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Introduction: Bladder cancer (BCa) is one of the top ten most common cancers, yet its underlying mechanisms remain unclear. This
study aimed to explore the potential molecular mechanisms of BCa using multi-omics and single-cell analysis.

Methods: First, differential analysis of transcriptome data related to BCa from public databases was performed, and a risk model was
then developed using 101 different machine learning algorithms to determine prognostic genes, followed by independent prognostic
analysis to construct a nomogram. Immune infiltration analysis was performed to explore the impact of prognostic genes on the tumor
microenvironment. Metabolomics, proteomics, and post-translational modification data from BCa tumor and adjacent non-tumor
tissues were used to explore the relationships between prognostic genes and various omics levels. Finally, single-cell analysis
identified key cells involved in BCa pathogenesis, and in vitro experiments validated the expression and function of key genes.
Results: The risk model constructed by 8 prognostic genes identified using 101 algorithms effectively predicted the survival outcomes
of BCa patients. Furthermore, risk scores, pathological T stage, and pathological N stage were confirmed as independent prognostic
factors for the nomogram construction. Interestingly, high-risk patients showed a significantly lower response to PD-L1 treatment, with
higher TIDE scores. Omics analysis revealed a close relationship between prognostic genes and proteomics, metabolomics, and post-
translational modifications. Specifically, FLNC and MYH11 may influence BCa progression through phosphorylation and succinyla-
tion. Single-cell analysis identified fibroblasts as key cells in BCa. Functional experiments showed that MYH11 knockdown promoted
cell proliferation, migration, and invasion.

Conclusion: This study identified 8 prognostic genes to construct a risk model, and suggest that MYHI11 is a potential diagnostic and
prognostic biomarker for BCa.
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Introduction

Bladder cancer (BCa) is the 10th most common malignant tumor, and its morbidity and mortality are positively
associated with tobacco use.! Approximately 75% of patients initially diagnosed with non-muscle invasive bladder
cancer (NMIBC) have 5-year survival rates of >90%, and>50% of patients with NMIBC present with recurrence or
progression to muscle-invasive bladder cancer (MIBC) after localized treatment,” and the 5-year survival rate for
localized MIBC is approximately 60%. At the same time, the 5-year survival rate for distant metastatic MIBC is less
than 10%.? In recent years, besides surgery, chemotherapy, and radiotherapy, immunotherapy has been widely accepted
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as a first-line adjuvant therapy for MIBC patients, reducing the mortality rate of BCa patients.* However, despite
significant advances, these treatments often fail to address challenges such as recurrence, metastasis, and drug resistance,
leaving a substantial unmet clinical need for novel therapeutic approaches and biomarkers for improved patient manage-
ment. Exploring the molecular mechanisms of BCa and developing new prognostic models and personalized treatment
plans are of great significance for improving treatment strategies and enhancing patient prognosis. A clear understanding
of the molecular landscape of BCa can provide the foundation for tailored interventions, ensuring better therapeutic
responses and patient outcomes.

It has been demonstrated that integrated genoproteomic analyses contribute to a more profound understanding of the
molecular subtypes and genetic mutational features of BCa, while combined with phosphorylated proteomic analyses
revealed the novel key mechanisms driving the development of BCa.” Lindskrog et al identified four molecular subtypes
of NMIBC with significant differences in various aspects of genomic alterations, cell signaling pathways, and interven-
tional therapeutic measures, following an integrated multigenomic analysis of the transcriptome, spatial proteomics, and
single-cell RNA-seq.® Moreover, Ossolinski found that serum metabolomics analysis can also provide a rationale for
noninvasive diagnosis, staging, and grading of BCa patients.” Combined multi-omics analysis integrates multiple
dimensions of biological information to reveal complex molecular interactions and signaling pathways. scRNA-seq
technology greatly improves the resolution and accuracy of the data, enabling the disclosure of cellular heterogeneity and
the observation of dynamic changes in cellular status during the disease process. These cutting-edge technologies enable
researchers to transition from descriptive analyses of tumor biology to mechanistic insights, allowing for the identifica-
tion of actionable therapeutic targets and predictive biomarkers. The marriage of the two allows in-depth exploration of
biological issues from phenotype to molecular mechanism with holistic information, providing new perspectives for
investigating the mechanisms of disease and individual differences in therapeutic response. However, while many studies
have focused on identifying molecular subtypes and key pathways, there remains a need for comprehensive models that
integrate these findings to translate them into clinical applications.

In the present work, critical genes associated with BCa prognosis were screened and a risk model was established
based on transcriptomics analysis of public datasets and 101 machine learning algorithms, with comprehensive analyses
indicating remarkable differences in immune infiltration, immunotherapy, and targeted drug intervention therapy in BCa
patients with different risk stratification. The application of 101 combinations of 10 machine learning algorithms enabled
robust feature selection and model construction, which significantly improved the accuracy and reliability of the risk
model, addressing limitations of prior studies that relied on fewer algorithms or simpler methods. The metabolomic,
proteomic, and protein modification data of critical prognostic genes were consolidated by a multi-omics approach to
extend their functions and regulatory mechanisms at various biological layers. Detailed cell type-specific expression and
distribution patterns of these genes in BCa were depicted in combination with scRNA-seq technology. This integration of
multi-omics and single-cell technologies bridges the gap between large-scale molecular data and cellular-level precision,
providing actionable insights into tumor biology. These findings provided a solid foundation for an insightful compre-
hension of the molecular mechanisms of BCa and the development of new therapeutic strategies, which are expected to
facilitate the revolution of BCa therapeutic approaches.

Materials and Methods

Sample Collection and Sequencing

Between February 2024 to May 2024, we collected 10 tumor tissue samples and 10 adjacent non-tumor tissue samples as
controls from patients diagnosed with BCa in the Department of Urology at our hospital. Each participant signed an
informed consent form prior to sample collection, and the project adhered strictly to the regulations and requirements set
by the Ethics Review Committee. Before the study commenced, we submitted a detailed research protocol to the Ethics
Review Committee and received formal approval (Ethics Committee approval document number: FEY-BG-38-1.2).
Following collection, comprehensive biological analyses were performed on these samples, encompassing both meta-
bolomics and proteomics sequencing. In metabolomics, chromatographic separations were executed using ultra-
performance liquid chromatography (UPLC). LC-MS analysis was performed on a high-resolution TripleTOF5600plus
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tandem mass spectrometer. Data acquisition was executed in information-dependent acquisition (IDA) mode and
calibrated using appropriate parameters. In proteomics, DDA data were processed to build spectral libraries using
Spectronaut (v 17.0) coupled with the Pulsar search engine. Tandem mass spectra were matched to the
Homo sapiens 9606 SP 20230103.fasta database, which includes 20,389 entries and features a reverse decoy database
to boost accuracy. Variable modifications were applied, including methionine oxidation, protein N-terminus acetylation,
succinylation, lactylation, or phosphorylation of lysine, serine, threonine, and tyrosine. Missed cleavage sites varied
between experiments, totaling either four or two. The false discovery rate (FDR) for proteins, peptides, and peptide-
spectrum matches (PSM) was kept under 1%. The library was then imported into Spectronaut (v.17.0) for retention time
prediction via nonlinear correction and utilized in DIA data analysis.

Data Collection

Gene expression profiles, clinical data, and survival details for the TCGA-BLCA were obtained from the UCSC Xena
database (https://xena.ucsc.edu/), available in HTSeq-FPKM and HTSeq-Counts formats.® The TCGA-BLCA dataset
comprised 411 BCa along with 108 normal tissue samples. After using the “na.omit()” function to exclude patients

without complete survival information, 406 samples with survival information were retained (death: survival = 180:226).
In addition, the single-cell transcriptome dataset for BCa (GSE135337, n=8) and bulk transcriptome datasets including
GSE13507 (n=165), GSE31684 (n=93), GSE3167 (n=49), and GSE32548 (n=130) were sourced from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). These datasets encompass detailed survival

data and clinical information.”'* To eliminate differences in gene expression levels, a custom function “scaleData()” was
used to standardize the expression profiles of TCGA-BLCA and the transcriptome dataset obtained from GEO based on
the different cohorts. Specifically, the mean and standard deviation of each gene were adjusted to 0 and 1, respectively.

Differential Expression Analysis

To identify the differentially expressed genes (DEGs) between BCa and normal samples within the TCGA-BLCA, the
“DESeq2” R package was utilized (v 1.38.0)."* The selection criteria applied were adj.p<0.05 and absolute log2FC
greater than 2.5. A volcano plot was created using the R package “ggplot2”’to visualize differentially expressed genes,
and the top 10 up-regulated genes and top 10 down regulated genes were labeled in the volcano plot according to the
difference multiplier log2 (FoldChange). Then, the R package “ComplexHeatmap”was used to create a heatmap of the
expression levels of these 20 differentially expressed genes.

Weighted Gene Co-Expression Network Analysis

The “WGCNA” R package (v 1.71) was employed to pinpoint genes within modules highly associated with BCa.'*
Hierarchical clustering of all samples using the Euclidean distance of the sample expression profiles was used to identify
and exclude outliers. Subsequently, we set R = 0.85 to screen for soft thresholds (B) above the red cut line. Gene
adjacency was then calculated, which led to computing gene similarity, from which a gene dissimilarity coefficient was
derived to create a hierarchical clustering tree of genes. The minimum gene count per module was set to 100 according to
the standards of the dynamic tree-cutting algorithm. Subsequently, critical modules were pinpointed through the
assessment of correlations between module characteristics and phenotypic traits. Ultimately, key module genes were
identified through an analysis within the module. Genes demonstrating a module membership (MM) greater than 0.8 and
gene significance (GS) exceeding 0.2 were selected as key module genes.

Identification and Analysis of Hub Genes
To select candidate genes, we overlapped DEGs with key module genes. Subsequently, human GTF files were obtained
from the GENCODE website (https://www.gencodegenes.org/) to establish the chromosomal positions of these candidate

genes. Visualization of these results was carried out using the “RCircos” R package (v 1.2.2)."° Subcellular localization
analysis of up-and down-regulated candidate genes using the Metascape website. Meanwhile, Kyoto Encyclopedia of
Genes and Genomes (KEGG) and Gene Ontology (GO) analyses were executed for candidate genes via “clusterProfiler”
R package (v 4.2.2) (adj.p<0.05) to investigate the functions of candidate genes.'® Furthermore, candidate genes were
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examined through a protein-protein interaction (PPI) network, utilizing high-confidence data (>0.7) from the STRING
database (https://string-db.org/). We calculated the degree scores of these genes using the CytoHubba plugin within the

Cytoscape software.'” Candidate genes with a degree greater than 2 were designated as hub genes.

Construction of a Risk Model
In TCGA-BLCA, hub genes were analyzed using univariate Cox regression via the “survival” R package (v 3.3—-1)
(https://cran.r-project.org/package=survival), focusing on those with hazard ratios not equal to one and p-values less than

0.05. A consensus prediction model was then developed using ten machine learning algorithms: Random Survival Forests
(RSF), Elastic Networks (Enet), LASSO, Ridge, Step-by-Step Cox, Cox boost, Cox Partial Least Squares Regression
(plsRcox), Supervised Principal Components (SuperPC), Generalized Augmented Regression Models (GBM), and
Survival Support Vector Machines (survival-SVM). In the training set (TCGA-BLCA), the leave one out cross validation
(LOOCYV) method was used to fit the algorithm combination in 101 to match the prediction model. The Harrell’s
concordance index (C-index) of each model in the validation set (GSE13507, GSE31684, GSE32548) was further
calculated. Then, the algorithm with high C-index and good subsequent KM curve and ROC curve validation perfor-
mance was selected to construct the risk model, which was used to derive prognostic genes for the risk model formula:
risk score = ﬁ: coef(gene;) X expr(gene;)
i=1

Furthermore, receiver operating characteristic (ROC) curves for individual prognostic genes were generated using the
“pROC” R package (v 1.18.5) to evaluate their predictive power for the prognosis of BCa patients in the TCGA-BLCA,
GSE13507, GSE31684, and GSE32548 datasets.'® Patients in the TCGA-BLCA dataset were categorized into high- and
low-risk groups based on the median risk score. Kaplan-Meier (K-M) survival and risk curves were generated using the
“survminer” package (v 0.4.9) to evaluate the prognostic effectiveness of the risk model (p<0.05)."° Additionally, the
model’s predictive accuracy was evaluated using ROC curves generated with the “timeROC” package (v 0.4).%°
Calibration curves and DCA curves were used to further assess the predictive ability of the risk model for 2, 3, and 5
years. Finally, the model’s reliability was also confirmed in the GSE13507, GSE31684, and GSE32548 datasets.

In order to investigate whether a single prognostic gene can effectively predict the survival status of patients, the
median expression level of each prognostic gene in the BCa samples of the training set was calculated based on the
constructed risk model. According to the median, the training set samples were divided into two groups: 0 (High Risk)
and 1 (Low Risk). Kaplan Meier survival analysis was used to compare the survival status between high and low groups.

Independent Prognostic Analysis

To assess the risk model as an independent prognostic factor, we conducted univariate Cox regression incorporating
variables such as risk score, age, gender, and pathological stages T, M, and N (p<0.05), ensuring adherence to the
proportional hazards (PH) assumption (p>0.05). This was followed by a multivariate Cox regression to further
investigate the influences of these factors (p<0.2). Subsequently, the predictive performance of the nomogram was
assessed in TCGA-BLCA by plotting calibration curves, DCA curves, and ROC curves of 2, 3, and 5 years.

Unsupervised Clustering of Prognostic Genes

In TCGA-BLCA, based on the expression profiles of prognostic genes, a consistency clustering analysis was executed using
the “ConsensusClusterPlus” package (v- 1.62.0)*' to identify BCa-associated subtypes. To confirm the stability of the
clustering, the process was repeated 1000 times to establish the optimal “k” value (number of clusters). This determination
was based on the relative change in the cumulative distribution function (CDF) curve and the area under the consensus
matrix. Following this, K-M survival curves were generated using the “survminer” package (v 0.4.9).

Gene Set Enrichment Analysis
To investigate the biological functions and pathway distinctions between two risk groups, the “DESeq2” R package (v
1.38.0) was employed to explore gene expression differences between two risk groups within TCGA-BLCA samples,
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calculating and ranking log,FC."* Subsequently, The “clusterProfiler” R package (v 4.2.2) was used to execute GSEA to
identify relevant GO functions and KEGG pathways.'® The gene sets for GO:BP, GO:CC, GO:MF, and KEGG from the
“msigdbr” package (v 7.5.1) were utilized as reference sets.”? Visualization of the results was accomplished using the
“enrichplot” R package (v 1.18.3).%

Immune Microenvironment Analysis and Prediction of Immunotherapy Response

We used the R package “IOBR” (v 0.99.9) and analyzed the infiltration of immune cells by various algorithms, such as
TIMER, EPIC, MCP-COUNTER, ESTIMATE, and CIBERSORT.?>* Based on the literature, we selected 68 immune
checkpoints and compared the differences in the expression of these immune checkpoints between high and low-risk
groups in TCGA-BLCA.? In addition, we used the R package “psych” (v 2.2.9) for correlation analysis of prognostic
genes with immune cells and differential immune checkpoints.”® In the TCGA-BLCA dataset, the R package “estimate”
(v 1.0.13) was used to calculate the StromalScore and ImmuneScore of the samples and the differences in these scores
were compared between two risk groups.”’ IMvigor210 data were obtained from the “IMvigor210CoreBiologies”
package (v 1.0.0) (https://github.com/SiYangming/IMvigor210CoreBiologies) to explore differences in response to PD-

L1 therapy in BCa patients between two risk groups. The response to immunotherapy was categorized into four types:
complete remission (CR), partial remission (PR), stable disease (SD), and disease progression (PD). Finally, we analyzed
the correlation between TIDE scores and risk scores in TCGA-BLCA, GSE13507, GSE32548, and GSE31684 datasets,
and the differences in TIDE scores between two risk groups.

Mutation Analysis and Drug Sensitivity Prediction
Somatic mutation data for TCGA-BLCA was retrieved through the “TCGAmutations” package (v 0.3.0) (https://github.
com/PoisonAlien/TCGAmuta-tions), and the mutations were examined across both two risk groups. Additionally, we

gathered the 1Cs, values for 198 drugs from the GDSC databases (https://www.cancerrxgene.org/) and compared these

values across the risk groups to pinpoint drugs with noteworthy differences. The relationship between common
chemotherapeutic agents (Dasatinib, Erlotinib, Lapatinib, Savolitinib) and prognostic genes and risk scores was further
visualized. In addition, correlations between prognostic genes and FDA-approved chemotherapeutic agents, classical
therapeutic targets, and signaling pathways were explored.

In the TCGA-BLCA dataset, we first screened out tumor-related drug targets by comparing the differences between
normal and BCa tissues using the Wilcoxon test (p<0.05). Subsequently, by analyzing the K-M survival curves of the
target high and low expression groups and using the Log rank test (p<0.05), we further identified drug targets that were
significantly associated with patient prognosis. By conducting an intersection analysis, we pinpointed the crucial targets
of our research. We then explored the expression of these targets across various human tissues using the HPA database,
aiming to understand their biological functions and potential therapeutic applications.

Prognostic Genes Expression Validation and Human Protein Atlas Analysis

Comparison of prognostic genes between BCa and control in TCGA-BLCA, GSE3167, and GSE13507 datasets. Next,
we analyzed the protein expression levels of prognostic genes in BCa compared to controls using the HPA database
(https://www.proteinatlas.org/).

Metabolomics and Proteomic Analysis

The inter-sample reproducibility and consistency were comprehensively assessed by applying three statistical methods,
such as Pearson correlation coefficient (PCC), principal component analysis (PCA), and relative standard deviation
(RSD). Firstly, we conducted metabolite content analyses to compare the differences in metabolite compositions between
BCa and control groups, using an orthogonal partial least squares discriminant analysis (OPLS-DA) to delve into inter-
and intra-group disparities. Differentially expressed metabolites (DEMs) were identified based on thresholds set at
a variable importance in projection (VIP) of at least 1.0, p<0.05, and a 1og2FC of at least 1.5 for up-regulation or less
than 1/1.5 for down-regulation. The DEMs were then subjected to KEGG pathway enrichment analysis to identify
significantly impacted biological pathways. Similarly, we identified differentially expressed proteins (DEPs) using
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thresholds of p<0.05 and 1log2FC values corresponding to up- or down-regulation. These proteins underwent GO and
KEGG pathway enrichment analyses, alongside assessments of their subcellular and chromosomal localizations. A PPI
network was established using the STRING database (https://string-db.org) (confidence score>0.7). Additionally, based
on the motif-x algorithm, we performed motif characterization of peptide sequences in the vicinity of the modification

site using the MoMo analysis tool (p<0.000001). Finally, the same methods described above were used to screen for
differentially expressed modified proteins as well as differentially expressed modified sites and to perform relevant
functional analyses.

Lactylation, Phosphorylation, and Succinylation Modification Histology and Proteomics
A joint analysis of DEPs and differentially expressed lactate-modified proteins (DE-LMPs) was first performed to
identify lactylation-modified proteins by taking intersections. Next, PPI networks were established using the STRING
database (high confidence>0.7) and visualized using Cytoscape software.'” In addition, KEGG enrichment analysis was
performed by the Metascape website, which functionally clustered the lactylation-modified proteins and visualized the
most prominent pathways. The same approach was applied to phosphorylation and succinylation-modified proteins (DE-
PMPs and DE-SMPs) to identify proteins common to these modifications. Ultimately, we identified proteins undergoing
single or multiple post-translational modifications by comparing the intersection and concatenation of DE-LMPs, DE-
PMPs, and DE-SMPs.

Conjoint Analysis of Proteomic and Metabolomics

Spearman correlation analysis was executed using the “Hmisc” function to analyze the correlation between DEPs and
various types of post-translationally modified proteins (DE-LMPs, DE-PMPs, and DE-SMPs) and DEMs (|cor|>0.95,
p<0.05) to obtain candidate DEPs, LMPs, PMPs, and SMPs. In addition, metabolites associated with different post-
translationally modified proteins were analyzed using the “VennDiagram” R package (v 1.7.1).%®

Joint Proteomic and Transcriptomic Analysis

Candidate genes were evaluated in conjunction with DEPs as well as DE-LMPs, DE-PMPs, and DE-SMPs. Initially,
intersections genes (proteins) were identified between both upregulated and downregulated candidate genes and their
corresponding post-translational modifications. These genes and proteins were subsequently subjected to GO and KEGG
enrichment analysis via the “clusterProfiler” package (v 4.2.2)."® In the TCGA-BLCA dataset, samples were categorized into
high and low-expression groups using median expression values of certain genes (proteins). Subsequently, we analyzed the
association between expression levels and patient survival outcomes using K-M survival curves and Log rank tests.

Single-Cell Sequencing Analysis

The “Seurat” package (v 5.0.1) was utilized to systematically process and analyze single-cell transcriptome sequencing
data from GSE135337.%° First, we constructed Seurat objects and filtered out data that appeared in fewer than 3 cells or
detected fewer than 200 genes per cell. Subsequently, quality control was performed to filter out cells with
nFeature RNA less than 500 or more than 6000, nCount RNA more than 40,000, and percent.mt higher than 10%.
Data normalization was performed using the ‘“NormalizeData” function, then the selection of the top 3,000 highly
variable genes via the “FindVariableFeatures” function, based on their mean-variance relationship. Data normalization
was performed using the “ScaleData” function. To eliminate the batch effect, we used the “FindIntegrationAnchors” and
“IntegrateData” functions to process the data. Then the “NormalizeData” function, “FindVariableFeatures” function, and
“ScaleData” function perform data normalization and normalization to verify the effectiveness of removing batch effect
(resolution=0.1, principal component=30). Finally, the cell clustering analysis was executed by the UMAP method and
the cells were annotated using marker genes from the published literature.” The “FindAllMarkers” function was used to
obtain differentially expressed genes in different cell types (only.pos=TRUE, min.pct=0.25, logfc.threshold=0.25).
Subsequently, functional enrichment analyses were executed on these marker genes of annotated cells to explore their
potential functions in cellular functions and pathological processes. We employed the inferCNV algorithm of the
R package “inferCNV” (v 1.1400) (https://github.com/broadinstitute/inferCNV) to analyze the copy number variation

8362 https: Journal of Inflammation Research 2025:18


https://string-db.org
https://github.com/broadinstitute/inferCNV

Tan et al

(CNV) of the clusters with the highest cellular content in the BCa samples. In addition, we calculated the CNV scores for
each cluster to quantify the potential impact of copy number variation on cell populations. Pseudo-time trajectory
analysis was then performed using “Monocle 2”.

Identification and Analysis of Key Cells

Crucial cells were pinpointed by confirming the expression of prognostic genes in each annotated cell type. After these
cells were identified, we performed data normalization using the “ScaleData” function. Subsequently, clustering of key
cells was executed via UMAP analysis (resolution=0.1). To explore the developmental trajectories of key cells,
simulation analysis was executed using the “monocle” package (v 2.14.0).>° Finally, cell communication between the
key cells and other annotated cell types was analyzed via the “CellChat” package (v 1.6.1) (https://link.springer.com/
article/10.1007/s13238-020-00762-6).

Immunohistochemistry (IHC) Staining

Paraffin-embedded tissue samples were sectioned at a thickness of 4 pm. The sections were pretreated in an oven at 65°C
for 2 h. Dewaxing was performed using xylene, followed by soaking in 100%, 95%, and 80% ethanol for about 5 min
each. The sections were then gently rinsed with deionized water. Antigen retrieval was carried out using citrate buffer,
followed by blocking. MYH11 antibody (1:1000, Abcam) was applied to the sections and incubated overnight at 4°C.
The following day, a secondary antibody was applied, and the sections were incubated for 30 min at room temperature.
The sections were then rinsed with PBS, stained with DAB, and counterstained with hematoxylin.

Cell Culture and Transfection

The BCa cell lines RT4, T24, 5637, SW780, J82, and the normal bladder uroepithelial SV-HUC-1 were all purchased
from Shanghai Fuheng Cell Biology Co., Ltd. and cultured according to standard procedures. Lipid-mediated shRNA
transfection was performed using the lipo 3000 reagent (Invitrogen) according to the shRNA product instructions.

Cell Proliferation, Migration and Invasion Assay

Cells were seeded into a 6-well plate at a density of 1000 cells per well and incubated for 2 weeks at 37°C in a 5% CO,
atmosphere. After incubation, the cells were fixed with 4% paraformaldehyde for 20 min and stained with 0.5% crystal
violet solution for another 20 min. For the cell invasion assay, 5000 cells were seeded into the upper chamber containing
serum-free medium (Corning), with the lower chamber coated with Matrigel (BD Biosciences). After approximately
24 h, they were fixed with 4% paraformaldehyde for 20 min and stained with 0.1% crystal violet for 15 min. The
migratory capacity of the cells was assessed using a wound-healing assay. Cells were seeded in 6-well plates at a density
of 1x10* cells per well and allowed to grow to 80-90% confluence. A thin wound was created using a sterile 200 pL
pipette tip, and the gap between the wound edges was imaged at 0 and 24 h. To evaluate changes in cell proliferative
capacity, 3000 cells per well were seeded into 96-well plates, each containing 100 puL of complete growth medium. After
the cells had adhered, 10 pL of CCK-8 solution (Dojindo, Kumamoto) was added to each well. Following a 2 h incubation,
the absorbance was measured at 450 nm.

Western Blot

The entire experimental procedure was carried out on ice. Total protein was initially extracted from cells and tissue using
RIPA lysis buffer. Sodium dodecyl sulfate-polyacrylamide gels (SDS-PAGE) were prepared according to the molecular
weights of the target proteins, and approximately 30 pg of protein sample was loaded into each well. The proteins were
separated by electrophoresis, transferred onto PVDF membranes, and subsequently blocked with 5% milk for 2 h at room
temperature. The membranes were then incubated overnight at 4°C with the MYH11 antibody (1:5000, Abcam). After
primary antibody incubation, the membranes were washed three times in TBST buffer for 5 min each. GAPDH antibody
(1:1000, Proteintech) was prepared in 5% milk and incubated with the membranes for 1 h at room temperature. Finally,
the membranes were washed rapidly in TBST buffer three times for 10 min each. Protein bands were visualized using
enhanced chemiluminescence (ECL, Bain-marie) on a GE Healthcare imaging system.
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Statistical Analysis

Bioinformatics analyses were conducted using R programming language (v 4.2.2). The Wilcoxon rank sum test evaluated
differences between groups, while Fisher’s exact test determined the significance with a p-value < 0.05 for statistical
significance. Supplementary File 1 presented the bioinformatics analysis process of this study.

Remark Criteria Statement
Our research adheres to the Reporting Recommendations for Tumor Marker Prognostic Studies (REMARK) criteria,
ensuring transparency and comprehensive reporting of our study findings.>'

Results

Fifteen Hub Genes Were Screened
Through differential expression analysis in the TCGA-BLCA dataset, 1226 DEGs were identified, including 692
upregulated genes and 534 downregulated genes. (Figure 1A, B and Supplementary Table S1). The WGCNA method

was used to cluster all samples, and the optimal soft threshold =5 was selected to identify 17 co expressed modules.
Further, modules with high positive/negative correlation with BCa were selected, resulting in 221 module genes
associated with BCa (Figure 1C, D and Supplementary Figure Sla—c). Through DEG and module genes, ultimately

determined 119 candidate genes (Figure 1E). The analysis of these genes’ specific locations on chromosomes and
subcellular localization showed that they played a crucial role in cellular functions (Figure 1F and G). Additionally,
enrichment analysis indicated that the candidate genes primarily participated in biological functions including muscular
system processes, muscle contraction, and the calcium signaling pathway (Figure 1H and I). Subsequently, through PPI
network analysis, we highlighted the central role of 15 hub genes in BCa (Figure 1J).

Construction of Prognostic Gene Signatures by Machine Learning Algorithms

Next, we developed prognostic genes from 15 hub genes through an integrated approach of univariate Cox regression
analysis and machine learning algorithms. The univariate analysis identified 8 genes noticeably associated with prognosis
(Figure 2A). In four datasets, the LOOCV framework was used to develop 101 predictive models, and the c-index was
calculated for each model (Figure 2B). The top 10 models with the highest c-indexes are displayed in Figure 2C. We
chose to use the RSF+SuperPC algorithm to build a risk model, identifying CASQ2, DTNA, FLNC, KCNMA1, MYH11,
PLN, PRKGI1, and SGCD as prognostic genes. The specific formula for our risk model was: RiskScore =
1.1980066*CASQ2 + 1.4268389*DTNA + 1.5547541*FLNC + 0.9854694*KCNMA1 + 1.1265762*MYHI11 +
1.0659459*PLN + 1.6518046*PRKG1 + 1.3311954*SGCD. Subsequent ROC analysis demonstrated the high diagnostic
value of these prognostic genes (Supplementary Figure S2a—d). Figure 2D presents the functional annotation of the

proteins encoded by these prognostic genes, providing insights into their biological roles.

Subsequently, TCGA-BLCA samples were categorized into high- and low-risk groups based on the median risk score.
The KM curve revealing that the survival rate of the high-risk group was much lower than that of the low-risk group, and
the reliability of the risk model was further validated via ROC analysis, forecasting the survival of BCa patients at 2, 3,
and 5 years (Figure 2E). As the risk score increased, the survival time decreased (Supplementary Figure S3a). The

model’s predictive accuracy was confirmed using calibration curves and DCA (Supplementary Figure S3b—c).

Furthermore, the prognostic significance of these genes was confirmed using the GSE31684, GSE13507, and
GSE32548 datasets (Figure 2F—2H and Supplementary Figure S3d-1). The expression levels of prognostic genes were

markedly elevated in the high-risk group, underscoring their likely impact on disease progression, as shown in
Supplementary Figure S3m—p. In the TCGA-BLCA dataset, the KM curves of eight genes showed that the survival

rate of the high-risk group was significantly lower than that of the low-risk group (Supplementary Figure S4)

To investigate the potential biological distinctions between the two risk groups, we conducted GSEA, with the results
presented in the Supplementary Figure S5a—d. Our findings indicated that the two risk groups exhibited significant enrichment

in distinct biological functions and signaling pathways. Notably, pathways involved included muscular system processes,
regulation of cardiac contraction, RHO protein signaling, neuroactive ligand-receptor interactions, and MAPK signaling
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pathways. These analyses enhanced our understanding of the biological foundations underlying risk stratification in patients.
Supplementary Figure S5e-h illustrated the expression profiles of the prognostic genes between BCa and normal in multiple
datasets (TCGA-BLCA, GSE3167, and GSE13507) as well as their protein expression levels in the HPA. The expression
levels of prognostic genes in Normal samples were significantly higher than those in BCa samples, all of which were

downregulated genes with consistent and significant expression trends. Immunohistochemical analysis showed that MYH11
exhibited significantly higher staining at the protein level in normal tissues. This comprehensive demonstration aimed to
confirm the robustness of prognostic genes across different platforms and their clinical relevance.

Prognostic Nomogram for BCa Based on Independent Risk Factors

Independent prognostic analyses are essential for establishing robust clinical decision support systems. Hence, in the TCGA-
BLCA dataset, RiskScore, pathologic T, and pathologic N were identified as independent prognostic factors (Figure 3A—C).
These independent prognostic indicators were employed to create a nomogram that illustrated the survival probabilities for
BCa patients at 2, 3, and 5 years (Figure 3D). Calibration curves, ROC curves, and DCA analyses further substantiated the
accuracy of the nomograms in forecasting BCa patient outcomes. The calibration curve’s slope nearing 1 signifies the
nomogram’s high predictive precision (Figure 3E). Additionally, the ROC curves demonstrated the nomogram’s accurate
predictive capabilities. The true positive rate of the nomogram surpassed that of any single predictor (Figure 3F). The DCA
curves showed that patients benefit more from the nomogram than from the individual variables (Figure 3G).

Relationship of Risk Model with Clinical Characteristics in BCa Patients

In addition, detailed comparisons of clinical characteristics such as age, gender, pathological TMN, and stage were
carried out (Figure 4A—F), and expression heat maps of prognostic genes in different clinical indicators were plotted
(Figure 4G). Further analysis involved consensus clustering based on the expression levels of prognostic genes, and BCa
samples could be well classified into two subtypes (Clusterl, Cluster2) at k=2 (Figure 4H). KM survival analysis showed
that patients in cluster] had a higher survival rate (Figure 41). The corresponding relationships between different clinical
indicators, different survival states, and different subtypes of BCa samples were shown in Figure 4J, further confirmed
the higher survival rates of patients in clusterl. The final analysis showed a high correlation between prognostic genes
and pathologic N (Figure 4K), highlighting the importance of these genes in the progression of BCa.

Association of Prognostic Genes with the Immune Profile of BCa Patients
Then, we examined the mutational profiles of the two risk groups. In the high-risk group, the TP53 exhibited the highest
mutation frequency at 51%, characterized predominantly by missense mutations (Supplementary Figure S6a and Figure 5A).

Conversely, in the low-risk group, the TTN showed the highest mutation frequency, also at 49%, with mutations of the
missense type (Supplementary Figure S6b and Figure 5B). We employed multiple algorithms to comprehensively study the

immune cell infiltration in BCa samples within the TCGA-BLCA. We observed positive correlations between prognostic
genes and anticancer immune-related cells, such as CD8" T cells and myeloid dendritic cells. Additionally, these genes also
showed positive correlations with cancer-associated fibroblasts (CAFs), fibroblasts, macrophages, and neutrophils
(Figure 5C). In the high-risk group, both Stromalscore and Immunescore were elevated (Figure 5D). We also explored
differences in immune checkpoints between two risk groups, finding disparities in 49 immune checkpoints, most of which
were positively correlated with prognostic genes (Supplementary Figure S6c and Figure SE). These results offered important

perspectives on the intricate workings of the immune microenvironment in BCa.

Prediction of Risk Models in Immunotherapy

Immunotherapy leverages the body’s immune system to combat cancer, utilizing various mechanisms to boost or
stimulate immune functions, enabling the recognition and elimination of cancer cells.? Thus, in four BCa datasets, we
assessed the link between TIDE scores and risk scores and compared TIDE scores across two risk groups. The data
revealed that TIDE scores of the high-risk group was significantly higher than that of the low-risk group, implying
a more favorable response to immunotherapy in the low-risk group (Figure 6A and B). Using the IMvigor210 cohort
data, we examined how high and low-risk BCa patients responded differently to PD-L1 therapy. Patients with high risk
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A Altered in 185 (92.96%) of 199 samples. B Altered in 193 (95.54%) of 202 samples.
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Figure 5 Genomic and TIME characteristics of the two risk groups. Waterfall plot showing the 10 most frequently mutated genes in high risk group (A) and low risk
(B). Genes are ordered by mutation frequency, which is displayed in the right. The color coding represents the mutation types. The top shows the tumor mutation
burden. (C) Bubble plot of the relationship between immune cells, and prognostic based on the TIMER, EPIC, MCP-COUNTER, ESTIMATE, and CIBERSORT
algorithms. (D) Violin plots of the comparison of Stromalscore and Immunescore between high- and low-risk groups in TCGA-BLCA. (E) Bubble plot of the
relationship between immune checkpoint genes and prognostic genes. (*P<0.05).

showed reduced survival rates compared to their low-risk counterparts (Figure 6C). Patients who did not respond to
treatment exhibited notably higher risk scores compared to responders (Figure 6D). Additionally, a smaller proportion of
high-risk patients responded to anti-PD-L1 therapy, whereas a larger proportion of non-responders were found in the
high-risk group (Figure 6E and F). This comprehensive analysis underscored the critical role of risk stratification in
predicting and enhancing the effectiveness of immunotherapeutic interventions in BCa.

8370 https: Journal of Inflammation Research 2025:18



Tan et al

) TCGA-BLCA
1
w
a
=
0
-1
GSE31684
2
1
8o
=
-1
-2
p=4.9e-08
High Low
GSE13507
2
1
w
a
=
0
-1
GSE32548
2
1
Ao
=
-1
-2
p =3.3e-06
High Low

TIDE

TIDE

TIDE

h.

R=052,p<2.2e-16

[ -

A=061,p=7.9e-11 5 .

. .
- L
.
-1 i 2
Riskscore
R=05,p=1.1e-11 ° L4

0
it
o0
=11 %Re,e
Y °
0 i 2 3
Riskscore

R=049, p=24e-09

i 2 3
Riskscore

x
2
o

riskscore

Percentage(%)

Percentage(%)

OS survival probability

1.00:

High
Low-

IMvigor210
- High
“+ Low
P =0.04369967
0 200 400 600 800
Time (days)
Number at risk
1 88 63 38 17 0
164 129 86 48 [
0 200 400 600 800
Time (days)

100%:

75%

@
3
*

25%

0%

100%

75%

@
3
*

25%

0%

crPR Ml SDPD

P=0.014

High Low

High [l Low

P=0.014

CR/PR SD/PD

Figure 6 Predictive effect of risk model in immunotherapy. (A) Violin plots of the comparison of TIDE scores between high- and low-risk groups in TCGA-BLCA,
GSE31684, GSEI3507, and GSE32548 patients. (B) The correlation between the TIDE score and risk score in TCGA-BLCA, GSE3 1684, GSE|13507, and GSE32548 patients.
(C) Kaplan-Meier curve for overall survival of the low-risk group and high-risk group in IMvigor210 cohort. (D) Violin plots of the risk score of between sensitive (CR/PR)
and resistant (SD/PD) groups. (E and F) The proportions of ICls sensitive (CR/PR) and resistant (SD/PD) populations in the two risk groups from IMvigor210 cohort.

Journal of Inflammation Research 2025:18

https://doi.org/10.2147/JIR.S519719 837 I



Tan et al

Risk Model Correlated with Targeted Therapy Response in BCa Patients

In exploring individualized therapeutic strategies for oncological diseases, differential analysis of ICs, has become a key
tool for evaluating drug sensitivity. The ICs value indicates the drug concentration needed to inhibit tumor cell growth,
with a lower ICs value typically suggesting greater drug sensitivity.>> By comparing the ICs values of 198 drugs between
two risk BCa patients, we successfully identified 119 drugs with statistically significant differences (p<0.05)
(Supplementary Table S2). Figure 7A demonstrates the correlation between ICsy and prognostic genes for various drugs.

For further analysis, we selected several commonly used FDA-approved chemotherapeutic agents based on the literature,*®
particularly those that displayed significant differences between two risk groups (Dasatinib, Erlotinib, Lapatinib, and
Savolitinib). By examining the performance of these drugs in patients in two risk groups, we could better understand the
responsiveness of different patients to chemotherapeutic drugs, thus providing a basis for personalized treatment. We found
that Erlotinib had a higher ICs, value in the low-risk group (Figure 7B—E). We also investigated the relationships among
prognostic genes, FDA-approved chemotherapy drugs, classical therapeutic targets, and signaling pathways (Figure 7F).
Our results indicated a possible link between these prognostic genes and drug sensitivity.

Chemotherapy Target Selection and SRC Expression Analysis in BCa

Next, to enhance the selection of key targets for chemotherapeutic agents, we conducted the following screening process
(Figure 8A). We examined the expression levels of traditional therapeutic targets in both BCa and normal tissue samples
(Figure 8B and Supplementary Figure S7a—f). Then, by plotting K-M curves based on the expression levels of these

targets, we identified SRC as a critical target (Figure 8C and Supplementary Figure S7g—1). We analyzed SRC expression

in different human tissues and found that the highest level of SRC expression was found in the stomach and higher in the
urinary bladder (Figure 8D). Additionally, we observed SRC expression across various cancers (Figure 8E). A crucial
finding was that SRC expression levels were significantly higher in Asian BCa patients, suggesting that patients of Asian
descent might benefit more from Dasatinib treatment (Figure 8F). Immunohistochemistry revealed significantly elevated
SRC protein expression in BCa, indicated by more intense staining (Figure 8G). These results enhanced our under-
standing of therapeutic targets for BCa.

Comprehensive Metabolomic and Proteomic Profiling Revealed Key Molecular
Changes in BCa

Based on transcriptomic data, we utilized machine learning to construct a risk model and selected genes associated with
prognosis while also an analyzing the immune characteristics of BCa. However, to fully decipher the molecular
mechanisms of BCa, we need to examine a broader range of biomolecular changes. Therefore, by integrating metabo-
lomic and proteomic data, we revealed key molecular alterations in BCa patients, which may be closely related to the
disease’s progression, treatment response, and prognosis. After performing quality control analysis on metabolomics,
proteomics, and protein modification data (lactylation, phosphorylation, and succinylation) for BCa samples and control
samples, significant differences were observed between the groups with good reproducibility, providing a reliable
foundation for further analysis (Supplementary Figure S8a—¢). In metabolomics, building an OPLS-DA model showed

that differences between groups were notably larger than those within groups, with further validation affirming the
model’s dependability (Figure 9A). The differential analysis identified 211 significantly altered metabolites between BCA
and PBCA samples, with 79 upregulated and 132 downregulated DEMs (Figure 9B and C). These DEMs were primarily
enriched in biochemical and cellular metabolic pathways including chemical carcinogenesis of reactive oxygen species,
glutathione metabolism, and amino acid biosynthesis (Figure 9D). In proteomics, a sum of 3,985 DEPs were identified,
with 2,556 upregulated and 1,429 downregulated (Figure 9E and F). Enrichment analyses revealed that these DEPs were
markedly enriched in RNA processing, RNA metabolic processes, and the complement and coagulation cascade path-
ways (Figure 9G and H). Upregulated DEPs were predominantly located in the nucleus, while downregulated DEPs were
mainly located in the extracellular matrix (Figure 9I). We also displayed the chromosomal locations of these upregulated
and downregulated DEPs and presented a PPI network map of the upregulated DEPs (Figure 9J and K).
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To identify and understand specific modification sites on proteins, we conducted a Motif analysis. Supplementary
Figure S9a—c and Supplementary Tables S3-S5 illustrated the changes in the frequency of amino acids around the
modification sites for lactylation, phosphorylation, and succinylation, along with the corresponding motifs. Subsequently,
we identified differential expression of lactated, phosphorylated, and succinylated modified proteins (DE-LMPs, DE-
PMPs, and DE-SMPs) (Supplementary Tables S6-S8). Supplementary Figure S10-S12a-b showed the expression and
related functions of the differentially modified sites of DE-LMP, DE-PMP, and DE-SMP between BCA and PBCA
samples. Supplementary Figures S10-S12c-¢ respectively displayed the subcellular localization, chromosomal localiza-
tion, and PPI network analysis results of the differentially modified proteins, revealing their roles in cellular processes.

Combined Analysis of Proteomics, Protein Modification Proteomics, and
Metabolomics

Through the joint analysis of proteomics and protein modification proteomics, it was found that there were 508 common
proteins with lactylation modifications, 1,098 common proteins with phosphorylation modifications, and 344 common
proteins with succinylation modifications (Supplementary Tables S9-S11 and Supplementary Figure S13a—c). These
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proteins were notably prevalent in multiple KEGG signaling pathways, including essential functions like spliceosome
activity, adhesion, ATP-dependent chromatin remodeling, the role of proteoglycans in cancer, and platelet activation
(Supplementary Figure S13d—f). Supplementary Figure S13g—i displayed the interaction relationships of these common

proteins. Additionally, 163 proteins undergo three types of post-translational modifications (PTMs) simultaneously
(Supplementary Table S12 and Supplementary Figure S13j), revealing their important roles in regulating cellular functions

and cancer progression.

In exploring the correlation between proteins and metabolites, we analyzed the associations between DEPs, DE-
LMPs, DE-PMPs, DE-SMPs, and DEMs. The results showed that 10 DEPs, 17 DE-LMPs, 44 DE-PMPs, and 9 DE-
SMPs are highly correlated with DEMs (Supplementary Figure S14a—d). Moreover, the analysis revealed a complex

interaction network between proteins and metabolites (Supplementary Figure S14e—i), providing an important foundation

for further research.

Combined Analysis of Protein, Metabolome, and Transcriptome to Obtain Key

Proteins

In the analysis of BCa samples from the TCGA-BLCA dataset, through the correlation analysis of 8 prognostic genes and
DEP, LMPs, PMPs, SMPs, which were highly correlated with DEMs, multiple key proteins were identified. These
included DEPs such as CCR6 and APTX, DE-LMPs such as PAICS, TNFAIP2, PRPF38B, and DAZAP1, DE-PMPs
such as PCDH7, MICAL2, F13A1, PPIA, PLCB4, GRHL2, NFXL1, PPP1R13L, APBB2, and CMKLRI1, and DE-SMPs
such as ACAT1 (Figure 10A, D and Supplementary Figure S15a-d). Additionally, the upstream kinases of these key

proteins were predicted (Figure 10E-H). These findings provided an important basis for further investigation of the
mechanism of action of post-translational modification of proteins in BCa.

Integrated Transcriptomic and Proteomic Analysis Reveals Regulatory Gene Changes

Associated with Survival in BCa Patients

To gain insight into how prognostic genes influence the progression of BCa, we performed a comprehensive analysis of
119 candidate genes involved in interactions with DEPs, DE-LMPs, DE-PMPs, and DE-SMPs. The analysis revealed that
49 DEPs showed a down-regulation trend (Supplementary Figure S16a), of which 7 were prognostic genes: CASQ2,
DTNA, FLNC, KCNMA1, MYHI11, PRKGI, and SGCD. These DEPs were mainly enriched in biological pathways such
as cytoskeleton construction of muscle cells and vascular smooth muscle contraction (Figure 11A, B and Supplementary

Tables S13-S14), which were significantly linked with the overall survival of patients (Supplementary File 2). Analysis

against DE-PMPs revealed that CENPA showed positive regulation at the transcriptional and protein levels, while 18
other genes showed negative regulation (Supplementary Figure S16b). These downregulated genes included two

prognostic genes, FLNC and MYH11, which were enriched in graphene oxide function and KEGG pathways associated
with muscle contraction and cytoskeletal regulation (Figure 11C, D and Supplementary Tables S15 and S16). Notably,

these genes had a significant correlation with patient overall survival (Supplementary File 3). When analyzing DE-SMPs,

no positively regulated genes were identified, but negative regulation of MYH11 was observed to have a significant effect
on overall survival in BCa patients (Supplementary Figure S16c and Figure 11E). This finding highlighted the important

role of protein modifications in cancer development, especially the function of phosphorylation and succinylation
modifications in regulating protein activity and stability, and further revealed the critical position of proteomics and
proteomics of protein modifications in cancer prognostic studies.

A Comprehensive Single-Cell Sequencing Analysis Revealed Cellular Dynamics and
Molecular Variations in BCa

To investigate the expression and distribution of prognostic genes at the single-cell level, we employed the GSE135337
dataset for an in-depth analysis. After stringent quality control measures, our study included 42,823 cells and 21,489
genes that met the specified criteria (Supplementary Figure S17a). We effectively eliminated batch effects

(Supplementary Figure S17b) and used UMAP clustering to identify eight distinct cell populations (Supplementary
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Figure |1 Joint analysis of proteomics and protein modificationomics Identification of GO and KEGG entries involved by 49 DEPs (A-B) and DE-PMPs (C-D). (E) Kaplan-
Meier curves between high and low MYHI | expression groups.

Figure S17c). Based on marker genes, five cell types were distinguished: uroepithelial cells, myeloid/macrophages,
T cells, fibroblasts, and endothelial cells (Supplementary Figure S17d—f and Supplementary Table S17). In comparative

analyses between samples, uroepithelial cells were notably more abundant in the BCa group (Figure 12A, B and

Supplementary Figure S17g). Additionally, we noted significant variations in the expression levels of marker genes

among the various cell types (Figure 12C, D and Supplementary Figure S17h). The pathways enriched with these marker

genes in various cell types are depicted in Figure 12E. CNV variant analysis underscored significant copy number

variations specifically in uroepithelial cells (Figure 12F—H). Through pseudo-temporal trajectory analysis, we discovered

a gradual transformation of low-malignancy uroepithelial tumors into high-malignancy forms over time (Figure 121 and

J), shedding light on the dynamic nature of tumor progression and providing insights into potential therapeutic targets.
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Fibroblasts as Critical Cells

By comparing the expression of prognostic genes across five major cell types, we found that fibroblasts exhibit relatively
higher expression of these genes, especially in BCN samples compared to BCa samples, suggesting that fibroblasts play
a critical role in disease progression (Figure 13A and B). Fibroblasts have been shown to play multiple roles in tumor
development.*® Hence, we conducted dimensionality reduction clustering on these key cells, identifying four subtypes of cells
(0, 1, 2, 3) (Figure 13C). Through pseudo-temporal analysis, we identified five different differentiation states in fibroblasts
(statel-5) (Figure 13D). The distribution of different subtypes in these differentiation states was shown in Figure 13E, with
subtype 0 mainly found in state2 and state5, subtype 1 predominantly in statel, and subtypes 2 and 3 primarily in state4.
Further examination showed that MYH11 and PLN had high expression levels in the later differentiation stages, particularly in
state4 and subtype 3 (Figure 13F and Supplementary Figure S18a). Additionally, cell communication analysis revealed

interactions between fibroblasts and other cell types. In both BCa and BCN samples, uroepithelial cells exhibited the highest
number and intensity of interactions with other cell types (Figure 13G and H). Supplementary Figure S18b-c showed the

ligand-receptor pairs involved in cell communication in BCa and BCN samples.
Finally, we observed particularly strong interactions between fibroblasts and endothelial cells in both BCa and BCN
samples (Supplementary Figure S18d-e). This could be crucial in the disease’s development and pathology.

MYHI | Is Lowly Expressed in BCa Patients

To validate the role of MYHI11 in the development and progression of BCa, IHC staining, and Western blot analyses were
performed on clinical BCa tumor samples and adjacent normal tissues, both of which consistently showed that MYH11
expression was significantly lower in BCa tumor tissues compared to peri-tumoral tissues (Figure 14A and B).

Overexpression of MYHI | Inhibits Proliferation, Migration, and Invasion of BCa Cells
To further explore the role of MYHI11 in BCa development, we examined its expression levels in various BCa and
normal bladder uroepithelial cell lines, followed by knockdown and overexpression experiments in cells with differing
MYHI1 expression levels (Figure 14C). Specifically, 5637 cells with low MYHI11 expression were transfected with the
oe-MYHI11 plasmid (Figure 14D) to induce overexpression, while T24 cells with high MYHI11 expression were
transfected with the sh-MYHI11 plasmid (Figure 14E) to achieve knockdown. We then assessed the impact of MYH11
expression on the proliferation of these cells. CCK8 assay results revealed that MYHI11 overexpression significantly
inhibited BCa cell growth (Figure 14G). Additionally, the colony formation assay showed a marked reduction in colony-
forming ability (Figure 14F), and wound healing and Transwell assays indicated a significant decrease in the migration
and invasion capabilities of BCa cells following MYHI11 overexpression (Figure 14H-K). Collectively, these results
reaffirm that MYHI11 plays an essential role in the development of BCa.

Discussion

BCa is a frequently occurring urological tumor, despite intensive treatment and advanced research in the past decades, the
prognosis of patients has not been substantially improved, with a median OS of about 14 months.** In the current study,
we combined transcriptomic data and machine learning algorithms to identify eight critical genes strongly associated
with the prognosis and treatment of BCa patients and established a prognosis model. In parallel, aiming to discover the
molecular mechanisms behind the phenotypic differences, we further conducted comparative analyses of proteomics,
post-translational modification data, metabolomics, and single-cell data. Our results exhibited that the eight critical
prognostic genes were regulated by multi-layered pathological activities, involved in diverse cellular signaling pathways
such as cytoskeleton construction and muscle contraction, and performed important roles in the cellular trajectory of
fibroblasts, a pivotal cell type that contributes to the development of BCa. We believe that to some extent these results
will shed some valuable light on the future treatment of BCa. These findings underscore the complexity of BCa biology
and provide novel insights into the interplay between gene expression, post-translational modifications, and cellular
phenotypes. By elucidating these relationships, our study offers a valuable resource for identifying potential therapeutic
targets and advancing precision medicine for BCa.
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Among the recognized prognostic critical genes, they are mainly categorized into two types, starting with ion
channel-associated proteins, including CASQ2, PRKG1, KCNMAI, and PLN, which are localized in the endoplasmic
reticulum and cytoplasmic membranes,*® and function as regulators of cell proliferation, apoptosis, hypoxia, and the

immune microenvironment and other essential roles,’®® but the role in BCa development has not been clarified. The
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other category is cytoskeleton construction-associated proteins, including DTNA, SGCD, FLNC, and MYHI11. The
cytoskeleton is a complex and dynamic network of protein fibers in eukaryotic cells, which determines cellular
morphology and regulates normal cellular activities and can influence cellular adhesion when aberrantly expressed,
promoting the invasion of hepatocellular carcinoma cells and glioblastoma multiforme.***® MYHI11, a cytoskeleton-
associated protein that encodes a key contractile element in smooth muscle cells, exhibits cancer type-dependent
functional diversity. In hematologic malignancies such as acute myeloid leukemia, MYHI11 frequently participates in
chromosomal translocations, leading to the formation of fusion proteins that disrupt normal gene regulatory networks.*!
However, in solid tumors, the role of MYHI11 appears to be more context-dependent. In colorectal cancer, reduced
MYHI11 expression has been correlated with poor clinical outcomes,*” suggesting a potential tumor-suppressive function.
Conversely, in gastric cancer, MYH11 upregulation has been shown to inhibit tumor growth, possibly through interaction
with the DNA methyltransferase DNMT3B via hypermethylation-mediated gene regulation.*> Notably, recent studies
have implicated MYHI1 as a key gene associated with BCa progression and prognosis.** Nevertheless, the precise
molecular mechanisms underlying its role in BCa remain unclear. These findings collectively indicate that the function of
MYHI! in tumorigenesis is highly context-specific and may involve distinct regulatory pathways across different cancer
types. Here in our study, we examined the multifaceted roles of MYH11 and revealed that high expression of MYHI11
was negatively correlated with OS in patients with BCa, and was also regulated by phosphorylation and succinimidyla-
tion modifications, as well as displaying elevated expression during differentiation of fibroblast subpopulations, which
may be related to the progression of BCa. However, the in vitro experimental results of this study showed that
overexpression of MHY 11 can inhibit the proliferation, invasion, and migration capabilities of BCa cells, indicating
that MYH11 may exert a dual role in BCa. At the cellular level, MYH11 might function as a tumor suppressor, whereas
its high expression within specific tumor microenvironment contexts, particularly in certain fibroblast subpopulations,
could promote a more aggressive cancer phenotype. This context-dependent behavior highlights the potential of MYH11
as a biomarker for disease stratification or as a therapeutic target under specific biological conditions. Therefore, further
in-depth investigations into the mechanistic role of MYHI11 in BCa are warranted, which may provide novel insights for
the development of new therapeutic strategies.

In several large-scale clinical trials over the past few years, including CheckMate274, CheckMate901, EV-301, and
EV302, the findings suggested that immune checkpoint inhibitors and adjuvant therapy with Antibody-drug conjugates
(ADCs) significantly improved the median overall survival and progression-free survival of high-risk, locally-progressive
and metastatic BCa patients,*> which demonstrated that immunotherapy would gradually capture the mainstream in the
future treatment of BCa. In reality, however, only about 20-40% of patients with progressive BCa significantly benefit from
adjuvant immunotherapy,*® so we need more compatible tools for accurate stratification. Here, the critical prognostic genes
we screened were positively collocated with the expression levels of multiple anti-tumor immune cell infiltration and
immune checkpoints, with higher immune infiltration for patients in the high-risk group but higher response rates to
immunotherapy for patients in the low-risk group, so the risk model we developed can be served as a predicting tool for
immunotherapy in patients with BCa. Furthermore, we conducted targeted drug testing for patients in the high-risk group,
and the significant high expression of SRC, a known target of Dasatinib,*’ in BCa patients in the high-risk group implicated
that SRC could be used as a potential target for the treatment of patients in the high-risk group of BCa patients. These results
highlight the clinical potential of our risk model not only as a stratification tool for immunotherapy but also for guiding
personalized treatment regimens for BCa patients, thereby enhancing therapeutic efficacy.

4850 Wwith a certain

Numerous researchers have developed several BCa prognostic models at the transcriptomics scale,
degree of consistency in biological characteristics and clinicopathological features. Nevertheless, the regulation between
genomic abnormalities and oncogenic proteins is often a vital focus for the mechanism of tumorigenesis,” whereas the
integrated multi-omic analysis precisely compensates for these deficiencies, providing a comprehensive view and
unbiased molecular classification of the intricate biological signature of BCa. Similar to previous studies, we initially
established transcriptomic categorizers, which can be considered independent prognostic factors for BCa patients and
guidelines for treatment. PTMs are deemed to be essential for maintaining genome stability,”’ therefore we analyzed
PTMs and proteomics intellectually and detected 163 proteins that were regulated by all three PTMs simultaneously,

which were significantly enriched in the spliceosome, cellular adhesion, and ATP-dependent chromosome remodeling
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pathways, suggesting that PTMs may be an important cause of genomic instability in BCa patients. By providing these
insights, our study not only enriches the understanding of BCa biology but also highlights the potential of targeting PTM-
related pathways as a therapeutic strategy, offering new avenues for precision medicine in BCa. Furthermore, we
determined that the crucial pathway for BCa tumorigenesis was cytoskeletal construction after integration of transcrip-
tomics, proteomics, and post-translational modification histology analyses. The invasive capacity of tumor cells has been
characterized by loss of intercellular junctions and adhesion, increased motility, and rearrangement of cytoskeletal
proteins.>* Our findings suggest that targeting cytoskeletal protein modulation could serve as an effective approach to
mitigate BCa progression, emphasizing the translational potential of our multi-omics approach. Finally, we also analyzed
intercellular heterogeneity and found that prognostic critical genes were significantly overexpressed in fibroblasts. It has
been confirmed that fibroblasts were the main constituents of stroma and played important roles in the tumor micro-
environment of patients with BCa, such as promotion of tumor proliferation, drug resistance, and immune evasion,***>*
we speculated that critical prognostic genes might work through regulation of fibroblasts to boosting the onset and
progression of BCa. In summary, the multi-omics analysis thoroughly resolved the complex biology of BCa from
multiple viewpoints, and the established unbiased molecular categorizer has significant clinical significance and potential
to enhance the interpretation and management of BCa.

Together with multi-omics analysis, we mapped the regulatory distribution of BCa at the transcriptomics, proteomics,
post-translational modifiers, and metabolomics dimensions in terms of molecular interaction networks, pathway enrich-
ment, and molecular localization, which strengthened our understanding of the etiology of BCa. Despite the advances
realized in our study, it is important to note that some limitations need further addressing and in-depth exploration. For
one thing, the risk model we developed was primarily based on transcriptomic data; however, the inclusion of multi-
omics analysis further enhanced the understanding of gene regulation across different molecular layers. This will
contribute to ensuring the reliability and reproducibility of the analysis results and provide a more solid foundation for
clinical application in BCa cancer patients. Additionally, our study primarily relied on computational analyses and
bioinformatics tools, with only basic experimental verification supporting our preliminary findings. To thoroughly
investigate the functions of MYHI11 in BCa, further in vivo and in vitro experiments are essential. Expanding this
experimental research will provide a more comprehensive and detailed understanding of the specific mechanisms through
which MYH11 influences the development and progression of BCa. In addition, we plan to include a larger cohort of
clinical samples in future studies to further validate our findings and minimize the potential bias caused by sample
heterogeneity and limited sample size. Consequently, future research should focus on broader experimental designs to
systematically and comprehensively elucidate the role of MYHI11 in BCa biology.

Conclusion

This study provides a comprehensive understanding of BCa by integrating multi-omics data with machine learning to
identify key prognostic genes and develop a robust risk model. MYH11 emerges as a critical tumor-inhibiting factor, with
significant implications for improving prognostic predictions and therapeutic strategies in BCa. Future research focusing
on broader experimental designs will further elucidate the molecular mechanisms underlying BCa, enhancing the clinical
management of this disease.
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