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Abstract 46 

Background 47 

Bladder cancer (BLCA) is a highly heterogeneous malignancy, and accurate prognostic assessment 48 

remains challenging in clinical practice. Recent advances in multidimensional RNA sequencing, 49 

including bulk RNA-seq and single-cell RNA sequencing (scRNA-seq), have provided new 50 

opportunities to identify prognostic biomarkers. In this study, we integrated bulk RNA-seq and 51 

scRNA-seq data from BLCA to construct an immune microenvironment-related prognostic model for 52 

more accurate survival prediction. 53 

 54 

Methods 55 

Bulk RNA-seq and scRNA-seq datasets for BLCA were obtained from the GEO and TCGA databases 56 

to identify key genes and cell populations. After quality control of the scRNA-seq data, principal 57 

component analysis (PCA) and uniform manifold approximation and projection (UMAP) were used 58 

for dimensionality reduction and cell clustering. Cell types were annotated using previously reported 59 

markers and the CellMarker database. Core cell populations were identified by marker-gene analysis 60 

using Seurat and the MAST test, followed by single-sample gene set enrichment analysis (ssGSEA). 61 

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses 62 
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were performed using clusterProfiler. Differentially expressed genes (DEGs) were identified using 63 

DESeq2 and limma, and weighted gene co-expression network analysis (WGCNA) was used to 64 

identify BLCA-associated gene modules. Intersecting candidate genes were then evaluated by 65 

univariate Cox and LASSO-Cox regression analyses to establish a multigene prognostic risk model. 66 

Finally, gene set enrichment analysis (GSEA) and immune microenvironment analyses were 67 

performed to explore the model's potential association with immunotherapy response. 68 

 69 

Results 70 

scRNA-seq analysis identified 12 cell clusters and seven major cell types, of which five showed 71 

reduced enrichment in BLCA and were defined as core cell populations. Marker genes of these core 72 

cells were closely associated with immune responses, cell adhesion, and signal transduction. 73 

Differential analysis of bulk RNA-seq datasets identified 3,100 overlapping DEGs enriched in 74 

pathways related to the cell cycle, signal transduction, and immune regulation. WGCNA further 75 

identified key gene modules associated with BLCA progression. A five-gene prognostic model showed 76 

stable predictive performance for patient survival and was significantly associated with clinical 77 

features, including T stage, N stage, and M stage. GSEA and immune microenvironment analyses 78 

indicated that the high-risk group had a higher mutation frequency and was enriched for pathways 79 

related to immune cell infiltration and immune escape, suggesting a more immunosuppressive 80 

phenotype. 81 

 82 

Conclusions 83 



 4

By integrating bulk RNA-seq and scRNA-seq data, we developed an immune 84 

microenvironment-related prognostic risk score model for BLCA. This model may serve as a useful 85 

tool for prognosis prediction and may help identify patients with BLCA who are more likely to benefit 86 

from immunotherapy. 87 

 88 

Keywords: bladder cancer; scRNA-seq; bulk RNA-seq; tumor immune microenvironment; prognostic 89 

model 90 

 91 

Introduction 92 

Bladder cancer (BLCA), the predominant form of urothelial carcinoma, is among the most common 93 

malignancies of the urinary system. According to GLOBOCAN data, approximately 610,000 new 94 

BLCA cases are diagnosed worldwide each year, with more than 220,000 related deaths [1,2]. 95 

Pathologically, BLCA is classified as non-muscle-invasive bladder cancer (NMIBC) or 96 

muscle-invasive bladder cancer (MIBC). Approximately one-quarter of newly diagnosed patients 97 

present with MIBC or metastatic disease, and these patients generally have poor overall survival; the 98 

five-year mortality rate exceeds 77% among patients with lymph node-positive MIBC [3,4]. Current 99 

international guidelines recommend radical cystectomy with pelvic lymph node dissection as the 100 

standard treatment for high-risk NMIBC or MIBC [5,6]. Although recent studies have shown that 101 

neoadjuvant therapy can provide significant survival benefits [7-10], the overall survival of patients 102 

with BLCA remains unsatisfactory, and treatment responses are heterogeneous. Bladder tumor cells 103 

are characterized by marked invasiveness, biological heterogeneity, and diverse immune escape 104 
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mechanisms, which may limit responses to immunotherapy and adversely affect prognosis [11]. 105 

Therefore, identifying biomarkers associated with immunotherapy response and prognosis based on 106 

the BLCA immune microenvironment is essential for refining treatment strategies. 107 

Bulk transcriptome sequencing is a key tool in transcriptomics and provides essential molecular 108 

information for tumor molecular subtyping, prognostic evaluation, and therapeutic target discovery. 109 

Recent studies have shown that exosome-derived circTRPS1 promotes glutamine metabolism and 110 

induces CD8+ T-cell exhaustion in BLCA by sponging miR-141-3p and upregulating GLS1, thereby 111 

contributing to tumor progression and highlighting its potential therapeutic relevance [12]. In addition, 112 

circSTX6 promotes BLCA metastasis and cisplatin chemoresistance by binding miR-515-3p and 113 

interacting with PABPC1 to stabilize SUZ12 mRNA [13]. Single-cell RNA sequencing (scRNA-seq), 114 

a high-throughput technology, provides a more refined view of the cellular composition of the BLCA 115 

immune microenvironment than conventional bulk tissue sequencing. It enables classification and 116 

functional-state analysis of both tumor and non-tumor cells, thereby providing high-resolution 117 

biological insights [14,15]. Using this approach, researchers can characterize transcriptomic 118 

heterogeneity in BLCA cells and identify gene-expression signatures and molecular markers with 119 

potential prognostic value. Integrated single-cell omics analyses have identified cancer cell 120 

subpopulations associated with high-grade, highly invasive BLCA and poor prognosis, thereby 121 

deepening our understanding of BLCA heterogeneity [16]. Another scRNA-seq study identified a 122 

BLCA cell subpopulation with active lactate metabolism and substantial cisplatin resistance, 123 

suggesting a potential target for overcoming chemoresistance [17]. scRNA-seq also provides unique 124 

opportunities to study intercellular communication and to reveal complex interaction networks among 125 
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different cell types in the tumor microenvironment (TME). These findings underscore the value of 126 

single-cell sequencing for investigating prognosis and drug-resistance mechanisms in BLCA. 127 

In this study, we integrated single-cell and bulk RNA-seq data from BLCA to identify prognostically 128 

relevant biomarkers and construct a risk score model. We systematically validated the model's 129 

predictive performance and further examined its association with immune infiltration, with the aim of 130 

providing a potentially useful perspective for the clinical management of BLCA. 131 

 132 

Methods 133 

 134 

Data sources and processing 135 

Single-cell RNA sequencing (scRNA-seq) data from 11 BLCA tissues and five matched adjacent 136 

normal samples were obtained from the GEO database (GSE135337 and GSE222315). Bulk RNA-seq 137 

data with prognostic information, comprising 18 normal and 404 tumor tissue samples, were 138 

downloaded from TCGA. Quality control was performed on the scRNA-seq data by retaining cells 139 

with 500-6,000 detected genes and mitochondrial gene percentages below 10%. Genes were also 140 

required to be expressed in at least three cells, yielding 135,308 high-quality cells. The top 2,000 141 

highly variable genes were selected using ANOVA for downstream analyses. After dimensionality 142 

reduction by principal component analysis (PCA), the first 50 principal components (PCs) were used 143 

for UMAP-based nonlinear dimensionality reduction and cell clustering [18]. Cell type annotation was 144 

performed using common marker genes and references from previous studies. 145 

 146 
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Core cell screening and functional enrichment analysis 147 

Marker genes for each cluster were identified using the FindAllMarkers function in Seurat, and the 148 

MAST test was used to detect differentially expressed genes (DEGs). Based on the significant marker 149 

genes for each cell type, single-sample gene set enrichment analysis (ssGSEA) [19] was used to 150 

calculate enrichment scores for each cell type in the TCGA-BLCA tumor and normal datasets. 151 

Differences in ssGSEA scores between tumor and normal samples were assessed using the Wilcoxon 152 

test. Cell types whose marker gene sets showed significantly different ssGSEA scores between tumor 153 

and normal samples (P < 0.05) were defined as core cells. Functional enrichment analyses of Gene 154 

Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways for 155 

core-cell marker genes were performed using the clusterProfiler R package. 156 

 157 

DEG identification and functional enrichment analysis 158 

Differential expression analysis was performed on 18 normal and 404 tumor tissue samples using both 159 

DESeq2 and limma [20,21]. Genes with an adjusted P value < 0.05 and |log2FC| > 1 were considered 160 

DEGs. Volcano plots and heatmaps of DEGs identified by each method were generated using ggplot2 161 

and pheatmap. DEGs shared by both methods were subsequently subjected to KEGG pathway and GO 162 

enrichment analyses using clusterProfiler [22] to identify significantly enriched signaling pathways 163 

and biological processes. 164 

 165 

WGCNA analysis 166 

The WGCNA R package [23] was used to construct a co-expression network. Genes related to BLCA 167 
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were filtered using the goodSamplesGenes function, and an appropriate soft-thresholding power was 168 

selected. A co-expression network was constructed using a hybrid dynamic tree-cutting algorithm, 169 

with the minimum module size set to 300 genes. Pearson correlation analysis was used to assess 170 

associations between module eigengenes (MEs) and BLCA status. 171 

 172 

Prognostic model construction 173 

Candidate genes were obtained by intersecting core-cell marker genes, DEGs, and BLCA-related 174 

genes. TCGA-BLCA samples were randomly divided into training and validation sets at a 7:3 ratio. 175 

Univariate Cox regression analysis (P < 0.05) was performed in the training set to identify genes 176 

significantly associated with prognosis. LASSO-Cox regression implemented in the glmnet R package 177 

[24] was then used for variable selection and multigene prognostic model construction. The expression 178 

values of each signature gene were normalized before model construction. The risk score was 179 

calculated as follows: Risk score = sum(normalized gene expression x corresponding LASSO 180 

coefficient). Survival curves were generated using survminer, and time-dependent receiver operating 181 

characteristic (ROC) curves were generated using timeROC to evaluate predictive performance for 1-, 182 

2-, 3-, 4-, and 5-year overall survival. 183 

 184 

Clinical characteristics and independent prognostic analysis 185 

Samples were stratified into high- and low-risk groups according to the risk score. Associations 186 

between risk groups and clinical characteristics, including survival status, age, sex, T stage, N stage, 187 

M stage, pathological stage, smoking status, and tumor mutational burden (TMB), were analyzed. 188 
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Differences in the distribution of clinicopathological features between risk subgroups were assessed 189 

using the Kruskal-Wallis test or Wilcoxon rank-sum test, as appropriate. Univariate Cox regression 190 

analysis was used to evaluate the prognostic value of the risk score and other clinical parameters, 191 

including TNM stage, sex, age, pathological stage, and smoking status. Multivariate Cox proportional 192 

hazards regression was performed to identify independent prognostic factors. A nomogram prediction 193 

model was constructed using the cph function in R [25] to visualize individualized prognostic 194 

predictions and estimate 1-, 3-, and 5-year overall survival (OS). Calibration curves were plotted to 195 

assess agreement between predicted and observed outcomes. 196 

 197 

GSEA and immune microenvironment analysis 198 

Gene set enrichment analysis (GSEA) of all genes in the high- and low-risk subgroups was performed 199 

using clusterProfiler to evaluate differences in biological functions and signaling pathways. A gene set 200 

comprising 50 Hallmark cancer pathways was obtained from the Molecular Signatures Database 201 

(MSigDB; http://www.gsea-msigdb.org/gsea/index.jsp). Infiltration levels of 28 immune cell types in 202 

the TCGA-BLCA cohort were quantified using ssGSEA from the GSVA package. Pearson correlation 203 

analysis was used to explore relationships between risk scores and immune cell infiltration. To assess 204 

the predictive potential of the risk score for immunotherapy response, an 18-gene T-cell-inflamed gene 205 

expression profile (GEP) associated with immune checkpoint blockade response was analyzed, and 206 

GO enrichment analysis was performed for the GEP genes. The top four significantly enriched 207 

pathways were visualized using Cytoscape, and protein-protein interaction (PPI) networks were 208 

constructed to investigate regulatory relationships. In addition, expression levels of four key immune 209 
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checkpoints (PD-1, PD-L1, CTLA-4, and TIGIT) were extracted, and Wilcoxon tests were used to 210 

compare their expression between the high- and low-risk groups. 211 

 212 

Results 213 

Identification of BLCA cell subpopulations 214 

After quality control and filtering of the downloaded single-cell datasets, 135,308 high-quality cells 215 

were retained for downstream analyses. Read count data were log-normalized, and the top 2,000 216 

highly variable genes were selected. The effects of unique molecular identifier (UMI) counts and 217 

mitochondrial gene percentage per cell were regressed out. Dimensionality reduction was then 218 

performed using principal component analysis (PCA). Cell clustering was conducted using the 219 

K-nearest neighbor (KNN) graph-based algorithm implemented in Seurat (first 50 PCs, resolution = 220 

0.5). Based on canonical cell type-specific markers, cells were divided into 12 initial clusters (Fig. 1A). 221 

These clusters were systematically annotated by integrating the CellMarker database with previously 222 

reported marker genes (Fig. 1B), resulting in seven major cell types: endothelial cells, epithelial cells, 223 

fibroblasts, T/NK cells, B cells, myeloid cells, and mast cells (Fig. 1C,D). The upregulated expression 224 

of marker genes across these cellular populations is shown in Fig. 1E. 225 
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 226 

Fig. 1 Single-cell RNA sequencing analysis identifies distinct cellular subpopulations in bladder 227 

cancer. (A) UMAP visualization based on the top 50 principal components classified cells into 12 228 

clusters. (B) The 12 cell clusters were annotated using established marker genes. (C,D) Bladder cancer 229 
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(BLCA) cells were classified into seven major subpopulations according to their marker gene 230 

expression profiles. (E) Heatmap showing the expression levels of representative marker genes across 231 

the seven BLCA cell subpopulations. 232 

 233 

Marker gene functional enrichment analysis 234 

Functional enrichment analysis was performed for marker genes of the seven identified cell types. 235 

Using the FindAllMarkers function combined with the MAST test, significantly differentially 236 

expressed genes were identified, and single-sample GSEA (ssGSEA) scores were calculated for each 237 

cell type (Fig. 2A). Among the seven major cell types, five (endothelial cells, fibroblasts, T/NK cells, 238 

B cells, and mast cells) showed significantly lower enrichment in BLCA and were therefore defined as 239 

core cell populations for subsequent analyses. 240 

GO and KEGG enrichment analyses of marker genes from these core cells showed significant 241 

enrichment in immune- and inflammation-related pathways, as well as pathways involved in cell 242 

adhesion, signal transduction, and disease-specific processes (Fig. 2B). GO analysis further showed 243 

that these marker genes were highly enriched in biological processes such as immune response, cell 244 

adhesion and migration, and extracellular matrix organization, suggesting that core cells are closely 245 

associated with immune/inflammatory responses, the tumor immune microenvironment, and tissue 246 

repair processes (Fig. 2C-E). 247 

Cell communication network analysis indicated that T/NK cells, myeloid cells, and fibroblasts had 248 

dominant roles in intercellular interactions, acting as major senders and receivers of signals and 249 

forming the backbone of the communication network (Fig. 3A,B). These cell populations may play 250 
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key roles in regulating the tumor microenvironment, including immune responses, inflammatory status, 251 

and tissue remodeling (Fig. 3C,D). This finding is consistent with the enrichment of T-cell receptor 252 

signaling and immune-response activation observed in the KEGG and GO analyses, further supporting 253 

the functional relevance of these cell populations in the BLCA microenvironment. 254 
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 255 

Fig. 2 Differential expression and functional enrichment analysis of marker genes across seven cell 256 

subpopulations. (A) ssGSEA scores were calculated based on marker genes of each cell population, 257 

and cell populations showing statistically significant differences were defined as core cells. (B-E) GO 258 

and KEGG functional enrichment analyses were performed using marker genes derived from 259 
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differentially enriched cell populations. 260 

 261 

Fig. 3 Cell communication network analysis of core-cell marker genes. (A,B) Number of potential 262 

ligand-receptor pairs among key cell populations. (C,D) Interaction numbers and interaction strength 263 

between key cell populations. 264 

 265 

Identification of differentially expressed genes and functional enrichment analysis in bulk RNA-seq 266 

data 267 

Differential expression analysis was performed on bulk RNA-seq data from 18 normal and 404 tumor 268 

tissues using DESeq2 and limma (Fig. 4A-D). DESeq2 identified 3,837 DEGs, whereas limma 269 

identified 4,478 DEGs. Intersecting the two results yielded 3,100 significant DEGs, which were used 270 
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for subsequent analyses (Fig. 4E). KEGG and GO enrichment analyses were then performed for these 271 

overlapping DEGs. KEGG pathway analysis showed that the DEGs were mainly enriched in 272 

intracellular signaling, cell proliferation, and cytoskeletal regulation pathways. GO analysis indicated 273 

significant involvement in biological processes including the cell cycle, DNA replication, nuclear 274 

division, and extracellular matrix structural organization (Fig. 4F,G). 275 

 276 
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 277 

Fig. 4 Identification of differentially expressed genes and functional enrichment analysis between 278 

BLCA and normal control samples. (A,B) Heatmaps of differentially expressed genes generated using 279 
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DESeq2 and limma. (C,D) Genes with P < 0.05 and |log2FoldChange| > 1 were identified as 280 

significantly differentially expressed by DESeq2 and limma. (E) Intersection of significant DEGs 281 

identified by the two methods. (F,G) Bubble plots showing KEGG and GO pathway analyses of the 282 

DEGs. 283 

 284 

Identification of key modules associated with BLCA 285 

Weighted gene co-expression network analysis (WGCNA) was used to identify genes associated with 286 

BLCA development and progression. During co-expression network construction, the 287 

soft-thresholding power beta was set to 5, yielding a scale-free topology fit index of 0.85 (Fig. 5A,B). 288 

With a module merge threshold of 0.2, the dynamic tree-cutting algorithm was used to cluster and 289 

merge initial modules, resulting in 17 distinct gene co-expression modules (Fig. 5C). Based on 290 

correlation coefficients and significance levels between modules and clinical traits, the MEbrown 291 

module was selected as the key module and contained 1,049 genes (Fig. 5D,E). Its association with 292 

BLCA was further supported by clinical correlation scatter plot analysis (Fig. 5F). 293 
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 294 

Fig. 5 Identification of BLCA-associated genes using WGCNA. (A,B) Scale-free fit index under 295 

different soft-thresholding powers (beta). (C) Co-expression modules identified when the minimum 296 

module size was set to 300 and MEDissThres was set to 0.2. (D) Clustering dendrogram of 297 
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co-expression network modules (1-TOM). (E) Correlation analysis between the 17 gene co-expression 298 

modules and BLCA, with P values indicated. 299 

(F) Scatter plot analysis of the brown module. 300 

 301 

Construction and validation of a prognostic model based on five signature genes 302 

A Venn diagram was used to identify the intersection of bulk DEGs, BLCA module genes, and cell 303 

subtype-associated DEGs, yielding 157 candidate genes (Fig. 6A). Univariate Cox regression analysis 304 

of these candidates in the TCGA-BLCA training set identified 22 genes significantly associated with 305 

overall survival (OS) (Fig. 6B). LASSO regression was then applied for variable selection, and five 306 

key genes were retained at the point of minimum cross-validation error. The prognostic risk score 307 

formula was established as follows: RiskScore = 0.0004253 x MAP1B + 0.0009387 x EMP1 + 308 

0.0002212 x CRTAP + 0.0088038 x TCF4 + 0.0003839 x LRP1 (Fig. 6C,D). Using a risk score cutoff 309 

of -0.16, patients were stratified into high- and low-risk groups (Fig. 6E). Survival analysis showed 310 

significant differences in both overall survival (OS) and disease-free survival (DFS), with the 311 

high-risk group having significantly worse OS and DFS than the low-risk group (Fig. 6F). 312 

Time-dependent ROC curves showed that AUC values for 1- to 5-year OS all exceeded 0.61, 313 

indicating stable predictive performance (Fig. 6G). 314 

Together, these results indicate that the five-gene signature-based prognostic model has robust 315 

prognostic value for predicting outcomes in patients with BLCA. 316 
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 317 

Fig. 6 Construction of a prognostic risk score model for patients with BLCA. (A) Venn diagram 318 
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showing the intersection of BLCA-associated genes, DEGs identified from core cells, and DEGs 319 

between BLCA and control groups. (B) Univariate Cox regression analysis of overall survival (OS). 320 

(C,D) LASSO regression analysis of genes significantly associated with OS. (E) Distribution of risk 321 

scores, survival status, and expression heatmap of signature genes in high- and low-risk subgroups. (F) 322 

Kaplan-Meier curves for the high- and low-risk subgroups. (G) Time-dependent ROC curves showing 323 

AUC values for predicting 1- to 5-year survival using the model. 324 

 325 

Screening of independent prognostic factors and construction of a nomogram 326 

A heatmap showing associations between risk scores and clinical characteristics for all patients is 327 

presented in Fig. 7A. Correlation analysis between risk model scores and clinical features showed that 328 

the risk score was associated with OS, pathological stage, T stage, N stage, and M stage (Fig. 7B-E). 329 

Subsequent univariate and multivariate analyses of clinical characteristics and the risk score identified 330 

both the risk score and distant metastasis status as independent prognostic factors (Fig. 7F,G). These 331 

two independent prognostic factors were incorporated into a nomogram model (Fig. 7H), and 332 

calibration curves were generated for 1-, 3-, and 5-year OS (Fig. 7I). These results indicate that the 333 

nomogram based on the risk score and distant metastasis status has strong predictive performance for 334 

estimating OS in patients with BLCA. 335 
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 336 
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Fig. 7 Association analysis between the risk score model and clinical characteristics, with nomogram 337 

development. (A) Heatmap showing correlations between the risk score model and clinical features. 338 

(B-E) Clinical parameters significantly associated with the risk score model, including overall survival 339 

(OS), pathological stage, T stage, N stage, and M stage. (F) Univariate Cox regression analysis of the 340 

risk score model and clinical characteristics. (G) Multivariate Cox regression analysis of the risk score 341 

model and clinical characteristics. (H) Nomogram developed by incorporating independent risk factors. 342 

(I) Calibration curves evaluating nomogram accuracy for predicting 1-, 3-, and 5-year survival 343 

probabilities. 344 

 345 

GSEA between high- and low-risk subgroups 346 

GSEA showed that, compared with the low-risk subgroup, the high-risk subgroup was significantly 347 

enriched in multiple biological processes. These included KEGG pathways related to immune 348 

regulation, intercellular communication, and intracellular signal transduction, as well as GO biological 349 

processes associated with cell migration, adhesion, immune cell chemotaxis, and extracellular matrix 350 

organization (Fig. 8A,B). These findings indicate that the high-risk subgroup is closely linked to 351 

immune microenvironment regulation and cell-matrix interactions. 352 

Further analysis of gene expression data from the high- and low-risk subgroups showed that pathways 353 

activated in the high-risk subgroup were mainly involved in tumor progression, immune responses, 354 

and metabolic reprogramming. These pathways included epithelial-mesenchymal transition (EMT), 355 

angiogenesis, hypoxia response, KRAS signaling, inflammatory response, and interferon response. 356 

Cell proliferation-related pathways, including E2F targets, MYC signaling, and the PI3K-AKT-mTOR 357 
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pathway, were also significantly enriched. By contrast, the low-risk subgroup showed significant 358 

downregulation of pathways related to UV response and KRAS signaling inhibition. 359 

Overall, the high-risk subgroup displayed a distinct aggressive phenotype characterized by an 360 

immunosuppressive microenvironment, sustained proliferative capacity, and metabolic 361 

reprogramming (Fig. 8C,D). 362 

 363 

Fig. 8 Biological characteristics of high- and low-risk subgroups. (A,B) GSEA of GO terms and 364 

KEGG pathways between high- and low-risk subgroups. (C,D) GSVA of all genes in high- and 365 
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low-risk subgroups to identify enriched pathways. 366 

 367 

Immune microenvironment analysis of high- and low-risk subgroups 368 

ssGSEA was used to evaluate infiltration scores for 28 immune cell types in different risk groups. 369 

Except for helper T cells, the infiltration levels of the remaining 27 immune cell types differed 370 

significantly between the high- and low-risk groups (Fig. 9A). Pearson correlation analysis showed 371 

that, except for activated CD8 T cells, both the prognostic genes and the risk score were significantly 372 

correlated with infiltrating immune cells (Fig. 9C). Compared with the low-risk group, the high-risk 373 

group generally showed higher abundances of infiltrating immune cells, including cells associated 374 

with antitumor activity (e.g., activated CD8+ T cells, type 1 T helper cells, and activated dendritic 375 

cells) and cells associated with protumor immunosuppression (e.g., MDSCs, regulatory T cells, 376 

immature dendritic cells, and neutrophils) (Fig. 9D). Pearson correlation analysis further indicated that 377 

the abundances of these two cell categories were positively correlated within the local 378 

microenvironment (Fig. 9E). This finding suggests a potential feedback mechanism in which 379 

antitumor inflammation may promote the recruitment or differentiation of specialized 380 

immunosuppressive cells. Significant differences were also observed in the expression of the 18-gene 381 

T-cell-inflamed GEP signature between the high- and low-risk groups (Fig. 9B). The PPI network of 382 

differentially expressed GEP genes illustrates interactions among these genes (Fig. 9F). The 383 

interaction network involving four significantly different infiltrating immune cell types and 11 GEP 384 

genes is shown in Fig. 9G. Differential analysis of four immunotherapy targets - PD-1, PD-L1, 385 

CTLA-4, and TIGIT - revealed significant expression differences between the high- and low-risk 386 
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groups (Fig. 9H). 387 

 388 

Fig. 9 Correlation analysis of the immune microenvironment between high- and low-risk subgroups. 389 
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(A) Differences in immune cell infiltration scores between high- and low-risk subgroups. (B) 390 

Differential analysis of the 18-gene T-cell-inflamed Gene Expression Profile (GEP) between high- and 391 

low-risk subgroups. (C) Correlation analysis between the five prognostic signature genes, risk score, 392 

and infiltrating immune cells. (D) Associations between risk subgroups and immune cell infiltration 393 

levels. (E) Positive correlations among infiltrating immune cells enriched in the high- and low-risk 394 

subgroups. (F) Protein-protein interaction (PPI) network of differentially expressed GEP genes. (G) 395 

Interaction network among four infiltrating immune cell types and 11 GEP genes. (H) Differential 396 

expression of four immune checkpoint targets (PD-1, PD-L1, CTLA-4, and TIGIT) between high- and 397 

low-risk subgroups. 398 

 399 

 400 

Mutation profiles and candidate therapeutic agents in high- and low-risk subgroups 401 

BLCA samples predominantly showed missense mutations and single-nucleotide polymorphisms 402 

(SNPs), with C>T transitions. Missense mutations were the most frequent mutation type in both high- 403 

and low-risk subgroups (Fig. S1A). Because high tumor mutational burden (TMB) is a strong predictor 404 

of response to immune checkpoint inhibitors, we compared TMB between risk groups and found that 405 

the high-risk subgroup had a higher mutation frequency and overall TMB than the low-risk subgroup. 406 

High-frequency mutation types included functionally impactful variants such as missense, nonsense, 407 

and frameshift mutations (Fig. S1B,C). 408 

Screening of the GDSC database identified nine drugs whose half-maximal inhibitory concentration 409 

(IC50) values were significantly negatively correlated with the risk score (R < -0.4 and P < 0.05) (Fig. 410 
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10A). Sensitivity to these nine agents differed significantly between the high- and low-risk subgroups 411 

(Fig. 10B). Further screening of the CTRP database identified five compounds with the strongest 412 

negative correlations with the risk score: BRD-K34485477, NVP-BSK805, fluvastatin, tandutinib, and 413 

staurosporine (Fig. 10C). These five agents showed significantly lower AUC values in the high-risk 414 

subgroup than in the low-risk subgroup, suggesting potential therapeutic value in BLCA (Fig. 10D). 415 

 416 

 417 

 418 

Fig. 10 Drug screening based on the risk score model. (A) Nine GDSC-derived drugs whose IC50 419 

values correlated with the risk score model. (B) Differential drug sensitivity of the nine agents 420 
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between high- and low-risk subgroups. (C) Five CTRP-derived drugs showing strong negative 421 

correlations with the risk score model. (D) Differences in AUC values of the five drugs between high- 422 

and low-risk subgroups. 423 
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 424 

Fig. S1 (A) Mutation types in the high- and low-risk groups. (B,C) Main mutation types and mutation 425 
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sites in the high- and low-risk groups. 426 

 427 

Discussion 428 

BLCA is a common malignancy of the urinary system, and its incidence has increased in multiple 429 

countries [1,2]. Although substantial progress has been made in comprehensive BLCA treatment, 430 

prognostic assessment remains challenging because of the marked heterogeneity of bladder tumors 431 

[26]. Single-cell RNA sequencing (scRNA-seq) is a powerful transcriptomic tool that enables 432 

dissection of the tumor microenvironment (TME) at single-cell resolution and facilitates the discovery 433 

of more precise and dynamic biomarkers. It has been applied to identify specific biomarkers in various 434 

cancers, including BLCA [27,28]. In this study, we integrated scRNA-seq and bulk transcriptomic data 435 

from BLCA to construct a risk model with promising predictive performance for prognosis and 436 

immunotherapy response. 437 

 438 

First, using the downloaded scRNA-seq datasets, we identified seven major cell types. Frequent 439 

cellular communication was observed primarily among T/NK cells, myeloid cells, and fibroblasts, 440 

suggesting that the BLCA TME is not dominated solely by cancer cells but instead comprises a 441 

complex regulatory network of immune and stromal cells. Previous studies have confirmed the high 442 

heterogeneity of BLCA and reported that T/NK cells, myeloid cells, and fibroblasts are closely 443 

associated with formation of an immunosuppressive microenvironment [29,30]. Although T/NK cells 444 

are key effectors of antitumor immunity, they often exhibit an exhausted state in BLCA. In parallel, 445 

high infiltration of immunosuppressive regulatory T cells (Tregs) in BLCA tissues further promotes 446 
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immunosuppression [31,32]. For example, Ting Liang et al. identified a subset of cancer-associated 447 

fibroblasts (CAFs) by scRNA-seq that significantly promoted formation of an immunosuppressive 448 

microenvironment through interactions with myeloid-derived suppressor cells and was closely 449 

associated with BLCA recurrence [33]. Thus, interactions among T/NK cells, myeloid cells, and 450 

fibroblasts constitute a complex regulatory network within the BLCA immune microenvironment. 451 

 452 

We further identified marker genes from five cell types (endothelial cells, fibroblasts, T/NK cells, B 453 

cells, and mast cells) that differed significantly between normal and tumor tissues and defined them as 454 

the core gene set. KEGG and GO analyses indicated that these marker genes were enriched in 455 

immune- and inflammation-related pathways, including immune response, extracellular matrix (ECM) 456 

organization, cell migration, and inflammatory response. Previous studies have shown that activated 457 

CAFs in BLCA overproduce and remodel the ECM, forming dense fibrotic stroma that prevents 458 

cytotoxic T cells and other effector immune cells from infiltrating the tumor core. This leads to 459 

immune cell accumulation at the tumor margin and an immune-excluded phenotype, thereby 460 

contributing to immunosuppression [34-36]. Persistent inflammatory responses can also polarize 461 

macrophages toward the immunosuppressive M2 phenotype [37]. This immune response-associated 462 

marker gene set provided the basis for constructing a prognostic model related to the BLCA immune 463 

microenvironment. 464 

 465 

We then used multiple analytical methods to identify DEGs from bulk RNA-seq data. WGCNA 466 

identified a module containing 1,049 BLCA-related genes. Intersecting these genes with the 467 
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previously identified marker genes and DEGs enabled construction of a five-gene prognostic signature 468 

using LASSO-Cox regression. This model showed good predictive performance in time-dependent 469 

ROC analysis, with AUC values all exceeding 0.61. All five genes included in the model are involved 470 

in intra- and extracellular signaling and functional regulation. MAP1B, a microtubule-associated 471 

protein, is upregulated in BLCA tissues and positively correlated with adverse prognostic factors such 472 

as pathological stage. MAP1B knockdown can reverse drug resistance by inducing cell-cycle arrest 473 

[38]. EMP1 is considered a tumor suppressor gene, and its loss promotes cell migration and enhances 474 

ferroptosis resistance by upregulating PPARG, thereby driving BLCA metastasis [39]. CRTAP, LRP1, 475 

and TCF4 collaboratively regulate the TGF-beta signaling pathway by mediating collagen barrier 476 

formation, TGF-beta activation, and myeloid cell M2 polarization, respectively, thereby contributing 477 

to an immunosuppressive tumor microenvironment [40-42]. To evaluate the clinical relevance of this 478 

scoring model, univariate and multivariate Cox regression analyses were performed, confirming that 479 

both the risk score and distant metastasis status were independent prognostic factors. A nomogram 480 

integrating these two factors showed excellent predictive accuracy and may provide a useful tool for 481 

individualized prognostic assessment and clinical decision-making in patients with BLCA. 482 

 483 

To investigate the association between the risk score model and the BLCA immune microenvironment, 484 

patients were stratified into high- and low-risk groups according to their risk scores, followed by 485 

GSEA. The high-risk group was significantly enriched in TME-related biological processes, including 486 

immune regulation, inflammatory response, and EMT. Compared with the low-risk group, the 487 

high-risk group showed more pronounced immunosuppressive and metabolic reprogramming features. 488 
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Aberrantly activated immune regulation, cell-cell communication, and extracellular matrix 489 

interactions may collectively form the molecular basis of the aggressive phenotype in high-risk BLCA, 490 

promoting tumor invasion, metastasis, and therapy resistance. Further analysis of immune cell 491 

infiltration scores indicated a higher overall degree of immune cell infiltration in the high-risk group, 492 

reflecting the complexity of the BLCA immune microenvironment. Notably, immune infiltration in the 493 

high-risk group did not simply indicate immune activation or suppression; rather, it represented a state 494 

of immune dysregulation characterized by both antitumor effector cells (such as activated CD8+ T 495 

cells and Th1 cells) and abundant protumor immunosuppressive cells (such as Tregs and MDSCs). 496 

This immunosuppressive microenvironment may be an important mechanism underlying poor 497 

immunotherapy response in high-risk patients [43,44]. 498 

 499 

Finally, based on the risk score model, we screened the GDSC database and identified nine candidate 500 

drugs or compounds with potential therapeutic effects. These agents primarily target key biological 501 

processes, including cell-cycle progression, Wnt/beta-catenin signaling, mTOR signaling, and the 502 

PI3K pathway. These results are consistent with the pathway enrichment results from the DEG 503 

analysis and further suggest that these compounds may have potential translational value for BLCA 504 

treatment. 505 

 506 

Conclusions 507 

This study developed a novel prognostic prediction model for BLCA by integrating single-cell 508 

transcriptomic data with TCGA-BLCA bulk transcriptomic data using machine-learning algorithms. 509 
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The model was significantly associated with clinical characteristics and the tumor immune 510 

microenvironment in patients with BLCA. It may serve as a reliable indicator for assessing prognosis 511 

and has potential value for predicting therapeutic efficacy. These findings provide new directions for 512 

immunotherapy strategies in BLCA and warrant further clinical validation. 513 
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