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SUMMARY

Background: Cuproptosis is defined as a novel form of regulated cell death triggered by copper accumulation,
with emerging evidence linking cuproptosis-related genes (CRGs) to tumor progression. However, the prognostic
relevance of CRGs in papillary renal cell carcinoma (PRCC) remains elusive. This study aimed to construct and
validate a cuproptosis-related gene prognostic signature for PRCC, and to explore its potential value in risk strati-
fication, immune infiltration, and pathogenesis.

Methods: Transcriptomic profiles and clinical data were sourced from the Cancer Genome Atlas Program. Uni-
variate Cox regression assessed the prognostic potential of 17 CRGs, while Lasso-penalized Cox regression identi-
fied risk genes for signature construction. Kaplan-Meier curves illustrated survival probabilities, and receiver op-
erating characteristic curves were drawn to evaluate signature predictive performance. External validation was
performed using data from the Gene Expression Omnibus. Biological functions were explored through Gene On-
tology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses, with validation via
gene set variation analysis (GSVA). Immune cell infiltration was assessed using QuanTIseq algorithm.

Results: The PRCC cohort from The Cancer Genome Atlas Program (TCGA) was randomly split into training
(n = 183) and validation (n = 75) sets, with GSE2748 (n = 29) from GEO for external validation. Univariate Cox
analysis identified 7 CRGs as prognostic factors in PRCC. A risk signature comprising 5 CRGs (DLST, PDHB,
SLC25A3, ATP7A, and GLS) was developed using Lasso-penalized Cox regression. Kaplan-Meier curves indicat-
ed lower survival probabilities in patients with higher risk scores. ROC analysis demonstrated the cuproptosis
risk signature's strong performance for overall survival at 1, 3, and 5 years. GO and KEGG analyses revealed that
metabolic processes were the predominant pathways enriched in DEGs between high- and low-risk groups, a find-
ing further validated by GSVA. Immune infiltration analysis highlighted macrophages and neutrophils as the
dominant immune cells, with significantly higher Tregs observed in the tumor microenvironment of high-risk pa-
tients (p < 0.05).

Conclusions: This study presents a novel five-gene prognostic signature for PRCC based on 17 CRGs, offering
promising performance in risk stratification and providing insights into PRCC pathogenesis, particularly in cellu-
lar metabolism.
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INTRODUCTION

Renal carcinoma (RCC) is a group of heterogeneous
diseases with various clinical, histological and genetic
features. Globally, the incidence and mortality rates of
RCC have been increasing over the years. In 2012, ap-
proximately 348,000 patients were newly diagnosed
with RCC, and 143,000 died of this disease [1]. Howev-
er, the number of new cases increased to 400,000, along
with 175,000 deaths due to RCC in 2018 [2]. To date,
RCC has become one of the most common tumors in
the world, although the incidence is slightly lower in fe-
males [3]. Papillary renal cell carcinoma (PRCC), ac-
counting for 15% - 20% of all cases [4,5], represents the
second most predominant subtype of RCC. Histolo-
gically, PRCC is typically characterized by papillary
structures and a higher rate of multifocal lesions. PRCC
is mainly divided into two major subtypes based on dis-
tinct papillary structures [5]. Type 1 consists of a single
layer of papillary epithelial cells composed of cuboidal
or columnar epithelial cells with little cytoplasm, small
ovoid nuclei with tiny nucleoli; in contrast, tumor cells
of Type 2 PRCC have abundant eosinophilic cytoplasm,
large spherical nuclei with prominent nucleoli. While
favorable outcomes are generally determined by active
treatment [6], patients with PRCC exhibit relatively
worse outcomes than those with clear cell renal cell car-
cinoma (ccRCC) when metastasis or progression occurs
[7].

The development of high-throughput sequencing has
contributed to a panoramic view of tumor molecular
profiles. Different molecular patterns in tumors may be
strongly correlated with prognosis. Previous studies
have confirmed that activated ferroptosis, triggered by
the iron-dependent accumulation of oxidized lipids,
could inhibit the cell proliferation of RCC [8]. Based on
immune-related genes, Wang et al. developed a robust
risk signature and were able to independently predict
outcomes for PRCC patients [9]. Furthermore, a three-
gene prognostic model associated with cell cycle, nucle-
otide repair, and purine metabolism also suggested a fa-
vorable prediction performance in the prognosis of
PRCC [10]. Recently, cuproptosis was defined as a new
type of regulated cell death induced by cellular copper
accumulation [11]. Unlike other regulated cell deaths,
cuproptosis mainly involves mitochondrial damage:
when copper binds to the lipoylated component of the
tricarboxylic acid cycle, the excessive accumulation of
conjugates and the subsequent loss of Fe-S cluster pro-
tein can trigger a series of proteotoxic stress reactions
that ultimately lead to cell death [11]. Programmed cell
death is generally associated with tumorigenesis, pro-
gression, and even metastasis.

A study has revealed a potential link between cuprop-
tosis and the prognosis of ccRCC, which provides new
insight into therapy [12]. In this study, we identified the
expression of CRGs in the PRCC cohort from the Can-
cer Genome Atlas Program (TCGA), an open-access da-
tabase providing molecular profiles of various cancers.

A five-gene risk signature was constructed using Lasso-
penalized Cox regression, with subsequent validation in
an internal validation set. The PRCC dataset from the
Gene Expression Omnibus (GEO) was used for external
validation. We further analyzed differences in biologi-
cal functions and immune cell infiltration between pa-
tients with high and low risk scores to explore the un-
derlying mechanisms.

MATERIALS AND METHODS

Data acquisition and preprocessing

The RNA sequencing (RNA-seq) data and correspond-
ing clinical information of PRCC were retrieved from
the Kidney Renal Papillary Cell Carcinoma cohort in
the TCGA (https://portal.gdc.cancer.gov/). Essential
clinical characteristics included age, gender, stage, sur-
vival status, and overall survival time. Patients were ex-
cluded if they had incomplete clinical data or a survival
time of < 30 days. Then, we randomly split the patients
into a training set and a validation set at a 7:3 ratio
using the “caret” R package. The microarray data
(GSE2748) from GEO (https://www.ncbi.nlm.nih.gov/
geo/) was used for external validation.

A total of 17 CRGs, including FDX1 (a reductase that
reduces Cu2* to Cu’), SLC31A1, SLC25A3, ATP7B
and ATP7A for copper transportation, and other related
genes MTF1, GLS, CDKN2A, LIPT1, LIAS, DLD,
DLAT, PDHAL1, PDHB, DBT, GCSH, and DLST were
collected from several cuproptosis-related studies [11-
1312]. Differential expression analysis was performed
between tumors and adjacent normal tissues using the
“limma” R package. Differential expression was de-
fined as |log2 (fold change)| > 0.75 and adjusted p-value
< 0.05. To explore the relationship between cuproptosis
and outcome in PRCC, univariate Cox analysis was per-
formed on 17 CRGs for overall survival using the “sur-
vival” R package.

Cuproptosis-related risk signature construction by
dimension reduction analysis

In this study, we considered overall survival as the end
point of the risk signature. Lasso-penalized Cox regres-
sion with 10-fold cross-validation was performed on 17
CRGs in the training set using the “survival” and
“glmnet” R packages. The risk score for each patient
was next calculated based on the expression levels of
candidate genes and their corresponding coefficients in
the optimal model with A min. According to the median
risk score, we then stratified the patients into high-risk
(HR) and low-risk (LR) subgroups. Risk scores for pa-
tients in GSE2748 were calculated using the same for-
mula for independent external validation. The differ-
ences in survival probabilities between HR and LR
groups were identified by Kaplan-Meier survival analy-
sis, and the prediction performances at 1, 3, and 5 years
were evaluated by receiver operating characteristic
(ROC) curves. In addition, we also investigated the po-
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tential relationship between clinical characteristics and
risk scores.

Biological functional analysis of HR versus LR

To explore biological differences between HR and LR
subgroups, differential expression analysis was first per-
formed under the threshold of | log2 (Fold change) | > 1
and adjusted p < 0.05. Differentially expressed genes
(DEGs) were then analyzed using Gene Ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes
(KEGG) enrichment analyses. Using the "GSVA" R
package, we next computed gene set variation scores
across the risk subgroups and identified risk score-re-
lated gene sets. In addition, we used the QuanTIseq al-
gorithm to determine immune infiltration in subgroups.
The immune cell compositions were eventually com-
pared between risk subgroups.

Statistical analysis

Data analysis and plotting were executed using R soft-
ware (version 4.2.1). To identify differences between
groups, we used an independent-samples #-test on para-
metric continuous data and a Wilcoxon test on non-
parametric continuous data. One-way ANOVA or non-
parametric Kruskal-Wallis H-test was applied to the dif-
ferences in the multi-groups. The Pearson test was em-
ployed to assess the correlation between the risk score
and the gene set variation matrix. The overall survival
was described by the Kaplan-Meier curve, and the log-
rank test was used to calculate the significant difference
of the survival probability. To evaluate the predictive
performance of the risk signature, ROC curve analyses
were conducted. The "clusterProfiler" R package was
employed for GO and KEGG enrichment analyses,
while the QuanTIseq algorithm was used for immune
infiltration analysis. A p-value < 0.05 was considered
statistically significant.

RESULTS

Differential expression and univariate Cox analysis
of 17 CRGs

The workflow is shown in Figure 1. After excluding pa-
tients with incomplete clinical data and those with a sur-
vival time of less than 30 days, a total of 258 patients
with PRCC from the TCGA cohort were ultimately en-
rolled. These patients were randomly divided into a
training set (n = 183) and a validation set (n = 75). The
clinical information of the patients in the TCGA cohort
is shown in Table 1. There was no significant difference
in clinical characteristics between the training and vali-
dation sets (p > 0.05). Under the criteria of | log2 (Fold
change) | > 0.75 and adjusted p-value < 0.05, there were
8,041 DEGs between 258 PRCC tumor samples and 32
adjacent normal tissues in the TCGA cohort. Among 17
CRGs, only CDKN2A was upregulated, and 4 CRGs,
including DBT, FDX1, SLC31A1, and ATP7A, were
downregulated in tumors (Figure 2A). The expression
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patterns of 17 CRGs in PRCC and adjacent normal tis-
sues are demonstrated in Figure 2B. Univariate Cox re-
gression analysis of the 17 CRGs (Figure 2C) demon-
strated that GLS and ATP7A were significant risk
factors for the prognosis of PRCC (Hazard ratio > 1, p <
0.05). However, patients with high expression of DLST,
PDHAI1, PDHB, SLC25A3, and DLD had significantly
improved overall survival (Hazard ratio < 1, p <0.05).

Lasso-penalized Cox regression for 17 CRGs
Lasso-penalized Cox analysis (Figure 3A) identified 5
CRGs associated with overall survival in the training
set, including DLST, PDHB, SLC25A3, ATP7A, and
GLS. The risk score was calculated using the formula:
risk score = [(-0.482130745) x expression of DLST] +
[(-0.166984886) x  expression of PDHB] +
[(-0.113237601) x expression of SLC25A3] +
[(0.01530986) x  expression of ATP7A] +
[(0.260613722) x expression of GLS]. As described in
the methods section, patients in both training and vali-
dation sets were stratified into high-risk (HR) and low-
risk (LR) subgroups (Figures 3B, 3C).

Kaplan-Meier survival analysis suggested that higher
risk scores were associated with poorer overall survival
in the training set (log-rank test, p < 0.05) (Figure 4A).
This significant difference in overall survival between
risk subgroups was also verified in the validation set
(log-rank test, p < 0.05) (Figure 4B). To further verify
the generalization performance of the risk signature,
risk scores for each patient in GSE2748 were calculated
using the aforementioned formula for external valida-
tion. Although not statistically significant, patients with
high risk scores showed a trend toward lower survival
(Figure 4C).

The ROC curves were used to evaluate the performance
of the risk signature. As shown in Figures 4D - 4F, the
area under the curve (AUC) values for the risk signature
at 1, 3, and 5 years were all greater than 0.7 in the train-
ing, validation, and GSE2748 datasets, respectively.

No significant difference was observed in age distribu-
tion between risk subgroups (p > 0.05) (Figure 5A).
Notably, in the training set alone, female patients had
significantly higher risk scores than male patients (p <
0.05) (Figure 5A). Regarding AJCC stage, multiple
comparison analysis indicated that PRCC patients with
stage IV tended to have significantly higher risk scores
than those with stage I (p < 0.05) (Figures 5A, 5B).

Biological functional analysis related to risk signa-
ture

To obtain a panoramic view of the biological functions
associated with risk signature, differential expression
analysis was performed between the LR and HR groups.
GO enrichment analysis revealed that DEGs between
the risk subgroups were mainly enriched in biological
processes related to alpha-amino acid metabolic pro-
cess, alanine metabolic process, pyruvate family amino
acid metabolic process, and small molecule metabolic
process (Figures 6A, 6B). KEGG pathway analysis fur-
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Table 1. Clinical information of patients with PRCC from the TCGA cohort.

Characteristic Training set Validation set Training vs. validation comparison, p
Total cases 258 183 75
Gender
Male 192 (74.4%) 135 (73.8%) 57 (76.0%) i
Female 66 (25.6%) 48 (26.2%) 18 (24.0%)
Age
<65 154 (59.7%) 113 (61.7%) 41 (54.7%) D
>65 104 (40.3%) 70 (38.3%) 34 (45.3%)
Stage
I 173 (67.1%) 122 (66.7%) 51 (68.0%)
I 22 (8.5%) 16 (8.7%) 6 (8.0%) e
I 47 (18.2%) 33 (18.0%) 14 (18.7%)
v 16 (6.2%) 12 (6.6%) 4 (5.3%)
5
|, TCGA-KIRP
: T " | survival of less than 30 days;\
Incomplete clinical features
1
Training set J Validation set }

17 CRGs ‘
| lasso-Cox

Risk groups

(GO and KEGG for

HR versus LR

Kaplan-Meier
analysis

1

ROC
1-, 3-, 5-year OS

o

1 DEGs

Gene Set
\ Variation Analysis

Tumor immune
Infiltration

Figure 1. The workflow for risk signature establishment based on 17 CRGs.

ther identified significant differences in amino acid me-
tabolism and carbohydrate metabolism pathways be-
tween the risk subgroups (Figures 6C, 6D). We further
calculated gene set variation scores based on the ex-
pression profiles of the risk subgroups using GSVA.

Correlation analysis between the gene set variation ma-
trix and risk scores revealed that branched-chain amino
acid metabolism, succinyl-CoA metabolism, and fatty
acid metabolism were negatively correlated with risk
scores (Figures 6E, 6F). To elucidate the tumor immune

4 Clin. Lab. 5/2026



A Cuproptosis Gene Signature for PRCC Prognosis

>

Expression of cuproptosis-related genes

150 .
©
= . H
g 100 +% e e T . é % # Group
o + % $ 4 | . g Normal
S 5 * H . . s | &2 Tumor
; g gd
T H ?é Ly
0 * 1
LTI L LS T LR eI T X
S T TG D 325 X R D&
O\Y%oc?’\éq PE Qoqo%o'ﬁj é%l-é o
C S o O
Feature p-value Hazard Ratio (95% CI)
DLST* 5.5¢-4 l----@---- 0.38 (0.22 - 0.66)
PDHA1* 15e3 bo--@---d 0.45 (0.28 - 0.74)
PDHB* 7.2e3 I---- ®----- 1, 040 (0.21 - 0.78)
GLS* 0.01 the-@--d 1.66 (1.12 - 2.45)
SLC25A3* 0.01 e A ) 0.45 (0.24 - 0.85)
DLD* 0.02 b--@--d: 0.83 (0.42 - 0.93)
ATPTA* 0.03 omeees ®--oees ! 2.44 (1.09 - 5.48)
MTF1 0.08 S ®-----1 1.96 (0.99 - 3.91)
DBT 0.06 beoe-e ®----- i 049 (0.23- 1.02)
FDX1 0.07 I---- ®----1l 0.55 (0.28 - 1.05)
GCSH 0.10 Pommmmmeee e 1 0.34 (0.10 - 122)
LIAS 0.23 boomeee- @ 0.52 (0.18 - 1.51)
DLAT 0.25 F--®-td 0.79 (0.54 - 1.18)
LIPT1 0.33 [EERRERAL E l 1.58 (0.63 - 3.98)
CDKN2A 0.50 1--t®---1 1.17 (0.74 - 1.87)
ATF7B 0.65 boeeee- ®------ 1 0.82 (0.36 - 1.90)
SLC31A1 0.97 b---®---4 0.99 (061 - 1.62)

T T T T T T T T T T T
-3.0-2.5-2.0-1.5-1.0-0.50.0 0.5 1.0 1.5 2.0

log2(Hazard Ratio (95% ClI))

Figure 2. The expression and survival analysis of 17 CRGs.

A) The volcano plot for differential expression analysis between PRCC and adjacent normal tissues. The upregulated genes are marked with
diamonds, while downregulated genes are marked with triangles under the criteria of | log2 (Fold change) | > 0.75 and p-value < 0.05. Five
CRGs with significant change are annotated in volcano plot. B) The expression patterns of 17 CRGs in PRCC. C) The forest plot suggested
univariate Cox analysis of 17 CRGs for overall survival in PRCC (* p <0.05).

microenvironment related to the risk signature, infiltrat-
ing immune cell compositions in risk subgroups were
identified using QuanTIseq algorithm. In PRCC, the
predominant infiltrating cells were macrophages and
neutrophils, followed by total lymphocytes with scat-
tered myeloid dendritic cells (Figure 7A). Comparison
between the LR and HR groups showed a slight but sig-
nificant increase in M1 macrophages and regulatory T
cells (Tregs) in the HR group (p < 0.05) (Figure 7B).
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DISCUSSION

Cuproptosis is closely correlated to mitochondrial activ-
ity and mainly involves multiple processes, including
reduction of copper ions, copper transportation, and li-
poylation of tricarboxylic acid cycle components [11].
Although the mechanism is obscure, several studies
have shown that the expression of CRGs was associated
with the prognosis of tumors [14,15]. So far, the molec-
ular pattern of CRGs in the PRCC has not been clearly
defined. In this work, we identified the potential role of
cuproptosis in the prognosis of PRCC and developed a
CRG-related risk signature.

The expression levels of CRGs involved in the proces-
ses described above may determine the sensitivity of tu-



Haixia Li et al.

>

1.5

Coefficient
0.5

-0.5

-1.5

Risk score

2,000

50 100 150
Patient ID(increasing risk score)

6,000+

4,000+

C]

°

.
o L)
. E
s
B o o v g ot

Survival time(days)
o

7 ()
. S

._,y-

“o
oDOW%

T

=]

o
SR NP o,
o %

% 5
:-m
o of e

o i %BO a@ lif

Partial Likelihood Deviance

@)

0

50 100 150

Patient ID(increasing risk score)

17 16 16 16 15 14 10 7 5 3 1

- 0
S .

Riskgroup o . - Riskgroup
oHigh 3 20 : cosrn ®High
OLow 2 55 el OLow

] g - .W ...........
o -3.0{ o
40 60
Patlent ID(increasing risk score)
£.4,000 E
_8 .
= 3,000- ° .

Event [} . o Ev.eBt "
®Death £ 2,000+ o e o o ed
OCAlive = e oo 1. . . OAlive

[o] o Y .
;1000 o 0% 6 oo e oo oo L °
5 4 o . o o0 0 pO g ooocoa'. s % ec®e’
2 ) 20 40 60
Patient ID(increasing risk score)
Group | ow
DLST mHigh
2 2
1 poHB N1
0
SLC25A3
_1 -
-2 ATP7TA 2

Figure 3. Risk signature establishment based on 17 CRGs.

GLS

A) Lasso-penalized Cox regression. The left part suggests the lasso coefficient profiles of 17 CRGs, and the curves with distinct line types indi-
cate the change in the coefficient of variates included in model. The right part shows ten-fold cross-validation for optimal parameter selection
in lasso model, and the vertical dotted lines represent the optimal log X values through minimum and 1-SE criteria. B, C) The distribution of
risk scores, survival status, and expression pattern of genes comprising the risk signature were shown in the training (B) and validation sets
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Figure 4. Survival analysis between risk subgroups in PRCC.

A - C) Kaplan-Meier survival analysis revealed that survival probabilities in HR group were lower than those of the LR group in training A)
and validation sets B), Figure C suggests the survival curves in GSE2748 between HR and LR group for external validation. D - F) ROC
curves at 1-, 3-, S-year survival prediction are shown in training D), validation E), and GSE2748 F) datasets.
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Figure 5. The relationship between risk scores and clinical characteristics.

A, B) Boxplots with hollow circles suggests that no difference was found in risk scores by age or gender, while risk scores in patients with stage

IV were higher than those of patients with stage I in training A) and validation B) sets (p < 0.05).
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Figure 6. Biological function investigation.

A, B) GO enrichment analysis for differentially expressed genes by risk group in training A) and validation B) sets. C, D) KEGG analysis
suggested that differentially expressed genes by risk group were mainly related to metabolism. E, F) Pearson’s correlation analysis of gene set
variation with risk scores revealed that cellular metabolic processes were associated with risk scores in both the training set E) and the
validation set F). The size of the lollipop indicates the strength of the correlation.
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Figure 7. Immune infiltration analysis.

The compositions of ten different immune cell types were investigated using QuanTIseq method. Predominant infiltrating immune cells were
macrophages and neutrophils, followed by total lymphocytes with scattered myeloid dendritic cells, and the Tregs were significantly higher
around the HR tissues in both the training (A) and validation (B) sets (* p <0.05, ** p <0.01, *** p <0.001, **** p <0.0001).

mor cells to cuproptosis. Therefore, we first examined
the expression pattern of the 17 CRGs. In the TCGA da-
taset, FDX1, SLC31A1, ATP7A, and DBT were all
downregulated compared to normal tissues. FDX1 is a
mitochondrial reductase which plays a crucial role in
sterol hormone synthesis and mitochondrial metabolism
[16]. FDX1 reduces the Cu2™ to Cu", leading to in-
creased cytotoxicity. The knockdown of FDX1 not only
blocked cuproptosis, but also inhibited the lipoylation
of DBT, GCSH, DLST, and DLAT, indicating that
FDX1 represents a core element of cuproptosis [11].
Consistent with our results, one study has demonstrated
that lower expression of FDX1 has been identified in
most cancers and that it is strongly associated with a
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better prognosis in RCC [17]. Intriguingly, Zhang et al.
found that the lower expression of FDX1 in HCC cells
was associated with shorter survival time [15]. Al-
though the knockdown of FDX1 reduced ATP produc-
tion in lung cancer cells [18], the cell viability was not
inhibited due to less additional ATP necessary for cell
proliferation [19]. The mechanism by which FDX1 me-
diates cancer prognosis remains unclear. DBT (Dihy-
drothioctyl amine branched chain transacylase E2)
could facilitate the formation of branched-chain keto
acid dehydrogenase complex and participate in the me-
tabolism of branched-chain amino acids. As is well-
known to us, mutations of DBT lead to the maple syrup
urine disease due to the accumulation of branched-chain
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amino acids and keto acid derivatives [20]. Less atten-
tion has been focused, however, on the role of DBT in
the tumorigenesis. One study has shown that DBT was
less expressed in pancreatic cancer than in normal tis-
sues and that it played a protective role in the prognosis
[21]. Ko et al. found a positive correlation between
DBT and the proto-oncogene BRAF and revealed that
decreased expression of DBT in melanocytes inhibited
activation of ERK/MAPK, p53, and apoptosis upon
overexpression of BRAF V600E, a frequent oncogene
mutation occurring in various cancers [22]. These find-
ings hint that DBT may be related to cellular tolerance
to oncogenes. SLC31A1 and ATP7A encode high-affin-
ity copper transporters. Low expression of SLC31A1
induced copper depletion and led to subsequent activa-
tion of AMPK (AMP-activated protein kinase), which
might reduce cell invasion [23]. CDKN2A is a tumor
suppressor gene that encodes a protein involved in the
cell cycle regulation and could induce cell cycle arrest
in the G1/ G2 phase. Compared to adjacent normal tis-
sues, CDKN2A is upregulated in most cancers [24],
which was consistent with our study. One possibility is
that the upregulation of CDKN2A in most cancers may
act as a negative feedback mechanism to restrain tumor
cell proliferation.

The tricarboxylic acid cycle provides intermediate pro-
ducts involved in several biological processes, particu-
larly glutamine metabolism which supplies energy and
fuel for cell growth [25]. More than that, the mainte-
nance of the tricarboxylic acid cycle, which depended
on the activation of the pyruvate dehydrogenase com-
plex driven by AMPK, enabled cancer cells to adapt to
the altered metabolic requirements during metastasis
[26]. However, copper overload leads to the dysregula-
tion of the tricarboxylic acid cycle by direct binding to
its lipoylated components in cuproptosis. Based on
these findings, we first performed the survival analysis
of 17 CRGs in PRCC patients using univariate Cox re-
gression. In this study, increased expression of DLST,
PDHAI1, PDHB, SLC25A3, or DLD was consistent
with a better outcome, while higher expression of GLS
or ATP7A tended to be associated with poorer prog-
nosis in PRCC. In mitochondria, DLST plays a key role
as an essential component of the a-ketoglutarate dehy-
drogenase complex responsible for the rate-limiting step
of oxidative decarboxylation of a-ketoglutarate to succi-
nyl-CoA. DLD, PDHAI1, and PDHB together constitute
the pyruvate dehydrogenase complex, which irrevers-
ibly catalyzes the decarboxylation of pyruvate to acetyl-
CoA. The distinctive pattern of these vital enzymes in-
dicated that patient outcomes were strongly correlated
with cellular metabolic changes in tumor tissue.

A five-gene signature of CRGs including DLST,
PDHB, GLS, ATP7A, and SLC25A3 was subsequently
established using Lasso-penalized Cox regression in the
training set. ROC curves suggested that AUCs for 1-,
3-, 5-year overall survival of the risk signature in the
training set were 0.82, 0.70, and 0.76, respectively. The
good predictive performance of the risk signature was
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also confirmed in the validation set. Meanwhile, we per-
formed an external validation of the cuproptosis-related
risk signature. In the GSE2748, we found that higher
risk scores were associated with shorter survival time,
although there was no significant difference between
risk subgroups, which may have been caused by the
small number of patients. The ROC curve suggested
that AUCs for 1-, 3-, 5-year overall survival of the risk
signature in GSE2748 were all larger than 0.7. In a meta
cohort of PRCC, Zhang et al. summarized 13 CRGs and
developed a risk signature based on the DEGs between
cuproptosis-related subcluster [27]. The integration of
the TCGA and GEO datasets expanded the sample size
and thus increased the predictive performance of the
risk signature [27]. Compared to the previous work, the
merits of our work are the following: First, we collected
more CRGs in our study and therefore displayed a more
comprehensive and insightful expression pattern of
CRGs in PRCC. In addition, we performed a regression
analysis directly on the CRGs, which was more helpful
to shed light on the relationship between cuproptosis
and prognosis in PRCC patients. Finally, we also per-
formed external validation to assess the generalizability
of the predictive model, and the AUC values of the risk
signature demonstrated better accuracy in distinguishing
between low-risk and high-risk patients in both the
TCGA and GEO datasets.

The expression of ATP7A and GLS was positively cor-
related with the risk score, whereas PDHB, DLST, and
SLC25A3 were negatively correlated. ATP7A, the cop-
per transporter ATPase, is expressed in various tissues,
including intestine, kidney, brain, heart, and lung. Un-
der the condition of copper overload, ATP7A can ac-
tively transfer copper out of the cells, thus attenuating
copper-related cytotoxicity. Based on this evidence, tar-
geting ATP7A in conjunction with retinoic therapy
brings new insight for the treatment of neuroblastoma
[28]. Additionally, studies have shown that ATP7A
played a vital role in cell growth and metastasis, and
downregulated ATP7A could inhibit phosphorylation of
focal adhesion kinase and myeloid cell recruitment
through the block of copper-dependent lysyl oxidase en-
zymes [29,30]. Therefore, the low expression of ATP7A
may interfere with the natural processes of the metasta-
tic microenvironment, thus resulting in a low risk of
metastasis in PRCC. The SLC25 family consists of 53
members and is responsible for transportation of solutes
across the inner mitochondrial membrane for many cel-
lular processes [31]. Among those members, SLC25A3
plays a role in transferring phosphate to the mitochon-
drial matrix. The deletion of SLC25A3 resulted in a de-
ficiency in mitochondrial ATP synthesis [32]. More
than this, Boulet et al. found that the addition of copper
to the culture medium was able to rescue cytochrome c
oxidase deficiency caused by the complete deletion of
SLC25A3 in HEK239 cells, suggesting an indispens-
able role for copper import of SLC25A3 [33]. In this
risk signature, the complementary effects of SLC25A3
and ATP7A on copper transport implied that tumor
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prognosis was strongly associated with copper metabo-
lism in mitochondria. Glutaminase (GLS) catalyzes a
rate-limiting step in the synthesis of glutamine, an es-
sential amino acid critical for cellular energy and syn-
thesis in cancer cells. However, as the tumor progresses,
glutamine is transported from the tricarboxylic acid
cycle to the nucleotide synthesis pathway in response to
accelerated cell proliferation [34]. In the present study,
expression of GLS was positively associated with risk
scores in PRCC, suggesting that elevated glutamine me-
tabolism was involved in driving tumor cell prolifera-
tion. In addition, glutathione derived from glutamine
metabolism may inhibit cuproptosis by chelating copper
even though cuproptosis is independent of oxidative
stress [11]. Hereby, upregulated GLS in PRCC may in-
dicate elevated glutamine metabolism and the enhanced
resistance to cuproptosis in progressive tumors.

The relationships between risk scores and clinical char-
acteristics were also analyzed. Our study suggests that
patients with stage IV tend to exhibit higher risk scores
in both training and validation sets. The consistency be-
tween the risk scores and tumor stages confirms the ef-
fectiveness of CRG-related risk signature for outcome
prediction in PRCC. To explore the biological functions
associated with the risk signature, we performed the dif-
ferential expression analysis between risk subgroups.
GO and KEGG analyses demonstrated that DEGs were
associated with cellular amino acid metabolic processes
and carbohydrate metabolism. Consistent with this,
GSVA results indicated that the metabolism of branch-
ed-chain amino acids, succinyl-CoA, and the tricarbox-
ylic acid cycle were closely correlated with risk scores.
Metabolic alterations may promote tumor cells to adapt
to the metastatic microenvironment and proliferate rap-
idly [25]. In PRCC, the immune infiltration analysis re-
vealed that macrophages were the predominant infiltrat-
ing cells in tumor tissues, and the proportion of M2
macrophages was higher than that of M1 macrophages.
It has long been known that the tumor microenviron-
ment has a dual effect on tumor cells; it is capable of in-
hibiting or promoting tumor progression. The polariza-
tion of M2-type cells was primarily activated by the
synergistic stimulation of various cytokines, including
IL-4, IL-10, and TGF-f derived from T cells and tumor
cells [35]. In turn, M2 macrophages could also promote
tumor cell growth, angiogenesis, and immunosuppres-
sion by secreting a series of cytokines [35,36]. In this
study, although very low in PRCC, the fraction of Tregs
in HR was significantly higher than that in the LR sub-
group. Many studies have suggested that infiltration of
Tregs was associated with a poor tumor prognosis,
which was consistent with the result of this study [37].
A potential mechanism of the poor outcome in PRCC
may be the tumor escape promoted by Tregs through
suppressing cytokines, inducing dendritic cell tolerance,
and utilizing inhibitory receptors [38].

In summary, this study investigated the expression pat-
terns of CRGs and developed a prognostic signature of
CRGs in PRCC. This risk signature based on cupropto-
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sis demonstrated a favorable performance for overall
survival and was correlated with tumor immune infiltra-
tion and cellular metabolism. However, due to incom-
plete clinical information, factors such as hypertension
and smoking were not included in this study to develop
a prediction model for overall survival. Understanding
the mechanism of cuproptosis and its potential effect on
cellular metabolism may provide new insights into the
progression of PRCC.
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