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A B S T R A C T   

Disulfidptosis, a newly discovered mode of cell death caused by excessive accumulation of 
intracellular disulfide compounds, is closely associated with tumor development. This study 
focused on the relationship between disulfidptosis and clear cell renal cell carcinoma (ccRCC). 
Firstly, the characterizations of disulfidptosis-related genes (DRGs) in ccRCC were showed, which 
included number variation (CNV), single nucleotide variation (SNV), DNA methylation, mRNA 
expression and gene mutation. Then, the ccRCC samples were classified into three clusters 
through unsupervised clustering based on DRGs. Survival and pathway enrichment differences 
were evaluated among the three clusters. Subsequently, the differentially expressed genes (DEGs) 
among the three clusters were screened by univariate Cox, LASSO, and multivariate Cox analysis, 
and five key DEGs were obtained. Based on the five key DEGs, the ccRCC samples were reclas
sified into two geneclusters and the survival differences and immune cell infiltration between two 
geneclusters was investigated. In next step, ccRCC samples were divided into two groups ac
cording to PCA scores of five key DEGs, namely high PCA score group (HPSG) and low PCA score 
group (LPSG). On this basis, differences in survival prognosis, immune cell infiltration and cor
relation with immune checkpoint, as well as differences in sensitivity to targeted drugs were 
compared between HPSG and LPSG. The expression levels of four immune checkpoints were 
higher in HPSG than in LPSG, whereas the LPSG was more sensitive to targeted drug therapy than 
the HPSG. Finally, validation experiments on HDAC4 indicated that HDAC4 could increase the 
proliferation and colony formation ability of ccRCC cells.   
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1. Introduction 

Renal cell carcinoma (RCC) is the most common kidney malignant tumor in adults, and its incidence has gradually been increasing 

in the recent years. Of all RCC subtypes, clear cell renal cell carcinoma (ccRCC) is the most common subtype, accounting for 
approximately 75 % of all cases [1,2]. However, because of the lack of early typical symptoms in patients with ccRCC and a high degree 
of clinical heterogeneity, approximately 25 %–30 % of patients have already developed metastases at diagnosis [3]. In addition, for 
advanced or metastatic ccRCC patients, there are no effective treatment strategies currently available [4]. Therefore, given the high 
incidence and mortality rates of ccRCC, it is particularly important to develop new and effective treatment strategies. 

Programmed cell death, including ferroptosis, pyroptosis, and copper-mediated cell death, plays a key role in the human body and 
has been extensively studied in relation to tumor progression [5,6]. Iron-dependent cell death, also known as ferroptosis, is apoptosis 
caused by excessive accumulation of intracellular iron-dependent peroxides [7]. It is involved in the progression of pancreatic, 
bladder, and bowel cancers [8]. In addition, copper-mediated cell death-related genes were shown to be potentially linked to ccRCC 
development [9]. Recently, Liu et al. discovered a novel cell death pathway, which they named disulfidptosis [10]. Disulfidptosis 
differs from the currently known cell death mechanisms and is primarily associated with the actin cytoskeleton, which interferes with 

List of abbreviations 

ccRCC Clear cell renal cell carcinoma 
HPSG High PCA score group 
LPSG Low PCA score group 
DRGs Disulfidptosis-related genes 
RCC Renal cell carcinoma 
DEG Differentially expressed gene 
SLC7A11 Solute carrier family 7 member 11 
CRISPR Clustered regularly interspaced short palindromic repeats 
SLC3A2 Solute carrier family 3 member 2 
NCKAP1 NCK associated protein 1 
GYS1 Glycogen synthase 1 
NDUFS1 NADH:ubiquinone oxidoreductase core subunit S1 
NDUFA11 NADH:ubiquinone oxidoreductase subunit A11 
OXSM Mitochondrial 3-oxoacyl-ACP synthase 
LRPPRC Leucine rich pentatricopeptide repeat containing 
EMT Epithelial-mesenchymal transition 
EDU 5-ethynyl-2′-deoxyuridine 
CNV Copy-number variation 
SNV Single nucleotide variation 
TCGA The Cancer Genome Atlas Program 
GSVA Gene Set Variation Analysis 
KEGG Kyoto Encyclopedia of Genes and Genomes 
TIME Tumor immune microenvironment 
ESTIMATE Estimation of STromal and Immune cells in Malignant Tumor using Expression data 
TIDE Tumor Immune Dysfunction and Exclusion 
CAF Cancer-Associated Fibroblast 
TAM Tumor-associated macrophage 
HPA Human Protein Atlas 
PCA Principal component analysis 
IHC Immunohistochemistry 
qRT-PCR Quantitative Real-Time Polymerase Chain Reaction 
TME Tumor mircroenviroment 
TNBC Triple-negative breast cancer 
HDAC4 Histone deacetylase 4 
HK2P1 Hexokinase 2 pseudogene 1 
ZNF175 Zinc finger protein 175 
CHTF8 Chromosome transmission fidelity factor 8 
Treg Regulatory T 
GDSC Genomics of Drug Sensitivity in Cancer 
GSEA Gene Set Enrichment Analysis  
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its organization, ultimately leading to the collapse of the actin network and cell death [10]. Liu et al. found that under glucose 
starvation, abnormal accumulation of intracellular disulfide in high Solute carrier family 7 member 11 (SLC7A11high) cells induced a 
previously uncharacterized form of cell death distinct from apoptosis and iron apoptosis [10]. We call this cell death disulfidptosis. 
Previous analyses have shown that glucose starvation in SLC7A11high cells induced abnormal disulfide bonds in the actin skeleton 
protein and f-actin collapse in a SLC7A11-dependent manner. Clustered regularly interspaced short palindromic repeats (CRISPR) 
screening and functional studies have shown that inactivation of the WAVE regulatory complex (which promotes actin polymerization 
and plate foot formation) inhibits disulfidptosis, whereas constitutive activation of Rac promotes disulfidptosis. Further research 
showed that the glucose transporter inhibitors induced double vulcanization of SLC7A11high cancer cells and inhibited the growth of 
SLC7A11high tumors [10]. The sensitivity of the actin cytoskeleton to disulfide stress-mediated disulfidptosis and a therapeutic 
strategy for targeting disulfidptosis in cancer therapy were suggested by these findings. Therefore, disulfidptosis may play an indis
pensable role in tumor progression, and the function of disulfidptosis in ccRCC is worth exploring. 

In addition to SLC7A11, solute carrier family 3 member 2 (SLC3A2), and ribophorin I (RPN1), and NCK associated protein 1 
(NCKAP1) also contributes greatly to the process of disulfidptosis, and interference with these genes can effectively inhibit the pro
gression of disulfidptosis. Further studies have shown that glycogen synthase 1 (GYS1) can induce disulfidptosis in coordination with 
mitochondrial oxidative phosphorylation-related genes [NADH:ubiquinone oxidoreductase core subunit S1 (NDUFS1), NADH:ubi
quinone oxidoreductase subunit A11 (NDUFA11), mitochondrial 3-oxoacyl-ACP synthase (OXSM), NUBPL, and leucine rich penta
tricopeptide repeat containing (LRPPRC)] [10]. As an important regulatory gene of disulfidptosis, SLC7A11 belongs to the 
cystine/glutamate transporter family and plays a crucial role in transporting cysteine to cells for glutathione biosynthesis and anti
oxidative defense [11]. SLC7A11 is not only involved in disulfidptosis but is also highly expressed in various solid tumors, such as 
breast cancer [12] and liver cancer [13]. It also affects the occurrence and development of tumor cells and the treatment and prognosis 
of patients. In addition, SLC3A2, RPN1, and NCKAP1 play a role in the process of cellular disulfidptosis, and the progression of 
disulfidptosis can be effectively inhibited by interfering with these genes [10]. SLC3A2 is closely associated with various tumors and 
highly expressed in various histological types of renal carcinoma, among which ccRCC, papillary carcinoma, and chromophobe cell 
carcinoma are the most significant [14]. Meanwhile, silencing SLC3A2 can disable the proliferation and metastasis of tumor cells [15]. 
RPN1 is a part of the N-oligosaccharyl-transferase complex and plays a crucial role in the development of various cancers. The 
expression of RPN1 in breast cancer tissues is higher than that in normal tissues, and RPN1 can promote the proliferation and migration 
of tumor cells by activating the PI3K/AKT/mTOR signaling pathway [16]. NCKAP1 is an NCK-related protein gene and a member of 
the tyrosine kinase-binding protein family. In breast cancer, the expression level of NCKAP1 is negatively associated with the prognosis 
of patients, and down-regulation of NCKAP1 can inhibit the migration and invasion ability of cancer cells [17]. GYS1 is highly 
expressed in ccRCC tissue and promotes tumor cell proliferation, making it a potential therapeutic target for ccRCC patients [18]. 
NDUFS1 can also be used as a diagnostic marker for renal carcinoma, and is also significantly correlated with the pathological stage 
and grade of renal carcinoma and patient survival; the lower the expression of NDUFS1, the higher the stage and the sooner the 
occurrence of distant metastasis in a cancer patient [19]. Increased expression of NDUFA11 in breast cancer promotes tumor cell 
invasion and metastasis by enhancing mitochondrial electron leakage [20]. NUBPL is an assembly factor in human mitochondrial 
complex I. The mRNA level of NUBPL is significantly elevated in colorectal cancer tissues, and NUBPL enhances the migration and 
invasive ability of tumor cells by promoting epithelial-mesenchymal transition (EMT) [21]. The LRPPRC is a member of the penta
tricopeptide repeat protein family and is located in the cytoplasm and mitochondria. The expression of this sequence is increased in 
various cancer tissues such as prostate cancer, gastric cancer, and urothelial carcinoma of the bladder and is negatively correlated with 
patient prognosis [22–24]. OXSM plays a role in colorectal cancer progression, and the risk model constructed by OXSM has the 
potential to predict survival and prognosis of colorectal cancer patients [25]. These DRGs are closely involved in disulfidptosis, which 
plays an important role in tumor progression. However, so far, few studies on disulfidptosis have been found in RCC, and the role and 
mechanism of disulfidptosis in the progression of RCC are unclear. Therefore, it is of great significance to investigate the role of 
disulfidptosis and its related genes in the occurrence and development of RCC. 

In our study, the roles of DRGs in ccRCC were investigated using multi-omics analysis with the aim of establishing a valuable model 
that can guide the prognosis and treatment of ccRCC. First, we studied mRNA changes of DRGs in tumor samples and normal samples, 
as well as the DRG mutations in tumor samples. The ccRCC samples were divided into three clusters through unsupervised clustering. 
Further analysis was conducted to identify key differentially expressed genes (DEGs) by performing univariate, LASSO, and multi
variate analysis on DEGs among the three clusters. Based on the key DEGs during screening, ccRCC samples were categorized into two 
geneclusters by unsupervised clustering. Principal component analysis (PCA) was then performed in the two geneclusters and PCA 
scores were calculated for each sample. Based on PCA scores, the ccRCC samples were divided into high PCA score group (HPSG) and 
low PCA score group (LPSG). Survival analysis showed noteworthy differences in survival duration between HPSG and LPSG. 
Furthermore, a correlation between PCA scores and immune cell infiltration was also identified. Subsequently, the expression char
acteristics of common immune checkpoints between the two groups were analyzed, and the differences in drug sensitivity and clinical 
features were determined. Finally, we investigated and confirmed the function of HDAC4 in ccRCC through immunohistochemistry 
(IHC), Western blotting, colony formation, and 5-ethynyl-2′-deoxyuridine (EDU). 

2. Materials and methods 

2.1. Data collection 

Data used in our study including transcriptomic, clinical, copy number variation (CNV), single nucleotide variation (SNV), and 
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DNA methylation data of 541 ccRCC samples and 72 normal samples were download from The Cancer Genome Atlas Program (TCGA) 
database on March 5, 2023. Of these, 11 poor quality ccRCC samples with a survival time of 0 were removed, leaving 530 ccRCC 
samples for subsequent analyses. In addition, 10 DRGs including GYS1, RPN1, SLC7A11, NDUFA11, NCKAP1, LRPPRC, OXSM, 
SLC3A2, NUBPL, and NDUFS1 were obtained from the published literature [10]. Further, SNV, CNV, DNA methylation, mutation, and 
mRNA expression of 10 DRGs was performed by R in ccRCC. 15 pairs of fresh ccRCC tissue (cancer and adjacent normal tissue) and 
paraffin sections from 30 cases of ccRCC patients were collected for IHC. All experimental procedures were approved by the Ethics 
Committee of First Affiliated Hospital of Henan University of Science and Technology. 

2.2. Differential analysis of DRGs 

First, we standardized and normalized ccRCC and normal samples from the TCGA database using the Limma package [26]. Next, 
the mRNA expression matrices of the 10 DRGs were extracted and the 10 DRGs were differentially analyzed in tumor and normal 
samples following the unpaired t-test method (student t-test). 

2.3. Cluster analysis of the ten DRGs 

Based on the mRNA expression levels of the 10 DRGs, 530 ccRCC samples were classified into three clusters, cluster 1, cluster 2, and 
cluster 3 by unsupervised clustering using the ConsensusClusterPlus package (version: 4.22) [27]. Kaplan-Meier survival analysis 
(log-rank test) was used to analyze the differences in survival time of samples among the three clusters, with p < 0.05 as the signif
icance threshold. 

2.4. Functional differences and DEGs among the three clusters 

Based on the mRNA expression matrix obtained from the abovementioned normalization, the three clusters obtained in the pre
vious step were differentially analyzed using the Limma package. A significance threshold of |log2FoldChange (FC)| > 0 and FDR 
<0.05 was used to determine statistical significance. Differential results were visualized using volcano plots and Venn diagrams. In 
addition, enrichment pathways differences among the three clusters were analyzed by Gene Set Variation Analysis (GSVA) [28] based 
on Hallmarks of Cancer [29] and the Kyoto Encyclopedia of Genes and Genomes (KEGG), which were visualized by heatmap. 

2.5. Identification of key DEGs and their prognostic analysis 

First, univariate Cox analysis was performed for screening DEGs. Then, to solve collinearity and overfitting problems, LASSO 
analysis was performed using “glmnet” package (Version 4.22) to further filter prognostic DEGs. Finally, based on the results of LASSO 
algorithm, five key DEGs were selected by multivariate Cox regression analysis. The prognostic value of five key DEGs was investigated 
by Kaplan-Meier survival analysis. 

2.6. Cluster analysis of the five key DEGs 

Based on the mRNA expression data of the five DEGs, the ccRCC samples were divided into two geneclusters, namely genecluster A 
and genecluster B, by unsupervised clustering using the ConsensusClusterPlus package. The two geneclusters expression matrices 
obtained in the previous step were used for pathway enrichment analysis based on the Hallmarks of Cancer and KEGG using the R 
package GSVA. 

2.7. Differences in the tumor immune microenvironment (TIME) 

Differences in the abundance of 22 immune cell infiltrations between the two geneclusters were investigated by CIBERSORT, 
relying on gene expression data. In addition, to evaluate the heterogeneity of the TIME, we computed tumor stromal cell infiltration, 
immune cell infiltration, and tumor purity using the Estimation of STromal and Immune cells in Malignant Tumor using Expression 
data (ESTIMATE) method [30]. Gene expression data of the ccRCC samples were uploaded to the Tumor Immune Dysfunction and 
Exclusion (TIDE) website (http://tide.dfci) [31], and the Cancer-Associated Fibroblast (CAF) score, Tumor-Associated Macrophage M2 
(TAM M2) score, TIDE score, and Exclusion score were calculated for each of the two geneclusters. The differences were then visualized 
using box plots. 

2.8. PCA score model construction 

First, the distribution of the samples in the two geneclusters was analyzed and presented by PCA. The PCA score was obtained by 
calculating the sum of PC1 and PC2 for each sample, and ccRCC samples were then divided into HPSG and LPSG based on the PCA 
score. Survival differences between the HPSG and LPSG were analyzed using Kaplan-Meier survival analysis. Further differences in 
abundance of immune cell infiltration and expression of four immune checkpoints were analyzed between HPSG and LPSG using the 
ggplot2 package. The relationship between DRGs, key DEGs, and PCA score in ccRCC samples was analyzed using the R package ggcor. 
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2.9. Clinical characteristics 

The clinical characteristics data of 530 ccRCC patients downloaded from the TCGA database. The downloaded clinical data were 
used to analyze the differences in age, survival status, stage grade and T stage between HPSG and LPSG patients by the ggplot2 and 
ggpubr packages. 

2.10. Drug screening 

First, we downloaded the expression data of cell lines and data of the drug sensitivities of cell lines to 283 drugs from Genomics of 
Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/). Subsequently, we used the Oncopredict package [32] to perform 
drug sensitivity analyses and ascertain the IC50 values of drugs in the HPSG and LPSG. This analysis aimed to assess differences in drug 
treatment sensitivity between HPSG and LPSG. 

2.11. The human protein atlas (HPA) 

The HPA (https://www.proteinatlas.org/) [33] is a comprehensive resource based on multi-omics data that includes tissue, cell, 
and organ atlases covering both cancerous and normal tissues. Corresponding immunohistochemical sections were retrieved from the 
database and analyzed for differences in HDAC4 and ZNF175 protein levels between tumor and normal samples. 

2.12. Relationship of Wnt and EMT gene sets with key DEGs 

We downloaded the related gene data for Wnt and EMT pathway from the official Gene Set Enrichment Analysis (GSEA) website 
[GSEA | MSigDB (gsea-msigdb.org)] and the dbEMT 2.0 website, respectively. Further, we calculated the Wnt and EMT pathway score 
for each sample using GSEA, and then performed correlation analysis between the expression of five key DEGs and the pathway score. 

2.13. IHC 

The clinical tissue sections (Tumor:Normal = 30:30) were collected for immunohistochemical staining. The collected paraffin 
sections were first dewaxed. Sections were hydrated by passing through an alcohol of gradient concentration. Sections were then 
heated in antigen repair solution and further treated with 3 % hydrogen peroxide and PBS, respectively. After drying, a primary 
antibody (Proteintech 17449-1-AP, 1:100) was added and incubated at 4◦ overnight. The next day, the secondary antibody was added 
and the sections were washed with PBS after 1 h. Subsequently, DAB chromogen was added and staining was stopped after observing 
that the cells were appropriately stained, followed by rinsing with water. Finally, the sections were stained with hematoxylin. The IHC 
results were scored by two experienced pathologists. The intensity of cell staining: no staining (negative) was 0 point, light yellow 
(weak positive) was 1 point, brown yellow (positive) was 2 points, tan (strong positive) was 3 points; According to the percentage of 
positive cells, 1 point for ≤25 %, 2 points for 26%–50 %, 3 points for 51%–75 %, and 4 points for ≥75 %. The two scores were 
multiplied to yield the final score. The two scores were multiplied to give the final results. 

2.14. Cell treatment 

Cell lines (786-O) were obtained from HyCyteTM (TCH-C107, Hai xing, China). Si-HDAC4 was designed and synthesized by 
GenePharma Co., Ltd. (Shanghai, China). The 786-O cells were seeded in six-well plates before transfection. When the observed cell 
density reached approximately 80 %, transfection was performed using Lipofectamine 3000 (Invitrogen, Carlsbad, USA), according to 
the manufacturer’s instructions. 

2.15. RNA extraction and quantitative real-time polymerase chain reaction (qRT-PCR) 

To quantify HDAC4 mRNA levels, RNA was first extracted from cells using a TRIzol reagent (TaKaRa, China). The cDNA was 
obtained by reverse transcription using a reverse HiFiScript cDNA synthesis kit (CWBio, China). Subsequently, qPCR was performed on 
StepOne (Thermo, China) using SYBR Green qPCR Kit (TaKaRa, China). Three replicates were performed for each experiment, and the 
expression of HDAC4 was detected following the 2− ΔΔCt method. The primer sequence was as follows: forward 5′-GGCCCACCG
GAATCTGAAC-3′; reverse 5′-GAACTCTGGTCAAGGGAACTG-3′. 

2.16. Western blotting 

Cell Western blotting: Cells were treated with RIPA lysis buffer (Solarbio). The extracted proteins were separated on SDS-PAGE gels 
(12 %, Beyotime) and transferred to polyvinylidene fluoride membranes (PVDF, Millipore). After blocking with skimmed milk powder, 
primary antibody (Cell Signaling Technology, 7628T, 1:1500) was added and the cells were incubated overnight at 4 ◦C. The following 
day, the primary antibody was washed off and the secondary antibody was added. The cells were then incubated for 2 h. 

Tissue Western blotting (15 pairs of fresh cancer and adjacent normal tissue): First, the tissue was cut into pieces on ice; the tissue 
fragments were transferred to a glass homogenizer and cold PBS was added in a 1:5 ratio for grinding a homogenate. The homogenate 
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was centrifuged at 5000 g for 5 min, and the supernatant was collected for detection. The subsequent steps were the same as those 
followed for cell Western blotting. 

2.17. Cell proliferation and colony formation 

The proliferative capacity of cells was determined using the BeyoClickTM EDU-555 Cell Proliferation Assay Kit (Beyotime). Cells (2 
× 105/well) were inoculated into a 6-well plate and when the cells were stable, they were treated according to standard experimental 
procedures. 

The transfected cells (1 × 103/well) were transferred to a 6-well plate and incubated in an incubator for two weeks. The cells were 
then fixed with 4 % paraformaldehyde and observed after staining with 1 % crystallization. 

2.18. Statistics and software 

Bioinformatics analysis was performed using R version 4.2.2. Statistical analysis was performed using GraphPad Prism 8 (GraphPad 
Software, Inc.). Continuous data were compared using student t-test or Wilcoxon test. Clinical and pathological parameters were 
compared by Chi-square test and Fisher test. Kaplan–Meier curve was used to evaluate the survival rate. Independent parameters 
related to overall survival were analyzed by univariate and multivariate Cox regression analysis using log-rank test. The Pearson 
correlation coefficient was calculated to measure the correlation between two variables. Regression analysis was performed by the 
LASSO method. The “glmnet” R package was used to build predictive models. Spearman correlation analysis was used to analyze the 

Fig. 1. A flow chart of the research conducted.  
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correlation. The results of multivariate Cox regression analysis are represented by normal graphs. All p values were bilateral.***p <
0.001, **p < 0.01, *p < 0.05, and nsp >0.05. 

3. Results 

3.1. Study work flow 

In this study, we explored the role of disulfidptosis in ccRCC through bioinformatics analysis of ccRCC data from multiple data
bases, and conducted related experimental validation aimed at advancing our understanding and knowledge of RCC (Fig. 1). 

3.2. Expression and mutation characteristics of DRGs in ccRCC 

Based on the data obtained from the TCGA database, the mRNA expression, mutation and methylation of 10 DRGs were investi
gated and we found that the expression levels of SLC7A11 and GYS1 were significantly increased in ccRCC samples compared with 
normal renal tissue, whereas the expression levels of NDUFS1, LRPPRC, NCKAP1, NUBPL, OXSM, and SLC3A2 were increased in 
normal tissue compared with ccRCC tissue (Fig. 2A–B). Through the results shown in the waterfall diagram, we discovered that 14 
ccRCC samples had mutations in DRGs, and nonsense mutations were the main ones. NDUFS1 had the highest mutation frequency, 
with mutations in 5 samples (Fig. 2C). By analyzing the CNV of DRGs, our results showed that copy number loss of OXSM, NUBPL, and 
SLC7A11 was dominant in ccRCC, whereas copy number amplification of NCKAP1, LRPPRC, and GYS1 was dominant in ccRCC 
(Fig. 2D). SNV percentage heatmap showed that NDUFS1 had the highest SNV percentage in ccRCC, followed by LRPPRC (Supple
mentary Fig. 2C). Based on methylation-related results, we found that LRPPRC, OXSM, and NUBPL had higher levels of methylation in 
ccRCC samples than in normal samples. By combining with the mRNA expression data, the results indicated that the methylation level 
of NCKAP1 was positively correlated with mRNA expression. However, the methylation levels of NUBPL and NDUFA11 were nega
tively correlated with mRNA levels (Fig. 2E–F). This suggested that the methylation of NDUFSA led to an increase in its mRNA 
expression level, whereas the methylation of NUBPL and NDUFA11 inhibited gene transcription, resulting in a decrease in mRNA level. 

Fig. 2. Differential expression, CNV, DNA methylation, and somatic mutations of 10 DRGs in ccRCC. (A) Differential expression of DRGs in ccRCC. 
(B) Differential expression of DRGs between normal and tumor tissues. (C) The Waterfall demonstrates the somatic mutation frequency of DRGs in 
ccRCC. (D) CNV of DRGs in ccRCC. (E) Differential DNA methylation between tumor and normal samples in ccRCC. (F) The correlation between 
DNA methylation and gene mRNA expression. (G) The figure depicts the heterozygous CNV landscape of genes in ccRCC. (H) The figure illustrates 
the homozygous CNV landscape of genes in ccRCC. (I) The relationship between CNV and gene expression. 
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Meanwhile, our results showed that NCKAP1 and LRPPRC had the highest level of copy number heterozygote amplification, and OXSM 
had the highest level of copy number heterozygote deletion. Among homozygous CNVs, NDUFS1 and NCKAP1 had the highest level of 
amplification and OXSM had the highest level of deletion (Fig. 2G–H). By analyzing the correlation between CNVs and mRNA 
expression of 10 DRGs, we found that except for SLC7A11, CNV of the remaining genes was positively correlated with mRNA 
expression (Fig. 2I). 

3.3. ccRCC samples clustering and prognostic analysis and DEG pathway enrichment 

In this step, based on mRNA expression levels of 10 DRGs, 530 ccRCC samples were classified into three clusters (cluster 1, cluster 2, 
and cluster 3) through unsupervised cluster analysis using the ConsensusClusterPlus package (Fig. 3A). Furthermore, survival dif
ferences among the three clusters were detected, and the results showed that survival probability in cluster 1 was the lowest among 
three clusters (Fig. 3B). Furthermore, we found that two (NUBPL and RPN1) among the 10 DRGs correlated with ccRCC patient 
survival. In particular, the survival probability of patients in low NUBPL expression group was higher than that of patients in high 
NUBPL expression group, whereas the survival probability of patients in the high RPN1 expression group was higher than that of 
patients in the low RPN1 expression group (Fig. 3C–D). However, there was no discernible disparity in the survival probability between 
the high and low expression groups of the remaining eight genes (Supplementary Figs. 1A–H). The volcano plot and Venn diagram 
were used to illustrate the DEGs among the three clusters and 2693 DEGs were detected (Fig. 4A–D) (Supplementary Tables S1–3). 
Furthermore, the enrichment analysis results from Hallmark and KEGG revealed significant functional differences among the three 
clusters. Compared with cluster 2 and cluster 3, cluster 1 was predominantly enriched in several metabolic pathways, such as bile acid 

Fig. 3. Unsupervised clustering analysis based on the mRNA expression of DRGs. (A) The samples were divided into three clusters by unsupervised 
clustering analyses. (B) Kaplan–Meier survival curves of three clusters. (C–D) Kaplan–Meier survival curves of DRGs. 
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metabolism, fatty acid metabolism, and various amino acid metabolic pathways. On the other hand, cluster 3 exhibited significant 
enrichment in pathways such as those associated with myc targets, G2M checkpoint, prostate cancer, and renal cell carcinoma 
(Fig. 4E–J). 

Fig. 4. Differential analysis and GSVA analysis. (A–C) Differential expression gene analysis of the three clusters. (D) Venn diagram illustrating the 
DEGs. The (E–G) HALLMARK pathway and (H–J) KEGG pathway were downloaded separately from the Msigdb database and the pathways were 
scored by the R package GSVA. 

Fig. 5. Screening of the five key DEGs. (A–B) Lasso analysis was performed to screen DEGs. (C–G) Kaplan–Meier survival analysis of low-expression 
and high-expression groups of CHTF8, HDAC4, ZNF175, AC004241.1, and HK2P1. 
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3.4. Two geneclusters were established through unsupervised clustering based on five key DEGs 

In the previous step, we divided ccRCC samples into 3 clusters based on 10 DRGs, and compared prognostic differences among the 3 
clusters, as well as DEGs of 3 clusters and their enrichment analyses. In this step, five key DEGs were screened by LASSO regression, 
which was conducted with the “glmnet” package in RStudio, univariate (Supplementary Table 4, Supplementary Fig. 2A) and 
multivariate (Supplementary Table 5, Supplementary Fig. 2B) Cox regression analysis (Fig. 5A–B). Survival analysis on the five key 
DEGs showed that the survival probability of patients with high expression levels of CHTF8, HDAAC4, ZNF175, and AC004241.1 was 
significantly lower than that of patients with low expression levels(P < 0.05) (Fig. 5C–F). However, there was no difference with regard 
to survival prognosis between high and low HK2P1 groups (Fig. 5G). 

In next step, the ccRCC samples were divided into two geneclusters through unsupervised clustering based on the five key DEGs 
(Fig. 6A). The genecluster A showed higher expression levels of four DEGs (ZNF175, HDAC4, HK2P1, and CHTF8) than the genecluster 
B (P < 0.05) (Fig. 6B). Subsequently, we analyzed the correlation between five key DEGs and EMT and Wnt score. Our results 
confirmed that AC004241.1, CHTF8, HDAC4, HK2P1, and ZNF175 were positively associated with EMT score; Furthermore, HDAC4 
and ZNF175 were positively correlated with Wnt score, whereas AC004241.1 was negatively correlated with Wnt score (Fig. 6C). 
Among the five key DEGs, HDAC4 had a strong correlation with EMT and Wnt signaling pathways (Fig. 6C). Furthermore, survival 
analysis was conducted between the two geneclusters, and our results indicated that genecluster B had a higher survival rate than 
genecluster A (Fig. 6D). The results of KEGG and Hallmark enrichment analyses showed that compared with cluster A, cluster B was 
mainly enriched in G2M checkpoint, renal cell carcinoma, mismatch repair, and TGF BETA pathways (Fig. 6E–F). Subsequently, the 
infiltration of 22 immune cells in ccRCC TIME, the differences in TME pattern, and TIDE between two geneclusters were investigated. 
Using the CIBERSORT algorithm, the infiltration of 22 immune cells was detected between two geneclusters (Supplementary Table 6). 
Among them, CD8 T cells, activated CD4 memory T cells, T cell follicular helper, and regulatory T (Treg) cells exhibited greater 
infiltration abundance in genecluster B than genecluster A (Fig. 6G). Meanwhile, the results from the ESTIMATE algorithm indicated 
that genecluster B had higher ImmuneScore and ESTIMATE Score than genecluster A (Fig. 6H) (Supplementary Table 7); this finding is 
in accordance with the findings from CIBERSORT analysis. Furthermore, using the TIDE algorithm, we observed higher scores for CAF, 

Fig. 6. Differences in TIME between clusters. (A) Two geneclusters were identified based on the five key DEGs by unsupervised clustering. (B) 
Differential expression of the five key DEGs between the geneclusters. (C) The correlation of five key DEGs with EMT and Wnt scores. (D) 
Kaplan–Meier survival analysis revealed the significant difference in survival between genecluster A and genecluster B. (E–F) The results of the 
HALLMARK and KEGG pathway scores. (G) The differences of immune cell infiltration between the different geneclusters. (H). The differences of 
Stromal score, Immune score, and ESTIMATE score between different geneclusters. (I–J) The differences in CAF, TAM M2, TIDE, and Exclusion 
scores between genecluster A and genecluster B. 
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M2, TIDE, and Exclusion in genecluster A than in genecluster B (Fig. 6I–J). 

3.5. PCA score was established and the correlation between PCA score and immunotherapy 

In this step, PCA analysis was conducted to score each ccRCC sample according to the PCA results and then divided the ccRCC 
samples into HPSG and LPSG based on the PCA score (Fig. 7A–B) (Supplementary Table 8). Subsequently, we compared the PCA scores 
among cluster 1, cluster 2, and cluster 3, as well as between genecluster A and genecluster B. The results indicated that the PCA score in 
cluster 2 was the highest of the three clusters and PCA score in genecluster B was higher than that in genecluster A (Fig. 7C–D). Next, 
we further compared the prognostic differences between HPSG and LPSG through prognostic analysis. Our results demonstrated that 
the survival probability of patients in HPSG was higher than that of patients in LPSG (P = 0.002) (Fig. 7E). For 1-,5- and 8-year ccRCC 
survival, the AUCs of the PCA score were 0.652, 0.695, and 0.688, respectively (Fig. 7F). In addition, more infiltration of CD8 T cells, T 
cell follicular helper cells, Treg cells, and activated NK cells was detected in HPSG, whereas there was a more infiltration of CD4 
memory resting T cells, M2 macrophages, and resting mast cells in LPSG compared with HPSG (Fig. 7G) (Supplementary Fig. 2F). 
Meanwhile, the expression levels of CTLA4, PDCD1, LAG3, and TIGIT in HPSG and LPSG were further compared between HPSG and 
LPSG and our results showed that the expression levels of CTLA4, PDCD1, LAG3, and TIGIT were higher in HPSG than in LPSG (P <
0.01) (Fig. 7H–K), suggesting that the ccRCC patients with a high PCA score may benefit more from immunotherapy. 

Furthermore, we explored the abundance of immune cell infiltration in ccRCC samples with different TNM stages, and our results 
showed that mast cells, resting CD4 T cells, and NK cells were more abundant in low-grade and low-stage ccRCC samples, whereas the 
infiltration abundance of CD8 T cells, activated CD4 T cells, follicular helper T cells, and Treg cells was lower (Supplementary Fig. 3). 
NK cells and mast cells showed a gradual decreasing trend with the progression of T stage (Supplementary Fig. 3A). Infiltration levels of 
resting CD4 memory T cells decreased in ccRCC samples with lymphatic metastasis compared with ccRCC samples without lymph node 
metastasis (Supplementary Fig. 3C). In the ccRCC samples with distant metastasis, CD8 T cell infiltration levels were significantly 
elevated (Supplementary Fig. 3D). The infiltration levels of CD8 T cells, Tregs, and follicular helper T cells gradually increased with the 

Fig. 7. Establishing a PCA Score. (A) The PCA diagram shows the distribution of the two geneclusters. (B) PCA score of each patient. (C–D) Dif
ferences in PCA score among three clusters and two geneclusters. (E) Kaplan–Meier survival analysis demonstrating a survival difference between 
HPSG and LPSG. (F) ROC curves analysis of PCA score. (G) The difference in the infiltration of immune cells between HPSG and LPSG. (H–K). 
Differential expression of immune checkpoints in HPSG and LPSG. 
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progression of stage, whereas the infiltration levels of M2 and mast cells gradually decreased with the progression of stage (Supple
mentary Figs. 3E–F). Meanwhile, by analyzing drug sensitivity at different TNM stages, we found that patients with low-grade or low- 
stage ccRCC showed more sensitivity to dalafenib (Supplementary Figs. 3G–J). 

3.6. Correlation of PCA score with clinical features and drug sensitivity 

Correlation between PCA score and multiple clinical characteristics in terms of survival status, age, stage, grade, and T stage was 
further conducted. Compared with patients in the alive group and the younger group ( ≤ 60), we found that patients in the death group 
and the older group ( ≥ 60) had higher PCA scores (Fig. 8A–B), suggesting that PCA score was correlated with patient survival and age. 
Meanwhile, PCA scores of patients with stage III/IV and T3/4 were higher than those of patients with stage I/II and T1/2 (Fig. 8C–D), 
indicating that PCA score correlated with the pathological status of ccRCC patients. In addition, we calculated the sensitivity of all 
ccRCC samples to 283 drugs (Supplementary Table 9). By comparing the drug sensitivity between the HPSG and LPSG, we found that 
patients in LPSG were more sensitive to targeted drugs (such as axitinib, dabrafenib, sunitinib, and temsirolimus) than patients in 
HPSG (Fig. 8E–H). Finally, the correlation between DRGs and PCA score were investigated, and the results showed that PCA score was 
positively correlated with NDUFA11, but negatively correlated with LRPPRC, NCKAP1, NDUSF1, and NUBPL, and there was no 
statistical difference in its correlation with other genes (Supplementary Fig. 2D). The correlation between the five key genes and PCA 
score showed that PCA score was positively correlated with AC004241.1, whereas negatively correlated with ZNF175, HDAC4, HK2P1, 
and CHTF8 (Supplementary Fig. 2D). Meanwhile, upon analyzing drug sensitivity at different TNM stages, we found that patients with 
low-grade or low-stage ccRCC were more sensitive to dalafenib (Supplementary Figs. 3G–J). 

3.7. Immunohistochemical staining and experimental verification 

In previous steps, we investigated the role of disulfidoptosis-related genes in ccRCC through bioinformatic approaches. In this step, 
to analyze the expression differences of the five key DEGs in ccRCC, we obtain and compared the immunohistochemical staining date 
from the HPA. The results showed that expression of HDAC4 and ZNF175 in tumor tissues were higher than normal tissues (Fig. 9A–B), 
with HDAC4 (Fig. 9A) predominantly expressed in the cytoplasm and nucleus, whereas ZNF175 (Fig. 9B) predominantly expressed in 
the cytoplasm. Immunohistochemical staining of the collected sections showed that HDAC4 was expressed in both tumors and normal 
tissues. However, its expression was markedly higher in the tumor tissue than that in the normal tissue (Fig. 9C). Next, the protein 
levels of HDAC4 in the ccRCC tissue and adjacent normal tissue were investigated through Western blotting, and our results confirmed 
that HDAC4 protein expression was higher in tumor tissues than in normal tissues (Fig. 9D). To gain an understanding of the role 
played by HDAC4 in ccRCC progression, we transfected 786-O cells with si-HDAC4 and si-NC, and our results showed that both protein 

Fig. 8. Relationship between PCA score and clinical features and drug sensitivity. (A–D) The status, age, stage grade, and T stage were compared 
between HPSG and LPSG. (E–H) The box plot shows the sensitivities of HPSG and LPSG to Axitinib, Dabrafenib, Sunitinib and Temsirolimus. 
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and RNA levels of HDAC4 in si-HDAC4 group were lower than those in the si-NC group through Western blotting and qRT-PCR 
(Fig. 9E–F). In addition, results from the colony formation assay and EDU confirmed that the proliferative capacity of si-HDAC4 
786-O cells was significantly lower than that of si-NC (Fig. 9G–H), suggesting that HDAC4 has the potential ability to promote cell 
proliferation and that HDAC4 plays a role in ccRCC progression. 

3.8. Diagram of the analysis mechanism of disulfidptosis in this study 

When glucose deprivation occurs, the abnormal disulfide bond formation of actin cytoskeleton proteins in slc7a11high cells leads to 
actin network breakdown and disulfidptosis. The RAC1-WRC-mediated actin polymerization and lamellipodia formation may 
contribute to disulfidptosis through the formation of disulfide bonds between actin cytoskeletal proteins (Fig. 10). 

Fig. 9. Functional verification of HDAC4. (A–B) The differential expression of HDAC4 and ZNF175 between normal and tumor tissues from HPA 
database. (C) Immunohistochemical results of HDAC4 in paraffin sections of 30 patients with ccRCC. (D) Western blotting results showed differential 
expression of HDAC4 in 15 pairs of fresh ccRCC tissue (cancer and adjacent normal tissue). (E–F) Changes in HDAC4 protein and RNA levels in cells 
after HDAC4 knockdown. (G–H) Colony formation assay and EDU showed the changes in cell proliferation ability after knockdown of HDAC4. Note 
bene: an uncropped version of the original D–F is shown in Supplementary Figs. 4A–B. 

Fig. 10. Study mechanism diagram. Arp2/3: actin-related protein 2/3 complex; WRC: WAVE regulatory complex; F-actin: filamentous polymer of 
actin; Rac: a small G protein involved in actin polymerization and plate foot formation. 
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4. Discussion 

ccRCC is the predominant RCC subtype, characterized by difficulties in early diagnosis. Localized ccRCC is mainly treated with 
surgery; however, there is no effective treatment for advanced and metastatic ccRCC because of its poor sensitivity to radiotherapy and 
chemotherapy. Fortunately, immunotherapy and targeted therapy bring hope to ccRCC patients [34]. However, because of the high 
heterogeneity of ccRCC, specific markers for the prognosis of the disease are lacking [35,36]. Therefore, finding effective ways or drugs 
to improve patient prognosis is crucial for patients with advanced ccRCC. Related studies have shown that other types of cell death 
such as pyroptosis, ferroptosis, and necroptosis greatly contributed to the progression of ccRCC [37]. Recently, disulfidptosis, a novel 
mode of apoptosis linked to the actin cytoskeleton, was discovered. Liu et al. found that when glucose was deficient in UMRC6 RCC 
cells with high SLC7A11 expression, the accumulation of disulfide bonds led to abnormal disulfide bond cross-linking between actin 
cytoskeletal proteins, ultimately leading to cell death [10]. Furthermore, inhibitors of glucose transporters GLUT1 and GLUT1/3 could 
suppress glucose uptake in cells, leading to the demise of cells with high SLC7A11 expression [10]. 

Disulfidptosis is closely related to tumor progression, and studies have found that disulfidptosis plays an important role in disease 
progression and prognosis in bladder, lung, breast, and cervical cancer [38–42]. Studies have confirmed that SLC7A11, SLC3A2, RPN1, 
NCKAP1, NDUFS1, NDUFA11, OXSM, NUBPL, and LRPPRC greatly contribute to the process of disulfidptosis, and interfering with 
these genes can effectively inhibit the progression of disulfidptosis. These genes were accordingly called DRGs. Some studies have 
found that mutations in DRGs may make a significant contribution to the occurrence and progression of tumors. Qi et al. found that 139 
(22.56 %) of 616 lung adenocarcinoma samples had mutations associated with DRGs, with LRPPRC having the highest frequency of 
mutations [38]. However, Zhao et al. found that the incidence of DRG mutations was low in bladder cancer: only 16 out of 414 samples 
had mutations, and nonsense mutations were the main type, among which NCKAP1 mutation frequency was the highest (appearing in 
12 samples) [39]. Furthermore, in a study on cervical cancer, the authors found that 32 out of 289 patients had mutations of DRGs, 
which were mainly nonsense mutations. Further, among all mutations, LRPPRC mutation had the highest rate of occurrence, observed 
in 10 samples [40]. In our study, similar to bladder cancer, we found that a low mutation rate of DRGs appeared in ccRCC, with 14 out 
of 530 samples showing mutations, and nonsense mutations were predominant. Among the genes, NDUFS1 had the highest mutation 
frequency. In addition, copy number loss of OXSM, NUBPL, RPN1, and SLC7A11 was dominant in ccRCC, whereas copy number 
amplification was dominant in NCKAP1, LRPPRC, and GYS1. NDUFS1 had the highest SNV percentage in ccRCC, followed by LRPPRC. 
Meanwhile, we found that LRPPRC, OXSM, and NUBPL in ccRCC samples had higher levels of methylation and the methylation level of 
NCKAP1 was positively correlated with mRNA expression. However, the methylation levels of NUBPL and NDUFA11 were negatively 
correlated with mRNA levels, indicating that the methylation of NCKAP1 led to an increase in its mRNA expression, whereas the 
methylation of NUBPL and NDUFA11 inhibited gene transcription, resulting in a decrease in mRNA level. We found that NCKAP1 and 
LRPPRC had the highest level of copy number heterozygote amplification, and OXSM had the highest level of copy number hetero
zygote deletion. Except for SLC7A11, CNV of the remaining genes was positively correlated with mRNA expression, where CNV level of 
NUBPL and RPN1 was strong positively correlated with mRNA expression. These results indicated that mutations of DRGs is not the 
main cause of ccRCC. However, for the 14 ccRCC patients with mutations of DRGs, the role of these mutations in the occurrence and 
progression of the disease needs to be further studied. 

Current studies have demonstrated that disulfidptosis is closely associated with tumor progression and prognosis. In bladder 
cancer, Chen et al. constructed a prognostic model of DRGs by consistent cluster analysis and the results showed that the survival 
prognosis of bladder cancer patients with a high DRG score was significantly worse [41]. In breast cancer, four DEGs with prognostic 
value were selected based on DRGs, and a prognostic model was constructed. The results indicated that the overall survival of patients 
in the high score group was significantly worse than that of patients in the low score group [42]. In colorectal adenocarcinoma, Hu 
et al. selected 4 DRGs to construct a risk score model for predicting the survival and prognosis of patients, and the results showed that 
patients with high risk score had poor prognosis [43]. Our results suggested that ccRCC patients in HPSG have better prognosis than the 
patients in LPSG. Survival analyses of the 10 DRGs showed patients in the NUBPL high-expression group had significantly worse 
survival, and conversely, the survival prognosis of patients in the RPN1 high-expression group was better. This is inconsistent with the 
results reported in previous studies. This may be because of following factors: first, the tumor types were different; second, immu
noinfiltrating CD8 T cells were more infiltrated in tumor tissues of patients in HPSG, and patients in HPSG were sensitive to immune 
checkpoint inhibitors, which may lead to prolonged survival of patients; third, patients in HPSG may have earlier tumor stages. These 
factors need to be further explored in future studies. 

In our study, five key DEGs were identified for further study through univariate, multivariate, and LASSO regression analyses. 
These included histone deacetylase 4 (HDAC4), zinc finger protein 175 (ZNF175), chromosome transmission fidelity factor 8 (CHTF8), 
AC004241.1, and hexokinase 2 pseudogene 1 (HK2P1). ZNF175 contains 13 zinc finger structures and acts as a transcriptional 
repressor that reduces viral replication capacity and inhibits the expression of some chemokines [44]. HDAC4 is located in the nucleus 
and cytoplasm [45]. It plays a role in the progression of some tumors and has the potential to become a therapeutic target. In 
nasopharyngeal carcinoma, HDAC4 promotes EMT by inhibiting the transcription of E-cadherin [45]. In a study on ovarian cancer, 
patients with high HDAC4 expression were associated with poor overall survival and progression-free survival [46]. Consistent with 
the results reported in the literature, in our study, survival analysis showed that patients with high expression levels of HDAC4, 
ZNF175, CHTF8, and AC004241.1 had worse survival outcomes than those with low expression levels, implying their role as risk genes 
in ccRCC. Furthermore, immunohistochemical results of HDAC4 and ZNF175 from the HPA database showed that the expression of 
HDAC4 and ZNF175 was higher in tumor tissues. CHTF8 encodes the short protein that forms the Ctf18-RFC complex and is responsible 
for maintaining the stability of the complex [47]. Our results showed that patients with high CHTF8 expression in ccRCC had worse 
survival than those with low expression. The Wnt signaling pathway is a complex network of proteins that plays a role in embryonic 
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development and tumor progression, and aberrant activation of the Wnt signaling pathway promotes tumor cell growth and metastasis 
in colorectal, ovarian, breast, and other cancers [48]. EMT is key to tumor cell metastasis, and in breast cancer, the progression and 
metastasis can be controlled by inhibiting the progression of EMT [49,50]. Our results showed that five key DEGs were all positively 
correlated with the EMT score, whereas HDAC4 and ZNF175 had a strong positive correlation with the Wnt score, suggesting that the 
expression of the five key DEGs, especially HDAC4 and ZNF17, was closely associated with tumor progression. Furthermore, using PCA 
score of five key DEGs to divide the ccRCC samples into HPSG and LPSG, and survival analyses showed that patients in LPSG had a 
significantly worse survival prognosis. Similarly, the clinical information results showed that patients in HPSG were associated with a 
higher proportion of deaths. Furthermore, a higher proportion of patients in HPSG were at stage III/IV and T3/4 compared with the 
proportion of patients in LPSG. Drug sensitivity analyses showed that patients in LPSG were more sensitive to four commonly targeted 
drugs. Finally, the function of the key gene HDAC4 in ccRCC was experimentally verified. The experiments confirmed that the protein 
level of HDAC4 was much higher in cancerous tissues than in healthy tissues, and also verified that HDAC4 has the ability to promote 
the proliferation of cancer cells. 

Tumor mircroenviroment (TME) mainly comprises tumor cells, immune cells, and cytokines, which are the survival environment 
for tumor cells and play a supportive role in tumor progression [51]. Of these, CD8 T cells are a crucial element in contemporary tumor 
immunotherapy [52]. For example, in triple-negative breast cancer (TNBC), a high abundance of CD8+ T cells in the tumor tissue is 
associated with a good prognosis [53]. However, most studies have shown that immune escape of tumor cells can be induced by 
reducing or inhibiting the infiltration of CD8+ T cells. Tregs are another subset of CD4+ T cells, the main function of which is to 
regulate immune responses [54]. Treg cells have a complex role in immunity, which includes maintaining the stability of the immune 
microenvironment by suppressing excessive immune responses. In pancreatic cancer, the infiltration extent of Treg cells is correlated 
with the pathological changes, grade, and stage of the tumor. When the degree of Treg cell infiltration increases, it often indicates a 
poor prognosis of pancreatic cancer patients [55]. Similarly, in patients with TNBC, the upregulation of Treg cells in tumor tissues is 
associated with poor prognosis [56]. TAMs are one of the most abundant immune cells in the TME [57]. M2 cells play an important role 
in tumor progression and metastasis, and are also associated with poor prognosis of patients [58]. Mononuclear cells could differ
entiate into M2 cells when stimulated with IL-4 [59]. In contrast, a large number of M2 cells infiltrated in the TME are associated with 
drug resistance and poor prognosis [60]. In lung cancer, large numbers of infiltrating M2 cells can assist in tumor metastasis by 
promoting EMT, but when the number of M2 cells is reduced, tumor growth is inhibited and immunotherapy and chemotherapy are 
more effective [61]. Our results suggested that PCA scores were positively correlated with CD8+ T cells and T follicular helper cells, but 
negatively correlated with M2 cells. Furthermore, higher CD8+ T cell infiltration and higher expression of four common immune 
checkpoints were detected in HPSG, suggesting that patients in HPSG may be more responsive to immunotherapy. Meanwhile, patients 
in HPSG had a better prognosis than those in LPSG. 

Usually, ccRCC is not sensitive to radiotherapy and chemotherapy. However, immunotherapy and targeted therapies have made 
great progress and achieved good results in RCC, and have become important options for RCC treatment. CTLA4 is a transmembrane 
protein present on NK cells and activated T cells, which mainly acts by competitive binding to B7-1 and B7-2 ligands. Therefore, 
blocking the binding of CTLA4 to its ligands can abolish the suppressed state of T cell activity and reactivate the immune response of T 
cells. CTLA4 inhibitors can also negatively regulate Treg cells by targeting macrophages to improve the killing ability of immune cells 
against tumors [62]. This indicates the potential to inhibit tumor growth by targeting CTLA4. PDCD1 encodes a cell surface membrane 
protein, which is mainly expressed in B cells, natural killer T cells, CD4+/CD8+ T cells, and activated monocytes [63]. High PDCD1 
expression is associated with poor survival in ccRCC [64]. LAG3 mainly exists on the surface of tumor infiltrating lymphocytes and can 
promote the immune escape of tumor cells by interacting with tumor cells [65]. Its inhibitors have achieved some success in the 
treatment of gastric cancer, non-small cell lung cancer, and breast cancer [66–68]. TIGIT is mainly expressed in effector T cells, Treg 
cells, memory T cells, and NK cells [69]. Further, several studies have shown that TIGIT is expressed to varying degrees in colon 
adenocarcinoma, endometrioid carcinoma, breast cancer, and ccRCC [70]. In ovarian cancer, the NK cell response to cancer cells was 
enhanced by blocking TIGIT, suggesting that targeting TIGIT is a potential immunotherapy to enhance the prognosis of ovarian cancer 
[71]. In our study, we found that the expression of four immune checkpoints in HPSG was higher than that in LPSG. Interestingly, 
through drug sensitivity analysis, we found that the patients in LPSG were more sensitive to axitinib, sunitinib, dabrafenib, and 
temsirolimus than those in HPSG. In summary, the HPSG showed a better response to immune checkpoint blockade therapy, whereas 
the LPSG was more sensitive to targeted drug therapy. Therefore, for the treatment of ccRCC, we could guide patients to use drugs 
according to the patients’ PCA score of disulfidptosis key DEGs. For patients with a high PCA score, immunotherapy can be initiated 
according to our study results, which may improve the patient prognosis. For patients with low PCA score, we can choose mainly 
targeted therapy and strengthen follow-up to prolong patient survival. However, we must be aware that such exploration must be 
gradual and requires long, large number sample attempts. 

In this study, through in-depth analysis of disulfidptosis and related genes in ccRCC, the contributions of DRGs in the diagnosis and 
treatment of ccRCC was found. However, we must also clearly recognize the shortcomings in our work. First, the data used in this study 
were obtained from public databases, which may suffer from data bias and insufficient sample size. Second, the results of this study 
need to be validated in different cohorts and large samples. Finally, this study only verified the functional role of the genes at the 
cellular level, and the results need to be further verified by in vivo experiments. 

In conclusion, the study of disulfidptosis, as a new cell death type, can improve our understanding of the apoptosis mode of tumor 
cells. Our results revealed the high predictive value of genetic models based on DRGs in the prognosis and treatment of patients with 
ccRCC, and our findings have been validated by HDAC4 in RCC. In the future, we can use the gene model of disulfidptosis to guide the 
preoperative diagnosis, postoperative prediction, and drug treatment of advanced ccRCC patients. Moreover, based on the key genes, 
further studies may transform these genes into new tumor markers for RCC diagnosis and prognosis. For example, HDAC4, which was 
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associated with immune infiltration, was predictive of immunotherapy efficacy and may be a potential new molecular target for RCC 
treatment. However, these need to be confirmed by large sample trials and clinical studies, and the detailed mechanism of action of 
HDAC4 in ccRCC also needs to be further clarified by in vivo experiments. 
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