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Abstract

Bladder cancer exhibits marked cellular heterogeneity, which complicates the identification of molecular drivers with
both functional and genetic relevance. The link between genetic susceptibility and transcriptional activity in tumorigen-
esis remains incompletely understood. Single-cell transcriptomes of bladder carcinoma and adjacent normal tissues were
processed using Seurat and Harmony for data normalization, integration, and dimensionality reduction. Differentially
expressed genes were further prioritized using causal inference based on genome-wide association and expression quanti-
tative trait loci data. Functional analyses included pathway enrichment, immune profiling, and transcription factor network
inference. Candidate genes were validated through immunohistochemistry, quantitative PCR, and Western blotting, and
in vitro cell-based assays (including CCK-8, scratch wound healing, transwell invasion, and flow cytometry analysis).
Among all cellular populations, B cells showed the highest fold-change score. Mendelian randomization highlighted six
bladder-cancer-related genes—ARHGEF18, HLA-DRBS5, ISG20, NCF1, RPL13, and YPEL5. ARHGEF 18 raised risk (OR
1.001; 95% CI 1.000-1.002; P 0.017), whereas YPELS5 showed a protective association (OR 0.997; 95% CI 0.995-0.999;
P 0.003). Immunohistochemistry confirmed elevated ARHGEF I8 and reduced YPELS5 expression in tumor tissues. In vitro
experiments demonstrated that ARHGEF18 knockdown and YPELS overexpression led to decreased cell proliferation,
migration, invasion, and increased apoptosis in T24 and 5637 bladder cancer cells. Our findings identify ARHGEF'18 and
YPELS as genetically and transcriptionally supported regulators of bladder cancer, highlighting a scalable strategy for
linking genetic risk to cell-type—specific mechanisms.
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Abbreviations

GWAS Genome-wide association studies

scRNA-seq  Single-cell RNA sequencing

MR Mendelian randomization

NCBI National center for biotechnology
information

SNP Single nucleotide polymorphism

MAD Median absolute deviation

UMAP Unified manifold approximation and
projection

GO Gene ontology

IVs Instrumental variables

vw Inverse variance weighted

LD Linkage disequilibrium

InSIDE Independent of direct effects

GSEA Gene set enrichment analysis

GSVA Gene set variation analysis

NES Normalized enrichment score

AUC Area under the curve

IHC Immunohistochemistry

gPCR Quantitative real-time polymerase chain
reaction

WB Western blot

SD Standard deviation

IQR Interquartile range

TAMs Tumor-associated macrophages

Introduction

Bladder cancer is a biologically complex malignancy in
which genetic risk, cellular heterogeneity, and tumor—
immune interactions jointly shape disease progression and
therapeutic response, and it remains one of the top ten most
prevalent cancers worldwide, with marked regional and
demographic disparities driven in part by aging and tobacco
exposure (Jubber et al. 2023). In the year 2020, global data
indicated around 573,000 new diagnoses and approximately
213,000 fatalities attributed to this disease (van Hoogstraten
et al. 2023). Despite progress in surgical methods, chemo-
therapy, and immunotherapy, managing advanced Bladder
cancer—especially in cases that are muscle-invasive and
metastatic—remains a significant challenge (Kim and Lee
2020; Patel et al. 2020; Stein et al. 2023; Lerner et al. 2024,
Boll et al. 2025). Such challenges stem from the high het-
erogeneity of tumors and limited insight into the molecular
processes underlying their initiation and progression.
Genome-wide association studies (GWAS) have iden-
tified several bladder cancer-associated loci, including
regions at 4p16.3, 5p15.33, 5q12.3, 8q21.13, and 19q13.33.
Despite this, the precise causal genes and their functions in
tumor development are still not well comprehended, which
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restricts their use in translational potential (Rafnar et al.
2011; Wang et al. 2016; Koutros et al. 2023). Additionally,
although somatic mutations in genes like 7P53, FGFR3,
PIK3CA, and RB1, as well as epigenetic regulators such as
KDMG6A, have been identified as elements in bladder car-
cinoma biology, such discoveries frequently overlook the
influence of non-coding genomic elements and the complex
cellular composition within the tumor milieu (Barrows et
al. 2020; Essakly et al. 2020; Komura et al. 2023; Zhu et al.
2024). This gap in knowledge underscores the imperative
to elucidate the cell-type-specific regulatory mechanisms
involved.

Recent advancements in methodology now facilitate a
more accurate exploration of these unanswered questions.
Single-cell RNA sequencing (scRNA-seq) provides excep-
tional resolution for delineating tumor heterogeneity, while
Mendelian randomization (MR) offers a solid foundation for
determining causal links between genetic variants and gene
expression (Hu et al. 2024; Kim et al. 2024). Integrating
scRNA-seq with MR has been applied in both cancer and
non-cancer research, enabling the identification of cell type-
specific genes with causal roles and helping link genetic risk
factors to disease mechanisms (Chen et al. 2024b; Bai et al.
2025; Gong et al. 2025; Wu et al. 2025).

In this research, we utilize a comprehensive method
that merges scRNA-seq with MR to systematically iden-
tify genes associated with Bladder cancer in defined cellu-
lar environments. This approach enhances our insight into
bladder cancer biology and lays a foundation for creating
more accurate diagnostic and therapeutic strategies.

Materials and methods

Data acquisition

(1) The Gene Expression Omnibus (GEO; https://www.ncb
i.nlm.nih.gov/geo/), maintained by the National Center
for Biotechnology Information (NCBI; https://www.nc
bi.nlm.nih.gov), serves as a public repository for gene
expression data. 13 samples from GSE222315, includ-
ing four normal and nine tumor tissues, were obtained
from the NCBI GEO repository for single-cell analy-
sis (Zheng et al. 2024). In addition, three GEO data-
sets were retrieved for bulk transcriptomic validation:
GSEI121711 (8 tumor, 10 normal) (Loras et al. 2019),
GSE13507 (165 tumor, 67 normal) (Lee et al. 2010),
and GSE7476 (9 tumor, 3 normal) (Mengual et al.
2009).

(2) The Cancer Genome Atlas (TCGA; https:/portal.g
dc.cancer.gov/) is the largest publicly available can
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cer genomics resource, offering multi-omic datas-
ets—including transcriptomic profiles, copy-number
variations, and single-nucleotide polymorphism calls
(SNPs). Within this public database, mRNA expression
information was collected for 431 patients diagnosed
with bladder cancer (TCGA-BLCA), which comprises
19 normal samples and 412 tumor samples.

(3) Exposure data: Blood-derived eQTL data were down-
loaded from the eQTLGen consortium (https:/www.e
qtlgen.org), which investigates how genetic variation
governs transcript levels in blood and contributes to
complex traits; its ongoing Phase II expands this effort
through genome-wide meta-analyses.

(4) Outcome data: This study utilized GWAS summary data
derived from European-ancestry participants, obtained
via the IEU OpenGWAS database (ieu-b-4874; https:/
/opengwas.io). The GWAS Catalog, which aggregates
studies, key variant-disease links, and complete sum-
mary statistics mapped to reference genome builds and
dbSNP versions, contains data from 1,279 bladder can-
cer cases and 372,016 controls.

Quality control

The expression matrix was imported using Seurat V4. Cells
were subsequently filtered based on total UMI counts, gene
detection levels, and the relative abundance of mitochon-
drial and ribosomal transcripts, indicating their contribution
to overall gene expression. Elevated levels of mitochondrial
and ribosomal gene expression imply poor RNA quality and
a risk of cell apoptosis. Outliers were detected by applying
a median absolute deviation (MAD) threshold set at three
times the median. Following this, potential doublets were
removed using DoubletFinder (V2.0.4), completing the
overall quality control procedure.

Data standardization

Global scaling was performed using the LogNormalize
method, where each cell’s total transcript count was nor-
malized to 10,000 using a scaling factor (s0), then log-trans-
formed for downstream analysis. CellCycleScoring was
applied to determine cell cycle phases, and gene variability
was assessed using the FindVariableFeatures function. To
mitigate expression variability arising from mitochondrial
and ribosomal transcript fractions and cell cycle differences,
we performed regression correction with ScaleData. Lin-
ear dimensionality reduction of the expression matrix was
achieved through RunPCA, after which significant princi-
pal components were selected for downstream analyses.
Harmony was applied to correct batch effects, and UMAP

was performed via RunUMAP for nonlinear dimensionality
reduction.

Cell annotation

Cell type annotation was conducted by integrating informa-
tion from the CellMarker and PanglaoDB repositories and
relevant publications, further complemented by automated
labeling via the SingleR tool. To identify marker genes for
distinct cell populations, we employed the FindAllMarkers
function, applying the criteria only. pos=TRUE and thresh.
use=0.25, meaning that exclusively upregulated markers
expressed in no less than 25% of cells were retained.

Determine the contribution of cell subsets to the
disease

The impact of distinct cellular subpopulations on disease
was evaluated by analyzing shifts in their abundance along-
side transcriptional dynamics. Initially, we determined
unique marker genes for each subcluster. Briefly, differ-
ential expression analyses were carried out in batches to
capture shifts in gene profiles between diseased and con-
trol samples. Next, we defined the FCscore: a tailored met-
ric capturing simultaneous shifts in cell numbers and the
expression levels of key genes participating in the biologi-
cal process(Jin et al. 2022).

FCscore(i,j) = \/FCBXP(iaj) ’ FCprOp(j) (1)

The FCscore was designed as a heuristic composite metric to
summarize relative transcriptional activity across cell popu-
lations rather than as a formal statistical estimator, follow-
ing commonly adopted practices in single-cell analysis. In
this context, FC,,, ; represents the expression fold change
of the i-marker within cluster j, whereas FC; » indicates
the relative proportion of fold change for the correspond-
ing marker and cluster. Specifically, FCscore for marker i in
cluster j is derived by normalizing FC; , with its square
root. Ultimately, the influence of each cellular subset on dis-
ease is inferred from the mean FCscore computed across all
marker genes in the respective cluster.

Functional analysis

Key genes were functionally annotated in Metascape
(https://metascape.org), allowing detailed exploration of
their biological context. Gene Ontology (GO) enrichment of
the selected genes was performed with a minimum overlap
of three hits and a significance cutoff of p<0.01.
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Mendelian randomization analysis

Robust MR analysis is based on three fundamental condi-
tions: (1) Relevance — genetic instruments must exhibit
a strong association with the exposure, without exerting a
direct effect on the outcome; (2) Independence — instru-
ments should not be correlated with any potential confound-
ing variables; and (3) Exclusion — restriction, the effect of
the instruments on the outcome must operate solely through
the exposure of interest. If instrumental variables impact
outcomes via alternative routes, this suggests the presence
of genetic pleiotropy.

Outcome traits retrieved from the IEU OpenGWAS
resource were drawn from GWAS summary statistics.
Gene-expression associations in the eQTL dataset were har-
monized by applying a locus-specific genome-wide thresh-
old (P<l1e-8), and the resulting SNPs served as candidate
instrumental variables (IVs). Pairwise linkage disequilib-
rium (LD) was then assessed, retaining variants with r? <
0.001 within a 10 Mb clumping window, followed by a sec-
ondary filter of p,<5x 108,

Causal inference was performed using several comple-
mentary approaches. These included inverse-variance
weighting (IVW), which integrates SNP-specific Wald
ratios via meta-analytic techniques; MR-Egger, which
relaxes the assumption that instrument strength is indepen-
dent of pleiotropic effects (InSIDE); the weighted median
estimator, which remains consistent even when up to half of
the instruments are invalid; and the weighted mode method,
known for improving power, reducing bias, and lowering
false-positive rates compared to MR-Egger. If only a single
SNP was available for a causal estimate, the Wald ratio was
solely applied.

These analytical approaches jointly yielded an integrated
evaluation of how cis- and selected trans-acting gene reg-
ulation in peripheral blood contributes to bladder cancer
susceptibility. Lastly, the validity of the identified causal
associations was assessed using leave-one-out sensitivity
analysis.

Sensitivity analysis

We applied leave-one-out sensitivity analysis within the
MR framework to assess how individual genetic variants
influence bladder cancer susceptibility. This approach iden-
tifies variants with disproportionate effects by sequentially
excluding one SNP at a time and recalculating the com-
bined effect estimate based on the remaining variants. Each
exclusion produces a revised effect estimate accompanied
by a 95% confidence interval, highlighting the impact of
the omitted SNP and assessing the robustness of the overall
results. The results present both the estimates obtained after
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removing individual SNPs and the overall estimate based on
the full set of variants. By contrasting these values, we can
determine if the exclusion of any single SNP significantly
affects the combined outcome, thereby assessing the robust-
ness of our findings.

Immune infiltration analysis

CIBERSORT is extensively employed to estimate the pro-
portions of immune cell subsets within the tumor milieu.
By applying support vector regression, it deconvolutes bulk
gene expression data to distinguish immune populations.
The method uses a signature matrix of 547 genes to dif-
ferentiate 22 distinct immune cell phenotypes, including T
cells, B cells, plasma cells, and diverse myeloid cell types.
In the present study, CIBERSORT was employed on patient
data to quantify the relative fractions of these immune cell
categories. Subsequent Spearman correlation tests were
conducted to explore the relationships between gene expres-
sion and immune infiltration levels.

GSEA analysis

Patients were classified into high- and low-expression
groups according to key gene levels, followed by gene
set enrichment analysis (GSEA) to identify differences in
pathway activity between these subsets (Subramanian et al.
2005). Version 7.0 of the reference gene set was obtained
from the MsigDB database. This curated collection of path-
way subtypes facilitated comparative analysis between
groups, allowing identification and ranking of gene sets
showing significant enrichment with an adjusted p-value
below 0.05. GSEA is frequently applied in studies aiming
to connect disease stratification with underlying biological
functions.

GSVA analysis

GSVA (Gene Set Variation Analysis) is an unsupervised
method that employs nonparametric statistics to assess
enrichment trends across sets of transcriptome-wide genes
(Hénzelmann et al. 2013). Instead of examining changes at
the individual gene level, GSVA captures alterations at the
pathway scale by assigning enrichment scores to predefined
gene collections, thereby revealing the functional character-
istics of each sample. In this study, gene sets were sourced
from the Molecular Signatures Database, and GSVA was
utilized to calculate detailed scores for every set, with the
goal of identifying functional variations across samples.
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Transcription factor regulatory network

In this work, transcription factor identification was per-
formed utilizing the RcisTarget R package, which relies
exclusively on motif-based analyses. For each motif, the
normalized enrichment score (NES) indicates the aggregate
count of that motif within the reference database. Besides
the motifs originally annotated in the datasets, we created
supplementary annotation files by inferring motif simi-
larities and aligning gene sequences. The enrichment of
individual motifs within each gene collection was initially
evaluated by calculating the area beneath the recovery
curve (AUC) per motif -gene set combination, based on the
comparison of gene set rankings to motif orderings. Subse-
quently, NES values for motifs were derived by situating
each AUC within the distribution of all motif scores across
the examined gene set.

Developmental trajectories of key cell subtypes

Research employing single-cell technologies enables the
dissection of intricate physiological phenomena and the
transcriptional dynamics within highly diverse cellular pop-
ulations. Such analyses have uncovered genes that define
specific cell subtypes, serve as indicators of intermedi-
ate biological states, or reflect transitions between distinct
cellular fates. Frequently, such research reveals that gene
expression varies asynchronously among individual cells,
each capturing a unique temporal snapshot of the transcrip-
tional landscape under study. Monocle provides an approach
for arranging cells along pseudotime trajectories, leveraging
this inherent asynchrony to map cells onto paths representa-
tive of biological processes like cellular differentiation.

Immunohistochemistry

To examine candidate gene expression at the tissue scale,
immunohistochemical (IHC) staining was conducted on
bladder cancer specimens preserved in formalin and embed-
ded in paraffin. Archived radical cystectomy specimens were
collected from Nanchong Central Hospital between March
2021 and March 2025, following approval by the institu-
tional ethics committee. Eligibility required individuals to
possess a confirmed primary malignancy of the bladder, to
have undergone radical cystectomy, and to have accessible
paired adjacent non-neoplastic tissue for examination.

Six antibodies (ARHGEF 18, HLA-DRBS, ISG20, NCF 1,
RPL13, and YPELS5) were applied to assess protein expres-
sion in bladder cancer tissues and matched adjacent non-
neoplastic counterparts. Immunoreactivity was defined
by detectable staining in the membrane and/or cytoplasm.
Protein expression levels were semi-quantitatively assessed

based on staining intensity and the proportion of positive
tumor cells, and samples were classified into low- and high-
expression groups accordingly (detailed procedures and
scoring criteria are described in the Supplementary Meth-
ods). All sections were independently evaluated by three
senior pathologists blinded to clinicopathologic data, with
final scores determined by consensus review.

Cell-based validation and in vitro functional assays

An immortalized normal urothelial cell line (SV-HUC-1)
and two human bladder cancer cell lines (T24 and 5637)
were employed for in vitro analyses. Basal expression lev-
els of ARHGEF 18 and YPELS were first compared between
normal and malignant urothelial cells using RT—qPCR
and western blotting. ARHGEF 18 silencing by siRNA and
YPELS overexpression via plasmid transfection were sub-
sequently performed in T24 and 5637 cells, with modula-
tion efficiency verified at both transcript and protein levels.
The functional impact of gene modulation was then exam-
ined through cell viability/proliferation assays (CCK-8; 0,
24, 48, and 72 h), migration assays (wound healing; 0 and
48 h), invasion assays (Transwell; 48 h), and apoptosis anal-
ysis by flow cytometry (48 h). Detailed methodologies are
described in the Supplementary Methods.

Statistical analysis

The Shapiro—Wilk method was applied to assess the distri-
butional normality of continuous data. Variables following
a Gaussian distribution are presented as mean=standard
deviation (SD) and were evaluated using parametric tests,
such as paired or independent t-tests and one-way ANOVA
followed by Tukey’s multiple comparison procedure.

For variables failing normality assumptions, outcomes
are presented as median and interquartile range (IQR) and
evaluated using rank-based methods, including the Wil-
coxon matched-pairs test, the Mann-Whitney U test, or
the Kruskal-Wallis one-way ANOVA, as appropriate. The
choice between Pearson’s chi-squared test and Fisher’s
exact test was determined based on expected cell counts in
contingency table analysis. Relationships among variables
were assessed via Pearson or Spearman correlation metrics,
depending on the underlying distribution.

Statistical analyses were carried out using R (v4.3.2) and
GraphPad Prism (v10.0), with techniques selected according
to data characteristics. A two-tailed P-value below 0.05 was
regarded as statistically significant. Results were annotated
as ns (P>0.05), * (P<0.05), ** (P<0.01), ** (P<0.01),
*** (P<0.001) and **** (P<0.0001).
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Results

Cellular subpopulations and functional profiles in
bladder cancer

This investigation utilized transcriptomic data derived from
13 bladder cancer-associated tissue specimens. Initially,
expression matrices were loaded through the Seurat toolkit,
and cells were subsequently filtered according to total UMI
levels, per-cell gene detection counts, and mitochondrial
transcript percentages. Conventionally, observations devi-
ating more than three times the median absolute deviation
(MAD) from the central tendency were identified as extreme
values and subsequently removed. Subsequently, the Dou-
bletFinder tool was employed to identify and remove dou-
blets, yielding a dataset comprising 72,664 high-quality
cells, as depicted in violin and scatter plots (Supplementary
Figure S1A-B). The ten genes exhibiting the greatest vari-
ability were illustrated (Supplementary Figure S1C).
Additionally, the optimal principal component (PC) count
was determined via the ElbowPlot method, identifying 20
PCs (Supplementary Figure S1D). Principal component

A B

RNA_snn_res.0.4

UMAP 2

Fig. 1 Cellular Diversity in Bladder Cancer scRNA-seq: Comparative
Profiling of Subtypes and Functional Interactions. A UMAP visualiza-
tion depicting 16 distinct cellular clusters identified in bladder cancer
tissues. B Subsequent cell-type annotation classified these clusters into
11 groups: Epithelial cells, CD4" T cell, regulatory T cell, CD8" T
cell, B lymphocytes, Plasma cells, Mast cells, Macrophages, Fibro-
blasts, Endothelial cells, and a category designated as Unknown. C
Bubble chart illustrating expression patterns of selected marker genes
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analysis (PCA) indicated evident inter-sample variability
attributable to batch effects (Supplementary Figure S1E).
To address this, Harmony integration was applied for fur-
ther dimensionality reduction and batch correction (Supple-
mentary Figure SIF), ultimately resolving the dataset into
16 distinct clusters through UMAP visualization (Fig. 1A).
Each cluster underwent cell-type annotation, resulting in
classification into 11 cell identities: Epithelial cells, CD4"
T cells, Regulatory T cells, CD8" T cells, B cells, Plasma
cells, Mast cells, Macrophages, Fibroblasts, Endothelial
cells, and an unclassified group (Fig. 1B). A bubble plot
visualizing classical markers for these 11 populations was
produced (Fig. 1C), alongside a bar chart summarizing cell-
type proportions within different groups (Fig. 1D).
Concurrently, the influence of individual cell subsets on
bladder cancer was assessed by examining variations in both
cell abundance and transcriptional profiles. Initially, dif-
ferentially expressed genes distinguishing disease samples
from controls were identified to characterize these shifts.
A metric termed FCscore was defined to quantify com-
bined changes in the expression magnitude and cell num-
bers of key genes implicated in biological pathways. This

B co.

=y Cell Type
I Epithotial col
T o

Cell percent ratio
2

NN EEEE

25%

across cell populations, with the size of the dots reflecting the pro-
portion of cells that express the marker and the color gradient denot-
ing the average expression intensity. D Stacked bar graph showing
relative proportions of various cell types in both control and disease
cohorts. E Comparison of cell subset distribution and functional scor-
ing (logFC=0.585). F Pathway enrichment outcomes derived from
analysis via the Metascape platform
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analysis indicated that B cells contributed most prominently
to bladder cancer pathology (Fig. 1E). The FindAllMarkers
function was utilized to identify gene markers specific to
each cell cluster (criteria: |logFC| > 0.585, adjPval<0.05;
detailed in Supplementary Table S1), with B cell-associated
genes selected as key markers. Subsequently, pathway anal-
ysis of these marker genes was conducted via Metascape,
uncovering marked enrichment in biological events, includ-
ing upregulation of immune activity, Leishmaniasis-related
pathways, and protein synthesis within the cytoplasm
(Fig. 1F).

MR with multi-pronged validation identifies
candidate genes driving bladder cancer

To further pinpoint crucial genes among the identified mark-
ers influencing bladder cancer, summary statistics encom-
passing 373,295 individuals (1,279 cases and 372,016
controls) were analyzed, corresponding to outcome ID
ieu-b-4874. Instrumental variables and outcome data were
sequentially retrieved through the use of extract instru-
ments() and extract_outcome_data() functions. Subsequent

Fig. 2 Multi-Method MR A
Confirms Robust Causal Asso-
ciations in Bladder cancer. A
Scatter diagrams illustrating MR
results for pivotal genes, namely
ARHGEF18, HLA-DRBS5, ISG20,
NCF1, RPL13, and YPELS. Dis-
tinct colors indicate various ana-
lytical methods, with line slopes
reflecting the estimated causal
effect specific to each approach.
B Forest plots depicting leave-
one-out analyses for SNPs linked
to these key genes

wATust
ARHGEFIS == /Wt

J lidiou-b-4874

A

v
NCEI e i B i

P ottt on Bladder canca | dicu-b-4874

i oat-a-ENSGO00001585 17

B ARHGEF18

SN ffoct on Bladdor cancer I idiou-b-4874

Causal inference between the six marker genes and eQTL-
associated outcomes was conducted using MR methodol-
ogy (Fig. 2A, IVW P value<0.05) (refer to Supplementary
Tables S2-8). The implicated genes were ARHGEF'18, HLA-
DRB5, ISG20, NCF1, RPL13, and YPELS. Specifically,
ARHGEFI18 (OR: 1.001; 95% CI: 1.000-1.002; P=0.017),
HLA-DRBS5 (OR: 1.000; 95% CI: 1.000-1.001; P=0.043),
ISG20 (OR: 1.001; 95% CI: 1.000-1.001; P=0.029), NCF1
(OR: 1.001; 95% CI: 1.000-1.001; P=0.045), and RPLI3
(OR: 1.001; 95% CI: 1.000-1.001; P=0.008) were asso-
ciated with heightened susceptibility to bladder malig-
nancy, whereas YPEL5 (OR: 0.997; 95% CI: 0.995-0.999;
P=0.003) exhibited a risk-reducing effect. Further robust-
ness assessments were conducted to determine the reli-
ability of the inferred causal associations. The findings
demonstrated that omitting individual SNPs had minimal
impact on overall confidence intervals, confirming the sta-
bility of the relationships observed for these six gene pairs
(Fig. 2B). Accordingly, ARHGEF'18, HLA-DRBS5, 1SG20,
NCF1, RPL13,and YPELS5 were identified as key targets for
subsequent investigations.

waTes wATes
HLA-DRBS 7= 15G20 7 et gt

v
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Bladde cancor I dieu-b—4874
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Immune correlations of genes in tumor
microenvironment

The tumor microenvironment consists primarily of stromal
fibroblasts, various immune cell subsets, components of the
extracellular scaffold, a spectrum of growth-promoting sig-
nals, pro-inflammatory agents, and distinct physicochemi-
cal conditions. This niche profoundly affects diagnostic
accuracy, prognostic evaluation, and treatment responsive-
ness. Immune infiltration patterns and intercellular immune
correlations were visualized through various representa-
tions (Fig. 3A-B). Compared with controls, samples from
the disease condition group demonstrated notably higher
infiltration of M1 macrophages and other immune sub-
sets, whereas resting mast cells and several other cell types
showed significant reductions (Fig. 3C).

Subsequent investigation examined the associations link-
ing key genes with immune cell subsets. ARHGEF 18 exhib-
ited a significant positive correlation with activated mast
cells and resting NK cells, while showing an inverse rela-
tionship with resting mast cells. HLA-DRBS5 was positively
associated with M1 macrophages and inversely related
to activated dendritic cells. ISG20 exhibited a negative

iy

A Ui

A

Fig. 3 Immunological Correlation
Analysis of Key Genes. A Rela-
tive proportions of 22 distinct
immune cell types in healthy
controls versus disease samples.
B Correlation matrix of the 22
immune subsets, where blue
indicates inverse correlations and

Relative Percent

|

. UA;J‘!

\
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l

correlation with activated dendritic cells. NCF/ showed
positive associations with both M1 and M2 macrophages.
YPEL5 showed a strong positive association with eosino-
phils (Fig. 3D).

Additionally, we investigated the relationships between
key genes and a range of immune regulators, including
stimulatory mediators, chemotactic cytokines, and their cor-
responding receptors. The results suggest that these genes
are closely linked to immune infiltration patterns and may
exert critical influence over the composition of the immune
milieu (Fig. 3E).

Genes enrichment analysis and their connections to
bladder cancer regulation and transcription factors

Subsequently, we explored the signaling routes linked to
the identified genes to clarify possible molecular processes
involved in disease progression. GSEA results revealed that
ARHGEF 18 was primarily enriched in pathways related to
ribosomal function, oxidative phosphorylation, and chemi-
cal carcinogenesis involving DNA adduct formation. HLA-
DRB5 was notably linked to chemokine activity, NF-kB
signaling, and Toll-like receptor—mediated responses.
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ISG20 showed involvement in NF-kB, chemokine, and
IL-17 signaling pathways. Enrichment analysis of NCF1
pointed to roles in chemokine, Toll-like receptor, and TNF
signaling cascades. RPL/3 demonstrated marked enrich-
ment in ribosomal biosynthesis, oxidative phosphorylation,
and thermogenic processes. Lastly, YPELS5 participated in
c¢cGMP-PKG, adipocytokine-mediated, and NF-«kB signal-
ing networks (Fig. 4A).

GSVA analysis (Fig. 4B and Supplementary Figure S2)
indicated that ARHGEF 18 was predominantly enriched in
pathways including xenobiotic metabolism, peroxisome
processes, and others. HLA-DRB5 exhibited enrichment in
pathways related to allograft rejection, interferon gamma
response, among additional signaling routes. Similarly,
ISG20 showed associations with allograft rejection, inter-
feron gamma signaling, and similar pathways. NCFI was
linked to allograft rejection, inflammatory processes, and
other pertinent pathways. RPLI3 was notably enriched
in oxidative phosphorylation, MYC targets v2, and other

Fig.4 GSEA and GSVA Insights A
for Key Genes. A KEGG path-

ARHGEF18

[ T VN I ————

signaling networks. YPEL5 demonstrated enrichment in
early estrogen response, androgen response, and various
other pathways. These observations imply that the high-
lighted genes could influence the advancement of the dis-
ease through the aforementioned pathways.

Genes implicated in disease modulation were retrieved
via the GeneCards (https://www.genecards.org/) platfor
m. To assess expression differences between groups, tran-
script levels of 20 high-relevance selected genes were
analyzed. Significant variation was observed in BRCAI,
CDHI, PALB2, MSH2, MSH6, APC, BRIP1, BRCA2, TP53,
CDKN2A, ATM, PTEN, POLE, and CHEK? across patient
subgroups (Fig. 5A). Furthermore, correlation analyses
between six candidate genes and bladder cancer-associated
regulators demonstrated substantial associations. Notably,
YPEL5 exhibited a positive association with CDHI (cor:
0.276, P<0.05), whereas RPL13 showed a negative linkage
to PIK3CA (cor: -0.533, P<0.05) (Fig. 5B).
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Fig.5 Associations Between A

Key Genes, Disease Genes, and

Transcriptional Regulation. A

Transcript-level variations in L

disease-associated genes, where B T T el

C
MAFB

NEYA
i NEYB

IRF4

blue denotes the healthy cohort
and pink corresponds to affected
individuals. B An examination of
the relationships between crucial
genes and genes associated with
diseases, with blue representing
negative correlations and red
denoting positive correlations. C
Network map depicting transcrip-
tional regulators of genes, where
red nodes represent these key
genes and green nodes denote the
transcription factors. D Graphical
representation of enriched motifs
and their matched transcription
factors linked to key genes

The identified signature genes served as input for down-
stream analysis, which revealed their potential regulation
by common upstream elements, notably multiple transcrip-
tional regulators. Accordingly, we conducted enrichment
analysis of these transcription factors based on aggre-
gate recovery curve evaluations. Motif-transcription fac-
tor pairing for pivotal genes highlighted cisbp M2943 as
the top-ranking motif, exhibiting the strongest normalized
enrichment score (NES: 6.51). All overrepresented motifs
linked to the key genes, along with their associated tran-
scription factors, were visualized (Fig. 5C-D).

Role of key genes in single-cell data

Expression profiles of six key genes were analyzed based
on single-cell transcriptomic data, demonstrating the distri-
bution of ARHGEF18, HLA-DRBS, ISG20, NCF1, RPLI3,
and YPELS across Epithelial cells, CD4" T cells, regulatory
T cells, CD8" T cells, B lymphocytes, Plasma cells, Mast
cells, Macrophages, Fibroblasts, Endothelial cells, and
unclassified cell types (Fig. 6A-B). B lymphocytes were
specifically selected for further investigation. Initially, cell-
to-cell similarities were computed to establish differentia-
tion trajectories. Visualization of these trajectories enabled
the generation of pseudotime maps, capturing the dynamic
progression of cell development and permitting analysis of
differentiation processes alongside gene expression dynam-
ics at various time intervals. Separate visual outputs were
produced depicting cells colored by pseudotime scores
(pseudotime denotes the probability estimated by Monocle2
using gene expression data to infer temporal ordering), cell
identity, and cellular states defined by trajectory branch
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divisions (Fig. 6C-D). Genes are differentially expressed
in different branches but cannot be displayed in the over-
all heat map. We selected all branch points, calculated the
genes with large differences in cell expression before and
after the branch points, and visualized them as branch heat
maps. The starting point of the trajectory starts from the
middle and differentiates to both sides, representing the dif-
ferences at both ends of the branch point. The legend Cell
Type’s pre-branch is the data before the branch point, Cell
fatel is the side with a smaller state after the branch point,
and Cell fate2 is the side with a larger state after the branch
point. According to the changes in genes, it is divided into 6
clusters by default (Fig. 6E). Concurrently, variations in key
gene expression across different cellular states and related
features were illustrated (Fig. 6F).

AUCell was employed to measure activity scores of
genes participating in immune metabolic pathways from
the single-cell perspective, and differences in these activi-
ties for pivotal genes were visualized through bubble plots.
Findings revealed that YPELS5 exhibited pronounced activ-
ity within pathways such as MYC targets vl and oxida-
tive phosphorylation; HLA-DRB5 was notably active in
interferon gamma response and allograft rejection; NCF1
showed elevated activity in allograft rejection and associ-
ated pathways; ISG20 demonstrated higher activity across
interferon alpha response, allograft rejection, and additional
pathways; RPLI3 displayed increased activity in allograft
rejection, interferon gamma response, and further pathways;
while ARHGEF18 presented heightened activity in MYC
targets v1, oxidative phosphorylation, and other signaling
routes (Fig. 6G).
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Fig.6 Expression Patterns of A — -
Key Genes Across Cell Subtypes;

Cellular Differentiation Paths and

Metabolic Processes Modulated S

by Key Genes. A UMAP visu- L g - : L
alizations depicting distribution s i
patterns of six pivotal genes

(YPELS5, HLA-DRB5, NCF 1, &
ISG20, RPL13, ARHGEF18) i i W
among various cellular clusters. - -

B Bubble chart illustrating mean D

expression levels (color gradient)
and proportions of cells express-
ing each gene (dot size) within
distinct cell subtypes. C, D Tem-
poral mapping of cellular states
and differentiation trajectories. E
Visualization of gene expression
changes along branches of pig-
ment cell lineages. F Associa-
tions between expression of key
genes and cellular developmental
pathways. G Bubble plot repre-
senting the relationship between
genes and function enrichment,
where blue reflects lower expres-
sion and red denotes higher
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Gene expression differences and association with
clinicopathological features

To explore the transcriptional profiles of candidate genes,
four separate transcriptome datasets were examined. Within
the TCGA-BLCA cohort, YPELS5 exhibited markedly
reduced expression in tumor samples relative to normal
tissues, whereas ARHGEF'18 and ISG20 were found to be
elevated in malignancies. Notably, only YPELS5 exhibited
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a statistically significant difference in paired sample anal-
ysis. NCFI was also downregulated, whereas HLA-DRBS5
and RPLI3 showed no significant differential expression
(Fig. 7A). In GSE121711, similar trends were observed:
YPELS5 and RPLI13 were both downregulated, and 4ARH-
GEF18 was upregulated in tumor tissues, with consistent
results in paired comparisons (Fig. 7B). GSE13507 revealed
lower expression of YPELS5, HLA-DRB5, NCF 1, and RPL13
in tumors, while GSE7476 confirmed downregulation of
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YPEL5 and HLA-DRBS5, and upregulation of ARHGEF 18,
though without paired samples (Fig. 7C-D).
Immunohistochemistry conducted on tumor specimens
and matched adjacent normal tissues from 38 individuals
with bladder cancer demonstrated uniform expression trends
in (Supplementary Table S9 summarizes the scoring results)
both paired and independent analyses. Specifically, ARH-
GEF18 and ISG20 showed notably elevated expression in
tumor samples, whereas HLA-DRB5 and YPELS exhibited
a significant decrease. These findings were supported by
both continuous score comparisons and categorical analysis
based on positive versus negative staining, further reinforc-
ing the distinct expression profiles observed in tumor tissues
in contrast with their adjacent normal counterparts (Fig. 7E-
F). Molecular subtype—specific analyses were performed
using the TCGA-BLCA cohort, which provides standard-
ized and well-annotated subtype classifications, whereas the

Fig. 7 Multi-cohort valida- A
tion and immunohistochemical - L]
confirmation of candidate gene S é%

expression. A, B Expression
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differences of six candidate genes
e R S
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covering unpaired as well as

institutional cohort was primarily used for histological and
protein-level validation.

Based on immunohistochemical staining results, patients
were grouped into high and low expression categories for
gene expression association analysis. The results revealed
no significant correlation between gene expression and clin-
ical pathological features (Supplementary Table S10-S15).
This lack of correlation may be attributed to the limited
sample size and missing follow-up data. Further analysis
using the TCGA dataset produced similar results, showing
a weak association between gene expression and clinical
characteristics (Supplementary Table S16 and Supplemen-
tary Figure S3-S8).

Additionally, molecular subtype analysis based on gene
expression in the TCGA cohort showed that in the high-
expression group of ARHGEF'1S, the Luminal papillary
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Fig.8 In vitro analysis of ARH-
GEF18 knockdown and YPELS
overexpression in bladder cancer
cells. A qPCR analysis of ARH-
GEF18 (left) and YPELS (right)
mRNA expression in T24 and
5637 bladder cancer cell lines,
compared with normal urothe-
lial cells (SV-HUC-1). Relative
mRNA expression levels were
quantified by qPCR. B Repre-
sentative Western blot bands
showing ARHGEF18 and YPEL5
protein levels in T24 and 5637
cells from three independent
biological replicates. Densito-
metric quantification of protein "T

levels is shown below the bands. 00 . ;
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for YPELS, the Basal squamous subtype dominated in the
low-expression group, while the Luminal papillary subtype
was more prevalent in the high-expression group (Supple-
mentary Figure S9). These findings emphasize the potential
association between gene expression and specific molecular
subtypes in bladder cancer. Based on the consistency and
clarity of the expression patterns, ARHGEF 18 and YPELS5
have been identified as key genes for further investigation
in bladder cancer biology and prognosis.

In vitro analysis of ARHGEF18 and YPEL5 in bladder
cancer cells

e Compared to normal urothelial cells (SC-HUC-1), the
expression levels of ARHGEFI8 were significantly
elevated in both T24 and 5637 cell lines, while the
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expression of YPELS5 was comparatively lower. These
findings were confirmed by qPCR and Western blot
analyses (Fig. 8A-B). Subsequently, an ARHGEFIS8
knockdown model was established in the T24 cell line
using siRNA, with si-2747 exhibiting the most efficient
silencing effect. Additionally, a plasmid for overexpress-
ing YPELS was successfully constructed, and its overex-
pression was validated at both the mRNA and protein
levels through qPCR and Western blot (Supplementary
Figure S10).

Phenotypic assays revealed significant alterations in cel-
lular behavior following ARHGEFI8 knockdown and
YPELS5 overexpression. In the CCK-8 assay, there were no
noticeable differences in OD values or proliferative activ-
ity at 0 h across all groups. However, over time, especially
at 72 h, both the ARHGEF18 knockdown and YPELS5
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overexpression groups exhibited significantly reduced cell
proliferation compared to the untreated (UT) and nega-
tive control (NC) groups (Fig.8 C). Scratch wound healing
assays demonstrated a significantly lower healing rate in the
knockdown and overexpression groups at 48 h, relative to
the UT and NC groups (Fig.8D). Transwell invasion assays
also showed a marked reduction in the number of invading
cells in the knockdown and overexpression groups at 48 h
compared to the UT and NC groups (Fig.8E). Flow cytom-
etry analysis revealed a higher proportion of apoptotic cells
in both the ARHGEF18 knockdown and YPEL5 overex-
pression groups compared to the UT and NC groups, further
supporting the role of ARHGEF 18 and YPELS in regulating
cell proliferation, migration, and apoptosis in the T24 and
5637 cell lines (Fig.8 F).

Discussion

This study employed an integrative framework combining
single-cell transcriptomics, Mendelian randomization, and
experimental validation to identify candidate genes involved
in bladder cancer. By linking cell-type—resolved transcrip-
tional signals with genetically inferred causal effects, we
aimed to move beyond descriptive expression patterns and
provide biologically grounded evidence for disease-relevant
regulators. Rather than introducing a new analytical frame-
work, this study emphasizes biological interpretation and
experimental validation of genetically supported candidate
genes in bladder cancer. Through this approach, ARHGEF 18
and YPELS5 were prioritized as key genes with consistent
support across scRNA-seq analysis, genetic inference, bulk
transcriptomic data, and functional assays. These findings
highlight the value of integrating orthogonal data layers to
improve the robustness of candidate gene identification in
complex and heterogeneous malignancies such as bladder
cancer (Teng et al. 2025; Wu et al. 2025).

Integrating genetically informed analysis with single-cell
transcriptomic profiles offered a focused approach for pri-
oritizing candidate genes within specific cellular contexts.
Among all cell populations, B cells exhibited the most
marked transcriptional alterations, particularly in pathways
related to interferon signaling and antigen presentation
(Yuen et al. 2016; Jiang et al. 2019; Laumont and Nelson
2023; Ma et al. 2024; Zhou et al. 2024). Based on these
features, we identified differentially expressed genes within
B cells and assessed their potential causal relevance to Blad-
der cancer using genetic instruments. This approach enabled
us to move beyond descriptive associations and explore
putative causal relationships (Chen et al. 2024a). Subse-
quent investigations using clinical specimens and cultured
cell models further supported the functional involvement of
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selected genes. Together, this multi-level strategy improves
biological interpretation while helping to mitigate spurious
signals inherent to high-dimensional data (Teng et al. 2025).

Among the genes prioritized, YPEL5 emerged as a par-
ticularly compelling tumor suppressor. It was consistently
downregulated in both bladder cancer samples and cellu-
lar models, with MR analysis supporting its inverse asso-
ciation with disease risk. Functionally, YPELS5 belongs to
a conserved gene family involved in mitotic regulation; its
knockdown prolongs G1, G2, and M phases, thereby impair-
ing cell cycle transit and reducing proliferation (Hosono et
al. 2004, 2010; Chen et al. 2018). Loss of YPELS5 has also
been shown to trigger mitochondrial membrane potential
dissipation, implicating it in apoptosis regulation (Lee et
al. 2017). Tumor-suppressive roles for YPELS5 have been
reported in cervical and colorectal cancers (Bokar et al.
1994; Barrett et al. 2013), and in colorectal cancer it is neg-
atively regulated by the METTL3-m6A4-YTHDF?2 signaling
cascade, which facilitates tumor progression and metastatic
potential (Zhou et al. 2021). Interestingly, the expression of
YPELS is increased in CD4" T cells of melanoma patients
who respond to nivolumab, as well as in EGFR-mutant non-
small cell lung cancer patients receiving erlotinib therapy
(Wu 2018; Rad Pour et al. 2021), suggesting additional
immune regulatory roles. In our dataset, YPELS levels
positively correlated with eosinophil infiltration, raising the
possibility that it modulates anti-tumor immunity through
cytokine or chemokine signaling.

In contrast, ARHGEF18, which encodes a Rho GTPase
exchange factor, is notably upregulated in tumor speci-
mens and enriched in oxidative phosphorylation and xeno-
biotic metabolism pathways (Kim et al. 2015; Arno et al.
2017). Rho GTPases act as key regulators of cytoskeletal
dynamics, cellular polarity, and migration (Lin et al. 2010;
Nakajima and Tanoue 2011; Struckhoff et al. 2011; Terry
et al. 2012). ARHGEF 18 is critically involved in malignant
tumor invasiveness, metastatic potential, and resistance to
therapy through modulation of RhoA signaling and cyto-
skeletal remodeling, with its activity controlled by upstream
factors including PKCy and S100A10 (Zhao et al. 2021;
Satow et al. 2022). Elevated ARHGEFI8 levels in lung
squamous cell carcinoma correlate strongly with lymphatic
metastasis and serve as a predictor of reduced overall sur-
vival (Song et al. 2013). Beyond its canonical roles in cyto-
skeletal remodeling, ARHGEF18 has been identified via
CRISPR/Cas9 screening as a negative regulator of antibody
secretion, suggesting a function in B-cell differentiation and
humoral immunity (Trezise et al. 2023). It can also activate
the MAPK pathway to induce Runx3 expression, affect-
ing monocyte survival and differentiation (Dybska et al.
2023)—a mechanism potentially implicated in TAM devel-
opment and the suppression of immune activity within the
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tumor milieu (Dunsmore et al. 2024). Although its precise
role in Bladder cancer requires further investigation, these
findings support a model in which ARHGEF18 promotes
both tumor cell invasiveness and immune evasion.

This integrative approach offers several strengths. By
overlaying genetically driven risk loci with cell-resolved
transcriptomic data, we prioritized candidate genes that
are not only statistically robust but also biologically con-
textualized. The combination of MR, scRNA-seq, and
wet-lab validation helps filter out false positives common
in high-dimensional analyses and strengthens biological
interpretation (Quan et al. 2025; Wu et al. 2025). Further-
more, immune infiltration profiling and pseudotime trajec-
tory analysis provide additional layers of functional insight,
allowing us to infer how these genes may operate within
dynamic tumor ecosystems rather than static cell popula-
tions (Liang et al. 2023; Yang et al. 2024). Taken together,
this study demonstrates how integrating genetic causality
with single-cell resolution can move beyond descriptive
associations and enable biologically grounded prioritization
of cancer drivers.

Several limitations of this study should be acknowl-
edged. First, although the single-cell RNA sequencing data-
set comprised a limited number of patient samples, it was
intentionally used for exploratory, cell-type—resolved gene
prioritization rather than for comprehensive quantification
of tumor heterogeneity. Accordingly, conclusions were not
drawn from rare or sparsely represented cell clusters, and
the scRNA-seq analysis was primarily applied for hypoth-
esis generation. To minimize potential bias, stringent quality
control procedures were applied, yielding 72,664 high-qual-
ity cells, and the single-cell results were further supported
by complementary analyses, including Mendelian random-
ization, bulk transcriptomic data from the TCGA-BLCA
cohort, immunohistochemistry, and in vitro functional
assays. Second, the Mendelian randomization analysis
relied on blood-derived eQTL data, which may not fully
reflect tissue-specific regulation in bladder cancer; however,
the concordance observed across genetic, transcriptomic,
and experimental evidence supports the biological relevance
of the identified genes. Finally, the limited clinical sample
size restricted detailed survival and subtype-stratified analy-
ses, which will require validation in larger, well-annotated
cohorts. Despite these limitations, the integrative analytical
framework employed in this study provides a biologically
grounded and scalable strategy for prioritizing candidate
drivers in heterogeneous cancers.

Conclusion

This study combines scRNA-seq with genetic inference
and experimental validation to uncover causal, cell-type-
specific regulators in Bladder cancer. YPELS and ARH-
GEF'18 emerge as robust candidates, illustrating a strategy
for bridging genetic association and functional insight in
heterogeneous tumor ecosystems.
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