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Supplemental Materials and Methods 
 

Datasets 
NCBI Geo (1) and EBI ArrayExpress (2) were queried for publicly available microarray data. Raw data of the datasets from 
Dyrskjøt et al. (3) and Stransky et al. (4) were normalized with the GCRMA algorithm (5), implemented in R/Bioconductor 
(6). The data from Sanchez-Carbayo et al. (7) was obtained from the supplementary material of that paper; follow-up 
times were acquired from the authors. For five patients, only the last known status was obtainable (4 NED, 1 DOD) and 
the survival time was imputed by using the average follow-up time for patients with status NED (38.7 months) and the 
average survival time for patients with status DOD (stage 4, no recurrence, 26.2 months), respectively. Expression values 
were log2 transformed. The dataset from Lindgren et al. (8), containing data merged from two array platforms, and the 
datasets from Kim et al. (9) and Blaveri et al. (10) were acquired from the NCBI Geo database (1). Missing values for the 
samples from Blaveri et al. were imputed with the impute Bioconductor package. Probe sets with more than 30% missing 
values were ignored. The coverage of monitored genes was relatively high, with 274 distinct Entrez IDs present in all 7 
datasets, 2,144 in at least 6 datasets, 6,082 in 5 or more datasets, and 9,369 in 4 or more datasets. Since disease-specific 
survival time was only available for the Kim et al. and our datasets, survival was defined as overall survival in all datasets if 
not mentioned otherwise. 
 
 

 
 
Only a small potential bias across datasets is visible as MI patients in the Sanchez and Lindgren cohorts have a higher 
overall survival rate in the first three years after RC. Table S1 provides the detailed clinicopathologic characteristics of the 
tumor samples in our cohort. 
 
 Table S1 (file SITable1_Clinical.xls): Detailed clinicopathologic characteristics of the tumor samples in our cohort. 

 

Published Signatures 
We further compiled 49 published gene signatures (Table S2). From these, 39 were already compiled for a recent study by 
Lauss et al (11). We updated this list with recent bladder cancer signatures (9, 12-14). The list includes several non-
bladder signatures, for example the progression signature for breast cancer published in the landmark paper by van’t 
Veer (15). Successful breast cancer signatures are validated in many large datasets and further contain many proliferation 
genes (16).  These signatures thus might have moderate prediction power in other solid tumors as well. We therefore 
decided to keep these non-bladder cancer signatures included in our analysis. Recent melanoma signatures were added 
after a NCBI PubMed search returned the corresponding papers (17, 18) when querying the markers for MI disease 
indentified in this study.  

Figure S1. Kaplan-Meier 
plots  displaying overall 
survival of patients in all 
datasets. The curves 
contain information for 
patients with muscle-
invasive (MI) disease only.  
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 Table S2 (file SITable2_Signatures.xls): Published signatures. This Excel Spreadsheet lists all evaluated signatures, the utilized 
mapping from gene symbol to probe sets and a univariate analysis of all survival and progression signatures. 

 

Machine learning 
 

Features 
Gene symbols from the published gene signatures (Table S2) were mapped to probe sets in our dataset with the 
Bioconductor annotation package hgu133plus2.db. For symbols mapping to multiple probe sets, the probe set with the 
highest variance in our dataset was chosen. These probe sets were also used in the dataset from Sanchez-Carbayo et al., 
with the exception of probe sets with close to zero variance in this dataset or probe sets not present on this older U133a 
chip. In these cases, if another probe set was targeting the same gene symbol, the other probe set was chosen if it had a 
non-zero variance; otherwise, the gene was excluded. For the dataset from Kim et al., we used the probe set mapping file 
published by Illumina (http://www.switchtoi.com/probemapping.ilmn) to convert the Affymetrix U133 Plus 2.0 probe sets 
to Illumina 6v2 probe sets. For gene symbols not present in this mapping file, we used the probe set annotation of the 
GEO published data structure. For gene symbols mapping to multiple probe sets, we again used the highest variance 
probe set. For the custom cDNA arrays, from Lindgren et al. and Blaveri et al., we relied on the provided annotation on 
GEO. For the samples from Blaveri et al., the gene symbol annotation was incomplete and we used the provided 
Genebank IDs instead. See sheet 2 of Table S2 for the utilized probe set mapping.  
 

Feature selection algorithm 
Basic algorithm. We used classic stepwise selection for the generation of classifiers and signatures. Starting from a given 
signature, we first tested whether a probe set could be removed without significantly decreasing the prediction accuracy. 
The algorithm thus evaluated all candidate genes for inclusion. A probe set was included if it significantly improved the 
model. Every other iteration, it was also tested whether the model was improved by replacing a probe set with another 
probe set from the candidate pool. The procedure was stopped when adding or removing a probe set did not significantly 
change the model score. The optimization was started from random signatures of size 10, with starting genes selected 
from the lists of differentially expressed genes (for the stage and subtype classifier) or from the published survival 
signatures (for the survival signature).   
 
Candidate genes. As candidate pool of genes, we defined all genes of the 49 signatures (Table S2); the differentially 
expressed genes (stage and subtype) from all seven datasets if they were differentially expressed in at least 3 datasets 
(Table S5); and the 53 differentially expressed genes in pT2 patients in our dataset (Table S3b). For the stage and subtype 
classifier, only the corresponding differentially expressed genes were used. For the survival signatures, we required that 
genes are present in the datasets from Kim et al., Sanchez et al., and our dataset and that genes achieved a univariate Cox 
p-value of 0.05 in at least one dataset (in all tumors or invasive only). 
 
Model scoring. The significance threshold for including or removing genes was obtained with F-tests and the p-value 
cutoff was set to 0.05. This procedure was chosen instead of more stringent criteria such as AIC or BIC due to the 
exploratory nature of this study. The prediction accuracy A was defined as the mean (over all datasets), leave-one-out 
cross-validated Area Under Receiver Operating Curve (AUC) for the stage and subtype classifiers, and the concordance 
probability estimate (CPE) for the survival signatures. In addition, to punish Cox models with very different regression 
coefficients across datasets, we included the mean pairwise rank correlation distance D of the regression coefficients in 
the model scoring function: the distance matrix of the regression coefficients was calculated with the Spearman metric (dij 
= 0.5 * (1 - ρij), where ρij is the rank correlation of the regression coefficients of datasets i and j). Note that it is important 
not to use the absolute Spearman distance, as a perfectly anti-correlated model would be worst. Then D was obtained 
from this distance matrix by calculating the matrix average. The final model score was S(M) = wA * A + (1-wA) * D, where 
wA was set to 0.85.  Due to the extensive computational requirements of the algorithm, the effect of the choice of wA 
could not be systematically analyzed. However, this choice seems reasonable: the range of concordance in cancer is 
around 0.5 to 0.8, much smaller than the range of Spearman distance (0 to 1), and should therefore receive a higher 
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weight. The regression coefficient distance D was calculated only with the high-density arrays of the datasets from Kim et 
al., Sanchez et al., and our dataset because this procedure requires that genes are present on all microarray platforms. 
The model distance was not necessary and was therefore not included in the stage and subtype classifier feature 
selection, because the candidate pool included only significantly differentially expressed genes with consistent expression 
changes across datasets.   
 

Supplemental Results 
 

Differential Expression Analysis 
 
Part of this study was a comprehensive differential expression analysis of our cohort of patients and all independent 
cohorts. We tested for significant differences in gene expression between different stages, grades and subtypes in all 
datasets.  Tables S3a/c and S4 display the lists of differentially expressed genes while Table S5 shows the list of genes 
overlapping with those identified using external datasets. Figure S2 demonstrates the consistency of differentially 
expressed genes among various studies. 
 
Figure S2: Consistency of differentially expressed genes among various studies. The Venn diagrams visualize the overlap of the lists 
of differentially expressed genes in the datasets analyzed. Gene lists of datasets marked with an asterisk (*) were obtained from the 
supplementary material of the corresponding studies, while all others were calculated from raw data. Numbers represent the p-
values of the overlap with our list of differentially expressed genes – one for the list of overexpressed genes (in non-muscle-invasive 
versus invasive and in MS1 versus MS2 [Figure S3], respectively) and one for the list of underexpressed genes. The overlap p-values 
were smaller than the permutation test minimum (< 0.00004) for all datasets except for the Dyrskjøt dataset in non-muscle-
invasive/invasive (< 0.0001). This dataset is known to have batch effects (19). 

 
 
 
 Table S3-S4 (file SITable3_Diff.xls, SITable4_DiffExternal): Differentially expressed genes. The file SITable3_Diff.xls contains the 
lists of differentially expressed genes for stage (invasive versus non-invasive), metastases (stage 2 only) and molecular subtypes of 
the patients in our cohort, while the file SITable4_DiffExternal.xls contains the corresponding lists for datasets where these lists 
were not available as supplementary material.  
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 Table S5 (file SITable5_Overlap.xls): Overlapping differentially expressed genes. The overlaps of our lists of differentially 
expressed genes with the lists from all 6 independent datasets are listed in SITable5_Overlap.xls.  

 

Development of a classifier for muscle-invasive tumor stage 
 
As described in section “Machine Learning”, we created a gene signature (Table S6) that classifies tumor samples in non-
muscle-invasive and muscle-invasive. We then analyzed the sensitivity and specificity of this stage classifier in an area 
under the curve (AUC) analysis (Figure S3). For this analysis, we used a leave-one-out cross-validated model (i.e., for every 
sample prediction, we used a model that was trained with all remaining samples). 
 
Table S6. Gene signature predictive of MI tumor stage. 

Gene Symbol Probe Set Gene Title 

APEH 201284_s_at N-acylaminoacyl-peptide hydrolase 

BCAS1 204378_at breast carcinoma amplified sequence 1 

CHST15 203066_at carbohydrate (N-acetylgalactosamine 4-sulfate 6-O) sulfotransferase 15 

COL11A1 204320_at collagen, type XI, alpha 1 

CTSK 202450_s_at cathepsin K 

FOSB 202768_at FBJ murine osteosarcoma viral oncogene homolog B 

IL8 202859_x_at interleukin 8 

LRRFIP1 238534_at leucine rich repeat (in FLII) interacting protein 1 

LUM 201744_s_at lumican 

MMP9 203936_s_at matrix metallopeptidase 9 (gelatinase B, 92kDa gelatinase, 92kDa type IV collagenase) 

SAC3D1 205449_at SAC3 domain containing 1 

TPST1 204140_at tyrosylprotein sulfotransferase 1 
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Figure S3: AUC analysis and ROC curves for the invasiveness linear discriminant classifier. The classifier is shown in Table 3. Colors 
indicate the cutoff based on the posterior probability of invasiveness (0.5 default). (A) Our dataset (all 12 genes); (B) Samples from 
Blaveri et al. (5 genes); (C) Samples from Dyrskjøt et al. (7 genes); (D) Samples from Kim et al. (11 genes); (E) Samples from Lindgren 
et al. (8 genes); (F) Samples from Sanchez-Carbayo et al. (12 genes); and (G) Samples from Stransky et al. (11 genes). 

A 

 

B 
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Hierarchical clustering 
 
Clustering analysis of our patient cohort. Unsupervised hierarchical clustering of the gene expression profiles from our 93 
samples yielded two very distinct groups. One group contained the majority (93%) of non-MI tumors, while the other 
represented nearly exclusively MI samples (Figure S4). Distinct clustering of bladder tumor samples has been observed in 
multiple other studies (7, 8, 10), and following Lindgren et al. (8), we referred in this supplement to the cluster with the 
greater proportion of non-MI tumors as MS1, and the second group as MS2. The single non-MI sample in MS2 was from a 
patient with MI disease at prior TUR.  
Clustering analysis of all independent patient cohorts. The striking differences between the two groups motivated us to 
analyze these clusters in more detail, because prognostic tools might show different accuracies across groups. The 578 
microarray samples from the six external bladder cancer datasets were thus subjected to similar unsupervised clustering 
(Figure S4). Among all samples in MS1, 67.5% were non-MI samples, while only 30% of those in MS2 were non-MI (see 
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Figure S5 for Kaplan-Meier plots of clusters). In all datasets, the two clusters were remarkably different in their patterns 
of expressed genes: the differentially expressed probe sets between the clusters represented 5.9% of the total number of 
probe sets on the microarray chip in Kim et al. (9), 7.4% in Dyrskjøt et al. (3), 12% in Stransky et al. (4), 14% in our data, 
18.9% in Sanchez-Carbayo et al. (7), and 30.1% in Lindgren et al. (8) (Tables S2-S4). The overlap of the differentially 
expressed genes in our dataset with the corresponding gene lists of these independent datasets was highly significant (p < 
0.00004, GSEA, Figure S4). Based on these overlapping genes, we created a robust 19-gene classifier predictive of cluster 
subtype (Table S6). The achieved mean accuracy for subtype prediction over all datasets was 92.9% (92.7 SVM), using the 
hierarchical clustering results as ground truth (see Figure S6 for ROC curves).  
 
 
Figure S4: Hierarchical clustering within our patient cohort and the 6 independent datasets.  Muscle-invasive samples are shown in 
green and non-muscle-invasive samples in black. 
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Figure S5: Kaplan-Meier curves comparing overall survival of all MS1 (dashed line) and MS2 patients (solid line). Survival times were 
censored at month 60. (A) All samples and all stages from all datasets. (B) Muscle-invasive only. (C) Non-muscle-invasive only. The 
differences in survival in (A) can thus be explained by the different proportions of MI and non-MI tumors in the two subtypes. 

A B C 

 
Clustering with alternative method and metric. We next tested the robustness of the clustering by applying a different 
algorithm (Affinity Propagation, (20) implemented in the R package apcluster (21), version 1.1.0, with fixed K=2) and a 
different distance metric (Euclidean) to all datasets. In general, the concordance was very high, with only small sub-
clusters assigned to different subtypes. The exception was the Kim et al. dataset, where the complete sub-cluster on the 
right (Figure S2) was assigned differently. The predictions of the middle and left sub-cluster showed high concordance 
across the two cluster algorithms in this dataset. For the Lindgren dataset, we compared our Ward clustering results with 
the clustering results of the main publication (8) and found that 97.2% of all samples were assigned to the same cluster 
(see Figure S2). The following table lists the samples that were classified differently in Ward (correlation distance) and 
Affinity Propagation (Euclidean): 
 

Blaveri Kim Lindgren Sanchez Riester 

97.5% overlap 65.5% overlap 90.2% overlap 85.6% overlap 89.2% overlap 

GSM31844 GSM340607 UC_0001_1 95 12_pT2 

GSM31888 GSM340608 UC_0022_1 97 22_pT3 

 GSM340609 UC_0096_1 96 26_pT4 

 GSM340610 UC_0097_1 55 31_pT4 

 GSM340612 UC_0199_2 54 35_pT4 

 GSM340615 UC_0200_1 59 46_pT4 

 GSM340616 UC_0226_1 51 59_pT3 

 GSM340621 UC_0250_1 52 60_pT3 

 GSM340622 UC_0267_3 100 76_pT2 

 GSM340629 UC_0283_1 2 90_pT2 

 GSM340636 UC_0301_1 7  

 GSM340637 UC_0323_1 60  

 GSM340639 UC_0349_2 42  

 GSM340640 UC_0376_1   

 GSM340642    

 GSM340644    

 GSM340645    

 GSM340647    
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 GSM340648    

 GSM340649    

 GSM340651    

 GSM340658    

 GSM340659    

 GSM340660    

 GSM340661    

 GSM340669    

 GSM340670    

 GSM340680    

 GSM340684    

 GSM340686    

 GSM340695    

 GSM340699    

 GSM340703    

 GSM340705    

 GSM340706    

 GSM340707    

 GSM340714    

 GSM340716    

 GSM340724    

 GSM340726    

 GSM340727    

 GSM340730    

 GSM340731    

 GSM340733    

 GSM340735    

 GSM340737    

 GSM340740    

 GSM340743    

 GSM340748    

 GSM340749    

 GSM340750    

 GSM340752    

 GSM340754    

 GSM340758    

 GSM340759    

 GSM340762    

 GSM340764    
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Development of a classifier for the molecular subtype 
 
Based on consistently differentially expressed genes between the two subtypes MS1 and MS2, we created a classifier for 
this subtype (Table S7) with stepwise optimization as previously described in the section “Machine Learning”. The 
accuracy of this classifier is reported with ROC curves for leave-one-out cross-validated models in Figure S6. 

 

Table S7. Gene signature predictive for cluster subtype. 

Gene Symbol Probe Set Gene Title 

CD163 203645_s_at CD163 molecule 

CDH11 207172_s_at cadherin 11, type 2, OB-cadherin (osteoblast) 

CREM 207630_s_at cAMP responsive element modulator 

CXCL9 203915_at chemokine (C-X-C motif) ligand 9 

CYP3A5 205765_at cytochrome P450, family 3, subfamily A, polypeptide 5 

ELOVL5 1567222_x_at ELOVL family member 5, elongation of long chain fatty acids (FEN1/Elo2, SUR4/Elo3-like, yeast) 

EPS8 202609_at epidermal growth factor receptor pathway substrate 8 

FCER1G 1554899_s_at Fc fragment of IgE, high affinity I, receptor for; gamma polypeptide 

HLA-DQB1 209480_at major histocompatibility complex, class II, DQ beta 1 

HLA-DRA 208894_at major histocompatibility complex, class II, DR alpha 

ITPR1 203710_at inositol 1,4,5-triphosphate receptor, type 1 

NFAT5 208003_s_at nuclear factor of activated T-cells 5, tonicity-responsive 

NFIB 209289_at nuclear factor I/B 

PDGFRA 1554828_at platelet-derived growth factor receptor, alpha polypeptide 

PPARG 208510_s_at peroxisome proliferator-activated receptor gamma 

PPP1R13L 218849_s_at protein phosphatase 1, regulatory (inhibitor) subunit 13 like 

RPA3 209507_at replication protein A3, 14kDa 

SLC14A1 205856_at solute carrier family 14 (urea transporter), member 1 (Kidd blood group) 

SPP1 1568574_x_at secreted phosphoprotein 1 
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Figure S6: AUC analysis and ROC curves for the molecular subtype linear discriminant classifier. The classifier is shown in Table 3. 
Colors indicate the cutoff based on the posterior probability of a tumor belonging to the MS1 cluster (0.5 cutoff default). Prediction 
models were leave-one-out cross-validated. Only genes that were present on the microarrays and that had non-zero expression 
variance could be used. (A) Our database (all 19 genes); (B) Samples from Blaveri et al. (7 genes); (C) Samples from Dyrskjøt et al. (14 
genes); (D) Samples from Kim et al. (18 genes); (E) Samples from Lindgren et al. (13 genes); (F) Samples from Sanchez-Carbayo et al. 
(18 genes); and (G) Samples from Stransky et al. (17 genes). 
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Clustering of recurrent tissue samples 
 
We next sought to investigate whether tumors can progress from MS1 to MS2 and vice versa. In the Kim et al. datasets, 
23 recurrent NMI samples from 14 patients were available. We applied the classifier (Table 3) to these 23 samples. Table 
S5 lists the posterior probabilities of subtypes. We compared the prediction with a second classifier, optimized for the Kim 
et al. dataset. This classifier was constructed with LASSO (22) and tuning parameters determined by cross-validation with 
default parameters.  
 
Table S8a: Posterior probabilities of subtypes. The column “Clustering” shows the prediction of the primary tumor based on 
hierarchical clustering, while the column “Training” shows the subtype prediction of the primary tumor based on our classifier 
trained with the hierarchical clustering labels. The column “Recurrent” is the most likely subtype of the recurrent tumor, calculated 
with the classifier trained on the primary tumors only, “Recurrent (LASSO”) the same for the LASSO classifier, optimized for the Kim 
et al. dataset. “Posterior M2” is the posterior probability that the sample belongs to the MS2 cluster.  

 Sample Clustering Training Recurrent Recurrent (LASSO) Posterior MS2 Posterior M2 (LASSO)

GSM340770 1 1 2 2 0.95 0.90 

GSM340771 2 2 2 1 0.78 0.28 

GSM340772 2 2 2 2 0.99 0.80 

GSM340773 2 2 1 1 0.50 0.38 

GSM340774 2 2 2 2 1.00 0.70 

GSM340775 2 2 2 2 0.96 0.68 

GSM340776 2 2 2 2 0.86 0.62 

GSM340777 2 2 2 2 0.98 0.71 

GSM340778 2 2 2 2 1.00 0.96 

GSM340779 1 2 2 1 0.53 0.34 

GSM340780 2 2 2 2 1.00 0.97 

GSM340781 1 1 2 2 0.98 0.58 

GSM340782 1 1 1 1 0.01 0.19 

GSM340783 1 1 2 2 1.00 0.79 

GSM340784 1 1 2 2 0.83 0.76 

GSM340785 1 1 2 2 0.96 0.66 

GSM340786 1 1 1 2 0.24 0.79 

GSM340787 1 1 1 2 0.28 0.71 

GSM340788 1 1 2 2 0.80 0.94 

GSM340789 2 2 1 1 0.02 0.14 

GSM340790 1 1 1 1 0.01 0.07 

GSM340791 2 2 1 
1

0.44 
0.43 

 
According to the classifier, only 3 samples changed from MS2 to MS1 and 6 from MS1 to MS2. When counting only 
significant changes (shown in bold in Table S5a), we found one change from MS2 to MS1 compared to 4 changes from 
MS1 to MS2. The LASSO predictions offer smaller confidence, but show very similar trends. We conclude that a 
progression from MS1 to MS2 is indeed possible and that the results are not due to inaccurate predictions of the 
classifier. However, the Kim et al. dataset was the only dataset with ambiguous clustering results, as the MS2 cluster 
contained two very different sub-clusters (Figure S2). The choice of the clustering method changed the subtype labels of 
some primary tumors. While weakened, the general trend did not change, as shown in Table S8b. 
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Table S8b: Posterior probabilities of subtype based on alternative clustering (20). Recurrent clusters were again classified by a 
multivariate model trained on the primary tumors with the subtype signature as covariates. 

Sample Clustering Recurrent Posterior M2
GSM340770 1 2 0.87
GSM340771 1 1 0.00
GSM340772 1 1 0.09
GSM340773 1 1 0.02
GSM340774 2 1 0.22
GSM340775 1 1 0.10
GSM340776 1 1 0.04
GSM340777 1 1 0.16
GSM340778 1 2 1.00
GSM340779 1 1 0.00
GSM340780 1 2 1.00
GSM340781 1 2 1.00
GSM340782 1 1 0.29
GSM340783 1 1 0.05
GSM340784 1 1 0.01
GSM340785 1 1 0.09
GSM340786 1 1 0.18
GSM340787 1 2 0.89
GSM340788 1 1 0.10
GSM340789 2 1 0.01
GSM340790 1 1 0.00
GSM340791 2 1 0.01

 
We observe 5 changes from MS1 to MS2 (3 significant) and 3 from MS2 to MS1 (2 significant). 

 

Evaluation of published signatures  
 
Neoadjuvant therapy could alter the gene expression significantly and could introduce a serious bias. In our cohort, 3 
patients retrieved chemotherapy before RC. Perioperative systemic therapy could introduce a bias by changing survival 
times. In Table S9, we show that the inclusion of these 3 patients has no significant impact on the prediction accuracies of 
the gene signatures (Table 3). Information on perioperative systemic therapy was available for our and the Kim cohort. In 
our cohort 34 MI patients retrieved chemotherapy, in Kim et al. 26. By removing these, the number of events decreased 
to 34 in our cohort and only 20 in Kim, precluding a statistically meaningful stratification.  
 
Table S9: Performance of published gene signatures. This table repeats the results already shown in Table 3, and adds the results of 
the analysis repeated without the 3 patients receiving neoadjuvant chemotherapy and without 34 patients retrieving perioperative 
systemic therapy in our cohort and 26 in Kim et al.  

Signature Endpoint Stage 

Dataset
Riester Riester (no neoadjuvant 

chemotherapy) 
Riester (no perioperative  
systemic therapy) 

 Kim (no perioperative
 systemic therapy) 

P C P C P C P C 
Blaveri (10) OS MI 0.73 0.56 0.72 0.55 0.377 0.574 0.460 0.581 
Kim (9) OS MI 0.84 0.50 0.85 0.50 0.771 0.741 0.000 0.6548 
Kim (9) DSS MI 0.87 0.56 0.89 0.57 0.757 0.680 0.000 0.5393 
Kim (9) Progression non-MI 0.27 0.56 0.23 0.58 0.131 0.593 0.140 0.5649 
Lindgren (8) OS all 0.93 0.54 0.91 0.55 0.773 0.549 0.145 0.5775 
Sanchez-Carbayo (7) OS MI 0.39 0.50 0.41 0.50 0.341 0.536 0.259 0.6057 
Sanchez-Carbayo (7) Progression MI 0.95 0.54 0.92 0.56 0.871 0.552 0.040 0.742 
Smith (14) Progression MI 0.79 0.50 0.8 0.52 0.685 0.541 0.189 0.5533 
Riester OS MI 0.06 0.71 0.06 0.72 0.002 0.664 0.157 0.5189 

P = p-value; C = C-statistic; OS = overall survival; DSS = disease-specific survival, MI=muscle-invasive 
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In addition to the survival and progression signature validation in Table 3, we next evaluated 49 signatures (Table S2) by 
means of globaltests (23) for association with stage and overall and disease-specific survival in all, non-MI, MI and 
MS1/MS2 tumors. The results for all datasets with survival information are shown in Figure S7. 
 
Figures S7: Globaltest p-values in our cohort and in 4 independent datasets with survival information. Data is shown for our dataset 
(a), data from Blaveri et al. (b), data from Kim et al. (c), Lindgren et al. (d), and Sanchez-Carbayo et al. (e). (Left) Boxplots visualizing 
the performance of 49 published gene signatures and our signatures (Tables 3-5), as well as the performance of 50 random sets of 
150 genes. The p-values represent the probabilities that there is no association between expression and the response variables 
tumor stage and overall survival, determined with the globaltest Bioconductor package. For survival, we further divided the dataset 
into the two main clusters MS1 and MS2 as identified by hierarchical clustering (see Fig. 1) and into non-muscle-invasive and 
invasive tumors. Specific signatures are sets of genes that were constructed to predict the particular response variable, while the 
non-specific signatures are all others except the random sets (e.g., all survival signatures are defined as specific in the survival 
boxplots and as unspecific in the stage boxplots). (Right) Detailed p-value distribution of signatures in our dataset. Shown are all 
signatures that achieved a p-value < 0.1 in stage or survival, the latter in the complete dataset as well as in the two clusters MS1 and 
MS2 and in invasive and superficial (non-muscle-invasive) tumors. Numbers in brackets represent the number of genes in the 
signature we could map to probe sets and that had a non-zero expression variance, relative to the total number of genes in the 
signature. 
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a Riester et al. (overall survival, disease-specific survival) 
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b Blaveri et al. 

 
  



 21

c Kim et al. (overall survival, disease-specific survival) 

 

 

 
  



 22

 
d Lindgren et al. 

 
 
e Sanchez-Carbayo et al.  

 

 
  
Novel overall survival signature 
 
In this section, we provide details of the multivariate Cox model (Table 4). Our gene signature optimization algorithm 
optimizes the concordance of leave-one-out cross-validated Cox models. It thus identifies sets of genes that are predictive 
in all datasets. It is however also important that the Cox models are similar in all datasets, i.e., the over- or under-
expression of the genes in the signature should be either consistently associated with good or with poor prognosis across 
datasets. We included this test already in the optimization (as described in the Supplemental Method section) and show 
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the high correlation of the Cox regression coefficients in Figure S8a. In Figure S9, we demonstrate that the models work 
across platforms.  
 
Figure S8: Detailed analysis of the survival signature. (A) This panel plots regression coefficients of the Cox proportional hazards 
model using the genes from the survival signature (Table 4) as covariates. All datasets use log2 transformed intensities, but were not 
normalized together. The high correlation shows that the models are very similar across datasets. (B) Expression values of genes in 
the survival signature.  This figure plots the distributions of expression values of the genes from the survival signature (Table 4). All 
datasets use log2 transformed intensities, but were not normalized together. (C) Univariate Cox p-values.  This figure plots the p-
values of univariate Cox proportional hazards model using the plotted genes from the survival signature (Table 4) as covariates. 

A B

C 
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Figure S9: Cross-platform training.  This figure plots the overall survival Kaplan-Meier plots of the risk groups stratified by the 
multivariate survival signature model (Table 4). Here we demonstrate that due to the high correlation of the regression coefficients 
(Figure S6), the model works across datasets. (a) Our patient cohort stratified with the Cox model trained on the Sanchez dataset; (b) 
Samples from Sanchez et al. risk stratified with the model trained on our dataset; (c) Boxplot of the expression values of both 
datasets. The two datasets were quantile normalized, using the probe set present on both platforms. Batch effects are visible in this 
plot. 

A B C 

 

Comparison signature with standard prognostic features 
 
We next tested whether the survival signature remains a significant predictor of overall survival in a multivariate analysis 
with other known prognostic features. The IBCNC nomogram, as already presented in the Methods of the main paper, is a 
thoroughly validated predictor of 5-year recurrence-free survival and is more accurate than TNM staging alone (24). Due 
to the nature of the disease, 5-year recurrence-free survival and 5-year overall survival are highly correlated. The score 
obtained from the nomogram is therefore likely a better predictor of overall survival than TNM staging alone. We could, 
however, not obtain the nomogram score for the independent datasets due to incomplete clinical information. We 
therefore compared our signature with stage (0-4) and grade (high grade yes/no), which were available for all datasets 
(Table S10). 
 
Dataset Covariate HR Lower 95 Upper 95 P-Value
Blaveri Stage 0.791 2.210 0.308 0.01
 Grade NA NA 0.000 NA
 Signature 0.291 1.340 0.060 <0.001

Kim Stage 0.352 1.420 0.285 0.220
 Grade 0.123 1.130 0.424 0.770
 Signature 0.323 1.380 0.091 <0.001

Lindgren Stage 0.499 1.650 0.387 0.2
 Grade 0.723 2.060 0.859 0.4
 Signature 0.541 1.720 0.141 <0.001

Riester Stage 0.444 1.560 0.211 0.036
 Grade NA NA 0.000 NA
 Signature 0.482 1.620 0.093 <0.001

Sanchez Stage 0.829 2.291 0.330 0.012
 Grade -1.54 0.214 1.026 0.13

Signature 0.298 1.347 0.062 <0.001

 

 

 

Table S10a: Comparison of the prognostic power of stage, 
grade and the overall survival signature. Here we list the 
hazard ratios (exp(β)) of the three covariates in a 
multivariate model in all datasets with available survival 
information. P-values are the probabilities that the 
regression coefficient is significantly different from zero. The 
signature was included as the risk score obtained from a 
second, leave-one-out cross-validated Cox model.  In the two 
datasets where grade is reported as being not available (NA), 
all MI samples were high-grade. Right endpoint was overall 
survival. 

 
P-values indicating prediction improvement of stage and grade by the gene signature were calculated with the likelihood-
ratio test and were 6.8e-07 (Blaveri), 1.3e-03 (Kim), 3.5e-04 (Lindgren), 3.7e-07 (Riester) and 4.9e-07 (Sanchez). 
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We further analyzed the C-statistic of the models, which estimate the concordance of the predictions. The R package 
survC1 (Version 1.0-1) was used for this analysis. The concordance is the probability that in a random pair of non-
censored patients, the one with higher risk score died earlier. In the following table, we give the results of the model 
comparison as visualized in Figure 2f and include confidence intervals of the model differences (Stage/Grade versus 
Stage/Grade/Signature).  
 
Table S10b: Comparison of the prognostic power of stage, grade and overall survival signature by means of the C-statistic (25) in all 
datasets with survival information. Primary endpoint was overall survival. 

Dataset Covariates C SE Lower 95 Upper 95 

Blaveri Stage, Grade and Signature 0.757 0.043 0.672 0.841 

 Signature 0.756 0.048 0.662 0.850 

 Stage and Grade 0.629 0.056 0.519 0.740 

 Difference 0.127 0.057 0.016 0.238 

 

Kim Stage, Grade and Signature 0.758 0.054 0.653 0.864 

 Signature 0.747 0.043 0.662 0.832 

 Stage and Grade 0.690 0.065 0.562 0.818 

 Difference 0.068 0.055 -0.039 0.176 

 

Lindgren Stage, Grade and Signature 0.861 0.055 0.752 0.969 

 Signature 0.856 0.055 0.748 0.964 

 Stage and Grade 0.605 0.099 0.412 0.799 

 Difference 0.255 0.113 0.035 0.476 

 

Riester Stage, Grade and Signature 0.743 0.032 0.681 0.805 

 Signature 0.714 0.034 0.646 0.781 

 Stage and Grade 0.610 0.038 0.535 0.685 

 Difference 0.133 0.042 0.050 0.216 

 

Sanchez Stage, Grade and Signature 0.768 0.119 0.535 1.000 

 Signature 0.741 0.058 0.628 0.854 

 Stage and Grade 0.645 0.118 0.414 0.876 

 Difference 0.122 0.059 0.007 0.238 

      

 MEAN DIFFERENCE 0.14  0.013 0.269 
C: C-statistic; SE: Standard Error 

 
In addition, we tested the clinical utility of the survival signature, now again only in our cohort, by comparing it with the 
IBCNC nomogram (24). The risk estimated by a validated nomogram was compared with a multivariate Cox model using 
this nomogram risk score and, as second covariate, the leave-one-out cross-validated risk score obtained again from a 
second multivariate gene signature Cox model (i.e., P(recurrence) = β1 Nomogram + β2 Signature; β is fitted using the first 
Cox model, Signature obtained from a LOO-CV second model). As the right endpoint for the nomogram was recurrence 
free-survival, we fitted this first Cox model for recurrence free-survival. We again examined the C-statistic of this second 
set of models. Table S10c-d show that the gene signature risk score alone is only slightly worse than the combined model. 
This finding has to be validated in independent data. The signature performance significantly decreases with the changed 
endpoint. Apart from being trained for predicting overall survival, the lower number of events (36 compared to 58) might 
be a reason for this decrease. 
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Table S10c: Comparison of the prognostic power of the IBCNC nomogram (24) and the gene signature by means of the C-statistic (25) 
in all datasets with survival information. Right endpoint was recurrence-free survival. 

Covariates C SE Lower 95 Upper 95 

Nomogram + Signature 0.657 0.051 0.558 0.757 

Nomogram 0.577 0.075 0.430 0.724 

Difference 0.080 0.063 -0.043 0.204 

Nomogram + Signature 0.657 0.051 0.558 0.757 

Signature 0.643 0.046 0.553 0.733 

Difference 0.015 0.031 -0.047 0.076 
C: C-statistic; SE: Standard Error 

 
Table S10d: Same as S10c, but with right endpoint overall survival. 

Covariates C SE Lower 95 Upper 95 

Nomogram + Signature 0.737 0.034 0.670 0.805 

Nomogram 0.587 0.040 0.509 0.666 

Difference 0.150 0.042 0.067 0.233 

Nomogram + Signature 0.737 0.034 0.670 0.805 

Signature 0.714 0.034 0.646 0.781 

Difference 0.024 0.021 -0.017 0.065 
C: C-statistic; SE: Standard Error 

 

Alternative overall survival signatures 
 
Finally, we sought to test our optimization algorithm (Supplemental Materials and Methods) by using only 3 datasets for 
training and the remaining two for validation. One caveat was that all datasets were used to determine a pool of 3035 
candidate genes (Supplemental Materials and Methods). The two datasets were therefore not completely independent 
of the feature selection process. However, due to the large number of genes, the number of possible gene signatures and 
thus the optimization search space is huge enough to show the feasibility of the approach. We used the commercial 
platforms (Kim, Riester, Sanchez) for training and the two cDNA platforms (Blaveri and Lindgren) for validation and started 
two independent optimizations with random starting signatures.  
 
Signature 1, resulting from the first optimization, comprised the RGS16, CUTA, PTHLH, NCKAP1, UPK1B, ICAM1 and LMO7 
genes; signature 2 FGL2, MYCL1, LAMA2, MMP19, HIST1H4B and RASSF7. To avoid over-fitting, these signatures are both 
smaller than the Table 4 signature due to the fewer training samples: because of the higher expected variance with small 
sample sizes, a gene must improve the signature greatly to achieve a significant increase in prediction accuracy. For 
signature 1, we used a p-value cutoff of 0.10, for signature 2 our default of 0.05. The overlap of genes in the 3 signatures 
is almost zero; only LMO7 is present in two signatures. Such low overlaps are observed in many other cancers and are 
likely because many prognostic genes are correlated in expression and different combinations of the correlated genes 
show similar performances (16).  
 
In Fig S10, we demonstrate the prediction accuracies, again by Kaplan-Meier and by concordance analyses. Both 
signatures achieved significance in all training sets and the Blaveri validation set. The performance in Lindgren was rather 
poor, likely due to the fact that only 2 (signature 1) and 1 (signature 2) of the genes are present on Lindgren cDNA 
microarray. Nonetheless, signature 1 improved stage and grade despite showing poor risk stratification. Signature 2, while 
not providing more survival information than stage and grade, stratified patients in groups with significantly different 
survival times. 
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Figure S10: Performance of two alternative signatures in Blaveri and Lindgren, obtained by training in the remaining datasets. (A-C) 
Signature 1; (D-F) Signature 2. (A, D) LOO-CV Kaplan-Meier Blaveri cohort; (B, E) LOO-CV Kaplan-Meier Lindgren cohort; (C, F) C-
Statistic (25) of the signature in all datasets. 

A B C

D E F

 
A third alternative signature was established with the LASSO method (22), using the combined expression data of the 
Riester and Sanchez-Carbayo cohorts (Figure S9c): ADRBK2, AGR2, CCL8, CLTC, CXCL9, CXorf40A, CYB5R2, DKK3, FOXF2, 
ICAM1, KRTAP5-9, LMO7, MAGEA3, MAP2K1, MMP19, MPL, MTHFD2, MYCL1, OBFC1, PRSS2, SCEL, SCRN1, TCEB2, TFF3, 
TSG101, TYMS, UPK1B. Overlaps with the other signatures, established with our completely different algorithm, were 
LMO7, MAP2K1, TSG101, ICAM1, LMO7, UPK1B, MMP19 and MYCL1. This signature showed, however, poor performance 
in the Kim and Lindgren validations set (Figure S11), indicating (i) the need for larger training sample sizes and (ii) the 
superiority of our brute force optimization. 
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Figure S11: Performance of the LASSO alternative signature in Blaveri, Kim and Lindgren, obtained by training in the remaining 
datasets. (A) LOO-CV Kaplan-Meier Blaveri cohort; (B) LOO-CV Kaplan-Meier Kim cohort (C) LOO-CV Kaplan-Meier Lindgren cohort; 
(D) C-Statistic (25) of the signature in all datasets. 

A B C

D   
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