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Despite advances in its treatment, patients diagnosed with clear cell renal cell carcinoma (ccRCC) have a poor prognosis. The mechanism of cuproptosis has been found to differ from other mechanisms that regulate cell death, including apoptosis, iron poisoning, pyrophosphate poisoning, and necrosis. Cuproptosis is an essential component in the regulation of a wide variety of biological processes, such as cell wall remodeling and oxidative stress responses. However, cuproptosis-related genes’ expression in ccRCC patients and their association with the patient’s prognosis remain ambiguous. Evaluation of The Cancer Genome Atlas (TCGA) identified 11 genes associated with cuproptosis that were differently expressed in ccRCC and nearby nontumor tissue. To construct a multigene prognostic model, the prognostic value of 11 genes was assessed and quantified. A signature was constructed by least absolute shrinkage and selection operator (LASSO) Cox regression analysis, and this signature was used to separate ccRCC patients into different risk clusters, with low-risk patients having a much better prognosis. This five-gene signature, when combined with patients’ clinical characteristics, might serve as one independent predictor of overall survival (OS) in ccRCC patients. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis demonstrated that cuproptosis-related genes were enriched in patients with ccRCC. Then, quantitative real-time PCR (qPCR) was employed to verify these genes’ expression. Generally, research has indicated that cuproptosis-related genes are important in tumor immunity and can predict OS of ccRCC patients.
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INTRODUCTION
Renal cell carcinoma (RCC) is the most common type of kidney cancer, accounting for 2.2% of the global cancer burden and 1.8% of tumor-related deaths (Sung et al., 2021). CcRCC is the most frequent pathogenic subtype in RCC, being present in about 80% of patients with RCC (Gulati and Vaishampayan, 2020). Over the past few decades, there have been increases in both the incidence of ccRCC and deaths from this disease (Ljungberg et al., 2011). The prognosis for people with ccRCC remains dismal, despite recent breakthroughs in diagnosis and treatment, particularly for those with advanced-stage tumors and tumors that have metastasized to other organs (Dutcher, 2013). Because early diagnosis is critical for effective treatment, new diagnostic markers and prognostic signatures are urgently needed.
The process of cuproptosis, which is thought to have some key roles in the treatment of malignancies, is presented in the early stages of development (Steinbrueck et al., 2020). Copper ion is a cofactor that is critical for the growth and progression of all organisms, being involved in many biological processes, including photosynthesis and respiration (Culotta et al., 1999), cell wall remodeling, and oxidative stress responses (Yruela, 2009). Intracellular copper concentrations are maintained at extremely low levels by an active homeostatic mechanism that uses trans-concentration gradients to avoid the accumulation of free copper within cells (Tanzi et al., 1993). Even low intracellular levels of copper can poison cells, resulting in cell death (Bondarczuk and Piotrowska-Seget, 2013). Toxic copper ion carriers and copper chelating agents are regarded as anticancer medicines because of their ability to inhibit the growth of malignancies (Wang and Franz, 2016). In addition to acting as small chaperones, copper ionophores enhance cell death by increasing the intracellular accumulation of copper (Tsvetkov et al., 2022). Alterations in the ability of copper to form bonds with small molecules reduce the ability of copper to induce cell death (Tsvetkov et al., 2019).
The mechanism that cuproptosis induces cell death has been shown to differ from other mechanisms that control cell death, including apoptosis, iron poisoning, pyrophosphate poisoning, and necrosis (Tsvetkov et al., 2022). The roles of cuproptosis-related genes in the development and outcome of ccRCC have not yet been determined. It is unclear whether the cuproptosis-related gene signature has a significant effect on the prognosis of ccRCC patients and their immune microenvironment. The present study evaluated genes associated with cuproptosis to examine if a cuproptosis-related gene signature predicts OS of ccRCC patients and modulate the immune microenvironment.
MATERIALS AND METHODS
Data Collection
RNA-seq data for ccRCC were acquired from TCGA (Tomczak et al., 2015), including 72 normal kidney samples and 539 ccRCC samples. Results were reported as fragments per kilobase per million. “Limma” package supplied a scale approach for normalizing gene expression data (Ritchie et al., 2015). Clinical data, including race, sex, and tumor stage, were also obtained for 530 samples in TCGA. Data of 91 additional samples were downloaded on International Cancer Genome Consortium (ICGC) website, in which most of the data were obtained from a European population. Thirteen cuproptosis-related genes had been identified in previous investigations and were included in this study (Tsvetkov et al., 2022). Supplementary Appendix Table S1 shows visual representations of these genes.
Construction and Validation of the Signature
Differentially expressed genes (DEGs) between tumor and para-carcinoma tissues in TCGA were determined by “limma” package, with cutoffs that included p and false discovery rate (FDR) < 0.05. Relationships between the expression of 13 cuproptosis-related genes and patient survival in TCGA were determined by univariate Cox analysis. p < 0.05 was chosen as a threshold to maintain the predictive performance of this signature. Further research was conducted on overlapped prognostic DEGs. Interacting networks were established using Search Tool for the Retrieval of Interacting Genes (STRING, version 11.5(Jensen et al., 2009). Target genes were further identified using lasso Cox regression analysis (Friedman et al., 2010), and a prognostic model was determined using “glmnet” package. The prognostic significance of genes in this signature was also assessed by multivariate Cox analysis. Genes and coefficients were gathered, and the penalty parameter (λ) was computed using the smallest possible criterion. Total risk scores were based on each gene’s normalized expression and were expressed using the algorithm: risk score = [image: image] ([image: image]: coefficients, [image: image]: gene expression). The median risk score was calculated, with patients having risk scores above and below the median assigned to subgroups, respectively. The ability to separate samples into two clusters was assessed by principal component analysis (PCA) of this signature using the “stats” R package. OS of ccRCC patients indifferent risk clusters were compared by Kaplan–Meier (KM) analysis by the “survminer” package, and 1-, 3-, and 5-years OS was assessed by receiving operating characteristic (ROC) curve analysis using “survival”, “survminer”, and “timeROC” packages to assess the predictive potential of this signature.
Independent Prognostic Analysis of This Signature
Data on patient age, gender, race, tumor stage, survival time, and survival status were obtained for 611 samples in TCGA and 91 samples in ICGC-RECA-EU. The association between these factors and expression of cuproptosis-related genes was estimated by Cox regression analyses, with outcomes visualized by forest maps. Multivariate Cox analysis was also employed by “rsm” package (Lenth, 2009), with the resulting nomogram and calibration curve employed to determine whether this nomogram was accurate.
Validation of Genes in This Signature
Data on the expression of each cuproptosis-related gene in normal and ccRCC tissue samples, as assessed by immunohistochemistry, were obtained from Human Protein Atlas (Thul and Lindskog, 2018), and employed to validate genes’ protein expression. Additionally, KM curves based on genes’ expression levels were utilized to evaluate the association between each gene and OS in these ccRCC patients.
Functional Enrichment Analysis and Immunocorrelation Analysis
Differential analyses comparing groups with differing levels of risk were assessed by “limma” package, with criteria for difference being |log2FC| ≥ 1 and FDR <0.05. Immune scores in patients with ccRCC were obtained by Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression (ESTIMATE) (Yoshihara et al., 2013), with groups having high and low tumor ESTIMATE scores subjected to differential analyses using as criteria |log2FC| ≥ 1 and FDR <0.05. Similar degrees in the two sets were evaluated by Venn diagrams. Finally, these genes were used to analyze gene functions and pathways connected to the risk and immunological scores. Identified DEGs were subjected to KEGG, Disease Ontology (DO), and GO analyses, including analyses of Biological Process (BP), Cellular Component (CC), and Molecular Function (MF), using “clusterProfiler” package (Wu et al., 2021). Infiltration scores of immune cells and pathways (Supplementary Appendix Table S3) were analyzed using a heatmap. Linkages between immune cells and pathways were determined by correlation analysis. Infiltration scores were investigated by Gene Set Variation Analysis (GSVA) (Hanzelmann et al., 2013) using the “GSVA” package with single-sample gene set enrichment analysis (ssGSEA, https://software.broadinstitute.org/cancer/software/genepattern/). All overlapping genes were subjected to univariate Cox regression analysis to find prognostic genes with p < 0.05. The correlations of these genes with immune cells and pathways were assessed using the “corr.test” function in the “psych” package (https://cran.r-project.org/package=psych).
Cell Culture
CcRCC cell line 786-O and human proximal tubular epithelial cell line HK-2 were cultured in Dulbecco’s modified Eagles’ medium (DMEM; Gibco, Grand Island, NY, United States) supplemented with 10% fetal bovine serum (FBS; Hyclone, Logan, UT, United States). Cultivation conditions were maintained with 37°C and 5% CO2.
Quantitative Real-Time PCR
Total RNA was extracted from 786-O and HK-2 cell lines, and reverse-transcribed into cDNA. The expression of five genes in our signature was quantified with qPCR. Primers of genes were as follows: ATP7B, 5′-TCT​GTG​CTG​ATT​GGA​AAC​CGT​GAG-3′ (forward) and 5′-CAC​CGT​CAA​TAG​CCA​CCA​GGA​TG-3′ (reverse); DBT, 5′-TTC​TCT​GAA​CCC​ACC​TCT​GTC​CTG-3’ (forward) and 5′-ACC​TGG​TCT​GTC​TGA​CTG​TCT​GAG-3’ (reverse); DLAT, 5′-TTG​ATG​TCA​GTG​TTG​CGG​TCA​GTA​C-3’ (forward) and 5′-GTG​GCT​GTA​GTT​TAC​CCT​CTC​TTG​C-3’ (reverse); PDHB, 5′-CGA​GGG​CTG​TGG​AAG​AAA​TAT​GGA​G-3’ (forward) and 5′-GGC​TTG​CAT​GGA​GAA​ATT​GAA​GGT​C-3’ (reverse); LIAS, 5′-AAT​AAC​AGA​GGT​GGT​GCC​AGA​ATG​C-3’ (forward) and 5′-GTG​CTG​GGA​TTA​CAG​GCG​TGA​G-3’ (reverse). The levels of mRNA expression were estimated using the 2−ΔCT method after being normalized to β-actin expression levels.
Statistical Analyses
The ability of this model to predict OS was evaluated in TCGA and ICGC clinical cohorts. OS of patients in subgroups was evaluated by K-M curves and compared by log-rank tests. This independent prognostic significance of this signature was evaluated by Cox regression analyses. Statistical analyses were employed by R software (version 4.41).
RESULTS
Differential Analyses of Tumor and Normal Tissues
Differential analysis of expression of 13 cuproptosis-related genes between tumor and adjacent nontumor tissue samples in TCGA identified 11 DEGs with p and FDR <0.05 (Supplementary Appendix Table S1). Evaluation of the prognostic significance of 13 genes by univariate Cox analysis showed that 10 genes had p and FDR <0.05 (Figure 1A, Supplementary Appendix Table S1). A Venn diagram found an overlap of eight of these DEGs that were associated with prognosis (Figure 1B). A heatmap showed that the levels of expression of ATP7B, DLAT, DLD, LIAS, and SLC31A1 were upregulated and the levels of expression of DBT, FDX1, and PDHB downregulated in tumor samples (Figure 1C). DLAT, DLD, DBT, PDHB, and LIAS have been identified as hub genes in the interaction network, with a score ≥0.4 needed for each interaction (Figure 1D). The eight identified genes were found to form a strong association network (Figure 1E).
[image: Figure 1]FIGURE 1 | Identification of candidate cuproptosis-related genes in TCGA. (A) Univariate Cox regression analysis of 10 cuproptosis-related genes with p < 0.05 in patients with ccRCC. (B) Venn diagram identifying differentially expressed genes correlated with OS. (C) Heatmap of the expressions of eight overlapping genes. (D,E) PPI (interaction score = 0.4) and correlation network of cuproptosis-related genes.
Cuproptosis-Related Prognostic Model in TCGA
After excluding samples with missing data on survival, 526 samples were investigated. LASSO Cox regression analysis of eight genes illustrated that a five-gene signature provided the optimal value (Figures 2A,B). Multivariable Cox analysis of these five genes yielded p-values for the ATP7B, DBT, DLAT, LIAS, and PDHB genes of 0.414, 0.067, 0.040, 0.134, and 0.244, respectively (Figure 2C). Risk score was calculated as (0.043* ATP7B exp.) + (−0.216* DBT exp.) + (−0.080* DLAT exp.) + (0.056* LIAS exp.) + (0.032* PDHB exp.). A median score was utilized to separate 526 patients into different risk groups of 263 patients each, with PCA showing that these patients were clearly separated into two distinct subsets (Figure 2D). The death rate was higher and time to death was shorter in high-risk clusters (Figures 2E,F), with K-M analysis showing that OS differed significantly in two clusters (p < 0.001) (Figure 2G). ROC analysis showed that areas under the curve (AUCs) for 1-, 3-, and 5-year survival were 0.692, 0.624, and 0.611, respectively, (Figure 2H).
[image: Figure 2]FIGURE 2 | Risk signature in TCGA. (A) Lasso regression analysis of eight genes. (B) Cross-validation of results of lasso regression analysis. (C) Multivariable Cox regression analysis of genes determined by lasso regression analysis. (D) PCA plot of patients with ccRCC. (E) Distribution of ccRCC patients based on risk scores. (F) Distributions of OS status, OS, and risk scores. (G) KM curves for OS of ccRCC patients in different clusters. (H) ROC curves of this signature.
External Validation of Our Signature
To validate this signature, RNA-seq and clinical data from 91 individuals with ccRCC were retrieved from the ICGC (RECA-EU) cohort. Multivariable Cox analysis of these five genes yielded p-values for the ATP7B, DBT, DLAT, LIAS, and PDHB genes of 0.164, 0.291, 0.138, 0.177, and 0.868, respectively, (Figure 3A). Median risk score was calculated for these patients, and 91 patients were separated into 45 high- and 46 low-risk patients. PCA demonstrated that these samples were clearly divided into two subgroups (Figure 3B). As in the TCGA cohort, the death rate was higher and the time to death shorter in high-risk clusters (Figures 3C,D). K-M analysis demonstrated that OS differed significantly in subgroups (p = 0.010) (Figure 3E). Moreover, ROC analysis illustrated that AUCs for 1-, 3-, and 5-year survival were 0.62, 0.63, and 0.63 (Figure 3F).
[image: Figure 3]FIGURE 3 | Validation of the risk signature in ICGC. (A) Multivariable Cox regression analysis of the five genes determined by lasso regression analysis. (B) PCA plot of patients with ccRCC. (C) Distribution of ccRCC patients based on the signature. (D) Distributions of OS status, OS, and risk scores. (E) K-M curves for OS of ccRCC patients in risk subgroups. (F) AUC of time-dependent ROC curves.
Independent Prognostic Value of This Signature
After excluding samples with incomplete clinical data, 245 patients from TCGA and 80 from ICGC were analyzed further. Table 1 illustrates the clinical information of these individuals. Cox regression analysis was employed to assess if this signature had independent predictive significance. Univariate Cox regression analyses declared that risk score was a significant predictor of OS in patients with ccRCC, both in TCGA [p = 0.005, hazard ratio (HR) = 1.806, 95% confidence interval (CI): 1.191–2.743] and ICGC (p = 0.038, HR = 2.354, 95% CI: 1.049–5.285) (Figures 4A,B). Multivariable Cox regression analyses also showed that our signature was an independent predictor of OS in patients with ccRCC, both in TCGA (p = 0.008, HR = 1.781, 95% CI: 1.163–2.729) and ICGC (p = 0.030, HR = 2.601, 95% CI: 1.099–6.159) (Figures 4C,D). A predictive nomogram for OS was formulated using all relevant clinical variables for patients in TCGA (Figure 4E). The red dot represents the clinical feature score of a patient from TCGA with 210 points, indicating that this patient had probabilities of survival at 1, 3, and 5 years of 92.0, 77.9, and 65.9%, respectively. Calibration curves were also determined for 1-, 3-, and 5-year OS of ccRCC patients (Figure 4F).
TABLE 1 | Baseline characteristics of the patients in different risk groups in TCGA and ICGC cohorts.
[image: Table 1][image: Figure 4]FIGURE 4 | Cox regression analyses. (A,B) Univariate and multivariate Cox regression analyses of patients in TCGA. (C,D) Univariate and multivariate Cox regression analyses in ICGC. (E) Nomogram-based gene signatures for prediction of 1-, 3- and 5-year OS. (F) Calibration plots for agreement tests between predicted and actual OS.
Validation of Each Gene in This Signature
Data on the levels of expression of the proteins encoded by the five genes, as determined immunohistochemically, were retrieved from Human Protein Atlas database. Levels of expression of the ATP7B, DLAT, and LIAS proteins were higher, whereas the levels of expression of DBT and PDHB were lower, in tumor samples than in non-tumorous kidney tissue, in accordance with the results of differential mRNA analysis (Figure 5A). K-M analysis of OS in patients separated into two clusters based on the median expression of proteins (Supplementary Appendix Table S2) showed statistically significant correlations between the levels of expression of DBT (p = 0.004), DLAT (p = 0.003), and PDHB (p = 0.004) and OS in these patients (Figure 5B).
[image: Figure 5]FIGURE 5 | Validation of each gene in the gene signature. (A) Levels of expression of genes, as determined immunohistochemically, in samples from the Human Protein Atlas database. (B) KM curves for OS of ccRCC patients based on the expression of genes.
Expression of ATP7B, DBT, DLAT, LIAS, and PDHB was assessed with qPCR in 786-O and HK-2 cell lines. The results demonstrated that ATP7B, DLAT, and LIAS were upregulated in the 786-O cell line, which represented human renal clear cell adenocarcinoma cell, compared to the HK-2 cell line; while DBT and PDHB were found to be downregulated in 786-O cells (Figure 6). The experiment verified the aforementioned conclusion.
[image: Figure 6]FIGURE 6 | Results of qPCR for five genes between HK-2 and 786-O cell lines.
Functional Enrichment and Immune Activity Analysis
DEGs in different risk subgroups were assessed to seek potential biological activities and pathways associated with this signature for ccRCC. Assessment of the TCGA cohort identified 576 DEGs that met the criteria of FDR < 0.05 and |log2FC | ≥ 1 (Figure 7A). Using the same criteria, 1479 DEGs were identified in comparisons of patients with different levels of immune cell infiltration (Figure 7B). A comparison of these two sets of DEGs identified 359 overlapping DEGs (Figure 7C). GO enrichment and KEGG analyses illustrated that these genes were involved in immunoglobulin complex formation, humoral immune responses, regulation of the immune effector process, and complement and coagulation cascades (Figures 8A,B). Outcomes of the DO analysis have also been included in the Supplementary Materials.
[image: Figure 7]FIGURE 7 | DEGs for functional enrichment and immune activity analysis. (A) Heatmap of DEGs in the high- and low-risk groups. (B) Heatmap of DEGs between high and low levels of immune cell infiltration groups. (C) Overlapping genes of these DEGs.
[image: Figure 8]FIGURE 8 | KEGG and GO analyses in TCGA. (A) Barplot graph for GO enrichment, with bar length representing the degree of enrichment and color representing the degree of difference. (B) Bubble graph for KEGG enrichment, with larger bubbles representing more genes enriched and increasing depth of red representing an increasing degree in difference.
A heatmap shows infiltration scores of 16 immune cells and activation of 13 immune pathways (Figure 9A). CD8+ T cells, T helper cells, cytolytic activity, and human leukocyte antigen (HLA) were significantly associated with ccRCC patients. Figures 9B,C shows the associations between ccRCC infiltrating immune subsets and various immune cells, as well as several immune-related pathways, representing the interactions and degree of activity of these immune cells and pathways, with correlation coefficients closer to one indicating greater associations between immune cells and immunological pathways.
[image: Figure 9]FIGURE 9 | Immunocorrelation analysis. (A) Heatmap of infiltration scores of immune cells and pathways. (B,C) Correlations between different immune cells and pathways, with redder color indicating a higher degree of correlation.
The connection between patient risk scores and immune state, including the infiltration scores of 16 types of immune cells and the activity of 13 pathways, was assessed by ssGSEA. Levels of infiltration of immune cells, such as mast cells, neutrophils, and Treg cells, were lower, whereas the level of T follicular helper (Tfh) cells was higher, in the high-risk group (Figure 10A). Evaluation of immune-related pathways showed that the levels of cytolytic, inflammation-promoting and T cell co-stimulatory activities were higher in the high-risk group, whereas the level of Type II interferon (IFN) response activity was lower in the low-risk group (Figure 10B). Univariate Cox analysis of the 359 DEGs with p < 0.05 identified 25 prognostic DEGs that were associated with cuproptosis and immunity. Analyses of correlations between these genes and immune cells and pathways involved in immune system function found that IGKV1D-43, IGLV4-60, IGLV2-14, IGKV3-15, and IGHV3-30 were significantly associated with immunological status (Figure 10C).
[image: Figure 10]FIGURE 10 | Immune infiltration analysis. (A,B) Comparison of enrichment scores of immune cells and pathways. (C) Correlation between prognosis-related DEGs and immune cells or pathways. The number in the grid indicates the correlation coefficient. Red represents positively correlated, while violet represents negatively correlated.
DISCUSSION
With univariate Cox regression analyses, our study evaluated the predictive significance of cuproptosis-related genes based on the differential expression in tumors and adjacent nontumorous tissues of patients in TCGA. Univariate and lasso Cox regression analyses identified eight DEGs that were associated with prognosis in ccRCC patients. This led to the development of a five-gene risk signature for patients with ccRCC, with functional enrichment and immune correlation analyses indicating that this signature was strongly related to immune cells and immune system pathways. Expression levels of five signature genes were validated in vitor.
The present study also identified five genes associated with cuproptosis: ATP7B, DBT, DLAT, LIAS, and PDHB. ATP7B is a hepato-specific Golgi-localized ATPase involved in the regulation of copper homeostasis as well as in signaling processes (Polishchuk and Lutsenko, 2013). Increased resistance to platinum-based chemotherapy has been related to an increase in the expression of ATP7B in tumor cells (Nakayama et al., 2004). DBT is a subunit of transacylase (E2) (Matsuda et al., 1990)—a major enzyme involved in acid metabolism—and has been associated with maple syrup urine disease. DLAT, a mitochondrial protein involved in glucose metabolism, is overexpressed in gastric cancer cells and has been linked to the development, proliferation, and energy metabolism of gastric cancer cells (Goh et al., 2015). Moreover, the PDH complex, which includes DBT and DLAT, controls carbon entrance sites to the TCA cycle (Solmonson and DeBerardinis, 2018). LIAS expression has been associated with the activity of pyruvate dehydrogenase complex and pyruvate oxidation (Mayr et al., 2011). PDHB is a mitochondrial enzyme that catalyzes the conversion of glucose-derived pyruvate to acetyl-CoA and regulates the essential step of glycolysis in the citric acid cycle (Saunier et al., 2016). PDHB expression is lower in gastric cancer patients than in normal individuals, with lower PDHB expression being associated with poor patient prognosis (Goh et al., 2015). Despite extensive investigation of these five genes, their contribution to ccRCC remains unclear. ATP7B, DLAT, and LIAS were shown to be elevated, whereas DBT and PDHB were downregulated, in ccRCC samples. Moreover, the levels of expression of DBT and DLAT correlated with OS in ccRCC patients. In ccRCC and normal tissues, expression of DBT, DLAT, and PDHB were constrained by the KM curve for OS, which deserves additional investigation.
Cuproptosis is a newly described mechanism that mediates cell death and has been associated with mitochondrial metabolism (Tsvetkov et al., 2022). Cuproptosis may have important functions in microorganisms, as targets of copper-induced toxicity have been identified in various organisms, from bacteria to humans (Patteson et al., 2021). Antibacterial activity may therefore be liked to cuproptosis (Raffa et al., 2021). Genetic abnormalities in copper homeostasis, such as in patients with Wilson’s and Menke’s disease, can now be effectively treated by copper chelation (Aggarwal and Bhatt, 2018). However, the association between copper chelation and the treatment of cancer remains uncertain.
Little is currently known about the mechanisms of action of cuproptosis-related genes in ccRCC. The present study found that levels of expression of five cuproptosis-related genes, ATP7B, DBT, DLAT, LIAS, and PDHB, differed significantly in ccRCC and adjacent nontumorous kidney tissue and that a gene signature involving these five genes may be independently prognostic of OS in patients with ccRCC. Although the potential function of this gene signature was also assessed by immune activity and functional enrichment analyses, further research is needed to determine the precise mechanism of how these genes influence the incidence, development, treatment, and prognosis of ccRCC. Cuproptosis is closely associated with ccRCC, as many cuproptosis-related genes are differentially expressed in ccRCC and surrounding nontumorous tissues. Moreover, the present study found risk score based on this signature was closely related to the prognosis of ccRCC patients. Analysis of TCGA and ICGC showed that it could be an independent prognostic factor for predicting OS of ccRCC patients. Immunity is also tightly associated with these genes.
This study had several limitations. For example, publicly available data, such as RNA-seq and clinical data, may have certain drawbacks when analyzing the prognostic performance of gene signatures. Additional data, including primary data from patients with ccRCC, are needed to confirm the predictive significance of this gene signature. Moreover, additional research is required to determine the processes and activities by which cuproptosis-related genes promote tumor development.
This study identified a unique signature that can predict the prognosis of ccRCC patients, as well as five cuproptosis-related genes that may be associated with the mechanism of development of ccRCC. Moreover, these results provide a solid foundation for future research into the relationship between cuproptosis and immunity in ccRCC.
CONCLUSION
Multiple bioinformatics methods were used to identify a cuproptosis-related signature that was associated with the prognosis of patients with ccRCC. This signature was found to be associated with incidence, survival, and immunity of ccRCC, suggesting that this signature may be an independent prognostic of OS in patients with ccRCC.
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