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Background

Disulfidptosis is a newly discovered form of cell death, and long non-coding RNAs (lncRNAs) play a crucial role in tumor cell growth, migration, recurrence, and drug resistance, particularly in bladder cancer (BLCA). This study aims to investigate disulfidptosis-related lncRNAs (DRLs) as potential prognostic markers for BLCA patients.





Methods

Utilizing single-cell sequencing data, RNA sequencing data, and corresponding clinical information sourced from the GEO and TCGA databases, this study conducted cell annotation and intercellular communication analyses to identify differentially expressed disulfide death-related genes (DRGs). Subsequently, Pearson correlation and Cox regression analyses were employed to discern DRLs that correlate with overall survival. A prognostic model was constructed through LASSO regression analysis based on DRLs, complemented by multivariate Cox regression analysis. The performance of this model was rigorously evaluated using Kaplan-Meier analysis, receiver operating characteristic (ROC) curves, and area under the ROC curve (AUC). Furthermore, this investigation delved into the potential signaling pathways, immune status, tumor mutation burden (TMB), and responses to anticancer therapies associated with varying prognoses in patients with BLCA.





Results

We identified twelve differentially expressed DRGs and elucidated their corresponding intercellular communication relationships. Notably, epithelial cells function as ligands, signaling to other cell types, with the interactions between epithelial cells and both monocytes and endothelial cells exhibiting the strongest connectivity. This study identified six DRLs in BLCA—namely, C1RL-AS1, GK-AS1, AC134349.1, AC104785.1, AC011092.3, and AC009951.6, and constructed a nomogram to improve the predictive accuracy of the model. The DRL features demonstrated significant associations with various clinical variables, diverse immune landscapes, and drug sensitivity profiles in BLCA patients. Furthermore, RT-qPCR validation confirmed the aberrant expression levels of these DRLs in BLCA tissues, affirming the potential of DRL characteristics as prognostic biomarkers.





Conclusion

We established a DRLs model that serves as a predictive tool for the prognosis of BLCA patients, as well as for assessing tumor mutation burden, immune cell infiltration, and responses to immunotherapy and targeted therapies. Collectively, this study contributes valuable insights toward advancing precision medicine within the context of BLCA.
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1 Introduction

BLCA, also known as bladder cancer, is a common urogenital tumor worldwide, with a significant increasing trend in the number of new cases each year (1, 2), llness incidence ranks ninth, while mortality rates rank thirteenth (3, 4). This growth trend is related to smoking, exposure to carcinogens, and environmental factors. Despite some countries witnessing a decrease in incidence rates through education and preventive measures, BLCA remains a global public health issue (5). The mortality rate of BLCA is closely related to tumor classification, stage of development, and the effectiveness of treatment strategies, due to its high recurrence and invasiveness (3, 6) postoperative care requires additional intervention methods (7–9). A thorough investigation of the etiology and molecular mechanisms of BLCA is crucial for developing personalized prognosis assessments and treatment strategies, which will help improve patients’ survival rates and quality of life. Therefore, further research will offer more breakthroughs for the treatment and management of BLCA, bringing hope and progress.

Disulfidptosis is a remarkable new discovery, and its definition and characteristics are fascinating. This form of cell death is triggered by specific disulfide bond stress, completely different from traditional types of cell death such as apoptosis, necrosis, and autophagy. In Disulfidptosis, the rapid depletion of intracellular NADPH and the high expression of the SLC7A11 protein under glucose deprivation are significant features, prompting profound reflections on the mechanisms that trigger Disulfidptosis (10). In cells with high expression of SLC7A11, glucose deprivation or uptake obstruction can lead to the significant uptake of cystine and its reduction to cysteine, depleting a large amount of NADPH in the process. This results in the accumulation of abnormal disulfides, ultimately triggering disulfide bond stress and rapid cell death, adding further mystery to the connection with cancer. Research indicates that SLC7A11 plays a crucial role in BLCA (11, 12), suggesting that Disulfidptosis may play an important role in BLCA, bringing therapeutic potential through this new discovery.

Research on long non-coding RNA (LncRNA) in the field of BLCA is indeed intriguing. These LncRNA play crucial roles in cellular physiology and pathological processes (13), encompassing the control of key processes such as cell proliferation, differentiation, and apoptosis (14, 15). In BLCA, specific LncRNAs such as MALAT1 (16), H19 (17), HOTAIR (18), and PTENP1 (19) have been found to be closely associated with the development and prognosis of the disease. An increasing number of studies have employed lncRNAs as biomarkers to predict therapeutic responses in bladder cancer, including models associated with ferroptosis, m6A methylation, and immune responses. These findings underscore the potential of lncRNAs not only as prognostic indicators but also as valuable tools for personalizing treatment approaches in the management of BLCA (20–22).

In this study, we examined the differential expression of disulfidptosis-related genes(DRGs) at the single-cell level. We successfully identified DRGs and subsequently conducted co-expression analyses to identify associated disulfidptosis-related long non-coding RNAs (DRLs). This investigation explores into the roles of DRLs in BLCA and establishes a model for assessing patient prognosis, overall survival (OS), tumor immune microenvironment (TIME), and sensitivity to immunotherapy and chemotherapy agents. The objective of this research is to elucidate the functions of these lncRNAs in BLCA and to provide more precise predictions and therapeutic strategies for personalized medicine.




2 Materials and methods



2.1 Data collection and compilation

Single-cell RNA sequencing (scRNA-seq) data (GSE135337) (23) were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/), comprising seven BLCA tumor samples and one normal tissue sample. This dataset serves as a valuable resource for exploring the cellular heterogeneity and molecular characteristics associated with BLCA, facilitating a deeper understanding of the tumor microenvironment and the role of DRLs in this malignancy. We selected the seven BLCA tumor samples for subsequent analyses, followed by rigorous filtering and quality control procedures. We retrieved and downloaded RNA transcriptomic data, clinical information, and somatic mutation data for 431 BLCA patients from The Cancer Genome Atlas (TCGA) database (https://gdc.cancer.gov/), which included 412 tumor samples and 19 normal samples. Normal control samples were excluded from further analyses, and cases with a survival duration of less than 30 days, as well as those lacking sufficient age and tumor staging information, were also eliminated. The filtered dataset underwent normalization using log2 transformation to ensure consistency and enhance the interpretability of the subsequent analyses. Building upon previous research, we compiled a list of 27 DRGs for our analysis (10, 24).




2.2 Cell annotation analysis

The detailed steps for quality control of scRNA-seq data are as follows (1): We utilized the R package “Seurat” (25) for filtering and analyzing the scRNA-seq data. The filtering criteria were as follows: cells were retained if they exhibited a substantial number of detected RNA features greater than 50 and had a mitochondrial gene percentage of less than 5%. Cells meeting these criteria were included in the subsequent analyses, thereby ensuring the inclusion of high-quality data for further exploration of cellular heterogeneity and gene expression dynamics in BLCA.(2)The scRNA-seq dataset was normalized using the “NormalizeData” function in the Seurat package. (3) The “FindVariableFeatures” function was employed to identify variable features within the dataset, resulting in the selection of 3,000 variable genes.(4) Subsequently, the “ScaleData” function was applied to standardize the data, followed by principal component analysis (PCA) to identify significant principal components. The “ElbowPlot” function, utilizing the variable genes as input, was employed to determine the top 20 principal components, which were selected for subsequent Uniform Manifold Approximation and Projection (UMAP) analysis (dims = 20) (26). The “FindClusters” function was then utilized for cell clustering, allowing us to group cells based on their expression profiles.(5) The “FindAllMarkers” function was utilized to compare gene expression across different cell types, employing the Wilcoxon rank-sum test to identify differentially expressed genes between these cellular populations. Finally, the R package “singleR” (27) was integrated with manual adjustments of the cluster annotations to accurately ascertain the core cell types present in BLCA patients.




2.3 Cell–cell communication analysis

Cellular communication analysis is a pivotal component of single-cell sequencing data analysis, primarily aimed at uncovering the interactions, signaling pathways, and communication networks between cells. We employed the CellChat package (v 1.6.1) to infer the intercellular communication network, which included the identification of known ligands and receptors, as well as their interactions. Utilizing the CellChat package, we conducted an analysis of intercellular communication based on the expression of known ligand-receptor pairs across different cell types.




2.4 Selection of disulfidptosis-related lncRNAs(DRLs)

Based on the downloaded TCGA-BLCA transcriptomic expression profiles, we utilized Perl software (https://www.perl.org) to segregate the RNA transcriptomic expression data into lncRNAs and mRNAs. Subsequently, we employed the R packages ‘limma’ (28), ‘ggplot2’, ‘ggalluvial’, and ‘dplyr’ to conduct a Pearson correlation analysis (Since the gene expression data, after log2 normalization, approximates a normal distribution, and the research objective is to assess linear correlation, Pearson correlation analysis is employed (|cor|>0.4, p<0.001)), filtering for lncRNAs that co-express with DRGs. To visualize these lncRNAs, we employed a Sankey diagram, which effectively illustrates the relationships between the identified lncRNAs and DRGs. The lncRNAs highlighted in this analysis are defined as DRLs.




2.5 Construction of a prognostic model for DRLs

The sample size was determined based on a power analysis using the ‘PowerSurvFDR’ package in R. Assuming a hazard ratio (HR) of 1.5 for key lncRNAs, a significance level (α) of 0.05, and 80% statistical power (1-β), the minimum required sample size was calculated as 360.

A total of 394 BLCA patients with available survival data were initially randomized using the R programming language package into a training set and a testing set, with the training set consisting of 197 patients designated for model development and the testing set comprising 197 patients allocated for model validation. Subsequently, we performed chi-square tests to assess the clinical characteristics—namely, age, gender, grade, and stage of both groups to determining whether significant differences existed. A p-value of less than 0.05 was regarded as statistically significant. In the training cohort, univariate Cox regression analysis (UniCox) was employed to identify DRLs associated with OS. Following this, the ‘glmnet’ package in R was utilized to conduct least absolute shrinkage and selection operator (LASSO) analysis on the lncRNAs identified in the preceding step. This was followed by multivariate Cox regression analysis to validate the most relevant OS-associated lncRNAs and to develop a prognostic model based on key lncRNAs linked to dual sulfide death. The model calculation method is as follows: Risk score =   Coe (genei)∗Exp(genei) (29). The risk score was calculated, and patients were divided into low-risk and high-risk groups based on the median risk score.

	Coe(genei): the coefficient of each gene in the DRLs signature.

	Exp (genei): the relative expression level of each gene in this study.






2.6 Model validation

Using R software (package “pheatmap”), we plotted the risk curves, survival status diagrams, and risk heatmaps for the training and testing groups, dividing them into high-risk and low-risk groups based on the median. With R software (packages “survival” and “survminer”), we generated the Kaplan-Meier (KM) curves for the high-risk and low-risk groups in the training set, testing set, and overall set, including OS and progression-free survival (PFS). Utilizing R software (“survival” package), we conducted univariate and multivariate independent prognostic analyses for the risk model. Employing R software (packages “survival”, “survminer”, and “timeROC” (30)), we generated the 1-year, 3-year, and 5-year ROC curves for the risk model, as well as the 5-year ROC curves for age, gender, grade, and stage, and performed comparisons. Using R software (packages “limma” and “scatterplot3d”), we performed PCA on the risk model using the limma and scatterplot3d R packages to see if it could distinguish all lncRNAs、DRLs、DRGs and all genes, and visualized the results. We used KM、ROC、and concordance index (C-index) curves or our analyses.




2.7 Construction of nomograms

We employed the “survival”,”regplot” and “rms” packages to generate nomograms, thereby validating the credibility of the model in predicting clinically relevant indicators for the entire cohort of BLCA patients. This serves as a useful reference tool for clinicians. Additionally, we utilized calibration curves to assess the accuracy of the predicted survival rates versus the actual survival rates of the prognostic model at 1, 3, and 5 years.




2.8 Clinical characteristics of the risk model

Using R software with the “survivor” and “survminer” packages, we plotted survival curves for patients stratified by gender, age, and tumor stage based on the risk model. This approach was undertaken to verify the applicability of our constructed risk model to patient subgroups with varying clinical characteristics.




2.9 Enrichment analysis of differentially expressed genes(DEGs)

In order to further investigate the functional and pathway enrichment of genes in different risk groups, we used the R package “limma” to obtain DEGs between the two risk groups, with |log2 fold change| > 1 and false discovery rate (FDR) < 0.05. We then utilized the clusterProfiler and other R software packages (“clusterProfiler”, “colorspace”, “stringi”, “ggplot2”, “circlize”, “RColorBrewer”, and “ggpubr”) to perform Gene Ontology (GO) (31) functional enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) (32) pathway enrichment analysis on these DEGs. Finally, we employed gene set enrichment analysis (GSEA) with R packages to distinguish the functions and pathways between the two risk groups.




2.10 Immune infiltration analysis

According to the ESTIMATE algorithm (33, 34), we utilized the “ESTIMATE” package in R to assess the tumor microenvironment, and employed the “reshape2” and “ggpubr” R packages to analyze differences between the two risk groups. To ascertain the immunological characteristics of the 384 samples, we imported the expression data into CIBERSORT (35) using the “limma,” “parallel,” and “preprocessCore” packages in R to evaluate the percentage of immune cell infiltration (33). To explore the composition of immune cells in different risk groups, we compared the distribution of immune cells across the risk groups using the Wilcoxon test with the “limma,” “reshape2,” and “ggpubr” R packages.




2.11 Analysis of tumor mutational burden (TMB) and immune checkpoints

We calculated the TMB and mutation frequency for each sample in BLCA based on the total number of somatic base substitutions, and analyzed the differences in TMB between the high-risk and low-risk groups. The R package “Maftools” (36) was utilized to create the waterfall plot of mutations in DEGs. Patients with BLCA were divided into two groups according to the median TMB score, and survival analysis was conducted to explore the impact of TMB on patients’ OS.




2.12 Immunotherapy and drug sensitivity prediction

We utilized the Tumor Immune Dysfunction and Exclusion (TIDE) (37) platform(http://tide.dfci.harvard.edu/)to predict the immunotherapy outcomes for patients with BLCA (37, 38). By comparing TIDE scores, we analyzed the differences in immune therapy responses between high-risk and low-risk groups. The R packages limma, oncoPredict, and parallel were employed to assess the half-maximal inhibitory concentration (IC50) values of chemotherapy drugs. The requisite training set was sourced from the Genomics of Drug Sensitivity in Cancer (GDSC) database and downloaded from the oncoPredict Open Science Framework repository(https://osf.io/c6tfx/) (39). We utilized the calcPhenotype function to obtain drug sensitivity scores for each patient. The differences in responses to multiple drugs between the high-risk and low-risk groups were compared based on the drug sensitivity scores (40).




2.13 Validation of lncRNAs in the model

LncRNA data obtained from the TCGA-BLCA database were subjected to differential analysis to evaluate the expression of relevant lncRNAs. Additionally, tumor and paired adjacent tissue samples were collected from ten patients who underwent radical cystectomy for BLCA at the First Affiliated Hospital of Gannan Medical University. All patients were pathologically confirmed to have BLCA. All samples in this study were obtained with the informed consent of each patient and were authorized by the hospital’s ethics committee, in accordance with the Declaration of Helsinki. The expression of the relevant lncRNAs was detected using real-time fluorescent quantitative PCR (qRT-PCR).




2.14 qRT-PCR

Following the manufacturer’s experimental protocol, total RNA was extracted from the collected tissue samples using an RNA extraction reagent. The total RNA was then reverse transcribed into complementary DNA (cDNA) according to the reverse transcription steps. Nuclease-Free Water, primers, cDNA, and Universal Blue SYBR Green qPCR Master Mix were mixed in proportion and real-time quantitative PCR (qRT-PCR) was performed using a PCR detection system with the following program and parameters: initial denaturation (95°C, 30 seconds), denaturation (95°C, 15 seconds), annealing/extension (60°C, 30 seconds). A total of 40 cycles were conducted. Data were normalized using GAPDH as the control group. The relative quantification method (2−ΔΔCt) was used to assess the relative expression of the lncRNA. Primer Sequences are presented in Table 1.


Table 1 | Sequence of primers for qPCR.






2.15 Statistical analysis

The t-test was used to compare continuous variables between two groups, while categorical variables were analyzed using the chi-square test. Univariate and multivariate survival analyses were performed using Cox regression analysis. The log-rank test was employed for analyzing OS data. All data were analyzed using R version 4.4.0 or GraphPad Prism 9.

This study screened DRGs through single-cell sequencing, constructed a DRLs model using TCGA data, and evaluated its prognostic value through KM, ROC curves, and C-index. Ultimately, the study verified the association of the model with the immune microenvironment and treatment response.





3 Results

The Technical Roadmap of This Study (Figure 1).




Figure 1 | The flow chart of the study. *, p < 0.05; **, p < 0.01; ***, p < 0.001.





3.1 Cell annotation and cell trajectory analysis

We performed quality control on the scRNA-seq data, discarding low-quality cells and genes, as shown in Figure 2A: the number of genes per cell was predominantly below 5000, the number of transcripts was below 4000, the percentage of mitochondrial content was low in each sample, and the top 10 highly variable genes were marked (Figure 2B). Principal Component Analysis was performed, and the heatmap of the related expressed genes was obtained (Figure 2C). After dimensionality reduction with UMAP, 20 clusters were identified, and the “singleR” package was used to annotate the clusters, resulting in 5 core cell types, including endothelial cells, tissue stem cells, epithelial cells, monocytes, T cells, etc. A detailed cell count for each cell type is displayed in Figure 2D, showing that endothelial cells have the highest proportion, with other cells having lower proportions. The FindAllMarkers algorithm was then employed to retrieve differentially expressed genes for each core cell type (with filtering criteria of an absolute logFC greater than 1 and adjPvalFilter < 0.05), obtaining a comprehensive list of differential genes. Ultimately, the differential expression of 12 genes was obtained (Figures 2E, F). The differential genes were intersected with DRGs, and the intersected genes were visualized and subjected to subsequent prognostic correlation analysis.




Figure 2 | Single-cell analysis results (A), Gene count、sequencing depth and percentage of mitochondrial genes. (B) The 1500 most variable genes and the 10 most variable genes. (C) Heatmap of PCA (Principal Component Analysis). (D) Cluster map after cell annotation. (E) Scatter plots for 12 DRGs (Cell types are shown in D). (F) Violin plots for 12 DRGs.






3.2 Cell-to-cell communication analysis

In order to construct a cell communication map for BLCA, we created an object using CellChat and utilized the CellChatDB.human database to examine the types of ligand and receptor pairs (Figure 3A). We then calculated the probabilities of cell communication, filtering out cell communications involving fewer than 10 cells to obtain the cell-cell communication relationships (Figures 3B, C). As shown in Figure 3D, the results of single-cell communication indicate that epithelial cells can act as ligands to send signals to other cells, with the strongest interactions observed with Monocytes and Endothelial Cells. A bubble chart was constructed (Figure 3E) to detail the intercellular communication between the five cell types, thereby gaining a deeper understanding of their interactions. For instance, in Epithelial_cells−>Monocyte, Tissue_stem_cells−>Monocyte, T_cells−>Monocyte, tissue stem cells−>Monocyte, Endothelial_cells−>Monocyte, and Epithelial_cells−> T_cells, various signal pairs are involved, such as MIF-(CD74+CD44) and MIF- (CD74+CXCR4), Macrophage migration inhibitory factor (MIF) promotes the proliferation and survival of tumor cells by binding to CD74 and CD44. In breast cancer, high expression of MIF is associated with the invasiveness of tumor cells and poor prognosis. MIF activates the PI3K/AKT signaling pathway, inhibits apoptosis in tumor cells, and facilitates tumor growth and metastasis (41). MIF facilitates the invasion and metastasis of tumor cells by binding to CXCR4. In colorectal cancer, MIF promotes the migration and invasion of tumor cells by activating the CXCR4 signaling pathway, thereby increasing the risk of tumor metastasis (42).We further identified the pathways involving core genes and the interaction relationships between the cells. In this step, we mainly determined three pairs of receptor-ligand pairs, as shown in Figures 3F, G. In Figure 3H, the expression levels of interaction genes in various cell types are clearly visible. Finally, we also obtained a horizontal communication map for the receptor-ligand pairs (Figures 3I–K). For example, MIF-(CD74+CXCR4) is the most complex in cell communication and may become a therapeutic target.




Figure 3 | Cell Communication Analysis (A) Percentage graph of receptor-ligand pair types. (B) Relationship graph of interaction quantity. (C) Relationship graph of interaction strength. (D) Communication network graph for individual cell types. (E) Bubble chart of receptor-ligand pairs FHeatmap of cell communication. (F) Represents the heatmap of cell communication (G) Analysis graph of receptor-ligand pairs. (H) Expression levels of interaction genes. (I-K) Cellular communication maps at the receptor-ligand pair level.






3.3 Screening of DRLs

RNA-seq data from BLCA patients were downloaded from the TCGA database, normalized, and mRNA and lncRNA expression profile data were extracted separately according to gene type. After intersecting the differential genes in cells with disulfidptosis genes, 12 disulfidptosis genes were obtained, and a Pearson correlation analysis was performed with lncRNAs to identify 144 lncRNAs (Figure 4A), and a Sankey diagram was constructed. Additionally, as shown in Figure 4B, 17 prognostic-related lncRNAs were identified using UniCox analysis in the training set. Nine lncRNAs were identified using LASSO logistic regression analysis (Figures 4C, D), and finally, a multifactorial regression analysis yielded 6 lncRNAs for model construction, with the formula as follows: Riskscore = ExpC1RL-AS1*(-0.460404324) + ExpGK-AS1*(-0.560636669)+ ExpAC134349.1*(0.614635779) + ExpAC104785.1*(-0.472889887)+ ExpAC011092.3*(0.743568001) + ExpAC009951.6*(0.482146255).




Figure 4 | Identification and prognostic model construction of DRLs in bladder cancer. (A) Sankey diagram showing the correlation between DRGs and the expression of 144 lncRNAs. (B) Univariate Cox regression analysis to evaluate 17 prognostic-related lncRNAs. (C) Lasso regression curve for 9 lncRNAs. (D) Ten-fold cross-validation of variables in the LASSO model. (E) Expression correlation between the 6 lncRNAs used for model construction and DRGs. *p < 0.05; **p < 0.01; ***p < 0.001.



Furthermore, we generated a heatmap of these 6 hub lncRNAs and DRGs (Figure 4E).




3.4 Validation of disease prediction model

We randomly divided 394 BLCA patients with survival information into a training set and a testing set in a 1:1 ratio. The t-test results for the clinical data (age, gender, grade, stage, T, M, N) of the two groups are shown in Table 2. The training set was used to build the model, and the testing set was used to validate the model. Based on the patient risk scores obtained from the previous steps, patients were divided into high-risk and low-risk groups using the median risk score, and risk curves, survival status curves, and risk heatmaps were plotted for the training set, testing set, and overall set (Figures 5A–C). As the risk score increased, the number of patient deaths also increased, which is consistent with the predictions of our model. The risk heatmap shows that AC134349.1, AC011092.3, and AC009951.6 in the training set, testing set, and overall set are positively correlated with the risk score, while C1RL-AS1, GK-AS1, and AC104785.1 show an opposite relationship, indicating that the predictive performance of this risk model is consistent. We conducted KM curve analysis for OS (Figures 5D–F) and PFS (Figures 5G–I), and it can be seen that the model has significant survival discrimination capabilities.


Table 2 | Results of t-test for clinical data of train and test sets.






Figure 5 | Identification and evaluation of the prognostic value of the DRLs model. (A-C) Curve charts of risk scores from low to high for each BLCA patient in the training set, validation set, and overall set, survival status of BLCA patients sorted from low to high, and heatmap of the correlation between the 6 key lncRNAs and risk scores. (D-F) KM curves for OS of high-risk and low-risk patients in the training set, validation set, and overall set, indicating that the model has significant survival discrimination capabilities. (G-I) KM curves for progression-free survival of high-risk and low-risk patients in the training set, validation set, and overall set.



To verify whether our prognostic model has independence compared to clinical characteristics, we further included four clinical characteristics of BLCA patients, Age, Gender, Grade, and Stage, and conducted an independent prognostic analysis. The results of univariate and multivariate regression analyses showed that Age, Stage, and riskscore are independent prognostic indicators for BLCA patients (Figures 6A, B), with the P-values for riskscore all being less than 0.001, the univariate hazard ratio at 1.258 (1.155-1.370), and the multivariate hazard ratio at 1.287 (1.174-1.410). However, the anomaly in the hazard ratio might be related to collinearity or a small sample size within subgroups, and thus requires validation with a larger sample size. Subsequently, we performed ROC curve analysis to calculate the AUC (Area Under the Curve) values of the prognostic model. The AUC values for the 1-year, 3-year, and 5-year survival rates were 0.673, 0.671, and 0.682, respectively (Figure 6C), indicating that the risk model has good predictive performance. Additionally, the AUC for riskScore was 0.671, which is significantly higher than other clinical variables in predicting the prognosis of BLCA patients, such as Age (AUC=0.614), Gender (AUC=0.489), Grade (AUC=0.531), and Stage (AUC=0.642) (Figure 6D). The C-index (concordance index) also showed the same predictive performance (Figure 6E). We then constructed a nomogram based on the risk model and clinical data that includes clinical pathological variables and features (Figure 6F) to further determine the prognosis of BLCA patients (Stage I types were excluded due to the small number of cases). The nomogram predicted the 1-year, 3-year, and 5-year overall survival (OS) and generated corresponding calibration curves (Figure 6G), with good consistency between the predicted and observed values for the predicted probability of OS.




Figure 6 | Prognostic value of the DRLs model and construction and validation of the nomogram. (A) Univariate Regression Analysis. (B),Multivariate Regression Analysis. (C) ROC Curve Analysis for 1-year, 3-year, and 5-year Survival. (D) ROC Curve Analysis for Clinical Characteristics. (E) Concordance Index Analysis for Clinical Characteristics. (F) Nomogram. (G) Calibration Curves for 1-year, 3-year, and 5-year Survival.



To further understand whether the risk score also has the ability to distinguish high-risk and low-risk groups in different clinical characteristic subgroups, we divided Age into Age≥65 years and Age<65 years, Gender into FEMALE and MALE, and Stage into Stage I-II and Stage III-IV groups, and performed KM curve analysis for each. The results shown in Figures 7A–F indicate that, except for the Stage I-II group, the OS of patients in the high-risk group was lower than that of patients in the low-risk group. These results suggest that the low-risk group has a more significant survival advantage. Overall, our analysis proves that the prognostic model is a reliable clinical prediction tool. By performing PCA on BLCA patients, we can observe whether the lncRNAs constructed in the model can clearly distinguish patients in the high-risk and low-risk groups. The three-dimensional visualization of the PCA results (Figures 7G–J) shows that, in Figure 7J, most patients in the high-risk group are located in the upper right of the three-dimensional graph, while patients in the low-risk group are in the upper left area. Therefore, the lncRNAs involved in the model construction can effectively distinguish patients in the high-risk and low-risk groups.




Figure 7 | Kaplan-Meier survival curves and PCA analysis demonstrate the prognostic value of the risk model in BLCA patients, stratified by various clinical characteristics. (A-F) These figures show the KM curves for low-risk and high-risk BLCA patients, categorized based on different clinical characteristics. (G-J) Represent PCA analyses for all genes, disulfidptosis genes, disulfidptosis lncRNAs, and risk lncRNAs, respectively.






3.5 Enrichment analysis of DEGs

To further understand the functional correlations and signaling pathways between the high-risk and low-risk groups, we conducted GO functional enrichment analysis and KEGG pathway enrichment analysis on the DEGs between the high-risk and low-risk groups. The GO enrichment circular diagram shows that the outermost circle represents the GO enrichment ID, the second circle represents the number of genes associated with each GO term, the third circle represents the number of enriched differentially expressed genes in each GO term, and the fourth circle represents the proportion of enriched genes. The redder the color, the more significant the enrichment of differentially expressed genes. It can be seen that the proportion of genes enriched in GO:0003012, GO:0062023, and GO:0009897 is relatively high (Figures 8A, B). The results of the GO functional enrichment analysis (Figure 8C) indicate that in terms of molecular function (MF), the main focus is on intermediate filament organization, intermediate filament cytoskeleton organization, intermediate filament−based process, and connective tissue development. In cellular component (CC), the main focus is on blood microparticle, I band, collagen trimer, cornified envelope, sarcolemma, sarcomere, myofibril, contractile fiber, external side of plasma membrane, and collagen−containing extracellular matrix. In biological process (BP), the main focus is on integrin binding, serine hydrolase activity, serine−type peptidase activity, heparin binding, extracellular matrix structural constituent, sulfur compound binding, and glycosaminoglycan binding. The KEGG pathway analysis results show that the focus is mainly on the Cytoskeleton in muscle cells, Focal adhesion, Complement and coagulation cascades, and ECM-receptor interaction pathways, among which the cytoskeleton, adhesion, migration, and proliferation are important mechanisms for cell movement functions and may be related to cancer cell proliferation and migration (Figure 8D). GSEA analysis was also performed (Figures 8E, F), cell adhesion molecules cams, focal adhesion, regulation of actin cytoskeleton, and systemic lupus erythematosus are the top 5 significantly enriched items in the high-risk group, while in the low-risk group, ascorbate and aldarate metabolism, drug metabolism cytochrome p450, metabolism of xenobiotics by cytochrome p450, pentose and glucuronate interconversions, taste transduction are the top 5 significantly enriched cellular processes.




Figure 8 | Functional analysis of the risk model.(“BP:(Biological Process);CC:(Cellular Component);MF:(Molecular Function). The significance of enrichment has been adjusted using the Benjamini-Hochberg method, with a false discovery rate (FDR) less than 0.05; the intensity of the color represents the -log10(FDR) value.) (A, B) GO analysis demonstrates enrichment in molecular biological processes (BP), cellular components (CC), and molecular functions (MF). (C, D) KEGG pathway analysis shows significantly enriched pathways. (E, F) GSEA analysis based on the KEGG pathway database for the high-risk and low-risk groups.






3.6 Immune infiltration, tumor immune microenvironment tumor (TME) and mutational landscape

The TME plays a crucial role in determining tumor progression (43). We further analyzed this using the CIBERSORT algorithm. From Figure 9A, we can observe the stromal cell scores and the integration of stromal and immune cell scores in the tumor microenvironment for both high-risk and low-risk groups, such as StromalScore (stromal cells in tumor tissue), ImmuneScore (immune cell infiltration in tumor tissue), and ESTIMATEScore (the sum of stromal and immune scores). The results show that the high-risk group has higher stromal cell scores and stromal-immune cell integration scores, indicating a higher abundance of stromal cells in this group. Additionally, we displayed the infiltration levels of immune cell populations between high-risk and low-risk groups using a bar chart (Figure 9B). The high-risk group contains higher amounts of Monocytes, Macrophages M0, Macrophages M2, and Mast cells resting, while the low-risk group shows a positive correlation with T cells regulatory (Tregs) and Dendritic cells activated (Figure 9C). Monocytes and Macrophages M0/M2 are key cells in inflammatory responses, and their accumulation in tissues may be associated with inflammatory diseases or an immunosuppressive state in the tumor microenvironment. M2-type macrophages are particularly associated with an anti-inflammatory and tumor growth-promoting environment. The high content of Tregs in the low-risk group may be related to a stronger immunosuppressive environment; Tregs help maintain immune tolerance and prevent excessive immune responses, but in the tumor microenvironment, they may also aid the tumor in evading immune surveillance. These results indicate that in our model, as the risk score increases, the tumor immune microenvironment may be disrupted, leading to tumor progression and poorer overall survival. Based on these findings, we infer that reduced immune cell infiltration and activity lead to poor prognosis in BLCA patients, who can be distinguished by our DRLs model.




Figure 9 | Differences in the tumor immune microenvironment between the low-risk and high-risk groups. (A) Violin plots comparing StromalScore, ImmuneScore, and ESTIMATEScore between the low-risk and high-risk groups. (B), Proportions of 22 tumor-infiltrating immune cell types in BLCA patients. (C) Differences in various types of immune cells between the high-risk and low-risk groups. (D) Abundance ratio of immune cells in BLCA samples. (E, F) KM analysis of OS for patients classified by TMB status and risk score. (G, H) KM analysis of OS for patients categorized by combining TMB status and risk score *, p < 0.05; **, p < 0.01; ***, p < 0.001.



We further conducted a correlation analysis between the riskscore and gene mutations. TMB (Tumor Mutational Burden) refers to the number of mutations in tumor cells per million base pairs (megabase, Mb). The level of TMB has significant clinical implications in oncology, and subsequently, we performed an analysis of the distribution of somatic mutations in BLCA patients in the two risk groups. The results shown in Figure 9D indicate that, in terms of overall tumor mutational burden, we observed a higher mutation frequency in the low-risk group. In the high-risk group (Figure 9E), TTN, TP53, KMT2D, MUC16, KDM6A, ARID1A, PIK3CA, SYNE1, HMCN1, and FLG are the top 10 most frequently mutated genes. In the low-risk group (Figure 9F), TP53, TTN, ARID1A, KMT2D, MUC16, RB1, PIK3CA, KMT2C, SYNE, and HMCN1 are the top 10 most frequently mutated genes. A comprehensive analysis (Figures 9G, H) shows that the survival rate in the high TMB group is significantly higher than that in the low TMB group, and the difference is statistically significant (p<0.001). There is also a clear difference in survival rates between the low-risk and high-risk groups, and the difference is significant (p<0.001). This also suggests that high TMB may be associated with immune cell infiltration in the tumor microenvironment; these immune cells can recognize tumor cells and participate in tumor clearance (44).




3.7 Drug sensitivity analysis

We found that the TIDE score was significantly increased in high-risk BLCA patients (Figure 10A), which may indicate that these patients have a higher immune evasion capability. To assess the association between the risk model and drug sensitivity, we used the oncoPredict package to evaluate the IC50 values of various drugs in high and low-risk groups of BLCA patients, as shown in the results (Figures 10B–L). High-risk BLCA patients showed better efficacy against Cisplatin, Ribociclib, SB216763, and Obatoclax Mesylate, Venetoclax, and higher resistance to Cytarabine, Lapatinib, Linsitinib, Nilotinib, MK-2206 (AKT inhibitor), Rapamycin (mTOR inhibitor), and Navitoclax. These results suggest that our model can provide personalized drug sensitivity predictions for BLCA patients, which can help guide clinicians in choosing the most appropriate drugs and treatment plans to improve therapeutic outcomes and reduce the development of drug resistance.




Figure 10 | BLCA patients’ response to immune checkpoint blockade and other antitumor treatments. (A) Violin plots show the difference in TIDE scores between high-risk and low-risk BLCA groups. (B-F) Drugs with better efficacy in the high-risk group. (G-L) Drugs with better efficacy in the low-risk group, ***p < 0.001.






3.8 Validation of lncRNA expression

To validate the reliability of the six lncRNAs constituting the risk model, we analyzed their corresponding expression levels using data downloaded from the TCGA database. The results of the six lncRNAs identified in cancerous and non-cancerous tissues of BLCA patients from the TCGA database are shown in Figures 11A–F. Compared to normal samples, the expression levels of AC104785.1 and AC009951.6 were higher in BLCA. Conversely, GK-AS1, C1RL-AS1, AC134349.1, and AC011092.3 exhibited higher expression levels than adjacent non-cancerous tissues. We further investigated the relative expression levels of the six lncRNAs using qRT-PCR on 10 pairs of BLCA tumor tissues and corresponding adjacent normal tissues. As shown in Figures 11G–L, all six lncRNAs exhibited higher expression in tumor tissues; however, AC011092.3 showed no significant difference. The results for AC104785.1 and AC009951.6 were contrary to those from the TCGA database analysis, which may be due to the small sample size and high individual variability.




Figure 11 | The relative expression levels of the 6 lncRNAs. (A-F) In the TCGA database, the expression levels of 6 types of lncRNA in bladder tumor tissue and normal bladder tissue. (G-L) Relative normalized expression of six DRLs in bladder tumor tissues compared to adjacent normal tissues. *p < 0.05; **p < 0.01; ***p < 0.001; ns, no significance.







4 Discussion

In the field of cancer treatment, new discoveries continuously bring hope to patients. Recently, a groundbreaking study revealed a novel form of cell death called “disulfide death,” which may provide a new strategy for cancer therapy. This type of cell death differs from common apoptosis and ferroptosis, characterized by abnormal accumulation of disulfide bonds between actin cytoskeletal proteins in cancer cells, leading to the collapse of the cell skeleton and eventual cell death. This process is particularly prominent in cancer cells with high expression of SLC7A11, especially under conditions of glucose deprivation (10). The discovery of disulfide death not only enriches our understanding of cell death mechanisms but also offers new potential targets for cancer treatment. Studies indicate that the features of disulfide death can be used to predict the prognosis of various types of tumors, including BLCA (45) and lung adenocarcinoma (46). LncRNAs play an important role in regulating the malignant behavior of tumor cells and have been proven to be potential biomarkers and targets for cancer diagnosis and therapy (36). However, DRLs are largely unknown. In this study, we identified six DRLs and established a prognostic risk model for patients with BLCA.

In the field of cancer research, a deep understanding of the tumor microenvironment and immune regulation mechanisms is crucial for developing effective treatment strategies. Our study leveraged information from public databases such as TCGA and GEO, and through the analysis of single-cell sequencing data, we identified 12 DEGs in BLCA. This research not only provided new insights into gene expression in BLCA but also revealed the critical roles of MIF-(CD74+CD44) and MIF-(CD74+CXCR4) signals in regulating communication-induced DEG expression through intercellular communication analysis. The study found that the MIF-(CD74+CD44) complex play a significant role in tumor development by promoting immune cell migration and activation (47). Moreover, MIF, through binding with CD74 and CXCR4, facilitates tumor cell migration and invasion and regulates the immunosuppressive state in the tumor microenvironment (41). These findings offer a fresh perspective on understanding the complexity of the tumor microenvironment and may hold significant implications for identifying new therapeutic targets.

Subsequently, 144 co-expressed lncRNAs were identified through the 12 DEGs. Then, prognostic lncRNAs were obtained through UniCox analysis, and a risk model composed of 6 lncRNAs (C1RL-AS1, GK-AS1, AC134349.1, AC104785.1, AC011092.3, and AC009951.6) was constructed through LASSO regression and multivariate regression analysis. The reliability of this model was confirmed by validating two clinical characteristic indicators of risk sets. By combining relevant risk factors, we generated a predictive nomogram for clinical application. Our predictive model effectively distinguished high-risk and low-risk patients in the entire cohort and subgroups, with higher risk samples having poorer OS and PFS. Tumor staging reflects the progression and severity of the disease, and our model is as sensitive as tumor staging in predicting 1-year, 3-year, and 5-year survival rates. The enrichment analysis of DEGs revealed the activation of many signaling pathways associated with tumorigenesis, such as cell adhesion molecules cams, focal adhesion, regulation of actin cytoskeleton, and systemic lupus erythematosus. Therefore, this model associated with DRLs is an accurate and reliable prognostic predictor for BLCA patients.

The tumor microenvironment (TME) is a complex ecosystem that encompasses not only tumor cells but also immune cells, stromal cells, cytokines, and other molecular components. This dynamic system is closely associated with the initiation, growth, metastasis of tumors, and their response to treatment (48, 49). In BLCA, the role of the TME is particularly crucial. It not only influences tumor recurrence and progression but also has the potential to serve as a therapeutic target (45). In our study, we found that most immune cells were enriched in the high-risk group, including Monocytes, Macrophages M0, Macrophages M2, and Mast cells resting, with significant differences between the high-risk and low-risk groups (p < 0.01). In the low-risk group, T cells regulatory (Tregs) and Dendritic cells activated were positively correlated. Monocytes and Macrophages M0/M2 are key cells in inflammatory responses, and their accumulation in tissues may be associated with inflammatory diseases or an immunosuppressive state in the tumor microenvironment (50). M2 macrophages, in particular, are associated with an anti-inflammatory and tumor growth-promoting environment. The high content of Tregs in the low-risk group may be related to a stronger immunosuppressive environment; Tregs help maintain immune tolerance and prevent excessive immune responses, but in the tumor microenvironment, they may also aid the tumor in evading immune surveillance (51). These findings collectively indicate that there is a strong correlation between DRLs and immune responses.

Immune checkpoint inhibitors (ICI) have revolutionized cancer treatment by demonstrating significant therapeutic effects across various types of tumors, making them a first-line adjuvant treatment choice for many cancer types. The TIDE (Tumor Immune Dysfunction and Exclusion) method is an advanced tool used to predict BLCA patients’ response to ICB and the likelihood of immune escape. Research indicates that high-risk patients may be more prone to immune escape, which is associated with their lower tumor mutational burden (TMB) (Figure 10A) (52, 53). TMB is a crucial indicator for predicting favorable responses to immunotherapy because it is often linked to the generation of more neoantigens by tumor cells, which can be recognized by the immune system, eliciting an effective immune response (54). Moreover, high-risk patients have shown better responses to certain drugs such as cisplatin, Ribociclib, SB216763, Obatoclax Mesylate, Venetoclax, among others. This suggests that despite facing higher risks of immune escape, these patients may exhibit enhanced responses to specific medications, possibly linked to their immune status and tumor biology. By integrating this information, more precise prognostic assessments and personalized treatment recommendations can be offered to BLCA patients, thereby increasing treatment success rates and improving patients’ quality of life.

Overall, the prognostic model we constructed with DRLs can independently assess the clinical outcomes of BLCA patients and is closely associated with their survival and response to immunotherapy and chemotherapy drugs. Our research aim is to provide a scientific basis for the molecular mechanisms of DRLs in BLCA and their prospects for application in clinical treatment. However, this study also faces some challenges; in addition to the limitations of sample size, the model lacks external validation, The study did not include confounding factors such as medical treatment history and lifestyle, and future research will need to integrate multi-omics data (clinical follow-up, metabolomics) to refine the model. To further understand the underlying mechanisms of DRLs, for instance, AC134349.1 may influence cysteine metabolism by regulating the SLC7A11-related pathway. Future studies will employ techniques such as CRISPR screening and RNA pull-down to verify its interaction with DRGs and explore its regulatory role in chemoresistance or immunotherapy. Additionally, clinical translation efforts include the development of liquid biopsy biomarkers or targeted therapies based on DRLs to enhance personalized treatment of BLCA.




5 Conclusion

In conclusion, by analyzing the DRGs between cells, we identified DEGs and based on these, constructed a prognostic model for BLCA patients based on DRLs. This model can effectively predict the survival outcomes of BLCA patients and distinguish between high-risk and low-risk groups, emphasizing their association with immune responses and chemotherapy sensitivity.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/supplementary material.





Ethics statement

The studies involving humans were approved by Ethics Committee of the First Affiliated Hospital of Gannan Medical University. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

JX: Writing – original draft, Writing – review & editing, Investigation, Methodology, Software, Validation, Visualization. WHL: Software, Validation, Visualization, Writing – review & editing. JG: Software, Validation, Visualization, Writing – review & editing. WFL: Software, Validation, Visualization, Writing – review & editing. NL: Software, Validation, Visualization, Writing – review & editing. YH: Data curation, Methodology, Investigation, Software, Writing – original draft, Writing – review & editing. JZ: Writing – review & editing. ZH: Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This work was supported by the First Affiliated Hospital of Gannan Medical University Doctoral Research Startup Fund (Grant No. QD026).




Acknowledgments

We express our gratitude to the researchers and organizations affiliated with TCGA and GEO for their substantial contribution in uploading the invaluable dataset utilized in our analysis.





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.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.




Abbreviations

BLCA, Bladder cancer; LncRNA, Long Non-Coding RNA; DRLs, disulfidptosis-related lncRNAs; DRGs, disulfidptosis-related genes; TIME, Tumor immune microenvironment; scRNA-seq, Single-cell RNA sequencing; UMAP, Uniform Manifold Approximation and Projection; UniCox, Cox univariate analysis; OS, Overall survival; PFS, Progression-Free Survival; ROC, Receiver operating characteristic; PCA, Principal Component Analysis; C-index, Concordance Index; FDR, False Discovery Rate; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; GSEA, Gene Set Enrichment Analysis; TMB, Tumor mutational burden; TIDE, Tumor immune dysfunction and exclusion; IC50, Inhibitory Concentration 50; GDSC, Genomics of Drug Sensitivity in Cancer; DEG, Differentially expressed genes; MF, Molecular Function; CC, Cellular Component; BP, Biological Process; TME, Tumor microenvironment; Treg, Regulatory T cells; ICI, immune checkpoint inhibitors.




References

1. Chen, W, Zheng, R, Baade, PD, Zhang, S, Zeng, H, Bray, F, et al. Cancer statistics in China, 2015. CA: Cancer J Clin. (2016) 66:115–32. doi: 10.3322/caac.21338

2. Bray, F, Laversanne, M, Sung, H, Ferlay, J, Siegel, RL, Soerjomataram, I, et al. Global cancer statistics 2022: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: Cancer J Clin. (2024) 74:229–63. doi: 10.3322/caac.21834

3. Sanli, O, Dobruch, J, Knowles, MA, Burger, M, Alemozaffar, M, Nielsen, ME, et al. Bladder cancer. Nat Rev Dis Primers. (2017) 3:17022. doi: 10.1038/nrdp.2017.22

4. Ferlay, J, Shin, H-R, Bray, F, Forman, D, Mathers, C, and Parkin, DM. Estimates of worldwide burden of cancer in 2008: GLOBOCAN 2008. Int J Cancer. (2010) 127:2893–917. doi: 10.1002/ijc.v127:12

5. Charlton, ME, Adamo, MP, Sun, L, and Deorah, S. Bladder cancer collaborative stage variables and their data quality, usage, and clinical implications: a review of SEER data, 2004-2010. Cancer. (2014) 120 Suppl 23:3815–25. doi: 10.1002/cncr.v120.S23

6. Flaig, TW, Spiess, PE, Abern, M, Agarwal, N, Bangs, R, Boorjian, SA, et al. NCCN guidelines® Insights: bladder cancer, version 2.2022. J Natl Compr Cancer Network: JNCCN. (2022) 20:866–78. doi: 10.6004/jnccn.2022.0041

7. Witjes, JA, Bruins, HM, Cathomas, R, Compérat, EM, Cowan, NC, Gakis, G, et al. European association of urology guidelines on muscle-invasive and metastatic bladder cancer: summary of the 2020 guidelines. Eur Urol. (2021) 79:82–104. doi: 10.1016/j.eururo.2020.03.055

8. Yang, J, Jiang, X, Chen, Y, and Teng, L. EIF5A2 promotes doxorubicin resistance in bladder cancer cells through the TGF-β Signaling pathway. Discovery Med. (2023) 35:1167–76. doi: 10.24976/Discov.Med.202335179.113

9. van der Meijden, AP, Sylvester, R, Oosterlinck, W, Solsona, E, Boehle, A, Lobel, B, et al. EAU guidelines on the diagnosis and treatment of urothelial carcinoma in situ. Eur Urol. (2005) 48:363–71. doi: 10.1016/j.eururo.2005.05.011

10. Liu, X, Nie, L, Zhang, Y, Yan, Y, Wang, C, Colic, M, et al. Actin cytoskeleton vulnerability to disulfide stress mediates disulfidptosis. Nat Cell Biol. (2023) 25:404–14. doi: 10.1038/s41556-023-01091-2

11. Drayton, RM, Dudziec, E, Peter, S, Bertz, S, Hartmann, A, Bryant, HE, et al. Reduced expression of miRNA-27a modulates cisplatin resistance in bladder cancer by targeting the cystine/glutamate exchanger SLC7A11. Clin Cancer Res. (2014) 20:1990–2000. doi: 10.1158/1078-0432.CCR-13-2805

12. Shen, L, Zhang, J, Zheng, Z, Yang, F, Liu, S, Wu, Y, et al. PHGDH inhibits ferroptosis and promotes Malignant progression by upregulating SLC7A11 in bladder cancer. Int J Biol Sci. (2022) 18:5459–74. doi: 10.7150/ijbs.74546

13. Uszczynska-Ratajczak, B, Lagarde, J, Frankish, A, Guigó, R, and Johnson, R. Towards a complete map of the human long non-coding RNA transcriptome. Nat Rev Genet. (2018) 19:535–48. doi: 10.1038/s41576-018-0017-y

14. Xue, Y, Ma, G, Zhang, Z, Hua, Q, Chu, H, Tong, N, et al. A novel antisense long noncoding RNA regulates the expression of MDC1 in bladder cancer. Oncotarget. (2015) 6:484–93. doi: 10.18632/oncotarget.2861

15. Ye, T, Ding, W, Wang, N, Huang, H, Pan, Y, and Wei, A. Long noncoding RNA linc00346 promotes the Malignant phenotypes of bladder cancer. Biochem Biophys Res Commun. (2017) 491:79–84. doi: 10.1016/j.bbrc.2017.07.045

16. Fan, Y, Shen, B, Tan, M, Mu, X, Qin, Y, Zhang, F, et al. TGF-β-induced upregulation of malat1 promotes bladder cancer metastasis by associating with suz12. Clin Cancer Res. (2014) 20:1531–41. doi: 10.1158/1078-0432.CCR-13-1455

17. Luo, M, Li, Z, Wang, W, Zeng, Y, Liu, Z, and Qiu, J. Upregulated H19 contributes to bladder cancer cell proliferation by regulating ID2 expression. FEBS J. (2013) 280:1709–16. doi: 10.1111/febs.2013.280.issue-7

18. Sun, X, Du, P, Yuan, W, Du, Z, Yu, M, Yu, X, et al. Long non-coding RNA HOTAIR regulates cyclin J via inhibition of microRNA-205 expression in bladder cancer. Cell Death disease. (2015) 6:e1907. doi: 10.1038/cddis.2015.269

19. Zheng, R, Du, M, Wang, X, Xu, W, Liang, J, Wang, W, et al. Exosome-transmitted long non-coding RNA PTENP1 suppresses bladder cancer progression. Mol cancer. (2018) 17:143. doi: 10.1186/s12943-018-0880-3

20. Hou, J, Liang, S, Xie, Z, Qu, G, Xu, Y, Yang, G, et al. An immune-related lncRNA model for predicting prognosis, immune landscape and chemotherapeutic response in bladder cancer. Sci Rep. (2022) 12:3225. doi: 10.1038/s41598-022-07334-w

21. Zhang, Y, Zhu, B, He, M, Cai, Y, Ying, X, Jiang, C, et al. N6-methylandenosine-related lncRNAs predict prognosis and immunotherapy response in bladder cancer. Front Oncol. (2021) 11:710767. doi: 10.3389/fonc.2021.710767

22. Zhou, R, Liang, J, Tian, H, Chen, Q, Yang, C, and Liu, C. Development of a ferroptosis-related lncRNA signature to predict the prognosis and immune landscape of bladder cancer. Dis markers. (2021) 2021:1031906. doi: 10.1155/2021/1031906

23. Lai, H, Cheng, X, Liu, Q, Luo, W, Liu, M, Zhang, M, et al. Single-cell RNA sequencing reveals the epithelial cell heterogeneity and invasive subpopulation in human bladder cancer. Int J Cancer. (2021) 149:2099–115. doi: 10.1002/ijc.v149.12

24. Liu, X, Olszewski, K, Zhang, Y, Lim, EW, Shi, J, Zhang, X, et al. Cystine transporter regulation of pentose phosphate pathway dependency and disulfide stress exposes a targetable metabolic vulnerability in cancer. Nat Cell Biol. (2020) 22:476–86. doi: 10.1038/s41556-020-0496-x

25. Butler, A, Hoffman, P, Smibert, P, Papalexi, E, and Satija, R. Integrating single-cell transcriptomic data across different conditions, technologies, and species. Nat Biotechnol. (2018) 36:411–20. doi: 10.1038/nbt.4096

26. Do, VH, and Canzar, S. A generalization of t-SNE and UMAP to single-cell multimodal omics. Genome Biol. (2021) 22:130. doi: 10.1186/s13059-021-02356-5

27. Aran, D, Looney, AP, Liu, L, Wu, E, Fong, V, Hsu, A, et al. Reference-based analysis of lung single-cell sequencing reveals a transitional profibrotic macrophage. Nat Immunol. (2019) 20:163–72. doi: 10.1038/s41590-018-0276-y

28. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. (2015) 43:e47. doi: 10.1093/nar/gkv007

29. Zhu, T, Zheng, J, Hu, S, Zhang, W, Zhou, H, Li, X, et al. Construction and validation of an immunity-related prognostic signature for breast cancer. Aging. (2020) 12:21597–612. doi: 10.18632/aging.103952

30. Kamarudin, AN, Cox, T, and Kolamunnage-Dona, R. Time-dependent ROC curve analysis in medical research: current methods and applications. BMC Med Res methodol. (2017) 17:53. doi: 10.1186/s12874-017-0332-6

31. Chloe Li, KY, Cook, AC, and Lovering, RC. GOing forward with the cardiac conduction system using gene ontology. Front Genet. (2022) 13:802393. doi: 10.3389/fgene.2022.802393

32. Ogata, H, Goto, S, Sato, K, Fujibuchi, W, Bono, H, and Kanehisa, M. KEGG: Kyoto Encyclopedia of genes and genomes. Nucleic Acids Res. (1999) 27:29–34. doi: 10.1093/nar/27.1.29

33. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun. (2013) 4:2612. doi: 10.1038/ncomms3612

34. Song, B, Chi, H, Peng, G, Song, Y, Cui, Z, Zhu, Y, et al. Characterization of coagulation-related gene signature to predict prognosis and tumor immune microenvironment in skin cutaneous melanoma. Front Oncol. (2022) 12:975255. doi: 10.3389/fonc.2022.975255

35. Chen, B, Khodadoust, MS, Liu, CL, Newman, AM, and Alizadeh, AA. Profiling tumor infiltrating immune cells with CIBERSORT. In:  L von Stechow, editor. Cancer Systems Biology: Methods and Protocols. Springer New York, New York, NY (2018). p. 243–59.

36. Mayakonda, A, Lin, DC, Assenov, Y, Plass, C, and Koeffler, HP. Maftools: efficient and comprehensive analysis of somatic variants in cancer. Genome Res. (2018) 28:1747–56. doi: 10.1101/gr.239244.118

37. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat Med. (2018) 24:1550–8. doi: 10.1038/s41591-018-0136-1

38. Brinkman, EK, Chen, T, Amendola, M, and van Steensel, B. Easy quantitative assessment of genome editing by sequence trace decomposition. Nucleic Acids Res. (2014) 42:e168. doi: 10.1093/nar/gku936

39. Maeser, D, Gruener, RF, and Huang, RS. oncoPredict: an R package for predicting in vivo or cancer patient drug response and biomarkers from cell line screening data. Briefings Bioinf. (2021) 22:1813–34. doi: 10.1093/bib/bbab260

40. Geeleher, P, Cox, NJ, and Huang, RS. Clinical drug response can be predicted using baseline gene expression levels and in vitro drug sensitivity in cell lines. Genome Biol. (2014) 15:R47. doi: 10.1186/gb-2014-15-3-r47

41. Chen, W, Yu, X, Li, H, Yuan, S, Fu, Y, Hu, H, et al. Single-cell RNA-seq reveals MIF-(CD74 + CXCR4) dependent inhibition of macrophages in metastatic papillary thyroid carcinoma. Oral Oncol. (2024) 148:106654. doi: 10.1016/j.oraloncology.2023.106654

42. He, X-X, Chen, K, Yang, J, Li, X-Y, Gan, H-Y, Liu, C-Y, et al. Macrophage migration inhibitory factor promotes colorectal cancer. Mol Med. (2009) 15:1–10. doi: 10.2119/molmed.2008.00107

43. Sha, D, Jin, Z, Budczies, J, Kluck, K, Stenzinger, A, and Sinicrope, FA. Tumor mutational burden as a predictive biomarker in solid tumors. Cancer discov. (2020) 10:1808–25. doi: 10.1158/2159-8290.CD-20-0522

44. Zhang, Y, Wang, L, Li, R, and Liu, B. The emerging development of tumor mutational burden in patients with NSCLC. Future Oncol (London England). (2020) 16:469–81. doi: 10.2217/fon-2019-0650

45. Chen, H, Yang, W, Li, Y, Ma, L, and Ji, Z. Leveraging a disulfidptosis-based signature to improve the survival and drug sensitivity of bladder cancer patients. Front Immunol. (2023) 14:1198878. doi: 10.3389/fimmu.2023.1198878

46. Huang, J, Zhang, J, Zhang, F, Lu, S, Guo, S, Shi, R, et al. Identification of a disulfidptosis-related genes signature for prognostic implication in lung adenocarcinoma. Comput Biol Med. (2023) 165:107402. doi: 10.1016/j.compbiomed.2023.107402

47. Shi, X, Leng, L, Wang, T, Wang, W, Du, X, Li, J, et al. CD44 is the signaling component of the macrophage migration inhibitory factor-CD74 receptor complex. Immunity. (2006) 25:595–606. doi: 10.1016/j.immuni.2006.08.020

48. Chen, Y, Jia, K, Sun, Y, Zhang, C, Li, Y, Zhang, L, et al. Predicting response to immunotherapy in gastric cancer via multi-dimensional analyses of the tumour immune microenvironment. Nat Commun. (2022) 13:4851. doi: 10.1038/s41467-022-32570-z

49. de Visser, KE, and Joyce, JA. The evolving tumor microenvironment: From cancer initiation to metastatic outgrowth. Cancer Cell. (2023) 41:374–403. doi: 10.1016/j.ccell.2023.02.016

50. Ginhoux, F, and Jung, S. Monocytes and macrophages: developmental pathways and tissue homeostasis. Nat Rev Immunol. (2014) 14:392–404. doi: 10.1038/nri3671

51. You, S, Li, S, Zeng, L, Song, J, Li, Z, Li, W, et al. Lymphatic-localized Treg-mregDC crosstalk limits antigen trafficking and restrains anti-tumor immunity. Cancer Cell. (2024) 42:1415–33.e12. doi: 10.1016/j.ccell.2024.06.014

52. Rizvi, NA, Hellmann, MD, Snyder, A, Kvistborg, P, Makarov, V, Havel, JJ, et al. Cancer immunology. Mutational landscape determines sensitivity to PD-1 blockade in non-small cell lung cancer. Sci (New York NY). (2015) 348:124–8. doi: 10.1126/science.aaa1348

53. Hellmann, MD, Ciuleanu, TE, Pluzanski, A, Lee, JS, Otterson, GA, Audigier-Valette, C, et al. Nivolumab plus ipilimumab in lung cancer with a high tumor mutational burden. New Engl J Med. (2018) 378:2093–104. doi: 10.1056/NEJMoa1801946

54. Marabelle, A, Fakih, M, Lopez, J, Shah, M, Shapira-Frommer, R, Nakagawa, K, et al. Association of tumour mutational burden with outcomes in patients with advanced solid tumours treated with pembrolizumab: prospective biomarker analysis of the multicohort, open-label, phase 2 KEYNOTE-158 study. Lancet Oncol. (2020) 21:1353–65. doi: 10.1016/S1470-2045(20)30445-9




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 © 2025 Xiao, Liu, Gong, Lai, Luo, He, Zou and He. 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/fonc-15-1527036-g005.jpg
Overall survival

Risk

trian

=] -
e High risk
© o Low Risk
o o
g ¢
" £
Q2 < )
4 [
N
o
0 50 100 150 200
Patients (increasing risk socre)
< -
- 0 .
= Dead : B .
i : 2
% & Alive o® : g
> T 5 : . o >
o © L ° [0}
£ L } ] £
z © p oo’ g ° L 5
[ ° ° 2
2 < P e ® ..‘?. . . Y : 2
5 ° 0 LI ‘0 o ® A
7N o g 09,00 P T : e () ° @
oot {, ‘e 0 0P LY AT )
o WV PN L TR0 PN
0 50 100 150 200
Patients (increasing risk socre)
Risk 10 RIIST
I ’ | I ‘ ‘ ’ ‘ ‘ | ‘ H |‘ | ” ‘ | | T mgh
5
‘ ‘ ‘ | | H’ ’ e 0
-5
AC134349.1
-10
|I | ‘ l | ‘ ’ | | ‘ | ‘ ‘ -
’ | ‘ ‘ | ‘ | AC011092.3
’ | ’ | I ‘ ” H ’ ‘ [
trian
Risk == Highrisk == Low risk
1.00
0.75
0.50
0.25
p<0.001
0.00
0 2 4 6 8 10 12 14

Time(years)

Highrisk{ 98 23 10 4 3 1 1 0
Lowrisk{ 99 44 24 13 7 4 1 0

0 2 4 6 8 10 12 14
Time(years)
trian
Risk == Highrisk == Low risk

1.00
©
2
£
5 0.75
(%)
(0]
o
=
= 050
R
[/
$ 0.25
5" p<0.001
x

0.00

0 2 4 6 8 10 12 14

Time(years)

< Highrisk{ 98 19 10 4 3 1 1 0
'CE Low risk { 99 38 18 10 5 3 0 0

0 2 4 6 8 10 12 14
Time(years)

B

test
o -{ ® High risk
e Low Risk
©
g
Q
< @
@
x
N
o
0 50 100 150 200
Patients (increasing risk socre)
3 - e
_| ® Dead !
o | @ Alive ®
- 7 @ 3
>
o - ° ‘e . ® . =
£
© - a oo . o ’:. o . =
¥ ¢ o % ’..Eo. i ¥ ‘g
LK ] 00 o o o %o ® 5
N o g0 ey %0 .. ® oy o So e o 2
o ‘.".c .»o \.h :..,:." Y Jm L ‘.h':."
0 50 100 150 200

Patients (increasing risk socre)

IWHH il ’!IH | H‘H‘ H}\I ||

Il "}h' I WIII’/|

Risk

Risk

C1RL-AS1

GK-AS1 o

|

AC134349.1

AC104785.1

AC011092.3

AC009951.6

test
Risk == Highrisk == Low risk
1.00
.g 0.75
c
3
» 050
©
(0]
C>) 0.25
' p=0.002
0.00
0 2 4 6 8 10 12 14
Time(years)
% Highrisk{101 30 15 6 3 1 1 0
¢ Lowrisk{ 96 40 17 4 0 0 0 0
0 2 4 6 8 10 12 14
Time(years)
test
Risk == High risk == Low risk
_1.00
2
c
> /0.75
(%]
(0]
o
=
= 0.50
R
[%2]
$ 0.25
5°%°] p<0.001
T
0.00
0 2 4 6 8 10 12 14

Time(years)

< Highrisk{101 22 12 5 3 1 1 0
E Low risk { 96 35 16 4 1 0 0 0
0 2 4 6 8 10 12 14

Time(years)

14

0 2 4 6 8 10

L‘C

all

e High risk
e Low Risk

0 100 200 300 400
Patients (increasing risk socre)
1 ° °
_| ® Dead -
o Alive °®
7 ® ' ) L] o
- . [ ] [ ] = .. ° " 'Y . ° [ ]
7w g ° .' o ‘o ‘. : o0 0 o
— .. ‘ .
LX)
4 ® _e¢ ® of g'.
o
| et m
0 100 400
Patients (increasing risk socre)
low Risk Risk
Ihigh | | II*:;’
5 ‘ ‘ ‘ H C1RL-AS1 5
‘ ‘ ‘ ‘ AC134349.1 s
RECROERE TR H\ |
all
Risk == High risk == Low risk
1.00
® 0.75
>
B
>
» 050
©
[0
C>) 0.25
' p<0.001
0.00
0 2 4 6 8 10 12 14
Time(years)
% High risk{ 199 53 25 10 6 2 2 0
o Lowrisk{195 84 41 17 T 4 1 0
0 2 4 6 8 10 12 14
Time(years)
all
Risk == Highrisk == Low risk
1.00
®©
>
=
51075
»
[0}
g
=
- 0.50
Rel
n
% 0.25
5" p<0.001
a
0.00
0 2 4 6 8 10 12 14
Time(years)
&

o Highrisk]199 41 22 9 6 2 2 0
Lowrisk{195 73 34 14 6 3 0 0

0 2 4 6 8 10 12 14
Time(years)





OEBPS/Images/fonc-15-1527036-g011.jpg
w » )]

GK-AS1 expression
N

AC009951.6 expression

s

o

Normal Tumor

(num(T)=375;num(N)=19)

AC134349.1 expression
AC104785.1 expression

(num(T)=375;num(N)=19)

15 %k Xk Xk
c
o
0
o
s 10
%
()
bl
3
& 5
<
m
-
(&)
<
0
Tumor Normal
J (num(T)10;num(N)=10) K
3 %
6

AC009951.6 expression

Tumor Normal
(num(T)10;num(N)=10)

Normal Tumor
(num(T)=375;num(N)=19)

Normal Tumor
(num(T)=375;num(N)=19)

15 * %
c
O
n
7]
2 10
o
X
()
—
(7))
< 5
-l
14
-
(&)
0
Tumor Normal
(num(T)10;num(N)=10)
% %k
50
=
O 40
)
7))
S 30
%
()
—
(7))
<
e
)

Tumor Normal
(num(T)10:num(N)=10)

C1RL-AS1 expression

AC011092.3 expression

Normal Tumor
(num(T)=375;num(N)=19)

Normal Tumor
(num(T)=375;num(N)=19)

25

AC104785.1 expression
=

5
0
Tumor Normal
(Nnum(T)10;num(N)=10)
nsS

60
c
o
7]
o

s 40
X
([}
@
>

o 20
-
=
o
O
<

0

Tumor Normal
(num(T)10;num(N)=10)






OEBPS/Images/fonc-15-1527036-g008.jpg
Running Enrichment Score

Ranked List Metric

ONTOLOGY

m Biological Process
W Cellular Component
* Molecular Function

=log10(Pvalue)

(0,2)
(2,41
Number of Genes Bl (4,6]
= Number of Select © (68]
A Rich Factor(0-1) ® (8,10]
® (10,15]
® (15,20]
® >=20
muscle system process .
muscle contraction @
epidermis development
external encapsulating structure organization
extracellular matrix organization =
extracellular structure organization .
connective tissue development @)
. i i qvalue
intermediate filament-based process O
intermediate filament cytoskeleton organization @
intermediate filament organization @ 0.001
collagen—containing extracellular matrix 0.002
external side of plasma membrane O 0.003
contractile fiber O ’
myofibril O
sarcomere @ ®
sarcolemma @ ©| Count
cornified envelope Q@ O 10
collagen trimer @ O 20
| band @ O =0
blood microparticle O O B
glycosaminoglycan binding .
sulfur compound binding . O %0
extracellular matrix structural constituent O O 60
heparin binding O
serine—type peptidase activity @) =
serine hydrolase activity O e
integrin binding @)
collagen binding @
structural constituent of skin epidermis{ @
aromatase activity 1 @
0.025 0.050 0.075
GeneRatio

E

Enriched in high risk group

5000 10000

e

we KEGG_CELL_ADHESION_MOLECULES_CAMS

wes KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION
we  KEGG_FOCAL_ADHESION

wes - KEGG_REGULATION_OF_ACTIN_CYTOSKELETON

wes - KEGG_SYSTEMIC_LUPUS_ERYTHEMATOSUS

r“ ’IIII | II’| ublmlll ||I |II’I Illlllll

llI IIIII|,I |” l !

15000 20000

Rank in Ordered Dataset

ID Description

GO0:0048018 Receptor ligand activity

G0:1901681 Sulfur compound binding

G0:0005201 Extracellular matrix structural constituent
GO0:0005539 Glycosaminoglycan binding

G0:0042383 Sarcolemma

GO0:0005518 Collagen binding

GO0:0030280 Structural constituent of skin epidermis
GO0:0005581 Collagen trimer

G0:0062023 Collagen-containing extracellular matrix
GO0:0045229 External encapsulating structure organization
GO0:0045109 Intermediate filament organization
GO0:0030198 Extracellular matrix organization
G0:0043062 Extracellular structure organization
GO0:0001533 Cornified envelope

G0:0045229 External encapsulating structure organization
GO0:0003012 Muscle system process

G0:0008201 Heparin binding

GO0:0006936 Muscle contraction

GO0:0009897 External side of plasma membrane
GO0:0043292 Contractile muscle fiber

Cytoskeleton in muscle cells §

Focal adhesion - @
Complement and coagulation cascades - @)
ECM-receptor interaction 5 O
Hematopoietic cell lineage - @
Vascular smooth muscle contraction 4 O qvalue
Staphylococcus aureus infection O
Dilated cardiomyopathy O e
Arachidonic acid metabolism @ 002
Drug metabolism — cytochrome P450 O S:Zj
Hypertrophic cardiomyopathy - @
Viral protein interaction with cytokine and cytokine receptor + O Count
Protein digestion and absorption - @ QO 10

Running Enrichment Score

Ranked List Metric

Chemical carcinogenesis — DNA adducts -

Y
W

Mineral absorption 1

Retinol metabolism 4

Pertussis
Steroid hormone biosynthesis 4

Linoleic acid metabolism 4

Phenylalanine metabolism-+ @

Enriched in low risk group

5000 10000

0.025

Rank in Ordered Dataset

0.050 0.075

GeneRatio

KEGG_ASCORBATE_AND_ALDARATE_METABOLISM

KEGG_DRUG_METABOLISM_CYTOCHROME_P450

KEGG_METABOLISM_OF_XENOBIOTICS_BY_CYTOCHROME_P45
KEGG_PENTOSE_AND_GLUCURONATE_INTERCONVERSIOI

KEGG_TASTE_TRANSDUCTION

'||||'h|||l|“|iw

15000 20000





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Integrated single-cell analysis reveals the regulatory network of disulfidptosis-related lncRNAs in bladder cancer: constructing a prognostic model and predicting treatment response

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Data collection and compilation

          



          		

            2.2 Cell annotation analysis

          



          		

            2.3 Cell–cell communication analysis

          



          		

            2.4 Selection of disulfidptosis-related lncRNAs(DRLs)

          



          		

            2.5 Construction of a prognostic model for DRLs

          



          		

            2.6 Model validation

          



          		

            2.7 Construction of nomograms

          



          		

            2.8 Clinical characteristics of the risk model

          



          		

            2.9 Enrichment analysis of differentially expressed genes(DEGs)

          



          		

            2.10 Immune infiltration analysis

          



          		

            2.11 Analysis of tumor mutational burden (TMB) and immune checkpoints

          



          		

            2.12 Immunotherapy and drug sensitivity prediction

          



          		

            2.13 Validation of lncRNAs in the model

          



          		

            2.14 qRT-PCR

          



          		

            2.15 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Cell annotation and cell trajectory analysis

          



          		

            3.2 Cell-to-cell communication analysis

          



          		

            3.3 Screening of DRLs

          



          		

            3.4 Validation of disease prediction model

          



          		

            3.5 Enrichment analysis of DEGs

          



          		

            3.6 Immune infiltration, tumor immune microenvironment tumor (TME) and mutational landscape

          



          		

            3.7 Drug sensitivity analysis

          



          		

            3.8 Validation of lncRNA expression

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-15-1527036-g004.jpg
Disulfidptosis

Partial Likelihood Deviance

A

IncRNA

10.6 10.8 11.0 11.2 114

10.4

17 17 17 16 16 15 14 12 9 9 10 9 6 4

Coefficients

0.5

0.0

-0.5

pvalue
C1RL-AS1 0.029
AC125494.1  0.039

Disulfidptosis LINCO1873  0.046

SLC25A25-AS10.036
. ACTB
GK-AS1 0.032

CD2AP RNF139-AS1 0.007
DSTN AL139349.1  0.002
FLNA LINC02489  0.010
AC134349.1  0.031
MYH9 AC109460.1  0.020
MYL6 AC0107614  0.031
NCKAP1 MAP3K14-AS1 0.005
AC004596.1  0.048
AC104785.1  0.001
AC011092.3 0048
AC010896.1  0.006
AC009951.6 <0.001

TLNA1

E

17 16 12 10 2

TLN1
SLC7A11
SLC3A2
RPN1
RAC1
PRDX1
PDLIM1
NDUFA11
NCKAP1
MYL6
MYH9
LRPPRC
IQGAP1
INF2
FLNB
FLNA
DSTN
CD2AP

CAPZB
ACTN4
ACTB

Log Lambda

Hazard ratio
0.678(0.478-0.961)
0.303(0.097-0.943)
0.466(0.220-0.985)
0.761(0.589-0.982)
0.598(0.374-0.956)
0.478(0.281-0.815)
0.643(0.485-0.854)
1.467(1.096-1.963)
1.695(1.051-2.734)
0.459(0.238-0.886)
0.729(0.547-0.972)
0.677(0.516-0.889)
0.707(0.501-0.998)
0.563(0.398-0.797)
2.039(1.005-4.137)
0.555(0.364-0.846)
1.657(1.244-2.208)

0.01 0.1 1 10

Hazard ratio

o 520,001
** p<0.01
* p<0.05

Correlation

0.4
0.2
0.0

o -02
3





OEBPS/Images/table2.jpg
Covariates ype Total Test Train Pvalue
Age <65 158 (40.1%) 80 (40.61%) 78 (39.59%) 0.9181
>65 236 (59.9%) 117 (59.39%) 119 (60.41%)
Gender Female 103 (26.14%) 55 (27.92%) 48 (24.37%) 0.4915
Male 291 (73.86%) 142 (72.08%) 149 (75.63%)
Grade High Grade 373 (94.67%) 185 (93.91%) 188 (95.43%) 0.8007
Low Grade 18 (4.57%) 10 (5.08%) 8 (4.06%)
unknow 3 (0.76%) 2 (1.02%) 1(0.51%)
Stage Stage T 2(051%) 0 (0%) 2 (1.02%) 0.5691
Stage 11 123 (31.22%) 62 (31.47%) 61 (30.96%)
Stage 111 138 (35.03%) 69 (35.03%) 69 (35.03%)
Stage IV 129 (32.74%) 65 (32.99%) 64 (32.49%)
Unknown 2 (0.51%) 1 (0.51%) 1 (0.51%)
T To 1(0.25%) 1(0.51%) 0 (0%) 0.7428
T1 3 (0.76%) 1(0.51%) 2 (1.02%)
T2 112 (28.43%) 52 (26.4%) 60 (30.46%)
T3 190 (48.22%) 97 (49.24%) 93 (47.21%)
T4 56 (14.21%) 27 (13.71%) 29 (14.72%)
unknow 32 (8.12%) 19 (9.64%) 13 (6.6%)
N NoO 228 (57.87%) 114 (57.87%) 114 (57.87%) 0.7656
N1 44 (1117%) 24 (12.18%) 20 (10.15%)
N2 75 (19.04%) 36 (18.27%) 39 (19.8%)
N3 6 (1.52%) 2 (1.02%) 4(2.03%)
Unknown 41 (10.41%) 21 (10.66%) 20 (10.15%)
M MO 188 (47.72%) 100 (50.76%) 88 (44.67%) 1
Ml 10 (2.54%) 5 (2.54%) 5 (2.54%)
Unknown 196 (49.75%) 92 (46.7%) 104 (52.79%)

Bold values indicate statistical significance at the p < 0.05 level.






OEBPS/Images/fonc-15-1527036-g002.jpg
A B

Counts nFeature_RNA Counts nCount_RNA % percent.mt .SPP1
150000
TAGLN ipoE
307  AcTA2 JCCLS
s COL1A1
7500 4 e
CxCL14 COL3L3
i \CCL4L2
© ® FXYD4
100000 o 2 &g
& o
@ @
5000 { > >
8 * Non-variable count: 11975 '8 * Non-variable count: 11975
N * Variable count: 1500 N * Variable count: 1500
o °
5] 5 ©
° °
=] c
S b
2500 » w
o]
0
sample sample
& &3 &
F & & &

1e-02 1e+00 1e+02
Average Expression

1e-02 1e+00 1e+02
Average Expression

Identity Identity

D

PC_1 PC_2
= high expression
SGK1 TYROBP m low expression
CYP24A1 ciQc
KRTS C1QA
SCGB3A1 FCER1G
SLC7A11 c1QB
FABP4 ALOXS5AP
TNNT3 AIF1
FXYDS MS4ABA
WFDC2 RGS1
SNAI2 LAPTMS
MT1X ITGB2
oDC1 FCGR2A
KRT13 LST1
SRGN TREM2
WNT5A SPI1
ZNF706 KRTS
UPK3B SCGB3A1
TNNC1 PABPC1 s
ARL14 Ones issue_stem_cells
SNCG SLC7A11
csTB RPL30
CAMK2N1 CYP24A1 & =
UPK1B FABP4
uekte | FABP4, ® Epithelial_cells
PPDPF HPGD
cos ReS12 ® Monocyte
CLIC3 LYeD
GPX3 KRT13 .
UPKIA S100P ® Tissue_stem_cells
UPK2 MGST1 T “_ o=
® cells
©® Endothelial_cells
PC_3 PC_4 L
EIFSA IGFBP2
CDC42SE1 IGFBPS
MDM2 KRT17
RAB21 RPS12
TMEM19 CD55
DMKN FTL
CTNNB1 CTSE
C1orf56 SLC7A11
HNRNPH1 ovoL1
PPP1CB PABPC1
AMFR FAMB4A
C190rf33 ZNF331
MT1X FABP4
S100A8 NR4A2
RIN2 oDC1
RNF39 TRPM4
ADIRF KIAA0101
BPGM CKs1B
1ISG15 BIRCS
VSIG2 CCDC34
DDIT4 SCNN1B
SULT1E1 SNHG25
LEAP2 UBE2C
GSTM3 RCN1
FTH1 PHGDH
CD74 RANBP1 - -
FBLN1 TK1 50 25 0 25
IFITM3 TUBA1B
TMEM97 UQCR10
GDF15 STRA13 tSNE_1

ACTB

CAPZB

TLN1

FLNA

ACTB
° ° ° °
g g g T
3 5 ] 3
s s § §
. g g £ £
2 2 2 @
5 g g g 3
4 2 2 8 8 & &
3
2 1 1
T
0 0 0
& «
Identity Identity Identity
CD2AP NCKAP1 MYH9
20 gg 2 g _é g g
15 Ts o
: : : 3 5 3 5
1.0 1.0 1.0 & & & o]
0.5 05 05
0.0 0.0 0.0
Y S S
o y E
g Q VA N,
50 -25 0 25 -25 0 -25 0 25 & s :
o7 R
tSNE_1 tSNE_1 tSNE_1 <& <& & & <
Identity Identity Identity Identity
DSTN MYL6 ACTN4
DSTN PDLIM1 MYL6 ACTN4
50 \ 3
3
4
4 ° ° ° °
> > > 22
9 3 2 g g, 3 g
2 > 5 5 5 5
| ‘B ‘B @ ‘@
1 1 ¢ g ¢ ¢
g 3 & 81
0 0 0 & &1 b &
0 ]
P S S N PP S S Y E P S S S E A A - S
g > & @ 5 g 57 e 53 . g d N
Q\@@ & . ?\Q& “ o@\@ Q\\{g\\w & X ?@@/ < o\@@ Q\\@@ K i ;}z&/ ~7 0{@\@ Q\@@/ o . ?\Qe\ < D\(@\\w
% &éy 4 < & <« © & <« < & 4

Identity Identity Identity Identity





OEBPS/Images/fonc-15-1527036-g006.jpg
Sensitivity

pvalue Hazard ratio : pvalue Hazard ratio
|
I |
Age <0.001  1.034(1.018-1.050) ™ Age <0.001  1.031(1.015-1.048) m
! |
1
: 0.894(0.642-1.246
SEmEr 0 ( ) = — Gender 0278  0831(0.594-1.162) HEH

Grade 0.150 0.359(0.089-1.450) _ |
Grade 0.976 0.979(0.235-4.073) _

Stage <0.001  1.724(1.418-2.096) ! ——
I Stage <0.001  1.666(1.374-2.019) .-

riskScore  <0.001 1.258(1.155-1.370) [ I

I ! riskScore  <0.001 1.287(1.174-1.410) [ 1

0.0 0.5 1.0 1.5 21

Hazard ratio 0 1 2 K] 4
Hazard ratio

C D E

1.0
1.0

[o0]
o —— Risk score
—— Age
e} ©
o = —— Gender
~ —— Grade
g ©° —— Stage
© > © 2
o S © ®
-*5 2 o
< T < 8 <
o » o 8
Risk, AUC=0.671 5 S
~ ~ Age, AUC=0.614 2 2 —_—
© — AUC at 1 years: 0.673 © Gender, AUC=0.489
~——— AUC at 3 years: 0.671 Grade, AUC=0.531
o —— AUC at 5 years: 0.682 (=] Stage, AUC=0.642 <
o o P~
L L L
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 0 2 4 6 8 10
1-Specificity 1-Specificity -

Q
Points -—
Grade
@
Gender =
2
Age*** o
o 2 g
Stage*** Stage Il sw(ie_n’/ 8
%l I
risk*** low 8 b
B 1 ;
Total points e @)
N
160 200 220 240 260 280 320 340 360 o
Pr( futime > 5 | = ’ C-index:
' ' @) 0.695(95% CI: 0.651-0.738)
Pr( futime > 3) 55560 Ba 0305 - o
R x5 00 02 04 06 08 10

Nomogram-predicted OS (%)





OEBPS/Images/fonc.2025.1527036_cover.jpg
& frontiers | Frontiers in Oncology

Integrated single-cell analysis reveals the
regulatory network of disulfidptosis-related
IncRNAs in bladder cancer: constructing a
prognostic model and predicting treatment

response





OEBPS/Images/fonc-15-1527036-g009.jpg
TME score

G 1.00

6000

*kk

3000

-3000

Fraction

1292 -

™B

0
o
TP53
kmt20 |||
MUCT6 | |
KDM6A | || i
il

ARID1A i

PIKSCAr
|l IlIII |I
] I'l

Il

SYNE1
HMCN1
FLG

MACF1
RYR2

I
I
|
NEB l
SPTAN1 |
e N0 ' !

STAG2

= Missense_Mutation = Splice_Site

= Nonsense_Mutation In_Frame_Del
Frame_Shift_Del = Multi_Hit

= Frame_Shift_Ins

0.75

Survival probability
3

0.25

______'O________

0.00
0 1

IImnli'mﬂléﬁlrﬂrlllrllillllllilrllﬂilllll

JIII I

Risk [=] low [&] high

*kk

Altered in 184 (95.34%) of 193 samples.

III II:: IIT. ! IillllilfIIII |

I IIIrI |
II'I l | I | IIII

rl III + mr" |||II Firllll I.illllllllll

Fkk

== H-TMB
== |-TMB

0 91
No. of samples

a7 |
o E—
200

v —

27% [

260 - HEN

220 |

220

10 [N

17%

17%

17%

17% [

1% - W

16% [ Wl

1% M

15% |

15% Il

1%

14% .- .

2 345 6 7 8 9 10 11 12 13 14 15
Time(years)

100%,

80%i

60%i

40%

Relative Percent

20%i

0%’

o
o

19
o

Tumor tmbation burden (log2)

Q
o

1272

™8

[
TP53
TN

ARID

1A L]

kmT2D |l|
MUC16 |||
KDM6A |

I
Rre1 || IIII lll II [}

PIK3CA
KMT2C

SYNET
HMCN1
CSMD3 |
EP300 |

RYRZ

CREBBP ||

MACF1
FLG
FAT4 ||

XIRP2

zZFHx4 |

"n.

rl1l Illlrll " II [}

.'"-'

Low-risk

High-risk

Altered in 185 (94.39%) of 196 samples.

i

1 uIII”IUF Illl
1 |I 11 IF

“I Ilr |IIII ' | i
3 ..'1' |

= Missense_Mutation = Frame_Shift_Ins
« Nonsense_Mutation* In_Frame_Del

Frame_Shift_Del
= Splice_Site

1.00

0.75

Survival probability
3

0.25

0.00

= In_Frame_Ins
= Multi_Hit

0

B cells naive

B cells memory

Plasma cells

T cells CD8

T cells CD4 naive

T cells CD4 memory resting
T cells CD4 memory activated
T cells follicular helper

T cells regulatory (Tregs)
T cells gamma delta

NK cells resting

NK cells activated
Monocytes
Macrophages MO
Macrophages M1
Macrophages M2
Dendritic cells resting
Dendritic cells activated
Mast cells resting

Mast cells activated
Eosinophils

Neutrophils

o bl i e = 0 103
i T No. of samples.

ﬁlil'mimll i'lﬂ"ﬂ 1R

r

s3 I
400 | I

ol

P ]

zve - -

220 W I

20% [ W

19% |

15%
15%
14%

== H-TMB-+high risk
== H-TMB+low risk
=== | -TMB-+high risk

=5 L-TMB-+low risk

12 3 4 5 6 7 8 9 10 11 12 13 14 15
Time(years)





OEBPS/Images/fonc-15-1527036-g010.jpg
TIDE

IC50
8.5

o
o

SB216/763 senstivity
~
o

N
o

6.5

Linsitinib senstivity

1C50

Palbociclib senstivity

Low-risk High-risk

Risk B8 low BE high

1.1e-05

low high
Risk

Risk ES low B high

0.0081

low high
Risk

Risk BH low BE high

low high
Risk

ylate senstivity

Lapatinib senstivity

N

Paclitaxel senstivity

o
o

Cisplatin senstivity

Obatoclax_Mes!

IC50

o

N

o

IC50
2.0

=N
&)1

-l
o

0.0

Risk ES low BE high

0.043

low high
Risk

Risk B3 low BE high

low high
Risk

Risk B low Bl high

5e-06

low high
Risk

Risk EH low BEE high

0.038

[ ]

low high
Risk

Ribociclib senstivity

6.0

o
o

5.0

Venetoclax senstivity

Nilotinib senstivity

MK-2206 senstivity

1C50

1C50

1C50

low

Risk EH low B high

Risk

low

Risk

Risk ES low BE high

Risk

Risk ES low EE high

low

Risk

high





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/im1.jpg





OEBPS/Images/fonc-15-1527036-g007.jpg
A B C

Patients with >=65 Patients with <65 Patients with FEMALE
Risk == high == low Risk == high == low Risk == high == low
1.00 1.00 1.00
20.75 2075 2075
o) o o
® © ©
0 Ke) Ke]
=) <] <]
a 0.50 a 0.50 a 0.50
© © ©
> = =
2 Z Z
(/:) 0.25 f?) 0.25 (?) 0.25
' p<0.001 ' p<0.001 ' p=0.032
0.00 0.00 0.00
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
Time(years) Time(years) Time(years)
D Patients with MALE E Patients with Stage |-l F Patients with Stage IlI-IV
Risk == high =+ low Risk == high =+ low Risk == high == low
1.00 1.00 1.00
2075 2075 2075
o 5 5
© [ @©
Ke] Ke] Ke]
S 2 2
8 0.50 S 0.50 S 0.50
© © ©
2 2 2
Z Z 2
® 0.25 ® 0.25 ® 0.25
' p<0.001 ' p=0.382 ' p<0.001
0.00 0.00 0.00
0 2 4 6 8 10 12 14 0 2 4 6 8 10 0 2 4 6 8 10 12 14
Time(years) Time(years) Time(years)
* Lowrisk e High risk o Lowrisk e High risk

o (+2]
O £
PC1 PC1
allGene disulfidptosisGene
o Lowrisk e High risk
o Lowrisk e High risk
| J
(0]
o
2 N
g ! 508 8

- _15
L256-20-15-10 -5 0 & 10

-2 -10 -8 6 4 -2 0 2 4

PC1
PC1

disulfidptosisLncRNA risklL nc





OEBPS/Images/fonc-15-1527036-g001.jpg
TCGA-BLCA

GEOQO database database

Previous literature

RNA
transcriptome

il

27 DRGs

GSE135337 clinical data

Cell Annotation
Analysis

Cell—cell
communication
analysis

C-index:
0.695(95% Cl: 0.651-0.738)

00 02 04 06 08 10

Nomogram-predicted OS (%)
ad WA e = Lowrisk = High risk
I .
8 R
& * o
8 o .
g 8 g - e
20 .
& - =
s @ : Z
S rratato o W
i o
Lowrisk = High risk STk High ris
i
~%.
S
- o= o !
i i Jeg 2 ¢
5
5
25-20-15-10 5 0 5 10 s

Rk B8 w8 1

E! ol | i i
T ST M M MMMLN
| — &

Low=risk

High-risk

pratve Hazaraato :
\
Age <0001 1031(1.015-1.048) [ ]
)
Gender 78 0831(05%4-1.162) o]
|
\
Grade 79(0.235-4.073) e rm—
\
Stage. <0.00° 666(1.374-2.019) G ol
.
!
riskScore  <0.00° 1.287(1.174~ ) -
¢ 1z 5 4
Hazard ratio
o
-
3
©
3
<
3
o
< —— AUC at 1 years: 0.673
~~ AUC at 3 years: 0.671
2 —— AUC at5 years: 0,682

Concordance index

Somatic
mutation data

T T T T
00 02 04 06 08 10

1-Specificity

— Riskscore
— hge
— Gender
— Grade
— Stage

e
e e —

Time (years)






OEBPS/Images/table1.jpg
Primer name Direction Primer sequence 5'—3'

AC134349.1 Forward TCAAGACCCTCCACTGATACAAGA
AC134349.1 Reverse TAGCAACAGATGGCTTTCACCC
AC011092.3 Forward AGATGCTATGCAGCCTAACTTTACA
AC011092.3 Reverse GAACTGCCTGGTTATGGAATGG
AC009951.6 Forward GGATTGGATTGCGAGTCTGC
AC009951.6 Reverse GCAAGCAAAGGGTGATAAAGG
C1RL-AS1 Forward CGTCTGTGGTGAGAAGCCTGAT
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GK-AS1 Reverse GCTTCCAGGTTCATTCAGGTTAT
AC104785.1 Forward GTGTTCTTAGGCTCCTCTTGGC
AC104785.1 V Reverse TGTTAGTGGGGGCAAGAAATG
GAPDH Forward GGAAGCTTGTCATCAATGGAAATC
GAPDH Reverse TGATGACCCTTTTGGCTCCC
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