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ARTICLE INFO ABSTRACT
Keywords: Background: Bladder cancer (BLCA) presents as a heterogeneous epithelial malignancy. Progress
Bladder cancer in the early detection and effective treatment of BLCA relies heavily on the identification of novel

Single-cell analysis

Artificial neural network prognostic models
Machine learning

NFIC

biomarkers. Therefore, the primary goal of this study is to pinpoint potential biomarkers for BLCA
through the fusion of single-cell RNA sequencing and RNA sequencing assessments. Furthermore,
the aim is to establish practical clinical prognostic models that can facilitate accurate categori-
zation and individualized therapy for patients.

Methods: In this research, training sets were acquired from the TCGA database, whereas validation
sets (GSE32894) and single-cell datasets (GSE135337) were extracted from the GEO database.
Single-cell analysis was utilized to obtain characteristic subpopulations along with their associ-
ated marker genes. Subsequently, a novel BLCA subtype was identified within TCGA-BLCA.
Furthermore, an artificial neural network prognostic model was constructed within the TCGA-
BLCA cohort and subsequently verified utilizing a validation set. Two machine learning algo-
rithms were employed to screen hub genes. QRT-qPCR was performed to detect the gene
expression levels utilized in the construction of prognostic models across various cell lines.
Additionally, the cMAP database and molecular docking were utilized for searching small
molecule drugs.

Results: The results of single-cell analysis revealed the presence of epithelial cells in multiple
subpopulations, with 1579 marker genes selected for subsequent investigations. Subsequently,
four epithelial cell subtypes were identified within the TCGA-BLCA cohort. Notably, cluster A
exhibited a significant survival advantage. Concurrently, an artificial neural network prognostic
model comprising 17 feature genes was constructed, accurately stratifying patient risk. Patients
categorized in the low-risk group demonstrated a considerable survival advantage. The ROC
analysis suggested that the model has strong prognostic ability. Furthermore, the findings of the
validation group align consistently with those from the training group. Two types of machine
learning algorithms screened NFIC as hub genes. Forskolin, a small molecule drug that binds to
NFIC, was identified by employing a cMAP database and molecular docking.

Conclusion: The analysis results supplement the research on the role of epithelial cells in BLCA. An
artificial neural network prognostic model containing 17 characteristic genes demonstrates the
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capability to accurately stratify patient risk, thereby potentially improving clinical decision-
making and optimizing personalized therapeutic approaches.

1. Introduction

Bladder cancer (BLCA) is a common urological malignancy that presents a significant global health challenge. Every year, the
global incidence of BLCA exceeds 570,000 new cases, resulting in over 200,000 deaths [1,2]. BLCA is characterized by two types, such
as muscle-invasive bladder cancer (MIBC) and non-muscle-invasive bladder cancer (NMIBC), on the basis of the depth of invasion into
the muscularis propria of the bladder. Approximately 75 % of BLCA cases are attributed to NMIBC, while MIBC accounts for
approximately 25 % of BLCA cases [3]. NMIBC is typically treated with transurethral resection, but there is a significant rate of
postoperative recurrence and tumor progression [4]. In some cases, patients initially diagnosed with NMIBC advance to MIBC [5].
MIBC is an aggressive disease characterized by a considerable risk of metastasis, often spreading to peripheral organs and lymph nodes
[3]. Resultantly, the five-year survival rate of MIBC patients is lower than that of patients with NMIBC. Currently, MIBC has two
treatment modalities, including radical cystectomy plus neoadjuvant chemotherapy and maximal transurethral cystectomy of the
bladder tumor plus radiotherapy and chemotherapy [6]. Subsequently, most patients with MIBC still experience recurrence or
metastasis post-treatment. In many cases, BLCA patients lack specific clinical manifestations, leading to diagnoses at advanced stages.
With advancements in medical treatment, immunotherapy offers new options for cancer patients. However, due to the tumor het-
erogeneity of BLCA, immunotherapy still struggles to enhance the treatment status of BLCA patients. Hence, in this era of personalized
medicine, it is crucial to thoroughly comprehend the molecular mechanisms implicated in the progression of BLCA. Moreover, the
identification and development of robust and reliable biomarkers and risk models are necessary for improving the current therapeutic
status of BLCA.

With the rapid advancements in bioinformatics, transcriptomics has been used to explore biomarkers for various diseases, including
tumors and non-tumors. Currently, an increasing number of genes have been identified as effective therapeutic targets for cancer [7].
The report by Fei Xie et al. suggests that circPTPRA in the exon can inhibit cancer progression by endogenously blocking the
recognition of m6A-modified RNA via IGF2BP1 [8]. Jiangiang Nie et al. discovered notably upregulated expression of Glycyl-TRNA
Synthetase 1 (GARS1) in various cancer types, demonstrating prognostic value in diverse types of cancer. The authors also revealed
that GARS1 can enhance the proliferative and migratory capabilities of BLCA cells [9]. In contrast to traditional transcriptomic ap-
proaches, single-cell RNA sequencing (scRNA-seq) enables researchers to analyze transcriptomic patterns on a cellular level. This
facilitates a thorough examination of cellular diversity within the tumor microenvironment (TME) and provides novel insights into cell
interactions [10-12]. Kun et al. identified CXCL14 as a pivotal regulator of lymph node metastasis in breast cancer [13]. The study by
Junya Peng et al. revealed multiple malignant and stromal cell types in primary pancreatic ductal adenocarcinoma. Among them,
heterogeneous malignant subtypes were composed of several subgroups exhibiting distinct proliferation and migration potentials [14].
Hence, the objective of this investigation is the detection of potential biomarkers of BLCA and the construction of relevant clinical
prognostic models by integration of RNA-seq and scRNA-seq analyses. This approach aims to achieve precise stratification and
personalized treatment for patients.

In this research, scRNA-seq data and a large amount of RNA-seq data were utilized to screen for BLCA-related characteristic genes.
Subsequently, a clinical prognosis model was constructed, and its risk stratification ability was validated using external datasets.

Additionally, an exploration into the correlation between immune system cells and predictive models was conducted in order to
enhance comprehension regarding the potential role of immune cells in the advancement of BLCA.

. Overall, this study provides a new insight that may contribute to personalized treatment and surgical accuracy for BLCA patients.

2. Materials and methods

Datasets and patient samples The RNA-seq data, clinical information, and mutation data for BLCA were obtained from the TCGA
database. The TCGA-BLCA dataset comprised 19 normal tissue samples and 412 tumor samples. An external validation cohort, the
GSE32894 dataset, was acquired from the GEO database. After excluding samples with incomplete clinical and survival information,
the GSE32894 dataset consisted of 224 tumor samples. The scRNA-seq dataset GSE135337 for BLCA was obtained from the GEO
database. GSE135337 comprised single-cell sequencing data from seven BLCA patients.

2.1. Identification of major cell subpopulations and associated marker genes via scRNA-seq analysis

The single-cell data were analyzed utilizing R packages such as “Seurat” [15,16]. The following filters were implemented to the raw
matrix of every cell for retaining high-quality single-cell data, including genes expressed in at least five single cells, eliminating cells
expressing fewer than 100 genes, as well as excluding cells with more than 5 % of mitochondrial genes. The “NormalizeData” function
of the R package “Seurat” was utilized for normalizing the single-cell data. The normalized data is converted to Seurat objects, which
are then employed for the identification of the top 2000 genes exhibiting high variability. Principal Component Analysis (PCA) was
performed using the "RunPCA" function in the R package "Seurat" to reduce the dimensionality of single-cell data by analyzing the top
2000 genes. JackStraw analysis was utilized for identifying significant PCs and selecting the appropriate PCs as per the proportion of
variance accounted for cell clustering analysis. The “FindClusters” and “FindNeighbors” functions from the “Seurat” package were
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employed to carry out the cell clustering analysis. The t-distributed Stochastic Neighborhood Embedding (t-SNE) was utilized for the
visualization of nonlinear downscaling [17-19]. The “FindAllMarkers” function was utilized to identify marker genes having logfc of
0.25 (multiplicity of variance) and minpct of 0.25 (expression rate of the least differentiated gene). Ultimately, the marker genes were
filtered by employing the corrected P-value <0.05.

2.2. Functional enrichment analysis

The R package “clusterProfiler” was employed to conduct the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene
Ontology (GO) analyses. The GO analyses included pathways of molecular functions (MFs), biological processes (BPs), cellular
components (CCs), and others [20]. Pathways with FDR <0.25 and P < 0.05 exhibited statistical significance.

2.3. Identification of different subgroups in BLCA based on unsupervised clustering

Marker gene expression for key cellular subpopulations identified in single-cell analysis was acquired through the TCGA-BLCA
dataset. The Cox analysis (univariate) was conducted to screen candidate prognostic genes, applying a threshold of P < 0.05. The
“ConsensusClusterPlus” R package was utilized to carry out consensus clustering on the basis of prognosis-related genes. The heat map
depicts the relationship between clinical characteristics and different clusters [21].

2.4. Development of protein-protein interaction (PPI) network and artificial neural network prognostic model

The prognostic genes were imported into the STRING database to acquire interaction information. Cytoscape was utilized for
visualizing the PPI network and identifying key nodes within the PPI network through CytoHubba, a Cytoscape plugin [22,23].
Subsequently, these key nodes were used to construct the artificial neural network model, which comprised hidden, output, and input
layers(Fig. 1). The quantity of nodes in the input layer and output layer aligned with the quantity of input data characteristics and the
amount of anticipated labels, respectively. Moreover, the volume of nodes in the concealed layer matched the quantity of covert nodes.
The intricacy of the model was fine-tuned by modifying the quantity of covert nodes. It is important to consider that there might be
multiple hidden layers within the hidden layer. The hidden layer is comprised of fully connected nodes (neurons), followed by a
dropout layer. The output of the network is achieved through simple fully connected integration, where the results of the output nodes
are used as risk values. Finally, this model employed the following loss function to train the network:
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Fig. 1. Visualization of artificial neural network prognostic prediction model.
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In the equation, h”(x;) specifically refers to the output of a neural network, representing the logarithmic estimate of the risk for a given

covariate (x;). log X . ) is the logarithmic sum of the risks of all individuals who survived before time (T;). Nz—; denotes the
ieR(T;)°

number of individuals who have experienced an event. This process was carried out repeatedly. The application of nonlinear activation

and multi-layer functions distinguishes this technique from linear models, which are limited to classifying linear data.

Following this, BLCA patients were categorized into groups with low and high risks based on the median risk score obtained from
the neural network prognostic model. An analysis using the Kaplan-Meier method was carried out to assess the association between
these groups and the overall survival (OS). Receiver operating characteristic (ROC) curves were employed to evaluate the practical
significance of the model in predicting the survival outcomes of BLCA patients. Moreover, in order to validate its clinical utility,
GSE32894 was employed as an independent external validation cohort.

2.5. Clinical correlation between two risk groups

Cox regression analyses were carried out to assess the potential of risk scores as an autonomous prognostic indicator for BLCA
patients. Furthermore, the association between clinicopathological features and risk score was explored within the TCGA-BLCA cohort.
The research also generated column graphs depicting various clinical attributes and risk scores. Furthermore, estimates for the 1-, 3-,
and 5-year survival rates of BLCA patients were projected utilizing the “survival” and “rms” software packages.To determine the
accuracy and discriminatory power of the column charts, calibration curves were employed.

2.6. Differences in TME infiltration and somatic mutations between low and high-risk groups

The CIBERSORT algorithm, a fundamental tool for the deconvolution of immune cell expression matrices as per linear support
vector regression, measures the infiltrating immune cell proportions by labeling gene expression [24]. To assess the relationship
between risk groups and immune cell infiltration, this algorithm was employed. The R package “maftools” was employed for the
extraction of the mutation annotation format from the TCGA database, enabling the identification of mutations in BLCA patients
between different risk groups.

2.7. Drug sensitivity analysis and drug prediction

In order to forecast chemosensitivity disparities between high- and low-risk groups, the IC50 values at half-maximal inhibitory
concentration were deduced by referencing the Genomics of Drug Sensitivity in Cancer (GDSC) database. This was achieved by
constructing ridge regression models with ten-fold cross-validation utilizing the pRRophetic R package [25,26]. The Connectivity Map
database (cMAP,https://portals.broadinstitute.org/cmap/) was employed for predicting potential small molecule drugs.

2.8. Identification of important features and molecular docking

Two machine learning algorithms (XGboost and LightGBM) were utilized to examine the feature importance of model genes in the
model, aiding in further identification of the key genes that contribute the most to the model. SHAP values were used to clarify the role
of each gene in the model. This explicatory method quantifies the influence of each characteristic on the model’s result. The SHAP
value average was calculated for each gene across all samples to identify genes that significantly impact the overall model output. In
this research, a new blind docking tool, CB-Dock2 (http://clab.labshare.co.uk/cb-dock/php/index.php), was applied, with a focus on

Table 1
The primer pairs targeting genes.

Gene Forward primer sequence (5-3") Reverse primer sequence (5-3")
CKB GGCAAGCATGAGAAGTTCTCGG ACCAGCTCCACCTCTGAGAAGC
COL6A2 CGTGGAGACTCAGGACAGCCA CCTTTCAAGCCAAAGTCGCCTC
COX7A1 CCTCCTCCGTGGTGGACGAAT CAGCGTGACAGCTGGGGACG
DPYSL2 ACTGCCCAGAAGGCTGTAGGAA CAGCCACAAACTGGTTCTCATCC
FLNA CAACAAGTTCACTGTGGAGACCA TGTAGGTGCCAGCCTCATAAGG
FSTL1 TCGCATCATCCAGTGGCTGGAA TCACTGGAGTCCAGGCGAGAAT
GADD45B GCCAGGATCGCCTCACAGTGG GGATTTGCAGGGCGATGTCATC
GNG11 GTTCTAGGGCGAAAATGCCG AACGACCTCTTCCACTGAGG
GSN ATCTGCCATCCTGACTGCTCAG CTTCCCACCAAACAGGCTCATG
KCNJ15 TGTGCTTGGTGATTCAGGTAGCC GACAGTGGCTTGGTTGAGGAGA
KRTCAP2 GGTCTCTTCGTGTTCTCGCTCA CAAAGAGAGCCAACAGGAGGCA
LDLR GAATCTACTGGTCTGACCTGTCC GGTCCAGTAGATGTTGCTGTGG
MYADM CCAGTTCGATGAGAAGTATGGCG CAGCCACATACGCCAGTAGGTT
NFIC TGGCGGCGATTACTACACTTCG GGCTGTTGAATGGTGACTTGTCC
OLFML3 GGAGTACATGGAACGCCGACTA CCTTCTCTGCCACCTCCAGCA
RGS2 CTCTACTCCTGGGAAGCCCAAA TTGCTGGCTAGCAGCTCGTCAA
SERINC1 TGATGACCCTTACCAACTGGTAC CGAGTGTCCAAACATACAGCACG
GAPDH GTCTCCTCTGACTTCAACAGCG ACCACCCTGTTGCTGTAGCCAA
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enhancing docking accuracy. This software anticipates the binding area of a given protein. It also calculates the dimensions and
midpoint using curvature-focused cavity identification methods. Moreover, it interconnects with the state-of-the-art docking software.
Furthermore, CB-Dock2 evaluates binding modes using Vina scores and provides an interactive 3D visualization of these binding
modes. The absolute values of binding energy are arranged in descending order, from high to low [27-29]. A binding energy < —5
kcal/mol denotes good binding ability, whereas a binding energy < —7 kcal/mol indicates strong activity. The small molecule
structures were obtained from the PubChem database and saved in saf format. Then, the 3D structure of the protein was extracted from
the AlphaFold Protein Structure Database and saved in PDB format. This study utilized the online CB-Dock2 database for molecular
docking and complete visual analysis.

2.9. Real-time fluorescence quantitative polymerase chain reaction (qRT-PCR)

TRIzol reagent (Thermo Fisher, USA) was utilized for extracting total RNA from cell lines, such as SV-HUC-1, EJ-1, and BT-B. The
cDNA was synthesized via 500 ng RNA utilizing HiScript II SuperMix (Vazyme, China). The PCR amplification conditions are 94 °C for
10 min, 94 °C for 10 s, and 60 °C for 45 s, respectively. GAPDH serves as an internal reference. Table 1 depicts the primer pairs
targeting genes.

2.10. Cell culture and transient transfection

SV-HUC-1, EJ-1 and BT-B cells were purchased from Beijing Bena Biotechnology Co. (Beijing, China). Cells were cultured in DEME
F-12 medium. The negative control (NC) and siRNA for KRTCAP2 (Sagon, China) were transfected into the cells utilizing Lipofect-
amine 2000 (Invitrogen, Thermo Fisher, USA).

Gene Target sequences (5-3")

si-KRTCAP2#1 AGGATTCCAAGCAAAGATCTTCC
si-KRTCAP2#2 GTCTGTACTACATCAACAAGATC
si-KRTCAP2#3 GAGAAACTGACCCTGAATGTTCA

2.11. Cell viability

Cell viability was determined through the Cell Counting Kit-8 test (Beyotime, China), following the guidelines specified by the
manufacturer. Various treatments were administered to cells, which were then grown in 96-well dishes with 1 x 103 cells in each well.
The CCK-8 solution was administered at specified intervals. Following a 2-h incubation at 37 °C, the optical density values at 450 nm
were measured using a microplate reader (BioTeK, USA).

2.12. Transwell assay

Migration assays using Transwell were carried out with EJ-1 and BT-B cell lines. In summary, cells (1x10°) were seeded onto
Matrigel-free chambers (BD Biosciences, USA) for the migration process. The upper chamber was filled with serum-free medium, while
the lower chamber contained complete DMEM medium. Following a 24-h incubation period, fixed with 4 % paraformaldehyde and
stained with 0.1 % crystal violet, the migrating or invading cells were observed.

2.13. 5-Ethynyl-2-deoxyuridine (EAU) assay

The EdU assay was carried out using the BeyoClick™ EdU Cell Proliferation Kit with Alexa Fluor 594 by Biotek in Shanghai, China.
Following a rinse with PBS, the cells were exposed to the EdU solution for a duration of 2 h, after which they were stained using DAPI
solution for the identification of nuclei. Subsequently, the samples underwent washing before being observed using an inverted mi-
croscope from Olympus.

2.14. Western-blot

Protein was extracted using RIPA buffer. Following quantification, protein samples were loaded onto a 10 % SDS-PAGE gel, then
transferred onto a 0.45-ym PVDF membrane. Blocking was performed using 5 % skim milk for 2 h. Primary antibodies were then added
and left to incubate at 4 °C overnight. Primary antibodies were: anti-P53 (60283-2-Ig, Proteintech, 1/500), anti-PI3K (20584-1-AP,
Proteintech, 1/500), anti-P-PI3K (310164, Zenbio, 1/500), anti-AKT (60203-2-Ig, Proteintech, 1/500), anti-P-AKT (80455-1-RR,
Proteintech, 1/500) and anti-GAPDH (ab8245, abcam, 1/5000). Afterward, secondary antibodies were applied for 1 h at room
temperature. The immunoblots were developed using an ECL fluorescence detection system (Beyotime, Shanghai) and analyzed with a
Tanon 4600 imaging system (Tanon Science and Technology Co., Ltd.).
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R software (version 4.1.3) was employed to conduct all statistical analyses and visualizations. The Wilcoxon test was employed for
comparisons of differences between two groups, whereas the Kruskal-Wallis test and one-way ANOVA were employed for comparisons
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of differences between two or more groups. Survival analyses were conducted utilizing the K-M method, while correlations were
assessed utilizing Pearson correlation analyses. P-value<0.05 exhibited statistical significance.

3. Results
3.1. Cell composition of bladder cancer

This research comprised a total of 7 single-cell samples from BLCA for analysis. Initially, the unqualified cells were filtered out to
ensure quality control (Fig. 2A). Fig. 2B illustrates a strong positive correlation between the number of detected genes (nFeatures) and
sequencing depth (UMI total, nCount), exhibiting a coefficient of 0.89. PCA was conducted using the first 2000 variable genes to reduce
dimensionality, resulting in the identification of 22 cell clusters (Fig. 2C). After that, the annotation of the cell identity of every cluster
was carried out by employing a reference dataset through the human primary cell atlas, with 22 cell clusters annotated as 5 immune
cell subpopulations (Fig. 2D). Epithelial cells exist in multiple subpopulations with a higher number of cells. Therefore, 1579 marker
genes specific to the epithelial cell subpopulation were included in subsequent studies. Functional enrichment analysis revealed
substantial associations of these marker genes with various biological pathways, including antigen processing and presentation,
chemical carcinogenesis, reactive oxygen species, symbiotic interactions, and focal adhesion (Fig. 2E and F).

3.2. Genetic characteristics of epithelial cell-associated genes in BLCA

The expression levels of 1579 marker genes were extracted from the TCGA-BLCA cohort for comparing the expression differences
between normal and BLCA samples A total of 285 genes showed significant differential expression (DEGs) based on the criteria of P <
0.05 and Log2 (Fold Change) > 1 or < —1 (Fig. 3A and B). Through univariate Cox analysis, 32 prognosis-associated genes were
acquired from obtained DEGs (Table 2). Subsequently, the copy number variations (CNV) of these 32 genes were analyzed. Notably,
the CNV of OLFML3, KCNJ15, COL6A2, SERINC1, CKB, MYADM, TCF4, CRTAP, DPYSL2, CLIC4, RSRP1, CORO1C, GADD45B, ZEB2,
and NFIC exhibited significant reduction. Conversely, the copy number of other genes demonstrated significant elevation (Fig. 3C).
Fig. 3D illustrates the positions of CNVs of these genes on chromosomes. The gene network diagram depicts the molecular interactions
between the 32 genes (Fig. 3E).

Table 2
Univariate Cox analysis of DEG.
id HR HR.95L HR.95H P-value
SLC2A3 1.006 1.004 1.009 <0.001
TCF4 1.050 1.031 1.069 <0.001
CLIC3 1.001 1.000 1.001 <0.001
DPYSL2 1.011 1.007 1.015 <0.001
NFIC 1.011 1.006 1.016 <0.001
SERPINF1 1.002 1.001 1.002 <0.001
GSN 1.001 1.001 1.002 <0.001
CRTAP 1.007 1.004 1.010 <0.001
LDLR 1.007 1.004 1.010 <0.001
RGS2 1.002 1.001 1.002 <0.001
TUBA1A 1.001 1.000 1.001 <0.001
CLIC4 1.002 1.001 1.002 <0.001
GADD45B 1.001 1.000 1.001 <0.001
CKB 1.001 1.000 1.001 <0.001
TGFB1I1 1.006 1.003 1.009 <0.001
PRSS23 1.006 1.003 1.009 <0.001
COX7A1 1.004 1.002 1.005 <0.001
ZEB2 1.037 1.018 1.056 <0.001
CORO1C 1.005 1.002 1.008 <0.001
MYADM 1.003 1.001 1.005 <0.001
KCNJ15 0.985 0.977 0.993 <0.001
RSRP1 0.981 0.971 0.991 <0.001
ABRACL 0.996 0.994 0.998 <0.001
SERINC1 1.004 1.002 1.006 <0.001
GNG11 1.009 1.004 1.014 <0.001
FSTL1 1.002 1.001 1.003 <0.001
CALD1 1.001 1.000 1.001 <0.001
COL6A2 1.000 1.000 1.000 <0.001
OLFML3 1.003 1.001 1.004 <0.001
KRTCAP2 0.866 0.795 0.942 <0.001
FLNA 1.000 1.000 1.000 <0.001
RGCC 1.003 1.001 1.004 <0.001
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Fig. 4. Identification of four subtypes of BLCA associated with endothelial cells. (A) Consistency clustering cumulative distribution function (CDF)
at k = 2 to 9. (B) The relative change in area under the CDF curve when k = 2 to 9. (C) When k = 4, BLCA patients in the TCGA cohort are
categorized into four different subgroups. (D) Survival analysis of four different subtypes of BLCA patients. (E) Principal Component Analysis (PCA)
between four different subtypes. (F) The heat map shows the relationship between four different subtypes and related clinical features in the TCGA-
BLCA cohort.
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3.3. Identification of four subtypes of BLCA associated with epithelial cells

Consistency clustering analysis was employed for classifying BLCA patients in TCGA into four different subtypes related to
epithelial cells (Fig. 4A-C). K-M analysis assessed the OS of BLCA patients within the TCGA cohort (Fig. 4D). The findings confirmed
significant differences in prognosis among the four different subtypes of BLCA patients. Clusters A and D exhibited the best and worst
prognoses, respectively. In Fig. 4E, the PCA shows a significantly different distribution among clusters (A-D). Additionally, relevant
clinical information was integrated with distinct subgroups. They were depicted through heat maps to visually represent the distri-
bution of clinical attributes within different subgroups (Fig. 4F).

3.4. Functional annotation analysis between four different subtypes

GSEA was performed to analyze the KEGG pathway across the four different subgroups. The results revealed significant down-
regulation of chemokine signaling pathways, cell adhesion molecules, and cytokine-cytokine receptor interactions in cluster A
(Fig. 5A). In clusters B and C, there was a notable increase in the upregulation of extracellular matrix (ECM) receptor interaction,
cytokine receptor interaction, and chemokine signaling pathway (Fig. 5B and C). The chemokine signaling pathway and leukocyte
cross-endothelial migration were significantly upregulated in cluster D. Moreover, the drug metabolism of cytochrome P450 and
cytochrome P450 significantly downregulated the metabolism of exogenous substances in cluster D (Fig. 5D).

3.5. Construction and validation of an artificial neural network prognostic model
After importing the 32 genes related to prognosis into the STRING database, they were visualized using the Cytohubba plugin in

Cytoscape. Finally, a PPI network containing 17 genes was obtained, with darker colors indicating more adjacent nodes (Fig. 6A).
Then, an artificial neural network prognostic model based on 17 genes was developed and evaluated. In the TCGA-BLCA dataset,
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Fig. 5. Functional annotation analysis between four different subtypes. KEGG analysis between four different subtypes (A-D). A: Cluster A; B:
Cluster B; C: Cluster C; D: Cluster D.
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Fig. 6. Construction and verification of an artificial neural network prognostic model. (A) A PPI network containing 17 genes. In the training set, (B)
the risk score and survival status distribution of BLCA patients. The heat map demonstrates the difference in expression levels of 17 risk genes
between the two groups. (C) The survival time of the high-risk group is substantially lower than low-risk group. (D) The ROC curves and AUC of 1, 3,
and 5 years evaluated the clinical predictive power of the model. In the validation set, the risk score and survival status distribution of (E) BLCA
patients. The heat map depicts the difference in expression levels of 17 risk genes between the two groups. (F) The survival time of the high-risk
group is notably shorter than low-risk group. (G) The ROC curves and AUC of 1, 3, and 5 years validated the clinical predictive power of the model.

individuals were separated into two risk categories (high and low) based on the median risk score (Fig. 6B). Higher risk scores
correlated with lower survival rates and increased mortality. The K-M analysis results demonstrated that patients classified as low-risk
had a better OS compared to those in the high-risk category (Fig. 6C). A plot of the ROC curve was generated to validate the predictive
ability of the model. Following the assessment, the AUC under the ROC curve was determined to be 0.744, 0.804, and 0.841 at 1, 3, and
5-year time intervals, respectively (Fig. 6D). Furthermore, the predictive power of the model was also verified through the validation
set. In line with findings from the training group, the validation cohort exhibited a correlation wherein higher risk scores were linked to
lower patient survival rates and increased mortality (Fig. 6E). The results from the K-M analysis showed that patients in the low-risk
group had a longer survival time compared to those in the high-risk group (Fig. 6F).At time points of 1 year, 3 years, and 5 years, the
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AUC was 0.640, 0.706, and 0.679, respectively (Fig. 6G). The findings suggest that the model exhibits reliable prognostic ability.
3.6. The association between risk score and clinical attributes of artificial neural network models

In Fig. 7A, the clinical and pathological features of individuals in the high-risk and low-risk categories are showcased. The risk score
demonstrated a significant relationship with clinical features such as tumor size (P < 0.001), Grade staging (P < 0.001), Stage staging
(P < 0.001), and lymph node metastasis (P < 0.001) (Fig. 7B-E).

3.7. Development of new BLCA-related nomogram

A new nomogram was developed in this research that includes age, gender, Grade staging, Stage staging, tumor size, lymph node
metastasis, and risk score (Fig. 8A). Calibration chart analysis revealed the strong predictive ability of the column chart for actual
survival outcomes (Fig. 8B). The results of the risk accumulation chart showed that over time, the cumulative risk for high-risk patients
considerably exceeded that of low-risk patients (Fig. 8C).

3.8. The correlation between risk score and tumor microenvironment and somatic mutations
Utilizing the CIBERSORT algorithm, the correlation between risk score and immune cell infiltration was analyzed. Substantial
differences were observed in numerous immune cells between both risk groups. In the high-risk group, a considerable upregulation

was observed in Mast cells resetting (P = 0.016) and T cells CD4 memory resetting (P = 0.008). In the low-risk group, naive B cells (P =
0.041), Regulatory T cells (Tregs) (P = 0.045), and CD8 T cells (P = 0.037) exhibited considerable upregulation (Fig. 9A). Additionally,
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Fig. 7. The relationship between risk scores of artificial neural network models and clinical features. (A) Differences in clinical and pathological
characteristics between high-risk and low-risk groups. (B) Variations in the proportion and quantity of Grade staging between high-risk and low-risk
groups. (C) Variances in the proportion and quantity of Stage staging between two risk groups. (D) The proportion and quantity differences of tumor
size between the above-mentioned groups. (E) Differences in the proportion and quantity of lymph node metastasis between both risk groups.
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an analysis was performed to compare somatic mutations between the two risk groups, aiming to investigate the correlation between
BLCA mutations and risk scores. The high-risk group exhibited a greater mutation evaluation rate (94 %) (Fig. 9B and C). Among them,
the high-risk group (49 %) exhibited a substantially heightened frequency of TP53 mutations in comparison to the low-risk group (47
%).

3.9. Drug sensitivity analysis and drug prediction analysis

The outcomes of drug sensitivity analysis demonstrated that high-risk patients exhibited higher sensitivity to Axitinib and Cisplatin
(Fig. 10A and Fig. B), whereas low-risk patients showed higher sensitivity to Nilotinib and Sorafenib (Fig. 10C and D). Using the TCGA-
BLCA cohort, a comparative analysis was carried out to identify potential small molecule targeted medications for high-risk patients by
examining participants from two distinct risk categories. A total of 59 genes exhibiting increased expression and 57 genes showing
decreased expression were submitted to the cMAP database for further analysis. By analyzing connectivity scores, four major targeted
drugs were identified (carbamazepine, forskolin, thioridine, and trichostatin). In summary, the artificial neural network model can
provide meaningful guidance for drug selection in BLCA patients, thereby advancing the progress of personalized and precise drug
therapy for BLCA patients.

3.10. Identification and molecular docking of important genes in the model
Two machine learning algorithms (XGboost and LightGBM) were utilized to analyze the importance of 17 genes in the model,
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Fig. 9. The correlation between risk score and tumor microenvironment and somatic mutations. (A) Variations in immune cell infiltration between
high-risk and low-risk groups. Differences in somatic mutations between aforementioned groups (B, C). B: High-risk group; C: Low-risk group.

aiming to identify feature genes that make significant contributions to the model. After that, SHAP values were employed to explain the
involvement of every gene in the model. As shown in Fig. 11 A and Fig. 11B, the SHAP value of NFIC ranked first consistently in the
results of both algorithms. This indicates that NFIC contribution remains stable and consistent across various algorithms. Hence, NFIC
was designated as the key gene that contributed the most to the model prediction. For subsequent analysis of the most efficient small
molecule drugs targeting NFIC proteins, molecular docking analysis was conducted between NFIC proteins and the top five drugs
screened. A binding energy < —5 kcal/mol denotes good binding ability, whereas a binding energy < —7 kcal/mol indicates strong
activity [30]. Our molecular docking analysis revealed that all small-molecule drug compounds demonstrated binding energies lower
than —6 kcal/mol, suggesting a favorable interaction with NFIC, the target protein. The binding energies of carbamazepine, forskolin,
thioridine, and trichostatin were —6.8 kcal/mol, —7.0 kcal/mol, —6.2 kcal/mol, and —6.8 kcal/mol, respectively (Fig. 11C-F).

3.11. Validation of model genes in qRT-PCR

Three cell lines, SV-HUC-1, EJ-1, and BT-B, were selected and the gene expression of 17 each was validated. The findings exhibited
substantially elevated gene expression of COL6A2, DPYSL2, FLNA, GNG11, GSN, LDLR, MYADM, NFIC, OLFML3, and RGS2 in normal
cells than in cancer cells. The KRTCAP2 expression in cancer cells was significantly elevated in comparison to normal cells (Fig. 12A-
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Fig. 10. Drug sensitivity analysis. (A,B) Axitinib and Cisplatin are more sensitive to high-risk patients. (C, D) Nilotinib and Sorafenib are more
sensitive to low-risk patients.

Q). In summary, these genes were significantly linked to the development of tumor cells.
3.12. KRTCAP2 promotes the progression of bladder cancer

We evaluated the efficacy of detecting small interfering RNAs in bladder cancer cell lines BT-B and EJ-1. Among them, si-
KRTCAP2#1 showed the highest inhibition efficiency (Fig. 13A and B). Suppression of KRTCAP2 gene expression in BT-B and EJ-1
cell lines led to a notable reduction in the viability of malignant bladder cells (Fig. 13C and D). The EdU staining results indicated that
the suppression of KRTCAP2 notably reduced the proliferation capacity of bladder cancer cell lines in vitro (Fig. 13E). Transwell results
indicated that blocking KRTCAP2 notably reduced the migratory capacity of in vitro bladder cancer cell lines (Fig. 13F). Considering
the important role of the PI3K-AKT signaling pathway in tumorigenesis, we examined the alterations in the, PI3K-AKT signaling
pathway before and after KRTCAP2 inhibition in the EJ-1 cell line. Upon inhibition of KRTCAP2 in the EJ-1 cell line, phosphorylation
of PI3K and AKT was significantly inhibited. Meanwhile the density of P53 protein was restored (Fig. 13G-J).
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Fig. 11. (A, B) Calculation of the contribution value of every gene in the constructed model using two machine learning algorithms (XGboost and
LightGBM), and their arrangement from maximum to minimum. The SHAP value depicts the absolute average impact of each gene on the model. A:
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4. Discussion

BLCA, a common urological cancer, is known for its diverse range of malignant tumors originating from epithelial cells. The disease
poses a high risk of recurrence and advancement, leading to considerable pain and distress for patients [31] The urinary tract
epithelium is composed of several cell layers lining the bladder wall, forming an impermeable barrier for urine [32]. It can prevent
infection, fluid exchange, and toxin damage [32,33]. Under physiological conditions, the renewal of the urinary tract epithelium is
relatively slow compared to other tissues [34]. The study by Minal Garg et al. suggests that due to the accumulation of mutations, the
transition from epithelium to stroma may promote the development of urothelial carcinoma stem cells, thereby facilitating cell
colonization at a distance and ultimately promoting the onset and progression of tumors [35]. However, the mechanism of action of
epithelial cells in BLCA still requires further research to explore. In this research, a comprehensive analysis was carried out on a
single-cell dataset containing 7 BLCA samples. The results showed that the epithelial cell subpopulation was the main cell subpop-
ulation, and the marker genes contained in the epithelial cell subpopulation were included in subsequent analyses. Subsequently,
based on the marker genes of epithelial cell subpopulations, an artificial neural network prognostic model containing 17 feature genes
was constructed using the TCGA-BLCA dataset. This prognostic model can accurately stratify BLCA patients. The model was further
validated on independent datasets. The findings of this research may enhance our understanding of the mechanism of epithelial cells in
BLCA and pave the way for personalized treatment approaches for BLCA.

A functional annotation analysis was conducted on the marker genes of epithelial cell subpopulations. The outcomes suggest that
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Fig. 12. qRT qPCR was utilized to validate 17 gene expression in SV-HUC-1, EJ-1, and BT-B cell lines (A). CKB gene expression was observed in
cells. (B) COL6A2 gene expression in cells. (C) COX7A1 gene expression in cells. (D) DPYSL2 gene expression in cells. (E) FLNA gene expression in
cells. (F) FSTL1 gene expression in cells. (G) GADD45B gene expression in cells. (H) GNG11 gene expression in cells. (I) GSN gene expression in cells.
(J) KCNJ15 gene expression in cells. (K) KRTCAP2 gene expression in cells. (L) LDLR gene expression in cells. (M) MYADM gene expression in cells.
(N) NFIC gene expression in cells. (O) OLFML3 gene expression in cells. (P) RGS2 gene expression in cells. (Q) SERINCI1 gene expression in cells. *P
< 0.05, **P < 0.01, ***P < 0.001.

these genes are substantially correlated with biological pathways, including chemical carcinogenesis of reactive oxygen species, an-
tigen processing and presentation, symbiotic interactions, and focal adhesion. Adhesive plaques are a group of macromolecular
proteins that can connect the end of specialized actin fibers to the ECM and facilitate cell migration. In pathology, most studies have
suggested that adhesive plaques are crucial for the process of tumor metastasis [36—-39]. Furthermore, adhesive plaques exert a critical
impact on epithelial-mesenchymal transition [40-43].

In this study, four different subtypes associated with epithelial cells were identified. Cluster A has a significant survival advantage.
The changes in the intercellular adhesion system exert a critical impact on the onset and progression of cancer [44]. Cadherin plays a
key role in cell-to-cell binding within epithelial tissue and plays a critical part in numerous significant pathways linked to cancer
progression, such as the formation of cancer stem cell traits and the transition from epithelial to mesenchymal states [45-48]
E-cadherin serves as the main mediator of intercellular adhesion in epithelial tissue and is expressed by most normal epithelial cells
[45,49,50]. The upregulation of immune expression of E-cadherin is related to good prognosis in different cancers [51-53]. The
expression of E-cadherin is usually absent with the progression of grading and staging, and this is often accompanied by an increase in
the expression of N- or P-cadherin. This phenomenon is called calcium-binding protein conversion [49,54-56]. Previous studies re-
ported that CS played a late role in a variety of malignant tumors, including BLCA, which led to stronger tumor invasion and malignant
phenotype and worse prognosis of patients [45,54,57-60]. This is consistent with our analysis results, where the cell adhesion
molecule signaling pathway is significantly downregulated in cluster A, potentially explaining the better survival time of cluster A
patients.

In this study, an artificial neural network prognostic model containing 17 feature genes was constructed. Utilizing the model’s risk
score, we can accurately categorize BLCA patients into high-risk and low-risk groups. Those classified as low-risk demonstrate a
considerable survival benefit. The findings of the ROC and K-M curves in the validation and training groups indicate that the model has
good accuracy and higher extrapolation ability. Furthermore, two types of machine learning, XGboost and LightGBM, were utilized to
analyze and identify the most significant contributing feature genes among the 17 feature genes, and SHAP was utilized for model
interpretation. Among the two machine learning algorithms, the SHAP value of NFIC always ranks first. NFIC, as a member of the
transcription factor nuclear factor I family, regulates cell differentiation and proliferation through transcriptional control of target
genes [61-63]. CCND1 and FoxF1 are effective inducers of epithelial-mesenchymal transition, invasiveness, and tumorigenicity. NFIC
can directly inhibit the expression of CCND1 and FoxF1, thus serving as a tumor inhibitor [64,65]. The research of Isidoro Cobo et al.
identified NFIC as a regulator of pancreatic acinar cell function, which can regulate ribosomal biology and endoplasmic reticulum
stress in pancreatic acinar cells, thereby inhibiting the progress of pancreatic cancer [66]. The study by Hong Zhang et al. identified
NFIC as a new therapeutic target for lung squamous cell carcinoma. NFIC can exert anti-cancer effects in lung squamous cell carcinoma
by regulating CASC2 [67]. Furthermore, NFICs still play a pro-cancer role in some tumors. The study by Gang Xu et al. revealed that
NFIC can upregulate LBX2-AS1 expression, thereby targeting miR-491-5p/ZNF703 to promote the development of gastric cancer [68].
However, there remains inadequate research on the mechanism of action of NFICs in BLCA. Therefore, more research is needed to
explore their mechanism in BLCA. Furthermore, molecular docking was utilized for identifying the small molecule drug, Forskolin,
with the highest affinity for the hub gene (NFIC). Although the adenylate cyclase agonist forskolin is known as a cAMP-presenting
agent, it also demonstrates potential as a cancer therapeutic agent. Forskolin can also be utilized in combination with other anti-
cancer agents. Forskolin can enhance the cytotoxicity induced by paclitaxel and H3K27me2/3 demethylase inhibitor GSKJ-4 in
non-small cell lung cancer and acute myeloid leukemia cells [69,70]. The co-delivery of paclitaxel and hairy throat hormone through
liquid crystal nanoparticles can hinder the dryness of breast cancer stem cells and reverse the chemoresistance, thus stimulating strong
anti-tumor activity [71]. These results highlight the possible importance of Forskolin for cancer therapy. However, further studies are
necessary to confirm Forskolin’s clinical role in BLCA.

Additionally, this research examined the variations in immune cell infiltration between patients at high and low risk using the
CIBERSORT algorithm. Tregs are key mediators in shaping the immune microenvironment of multiple diseases, including cancer [72].
In tumors, Tregs accumulate and inhibit anti-tumor immunity by expressing anti-inflammatory cytokines and co-inhibitory molecules
that regulate tumor cells and other tumor-related immune subsets [73-76]. Therefore, Tregs have long been considered as an unre-
sponsive suppressor of anti-tumor immunity. They have been found to accumulate in colorectal cancer, glioma, and hepatocellular
carcinoma, thereby inhibiting anti-tumor responses and correlating with poor prognosis in patients [77-79]. Prior investigations have
also found that a large number of Tregs exist in tumor specimens and peripheral blood monocytes of patients with BLCA. The high
infiltration content of Tregs may lead to an increase in cancer recurrence rate [80,81]. Recent studies have suggested that although
high Treg infiltration adversely affects the prognosis of many patients with solid tumors, this prognostic effect varies depending on the
type of tumor [82]. Malin E. Winerdal et al. found that Tregs can inhibit the expression of MMP2 and regulate the invasion of BLCA
[83]. This seems consistent with our analysis, where Tregs are significantly upregulated in low-risk patients. It is believed that this may
be the reason why low-risk patients have a survival advantage. However, additional analysis is required to confirm the involvement of
Tregs in BLCA.
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Fig. 13. KRTCAP2 promotes the progression of bladder cancer. (A-B) PCR was performed to detect the inhibition efficiency of three small inter-
fering RNAs against different targets in EJ-1 versus BT-B cell lines. (C-D) Alterations in cell viability before and after KRTCAP2 inhibition in EJ-1
and BT-B cell lines. (E) Alterations in cell proliferative capacity before and after KRTCAP2 inhibition in EJ-1 and BT-B cell lines. (F) Alterations in
cell migration capacity before and after KRTCAP2 inhibition in EJ-1 and BT-B cell lines. (G-J) Alterations in the PI3K-AKT signaling pathway before
and after KRTCAP2 inhibition in the EJ-1 cell line. N = 3/group. *<0.05, **<0.01, ***<0.001, ****<0.0001. The results are presented as mean +
SD. Note bene: The uncut version of the original Fig. 13G can be found in Supplementary Material 1.

The goal of this study is to build an artificial neural network prognostic model and accurately stratify BLCA patients to provide
personalized treatment for each patient. Therefore, drug sensitivity was conducted to select drugs that exhibit different activities in
distinct risk groups. Patients at a high risk showed increased sensitivity to Cisplatin and Axitinib, whereas those at a low risk exhibited
heightened sensitivity to Sorafenib and Nilotinib. These findings can serve as valuable insights for clinical doctors to develop
personalized treatment strategies.

There are still some inevitable shortcomings in current research. On the one hand, the analysis work of this research was based on
data from public databases, and only qRT PCR validation was conducted. Therefore, the outcomes of this research still need to be
further verified in multicenter trials and larger patient cohorts. On the other hand, further experimentation in vivo and in vitro is
essential to fully examine and authenticate the operational mechanism of the hub gene NFIC in BLCA.

5. Conclusion

In summary, the artificial neural network prognostic model constructed in this study can accurately stratify the risk of BLCA pa-
tients, predict patient prognosis accurately, and provide additional support for the importance and applicability of medication
decision-making for BLCA patients. This prognostic model is expected to enhance clinical decision-making and optimize treatment
strategies.
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