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Abstract
Background: Bladder cancer (BLCA) is a common malignancy from urinary tract. Although the diagnosis
and treatment of bladder cancer has made great progress in the past few decades, the effects of existing
treatment methods are still limited. Therefore, it is still necessary to develop new methods to assist in the
disease management and treatment. Tumor antigens are tumor-speci�c surface molecules and are
generally considered to be the main components of a typical cancer vaccine, which could initiate and
active immune cells to recognize and eliminate cancer cells. In the context of the COVID-19 pandemic,
mRNA vaccines have re-entered people's vision.

Methods: The genomic and clinical data of 411 BLCA and 19 normal tissues were acquired from The
Cancer Genome Atlas (TCGA) and GSE13507 cohorts. Differential expression genes and mutation
analysis were performed to screen out potential antigens, Kaplan-Meier curves were carried out to
investigate the correlation between the level of potential antigens and OS of patients. Immuno-
phenotyping of 411 tumor samples was based on the single-sample gene sets enrichment analysis
(ssGSEA). The tumor immune microenvironment characteristics was explored in each immune subtype.
Weighted gene co-expression network analysis (WGCNA) was used to clusterimmune-related genes and
screen the hub genes, and pathway enrichment analyses were performed on the hub modules related to
immune subtypes in the WGCNA.

Results: Through genetic and transcriptional analysis on TCGA and GSE13507 datasets, we have
identi�ed 6 genes as potential candidate genes for BLCA speci�c tumor antigens. We also identi�ed 3
immune subtypes of BLCA, which displayed distinct clinical, molecular and immune-related
characteristics. In addition, we have constructed immune landscape to identify the immune cell
components of each BLCA patient, which could predict clinical outcome of the patients, and assist in the
development of personalized mRNA vaccines.

Conclusions: our �ndings indicated that 6 genes such as PTPN6 may be potential tumor antigens, and
provide a reliable reference for the further development and management of cancer vaccines.

Background
Bladder cancer (BLCA), a common malignancy of the urinary tract, is the ninth most common cancer (1).
About 70–80% of �rst diagnosis BLCA patients are non–muscle-invasive bladder cancer (NMIBC), of
which 50–70% have a high rate of recurrence, and 10–30% are inclined to develop into muscle-invasive
bladder cancer (MIBC) (2). Although transurethral resection (TUR) is the preferred regimen for patients
with NMIBC, the �ve-year overall survival (OS) is only 60% for stage pT2, 35% for pT3, and 25% for pT4
BLCA(3, 4) Therefore, it is necessary to explore other new strategies to improve clinical outcome of BLCA.

Tumor antigens are cancer speci�c surface molecules, which are often overexpressed and easily
recognized by the immune system(5). They are usually regarded as the main component of typical
cancer vaccine, assisting immune cells in recognizing and eliminating cancer cells(6). Cancer vaccines
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can be divided into peptide, tumor cell, dendritic cell, DNA and RNA types according to their antigenic
forms(7).

Recently mRNA-cancer vaccine has become increasingly attractive to scientists and oncologists and is a
hotspot in cancer immunotherapy(8, 9). Actually, mRNA-based therapy was not common before the
2000s due to the instability of mRNA and related excessive in�ammation responses. Although mRNA-
based vaccine has been proposed as a promising approach of combatting tumors two decades ago, it is
coming back our vision under the background of coronavirus disease-2019 (COVID-19) pandemic(10, 11).
Nowadays, many technological breakthroughs, including incorporation of modi�ed nucleosides,
puri�cation of IVT mRNA, optimization of coding sequences, and development of e�cacious delivery
material have been changing the situation by enabling mRNA optimal form to carry tumor antigens(12,
13). Compared with conventional approaches, mRNA vaccine has its major advantages as follows(9, 14):
(1) Safety pro�le: mRNA vaccine is non-infectious, which means it is not made with pathogen particles or
inactivated pathogen. And mRNA does not integrate itself into the host genome or excluded irrelevantly.
Once the protein is made, mRNA is degraded by cellular RNases with a short and regulatable half-life in
vivo. (2) High e�cacy: In the context of clinical trial, the mRNA vaccine is well tolerated by healthy
individuals, with few side effects after eliciting a reliable immune response. Plus, mRNA sequences can
be easily designed to encode any pathological antigen, which is conducive to individualized therapies. (3)
Easily manufactured: mRNA vaccines can be produced more rapidly under standardized processes
improving responsiveness to emerging outbreaks.

At present, the immunotherapy of BLCA is mainly based on the Bacillus Calmette-Gueri (BCG) vaccine as
well as immune checkpoint inhibitors. BCG immunotherapy reduces the incidence of cancer recurrence
and progression. (15) Typically, patients receive "6 + 3" intravesical BCG instillations per week, with a 6-
week break between induction and maintenance instillations. Maintenance therapy improves recurrence-
free survival. (16) However there are still tones of side effects ranging from common, mild and transient
symptoms, such as dysuria and �u-like symptoms, to more severe and rarely occurring life-threatening
complications. (17). AS for ICIs, Typical immune-related AEs reported were pneumonitis, rash, and
elevated levels of liver enzymes, requiring speci�c management by the clinicians(18). Though ICIs have
shown manageable safety pro�les as single agents(19), they were far less tolerable in combination with
chemotherapy. In fact, as reported in previous studies, the rates of all-grades of AE were much higher than
ICIs alone (up to 96% for AEs, and 81% for severe AEs), leading to treatment withdrawal in up to one out
of three patients.(20)

Therefore, there is still a long way to go to solve the above problems perfectly. Considering that BLCA still
lacks an effective mRNA vaccine, it is still a challenge to isolate effective antigens for anti-BLCA mRNA
vaccines from thousands of mutated candidate genes, it is also a worthwhile direction given the
advantages of mRNA vaccines. Furthermore, due to the heterogeneity of tumors and their complex
immune microenvironment (TIME), traditional methods are insu�cient to screen candidate genes
suitable for mRNA vaccines from the perspective of immune regulation. Strati�cation based on immune
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gene expression pro�les may be suitable for identifying patients receiving mRNA vaccination from
immune heterogeneous populations

In this study, we identi�ed six new potential tumor antigens for anti-BLCA mRNA vaccine development.
Immuno-typing for identifying suitable BLCA patients for vaccination was also investigated. Six tumor
antigens were correlated with superior prognosis in BLCA. Then the BLCA patients were strati�ed into
three immune subtypes, which were associated with differential cellular, molecular and clinical features in
different cohorts. Our �ndings might be a valuable and reliable reference for further developing and
administering cancer vaccines.

Material And Method

1. Data extraction
The normalized mRNA-seq data and corresponding clinical information of 411 BLCA and 19 normal
tissues were acquired from The Cancer Genome Atlas (TCGA). Then, the mRNA data were merged and
normalized as one cohort by the R package “limma”. TCGA-BLCA somatic mutation data were
downloaded from the Genomic Data Commons (https://portal.gdc.cancer.gov/) using the package
TCGAbiolinks in R. The called somatic variants processed with the MuTect2 algorithm were utilized as
the raw mutation count. Then we selected the mutation data of the corresponding sample in the BLCA
expression pro�le from the mutation data, and use the oncoplot function in the "maftools" package to
display the mutation.

2. Differential expression analysis to identify overexpressed
genes
We use the R package "limma" to identify differentially expressed genes in cancer and normal samples
(threshold: adj.P.Val < 0.05 & |log(FC) |>= 1). Next, R package "EnhancedVolcano" was used to visualize
differentially expressed genes, and "ComplexHeatmap" was used to display the expression of
overexpressed genes in normal and cancer samples. Finally, the position of the differential gene in the
genome was displayed with GEPIA (http://gepia.cancer-pku.cn/) to display.

3. Identi�cation over-expressed and mutated genes as
potential antigen candidate genes and functional analysis
The intersection of overexpressed genes and mutant genes is selected as potential antigen candidate
genes (764). Then R package "clusterPro�ler" was used to perform enrichment analysis of the
intersection genes on GO/KEGG/HALLMARK/REACTOME type pathways (pvalueCutoff < 0.05).
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4. Survival analysis of potential antigen candidate genes to
identify prognostic-related potential antigens
We used R packages "survival" and "survminer" to perform univariate Cox regression analysis of potential
antigen candidate genes, and the cut-off was P < 0.05. The survival curve of the most signi�cant potential
antigen in OS is displayed with K-M curves.

5. Correlation analysis of prognostic-related potential
antigens and immune cell in�ltration
The CIBERSORT algorithm could calculate the proportion of 22 kinds of immune cells through the
expression of some genes. We use Spearman correlation analysis to demonstrate the correlation between
the expression of prognostic-related potential antigens and immune cell in�ltration through the "ggplot2"
package.

6. Immune subtype recognition
In order to identify immune subtypes, we clustered the cancer samples in BLCA based on the expression
of immune gene sets. The clustering were veri�ed by principal component analysis, and the expression
levels of immune genes in each subtype were displayed. In addition, the survival curves of each subtype
are shown.

7. Clinical features between subtypes
We use the "ggplot2" R package to visualize the distribution of subtypes in each clinical feature, and
perform analysis of variance between each feature

8. CNV analysis between subtypes
We �rst showed the distribution of tumor mutation burden (TMB) among the subtypes, and then
extracted the display the mutation distribution of the corresponding samples from the mutation data by
subtype. And the oncoplot function in the "maftools" package was used to show the mutations
distribution separately. Finally, the samples with the absolute value of copy number G-score greater than
0.4 are selected, and the scores in each subtype are displayed. The small tool "CNV Distribution Map" was
used to display the distribution of copy numbers in chromosomes.

9. Analysis of immunological activity between subtypes
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We obtained the immune activity score from previous study (21), and used the "ggplot2" and "ggpubr" R
packages to compare the differences between the different subtypes of immune cells

10. Analysis of different indicators in subtypes
The homologous recombination defect (HRD), neoantigen load and chromosomal instability, and
difference in dryness index of TCGA-BLCA dataset was obtained from Malta TM and Knijnenburg TA (22,
23), and then showed the distribution of each index in the subtype And the difference. Then we obtained
immune checkpoints and immunogenic cell death regulatory factors from previous study (6), and showed
the expression of each factor among subtypes, and the difference between each factor among subtypes.

11. Analysis of immune cells between subtypes
We used the R package "estimate" to calculate the immune score, stroma score, and tumor purity of
cancer samples. Then R package "ggplot2" was used to to display the distribution of the above scores in
different subtypes. And the R package "ComplexHeatmap" was used to display the heat map of immune
in�ltration scores and above. In addition, we also compared the subtypes identi�ed in this paper with the
existing pan-cancer subtypes of TCGA pan-cancer cohort, showing the proportion of the existing pan-
cancer subtypes.

12. Construction of immune map
The dimensionality reduction function of Monocle package of Gaussian distribution is used to perform
dimensionality reduction analysis based on graph learning to visualize the distribution of immune
subtypes among individual patients. Finally, different colors are used to show the immune landscape of
the cell trajectories of immune subtypes. Then the correlation between cell in�ltration and principal
components was calculated. Finally, samples in extreme locations are selected to show their survival.

13. WGCNA
Use the "WGCNA" R package to construct a WGCNA co-expression network for immune gene expression,
showing the number of genes in the generated modules and the ME scores of samples in different
subtypes in each module. Then, univariate cox regression analysis was used to identify the prognostic
module, and GO and KEGG enrichment analysis were performed on the genes in the identi�ed prognostic-
related modules. For the prognostic module, we calculated the MM score of the gene (the correlation
between the gene and the module) and selected genes with MM greater than 0.5 as the hub gene of the
prognostic module. Subsequently, a multivariate cox analysis was performed on the identi�ed hub genes,
and the obtained coef value was used as a coe�cient to construct a risk score. Then, the distribution of
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the score, the survival of the high and low risk groups were displayed, and the AUC curve and the
expression heat map of the hub gene were displayed.

14. Differential gene recognition between subtypes
We used ANOVA and t.test to identify differentially expressed genes in cluster1 and cluster2, cluster2 and
cluster3, and cluster1 and cluster3 samples (threshold: anova p < 0.05 & group p < 0.05), and selected
4,505 intersecting genes with three differences. Next, "ComplexHeatmap" was used to show the
expression of differentially expressed genes in cluster1, cluster2, and cluster3 samples and in each
phenotype.

15. LASSO regression to construct a risk score
First, we selected the inter-subtype differential genes (4505), potential antigen candidate genes (764) and
the prognostic module hub gene (518) of the intersection genes (10), and de�ned them as key tumor
antigen markers. We used univariate cox regression to screen key tumor antigen markers, selected genes
with P less than 0.05 (3) for multivariate cox regression, and used the obtained coef value to construct a
risk model. Finally, it shows the distribution of immune subtype risk scores and the distribution of high
and low risk scores in each subtype.

16. Statistical Analysis
Unpaired Student’s t-test was used to compare the two groups with distributed variables. One-way
analysis and Kruskal-Wallis tests of variance were adopted as parametric and nonparametric methods,
respectively, for comparing multiple groups. Contingent variables were analyzed with the chi-square test
or Fisher’s exact test. Pearson’s test or Spearman’s test was conducted to analyze the correlation between
gene expression and the abundance of immune cells or gene expression. All statistical analyses were
performed on GraphPad Prism 7.0 or R software (Version 3.6.0, https://www. r-project.org/). A two-tailed
P value < 0.05 was considered statistically signi�cant.

Results

Identi�cation of potential antigens of BLCA
The work�ow was presented in Figure S1. 900 differentially overexpressed genes were screened out
within a total of 1810 aberrantly expressed genes to identify potential antigens of BLCA (p < 0.05 &
|log(FC)| >= 1) (Figure S2 A-B, SupplementaryTable1 (all differentially expressed genes) and
SupplementaryTable2 (overexpressed genes)). It can be clearly found that the difference in the
expression of over-expressed genes between cancer and normal samples. The chromosomes distribution
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of these genes was showed in Fig. 1A. We identi�ed 15751 genes that mutated in TCGA-BLCA cohort and
the top 30 mutated genes were showed in Fig. 1B. The altered genome fraction and mutation counts in
individual samples were demonstrated in Fig. 1C-D. Of note, AHNAK2 and ARID1A were also the most
frequently mutated genes with both altered genome fraction and mutation counts (Fig. 1E-F). In addition
to AHNAK2 and ARID1A in top 10 candidates with altered genome fractions, ANK2, SAXL2, CHD2,
CREBBP, CSMD3, DCC, DMD as well as DNAH5 all have the high mutation frequency (Fig. 1F). High
mutation counts were also observed in FRGFR3, KDM6A, RYR2, TP53, TTN, KMT2D, SPTANI,
ZFP36L1(Fig. 1E). Overall 764 genes, which were highly expressed and mutated in TCGA-BLCA cohort,
were identi�ed as potential candidate antigens (Fig. 2A, Figure S2f).

Then Gene Ontology (GO) analysis and KEGG HALLMARK and REACTOME signaling pathway
enrichment of these 764 genes were respectively shown in Fig. 2B and Figure S2C-E. The results indicated
that these genes might involve in tumor-speci�c immune response and could be the potential candidates
for mRNA vaccine development.

Identi�cation of tumor antigens associated with BLCA
prognosis and antigen presenting cells
To identify potential prognostic-related antigens, we performed univariate cox regression analysis on
candidate genes based on overall survival (OS) in TCGA-BLCA cohort (P < 0.05), and �nally found 102
prognostic-related potential antigens (Fig. 2A). We selected the 6 potential antigens, PTPN6, OAS1,
PLA2G2F, ETV7, CHMP4C, and SPA4G, which were most associated with OS (Fig. 2C-D). We further used
CIBERSORT algorithm to analyze the immune in�ltration in TCGA-BLCA cohort. Then the spearman
correlation between the expression of 6 potential antigens and B Cell, Macrophages, and Dendritic scores
was detected. The �nal correlation score is distributed between 0.0011 (CHMP4C in B_cells) and 0.32
(CHMP4C in Macrophages), indicating that the correlation between potential antigens and immune
in�ltration scores is not evenly distributed, which also indicated the differences in immune levels of
different genes. (Figure S3).

Immune subtypes identi�cation
Tumor immune microenvironment might impact the e�cacy of immunotherapy. And immune subtypes
might be helpful to identify patients who can response to mRNA vaccination. We analyzed the
transcriptional pro�les of patients in TCGA-BLCA cohort and found 2323 immune-related genes.
According to consensus clustering algorithm, by considering its cumulative distribution function and
incremental area map, we chosed k = 3 for stable clustering of immune-related genes, and established 3
immune subtypes, named Cluster 1, Cluster 2, and Cluster 3, respectively(Figure 3A-C,3E). Principal
component analysis showed the three subtypes were distinguished very well (Fig. 1D) with distinct OS.
Cluster 3 associated with better prognosis, while Cluster 1 had the poorest survival probability (Fig. 3F).
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Subtype distribution across different tumor stages and grades indicated that patients diagnosed as
differential stage were irregularly clustered And we could found that with the TNM staging progress, the
proportion of Cluster 1 increases signi�cantly (Figure S4). Taken together, the immunotyping could be
used to predict prognosis of BLCA patients and its accuracy was superior to traditional grading and
staging. We also validate the feasibility of this classi�cation in the testing dataset GSE13507 (P = 0.014)
(Fig. 3G).

The association of immune subtypes with mutational status
Previous studies demonstrated that tumor mutational burden (TMB) and mutation used to quantify the
number of tumor antigens is closely correlated to immunotherapeutic e�cacy, including mRNA
vaccine(24). Therefore the TMB and mutations frequency of each immune subtypes were also
analyzed(Fig. 4). Our results showed that there was no difference between groups regarding TMB, while
there were signi�cantly difference of mutation number among these three groups, and Cluster 1 was
obviously higher than the other groups. The waterfall diagrams of different subtypes were showed in Fig.
4A-B. We also visualized the G-score scores of copy number variation in different subtypes (Fig. 4F) and
found signi�cant differences between each subtype. Furthermore we also obtained the immune activity
scores of the samples from TIP (http://biocc.hrbmu.edu.cn/TIP/), and showed the distribution of Cluster
1, Cluster 2, and Cluster 3 scores in immune cells, and showed statistical signi�cance (Fig. 5A). It can be
found that the immune subtypes we have identi�ed are signi�cantly related to immune activity. And then
we analyzed differences in homologous recombination defects (HRD), neoantigen load, chromosomal
instability, and dryness index between subtypes (Figure S5). These �ndings suggest that the immune
subtype can predict TMB mutation number in BLCA patients, and that patients of Cluster 1 may respond
positively to the mRNA vaccine.

Immune subtypes with immune checkpoints (ICPs) and
immune in�ltrating cells
Previous studies indicated that both ICPs (such as PD-L) (10) and immunogenic cell death (ICD)
modulators (such as HMGB1)(25) play critical roles in modulating the host anti-tumor immunity, which
could in�uence the e�cacy of mRNA vaccine. Therefore, the differential expression of ICPs and ICD
modulators was assessed in these immune subtypes (Fig. 5B-C, 5F). Our results showed that, 43 (91.5%)
of ICPs in TCGA cohort were differentially expressed among the immune subtypes. And the expression
levels of almost all genes in Cluster 1 and Cluster 3, such as CD274, CTLA4, PDCD1, IDO1 and TIGIT, were
lower than those in Cluster 2. Interestingly, some speci�c ICPs in Cluster 3 seemed to be lower than those
in Cluster 1 such as BLTA, CD200, CD200R1, CD27, CD274, CD276, CD28, CD48, CD77, CD80, CD86,
CTLA4, ICOS, IDO1, LAIR1, PDCD1, PDCD1LG2, TIGIT, TNFRSF18, TNFRSF4, TNFRSF9, TNFRSF14. This
result indicated that Cluster 3 might also be a potentially effective population for mRNA vaccines despite
lower levels of TMB. For immune cell deaths (ICDs), The expression level of 17 ICDs of all 25 kinds of
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ICDs were signi�cantly different in three immune subtypes. The level of CALR, CXCL10, FPR1, HGF,
IFNAR2, MET, P2RX7, TLR4, PANX1 and TLR3 were highest in Cluster 2 than Cluster 1 and Cluster 3,
EIF2AK2, EIF2AK4, ANXA1 were overexpressed in Cluster 1. While EIF2A, IF2AK1were both overexpressed
in Cluster 1 and Cluster 3. Moreover, we showed that Cluster 2 had markedly higher immune score, higher
stromal score and lower tumor purity (Figure S6) than Cluster 1 and Cluster 3. The results showed that
the subtype scan re�ect the expression levels of ICPs and ICD regulators, and can be used as a potential
therapeutic biomarker for mRNA vaccines. Also, considering the previous results of immune cell
in�ltration, Cluster 2 is an immune “hot” and immunosuppressive phenotype, while Cluster 1 and Cluster
3 were more likely to be immune “cold” phenotypes.

In a previous study, Thorsson et al. identi�ed six immune categories (C1-C6) based on the
immunogenomic analysis of more than 1000 tumor samples among 33 cancer types (26). These
categories were signi�cantly associated with prognosis, genetic, and immune-modulatory alterations in
tumors. Thus, the distribution of six categories was also investigated in our study. A distinct distribution
over Cluster 1, Cluster 2 and Cluster 3 was observed, and the individual immune categories substantially
varied in their proportion in the three immune subtypes (Fig. 5E). Our result indicated that proportion of
C2 in Cluster 2 was obviously higher than that in Cluster 1 and Cluster 3, while the proportion of C4 in
cluster3 was signi�cantly more than that of C4 in Cluster1 and Cluster2 and there was barely no C4 in
Cluster 2. This result further validated the “hot” phenotype of Cluster 2 and the “cold” phenotype of
Cluster 1 and Cluster 3. Therefore, mRNA vaccine administration in Cluster 1 and Cluster 3 might
stimulate the immune response, namely turning “cold” tumor to “hot”.

Immune landscape of BLCA
Then we used the immune transcriptional pro�le of patients to construct immune landscape (Fig. 6A). As
shown in Fig. 6B, Macrophages.M1 displayed the most obviously correlation among different subtypes.
We found the distribution of samples in Cluster 1 and Cluster 2 was relatively discrete in immune
landscape (Fig. 6A) and they can be further divided into two subgroups according to the location of
immune cell populations (Fig. 6C). We then found the relative amount of immune cells were signi�cantly
differences among multiple subgroups (Fig. 6F-G). In addition, patients in group 5 had a higher survival
probability when comparing with the samples in the extreme locations within the immune landscape (Fig.
6D-E). The immune landscape based on immune subtypes can accurately identify the immune
components of BLCA patients and predict their prognosis, providing favorable conditions for personalized
treatment options for mRNA vaccines.

Identi�cation of immune gene co-expression modules of
BLCA
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Immune gene co-expression modules were identi�ed by clustering the samples by WGCNA.Using the
default parameters of the "WGCNA" R package with a soft threshold of 4 for scale-free network. The
representation matrix was then converted to an adjacency and then to a topological matrix. We �nally got
5 modules, of which the gray modules are not grouped together with other modules (Figure S7 and
Fig. 6A). The survival analysis was also identi�ed (Fig. 6B). It is found that the Turquoise module had
signi�cant prognostic e�cacy, with differently expressed pathways such as cytokine pathway, natural
killer meditated cytotoxicity pathway as well as antigen progressing and presentation pathway (Fig. 6C-
D) .

Identi�cation of differential expression genes (DEGs)
between immune subtypes
To explore our immunotyping more deeply, we intersected the differentially expressed genes between
distinct three clusters (p < 0.05) (Figure S7 D and SupplementaryTable3), and showed it in the heat map
(Figure S7E).

Then, by intersecting the differential expression genes between subtypes (4505), potential antigen
candidate genes (764) and prognostic module hub genes (518), we have �nally de�ned 10 genes as key
tumor antigen markers (Fig. 7A). We performed a univariate cox regression analysis on all key tumor
antigen markers and screened 3 genes with P < 0.05 (Fig. 6B-C). Through LASSO regression analysis, we
built a risk model (Fig. 2D). We found the expression of MMP9 and INHBA in the low-risk group was
signi�cantly lower than that in the high-risk group, while ERBB3 was signi�cantly higher in low-risk group,
which also con�rmed their risk and provides a direction for clinical research (Fig. 2E). In addition, we also
found that MMP9 is also a potential prognostic-related antigen, which is consistent with our previous
study. It can be found that the risk scores are signi�cantly different between subtypes, and the proportion
of high-risk samples in Cluster 2 is relatively high, while the proportion of low-risk samples in Cluster 3 is
relatively high (Fig. 2F). Taken together, we believed that ERBB3, MMP9 and INHBA were potential BLCA
antigens biomarkers for mRNA vaccine development.

Discussion
Nowadays, immunotherapy plays an important role in treatment of BLCA. Immune checkpoint inhibitors
(ICIs) were approved by FDA- as a second-line systemic therapy for patients with metastatic and locally
advanced bladder cancer, and as a �rst-line therapy for cisplatin-ineligible patients. The enthusiasm for
checkpoint inhibition has consequently carried over into treatment for NMIBC, where there is a signi�cant
unmet need for e�cacious second-line treatment options for patients who have failed BCG(27). In
parallel to the developments of systemic immunotherapy and intravesical agents, there have been several
noteworthy advancements in vaccine-based immunotherapy. Most tumor antigens exhibit
immunogenicity that is too weak to elicit an effective antitumor immune response. The immune response
to tumor antigens leads to the reduction or loss of tumor surface antigens, so that tumor cells are not
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recognized by the immune system and escape immune attack (antigen modulation) (28). Tumor antigens
may be coated with substances, such as salivary mucopolysaccharides, that are not recognized by the
host’s lymphocytes and thus cannot induce tumor cell killing effect. Therefore, when endogenous tumor
antigens fail to elicit an effective immune response, it is necessary to reactivate and modulate the
immune response through exogenous vaccines(29) .

Therapeutic cancer vaccines eliminate tumors by activation of acquired cellular immunity against
speci�c tumor-associated antigens and come in various forms(30). Recent years, a cancer vaccine
named PANVAC-VF that utilizes recombinant vaccinia and fowlpox viruses engineered to contain genes
for human carcinoembryonic antigen and mucin 1 (both known to be overexpressed in urothelial
carcinoma) (31) as well as an agent, which is called HS-410 (Vesigenurtacel-L), designed by Heat
Biologics to serve as an intradermal vaccine to enhance the effects of BCG(32). However, the
development of mRNA vaccines for bladder cancer is still in a blank state, and there is still a lot of
research value.

In this study, we focused on �nding neoantigens unique to BLCA that contribute to creating the
personalized mRNA-based vaccine. The differentially expressed and mutational pro�le of BLCA was
constructed, and 6 targetable antigens (PTPN6, OAS1, PLA2G2F, ETV7, CHMP4C and SPA4G) were further
con�rmed. Their overexpressions were associated with poor OS as well as connection with APCs and B
cell in�ltration. The �ndings revealed that these candidates have an outsize impact on the progression
and prognosis of BLCA. Although these antigens need more indepth clinical evaluation, their potential for
BLCA-related mRNA development has been consolidated by previous studies. For instance, PTPN6 was
proved to be overexpressed in BLCA tissues compared with normal bladder tissues and signi�cantly
correlated with grade, stage, T, and N, while survival analysis showed that low expression of PTPN6 was
signi�cantly related to the poor overall survival (OS) in BLCA patients(33). OAS1 had been shown in many
previous studies to be a class of classical immune-related genes(IRGs) and has been used as an adjunct
to predict bladder cancer prognosis(34–36). ETV7 was identi�ed as the key differentially expressed
transcription factors DE-TFs  due to its association with the autophagy activation pathway and various
immune cells in bladder cancer(37, 38) as well as its functional role in breast cancer(39), gastric
cancer(40), ovarian cancer (41) et al. Although the study of PLA2G2F in bladder cancer is still relatively
lacking, previous studies have demonstrated that PLA2G2F, as a functional monocyte expressed in the
suprabasal epidermis, secretes phospholipase A2, can regulate skin homeostasis and hyperplasic
disorders(42), and Role in human colorectal adenocarcinomas(43). Similarly, CHMP4C has not been well
studied in bladder cancer, but has demonstrated its role in other tumors(44–47). Of course, we must
admit that further research is essential, and the function of these identi�ed vaccine antigens must be
veri�ed before actual clinical development and application.

To screen suitable populations for optimal mRNA vaccination, we subdivided BLCA patients into three
immune subtypes based on immune gene expression pro�les. We observed distinct molecular, cellular
and clinical features in the three immune subtypes Cluster 1–3. Patients in Cluster 1 had the poorest
prognosis among all the three subtypes of BLCA. In addition, malignant phenotypes such as higher
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histological grade as well as worse TNM stage were con�rmed in patients with subtype Cluster 1
compared with the other subtypes, this suggests the immunotyping can be used for predicting the
prognoses of PAAD patients.

In addition to prognostic prediction, immunotyping is also indicative of the therapeutic response to mRNA
vaccine. High tumor mutation burden has been usually proposed as a predictive biomarker for response
to immune checkpoint inhibitors (ICIs), largely due to the potential for tumor mutations to generate
immunogenic neoantigens (48, 49), and in our study, subtype Cluster 1 has the highest levels of TMB
indicating Cluster 1 was the suitable candidates for mRNA vaccine against BLCA. And this conclusion is
also consistent with the conclusion of ICPs and ICD.

mRNA vaccine could be more effective in patients with upregulation of ICD modulators, while patients
with higher ICP expressions were not suitable for mRNA vaccine (50). In our study, Both Cluster 1 and
Cluster 3 had lower levels of ICPs, while Cluster 2 had higher expression of ICPs, and higher ICPs usually
suggests an immunosuppressive tumor microenvironment, which may inhibit the mRNA vaccine from
eliciting an effective immune response. Therefore, considering the performance of ICPs and ICDs, we
believe that Cluster1 is a more suitable mRNA vaccine candidate.

Biomarkers of immune subtypes are the hub of linkage mechanism research, population screening, and
typing speci�city. Our WGCNA revealed key module closely associated with each immune subtype and
were of great signi�cance to explore the potential biological mechanism of subtypes. KEGG and GO
analysis showed that the Turquoise modules had apparent differences in biology and involved pathways,
which further suggested that the classi�cation based on this study was of a high degree of
discrimination.

Conclusion
In summary, our study identi�ed PTPN6, OAS1, PLA2G2F, ETV7, CHMP4C and SPA4G as potential
effective neoantigens for BLCA mRNA vaccine development, and patients with Cluster 1 and Cluster 3
tumor might bene�t more from mRNA vaccination. Also ERBB3, MMP9 and INHBA were potential BLCA
antigens for mRNA vaccine development. Our study paved a way for future mRNA vaccine development
and de�ne the suitable population for vaccination.
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Figures

Figure 1

Identi�cation of potential antigens of BLCA. A) Chromosomal distribution of up- and down-regulated
genes in BLCA; B) Waterfall diagram of the top 30 mutant genes; C) Distribution of mutation frequency;
D) Distribution of mutation number; E) Distribution of mutation number of the top 10 genes; F)
Distribution of mutation frequency of the top 10 genes.
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Figure 2

Identi�cation of tumor antigens associated with BLCA prognosis and antigen presenting cells. A)
Overlapped genes identi�ed through intersection; B) GO enrichment analysis of 764 genes after
intersection of overexpressed and mutated genes; C) Univariate Cox regression analysis of the top 20
potential antigens for OS; D) Kaplan-Meier curves of the association of PTPN6, OAS1, PLA2G2F, ETV7,
CHMP4C and SPA4G with OS ;
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Figure 3

Immune subtypes identi�cation. A) Sample clustering heatmap; B) Cumulative distribution function
curve; C) delta area of immune-related genes in TCGA cohort ; D) principal component analysis of three
immune subtypes; E) Immune related gene heatmap of immune subtypes; F) Kaplan-Meier curves of the
association of immune subtypes with overall survival of TCGA cohort; G Kaplan-Meier curves of the
association of immune subtypes with overall survival of GSE13507 cohort
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Figure 4

The association of immune subtypes with mutational status. A) Distribution of TMB scores in subtypes;
B) The number of genes in subtypes respectively; C) Waterfall diagram in cluster1; D) Waterfall diagram
in cluster2; E) Waterfall diagram in cluster3; F) G-score distribution in subtypes G) Distribution of copy
numbers in cluster1 on chromosomes; H) distribution of copy numbers in cluster2 on chromosomes; I)
distribution of copy numbers in cluster3 on chromosomes
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Figure 5

The association of immune subtypes with mutational status. A) Distribution of TMB scores in subtypes;
B) The number of genes in subtypes respectively; C) Waterfall diagram in cluster1; D) Waterfall diagram
in cluster2; E) Waterfall diagram in cluster3; F) G-score distribution in subtypes G) Distribution of copy
numbers in cluster1 on chromosomes; H) distribution of copy numbers in cluster2 on chromosomes; I)
distribution of copy numbers in cluster3 on chromosomes
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Figure 6

Immune landscape of BLCA. A) Immune landscape in BLCA, Each dot represents one patient, and the
immune subtype is color coded. The horizontal axis represents the �rst principal component, and the
vertical axis represents the second principal component; B) The heatmap of the correlation of immune
cells between the two principal components; C) The immune landscape of subgroup of BLCA immune
subtype; D) Immune pro�les of samples from 2 extreme locations; E) Prognosis of 2 extreme locations; F)
and G) differentially enriched fractions of immune cells in the aforementioned subsets
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Figure 7

WGCNA of BLCA; A) Gene numbers of each module in WGCNA module; B) Differential distribution of
feature vectors of each module in BLCA subtypes; C) Forest maps of single factor survival analysis of 4
modules of BLCA; D) Dot plot showing top 10 KEGG terms in the turquoise module.
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Figure 8

Identi�cation of potential antigen biomarkers for mRNA vaccine development; A) Key tumor antigen
markers obtained from the intersection of differential genes between subtypes (4505) and potential
antigen candidate genes (764) and module hub genes (518). B-C) Univariate Cox regression analysis of
tumor antigen marker; D) Risk model was constructed based on key tumor antigen marker; E) Survival
score related survival curve and gene expression heat map; F) Sample distribution of high and low score
among subtypes.
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