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Purpose: Ferroptosis, as a novel regulated cell death form, has a close interaction with
metabolism, which is largely unknown in cancer. In the present study, we conducted
a comprehensive analysis of ferroptosis-related metabolic genes to delineate the metabolic
signatures induced by ferroptosis and evaluate its prognostic significance in hepatocellular
carcinoma (HCC).

Methods: The ferroptosis-related metabolic genes (Fer-MRGs) were identified by correla-
tion analyses with transcriptome data from The Cancer Genome Atlas and Gene Expression
Omnibus. Then, univariate and the least absolute shrinkage and selection operator Cox
regression analysis was used to establish a novel risk score model. Univariate and multi-
variate COX analyses were used to identify independent prognostic factors for overall
survival (OS) of HCC, and a nomogram was developed. The Fer-MRGs’ expression was
further evaluated by quantitative real-time polymerase chain reaction in HCC.

Results: A total of 77 metabolic genes were identified as Fer-MRGs, and 26 were found
with prognostic values for OS of HCC. Then, a novel nine-gene (AKR1C3, ATIC, G6PD,
GMPS, GNPDAI1, IMPDHI1, PRIMI1, RRM2, and TXNRD1) risk score model was con-
structed. Survival analyses showed worse OS in high-risk patients both in the training and
validation groups. The model was also identified as an independent prognostic factor for
HCC, and a prognostic nomogram for OS was further established with superior discrimina-
tive capacity and prediction accuracy. Notably, close correlations were also identified
between the risk score and the expression of immune checkpoint genes, immune subtypes
of tumor, and susceptibility of HCC to chemotherapeutic agents. Finally, elevated expression
of eight Fer-MRGs (except for IMPDH1) was further verified in 16 pairs of HCC tumor and
adjacent tissues.

Conclusion: These results indicated the intense interaction between ferroptosis and meta-
bolism, the significant role of ferroptosis-related MRGs, and the great potential of the novel
risk score model for prognosis prediction in HCC.
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Introduction

Due to the high morbidity and mortality, hepatocellular carcinoma (HCC) remains
one of the major types of deadly malignancies worldwide.'* The high proportion
of advanced stage, the complicated background of liver disease, and high recur-
rence rate are the important factors affecting the treatment and prognosis of HCC

patients. Although a variety of new therapies for advanced HCC have been
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exploited in recent years, especially targeted therapies,
which have increased the overall survival of HCC
patients, the proportion of effective population, the avail-
ability of effective drugs, and the duration of efficacy
still limit the clinical benefits.> The emerging of immu-
notherapy, including immune checkpoint inhibitors,
holds new promise for the treatment of HCC, but similar
issues exist as well.*> Therefore, it is still urgent to
comprehensively investigate the mechanism of HCC
development and progression, which may provide new
perspectives to break the dilemma of HCC treatment.®
Ferroptosis is a newly identified form of regulated cell
death and is mainly driven by iron-mediated oxidative
damage, excessive lipid peroxidation, and cell membrane
damage.”® Increasing evidence has demonstrated the sig-
nificant role of ferroptosis inhibition in the development
and therapeutic response of various cancers. The transpor-
ter-dependent (extrinsic) and enzyme-regulated (intrinsic)
that

ferroptosis.” The extrinsic regulation can be induced by

pathways are the two main forms induce
the suppression of membrane transporters (such as system
X. cystine/glutamate antiporter) or by the activation of
iron transporters (such as serotransferrin and lactotransfer-
rin), whereas the intrinsic pathway can be induced by
inhibition of the intracellular antioxidant enzymes (such
as glutathione peroxidase 4/GPX4). Iron accumulation and
lipid peroxidation are the hallmarks of ferroptosis initia-
tion, and the regulation between oxidative damage and
antioxidant defense is the key molecular mechanism of
ferroptosis. Recently, several GPX4-independent pathways
have also been identified for ferroptosis regulation. These
findings provide potential targets and strategies for antic-
ancer treatment by targeting ferroptosis.

Noticeably, increasing evidence points to the compre-
hensive interactions between ferroptosis and metabolic
pathways, including: (1) Amino acid and glutathione meta-
bolism: Limitation of cysteine reduces the biosynthesis of
glutathione (GSH) and causes the depletion of GSH,
which directly inhibits the activity and stability of GPX4
and thereby induces the ferroptosis; (2) Lipid metabolism:
Lipid peroxidation of polyunsaturated fatty acids (PUFAs)
is an important process for the execution of ferroptosis,
and the abundance and localization of PUFAs also corre-
late with the extent of ferroptosis; (3) Iron metabolism:
The transport, storage, and transition of the intracellular
iron impact the accumulation of lipid peroxides and sub-
sequent ferroptosis; (4) Other metabolic pathways such as
the mevalonate, NADPH, and selenium metabolism.

Extensive changes in metabolic pathways involved in the
regulation of ferroptosis indicate the intimate crosstalk
between them. At present, ferroptosis is considered
a combined result of the disturbance of multiple metabolic
pathways and the dysfunction of ferroptosis surveillance
systems.'® Therefore, it is of great significance to investi-
gate the mechanisms and implications of ferroptosis from
the perspective of metabolic regulation.

In the present study, we comprehensively investigated
the correlations and intersections between ferroptosis regu-
lators and metabolism-related genes (MRGs) in HCC. On
this basis, the critical MRGs with prognostic significance
were identified to develop a novel risk score model. Then,
prognostic analyses were conducted to evaluate its predic-
tion capacity for overall survival (OS) of HCC both in the
training and the validation cohorts, and the prognostic
nomograms were also established, respectively. Finally, we
further assessed the correlation between the risk model and
the immune checkpoint expression, immune subtype, and
drug susceptibility. Hence, this study may provide some new
perspectives on the interaction between ferroptosis and
metabolism, and a novel prognostic model for HCC.

Materials and Methods

Data Collection

The transcriptome data of 374 HCC tumor samples and 50
normal controls were obtained from The Cancer Genome
Atlas (TCGA) database (TCGA-LIHC, https://portal.gdc.
cancer.gov/, March 4, 2021). At the same time, the clinical
and pathological information (age, gender, tumor grade,
stage, follow-up time, and survival status) was also col-
lected. The analysis based on the gene expression profile
was conducted with all samples (n = 424), while the
clinical correlation and prognostic analyses were con-
ducted only in the tumor samples from unique HCC
patients. Duplicated data from the same patient was com-
bined with average. Finally, 370 HCC patients with valid
clinicopathological information were identified.

Besides, the gene expression microarray data of 225
HCC tumors and 220 adjacent/normal controls were
downloaded from the Gene Expression Omnibus (GEO,
GSE14520, https://www.ncbi.nlm.nih.gov/geo/, March 4,
2021) with the platform data of GPL3921. The clinical
characteristics (age, gender, tumor size, tumor number,

stage, follow-up time, and survival status) were also col-
lected. Excluding patients with incomplete clinical infor-
mation, a total of 221 patients were enrolled in the clinical

9 2 8 https:

Dove!

Pharmacogenomics and Personalized Medicine 2021:14


https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://www.dovepress.com
https://www.dovepress.com

Dove

Dai et al

correlation and prognostic analyses. The clinical charac-
teristics of HCC patients in the TCGA and GSE14520
cohorts are shown in Supplementary Table 1.

The TCGA and GEO are public databases, and all
cases involved in the database have been consented to

use for analyses and obtained ethical approval, which are
free to be downloaded and analyzed by individual
researchers. Our study was based on the open-source
data, and strictly followed the publication guidelines and
access policies of the database, so the study protocol was
exempted from additional ethical approval.

Besides, tumor and adjacent tissue samples from 16
HCC patients undergoing surgical resection from
January 2019 to December 2019 in the Third Affiliated
Hospital of Sun Yat-Sen University were collected for the
validation of gene expression. Written informed consent

was obtained from all patients. The study was also

approved by the Ethics Committee of the Third Affiliated
Hospital of Sun Yat-Sen University.
The study procedures were briefly shown in Figure 1.

Identification of Differentially Expressed

Ferroptosis- and Metabolism-Related
Genes in HCC

At first, the ferroptosis-related genes (FRGs) were
obtained from the FerrDb (http://www.zhounan.org/

ferrdb/) with 108 driver genes and 69 suppressor genes.
After the non-coding RNA were removed, a total of 167
FRGs were obtained (shown in Supplementary Table 2).

The MRGs were obtained from the metabolism-related
pathway enrichment gene sets in the “c2.cp.kegg.v7.2.
symbols.gmt”, the
Molecular Signatures Database (MSigDB) of Gene Set

which was downloaded from

Transcriptome data from the TCGA-LIHC
(T =374, N =50)
[

Transcriptome data from the GSE14520
(T =225, N = 220)
T

¥

FRGs from FerrDb

Differentially expressed FRGs and MRGs
(|Log2FC| > 0.5, p < 0.05)

MRGs from MSigDB

Identification of the Fer-MRGs
(|coefficient| > 0.5, p < 0.001; n = 77)

1

Identification of the prognostic Fer-MRGs by - X
Functional enrichment analysis [«— univariate Cox regression analysis | ECoiecine czl}:s:ezrl)ng RS
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:
& i v v ¥ ¥ v v
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Figure | Data processing and analysis procedures of the study.

Abbreviations: TCGA, the Cancer Genome Atlas; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PPI, protein—protein interaction; FRGs,
ferroptosis-related genes; MRGs, metabolism-related genes; FC, fold change; LASSO, least absolute shrinkage and selection operator; ROC, receiver operating character-

istic; GSEA, Gene Set Enrichment Analysis.
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Enrichment Analysis (GSEA, http://www.gsea-msigdb.
org/gsea/downloads.jsp, March 4, 2021).

Then, the expression of FRGs and MRGs in the TCGA
and GSE14520 were extracted respectively. Differentially
expressed FRGs and MRGs between HCC tumors and
normal/adjacent controls were identified by Wilcoxon test

with R package “limma” with the criteria of |log,fold-
change (log,FC)| > 0.5 and false discovery rate (FDR)
<0.05. Then, the overlapped differentially expressed
FRGs and MRGs both in the TCGA and GSE14520

were screened out.

|dentification of the Prognostic MRGs
Correlated with Ferroptosis

First, the correlations between FRGs and MRGs were
evaluated by Pearson’s correlation analyses in the TCGA
data set, and the MRGs correlated with ferroptosis (Fer-
MRGs) were screened with the criteria of |correlation
coefficients| > 0.5 and p < 0.001. Then, univariate COX
analyses using the R package “survival” were conducted to
identify the Fer-MRGs with significant prognostic values
for OS of HCC. The selection criteria was set with
a p-value < 0.001.

Interaction Network and Functional
Enrichment Analyses

The protein-protein interaction (PPI) network of prognos-
tic Fer-MRGs was analyzed at the STRING website
Then,
further analyzed in the Cytoscape software (Version

(https://www.string-db.org/). the network was

3.8.0, https://cytoscape.org/) with “cytoHubba” for identi-

fication of key genes. Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analyses were performed using the R package

“clusterProfiler”.

Consensus Clustering Analysis

Based on the consensus expression of prognostic Fer-
MRGs in tumors, all cases in the TCGA cohort were
clustered into two groups using the R package
“ConsensusClusterPlus”. Then, the Kaplan—-Meier survi-
val analysis was conducted using the R package “survi-
val” to compare the differential OS between clusters. The
clinical characteristics were also compared by the Chi-

square test.

Gene Set Enrichment Analysis

The gene set enrichment analysis (GSEA) was conducted
to evaluate the enriched pathways within different clusters,
which was conducted within the GSEA software (http://
www.gsea-msigdb.org/gsea/index.jsp) with the KEGG
gene set (C2.cp.kegg.v7.2.symbols.gmt). An FDR < 0.25
and adjusted p < 0.05 were considered statistically

significant.

Construction of the Risk Score Model

Based on the Prognostic Fer-MRGs

All patients in the TCGA cohort were randomly divided
into two groups (186 cases in the training group, and 184
cases in the internal validation group). Based on the results
of univariate Cox analyses, the least absolute shrinkage
and selection operator (LASSO) Cox regression was uti-
lized to eliminate the highly correlated Fer-MRGs using
the R package “glment” in the training group. Ultimately,
nine Fer-MRGs were identified to construct the novel risk
score model. The risk score was calculated by the follow-
ing formula:

riskscore =), Coef; * x;
(Coef; = coefficient,xi = MRGexpression)

The risk score was also calculated for the patients in
the internal validation group and the external validation
cohort (GSE14520), and patients were divided into low-
and high-risk groups according to the median risk scores.
Thereafter, the survival analyses using the R package “sur-
vival” for OS were conducted in both training, internal,
and validation groups. The 1-, 3- and 5-year receiver
operating characteristic (ROC) curves were adopted to
evaluate the prognostic accuracy of the model using
R package “timeROC”. The Chi-square test was used to
compare the difference of clinical factors between differ-
ent risk groups. Besides, the survival analyses were further
evaluated in different subgroups divided by the clinical
factors.

Prognostic Nomogram Construction and

Evaluation

The univariate and multivariate Cox regression analyses
were used to evaluate the independent prognostic signifi-
cance of this risk score model in the training and valida-
tion groups. And the nomogram for OS prediction of HCC
was established using the R package “RMS”. The
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prediction performance was assessed by the concordance
index (C index), calibration curves, and time-dependent
ROCs.

Correlations Between Risk Score Model
and Immune Checkpoint Genes and

Immune Subtypes

We compared the expression of immune checkpoint
PD-1;
T lymphocyte-associated antigen-4, CTLA-4; lympho-

genes (programmed cell death 1, cytotoxic
cyte-activation gene 3, LAG3; T-cell immunoglobulin
and mucin domain 3, TIM3; T cell immunoreceptor
with immunoglobulin and ITIM domain, TIGIT; and B7
homolog 3, B7-H3) in different risk groups by the
Wilcoxon test. Besides, we also obtained the profile of
immune subtypes for HCC patients in the TGGA data-
base from the UCSC-Xena (https://xenabrowser.net/data
pages/, version: 2018-04-03)."" The risk scores were also

compared between different immune subtypes by the
Wilcoxon test.

Correlations Between Risk Score Model
and Drug Susceptibility

To evaluate the potential significance of the risk score
model in the treatment guidance for HCC, we conducted
the drug susceptibility analyses with the R package
“pRRophetic” to compare the IC50s of regular che-
motherapeutic agents and several targeted drugs between
high- and low-risk groups. Furthermore, the response to
immune checkpoint inhibitors (anti-CTLA4 and anti-PD
-1 antibodies) between different risk groups was analyzed
using immunophenoscore (IPS) from The Cancer
Immunome Atlas (TCIA, https://tcia.at/, June 29,

2021)."2

Cell Culture and Ferroptosis Introduction
Human hepatoma cell lines (Huh7 and HepG2) were
obtained from the Shanghai Cell Bank of the Chinese
Academy of Sciences. The cells were cultured in
Dulbecco’s modified Eagle’s medium (DMEM; Gibco,
Carlsbad, CA) supplemented with 1% penicillin/strepto-
mycin (Gibco), and 10% fetal bovine serum (FBS; PAN,
Germany) in a humidified incubator at 37°C containing
5% CO2. Hepatoma cells were seeded into six-well
plate, and treated with ferroptosis inducer (Erastin,
10uM; RSL3, 1uM, Selleck Chemicals, Houston, TX)
for 24h and harvested for RNA extraction. The

experiment was repeated independently three times in
triplicates.

RNA Extraction and Quantitative

Real-Time Polymerase Chain Reaction
(qRT-PCR)

Total RNA from hepatoma cells and tissues was
obtained using TRIZOL (Invitrogen, USA). Reverse
transcriptional reaction was conducted using the
Transcriptor First Strand cDNA Synthesis Kit (Roche,
Switzerland) with 1.5 pg of total RNA to get the
complementary DNA. Then, qRT-PCR was conducted
using the LightCycler 480 SYBR Green 1 Master
(Roche) on the LightCycler
Quantitative System (Roche). The relative gene expres-

480 Fluorescence

sion levels were normalized against ACTB. All of the
primers were synthesized by Sangon (Sangon, China),
and the primer sequences are listed in Supplementary
Table 3.

Statistical Analysis
All statistical analyses were conducted by using R (https://
www.r-project.org/, version 4.0.3). A p-value < 0.05 (two-

sided) was considered statistically significant.

Results
Identification of the Differentially

Expressed FRGs and MRGs in HCC

Of the 167 FRGs obtained from FerrDb, 135 FRGs were
found both in the TCGA and GSE14520. As for the
MRGs from the metabolic pathways, a total of 723
MRGs were found both in the TCGA and GSE14520.
Then, the expression levels of these genes were com-
pared between HCC tumors and normal/adjacent con-
trols. A total of 71 and 41 FRGs, and 295 and 284
MRGs, were found statistically different in the TCGA
and GSE14520, respectively. Ultimately, only 34 and
189 differentially expressed FRGs and MRGs were
TCGA and GSE14520
(Figure 2A), which were utilized for the subsequent

overlapped both in the

analyses.

Identification of the Fer-MRGs in HCC

To identify the Fer-MRGs, the correlation analyses
between differentially expressed FRGs and MRGs
were conducted with the gene expression levels in the
TCGA. Then, a total of 77 MRGs were found with
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significant correlations with 26 FRGs in HCC
(Figure 2B, details in Supplementary Table 4).
Notably, nine genes (ACSL3, ACSL4, AKRIC3, CS,
ENPP2, FADS2, G6PD, GLS2, and GOT1) were found
both in the FRGs and MRGs with significant correla-

tions. These findings indicated an intimate interaction

between ferroptosis and metabolism.
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Identification of the Prognostic Fer-MRGs
in HCC

Of the 77 MRGs with significant correlations to ferropto-
sis, 26 MRGs were found with prognostic significance by
the univariate Cox analysis (all p < 0.001, Figure 2C). The
expression profile of these prognostic Fer-MRGs in the
TCGA was exhibited with a heatmap, which showed
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Figure 2 Identification of the prognostic Fer-MRGs in HCC. (A) The overlapped differentially expressed FRGs and MRGs in the TCGA and GSE[4520 datasets; (B) The
correlation network between FRGs and MRGs in HCC; (C) Prognostic Fer-MRGs identified via univariate Cox analysis (all p < 0.001); (D) Expression profile of the
prognostic Fer-MRGs in the TCGA dataset; (E) heatmap of the correlation between these prognostic Fer-MRGs. *p < 0.05, ***p < 0.001.

Abbreviations: HCC, hepatocellular carcinoma; FRGs, ferroptosis-related genes; MRGs, metabolism-related genes; Fer-MRGs, MRGs associated with ferroptosis; TCGA,

the Cancer Genome Atlas.
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significant upregulation of all 26 Fer-MRGs in HCC
tumors (all p < 0.001, Figure 2D). The expression correla-
tions of these genes were further illustrated with another
heatmap, which showed significant correlations among
most Fer-MRGs in HCC (p < 0.05, Figure 2E). These
findings indicated the important role of the disturbance
of MRGs correlated with ferroptosis in HCC.

Then, the potential interactions among these Fer-MRGs
were analyzed by the PPI network, and results revealed
significant interactions among most of the Fer-MRGs
(Figure 3A). The TYMS, RRM1, ADSL, CANT1, CART,
POLDI1, GMPS, RRM2, TXNRDI, and ATIC were identi-
fied as the top 10 core genes in the network (Figure 3B and
C). The functional enrichments were conducted with the
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GO and KEGG analyses. Results indicated that the Fer-
MRGs were mainly enriched in the nucleotide biosynthetic
and metabolic process, and the regulation of nucleotide
transferase and RNA polymerase activity (Figure 3D).
KEGG pathway analysis showed that the purine, pyrimi-
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were mainly enriched (Figure 3E). These findings indicated
the potential molecular mechanisms involved in the regula-
tion of HCC phenotypes by Fer-MRGs.
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Figure 3 The interaction and functional analyses of prognostic Fer-MRGs in HCC. (A) PPl network of the prognostic Fer-MRGs; (B and C) Top ten hub genes and the node
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dividing the HCC tumors into different clusters. The
cumulative distribution function (CDF) of different clus-
tering methods from k = 2 to 9 and the relative changes of
the area under CDF curves are shown in Figure 4A and B.
The corresponding sample distribution is shown in
Figure 4C. Considering the increase in CDF and consistent
expression of Fer-MRGs in HCC, two clusters were deter-
mined with 60 and 310 cases in cluster 1 and 2, respec-
tively (Figure 4D).

The survival analysis showed that HCC patients in
cluster 1 had worse OS than those in cluster 2
(Figure 4E). The median survival time of patients in clus-
ter 1 was less than two years, whereas almost six years in
cluster 2. Besides, a higher expression level of most Fer-
MRGs in cluster 1 was observed (Figure 4F), which indi-
cated the significant metabolic alternation in cluster 1.
A higher proportion of pathological grade 3—4 was also

shown in cluster 1, which indicated that the cluster
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Figure 4 Consensus clustering analysis based on the prognostic Fer-MRGs in HCC.
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(A—C) The consensus CDF, relative changes in area under the CDF curves, and tracking

plots showed with the index from 2 to 9; (D) The distribution of different clusters with the index k = 2; (E) Survival curves of overall survival in different clusters; (F)
Heatmap with visualization of the expression of Fer-MRGs in the TCGA dataset and the correlation with other clinical factors; (G and H) Enriched pathways by GSEA in

cluster 2 and cluster |. **p < 0.001.

Abbreviations: HCC, hepatocellular carcinoma; Fer-MRGs, MRGs associated with ferroptosis; CDF, cumulative distribution function; TCGA, the Cancer Genome Atlas.
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strategy based on the expression of Fer-MRGs could
reflect the progression and prognosis of HCC.

The GSEA analysis further demonstrated the differen-
tial pathway enrichment in the two clusters. The results
showed that pathways with alanine aspartate and gluta-
mate metabolism, drug metabolism with cytochrome p450,
glycine, serine, and threonine metabolism, nitrogen meta-
bolism, and linoleic acid and retinol metabolism enriched
in cluster 2 (Figure 4G), while the pathways with purine
metabolism, pyrimidine metabolism, glutathione metabo-
lism, amino sugar and nucleotide sugar metabolism, and
cell cycle enriched in cluster 1 (Figure 4H).

Development and Validation of the Novel
Prognostic Risk Score Model Based on
Fer-MRGs

Based on the 26 prognostic Fer-MRGs from univariate
Cox analyses, we identified nine critical Fer-MRGs
(AKRI1C3, ATIC, G6PD, GMPS, GNPDAI1, IMPDHI,
PRIM1, RRM2, and TXNRDI1) by the LASSO Cox
regression analysis in the TCGA training group
(Figure 5A and B). Coefficients of these Fer-MRGs are
shown in Figure 5C, which showed that PRIMI1 had the
highest coefficient with 0.03480. When compared with the
top 10 core genes in Fer-MRGs, four genes (ATIC, GMPS,
RRM2, and TXNRD1) were listed.

Then, the risk score model was developed with the
expression and coefficients of these nine Fer-MRGs, and
each patient in the TCGA and GSE1520 cohorts was given
a risk score for risk evaluation of OS. The median risk
scores were used to divide the patients into high- and low-
risk subgroups in the TCGA training, internal validation,
and external validation groups. Survival analyses showed
that the Oss of high-risk subgroups in the TCGA training
(p < 0.001, Figure 5D), TCGA validation (p < 0.001,
Figure 5E), overall TCGA (p < 0.001, Figure 5F), and
GSE14520 (p = 6.448¢-3, Figure 5G) groups were signifi-
cantly worse than the Oss of low-risk subgroups.

The time-dependent ROCs were further plotted. In the
TCGA training group, the area under the curve (AUC) for
1-, 3-, and 5-year OS was 0.717, 0.702, and 0.665, respec-
tively (Figure 6A). In the TCGA validation group, the
AUC for 1-, 3-, and 5-year OS was 0.808, 0.639, and
0.605, respectively (Figure 6B). In the overall TCGA
cohort, the AUC for 1-, 3-, and 5-year OS was 0.765,
0.684, and 0.642, respectively (Figure 6C). In the
GSE14520 cohort, the AUC for 1-, 3-, and 5-year OS

was 0.581, 0.632, and 0.615, respectively (Figure 6D).
Besides, we also compared the proportion of death event
occurrence in different risk subgroups, and found that 45%
of high-risk patients died during the follow-up period,
while only 24% of low-risk patients died in the TCGA
training group (Figure 6E). In the TCGA validation group,
48% of patients died in the high-risk subgroup, while only
24% died in the low-risk subgroup (Figure 6F). In the
overall TCGA cohort, 47% of patients died in the high-
risk subgroup, and 24% died in the low-risk subgroup
(Figure 6G). In the GSE14520 cohort, 46% of patients
died in the high-risk subgroup, and 31% died in the low-
risk subgroup (Figure 6H). The risk plots of both the
training and validation groups showed clearly the risk
score distribution, survival status, and expression of the
nine Fer-MRGs of each HCC patient (Figure 61-L). These
findings suggested that the risk score model based on Fer-
MRGs had superior capacity in discriminating and predict-
ing the OS of HCC patients.

Furthermore, we also evaluated the prognostic signif-
icance of the risk model in the overall TCGA cohort
with different subgroups of clinical factors. Results
showed that patients in high-risk group showed with
worse OS both with age < 60 years (p < 0.001,
Figure 7A) and > 60 years (p < 0.001, Figure 7B),
female (p = 0.007, Figure 7C) and male (p < 0.001,
Figure 7D), grade 1-2 (p < 0.001, Figure 7E) and 34
(p < 0.001, Figure 7F), and stage I-II (p < 0.001,
Figure 7G) and III-IV (p = 0.008, Figure 7H). The
higher proportions of advanced stage (stage III-IV, p <
0.01), pathological grade (grade 3—4, p < 0.001), and
cluster 1 (p < 0.01) were found in the high-risk group
(Figure 7I). The mean risk scores of patients in grade 3—
4, stage III-1V, and cluster 1 were significantly higher
than those in grade 1-2, stage I-11, and cluster 2 (all p <
0.001, Figure 7J-L).

Independent Prognostic Significance of
the Novel Risk Score Model Based on
Fer-MRGs

Univariate and multivariate Cox analyses were conducted to
evaluate the independent prognostic values of the risk score
model in the training and validation groups. In the TCGA
training group, only the stage and risk score were found
significant both in the univariate [stage, p < 0.001, HR =
1.737 (1.293-2.335); risk score, p < 0.001, HR = 1.286
(1.188-1.392)] and multivariate [stage, p = 0.029, HR =
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Figure 5 Prognostic significance of the novel risk score model based on the Fer-MRGs in the training and validation groups. (A and B) Screening of the critical Fer-MRGs by
LASSO Cox regression; (C) Coefficients of the nine critical Fer-MRGs in the model; (D and E) Survival curves of high- and low-risk patients in the TCGA training and
validation subgroups; (F and G) Survival curves of high- and low-risk patients in the overall TCGA and GSE[4520 cohorts.

Abbreviations: HCC, hepatocellular carcinoma; Fer-MRGs, MRGs associated with ferroptosis; LASSO, least absolute shrinkage and selection operator; TCGA, the Cancer
Genome Atlas.

936 https: Pharmacogenomics and Personalized Medicine 2021:14

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Dai et al
A TCGA-Training group B TCGA-Validation group C TCGA Cohort D GSE14520 Cohort
o4 o o o 4
© | o | © | ©
>© >0 >0 >0
S o S0 S o S
fz; IS § IS *@‘ IS § o
< < < <
So Ho $ho $Ho
N —— 1-yearAUC: 0.717 N , 7~ 1-year AUC: 0.808 N .7 — 1-yearAUC: 0.765 N 7 — 1year AUC: 0.581
© — 3-year AUC: 0.702 o — 3-yearAUC: 0.639 o — 3-year AUC: 0.684 © |l — 3yearAUC: 0.632
o — 5-year AUC: 0.665 o — 5-year AUC: 0.605 o — 5yearAUC: 0.642 o — 5-year AUC: 0.615
o T T T T T T o T T T T T T o T T T T T T o T T T T T T
00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0
1-Specificity 1-Specificity 1-Specificity 1-Specificity
E TCGA-Training group F TCGA-Validation group G TCGA Cohort H GSE14520 Cohort
StBtus Status Status Status
3 3 M Dead 3 mDead 3 mDead
.8 .Allve 5 Haive 9 HAive S i Alive
xc X Xc X
=) =) k= =)
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
Percent Percent Percent
I TCGA Trammg group J o TCGA-Validation group K o TCGA Cohort L GSE14520 Cohort
O~ TeHighrisk 1 ? O—TeHighrisk 4 O—TfoHigh risk I3 gm. ®Highrisk ! .
gooqeLow Risk ! ‘ ©{eLowRisk ' ! g®7eLow Risk ! ! Q. /oLowRisk ' ;
? o ! ! D O ! I D O ! q 7] !
N Dl I 3 | NI B N P T
LSS e i e T T e :
0 50 100 150 0 5 100 150 100 200 300 0 50 100 150 200
Patients (increasing risk socre) Patients (increasing risk socre) Patlents (increasing risk socre) Patients (increasing risk socre)
o 0 o 0 o o
£ 1eD o ! E_ 1 . E_ ] DI . E_wle 2 Fo, .u N
f@ﬁ_igﬁi‘é’. Sere | Saw , Spelfie. fa.. . | 2P ﬂef W :
OO |, . © @ O : mmﬁo', 3) . e © @ ™ ©
£330 50 £8x) e g8 w1tk it it | g8ad tae DS
ST Iy, Rk VA SO S| e ndhine | SO L ’*
0 50 100 150 0 50 100 150 0 1()0 200 300 0 50' 100' 150 200
Patients (increasing risk socre) Patients (increasing risk socre) Patients (increasing risk socre) Patients (increasing risk socre)
Low Risk High risk Low Risk  High risk Low Risk High risk Low Risk ngh nsk
AKR1C3 I , M Il AKRr1C3 0T AKR1C3 T AKR1C3 mmllll | 1 ‘IIVI IH\I‘ IM
ATIC 1111 ATIC AR ATIC (LI I
G6PD G6PD G6PD [l
GMPS \ J (11 GMPS \ | ||| | \‘ GMPS | LT GMPS IIW H | ,
GNPDAT III { GNPDA1 \ GNPDA1 | % | ‘
IMPDH1 IMPDH1 IMPDH1 [ Il ‘ ’I
PRIM \ l H III PRIM? i PRIM1 | Iy \J \ PRIM1 IH j \ |if
RRM2 [ RRM2 RRM2 [ h “
TXNRD1 \ 01N I TXNRD! H || IH | TXNRD1 LT | TXNRD1 1 ||I 111 |
-5 0 5 5 o0 5 -5 5 —3 -2-10 1 23

Figure 6 ROC curves and risk plots of the risk score model in HCC. (A-D) ROC curves of the risk score model in the TCGA-training group, TCGA-validation group,
TCGA-overall cohort, and GSE14520 cohort; (E-H) proportions of death events in high- and low-risk patients of the TCGA-training group, TCGA-validation group, TCGA-
overall cohort, and GSE14520 cohort; (I-L) Risk plots of the risk score, survival time, and gene expression in the TCGA-training group, TCGA-validation group, TCGA-

overall cohort, and GSE14520 cohort.
Abbreviations: HCC, hepatocellular carcinoma; TCGA, the Cancer Genome Atlas;

1.438 (1.039-1.991); risk score, p < 0.001, HR = 1.260
(1.151-1.379)] Cox analyses (Figure 8A and B). In the
TCGA validation group, clinical stage and risk score were
also found with significance both in the univariate [stage,
p =0.002, HR = 1.596 (1.194-2.134); risk score, p = 0.004,
HR = 1.125 (1.037-1.219)] and multivariate [stage, p =
0.001, HR = 1.634 (1.209-2.210); risk score, p = 0.008,
HR = 1.139 (1.035-1.255)] Cox analyses (Figure 8C and
D). In the overall TCGA cohort, clinical stage and risk
score were still found significant both in the univariate
[stage, p < 0.001, HR = 1.680 (1.369-2.062); risk score,
p < 0.001, HR = 1.189 (1.127-1.255)] and multivariate
[stage, p < 0.001, HR = 1.589 (1.286-1.964); risk score,
p < 0.001, HR = 1.198 (1.126-1.274)] Cox analyses

ROC, receiver operating characteristic; AUC, area under the curve.

(Figure 8E and F). In the GSE14520 cohort, tumor size [p
= 0.002, HR = 2.002 (1.300-3.083)], clinical stage [p <
0.001, HR = 2.294 (1.730-3.042)], and risk score [p
0.001, HR = 1.627 (1.215-2.179)] were found significant
in the univariate Cox analysis, while only clinical stage [p <
0.001, HR =2.433 (1.677-3.529)] and risk score [p = 0.032,
HR = 1.408 (1.029-1.925)] were found significant in the
multivariate Cox analysis (Figure 8G and H).

Construction and Validation of the

Prognostic Nomogram
Based on the results of multivariate Cox analyses for
OS in the overall TCGA cohort and GSE14520 cohort,
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Figure 7 Survival and correlation analyses of the risk score model in different subgroups with various clinical factors. (A—H) Survival analyses of the risk score in different
subgroups of various clinical factors: age (</> 60 years), gender (female/male), pathological grade (G1-2/G3-4), and clinical stage (I-I/lI-IV); (I) Heatmap with visualization of
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we developed prognostic nomograms for prognosis pre-
diction with the clinical stage and our risk score model
(Figure 9A and B), which could provide an easy-to-use
method to predict the 1-, 3-, and 5-year OS of HCC.
The nomogram exhibited good efficacy in estimating the
OS in the TCGA and GSE14520 cohorts with a high
C-index of 0.688 and 0.700, respectively. The calibra-
tion curves for 1-, 3- and 5-year OS rates were also
largely overlapped with the standard lines both for the
TCGA and GSE14520 cohorts (Figure 9C and D). The
AUCs for predicting 1-, 3- and 5-year OS with nomo-
gram in the TCGA cohort were 0.764, 0.733, and 0.703,
respectively (Figure 9E). Patients were divided into
high- and low-risk groups according to the median
total point calculated by the nomogram, and results
showed that worse OS was observed in the high-risk
group (P < 0.001, Figure 9F). In the GSE14520 cohort.
The AUCs for predicting 1-, 3- and 5-year OS with

nomogram were 0.718, 0.756, and 0.795, respectively
(Figure 9G), and patients with high risk also had worse
OS (P < 0.001, Figure 9H).

Correlation Analyses of the Risk Score
Model with the Expression of Immune
Checkpoint Genes, Tumor Immune
Subtypes, and Drug Susceptibility

More and more attention has been attracted to the role of
ferroptosis and metabolism on immunoregulation. Hence,
we would like to investigate the potential impact of
changes in Fer-MRGs on the immune microenvironment
of HCC. First, we explored the correlations between the
risk score based on Fer-MRGs and the expression of
immune checkpoint genes. Surprisingly, the higher expres-
sion levels of PD-1, CTLA-4, TIM3, LAG3, TIGIT, and
B7-H3 were all found in the high-risk groups of the TCGA
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Figure 8 Univariate and multivariate Cox analyses for the independent prognostic factors for HCC in the training and validation groups. Univariate and multivariate Cox
analyses in the TCGA-training subgroup (A and B), TCGA-validation subgroup (C and D), TCGA-overall cohort (E and F), and GSEI14520 cohort (G and H).

Abbreviations: HCC, hepatocellular carcinoma; TCGA, the Cancer Genome Atlas.

cohort (all p < 0.001), and positive correlations between
these immune checkpoint genes and risk scores were also
observed (all R > 0, and all p < 0.001) (Figure 10A).
Besides, we also analyzed the expression of these Fer-
MRGs in different immune subtypes of HCC (ClI:
wound healing, C2: IFN-y dominant, C3: inflammatory,
C4: lymphocyte depleted, C5: immunologically quiet, and
C6: TGF-B dominant). Due to no C5 subtype observed in
the TCGA HCC samples and only one sample classified as
C6, we only analyzed the C1-4 subtypes in 369 HCC
samples. Results showed that higher expression levels of
ATIC, G6PD, GMPS, GNPDA1, IMPDHI1, PRIMI1, and
RRM2 were found in C1 and C2 subtypes, while higher
expression of AKR1C3 was found in C2 and C4 subtypes
(all p < 0.001). The expression of TXNRD1 showed no
significant difference among these subtypes (p > 0.05).
Patients in the C1 subtype owned the highest risk score,
followed by C2 and C4. Patients in C3 had the lowest risk
score (Figure 10B).

The sensitivity of HCC to various chemotherapeutic
drugs is relatively poor, leading to limited benefit from
chemotherapy. But the metabolic changes in the tumor
might provide potential targets for chemotherapeutic
drugs. Therefore, we evaluated the IC50s of several che-
motherapeutics the different risk groups
(Figure 10C). Results showed that patients in the high-
risk group had lower IC50s of cisplatin, doxorubicin,

between

gemcitabine, mitomycin C, etoposide, and paclitaxel than
those in the low-risk group, which suggested that patients
with high risk may benefit more from chemotherapy. In
addition, we also analyzed the sensitivity of patients in
different risk subgroups to several multikinase inhibitors.
Results showed that patients in the low-risk group had
a significantly lower IC50s to multiple targeted drugs
(including lapatinib, erlotinib, gefitinib, and dasatinib)
than patients in the high-risk group, whereas no significant
difference was observed for sorafenib or sunitinib
(Figure 10C). These findings indicated the potential
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Figure 9 Construction and evaluation of the prognostic nomograms for HCC. (A and B) Nomograms for HCC in the TCGA and GSE 14520 cohorts; (C and D) Calibration
curves for evaluation of the prognostic accuracy of the nomograms for the TCGA and GSE 14520 cohorts; (E) Time-dependent ROC curves for the nomogram in the TCGA
cohort; (F) Survival curves for HCC patients with different total points derived from the nomogram of the TCGA cohort; (G) Time-dependent ROC curves for the
nomogram in the GSEI4520 cohort; (H) Survival curves for HCC patients with different total points derived from the nomogram of the GSE14520 cohort.

Abbreviations: HCC, hepatocellular carcinoma; TCGA, the Cancer Genome Atlas; OS, overall survival; ROC, receiver operating characteristic; AUC, area under the

curve.

benefits from specific targeted therapy for HCC patients in
low-risk group. Notably, the potential differences in the
effects of immune checkpoint inhibitor treatment between
different risk groups were further noticed. Based on the
comparison of IPS, we found that patients in the low-risk
group had a higher potential benefit from either single or
combination therapy against PD-1 or CTLA-4 than
patients in the high-risk group (Figure 10D).

Validation of the Expression and

Correlation with Ferroptosis of the Nine
Fer-MRGs in HCC

To verify the expression of nine Fer-MRGs in HCC tis-
sues, we examined the expression levels of the above
genes in 16 pairs of HCC tumors and adjacent tissues
using qRT-PCR. Results showed that elevated expression

levels of AKRIC3, ATIC, G6PD, GMPS, GNPDAI,
PRIM1, RRM2, and TXNRDI1 were verified in HCC
tumors (all p < 0.05), while no significant difference was
found for IMPDHI1 (p = 0.5829) (Figure 11A). Then, we
tested the correlation between the above metabolic genes
and ferroptosis in different hepatoma cell lines. After
inducing ferroptosis with erastin and RSL3, the expression
changes of ferroptosis-related genes (GPX4, PTGS2,
FTHI1, and ACSL4) and critical Fer-MRGs were exam-
ined. Results showed that PTGS2 and FTH1 were signifi-
cantly upregulated under the introduction of ferroptosis in
Huh7 cells, whereas ACSL4 was found with significant
decrease (all p < 0.05, Figure 11B). No significant change
was found for GPX4 gene expression (p > 0.05,
Figure 11B). The alterations of these genes indicated the
occurrence of ferroptosis in hepatoma cells. The expres-
sion of metabolic genes showed that AKR1C3, G6PD,
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Figure 10 Correlations between the risk score and immune checkpoint genes, immune subtypes, and drug susceptibility in HCC. (A) Correlation between the risk score
and the expression of PD-1, CTLA-4, TIM3, LAG3, TIGIT, and B7-H3 in the TCGA cohort; (B) Distribution of the risk score and the immune subtypes of HCC; (C)
Sensitivity of various chemotherapeutic and targeted agents in high- and low-risk groups of HCC patients. (D) Efficacy analysis of different risk groups for immune
checkpoint inhibitors. ns p > 0.05, *p < 0.05, **p < 0.001.
Abbreviations: HCC, hepatocellular carcinoma; TCGA, the Cancer Genome Atlas; PD-1, programmed cell death |; CTLA-4, cytotoxic T lymphocyte-associated antigen-4;
LAG3, lymphocyte-activation gene 3; TIM3, T-cell immunoglobulin and mucin domain 3; TIGIT, T cell immunoreceptor with immunoglobulin and ITIM domain; B7-H3, B7
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Figure 11 Validation of the expression and correlation of Fer-MRGs in HCC by qRT-PCR. (A) The upregulated RNA expression levels of TXNDRI, RRM2, PRIMI,
GNPDAI, GMPS, G6PD, ATIC, and AKRIC3 were found in HCC, while no significant difference was found for IMPDHI. (B) The expression changes of ferroptosis-related
genes and metabolic genes in hepatoma cells after ferroptosis introduction with erastin (10uM) and RSL3 (IuM). ns p > 0.05, *p < 0.05, **p < 0.01, ***p < 0.001.
Abbreviations: HCC, hepatocellular carcinoma; Fer-MRGs, ferroptosis-related metabolic genes; gRT-PCR, quantitative real-time polymerase chain reaction.

GNPDAI1, and TXNRD1 were significantly upregulated in
ferroptotic hepatoma cells, whereas ATIC, GMPS, PRIM1,
and RRM2 were significantly decreased (all p < 0.05,
Figure 11B). No significant difference was observed for
IMPDHI1 under the introduction of erastin and RLS3 in
Huh7 cells (p > 0.05, Figure 11B). Similar results were
observed in Hep-G2 cells, although its response to ferrop-
tosis inducers was partially different from that of Huh?7.
After ferroptosis introduction, FTH1 were significantly
upregulated both for erastin and RLS3, while GPX4 and
ACSL4 were significantly decreased only for RSL3.
PTGS2 was not detected in Hep-G2 cells. As for the
metabolic genes, significant changes were found for
G6PD, AKRIC3, ATIC, GMPS, GNPDAIl, PRIMI,
RRM2, and TXNRDI in erastin and/or RSL3 treatment,
while no significant changes were found in IMPDHI
(Figure 11B).

Discussion

Ferroptosis, as a novel type of regulated cell death, has
attracted much attention in cancer research.” Increasing
evidence has indicated the significant role and mechanism
of ferroptosis involved in the development and therapeutic

response of multiple cancers, including HCC."? As the first
approved targeted therapy for unresectable HCC, sorafenib
has been revealed to induce apoptosis or autophagy of
tumor cells by inhibiting the activity of various kinases.
However, recent studies suggested that the induction of
ferroptosis by suppressing system xc— might play the
major anticancer role of sorafenib.'*'> When combined
with the ferroptosis promoter acyl-CoA synthetase long-
chain family member 4 (ACSL4), the sensitivity to sora-
fenib of HCC cells was enhanced, which indicated the
potential strategy to overcome the sorafenib resistance.'®
Besides, other regulators were also identified as ferroptosis
regulators in HCC, including the retinoblastoma (RD),
nuclear factor erythroid 2-related factor 2 (NRF2), and
metallothionein 1G (MT1G).">'"'® To date, a variety of
promoters and suppressors of ferroptosis have been recog-
nized and the regulatory network has also been established
preliminarily. Liang et al analyzed the overall expression
of 60 FRGs in HCC and found that 49 genes showed
significant differences between tumor and nontumor tis-
sues in the TCGA cohort with the criteria of FDR < 0.05."
Du et al identified 26 differentially expressed genes of 60
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FRGs in HCC with both FDR < 0.05 and |Log2FC| > 1.2
In the present study, we summarized 168 FRGs from the
FerrDb database, in which only the driver and suppressor
genes were included. Finally, only 20% (34/168) of FRGs
were identified as the differentially expressed genes both
in the TCGA and GSE14520 cohort with our screening
criteria. These findings indicated the dysregulation and
significant role of ferroptosis in HCC.

Besides, several studies also evaluated the prognostic
values of FRGs in HCC and established several gene
signatures for prognosis prediction based on the FRGs
separately or in combination with other signatures.
However, few studies have focused on the metabolic
changes induced or regulated by ferroptosis in tumors.
Hence, in the present study, we comprehensively deli-
neated the disturbance of metabolic pathways associated
with ferroptosis in HCC at the transcriptome level, and
preliminarily explored the potential mechanisms and clin-
ical implications of these metabolic changes.

Metabolic dysfunction occupies an important down-
stream effect in various regulatory axes of ferroptosis.”'
GPX4 is a key inhibitor of phospholipid peroxidation by
regulating the biosynthesis of reactive oxygen species
(ROS)-scavenging  selenoproteins, which act as
a suppressor of ferroptotic cell death.”' Besides, ACSL4
is regarded as a promoter of ferroptosis by regulating the
PUFAs, lipid
peroxidation.”> The regulation axes with cystine/GSH/
GPX4, GCH1/BH4/DHFR, and FSP1/CoQ10 have been

identified as three important antioxidant mechanisms in

which are the main substrate of

ferroptosis, which involved in the metabolic processes
with amino acid transportation, mevalonate, and NADPH
pathways.'® Therefore, the changes in metabolic processes
are primary mechanisms and characteristics of ferroptosis.

In the present study, the significant correlation between
ferroptosis and metabolism was confirmed in HCC.
Almost 40% (77/189) of differentially expressed MRGs
were identified as the Fer-MRGs (coefficient > 0.5), and
nine of them were identified as common regulators
involved in ferroptosis and metabolic pathways. The PPI
analyses indicated the complex interactions between these
Fer-MRGs, which mainly participated in the nucleotide,
glutathione, and amino acid metabolism. As for the top ten
hub Fer-MRGs, few studies have investigated their role in
ferroptosis, while RRM2 has been identified as an anti-
ferroptotic regulator in HCC by promoting the GSH

synthesis in a recent study.”> Hence, these findings need
further investigation.

Prognostic analyses of Fer-MRGs further revealed the
important role of ferroptosis-mediated metabolic changes
in the progression and prognosis of HCC. Nine critical
Fer-MRGs (AKRI1C3, ATIC, G6PD, GMPS, GNPDALI,
IMPDHI1, PRIMI1, RRM2, and TXNRD1) were screened
out to develop a novel risk model for predicting the OS of
HCC patients, which showed superior prediction capacity
both in the training and the validation groups. Patients in
the high-risk group presented with worse OS than those in
the low-risk group. Besides, the risk score model was also
identified as an independent prognostic factor for OS of
HCC. These findings provide potential targets for the
intervention of HCC.

All of the nine critical Fer-MRGs were found upregu-
lated in HCC in our study. Similar to the hub Fer-MRGs,
the correlations to ferroptosis of most genes have not been
investigated, but some have been demonstrated to be
involved in the regulation of metabolic processes or
tumors. Recent studies have demonstrated that PRIM1
could promote tumor growth, migration, invasion, and
regulate the sorafenib resistance in HCC.>**> RRM2 has
been found a role in GSH synthesis and ferroptosis inhibi-
tion in HCC.? Besides, RRM2 was also found as a core
gene in the p53 regulation pathway in hepatitis B virus-
related HCC.>® TXNRD1 was identified as a key meta-
bolic reprogramming-associated gene, and could partici-
pate in the regulation of oxidative stress and lipid
peroxidation in HCC.>” % A recent study found that
ATIC, IMPDHI1, and RRM2 were key genes of purine
metabolism in HCC, which was similar to our results.>’
As for G6PD, previous studies have revealed its role in
contributing to the tumor proliferation, migration, and
invasion of HCC, and it was also identified as a key energy
metabolism gene for HCC.*'?

The relationship between ferroptosis and anticancer
immunity has been revealed recently.>**® Hence, we
would like to explore whether the metabolic changes
mediated by ferroptosis could also affect the immunophe-
notype in HCC. Notably, positive correlations were found
between the risk score based on Fer-MRGs and immune
checkpoint genes with PD-1, CTLA4, TIM3, LAG3,
TIGIT, and B7-H3. Besides, most Fer-MRGs were also
found with specific expression profiles in the different
immune subtypes of HCC. The highest risk score was
observed in the wound healing subtype (C1), while the

Pharmacogenomics and Personalized Medicine 2021:14

943

Dove:


https://www.dovepress.com
https://www.dovepress.com

Dai et al

Dove

lowest risk score was identified in the inflammatory sub-
type (C3), which indicated the unique metabolic character-
istic related to ferroptosis in the different subtype of HCC.
Furthermore, analyses on the potential benefits of immu-
notherapy for different risk groups found that patients in
the high-risk group might have better outcomes with
immune checkpoint inhibitors of anti-PD-1 and/or anti-
CTLAA4. This may provide some reference for the selec-
tion and efficacy prediction of immune checkpoint inhibi-
tor therapy in HCC patients. Furthermore, the drug
susceptibility analyses also indicated potential benefits
from chemotherapy for patients in the high-risk group.

Nevertheless, there are some limitations to our study.
First, all of the analyses and results are based on the
transcriptome data from public databases, which need
further validation in experiments. Second, the transcrip-
tome data of HCC in TCGA and GSE14520 are mainly
derived from Americans, which need further validation in
other population groups.

Conclusion

In summary, we developed a novel risk score model based
on the Fer-MRGs with superior capacity in prognosis
prediction, and the results further provided some new
perspectives for the potential mechanisms of Fer-MRGs
in regulating the immune microenvironment and drug
resistance of HCC.
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