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Cuproptosis is a novel copper ion-dependent cell death type being regulated in cells, and this is quite different from the common cell death patterns such as apoptosis, pyroptosis, necroptosis, and ferroptosis. Interestingly, like with death patterns, cuproptosis-related genes have recently been reported to regulate the occurrence and progression of various tumors. However, in bladder cancer, the link between cuproptosis and clinical outcome, tumor microenvironment (TME) modification, and immunotherapy is unknown. To determine the role of cuprotosis in the tumor microenvironment, we systematically examined the characteristic patterns of 10 cuproptosis-related genes in bladder cancer (BLCA). By analyzing principal component data, we established a cuproptosis score to determine the degree of cuproptosis among patients. Finally, we evaluated the potential of these values in predicting BLCA prognosis and treatment responses. A comprehensive study of the mutations of cuproptosis-related genes in BLCA specimens was conducted at the genetic level, and their expression and survival patterns were evaluated using The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO). Two cuproptosis patterns were constructed based on the transcription level of 10 cuproptosis-related genes, featuring differences in the prognosis and the infiltrating landscape of immune cells (especially T and dendritic cells) with interactions between cuproptosis and the TME. Our study further demonstrated that cuproptosis score may predict prognosis, immunophenotype sensitivity to chemotherapy, and immunotherapy response among bladder cancer patients. The development and progression of bladder cancer are likely to be influenced by cuproptosis, which may involve a diverse and complex TME. The cuproptosis pattern evaluated in our study may enhance understanding of immune infiltrations and guide more potent immunotherapy interventions.
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Introduction

Globally, bladder cancer is one of the top 10 most common types of cancer, with 550,000 new cases and 200,000 deaths annually (1). The World Health Organization (WHO) categorizes it based on its standardized histomorphological features into high-grade and low-grade cancers. Researchers from several independent groups have reported genes and mutations associated with low-grade non-muscle-invasive bladder cancer (NMIBC; PIK3CA, FGFR3, STAG2, and RTK/RAS/RAF pathway genes) and high-grade muscle-invasive bladder cancer (MIBC; p53, RB1, MDM2, ERBB2, CDKN2A, ARID1A, and KDM6A), which are relevant to prognosis, prediction, and treatment of bladder cancer. In particular, the CDKN2A mutation has been identified as a high-risk factor for MIBC (2, 3). Platinum-based chemotherapy was the mainstay of systematic management of MIBC. Recent years have seen the emergence of new treatment options such as PD-1/PD-L1 inhibitors, but immunotherapy is still in its infancy, and more efforts are urgently needed (4). Thus, developing new ideas for the development of immunotherapy for bladder cancer is of immense clinical significance.

Research in the field of life science has always been focused on the phenomenon of cell death, which is a normal part of living. Cell death patterns differ based on the mechanism of occurrence, including apoptosis, ferroptosis, pyroptosis, and necroptosis. Researchers have recently focused their attention on ferroptosis, a classic cell death mechanism described in 2012 (5). These regulated cell death (RCD) subroutines differ in the initiating stimuli, intermediate activation events, and terminal effects. Heavy metal ions are essential micronutrients in the body, but too little or too much of the metal can lead to cell death (6). Copper, like ferric ions, is an essential trace element in all life, usually present in extremely low concentrations in mammalian cells. If the copper ion concentration in the cell exceeds the threshold required to maintain homeostasis, it will also cause cytotoxicity (7). During research on copper ion-carrying cell death, Todd Golub’s team discovered a new pattern of cell death involving copper ions in cells that is dependent on and regulated by copper ions termed cuproptosis (8). The mechanism of cuproptosis involves the binding of copper ions directly to the lipoylated components of the tricarboxylic acid (TCA) cycle, which lead to abnormal aggregation of fatty acylated proteins as well as loss of iron–sulfur cluster protein ultimately resulting in proteotoxic stress response-mediated cell death. Further, this study identified seven genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB) that promote cuproptosis, as well as three genes (MTF1, GLS, and CDKN2A) that inhibit it. In previous studies, it was found that the copper depletion caused by tetrathiomolybdate (TM) influences immune response, and intratumoral copper ions may be able to regulate PD-L1 expression and influence tumor immune escape (9, 10). Consistently, the latest report of Bian et al. also showed that cuproptosis was significantly correlated with immune cell infiltration and PD-1 expression in clear cell renal cell carcinoma (ccRCC) (11). In addition, copper, platinum, and iron as raw materials have been extensively studied in the development of drug delivery systems, showing promising prospects for a range of anticancer purposes (12). Many potential mechanisms for utilizing the biological functions of copper ions to treat cancer are also being investigated (13). However, the role of cuproptosis in the immune microenvironment and immunotherapy of bladder cancer remains uncertain.

As a part of our study, we constructed two cuproptosis patterns, each associated with a different prognosis and tumor microenvironment (TME) characteristic. We are the first to propose the use of the cuproptosis score to quantify the cuproptosis pattern of each bladder cancer (BLCA) patient based on the expression profile of cuproptosis-related genes (CUGs). This scoring mechanism can help doctors in developing more effective and personalized immunotherapy strategies.



Materials and methods


Data collection

The mRNA expression profiles, copy number variation (CNV) files, somatic mutation data, pathology slides, and corresponding clinical information on bladder cancer were retrieved from The Cancer Genome Atlas (TCGA)-BLCA (https://portal.gdc.cancer.gov/) program, and GSE16671 and GSE13507 in Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) were used to determine the clinical characteristics and gene expression data. Among these, patients lacking important clinical or survival parameters are eliminated from further analysis. The ‘limma 3.52.2’ package was used to post-process and normalize the raw reads from the above data by R 4.1.1 software. The pathology image data (formalin-fixed paraffin-embedded (FFPE) slide) were downloaded from the Genomic Data Commons (GDC; https://portal.gdc.cancer.gov/).



Consensus clustering analysis of cuproptosis-related genes

Based on the expression profiles of 10 CUGs, unsupervised classes of TCGA-BLCA datasets are estimated with the consensus clustering method using the ‘ConsensusCluster-Plus 1.60.0’ package in R (14), and two clusters are obtained. t-Distributed stochastic neighbor embedding (t-SNE) was used to verify the clusters based on the expression profiles of the above genes. A gene set variation analysis (GSVA) was performed using the Kyoto Encyclopedia of Genes and Genomes (KEGG) gene set (C2.cp.kegg.V7.4) to identify differences in biological function between the two clusters (15).



Relationship between cuproptosis patterns with the clinical characteristics and prognosis of bladder cancer

To evaluate the clinical significance of the two clusters identified by consensus clustering, we compared the associations between cuproptosis patterns, clinicopathological features, and survival outcomes. The characteristics of the patients included gender, age, T-stage, grade, and survival status. Furthermore, the differences in overall survival (OS) among different clusters were evaluated through the Kaplan–Meier analysis generated by the ‘Survival 3.3-1’ and ‘Survminer 0.4.9’ packages of R.



Associations of gene clusters with tumor microenvironment and human leukocyte antigen in bladder cancer

To evaluate the immune and stromal scores of each BLCA patient, we used the ESTIMATE algorithm (16). In addition, the CIBERSORT algorithm (17) was applied to determine the proportions of immune cell subsets in each BLCA sample. Additionally, the levels of human leukocyte antigen (HLA), immune cell infiltration, and the immune cell functions in the BLCA among different patterns were also calculated with the single-sample gene set enrichment analysis (ssGSEA) algorithm (18). Through TCGA Pathology Slides, we were able to confirm the above analysis.



Differentially expressed genes and cuproptosis score

Differentially expressed genes (DEGs) in the distinct cuproptosis subgroups were identified using the ‘limma 3.52.2’ package of R with criteria of |log2-fold change (FC)| ≥ 1 and p-value < 0.05. Gene Ontology (GO) and KEGG analyses were used to identify related gene functions and enriched pathways using the ‘clusterProfiler 1.4.0’ package in R. To quantify the cuproptosis patterns of individual BLCA patients, cuproptosis scores were calculated. The Boruta algorithm was performed to reduce the size of the cuproptosis gene signatures A and B, and principal component analysis was used to extract principal component 1 as signature score (19). Then the score of each patient is calculated by a method, as follows: cuproptosis score = ∑PC1A − ∑PC1B, where PC1A means the first component of signature A, and PC1B represents the first component of signature B. By using the Kruskal–Wallis test, cuproptosis scores of molecular patterns or gene clusters were evaluated.



Clinical significance and stratification analyses of the prognostic cuproptosis score

We performed univariate and multivariate Cox proportional hazards regression to determine whether cuproptosis score is an independent predictor of prognosis. Based on multiple clinical variables, we then carried out a classification analysis to determine whether the cuproptosis score still had predictive value in different subgroups. To assess the clinical accuracy of cuproptosis score, nomogram, calibration plots, and decision curve analysis (DCA) was conducted. Additionally, gene set enrichment analysis (GSEA) enrichment analysis was performed between high and low cuproptosis scores. The criteria of |log2-fold change (FC)| ≥ 1 and p-value < 0.05 were considered significantly enriched. In addition, we used Wilcoxon rank-sum test to compare the differences in immune cell infiltration, immune cell functions, and expression of 10 CUGs between the high and low cuproptosis score groups. Finally, TCGA Pathology Slides confirmed the above analysis.



Assessment of mutation and drug sensitivity

The association between cuproptosis score and tumor mutational burden (TMB) score was examined. In addition, data on somatic mutations using a mutation annotation format (MAF) file were visualized using the R package ‘maftools 2.12.0’. The Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org/) database was utilized to evaluate the sensitivity of each BLCA patient to several chemotherapy drugs, and IC50 was quantified via the ‘pRRophetic’ package of R. Next, we predicted the response to immune checkpoint blockade (ICB) through the TIDE website (http://tide.dfci.harvard.edu/login/). With the use of the Wilcoxon test, the difference in TIDE score between high and low cuproptosis groups was compared. Additionally, both groups were predicted to respond to anti-PD1 or anti-CTLA4.



Screening of small molecular drugs

DEGs between the high and low cuproptosis score groups were identified using the ‘limma 3.52.2’ package using the criteria of |log2-fold change (FC)| ≥ 1 and p-value < 0.05. GO and KEGG enrichment analyses were conducted by the ‘clusterProfiler 1.4.0’ R package. As a final step, the upregulated and downregulated genes were uploaded to the CMap database, and candidate small-molecule drugs and their mechanisms of action were examined using the CMap mode of action (MoA).



Statistical analysis

All statistical analyses were performed in R software (version 4.1.1) and Perl, and a p < 0.05 value was considered statistically significant.




Results


The genetic characteristics and transcriptional alterations of cuproptosis-related genes in bladder cancer

Firstly, we determined the expression levels of 10 CUGs in tumor and normal specimens using TCGA-BLCA and GSE166716 datasets. There was a total of six DEGs identified (Figures 1A, B). Through the protein–protein interaction (PPI) analysis of the String website, we found that LIAS and DLD are the central genes of the network (Figure 1C). In addition, we calculated the incidence of CNVs and somatic mutations in 10 CUGs in BLCA. Based on Figure 1D, 46 (11.17%) of the 412 BLCA samples were mutated, and the results showed that the CDKN2A mutation rate was the highest among the 10 CUGs, which was consistent with previous studies (3). Next, we investigated the copy number alterations of these 10 CUGs and found that copy number alterations were common among them. Among them, the CNV of LPT1 increased, while FDX1, PDHB, CDKN2A, and DLAT had an extensive decrease in CNV (Figure 1E). Figure 1F displays the location of CNV of these CUGs on chromosomes (p-value < 0.05 was considered statistically significant).




Figure 1 | Expression distributions and genetic mutational landscape of CUGs in BLCA. Expression distributions of 10 CUGs between BLCA and normal tissues in the (A) TCGA-BLCA and (B) GSE166716 datasets. (C) The PPI network acquired from the STRING database among the CUGs. (D) Genetic alteration on a query of CUGs. (E) Frequencies of CNV gain, loss, and non-CNV among CUGs. (F) Circus plots of chromosome distributions of CUGs (*p < 0.05; **p < 0.01; ***p < 0.001). CUGs, cuproptosis-related genes; BLCA, bladder cancer; TCGA, The Cancer Genome Atlas; PPI, protein–protein interaction.





Identification of cuproptosis subtypes in bladder cancer

To explore the relationship between cuproptosis and tumorigenesis, 403 patients from TCGA-BLCA and 165 patients from GSE13507 of BLCA were included in this study. In Figure S1 and Table S1, we present the prognostic value of 10 CUGs for patients with BLCA analyzed by UniCox. Then, the network of CUG interactions, regulatory relationships, and their survival significance in BLCA patients is shown in Figure 2A. We then conducted unsupervised non-negative matrix factorization (NMF) clustering of TCGA-BLCA samples based on the mRNA expression level of 10 CUGs. Molecular clustering effects and cophenetic correlation analysis are used to comprehensively determine the optimal k. We tried k from 2 to 5; among all k values, k = 2 produced the best results in terms of clustering, OS analysis, and contours (Figures 2B-E). The two subgroups were designated as C1 and C2 (p-value < 0.05 was considered statistically significant).




Figure 2 | Identification of cuproptosis subtypes in BLCA. (A) A network of correlations including CUGs in TCGA cohort. (B) t-SNE of the mRNA expression profiles of CUGs from the BLCA samples in TCGA dataset confirmed the two clusters: C1 and C2. (C) Kaplan–Meier curves for the two molecular patterns of BLCA patients. (D) Silhouette plot of the two clusters. (E) Clustering display of the molecular subgroups. BLCA, bladder cancer; CUGs, cuproptosis-related genes; TCGA, The Cancer Genome Atlas; t-SNE, t-distributed stochastic neighbor embedding.





Different clinical and tumor microenvironment features of the two clusters in bladder cancer

As displayed in Figure 3A, the gene expression and clinical variables of the two clusters were compared, and significant differences in the expression of CUGs and clinical characteristics were identified. As a result of GSVA, Cluster 2 showed significant enrichment in tumorigenesis-related pathways, such as the TGF-β signaling pathway, WNT signaling pathway, adherens junction pathway, and ERBB signaling pathway (Figure 3B). Additionally, we investigated the impact of cuproptosis on TME. The results show that most HLAs are highly expressed in Cluster 2 (Figure 3C). In contrast, more lymphocyte infiltration and higher immune score were observed in C1. It is hypothesized that this is caused by negative immune feedback during the antitumor process (Figure 3D). TCGA Pathology Slides confirmed that immune cell infiltration was greater in the tumor nests of Cluster 1 patients than in Cluster 2 patients (Figure 3E) (p-value < 0.05 was considered statistically significant).




Figure 3 | Different clinical and TME features of the two cuproptosis subtypes in BLCA. (A) Heatmap depicts the correlation between the subtypes and different clinicopathological characteristics. (B) GSVA enrichment analysis of biological pathways between the two distinct subtypes. (C) Boxplots show variations in mRNA expression of HLAs in the two cuproptosis subtypes. (D) Boxplots show abundance of 23 infiltrating immune cell types and differences in immune scores in the two cuproptosis subtypes. (E) Representative pictures of pathological H&E staining of two cuproptosis subtypes (*p < 0.05; **p < 0.01; ***p < 0.001; Ns, not significant). TME, tumor microenvironment; BLCA, bladder cancer; GSVA, gene set variation analysis; HLAs, human leukocyte antigens.





Prognosis and tumor microenvironment features in four cuproptosis gene clusters for bladder cancer

Furthermore, we investigated the biological activities of the two cuproptosis subgroups. Based on differential expression analysis using the ‘limma’ package between the two clusters, we identified 4,355 common DEGs (Figure 4A). Functional enrichment analysis was then performed based on these DEGs. The DEGs associated with these cuproptosis subgroups are mainly involved in biological processes related to RNA splicing (Figure S2A). Based on the KEGG analysis, immune-related pathways are enriched (Figure S2B), indicating that cuproptosis is involved in the immune regulation of BLCA. Following this, we performed a uniCox analysis to estimate the survival significance of these 4,355 DEGs, and 770 genes were screened out with a criterion of p < 0.05 for subsequent analysis (Table S2). As a next step, the unsupervised clustering method was proposed to divide TCGA-BLCA cohort into four gene clusters according to these prognostic genes (A–D; Figures 4B, S3A, B). The Kaplan–Meier curves showed that BLCA patients with gene cluster B had the shortest OS time, whereas patients in gene cluster A possessed a pessimistic prognosis (p < 0.05; Figure 4C). Based on the cuproptosis gene signatures A and B, the dimension reduction was presented by the Boruta algorithm. In the heatmap transcriptomic profile, the 770 most abundant DEGs were displayed (Figure 4D). The cuproptosis gene clusters showed a significant difference in the expression of CUGs, as expected by the cuproptosis subgroup (Figure S3C). As a result, clusters B and C had higher immune cell infiltration and immune function scores than clusters A and D (Figures 4E,F). Based on the consistency of the prognosis and TME features of the four gene clusters, this classification can be considered reasonable and credible (p-value < 0.05 was considered statistically significant).




Figure 4 | Prognosis and TME characteristics in four cuproptosis gene clusters for BLCA patients. (A) Differential expression analysis between the two cuproptosis subtypes: 4,355 common DEGs. (B) Consensus matrix heatmap defining four gene clusters according to the prognostic DEGs. (C) Kaplan–Meier survival analysis for patients in the four gene clusters. (D) Clinical features of the four cuproptosis gene clusters. Boxplots show (E) abundance of 23 infiltrating immune cell types and (F) differences in immune scores in the four gene clusters (**p < 0.01; ***p < 0.001). TME, tumor microenvironment; BLCA, bladder cancer; DEGs, differentially expressed genes.





Development and validation of the cuproptosis scoring system for bladder cancer

Based on the 770 prognostic DEGs, we calculated the cuproptosis score for each BLCA sample using principal component analysis (PCA). A cuproptosis score of high or low was assigned to all patients. Figure 5A illustrates the distribution of cuproptosis scores within the two clusters of cuproptosis, the three gene clusters, and the patient’s survival status. Moreover, we observed a significant difference between the cuproptosis clusters and gene clusters in the cuproptosis score (Figures 5B, C). Compared with patients with low cuproptosis scores, those with high cuproptosis scores usually indicate a poor prognosis (p < 0.001; Figure 5D), and the AUC values of 1-year, 3-year, and 5-year OS were 0.606, 0.656, and 0.671, respectively (Figure 5E). The histogram and boxplots reveal that patients with high scores have significantly higher mortality rates than patients with low scores (p < 0.001; Figures 5F, G). As a result of our findings, the cuproptosis score correlated significantly with survival status in TCGA-BLCA cohort, but not with other clinical factors, such as age, gender, grade, and stage (Figure 5H) (p-value < 0.05 was considered statistically significant).




Figure 5 | Development and validation of the cuproptosis scoring system for BLCA. (A) Alluvial diagram of two cuproptosis subtypes, four gene clusters, cuproptosis scores, and clinical outcomes. Differences in cuproptosis score between (B) the two cuproptosis subtypes and (C) the four gene clusters. (D) Kaplan–Meier analysis of the OS between the two cuproptosis score groups. (E) ROC curves to predict the sensitivity and specificity of 1-, 3-, and 5-year survival according to the cuproptosis score. (F) Histogram and (G) boxplot depict the distribution of survival status of BLCA patients in the two groups. (H) Clinical characteristics for the high and low cuproptosis score groups. BLCA, bladder cancer; OS, overall survival; ROC, receiver operating characteristic.





Nomogram construction for predicting the prognosis of patients

Based on uniCox and multiCox analyses, we analyzed the independent prognostic value of cuproptosis score for BLCA patients, as well as the prognostic value of multiple clinical factors (Figures 6A, B; Tables 1, S3). Using the cuproptosis score and clinical parameters, we constructed a nomogram to estimate 1-, 3-, and 5-year OS for patients with BLCA (Figure 6C). The calibration curves of this nomogram showed high consistency between the observed and predicted values Figure 6D). In the AUC experimental results of other clinical factors, the nomogram model had higher OS prediction accuracy at 1, 3, and 5 years (Figures 6E-G). This prognostic model with multiple clinical factors also had a greater net benefit in predicting the prognosis (Figures 6H-J). Based on the evidence above, the cuproptosis score and its constructed nomogram model can accurately predict the prognosis of bladder cancer patients and can be used as a clinical decision-making tool (p-value < 0.05 was considered statistically significant).




Figure 6 | Construction and validation of a nomogram for predicting the prognosis of BLCA patients. The (A) uniCox and (B) multiCox analyses explored the independent prognostic value of cuproptosis score and multiple clinical factors. (C) Nomogram for predicting the 1-, 3-, and 5-year OS of BLCA patients in TCGA-BLCA cohort. (D) Calibration curves for validating the established nomogram. (E–G) The ROC curves of the nomograms compared for 1-, 3-, and 5-year OS in BLCA patients, respectively. (H–J) The DCA curves of the nomograms compared for 1-, 3-, and 5-year OS in BLCA patients, respectively (***p < 0.001). BLCA, bladder cancer; OS, overall survival; TCGA, The Cancer Genome Atlas; ROC, receiver operating characteristic; DCA, decision curve analysis.




Table 1 | Relationship between cuproptosis score and clinicopathological features of BLCA in TCGA.





Cuproptosis score is correlated with tumor microenvironment characteristics and mutation of bladder cancer

The results of GSEA suggested that the pathways associated with tumor growth and invasion were significantly enriched in the high cuproptosis score group Figure 7A), but immune-related pathways tended to be enriched in the low cuproptosis group (Figure 7B). Next, we examined the relationship between cuproptosis score and immune cells, which is shown in Figure 7C. Then, we examined the relationship between immune checkpoints and cuproptosis scores. In Figure 7D, there were 21 differentially expressed immune checkpoints in the two groups, including PD-1 and CTLA-4. Figures 7E, F indicate a correlation between low cuproptosis scores and higher levels of immune cell infiltration and immune function, consistent with previous GSEAs. In both TMEscore and histopathological sections, the group with low cuproptosis showed higher immune cell infiltration (Figures 7G, H). We also analyzed the survival of different subgroups of TMB to explore their impact on the prognosis of patients with BLCA. Compared to patients with high TMB, those with low TMB have a worse prognosis (Figure S4A). Afterward, the survival of patients with BLCA combined with TMB and cuproptosis score was analyzed, and the prognostic benefit in the low TMB group was counteracted by the cuproptosis score (Figure S4B). Moreover, we also investigated the distributional differences of somatic mutations between cuproptosis score groups in TCGA-BLCA samples. As shown in Figures S4C, D, the mutation rates of TP53, TTN, KMT2D, MUC16, and PIK3CA are higher than or equal to 20% in BLCA patients in both groups. Moreover, patients with a high cuproptosis score were more likely to have mutations in these genes than those with a low score (p-value < 0.05 was considered statistically significant).




Figure 7 | Distinct TME characteristics and mutation of BLCA patients according to the cuproptosis score. GSEA shows the different pathways significantly enriched in the (A) high and (B) low cuproptosis score groups. (C) Correlations between cuproptosis score and immune cells. (D) Expression of immune checkpoints in the high and low score groups. Boxplots show (E) abundance of 23 infiltrating immune cell types and (F) differences in immune scores in the two cuproptosis score groups. (G) Correlations between cuproptosis score and both immune and stromal scores. (H) Images representing the pathological H&E staining variations between the high and low cuproptosis score groups (TCGA database). (*p < 0.05; **p < 0.01; ***p < 0.001; Ns, not significant). TME, tumor microenvironment; BLCA, bladder cancer; GSEA, gene set enrichment analysis; TCGA, The Cancer Genome Atlas.





Predicting the sensitivity of bladder cancer patients to antitumor therapy with the cuproptosis score

We assessed the half-maximal inhibitory concentration (IC50) values for eight different chemotherapeutic drugs, including cisplatin, gemcitabine, sunitinib, gefitinib, vinblastine, vinorelbine, and vorinostat, to predict the likelihood of BLCA patients responding to antitumor therapy with the cuproptosis score. The results showed that sunitinib (p = 0.019) and vinblastine (p = 0.01) had significantly higher IC50 estimates in the high cuproptosis score group than in the low cuproptosis score group, but no significant differences were seen in the other drugs (Figure 8A). Furthermore, ICB treatment efficacy was evaluated using the tumor immune dysfunction and exclusion (TIDE) algorithm between the two cuproptosis score clusters. BLCA patients with low cuproptosis scores had higher TIDE scores than those with high scores (p = 0.01, Figure 8B). In addition, it showed that the low cuproptosis score subtype may benefit more from anti-PD1 treatment (Bonferroni corrected p = 0.003, Figure 8C). In conclusion, the high cuproptosis score group may be more sensitive to chemotherapy, whereas the low cuproptosis score group is more sensitive to anti-PD1 immunotherapy. We further analyzed the molecular differences between the high and low cuproptosis subgroups in order to identify the small-molecule drugs that could be used to treat BLCA. Finally, 4,506 genes with p < 0.05 and |log2-fold change (FC)| ≥ 1 were determined between the two subgroups, including 1,861 upregulated genes and 2,645 downregulated genes (Table S4). GO enrichment analysis showed that DEGs were significantly enriched in energy metabolism, RNA splicing, and viral gene expression (Figure 8D). These DEGs were also significantly correlated with ribosomes and coronavirus disease 2019 (COVID-19) signaling pathways (Figure 8E). We uploaded the 150 upregulated and 150 downregulated genes to the Connectivity Map (CMap) database (https://portals.broadinstitute.org/cmap/) of small-molecule drugs and examined their mechanisms of action. There were 48 potential small-molecule drugs and 15 potential drug mechanisms identified (Figure 8F). There was a high correlation between BTK and mTOR pathway inhibitors, suggesting the huge potential value of these two pathways (p-value < 0.05 was considered statistically significant).




Figure 8 | Cuproptosis score predicts the responsiveness of BLCA to chemotherapy, immunotherapy, and potential small-molecule compounds. (A) Relationships between cuproptosis score and chemotherapeutic sensitivity of BLCA. (B) Violin-plots show the differences in TIDE scores between the two cuproptosis score groups. (C) The submap algorithm predicts the probability of anti-PD1 and anti-CTLA4 immunotherapy response in high and low cuproptosis groups. The low cuproptosis score group may benefit more from PD-1 treatment (Bonferroni corrected p = 0.003). R, response. (D) GO enrichment analysis ranked by adjusted p-value and (E) KEGG pathway enrichment analysis results of DEGs between the two cuproptosis score groups. (F) Dots distribution heatmap depicting small-molecule compounds and their shared drug mechanisms of action (rows) through the CMap database. (**p < 0.01). BLCA, bladder cancer; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; DEGs, differentially expressed genes; CMap, Connectivity Map.






Discussion

The latest research has identified a new form of cell death caused by copper in human cells, known as copper-induced cell death (cuproptosis) (8). The process of cuproptosis is closely related to mitochondrial respiration. The copper that is too abundant within cells can be transported to the mitochondria by ionophores and directly bind to lipoylated components of the tricarboxylic acid cycle, resulting in the accumulation of lipoylated proteins and loss of iron–sulfur cluster proteins, which leads to proteotoxic stress and ultimately to cell death. A growing body of evidence shows that unbalanced copper homeostasis can affect tumor growth and induce tumor cell death (20), and copper plays an indispensable role in tumor immunity and antitumor therapy (21, 22). In addition, the development of diverse biomaterials and nanotechnology that allow copper to be fabricated into different structures to achieve its therapeutic action is worthy of attention (20). However, its role in the development of TME and its potential therapeutic value in bladder cancer remain unclear. Here, we comprehensively described how cuproptosis patterns in BLCA are clinically significant and how they may be related to TME characteristics. In addition, the cuproptosis scoring system was proposed to evaluate individual cuproptosis to improve understanding of TME and assist doctors in developing more effective immunotherapeutic strategies.

We investigated transcriptional changes and CUG expression using TCGA-BLCA cohort in this study. In line with previous studies (3), most of the CUGs were altered, including CDKN2A. By using an unsupervised clustering approach, we then developed two BLCA molecular patterns according to CUGs’ mRNA expression profiles. The prognosis, immune infiltration, and immune function of the two groups were significantly different. The response to immunotherapy may be heavily influenced by genomic alterations in BLCA. Based on DEGs associated with cluster signature, four gene clusters with differential clinical outcome, immune activity, and immune function were identified for BLCA. The cuproptosis score was established through the Boruta algorithm. In clinical application, transcriptome sequencing can be performed on pathological samples from bladder cancer patients to determine the cuproptosis scores of patients. A high cuproptosis score was associated with a shorter overall survival time, indicating that a high cuproptosis score may predict poor outcomes. As a result of the GSEA enrichment analysis, cancer and immune-related pathways were significantly enriched, suggesting that cuproptosis is involved in tumor development and TME.

Similarly, cuproptosis scores correlated significantly with BLCA clinicopathological features. We found that the cuproptosis score is an independent predictor of survival outcomes among BLCA patients after controlling for confounders. The receiver operating characteristic (ROC) curves confirmed its favorable predictive validity for 1-, 3-, and 5-year OS. In light of these data, the cuproptosis score may have robust predictive power for the prognosis of BLCA patients. Genetic mutations that caused cancer are significantly associated with copper (23). We found a significant genetic mutation difference between groups with high and low cuproptosis scores in our study. BLCA patients with high TMB have been shown to have better survival outcomes (24), which is consistent with our results. There was a significant survival advantage for patients with a lower cuproptosis score compared to those with a lower TMB score, suggesting that the cuproptosis score could predict immunotherapy response independently of TMB.

The immune response plays a leading role in tumorigenesis and can often be used as a target for tumor therapy. In the TME, immune cells and stromal cells are identified as major components (25, 26). Immune cell infiltration was associated with bladder cancer survival, and high CD8+ T-cell infiltration predicted a favorable prognosis, confirming our analysis (27, 28). This suggests that cuproptosis may be involved in the regulation of TME, especially CD8+ T cells, and therefore contribute to tumor growth and progression. In previous studies, the reactivation of CD8+ T cells predicted the efficacy of immunotherapy. Consequently, targeting cuproptosis may be an effective and novel therapeutic strategy for the treatment of BLCA.

Chemotherapy, immunotherapy, and targeted therapy can limit tumor progression and improve prognosis in patients with advanced bladder cancer (29). At present, BLCA’s decreasing sensitivity to chemotherapy is causing widespread concern (30). Patients with different cuproptosis score groups were identified as potentially sensitive to these agents, and the combination of these agents with cuproptosis-targeted drugs may help mitigate resistance mechanisms and improve clinical outcomes. In addition, immunotherapy requires specific predictive models to be effective. The TIDE method has been used to predict BLCA patients’ ICB response. In this study, we observed that BLCA patients with a low cuproptosis score had a higher TIDE score and a stronger positive response to anti-PD1 therapy than those with a high cuproptosis score. The low-score group consistently had higher levels of T-cell infiltration. It implies that the cuproptosis score could be a screening tool for ICB patients.

Subsequently, 1,861 upregulated genes and 2,645 downregulated genes were identified in the low and high cuproptosis score groups, respectively. The results of enrichment analysis showed that these specific DEGs were enriched in energy metabolism, RNA splicing, and viral gene expression. Additionally, KEGG enrichment analysis revealed that the DEGs were significantly enriched in ribosomes and the COVID-19 signaling pathway. The above results suggest that cuproptosis may be involved in more than tumor development, including the occurrence and development of viral diseases, as documented by relevant reports (31). Despite increasing support for targeted therapies in cancer, cuproptosis-targeted drugs are scarce at present. In our research, we identified 48 genetic and pharmacological inhibitors targeting cuproptosis, including BTK and mTOR inhibitors, covering 15 mechanisms of action. The results of this study provide valuable evidence for targeted treatment of BLCA.

There are still some deficiencies in the study. First of all, our analysis was a secondary analysis of the data from public databases. These retrospective data were subject to selection bias, which affected the accuracy of the analysis results. Hence, well-designed prospective studies are needed to validate our findings. In addition, to fully comprehend the clinical significance of cuproptosis, more clinical factors should be analyzed. Unfortunately, the collection of these variables in public databases is incomplete.



Conclusions

To sum up, we systematically analyzed the effects of cuproptosis on BLCA and provided a clear explanation of the broad regulatory mechanisms of cuproptosis in the TME, clinicopathological features, and prognosis. In addition, we demonstrated the potency of CUGs as biomarkers of therapeutic response. Consequently, an integrated evaluation of cuproptosis scores of each BLCA patient is of great clinical importance and can be used to develop personalized immunotherapy strategies for these patients.



Data availability statement

Publicly available datasets were analyzed in this study. This data can be found here: the TCGA-BLCA (https://portal.gdc.cancer.gov/) and GSE16671 and GSE13507 in GEO (https://www.ncbi.nlm.nih.gov/geo/).



Author contributions

QS: data curation, software, and writing—original draft preparation. RZ: visualization, software, and formal analysis. FS: writing—review and editing, and project administration. WF: conceptualization, methodology, writing—reviewing and editing, and funding acquisition. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the Basic and Applied Basic Research Fund of Guangdong Province (grant number 2021A1515010860) and Guangzhou Municipal Science and Technology Project (grant numbers 202102010170 and 202102010236).



Acknowledgments

We acknowledge and appreciate the help of FigureYa in plotting the figures. We thank Bullet Edits Limited for the linguistic editing and proofreading of the manuscript.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.958368/full#supplementary-material

Supplementary Figure 1 | The prognostic value of 10 CUGs in patients with BLCA based on the TCGA-BLCA cohort and GSE13507 dataset.

Supplementary Figure 2 | (A, B) GO and KEGG enrichment analyses of DEGs among two cuproptosis subtypes.

Supplementary Figure 3 | Consensus clustering analysis for BLCA samples from TCGA database based on prognostic DEGs between the two cuproptosis subtypes. (A) Cumulative distribution function (CDF) when different k values. (B) Delta area plot shows relative change in area under CDF curve when at a certain k value compared with k-1. (C) Differences in the expression of 10 CUGs among the four gene clusters. (p < 0.05 *; p < 0.01 **; p < 0.001 ***)

Supplementary Figure 4 | TMB and genetic mutations of BLCA according to the two cuproptosis groups. (A) Kaplan-Meier analysis of the OS between the low- and high-TMB groups in BLCA samples. (B) Kaplan-Meier analysis among four patient groups stratified by both TMB and cuproptosis score. (C, D) The waterfall plot of somatic mutation features established with low and high cuproptosis score groups.



References

1. Richters, A, Aben, KKH, and Kiemeney, LALM. The global burden of urinary bladder cancer: An update. World J Urol (2020) 38(8):1895–904. doi: 10.1007/s00345-019-02984-4

2. Lenis, AT, Lec, PM, Chamie, K, and Mshs, MD. Bladder cancer: A review. JAMA (2020) 324(19):1980–91. doi: 10.1001/jama.2020.17598

3. Alexandrov, LB, Nik-Zainal, S, Wedge, DC, Aparicio, SA, Behjati, S, Biankin, AV, et al. Signatures of mutational processes in human cancer. Nature (2013) 500(7463):415–21. doi: 10.1038/nature12477

4. Patel, VG, Oh, WK, and Galsky, MD. Treatment of muscle-invasive and advanced bladder cancer in 2020. CA Cancer J Clin (2020) 70(5):404–23. doi: 10.3322/caac.21631

5. Chen, X, Li, J, Kang, R, and Klionsky, DJ. Ferroptosis: Machinery and regulation. Autophagy (2021) 17(9):2054–81. doi: 10.1080/15548627.2020.1810918

6. Tang, D, Chen, X, and Kroemer, G. Cuproptosis: A copper-triggered modality of mitochondrial cell death. Cell Res (2022) 32(5):417–8. doi: 10.1038/s41422-022-00653-7

7. Ge, EJ, and Bush, AI. Connecting copper and cancer: From transition metal signalling to metalloplasia. Nature Reviews Cancer (2022) 22(2):102–13. doi: 10.1038/s41568-021-00417-2

8. Tsvetkov, P, and Coy, S. Copper induces cell death by targeting lipoylated tca cycle proteins. Science (New York, NY) (2022) 375(6586):1254–61. doi: 10.1126/science.abf0529

9. Voli, F, Valli, E, Lerra, L, Kimpton, K, Saletta, F, Giorgi, FM, et al. Intratumoral copper modulates pd-L1 expression and influences tumor immune evasion. Cancer Res (2020) 80(19):4129–44. doi: 10.1158/0008-5472.CAN-20-0471

10. Liu, YL, Bager, CL, Willumsen, N, Ramchandani, D, Kornhauser, N, Ling, L, et al. Tetrathiomolybdate (Tm)-associated copper depletion influences collagen remodeling and immune response in the pre-metastatic niche of breast cancer. NPJ Breast Cancer (2021) 7(1):108. doi: 10.1038/s41523-021-00313-w

11. Bian, Z, Fan, R, and Xie, L. A novel cuproptosis-related prognostic gene signature and validation of differential expression in clear cell renal cell carcinoma. Genes (2022) 13(5):851. doi: 10.3390/genes13050851

12. Li, S-R, Bu, L-L, and Cai, L. Cuproptosis: Lipoylated tca cycle proteins-mediated novel cell death pathway. Signal Transduction Targeted Ther (2022) 7(1):158. doi: 10.1038/s41392-022-01014-x

13. Zhou, P, Qin, J, Zhou, C, Wan, G, Liu, Y, Zhang, M, et al. Multifunctional nanoparticles based on a polymeric copper chelator for combination treatment of metastatic breast cancer. Biomaterials (2019) 195:86–99. doi: 10.1016/j.biomaterials.2019.01.007

14. Wilkerson, MD, and Hayes, DN. Consensusclusterplus: A class discovery tool with confidence assessments and item tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

15. Hänzelmann, S, Castelo, R, and Guinney, J. Gsva: Gene set variation analysis for microarray and rna-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

16. Meng, Z, Ren, D, Zhang, K, Zhao, J, Jin, X, and Wu, H. Using estimate algorithm to establish an 8-mrna signature prognosis prediction system and identify immunocyte infiltration-related genes in pancreatic adenocarcinoma. Aging (2020) 12(6):5048–70. doi: 10.18632/aging.102931

17. Newman, AM, Liu, CL, and Green, MR. Robust enumeration of cell subsets from tissue expression profiles. Nature Methods (2015) 12(5):453–7. doi: 10.1038/nmeth.3337

18. Rooney, MS, Shukla, SA, Wu, CJ, Getz, G, and Hacohen, N. Molecular and genetic properties of tumors associated with local immune cytolytic activity. Cell (2015) 160(1-2):48–61. doi: 10.1016/j.cell.2014.12.033

19. Bai, D, Feng, H, Yang, J, Yin, A, Lin, X, Qian, A, et al. Genomic analysis uncovers prognostic and immunogenic characteristics of ferroptosis for clear cell renal cell carcinoma. Mol Ther Nucleic Acids (2021) 25:186–97. doi: 10.1016/j.omtn.2021.05.009

20. Jiang, Y, Huo, Z, Qi, X, Zuo, T, and Wu, Z. Copper-induced tumor cell death mechanisms and antitumor theragnostic applications of copper complexes. Nanomed (Lond) (2022) 17(5):303–24. doi: 10.2217/nnm-2021-0374

21. Percival, SS. Copper and immunity. Am J Clin Nutr (1998) 67(5 Suppl):1064s–8s. doi: 10.1093/ajcn/67.5.1064S

22. Prajapati, N, Karan, A, Khezerlou, E, and DeCoster, MA. The immunomodulatory potential of copper and silver based self-assembled metal organic biohybrids nanomaterials in cancer theranostics. Front Chem (2020) 8:629835. doi: 10.3389/fchem.2020.629835

23. Fanni, D, Gerosa, C, Nurchi, VM, Cappai, R, Mureddu, M, Eyken, PV, et al. Copper-induced epigenetic changes shape the clinical phenotype in wilson's disease. Curr Medicinal Chem (2021) 28(14):2707–16. doi: 10.2174/0929867327666200730214757

24. Lv, J, Zhu, Y, Ji, A, Zhang, Q, and Liao, G. Mining tcga database for tumor mutation burden and their clinical significance in bladder cancer. Biosci Rep (2020) 40(4). doi: 10.1042/bsr20194337

25. Wu, Y, Zhang, L, He, S, Guan, B, He, A, Yang, K, et al. Identification of immune-related lncrna for predicting prognosis and immunotherapeutic response in bladder cancer. Aging (2020) 12(22):23306–25. doi: 10.18632/aging.104115

26. Schneider, AK, Chevalier, MF, and Derré, L. The multifaceted immune regulation of bladder cancer. Nat Rev Urol (2019) 16(10):613–30. doi: 10.1038/s41585-019-0226-y

27. Wang, L, Saci, A, Szabo, PM, Chasalow, SD, Castillo-Martin, M, Domingo-Domenech, J, et al. Emt- and stroma-related gene expression and resistance to pd-1 blockade in urothelial cancer. Nature Communications (2018) 9(1):3503. doi: 10.1038/s41467-018-05992-x

28. Han, HS, Jeong, S, Kim, H, Kim, H-D, Kim, AR, Kwon, M, et al. Tox-expressing terminally exhausted tumor-infiltrating Cd8 T cells are reinvigorated by Co-blockade of pd-1 and tigit in bladder cancer. Cancer Lett (2021) 499:137–47. doi: 10.1016/j.canlet.2020.11.035

29. Tran, L, Xiao, J-F, Agarwal, N, Duex, JE, and Theodorescu, D. Advances in bladder cancer biology and therapy. Nat Rev Cancer (2021) 21(2):104–21. doi: 10.1038/s41568-020-00313-1

30. Sylvester, RJ, Oosterlinck, W, Holmang, S, Sydes, MR, Birtle, A, Gudjonsson, S, et al. Systematic review and individual patient data meta-analysis of randomized trials comparing a single immediate instillation of chemotherapy after transurethral resection with transurethral resection alone in patients with stage pta-Pt1 urothelial carcinoma of the bladder: Which patients benefit from the instillation? Eur Urol (2016) 69(2):231–44. doi: 10.1016/j.eururo.2015.05.050

31. Domingo, JL, and Marquès, M. The effects of some essential and toxic Metals/Metalloids in covid-19: A review. Food Chem Toxicol (2021) 152:112161. doi: 10.1016/j.fct.2021.112161



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Song, Zhou, Shu and Fu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-13-958368-g002.jpg
Survival probability

0.8

0.4

0.0

I
1

e cuproptosis

e Risk factors
« Favorable factors

Postive correlation with P<0.0001
== Negative correlation with P<0.0001

Cox test, pvalue

@ @ @0t @ocs @1

TCGA-BLCA Cluster =2

- = =Subtpye 1
p-value= 0.000969 -szbt%: 2

0 50 100 150

Survival time (Months)

Clustering display

group
m1
0.8 m2

0.6
0.4

0.2

Cluster plot

GA-DK-AAES

cluster

Dim2 (32.5%)

H i

Dim1 (47.5%)

Silhouette plot
n =403 2 clusters C;

j:njlavecg s

.94

.96

—r T _ 1T 1T 1T 71T 1
-0.4 00 02 04 06 08 1.0
Silhouette width s;

Average silhouette width : 0.95





OEBPS/Images/fimmu-13-958368-g004.jpg
o
o

&
2

High Grade

Low Grade
unknow

Grade

Stage Il

Stage Il

MALE

FEMALE
Fustat

Alive

Dead
Ag

80

40

<mOO0

e
signature gene

Gender
Gene cluster

Time(years)
ne cluster

3
2
1
0

5
-
982 d
gLao3
[ZECHL™
ETREs
- © fnaeqoid peanms. & sspsnigeuss

Time(years)

6
7
14
25 20
3

]
2

2t
3

"
17

2
3

7
2
3

64
158 122 6034
T

]

geneCluster E3 A E3 8 E3 ¢ B3 D

Number at risk
58 41
106 61
81
]

025

consensus matrix k=4

geneCluster E3 A E3 B E3 C B3 D

I mmmm— Ge






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Cuproptosis scoring system to predict the clinical outcome and immune response in bladder cancer

      

        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data collection

          



          		

            Consensus clustering analysis of cuproptosis-related genes

          



          		

            Relationship between cuproptosis patterns with the clinical characteristics and prognosis of bladder cancer

          



          		

            Associations of gene clusters with tumor microenvironment and human leukocyte antigen in bladder cancer

          



          		

            Differentially expressed genes and cuproptosis score

          



          		

            Clinical significance and stratification analyses of the prognostic cuproptosis score

          



          		

            Assessment of mutation and drug sensitivity

          



          		

            Screening of small molecular drugs

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            The genetic characteristics and transcriptional alterations of cuproptosis-related genes in bladder cancer

          



          		

            Identification of cuproptosis subtypes in bladder cancer

          



          		

            Different clinical and tumor microenvironment features of the two clusters in bladder cancer

          



          		

            Prognosis and tumor microenvironment features in four cuproptosis gene clusters for bladder cancer

          



          		

            Development and validation of the cuproptosis scoring system for bladder cancer

          



          		

            Nomogram construction for predicting the prognosis of patients

          



          		

            Cuproptosis score is correlated with tumor microenvironment characteristics and mutation of bladder cancer

          



          		

            Predicting the sensitivity of bladder cancer patients to antitumor therapy with the cuproptosis score

          



        



        



        		

          Discussion

        



        		

          Conclusions

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-958368-g007.jpg
| T

N

Gene expression

i Humww *t

roup B on 53 taw

i

e sion

f@“faig f@f%*fg f’&‘« ﬁ”

6000

3000

TME score

-3000:

-6000:

Pathology Slide

|¢M

' fff'fff ffj:fff’yffff}’fft’ff ég;ff‘%’f}*"&’x’é’g ;fééf@fﬁ;f&ﬁy
v

A

High cuproptosisScore

Low cuproptosisScore
(8.324885778)

(3.417085009)






OEBPS/Images/fimmu.2022.958368_cover.jpg
’ frontiers l Frontiers in Immunology

Cuproptosis scoring system to
predict the clinical outcome
and immune response in
bladder cancer





OEBPS/Images/fimmu-13-958368-g008.jpg
Estonstea (C50

Term

Cisplatin

Estinated (050

ATPase aciviy
ranscrpton coregulator actlty-
ubiquitin-ike protein transferase actiy
ubiquitn-protein ransferase acivity
cadhern binding

ranscrpton coactvator acivity

GTPase binding

small GTPase binding

heicase actuiy-

acetylransterase aciviy

nuciear speck

nuclear envelope:

spindle

chromosomal egion

mitochondral protein-containing complex
ibosome:

chromosome, centromeric region
spliceosomal complex

ibosoma suburit

Knetochore:

proteasomal protein catabolc process-
RNA spicing

ibonucleoprotein complex biogenesis-
e e SR
A catabolic pocess

estabishment of organelle locaiizaton:
mRNA cataboli process
nucleocytoplasmic transport

viral gene expression

vl ranscripton.

Gemaitabine sunitinib
o cuproptosisScore [T ow-score [l iah-score.
g “
S 2
]
| 1
3 :
i . w0
# 5 s 3 5
R o & & & & w
F
Vinblastine Vinorelbine Vorinostat

Estimated C50
e

o ] '
- o i Low-score High-score
N &

pvalue

@

Nominal p value
Bonferroni corrected

HOU-pIVLD
¥-pYILO
¥ou-1ad

Low score

High score

Low score

High score

inhibitors.

[ mechanism of action

ONTOLOGY
e
c
[

5 100
i A O

0 200

Cachen e tocsar

P —

———

u
sz rcopo gt
K

Papse icr





OEBPS/Images/fimmu-13-958368-g005.jpg
cuproptosisCluster

Survival probability
g

cuproptosisScore
T
&
s

Sensitivity
0.4 0.6 0.8 1.0

0.2

0.0

Number at risk

80 49 17 11
o 1 2 3

geneCluster

323 239 121 75 61

2

cuproptosisScore Fustat

cuproptosisScore
= Low
== High

6 7 8 9 10 11 12 13 14 15
Time(years)

4 26 20 13 9 6 3 3 3 0 0

3
5

i1 0 0 0 0 0 0 0 ©
6 7 8 9 10 11 12 13 14 15
Time(years)

1

—— AUC at 1 years: 0.606
—— AUC at 3 years: 0.656
—— AUC at 5 years: 0.671

T T T T
0.4 0.6 0.8 1.0

1-Specificity

cuproptosisScore

Percent weight

<=65M>65 “FEMALE MMALE

100

25

Cluster B3 c1 B c2
p<222e-16

Cluster
Low High
cuproptosisScore

Fustat

|
| X

Gender

Grade Grade

cuproptosisScore

cuproptosisScore

Grade

p=0.18

Low mHigh m unkown

20

o

geneCluster B A 3 8 B3 ¢ B 0

0.0034
057

003
7e-07
0031

—s
50-05

geneCluster

Fustat B8 Aive B Dead

3.4e-05
1
.
.
.
.
Alive Dead
Fustat

Stage Fustat

Q0
Q(

p=024  p=0.00023

Stage | =Stage lll = unkown = Alive mDead
Stage || m Stage IV





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-13-958368-g001.jpg
Gene expression

CNV.frequency(%)

TCGA

40
30
20
10

[ ]

°

o o

N

Type £3 Nomal ES Tumor

* GAIN

* LOSS

)
e
o o
5 &
S L

]E_.I%ahu.lh :

GEO Type £ Nomal E Tumor

Gene expression

Altered in 46 (11.17%) of 412 samples.

No. of samples
——

= Spiice_Site Frame_Shift_Del

Frame_Shifins

303 3 i 0@ @

T EEEE
Lo H

2d%

ey
5&%

2

n =
n

* In_Frame_Del






OEBPS/Images/fimmu-13-958368-g003.jpg
HA |
!

i

5
7

| lll‘\

FEFEEEEE

%

o
e

;;%%%;ﬁ%j% ;gjgﬁff é
; Wﬁgﬁww *??“*Wﬁﬁ :

S — =
e
& e s ol





OEBPS/Images/fimmu-13-958368-g006.jpg
pvalue Hazard ratio
T™B <0.001 0.917(0.878-0.958) | T™B
age <0.001 1.035(1.019-1.051) [ | age
gender 0.407 0.872(0.630-1.206) - - gender
grade 0068  3.380(0.913-12.507) —_—— grade
stage <0.001 1.662(1.377-2.006) i stage
T 0.001 1.321(1.112-1.569) o T:
cuproptosisScore <0.001 1.029(1.016-1.042) [ ] cuproptosisScore
050 10 20 40 80
Hazard ratio
D
Points 0
cuproptosisScore***
age™* .
] X
TMB*** Y § 8
{ -
Stage IV g
stage Stage | Stag @
il | i
age e}
Total points
100 190 120 130 140 150 160 170 1 190 200
. 0.562
Pr( futime > 5
( ) 0994 096 0.8 |0.3 0.004
Pr( futime > 3
( ) 0.996 0.975 0.85 (0.4 0.01
Pr( futime > 1 -
( )04994 096 0.8 0.2
F
e J
g 4
z 31 z
2 2
2 2
& <] &
o w— Risk, AUC=0.606 Risk, AUC=0.656
= == Nomogram, AUC=0.745 Nomogram, AUC=0.765
= TMB, AUC=0.417 TMB, AUC=0.383
e age, AUC=0.667 age, AUC=0616
g — stage, AUC=0.633 stage, AUC=0.640
T T T T T
0.0 02 04 086 08 10 0.0 02 04 06 08 10
1-Specificity 1-Specificity
|
03 08
02 04
= Nomogram = Nomogram
g = Risk & = Risk
g e & oz =T
3 - ] - Sta
2 e 2 —
00 = lone 00 == None
o1 02
T ) o2 T3 7 o) %

Risk Threshold

04
Rick Threshold

pvalue

<0.001

<0.001

0.744

0.238

0.001

0.597

<0.001

Hazard ratio

0.922(0.880-0.966)

1.032(1.016-1.048)

0.946(0.680-1.318)

2.106(0.612-7.252)

1.434(1.149-1.791)

1.055(0.864-1.289)

1.028(1.014-1.041)

0.50

=
[ |

10 20 40

Hazard ratio

0.0

Sensitvity

Net Benefit

-02

T T T
0.2 0.4

Risk, AUC=0.671
Nomogram, AUC=0.777

TMB, AUC=0.367
age, AUC=0614
stage, AUC=0.684

1-Specificity

08

00

00 02 04
Rick Threshald

06

Nomogram

Age

-
= Risk
-

™8
Stage

- Al
= None





OEBPS/Images/table1.jpg
Covariates

Age (years)

<65

>65
Gender

Female

Male
Status

Alive

Dead
Grade

Low grade

High grade

Unknown
T classification

TO

T1

T2

T3

T4

Unknown
N classification

NO

N1

N2

N3

NX

Unknown
M classification

Mo

M1

MX

Unknown
TNM stage

1

1T

1

v

Unknown

Total

150 (37.22%)
253 (62.78%)

105 (26.05%)
298 (73.95%)

176 (43.67%)
227 (56.33%)

20 (4.96%)
380 (94.29%)
3 (0.74%)

1(0.25%)
3 (0.74%)
117 (29.03%)
192 (47.64%)
57 (14.14%)
32 (7.94%)

235 (58.31%)

44 (10.92%)
75 (18.61%)
7 (1.74%)
36 (8.93%)
6 (1.49%)

195 (48.39%)
11 (2.73%)
194 (48.14%)
3 (0.74%)

2 (0.5%)
128 (31.76%)
140 (34.74%)
131 (32.51%)

2 (0.5%)

BLCA, bladder cancer; TCGA, The Cancer Genome Atlas.

High score
No. (%)

26 (32.5%)
54 (67.5%)

9 (23.75%)
1 (76.25%)

0 (62.5%)
0 (37.5%)

1(1.25%)
78 (97.5%)
1(1.25%)
1(1.25%)
1(1.25%)
19 (23.75%)
1(51.25%)
12 (15%)
6 (7.5%)

7 (58.75%)
8 (10%)

20 (25%)
0 (0%)

3 (3.75%)
2 (2.5%)

9 (61.25%)
1 (1.25%)
28 (35%)
2 (2.5%)

1(1.25%)
20 (25%)
0 (37.5%)
28 (35%)
1(1.25%)

Low score
No. (%)

124 (38.39%)
199 (61.61%)

86 (26.63%)
237 (73.37%)

126 (39.01%)
197 (60.99%)

19 (5.88%)
302 (93.5%)
2 (0.62%)

0 (0%)

2 (0.62%)
98 (30.34%)
151 (46.75%)
45 (13.93%)

26 (8.05%)

188 (58.2%)
36 (11.15%)
55 (17.03%)
7 (2.17%)
33 (10.22%)
4(1.24%)

146 (45.2%)
10 (3.1%)
166 (51.39%)
1 (0.31%)

1(0.31%)
108 (33.44%)
110 (34.06%)
103 (31.89%)

1(031%)

p-Value

0.3503

0.6687

0.001

0.1354

03313

0.1159

0.02

0.3453





