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Background: Bladder urothelial carcinoma (BLCA) is globally recognized as a prevalent malignancy. Its 
treatment remains challenging due to the extensive morbidity, high mortality rates, and compromised quality 
of life from postoperative complications and the lack of specific molecular targets. Our aim was to establish 
a prognostic model to evaluate the prognostic significance, assess immunotherapy responses, and determine 
drug susceptibility in patients with BLCA.
Methods: From The Cancer Genome Atlas (TCGA) datasets, we obtained BLCA clinical details 
and expression data of immune-related genes. These data were analyzed using R and related packages. 
Differential expression analysis, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) analyses, weighted gene co-expression network analysis (WGCNA), univariate and multivariate 
Cox regression analysis, prognostic analysis, model establishment and evaluation, gene set variation analysis 
(GSVA), immune function and checkpoint analysis, immunotherapy response prediction, and prediction of 
drug sensitivity were conducted.
Results: A total of 11 differentially expressed immune genes (DEIGs) were selected to establish the bladder 
carcinoma immune-related gene signature for BLCA prognosis prediction. In both the training and testing 
groups, the high-risk cohort showed a lower overall survival (OS) than the low-risk cohort. The area under 
the receiver operating characteristic curve (AUC) was 0.712 in the training group and 0.631 in the testing 
group, highlighting its predictive capacity. In the external validation datasets GSE39281 and IMvigor210, 
the OS of the high-risk group was significantly lower than that of the low-risk group, with AUC values of 
0.609 and 0.563, respectively. Patients in the training group were categorized into low- and high-risk groups 
based on the bladder carcinoma immune gene signature (BCIGS) median risk score. GSVA showed 21 
KEGG pathways positively correlated with model risk scores. The high-risk group presented with elevated 
stromal score, immune score, ESTIMATE score, and T cell exclusion score level. Conversely, the low-risk 
group displayed heightened cytotoxic T-lymphocyte antigen 4 (CTLA4) expression, indicative of a better 
response to immune checkpoint inhibitors (ICIs). Notably, significant disparities were found in immune 
subtypes, immune-related function, and immune-related survival between the two risk groups. The AUC 
values of our model are 0.765 and 0.660, respectively, surpassing those of other models, such as the tumor 
inflammation signature (TIS), tumor immune dysfunction and exclusion (TIDE), and various clinical factors. 
We also presented a nomogram, with the AUCs for predicting 1-, 2-, and 3-year OS at 0.727, 0.772, and 
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Introduction

The incidence of bladder urothelial carcinoma (BLCA), 
the tenth most frequent malignancy overall, is around 

four times higher in males than in females (1). Tobacco 
use currently remains the leading risk factor of BLCA, 
accounting for almost 50% of cases (2). Following 
surgical removal and, when required, with supplementary 
intravesical maintenance immunotherapy or chemotherapy, 
most individuals present with a superficial, non-muscle-
invading tumor, leading to a promising prognosis (3). 
Yet, bladder cancer that invades the muscle is marked 
by elevated morbidity and mortality rates, making it a 
profoundly fatal ailment. Currently, multimodal therapy 
that combines a cystectomy with neoadjuvant chemotherapy 
and immunotherapy is effective in treating metastatic 
bladder cancer (4).

Current treatments for advanced BLCA involve immune 
checkpoint inhibitors (ICIs), specifically inhibitors targeting 
programmed cell death protein 1 (PD-1) and programmed 
death ligand 1 (PD-L1) (5). ICI therapy for muscle-invasive 
and advanced conditions has demonstrated considerable 
survival advantages (6). However, immune checkpoint 
blockade (ICB) is often used to treat bladder cancer, with 
little to no therapeutic effect for the majority of patients (7). 
The effectiveness of ICI is influenced by various factors, 
including the tumor microenvironment (TME), tumor 
mutation burden (TMB), tumor immune dysfunction and 
exclusion (TIDE), and microsatellite instability (MSI)  
(8-11). Few accurate biomarkers can forecast how a 
particular patient will react to ICI treatment. The 
individualization of immunotherapy for BLCA patients may 
be made possible by the identification of suitable prognostic 
indicators. Regrettably, there are a paucity of established 
biomarkers that reliably signify a patient’s response to 
treatment, and we still do not fully understand the TME, 
TMB, and TIDE of BLCA. There is an urgent need for 
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•	 This study has reported the role of immune-related genes in 

bladder urothelial carcinoma (BLCA) and developed bladder 
carcinoma immune gene signature (BCIGS) to predict prognostic 
significance, immunotherapy response, and drug sensitivity. 
BCIGS can effectively distinguish between the survival rate, 
immune subtype, and immune function of BLCA patients. These 
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What is known and what is new? 
•	 Immune genes play a crucial role in tumor growth and metastasis. 

Previous studies have reported the involvement of immune 
genes in bladder cancer. However, prognostic models based on 
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bioinformatics to elucidate their molecular characteristics and 
prognostic significance.

•	 This study established the BCIGS, which can serve as a novel 
biomarker for clinicians to guide personalized management of 
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•	 The results of this study indicate that BCIGS plays a critical role 

in the prognosis and treatment response of bladder cancer. 
•	 The BCIGS may be used as a prognostic biomarker to guide 

personalized treatment strategies for bladder cancer patients.
•	 The identification of BCIGS opens new opportunities for the 

development of targeted therapies and immunotherapies for 
bladder cancer.

0.765 respectively, suggesting the signature’s robust predictive power. Finally, 20 small molecular compounds 
were identified, with the TW.37 drug’s half maximum inhibitory concentration (IC50) value difference being 
the most pronounced between the high- and low-risk patient groups, indicating its potential as a treatment 
option.
Conclusions: Our constructed immune-related gene signature model forecasts BLCA patient prognosis 
and potentially guides individualized immunotherapy and chemotherapeutic drug choices.
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more accurate prognostic signatures.
In our study, we conducted an exhaustive analysis of 

the bladder carcinoma immune gene signature (BCIGS). 
Our aim was to establish a robust prognostic framework 
to appraise prognostic relevance, gauge immunotherapy 
reactions, and ascertain medication susceptibility in 
BLCA patients. This endeavor aids experts in initiating 
early diagnostic procedures and commencing treatment. 
We present this article in accordance with the TRIPOD 
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-24-1053/rc). 

Methods

Data collection and immune gene expression variability 

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The Cancer 
Genome Atlas (TCGA) transcriptome, clinical, and 
mutation data can be accessed at https://portal.gdc.cancer.
gov; it comprises 411 samples from patients with BLCA 
and 19 samples from normal bladder tissue. A list of 2,660 
immune genes was compiled using information from the 
innateDB (https://www.innatedb.com) and ImmPort (www.
immport.org/home) websites. We employed the limma 
R package (12) and established the criteria as |log2 fold 
change (FC)| ≥1 and false discovery rate (FDR) <0.05. 
Subsequently, we utilized the Wilcoxon test to detect 
differentially expressed genes (DEGs) and immune genes 
(DEIGs) by comparing standard bladder samples to BLCA 
samples. Finally, we produced a heatmap of the DEG and 
DEIG using the R package pheatmap.

Weighted gene co-expression network analysis (WGCNA), 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analyses of DEIGs 

We performed GO enrichment and KEGG pathway 
analyses for the 224 DEIGs using the “clusterProfiler” (13), 
“enrichplot”, “ggplot2”, and “org.Hs.eg.db” R packages, 
with P and Q value thresholds set at 0.05. Additionally, we 
also performed WGCNA for the expression data of DEIGs 
using the “WGCNA” (14) and “limma” R packages. Using 
cluster analysis, the closely related genes were separated 
into gene modules. Gene modules smaller than 15 were not 
taken into consideration. We set a cut height threshold at 
0.3 to analyze the gene modules. Subsequently, we created 
a heatmap to visualize the Pearson correlation coefficients 

and their corresponding P values between module 
eigengenes (MEs) and tumor status. The key module linked 
to the BCIGS was identified for subsequent studies.

Prognosis-related DEIGs identification 

We performed a univariate Cox regression analysis and 
conducted a Kaplan-Meier test on the majority of the 
significant module genes identified through WGCNA, 
using the “survminer” and “survival” R packages. Genes 
that showed significant results in the univariate Cox 
regression analysis, with a P value <0.05, were regarded as 
potential immune genes associated with prognosis. The 
prognostic significance of these DEIGs was assessed using 
the Kaplan-Meier test, with genes having a P value below 
0.05 identified as potential central immune genes with 
prognostic relevance.

Prognostic model establishment and evaluation 

For the TCGA BLCA patient cohort, we evenly partitioned 
them into training and testing sets. Subsequently, we 
employed the glmnet (15), survival, caret, survminer, and 
survivalROC R packages to construct a multivariate Cox 
proportional hazards regression model using the DEIGs 
associated with prognosis from the training set. This 
model yielded the risk score essential for patient prognosis 
assessment. The risk score was computed as follows: 
risk score = α1 × Ex1 + α2 × Ex2 + … + αi × Exi, where 
Ex is the expression level, and α denotes the regression 
coefficient. We divided the training dataset into two groups, 
distinguishing between low- and high-risk, using the median 
risk score obtained from the model’s equation. We then 
applied the same median risk score to classify the testing 
dataset and external validation datasets GSE39281 (16) 
and IMvigor210 (17). These datasets served as validation 
cohorts to confirm the predictive efficacy of our model. In 
both the training and testing datasets, as well as the external 
validation datasets GSE39281 and IMvigor210, we used the 
survival and survminer R packages to assess overall survival 
(OS) differences between risk groups via log-rank tests. To 
evaluate the model’s precision, we generated a risk plot and 
heatmap using the pheatmap package, along with a receiver 
operating characteristic (ROC) curve using the survivalROC 
package. We conducted a Cox regression analysis using 
the survival R package to assess the predictive capabilities 
of various clinical features in the BLCA patients within 
the training dataset. Moreover, the ComplexHeatmap 
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R package enabled us to discern variations in numerous 
clinical parameters between the training dataset’s high- and 
low-risk categories.

Gene set enrichment analysis and gene set variation 
analysis (GSVA) 

We carried out a gene set enrichment analysis (GSEA) on the 
training dataset’s high- and low-risk groups using the limma 
and org packages. For this assessment, gene sets from the C2 
(c2.cp.kegg.v7.4.symbols.gmt) and C5 (c5.go.v7.4.symbols) 
families were specifically selected. 1,000 permutations were 
used to compute the FDR q values; a gene set was deemed 
highly enriched if its normalized enrichment score (NES) 
was more than 1 and the FDR was less than 0.25. GSVA is 
a method used to measure changes in pathway activity over 
different sample groups (18). To calculate the relationship 
between KEGG pathway and model genes and risk scores, 
we employed the GSVA approach. We employed the 
GSVA package (19), along with limma, GSEABase, GSVA, 
reshape2, and ggplot2 for the analysis.

Immune cell infiltration, immune-related function, and 
survival analysis 

Utilizing normalized gene expression data, the cell-
type identification by estimating relative subsets of RNA 
transcripts (CIBERSORT) analytical tool is adept at 
characterizing the cellular composition of multifaceted 
tissues (20). We employed CIBERSORT to evaluate and 
quantify the proportional presence of 22 immune cell types 
infiltrating each BLCA specimen. Additionally, we sourced 
the relative prevalence data of immune cell infiltrates in 
TCGA samples from Thorsson et al.’s documentation (21). 
For the Kaplan-Meier survival analysis, which involved 
comparing immune cell types infiltrating the high- and low-
risk groups, we made use of the R packages “survminer”, 
“limma”, and “survival”. To further investigate the 
relationship between patient risk scores and the extent of 
immune cell infiltration, we utilized the “scales”, “ggtext”, 
“ggplot2”, “ggpubr”, and “tidyverse” R packages. Bindea 
et al.’s study (22) furnished us with 29 immunological 
datasets detailing specific immune cell categories, immune-
focused pathways, and immune-driven functionalities. 
To compute the infiltration score per BLCA specimen 
amidst the high- and low-risk categories, using the 29 
immunological datasets, we utilized the “limma”, “GSVA”, 
“ggpubr”, “GSEABase”, and “reshape2” R packages. With 

the “limma”, “survival”, and “survminer” R packages, we 
executed a survival analysis juxtaposing immune-associated 
operations between the high- and low-risk groupings.

TMB, TME, and TIDE analysis 

In this study, we performed a comprehensive analysis of 
the TME using advanced statistical techniques and the 
R packages “estimate” and “limma”. The primary goal 
was to understand the composition of the TME and its 
potential association with different risk groups. To achieve 
this, we first assessed the presence of immune and stromal 
components within the TME, quantifying them using 
metrics such as estimation of stromal and immune cells 
in malignant tumor tissues using expression data score 
(ESTIMATEScore), StromalScore, and ImmuneScore. 
By doing so, we could distinguish between portions 
of immune-stromal, pure stromal, and solely immune 
elements, providing valuable insights into the TME’s 
heterogeneity. To discern disparities between high- and 
low-risk cohorts, Wilcoxon rank-sum tests were conducted 
on these scores, employing additional R packages such as 
reshape2 and ggpubr. Furthermore, external data including 
TIDE scores, MSI scores, T cell dysfunction scores, and T 
cell exclusion scores were sourced to enrich their analysis 
and gain a more holistic understanding of the tumors under 
investigation. The connection between the risk score and 
TMB, a crucial factor in cancer biology, was also explored. 
Using a combination of R packages such as limma, ggExtra, 
ggplot2, and ggpubr, potential differences in TMB between 
the risk groups were probed, shedding light on a potentially 
crucial aspect of cancer biology and risk assessment.

Immune subtype and immune checkpoint analysis 

We examined over 10,000 TCGA cancers and identified 
six immune subgroups with distinct characteristics and 
prognoses utilizing cluster analysis of a large list of immune 
expression signatures reported by prior studies: C1, healing 
of wounds; C2, dominance of IFN-γ; C3, inflammation; 
and C4, lymphocyte depletion (21). In our study, we 
utilized the RColorBrewer package in R to examine 
potential differences in immune subtypes between high- 
and low-risk groups. Spearman correlation coefficients 
and their corresponding P values were calculated for the 
expression levels of immune checkpoint genes. To gain 
deeper insights into the relationships among model genes, 
immune checkpoint genes, and risk scores, we harnessed 
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the power of the ggplot2, reshape2, and limma packages in 
R. This comprehensive analysis allowed us to unravel key 
associations within our dataset.

Clinical application of prognostic model 

We used the rms R package to create a nomogram based on 
our prognostic model, allowing us to predict the probability 
of OS. To assess the potential efficacy of immunotherapy, we 
referenced The Cancer Immunome Atlas (TCIA) database 
(https://tcia.at/) for BLCA’s cytotoxic T-lymphocyte 
antigen 4 (CTLA-4) and PD-1 blockade treatment details. 
To identify potential differences in treatments targeting 
CTLA-4 and PD-1 across BLCA patient groups delineated 
by risk scores (high/low), we used the ggpubr R package. 
The “pRRophetic” package was used for drug response 
prediction. This package utilizes half maximum inhibitory 
concentration (IC50) values specific to each BLCA patient, 
derived from the Genomics of Drug Sensitivity in Cancer 
(GDSC) database (23). Then, using freely accessible drug 
sensitivity databases, we identified potential medications 
that target the immune gene profile associated with bladder 
cancer.

Statistical analysis

Statistical evaluations were executed with R version 4.0.2 
and relevant packages. For categorical data, we employed 
the Chi-squared test, whereas the independent t-test was 
utilized for contrasting continuous variables across two 
groups. The log-rank test facilitated the Kaplan-Meier 
survival analysis. For regression studies, hazard ratios (HRs) 
and their associated 95% confidence intervals (CIs) were 
determined. The significance was denoted as: *, P<0.05; **, 
P<0.01; and ***, P<0.001.

Results

DEIGs identification and GO, KEGG analyses 

The detailed study design is shown in Figure 1. Relevant R 
programs were utilized for data processing and the selection 
of DEGs and DEIGs. From this analysis, 3,914 DEGs 
and 224 DEIGs satisfied the criteria set for the study. 
Figure 2A,2B show the heatmaps for DEGs and DEIGs, 
respectively. Using R and correlation tools, we delved deep 
into the GO and KEGG enrichment studies of DEIGs. 
The GO analysis underscored a notable enrichment in 

DEIGs for functionalities such as inflammation modulation, 
chemokine-mediated signaling, cell chemotaxis, cellular 
calcium ion homeostasis, external stimuli response 
amplification, and responses to chemokines, as illustrated in 
Figure 2C. Meanwhile, the KEGG exploration pinpointed 
significant DEIG engagement in pathways such as 
cytokine-cytokine receptor interactions, calcium signaling, 
neuroactive ligand-receptor interplays, interactions with 
viral proteins and cytokine receptors, melanoma, and the 
pathways of PI3K-Akt, Ras, and MAPK, all shown in  
Figure 2D.

WGCNA of DEIGs 

We carefully evaluated the soft-thresholding power 
to maintain scale independence and mean linkage in 
co-expression networks. The network topology was 
characterized by a soft-threshold power of 0.9 for the 
scale-free index and 3 for mean connectivity, resulting in 
a nearly scale-free state (Figure S1). Five integrated co-
expression modules were subsequently built (Figure 2E). 
The relationship between normal, malignant, and MEs 
was subsequently established. The results showed a direct 
association between the tumor and the blue and brown 
modules, as depicted in Figure 2F. In addition, we found 
that the tumor was adversely linked with the turquoise 
and yellow modules (Figure 2F). The WGCNA found 155 
DEIGs in the turquoise module.

Prognosis-related DEIGs selection 

Results from the univariate Cox regression analysis (shown 
in Figure 3A) yielded 32 potential hub DEIGs linked to 
prognosis. These were then further analyzed for their 
prognostic relevance. Cox regression analysis involving 
multiple variables was conducted on the 32 DEIGs, 
leading to the identification of 11 hub DEIGs that were 
deemed independent predictors of BLCA, as illustrated in  
Figure 3B and outlined in Table S1. The Kaplan-Meier 
survival analysis (represented in Figure 3C) indicated 32 hub 
DEIGs related to prognosis.

Prognosis-related model construction and validation 

Out of the 404 BLCA patients, 204 were randomly assigned 
to the training dataset, with the rest allocated to the testing 
dataset. The predictive model was constructed using the 
11 hub DEIGs for prognosis with the training data. To 
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Figure 1 Flowchart of this study. TCGA, The Cancer Genome Atlas; BLCA, bladder urothelial carcinoma; DEGs, differentially expressed 
genes; DEIGs, differentially expressed immune genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; 
WGCNA, weighted gene co-expression network analysis; ROC, receiver operating characteristic; GSEA, gene set enrichment analysis; 
GSVA, gene set variation analysis; TIDE, tumor immune dysfunction and exclusion; TME, tumor microenvironment; TMB, tumor 
mutation burden.
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determine the risk score for every patient, we used the 
subsequent formula: risk score = (−0.4595 × ExpCXCL12) 
+ (1.5529 × ExpLCN1) + (−2.6484 × ExpFGF10) + (0.8514 
× ExpSEMA6D) + (−0.8561 × ExpCORT) + (−1.4912 × 
ExpNTF3) + (0.7531 × ExpPGR) + (0.5880 × ExpPTGER3) 

+ (0.5979 × ExpUSP2) + (0.4599 × ExpJAM3) + (0.4272 × 
ExpC7). 

Next, our aim was to assess the prediction potential. 
Figure 4A,4B depict patient survival status, risk scores, and 
an expression heatmap based on the 11 DEIGs for both 
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Figure 2 Analysis of differentially expressed immune genes and WGCNA. (A) The heatmap of differentially expressed genes. (B) The 
heatmap of DEIGs. (C) Circular plot of GO enrichment analysis of DEIGs. (D) Circular plot of KEGG pathway analysis of DEIGs. (E) 
The merged graphical result shows the final clustering of samples under different network modules. (F) Gene modules related to BLCA 
obtained by WGCNA. WGCNA, weighted gene co-expression network analysis; GO, Gene Ontology; FC, fold change; KEGG, Kyoto 
Encyclopedia of Genes and Genomes; DEIGs, differentially expressed immune genes; BLCA, bladder urothelial carcinoma.
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Figure 3 Survival analysis of DEIGs. (A) Univariate and (B) multivariate analyses of the gene expression level and OS. (C) Kaplan-Meier 
survival analysis for OS between high and low gene expression groups. CI, confidence interval; DEIGs, differentially expressed immune 
genes; OS, overall survival.
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Figure 4 Validation of the BCIGS predicting model and performance analysis in BLCA. (A,B) Risk score distribution, survival status, and 
the expression of 11 DEIGs for patients in low- and high-risk groups from TCGA-BLCA training dataset (A) and TCGA-BLCA testing 
dataset (B). (C,D) Kaplan-Meier survival curves showing the comparison of OS between the low- and high-risk groups from TCGA-BLCA 
training dataset (C) and TCGA-BLCA testing dataset (D). (E,F) ROC curves of TCGA-BLCA training dataset (E) and TCGA-BLCA 
testing dataset (F). (G) Univariate Cox analysis of clinical factors and the risk score. (H) Multivariable Cox analysis of clinical factors and 
the risk score. (I) Clinical characteristics of different risk subgroups. *, P<0.05. ROC, receiver operating characteristic; AUC, area under 
the receiver operating characteristic curve; CI, confidence interval; BCIGS, bladder carcinoma immune gene signature; BLCA, bladder 
urothelial carcinoma; DEIGs, differentially expressed immune genes; TCGA, The Cancer Genome Atlas; OS, overall survival; T, tumor; N, 
node; M, metastasis. 

low- and high-risk groups in both the training and testing 
datasets. Results from the training and testing set showed 
that the high-risk group had a reduced OS relative to the 
low-risk group, as depicted in Figure 4C,4D. The 11 hub 
DEIGs’ predictive usefulness was verified by ROC analysis. 
In the training and testing dataset, the model achieved 
an area under the ROC curve (AUC) of 0.712 and 0.631, 
respectively, indicating improved diagnostic accuracy, as 
demonstrated in Figure 4E,4F. 

In this study, Cox regression analysis played a pivotal 
role in shedding light on the prognosis of BLCA patients. 
Through the use of this statistical method, we meticulously 
examined various clinical attributes and their impact on 
OS. Our findings, as demonstrated in Figure 4G, indicated 
that risk score, age, and stage were significantly associated 
with OS when assessed individually through univariate Cox 
regression. Moreover, comprehensive multivariate Cox 
analysis, as depicted in Figure 4H, confirmed that these 
factors independently influenced the OS of BLCA patients 
in our training dataset. Furthermore, Figure 4I illuminated 
substantial variations in T stage, underscoring the crucial 
role of clinical traits in distinguishing high- and low-
risk groups among BLCA patients. This robust statistical 
approach provides valuable insights into the complex 
interplay of clinical attributes and their implications for 
patient prognosis.

To validate the predictive capability of our risk score 

model, the same approach was applied to the testing dataset 
and external validation datasets GSE39281 and IMvigor210. 
In the external validation datasets GSE39281 and 
IMvigor210, the OS of the high-risk group was significantly 
lower than that of the low-risk group (Figure 5A,5B), with 
AUCs of 0.609 and 0.563 (Figure 5C,5D), respectively. The 
patient survival status, risk scores, and expression heatmap 
based on the 11 DEIGs for both the high- and low-risk 
groups are shown in Figure 5E,5F. These suggest potential 
avenues for enhancing the model’s prognostic accuracy and 
reliability.

The results of GSEA and GSVA 

The KEGG GSEA highlighted key pathways in our study. 
GRAFT_VERSUS_HOST_DISEASE was strongly linked 
to the high-risk group, whereas LINOLEIC_ACID_
METABOLISM was prominent in the low-risk group 
(Figure 6A,6B). REGULATION_OF_HUMORAL_
IMMUNE_RESPONSE was significant in the high-
risk group, and AROMATASE_ACTIVITY stood out in 
the low-risk group, providing insights into their distinct 
molecular profiles (Figure 6C,6D). We used GSVA to 
compare KEGG pathways, model gene expression levels, 
and risk scores to investigate the related cancer hallmark 
pathways in relation to BCIGS. A total of 21 KEGG 
pathways showed good correlations with model risk ratings 
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Figure 5 External validation of the BCIGS predicting model in BLCA. (A,B) Kaplan-Meier survival curves showing the comparison of OS 
between the low- and high-risk groups from GSE39281 dataset (A) and IMvigor210 dataset (B). (C,D) ROC curves of GSE39281 dataset 
(C) and IMvigor210 dataset (D). (E,F) Risk score distribution, survival status, and the expression of 11 DEIGs for patients in low- and high-
risk groups from GSE39281 dataset (E) and IMvigor210 dataset (F). ROC, receiver operating characteristic; AUC, area under the receiver 
operating characteristic curve; BCIGS, bladder carcinoma immune gene signature; BLCA, bladder urothelial carcinoma; OS, overall 
survival; DEIGs, differentially expressed immune genes. 

above the predetermined limit (Figure 6E). These findings 
supported further investigation by confirming that BCIGS 
was connected to the majority of tumor-related pathways.

BCIGS was associated with BLCA immune status

In  order  to  ga in  a  deeper  unders tanding  of  the 
immunological landscape among patients at varying 
levels of risk, the researchers in this study employed a 
comprehensive analysis approach. They utilized the single-
sample gene set enrichment analysis (ssGSEA) method 
to assess the infiltration scores of multiple immune cell 

subtypes and to explore immune-related functions and 
pathways. The findings, as depicted in Figure 7A,7B, provide 
valuable insights into the intricate relationship between 
the patients’ risk profiles and their immune systems. One 
of the key observations highlighted in the study was the 
significant disparity in immune cell activity between high- 
and low-risk patients. Various immune cell subtypes, such 
as CD8+ T cells, macrophages, and regulatory T cells, 
exhibited notably elevated scores in high-risk individuals, as 
illustrated in Figure 7C. This heightened immune activity 
in high-risk patients suggests a potential link between 
immune system activation and the underlying risk factors. 
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Figure 6 GSEA and GSVA. (A) GSEA shows top enriched pathways in high-risk group. (B) GSEA shows top enriched pathways in low-risk 
group. (C) GSEA shows top enriched GO terms in the high-risk group. (D) GSEA shows top GO terms in the low-risk group. (E) Heatmap 
shows the correlation between KEGG pathway and model genes and risk scores. *, P<0.05; **, P<0.01; ***, P<0.001. KEGG, Kyoto 
Encyclopedia of Genes and Genomes; GSEA, gene set enrichment analysis; GSVA, gene set variation analysis; GO, Gene Ontology. 
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However, the most striking aspect of the study emerged 
when considering patient outcomes. The Kaplan-Meier 
survival analysis revealed that patients with increased levels 
of certain immune cell types, such as macrophages M0 and 
M2, experienced shorter survival spans. Conversely, patients 
with elevated expressions of other immune cell types, such 
as dendritic cells activated and T cells follicular helper, 
exhibited longer survival durations (Figure 7D). Similarly, 
immune-related functions and pathways also played a 
crucial role in determining patient survival, with some 
showing a clear association with reduced survival yet others 
being linked to prolonged survival (Figure 7E). In summary, 
this research sheds light on the intricate interplay between 
the immune system and patients’ risk profiles, providing 
valuable insights that may have implications for prognosis 
and potential therapeutic interventions.

The results of TME, TIDE, TMB, and immune subtype 

A comprehensive study was conducted comparing high- and 
low-risk groups concerning the development of metastasis 
in cancer patients, which focused on various scoring systems 
to evaluate the potential for metastasis development. 
Notably, the high-risk group exhibited significantly higher 
scores in key areas, including StromalScore, ImmuneScore, 
and ESTIMATEScore, compared to the low-risk group 
(Figure 8A). These findings imply that individuals with 
elevated scores in these categories have an increased 

likelihood of developing metastasis. Moreover, the study 
delved into several other factors that could influence 
metastasis and the effectiveness of immunotherapy. 
Interestingly, although factors such as T cell dysfunction, 
TIDE score, and MSI score did not exhibit significant 
differences between the high- and low-risk groups  
(Figure 8B-8D), the T cell exclusion score was higher in the 
high-risk group (Figure 8E). This suggests that individuals in 
the high-risk category, as determined by the BCIGS, might 
be particularly suitable candidates for immunotherapy, 
especially ICIs. Furthermore, the research revealed distinct 
immunological clusters within the two risk groups, with 
the C2 subtype dominating the high-risk group and C1 
being more prevalent in the low-risk category (Figure 8F). 
This information could have important implications for 
tailoring treatment approaches based on the patient’s risk 
profile. Additionally, the study explored the relationships 
between immune checkpoint genes and other genes within 
the model. Positive correlations were observed between 
several immune checkpoint genes and specific genes such as 
CXCL12, LCN1, FGF10, SEMA6D, PGR, PTGER3, JAM3, 
and C7, whereas CORT showed an inverse relationship 
with most immune checkpoint genes (Figure 8G). Lastly, 
the study investigated the TMB and its association with 
the risk score, revealing a negative correlation between the 
two in bladder cancer (Figure 8H,8I). This suggests that 
as the risk score increases, the TMB tends to decrease, 
providing valuable insights into the underlying mechanisms 

Figure 7 The difference in immune cell infiltration and immune-related function/pathways between low- and high-risk groups. (A) The 
relative percent of 22 immune cell types in the low- and high-risk groups of BLCA patients. (B) The correlation analysis of different 
immune cell types and risk score of patients by various statistical algorithms. (C) Box plot showing the scores of immune-related function/
pathways between low- and high-risk groups in BLCA patients. (D) Kaplan-Meier survival analysis of the different immune cells between 
high- and low-expression groups. (E) Kaplan-Meier survival analysis of the different immune-related function/pathways between high- and 
low-expression groups. *, P<0.05; **, P<0.01; ***, P<0.001. BLCA, bladder urothelial carcinoma.
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Figure 8 Characterization of prognostic model. (A) TME scores, (B) TIDE, (C) dysfunction, (D) MSI scores, (E) exclusion, and (F) immune 
subtype were analyzed in the low- and high-risk groups of BLCA patients. (G) The correlation analysis between 11 signature genes and 
immune checkpoint genes. (H) Comparison of TMB between low- and high-risk groups. (I) The correlation analysis of risk score and TMB. 
ns, P≥0.05; *, P<0.05; **, P<0.01; ***, P<0.001. TME, tumor microenvironment; TIDE, tumor immune dysfunction and exclusion; MSI, 
microsatellite instability; TCGA, The Cancer Genome Atlas; TMB, tumor mutation burden; BLCA, bladder urothelial carcinoma. 

5000

2500

0

–2500

–5000

0.0

–0.5

–1.0

–1.5

–2.0

40

30

20

10

0

40

30

20

10

0

–10

1.02

0.99

0.96

0.93

0.90

3

2

1

2

1

0

–1

–2

Stro
m

alS
co

re

Im
m

un
eS

co
re

ESTIM
AT

ESco
re

TM
E

 s
co

re

D
ys

fu
nc

tio
n

Tu
m

or
 m

ut
at

io
na

l b
ur

de
n

Tu
m

or
 m

ut
at

io
na

l b
ur

de
n

M
S

I

E
xc

lu
si

on

TI
D

E

Low-risk

Low-risk

Low-risk

Low-risk Low-risk

–low

High-risk

High-risk

High-risk
Risk score

199 TCGA patients

High-risk High-risk

Correlation

CXCL1
2

LC
N1

FG
F1

0

SEM
A6D

CORT
NTF

3
PGR

PTG
ER3

USP2 C7

Risk
 sc

or
e

JA
M

3

–high

Risk Low High

ns

ns

P=0.22

ns ***

*** ***

0 10 20 30 40 50

TNFSF9 
TNFSF4 

TNFSF18 
TNFSF15 
TNFSF14 
TNFRSF4 

TNFRSF18 
TNFRSF14 

PDCD1 
NRP1 
LAIR1 
LAG3 
ICOS 

HHLA2 
HAVCR2 

CTLA4 
CD86 
CD80 
CD48 
CD44 
CD28 

CD244 
CD200R1 

CD200 
CD160 
BTNL2 

ADORA2A

0.6
0.4
0.2
0.0
–0.2
–0.4

*** P<0.001
** P<0.01
* P<0.05

A

F

B

G

C

H

D

I

E



Translational Cancer Research, Vol 13, No 12 December 2024 6747

© AME Publishing Company.   Transl Cancer Res 2024;13(12):6732-6752 | https://dx.doi.org/10.21037/tcr-24-1053

of metastasis in this context.

Clinical application 

Using the aforementioned findings, a nomogram for 
predicting OS (Figure 9A) was constructed by incorporating 
the expression of CXCL12, LCN1, FGF10, SEMA6D, 
CORT, NTF3, PGR, PTGER3, USP2, JAM3, and C7. 
We also assessed the model’s propensity for prediction. 
According to Figure 9B, the AUC for the 1-, 2-, and 
3-year OS stood at 0.727, 0.772, and 0.765 respectively.  
Figure 9C,9D demonstrate that the predictive capability 
of our model surpasses that of other models, underscoring 
its superior diagnostic and predictive accuracy. The results 
of predicting the response to anti-CTLA4 and anti-PD-1 
immunotherapy (Figure 9E-9G) indicated that anti-CTLA4 
treatment had a more significant impact on the low-risk 
patients compared to the high-risk patients. This suggests 
that low-risk patients may potentially exhibit a more 
favorable response to anti-CTAL4 immunotherapy. In our 
study of patients with BLCA, we employed the pRRophetic 
technique to forecast the response to chemotherapy by 
utilizing the IC50 data from the GDSC database. Our 
analysis identified a total of 20 chemical compounds with 
significantly diverse responses between the low- and high-
risk groups, as depicted in Figure 10. The most significant 
distinction was observed in the IC50 value of the TW.37 
drug between the low- and high-risk patient groups. These 
findings suggest that these little molecular compounds 
might serve as BLCA therapy agents; however, more 
research is still required. Our findings provide promising 
molecular chemotherapeutic drugs for BLCA patients.

Discussion

The most prevalent cancer in the genitourinary system 
is bladder cancer, sometimes referred to as urothelial 
carcinoma (24). Bladder cancer is the ninth most common 
cancer worldwide and ranks sixth in prevalence in the 
United States (25). The treatment strategy for bladder 
cancer is determined by its pathological severity during 
transurethral resection of the bladder tumor (TURBT) 
and the ensuing staging, which considers tumor lymph 
node metastases (26). For patients with pure carcinoma  
in situ of the bladder, those diagnosed at an older age 
have an increased risk of recurrence and progression, and 
elderly patients may not respond to Bacillus Calmette-
Guérin (BCG) therapy (27). For high-grade and high-risk 

non-muscle invasive bladder cancer (NMIBC), intravesical 
immunotherapy with BCG is considered the gold standard 
treatment to reduce the risk of recurrence and progression 
following the initial TURBT (28). For patients with high-
grade NMIBC undergoing intravesical BCG therapy, the 
study by Ferro et al. indicated that the predictive factors 
for response to BCG in high-grade NMIBC patients 
include multifocality, lymphovascular invasion, and high-
grade on repeat TURBT (re-TURBT) (29). The current 
standard treatment for bladder cancer patients with stage 
IV or metastatic disease is cisplatin-based chemotherapy, 
and cisplatin-based combination chemotherapies have 
grown to be crucial adjuvant treatments (30). Nonetheless, 
cisplatin-based therapy often leads to the development of 
chemoresistance, leading to treatment failures and limiting 
its effectiveness in treating bladder cancer (31). Shi et al. 
reported that the risk factors influencing the prognosis 
of patients with metastatic bladder cancer include age, 
chemotherapy, histological type, bone metastasis, lung 
metastasis, and liver metastasis (32). Immunotherapy can 
only be used as a first-line treatment for patients who are 
not eligible for cisplatin-based therapies (33). ICIs typically 
have a low rate of success in bladder cancer management. 
Therefore, it is crucial to identify patients who are most 
likely to benefit from ICI treatment to avoid unfavorable 
treatment outcomes. It is now understood that several 
immune environment subtypes affect tumor responses to 
ICIs (34). The importance of establishing the prognostic 
and immunotherapy-associated gene profiles of ICI in 
BLCA is demonstrated by this.

In this research, we developed an immune-related 
gene signature specific to bladder cancer, consisting of 11 
DEIGs: CXCL12, LCN1, FGF10, SEMA6D, CORT, NTF3, 
PGR, PTGER3, USP2, JAM3, and C7, all of which have 
prognostic implications. It was determined by the drawing 
of risk curve, risk heatmap, ROC curve, and survival curve, 
and that the risk model did, in fact, have a good predictive 
effect a finding that was in line with that discovered when it 
was evaluated on the testing cohort, the external validation 
datasets GSE39281 and IMvigor210. The results of GSVA 
showed a good correlation between model risk scores and 21 
KEGG pathways. According to a report by the C1 subtype, 
suppressive TME was implied by intermediate immune 
infiltration with M2 macrophages and active transforming 
growth factor (TGF)-β signaling pathway. The C2 subtype, 
meanwhile showed the strongest CD8+ signal and the 
widest variety of T cell receptors, suggesting a favorable 
immune-activated phenotype. In our approach, C1 and 
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Figure 9 The prognostic prediction of nomogram and the evaluation of immunotherapy response. (A) The nomogram for the prediction of 
OS. (B) ROC curves were constructed for 1-, 2-, and 3-year OS of the prognostic model. (C) Comparison of ROC curves among prognostic 
model, TIDE model, and TIS model. (D) Comparison of ROC curves between prognostic model and other clinical features. (E-G) The 
difference of predicting anti-CTLA4 and anti-PD-1 immunotherapy response between high-risk and low-risk group. AUC, area under the 
receiver operating characteristic curve; TIDE, tumor immune dysfunction and exclusion; TIS, tumor inflammation signature; OS, overall 
survival; ROC, receiver operating characteristic; CTLA4, cytotoxic T-lymphocyte antigen 4; PD-1, programmed cell death protein 1.
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Figure 10 Analysis of GDSC database identifies novel candidate drugs targeting the bladder carcinoma immune genes signature. IC50, half 
maximum inhibitory concentration; GDSC, Genomics of Drug Sensitivity in Cancer.
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C2 subtypes account for a combined 87% of instances. 
The high-risk category had a greater prevalence of C2, 
whereas the low-risk group exhibited a higher percentage 
of C1. According to these findings, high-risk individuals 

had an active immune system whereas low-risk patients 
had an immunosuppressive immune system. Furthermore, 
patients in both the low- and high-risk groups exhibited 
statistically significant differences in immune function and 



Guo et al. Tumor immune-related genes signature in bladder carcinoma6750

© AME Publishing Company.   Transl Cancer Res 2024;13(12):6732-6752 | https://dx.doi.org/10.21037/tcr-24-1053

immune-related survival. According to the correlation study 
results, most immune checkpoint genes displayed positive 
associations with CXCL12, LCN1, FGF10, SEMA6D, PGR, 
PTGER3, JAM3, and C7.

A nomogram was used to illustrate the AUC of the risk 
score in predicting 1-, 2-, and 3-year OS. The AUC values 
were 0.727, 0.772, and 0.765, respectively, indicating the 
robust predictive capability of the signature. According 
to the findings, the model is more precise than other 
models, including those based on age, gender, grade, the 
TNM (tumor-node-metastasis) staging system, tumor 
inflammation signature (TIS), and TIDE. The high-risk 
group displayed elevated T cell exclusion scores, which 
are typically indicative of a poor prognosis as they suggest 
that tumor cells can evade immune surveillance. This 
further validates the predictive ability of our model for 
patient responses to immunotherapy (35). In contrast, 
the low-risk group showed higher expression of CTLA4, 
potentially enhancing their susceptibility to ICIs. 
Consequently, patients in the low-risk group were more 
likely to benefit from immunotherapy compared to those 
in the high-risk group. Consistent with Wu et al.’s study, 
observations indicated that the high-risk prognostic group 
had heightened CTLA4 expression and demonstrated 
enhanced responsiveness to anti-PD-1 therapy (36). It is 
well-established that immune and stromal cells associated 
with tumors can have either tumor-inhibiting or tumor-
promoting properties (37). The TME comprises immune 
cells that play a pivotal role in cancer development. In 
this study, the high-risk group exhibited elevated levels 
of immune score, stromal score, and ESTIMATE score, 
underscoring the BCIGS’s ability to effectively distinguish 
between different immune states. In terms of the prediction 
of drug sensitivity, 20 small molecular compounds were 
discovered, and the difference in the IC50 value of the drug 
TW.37 between low- and high-risk patient groups was 
particularly pronounced. These substances may one day 
be used to make medications to treat patients with BLCA, 
but further research is required to confirm this. This study 
offers solid justification for the therapeutic application 
of BCIGS. In the future, we can analyze samples of 
BLCA patients for adjuvant therapy to give patients more 
individualized care.

The study is subject to a variety of limitations. As the 
model validation data were only gathered from public 
sources, multicenter clinical studies are still needed to 
corroborate them. There is a lack of immunotherapy data 
especially for BLCA patients. Therefore, it is imperative 

to validate the predictive effectiveness of BCIGS for 
immunotherapy by utilizing data from other cancer types. 
The accuracy and validity of our conclusions about the 
individual or combined effects of the 11 genes that make up 
BCIGS must be confirmed by further research.

Conclusions

We analyzed the role of immune-related genes in BLCA 
and developed BCIGS to predict prognostic significance, 
immunotherapy response, and drug sensitivity. BCIGS can 
effectively distinguish between the survival rate, immune 
subtype, and immune function of BLCA patients. Patients 
in the BCIGS high group exhibited high TME scores and 
T cell exclusion scores. In contrast, patients in the BCIGS 
low group displayed significantly higher CTLA4 expression 
levels. These findings hold significant potential for guiding 
the development of personalized immunotherapy and 
chemotherapy strategies, ensuring that BLCA patients 
receive more effective and precisely targeted treatments, 
ultimately improving their clinical outcomes.
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