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Cuproptosis status affects
treatment options about
Immunotherapy and targeted
therapy for patients with kidney
renal clear cell carcinoma

Ganghua Zhang', Xinyu Chen', Jianing Fang, Panpan Tai,
Aiyan Chen and Ke Cao*

Department of Oncology, Third Xiangya Hospital, Central South University, Changsha, China

The development of immunotherapy has changed the treatment landscape of
advanced kidney renal clear cell carcinoma (KIRC), offering patients more
treatment options. Cuproptosis, a novel cell death mode dependent on
copper ions and mitochondrial respiration has not yet been studied in KIRC.
We assembled a comprehensive cohort of The Cancer Genome Atlas (TCGA)-
KIRC and GSE29609, performed cluster analysis for typing twice using seven
cuproptosis-promoting genes (CPGs) as a starting point, and assessed the
differences in biological and clinicopathological characteristics between
different subtypes. Furthermore, we explored the tumor immune infiltration
landscape in KIRC using ESTIMATE and single-sample gene set enrichment
analysis (ssGSEA) and the potential molecular mechanisms of cuproptosis in
KIRC using enrichment analysis. We constructed a cuproptosis score (CUS)
using the Boruta algorithm combined with principal component analysis. We
evaluated the impact of CUS on prognosis, targeted therapy, and
immunotherapy in patients with KIRC using survival analysis, the predictions
from the Cancer Immunome Atlas database, and targeted drug susceptibility
analysis. We found that patients with high CUS levels show poor prognosis and
efficacy against all four immune checkpoint inhibitors, and their
immunosuppression may depend on TGFBI1. However, the high-CUS group
showed higher sensitivity to sunitinib, axitinib, and elesclomol. Sunitinib
monotherapy may reverse the poor prognosis and result in higher
progression free survival. Then, we identified two potential CPGs and verified
their differential expression between the KIRC and the normal samples. Finally,
we explored the effect of the key gene FDX1 on the proliferation of KIRC cells
and confirmed the presence of cuproptosis in KIRC cells. We developed a
targeted therapy and immunotherapy strategy for advanced KIRC based on
CUS. Our findings provide new insights into the relationship among
cuproptosis, metabolism, and immunity in KIRC.
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Introduction

Renal cell carcinoma (RCC) is one of the most common
malignancies of the urinary system, and its most common
subtype is kidney renal clear cell carcinoma (KIRC), which
accounts for approximately 75% of all RCC cases (1).
Currently, early resection is considered the basic treatment for
patients with KIRC (2); however, up to 40% of patients develop
metastases after primary surgical treatment for local RCC,
resulting in poor prognosis (3). Furthermore, randomized
controlled clinical studies have shown that postoperative
adjuvant cytokine therapy, radiotherapy and chemotherapy
have little impact on reducing recurrence and metastasis rates
(4, 5). Therefore, once KIRC is metastatic or unresectable, the
treatment options become very limited.

The rapid development of targeted therapy and immunotherapy
has been a turning point in treating patients with metastatic or
unresectable KIRC. These two treatments and their combinations
have become the required options for these patients. Initially,
targeted therapy was shown to substantially prolong survival in
advanced KIRC (6, 7). Multitarget drugs, such as sunitinib and
sorafenib, have become the first choice for patients with metastatic
or unresectable KIRC (8). In recent years, researchers have found
that targeted therapy combined with immunotherapy has
beneficial treatment effects and good prospects in patients with
advanced KIRC, and has shown a trend of gradually replacing
targeted therapy alone (9). However, many patients do not benefit
from the combined therapy because of the overlapping drug
toxicity that affects their quality of life (10). Therefore, new
molecular phenotypes should be established to divide the
population more finely for the individualized selection of
effective immunotherapy drugs or targeted drugs for patients
with advanced or unresectable KIRC.

Copper (Cu) ion is a double-edged sword in the life activities
of cells: on the one hand, Cu ions are key co-factors for many
enzymes, such as cytochrome c oxidase, which relies on Cu ions
to complete cellular respiration (11). On the other hand, excess
Cu ions induce cuproptosis in cells (12). Cuproptosis is an
emerging form of programmed cell death, dependent on

Abbreviations: CNV, copy number variation; CPG, cuproptosis-promoting
gene; CSRG, cuproptosis subtypes related gene; CUS, cuproptosis score; Cu,
Copper; CCKS8, Cell Counting Kit-8; DEG, differentially expressed gene; EdU,
Ethynyl-2’-deoxyuridine; GEO, Gene Expression Omnibus; GEPIA, Gene
Expression Profiling Interactive Analysis; GSCA, Gene Set Cancer Analysis;
HPA, Human Protein Atlas; IC50, half maximal inhibitory concentration;
ICI, immune checkpoint inhibitor; IPS, Immunophenoscore; KEGG, Kyoto
Encyclopedia of Genes and Genomes; KIRC, kidney renal clear cell
carcinoma; OS, overall survival; PCA, principal component analysis; qRT-
PCR, quantitative reverse transcription polymerase chain reaction; SNV,
single nucleotide variation; ssGSEA, single sample gene set enrichment
analysis; TCA, tricarboxylic acid cycle; TCGA, The Cancer Genome Atlas;
TCIA, The Cancer Immunome Atlas.
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intracellular copper accumulation, which is distinct from the
known forms of cell death, such as ferroptosis, pyroptosis, and
apoptosis. Human mitochondrial ferredoxin 1 (FDX1) positively
regulates lipoylated enzymes, and Cu ions directly bind to
lipoylated components in the tricarboxylic acid cycle (TCA)
pathway, resulting in abnormal aggregation of lipoylated
proteins and loss of iron-sulfur cluster proteins and
proteotoxic stress response. This eventually leads to
cuproptosis of cells (13). Cu ions, protein lipoylation, and
mitochondrial respiration are important determinants of
cuproptosis. Therefore, in cancers that express a large number
of lipoylated mitochondrial proteins and have a high degree of
respiration, the use of metal carriers to transport Cu ions and
activate cuproptosis can kill cancer cells with this metabolic
feature. This approach could potentially become a new cancer
treatment (14). KIRC cells show the classic Warburg effect as the
main metabolic feature (15). Since they do not participate in the
mitochondrial respiratory pathway, we hypothesized that
cuproptosis would be inhibited in KIRC; thus, it is important
to promote cuproptosis in KIRC. In addition, intratumoral
copper levels affect the expression of programmed death
ligand 1 (PD-L1) in cancer cells, and Cu regulates a key
signaling pathway that mediates PD-L1-driven cancer immune
evasion (16). However, no reports have suggested a correlation
between cuproptosis and immunotherapy, and no studies are
available on the effect of cuproptosis on KIRC.

In this study, we selected seven genes that promote
cuproptosis as starting points for typing. We comprehensively
used the KIRC cohort of The Cancer Genome Atlas (TCGA) and
Gene Expression Omnibus (GEO) databases to establish novel
molecular typing and explored the intratumoral immune
infiltration landscape of KIRC using ESTIMATE and single-
sample gene set enrichment analysis (ssGSEA) algorithms. We
used a novel scoring model, the cuproptosis score (CUS), to
predict the prognosis and the efficacy of targeted therapy and
immunotherapy in patients with KIRC and explored specific
targets and drugs. Our results provide a new and detailed strategy
for individualized targeted therapy and immunotherapy in
patients with advanced or unresectable KIRC.

Materials and methods

Exploration of the genetics and
biological significance of cuproptosis-
promoting genes in KIRC

P. Tsvetkov et al. identified seven cuproptosis-promoting
genes (CPGs): FDXI, LIAS, LIPTI, DLD, DLAT, PDHAI and
PDHB (13). The Gene Set Cancer Analysis (GSCA) database
(http://bioinfo.life.hust.edu.cn/GSCA/#/) was used to analyze
differential mRNA expression, single nucleotide variation
(SNV), copy number variation (CNV), and methylation of
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seven CPGs (17). A network of seven CPGs was drawn using the
“igraph” R package. Attributes in the network were determined
using intergene correlations and univariate Cox regression analysis.

Data collection and processing of KIRC
comprehensive cohort

The TCGA-KIRC cohort containing 534 KIRC samples
from the TCGA database (https://tcga-data.ncinih.gov/tcga/)
and the GSE29609 cohort (platform GPL1708) containing 39
KIRC samples from the GEO database (http://www.ncbi.nlm.
nih.gov/geo/) were used for data merging. Normalized matrix
files and clinical data were downloaded from the GEO database;
RNA sequencing data (fragments per kilobase million, FPKM
values) of gene expression and clinical data were obtained from
TCGA. The FPKM values were then converted to transcripts per
kilobase million (TPM) values for further analysis, “ComBat”
from the “SVA” R package was used to eliminate the batch
effects (18), and principal component analysis (PCA) was used
to eliminate the batch effects. Samples without complete survival
data were excluded. Finally, we obtained a comprehensive KIRC
cohort containing 537 samples and 14074 genes.

First unsupervised clustering based on
seven CPGs

We used the “ConsensusClusterPlus” R package for
unsupervised clustering and classification based on seven
CPGs (19), using agglomerative pam clustering with the
Euclidean distance and resampling 80% of the samples for 50
repetitions. We then used survival analysis to compare the
differences in overall survival (OS) between different subtypes,
box plots to compare the expression of seven CPGs between
different subtypes, and used the “pheatmap” R package to draw a
cluster heatmap to show the relationship between the expression
of seven CPGs, clinicopathological features, and classification.

Gene set variation analysis

We downloaded the data of the HALLMARK pathway, the
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway, and
the Reactome pathway from the Molecular Signatures Database
(MsigDB, http://software.broadinstitute.org/gsea/msigdb/), and

» o«

acquired “h.all.v7.5.1. symbols.gmt,” “c2.cp.kegg.v7.5.1.
symbols.gmt,” and “c2.cp.reactome.v7.5.1. symbols.gmt” as
reference gene sets (20). Then, we used the “GSVA” R package
to perform Gene Set Variation Analysis (GSVA) for different

subtypes and drew a heatmap to display the analysis results.
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Construction of KIRC immune infiltration
landscape

The “ESTIMATE” R package was used to calculate
StromalScore, ImmuneScore, and ESTIMATEScore. StromalScore
and ImmuneScore represent the abundance of stromal and
immune components, respectively, whereas ESTIMATEScore is
the sum of StromalScore and ImmuneScore, which is negatively
correlated with tumor purity (21). The “GSVA” R package was
then used for ssGSEA to calculate the enrichment score that
represents the relative infiltrating abundance of each immune
cell (22).

Screening of differentially expressed
genes (DEGs) and enrichment analysis

The “limma” R package (23) was used to screen for
differentially expressed genes (DEGs) between different subtypes
with [logFoldChange| >1 and p <0.05. KEGG and Gene Ontology
(GO) functional enrichment analyses were implemented using the
“clusterProfiler” R package (24), and adjusted p-value <0.05
represented statistically significant results.

Secondary unsupervised clustering based
on cuproptosis subtypes related genes

We screened the DEGs with p <0.05 using univariate Cox
regression analysis and named them cuproptosis subtype-related
genes (CSRGs). The “forestplot” R package was used to draw a
forest plot of the results. Then, secondary unsupervised
clustering classification was performed based on CSRGs, with
the same specific clustering parameters. Subsequently, we used
survival analysis to compare the differences in OS between
different subtypes, used box plots to compare CSRGs
expressions between different subtypes, and drew a cluster
heatmap to show the relationship among CSRGs expression,
clinicopathological features, and classification.

Calculation of cuproptosis score (CUS)

According to the positive and negative relationships between
the CSRGs and the cluster signature, the CSRGs were divided
into two groups, namely sigCl and sigC2. Then, the
“clusterProfiler” R package was used for gene annotation. We
then used the Boruta algorithm (25)combined with PCA to
reduce the dimensionality of the CSRGs subgroups and
calculated the CUS for each sample. The KIRC comprehensive
cohort was divided into the high- and low-CUS groups based on
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the optimal cutoff value. The CUS of each KIRC sample was
calculated using the following formula:

CUS = > PsigC1 — ' PsigC2

Prognosis and immune exploration
based on CUS grouping

We used the “survival” and “survminer” R packages to
perform survival analysis to compare the differences in OS
between the high- and low-CUS groups, and used the
“ggalluvial” R package to draw Sankey diagrams to visualize
the correspondence among CUS groups, different subtypes, and
prognosis. Box plots were used to compare the differences in the
CUS of different subtypes. ssGSEA was used to quantify the
infiltration abundance of immune cells, and the relationship
between CUS and immune cell infiltration levels was displayed

using a correlation heat map.

Clinical subgroup analysis based on CUS
grouping

»

We selected “survival status,” “histological grade,” “T stage,”

»

“N stage,” “M stage” and “clinical stage” as clinical subgroup
characteristics, and drew box plots to show the differences in the
CUS between different clinical characteristics. A stacked
histogram was drawn to show the proportion of each clinical

characteristic in the high- and low-CUS groups.

Comparison of immune targets and
prediction of immunotherapy efficacy

We used the “limma” R package to compare the differences in
the gene expression of several common immune targets. Next, we
downloaded the immunophenoscore (IPS) data of the TCGA-KIRC
cohort from The Cancer Immunome Atlas (TCIA) database to
explore the differences in the efficacy of the four immune
checkpoint inhibitors (ICIs) between the high- and low-CUS
groups (26), including ctla4_pos_pdl_pos, ctla4 _neg_pdl_pos,
ctla4_pos_pdl_neg, and ctla4_neg pdl_neg.

Analysis of targeted therapy based on
CUS grouping

We estimated the half maximal inhibitory concentration
(IC50) using the “pRRophetic” R package to predict the
sensitivity of the high- and low-CUS groups to 138 targeted
drugs. We selected eight commonly used targeted drugs for
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advanced KIRC (sunitinib, axitinib, sorafenib, erlotinib,
lapatinib, gefitinib, pazopanib, and temsirolimus) and a
cuproptosis-targeting drug (elesclomol) for key observation
(27). Subsequently, we downloaded the gene expression profile
and clinical data of the sunitinib monotherapy cohort in the
NCT02684006 clinical trial from the supplementary material of
PMID:32895571 (28). We used differential analysis to explore
the relationship between CUS groups and progression and
compared the differences in progression-free survival (PFS)
between the high- and low-CUS groups via survival analysis.
The significance of the difference in comparing the progression
rates of different CUS groups was achieved by the chi-
square test.

Mining seven CPGs-related targeted
drugs

We calculated the correlation between the mRNA expression
of seven CPGs and drug IC50 values via Pearson’s correlation
analysis of the “GDSC drug” and “CTRP drug” modules in the
GSCA database. The p-value was adjusted using the false
discovery rates (FDR).

Screening and validation of potential
CPGs and FDX1

Hazard ratio (HR) and p values of univariate COX regression
analysis were used to identify potential CPGs. Potential CPGs were
screened using p < 0.001 and 1-HR > 0.4 as the inclusion criteria.
Then, a comprehensive analysis was performed integrating TCGA
and the Genotype Tissue Expression (GTEx) (https://commonfund.
nih.gov/GTEx/) databases (29) through the “Expression DIY”
module of the Gene Expression Profiling Interactive Analysis
(GEPIA, http://gepia.cancer-pku.cn/) website (30). |Log2FC|>1
and p<0.01 were set as the cutoff values. Additionally,
immunohistochemical (IHC) staining results of the three genes
between normal renal tubular epithelial and KIRC tissues at the
protein level were obtained from Human Protein Atlas (HPA,
https://www.proteinatlas.org/) database.

Cell culture and transfection

Human renal tubular epithelial cells (HK-2) and KIRC cells
(Caki-1 and 786-O) were obtained from the American Type
Culture Collection (ATCC, Manassas, VA, USA). All cells were
cultured in RPMI 1640 medium (Hyclone, Logan, UT, USA)
supplemented with 15% fetal bovine serum (Gibco, Grand
Island, NY, USA) and 1% penicillin-streptomycin (Hyclone).
Small interfering RNAs (siRNAs) targeting FDX1 were
synthesized by GenePharma (Shanghai, China). siRNA-FDX1

frontiersin.org
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and siRNA-control were cotransfected into Caki-1 cells using
Lipofectamine 2000 (Invitrogen, Carlsbad, CA, USA). The
primer sequences of siRNAs are listed in Supplementary Table 2.

Quantitative reverse transcription
polymerase chain reaction

Total RNA from the cultured cells was extracted using a
Faster reagent (Invitrogen). The PrimeScript RT Reagent Kit
(TaKaRa, Shiga, Japan) was used to reverse transcribe 1pg total
RNA into ¢cDNA, and the SYBR Green PCR Master Mix was
used for quantitative reverse transcription polymerase chain
reaction (QRT-PCR). Relative gene expression was calculated
AACT  with GAPDH as an internal loading

control. Visualization of qRT-PCR results and two samples

using equation 2~

unpaired t-test was performed using GraphPad Prism version
9.0.1 (GraphPad Software, San Diego, California USA, www.
graphpad.com). All the primers used for qRT-PCR were
synthesized by Tsingke Biotech (Tsingke, China). The primer
sequences used are listed in Supplementary Table 2.

Western blotting

The total protein in human renal tubular epithelial cells
(HK-2) and KIRC cells (Caki-1 and 786-O) were extracted using
radioimmunoprecipitation assay (RIPA) buffer (Beyotime,
Shanghai, China), Protease Inhibitor Cocktail (Cwbio,
CW2200) and Phosphatase Inhibitor Cocktail (Cwbio,
CW2383) for 20 min at 4°C. Protein concentration was
determined using a BCA protein assay kit (Beyotime,
Shanghai, China). The protein samples were separated on an
SDS-PAGE Loading Buffer (Cwbio, CW0027), and transferred
onto polyvinylidene difluoride (PVDF) membranes (Millipore,
IPVHO00010). Subsequently, the membrane was blocked in Tris-
buffered saline plus tween-20 (TBST; Servicebio, G0001)
containing 5% nonfat powdered milk (Sangon Biotech,
A600669) for 1 h. Anti-FDX1 (1:1000, A20895; Abclonal),
anti-ACAT1 (1:1000; 16215-1-AP, Proteintech), Beta Tubulin
(1:1000; 10094-1-AP, Proteintech) and GAPDH (1:1000;
R24404, Zen-Bioscience) were used as primary antibodies, and
the membrane was submerged in primary antibodies overnight
at 4°C. Then, the membrane was washed with TBST 3 times and
incubated with Goat Anti-Rabbit IgG-Horseradish Peroxidase
(1:5000; Elabscience, E-AB-1003) for 1 h at room temperature.
Immunoassay was performed by an enhanced chemiluminescence
detection system (ECL; Biosharp, BL520A) combined with a
Western blot system (Auragene). The expression of the target
band relative to the loading control was quantified with integrated
density by Image] software.
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Cell Counting Kit-8 (CCK-8) assay

The transfected Caki-1 cells were adjusted to 2000 cells/well
(100 uL medium) in 96-well plates and cultured for the indicated
days. Then, 10 pL of CCK-8 (BS350A, Biosharp Life Sciences)
was added to the cells, and the cells were cultured at 37°C for 1.5
hours. Optical density was measured at 450 nm (ODys50,,m) using
a microplate reader.

Caki-1 cells were transferred into 96-well plates at a density
of 2500 cells/well (100 uL medium). After 24 h the cells were
divided into 8 groups (n=3 per group), incubated with 100uL of
fresh medium containing CuCl, (100nM; RHAWN, R019783),
Elesclomol (100nM; MedChemExpress, HY-12040), CuCl,
(100nM)& Elesclomol (100nM), CuCl, (200nM), Elesclomol
(200nM), CuCl, (200nM)& Elesclomol (200nM) or control
agents for indicated days. Briefly, 10 uL of CCK-8 was added
and ODys50,m Was measured.

Ethynyl-2'-deoxyuridine (EdU) assay

Caki-1 cells were stained using BeyoCliCkTM EdU-555 Cell
Proliferation Kit (Beyotime, Shanghai, China). To be specific,
Caki-1 cells (1.0x10° cells/well) were seeded in a 6-well plate,
transfected with NC or si-FDX1, and cultured in an incubator at
37°C for 72 h. Then, Caki-1 cells were incubated with EAU for
2 h, fixed with 1 mL paraformaldehyde (4%) for 15 min, and
permeabilized with 0.3% Triton X-100 (Beyotime) for 15 min.
After that, the Caki-1 cells were incubated with 500uL of the
click reaction mixture for 30 min in the dark, washed three times
with PBS containing 3% BSA, and incubated with Hoechst 33342
for another 10 min. Finally, fluorescence microscopy was used
for detection.

Colony formation assay

The transfected cells were cultured up to the logarithmic
growth phase and then counted and adjusted to 500 cells/well in
6-well plates. Cells were incubated for 2 weeks at 37°C, 5% CO,.
After being washed with PBS twice, the cells were fixed with
paraformaldehyde (4%) for 15 min and stained with crystal
violet buffer (Solarbio, Beijing, China) for 30 min. The clone was
counted if the number of cells in the clone was at least 50 under
a microscope.

Statistical analysis

All analyses were performed using R version 4.1.1. Unless
otherwise specified, Pearson’s correlation coefficient was used for
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correlation analysis in this study. For comparison between the
two groups in the bioinformatics analysis section, the Wilcoxon
test was used for difference analysis. For comparison between the
two groups in the experimental section, the Students’ t-test was
used for difference analysis. Two-way ANOVA was used for
difference comparison in CCK8 assay. For comparisons between
more than two groups, the Kruskal-Wallis test was used for the
difference analysis. Kaplan-Meier survival analysis and log-rank
tests were used to compare the survival of the different groups of
patients. For all statistical analyses, a two-tailed p <0.05 was
considered statistically significant.

Results

Genetic, transcriptional and post-
transcriptional alterations of CPGs
in KIRC

The workflow of this study is illustrated in Figure 1. We
performed different levels of analysis of the seven CPGs using the
GSCA database. At the mRNA level, DLAT, DLD, FDX1, PDHB,
and PDHAI showed low expression in KIRC compared to the
normal samples (FDR <0.05, Supplementary Figure 1A). The SNV
frequencies of the six CPGs are shown in the form of a heat map
(no data are available for FDX1I), with DLD having the highest
SNV frequency (Supplementary Figure 1B). Seven CPGs showed
large differences in CNV types (including heterozygous
amplification, homozygous amplification, heterozygous deletion,
and homozygous deletion) and proportions, and PDHB had a very
large proportion of heterozygous deletions, whereas DLD had only
heterozygous amplification (Supplementary Figure 1C). The CNV
of CPGs was positively correlated with their mRNA expression,

10.3389/fimmu.2022.954440

especially that of PDHB (Supplementary Figure 1D). Conversely,
methylation levels of CPGs were negatively correlated with
mRNA expression (Supplementary Figure 1E). However, the
methylation of CPGs was not significantly different between
KIRC and normal samples (no data available for FDXI,
Supplementary Figure 1F).

Construction of comprehensive KIRC
cohort and CPGs network

We merged the TCGA-KIRC and GSE29609 datasets and
removed the batch effects to obtain a comprehensive cohort of
537 samples and 14,074 genes. PCA showed that batch effects
were effectively eliminated (Figure 2A). The baseline data on the
clinical characteristics of the comprehensive cohort are
presented in Table 1. The network of seven CPGs showed the
results of the correlation analysis and Cox regression analysis;
seven CPGs had significant positive correlations (p <0.0001) and
were protective factors for KIRC (HR < 1, Figure 2B). Finally, the
Kaplan-Meier survival analysis suggested that six CPGs
significantly affected the prognosis of patients with KIRC
(p <0.05, Figure 2C).

Identification and evaluation of subtypes
based on seven CPGs

We performed unsupervised clustering and classification based
on seven CPGs. The best classification effect could be obtained
when the patients were divided into Clusters A and B (Figure 3A).
The clustering results are shown in Supplementary Figures 2A-C.
There was a significant difference in OS between the two subtypes,
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FIGURE 1
The flowchat of this study.
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with cluster A having a better prognosis than cluster B (p <0.001,
Figure 3B). Seven CPGs showed higher expression levels in cluster
A (p <0.001, Figure 3C). We showed the clinicopathological features
of the two subtypes and the expression distribution of the seven
CPGs using a heat map (Figure 3D). We used GSVA to compare
the enrichment pathways of the two subtypes from the three sets of
the HALLMARK pathway (Supplementary Figure 3A), KEGG
pathway (Supplementary Figure 3B), and Reactome pathway
(Supplementary Figure 3C), and detected significant differences
between the two subtypes, mainly in multiple metabolic pathways.
Patients in different clusters showed feature distinguishability
based on PCA (Figure 4A). Next, we used ESTIMATE to quantify
the infiltration characteristics of the tumor microenvironment in
patients with KIRC and observed that Cluster B had higher
StromalScore, ImmuneScore, and ESTIMATEScore than Cluster
A (p <0.001, Figure 4B). We used ssGSEA to quantify the
infiltrating abundance of 23 immune cells and explored the
differential patterns of the immune-infiltrating landscape of the
two subtypes. The infiltration levels of activated B cells, CD4 T
cells, CD8 T cells, dendritic cells, CD56%™ structural killer cells,
gamma delta T cells, myeloid-derived suppressor cells (MDSC),
macrophages, mast cells, monocytes, natural killer T cells, natural
killer cells, type 1 T helper cells, and type 2 T helper cells were
significantly higher in cluster B than in cluster A (p <0.05,
Figure 4C). These results suggest that Cluster B has a higher
level of stromal and immune cell infiltration than Cluster A.
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Identification of CSRGs and the
secondary clustering

To further explore the potential biological behavior of each
cuproptosis subtype, we performed a differential analysis of the
two cuproptosis subtypes. The DEGs are shown using volcano
plots (p <0.05, Figure 5A). We then screened DEGs with |
logFoldChange| >1 and p <0.05, and identified 31 cuproptosis-
related DEGs. KEGG (Figure 5C) and GO (Figure 5D)
enrichment analyses were performed on these DEGs, and the
top five pathways based on the adjusted p-value in KEGG
analysis and their relationship networks with related genes
were displayed (p <0.05, Figure 5B). Several pathways were
related to mitochondrial metabolism, including the
peroxisome proliferator-activated receptor (PPAR) signaling
pathway, carbon metabolism, citrate cycle (TCA cycle), fatty
acid degradation, and the PI3K-Akt signaling pathway.

To identify cuproptosis-related genes with prognostic
significance for KIRC, we performed a univariate Cox
regression analysis on 31 cuproptosis-related DEGs; the results
are shown in Supplementary Table 1. All 31 DEGs had
prognostic significance and were identified as CSRGs (p <0.05,
Figure 6A). Based on 31 CSRGs, we performed secondary
clustering and identified two subtypes: gene clusters C1 and
C2 (Figure 6C). The clustering results are shown in
Supplementary Figures 2D-F. The plots of the Kaplan-Meier
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TABLE 1 Baseline Data Sheet for the Comprehensive Cohort of
TCGA-KIRC and GSE29609.

Characteristic levels N (%)
Age >60 years old 291 (50.8%)
<60 years old 282 (49.2%)
Grade Gl 15 (2.7%)
G2 243 (43%)
G3 217 (38.4%)
G4 90 (15.9%)
T_stage T1 285 (49.7%)
T2 75 (13.1%)
T3 201 (35.1%)
T4 12 (2.1%)
N_stage NoO 271 (91.9%)
N1 21 (7.1%)
N2 3 (1%)
M_stage Mo 449 (83%)
M1 92 (17%)
Stage I 268 (50.5%)
1I 58 (10.9%)
111 123 (23.2%)
v 82 (15.4%)

survival curves of C1 and C2 showed that C2 had a better
prognosis than C1 (p <0.001, Figure 6B). The 31 CSRGs were
significantly differentially expressed between Cl1 and C2 (p
<0.001, Supplementary Figure 4A). We used a heatmap to
show the clinicopathological characteristics of the two
subtypes and the expression distribution of the 31 CSRGs
(Supplementary Figure 4B). According to the positive and
negative relationships between DEGs and cluster features,
CSRGs were divided into two groups: sigCl and sigC2. The
genes in the sigC1 group were highly expressed in C2 and lowly
expressed in C1, whereas the opposite was true for the genes in
the sigC2 group.

Calculation of CUS and classification of
patients with KIRC

To quantify the cuproptosis status to predict the clinical
characteristics and treatment outcomes of the patients, we
calculated the CUS for each sample using the Boruta
algorithm combined with PCA based on two gene sets, sigC1
and sigC2. According to the best cutoft value “-0.4318927,” the
samples of the comprehensive cohort were divided into the high-
and low-CUS groups. The results of the Kaplan-Meier survival
analysis revealed that patients in the high-CUS group had a
poorer prognosis (Figure 7A). The Sankey diagram shows the
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corresponding relationship among the CUS, classification, and
prognosis (Figure 7B). Patients with KIRC in cluster B had a
higher probability of corresponding to genecluster CI, with a
higher CUS and poorer prognosis. The different box plots also
verify this conclusion (p <2.22e-16, Figures 7D, E). We created a
correlation heatmap to explore the relationship between the
CUS and immune cell infiltration (Figure 7C) and observed a
negative but weak correlation between the CUS and most
immune cells (p <0.05, except natural killer cells).

CUS-related clinical subgroup analysis

To further explore the correlation between the CUS,
prognosis, and clinical characteristics, we used box plots to
show the differences in the CUS between different clinical
characteristics and stacked histograms to show the proportion
of each clinical characteristic in the high- and low-CUS groups.
Patients who died had a higher CUS than those alive (p =2.4e-09,
Supplementary Figure 5A); patients with histological grade G4
had a higher CUS than those with histological grade G1, G2 and
G3 (p <0.1, Supplementary Figure 5B); patients with T4 had a
higher CUS, while patients with T1 had a lower CUS (p <0.05,
Supplementary Figure 5C); CUS did not show a significant
difference in lymph node metastasis (Supplementary
Figure 5D); patients with distant metastasis had a higher CUS
than those without distant metastasis (p =0.009, Supplementary
Figure 5E), and patients with clinical stage I had a lower CUS
than those with clinical stage II, III and IV (p <0.05,
Supplementary Figure 5F).

Exploration of immunotherapy targets
and efficacy based on CUS

To explore the potential relationship between CUS and
immunotherapy, we compared the expression levels of several
common immune-related targets in the high- and low-CUS
groups. In the high-CUS group, the TGFBI expression level was
higher (p =4.8e-05, Figure 8D), whereas CD274 expression was
lower (p =0.012, Figure 8C) than that in the low-CUS group. There
were no significant differences in PDCD1 (Figure 8A) and CTLA4
(Figure 8B) expression levels between the high- and low-CUS
groups. In addition, we downloaded the IPS of the TCGA-KIRC
cohort from the TCIA database to explore differences in the efficacy
of immunotherapy between the high- and low-CUS groups. The
IPS of ctla4_pos_pdl_pos (Figure 8E), ctla4_neg pdl_pos
(Figure 8F), ctla4_pos_pdl_neg (Figure 8G), and
ctla4_neg pdl_neg (Figure 8H) was lower in the high-CUS
group (p <0.05) than in the low-CUS group.
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FIGURE 3

Sensitivity analysis and efficacy
prediction of targeted drugs

To explore the impact of the CUS on targeted therapy, we
first calculated the IC50 values of a variety of commonly used
targeted drugs for advanced KIRC using the pRRophetic package
and then predicted the sensitivity of targeted drugs. For
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sunitinib, axitinib, and elesclomol, the IC50 values of the high-
CUS group were lower and showed higher sensitivity (p <0.05,
Figures 9D-F). For sorafenib, erlotinib, and lapatinib, the high-
CUS group had higher IC50 values and lower sensitivity
(p <0.0001, Figures 9A-C). However, the IC50 values of
gefitinib, pazopanib, and temsirolimus were not significantly
different between the high- and low-CUS groups (Figures 9G-I).
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FIGURE 4

Tumor immune microenvironment analysis of two CPG subtypes. (A) PCA shows a significant difference in transcriptomes between the two subtypes.
(B) Correlations between the two CPG subtypes and TME score. (C) The abundance of 23 kinds of infiltrating immune cells was evaluated by ssGSEA in
the two CPG subtypes. CPG, cuproptosis-promoting gene; ns, no significant difference, *p < 0.05; **p < 0.01; and ***p < 0.001.

Furthermore, we downloaded the cohort data from
NCT02684006 using sunitinib-targeted therapy for prognostic
analysis. The proportion of patients with progression in the
high-CUS group was lower than that in the low-CUS group
(42% vs. 59%, Figure 9]), and the patients who progressed had
lower CUS than those who did not (p <0.05, Figure 9K). The
results of the Kaplan-Meier survival analysis showed that the
high-CUS group had a longer PES than the low-CUS group
(p =0.0087, Figure 9L).

Additionally, we systematically mined the targeted drugs
associated with the seven CPGs using the GSCA database. Using
the GDSC (Supplementary Figure 6A) and CTRP data sources
(Supplementary Figure 6B), the top 30 targeted drugs whose
sensitivity was most strongly correlated with the mRNA
expression of the seven CPGs were determined.
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Identification and multi-level expression
validation of potential CPGs

We identified two potential CPGs, ACADM and ACATI,
based on 31 CSRGs. We then performed differential expression
validation of these two potential CPGs and seven identified
CPGs (FDX1, LIAS, LIPTI1, DLD, DLAT, PDHAI and PDHB).
The GEPIA database showed that the expression of FDXI
(Figure 10A), ACADM (Figure 10D) and ACATI (Figure 10G)
in KIRC was lower than that in the normal kidney tissue
(p <0.05). The immunohistochemical results of FDXI
(Figure 10B), ACADM (Figure 10E) and ACATI (Figure 10H)
in the HPA database showed that the protein expression of these
genes significantly decreased in KIRC tissues compared to that
in normal renal tubular epithelial tissues. In addition, we
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detected the expression differences of FDXI (Figure 10C),
ACADM (Figure 10F), ACATI (Figure 101), PDHAI
(Figure 10K), PDHB (Figure 10L), DLAT (Figure 10M), DLD
(Figure 10N), LIAS (Figure 100) and LIPTI1 (Figure 10P)
between renal tubular epithelial cells (HK-2) and KIRC cells
(Caki-1 and 786-0) using qRT-PCR. The expression of these
genes was significantly down-regulated in Caki-1 cells compared
to that in HK-2 cells (p <0.05). Finally, western blot results
indicated that FDXI and ACATI expression was higher in HK-2
cells than in Caki-1 cells, but there was no significant difference
between 786-O and HK-2 cells (Figure 10]).

Proliferation functional validation of
FDX1 and validation of cuproptosis in
KIRC cells

To further investigate the function of FDXI, a key
cuproptosis gene, in KIRC, we silenced FDXI to detect its
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effect on Caki-1 cells’ proliferation. Subsequently, si-FDX1#1
and si-FDX1#2 were determined for further study because they
showed higher silencing efficacy compared to NC-transfected
cells (Figure 11A). CCK8 and EdU assays showed that FDX1
depletion promoted KIRC cell growth (Figures 11B, C), and the
clone formation assay demonstrated that FDX1 improves the
proliferative capacity of KIRC cells (Figure 11D). To figure out
the relationship between FDX1 and two potential CPGs, we
detected the expression of ACADM and ACATT1 in transfected
Caki-1 cells. However, no significant expression difference was
found (Figure 11E).

Elesclomol has recently been found to be a potent copper
ionophore. We performed the CCK8 assay of elesclomol and
CuCl, to test whether there is cuproptosis in Caki-1 cells.
Compared with the negative control group, the CuCl, group
showed slight cytotoxicity, but was not very significant, the
elesclomol group showed certain cytotoxicity, while CuCl,&
elesclomol group had a significantly enhanced cytotoxicity on
Caki-1 cells (Figure 11F).
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A pvalue Hazard ratio (95%Cl)

SLC16A12 <0.01 0.700(0.644-0.760) —-

WDR72 <0.01 0.606(0.534-0.687) —

SLC3A1 <0.01 0.738(0.680-0.801) —-

NPR3 <0.01 0.729(0.669-0.794) —-

ACADM <0.01 0.541(0.458-0.639) —=—

SLC27A2 <0.01 0.731(0.667-0.800) —

KL <0.01 0.710(0.642-0.785) ——

CUBN <0.01 0.776(0.720-0.836) -

TIMP1 <0.01 1.574(1.376-1.802) —

ACAT1 <0.01 0.590(0.503-0.692) —

C1orf210 <0.01 0.690(0.617-0.772) —

SAA1 <0.01 1.156(1.106-1.209) -

ACE2 <0.01 0.785(0.728-0.847) -

LRP2 <0.01 0.797(0.740-0.858) -

DDC <0.01 0.787(0.726-0.853) -

FLRT3 <0.01 0.726(0.649-0.813) —

PCK1 <0.01 0.804(0.742-0.871) -

SLPI <0.01 1.148(1.090-1.210) -

MT2A <0.01 1.295(1.167-1.436) —

OGDHL <0.01 0.760(0.679-0.850) —

HMGCS2 <0.01 0.820(0.755-0.890) —-

CYP4A11 <0.01 0.847(0.788-0.909) -

ALDOB <0.01 0.856(0.800-0.915) -

GDA <0.01 0.761(0.676-0.857) —

SLC13A1 <0.01 0.805(0.733-0.885) —

COL1A1 <0.01 1.219(1.115-1.332) —

TPM2 <0.01 1.302(1.136-1.494) —

KRT19 <0.01 1.110(1.047-1.177) -

c1QL1 <0.01 1.133(1.052-1.220) —-

PGF 0.018 1.114(1.019-1.219) —

PIGR 0.047  0.936(0.877-0.999) -

050 071 10 141 20
Hazard ratio
B
1.00 - geneCluster c

== C1
= C2

Survival probability
o
3

0.25

e

A
o
o
o
=

consensus matrix k=2

oct
=C2)

o 1 2 3 4 5 6 7 8 9
Time(years)
Number at risk

Q1 231 176 135 105 73 52 30 15 11 9 3
C21.342_29%6 2_5'_2 208 160 104 73 49 30 22 10

10 1

1

2

0 1 2 3 4 5 6 7 & 8§
Time(years)

geneCluster

FIGURE 6
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Construction of CSRG gene subtypes and prognostic analysis. (A) Univariate COX regression analysis of 31 DEGs to screen CSRGs. (B) Kaplan—
Meier curves for the two gene subtypes (OS, Log-rank test, p < 0.001). (C) consensus matrix that divides all samples into two geneclusters (k=2).
CSRG, cuproptosis subtypes related gene; DEG, differentially expressed gene.

Discussion

KIRC is insensitive to both radiotherapy and chemotherapy
(5), and targeted therapy has been the mainstay of treatment of
advanced KIRC. In recent years, the development of ICIs has
changed the treatment landscape of advanced KIRC and ICIs
have become the first-line treatment option (31). Single-agent
pembrolizumab has shown antitumor activity in the first-line
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treatment of patients with advanced KIRC according to the
phase I KEYNOTE-427 study (32). In the phase III CheckMate
214 clinical trial, nivolumab combined with ipilimumab
improved OS in patients with intermediate- or low-risk
previously untreated advanced KIRC (33). Targeted therapy
combined with immunotherapy has become the first-line
treatment for metastatic or unresectable KIRC and tends to
gradually replace targeted therapy alone (9). However, there is
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c2
geneCluster

Construction of CUS and grouping based on score. (A) Kaplan—Meier survival analysis between the high- and low-CUS groups (OS, Log-rank
test, p < 0.001). (B) Sankey diagram of subtype distributions in groups with different CUSs and survival outcomes. (C) The correlation matrix of
cuproptosis and all 22 infiltrating immune cells. Red means positive correlation, whereas blue means negative correlation. p < 0.05 was the cut-
off. (D) Differences in CUS levels between the two CPG subtypes. (E) Differences in CUS levels between the two CSRG gene subtypes. CUS,
cuproptosis score; CPG, cuproptosis-promoting gene; CSRG, cuproptosis subtypes related gene; *p < 0.05.

still a lack of effective targets to help patients with metastatic or
unresectable KIRC more precisely and to individually select
therapeutic drugs.

Cuproptosis is an emerging cell death mechanism, which is
closely related to mitochondrial metabolism and the TCA cycle,
which is different from other death modes such as ferroptosis,
necroptosis, and pyroptosis. It is precise because of the unique
metabolic characteristics of cuproptosis that KIRC is considered
to be more closely related to cuproptosis than to several other
cell death modes. These previously discovered cell death modes
have been found to have many predictive models and molecular
typing constructed in KIRC (34-36), and cuproptosis still has
great research prospects for KIRC typing. FDX1, a key gene that
promotes cuproptosis, functions as an upstream regulator of
protein lipoylation. The lipoylated component of the TCA cycle
directly binds to Cu ions to activate cuproptosis (13). Therefore,
both Cu ions and mitochondrial respiration are key factors in
cuproptosis. KIRC has a unique metabolic profile that exhibits
the classic Warburg effect in vivo (37). This means that KIRC
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exhibits marked inhibition of glucose oxidation and activation of
aerobic glycolysis (38). Based on the correlation between
worsening prognosis and metabolic shifts in patients with
KIRC, including decreased TCA cycle activity, increased
dependence on pentose phosphate shunt, decreased AMP-
activated protein kinase, increased glutamine transport, and
fatty acid production (39), we hypothesized that cuproptosis
may be suppressed in KIRC. Differential analysis verified our
conjecture, and seven CPGs displayed varying degrees of low
expression in KIRC. This result suggests an association between
cuproptosis and the gene map of KIRC.

First, we selected seven CPGs with similar functions and
strong correlations and identified two clusters with different
biological and clinical characteristics in the comprehensive
cohort of TCGA-KIRC and GSE29609. Cluster B showed a
poorer prognosis and a higher level of immune infiltration
than cluster A, which includes immune-promoting cells, such
as CD4+ T cells, CD8+ T cells, and immune-suppressing cells,
such as MDSCs and macrophages. Next, we performed a

frontiersin.org


https://doi.org/10.3389/fimmu.2022.954440
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhang et al. 10.3389/fimmu.2022.954440
Cupruptosis score B Low B High Cuproptosis score B Low Bl High Cuproptosis score B3 Low BE High Cuproptosis score B3 Low BE High
— 088 — 014 0.012 4.8e-05
6
c c
8 5° ] s :
[ ] o @ 6
@ 0 ] o
o 4 o 2 o 4 : 2
g g g -
) 3 1 3 M ] T 4
a2 3 X2 o : '
g g 5 5 2 :
o o0 o = H
0 .
Low High Low High Low High Low High
Cuproptosis score Cuproptosis score Cuproptosis score Cuproptosis score
E F G H
Cuproptosis score [l Low [l] High Cuproptosis score [Jl] Low [l] High Cuproptosis score [l Low [l] High Cuproptosis score [l Low [Hl] High
"} @ o -
g 0044 g 2 024 2 0.0023
110 110, 110 110
= - = =
° ° T °
g il g 9 59
g e g 8 g s
3 50 5° 5
e 37 37 37
= = = =
© © 6 o 6 © 6
13 0 0 0
o o o o
= Low High = Low High = Low High = Low High
Cuproptosis score Cuproptosis score Cuproptosis score Cuproptosis score
FIGURE 8

Exploratory analysis of immunotherapy based on CUS grouping. (A—D) The expression levels of immune target genes in different CUS groups
PDCD1 (A), CTLA4 (B), CD274 (C) and TGFB1 (D). (E-H) The efficacy of 4 ICls was predicted by IPS scores from the TCGA-KIRC cohort in TCIA
database: ctla4_pos_pdl_pos (E), ctlad_neg_pdl_pos (F), ctlad_pos_pdl_neg (G) and ctla4_neg_pdl_neg (H). CUS, cuproptosis score; ICl
immune checkpoint inhibitor; IPS, immune cell proportion score; pos, positive; neg, negative

differential analysis of the two subtypes and identified 31 DEGs.
Enrichment analysis revealed that DEGs were associated with
various metabolic pathways, including the PPAR signaling
pathway, carbon metabolism, TCA cycle, fatty acid
degradation, and the PI3K-Akt signaling pathway. The PPAR
signaling pathway is related to mitochondrial metabolism, fatty
acylation of proteins involves the attachment of fatty acids to
peptide chains in the form of fatty acyl groups, and lipoylation of
key proteins in the mitochondrial TCA cycle is the core
mechanism of cuproptosis. The downstream target of PI3K/
Akt is a mammalian target of rapamycin (mTOR), which is key
to the treatment of advanced KIRC. This finding also provided
us with more potential molecular mechanisms of cuproptosis
in KIRC.

Using univariate Cox regression analysis, we selected all 31
DEGs for CSRGs. We further constructed two new clusters
based on the 31 CSRGs. Among them, geneclusterC1 had the
poorest prognosis. To quantify the status of cuproptosis, predict
the prognosis of KIRC more accurately, and guide clinical
decision-making, we constructed the CUS using the Boruta
algorithm combined with PCA. The patients in the high-CUS
group had a poorer prognosis. The expression of immune-
related targets showed that patients in the high-CUS group
had significantly higher expression of TGFBI, which is one of
the ligands of the TGFB pathway and is the most prevalent
isoform expressed in many human tumors. Regulatory T cells
(Tregs) exert a contact-dependent inhibitory eftect on immune
cells by producing TGFBI. On the surface of Tregs, TGFB1
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binds to the membrane protein GARP in its inactive form.
Monoclonal antibodies against the GARP/TGFB1 complex alone
or in combination with antibodies targeting the CTLA4 or PD1/
PD-L1 pathways can improve the efficacy of immunotherapy
(40). In addition, selective inhibition of TGFBI may alter
resistance to anti-PD-1 therapy by altering the tumor immune
environment (41). Galunisertib is a novel inhibitor of TGF-3
receptor 1. Phase 1 studies have demonstrated the safety of
galunisertib and its antitumor activity in patients with glioma
(42). In addition, combination therapy with TGFB and ICIs is in
the clinical drug development stage for hepatocellular
carcinoma, non-small cell lung cancer, and pancreatic cancer
(NCT02423343; NCT02734160) (43). We then used TCIA data
to predict the efficacy of immunotherapy and observed that the
patients in the high-CUS group showed poorer results for all
four ICIs. This finding suggests that the effect of different CUS
values on the efficacy of immunotherapy is not dependent on
PDI and CTLA4, but may be dependent on TGFBI. This finding
is consistent with the results of our study. Therefore, our
findings suggest that the combination of TGFBI inhibitors and
immunotherapy may improve the efficacy of immunotherapy for
patients in the high-CUS group.

Next, we explored targeted therapy. The results of the IC50
drug susceptibility analysis suggested that the patients in the
high-CUS group were more likely to develop resistance to
sorafenib, erlotinib, and lapatinib, but they were more
sensitive to sunitinib and axitinib. Thus, although patients in
the high-CUS group have poorer prognosis and immunotherapy
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FIGURE 9

Progression

Drug susceptibility analysis of common targeted drugs and validation of targeted therapy cohort in KIRC. Based on cuproptosis grouping, drug sensitivity
of Sunitinib(A), Axitinib (B), Elesclomol (C), Sorafenib (D), Lapatinib (E), Erlotinib (F), Gefitinib (G), Pazopanib (H) and Temsirolimus (1) is conducted. (J)
Obtaining data from the KIRC cohort using Sunitinib in NCT02684006. Proportional distribution of progression status in the high- and low-CUS groups.
(K) Comparison of CUS levels between progression group and non-progression group. (L) Kaplan—Meier survival analysis between the high- and low-
CUS groups (PFS, Log-rank test, p < 0.001). CUS, cuproptosis score; PFS: progression free survival; *p < 0.05.

efficacy, sunitinib and axitinib may bring clinical benefits.
Sunitinib monotherapy is the classic first-line therapy for
advanced KIRC (7, 44). We further performed prognostic
validation in a cohort of patients with sunitinib-treated
advanced KIRC in NCT02684006. After sunitinib treatment,
the high-CUS group showed slower progression and even
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reversed the original poor prognosis in the PFS curve. This
suggests that sunitinib may be one of the few treatment options
for patients with high CUS.

Drug susceptibility analysis also revealed that the patients in
the high-CUS group were more sensitive to elesclomol. Cancer
cells with high mitochondrial respiration are more prone to
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FIGURE 10

Differential expression validation of 7 CPGs and 2 potential CPGs between KIRC and normal samples. GEPIA database was used to compare the
expression differences of FDX1 (A), ACADM (D) and ACAT! (G) between KIRC and normal kidney tissues. The HPA database showed the
expression of FDX1 (B), ACADM (E) and ACAT1(H) at the tissue protein level by immunohistochemistry. Western Blot was used to compare the
protein levels of FDX1 and ACAT1 in KIRC cells (Caki-1 and 786-0) and normal renal tubular epithelial cells (HK-2), and the results were semi-
quantified by integrated density (J). gRT-PCR was used to compare mRNA levels of FDX1 (C), ACADM (F), ACAT1 (I), PDHAL (K), PDHB (L), DLAT
(M), DLD (N), LIAS (O) and LIPT1 (P) in KIRC cells (Caki-1, 786-0) and normal renal tubular epithelial cells (HK-2). CPG, cuproptosis-promoting
gene; N, normal; T,tumor; ns, no significant difference, *p < 0.05, **p < 0.01, and ****p < 0.0001. Western Blot data are means + SD, with n = 3;
gRT-PCR data are means + SD, with n = 4.

cuproptosis, and copper ionophores represented by elesclomol The distinct metabolic profile of KIRC suggests that activation of
may present a new cancer therapy (13). Current clinical trials of cuproptosis may require a combination of elesclomol and aerobic
elesclomol have not achieved satisfactory results (14, 45), glycolysis inhibitors. Studies have shown a relationship between
however, we expect to discover new ways to activate cuproptosis. metabolic and immune activity in KIRC (46), whereas TGFB was
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Proliferation functional validation of FDX1 and validation of cuproptosis in KIRC cells. (A) Silencing efficiency of FDX1 by qRT-PCR. CCK8 assay
(B), EDU assay (C) and Colony formation assay (D) show the effect of FDX1 knockdown on the proliferation of Caki-1 cells. * is for si-F1#1, " is
for si-F1#2. (E) Changes in ACADM and ACAT1 mRNA expression levels after knockdown of FDX1 by qRT-PCR. (F) The effects of elesclomol and
CuCl, on Caki-1 cell death were explored by CCK8 assay. si-F1#1, si-FDX1#1; si-F1#2, si-FDX1#2; ns, no significant difference, *p < 0.05, **p <
0.01, ***p < 0.001 and ****p < 0.0001; **p < 0.01 and *** p < 0.001; CCK8 assay and Colony formation assay data are means + SD, with n = 3;

gRT-PCR data are means + SD, with n = 4.

found to promote aerobic glycolysis in renal fibroblasts (47).
TGFBI may play a role in this relation; therefore, combination
therapy may benefit from TGFBI inhibitors.

Finally, we identified two potential CPGs from 31 CSRGs:
ACADM and ACATI. We verified that these two genes were
weakly expressed in KIRC compared to the normal samples
through three levels of validation in the GEPIA database, HPA
database, and qRT-PCR results. The main function of ACADM
is to catalyze the initial step of the mitochondrial fatty acid B-

Frontiers in Immunology

17

oxidation pathway. Inhibition of ACADM can promote
dysregulation of fatty acid oxidation, leading to hepatocellular
carcinoma progression (48). ACATI is a key enzyme that
catalyzes the production of mitochondrial ketone bodies.
Combination therapy with an ACATI inhibitor and anti-PD-1
antibody showed better efficacy than immunotherapy alone in
controlling tumor progression (49). Previous studies show that
ACADM and ACAT1 are protective tumor suppressors of KIRC,
which is consistent with our findings (50, 51).
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In summary, we performed cluster analysis for typing based
on CPGs and constructed a score that quantifies the cuproptosis
status. The CUS can effectively predict the prognosis and efficacy
of targeted therapy and immunotherapy. In conjunction with
the 2021 National Comprehensive Cancer Network (NCCN)
guidelines (52), we developed a detailed treatment strategy for
treatment options for patients with metastatic or unresectable
KIRC. For patients in the low-CUS group, conventional targeted
therapy combined with immunotherapy strategies recommended
by the guidelines can be used as the first-line treatment. Note that
among the targeted therapy drugs, axitinib and sunitinib can be
avoided if possible. For the first-line treatment of patients in the
high-CUS group, we recommend a triple-drug combination of
axitinib, pembrolizumab, and a TGFBI inhibitor. Sunitinib
monotherapy is also a feasible treatment option. Axitinib
monotherapy can be used as a second-line therapy.

To further explore the relationship between the cuproptosis
gene and KIRC, we first verified the differential expression of the
CPGs at mRNA and protein levels. Next, we silenced FDX1I in
Caki-1 cells and found that the proliferation of Caki-1 cells was
significantly promoted. Finally, to provide preliminary evidence
that Cuproptosis may be present in KIRC, we designed CCK8
assays with reference to the research of Tsvetkov P et al. (53). We
found that when copper was added to elesclomol at a molar ratio
of 1:1, it significantly reduced the activity of KIRC cells. These
results suggest that the delivery of large amounts of copper ions
into cells by elesclomol may trigger cuproptosis in KIRC.

The study has some limitations. First, more cohorts of
immunotherapy and targeted therapy are needed to validate
and optimize the conclusions and improve the predictive
power of the scoring system. Second, TGFBI inhibitors,
elesclomol, and aerobic glycolysis inhibitors are new
therapeutic agents based on cuproptosis. Further basic
clinical trials are required to explore the efficacy of
these agents.

Conclusion

In this study, a scoring system for cuproptosis—CUS was
constructed, which developed a novel and precise strategy for the
selection of targeted therapy and immunotherapy in patients
with advanced KIRC, and also provided new insights into the
relationship among cuproptosis, metabolism and immunity
in KIRC.
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SUPPLEMENTARY FIGURE 1

Genetic, transcriptional and post-transcriptional alterations of CPGs in
KIRC in GSCA database. (A) Expression level of seven CPGs. (B)
Frequencies of SNV among CPGs. (C) Percentage of various types of
CNV in CPGs. (D) Spearman correlation between mRNA expression and
CNV levels of CPGs. (E) Spearman correlation between mRNA expression
and methylation levels of CPGs. (F) Differences in methylation levels of
CPGs. CPG: cuproptosis-promoting gene.

SUPPLEMENTARY FIGURE 2

Detailed results of consensus clustering. (A—C) Detailed Results of
consensus clustering to construct CPGs subtypes: cumulative
distribution curve (A), area under the cumulative distribution curve (B)
and tracking plot (C). (D—F) Detailed Results of consensus clustering to
construct CSRGs gene subtypes: cumulative distribution curve (D), area
under the cumulative distribution curve (E) and tracking plot (F). CPG,
cuproptosis-promoting gene; CSRG, cuproptosis subtypes related gene.
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SUPPLEMENTARY FIGURE 3

Difference comparison of enriched pathways of two different CPG
subtypes by GSVA. (A—C) Heatmaps comparing GSVA pathway scores
for two CPG subtypes from three items: HALLMARK (A), KEGG (B), and
Reactome (C). CPG, cuproptosis-promoting gene.

SUPPLEMENTARY FIGURE 4

Differences in clinicopathological and biological features between two
gene subtypes. (A) Expression differences of 31 CSRGs between the two
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