Supplementary File 2. Supplementary Explanation of Patients and Methods
Participants
Data source
[bookmark: _Hlk158552831][bookmark: _Hlk167893700][bookmark: _Hlk171527308][bookmark: _Hlk163754217]Raw read counts and transcript per million (TPM) normalized counts of TCGA bladder carcinoma (TCGA-BLCA) patients (platform: Illumina HiSeq 2000), somatic mutation data in mutation annotation format (MAF), gene-level copy number variation (CNV) [ Affymetrix single nucleotide polymorphism (SNP) Array 6.0], and the corresponding clinical information were sourced from the Genomic Data Commons (GDC) Data Portal (https://portal.gdc.cancer.gov/). The TCGA cohort, including histologically normal adjacent tumor (NAT) tissues, served as a training cohort for the development of prognostic model. The clinical traits of interest from TCGA were Vital status (Status), OS time, Age at diagnosis (Age), Gender, Race, TNM stage, T stage, Lymph node status (inferred from N stage), and Distant metastatic status (inferred from M stage). The segmental CNV data of the TCGA-BLCA cohort were simultaneously downloaded from the cBioPortal for Cancer Genomics software platform (https://www.cbioportal.org/) [1].
[bookmark: _Hlk171786043]For external validation of the prognostic model established in the TCGA cohort, probe intensity matrix from BLCA patients with clinical information for GSE13507 (primary bladder cancer samples, normalized data, platform: GPL6102, Illumina human-6 v2.0 expression beadchip) [2] and GSE32894 (urothelial carcinomas [UCs], raw data, GPL6947, Illumina HumanHT-12 V3.0 expression beadchip) [3] datasets were directly obtained from GEO (https://www.ncbi.nlm.nih.gov/geo/). Due to the small number of patients with T3/4 in GSE32894 dataset, the prognostic model was externally validated using GSE13507 only.
A total of 581 ferroptosis-related genes (FRGs) (Additional file 3: Table S1) were extracted from the FerrDB V2 database (http://www.zhounan.org/ferrdb/current/) [4]. Additionally, the Gene Ontology (GO) term (GOBP: ferroptosis), the Wikipathway pathway (WP: ferroptosis), and the Kyoto Encyclopedia of Genes and Genomes (KEGG, https://www.kegg.jp/) [5] pathway (KEGG pathway: Ferroptosis [hsa04216]) relevant to ferroptosis (human genes only) were also included. The gene sets for the GO, Wikipathway, and Hallmark were sourced from the Molecular signatures database (MSigDB) (https://www.gsea-msigdb.org/gsea/msigdb) [6]. Simultaneously, a total of 85 cuproptosis-related genes (CRGs) (Additional file 3: Table S2) were identified through a comprehensive review of previous studies [7-13].
Inclusion and exclusion criteria
Patients were eligible to be included in the study only if they met all of the following criteria:
a) Patients with complete survival status records and an OS time of more than 1 month (30 days).
b) Patients whose histological type was “Muscle Invasive Urothelial Carcinoma (PT2 or above)” (for the TCGA cohort only).
Patients will be excluded from the study if they met any of the following criteria:
a) Patients whose cancer tissue of origin were not located at bladder.
b) Patients with unknown TNM stage.
c) Patients with unknown grade.
The final training cohort included a total of 384 tumour samples (segmental CNV profiles: 380 tumour samples) and 17 NAT tissues from the TCGA project. GSE13507 dataset comprised 165 primary bladder cancer patients, and GSE32894 dataset consisted of 224 UC cases.
Data processing
[bookmark: _Hlk157783792][bookmark: _Hlk143521581][bookmark: _Hlk171966356]The duplicate ensembles/probes mapping to the same gene symbol were averaged by the “avereps” function from the “limma” package [14]. If multiple samples exist within the TCGA cohort, retain the one with a sample code that comes earliest in ascending order. log2 ratio-transformed TPM matrix of the TCGA samples were subjected to quantile normalization using the “normalizeBetweenArrays” function from the “limma” package [14]. For GSE32894 dataset, the “lumi” package [15] was used to carry out basic preprocessing of the raw probe intensity data, including background correcting and normalizing.
[bookmark: _Hlk163990126]Statistical analysis
[bookmark: _Hlk160289005][bookmark: _Hlk129472595]The Kaplan–Meier (K–M) plot of survival and the Cox’s proportional hazards (PH) regression model are widely used to identify factors associated with a time-to-event response variable. The primary endpoint was overall survival (OS), defined as the time from diagnosis to death from any cause. Hazard ratio values from K–M survival curves or Cox’s PH model were used to represent the relative difference between the exposed group and the reference group. An HR value greater than 1 suggests a higher risk, while an HR value less than 1 implies a reduced risk.
Quantitative variables are presented using the mean and the standard deviation (SD) if they are normally distributed or the median and the interquartile range (IQR) if they follow a non-normal distribution. Shapiro–Wilk test was used for testing normality. Cox’s PH analyses were used to estimate the hazard ratio (HR) and their 95% confidence interval (CI) of death. The area under the curve (AUC) values of the receiver-operating characteristics (ROC) curve or concordance index (C-index) values and their 95% CI were used to display the discriminative power of the corresponding Cox’s PH model.
[bookmark: _Hlk123846032]Screening of genetic features
To screen hub genetic features, several regression and machine learning (ML) methods were employed to analyse the normalized TPM expression matrix through a rigorous selection process. Univariate Cox’s PH regression analyses were performed [16]. Genetic features demonstrating significant criteria (p-value < 0.05 and C-index > 0.5) in the univariate analysis were further subjected to advanced regression modeling. This included both a least absolute shrinkage and selection operator-penalized (LASSO-penalized) Cox’s PH regression model and a linear support vector machine (SVM) with recursive feature elimination (SVM-RFE). To optimize these models, a nested resampling cross-validation (CV) strategy was implemented, consisting of a 5-fold inner loop for hyperparameter tuning and a 5-fold outer loop for unbiased performance evaluation. Cox’s regression analyses, including calculation of the C-index, were conducted using the “survival” package [16]. ML methodologies were executed using various packages, including “mlr3” [17], “mlr3proba” [18], “mlr3verse” [19], and “mlr3extralearners” [20].
The intersection subset of features selected by two ML algorithms was further dimensionally eliminated using stepwise regression. “Cox’s.zph” function from the “survival” package [16] was used to check PH assumption of Cox’s model. Genetic features violated PH assumption, if any, were excluded. A bi-directional stepwise procedure that combined forward selection and backward elimination was utilized to refine the multivariate Cox’s PH regression analysis further, employing the “StepReg” package [21]. This procedure iteratively adjusted the model based on the Akaike information criteria (AIC) to identify the final hub genes, thereby ensuring the selection was both statistically rigorous and relevant to the biological phenomena under study.
Internal and external validation of ferroptosis/cuproptosis-related signature
[bookmark: _Hlk157709503]To further explore the clinical utility of the risk score, survival analyses were conducted. Independent t-tests compared the expression levels of hub genes across risk groups, with survival outcomes compared via Kaplan–Meier (K–M) analysis and the log-rank test, facilitated by the “coin” package [22]. The predictive accuracy of the risk score was validated both internally within the TCGA cohort and externally, assessing its performance through area under the curve (AUC) values from time-dependent receiver operating characteristic (ROC) analyses for 1, 3, and 5 years, using the “timeROC” package [23]. Signatures with an ROC AUC above 0.6 and survival analysis p-value below 0.05 were deemed predictive. Additionally, the risk score’s efficacy in predicting OS across subgroups defined by demographic characteristics (gender and age) was evaluated to display its potential as a robust prognostic tool.
Validation of nomogram-based prognostic model
[bookmark: _Hlk163993120][bookmark: _Hlk158730941][bookmark: _Hlk171868219]The performance of the nomogram-based predictive model was assessed through various metrics including the C-index for discrimination, integrated Brier score (IBS) for prediction accuracy, and calibration curves for model calibration. Additionally, decision curve analysis (DCA) [24] was used to evaluate utility of models. The discrimination and overall performance of the nomogram was evaluated on the training cohort and then validated on the validation set. IBS of the Nomogram model was computed using the “ipred” package [25] with the parameter nbagg = 1 (a single survival tree). The upper and lower 95% CI were calculated by 1000-time bootstrap resampling using the “boot” package [26]. In practice, a model with a C-index greater than 0.6 and an IBS below 0.25 was deemed useful. Meanwhile, calibration plots were generated based on 1000 bootstrap samples from both the TCGA cohort and GSE21257 dataset to compare the K–M method estimated and nomogram-predicted 1-, 3-, and 5-year OS rates using the “riskRegression” package [27]. Time-dependent C-index values involving CV with 1000 bootstrap samples of each Cox’s regression model (the Clinical model, the Risk Score Level model, and Nomogram model) were calculated utilizing the “pec” package [28]. Another novel discriminative performance measurement method, DCA, was simultaneously employed to internally validate the nomogram. Decision curves were constructed using the “stdca.R” script [29] to evaluate the 1-, 3-, and 5-year performance of each model on the training set.
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