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Abstract

Bladder cancer (BLCA) is the tenth most commonly diagnosed cancer and poses a significant challenge due to its com-
plexity and associated high morbidity and mortality rates in the absence of optimal treatment. The tumor microenvi-
ronment (TME) is recognized as a critical factor in tumor initiation, progression and therapeutic response, and offers
numerous potential targets for intervention. A comprehensive understanding of immune infiltration patterns in BLCA is
essential for the development of effective prevention and treatment strategies. In this study, bioinformatics analysis was
used to identify differentially expressed genes (DEGs) and tumor-infiltrating immune cells (TIICs) between BLCA tissues
and adjacent normal tissues. Weighted gene co-expression network analysis (WGCNA) and protein-protein interaction
(PPI) analysis were used to identify the top 10 hub genes with the most significant co-expression effects, and their poten-
tial relationship with patient prognosis was then predicted. The random survival forest (RSF) model was used to further
identify six variables among the hub genes and establish a novel scoring system, defined as the tumor-infiltrating immune
score (TIIS) to predict the prognosis of BLCA patients. In addition, the correlation analysis between TIIS and drug sensitiv-
ity was investigated using the Genomics of Drug Sensitivity in Cancer (GDSC) and Cancer Therapeutics Response Portal
(CTRP) databases. Patients with high TIIS were found to have a poor prognosis but may be more sensitive to Cisplatin
and certain novel agents. This study provided a systematic analysis of immune cell infiltration in BLCA and established
TIIS to predict patient prognosis and the efficacy of specific drugs in the treatment of BLCA.
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TIICs Tumor-infiltrating immune cells
WGCNA Weighted gene co-expression network analysis
PPI Protein—protein interaction
RSF Random survival forest
TIIS Tumor-infiltrating immune score
CAFs Cancer-associated fibroblasts
EMT Epithelial-to-mesenchymal transition
scRNA-seq Single-cell RNA sequencing
ssGSEA Single-sample gene set enrichment analysis
(O} Overall survival
RFS Relapse-free survival
00B Out-of-bag
VIMP Variable importance

ROC curve Receiver operating characteristic curve
K-M curve  Kaplan-Meier curve

TMB Tumor mutation burden
MSI Microsatellite instability
TAMs Tumor-associated macrophages

1 Introduction

Cancer is a major cause of global mortality and a significant barrier to increasing human longevity. Bladder cancer (BLCA)
is the tenth most commonly diagnosed cancer worldwide [1]. BLCA is a multifaceted disease associated with significant
morbidity and mortality in the absence of appropriate treatment [2]. Surgery is considered the primary treatment modal-
ity for BLCA, although the risk of recurrence remains due to incomplete tumor removal [3]. The 2022 European Society of
Urology guidelines recommend the use of cisplatin-based neoadjuvant chemotherapy for patients with T2-4a and cNOMO
BLCA to improve 5-year survival by 8%. However, the use of neoadjuvant chemotherapy is limited in clinical practice, with
only 17.2% of patients receiving this treatment due to the associated toxicity of cisplatin [4]. In recent years, there has
been rapid development in the field of immunotherapy, which offers advantages such as improved targeting, reduced
side effects, and improved efficacy compared to conventional chemotherapy. Significant progress has been made in
the use of immunotherapy for the treatment of BLCA [5]. However, recent studies have shown that immune checkpoint
inhibitors are only effective against certain subtypes of BLCA, highlighting the challenge of resistance to immunotherapy
in the treatment of this disease [6]. Despite significant advances in cancer biology and treatment, clinical outcomes for
patients with BLCA remain less than ideal. The tumor microenvironment (TME) has been identified as a critical factor in
tumor initiation, progression, and management, and represents numerous potential targets for therapeutic intervention.
Consequently, elucidation of immune infiltration patterns in BLCA is essential for the prevention and treatment of this
disease and represents a primary area of investigation in current research.

Tumor-infiltrating immune cells (TIICs) play a critical role in the TME and contribute to the complex immune landscape
within tumors [7]. Most immune cells have dual anti-tumor and pro-tumor effects. Research indicated that the IgG1/
IgA ratio produced by infiltrating B cells in BLCA was correlated with prolonged patient survival, improved response to
anti-PD-L1 therapy, increased incidence of cytotoxic activities in infiltrating immune cells, and enhanced TCR signaling
associated with IL-21-mediated signaling [8]. In addition to CD8+ T cells, CD4+ T cells have been identified to mediate
antitumor cytotoxicity in BLCA [9]. Another study showed that BLCA cells downregulated MHC Il molecules to create an
immunosuppressive microenvironment, leading to M2 polarization and differentiation of monocytes within the tumor
site. In addition, it was reported that the LAMP3+ dendritic cells subset had the potential to attract regulatory T cells,
potentially contributing to the development of an immunosuppressive TME [10]. Compared to normal urothelial cells
in vitro, NK cells showed increased release of the degranulation marker CD107a and secretion of interferon y. NK cells
exhibited increased cytotoxicity against bladder cell lines and organoids, while also secreting the cytokines CCL1, CCL2,
and CCL20 to promote T cell recruitment [11]. In addition, cancer-associated fibroblasts (CAFs) facilitated the epithelial-
to-mesenchymal transition (EMT) of BLCA cells via paracrine IL-6 signaling, thereby promoting the invasive phenotype
of non-invasive BLCA cells [12]. Investigation of the influence of immune infiltration on drug sensitivity in BLCA is ongo-
ing and requires systematic evaluation of the role of immune cells and identification of key immune cell-related genes.
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The advancement and widespread adoption of high-throughput sequencing technology has enabled the application
of bioinformatics analysis in the discovery of novel genes and biomarkers associated with various diseases, such as tumors
[13, 14]. The use of data from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases for
tumor heterogeneity analysis has become a well-established technology. Tumor heterogeneity is a critical factor influ-
encing drug efficacy and disease recurrence [15]. BLCA serves as a prototypical tumor model that exhibits heterogeneity
along multiple dimensions, including genomic and developmental cellular variability within cancer cell populations, as
well as the diverse array of cell types and intricate interactions present within the TME.

Single-cell RNA sequencing (scRNA-seq) has the potential to explore the heterogeneity present in complex biological
systems. By comprehensively analyzing transcriptomic variability within tumor entities and precisely delineating gene
expression patterns in both the tumor and TME, more effective prognostic and therapeutic molecular targets may be
identified. The study of diverse tumor characteristics may facilitate the development of effective molecularly targeted
therapies, while the analysis of TIICs may offer valuable perspectives for overcoming immune suppression and restoring
innate immune surveillance [16]. Recent advances in predictive personalized oncology research have been driven by the
availability of comprehensive pharmacogenomic databases such as the Cancer Cell Line Encyclopedia (CCLE), Genom-
ics of Cancer Drug Sensitivity (GDSC), and Cancer Treatment Response Portal v2 (CTRPv2). The integration of single cell
expression profiles for drug response prediction offers the opportunity to identify novel therapeutic targets for clinical
drug intervention [17].

This study involved the identification of differentially expressed genes (DEGs) and differential TIICs between BLCA
tissues and adjacent normal tissues using the GSE13507 dataset. The top 10 hub genes with the strongest co-expression
effects were screened using weighted gene co-expression network analysis (WGCNA) and protein—protein interaction
(PPI) analysis, and external validation was performed in the TCGA-BLCA dataset, yielding consistent results. In addition,
the expression patterns of these 10 hub genes were analyzed in the scRNA-seq GES169379 dataset. Furthermore, the
relationship between these 10 hub genes and patient prognosis was predicted using the TCGA-BLCA dataset, revealing
an association with favorable patient outcomes. To identify prognosis-related hub genes, a random survival forest (RSF)
model was used to screen six variables (CD2, CSF1R, CCL5, IRF8, TYROBP, and HLA-DRA) and to create a scoring system
defined as tumor-infiltrating immune score (TIIS). Furthermore, we investigated the correlation between TIIS and drug
sensitivity using the GDSC and CTRP databases. Our analysis revealed patients with higher TIIS may be more sensitive to
Cisplatin and certain novel agents like fluvastatin, staurosporine. This investigation not only comprehensively examined
immune cell infiltration in BLCA, but also established TIIS to predict patient prognosis and effective drugs for BLCA treat-
ment, providing new perspectives for the treatment of BLCA.

2 Materials and methods
2.1 Data collection and preparation

The expression profile of GSE13507 was implemented based on the GEO (https://www.ncbi.nlm.nih.gov/geo/), a public
database containing comprehensive gene profile analysis and sequencing data. GSE13507 included 58 cases of blad-
der mucosa surrounding cancer, 1 case of multipotent progenitor cells, 9 cases of normal bladder mucosa, 165 cases of
primary BLCA, and 23 cases of recurrent non-invasive tumors. Our analysis included 58 cases of paracancerous tissues
and 9 cases of normal bladder mucosa, a total of 67 samples were used as normal controls, and 165 cases of primary
BLCA were used as tumor samples [18, 19]. TCGA (https://portal.gdc.cancer.gov/) is a landmark cancer genomics data-
base that mainly contains clinical data on various human cancers, such as genomic variation, mMRNA expression, miRNA
expression, methylation, and other data. Our study included a total of 400 patients with primary BLCA and 18 normal
controls. The complete clinical information of these patients was obtained from the TCGA database. In addition, we
also obtained pan-cancer genomic information. The immunotherapy dataset (IMvigor210) was downloaded using the
R package "IMvigor210CoreBiologies" [20]. GSE48075 contained 142 samples and our study included its internal 73
samples with survival data [21, 22]. The scRNA-seq dataset GSE169379 was a single-cell dataset to study the survival
prognosis of BLCA. Our analysis included all tumor cells involved in this dataset, a total of 25,209. Relevant cell annota-
tion information was taken from the H5AD file provided by the author [23]. GSE13507 was sequenced on the GPL6102
platform (lllumina human-6 v2.0). The R package "IOBR" was used for data processing. After eliminating redundant data,
probes corresponding to repeated genes were replaced with the average expression levels [24]. GSE169379 data was
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processed using Seurat V5.01 software for cell quality control, expression homogenization, standardization, dimension-
ality reduction, and clustering [25].

2.2 ldentification of DEGs

In this study, we used the "limma" package to discover the DEGs between BLCA tissues and normal tissues from the
GSE13507 dataset. Based on normalized gene expression levels, adjusted p <0.05 and |log2 fold change|> 1 were used
as criteria for selecting significant DEGs [26].

2.3 Evaluation of the TIICs

The single-sample gene set enrichment analysis (ssGSEA) method is a recently proposed algorithm for calculating
immune cell subpopulations using RNA samples from various tissue types, including solid tumors. It contains less noise
and unknown mixtures than other methods, and the cell types are closely related. In this study, the ssGSEA method
was used to calculate the absolute enrichment scores of 28 TIICs in 165 BLCA patients and 58 controls in the GSE13507
dataset, and used heat maps and box plots to display them [27].

2.4 Establishing WGCNA based on TIICs

WGCNA is a method that reconstructs free-scale gene co-expression networks and simultaneously identifies modules
composed of highly correlated genes to evaluate the association between external clinical features and modules [28].
In this study, we applied R package "WGCNA" to analyze the GSE13507 microarray dataset containing 165 BLCA tissues.
First, a weighted adjacency matrix was calculated to represent the connection strength of each pair of genes, and outliers
were eliminated to ensure a co-expression network. The soft threshold power was set to 6 to obtain a scale-free topology
network. Then, a hierarchical clustering dendrogram consisting of enriched branches was constructed, and each branch
was assigned a color to reveal a module. Finally, module-trait association was used to analyze the association of modules
with TlICs based on module membership and gene significance.

2.5 Construction of PPl network

PPIs were identified and predicted using the Interacting Gene/Protein Search Tool (STRING) database (https://string-db.
org/) [29]. After establishing the PPIs, Cytoscape was used to visualize the PPls and determine the top 10 hub genes of
the network based on the degree value [30].

2.6 Functional enrichment

Metascape (http://metascape.org) is a friendly, reliable tool for functional enrichment analysis. The minimum number
of overlaps and the minimum number of enrichment were both set to 3, and the P-value cutoff was set to 0.05. Next, we
performed enrichment analysis of hub genes on this site [31].

2.7 GEPIA analysis

Gene Expression Profiling Interactive Analysis (GEPIA, http://gepia2.cancer-pku.cn, version 2) is an open-access online
tool for interactive exploration of TCGA and Genotype-Tissue Expression Project (GTEx) RNA sequencing data from
9736 tumor and 8587 normal samples [32]. In this study, GEPIA2 was used to calculate the prognostic index for each
selected gene. The minimum P cutoff value was used as the dividing line for both low and high expression groups, and
the Kaplan-Meier method was used to evaluate the overall survival (OS) and relapse-free survival (RFS) of patients. The
log-rank test (Mantel-Cox test) was used for hypothesis testing, and a p value of less than 0.05 was considered statisti-
cally significant.
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2.8 scRNA-seq analysis

Single-cell RNA sequencing provides higher resolution than bulk RNA sequencing and can unveil heterogeneity
between cells. In this study, we focused on the expression of hub genes on the BLCA cell map and visualized the
corresponding results using R package "scpubr”.

2.9 Construction of TIIS model

RSF is an integrative algorithm that first uses the bootstrap sampling method to randomly select N samples from
the training queue to generate N survival trees, and then randomly selects a subset of covariates at each node of the
tree as candidate variables for splitting [33]. Thus, each tree consists of a classification or splitting node variable, and
the tree nodes are split according to the maximum survival rate difference between the child nodes. The maximum
survival rate difference can be calculated by four methods, namely log-rank, event preservation, log-rank scores and
randomness. In this study, the log-rank method was used. For each bootstrap sample, on average, approximately 37%
of the samples in the training cohort were not extracted, and these samples were called out-of-bag (OOB) samples.
We calculated the OOB error rate for the OOB samples. The OOB error rate and the prediction error rate on the valida-
tion set were used to evaluate the performance of the model. The lower the error rate, the better the performance
of the model. In this study, the error rate of the bags in the training queue under different parameter combinations
was calculated by grid search to determine the best parameter combination of the model [34]. Finally, the parameter
combination with the lowest overall RSF error rate was determined. An RSF model was constructed using optimal
parameters, and variables were filtered based on variable importance (VIMP). The importance score was an evalua-
tion index used to measure the predictive ability of the predictor variables. The higher the VIMP value, the stronger
the predictive ability. A positive VIMP value indicated that the variable was predictive. If VIMP was 0 or negative,
the variable was not a meaningful predictor. We selected the 6 most important variables and established a scoring
system, defined as TIIS. C-index and calibration curves were used to evaluate model performance.

2.10 Tumor immune analysis of TIIS

IOBR is an R package focused on deciphering the TME. In this study, its 8 built-in immune algorithms were used to
decode the TME on 400 BLCA samples from the TCGA cohort, including CIBERSORT, ESTIMATE, quanTlseq, TIMER, IPS,
MCPCounter, xCell, and EPIC [35-41].

2.11 Drug sensitivity analysis of TIIS

We used the R package "oncoPredict" [42] to predict drug response for each patient in the TCGA cohort based on the
Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/) and Cancer Treatment Response
Portal (CTRP) databases.

2.12 Pan-cancer analysis

TCGAplot is an R package for comprehensive pan-cancer analysis and visualization of TCGA multi-omics data [43]. In
this study, the R package was used to perform pan-cancer correlation analysis on 6 model variables, including pan-
cancer single-factor COX analysis, pan-cancer TMB analysis, pan-cancer MSI analysis, differential expression analysis
of paired samples. Furthermore, correlation analyses between the 6 model variables and immune cells, immune
checkpoints and receptors were performed.
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2.13 Statistical analysis

All statistical analyses were performed with R software (version 4.3.2). Kaplan-Meier analysis and log-rank test were
used to assess survival and to compare differences in survival between cohorts and risk groups. Two-sided p < 0.05
was considered statistically significant.

3 Results
3.1 Identification of DEGs and differential TIICs

We obtained a total of 165 BLCA samples and 67 adjacent normal samples from the GSE13507 database and the detailed
description of our workflow was depicted in Fig. 1. Differential analysis was performed using the "limma" package. The
result of DEGs shown as a volcano plot (Fig. 1A) indicated the presence of 341 downregulated genes and 56 upregu-
lated genes in tumor tissues. Furthermore, for a more comprehensive analysis of the differences in TIICs between the
two sample groups, we used the GSVA package and the ssGSEA function to perform a quantitative assessment on 28
immune cell types that have been previously documented. The results showed a significant downregulation of activated
B cells, activated dendritic cells, central memory CD8+ CD4+ T cells, monocytes and NK cells in tumor tissues compared
to normal tissues (Fig. 1B and C). This suggested that TIICs played an immunosuppressive role within the TME.

3.2 Identification of key genes for TIICs

In biology, gene functions are often manifested by co-expression networks. To evaluate the relationship between the
DEGs and TIICs, we used weighted gene WGCNA to thoroughly investigate the gene co-expression patterns of 165 tumor
samples within the GSE13507 dataset. By applying a module similarity threshold of 75%, we merged 13 co-expressed
modaules (Fig. 2A). Further investigation of the relationship between modules and TIICs scores revealed a significant cor-
relation between the MEtan module and the majority of TIICs scores (Fig. 2B). In the MEtan module, a total of 323 genes
were screened and subjected to intersection analysis with the DEG set consisting of 397 genes, resulting in the identifi-
cation of 35 intersection genes (Fig. 2C). Through a comprehensive PPl analysis of the 35 genes, our study identified the
top 10 genes with the most pronounced co-expression effects, namely HLA-DPA1, CCL5, CD2, PLEK, HLA-DRA, CSF1R,
CD48, IRF8, TYROBP and ITGB2, which were considered as hub genes in TIICs of BLCA (Fig. 2D).

3.3 Analysis of gene expression patterns and functional enrichment of the hub genes

To investigate the expression patterns of the 10 core genes in tumors and normal tissues, we first used the GSE13507
dataset for validation (Fig. 3A), followed by the inclusion of 400 BLCA samples and 19 adjacent normal samples from the
TCGA database for additional analysis (Fig. 3B). With the exception of CCL5 (p=0.084), which did not show significant
differences in the TCGA-BLCA dataset, the remaining core genes showed consistent trends in both datasets. In addition,
correlation analysis was performed on the 10 core genes within the GSE13507 (Fig. 3C) and TCGA-BLCA (Fig. 3D) datasets.
The results confirmed the presence of positive correlation in the expression patterns of these core genes, strongly sug-
gesting the significant contribution of these core genes to BLCA. To improve our knowledge of their biological functions,
we performed functional enrichment analysis and cellular expression pattern analysis of the core genes using the Metas-
cape website. The results of enrichment analysis (Fig. 3E and Supplementary Fig. 1) elucidated the primary biological
processes associated with these genes, such as cell activation, cytokine signaling, and immune system cytokine pathways.
Cell expression pattern analysis (Fig. 3F) highlighted the upregulated expression of these genes in various immune cell
types, including NK cells, macrophages, myeloid cells, dendritic cells, and antigen-presenting cells.

3.4 scRNA-seq data reveals variation in hub genes expression in BLCA

To further validate the expression patterns of hub genes in bladder tumor cells, high-resolution single-cell data was
used to analyze the ten identified hub genes. The BLCA GSE169379 scRNA-seq dataset was used for this analysis.
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Fig.2 Identification of the TlICs-related hub genes. A Cluster dendrogram of genes assigned to modules and merged modules. B Heatmap
illustrating the correlation between immune traits of the GSE13507 cohort and module genes. C The Venn plot of DEGs and genes in the
MEtan module. D Network plot showing the hub genes of the intersected genes

Initially, a resolution of 0.8 was chosen for dimensionality reduction of the dataset, resulting in the identification of
five distinct cell groups: Endothelial, Epithelial, Fibroblast, Lymphocyte and Myeloid (Fig. 4A). Hub genes were indi-
cated by the weighted kernel density, with HLA-DPA1 and HLA-DRA being predominantly expressed in epithelial cells,
whereas CCL5, CD2 and CD48 were predominantly expressed in lymphocytes. At the same time, PLEK, CSF1R, IRF8,
TYROBP, and ITGB2 were predominantly expressed in lymphocytes and myeloid cells (Fig. 4B-K). To provide additional
evidence, violin plots were used to assess the distribution status and probability density of the genes (Fig. 4L), which
yielded consistent results. Examining the results across different data sets clearly illustrated the distinct expression
profiles of hub genes within different subpopulations of BLCA cells.
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Fig.3 Exploring the biological functions of TlICs-related hub genes. A Box plots of hub gene levels in tumor and normal samples from the
GSE13507 dataset. B Box plots of hub gene levels in tumor and normal samples from the TCGA BLCA cohort. C Coexpression patterns of hub
genes in the GSE13507 dataset. D Coexpression patterns of the hub genes in the TCGA BLCA cohort. E Network diagram showing the func-
tional enrichment of the hub genes. F Bar graph showing the cell expression patterns of the hub genes

3.5 Analysis of hub genes for prognosis

To investigate the correlation between the identified hub genes and patient prognosis, we performed survival analysis
using GEPIA2 on the TCGA-BLCA dataset. The results of the analysis showed that patients with elevated expression
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levels of HLA-DRA, CD2, and CCL5 had a statistically significant improvement in survival (HR< 1 & p <0.05) (Fig. 5).
The Kaplan—-Meier (K-M) curves showed that all hub genes significantly increased expression levels, resulting in
prolonged RFS in patients (Supplementary Fig. 2). Overall, the ten identified hub genes were shown to significantly
influence the prognosis of patients with BLCA.
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Fig.5 Investigation of the significance of hub genes in predicting prognosis. A-J K-M curves showing the significance of hub genes in pre-

dicting OS

3.6 Establishing TIIS based on hub genes

To further screen for hub genes associated with prognosis, we constructed an RSF model based on the TCGA-BLCA
dataset. The VIMP method was used to prioritize variable importance, which was then integrated with the minimum
depth method to determine the number of nodes on the most direct path from the root node to the nearest leaf
node for the purpose of filtering model variables. The reduction in the prediction error rate and the improvement
in the overall stability of the prediction model were achieved with an increased number of trees (Fig. 6A and B). We
screened out 6 variables, CD2, CSF1R, CCL5, IRF8, TYROBP and HLA-DRA (Fig. 6C and D), and developed TIIS based
on them. To further investigate the prognostic implications of TIIS, the TCGA-BLCA dataset was divided into a high-
TIIS group and a low-TIIS group. The prognosis of patients in the high-TIIS group was found to be significantly worse
compared to those in the low-TIIS group. (Fig. 6E). The receiver operating characteristic (ROC) curve showed strong
predictive performance (with an AUC> 0.8) at different time points including 1 year, 3 years and 5 years (Fig. 6F).
Prognostic forest plot analysis showed that both N stage and TIIS were identified as independent risk factors for
patient prognosis (p < 0.05) (Fig. 6G). The decision curve analysis (DCA) showed that TIIS provided superior clinical
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Fig.6 Construction of TIIS and efficiency validation. A-D RSF algorithm helps to reduce the number of model genes and we finally selected
6 genes as model variables. TIIS was established. E K-M curves for OS in the high-TIIS group and the low-TIIS group in the TCGA BLCA cohort,
IMvigor210 and GSE48075 datasets. F Time-dependent ROC curves for 1-year, 3-year, and 5-year OS were generated for the 3 datasets. G
Forests plots of multiple factors. H DCA curves of multiple factors

benefit when the risk exceeded 25% (Fig. 6H). The model was subsequently validated in two additional datasets,
IMvigor210 and GSE48075, demonstrating consistent results with the original training set.

Furthermore, we conducted an analysis to compare the TIIS across the five molecular subtypes described by Robertson
et al. [44], which serve as a key reference for molecular subtyping in BLCA histotype (Supplementary Fig. 3). Notably, we
observed that the neuronal subtype, characterized by poor survival outcomes, exhibited the highest TIIS levels. Con-
versely, the luminal papillary subtype, predominantly node-negative and associated with younger patients and better
survival, demonstrated the lowest TIIS levels. These findings reinforced the prognostic value of TIIS, highlighting its cor-
relation with poor outcomes. Furthermore, the elevated TIIS in the neuronal subtype suggested its potential utility in
identifying neuroendocrine phenotypes within BLCA.

3.7 Analysis of TIIS with immune cells and sensitivity to drugs

To further investigate the characteristics of the six variables involved in TIIS, we used eight different methods including
Cibersort, EPIC, estimate and IPS for analysis. We found that TIIS was mainly associated with CD4+ T cells, CD8+ T cells
and other T cell subsets. Fibroblasts showed a negative correlation with TIIS, whereas macrophages, endothelial cells,
monocytes showed a positive correlation with TIIS (Fig. 7A). Using the TCGA cohort, our ssGSEA analysis revealed some
intriguing findings. While we had expected significant differences in immune dysfunction, the high-TIIS and low-TIIS
groups did not show substantial differences in CD8+ T cell dysfunction, immune regulation, or inflammatory responses
(Supplementary Fig. 4A-C). This finding suggested that, although high TIIS was negatively correlated with T cell abun-
dance, it might not have directly indicated dysfunction or suppression of specificimmune responses.

Interestingly, however, high-TIIS tumors exhibited distinct enrichment in pathways related to angiogenesis, EMT, and
glycolysis (Supplementary Fig. 4D-F). These results suggested that the primary immunosuppressive characteristics of
high-TIIS tumors might have been mediated by non-immune mechanisms, such as increased angiogenic activity, meta-
bolic reprogramming, and stromal remodeling, rather than a direct suppression of T cell activity.

Using the GDSC and CTRP databases, we performed drug sensitivity analyses to interpret the clinical applicability of
TIIS. The imputed sensitivity scores of commonly used chemotherapy drugs, including Cisplatin, Vinblastine, and Gemcit-
abine, were found to be negatively correlated with TIIS (Fig. 7B). This indicates that patients with high TIIS are more likely
to benefit from these drugs. Violin plots further revealed significant differences in drug responses between high-TIIS and
low-TIIS groups. Notably, high-TIIS patients showed greater sensitivity to Cisplatin, while Methotrexate appeared to be
more beneficial for low-TIIS patients (Fig. 7C, Supplementary Fig. 5A-C). Next, we identified the most sensitive drugs for
the high-TIIS group using the GDSC and CTRP databases (Supplementary Fig. 5D-1). Compounds such as RO-3306 (a cell
cycle inhibitor), NU7441 (a DNA repair inhibitor), AZD8055 (an mTOR inhibitor), DBeQ (a proteasome inhibitor), Stauro-
sporine (a protein kinase inhibitor), and Fluvastatin (a lipid-lowering drug) exhibited better drug responses in the high
TIIS group. Among these, Fluvastatin is a clinically approved cholesterol-lowering drug, whereas the others are primarily
research compounds targeting cancer-related pathways. These findings highlight potential therapeutic opportunities,
especially for BLCA patients with high TIIS.

To assess the relationship between TIIS and immunotherapy responses, we analyzed data from the IMvigor210 cohort,
which includes BLCA patients treated with atezolizumab, a PD-L1/PD-1 immune checkpoint inhibitor. Our results showed
that patients with SD/PD exhibited significantly higher TIIS levels compared to patients with PR/CR (Fig. 7D). This finding
suggests that higher TIIS is associated with poorer response to atezolizumab, further supporting the prognostic value
of TIIS in predicting immunotherapy outcomes.

4 Discussion
In this study, BLCA samples from the GSE13507 dataset were stratified into 165 tumor samples and 67 para-cancer

samples, resulting in the identification of 397 DEGs. In addition, differential infiltration patterns of 28 immune cell
types were observed and 323 genes were identified within the MEtan module. The DEGs were then integrated with
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Fig. 7 Investigation of the correlations of TIIS with immune cells and drug sensitivity. A Dot plot showing the correlation levels of TIIS and
various TIICs using different algorithms. B The correlation levels of TIIS and imputed sensitivity scores of different drugs using the GDSC
database. C Violin plot of imputed sensitivity score of Cisplatin for the high-TIIS group and low-TIIS group. D TIIS of patients with different
pathologic responses in the IMvigor210 cohort

the module genes which were most associated with TIICs. Subsequently, the intersection gene underwent PPl analysis
and identified 10 hub genes. External validation was then performed using the TCGA-BLCA dataset, which yielded
consistent results. In addition, the expression patterns of 10 hub genes were analyzed in the scRNA-seq GES169379
dataset, revealing that HLA-DPA1 and HLA-DRA were predominantly expressed in epithelial cells, while CCL5, CD2
and CD48 were predominantly expressed in lymphocytes. In addition, PLEK, CSF1R, IRF8, TYROBP, and ITGB2 were
predominantly expressed in myeloid cells. These findings suggested that the 10 hub genes played a critical role in
improving the prognosis of patients with BLCA. In addition, the RSF model was used to identify six variables (CD2,
CSF1R, CCL5, IRF8, TYROBP, and HLA-DRA) and establish a novel scoring system defined as TIIS for further analysis of
prognosis and clinical independent risk factors. In addition, the level of TIIS significantly influenced drug sensitiv-
ity, including sensitivity to Cisplatin. While the hub genes are more highly expressed in normal tissues and often
indicate better outcomes, the TIIS, as a predictive scoring system, is associated with an immunosuppressive TME and
poor prognosis. This discrepancy may reflect the complex interactions within the TME. Specifically, these hub genes
might play dual roles, contributing to immune suppression or promoting tumor aggressiveness under certain condi-
tions. Alternatively, their expression may serve as a marker for a distinct tumor subtype that responds differently to
the TME. Further investigation is required to fully elucidate these intricate mechanisms. The potential involvement
of CD2 molecules in monocyte-T cell interactions and their potential role in regulating the balance of CD8+ T cell
activation has been suggested in the literature [45, 46]. The increased expression of CD2 in our predictive model
may serve to suppress T cell activation. CSF1R is crucial in the process of macrophage polarization, and inhibitors
targeting CSF1R have been extensively used in cancer immunotherapy to effectively reduce tumor-associated mac-
rophages (TAMs) [47]. It was observed that myeloid cells exhibited high expression levels of CSF1R, which may lead
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to a significant enhancement of M2 macrophage infiltration. CCL5 is a secreted chemokine responsible for the infil-
tration of NK cells, type | dendritic cells, type 1T helper cells and type 1 cytotoxic cells. Increased expression of CCL5
in tumors can lead to the enhancement of various immune invasions of tumors. Furthermore, CCL5 has been found
to be expressed in various cell types within the TME, including CAFs, myeloid-derived suppressor cells, TAMs, and
lymphatic endothelial cells, thereby facilitating tumorigenesis and tumor progression [48]. It is hypothesized that in
the context of BLCA, CCL5 may be upregulated in CAFs and TAMs, thereby promoting tumor progression. Interferon
sequence-binding protein (ICSBP), alternatively referred to as IRF8, serves as a transcription factor belonging to the
interferon regulatory factor (IRF) family and exerts a suppressive influence on immune cell function. Specifically,
IRF8 is involved in the regulation of dendritic cell autophagy [49]. The increased expression of IRF8 in myeloid cells
in our model was likely to enhance dendritic cell apoptosis, thereby increasing the immunosuppressive milieu of the
TME. In conclusion, our study established a prognostic model based on the hub genes in TIICs that could also reflect
drug response and guide the treatment of BLCA patients. TYROBP, a transmembrane signaling polypeptide with an
immunoreceptor tyrosine-based activation motif (ITAM) in its cytoplasmic domain, was shown to be predominantly
expressed in myeloid cells in the scRNA-seq dataset. Previous research has shown that increased TYROBP expression
serves as an independent prognostic risk factor in glioma. Dysregulation of TYROBP expression was associated with
immune infiltration and represented a potential therapeutic target and prognostic indicator for glioma [50]. This
was consistent with the results of our model, which suggested that patient prognosis was significantly worse when
myeloid cells exhibited high levels of TYROP expression. HLA-DPA1 and HLA-DRA are well recognized for their roles
in antigen processing and presentation and are frequently associated with various types of cancer. In the context
of colorectal cancer, increased expression of genes involved in antigen presentation has been shown to promote a
favorable immune response microenvironment and potentially enhance the efficacy of PD-L1 therapy in BRAF-mutant
colorectal tumors [51]. In our model, HLA-DPA1 and HLA-DRA were mainly expressed in BLCA epithelial cells, which
may enhance the antigen-presenting capacity of BLCA tumor cells themselves, rather than affecting the function of
TIICs, thereby recruiting increasing numbers of T cells in the TME.

This study has several limitations. First, clinically relevant information such as patients’ clinical symptoms, examina-
tion reports, and medication use for disease treatment was lacking. Second, the study was approached solely from
a gene transcriptome perspective and did not include multi-omics verification. Third, the data analysis relied solely
on bioinformatics methods, which requires further validation by in vivo and in vitro experiments. Additionally, our
analysis did not include datasets with matched pre- and post-treatment samples, limiting our ability to fully capture
the dynamic nature of the TME. Moreover, the RNA-seq and scRNA-seq datasets used in our study included BLCA
samples from patients at various stages of tumor evolution. While this approach aimed to enhance the model’s
generalizability, it may have reduced the focus on stage-specific TME characteristics, potentially overlooking the
intricate changes associated with tumor progression. Finally, the specific mechanism of immune cell infiltration on
drug susceptibility was not thoroughly investigated.

In conclusion, our research established a prognostic scoring system to predict the outcomes of BLCA patients and
explored the impact of six hub genes on immune infiltration in BLCA through bioinformatics analysis. Additionally,
we identified potential drug candidates that demonstrated sensitivity in specific patient groups, providing new
perspectives for the treatment of BLCA.
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