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Abstract
Background: Lipid metabolism is important in tumor progression. However, its role in
hepatocellular carcinoma (HCC) remains unknown. We attempt to build a lipid
metabolism-related signature to evaluate its role in predicting the prognosis of HCC
patients.
Methods: We obtained differential expression genes (DEGs) through differential
analysis of mRNA expression between tumor tissues and paraneoplastic tissue of
patients with HCC. The lipid metabolism-related genes were obtained from KEGG and
MisDB. The corresponding gene expression and clinical data were acquired from The
Cancer Genome Atlas (TCGA) database and the International Cancer Genome
Consortium (ICGC) database. Prognosis-related genes were obtained by COX
regression analysis. Intersecting genes were defined as genes shared by DEGs and
prognosis-related genes. The least absolute shrinkage and selection operator (LASSO)
technique was used to calculate the prognostic genes and coefficients for forming a
prognostic assessment signature. Kaplan–Meier survival analysis was applied to
assess the model’s credibility. ICGC database was also used for external validation.
Results: A total of 39 lipid metabolism-related DEGs were analyzed that showed
significant enrichment in the phospholipid metabolic process, glycerolipid metabolic
process and glycerophospholipid pathways. Seven lipid metabolism genes (ELOVL3,
LCLAT1, ME1, PPARGC1A, PTDSS2, SRD5A3, SLC2A1) closely related with prognosis
were identified to construct the signature. Patients with low-risk scores showed
better survival rates, which was also validated in the ICGC database.
Conclusion: We established a signature composed of seven lipid metabolism-related
genes to predict the prognosis of HCC patients, providing a new biomarker for the
diagnosis and treatment of HCC.
Keywords: HCC, lipid metabolism genes, prognostic signature, TCGA, ICGC

Introduction
HCC is the fifth most commonly diagnosed cancer and the third most leading cause
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of cancer-related deaths around the world. The 5-year overall survival rate (OS) is
only about 15%[1]. Reports show that many factors are associated with the
occurrence and development of HCC, including HBV, HCV, alcohol abuse, fatty liver,
etc.[2, 3]. Viruses have been proven to be the most common causes of the
occurrence of HCC, but in recent years non-viral factors such as lipid metabolism
have been shown to play an important role in the development of HCC as well.
Non-alcoholic fatty liver disease (NFLD) has a high incidence and has become a
leading cause of HCC [4, 5]. Despite improvements in medical care in recent years,
the five-year survival rate of HCC has not improved significantly. Therefore, tools to
accurately predict the prognosis of HCC patients are urgently needed.
The liver is an important organ for the metabolism of sugars, lipids and amino acids
in the human body[6]. Patients with liver cancer undergo marked changes in several
metabolic functions, including oxygen glycolysis, fat synthesis, glutamine
consumption and redox reactions, which provide nutrition for tumor growth and
proliferation[7, 8]. Lipid metabolism abnormality refers to an imbalance in the
metabolism of lipid substances including triglycerides, phospholipids, cholesterol and
fatty acids[9]. Disorders of liver lipid metabolism may lead to related diseases
including fatty liver or nonalcoholic fatty liver disease (NAFLD), whose pathological
changes are associated with hepatocyte swelling, inflammation, fibrosis, and
ultimately liver cirrhosis and liver cancer[10]. Complications associated with lipid
metabolism disorders may also be associated with the development of malignancies,
including cardiovascular disease, endocrine imbalance and obesity[11, 12]. Studies
report that lipid metabolism is associated with many types of cancer, including
pancreatic, hepatic and colorectal cancer[13-15]. Alterations in lipid metabolism are
also important indicators in the treatment of patients with malignant tumors.
Patients with malignant tumors who develop lipid metabolism disorders after
chemotherapy are more likely to develop liver damage than patients with normal
lipid metabolism[16].

In order to explore prognostic lipid metabolism-related genes and associated
pathways, this study adopts a comprehensive bioinformatics approach to screen for
lipid metabolism-related genes and develop a model to explore their potential role in
the prediction of HCC prognosis.

Methods and materials
Patient cohorts and datasets

mRNA sequencing data and the corresponding clinical information of patients
(n=377) were obtained from The Cancer Genome Atlas (TCGA) database. Patients
were excluded if their follow-up time was less than 30 days or if their pathological
stage was unclear. Patients from the TCGA database were defined as the training
cohort. mRNA sequencing data with complete clinical information of patients (n=231)
were acquired from the International Cancer Genome Consortium (ICGC) database
using the same selection criteria as for the TCGA database. Patients from the ICGC
database were defined as the validation cohort. The mRNA expression of 50
para-carcinoma tissues from the TCGA database was used for differential expression



analysis. The model for prognosis was established by multi-mRNA in the TCGA cohort,
and the ICGC cohort was used to test the predictive power of the result. There were
no differences between the clinical characteristics of the training cohort and
validation cohort.

Identification of lipid metabolism-related genes and the corresponding expression
Lipid-related keywords were used to search the Kyoto Encyclopedia of Genes

and Genomes (KEGG) website (http://www.kegg.jp/blastkoala/) and the Molecular
signatures Database (MisDB) website
(https://www.gsea-msigdb.org/gsea/msigdb/index.jsp). A total of 1,045 lipid
metabolism-related genes were obtained for further study. The mRNA was excluded
from the expression matrix if more than 20% was missing in HCC patients to avoid
calculation bias, whereas the downloaded gene expression data were processed by
log2(x+1) for standardization. The data were consolidated and processed using the
“limma” package in R[17].

Differentially expressed genes and prognosis-related genes
The “limma” package was used to pick differentially expressed genes, with the

parameters being false discovery rate (FDR) <0.01 and log2 fold change (logFC) >1.
The “survival” package was used to select prognosis-related genes, with genes with a
P value <0.05 meeting the requirements[18]. The “Venn” package was used to access
crossover genes between differentially expressed genes and prognosis-related
genes[19]. The Protein-Protein Interaction (PPI) network was obtained from the
“string” website (https://string-db.org/). The crossover genes and lipid
metabolism-related genes were then intersected and used for subsequent analysis.
The “heatmap”, “survival”, “igraph” and “reshape2” packages were used to draw the
graph of intersecting genes[20-22]. The “clusterProfiler”, “org.Hs.eg.db”, “enrichplot”
and “ggplot2” packages were used for KEGG pathway analysis and Gene Ontology
(GO) terms analysis[23]. The “ggpubr” package was used to draw the box plot. The
immunohistochemistry of genes was obtained from the Human Protein Atlas (HPA)
database and some of the OS and DFS data of genes involved in HCC were acquired
from the Gene Expression Profiling Interactive Analysis (GEPIA) database.

Construction and evaluation of a lipid metabolism-related prediction model
LASSO Cox regression analysis and the “glmnet” package in R were used to

analyze the lipid metabolism-related genes that were the best candidates for
constructing a signature to predict the OS of patients. Risk scores depending on the
corresponding mRNA expression were obtained for further study. The relationship
between clinical features, risk score and patient OS was calculated through univariate
independent prognostic analysis and multivariate independent prognostic analysis.
The area under the curve (AUC) and the time-dependent receiver operating
characteristic (ROC) curve were obtained using the “survival”, “survminer”,
“timeROC” and “survivalROC” packages of the R language to evaluate the predictive
power of the acquired model[24, 25]. The “heatmap” package was used to generate
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related graphics, such as the distribution of risk scores and statuses of patients
depending on the risk score. The patients in the training cohort were divided into a
high-risk group and a low-risk group based on the median value of the whole risk
score. The survival differences between the high-risk group and the low-risk group
were evaluated using “Kaplan–Meier” and the “survival” package. This method was
also applied for verification of the validation cohort.

Statistical analysis
The chi-square test and Student's t-test were adopted to confirm that there

were no significant differences in clinical characteristics between the training and
validation groups. Kaplan-Meier survival analysis was used to compare the survival
rates of the high-risk and low-risk groups. Univariate Cox regression and multivariate
Cox regression were used to determine the independent prognostic factors for HCC.
Statistical analysis was performed using SPSS 26.0. A P value <0.05 was considered
significant.

Results
Clinical characteristics of patients with HCC
Based on the screening criteria we obtained matching cases with a whole gene
expression matrix from the TCGA database and the ICGC database, defined as the
training cohort (n=377) and validation cohort (n=232), respectively. The detailed
clinical information is listed in Table 1.

Crossover genes and lipid metabolism-related mRNA
We obtained 1,046 lipid metabolism-related genes through KEGG and MisDB
(Supplement 1). We then screened 391 DEGs from the obtained genes by comparing
mRNA expression in tumor and paraneoplastic tissue. We screened 44
prognosis-related genes using one-way COX regression analysis based on patient
mRNA expression and survival time from lipid metabolism-related genes. Finally, 39
genes co-existing in both EDGs and prognostic-related genes were collected for
further study (Figure 1c). The correlation between interaction genes is presented in
Figure 1a and the PPI network shows that ACACA, PPARGC1A, LCAT1, ME1 were the
hub genes (Figure 1b). A forest plot and heatmap of intersecting genes are displayed
in Figures 1d and 1e, respectively. The results of KEGG pathway enrichment showed
that the DEGs were significantly enriched in the phospholipid metabolic process,
glycerolipid metabolic process, fatty acid metabolic process, alcohol metabolic
process and fatty acid derivative metabolic process (Figure 2a). GO terms analysis
showed that genes were significantly enriched in glycerophospholipid metabolism,
arachidonic acid metabolism, ether lipid metabolism, sphingolipid metabolism and
linoleic acid metabolism (Figure 2b). All significant results of the KEGG pathway
analysis and GO terms analysis are listed in Supplement 2 and Supplement 3.

A prognosis model constructed from seven lipid metabolism-related mRNAs
We used the 39 mRNA signatures obtained in the previous step for model



construction. After excluding mRNAs with a coefficient less than 0.1, a final 7 mRNAs
were used for the construction of the prognostic signature. They were ELOVL3,
LCLAT1, ME1, PPARGC1A, PTDSS2, SRD5A3 and SLC2A1. The coefficient of each
mRNA is shown in Table 2. The risk score established for the final prognosis model =
(expression of ELOVL3 * 0.3138) + (expression of LCLAT1 * 0.5539) + (expression of
ME1 * 0. 0.1455) - (expression of PPARGC1A * 0.2266) + (expression of PTDSS2 *
0.2916) + (expression of SRD5A3 * 0.3864) + (expression of SLC2A1 * 0.1683). The
risk score obtained for this signature will be used as a clinical characteristic for
follow-up studies in the training cohort and validation cohort by comparing it with
other traditional clinical biomarkers.

Verification of expression levels of six mRNAs
For the 7 lipid metabolism-related genes derived from our analysis, patients with a

low expression of ELOVL3, LCLAT1, ME1, PTDSS2, SLC2A1 and SRD5A3 in tumor
tissues had a longer OS time. Conversely, patients with a low expression of
PPARGC1A had shorter OS time and the DFS reflected a similar situation (Figure 3a,
b). The violin chart shows that the expression of the genes differed according to the
stage (Figure 3c). The HPA database only contained LCLAT1, ME1, PTDSS2 and SLC2A1
in HCC, based on immunohistochemistry. The results indicate that the expression of
these four genes was higher in HCC tumor tissues than in paraneoplastic tissues
(Figure 4a). We further analyzed the expression of the above-mentioned seven genes
in tumor tissues and paraneoplastic tissues of HCC patients in five other GEO
datasets (GSE25097, GSE62232, GSE76311, GSE76427, GSE121248). The results
showed that the expression of the other six genes was significantly higher in tumor
tissues, with the exception of PPARGC1A, which was expressed to a higher degree in
paraneoplastic tissues than in tumor tissues (Figure 4b).

Validity of the model
We set the calculated median risk score in the training cohort as the cut-off value.
After excluding patients with incomplete clinical information and less than 30 days of
follow-up, we divided the remaining 207 patients equally into a high-risk and low-risk
group based on the median risk score (cut-off value = 2.478). A Kaplan-Meier analysis
showed that the OS in the low-risk group was significantly higher than in the high-risk
group (P value <0.01) (Figure 5a). The median survival time was 697 days in the
low-risk group and 564 days in the high-risk group, whereas the 5-year survival rates
for the two groups were 65.0% and 30.7%, respectively. In addition, the two cohorts
also differed significantly with regard to the T stage, G stage and vascular invasion.
We also performed a Kaplan-Meier analysis after dividing the ICGC cohort into a
high-risk group (n=144) and a low-risk group (n=85) based on the cut-off value, and
we obtained results that were similar to those for the training cohort (Figure 5b). The
median survival time was 900 days in the low-risk group and 720 days in the high-risk
group, whereas the 5-year survival rates for the two groups were 72.1% and 58.8%,
respectively (Table 3). The patient survival status distribution also revealed that the
low-risk group had a longer survival time (Figure 5c-f). A PCA and t-SNE analysis



indicated that patients with a different risk score were distributed in two distinct
directions (Figure 6).
Univariate and multivariate COX regression analyses were used to test whether risk
scores could be used as an independent prognostic predictor for OS. In the univariate
COX regression analysis, in addition to the TNM stage and vascular invasion, the risk
score was significantly associated with the patient prognosis in both cohorts (TCGA:
hazard ratio = 2.413, 95%CI = 1.587-3.668, P value <0.01; ICGC: hazard ratio = 2.514,
95%CI = 1.956-3.232, P value <0.01) (Figure 7a, b). After correcting for influential
factors, multivariate COX regression analysis suggested that the risk score still was a
very effective prognostic assessment factor in both cohorts (TCGA: hazard ratio =
2.376, 95%CI = 1.662-3.399, P value <0.01; ICGC: hazard ratio = 1.709, 95%CI =
1.258-2.321, P value <0.01) (Figure 7c, d). Considering that the TNM stage showed a
close relationship with prognosis in both the training cohort and validation cohort,
we listed the expression of the 7 genes in the TCGA database according to the
different TNM stages and T stages. The box-plot indicated that there is a significant
difference between the expression of ELOVL3, LCLAT1, PTDSS2, SRD5A3 and SLC2A1
depending on the different stages (Figure 7e, f). The ROC analysis indicated that the
risk score is the best signature (AUC = 0.725) among some other traditional clinical
characteristics in the training cohort and also showed satisfactory predictive power in
the validation cohort (AUC = 0.739) (Figure 8a, b). Time-dependent ROC curves were
used to assess the validity of the risk score for predicting the HCC prognosis. The area
under the curve (AUC) was 0.781 at 1 year, 0.751 at 2 years and 0.751 at 3 years in
the TCGA cohort, whereas it was 0.738 at 1 year, 0.688 at 2 years and 0.694 at 3
years in the ICGC cohort (Figure 8c, d).

Discussion
HCC is a highly malignant and relapsing cancer that is usually diagnosed at an

advanced stage. Its confounding predisposing factors include HBV infection, HCV
infection, fatty liver, etc. The role of metabolism-related factors in the occurrence
and development of HCC has received increasing attention from a wide range of
scholars in recent years. As an important part of the metabolic process, lipid
metabolism also plays a major role in HCC. Lipid metabolic reprogramming is widely
recognized as a feature of hepatocellular carcinoma and is associated with rapid cell
proliferation[26]. Reports show that HCC cells have a greater ability to synthesize
fatty acids[27] and that the altered lipid metabolic environment can make cancer
cells more responsive to a hypoxic environment and help them to maintain
stemness[28, 29]. Therefore, we tried to confirm whether lipid metabolism-related
genes could contribute to predicting the prognosis of HCC.

In this study, we performed a differential analysis of tumor and paraneoplastic
tissue in 377 HCC samples from TCGA based on 1,046 lipid metabolism-related genes
obtained on the web, and enriched the resulting 391 DEGs. The results showed that
the DEGs were mainly enriched in glycerophospholipid metabolism, the arachidonic
acid and ether lipid pathways in KEGG analysis and the phospholipid metabolic
process, glycerolipid metabolic process and glycerophospholipid in GO analysis. We



performed a COX regression analysis between the survival time of patients in TCGA
and the expression of all genes, and obtained 44 prognosis-related genes. We then
took the intersection with 391 DEGs to obtain 39 prognosis-related lipid metabolism
genes, resulting in 7 candidate genes from the intersecting genes using the LASSO
method. Subsequently, we calculated the coefficients and established the prognosis
prediction signature. We calculated the risk score for each patient based on the
coefficients and expression of the seven genes. The median risk score was used as
the cut-off value to classify all TCGA patients into a high-risk group and a low-risk
group. The survival time of the low-risk group turned out to be significantly higher
than that of the high-risk group. There were also significant differences in the TNM
stage and vascular invasion between the two groups. We subdivided 229 patients
from ICGC into a high-risk and a low-risk group based on the cut-off value. Again, the
survival time and TNM stage differed significantly between the two groups,
confirming that the model we developed offered superior prognostic predictive
power for HCC. Univariate and multivariate regression analyses showed that in the
TNM stage the risk score was an important independent prognostic factor in the
ICGC cohort, whereas the risk score and vascular invasion were independent
prognostic factors in the TCGA cohort.

In recent years, the role of steatosis in HCC has become a hot topic, with studies
showing that genes related to lipid metabolism such as PNPLA3, MBOAT7 and GCKR
promote hepatic lipid accumulation and increase the risk of hepatitis, NAFLD, alcohol
related liver disease including steatosis, fibrosis, cirrhosis and liver cancer[30].
Studies have confirmed that lipid metabolism-related genes can regulate lipid
metabolism in the liver through many pathways, and play a key role in the
proliferation and metastasis of hepatoma cells. The supernatant of hepatocytes with
a PNPLA3 mutation induces migration, angiogenesis and cell proliferation of
leukocytes through CXC receptors 1 and 2 as a pro-inflammatory and tumorigenic
environment which promote the development of alcoholic liver disease[31]. The
transmembrane glycoprotein CD147 promotes de novo adipogenesis by activating
the expression of SREBP1c on the Akt/mTOR signaling pathway, which in turn
directly activates the transcription of the major lipogenic genes FASN and ACC1, and
inhibits fatty acid α-oxidation by activating the p38MAPK signaling pathway[32].
SLC27A5 suppresses TXNRD1 expression in HCC via the Keap1/NRF2 pathway and
acts as a novel tumor suppressor[33].

We further investigated the role of seven candidate genes in HCC. We analyzed
the TCGA database and five other GEO datasets and found that the expression of
ELOVL3, LCLCAT1, ME1, PTDSS2, SLC2A1 and SRD5A3 was significantly higher in
tumor tissues than in paraneoplastic tissues, whereas a lower expression predicted a
longer survival time. In contrast, patients with a lower expression of PPARGC1A in
tumors had a worse prognosis[34]. ELOVL3 regulates the synthesis of fatty acid
elongase, which is mainly expressed in the liver and adipose tissue of animals, and
the coordination between ELOVL3 and the androgen signaling pathway [35, 36]. ME1
is a product of NADPH in cancers and regulated by the typical oxidative stress
response pathway. Disruption of the regulatory ME1 signaling pathway can lead to



slow growth of HCC while increasing the sensitivity of HCC to sorafenib[37]. SRD5A3
is an important molecule for glycosylation metabolism and steroid hormone
formation. Studies have shown that higher levels of SRD5A3 are associated with a
worse OS, progression-free survival, recurrence-free survival and disease-specific
survival in patients with HCC, suggesting that SRD5A3 deficiency inhibits the growth
of hepatocellular carcinoma[38]. PPARGC1A is a transcriptional co-activator and
metabolic regulator that can be regulated by miR-93-5p and is involved in the
occurrence and progression of HCC, and increased expression of PPARGC1A predicts
a better prognosis[39].There are no reports on the role of LCLAT1, PTDSS2 and
SLC2A1 in HCC, but it is clear that there is a relationship between the expression of
these genes and lipid metabolism, for instance with regard to phospholipid
biosynthesis genes and susceptibility to obesity, glucose uptake and glycolysis
[40-42].

Strengths and limitations
In this paper, a signature based on 7 genes related to lipid metabolism was

constructed and used to predict the prognosis of HCC patients. Compared with
traditional clinical characteristics, this model has a better predictive value and
provides a new and reliable reference marker for the clinical assessment of HCC
prognosis. However, it also has many limitations. The credibility of the results could
be further verified if the risk score can be used as a new clinical characteristic and
followed over time. Also, the model was established using data from the TCGA
database and the validation was done using data from the ICGC database. The
credibility of the model could be further enhanced if more data were used for
validation. Finally, the role of some genes in HCC is not clear and requires further
study.

Conclusion
We constructed a seven-gene prognostic assessment signature based on lipid

metabolism genes. It was found that patients with a high risk score had a worse
prognosis in both the TCGA and ICGC groups. The expression and possible role of
each candidate gene in the tumor and paraneoplastic tissue of HCC patients were
also provided. The results of this paper provide a novel reference parameter for the
clinical evaluation of the prognosis of HCC patients, which is useful for creating
clinical protocols and serves as a clinical characteristic for future studies on the
occurrence and development of lipid metabolism in HCC patients.
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Table 1. Clinical characteristics of the HCC patients used in this study
Clinical Data TCGA Cohort LIRI-JP Cohort
Total Number 377 231

Age(median,range) 61(16-90) 69(31-89)
unknow 1

Gender
Female 122(32.4%) 88(38.1%)
Male 255(67.6%) 143(61.9)

AFP(ng/ml) NA
≤200 206(54.6%)
＞200 78(20.7%)
unknow 93(24.7%)

TNM Stage
S1+S2 262(69.5%) 141(61%)
S3+S4 91(24.1%) 90(39%)
unknow 24(6.4%)

T Stage NA
T1+T2 280(74.3%)
T3+T4 94(24.9%)
unknow 3(0.8%)

Grade NA
G1+G2 234(62.1%)
G3+G4 138(36.6%)
unknow 5(1.3%)

Vasculara Invasion NA
Yes 111(29.4%)
No 210(55.7%)
unknow 56(14.9%)

BMI NA
≤24.9 178(47.2%)
＞24.9 163(43.2%)



unknow 36(9.5%)
Survival State

Alive 245(65%) 189(81.8%)
Dead 132(35%) 42(18.2%)
OS Days(median) 594 780

Table2. Seven candidate lipid metabolism-related genes.
Gene Coef HR HR.95L HR.95H P-value
ELOVL3 0.313810407 1.368630229 0.988718566 1.894521626 0.058547542
LCLAT1 0.553908161 1.740040103 1.153078635 2.62578758 0.008329204
ME1 0.145488338 1.156604247 1.020416005 1.310968642 0.022836792

PPARGC1A -0.226574286 0.797260115 0.67426682 0.942688669 0.008041152
PTDSS2 0.291639828 1.338620798 1.005597248 1.781931726 0.045694189
SRD5A3 0.386407282 1.471683938 1.088868386 1.989086691 0.011942005
SLC2A1 0.16832658 1.183322998 0.98800078 1.417259323 0.067428335



Table3. Baseline of low-risk group and high-risk group in TCGA cohort and ICGC cohort

Clinical Data
TCGA Cohort (n=207) ICGC Cohort(n=229)

Low-risk
(n=103)

High-risk
(n=104) P Value Low-risk

(n=85)
High-risk
(n=144) P Value

Age(year) 0.371 0.692
≤60 50(48.5%) 48(46.2%) 17(20%) 32(22.2%)
＞60 53(51.5%) 65(53.8%) 68(80%) 112(77.8%)

Gender 0.152 0.611
Female 29(28.2%) 39(37.5%) 21(24.7%) 40(27.8%)
Male 74(71.8%) 65(62.5%) 64(75.3%) 104(72.2%)

AFP(ng/ml) 0.779 NA NA NA
≤200 76(73.8%) 75(72.1%)
＞200 32(26.2%) 29(27.9%)

TNM Stage 0.056 0.003
S1+S2 84(81.6%) 73(70.2%) 63(74.1%) 78(54.2%)
S3+S4 19(18.4%) 31(29.8%) 22(25.9%) 66(45.8%)

T Stage 0.006 NA NA NA
T1+T2 87(88.5%) 71(70.2%)
T3+T4 16(11.5%) 33(29.8%)

Grade <0.01 NA NA NA
G1+G2 78(75.7%) 50(48.1%)
G3+G4 25(24.3%) 54(51.9%)

Vasculara Invasion <0.01 NA NA NA
Yes 25(24.3%) 50(48.1%)
No 77(75.7%) 54(51.9%)

BMI 0.526 NA NA NA
≤24.9 58(56.3%) 54(51.9%)
＞24.9 45(43.7%) 50(48.1%)

Survival State 0.012 0.014
Alive 80(77.7%) 64(61.5%) 77(90.6%) 112(77.8%)
Dead 23(22.3%) 40(38.5%) 8(9.4%) 32(22.2)
OS Days(median) 697 564 900 720



Figure1. (a)The correlation network of intersect genes and different colors indicate
different coefficients. (b)The PPI network among intersect genes. (c)Venn graph of
DEGs and prognostic related genes. (d)Forest plots of univariate cox regression
analysis between lipid-metabolism related gene expression and OS. (e)The heatmap
of intersect genes.



Figure2. (a)KEGG pathway enrichment analysis of intersect genes. (b)GO terms
enrichment analysis of intersect genes.



Figure3. (a) The OS of 7 lipid metabolism genes in HCC. (b) The DFS of 7 lipid
metabolism genes in HCC. (c)The Violin chart shows the relationship between gene
expression level and clinical stages.





Figure4. (a) Immunohistochemistry of LCLAT1, ME1, PTDSS2 and SLC2A1 in HCC.
(b)The box-plot indicates the expression of 7 genes in tumor and paraneoplastic
tissues of HCC in GSE25097, GSE62232, GSE76311, GSE76427, GSE121248 and TCGA.
* means p-value=0.01-0.05, ** means p-value =0.001-0.01, and *** means p-value



<0.001.

Figure5.The Kaplan Meier curve for the OS of patients with high-risk and low-risk in
TCGA cohort(a) and ICGC cohort(b). Red dots represent samples with high risk scores
and blue dots represent samples with low risk scores. The risk score of each sample
on the x-axis increases from left to right in both TCGA cohort(c) and ICGC cohort(d).
Red dots in the risk graph represent the death samples while blur dots represent the
survival samples. The dashed line represents the low-risk group and the right side
represents the high-risk group in TCGA cohort(e) and ICGC cohort(f).



Figure6.The PCA analysis in TCGA cohort(a) and ICGC cohort(b). The tSNE2 analysis in
TCGA cohort(c) and ICGC cohort(d).



Figure7. The results of univariate cox regression analysis in TCGA cohort(a) and ICGC
cohort(b). The results of multivariate cox regression analysis in TCGA cohort(c) and
ICGC cohort(d). (e)(f)The box-plot for the expression of 7 candidate genes based on
different stages in TCGA cohort.



Figure8.The ROC curve in TCGA cohort(a) and ICGC cohort(b), AUC>0.5 is considered
to have prognostic value. The AUC of time-depent ROC curves in TCGA cohort(c) and
ICGC cohort(d).



Figures

Figure 1

(a)The correlation network of intersect genes and different colors indicate different coe�cients. (b)The
PPI network among intersect genes. (c)Venn graph of DEGs and prognostic related genes. (d)Forest plots
of univariate cox regression analysis between lipid-metabolism related gene expression and OS. (e)The
heatmap of intersect genes.



Figure 2

(a)KEGG pathway enrichment analysis of intersect genes. (b)GO terms enrichment analysis of intersect
genes.

Figure 3

(a) The OS of 7 lipid metabolism genes in HCC. (b) The DFS of 7 lipid metabolism genes in HCC. (c)The
Violin chart shows the relationship between gene expression level and clinical stages.



Figure 4

(a) Immunohistochemistry of LCLAT1, ME1, PTDSS2 and SLC2A1 in HCC. (b)The box-plot indicates the
expression of 7 genes in tumor and paraneoplastic tissues of HCC in GSE25097, GSE62232, GSE76311,
GSE76427, GSE121248 and TCGA. * means p-value=0.01-0.05, ** means p-value =0.001-0.01, and ***
means p-value <0.001.



Figure 5

The Kaplan Meier curve for the OS of patients with high-risk and low-risk in TCGA cohort(a) and ICGC
cohort(b). Red dots represent samples with high risk scores and blue dots represent samples with low risk
scores. The risk score of each sample on the x-axis increases from left to right in both TCGA cohort(c)
and ICGC cohort(d). Red dots in the risk graph represent the death samples while blur dots represent the



survival samples. The dashed line represents the low-risk group and the right side represents the high-risk
group in TCGA cohort(e) and ICGC cohort(f).

Figure 6

The PCA analysis in TCGA cohort(a) and ICGC cohort(b). The tSNE2 analysis in TCGA cohort(c) and ICGC
cohort(d).



Figure 7

The results of univariate cox regression analysis in TCGA cohort(a) and ICGC cohort(b). The results of
multivariate cox regression analysis in TCGA cohort(c) and ICGC cohort(d). (e)(f)The box-plot for the
expression of 7 candidate genes based on different stages in TCGA cohort.



Figure 8

The ROC curve in TCGA cohort(a) and ICGC cohort(b), AUC>0.5 is considered to have prognostic value.
The AUC of time-depent ROC curves in TCGA cohort(c) and ICGC cohort(d).
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