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Cuproptosis-related
modification patterns depict the
tumor microenvironment,
precision immunotherapy, and
prognosis of kidney renal

clear cell carcinoma
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Background: Due to the different infiltration abundance of immune cells in
tumor, the efficacy of immunotherapy varies widely among individuals.
Recently, growing evidence suggested that cuproptosis has impact on
cancer immunity profoundly. However, the comprehensive roles of
cuproptosis-related genes in tumor microenvironment (TME) and in
response to immunotherapy are still unclear.

Methods: Based on 43 cuproptosis-related genes, we employed unsupervised
clustering to identify cuproptosis-related patterns and single-sample gene set
enrichment analysis algorithm to build a cuproptosis signature for individual
patient’s immune cell infiltration and efficacy of immune checkpoint blockade
(ICB) evaluation. Then, the cuproptosis-related genes were narrowed down
using univariate Cox regression model and least absolute shrinkage and
selection operator algorithm. Finally, a cuproptosis risk score was built by
random survival forest based on these narrowed-down genes.

Results: Two distinct cuproptosis-related patterns were developed, with
cuproptosis cluster 1 showing better prognosis and higher enrichment of
immune-related pathways and infiltration of immune cells. For individual
evaluation, the cuproptosis signature that we built could be used not only for
predicting immune cell infiltration in TME but also for evaluating an individual's
sensitivity to ICBs. Patients with higher cuproptosis signature scores exhibited
more activated cancer immune processes, higher immune cell infiltration, and
better curative efficacy of ICBs. Furthermore, a robust cuproptosis risk score
indicated that patients with higher risk scores showed worse survival
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outcomes, which could be validated in internal and external validation cohorts.
Ultimately, a nomogram which combined the risk score with the prognostic
clinical factors was developed, and it showed excellent prediction accuracy for
survival outcomes.

Conclusion: Distinct cuproptosis-related patterns have significant differences
on prognosis and immune cell infiltration in kidney renal clear cell carcinoma
(KIRC). Cuproptosis signature and risk score are able to provide guidance for
precision therapy and accurate prognosis prediction for patients with KIRC.
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Introduction

Kidney renal clear cell carcinoma (KIRC) is the most common
malignant tumor in renal cell carcinoma (RCC) (1). It is estimated
that over 75,000 cases occur and that 13,000 patients die each year
(2). Although the prognosis of localized KIRC is favorable, the 5-
year overall survival (OS) rate is lower than 10% in metastatic
KIRC (mKIRC) (3). Recently, immunotherapy, especially
immune checkpoint inhibitors (ICB), has achieved brilliant
efficacy in mKIRC individuals (4). The CheckMate 214 clinical
trial has reported that intermediate-risk and poor-risk patients can
benefit more from ICB treatment than targeted therapy (5).
However, only a proportion of patients can produce an anti-
tumor response (6). Hence, it is urgent to find a predictor which
can guide clinicians for ICB application.

The tumor microenvironment (TME) is a complicated tissue
environment, which consists of various immune cells, stromal
cells, and noncellular components (7). Hence, there is a large
heterogeneity in the TME. According to the infiltration levels of
tumor-fighting effector cells and inflammatory cytokines, the
TME can be sorted into inflamed type and non-inflamed type in
brief (8).
demonstrated that the abundance of pre-existing infiltrated

Meanwhile, several large-scale studies have

immune cells determines the efficacy of ICB therapy (9-12).
Cuproptosis, a brand-new concept which is defined as
copper-dependent cell death, is accompanied with elevated
mitochondrial-dependent energy metabolism and accumulation
of reactive oxygen species (ROS) (13). Intriguingly, several
studies reported that cuproptosis-related genes, such as ATOX1
and CP, can affect the progression of cancer (14, 15). More
importantly, Voli et al. found that the variation of copper
transporter 1 has influence on the expression of programmed
cell death 1 ligand 1 (PD-L1) and the infiltration quantity of
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CDS8'T cells and NK cells in the TME (16). However, all these
studies merely focused on one or two cuproptosis-related genes
and their roles in the TME. A comprehensive analysis of multiple
cuproptosis-related genes and their roles in assessing the TME,
efficacy of ICB, and prognosis in KIRC is lacking. So, we
systematically correlated cuproptosis-related genes with the
TME as well as their sensitivity to immunotherapy in KIRC for
the first time.

Methods
Data collection and processing

The high-throughput sequencing data of mRNA, clinically
associated data, and survival data of The Cancer Genome Atlas
(TCGA)-KIRC (526 samples) were downloaded from UCSC
Xena (http://xena.ucsc.edu/) (17). The expression matrix of
mRNA was transformed from fragments per kilobase per
million mapped fragments to transcripts per kilobase million.
As an external validation set, the E-MTAB-1980 KIRC cohort
(101 samples) was downloaded from ArrayExpress (https://
www.ebi.ac.uk/arrayexpress/). Furthermore, as our previous
study has reported (18), 46 renal cell carcinoma samples were
collected from our hospital and named the Xiangya-RCC cohort.

Immunotherapy cohorts were downloaded from the study of
Gide et al. (PMID30753825 cohort, anti-PD-1 or combined anti-
PD-1 with anti-CTLA-4) (19), the study of Kim et al.
(PMID30013197, anti-PD-1/PD-L1) (20), the study of Allen et
al. (PMID26359337, anti-CTLA-4) (21), GSE35640 (MAGE-A3
immunotherapy), GSE111636 (anti-PD-1 immunotherapy),
GSE126044 (anti-PD-1 treatment), GSE173839 (anti-PD-L1
treatment), and GSE135222 (anti-PD-1/PD-L1 treatment).
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Unsupervised clustering for cuproptosis-
related patterns

Forty-three cuproptosis-related genes were selected from the
review of Chang et al. (13) (Supplementary Table S1). Consensus
clustering algorithm (maxK = 5, reps = 1,000, pltem = 0.8,
distance = “manhattan”, clusterAlg = “pam”) was employed to
judge the quantity and stability of clusters based on these genes
(ConsensuClusterPlus R package) (22).

Differentially expressed genes and
functional analysis

Limma R package was used to screen differentially expressed
genes (DEGs) between cuproptosis-related patterns, and the
screen criteria were set as [log fold change| >1 and adjusted p-
value <0.05.

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) analysis were conducted using Gene Set
Enrichment Analysis (GSEA) algorithm in GSVA R package.
The gmt files “c2.cp.kegg.v6.2.symbols.gmt” and
“h.all.v7.2.symbols.gmt” were downloaded from the molecular
signature database (http://www.gsea-msigdb.org/gsea/msigdb).
|Normalized enrichment score| >1 and adjusted p-value <0.05
were used as criteria for significant enrichment.

Description of the tumor immune
characteristics of KIRC and construction
of the cuproptosis signature

We described the TME of KIRC in five aspects: Firstly, seven
steps of cancer immunity cycle were analyzed by using the
Tracking Tumor Immunophenotype website (http://biocc.
hrbmu.edu.cn/TIP/) (23). Secondly, cell markers of tumor-
infiltrating leukocytes (TILs) were downloaded from the study
of Charoentong (24), and infiltration of TILs was calculated
using single-sample gene set enrichment analysis (ssGSEA)
algorithm. A cuproptosis signature was also generated using
ssGSEA based on 43 cuproptosis-related genes. In order to
eliminate the effects of different algorithms, another three
algorithms for immune cell calculation, including MCP,
Quantiseq, and TIMER, were also applied. Thirdly, the effector
genes of immune cells were gathered from our previous study
(25). Fourthly, 22 inhibitory immune checkpoints were
assembled from the study of Auslander et al. (26). Finally, T
cell inflamed score (TIS) was employed to evaluate the potential
response probability to ICB (25).
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Analysis of scRNA-seq cohort

Seven single-cell RNA sequencing (scRNA-seq) count
matrixes of KIRC were downloaded from the supplemental
material of GSE159115 (27). We then converted the seven
matrixes into Seurat objects using the CreateSeuratObject
function (Seurat R package, version 4.1.1). Single cells with less
than 1,000 UMIs or less than 200 genes or with a value of log;o
genes per UMI less than 0.70 or more than 20% mitochondrion-
derived UMI counts were regarded as low-quality cells and filtered
out for further analysis. Based on the top 3,000 variable genes, we
then integrated seven samples into one Seurat object using the
IntegrateData function in Seurat to eliminate batch effects. We
then identified the main cell clusters using the FindClusters
function in Seurat (resolution = 0.4) and visualized these cell
clusters using uniform manifold approximation and projection.
The cell clusters were first recognized using SingleR R package,
and then the cell types were confirmed based on the markers
obtained from previous studies (27, 28).

Construction and validation of the
cuproptosis risk score

A total of 43 cuproptosis-related genes were used to screen
genes possessing univariate prognostic values by univariate Cox
analysis. These prognostic genes were further narrowed down by
least absolute shrinkage and selection operator (LASSO)
regression with minimal lambda (0.05). Subsequently, a
cuproptosis risk score was constructed using the “rfsrc”
function in “randomForestSRC” R package based on the
expression of these genes.

Individuals in the TCGA-KIRC cohort were randomly divided
into training and internal validation cohorts in a 7:3 ratio, while
the E-MTAB-1980 KIRC cohort was set as the external validation
cohort. According to the median value of risk score, we classified
individuals into high-risk group and low-risk group. Kaplan-
Meier (K-M) survival curve and log-rank test were employed to
compare the prognosis difference between two groups by
survminer R package. In additional, tROC R package was used
to estimate the prediction reliability of risk score.

Establishment of a nomogram

Univariate Cox analyses, along with multivariate Cox
analyses, were employed to filter the independent impact
factor in cohorts. Then, rms R package was applied to
establish the nomogram. Subsequently, calibration curves and
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time-dependent receiver operating characteristic curves were
used to estimate the clinical relevance and prediction
accuracy, respectively.

Statistical analysis

T-test or Mann-Whitney U-test was employed to compare
the continuous variables between two groups. Chi-square test or
fisher exact test was used to compare differences between groups
with dichotomous variables. Pearson or Spearman correlation
analysis was conducted to assess the relation between different
factors. P <0.05 was set as criterion for judging a significant
difference. Two-side statistical tests were used. R software
(version 4.1.3) was applied throughout the analysis.

Results

Development of cuproptosis-
related patterns

On the basis of the 43 cuproptosis-related genes, their mRNA
expression levels were compared between tumor tissues and
adjacent normal tissues in the TCGA-KIRC cohort (Figure 1A).
We found that 32 genes showed significant differences on RNA
expression, containing ATOX1, ATP7B, CCS, CD274, CP,
LOXL2, MAP2K2, PDK1, SCO2, SLC31A2, TYR, UBE2D2,
ULK1, VEGFA, and so on. Next, a univariate Cox analysis was
employed to filter cuproptosis-related genes with prognostic value
and found 21 genes with a significant prognostic value (Figure 1B,
Supplementary Figure S1, Supplementary Table S2), including
SCO2, MT2A, DBH, CCL8, MT1G, MT1X, MT-CO2, MTI1F and
so on. To explore the interaction probability among cuproptosis-
related genes, a comprehensive correlation analysis was
implemented and found intimate interactions among them
(Figure 1C). Therefore, an unsupervised clustering analysis was
conducted based on cuproptosis-related genes and found two
distinct clusters (Supplementary Figure S2), which were named as
cuproptosis-related patterns. Furthermore, 362 individuals and
164 individuals were divided into cluster 1 and cluster 2,
respectively. As shown in Figure 1D, cluster 1 has a better
survival outcome than cluster 2 (p = 0.019). The distribution of
clinical features (age, gender, tumor grade, and tumor stage) and
the distinct expression modes between two patterns were
displayed in a heat map (Figure 1E).

Expression patterns of cuproptosis-
related genes on the single-cell level

Seven samples from seven KIRC patients were involved in
this analysis. After quality control, a total of 20,900 single cells
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were included for further analysis. As shown in Figure 2A, these
cells could be classified into 15 main cell clusters. Then, these cell
clusters were recognized based on the cell markers reported in
previous studies: cancer cells (“NDUFA4L2”, “CA9”,
“SLC17A37, and “NNMT”) (Supplementary Figure S3A),
endothelial cells (“KDR”, “PECAM1”, “ESM1”, and “PLVAP”)
(Supplementary Figure S3B), vascular smooth muscle (VSM)
cells (“ACTA2”, “PDGFRB”, “CNN1”, and “MYHI11”)
(Supplementary Figure S3C), macrophage cells (“LYZ”,
“CD68”, “CD163”, and “HLA-DRA”) (Supplementary Figure
S3D), T cells (“CD3D”, “CD3E”, and “CD3G”) (Supplementary
Figure S3E), B cells (“CD79A”) (Supplementary Figure S3F), and
mast cells (“TPSAB1”, “CPA3”, and “MS4A2”) (Supplementary
Figure S3G) (27, 28). In addition to cancer cells, two kinds of
normal cell types, including endothelial and VSM cells, and four
kinds of immune cell types, including macrophage, T cells, B
cells, and mast cells, were identified (Figure 2B). We divided
these cell types into cancer cells and non-cancer cells and
compared the expression patterns of cuproptosis-related genes
(Supplementary Figure S4A, Supplementary Table S3). A
majority of cuproptosis-related genes like CP, MT1E, MT1F,
MT1X, VEGFA, and PDK1 were expressed significantly higher
on cancer cells (Figures 2C-H), indicating that cuproptosis
might occur mainly on cancer cells. However, the detailed
mechanism needs to be further explored in vivo and in vitro.

Functional enrichment analysis and
cancer immunity assessment of
cuproptosis-based patterns

On account of significant difference in prognosis between two
patterns, we intended to explore the underlying mechanism.
DEGs were displayed in a heat map and a volcano plot
(Supplementary Figures S4B, C, Supplementary Table S4).
Surprisingly, there were several immune-related genes, such as
ST8SIA6, CNTN1, KCNK2, F13A1, MTRNR2L12, PVALB, MT-
ATP8, and KLK3. Friedman et al. reported that the overexpression
of ST8SIA6 can change tumor growth by suppressing the immune
response (29). Lin et al. demonstrated that a varied expression of
KCNK2 can affect the infiltration of immune cells (30).
Consequently, these findings inferred that cuproptosis-related
patterns link with immune-related pathways.

According to the fold change value of all genes in TCGA-
KIRC between two patterns, GSEA algorithm was employed to
ascertain the detailed enrichment pathways. GO analysis
indicated that the pathways of chemokine activity, chemokine
production, response to chemokine, and positive regulation of
chemokine production were significantly activated in cluster 1
(Figure 3A, Supplementary Table S5). Furthermore, GO analysis
also revealed that the activity of pathways of T cell migration, T
cell activation, T cell differentiation, regulation of T cell
activation, and T cell differentiation in thymus were enhanced
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in cluster 1 (Figure 3B, Supplementary Table S5). KEGG analysis

exhibited that the activities of chemokine signaling pathways

and cytokine-cytokine receptor interaction signaling pathways

were significantly upregulated in cluster 1 (Figure 3C,

Supplementary Table S6). These findings indicated that
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individuals in cluster 1 had a more vibrant tumor-fighting

process than those in cluster 2.

The cancer immunity cycle, containing the initiation of

tumor immunity to killing cancer cells by infiltrated T cells (31,

32), acts a critical part in the TME. It was of great interest to us
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FIGURE 2

Expression patterns of cuproptosis-related genes on the single-cell level. (A) Fifteen main cell clusters in the scRNA KIRC cohort. (B) Six
recognized cell types based on previous cell markers: cancer cells, endothelial cells, vascular smooth muscle cells, T cells, B cells, and
macrophage cells. (C—H) Selected cuproptosis-related genes were expressed significantly higher in cancer cells: CP, MT1E, MT1F, MT1X, VEGFA,

and PDK1.

whether there are differences in cancer immunity steps
between two patterns. As expected, cluster 1 showed a more
active process than cluster 2, including recognition of cancer
antigen, initiating response of immune cells, T cell recruiting,
and killing cancer cell by TILs (Figure 3D). The outcome can
infer that cluster 1 probably represents an inflamed type of the
TME and produces a better response to immunotherapy (33,
34). Hence, the infiltration levels of various immune cells in the
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TME were compared between two patterns through four
independent algorithms (ssGSEA, MCP, Quantiseq, and
TIMER). Consistently, cluster 1 had a higher infiltration level
of TILs than cluster 2, containing CD4"T cells, CD8'T cells,
myeloid dendritic cells, macrophage cells, monocytes, B cells,
and neutrophils (Figure 3D). The result demonstrated that two
cuproptosis-related patterns represent two types of the TME:
inflamed TME and non-inflamed type.
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and tumor-infiltrating leukocytes between two patterns

Estimating the infiltration level of TILs

and the efficacy of ICB on individuals by
cuproptosis signature

patient’s TME status. Consequently, we constructed a

cuproptosis signature based on these 43 cuproptosis-related

genes by ssGSEA algorithm to estimate the abundance of TILs

and the efficacy of ICB for individual patients.

Although cuproptosis-related patterns played an essential

role on distinguishing the infiltration level of TILs in the whole
cohort, the patterns lacked the ability to evaluate an individual
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Interestingly, the cuproptosis signature was significantly

positively related to major steps of the cancer immunity cycle
both in the TCGA-KIRC cohort and the Xiangya-RCC cohort
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(Figure 4A, Supplementary Tables S7, S8), including release of In line with a previous outcome, the cuproptosis signature
tumor antigen, recognition of tumor cell by T cell, and showed a significantly positive connection to infiltration of
recruitment of diverse immune cells (T cell, macrophage, TILs (Figures 4B, C, Supplementary Tables S9, $10),
neutrophil, and Th17). To validate this finding, the containing gamma delta T cell, activated CD8" T cell,

cuproptosis signature was directly associated with infiltration activated dendritic cell, activated B cell, natural killer T cell,

of TILs in the TCGA-KIRC cohort and the Xiangya-RCC cohort. type 1 T helper cell (Th1 cell), type 2 T helper cell (Th2 cell), and
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FIGURE 4
Estimated infiltration level of tumor-infiltrating leukocytes (TILs) and efficacy of immune checkpoint blockade on individuals by cuproptosis

signature. (A) Correlation analysis on cuproptosis signature and cancer immunity steps in the TCGA-KIRC and Xiangya-RCC cohorts. *p < 0.05,
**p < 0.01, ***p < 0.001; ns, not statistically significant. (B, C) Correlation analysis on cuproptosis signature and TILs in the TCGA-KIRC and
Xiangya-RCC cohorts. (D) Expression matrix of TILs (CD8*T cell, dendritic cell, macrophage cell, NK cell, and Th1 cell in the high- and low-
score signature groups. (E) Correlation analysis on cuproptosis signature and T cell inflamed score (left) and inhibitory immune checkpoints
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so on. Meanwhile, we compared the effector genes of main TILs
(CDS8'T cell, dendritic cell, macrophage cell, NK cell, and Th1
cell) between high- and low-cuproptosis-signature groups. As
anticipated, the effector genes of TILs were expressed higher in
the high-score signature group (Figure 4D). These findings
demonstrated that cuproptosis signature is capable of assessing
the level of infiltrated immune cells on individuals.

It is widely thought that inflamed TME is the foundation of
producing a response to immunotherapy (35, 36). Therefore,
TIS, which can predict the efficacy of immunotherapy (37, 38)
along with inhibitory immune checkpoints, was further studied.
A total of 18 TLS-related genes and 22 ICB-associated genes
were collected and were used to correlate with the cuproptosis
signature. Collectively, the signature showed significant positive
relations with TIS and inhibitory immune checkpoints
(Figure 4E, Supplementary Tables S11, S12), from which it can
be inferred that the cuproptosis signature has the capacity to
predict the efficacy of immunotherapy.

Direct comparison of ICBs’ efficacy in
multiple immunotherapy cohorts

Despite the fact that we evaluated an individual’s efficacy of
ICB by cuproptosis signature, it is necessary to directly compare
the curative effect of ICB cohorts in the high- and low-score-
signature group. Hence, eight immunotherapy cohorts were
included in our study. In the PMID30753825 cohort, a 93.75%
response rate occurred in the high-score group compared to
37.5% in the low-score group (p < 0.001) (Figure 5A). In the
GSE35640 cohort, the response rate ratio was 50 versus 12.5%
between two groups (p = 0.029) (Figure 5B). Although there
were no significant differences between the two groups in the
other six cohorts (GSE124044, GSE111636, GSE173839,
GSE135222, PMID30013197, and PMID26359337), patients
with a high score showed a better curative effect (Figures 5C-
H). These findings further demonstrated that cuproptosis
signature is qualified to forecast the efficacy of ICB and
provide guidance for the precise application of immunotherapy.

Assessing the prognosis of individuals
using cuproptosis risk score

Then, we developed and validated a robust cuproptosis risk
score for predicting the survival outcome of an individual.
LASSO algorithm was used to select the optimal candidate
genes. As a result, seven candidate genes (SLC31A2, SCO2,
MT2A, DBH, UBE2D3, CCL8, and MT1X) with minimal
lambda (0.05) were chosen from the 43 cuproptosis-associated
genes (Figures 6A, B). Subsequently, the cuproptosis risk score
was built using the “rfsr¢” function in “randomForestSRC” R
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package, and the risk score was significantly positively correlated
with cuproptosis signature (Supplementary Figure S5A).

On the basis of the median value of the risk score, individuals
were divided into a high-risk group and a low-risk group. In the
TCGA training cohort, the high-risk group comprised more death
cases and worse survival probability (p < 0.0001) than the low-risk
group (Figures 6C, D). Moreover, the prediction accuracy of the
survival outcomes at 12, 36, and 60 months were 0.84, 0.82, and
0.80, respectively (Figure 6E). In the TCGA internal validation
cohort, the survival status and the survival probability (p =
0.00027) between the two groups were in accordance with the
outcomes of the TCGA training cohort (Figures 6F, G). The area
under the curve (AUC) of the survival outcomes at 12, 36, and 60
months were 0.66, 0.60, and 0.67, respectively (Figure 6H).
Importantly, in the external validation cohort (E-MTAB-1980),
individuals in the low-risk group manifested better survival status
and survival probability (p = 0.0019) in comparison with the high-
risk group (Figures 61, J). The prediction accuracy of prognosis at
12, 36, and 60 months were 0.82, 0.75, and 0.74, respectively
(Figure 6K). In line with the outcome that patients with a high
cuproptosis risk score exhibited a worse OS, patients with higher
tumor grade and stage had a significantly higher risk score
(Supplementary Figures S5B, C). However, there were no
differences on risk score between different ages and genders
(Supplementary Figures S5D, E). All these results demonstrated
that cuproptosis risk score can precisely foretell the prognosis of a
KIRC individual.

Development of a nomogram for better
forecasting survival outcome in
clinical practice

In order to improve the prediction accuracy of OS in clinical
practice, we developed a nomogram incorporating the cuproptosis
risk score and the essential clinical characteristics. In the TCGA-
KIRC cohort, univariate Cox regression was used to select the
prognostic factors. Except for gender (p = 0.73), other indicators
had a significant prognostic value (p < 0.001) (Figure 7A). Then,
multivariate Cox regression was applied to identify the
independent prognostic factors. Cuproptosis risk score (p <
0.001), age (p = 0.002), and tumor stage (p < 0.001) were
eligible (Figure 7B) and incorporated into a nomogram
(Figure 7C). By means of calibration curves, the predicted
probability values of OS at 1 year (Figure 7D), 3 years
(Figure 7E), and 5 years (Figure 7F) were similar with the actual
probability OS, which demonstrated that the nomogram has a
crucial clinical value. Additionally, we compared the prediction
accuracy between nomogram, cuproptosis risk score, age, and
stage, respectively. The outcome indicated that the nomogram is
the most precise tool to predict OS at 1 year (AUC = 0.87), 3 years
(AUC = 0.84), and 5 years (AUC = 0.82) (Figures 7G-I).
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Direct comparison of immune checkpoint blockades’ efficacy in multiple immunotherapy cohorts. (A) Response rates between different
cuproptosis signature groups in the PMID30753825 cohort. (B) Response rates between different cuproptosis signature groups in the GSE35640
cohort. (C—H) Response rates between different cuproptosis signature groups in the GSE126044, GSE111636, GSE173839, GSE135222,
PMID30013197, and PMID26359337 cohorts, respectively.

Discussion

Copper is the essential element for cell proliferation and cell
death. Meanwhile, it is also the necessary cofactor for enzymes
and transporters (39). Dysfunction of copper metabolism will
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cause a cytotoxic effect and an oxidative stress response in
various types of cells (40, 41). Hence, we defined copper-

10

dependent cell proliferation as cuproplasia. In contrast,
copper-dependent cell death is defined as cuproptosis, whose
mechanism probably is to increase the energy metabolism of the
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FIGURE 6

Assessing the prognosis of individuals using the cuproptosis risk score. (A) Coefficients of 21 cuproptosis-related genes with prognostic value.
(B) Cross-validation of parameter selection based on the minimum criteria of LASSO regression model. (C—E) Comparisons of survival events,
Kaplan—Meier (K—M) survival curves, and time-dependent receiver operating characteristic (ROC) curves between different risk score groups in
TCGA training cohort. (F-=H) Comparisons of survival events, (K—M) survival curves, and time-dependent ROC curves between different risk
score groups in The Cancer Genome Atlas testing cohort. (I-K) Comparisons of survival events, (K—M) survival curves, and time-dependent
ROC curves between different risk score groups in the external validation cohort (E-MTAB-1980).

mitochondria and the accumulation of ROS (42). More
importantly, recently, cuproptosis was found to have a close
connection with tumorigenesis, progression, and metastasis. Li
et al. demonstrated that the activated cuproptosis-associated axis
(IL-17-STEAP4-XIAP) can turn colon inflammation into cancer
(43). Petris et al. revealed that silenced ATP7A can inhibit the
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progression and metastasis of lung cancer via altering the
activity of LOX family’s enzymes (44). Furthermore, a close
correlation between cuproptosis and infiltration of immune cells
has been found in several studies. Paredes et al. reported that the
mutation of MAP2K1 can change the abundance of macrophage,
mature dendritic cell, regulatory T cell, and cytotoxic
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FIGURE 7

Development of a nomogram for better forecasting survival outcome in clinical practice. (A) Prognostic factors selected by univariate Cox
regression. (B) Independent prognostic factors selected by multivariate Cox regression. (C) The nomogram-predicted overall survival at 1, 3, and
5 years by incorporating independent prognostic factors. (D—F) The calibration curves exhibited the clinical relevance of a nomogram at 1, 3,
and 5 years. (G-I1) Time-dependent receiver operating characteristics showed the prediction accuracy of a nomogram, risk score, age, and stage

at 1, 3, and 5 years.

lymphocyte (45). Tan et al. revealed that ceruloplasmin plays an

important role in the immune infiltration of breast cancer (46).

Based on the abundance and location of cytotoxic

lymphocytes in tumor tissue and invasive margin, the TME can

be sorted into inflamed (hot) type and non-inflamed (cold) types
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(47). It is generally thought that the type of the TME has an
important influence on the efficacy of immunotherapy (48, 49)—

for example, van der Burg et al. found that a higher infiltration
level of CD4™T cells and CD8T cells shows longer overall survival
and recurrence-free survival in patients who accepted anti-PD-1/
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PD-L1 immunotherapy (50). Rabadan et al. found that converting
the non-inflamed TME of glioblastoma into inflamed TME can
significantly improve the response rate to anti-PD-1 therapy (51).
On the foundation of a set of vital genes and unsupervised
clustering, there are many studies that correlated gene patterns
with prognosis and the TME phenotypes. According to the
expression of 21 m6A regulators, Zhang et al. correlated the
m6A modification patterns with prognosis and the
characteristics of the TME cell infiltration in gastric cancer (52).
Chen et al. depicted the leukocyte infiltration level in pancreatic
ductal adenocarcinoma using hypoxia- and immune-related
patterns (53). Liu et al. made use of three m5C modified
patterns for assessing the TME and prognosis of patients with
lung adenocarcinoma (54). Based on 46 TNF-related genes, two
distinct clusters were identified and employed to evaluate the
immune characteristics of head and neck squamous cell
carcinoma (55). For KIRC, two m6A-related patterns were
found and used to predict the immune phenotypes and the
efficacy of immunotherapy in our previous study (56). However,
as far as we are concerned, this is the first study that systematically
correlates cuproptosis-related genes with the immune infiltration
level and prognosis in KIRC. We found that cuproptosis-related
patterns are able to distinguish the subtypes of TME and survival
outcome well. In addition, for evaluating the immune infiltration
characteristic on an individual, ssGSEA algorithm was used to
construct a cuproptosis signature, which is qualified to predict the
inflamed level of the TME on an individual. Furthermore,
multiple immunotherapy cohorts were employed to directly
compare the response rate between high- and low-cuproptosis-
signature groups. These findings are crucial indicators for
supplying the precise therapy in KIRC.

More importantly, to predict the survival performance on an
individual, cuproptosis risk score was built and showed accurate
prediction in testing and multiple validating cohorts. Han et al.
developed a cuproptosis-associated IncRNA risk score for
prognosis and TME phenotype prediction in soft tissue
sarcoma (57). However, their risk score was only validated in
the TCGA internal cohort. For KIRC, Xu et al. developed a
glycolysis-related risk score and correlated it with prognosis and
the TME characteristics. Although they found that their risk
score was an independent risk factor, its predictive accuracy in
the validation cohort was unclear (58). Similar to Xu’s study,
Chen et al. and Xing et al. developed and validated a necroptosis
and an autophagy-related risk score on the basis of the 11 related
genes (59, 60). Our risk score built based on seven cuproptosis-
related genes was more convenient for clinical application than
Xing’s 11 autophagy-related genes. While for Chen’s study,
though their risk score was successfully validated in the TCGA
internal validation cohort, the predictive accuracy still needs
further study. Different from most of the risk scores developed
using Cox proportional hazard regression analysis, random
survival forest (RSF) was used to construct a cuproptosis risk
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score, with satisfied reliability and extrapolation. In our previous
study, precision and robustness of cox proportional hazard
regression and RSF have been compared. The outcome
indicated that RSF shows a better performance (61). Similarly,
Yang et al. built prediction model by six different algorithms and
found that RSF was optimal solution with best accuracy (62). It is
considered that the excellent multi-process control property of
RSF is the key. To sum up, cuproptosis risk scores were
constructed by LASSO regression and RSF and validated in
multiple cohorts for the first time. It is valuable for predicting the
prognosis and conducting a precision treatment for a patient.

Inevitably, there are some limitations in the study. First of
all, the follow-up time of the Xiangya-RCC cohort was not
enough, which led to it being unqualified as an external
validation cohort for prognosis. Secondly, both the training
cohort and the validation cohort were retrospective cohorts; it
is necessary to further validate the risk score in prospective
cohorts. Thirdly, the underlying mechanism of cuproptosis in
the TME still needs to be explored in vitro and in vivo.

Conclusion

Distinct cuproptosis-related patterns have significant
differences on prognosis and immune cell infiltration in KIRC.
Cuproptosis signature and risk score are able to provide
guidance for precision therapy and accurate prognosis
prediction for patients with KIRC.
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KIRC
TME
ICB

oS
RCC
ROS
CTR-1
PD-1
PD-L1
CTLA-4

MAGE-
A3

TCGA
DEGs
EFC
GSEA
NES
GO
KEGG
TIP
ssGSEA
TIS
LASSO
K-M
ROC
AUC
TILs
MCP

Quantiseq

TIMER
NK cell
Thl cell
scRNA-
seq
VSM
mo6A
TNF
RSF

kidney renal clear cell carcinoma

tumor microenvironment

immune checkpoint inhibitors

overall survival

renal cell carcinoma

reactive oxygen species

copper transporter 1

programmed cell death 1

programmed cell death 1 ligand 1

cytotoxic T lymphocyte-associated antigen-4

Melanoma antigen family A-3

The Cancer Genome Atlas

differentially expressed genes

fold change

gene set enrichment analysis

normalized enrichment score

Gene Ontology

Kyoto Encyclopedia of Genes and Genomes
Tracking Tumor Immunophenotype
single-sample gene set enrichment analysis
T cell inflamed score

least absolute shrinkage and selection operator
Kaplan-Meier

receiver operating characteristic

area under curve

tumor infiltrating leukocytes
microenvironment cell populations

quantification of the tumor immune contexture from human RNA-
seq data

tumor immune estimation resource
nature killer

type 1 T helper cell

single-cell RNA sequencing

vascular smooth muscle
N6-methyladenosine
tumor necrosis factor

random survival forest
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