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Background: Hepatocellular carcinoma (HCC) is one of the most common malignant tumors in the world with an immunosuppres-
sive Tumor microenvironment (TME). Ferroptosis plays an essential role in tumor proliferation, invasion, and metastasis. However, 
the relationship between ferroptosis and TME of HCC has remained elusive.
Methods: Differentially expressed ferroptosis-related genes (DE FRGs) between normal liver tissues and HCC tissues were obtained 
from The Cancer Genome Atlas (TCGA). On this basis, we identified the molecular subtypes mediated by DE FRGs and TME cell 
infiltration. Next, a predictive signature was established to quantity the ferroptosis-related characteristics by performing the least 
absolute shrinkage and selection operator Cox regression analyses. Univariate and multivariate COX analyses determined the 
independent prognostic factors. Finally, the expression stability of 3 ferroptosis-related signature genes was verified in cancer and 
paracancerous normal tissues of HCC.
Results: We identified three different molecular subtypes and found that the subtype with the better prognosis was associated with 
high enrichment of immune- and metabolic-related hallmark signaling pathways and high infiltration of immune cells in TME. The 
signature was considered to be an independent prognostic factor. We also found that the signature can reflect the infiltration 
characteristics of different immune cells in TME. Immunosuppressive cells such as myeloid-derived suppressor cells (MDSCs), 
regulatory T cells, and type 17 T helper cells were significantly enriched in the high-risk group. The analysis data of immune 
checkpoints and tumor mutation load indicated that the signature had great potential in predicting Immunotherapy response and 
chemotherapeutic sensitivity. In addition, the overexpression of 3 ferroptosis-related signature genes was confirmed in HCC tissues 
and HCC cell lines. Ferroptosis inducer RSL3 inhibited the proliferation of HCC cells and was a potential cancer immunotherapy 
agent.
Conclusion: These findings enhanced our understanding of the regulatory mechanism of ferroptosis in HCC and provided new 
insights into evaluating prognosis and developing more effective Immunotherapy and chemotherapy strategies.
Keywords: hepatocellular carcinoma, ferroptosis, prognosis, immunotherapy, tumor mutational burden

Background
Hepatocellular carcinoma (HCC), with 841,080 new cases and 781,631 deaths annually, is the sixth most widespread 
malignancy and the fourth leading cause of death.1 In the past decade, the non-drug and drug treatments of HCC have made 
significant progress. For early HCC patients, hepatectomy and transplantation can be performed, but the recurrence rate is 
still high.2 Some small molecular targeted drugs are mainly used in treating unresectable HCC for systemic or postoperative 
adjuvant therapies. Sorafenib, a multi-kinase inhibitor, significantly prolonged no progression and overall survival in patients 
with HCC, but drug resistance and side effects limit the benefits of survival.3,4 Immune checkpoint inhibitors (ICIs)-based 
Immunotherapy restores the immune response to tumor cell antigens by blocking the inhibitory receptors of immune cells. In 
particular, inhibition of PD1/PD-L1 and CTLA-4 are the principal antibodies of ICIs at present.5,6 These suggests that 
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Immunotherapy has excellent potential in the treatment of HCC patients. Therefore, we urgently want to find more effective 
ways to explore the molecular characteristics of HCC and improve the response of Immunotherapy.

Ferroptosis is a newly identified modality that regulates nonapoptotic cell death and is characterized by iron- 
dependent lipid peroxidation and accumulation of reactive oxygen species, which is mainly caused by the 
inactivation of a cellular antioxidant system.7,8 Cystine/glutamate Antiporter (also known as System Xc-or 
xCT), encoded by the gene SLC7A11, transports cystine across membranes into cells for de novo synthesis of 
the antioxidant peptide glutathione (GSH). GSH is a cofactor necessary for the normal function of Glutathione- 
peroxidase (Gpx4), which directly reduces lipid hydroperoxides to non-toxic lipid alcohols.9 SLC7A11 inhibitors 
and GPX4 inactivation have been widely used to induce ferroptosis in HCC10−12. Ruize et al found that 
upregulated SLC7A11 expression resulted in sorafenib resistance of HCC.13 These indicate that ferroptosis- 
related drugs have become indispensable to HCC treatment strategies. It is of great significance to explore the 
minutial mechanism of these drugs and develop individualized medical strategies for HCC treatment.

Tumor mutational burden (TMB) is an emerging response biomarker of whether Immunotherapy is effective in cancer 
patients.14 The assessment of TMB with targeted next-generation sequencing found that TMB was associated improving 
survival in patients receiving ICIs across various cancers.15 As a measure of the number of somatic mutations in the 
tumor genome, TMB is usually defined as the total number of non-synonymous point mutations in each coding region of 
a tumor genome.16 Accumulating somatic mutation will result in the expression of neoantigens, which can elicit an 
antitumor response by activating CD8+ cytotoxic T lymphocytes (CTLs).17,18 So, further studies are needed to integrate 
genomic or pathological biomarkers with TMB for predicting the response of ICIs.

In recent years, the study of the carcinogenic signal pathway of tumor cells has been transferred to the tumor 
microenvironment (TME), which includes not only stromal cells but also innate and adaptive immune cells.19 Among 
them, the research on adaptive immune cells is the hottest, especially T lymphocytes, which have potent cytotoxicity to 
tumor cells. ICIs are effective for enhancing T cell antitumor response.6 In addition, studies have shown that ferroptosis 
and immune regulation are inextricably linked. Tumor cells are more sensitive to xCT inhibition-induced ferroptosis than 
activated CD8+ T cells.20 Moreover, ferroptosis can promote cancer cells to secrete damage-associated molecular pattern 
(DAMPs) signals to enhance the immunogenicity of ferroptotic cancer cells, which can induce tumor-specific immune 
responses and enhance the efficacy of ICIs.21,22 Therefore, exploring a more complicated relationship between TME and 
ferroptosis is necessary to find more Immunotherapy targets.

In this study, patients with HCC in the TCGA database were divided into three subtypes according to 26 Ferroptosis- 
related genes (FRGs). The differences in prognosis and immune infiltration in TME were discussed. In addition, 
a prognostic signature based on FRGs was established to characterize the immune landscape of HCC and to accurately 
predict the prognosis of patients and their response to Immunotherapy and chemotherapy. These results show that the 
signature was a powerful prognostic indicator.

Methods
Data Acquisition
Samples with both RNA sequencing data and clinical information were included in this study. Transcriptome data (fragments 
per kilobase of exon model per million reads mapped [FPKM] value) of 370 liver cancer specimens and 50 adjacent normal 
tissues were downloaded from The Cancer Genome Atlas (TCGA) dataset (https://portal.gdc.cancer.gov/). Clinical data, copy 
number variation (CNV), and mutation data were also collected from TCGA. At the same time, we downloaded GSE14520 
(n=242) gene expression profile and clinical data from the GEO dataset (https://www.ncbi.nlm.nih.gov/geo/) for external 
validation.

A comprehensive ferroptosis-related genes (FRGs) list was obtained from the FerrDb dataset (http://www.zhounan.org/ 
ferrdb/),23 which updated the ferroptosis regulator data accurately and promptly, and shared data for ferroptosis-associated 
disease research.
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Data Preprocessing and Differential Analysis
After removing the samples’ low or no-expression genes, we used the edgeR package in R software to screen the 
differentially expressed genes (DEGs) between HCC and normal tissues. The adjusted p-value < 0.01 and |log2fold 
change (FC)| > 2 were taken as the cut-off threshold. Twenty-six differentially expressed ferroptosis-related genes (DE 
FRGs) (See Supplementary Table 1) were obtained from the overlap of DEGs and FRGs.

Identification of the Ferroptosis Subtypes of the TCGA Dataset
According to the expression level of 26 DE FRGs genes, the unsupervised cluster analysis of the “ConsensusClusterPlus” 
package of R was conducted to classify 370 patients with HCC into different subgroups. In order to ensure the accuracy 
of the classification, we carried out 1000 iterations, and 80% of the samples were taken in each iteration.24 The best 
clustering number was determined to be three based on the cumulative distribution function (CDF) curve, Delta area plot, 
and tracking plot.

Functional and Pathway Enrichment Analyses
To investigate the clusters’ biological processes, which were determined by gene set variation analyses (GSVA).25 We 
downloaded the Hallmark gene sets “h.all. v7.5.1. symbols” from the molecular signature dataset (MSigD) and used the 
GSVA package to transform the gene expression matrix into the gene set matrix. Then the difference between signal 
pathways was analyzed by the “limma” package, and the screening thresholds were set to |log2 FC| > 0.1 and the adjusted 
p-value<0.05.

Correlation of Ferroptosis Clusters with TME
The level of the tumor microenvironment (TME) cell infiltration in each HCC patient was evaluated by a single sample 
gene set enrichment analysis (ssGSEA) algorithm, and the infiltration abundances of 23 immune cells were obtained.26 In 
addition, we used the ESTIMATE algorithm of the R package to evaluate each patient’s estimate score, immune score, 
stromal score, and tumor purity.27

Construction of the Ferroptosis-Related Gene Prognostic Signature
Firstly, 370 patients with HCC were randomly divided into a training set (n = 186) and a testing set (n = 184) using the 
“caret” of the R package. In order to screen the DE FRGs related to the survival of patients with HCC, we conducted 
a univariate Cox proportional hazard regression analysis to explore the relationship between overall survival (OS) and 
DE FRGs in the training set. P<0.01 was considered to be significantly related to survival. Next, we performed the least 
absolute shrinkage and selection operator (LASSO) Cox regression analysis by the “glmnet” of R packet to establish the 
best gene risk model based on the above identified DE FRGs with significant correlation with survival. The risk score of 
each patient was calculated based on the coefficient and expression of genes in the risk model. The formula is: risk score 
= (coefficient gene1 × expression of gene1) + (coefficient gene 2 × expression of gene 2) + ⋯ + (coefficient gene n × 
expression gene n). Patients were divided into a high-risk and a low-risk group according to the median risk score. The 
Kaplan-Meier survival curve of high- and low-risk groups was plotted with “survival” and “survminer” of the R package. 
In order to verify the accuracy and validity of the signature, we used the “SurvivalROC” package to calculate the area 
under the curve (AUC) of 1-, 3-, and 5- year. Univariate and multivariate COX regression analyses were performed 
between clinicopathological features (age, gender, grade, stage) and risk scores to evaluate the independent prognostic 
value of signatures.

The Predictive Nomogram of the Total Set
Based on the results of independent predictive analyses, we used the “RMS” package of R to synthesize the clinico-
pathological features and risk scores of patients with the total set to establish a predictive nomogram. In the nomogram 
scoring system, each variable was converted into a corresponding score, and the total score of all variables in each 
sample was the patient’s score. According to the score, the patient’s 1-, 3-, and 5-year survival prognosis can be 
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predicted. The calibration curves of the nomogram were used to describe the predicted values between the predicted 1 -, 
2 -, 3-and 5-year survival events and virtual observations.

Mutation and Drug Susceptibility
Based on the somatic mutation data downloaded from theTCGA dataset, we calculated the tumor mutation load (TMB) 
score of each HCC patient, compared the gene mutation rate and TMB among different risk groups, and evaluated the 
effect of TMB on prognosis by Kaplan-Meier survival analysis.

We also analyzed the differences in the expression of a series of immune checkpoints between the two risk groups. In 
order to explore the difference in the efficacy of chemotherapeutic drugs between the two groups, we used the 
“pRRophetic” of the R package to calculate the semi-inhibitory concentration (IC50). In addition, the immunophenoscore 
(IPS) from the Cancer Immunome Atlas (https://tcia.at/) was used to analyze the response of different risk groups to ICIs 
(anti-CTLA4 and anti-PD-1 antibodies).

Cell Lines and Cell Culture
Human normal liver cell line LO2 (CRL-12461), human liver cancer cell lines HepG2 (HB-8065) and Hep3B (HB-8064) 
were purchased from the American Type Culture Collection (ATCC; Manassas, VA, USA) in June 2019. Human 
hepatoma cell lines (Huh7 and lm3) were obtained from the Shanghai Cell Bank of the Chinese Academy of 
Sciences. Cells were cultured at 37 °C with 5% CO2 in Dulbecco’s Modified Eagle’s Medium (DMEM) containing 
10% Fetal bovine serum (FBS) and 1% penicillin/streptomycin (Gibco, USA).

RNA Extraction and Quantitative Real-Time Polymerase Chain Reaction (qRT-PCR)
The total RNA of hepatoma cells and tissues was extracted by TRIZOL (Invitrogen, USA). Reverse transcriptional 
reactions were completed with a reverse transcriptase kit (Roche, USA). qRT-PCR was performed on the Roche 
LightCycler® 96 Instrument using the following cycling parameters, 95 °C for 2 min, followed by 40 cycles of 95 °C 
for 15s, 60 °C for 45s. The primer sequences are listed as follows:

STMN1 gene 5′-CCTTTGGGGCTGGTAGA-3′ (sense) and 5′- GCAGTCATTGTGGAAGGAG-3′(anti-sense).
TXNRD1 gene 5′-GCATCACACTGGGGTCA-3′ (sense) and 5′- TGTTCCATCACCGCCTAC −3′(anti-sense).
MT3 gene 5′-TTGGAGAAGCCCGTTCA-3′ (sense) and 5′- TTGCATCCCTCGCACTT −3′(anti-sense).

Cell Viability Assay
The cells were treated with ferroptosis inducer RSL3 for 24 h and seeded on 96-well plates with 2500 cells per well and 4 
multiple Wells per group.The 10ul cell count kit-8 kit (CCK-8; Dojindo, Kumamoto, Japan) was added at different time 
points and cultured at 37 ° C for 2 h. The OD value of each well was detected at 450nm (Thermo multiskan FC; Thermo 
Fisher).

Reactive Oxygen Species (ROS) Assay
Huh7 and HepG2 cells were seeded in 6-well plates and treated with RSL3 for 24 h. Then DCFH-DA (Invitrogen, CA, USA) 
was added, incubated for 30 mins, and washed 3 times. Flow cytometry was used to detect ROS accumulation in cells.

Iron Assay
Intracellular iron was measured using an iron colorimetry kit (Milpitas, California, USA) according to manufacturer’s 
instructions. Iron ions dissociated from ferric ion carrier proteins into solution in acid buffering environment. Iron was reduced 
to ferrous form (Fe2+) and reacted with Ferene S to form a stable-colored complex. OD values were detected at 593nm.

Statistical Analyses
The R (v.4.1.0) software and GraphPad prism (9.0, SPSS) were employed for all statistical analyses. Differences among 
continuous variables were tested using a t-test or nonparametric test, and chi-square or fisher’s exact test tested 
categorical variables.
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Results
Comprehensive Analyses of Differentially Expressed Ferroptosis-Related Genes in the 
TCGA Dataset
Choosing the adjusted p-value < 0.01 and |log2FC| > 2 as cut-off, we first explored the TCGA dataset to obtain 2019 
differentially expressed genes (DEGs), including 91 down-regulated genes and 1928 upregulated genes (Figure S1A). 26 
differentially expressed ferroptosis-related genes (DE FRGs) were extracted from the cross set of DEG and ferroptosis-related 
genes (FRGs) (Figure S1B). Specifically, compared with normal tissues, the expression of HAMP was downregulated, and the 
remaining 25 genes were highly expressed in hepatocellular carcinoma (HCC) tissues (Figure 1A). Figure 1B presents the 
locations of CNV alterations of FR DEGs on their respective chromosomes. We also investigated CNV alteration frequencies, 
which revealed that about half of the 26 FR DEGs had CNV loss. Some FR DEG highly expressed in cancer tissues, such as 
NOS2, ASNS, G6PD, AURKA, AKR1C3, HSPB1, FANCD2, RRM2, SLC7ALL, NQO1, NOX5, NOX4, ALOX15, were 
positively correlated with CNV alterations (Figure 1C). It was suggested that CNV alterations might regulate the expression of 
these genes. GO enrichment analyses of the 26 FR DEGs showed that the most highly enriched terms for the biological process 
were related to oxidative stress response and detoxification, such as “response to oxidative stress”, “reactive oxygen species 
metabolic process”, “cellular response to chemical stress”, “response to toxic substance”, “cellular detoxification” among 
others (Figure S1C). Next, to further understand the role of these 26 FR DEG in HCC, we have made a network map, which 
can more intuitively demonstrate the interaction between these 26 genes and their impact on prognosis (Figure 1D).

Identification of Ferroptosis-Related Subgroups in the TCGA Dataset
For exploring the expression characteristics of the 26 FR DEGs, we used the R package of ConsensusClusterPlus to 
classify 370 HCC patients according to the expression profiles of the 26 FR DEG. The results showed that k = 3 was the 

Figure 1 Landscape of FRGs in HCC and tumor Classification based on FRGs in TCGA. (A) Expression distribution of 26 FRGs between normal and HCC tissues based on 
the TCGA-HCC dataset. (B) The location of CNV alteration of 26 FRG on 23 chromosomes. (C) Interaction of FRGs in HCC. Red, Orange and grey represent driver, 
marker and suppressor, respectively. The circle size represents the impact of each ferroptosis gene on the prognosis, the P value calculated by Log rank test. Green dots in 
the circle represent favorable factors and purple dots represent risk factors. Red lines represent positive correlations, blue lines represent negative correlations, and the 
thickness of the lines represents the strength of the correlation between them. (D) The CNV variation frequency of 26 FRGs. The height of the column represented the 
alteration frequency. (E) Consensus matrix heatmap defining three clusters and their correlation area. (F) Survival analysis of three clusters in all patients.
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best choice to divide the whole cohort into three subgroups, including cluster 1 (n = 105), cluster 2 (n = 170) and cluster 
3 (n = 95) (Figure 1E). The survival analyses of the three subgroups of ferroptosis showed that cluster 1 had a significant 
survival advantage, while cluster 2 had the worst prognosis (p = 0.021) (Figure 1F).

TME Cell Infiltration and Biological Characteristics of Three Subgroups
By comparing the clinicopathological features of HCC in different subgroups, it was found that there was a significant 
difference between FR DEGs expression profiles. Most FR DEGs were highly expressed in clusters 2 and 3 and 
downregulated in cluster 1 (Figure 2A). GSVA analysis was adopted to assess the involvement of FR DEGs in cancer- 
related Hallmarks (Figure 2B and C). Cell proliferation-related pathways such as MYC target pathway, E2F target 
pathway, G2M checkpoint pathway, mitotic spindle pathway, and DNA repair were highly activated in clusters 2 and 3, 
whereas enriched in cluster 1 were immune- and metabolic-related pathways, such as myogenesis pathway, inflammatory 
response pathway, xenobiotic metabolism pathway, bile acid metabolism pathway, allograft rejection pathway, IL2 state 
signaling pathway, and complement. It was suggested that those FR DEGs highly expressed in cluster 2 and cluster 3 
might play a role in promoting cancer expansion. For determining the relationship between FR DEGs and tumor 
microenvironment (TME), the enrichment scores of immune cells in the three subtypes were evaluated using ssGSEA 
analyses. In cluster 1, the most significant infiltrating cells were activated B cells, activated CD8+ T cells, CD56bright/ 
dim natural killer cells, eosinophils, gamma delta T cells, immature B cells, immature dendritic cells, macrophages, mast 
cells, monocyte, natural killer cells, neutrophils, plasmacytoid dendritic cells, type 1 T helper cells, in contrast, activated 
CD4+ T cells, type 2 T helper cells were mainly in the cluster 2. Almost all immune cells were poorly infiltrated in 
cluster 3 (Figure 2D). We used the ESTIMATE algorithm to evaluate the TME scores (stromal scores, immune scores, 
ESTIMATE scores, and tumor purity) of three subtypes, the stromal scores represent the content of TME stromal cells, 
the immune scores represent the degree of immune cell infiltration, and the estimated scores represent the comprehensive 
scores of the first two. If there are more stromal cells and immune cells, the purity of the tumor is lower, whereas 
the purity of the tumor is high. In cluster 1, the stromal, immune, and ESTIMATE scores were all higher. Cluster 3 had 
the lowest scores, and the scores in cluster 2 were between cluster 1 and cluster 3 (Figure 2E–G). The tumor purity was 
the lowest in cluster 1, the highest in cluster 3, and cluster 2 was between them (Figure 2H).

Development of Ferroptosis-Related Risk Signature
In order to explore the relationship between the FR DEGs and the prognosis of patients with HCC, univariate COX 
regression analysis was performed based on the expression of 26 FR DEGs and the survival outcomes of TCGA patients. 
11 FR DEGs were significantly correlated with the overall survival (OS) of patients in the training set. The least absolute 
shrinkage and selection operator (LASSO) Cox regression analysis was used to reduce the overfitting of 11 FR DEGs 
further. Finally, 3 FR DEGs were identified to construct the optimal ferroptosis-related prognostic signature (Figure 3A). 
We extract the expressions of these three ferroptosis-related signature genes and their coefficient values obtained from the 
multivariate Cox regression to calculate the risk score of each patient. The formula is as follows: Risk score = (0.09659 * 
MT3) + (0.01261 * TXNRD1) + (0.02572 * STMN1). Based on the median risk score, all patients in the training group 
were divided into low-risk (n = 93) and high-risk (n = 93) groups. In the high-risk group, MT3, TXNRD1, and STMN1 
were highly expressed (Figure 3B). The time-dependent receiver operating characteristic curve (ROC) was conducted to 
evaluate the predictive value of the signature. The area under curve (AUC) values of 1-, 3-, and 5-year were 0.798, 0.740, 
and 0.699, respectively (Figure 3C). The risk score distribution curve and survival status of the training set showed that 
more deaths in the high-risk group (Figure 3D). The K–M survival curve demonstrated that the low-risk group had 
significantly better OS than the high-risk group (p < 0.01; Figure 3E). Moreover, we performed a univariate Cox 
regression analysis of the risk signature and clinical parameters to evaluate their prognostic value. This risk signature was 
associated with poor survival (HR: 1.267, 95% CI: 1.164–1.379, p < 0.001; Figure 3F). Multivariate COX analysis 
showed that this risk signature was an independent prognostic factor for HCC (HR: 1.249, 95% CI: 1.139–1.370, p < 
0.001; (Figure 3G).
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Development of a Nomogram to Predict Prognosis
Based on the results of multivariate Cox analysis, we developed a Nomogram that integrated clinicopathological features 
and risk signature to predict prognosis, which could provide a simple and practical method to predict 1-, 3-, and 5-year OS 
of HCC (Figure 4A). The calibration curves of 1-, 2-, 3-, and 5- year OS rates almost overlapped with standard lines 
(Figure 4B). In addition, the ROC and decision curve analysis (DCA) curves of risk signature showed that the risk signature 
was superior to the traditional clinicopathological characteristics in predicting the prognosis of HCC (Figure 4C and D).

Figure 2 TME cell infiltration and biological characteristics of three clusters. (A) Differences in clinicopathologic features and expression levels of FRGs between the three 
clusters. (B and C) GSVA analyzed Hallmark pathways of three clusters. Red represents activation of pathways and blue represents inhibition of pathways, cluster 1 vs 
cluster 2 (B), cluster 1 vs cluster 3 (C). (D) The infiltration difference of TME cells between the three clusters. (E–G) The box plot indicated the difference of stromal score 
(E), immune score (F), estimate score (G), and tumor purity (H) between three clusters. The asterisks represented the statistical p value (**P < 0.01; ***P < 0.001; 
****P<0.00001). 
Abbreviation: ns, not significant.
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Validation of the Predictive Capability of the Risk Signature
To evaluate the predictive abilities of the above risk signature, which were verified in the GSE14520 dataset, TCGA 
testing set, and TCGA total set. According to the formula, the risk score of each patient in these datasets was calculated, 
and the patients were divided into a high-risk group and a low-risk group. In the GSE1450 (p = 0.002; Figure 5A), TCGA 
total set (p<0.001; (Figure 5E), and testing set (p = 0.021; (Figure 5I), survival analyses revealed that the OS of the high- 
risk groups were worse than that of the low-risk groups. The risk score distributions and survival statuses also proved that 
the mortality rates were higher in the high-risk groups (Figure 5B, F and J). In the GSE14520, the AUC values for 1-, 3-, 

Figure 3 Development of the prognostic signature based on FRGs in the training set. (A) Forest plot demonstrating the multivariable Cox model results of 3 ferroptosis- 
related signature genes. (B) Heatmap of expression profiles of 3 ferroptosis-related signature genes in high- and low-risk groups. (C) Time- ROC curve of the prognostic 
signature. (D) Risk score distribution and survival status of high- and low-risk groups. (E) Overall survival (OS) of HCC patients in high- and low-risk groups. (F and G) 
Univariate analysis and multivariate analysis of clinical features and risk score with Cox proportional hazard model. The asterisks represented the statistical p value (**P < 
0.01; ***P < 0.001).
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and 5- year OS were 0.572, 0.585, and 0.650, respectively (Figure 5C). In the total set, the AUC values for 1-, 3-, and 5- 
year OS were 0.771, 0.703, and 0.646, respectively (Figure 5G). In the testing set, the AUC values for 1-, 3-, and 5- year 
OS were 0.734, 0.658, and 0.646, respectively (Figure 5K). Consistent with the training set, the three ferroptosis-related 
signature genes were highly expressed in the high-risk groups (Figure 5D, H and L). In conclusion, these results prove 
that the risk signature has a good ability to discriminate and predict the survival of patients with HCC.

Relationships Between the Risk Signature and Clinical Features
To examine the effectiveness of the risk signature, we stratified the clinicopathological features and analyzed the OS of the 
two risk groups. The results show that the signature can be well applied to every subgroup of age (<= 65/>65; Figure 6A 
and B), gender (Figure 6C and D), clinical stage (Figure 6E and F), T stage (Figure 6G and H), and histological grade 
(Figure 6I and J). In all subgroups of these clinical parameters, the prognoses of patients in the high-risk groups were worse 
than that in the low-risk groups. In addition, the risk scores of patients with clinical stage III/IV were higher than those with 
clinical stage I/II (Figure 6K). The histological grade also observed the same result (Figure 6L).
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Figure 4 Construction and validation of a nomogram in the total set. (A) Nomogram for predicting the 1-, 3-, and 5-year prognosis of HCC patients. (B) Calibration curves 
of the nomogram for predicting of 1-, 2-, 3-, and 5-year prognosis. (C and D) The AUC values and the DCA of the risk signature.
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Alteration of Tumor Microenvironment Associated with the Risk Signature
The alluvial diagram was used to visualize the survival difference of patients in three ferroptosis clusters and ferroptosis risk 
signature (Figure 7A). The risk scores of cluster 1 were the lowest. In contrast, the risk scores of cluster 2 and cluster 3 were 
higher (Figure 7B), suggesting that low-risk scores may be related to immunity and metabolic activation, and high-risk 
scores were related to the proliferation characteristics of cancer cells. As expected, the proportion of death in the high-risk 
group was higher than in the low-risk group (Figure 7C). In addition, low-risk scores were closely related to high stromal 
scores and high ESTIMATE scores. On the contrary, low-risk scores were associated with low tumor purity (Figure 7D–G).

Next, we further explored the infiltration of 23 immune cells in the TME of high-and low-risk groups. In the low-risk 
group, activated B cells, eosinophils, mast cells, and natural killer cells were significantly enriched. However, in the high- 
risk group, the immunosuppressive cells such as myeloid-derived suppressor cells (MDSCs), regulatory T cells, and type 
17 T helper cells were significantly enriched (Figure 7H). Similarly, some important immunosuppressive factors were 
also highly expressed in the high-risk group (Figure 7I), such as CCL5 (recruiting regulatory T cells to tumor areas), IL- 
10 (suppressing tumor-related specific immunity), HLA-G (involving in immune editing of cancer), IL-4 (promoting 
MDSC activation), CCL20 (promoting regulatory T cells recruitment).28–32

The Relationship Between Risk Signature and Mutation Profile
More and more studies have proved that there was a close relationship between TMB and Immunotherapy, so we 
calculated the TMB scores of patients with HCC in the TCGA data set and found that there was a positive correlation 
between TMB scores and risk scores (R = 0.18, p = 0.0005; (Figure 8A). The TMB scores of the high-risk group were 
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Figure 5 Validation of the prognostic signature in the GSE14520 dataset, testing set and total set. (A) OS of HCC, risk score distribution and survival status (B), time- 
dependent ROC curve 1-, 3-, and 5-year OS predictions (C), heatmap of expression profiles of 3 ferroptosis-related signature genes between risk groups in GSE14520 (D). 
(E) OS of HCC, risk score distribution and survival status (F), time-dependent ROC curve 1-, 3-, and 5-year OS predictions (G), heatmap of expression profiles of 3 
ferroptosis-related signature genes between risk groups in total set (H). (I) OS of HCC, risk score distribution and survival status (J), time-dependent ROC curve 1-, 3-, and 
5-year OS predictions (K), heatmap of expression profiles of 3 ferroptosis-related signature genes between risk groups in test set (L).
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significantly higher than that of the low-risk group (Figure 8B). In addition, the TP53 mutation rate in the high-risk group 
was significantly higher than in the low-risk group (41% vs 10%; Figure 8C and D). Survival analysis revealed that the 
prognosis of patients with high mutation scores was worse than that of patients with low mutation scores (p = 0.010; 
Figure 8E), and the prognoses of patients with high mutation and high-risk scores were the worst, while these of patients 
with low mutation and low-risk scores were the best (Figure 8F). These results revealed that the risk signature could well 
evaluate the mutation burden of patients and provide a new strategy for Immunotherapy.

Immune Checkpoints and Drug Susceptibility Analysis
To explore the relationship between risk signature and immune checkpoints, we verified the expression difference of immune 
checkpoints between the high-risk and low-risk groups (Figure 9A). It was worth noting that almost all immune checkpoints were 
highly expressed in high-risk groups, such as CTLA4, PD1, PD-L1, B7-H3, LAG3, TIGIT, TIM-3, CD200R1, indicating that 
patients in high-risk groups may be more sensitive to Immunotherapy. Based on the IPS (immunophenoscore) predictions, we 
discovered that whether alone or in combination with anti-PD-1 and anti-CTLA4 treatment, the benefit of the high-risk group 
was better than that of the low-risk group (Figure 9B–E). Next, we also analyzed the sensitivity of high-risk and low-risk groups 
to chemotherapeutic drugs. Compared with the high-risk group, patients in the low-risk group had lower IC50 to cytotoxic drugs, 
such as camptothecin, SN-38, TW37, and YM155, indicating that the low-risk group was more sensitive to these drugs 
(Figure 9F–I). However, the high-risk group had lower IC50 to small-molecule targeted drugs, such as imatinib, ruxolitinib, 
dasatinib, sunitinib, sorafenib, bortezomib, which suggested that small-molecule targeted drugs were more effective in the high- 
risk group (Figure 9J–O).
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Figure 6 Stratified analysis of the prognostic signature in the TCGA dataset. OS of the two risk groups in different clinical stratification like age (A and B), gender (C and 
D), stage (E and F), T stage (G and H) and grade (I and J). The relationships between the prognostic signature and stage (K), tumor grade (L). The asterisks represented the 
statistical p value (*P<0.05; ****P < 0.0001).
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Validation of the Expression of 3 Ferroptosis-Related Signature Genes
To verify the expression stabilities of 3 ferroptosis-related signature genes, we detected the expression of three genes in 
cancer and paracancerous normal tissues. Figure 10A–C showed that STMN1, TXNRD1, and MT3 were significantly 
overexpressed in cancer tissues. Consistent with those of HCC tissues, the expressions of the three genes in four 
hepatoma cell lines (Hep3B, HepG2, Huh7, and LM3) were higher than that in normal liver cell lines (LO2) 

A

D

H

C

GF

B

E

I

Figure 7 Evaluation of the TME and immunosuppressive factors between the two risk groups. (A) Alluvial diagram of clusters distributions in groups with different risk 
scores and survival outcomes. (B) Differences in risk scores between clusters. (C) The proportion of survival outcomes between risk groups in HCC patients. The box plot 
indicated the difference of stromal score (D), immune score (E), estimate score (F), and tumor purity (G) between two risk groups. (H) The infiltration difference of TME 
cells between the two risk groups. (I) Comparison of immunosuppressive factors expression between the two risk groups. The asterisks represented the statistical p value 
(*P<0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001). 
Abbreviation: ns, not significant.
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(Figure 10D). We obtained the immunohistochemical results of these three genes in HCC and paracancerous tissues from 
the Human Protein Atlas (HPA) database (Figure 10E). It was proved that these three genes were highly expressed in 
cancer tissues at the protein level. CCK-8 assay demonstrated that the ferroptosis inducer RSL3 inhibited cell prolifera-
tion in a dose-dependent manner (Figure 10F and G). RSL3 treatment significantly increased the accumulation of ROS 
(Figure 10H–I) and iron (Figure 10K and L) in cells. In addition, RSL3 treatment increased the expression of STMN1, 
TXNRD1, and MT3 in cells (Figure 10M and N). These results suggest that RSL3 inhibits HCC proliferation by inducing 
ferroptosis, which is closely related to the three signature genes.

Discussion
Hepatocellular carcinoma (HCC) is one of the most common cancers, and its treatment has always attracted much 
attention. As a first-line chemotherapy drug for liver cancer, multi-kinase inhibitor sorafenib has been confirmed to be 
beneficial to most patients However, no biomarker has been found to predict sorafenib response.33,34 Currently, ICIs have 
been approved as second-line drugs for treating advanced HCC in the United States. For patients resistant or refractory to 
sorafenib, an anti-PD-1 antibody has a better response and disease control rate.35,36 Nevertheless, HCC consists of 
a group of heterogeneous cancers with different etiology, mutations, and immune microenvironments. ICIs are unsuitable 
for all patients, and only a small number of patients have achieved better outcomes. Ferroptosis has been shown to be 
involved in the antitumor effect of CD8+T cells activated by ICIs.20 Erastin, a ferroptosis inducer, enhances the 
cytotoxicity effect of cisplatin after short pretreatment with tumor cells.37 Another ferroptosis inducer, RSL3, can 
increase cellular ROS and iron accumulation in colon cancer cells in a dose and time-dependent manner, resulting in 
cell death.38 The key to cancer treatment is effectively killing cancer cells while keeping healthy cells intact. The death 
mechanism of cancer cells is quite different from that of normal cells, for promoting growth, cancer cells have a higher 

Figure 8 The mutation profile and TMB among low-risk and high-risk groups. (A) Spearman correlation analysis of the risk scores and TMB. (B) TMB in different risk score 
groups. (C and D) The waterfall plot of somatic mutation features established with high and low risk groups. (E) The association of TMB and overall survival of patients. (F) 
The relationship between the combination of TMB and risk score and the overall survival of patients.
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demand for iron than normal cells. Therefore, this dependence on iron can make cancer cells more sensitive to iron- 
catalyzed necrosis.39 Of note, ferroptosis has become a new research direction in treating tumors. However, the 
relationship between ferroptosis and therapy response remains unclear, and relevant biomarkers are still lacking. 
Therefore, it is necessary to make a comprehensive analysis of the genome and transcriptome of patients with HCC, 
combined with various algorithms, to mine biomarkers that can predict patients’ treatment responses and guide patients 
to stratify to provide individual medical strategies for each patient. Effectively reduce the occurrence of complications 
and medical costs.

First, in the TCGA database, we identified 26 differentially expressed ferroptosis-related genes (DE FRGs) in liver 
cancer and normal tissues. These DE FRGs may be the most valuable clinical biomarkers. Based on the expression of 
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Figure 9 Correlations between the risk signature and immune checkpoints and drug susceptibility in HCC. (A) Expression of immune checkpoints in two risk groups. (B–E) 
Efficacy analysis of different risk groups for immune checkpoint inhibitors. Sensitivity of various cytotoxic drugs (F–I) and small-molecule targeted agents (J–O) in high- and 
low-risk groups of HCC patients. The asterisks represented the statistical p value (*P<0.05; **P < 0.01; ***P < 0.001). 
Abbreviation: ns, not significant.

https://doi.org/10.2147/PGPM.S397892                                                                                                                                                                                                                               

DovePress                                                                                                                            

Pharmacogenomics and Personalized Medicine 2023:16 52

Zheng et al                                                                                                                                                           Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

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


Figure 10 Validation of the expression of 3 ferroptosis-related signature genes in HCC. The expression of STMN1 (A), TXNRD1 (B), and MT3 (C) in liver tumor tissues (n=5–14) 
and corresponding adjacent tissues (n=5–8). (D) The expression of 3 ferroptosis-related signature genes in the liver normal cell line, LO2, and 4 liver cancer cell lines, Hep3B, HepG2, 
LM3, and Huh7. (E) The immunohistochemical staining results shown significant differences of 3 ferroptosis-related signature genes at the protein expression between liver normal and 
tumor tissues. The CCK-8 assay showed that RSL3 inhibited the proliferation of Huh7 cells (F) and HepG2 cells (G) in a dose-dependent manner. RSL3 stimulation enhanced ROS 
accumulation in Huh7 cells (H and I) and HepG2 cells (J). (K and L) RSL3 treatment increased iron levels in Huh7 and HepG2 cells. The expression of STMN1, TXNRD1, and MT3 in 
Huh7 cells (M) and HepG2 cells (N) after RSL3 treatment. The asterisks represented the statistical p value (*P<0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001). 
Abbreviation: ns, not significant.
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these 26 DE FRGs, we identified three different molecular subtypes, of which the survival benefit of cluster 1 was the 
best, cluster 2 was the worst, and cluster 3 was between the two. The expression levels of DE FRGs in cluster 1 were the 
lowest, closely related to immune and metabolic pathways. However, clusters 2 and 3, with higher expressions of DE 
FRGs, did show cancer cell-related Hallmark pathways with proliferation. There were also significant differences in the 
characteristics of TME among the three subtypes. The infiltration abundance of activated B cells and CD8+ T cells, 
natural killer cells, and gamma delta T cells in cluster 1 were higher than those in cluster 2 and cluster 3, which might 
explain why cluster 1 had a significant survival advantage. In addition, cluster 1 had higher stromal and immune cell 
infiltration scores and lowered tumor cell infiltration. We speculated that these ferroptosis-related genes might be 
a promising immune marker, according to the differences among the three subtypes regarding immune infiltration, 
hallmark pathways, and clinical results. These contributed to a more comprehensive understanding of ferroptosis and 
TME of HCC. Furthermore, to explore the mechanism of these ferroptosis-related genes in tumor progression, we 
constructed a robust and effective prognostic signature using Lasso Cox regression analysis based on these DE FRGs. 
The signature divided patients into high-risk and low-risk groups with different OS, and its predictive ability was verified 
in the GSE14520 database. There were significant differences in prognoses, mutation, immune infiltration, immune 
checkpoints, and drug sensitivity between high-risk and low-risk patients. In addition, by combining the signature with 
other clinicopathological features of the patient, a Nomogram was established, which further improved the predictive 
performance and clinical convenience of the signature. The signature can also predict the prognoses of patients of 
different genders, ages, and clinical stages. In short, the prognostic signature can be well used for patient stratification, 
understanding the molecular mechanism, and guiding clinical treatment of disease.

Immune-related cells in TME play an indispensable role in the occurrence, development, and treatment of tumors. These 
interactions between tumor cells and non-tumor cells constitute the TME.40 In HCC, the prominent features were accumulated 
immunosuppressive cells and depletion of effector T cells. Therefore, the wide-ranging consumption of immunosuppressive cells 
and the restoration of the function of effector T cells can improve the therapeutic effects of HCC.41 In this study, we found that the 
characteristics of TME and the abundance of tumor-infiltrating immune cells varied among clusters and risk groups. In addition, 
immune cells’ high-infiltrating cluster 1 was associated with lower risk scores, and immune cells’ low-infiltrating clusters 2 and 3 
were associated with higher risk scores. These findings suggested that ferroptosis plays a significant role in the TME of HCC. 
CD8+ T cells play a vital role in killing tumor cells, which are the prominent lymphocytes killing tumor cells at present.42,43 

Similar to the function of CD8+ T cells, NK cells mainly mediate cytotoxicity by secreting lytic granules, which mainly include 
key effector molecules such as perforin and granzymes. Perforin inserts into the plasma membrane of target cells to form pores, 
and granzymes enter through pores to activate caspase and induce target cell apoptosis.44 NK cells also secrete chemokines to 
recruit dendritic cells (DCs) into TME, and IFN promotes the polarization of type 1 T helper cells.45,46 In an orthotopic mouse 
model, Chiao et al found that the combination of DCs vaccine and anti-PD-L1 antibody could enhance the antitumor immune 
response, which showed great potential in the immune defense of HCC.47 Γ δ T cells have unique antitumor properties 
independent of human leukocyte antigen. More and more studies explored therapy strategies based on γ δ T cells, especially 
synergistic therapy with ICIs and chemotherapy.48 Cluster 1 with low-risk scores showed a better prognosis and high infiltration 
patterns of CD8+ T cells, NK cells, DCs, type 1 helper cells, and γ δ T cells, indicating that the infiltration of these cells was 
positively correlated with the prognoses of patients. In HCC, many immunosuppressive cells can promote the occurrence and 
progression of cancer. Regulatory T cells (Tregs) promote the invasion and migration of HCC cells by secreting TGF-β1.49 In vitro 
studies have shown that Th17 cells can inhibit the proliferation of CD8+T cells and the production of IFN.50 MDSCs not only 
secrete IL-10 and TGF-β immunosuppressive molecules to inhibit the activity of DCs, T cells, B cells, and NK cells but also 
stimulate Th17, Tregs, and tumor-associated macrophages (TAMs) cells, as well as tumor angiogenesis and metastasis.51 These 
were consistent with our results. In the high-risk group with poor prognoses, Tregs, Th17, and MDSCs immunosuppressive cells 
were higher than those in the low-risk group. The roles of B cells in TME should not be underestimated. Zhang et al found that 
patients with a high density of B cell infiltration in HCC had better prognoses.52 In the hepatoma model of Hras12V transgenic 
mice, B cells inhibited the occurrence of tumors.53 The interaction between tumor-infiltrating B cells and T cells can enhance 
immune activities and improve the prognoses of patients with liver cancer.54 These correspond to our findings that the level of 
B cell infiltration of the low-risk group was higher than the high-risk group. It was suggested that B cells could be used as an 
innovative therapeutic target for anticancer. We noted that activated CD4+ T cells were highly infiltrated in the high-risk group, but 
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some studies showed no correlation between CD4+ T cells and the prognoses of HCC patients.55,56 Therefore, further experiments 
are needed to verify the regulations of CD4+ T cells. In conclusion, we speculated that the poor prognoses of HCC patients were 
due to the immunosuppressive TME, and the better prognoses were due to the higher infiltration levels of antitumor immune cells.

TMB has become a new biomarker of ICIs treatment response.15 In this study, we analyzed the relationship between risk 
signature and TMB and found that the high-risk group with higher TMB might be inclined to respond to ICIs. It was worth noting 
that there was a positive correlation between the risk scores and the expressions of immune checkpoints such as CTLA4, PD1, PD- 
L1, B7-H3, LAG3, TIGIT, TIM-3, CD200R1, which also suggested that ICIs applied to patients in the high-risk group. The 
predictions of IPS were also consistent with our speculation. In addition, drug sensitivity analysis has shown that chemotherapy 
has potential benefits for patients in the high-risk group. These results provided a reference for the selection and efficacy prediction 
of Immunotherapy and chemotherapy in patients with HCC.

However, this study had several limitations. First, all the analyses were based on transcriptome data in the public 
database, and there were no further reliable experiments to support our point of view. Second, all the samples used in our 
study were retrospective. Large-scale prospective studies should be needed to confirm our findings. In addition, some 
critical clinical treatments that affected the patients’ prognoses, such as surgery, neoadjuvant chemotherapy, and radio-
therapy, have not been comprehensively analyzed.

Conclusion
In summary, we explored the regulatory patterns of ferroptosis-related genes and developed a novel signature based on 
DE FRGs, which has an excellent ability to predict prognoses of HCC patients. The results further supplied new 
perspectives for ferroptosis in regulating TME and drug sensitivities and showed unique ingenuity for guiding persona-
lized Immunotherapy and chemotherapy for HCC patients.
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