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Background: Bladder urothelial carcinoma (BLCA) is associated with high mortality
and recurrence. Although mRNA-based vaccines are promising treatment
strategies for combating multiple solid cancers, their efficacy against BLCA
remains unclear. We aimed to identify potential effective antigens of BLCA for
the development of mRNA-based vaccines and screen for immune clusters to
select appropriate candidates for vaccination.

Methods: Gene expression microarray data and clinical information were retrieved
from The Cancer Genome Atlas and GSE32894, respectively. The mRNA splicing
patterns were obtained from the SpliceSeq portal. The cBioPortal for Cancer
Genomics was used to visualize genetic alteration profiles. Furthermore,
nonsense-mediated MRNA decay (NMD) analysis, correlation analysis, consensus
clustering analysis, immune cell infiltration analysis, and weighted co-expression
network analysis were conducted.

Results: Six upregulated and mutated tumor antigens related to NMD, and
infiltration of APCs were identified in patients with BLCA, including HP1BP3,
OSBPL9, SSH3, ZCCHCS8, FANCI, and EIF4A2. The patients were subdivided into
two immune clusters (IC1 and IC2) with distinct clinical, cellular and molecular
features. Patients in IC1 represented immunologically ‘hot’ phenotypes, whereas
those in IC2 represented immunologically ‘cold’ phenotypes. Moreover, the
survival rate was better in IC2 than in IC1, and the immune landscape of BLCA
indicated significant inter-patient heterogeneity. Finally, CALD1, TGFB3, and
ANXA6 were identified as key genes of BLCA through WGCNA analysis, and their
MRNA expression levels were measured using gRT-PCR.
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Conclusion: HP1BP3, OSBPL9, SSH3, ZCCHCS8, FANCI, and EIF4A2 were identified
as potential antigens for developing mRNA-based vaccines against BLCA, and
patients in IC2 might benefit more from vaccination.

KEYWORDS

bladder urothelial carcinoma, immune clusters, immune landscape, mRNA vaccine,

tumor antigens

Introduction

Bladder cancer (BC) is one of the most prevalent cancers
worldwide. An estimated 83,730 new BC cases and 17,200 BC-
related deaths were reported in the United States of America in
2021 (1). Increasing evidence implicates that BC is a clinically and
genetically heterogeneous disease that is characterized by poor
therapeutic efficacy and rapid tumor progression (2-4). More than
90% of BC cases are histologically categorized as bladder urothelial
carcinoma (BLCA), which can present as non-muscle-invasive (75%)
and muscle-invasive (25%) BC (NMIBC and MIBC, respectively) (4).
Although the 5-year survival rate is as high as 90%, patients with
NMIBC often relapse and progress to MIBC. Patients with MIBC
usually have a poor prognosis because of aggressive metastasis and
delayed diagnosis (5, 6). In addition to surgery, platinum-based
chemotherapy is the first-line treatment for advanced or metastatic
BLCA, which may extend median overall survival (OS) by
approximately 1 year with a limited response rate (7, 8). However,
non-responsive patients may lose the opportunity to receive
additional therapeutic intervention for tumor development.
Immune checkpoint blockade has recently emerged as a valuable
treatment option for MIBC; however, its clinical benefits are observed
only in a small proportion of patients (9, 10). These studies highlight
the need for novel therapeutic strategies that may improve the clinical
outcomes of patients with BLCA.

In the context of the ongoing coronavirus disease 2019 (COVID-
19) pandemic, development of vaccines has been recognized as the
top priority of pharmaceutical and biotechnology industries
worldwide (11, 12). Therapeutic cancer vaccines are designed to
reprogram the immune system of patients, specifically cytotoxic T
lymphocytes, to safely and efficiently eliminate cancer cells (13).
Antigens used for developing cancer vaccines include whole tumor
cells, peptides, viral vectors, dendritic cells, DNA or RNA (14). The
significant technological innovation and development investment in
the last decade have made mRNA an optimal vehicle to carry tumor-
specific antigens (15). Furthermore, mRNA-based vaccines are
promising strategies for cancer therapy owing to their high efficacy,
rapid development capabilities, safe administration and low-cost
manufacturing as compared with other vaccine types (15-17).
Recent preclinical and clinical trials have verified the viability of
mRNA vaccines encoding tumor-specific antigens to combat multiple
cancers, including lung cancer (18), prostate cancer (19), melanoma
(20) and other cancers (15). However, tumor-specific or tumor-
associated antigens (TSAs or TAAs, respectively) vary greatly
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among individuals. Recognizing immunogenic tumor neoantigens
and relieving inhibitory tumor microenvironment (TME) are the
main obstacles to developing mRNA vaccines against BLCA (16).
Several studies have shown that disruption of transcriptional
regulation at different stages can lead to the accumulation of a large
number of abnormal transcripts in cancer cells (21). These aberrant
transcripts usually harbor premature termination codon; even if they
are transcribed, they may be subsequently degraded by an mRNA
surveillance pathway termed nonsense-mediated mRNA decay
(NMD) (22). A relationship between NMD and tumor immunity is
frequently observed and recognized as an attractive target for cancer
therapy in some cases (22, 23). Recent studies have demonstrated that
transcripts that harbor aberrant splicing patterns and frameshift
mutations express antigenic peptides, with the disruption of normal
NMD functionality (24). Therefore, it is important to perform a
comprehensive analysis of alternative splicing (AS) patterns and
NMD for developing individualized mRNA vaccines against tumors.
In this study, we investigated the potential BLCA antigens for
developing mRNA vaccines and elucidated the immune landscape to
identify eligible patients for vaccination. We confirmed six tumor
antigens relevant to NMD, AS and antigen-presenting cell infiltration
and defined two immune clusters of patients with BLCA. The two
immune clusters presented distinct clinical, molecular and tumor
immune microenvironment (TIME) characteristics, which were
consistent in TCGA and GSE32894 cohorts. In addition, we assessed
the immune landscape of BLCA by analyzing the expression profile of
immune-related genes in individual patients. Finally, we identified
CALD1, TGFB3, and ANXAG6 as key genes of BLCA through WGCNA
analysis and measured their mRNA expression levels using qRT-PCR.
Therefore, the present study provides information regarding the
complicated TIME in patients with BLCA and offers a reliable
reference for developing and administering cancer vaccines.

Materials and methods
Identification of tumor antigens

Data extraction

The RNA-sequencing data and clinical information of patients
with BLCA were retrieved from The Cancer Genome Atlas (TCGA)
(https://tcga-data.nci.nih.gov/tcga/) and Gene Expression Omnibus
(GEO) (GSE32894, https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE32894). The inclusion criteria were as follows: (1) RNAs that
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were detectable in >30% of the samples and (2) OS time > 30 days.
The detailed clinical characteristics of the patients enrolled in this
study are summarized in Supplementary Table 1. The original gene
IDs of the respective datasets were transformed into the
corresponding gene symbols based on annotation information on
the platform. In addition, the expression profiles were indicated as
transcripts per millions for subsequent analyzes. The batch effects
between different datasets were corrected using the ‘ComBat’ method.

Profiling of AS events

The mRNA splicing patterns of 18 healthy patients and 399
patients with BLCA were retrieved from TCGA SpliceSeq portal
(https://bioinformatics.mdanderson.org/TCGA SpliceSeq/). The
percent spliced-in index (PSI) value, ranging from 0 to 1, is the ratio
between reads including or excluding the designated exons and
indicates the efficiency of certain splicing events (25). To improve the
reliability of the results, the primary PSI data that contained vacancy
values were removed. The overlapping sets between different AS events
were visualized using UpSet plots drawn using the Upset R package
(26). To determine cancer-associated AS events (CASEs) in BLCA, we
compared the PSI values of AS events between normal and BLCA
tissues, and the P-value was adjusted using the Benjamini-Hochberg
(BH) method. AS events with an absolute log2 (fold change) > 1 and an
adjusted P-value < 0.05 were considered statistically significant.

cBioPortal analysis

The ‘maftools’ R package and cBioPortal for Cancer Genomics
(cBioPortal, https://www.cbioportal.org/) were used to retrieve the
mutation data from TCGA database to compare and visualize
potential genetic variations in each sample (27). Statistical
significance was defined as P-value < 0.05.

NMD analysis

We identified genes with abnormally upregulated AS events and
frameshift mutations as candidate antigens against BLCA. Many
studies have highlighted the relationship between NMD and tumor
immunity and revealed the potential of NMD as a therapeutic target for
cancers in some cases (24). Further NMD analysis may assist in
developing individualized tumor vaccines, such as for melanoma
(23). Patients with BLCA were divided into the low- or high-
expression groups according to the median expression of NMD
factors (UPF1, UPF2, UPF3A and UPF3B). Subsequently, the
expression levels and AS events of candidate genes between the two
groups were analyzed. P-value was calculated using the ‘ggpubr’
package (stat_compare_means function), with P-value < 0.05 as
the threshold.

TIMER analysis

The Tumor Immune Estimation Resource (TIMER, https://
cistrome.shinyapps.io/timer/) is a public online database that allows
systematic evaluation of the immune infiltration data for different
cancers from TCGA (28). In this study, TIMER was used to assess and
demonstrate the Spearman correlation between the abundance of tumor-
infiltrating immune cells (TIICs) and the expression of tumor antigens.
Purity adjustments were performed using Spearman’s correlation
analysis. Statistical significance was defined as P-value < 0.05.
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Prediction of the peptides of antigens for
BLCA samples

The Cancer Immunome Atlas (TCIA, https://tcia.at/home) was used
to screen for peptides of neoantigens for each BLCA sample with default
parameters. A list of peptides was obtained by selecting the ‘Neoantigens’
tab after inputting candidate genes for antigens in the TCIA filter.

Identification of immune clusters

Immune-related gene data extraction

A total of 1894 immune-related genes (IRGs) were retrieved from
The Immunology Database and Analysis Portal (ImmPort, https://
www.immport.org/shared/home) (29) and a study of Charoentong
et al. (30) for both discovery (TCGA) and validation (GSE32894)
cohorts. We choose this data matrix as the validation cohort because
it represents one of the most comprehensive datasets, including the
most survival data as well as clinical stage and tumor grade. After
filtering these candidate IRGs associated with prognosis, 233
prognostic genes in 399 BLCA samples and 371 prognostic genes in
224 BLCA samples were identified in the discovery and validations
cohort, respectively.

Identification and validation of
immune clusters

Consensus clustering was performed to determine robust
immune clusters according to the expression profiles of 233
prognostic IRGs using the ‘ConsensusClusterPlus’ package.
Specifically, the algorithm of partition around medoids was used for
500 bootstraps, with 80% patients being resampled and ‘1-Pearson
correlation’ as the distance metric in TCGA cohort. The cluster
number was tested from 2 to 9, and the optimal one was identified
to yield the least ambiguous cluster assignments across clustering
permutations and the most stable consensus matrix. The immune
clusters were further confirmed in the GSE32894 cohort using similar
settings. The coherence of the identified immune clusters was
quantified in the two cohorts via in-group proportion and
Spearman’s correlation analyzes. The prognostic significance of
these immune clusters in the discovery cohort was estimated via
Kaplan—Meier survival analysis and validated in the validation cohort.
Clinical features of these immune clusters, including stage, grade,
clinical T stage and sex, were assessed using the ‘ggplot2’ R package.

Molecular, cellular and immunological features of
the BLCA immune clusters

Tumor mutation burden (TMB) and mutated gene counts were
visualized among the BLCA immune subtypes using the ‘maftools’ R
package. In addition, copy number variations (CNVs) were compared.
The correlation of the immune clusters with immune checkpoints (ICPs)
and NMD factors was analyzed using the Wilcoxon test. Multiple
biomarkers have been identified to predict the prognosis of
BLCA. Therefore, the association between different BLCA biomarkers
from The Cancer Genome Interpreter (CGI, https://www.
cancergenomeinterpreter.org/home) and the immune clusters was
assessed (31). The anticancer immune activity of the immune clusters
was estimated using the Tracking Tumor Immunophenotyping (TIP,
http://biocc.hrbmu.edu.cn/TIP/) (32). Furthermore, the TME-based
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ESTIMATE approach was used to compute the immune scores of the
immune clusters, and the ‘CIBERSORT’ R package was used to compare
the infiltration of immune cells.

Immune landscape analysis

To further reveal the distribution of immune clusters in each
patient, graph learning-based dimensionality reduction analysis was
performed using gene expression data. The maximum number of
components was set to 4. Moreover, an approach used by Mao et al.
(33) was adopted for dimensionality reduction using the
Discriminative Dimension Reduction Tree algorithm and the
reduceDimension function of the ‘Monocle’ package. The immune
landscape was demonstrated using the function plot cell trajectory,
and the plots corresponding to different immune clusters were
represented in different colors. In addition, Pearson correlation
analysis was used to examine the correlation among 22 TIICs in
individual principal components, and differences in the abundance of
TIICs between clusters were analyzed using the Wilcoxon test.

Weighted gene co—expression
network analysis

Prognostic IRGs were used to perform weighted co-expression
network analysis (WGCNA) to obtain gene co-expression modules
using the ‘WGCNA’ package (34). The soft-thresholding power was
selected according to the scale-free network topology criterion to
construct a correlation adjacency matrix. The resulting modules were
used to estimate module eigengenes (MEs) and quantify module similarity.
Univariate Cox regression analysis was performed to identify modules that
were remarkably associated with patient survival (P < 0.05). Furthermore,
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis
was performed for genes in each module to annotate gene functions and
pathways using the ‘clusterProfiler’ package (35). Module membership
(MM) shows the correlation between genes and modules, and genes with
MM > 0.85 were defined as hub genes in the prognostic modules.

Quantitative validation of hub genes using
quantitative real-time polymerase chain
reaction (QRC-PCR)

To validate hub gene expression levels measured by the microarray,
the qQRT-PCR analyzes were applied using Applied Biosystems 7500
Fast Real-Time PCR System (Thermo Fisher Scientific) with SYBR
Premix Ex TaqTM kit (Takara, Dalian, China). Total RNA was isolated
from 40 pairs of BLCA and tumor-adjacent normal tissues using
TRIzol® reagent (Invitrogen; Thermo Fisher Scientific, Inc.).
Reactions were performed at 50 °C for 5s (1 cycle) 95 °C for 15 min
(1 cycle), followed by 95 °C for 15s and 60 °C for 1 min (40 cycles).
Each sample was run in triplicate. Relative mRNA levels were
normalized against GAPDH. Data were analyzed using the 27449
method. The primer sequences were listed in Supplementary Table 2.

Results

Identification of potential tumor antigens
of BLCA

To identify potential antigens of BLCA, we first screened out
aberrant AS events and overexpressed genes that could express TAAs.
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An integrated profile of AS events was established using the RNA-seq
data of patients retrieved from TCGA database. Initially, 39,508 AS
events were detected from 18,888 genes, accounting for approximately
92.78% of the potential protein-coding genes (36). The AS events are
divided into seven types according to the splicing patterns, including
alternate acceptor site (AA), alternate donor site (AD), retained intron
(RI), exon skipping (ES), alternate promoter (AP), alternate terminator
(AT) and mutually exclusive exons (ME) (Figure 1A). Among these
splicing events, ES was the most predominant pattern identified, whereas
ME was the least predominant (Figure 1B). Given that a single gene may
have multiple AS events, an UpSet plot was generated to visualize the
intersecting genes of each AS type. We found that ME always occurred in
conjunction with other AS events in most cases, whereas PTK2 had all
seven AS events (Figure 1C). To screen for BLCA-specific AS events, we
conducted differential expression analysis by comparing 399 BLCA
samples with 18 normal samples and identified 2736 CASEs
(Figures 1D, E). Among these CASEs, 2352 were upregulated in 1776
genes, whereas 384 were downregulated in 340 genes (Figure 1F).
Although ES was the predominant pattern, AP accounted for the
highest proportion of CASEs, followed by AT (Figure 1G). The
inconsonant distribution patterns among all AS events and CASEs
suggested that each AS event played a distinct role in
BLCA carcinogenesis.

Furthermore, we analyzed the mutation landscape of BLCA
samples from TCGA and found that TP53 had the highest
mutation rate (49%) (Supplementary Figure 1A). Tumor genomic
mutations contribute to the appearance of neoantigens, and
frameshift-mutation-derived peptides have been reported to have
the highest immunogenicity (37). A total of 1451 genes with
frameshift mutations encoding TSAs or TAAs were screened by
evaluating fractional genomic alterations (Supplementary
Figure 1B) and mutation counts (Supplementary Figure 1C) in
patients, and TTN, TP53, MUC16, KMT2D, ARID1A, KDM6A,
SYNEI1, PIK3CA, KMT2C and RB1 were identified as the most
frequent genetic mutations according to fractional genomic
alterations (Supplementary Figure 1D) and mutation counts
(Supplementary Figure 1E). This finding was consistent with the
overall landscape of mutations. In addition, these 10 genes had the
highest mutation count, suggesting underlying genomic interactions.
Therefore, based on the combined analysis of the expression and
mutation data of patients with BLCA, 153 overexpressed genes with
frameshift mutations were identified as potential candidate antigens.

Identification of tumor antigens associated
with NMD and antigen-presenting cells

Recently, transcripts harboring frameshift mutation and
abnormal AS patterns have been reported to produce antigenic
peptides by regulating NMD, which is a determinant of the efficacy
of cancer immunotherapy (38). NMD-associated tumor antigens were
selected from the identified genes as latent targets for mRNA vaccine
development by analyzing the AS events and mutation landscape. We
screened for differentially expressed genes in four groups: UPFI,
UPEF2, UPF3A and UPF3B (Figures 2A-D). The results revealed that
most of the top 20 genes were significantly positively correlated with
NMD expression in each group. In addition, we analyzed differences
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in the PSI value of 885 CASEs from 153 genes in the four NMD
groups and found that the PSI values of a majority of CASEs were
significantly higher in the high-NMD-expression group than in the
low-NMD-expression group. The top 20 CASEs among four groups
are shown in Figure 2E-H. Finally, six potential antigens, namely,
HP1BP3, OSBPL9, SSH3, ZCCHCS, FANCI and EIF4A2, were
identified through the intersection of overexpressed genes, genes
with frameshift mutations and NMD-related genes (Supplementary
Figure 2). Analysis of immune cell infiltration demonstrated that
elevated expression of HP1BP3, OSBPL9, ZCCHC8, FANCI and
EIF4A2 was associated with enhanced infiltration of B cells,
macrophages and/or DCs (Supplementary Figures 3A-E). In
addition, high SSH3 expression was associated with the infiltration
of immune cells with some fluctuant (Supplementary Figure 3F).
These results suggest that the six neoantigens produced during
oncogenesis can be processed and presented by APCs, leading to
the initiation of immune responses, and hence are promising targets
for developing mRNA vaccines against BLCA with underlying
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immune activation functions. The peptides of six neoantigens
predicted based on TCIA data are listed in Supplementary Table 3.

Identification of potential immune clusters
of BLCA

The heterogeneity of TME poses a challenge to cancer
immunotherapy, especially in BLCA (39). Therefore, systematic
investigation of immunotyping is of great importance to
differentiate among patients with BLCA with diverse TIME, which
may help in selecting eligible patients for vaccination. In this study,
the expression profiles of 1894 IRGs in patients with BLCA were
retrieved from TCGA database, and 233 IRGs were identified to be
associated with prognosis and used to perform consensus clustering
analysis. Based on the consensus accumulative distribution function
and delta area (Figures 3A, B), we determined k as 2 for stable
clustering of IRGs and obtained two immune clusters designated as
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regularly clustered (Figures 3F-H). However, the sex of patients

IC1 and IC2 (Figure 3C). Principal component analysis revealed that

was unsuitable for further differentiation because sex distribution

patients in the two clusters were distributed in different directions

between the two clusters was similar (Figure 3I). The results obtained
in TCGA cohort were validated in the GSE32894 cohort using the
same approach, and 224 patients with BLCA were divided into two

(Figure 3D). In addition, survival was different between the two

clusters; patients in IC1 had a poor prognosis (Figure 3E). Subtype

distribution across different clinicopathological features revealed that

immune clusters (Supplementary Figures 4A-D). We then compared

patients with different stages, grades and clinical T stages were
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the distribution of different clinicopathological features in two
clusters in the GSE32894 cohort (Supplementary Figures 4E-G).
These immune clusters also had significant differences in survival,
and patients in IC1 had a poorer OS (Figure 3]), suggesting the
stability and reproducibility of the established immune clusters.
Therefore, these immune clusters can be used as effective
prognostic biomarkers for BLCA and are superior to conventional
clinical indicators.
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Association of immune clusters with
mutation status

It has been reported that TMB and somatic mutation rates can be
used to evaluate immunotherapeutic efficacy (40). In this study, TMB and
mutations were calculated in the two clusters using the mutation data
retrieved from TCGA database. No differences were observed in TMB and
the number of mutated genes between the two clusters (Figures 4A, B).
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After analyzing the distribution of the top 20 mutations between two
immune clusters, we found that TMB was less extensive in IC1 than in IC2
(93.95 versus 96.09%, respectively). TP53 mutation was significantly more
frequent in CI1 than in CI2; however, contradictory results were observed
regarding the mutation levels of TTN, MUC16 and KMT2D (Figure 4C,
D). It has been reported that copy number alterations (CNAs) are one of
the most important hallmarks of the progression of malignancies (41). We
found that the frequency of somatic CNVs was significantly lower in
patients in ICI than in patients in IC2 (Figure 4E). In addition, the
GISTIC score (G-score) of each patient was evaluated, with an absolute
value greater than the threshold of 0.4 based on TCGA data. We found
that the G-score varied markedly between the two clusters and was higher
in IC2 (Figure 4F). The distribution of CNVs, with either deletions or
gains, across all chromosomes was also assessed in the two clusters
(Figures 4G, H). These results suggested that the immune clusters could
assess the TMB, somatic mutation rates and CNAs of patients with BLCA
to a certain extent, which may provide a basis for development of vaccines
in the future.

10.3389/fimmu.2023.1097472

Association of immune clusters with ICPs
and NMD factors

ICPs and NMD factors play an important role in anti-tumor
immunity, which may affect the response to mRNA vaccines (9, 23).
Therefore, we further examined the expression patterns of ICPs and
NMD factors in different clusters. A total of 43 ICP-related
modulators were detected in TCGA cohort; of which 38 (88.4%)
exhibited significant differences between immune clusters
(Supplementary Figure 5A). Among these 38 differentially
expressed ICP-related genes, only three (TNFRSF14, TNFRSF25
and TNESF15) were downregulated, whereas almost all other genes
were upregulated in IC1. In addition, 36 (90.0%) out of 40 ICP-related
genes were differentially expressed in the GSE32894 cohort, and all of
them were upregulated in IC1 (Supplementary Figure 4B).
Furthermore, four NMD factors were identified in both TCGA and
GSE32894 cohorts. Two factors, namely, UPF1 and UPF3A, were
diversely expressed in the two clusters in TCGA cohort and were
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upregulated in IC2 (Supplementary Figure 5C). Moreover, UPF3A
expression was significantly different in the GSE32894 cohort and had
the same expression pattern as that of TCGA cohort (Supplementary
Figure 5D). Overall, the immune clusters mimicked the expression
levels of ICPs and NMD factors, thus serving as potential biomarkers
for predicting the efficacy of mRNA vaccines. mRNA vaccines may
function better in IC2 owing to the relatively low expression of ICPs
and high expression of NMD factors.

Association of immune clusters with
tumor markers

We systematically identified 16 prognostic and diagnostic
markers of BLCA based on the CGI database. Of these genes, 10
had significantly different expressions between the two immune
clusters in both TGCA and GSE32894 cohorts. The expression of
CD274, FANCC and TUBB3 was significantly higher in IC1 than in
IC2, whereas that of ERBB2, ERBB3, ERCC2, FGFR3, TP53, TSC1
and TSC2 was lower (Supplementary Figures 6A, B). However, these
10 markers have not been approved by the FDA and are either
undergoing investigation in early trials or pre-clinical studies;
therefore, their clinical applicability remains to be investigated.
Currently, nuclear matrix protein 22 (NMP-22) is the most
frequently used prognostic marker for BLCA, and patients with
high expression have a significantly poorer prognosis (42).
Therefore, we analyzed the expression of NMP-22 in patients with
BLCA. Serum NMP-22 in IC2 in the TCGA cohort was significantly
upregulated (Supplementary Figure 6C), while there was no
significant difference in GSE32894 between the two clusters
(Supplementary Figure 6D). Overall, the results revealed that the
immune clusters were superior to other currently available cancer
biomarkers in predicting patient outcomes.

Association of immune clusters with
immune microenvironment characteristics

Considering that the efficacy of mRNA vaccines is greatly
associated with the immune status tumors, immune activity scores
were first assessed using the TIP approach for analyzing and
visualizing the status of anti-cancer immunity in the two immune
clusters using RNA-seq data of patients with BLCA retrieved from
TCGA. The overall score differed significantly between the two
clusters, with patients in IC1 having a higher abundance of
antitumor immune cells (Figure 5A). To further confirm the
feasibility of clustering, we used the ESTIMATE algorithm to assess
the immune features of BLCA in both TCGA and GSE32894 cohorts
according to the expression of immune cell components. We found
that patients in IC1 had higher stromal, immune and ESTIMATE
scores but lower tumor purity and cytolytic activity (CYT)
(Figure 5B). These results are consistent with those of previous
studies, which have reported that low tumor purity (43) and CYT
(44) serve as robust indicators for unfavorable prognosis.
Furthermore, we examined differences in the abundance of 22
TIICs between the two clusters and found higher enrichment scores
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in IC1 (Figure 5C). For example, patients in IC1 had higher
infiltration of naive B cells, activated memory CD4 T cells,
macrophages and neutrophils (Figure 5D). Subsequent analyzes in
the GSE32894 cohort yielded similar results (Figures 5E-G).
Moreover, patients in IC1 had significantly higher infiltration of a
majority of immune cells, including but not limited to memory B
cells, plasma cells, CD8 T cells and activated memory CD4 T cells.
Therefore, IC1 was considered an immunologically ‘hot’ phenotype,
whereas IC2 was considered an immunologically ‘cold’ phenotype.
Based on the abovementioned analyzes, we speculated that immune
clusters can evaluate the immune status of BLCA and may help in
selecting eligible patients for mRNA vaccination. These vaccines may
be involved in the activation of various TIICs in immunologically
‘cold’ IC2. The six pan-cancer immune categories (C1-C6) defined by
Thorsson et al. were closely related to prognosis and
immunoregulation in tumors (45). As shown in Figure 5H, a
distinct distribution of C1-C6 was observed in ICI and IC2. In
addition, there was a large degree of overlap in the proportion of C1-2
between the two immune clusters. The proportion of C1, C3 and C4
increased significantly, whereas that of IC2 decreased significantly in
IC2 as compared to ICI. Patients in IC2 with a longer survival
duration may be associated with the high proportion of C3 samples in
IC2. These results facilitated a deeper understanding of the
characteristics of the immune microenvironment in BLCA while
further complementing previous studies.

Immune landscape of BLCA

The immune gene expression profiles were integrated to assess the
immune landscape of BLCA (Figure 6A). We found that the overall
pattern of IC1 and IC2 distribution was reversed in the immune
landscape. Principal component 1 (horizontal axis) had a positive
correlation with activated memory CD4 T cells and M1 macrophages
but a negative correlation with activated dendritic cells and naive CD4
T cells. In addition, principal component 2 (vertical axis) was most
positively correlated with plasma cells and Tregs but most negatively
correlated with activated memory CD4 T cells, resting NK cells and M1
macrophages (Figure 6B). The correlations among different immune
cells between two principal components further demonstrated the
accuracy of our approach. Heterogeneity can be found within the
same cluster, and IC1 presented opposing distribution. Therefore, we
stratified IC1 into two subclusters (IC1IA and IC1B) based on the
distribution of immune cell populations (Figure 6C). Considerable
differences in the proportion of certain immune cells were observed.
IC1B had a higher enrichment score of M0 macrophages and activated
dendritic cells and a lower enrichment score of CD8 T cells (Figure 6D),
suggesting that mRNA vaccines may be more effective in IC1B. In
addition, we conducted the survival analysis of extremely distributed
samples in the immune landscape and found that the survival rate of
state 5 was significantly higher than that of state 1, suggesting that
immune cluster-based immune landscape can be used to assess patient
outcomes (Figures 6E, F). Collectively, the immune landscape based on
immune clusters precisely identified immune components in each
patient and predicted their outcomes, thus facilitating individualized
mRNA vaccination.
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Association of immune clusters with immune microenvironment characteristics. (A) Distribution of immune activity scores in IC1 and IC2. (B) Association
of immune subtypes with immune scores, stromal scores, tumor purity and CYT in TCGA cohort. Heatmap (C) and bar plot (D) of the relationship
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ns, not significant

Identification of immune gene co-
expression modules and hub genes of BLCA

WGCNA was performed to identify immune gene co-expression

modules containing immune genes associated with the effectiveness of
mRNA vaccines. No outliers were found in the sample clustering

Frontiers in Immunology

(Figure 7A), and a soft-threshold power of 3 = 3 (scale-free R2 = 0.85)
was selected to ensure a scale-free network (Figures 7B, C).
Subsequently, the representation matrix was converted to an
adjacency matrix and then to a topological matrix. Considering the
minimum module size of 30 genes as a criterion, a dendrogram was
constructed using the average-linkage hierarchy clustering method.
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FIGURE 6
Immune landscape of BLCA. (A) Immune landscape of BLCA. Each point represents a patient, and the immune clusters are color-coded. (B) Correlation
between two principal components and immune cells. (C) Immune landscape of the subclusters of BLCA immune clusters. (D) The proportion of certain
immune cells in the IC1A-B subclusters. (E) Immune landscape of samples from five extreme locations and (F) their prognoses. *P < 0.05, **P < 0.01,
***P < 0.001, ****P < 0.0001; ns, not significant.

MEs were calculated by merging the closed modules with a deep split
of 5 and a height of 0.2 (Figure 7D). Eventually, four modules that
contained similar gene patterns were identified, and the grey module
included genes that were not present in any module (Figure 7E). We
further examined MEs in the two immune clusters and noticed
significantly different distribution of all three modules (except the
grey module). IC1 had a higher number of MEs in the brown and
turquoise modules, whereas IC2 showed higher eigengenes in the blue
module (Figure 7F). Further prognostic correlation results suggested
that the blue, turquoise and brown modules were distinctly associated
with the prognosis of BLCA (Figure 7G). Moreover, functional
enrichment analysis indicated that genes in the blue module were
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relevant to BC, those in the turquoise module were associated with
pathways in cancer and those in the brown module were associated
with natural killer cell-mediated cytotoxicity (Figures 7H-J).
Eventually, three hub genes with relevance > 85% to MEs of three
modules were identified, including CALD1, TGFB3 and ANXAG.
These hub genes can be used as predictive and prognostic biomarkers
and for identifying eligible patients with BLCA for mRNA
vaccination. qRT-PCR was applied to examine the relative mRNA
levels of CALDI, TGFB3 and ANXAG6 in 40 pairs of BLCA and
adjacent normal tissues. Results demonstrated that the expression
levels of these 3 genes were higher in BLCA tissues than in tumor-
adjacent normal tissues (Supplementary Figure 7).
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FIGURE 7

Identification of immune gene co-expression modules and hub genes of BLCA. (A) Sample clustering. (B) Scale-free fit index and (C) mean connectivity
for various soft-thresholding powers. (D) Dendrogram of immune genes clustered based on the average-linkage hierarchy clustering method. (E) The
number of genes in each module. (F) Differential distribution of MEs of each module in BLCA immune clusters. (G) Prognostic analysis of the blue,
turquoise and brown modules. The top KEGG terms enriched in the (H) blue, (1) turquoise and (J) brown modules. ****P < 0.0001.

Discussion

BLCA is one of the most aggressive malignancies with significant
tumor heterogeneity, multidrug resistance and uncontrolled metastasis (3,
5). Cisplatin combined with gemcitabine has been established as a
standard therapeutic strategy for the management of patients with
advanced BLCA; however, clinical benefits are limited (6, 7).
Immunotherapy has revolutionized treatment paradigms in oncology,
especially with the clinical success of immune checkpoint inhibitors;
however, its effectiveness in BLCA remains unknown (10). mRNA-based
vaccines with cancer antigens represent a promising alternative
immunotherapeutic strategy, with multiple ongoing human clinical
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trials (15). A recent study demonstrated that a combination of mRNA
vaccine and immune checkpoint inhibitor can enhance the immune
response against melanoma and inhibit tumor progression (20). However,
the efficacy of mRNA vaccines in patients with BLCA remains unknown.

In this study, we systematically profiled the aberrant AS events and
mutational landscape of BLCA for future development of individualized
mRNA-based cancer vaccines. To elucidate the clinical relevance of the
selected antigens, their correlation with NMD factors and immune cell
infiltration was examined. Six tumor antigens (HP1BP3, OSBPL9, SSH3,
ZCCHCS, FANCI and EIF4A2) were correlated with the expression of
NMD factors and infiltration of APCs, which may be promising
candidates for mRNA vaccines. These findings revealed the
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importance of these candidates in the development of BLCA, which can
be recognized and presented directly to T cell receptors to eradicate
tumor cells and induce antitumor immunity. Although functional
validation and clinical evaluation of these candidate genes require
further investigation, previous studies have demonstrated their
potential for developing mRNA vaccines against tumors. In recent
years, several studies have focused on the role of EIF4A2 in regulating
immune responses and numerous cellular and pathophysiological
processes, which serves as a prognostic biomarker and is correlated
with immune infiltration in multiple cancers, including BLCA (46, 47).
Because therapeutic effects of mRNA vaccines vary between
individuals, patients with BLCA were divided into two immune
clusters (IC1 and IC2) based on their immune-related gene profiles to
identify eligible patients for vaccination. The two immune clusters
possessed distinct clinical, molecular and TIME features. For example,
patients in IC2 had a better prognosis in both TCGA and GSE32894
cohorts, suggesting that the immune cluster could serve as a prognostic
biomarker for BLCA. In addition, we observed that the predictive power
of IC2 was superior to conventional tumor biomarkers such as NMP-22.
In addition, this cluster can be used to predict the response to vaccine
therapy. Elevated rates of somatic CNV's in IC2 are suggestive of greater
responsiveness to mRNA vaccines. With regard to the expression of ICPs
and NMD factors, mnRNA vaccines might have better efficacy in IC2. The
immune activity of the two immune subtypes was assessed via TIP
analysis. IC2 had strikingly lower immune activity, suggesting that
mRNA vaccines targeting IC1 might reinforce its immune response.
Given that the tumor immune status is critical for the efficacy of
mRNA vaccines, we further investigated the immune cell components
and found a strikingly distinct TIME in the two immune clusters. This
finding suggested that the two clusters might have varying mechanisms
for regulating immune escape in tumors, which may require
individualized therapeutic strategies. In addition, we found that IC2
had an immunologically cold phenotype with less infiltration of
immune cells (an ‘immune desert’) and immunologically inactive ‘non-
inflamed’ tumors. This phenotype may be related to the lack of APCs and
tumor antigens, resulting in T cell anergy and insensitivity to antigen
activation. To reinvigorate the immune system of such patients against
tumor cells, mRNA-based vaccines that trigger immune cell infiltration
may be an appropriate option. However, IC1 had a favorable
immunologically hot phenotype, characterized by the increased
infiltration of immune cells and immunologically active ‘inflamed’
tumors. Therefore, ICBs are especially advantageous for patients in IC1,
which may further regulate the production of CD8+ T lymphocytes and
the suppression of Tregs, inducing antitumor immunity (48, 49). Recent
studies have highlighted the role of inflammation in tumorigenesis and
tumor progression, revealing a close relationship between inflammation
and BLCA (50, 51). An inflammatory phenotype with a high density of
macrophages might, at least partially, lead to poor outcomes in patients in
IC1 (51). Another important consideration in determining the prognosis
is the preponderance of the immune-suppressive or -stimulatory
environment. In a study, patients with BLCA were divided into C1-C6
subtypes, except for the C5 subtype, based on previous immunotyping
studies among 33 cancer types (45). The C3 subtype was associated with
the best prognosis, followed by the C1, C2, C4 and C6 subtypes. Our data
showed substantial variations in the proportion of five categories in IC1
and IC2. Patients in IC2 with a longer survival duration may be associated
with the high proportion of C3 samples in IC2. Moreover, the proportion
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of C2 (IFN-g dominant) in IC1 was significantly higher than that in IC2,
whereas the proportion of C4 (lymphocyte failure) showed the opposite
trend. This finding provides further verified the ‘hot’ phenotype of IC1
and the ‘cold” phenotype of IC2. Therefore, mRNA vaccine
administration in IC2 might stimulate the immune response, thus
converting the ‘cold TME to ‘hot’ by increasing the infiltration of
inflammatory immune cells (49). Therefore, our results are reliable and
complement the classification schemes previously developed.

Furthermore, the complex immune landscape of BLCA
demonstrated substantial heterogeneity among individuals and within
the same immune subgroups, thus facilitating the accurate determination
of immune cell components in each patient to aid in developing
individualized mRNA vaccines. Intra-cluster heterogeneity observed in
IC1 was based on the distribution of immune cell groups. The infiltration
of MO macrophages and activated dendritic cells was higher and that of
CD8 T cells was lower in ICIB than in IClA, suggesting that the
therapeutic efficacy of mRNA vaccines may be better in patients in
IC1B. In such patients, novel treatment strategies based on mRNA
vaccines combined with chemotherapy or immunotherapy may
modulate both TME and immune response of the host, which is
considered more conducive to successful therapy (52).

Furthermore, we used WGCNA to construct co-expressed gene
modules and identified three key modules (blue, turquoise and
brown) significantly correlated with each immune cluster, which
was of fundamental importance in investigating the underlying
biological mechanisms of the clusters. Subsequent KEGG analysis
suggested that the three modules had substantial disparity among the
involved pathways, suggesting that the classification method had high
discrimination power. In addition, CALD1, TGFB3 and ANXAG6 were
identified as immune hub genes (MM > 0.85), which may serve as
biomarkers for predicting the outcomes of patients with BLCA and
selecting eligible patients for mRNA vaccination.

Therefore, this study provides critical insights into developing
mRNA vaccines for other diseases. The emergence of the COVID-19
pandemic made mRNA vaccines an innovative and promising platform
(53). Although mRNA vaccines have protected millions of patients with
COVID-19 and prevented many deaths worldwide, the evolving variants
such as D614G require these vaccines to be updated periodically (54).
Therefore, there are significant implications for improving the clinical
treatment of COVID-19 by determining specific antigens and eligible
patients for mRNA vaccine administration.

Conclusion

In conclusion, HP1BP3, OSBPL9, SSH3, ZCCHCS, FANCI and
EIF4A2 were identified as potential antigens for developing mRNA
vaccines against BLCA. In addition, patients in IC2 may benefit more
from mRNA vaccination. These findings provide new sights into
developing mRNA vaccines against BLCA and defining the eligible
population for mRNA vaccination.
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