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Abstract

Background: N6-methyladenosine (m6A) related long noncoding RNAs (IncRNAs) may have prognostic value in
bladder cancer for their key role in tumorigenesis and innate immunity.

Methods: Bladder cancer transcriptome data and the corresponding clinical data were acquired from the Cancer
Genome Atlas (TCGA) database. The m6A-immune-related INcRNAs were identified using univariate Cox regression
analysis and Pearson correlation analysis. A risk model was established using least absolute shrinkage and selection
operator (LASSO) Cox regression analyses, and analyzed using nomogram, time-dependent receiver operating char-
acteristics (ROC) and Kaplan—-Meier survival analysis. The differences in infiltration scores, clinical features, and sensitiv-
ity to Talazoparib of various immune cells between low- and high-risk groups were investigated.

Results: Totally 618 m6A-immune-related INncRNAs and 490 immune-related INcRNAs were identified from TCGA,
and 47 IncRNAs of their intersection demonstrated prognostic values. A risk model with 11 IncRNAs was estab-
lished by Lasso Cox regression, and can predict the prognosis of bladder cancer patients as demonstrated by time-
dependent ROC and Kaplan—-Meier analysis. Significant correlations were determined between risk score and tumor
malignancy or immune cell infiltration. Meanwhile, significant differences were observed in tumor mutation burden
and stemness-score between the low-risk group and high-risk group. Moreover, high-risk group patients were more
responsive to Talazoparib.

Conclusions: An m6A-immune-related INncRNA risk model was established in this study, which can be applied to
predict prognosis, immune landscape and chemotherapeutic response in bladder cancer.

Keywords: m6A (N6-methyladenosine), Long noncoding RNA (IncRNA), Bladder cancer (BLCA), Immune
microenvironment, Immune cell infiltration, Prognosis prediction

Introduction

Bladder cancer is the 10th most common malignancy
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diagnosis and personalized treatment bladder cancer is of
great importance.

Long noncoding RNAs (IncRNAs) with a length of
more than 200 nucleotides, generally could not translate
into proteins. IncRNAs participate in cell growth, differ-
entiation and proliferation by regulating gene expression
both transcriptionally and post-transcriptionally [2—4].

As the most common RNA modification, N6-Meth-
yladenosine (m6A) occurs not only in messenger RNAs
(mRNAs), but also in IncRNAs [5, 6]. m6A methylation
affects nearly all the RNA metabolism aspects, including
RNA translocation, splicing, stabilization, and transla-
tion [7, 8]. The m6A modification is mediated by three
types of m6A regulators, including m6A-binding proteins
(readers), demethylases (erasers), and methyltransferases
(writers) [9].

Previous reports showed that dysregulated expression
of IncRNAss is critical in tumorigenicity and metastasis of
bladder cancer [10, 11]. For instance, IncRNA BLACAT?2
was reported to be able to promote bladder cancer lym-
phatic metastasis, and blocking VEGF-C signaling with a
VEGE-C antibody reduced LN metastasis of high BLA-
CAT?2- expressing bladder cancers in vivo [12]. LncRNA
PTENP1 was reported to suppress bladder cancer pro-
gression [13]. Lnc-LBCS was found inhibit self-renewal,
chemoresistance, and tumor initiation of bladder cancer
stem cells through epigenetic silencing of SOX2 both
in vitro and in vivo [14]. m6A-induced IncDBET was
reported to promote the malignant progression of blad-
der cancer through FABP5-mediated lipid metabolism
in vitro and in vivo [15]. Moreover, increasing research
has used IncRNAs as biomarker in predicting response in
bladder cancer treatment, including ferroptosis-related,
m6A-related, and immune-related IncRNA models [16—
18]. However, most of these studies did not validate their
models by conducting cell biology experiments.

In this study, the m6A-immune-related IncRNAs with
prognostic value for construction of a risk model were
identified, and the correlations between the risk model
and the immune microenvironment were investigated.

Materials and methods

Data source and retrieve

The mutation data, public transcriptome data, and
the corresponding bladder cancer clinical informa-
tion were obtained from TCGA (https://portal.gdc.
cancer.gov/) database, and CIBERSORT immune frac-
tions of these data were obtained from https://gdc.can-
cer.gov/about-data/publications/panimmune. The RNA
sequence transcriptome data and GSE154261 clinical
data were obtained from GEO. m6A regulators, includ-
ing readers (LRPPRC, RBMX, HNRNPA2B1, HNRNPC,
FMR1, YTHDF3, YTHDF1, YTHDEF2, IGF2BP2,
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IGF2BP3, IGF2BP1, YTHDCI, and YTHDC?2), writers
(ZC3H13, METTL3, RBM15, RBM15B, VIRMA, WTAP,
METTLI16, and METTL14), erasers (FTO and ALKBHS5),
and were obtained from published articles.

Identification of m6A-immune-related IncRNAs

Totally 618 m6A-immune-related IncRNAs were identi-
fied by Pearson’s correlation analysis between IncRNAs
and m6A regulators. Correlations between IncRNAs and
CIBERSORT immune fractions were analyzed and 490
immune-related IncRNAs were identified. Through Uni-
variate Cox proportional hazard regression analysis, 49
IncRNAs were extracted, and the intersections of these
IncRNAs were used for further analysis.

Construction and validation of an m6A-immune-related
IncRNA risk model

LASSO Cox regression was used for analysis of 47 shared
prognostic m6A-immune-related IncRNAs, and 11 of
them were ultimately used for construction of a risk
model. The risk score was determined on the basis of the
multiplication of IncRNA expression and each coefficient.
The genomic location and correlation of these IncRNAs
and m6A regulators were visualized by “circlize” package
in R software. Patients were classified into low-risk group
and high-risk group. The differences between high- and
low-risk groups were analyzed in multiple dimensions,
including clinical features, expression levels of these
IncRNAs and m6A regulators, immune infiltration esti-
mations (TIMER [19], CIBERSORT [20] and TCIA [21]),
cell stemness index [22], tumor mutation burden and
commonly mutated genes. Visualization was conducted

” «

by “pheatmap’, “ggplot2” and “maftools” package.

Validation of m6A-immune-related IncRNA risk model

The prognostic capability of the risk model was evaluated
using the Kaplan—Meiler survival curve. The specificity
and sensitivity of the risk model were evaluated using the
area under curve (AUC). The validation was performed
on GSE154261 dataset.

Gene set enrichment analysis (GSEA) and pathway
annotation

GSEA was performed in R software by using “cluster-
profiler” package, and revealed the associated signaling
pathways. Visualization of pathways was done by using
“pathview” and “ggnet” packages.

Cell lines and cell culture

T24 and RT-112, two bladder cancer cell lines, were pur-
chased from ATCC and cultured in RPMI-1640 medium
supplemented with 10% FBS.
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Wound healing and invasion assays

Cells were seeded into six-well plate and scratched with
a pipette. The photos were taken at different time points
after scratching. In invasion assay, Cells (1 x 10°) were
seeded into a Boyden chamber (8 mm pore size) pre-
coated with matrigel in serum-free medium, and RPMI-
1640 containing 10% FBS was added to the bottom
chamber. After 48 h, the filter lower surface cells were
fixed, stained, and counted under a microscope.

Colony formation assay

The IC50 of Talazoparib was calculated based on dose—
response growth curve. 200 untreated cells were seeded
into each well of six-well plate, and cultured with or
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without Talazoparib for 2 weeks, and the colonies were
then analyzed.

Statistical analysis

All data processing and statistical analysis was performed
in R software (version 4.1.0). P value <0.05 was consid-
ered statistically significant.

Results

Identification of m6A-immune-related IncRNAs in bladder
cancer

Figure 1A shows the workflow process. Totally 814 IncR-
NAs were included in this study. 618 IncRNAs were iden-
tified to be significantly correlated with at least one of
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the m6A regulators as analyzed by Pearson correlation
analysis (Fig. 1B). Similarly, 490 IncRNAs were identi-
fied as immune-related IncRNAs as analyzed by Pearson
correlation analysis between IncRNAs and CIBERSORT
immune fractions (Fig. 1C). The overall survival- and
progression-free survival-related prognostic was filtered
using IncRNAs Univariate Cox regression analysis, and
49 IncRNAs showed prognostic values (Fig. 1D). Fig-
ure 1E shows the correlations between these 47 shared
IncRNAs and CIBERSORT immune fractions as well as
m6A regulators.

Construction of m6A-immune-related IncRNA risk score
and its correlation with clinicopathological characteristics
LASSO-Cox regression analysis was carried out on the
shared IncRNAs that were significantly correlated to both
m6A-regulators and CIBERSORT immune fractions to
construct a risk score for prediction of overall survival.
Figure 2A shows the risk model constructed using 11
selected IncRNAs, Fig. 2B shows the coefficient of each
IncRNA, and Fig. 2C shows the forest plot of progres-
sion-free survival, overall survival, and disease-specific
survival. Additional file 1: Fig. S1 shows the Kaplan—
Meier plots of each IncRNA. Additional file 1: Fig. S2
shows the genomic location and correlation between
these IncRNAs and m6A regulators. The risk scores were
calculated, and based on the median value, they were
classified to low- or high-risk subgroup. Figure 2D shows
the correlations between risk score and clinicopathologi-
cal characteristics. Higher risk score indicates later stage
of bladder cancer patients, and most high-risk group
tumors were basal squamous subtype, while most low-
risk group tumors were luminal papillary subtype. Fig-
ure 2E shows the high-risk group with poorer prognosis.

Nomogram construction and GEO dataset validation

The reliability and sensitivity of the risk model was
assessed using ROC curves. As shown in Additional
file 1: Fig. S3, the risk model only dependent on risk score
alone may not be sufficient for predicting patients’ prog-
nosis. Therefore, risk score was combined with other key
clinical characteristics, including age of diagnosis, patho-
logic tumor stage, and three comprehensive nomograms
to make prediction in OS, PES and DSS. Figure 3A-C
show the Kaplan—Meier plots comparing high-risk group
and low-risk group of progression-free survival, over-
all survival, and disease-specific survival. By using time
dependent ROC analysis in “timeROC” package, the
AUC of these three nomograms at 1, 3 and 5 years are
shown in Fig. 3A—C. All AUCs at 1 year are larger than
0.74, indicating this model shows important prognostic
value. To validate the predictive accuracy of this model,
it was applied to an independent dataset, which provides
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overall survival data, from GEO (GSE154261). ROC anal-
ysis manifested that the AUC of this model was close to
that of the TCGA dataset, suggesting this model is robust
in other datasets (Fig. 3D).

Comparison of tumor mutation rate, mutation

burden and tumor immune microenvironment score
between high-risk group and low-risk group

The relationships between the risk score and tumor
mutation rate, mutation burden, tumor immune micro-
environment score and tumor stemness indices were
determined. Some commonly mutated genes in bladder
cancer showed significant difference between low-risk
group and high-risk group. The mutation rate of KDM6A
in the low-risk subgroup was 12% lower than that in the
high-risk subgroup (Fig. 4A, Additional file 1: Fig. S4).
The patients in low-risk group had a higher mutation
burden (Fig. 4B). Immunophenoscore was used to pre-
dict the potential response of bladder cancer patients
to immune checkpoint inhibitors (ICI). The statistical
analysis results showed that the immunophenoscore was
larger in the low-risk group than in the high-risk group,
which means patients in low-risk group might have
stronger immunogenicity and might be more sensitive
to immunotherapy (Fig. 4C, Additional file 1: Fig. S5).
All of the infiltrating immune cells including CD4 + and
CD8+T cells, dendritic cells, neutrophils, B cells, and
macrophages in the high-risk group were more abundant
than those in the low-risk group as calculated using the
Tumor Immune Estimation Resource (TIMER) algorithm
(Fig. 4D). Interestingly, low-risk group showed higher
stemness indices, suggesting cell stemness and immuno-
genicity play different roles in bladder cancer (Fig. 4E).
Correlation matrix shows the relationship between risk
score and these factors (Fig. 4F). The expression heatmap
of 21 m6A regulators and 11 m6A-immune-related IncR-
NAs shows their relationships with risk score (Fig. 4G,
H). Sorting patients by risk score, significant transition
in tumor microenvironment can be observed in the heat-
map of CIBERSORT fractions (Fig. 4I). The infiltration
percentage of macrophage in the low-risk group was
remarkably lower than that in the high-risk group, while
naive T cells shrank in high-risk group.

GSEA and pathway correlation analysis

GSEA was conducted to identify the pathways associated
with this risk model. As shown in Fig. 5A,GO_STEM_
CELL_PROLIFERATION”*GO_EPITHELIAL_CELL_
PROLIFERATION”HALLMARK_EPITHELIAL_
MESENCHYMAL_TRANSITION”*GO_REGULA-
TION_OF_STEM_CELL_DIFFERENTIATIONGO_
NEGATIVE_REGULATION_OF_B_CELL_
ACTIVATION” GO_NEGATIVE_REGULATION_
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OF_IMMUNE_RESPONSE’*GO_NEGATIVE_REGU-
LATION_OF_MACROPHAGE_ACTIVATION, and
“GO_NEGATIVE_REGULATION_OF_T_CELL_MEDI-
ATED_IMMUNITY” were significantly positively corre-
lated to the risk score. This result suggests that the model
was highly related to tumor proliferation, migration,
invasion and tumor immune microenvironment. The
relationships between these pathways were visualized by

using “Pathview” and “ggnetwork” package in R (Fig. 5B,
C). The relationships between 11 IncRNAs and their most
correlated immune genes were also visualized (Fig. 5D).

Drug sensitivity analysis in GDSC and in vitro validation

The risk model was applied to CCLE, and the risk
score of bladder cancer cell line was calculated. As
shown in Fig. 6A, T24 had the highest risk score while
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Fig. 4 Comparisons between high-risk group and low-risk group. A The oncoplots of two risk subgroups showing significant mutation rate
difference in some commonly mutated genes in bladder cancer. B Tumor mutation burden in the low-risk group was higher than that in the
high-risk group(p < 0.05). C Higher Immunophenoscore in low-risk group indicates that the patients in low-risk group might have stronger
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group. F Correlation matrix showing the relationship between risk score and immune factors. G-1 21 m6A regulator expression pattern (G), 11
m6A-immune-related INcCRNAs expression pattern (H), and CIBERSORT immune infiltration pattern (I)
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Fig. 5 GSEA and pathway correlation analysis. A Gene set enrichment analysis showing that these INCRNAs were related to immune process
regulation, cell proliferation and EMT. B Pathview analysis showing that these INcRNAs may take part in multiple pathways in cancer development
and progression. C Correlation network of pathways showing that they were tightly connected. D The coexpression network revealing the
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RT-112 had the lowest risk score), consistent with
previous studies of bladder cancer, which indicated
that T24 had relatively higher malignancy than other
cell lines [23-25]. We further validated these results
in vitro by performing colony formation, wound heal-
ing, and invasion assays (Fig. 6B—D). Furthermore, by
applying drug sensitivity data in GDSC, we performed
Pearson correlation analysis between cell line risk
scores and the drug IC50 values. A significantly nega-
tive correlation was identified between risk score and
IC50 of Talazoparib, which means patients with higher
risk score are more sensitive to Talazoparib (Fig. 6E).
The IC50 (2 uM) of Talazoparib in T24 was calculated
(Fig. 6F), and colony formation assay was performed,
which showed that T24 cells were sensitive to Tala-
zoparib (Fig. 6G-I). This might provide a theoretical
basis for targeted therapy of bladder cancer.

Discussion

Accumulating studies have focused on the IncRNAs and
m6A modifications in tumorigenesis, tumor progression
and innate immunity [26]. m6A modification is the most
frequent and plentiful RNA modification form, which
plays critical roles in cancer development via regulation
of m6A demethylases, methyltransferases, and binding
proteins [27]. A close correlation between m6A regu-
lators and IncRNAs was found, and cellular biological
functions and expression of target genes can be regulated
by interaction between IncRNAs and m6A regulators
[6]. However, the correlation between m6A modifica-
tion of IncRNAs and bladder cancer remains unclear. In
this study, 11 m6A-immune-related IncRNAs were
identified based on the TCGA dataset, and a risk model
was constructed that was closely correlated with clin-
icopathological features, including molecular subtype,
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tumor mutation burden, tumor stage, and tumor immune
microenvironment. The model was further validated in
independent dataset and a series of in vitro experiments
were performed. The results of this study might help
understand the m6A modifications in cancer progression
as well as the antitumor immune response, which might
highlight the potential of this model in target therapy and
immunotherapy of bladder cancer.

The m6A modification is critical in the pathologi-
cal processes of cancer development [28], and IncRNAs
can regulate the expression of m6A regulators [29]. For
instance, IncRNA THAP7-AS1, which exerts oncogenic
functions in gastric cancer, was transcriptionally acti-
vated by SP1 and then stabilized by METTL3-mediated
m6A modification [30]. In esophageal squamous cell
carcinoma, up-regulation of LINCO00022 mediated by
FTO promotes cell proliferation and tumor growth [31].
ZNF252P-AS1, which is involved in our risk model, has
been demonstrated to facilitate ovarian cancer progres-
sion via miR-324-3p/LY6K signaling [32]. ZNRD1-AS1,
another m6A-immune-related IncRNA involved in our
prognostic model, has been found to enhance both gas-
tric cancer cell proliferation and metastasis of naso-
pharyngeal carcinoma [33].

In recent years, transcriptome profiling based molecu-
lar subtyping of bladder cancer, including muscle-inva-
sive and non-muscle-invasive, has shown promise for
predicting outcomes and response to therapy and sev-
eral molecular classifications have been proposed [34,
35]. The TCGA mRNA molecular classifier is the most
frequently used classifier to determine the treatment
response and prognosis of muscle-invasive bladder can-
cer though there are debate and challenge on its clinical
application [36]. In our study, high risk score was corre-
lated with basal squamous subtype, while low risk score
was correlated with luminal papillary subtype, consist-
ent to prior report that basal squamous subtype shows
poorer prognosis than other molecular subtypes [36].
Additionally, low-risk group showed a higher tumor
mutation burden, which is in agreement with previous
studies that genomic unstable bladder cancers are more
responsive to immune checkpoint inhibitor treatment
[37]. These findings suggest that our model has prognos-
tic significance and can provide insights into the crosstalk
between m6A modification and molecular characteristics
in bladder cancer.

As GSEA analyses revealed, enriched pathways
and hallmarks were mostly tumorigenesis-related,
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metastasis-related, and immune-related, such as
cell proliferation, EMT, macrophage activation, and
immune response. m6A modification has been dem-
onstrated to play a key role in tumor progression and
immune microenvironment. The tumor immune micro-
environment, which has received extensive attention
recently, is always in dynamic change and its imbalance
can lead to the generation and development of sev-
eral types of cancer [38, 39]. In our study, the expres-
sion of m6A patterns was significantly associated with
CIBERSORT immune fractions and the ESTIMATE
score. Enhanced infiltration of M2 macrophages,
which has been accepted as a key contributor to pro-
gression of tumor and poor outcomes [40-42], was
found in the high-risk score group. The naive CD4+ T
cells and memory B cells in the high-risk score group
decreased dramatically when compared with those in
the low-risk group. These results indicate that m6A
modification patterns are highly associated with TME
cell infiltration, which may provide insights for indi-
vidualized therapies by determining the response to
immunotherapy.

Our risk model was validated not only in independ-
ent dataset from GEO, but also in cell lines from CCLE.
According to the expression data obtained from CCLE,
the risk scores calculated by our model were consist-
ent with the malignancies of cell lines. By performing
the Pearson correlation analysis of the risk score of cell
lines and drug sensitivities, it was found that risk score
was markedly positively correlated with Talazoparib
sensitivity, suggesting that m6A-immune-related IncR-
NAs might be valuable in guiding more effective target
therapies.

Undeniably, this study has some limitations. The first
one is the insufficiency in mechanism elucidation of these
m6A-immune-related IncRNAs. How they function in
shaping the TME and promoting tumor growth and pro-
gression remains unclear and needs further study. More-
over, a larger sample size is needed to further validate this
model. Like most of the transcriptome based molecular
classification, this study is based on tumor sample after
patients undergo invasive procedure. Body fluids such
as saliva in cancer diagnostics and classification should
receive due attention [43]. Despite these limitations, our
study has identified m6A-immune-related IncRNAs and
successfully established a risk model for predicting sur-
vival and response to immunotherapy and target therapy.

In conclusion, from the TCGA-bladder cancer cohort,
11 m6A-immune-related IncRNAs were identified and
a risk score model was constructed with robust prognos-
tic value. This model can predict response to immuno-
therapy in bladder cancer patients. Our findings provide a
critical insight into the functions of m6A-immune-related
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IncRNAs in bladder cancer tumorigenesis, progression,
and tumor immune microenvironment construction.
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