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Abstract
Background: Ferroptosis is a novel de�ned type of programmed cell death (PCD) with widespread
functions involved in physical conditions or multiple diseases including malignancies. However, the
relationship between ccRCC and ferroptosis-related regulators remains poorly known. Herein, we
investigate the prognostic values and potential mechanisms of ferroptosis-related genes (FRGs) in
ccRCC.

Methods: Ferroptosis-related genes were obtained from FerrDb database, GeneCards database and
previously published literatures. The gene expression pro�le of ferroptosis-related regulators and
corresponding clinicopathological information were downloaded from The Cancer Genome Atlas (TCGA).
Differentially expressed ferroptosis-related genes (DE-FRGs) were screened between ccRCC specimens
and noncancerous specimens. Among these genes, prognostic DE-FRGs were identi�ed using univariate
COX analysis and LASSO regression analysis. Further multivariate COX regression was employed to
identify prognosis-related hub DE-FRGs and establish a prognostic model.

Results: We identi�ed seven hub genes (HMGCR, MT1G, BID, EIF4A1, FOXM1, TFAP2C and CHAC1) from
the DE-FRGs using univariate Cox regression analysis, LASSO and multivariate Cox regression analysis,
and used them to establish a novel clinical predictive model in the TCGA train cohort (n = 374).
Subsequently, we assessed the prognostic value of the model. Survival analysis showed that high-risk
patients had a reduced overall survival (OS), the time-dependent receiver operating characteristic (ROC)
curve analysis con�rmed the signature's diagnostic performance. Additionally, multivariate Cox
regression analysis suggested that the risk score was an independent prognostic factor. Additionally, we
veri�ed the prognostic performance of the risk model in the testing cohort (n=156), and the entire group
(n=530) using Kaplan-Meier curve and ROC curve analyses. Functional analysis indicated that several
carcinogenic pathways were enriched, and tumor-in�ltrating immune cell abundances, and the expression
levels of immunosuppressive molecules were different between two risk groups. Finally, external
databases (ONCMINE, GEPIA, HPA, Kaplan-Meier plotter and cbioportal) were used to con�rm the
expression patterns, prognostic value, and genetic mutations of 7 hub FRGs in ccRCC.

Conclusions: Collectively, we successfully constructed a novel ferroptosis-related risk signature that was
signi�cantly associated with the prognosis of ccRCC.

Introduction
Renal cell carcinoma (RCC) is one of the most lethal types of urogenital malignancies, accounting for
approximately 2-3% of malignancies[1]. Thereinto, clear cell renal cell carcinoma is the most common
pathological type of RCC, which exhibits high mortality and poor prognosis[2]. Surgical resection is the
most ideal option for localized ccRCC, however, around 20%-40% of postoperative patients experience
recurrence or metastasis[3, 4]. Recurrence and metastasis are the major reasons of ccRCC-related
mortality[5]. Although the development of treatment, the prognosis of this disease still poor, especially for
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advanced metastasis patients[6-8]. Hence, it is signi�cantly urgent to search for more sensitive therapeutic
biomarkers and investigate its precise mechanisms

Ferroptosis, a novel discovered form of regulated cell death, is different from apoptosis, cell necrosis, and
autophagy[9, 10]. It is de�ned as an oxidative, iron‐dependent form of programmed cell death that is
usually accompanied by the accumulation of reactive oxygen species (ROS) and lipid peroxides[11]. The
system XC¯ inhibition and glutathione peroxidase 4 (GPX4) inactivation are the two crucial mechanisms
of ferroptosis activation[12, 13]. System XC¯ simultaneously transports cystine into the cells and exports
glutamate outside the cells. The system XC¯ inhibition reduces the intracellular cysteine (the precursor for
the synthesis of GSH). GSH plays a vital role in cellular antioxidant defenses. GSH depletion leads to the
iron‐dependent accumulation of ROS and subsequent ferroptosis. GPX4 plays a crucial role in preventing
ferroptosis, GPX4 uses GSH as a co‐factor for catalyzing peroxides into lipid alcohols, thus limiting the
accumulation of lipid peroxides. Preclinical trials con�rmed that knocking out GPX4 resulted in
embryonic lethality and accumulation of large amounts of lipid peroxides[14].

In recent years, there has been a great deal of effort to investigate the molecular mechanisms of
ferroptosis in cancer development[15], emerging evidence showed that triggering ferroptosis could inhibit
tumor progression, and inhibiting ferroptosis has the opposite effect[16]. The roles of ferroptosis in tumor
treatment has gradually been discovered. Sorafenib could induce ferroptosis of hepatocellular carcinoma
cells by inhibiting system xc and depleting GSH[17]. Additionally, Lapatinib could cause ferroptosis of
breast cancer cells when it is used with siramesine[18]. Targeting ferroptosis-related regulators is a
promising strategy for cancer therapy. However, only a few studies have in-depth investigated the
ferroptosis-related genes and pathways in ccRCC. During the initial and progression of ccRCC, the
detailed signal transduction mechanisms and vital regulatory factors of ferroptosis remains largely
unknown.

Herein, we systematically investigated the characteristics of ferroptosis-related genes in ccRCC based on
data from the TCGA database, Figure 1 showed the work�ow of this study. In conclusion, we constructed
a predictive model based on ferroptosis-related genes to assist clinicians in prognostic strati�cation and
clinical decisions of ccRCC patients.

Materials And Methods
Data Source

The RNA-sequencing data of 539 ccRCC samples and 72 normal renal samples, normalized by fragments
per kilobase of transcript per million mapped reads (FPKM), was downloaded from TCGA database
(https://portal.gdc.cancer.gov/). Duplicate specimens and any samples with unavailable or unknown
survival time data will be excluded, and �nally we obtained RNA sequencing pro�le of 72 normal renal
specimens and 530 ccRCC specimens. Meanwhile, corresponding clinicopathological variables of 530

https://portal.gdc.cancer.gov/
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patients with ccRCC, including age, gender, clinical stage, histological grade, tumor size (T status), distant
metastasis (M status), and lymph node metastasis (N status) were obtained and listed in Table 1.

Differentially expression ferroptosis-related genes (DE-FRGs) and functional enrichment analysis

The "limma" package built in R was used to identify the differentially expressed ferroptosis-related genes
(DE-FRGs) between ccRCC specimens and normal control specimens. Adjusted P < 0.05 and |log2fold
change (FC)|≥1 was considered statistically signi�cant. Gene Ontology (GO) and the Kyoto Encyclopedia
of Genes and Genomes (KEGG) analyses of DE-FRGs were explored using the “clusterPro�ler” R package.
All functional enrichment items with the false discovery rate (FDR) ≤0. 05 were considered signi�cant.

Development and validation of a prognostic ferroptosis-related gene signature

Firstly, we performed univariate Cox analysis to identify DE-FRGs associated with overall survival, and
genes with the cut-off value of p < 0.05 were considered signi�cant. Secondly, using the “glmnet” R
package, LASSO regression analysis was used to minimize the variables and chose the most signi�cant
prognosis-associated DE-FRGs. Thirdly, all Patients in TCGA dataset was randomly divided into training
set and test set according to the ratio of 7:3. Subsequently, we conducted stepwise multivariate Cox
regression analysis in the training cohort to identify prognosis-related hub FRGs and construct the
prognostic signature. Afterwards, risk score of each ccRCC patients was computed with the following
formula: exp gene 1 * β gene 1 + exp gene 2 * β gene 2 + exp gene 3 * β gene 3 + … exp gene n * β gene n
(exp gene represents the relative expression level, β represents the regression coe�cient). To assess the
prognostic role of the gene model. The ccRCC patients in the training cohort were categorized into low-
risk and high-risk groups based on the median value of the risk score, then the overall survival rate
between low-risk and high-risk groups was estimated using the Kaplan Meier survival curve analysis, and
differences in survival rate were compared using Log-rank test. The area under the receiver operating
characteristic (ROC) curve (AUC) was calculated using the “survival ROC” R package to assess the
predictive performance of prognostic model. Based on the median value of risk score from the training
set, patients in the test set and entire group were also classi�ed into low-risk and high-risk groups.
Similarly, the Kaplan-Meier survival curves and ROC curves were used to test the prognostic performance
of the risk model.

Identi�cation of the prognostic factors for overall survival in ccRCC

Uni- and multivariate cox regression analyses were conducted to identify the independent prognostic
factors, including age, gender, stage, grade, TNM status and risk scores of training set. A value of p < 0.05
was regarded as statistically signi�cant. Furthermore, we assessed the relationship between risk scores,
prognosis-related hub FRGs and clinicopathological parameters of ccRCC patients in training set with
Wilcoxon-signed rank test.

Functional enrichment analysis of the prognostic Signature
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To illustrate the potential biological mechanisms and signaling pathways associated with the risk score,
the "clusterPro�ler" R package was utilized to perform GO and KEGG analyses based on the DEGs
(Adjusted P < 0.05 and |log2fold change (FC)|≥1) between the high-risk and low-risk groups. The cut-off
criterion was Benjamin-Hochberg adjusted p < 0.05 for all functional enrichment items.

Estimation of TICs

To investigate the relationship between risk scores and the immune microenvironment,

the content of tumor-in�ltrating immune cells was calculated based on the mRNA expression matrix
using the CIBERSORT algorithm. Subsequently, using the Wilcoxon-signed rank test, we performed a
quantitative comparison of the distribution of TIC subtypes between high and low-risk groups in the
training cohort. Likewise, we assessed the association between the risk scores with the expression levels
of several immunosuppressor regulators. A P-value < 0.05 was considered statistically signi�cant.

External validation of the prognosis-related hub FRGs

The ONCOMINE (https://www.oncomine.org/resource/main.html) and GEPIA (http://gepia.cancer-
pku.cn/) database were employed to validate the expression patterns of the hub FRGs at the transcript
levels. The Human Protein Atlas database (https://www.proteinatlas.org/) was used to explore the protein
expression levels of hub FRGs in ccRCC. Kaplan-Meier plotter database (http://www.kmplot.com/) was
utilized to assess the prognostic role of hub FRGs in ccRCC. Finally, cBioportal for Cancer Genomics
(https://www.cbioportal.org/) was used to explore the genetic alterations of the prognostic genes in
ccRCC.

Results
DE-FRGs identi�cation and functional enrichment analysis

As listed in TableS1, a total of 293 ferroptosis-related genes were obtained from FerrDb database
(http://www.zhounan.org/ferrdb/operations/download.html), GeneCards database
(https://www.genecards.org/Search/Keyword?queryString=ferroptosis) and the previous literature. Then
we obtained 71 DE-FRGs with the screening conditions mentioned above, including 34 down-regulated
FRGs and 37 up-regulated FRGs (Figure 2A). Figure 2B showed the top 10 up- and down-regulated FRGs.
Subsequently, we conducted the GO and KEGG analyses using the “clusterPro�ler” R package to
investigate the potential biological action mechanisms and signaling pathways of these DE-FRGs. As
illustrated in Figure 3A, in the BP group, these DE-FRGs were mainly involved in carboxylic, organic, and
unsaturated fatty acid biosynthetic process, response to hypoxia, and smooth muscle cell proliferation; in
the CC group, these genes were signi�cantly involved in membrane raft, membrane microdomain and
apical plasma membrane; in the MF group, the DE-FRGs were enriched in oxidoreductase activity, and iron
ion, coenzyme, heme and tetrapyrrole binding. Additionally, KEGG analysis revealed that several

https://www.oncomine.org/resource/main.html
http://gepia.cancer-pku.cn/
https://www.proteinatlas.org/
http://www.kmplot.com/
https://www.cbioportal.org/
http://www.zhounan.org/ferrdb/operations/download.html
https://www.genecards.org/Search/Keyword?queryString=ferroptosis
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carcinogenic signaling pathways, such as Ferroptosis, HIF−1 signaling pathway, central carbon
metabolism in cancer and MicroRNAs in cancer, were enriched among the DE-FRGs (Figure 3B)

Development and validation of a prognostic ferroptosis-related gene signature

Using univariate Cox analysis regression, totally 32 DE-FRGs signi�cantly associated with patients’ OS
were identi�ed (TableS2). Regulators of the 12 genes were remained using the LASSO regression (Figures
4A-4B), which minimizes the risk of over�tting. Subsequently, we divided all patients randomly into
training set (n=374) and test set (n=156) according to the ratio of 7:3. Then, we identify 7 hub FRGs
(HMGCR, MT1G, BID, EIF4A1, FOXM1, TFAP2C and CHAC1) and construct a prediction risk signature by
stepwise multivariate Cox regression analysis (Figure 4C and Table 2). The HMGCR was considered as
protective factors with HR < 1, whereas MT1G, BID, EIF4A1, FOXM1, TFAP2C and CHAC1 were risk factors
with HR > 1. The risk score of each patient is calculated as the following formula: Risk score =
(-0.430*HMGCR) + (0.077 * MT1G) + (0.471* BID) + (0.318* EIF4A1) + (0.319 * FOXM1) + (0.348*
TFAP2C) + (0.364* CHAC1). In addition, we evaluated the prognostic value of in ccRCC, and Kaplan-Meier
survival analysis showed that overexpression of MT1G, BID, EIF4A1, FOXM1, TFAP2C, CHAC1 and low
expression of HMGCR were associated with the poor OS of patients with ccRCC (Figure 4D-4J). Then, 374
ccRCC patients in the training set were divided into the low-risk group and the high-risk group according
to the median value risk score. Kaplan–Meier curve analysis showed that high-risk predicted poor overall
survival (Figure 5A). Figure 5B showed the distribution of the risk score, survival status of patients and
heatmap plot of the seven hub FRGs between high and low risk group. ROC curve analysis showed that
the area under the ROC curve for 1-year, 3-year, and 5-year OS were 0.773, 0.723, 0.731 (Figure 5C).
Subsequently, patients in the testing set and the entire group were dichotomized into high-risk and low-
risk group based on the median value risk score as the cutoff in the training set. We observed that high
risk score indicated a shorted overall survival rate and increased deaths both in the testing set and the
entire group (Figure 6A, 6B, 7A and 7B). Additionally, in the testing set, AUC was 0.659 for 1-year OS,
0.689 for 3-year OS, and 0.783 for 5-year OS, respectively (Figure 6C), in the whole group, AUC was 0.736
for 1- year OS, 0.712 for 3-year OS, and 0.749 for 5-year OS, respectively (Fig. 7C).

Identi�cation of independent prognostic factors

In Univariate analysis, we found that 7-FRG based prognostic signature (HR = 1.396, p <0.001), age (HR
=1.029; p = 0.007), histological grade (HR = 2.603; p <0.001), clinical stage (HR = 2.091; p <0.001), T
status (HR=2.640; p <0.001), N status (HR=4.345; P=0.002) and M status (HR = 4.333; p <0.001) were
associated with poorer overall survival of patients with ccRCC (Figure 8A). Furthermore, multivariate
survival model after variable selection showed that age (HR = 1.066; p <0.001), M status (HR = 4.548; p
=0.005), and the 7-FRG based prognostic signature (HR = 1.284; p <0.001) were independently associated
with unfavorable OS of ccRCC patients (Figure 8B).

Relationship between the hub FRGs with clinicopathological parameters
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Based on the Wilcoxon-signed rank test, we explored the association between clinicopathological
parameters and the mRNA expression levels of seven hub FRGs. We found that patients with lower
HMGCR expression level showed a higher histological grade (Figure 9A). As for BID, its gene expression
level was correlated with clinical stage, -histological grade, and TMN classi�cations (Figure 9B-9F).
Patients with T3–4 status had higher EIF4A1 expression than patients with T1–2 status (Figure 9G).
Increased expression of FOXM1 was signi�cantly related to a high histological grade, advanced clinical
stage and high TMN status (Figure 9H-9L). Upregulation of TFAP2C expression was signi�cantly
associated with an advanced clinical stage and high T status (Figure 9M-9N). Patients with T3–4 status
had higher CHAC1 expression than patients with T1–2 status (Figure 9O). In addition, we observed that a
high-risk score associated signi�cantly with an advanced clinical stage, high histological grade and TMN
classi�cations (Figure 9P-9T). However, no signi�cant correlation was found between the MT1G
expression level and clinical features of ccRCC.

Functional analyses related to the 7-FRG based prognostic signature

To explore the potential biological mechanisms and signaling pathways that were associated with the 7-
FRG based prognostic signature, the DEGs between the high-risk and low-risk groups were used to
conduct GO and KEGG analyses. As illustrated in Figure 10A, the main biological processes (BP) involved
include extracellular structure organization, epidermis development, extracellular matrix organization,
negative regulation of proteolysis, hormone metabolic process, negative regulation of peptidase activity,
negative regulation of endopeptidase activity, cellular hormone metabolic process, corni�cation and
acute−phase response. The most abundant cellular component (CC) terminology was
collagen−containing extracellular matrix, presynapse, endoplasmic reticulum lumen, blood microparticle,
anchored component of membrane, collagen trimer, Golgi lumen, high−density lipoprotein particle,
plasma lipoprotein particle and lipoprotein particle. The most abundant molecule function (MF) term was
receptor ligand activity, metal ion transmembrane transporter activity, G protein−coupled receptor binding,
serine hydrolase activity, serine−type endopeptidase activity, serine−type peptidase activity, cytokine
activity, peptidase inhibitor activity, sodium ion transmembrane transporter activity and hormone activity.
Results of the KEGG pathway analysis showed that the most abundant pathways were Neuroactive
ligand−receptor interaction, Cytokine−cytokine receptor interaction, Protein digestion and absorption,
IL−17 signaling pathway, Complement and coagulation cascades, Hypertrophic cardiomyopathy,
Arachidonic acid metabolism, Mineral absorption, Linoleic acid metabolism and Phototransduction
(Figure 10B).

Association of the 7-FRG based prognostic signature with tumor-in�ltrating immune cells and immune
checkpoints

To uncover the relationship between the FRG-based prognostic model and tumor immune
microenvironment (TME), we explored the difference of tumor-in�ltrating immune cells between two
groups. The results showed the abundance of Dendritic cells resting, Macrophages M2, Mast cells resting
and Monocytes were signi�cantly enriched in the low-risk group (Figure 11A-11D). However, Macrophages
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M0, Plasma cells, T cells follicular helper and T cells regulatory (Tregs) enriched more in the high-risk
group (Figure 11E-11H). Tumor cells could escape from immune response by activating the immune
checkpoint pathway. Thus, we estimated the association between the expression level of immune
checkpoints and the FRG-based prognostic model, and results showed that PDCD1, CTLA4, LAG3, CD276
and TIGIT were highly expressed in patients with high-risk score (Figure 12A-12E). These results
collectively suggest that the changes in the proportion of immune in�ltrating cells and the expression of
crucial immune checkpoints might be associate with the risk strati�cation of ccRCC.

External veri�cation of the hub FRGs

Using the ONCOMINE database, we found that HMGCR, MT1G, TFAP2C and CHAC1 were signi�cantly
down-regulated in ccRCC samples by comparison with normal renal samples, whereas BID and EIF4A1
were highly expressed in ccRCC specimens compared to noncancerous specimens (Figure 13A and Table
3). However, no difference of FOXM1 relative expression was found between ccRCC tissues and healthy
control tissues. We also evaluated the expression levels of the hub FRGs in ccRCC samples and normal
samples with GEPIA. Results showed that MT1G and CHAC1 were signi�cantly lower in ccRCC samples
than normal renal samples, BID and FOXM1 were signi�cantly higher in ccRCC specimens than
noncancerous specimens, however, there was no signi�cant difference in HMGCR, EIF4A1 and TFAP2C
expression between ccRCC and normal renal tissues (Figure 13B-13H). In addition, the representative
protein expression of HMGCR, BID, EIF4A1, FOXM1, TFAP2C and CHAC1 was investigate in the Human
Protein Pro�les and shown in Figure 13I-13N. However, MT1G was not found on the website. The value of
the hub FRGs in the overall survival of ccRCC patients was also assessed using the Kaplan-Meier plotter
database, and results showed that overexpression of MT1G, BID, EIF4A1, FOXM1, TFAP2C, CHAC1 and
low expression of HMGCR were related to the poor OS of patients with ccRCC (13O-13U), which are
consistent with our above results. Furthermore, we analyzed the genetic alterations of the hub FRGs in
ccRCC using the cBioportal database and results were exhibited in Figure 13V.

Discussion
Unlike autophagy and apoptosis, ferroptosis, a novel form of regulated cell death, has unique
characteristics in morphology, biochemistry, and genetics[9, 10]. Mechanistic studies have suggested that
system XC¯ inhibition, GSH depletion or GPX4 inhibition, and iron-dependent ROS accumulation would
induce cellular ferroptosis. Accumulating evidence have indicated that ferroptosis played a vital role in
tumor biology[15]. It has recently been shown that promotion of ferroptosis could be exploited to treat
cancer, and ferroptosis inducers exhibited great potential to improve therapeutic performance[16, 19]. For
instance, Markowitsch et al have demonstrated that artesunate could inhibit growth of sunitinib-resistant
renal cell carcinoma cells through cell cycle arrest and induction of ferroptosis[20]. Sulfasalazine, a
system xc- inhibitor, could inhibit cysteine uptake and lead to ferroptosis of glioma cells[21]. Cisplatin was
recognized as a ferroptosis-inducer, which could reduce GSH depletion and GPXs inactivation, resulting in
ferroptosis in A549 and HCT116 cells[22]. Therefore, ferroptosis -related biomarkers exhibit great potential
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for risk strati�cation and for exerting prognostic value. In previous studies, ferroptosis-related signatures
have been identi�ed as independent prognostic factors in several malignancies[23-26], however, the
potential value of ferroptosis-related signature for predicting prognosis in ccRCC is lacking.

Herein, we established a novel predictive model based on seven FRGs, which performed well in stratifying
the risk groups of ccRCC in both TCGA training cohort, testing cohort and the entire group. Uni- and
multivariate Cox analysis suggested that the 7-FRG based prognostic signature was independent of other
clinicopathological variables. The prognostic model in our study was composed of a protective gene
(HMGCR) and six risk-related genes FRGs (MT1G, BID, EIF4A1, FOXM1, TFAP2C and CHAC1). HMGCR
was an enzyme involved in cholesterol synthesis, Kenichi Shimada et al have reported that HMGCR
inhibition could enhanced FIN56 lethality (a new speci�c ferroptosis-inducer) and sensitivity to FIN56-
induced ferroptosis[27]. In HCC cells, MT1G have been identi�ed as an accomplice of sorafenib resistance,
MT-1G knockdown by RNA interference signi�cantly increased glutathione depletion and lipid
peroxidation, which result in sorafenib-induced ferroptosis[28]. BID was a member of the BCL-2 family of
cell death regulators, knockdown of BID inhibited pharmacologically induced ferroptosis[29].
Circ_0008035 promoted cell proliferation and inhibited apoptosis and ferroptosis in gastric cancer
through regulating the miR-599/EIF4A1 axis, increased EIF4A1 expression levels partially reversed the
effects of circ_0008035 de�ciency on iron accumulation, lipid peroxidation and mitochondrial membrane
potential in GC cells[30]. FOXM1 was a crucial transcriptional regulator of Forkhead box (FOX)
superfamily, inhibition of FOXM1 increased erastin-induced ferroptosis in in melanoma cells[31]. TFAP2C
was a member of the retinoic acid-inducible AP-2 factor, which played an important role in cell
differentiation, tissue development and tumor biology, it could positively regulate the expression of GPX4,
ultimately inhibiting GPX4-dependent ferroptotic death[32]. CHAC1, a member of the gamma-
glutamylcyclotransferase family of proteins, play an important role in regulation of glutathione levels and
oxidative balance in the cell[33], and previous studies have shown that overexpression of CHAC1
promoted ferroptosis in Burkitt's Lymphoma[34]. However, whether HMGCR, MT1G, BID, EIF4A1, FOXM1,
TFAP2C and CHAC1 played roles in the occurrence and development of ccRCC by affecting the
ferroptosis remains to be addressed, relevant studies are very less.

Based on the DEGs between different risk groups, GO and KEGG analyses were conducted to uncover the
potential biological mechanisms and pathways associated this prognostic signature, and we found that
several carcinogenic pathways were enriched, which included some immune-related signaling pathways,
such as the IL-17 signaling pathway and cytokine−cytokine receptor interaction. They were both crucial
immune signaling pathways, with the former could promote M2 polarization of tumor-associated
macrophages (TAMs) via the NF-κB signaling pathway, providing important support for tumor
progression and metastasis[35], and the latter could regulate cytokine interactions and thus promoting
cancer development and progression[36]. Considerable evidence showed that the immune
microenvironment played a crucial role in the carcinogenesis and progression of malignancies[37]. In the
study, we assessed the the pro�les of immune cell composition in high- and low-risk groups, and results
showed that ccRCC patients with high-risk scores identi�ed by the ferroptosis and iron metabolism
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signatures had higher proportions of Macrophages M0, Plasma cells, T cells follicular helper and T cells
regulatory (Tregs), suggesting a regulatory in�uence on tumor immune microenvironment, and also
indicating that stronger immunosuppressive effect in ccRCC patients with high-risk scores may be an
important cause for their poor prognosis. In addition, we con�rmed that immune checkpoints, such as
PDCD1, CTLA4, LAG3, CD276 and TIGIT, were highly expressed in the high-risk group by comparison with
low-risk group. These differences avoid immune surveillance and further promote the growth and
progression of ccRCC, also suggested that patients with high-risk scores might bene�t more from
immune checkpoint inhibitors.

In conclusion, we con�rmed that risk signature based on seven ferroptosis-related genes might be
effective in risk classi�cation and able to serve as an independent prognostic factor for the overall
survival of patients with ccRCC. However, further in vitro and in vivo experiments must be carried out to
investigate the potential action mechanisms behind ferroptosis-related genes and the survival outcome
of ccRCC.
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Tables
Table 1. Characteristics of clear cell renal cell carcinoma patients in the TCGA database.
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Clinical parameters Variable Total (n=530) Percentages (%)

age ≤60 264 49.81

  60 266 50.19

gender female 186 35.09

  male 344 64.91

Histological grade G1 14 2.64

  G2 227 42.83

  G3 206 38.87

  G4 75 14.15

  GX 5 0.94

  unknow 3 0.57

clinical stage stage I 265 50

  stage II 57 10.74

  stage III 123 23.21

  stage IV 82 15.48

  unknow 3 0.57

T classi�cation T1 271 51.13

  T2 69 13.02

  T3 179 33.77

  T4 11 2.08

Distant metastasis M0 420 79.25

  M1 78 14.72

  MX 30 5.66

  unknow 2 0.37

Lymph nodes N0 239 45.09

  N1 16 3.02

 NX 275 51.89

TCGA, The Cancer Genome Atlas.
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Table 2. Multivariate Cox regression analysis to identify prognosis related hub FRGs

Id coef HR HR.95L HR.95H pvalue Expression

HMGCR -0.430 0.650 0.414 1.022 0.062 down

MT1G 0.077 1.080 0.983 1.187 0.111 down

BID 0.471 1.602 0.939 2.731 0.084 up

EIF4A1 0.318 1.375 1.076 1.758 0.011 up

FOXM1 0.319 1.375 1.083 1.746 0.009 up

TFAP2C 0.348 1.416 0.999 2.006 0.051 down

CHAC1 0.364 1.439 1.141 1.816 0.002 down

FRGs, ferroptosis-related genes

Table 3. The signi�cant changes of hub FRGs expression in transcription level between different types of
ccRCC and normal renal tissues (Oncomine database).
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Gene Types of ccRCC vs. normal samples Fold
change

P value t-test

HMGCR Non-Hereditary Clear Cell Renal Cell Carcinoma vs.
Normal

-2.103 2.13E-
07

-6.672

MT1G Clear Cell Renal Cell Carcinoma vs. Normal -8.244 1.33E-
11

-13.545

  Clear Cell Renal Cell Carcinoma vs. Normal -6.018 1.61E-
05

-6.857

  Clear Cell Renal Cell Carcinoma vs. Normal -2.029 7.22E-
14

-12.127

  Non-Hereditary Clear Cell Renal Cell Carcinoma vs.
Normal

-13.728 1.49E-
08

-9.055

  Hereditary Clear Cell Renal Cell Carcinoma vs.
Normal

-16.308 2.81E-
08

-10.545

  Clear Cell Renal Cell Carcinoma vs. Normal -9.757 7.40E-
07

-10.348

BID Non-Hereditary Clear Cell Renal Cell Carcinoma vs.
Normal

3.084 4.84E-
09

9.461

  Hereditary Clear Cell Renal Cell Carcinoma vs.
Normal

2.900 3.20E-
08

9.623

  Clear Cell Renal Cell Carcinoma vs. Normal 2.127 1.00E-
03

5.642

EIF4A1 Non-Hereditary Clear Cell Renal Cell Carcinoma vs.
Normal

2.172 1.16E-
08

9.959

  Clear Cell Renal Cell Carcinoma vs. Normal 2.416 6.33E-
10

7.945

FOXM1 NA NA NA NA

TFAP2C Clear Cell Renal Cell Carcinoma vs. Normal -4.357 4.36E-
05

-4.722

RPL18A Clear Cell Renal Cell Carcinoma vs. Normal -2.566 5.00E-
03

-3.105

FRGs, ferroptosis-related genes; ccRCC, clear cell renal cell carcinoma.

Figures
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Figure 1

Flow chart of the study.
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Figure 2

Identi�cation of differentially expressed ferroptosis-related genes (DE-FRGs) between normal tissues and
ccRCC tissues. (A) The heat map of DE-FRGs; (B) The top 10 up-regulated and down-regulated DE-FRGs.
ccRCC, clear cell renal cell carcinoma.



Page 19/29

Figure 3

Representative results of GO and KEGG. (A) Signi�cantly enriched GO terms of DE-FRGs; (B) KEGG
signaling pathway analysis of DE-FRGs. GO, Gene Ontology; BP, biological process; CC, cellular
component; MF, molecular function; KEGG, Kyoto Encyclopedia of Genes and Genomes pathways; DE-
FRGs, differentially expressed ferroptosis-related genes.
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Figure 4

Identi�cation of prognosis related hub FRGs. (A, B) LASSO regression identi�ed 12 FRGs; (C) Multivariate
Cox regression analysis to identify prognosis related hub FRGs; (D-J) Kaplan–Meier survival curves of
seven hub FRGs. FRGs, ferroptosis-related genes; LASSO, Least absolute shrinkage and selection
operator.
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Figure 5

Development of the prognostic signature based on seven ferroptosis-related genes (FRGs) in the TCGA
training set. (A) Survival analysis between signature-de�ned risk groups; (B) Relationship among the risk
score (upper), the expression pro�les of the seven prognostic genes (middle), and survival status of
patients in different groups (bottom) in the training dataset. (C) Time-dependent ROC curve of the 7-FRG
prognostic signature. ROC, receiver operating characteristic curve; TCGA, The Cancer Genome Atlas.
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Figure 6

Validation of the prognostic signature based on seven ferroptosis-related genes (FRGs) in the TCGA
testing cohort. (A) The Kaplan–Meier survival curves of the 7-FRG prognostic signature; (B) Relationship
among the risk score (upper), the expression pro�les of the seven prognostic genes (middle), and survival
status of patients in different groups (bottom) in the testing cohort; (C) Time-dependent ROC curve of the
7-FRG prognostic signature in the TCGA testing cohort. ROC, receiver operating characteristic curve;
TCGA, The Cancer Genome Atlas.
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Figure 7

Validation of the prognostic signature based on seven ferroptosis-related genes (FRGs) in the entire
TCGA-KIRC dataset. (A) The Kaplan–Meier survival curves of the 7-FRG prognostic signature; (B)
Relationship among the risk score (upper), the expression pro�les of the seven prognostic genes (middle),
and survival status of patients in different groups (bottom) in the entire TCGA-KIRC dataset; (C) Time-
dependent ROC curve of the 7-FRG prognostic signature in the entire TCGA-KIRC dataset. ROC, receiver
operating characteristic curve; TCGA, The Cancer Genome Atlas; KIRC, Kidney renal clear cell carcinoma.
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Figure 8

Univariate analysis and multivariate analysis of risk factors for prognosis in TCGA-KIRC training cohort.
(A) Univariate Cox regression analysis; (B) Multivariate Cox regression analysis. TCGA, The Cancer
Genome Atlas; KIRC, Kidney renal clear cell carcinoma.
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Figure 9

The relationship between seven hub FRGs and clinical parameters in the TCGA-KIRC training cohort
patients. FRGs, ferroptosis-related genes; KIRC, Kidney renal clear cell carcinoma.
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Figure 10

Functional analysis of differentially expressed genes between high and low risk groups. (A) Signi�cantly
enriched GO terms; (B) KEGG signaling pathway analysis. GO, Gene Ontology; BP, biological process; CC,
cellular component; MF, molecular function; KEGG, Kyoto Encyclopedia of Genes and Genomes
pathways.



Page 27/29

Figure 11

Differences in tumor immune in�ltrating cell abundances between high and low risk groups. (A-D)
Dendritic cells resting, Macrophages M2, Mast cells resting and Monocytes were signi�cantly enriched in
the low-risk group; (E-H) Macrophages M0, Plasma cells, T cells follicular helper and T cells regulatory
(Tregs) enriched more in the high-risk group.

Figure 12

Differences in immune checkpoint expression between high and low risk groups (A) PDCD1; (B) CTLA4;
(C) LAG3; (D); (E) CD276; (F) TIGIT.
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Figure 13

External validation of seven hub FRGs. (A) Expression levels of hub FRGs in different types of human
cancers (ONCOMINE database); (B-H) Transcription levels of hub FRGs in KIRC (GEPIA database); (I-N)
Immunohistochemistry analysis for hub FRGs in ccRCC (HPA database); (O-U) Kaplan–Meier survival
curves of seven hub FRGs (Kaplan-Meier plotter database); (V) Mutation Analysis of hub FRGs in KIRC
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(cBioPortal database). FRGs, ferroptosis-related genes; ccRCC, clear cell renal cell carcinoma; KIRC,
Kidney renal clear cell carcinoma.
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