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Abstract
Objective: We developed a predictive model associated with ferroptosis to provide a more comprehensive view
of kidney renal clear cell carcinoma (KIRC) immunotherapy.

Methods: Gene expression data and corresponding clinical outcomes were obtained from the GEO and The
Cancer Genome Atlas (TCGA) databases, and a ferroptosis-related gene set was obtained from the FerrDb
database.

Results: We identi�ed 17 ferroptosis-related genes that were differentially expressed, including enrichment in
genes involved in the immune system process. We established a ferroptosis-related gene-based prognostic
model based on the results of univariate Cox regression and multivariate Cox regression analyses, with an area
under the curve (AUC) of 0.644 (3 years). We found that the higher exprssion of MT1G, LAMP2 and MIOX
showed a higher proportion of CD8+ T cells, CD4+ memory activated T cells, etc. Finally, a predictive
ferroptosis-related prognostic nomogram, which included the predictive values of age, gender, grade, TNM
stage, and risk score, was established to predict overall survival.

Conclusions: In sum, we developed a ferroptosis-related gene-based prognostic model that provides novel
insights into the prediction of KIRC prognosis and identi�es the relevance of the immune microenvironment for
patient outcomes.

Introduction
Renal cell carcinoma(RCC) is one of the most common malignant tumors of the urinary system, after bladder
cancer, accounting for 46.3% of all new cancer cases of the urinary system. According to the cancer statistics,
there will be about 73,750 new cases and 14,830 new deaths in the United States in 2020[1]. Kidney renal clear
cell carcinoma(KIRC) is the most common subtype of renal cell carcinoma, representing 70-85%[2]. At present,
lots of risk factors associated with the occurrence and progression of KIRC have been reported, such as
smoking[3], obesity[4], alcohol[5], hypertension[6], occupational exposure and drugs[7-8]. Although great
breakthroughs have been made in the diagnosis, treatment and prognosis of KIRC, the prognosis of patients
with KIRC is still unsatisfactory[9], with about 30% of patients have tumor recurrence after being considered
disease-free[10-11]. In 2020, about 179,368 patients died of RCC[12]. Currently, the pathogenesis of KIRC is
unknown, and no sensitive tumor biomarkers have been identi�ed. Therefore, there is an urgent need to identify
effective therapeutic targets or to �nd promising prognostic biomarkers in KIRC.

Cell death plays an important role in maintaining normal development homeostasis and inhibiting excessive
proliferation of tumor cells[13]. It can be divided into two categories: accidental cell death (ACD) and regulated
cell death (RCD). RCD mainly includes apoptosis, programmed necrosis, pyrosis and ferroptosisis. The main
characteristics of ferroptosisis are the accumulation of ferrous ions and the aggregation of lipid peroxides on
the membrane14]. Ferroptosisis not only participates in some pathological processes as a stress response[15-16],
but also contributes to the anticancer effect of some tumor suppressors (such as BaP1 and p53)[17-18]. It is
highly sensitive to ferroptosisis in tumor cells with inherent or acquired drug resistance[19-20], and is closely
related to the effect of tumor immunotherapy[21]. Whether ferroptosisis can participate in the body's
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development and normal physiological process as programmed death such as apoptosis and autophagy is still
under active research, but there are many reports about the potential role of ferroptosisis in tumor[22-23]. Most
tumors are in a state of high oxidative stress, so that tumor cells also need to increase the scavenging capacity
of ROS to prevent oxidative damage. Therefore, most tumor cells (such as hepatocellular carcinoma,
osteosarcoma, prostate cancer, ovarian cancer, etc.) are more vulnerable to iron death[24]. Moreover, ferroptotic
cancer cells might release signals like oxidized lipid mediators to affect anti-tumor immunity, or a small
proportion of cells undergoing ferroptosis might suppress the immune system and allow tumor growth[25]. 

Given the existing �ndings, we know that ferroptosisis plays an important role in the development of tumours
and antitumour processes; however, its speci�c functions in KIRC have been less studied. Thus, we performed a
systematic study to determine the expression levels of pyroptosis-related genes between normal renal and KIRC
tissues, explore the prognostic value of these genes, and study the correlations between pyroptosis and the
tumour immune microenvironment.

Results
Differentially expressed ferroptosis signatures in KIRC

The information of GEO datasets used is listed in Table 1. Following the differential gene analysis, 1072
dysregulated genes were obtained from GEO: GSE168845, with 422 genes showing upregulation and 650
showing downregulation, and 572 dysregulated genes from GEO: GSE105261, with 194 genes showing
upregulation and 380 showing downregulation. Finally, we obtained 886 dysregulated genes from GEO:
GSE11151, of which 343 genes were upregulated and 543 genes were downregulated (Figure 1A). Because the
ferroptosis-related genes obtained from the FerrDb database were experimentally validated, the differentially
expressed genes (DEGs) obtained from the GEO datasets were intersected with the ferroptosis-gene set to
obtain “differentially expressed ferroptosis genes”. The Venn diagram revealed that 17 ferroptosis-related
genes intersected between four datasets (Figure 1A). 

To explore the underlying mechanisms of the ferroptosis signatures in KIRC, we performed a functional
analysis. As shown in Figures 1B and Table 2, the Gene Ontology (GO) analysis results suggest that these
dysregulated ferroptosis genes are mainly enriched in iron ion binding,microvillus membrane and regulation of
transcription from RNA polymerase II promoter in response to stress. Furthermore, the protein-protein
interaction (PPI) network and MCODE plugin identi�ed the signi�cant modules in these ferroptosis
genes(Figure 1D).

The establishment and veri�cation of a ferroptosis-related prognostic model

Normalized mRNA expression data with corresponding patients’ information were obtained from TCGA-KIRC.
Univariate Cox regression analysis was �rst applied to detect the genes that were signi�cantly associated with
prognosis. As shown in Figures 2A–2G, seven ferroptosis-related genes were identi�ed as prognosis genes.
Meanwhile, expression analysis of the seven ferroptosis genes with prognostic value in KIRC samples
compared with normal tissues was made (Figure 3A-G). A forest plot showing the results of the univariate Cox
regression analysis is shown in Figure 2H. MT1G, PROM2, LAMP2 and MIOX were subsequently identi�ed as
independent prognostic signatures in a multivariate Cox regression (Table 3). Thus, a prognostic model was
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established based on the multivariate Cox regression. As shown in Figure 3, a risk score for each patient was
calculated as follows: lambda.min=0.0206, Riskscore=(0.0563)*MT1G+(-0.2932)*LAMP2+(-0.1039)*MIOX.
Then, a high-risk group and a low-risk group were strati�ed based on the median of the risk score. Moreover, t-
distributed stochastic neighbor embedding(t-SNE) and principal-component analysis(PCA) showed that the
patients in different groups were distributed in two directions. The median survival time of patients with a high
risk score was signi�cantly shorter than that of the patients with a low risk score (Figure 4B). Subsequently, we
created a receiver operating characteristic curve (ROC) to evaluate the prognosis prediction e�ciency of the
model, and we found the area under the curve (AUC) was 0.676 (1-year OS), 0.644 (3-year OS), and 0.674 (5-
year OS), indicating the predictive model was well established (Figure 3C). Finally, MT1G, LAMP2 and MIOX
was considered as prognostic value genes.

Construction of the nomogram

A predictive ferroptosis-related prognostic nomogram was established using the results of the multivariate
analysis. To identify the predictive value of age, gender, grade, TNM stage, and risk score, we used nomograms
to predict the 1-, 3-, and 5-year OS (Figure 5D). As shown, this nomogram was able to assess several variables
to predict a patient outcome, which is based on patient characteristics, including age, gender, TNM stage, and
risk score. Additionally, the predictive accuracy for OS is shown by the calibration curves. A calibration curve for
the predictive probability showed an accordant agreement for the 3-year OS (Figure 5E).

To explore the possible relationships between MT1G, LAMP2 and MIOX and multiple clinicopathologic factors,
correlation analysis was conducted via independent t tests. These fndings demonstrated that MT1G, LAMP2
and MIOX was statistically correlated with multiple clinicopathological factors(Figure 5A-C).

Correlation between risk score of ferroptosis-related-DEGs risks prognostic model and immune score

To further investigate the relationship between the ferroptosis-related-DEGs risks prognostic model and
expression levels at the immune cell level, Spearman correlation analysis was made between risk score and
immune score. The results(Figure 6) showed that the risk score was associated with expression of macrophage
M1(p=002), monocyte(p=0.001), and neutrophil(p=2.5*e-60) and so on. Assessment of the immune
microenvironment in KIRC

To evaluate the potential relationship between MT1G, LAMP2 and MIOX expression and immune in�ltration
levels in KIRC, we conducted the following analysis by using TIMER. First, we showed that several immune cell
in�ltration levels seemed to associate with altered MT1G, LAMP2 and MIOX gene copy numbers, including B
cells, CD4+ T cells, CD8+ T cells, macrophages, neutrophil and dendritic cells (DCs) in KIRC (Figure 7D-F). Then,
we showed that MT1G, LAMP2 and MIOX expression has markedly positively correlated with in�ltrating levels
of B cells, CD4+ T cells, CD8+ T cells, macrophages, neutrophil and dendritic cells (DCs) in KIRC (Figure 7A-C).
These results suggest that tumor-in�ltrating immune cells may have an in�uence on the clinical outcome of
MT1G, LAMP2 and MIOX in KIRC.

The KIRC population in the TCGA-KIRC database was divided into ferroptosis-related-DEGs low expression
group (G1) andferroptosis-related-DEGs high expression group (G2), and the correlation between the expression
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of ferroptosis-related-DEGs and immune-in�ltrating cells was analyzed. The results show that MT1G, LAMP2
and MIOX were highly correlated with the expression levels of a variety of immune in�ltrating cells (Figure 8).

Relationship between methylation and expression of MT1G, LAMP2 and MIOX

we also explored the correlation of MT1G, LAMP2 and MIOX expression levels and their methylation status.
Normalized mRNA expression data with corresponding patients’ information were obtained from TCGA-KIRC.
The difference of expression of methylation of m6A related genes in KIRC tissues with high and low MT1G,
LAMP2 and MIOX was shown in Figure 9A-C. The results suggest thatmethylation of m6A may have an
in�uence on the MT1G, LAMP2 and MIOX in KIRC.

TF-gene interactions and TF-miRNA coregulatory network

TF-gene interactions were collected using NetworkAnalyst. For MT1G, LAMP2 and MIOX, the TF-genes were
identi�ed. TF regulators’ interaction with MT1G, LAMP2 and MIOX is visualized in Figure 10A. The network
contains 46 nodes and 49 edges. LAMP2 is regulated by 6 TF-genes and MT1G is regulated by 16 TF-genes.
MIOX is regulated by 27 TF-genes. These TF-genes regulate more than one common DEGs ofthe network,
which indicates high interaction of the TF-genes with common DEGs. 

TF-miRNA coregulatory network is generated using NetworkAnalyst. The analysis of the TF-miRNA
coregulatory network delivers miRNAs and TFs interaction with the common DEGs. This interaction can be the
reason for regulating the expression of the DEGs. The network created for TF-miRNA coregulatory network
comprises 62 nodes and 61 edges. Figure 10B dispenses TF-miRNA coregulatory network.

Discussion
According to the cancer statistics report, more than 65000 patients are diagnosed with RCC, and nearly 15000
deaths happened in RCC patients in USA every year[33]. About one third of patients with localized RCC recurred
or had metastases after surgical treatment[34]. Currently, the prognosis of KIRC is unsatisfactory, with tumor
recurrence in about 30% of patients who are considered disease-free. Since sensitive biomarkers for KIRC have
not been identi�ed, we hope to explore and identify effective therapeutic targets and useful prognostic
biomarkers through the molecular mechanisms of KIRC occurrence and progression.

Selective induction of cancer cell death is the most effective anticancer therapy[35-36]. Increasing evidence has
shown that ferroptosis, a recently discovered type of programmed cell death, plays a crucial role in
tumorigenesis and cancer therapeutics e�cacy. Wang et al[37] elucidated that the cell ferroptosis was regulated
by CD8+ T cells and, in turn, can in�uence the e�cacy of cancer immunotherapy. Thus, understanding the
relationship between ferroptosis and the complex tumor immune microenvironment in KIRC may help identify
novel biomarkers for prognosis and targeted therapy. Currently, surgical resection, chemotherapy, and
radiotherapy are the three primary treatments for patients with KIRC. Although surgical resection is considered
an effective treatment for improving the survival of early-stage patients, the treatment for many patients with
advanced-stage disease is not satisfactory. Cancer immunotherapy provides novel therapeutic options for the
comprehensive treatment of advanced resectable KIRC.
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In the present study, we focused on ferroptosis-related genes and investigated their in�uence on prognosis. We
aimed to understand the relationship between the ferroptosis-related prognostic model and the immune
microenvironment to further identify potential biomarkers for prognosis detection and target therapy. First, we
analyzed DEGs from the GEO: GSE168845, GSE105261, and GSE11151 datasets, assessed intersection with a
validated gene set of ferroptosis obtained from the FerrDb database, and found 17 ferroptosis-related genes
were received. Of note, we did not take the intersection of four datasets because few genes were obtained, but
we summarized the intersection of each GEO dataset and a validated gene set of ferroptosis. Then, functional
analysis was performed based on the 17 ferroptosis-related genes, and this revealed that these genes were
associated with the immune system process. Univariate Cox and multivariate Cox regression analyses were
used to identify the ferroptosis genes with poor prognosis and build a ferroptosis-based prognostic model.
Finally, MT1G, LAMP2 and MIOX was considered as prognostic value genes. Subsequently, we studied the
immune cell in�ltration of the TME using TIMER. We found that the proportions of B cells, CD4+ T cells, CD8+ T
cells, macrophages, neutrophil and dendritic cells (DCs) were statistically signi�cant. we also explored the
correlation of MT1G, LAMP2 and MIOX expression levels and their methylation status. The results suggest
thatmethylation of m6A may have an in�uence on the MT1G, LAMP2 and MIOX in KIRC. Meanwhile, the
analysis of the TF-gene interactions and TF-miRNA coregulatory network delivers miRNAs and TFs interaction
with MT1G, LAMP2 and MIOX.

In 2016, sun et al published an article in the authoritative journal "pathology", which found that MT1G promoted
the drug resistance of hepatocellular carcinoma to sorafenib by inhibiting iron death. MT1G is a kind of small
molecular protein with highly conserved structure, which can induce metal responsive elements and regulate
the expression of related genes by binding with metal ions[38]. Lysosomal granule membrane protein (LAMP2)
is mainly expressed in placenta, lung and liver. In the past, it was considered to be a structural protein. Recent
studies suggest that LAMP2 not only performs the function of structural protein, but also participates in
autoimmune diseases, autophagy formation, endosome fusion, cholesterol transport, liver �brosis and other
physiological and pathological processes[39]. Myo-inositol oxygenase (MIOX), a renal proximal tubular-speci�c
enzyme, was identi�ed several years ago[40]. It catabolizes myo-inositol to d-glucuronate, and plays an
important role in renal tubular injury[41]. The MIOX promoter includes osmotic response elements, carbohydrate
response elements, oxidant response elements, and sterol response elements, and thus MIOX transcription is
modulated by oxidant stress, high glucose ambience, and the administration of free fatty acids[42].

In addition to this study, we noticed that Liang et al[43] and Liu et al[44]studied the ferroptosis-related genes in
hepatocellular carcinoma and glioma, respectively. Liang et al identi�ed ferroptosis-related genes and built a
predictive model for OS. Although they also studied the immune functions of the ferroptosis genes, the
approaches we used were different. Additionally, Liu et al studied the ferroptosis-related gene signature to
predict the OS of patients with glioma and performed experiments to validate the expression and function of
ferroptosis-related genes. As multiple studies have focused on ferroptosis in tumorigenesis and progression,
we believe our study may help to provide novel insights into cancer immunotherapy.

Conclusion
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In summary, our study identi�ed a ferroptosis-related gene-based prognostic model that is independently
associated with OS. Furthermore, the analysis of the ferroptosis-related prognostic model and immune pro�les
identi�es the relevance of the immune microenvironment in affecting KIRC outcomes

Materials And Methods
Study Population and Data Acquisition

The RNA expression data from accession numbers GEO: GSE168845, GSE105261 and GSE11151 which
contained normal and tumor tissues were downloaded from the GEO
database(https://www.ncbi.nlm.nih.gov/geo). All data were quantile normalized via log2-scale transformation
to ensure standardization. The gene symbols that were detected in more than one probe were calculated using
their mean expression levels. Additionally, the level three RNA sequencing(RNA-seq) data of KIRC were obtained
from TCGA database (https://www.cancer.gov/tcga/).

A total of 149 ferroptosis-related genes, including drivers, suppressors, and markers, obtained from the FerrDb
database (http://www.zhounan.org/ferrdb/)29 were selected as candidate genes. This study followed the
publication guidelines of the GEO and TCGA databases.

Identi�cation of differentially expressed ferroptosis genes and functional analysis

GEO:GSE168845, GSE105261 and GSE11151 were used to detect the DEGs between tumor and adjacent
normal tissues via the R package “limma” in RStudio (version 1.2.5001), with the following cutoff for
adjustment: p value < 0.05 and |log2FC| ≥ 1. The R package “pheatmap” was applied to visualize the degree
range of differences in the three datasets. Then, the ferroptosis-related genes were obtained by taking the
intersection of candidate genes and DEGs.

Based on these ferroptosis-related DEGs, GO and KEGG analyses were performed by applying the
“clusterPro�ler” package. A PPI network for the ferroptosis-related DEGs was constructed with Search Tool for
the Retrieval of Interacting Genes(STRING), version 11.0 https://string-db.org/). We performed MCODE to
further reveal the densely connected regions. p <0.05 was used as a cutoff value.

Development and validation of the pyroptosis-related gene prognostic model

To assess the prognostic value of the pyroptosis-related genes, we further employed univariate-Cox regression
analysis to evaluate the correlations between each gene and survival status in the TCGA cohort. And
expression pro�le of the ferroptosis genes with prognostic value in KIRC samples compared with normal
tissues was analyzed.

To prevent omissions, we further employed multivariate-Cox regression analysis to evaluate the correlations
between each gene and survival status in the TCGA cohort . We set 0.2 as the cut-off P-value, and 7 survival-
related genes were identi�ed for further analysis. The LASSO Cox regression model (R package “glmnet”) was
then utilized to narrow down the candidate genes and to develop the prognostic model. Ultimately, the three
genes and their coe�cients were retained, and the penalty parameter (λ) was decided by the minimum criteria.
The risk score was calculated after centralization and standardization (applying the “scale” function in R) of

https://string-db.org/).
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the TCGA expression data, and the risk score formula was as follows: Risk Score= ∑7iXi×Yi (X: coe�cients, Y:
gene expression level). The TCGA KIRC patients were divided into low- and high-risk subgroups according to
the median risk score, and the OS time was compared between the two subgroups via Kaplan–Meier analysis.
PCA based on the 3-gene signature was performed by the “prcomp” function in the “stats” R package. The
“survival”, “survminer” and “timeROC” R packages were employed to perform a 1-, 3- and 5-year ROC curve
analysis. 

Clinical relevance investigation and a nomogram construction

To study the correlation between the ferroptosis-related prognostic model and clinicopathologic factors,
including T stage, laterality and pathological stage, independent t tests were applied.

Furthermore, a nomogram, which provided the survival probability of a speci�c outcome, was designed to
integrate the risk score of the model as a prognostic factor to evaluate the predictive probability of 1-, 3-, and 5-
year OS[26]. A calibration curve depicting the 3-year OS was plotted to visualize the observed rates against the
nomogram-predicted probabilities. The R package “rms” was used to plot the nomogram and calibration
curves.

Immune in�ltrations analysis

The immune in�ltrations analysis of MT1G, LAMP2 and MIOX in RCC was analyzed using TIMER[27]. TIMER
was also used to evaluate the correlation between genes and the in�ltration of immune cells and investigate
the association between three ferroptosis genes copy number and immune cell in�ltration levels.

Relationship between ferroptosis-related-DEGs and immune microenvironment

Using xCell algorithm in “immunedeconv” R package, the relationship between ferroptosis-related-DEGs
expression levels and immune cells was analyzed was analyzed in "ggplot2" R package. 

Methylation of m6A analysis

The level three RNA sequencing(RNA-seq) data of KIRC were obtained from TCGA database
(https://www.cancer.gov/tcga/). The difference of expression of methylation of m6A related genes(YTHDF1,
YTHDF2, HNRNPC, IGF2BP1, IGF2BP2, RBMX, HNRNPA2B1, FTO and ALKBH5) in KIRC tissues with high and
low MT1G, LAMP2 and MIOX gene expression was analyzed by R package.

TF-gene interaction and TF-miRNA coregulatory network analysis

TF-gene gene interaction with MT1G, LAMP2 and MIOX evaluates the outcome of TF on functional pathways
and expression levels of the genes[28]. NetworkAnalyst (https://www.networkanalyst.ca/) platform is used to
identify TF-gene interaction with MT1G, LAMP2 and MIOX. NetworkAnalyst is a comprehensive web platform
for performing geneexpression for numerous species and also enables them toperform meta-analysis[29]. The
network produced for the TF-gene interaction network is obtained from the
ENCODE(https://www.encodeproject.org/) database which is includedin the NetworkAnalyst platform.
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Interactions for TF-miRNA coregulatory were collected from the RegNetwork repository[30] which assists to
detect miRNAs and regulatory TFs that regulate MT1G, LAMP2 and MIOX of interest at the post-transcriptional
and transcriptional level. TF-miRNA coregulatory network was visualized using NetworkAnalyst.
NetworkAnalyst assists researchers in the easiest way to navigate complex datasets to identify biological
features and functions which leads to effective biological hypothesis[31].

Statistical analysis

Univariate and multivariate Cox regression analyses were conducted via R package “survival”[32], along with
hazard ratios (HRs) and 95% confdence intervals (CIs). Moreover, the diference of various clinical factors was
compared by the independent t test. A P<0.05 indicated statistical signifcance.
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Tables
 Table 1. The information of datasets from the GEO database

Accession number Platform Samples Experiment type Organism

GEO: GSE168845 GPL21185 8 expression pro�ling by array Homo sapiens

GEO: GSE105261 GPL10558 44 expression pro�ling by array Homo sapiens

GEO: GSE11151 GPL570 58 expression pro�ling by array Homo sapiens

 

 Table 2. GO enrichments. Bioinformatics analysis of the dysregulated ferroptosis genes in KIRC.
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ONTOLOGY ID Description GeneRatio BgRatio pvalue p.adjust qvalue

BP GO:0048548 regulation of
pinocytosis

2/16 11/18670 3.77e-
05

0.018 0.011

BP GO:0072584 caveolin-
mediated
endocytosis

2/16 11/18670 3.77e-
05

0.018 0.011

BP GO:0051775 response to
redox state

2/16 14/18670 6.23e-
05

0.018 0.011

BP GO:0043618 regulation of
transcription
from RNA
polymerase II
promoter in
response to
stress

3/16 121/18670 1.40e-
04

0.018 0.011

BP GO:0006907 pinocytosis 2/16 21/18670 1.43e-
04

0.018 0.011

CC GO:0031528 microvillus
membrane

2/16 23/19717 1.55e-
04

0.014 0.010

CC GO:0005811 lipid droplet 2/16 81/19717 0.002 0.033 0.023

CC GO:0045121 membrane raft 3/16 315/19717 0.002 0.033 0.023

CC GO:0098857 membrane
microdomain

3/16 316/19717 0.002 0.033 0.023

CC GO:0005902 microvillus 2/16 83/19717 0.002 0.033 0.023

MF GO:0016701 oxidoreductase
activity, acting
on single
donors with
incorporation of
molecular
oxygen

2/16 28/17697 2.86e-
04

0.010 0.005

MF GO:0005506 iron ion binding 3/16 152/17697 3.20e-
04

0.010 0.005

MF GO:0030291 protein
serine/threonine
kinase inhibitor
activity

2/16 32/17697 3.74e-
04

0.010 0.005

MF GO:0015485 cholesterol
binding

2/16 49/17697 8.79e-
04

0.018 0.009

MF GO:0032934 sterol binding 2/16 56/17697 0.001 0.019 0.010

 

Table 3. Univariate and multivariate Cox regression analyses of the seven ferroptosis genes for OS in the entire
TCGA cohort. 
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Characteristics Total(N) Univariate analysis   Multivariate analysis

Hazard ratio (95%
CI)

P
value

Hazard ratio (95%
CI)

P
value

CDKN2A (Low vs. High) 539 0.734 (0.544-0.992) 0.044   0.765 (0.563-1.038) 0.085

LINC00472 (Low vs.
High)

539 1.557 (1.146-2.117) 0.005   1.122 (0.800-1.574) 0.505

MT1G (Low vs. High) 539 0.592 (0.437-0.802) <0.001   0.666 (0.486-0.914) 0.012

PROM2 (Low vs. High) 539 0.558 (0.411-0.758) <0.001   0.641 (0.467-0.879) 0.006

CA9 (Low vs. High) 539 1.422 (1.051-1.924) 0.022   1.356 (0.999-1.843) 0.051

LAMP2 (Low vs. High) 539 1.722 (1.267-2.339) <0.001   1.549 (1.128-2.128) 0.007

MIOX (Low vs. High) 539 1.959 (1.439-2.667) <0.001   1.603 (1.158-2.219) 0.004

Figures
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Figure 1

Overview of the differentially expressed ferroptosis signatures in KIRC

(A) Venn diagram showing the dysregulated ferroptosis genes common to the four datasets. (B) Graph
showing the GO analysis. (C and D) PPI network and MCODE showing the hub genes in the ferroptosis gene
set.
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Figure 2

Kaplan-Meier plots and forests plot of the prognostic ferroptosis signature

G) Kaplan-Meier plots showing the ferroptosis genes with prognostic value. (H) The forest plot showing the
results of the univariate Cox regression analyses.
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Figure 3

Expression pro�le of the ferroptosis genes with prognostic value in KIRC samples compared with normal
tissues(A-G)

Figure 4

The ferroptosis genes accurately predict survival of KIRC patients
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Risk score distribution, survival status, and expression of 3 ferroptosis genes for patients in low-and high-risk
groups (A), KM survival analyses (B), time dependent ROC curve analyses (C) in TCGA set.

Figure 5

Three ferroptosis genes signi�cantly correlates with multiple clinicopathological factors in KIRC patients

The relationships between three ferroptosis genes and clinicopathological factors in entire TCGA cohort (A-C).
(D) Nomogram for predicting 1‐, 3‐, and 5-year OS in entire TCGA cohort. (E) Calibration curves of nomogram
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on consistency between predicted and observed 3-year survival in entire TCGA cohort. Dashed line at 45°
implicated a perfect prediction, and the actual performances of our nomogram were shown in blue lines.

Figure 6

Spearman correlation analysis between risk score and immune score.

Figure 7



Page 21/23

Three ferroptosis genes expression-MT1G (A), LAMP2 (B) and MIOX (C) is correlated with immune in�ltration
levels in KIRC. Based on the TIMER database, we detected the correlation of three ferroptosis genes with levels
of Cancer associated B cell, Myeloid dendritic cell, CD4+ T cell, Neutrophil, CD8+ T cell, Macrophage.
Association between three ferroptosis genes-MT1G (D), LAMP2 (E) and MIOX (F) copy number and immune
cell in�ltration levels in KIRC cohorts.

Figure 8
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The difference of expression of immune in�ltration cells in KIRC tissues with low and high MT1G (A), LAMP2
(B) and MIOX (C) gene expression. G1 is a low expression group and G2 is a high expression group. *p<0.05,
**p<0.01, ***p<0.001.

Figure 9

The difference of expression of methylation of m6A related genes in KIRC tissues with high and low MT1G (A),
LAMP2 (B)and MIOX (C) gene expression. G1 is a high expression group and G2 is a low expression group.
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Figure 10

Network for TF-gene interaction (A) and TF-miRNA(B) coregulatory network with three ferroptosis genes.

(A) The highlighted red color node represents the ferroptosis genes and other nodes represent TF-genes. The
network consists of 46 nodes and 49 edges. (B)The network presents the TF-miRNA coregulatory network. The
network consists of 62 nodes and 61 edges including 24 TF-genes, 38 miRNA and three differentially expressed
genes. The nodes in red color are the differentially expressed genes, a blue node represents miRNA and green
nodes indicate TF-genes.


