression analysis
and strati�ed analysis were used to examine the role of risk scores in predicting patient outcomes.ROC
curve was used to study the accuracy of model prediction.

Gene ontology (GO) and Kyoto Encyclopedia of Gene and
Genome (KEGG) analyses
GO, an important bioinformatics analysis, contains biological processes (BPs), cellular component (CC),
and molecular function (MF). KEGG is a complex analysis database resource of gene function system,
which connects 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 prede�ned 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 mechanism of the
difference in prognosis between the two groups, in which the replacement times were set as 1000 and the
replacement type as phenotype.

Hub gene analysis
GSCALite (http://bioinfo.life.hust.edu.cn/web/GSCALite/) is a cancer genomic analysis platform that
integrates cancer 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 para�n-embedded tissue blocks, which included 10 HCC tissues and corresponding para-
carcinoma tissues from the Department of Pathology, The First A�liated Hospital of University of South
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China. 30 Tissue sections from all HCC cases were reviewed by a pathologist. All HCC patients were
classi�ed 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, them were rehydrated with a graded
ethanol series, repaired antigen with microwave. Endogenous peroxidase activity were blocked by
endogenous peroxidase for 20 min at 37℃. After rinsing, these slides were incubated for overnight at
4℃ with a �rst 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 refer to this
previous paper[21].

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 signi�cant.

Results

Identi�cation the survival-associated MRGs in HCC
A growing body of studies indicated a signi�cant role of cancer metabolic reprogramming in HCC
occurrence, development and progression. In order to ascertain MRGs about HCC prognosis, the analysis
of differential gene expression was utilized. Firstly, the expression pro�les of MRGs were extracted from
TCGA HCC data set, which contained 1466 MRGs (Fig. 1A). Subsequently, we found that 357
differentially expressed genes (DEGs) was up-regulated, and 63 DEGs was down-regulated (p < 0.05 &
log|FC|>1) in these MRGs between HCC and normal liver samples via Volcano Plot (Fig. 1B).

Functional enrichment was determined by GO and KEGG
analysis
These key MRGs were mapped utilized GO terms and KEGG analysis, which suggested relevant functions
and underlying mechanisms in HCC progression. Furthermore, we found that the MRGs were largely
correlated with biological process (BP) of metabolism progression, including small molecule catabolic
process, phospholipid metabolic process and organic hydroxy compound metabolic process. In the part
of cellular component (CC) and molecular function (MF), them were associated with mitochondrial matrix
and cofactor binding, respectively (Fig. 2A). For the analysis of KEGG, purine metabolism, drug
metabolism-other enzymes and oxidative phosphorylation were the most frequent enrichment (Fig. 2B).
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Validation the differentially expressed transcription factors
in HCC
Previous research has illustrated how relationships of transcription factors (TFs) are highly related with
the expression of MRGs. Similar to the study of Kalliopi Makarona[22], the expression of glucose 6-
phosphate dehydrogenase (G6PD) could be enhanced by the HDAC inhibitor. Therefore, we �rstly
extracted the data of transcription factors in HCC and normal liver samples, which contain 318 TFs
(Fig. 3A). Furthermore, 202 TF had not changed signi�cantly, 8 TFs were upregulated, and 108 TFs were
downregulated (p < 0.05 & log|FC|>1) (Fig. 3B). In the analysis of GO, we found this set of TFs enriched in
BP, CC and MF terms, including covalent chromatin modi�cation, chromatin, and chromatin binding,
respectively (Fig. 3C). In the analysis of KEGG, this set of TFs involved in cell cycle, cellular senescence,
and hepatocellular carcinoma (Fig. 3D). The functional enrichment analysis indicated these TFs might be
involved in the development of HCC. Moreover, The PPI network also found extensive interactions
between differentially expressed MRGs and key TFs, consistent with previous reports that MRGs and TFs
in metabolic reprogramming worked together to form a delicate process conducive to cancer progression.
After disconnected nodes deleted, the PPI network was shown in Fig. 3E. The regulatory network based
on TFs clearly illuminated the regulation relationship among these MRGs

Construction and validation of MRGs Signature
For constructing signature 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 outcomes by the seven
hub MRGs (Fig. 4A). The prognostic 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].

According to the optimal cut off point of 1.471, the risk score of these HCC patients can be divided into
low and high-risk groups (Fig. 4B). The survival score and survival status of HCC patients was visualized
by Fig. 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 (Fig. 4D). Nevertheless, survival
time and rates decreased with increased risk scores (Fig. 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 high-risk group is
higher than low-risk group, which has signi�cant difference according statistic analysis (P < 0.05)
(Fig. 5A). Furthermore, the area under curve of the receiver operating characteristic (ROC) of 12, 36 and 60
month were 0.778, 0.728 and 0.749, respectively (Fig. 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-
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gene signature could be utilized as independent prognostic factor for survival (Fig. 5C). In multivariate
Cox regression, only risk score had prognostic effects (Fig. 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 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
classi�ed into high-risk and low-risk group by risk score and median cut-off point (Fig. 6A). The survival
time of high-risk group was signi�cantly lower than low-risk group (Fig. 6B). The area under curve of the
ROC of 12, 36 and 60 month were 0.796, 0.744 and 0.675, respectively (Fig. 6C). Taken together, these
results of test set were consistent with those of the training set, which indicated the seven-mRNA
signature could anticipate the prognosis of HCC (between Figs. 5 and 6).

GSEA analysis of MRGs signature
In order to investigate the potential mechanism of seven-gene signature on 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 positive regulation of cell
cycle phase transition (Fig. 7A). In KEGG terms, GSEA analysis suggested the enrichment in categories,
including cell cycle, complement and coagulation cascades, and fatty acid metabolism (Fig. 7B).

Veri�cation of the drug sensitivity of hub MRGs
GSCALite (http://bioinfo.life.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 treatment. Therefore, we found that drug sensitivity of
the two hub MRGs (PPAT and G6PD) were obviously associated with multiple chemotherapy drugs by
utilizing the GSCALite database, and the results were exhibited in Supplementary Figure S1-2, 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 (
Supplementary Figure S3).

G6PD expression is increased and correlated with clinical
parameters in HCC
To further con�rm the expression level of G6PD in HCC, we detected the level of G6PD by IHC. As we
expected in the above results, the expression of G6PD is enhanced in cancer tissues of 10 patients with
HCC compared to para-carcinoma tissues(Fig. 8). The results indicated that G6PD might promote the
development and progression of HCC.

Discussion
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Along with the rapid development of high-throughput technologies, DNA chips and second-generation
sequencing technologies have generated massive amounts of data, and researchers need bioinformatics
to process useful information[23]. Bioinformatics is an interdisciplinary subject combining computer and
life science, which comprehensively computer science, statistics, biological science and other theories to
calculate and analyze the potential signi�cance of extensive biological data[24]. More and more
bioinformatics platforms and analysis software have come into being. Their data contains genome
information and functional integration, which can signi�cantly improve the extraction and analysis of
biological data. Data sharing based on platforms also effectively reduces the experimental and time cost.

Changes in cancer metabolic processes such as glucose metabolism and amino acid metabolism are
characteristic of cancer[25]. The characteristics of metabolomics can better understand the
pathophysiological changes of HCC and provide great potential for the development of new methods for
HCC treatment[26]. For instance, These metabolic pathways (bile-acid biosynthesis, tryptophan
metabolism, urea-cycle metabolism, and Citric acid cycle) were signi�cantly changed in HCC group[27].
Previous study indicated that glycolysis and amino acid metabolism had a closely association with the
development and progression of HCC by multi-omics analyses[28, 29]. Moreover, abnormal lipid
metabolism has also been found in HCC patients[30].

In this study, we studied MRGs and TFs changes in HCC patients by bioinformatics. After identifying X
MRGs in the TCGA data sets as capable of identifying key clinicopathological features of HCC, we
established risk signatures of MRGs by LASSO regression analysis. We identi�ed the seven-gene
prognostic model of HCC by using the 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 in the high-risk group tend to be associated with poor prognosis, which has a
signi�cantly higher expression of DHDH, ENO1, G6PD, LPCAT1, PIGU, 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 phosphoenolpyruvate 1, which can enhance the ability of
proliferation in HCC[31]. Furthermore, previous studies have shown that ENO1 is upregulated in HCC
tissues, which is related to tumor differentiation and progression[32]. G6PD (Glucose-6-phosphate
dehydrogenase) is the �rst enzyme and rate limiting enzyme of pentose phosphate pathway[33]. The
expression of G6PD in HCC patients and HCC cell lines are increased, which can promote migration and
invasion by epithelial-mesenchymal transition (EMT)[34]. LPCAT1 (lysophosphatidylcholine
acyltransferases 1) can acylate the unsaturated acyl group to maintain the integrity of the cell
membrane[35], which can increase the ability of cell proliferation, migration and invasion in HCC[36].
PIGU (Phosphatidylinositol glycan anchor biosynthesis class U) plays its carcinogenic role by enhancing
GPI-T activity and anchor-binding substrates including urokinase plasminogen activator surface
receptors[37], which relate to poor prognosis in HCC, and nomogram-based risk scores that combine PIGU
level with the standard TNM tend to be a more powerful set of vehicle for predicting prognosis[38].
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Finally, Peter Dietrich and his colleagues found that PDE6D (rod-speci�c photoreceptor cGMP
phosphodiesterase) might affect different cytoplasmic and nuclear pathways in HCC, as well as other
types of cancer. PDE6D could promote the ability of proliferation, migration, invasion and sorafenib
resistance in HCC cells, so PDE6D's great potential might be a new therapeutic and diagnostic target for
HCC progression and chemotherapy resistance.

To investigate the potential molecular mechanisms by which gene signatures in�uence prognosis, GSEA
analysis was utilized. The results showed that the gene expression changes in the prognosis model
mainly affected monocarboxylic acid catabolic process, organic acid catabolic process, and positive
regulation of cell cycle phase transition, providing clues for further research. In KEGG terms of GSEA, cell
cycle was the most affected pathophysiological pathway. In summary, these seven hub signatures gene
might in�uence cell cycle to mediate the HCC progression by multiple metabolic pathways. Furthermore,
the drug sensitivity analysis based on GSCALite indicated that G6PD might be involved in the resistance
of multiple chemotherapy drugs, contributed by apoptosis and cell cycle. However, the relationship
between HCC progression and G6PD expression still be not con�rmed, and our correlation analysis
between IHC staining and clinical pathological parameters might provide some clues to research in this
area. Taken together, our result suggested that MRGs, especially in G6PD, might play a role in the
development and progression of HCC.

Conclusion
We used HCC metabolome and TFs data to identify the differentially expressed MRGs. we constructed a
seven-gene signature and veri�ed that this signature was used to predict the prognosis of patients with
HCC. Furthermore, we detected the expression of G6PD that is a key role in the seven-gene signature, and
analyzed its correlation with 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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Figure 1

Identi�cation the survival-associated MRGs in HCC (A) Heat map shows the signi�cant MRGs in TCGA
datasets. (B) Volcano plot shows 1466 MRGs in HCC. Red means up-regulation signi�cantly. Green
means down-regulation signi�cantly. (p<0.05 & log|FC|>1)



Page 14/20

Figure 2

Gene Ontology analyze 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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Figure 3

Validation the differentially expressed TFs in HCC (A) Heat map shows the signi�cant HCC related TFs in
TCGA datasets. (B) Volcano plot shows 318 TFs in HCC. Red means up-regulation signi�cantly. Green
means down-regulation signi�cantly. (C) In the part of BP, CC and MF, them were associated with covalent
chromatin modi�cation, chromatin, and chromatin binding, respectively. (D) KEGG enrichment analysis
indicated that cell cycle, cellular senescence, and hepatocellular carcinoma were the most frequent
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enrichment for these TFs. (E) The PPI network also found extensive interactions between differentially
expressed MRGs and key TFs. (p<0.05 & log|FC|>1)

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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Figure 5

Seven-MRGs signature in HCC patients based on TCGA in training set (A) Survival curve of low risk and
high risk groups classi�ed 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 classi�ed 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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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
signi�cantly enriched. (B) In KEGG terms, GSEA suggested the enrichment in cell cycle, complement and
coagulation cascades, and fatty acid metabolism.

Figure 8

G6PD was over-expressed and has correlated with prognosis in HCC patients Immunohistochemical
staining of G6PD expression in HCC and para-carcinoma tissue. G6PD showed strong cytoplasm
expression in HCC.
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