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Abstract

Background
The multi-omics integrated analysis can help researchers understand the biological behavior of bladder
cancer(BCa) in a more systematic and comprehensive manner, and further provide new clues for �nding
valuable tumor markers and therapeutic targets.

Methods
In this study, we applied the DNA methylation data to construct a prognosis classi�er and strati�ed the
BCa patients into high- and low-risk subtype. The differences of transcriptome, single nucleotide variants
and copy number variations between two subgroups were explored for �nding the changes of molecular
mechanism.

Results
With 18 pairs DNA methylation samples, ten differentially methylated positions(DMPs) were identi�ed
and applied to evaluate the risk score of each sample. Kaplan-Meier survival analysis displayed that BCa
patients with high risk had a poor prognosis than the lower(p<0.0001). In transcriptome analysis, many
immune related pathways and biological process changed between high- and low-risk patients. The
results also displayed that naive B cells, plasma cells, CD8+ T cells and T cell regulatory(Tregs) in�ltrated
less in high-risk patients and these patients were less sensitive to immunotherapy and chemotherapy. As
for single nucleotide variants, we found that TP53, CDKN1A, STAG2 and other genes were more
frequently mutated in high-risk BCa patients. Only copy number variation in high-risk patients were
displayed for the limitation of TCGA data.

Conclusions
The high- and low-risk patients identi�ed by DNA methylation data of bladder cancer were signi�cant
different in survival. The comprehensive comparison of multi-omics data between subgroups can help
clinicians �nd the heterogeneity of tumor biological behavior and contribute to precision treatment in
bladder cancer.

Introduction
Bladder cancer(BCa) which is a super�cial, easy to relapse and high mortality malignant tumor derives
from bladder mucosa(1). The incidence of bladder cancer ranks No.2 in genitourinary tumors(2).
According to Global Cancer Statistics 2020, new BCa patients accounted for 3%(573,278 cases) of all
malignant tumors, and 212,536 patients died of bladder cancer in 2020(3). In clinical, BCa is divided into
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non-muscular invasive bladder cancer(NMIBC) and muscular invasive bladder cancer(MIBC)(4). Although
comprehensive therapy was applied for the treatment of NMIBC, 10-30% patients would progress to MIBC
in �ve years, which is more malignant(5). Therefore, it is very urgent to explore the molecular mechanism
of bladder cancer.

In the past, the bioinformation analysis of bladder cancer limited to single omics, and it can’t re�ect the
molecular characteristics completely(6). Multi-omics integrated analysis can help researchers greater
understand the features of disease, from the original reasons to the functional consequences and therapy
options(7, 8). It is reported that the methylation level of the whole genome of tumor cells is closely related
to disease progression and malignancy(9). Chen X et al. has successfully developed the urine DNA
methylation examination method which is applied for early diagnosis and recurrence monitor of bladder
cancer(10). Previous studies also indicated that immune cell in�ltration in tumors was depended on
tumor cell-intrinsic factors and involved in the response to immunotherapy(11, 12). In addition, the single
nucleotide variants(SNVs) and copy number variations(CNVs) in genome level were also crucial for the
occurrence of malignant cancers(13). For example, the single nucleotide variants which re�ected the
variation of tumor genome drive tumor occurrence and impact the prognosis and therapeutic effect(14).
Compared with any other type of somatic genetic changes, copy number variation has a greater impact
on the cancer genome(15).

Finally, we selected the DNA methylation data to evaluate the risk score of BCa patients, strati�ed the
patients into two subtypes and explored the differences of transcriptome, single nucleotide variants and
copy number variations between two subgroups.

Methods
Data selection and pre-processing

For this study, DNA methylation data(including 415 BCa samples and 21 corresponding normal adjacent
samples) and 408 corresponding clinical information were downloaded from The Cancer Genome Atlas
(TCGA) GDC data portal. RNA-sequencing counts, simple nucleotide variants(SNV) and copy number
variation(CNV) of BCa patients were also retrieved from the TCGA GDC data portal. The DNA methylated
samples missing data over 80% and the methylated positions missing data over 50% were excluded.
After removing outlier samples, 18 pairs BCa methylation data were selected for further differential
analysis. For methylated BCa data, only 345 BCa methylated samples were retained after removing
repeated samples and normalized samples containing NA.

Establishment of risk assessment model and survival analysis

The R package “CHAMP”(16) was applied to normalize the DNA methylated data and perform the
difference analysis. Univariate and multivariate cox regression analysis were applied to �lter differentially
methylated positions closely related to the survival of BCa patients. The risk score was generated by
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“predict” function in R. The Kaplan-Meier survival analysis was used to estimate the survival difference
between high and low risk groups.

Transcriptome data analysis

After �ltering, 341 patients(169 high risk and 172 low risk) were extracted from the TCGA database for
transcriptome data. The KEGG and GO Enrichment Analysis were performed by R package
“clusterPro�ler”. The CIBERSORT algorithm was a deconvolution algorithm based on gene expression
and was used to quantify the relative scores of 22 tumor in�ltrating immune cells. CIBERSORT P value
was derived for the deconvolution of each sample using Monte Carlo sampling and samples with P<0.05
were selected for further analysis. In order to calculate the correlation between gene expression and DNA
methylation positions, we mapped the average beta value of the probe to the promoter region and gene
body, including TSS200 (region from –200 bp upstream to the transcription start site (TSS) itself),
1stExon (the �rst exon), TSS1500 (from –200 to –1500 bp upstream of TSS) and 5'UTR. The subclass
mapping and Tumor Immune Dysfunction and Exclusion (TIDE) algorithm were applied to evaluate the
effect of immune checkpoint inhibitors. The Genomics of Drug Sensitivity in Cancer(GDSC) and R
package “pRRophetic” were used to evaluate the chemotherapeutic response BCa patients. According to
the PRISM Repurposing dataset and the Cancer Therapeutics Response Portal(CTRP2.0) drug sensitivity
AUC value data and the expression pro�le data in Broad Institute-Cancer Cell Line Encyclopedia(CCLE)
project, the potential therapeutic drugs were predicted for TCGA subgroups.

Single Nucleotide Variants and Copy Number Variation

The R package “maftools”(17) was used to describe the single nucleotide variant pro�les of the BCa
patients. In addition, we calculated the tumor mutation burden(TMB) of each sample through dividing the
total number of variations by total exon length. The copy number variation of the BCa patients was
visualized by “RCircos” R package(18).

Results
Identi�cation DMPs and Construction DNA Methylation Prognosis Classi�er

In TCGA BCa data, there are 21 pairs DNA methylated samples(21 BCa samples and 21 corresponding
normal adjacent samples) in total. After removing the outlier samples, 18 pairs DNA methylation samples
were selected for further analysis(Figure 2A). Firstly, we applied the R package “CHAMP” to normalize the
DNA methylated data and perform the differential analysis. With the criteria of deltaBeta>0.45 and
p<0.001, 2285 differentially methylated positions(DMP) were identi�ed(Figure 2B, Supplementary Table
S1). Among 415 BCa DNA methylated samples, 4 duplicated, 5 low-quality and 61 NA-containing
samples were discarded(Figure 1). Therefore, 345 DNA methylated samples were retained for
downstream analysis. The univariate Cox proportional hazard regression model was applied to analyze
2285 differentially methylated positions. As a result, 50 DMPs(p<0.05) were taken into multivariate Cox
regression analysis(Supplementary Table S2). Finally, 10 DMPs were applied to construct the DNA
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methylation prognosis classi�er (Supplementary Table S3). Kaplan-Meier survival analysis displayed that
BCa patients with high risk had a poor prognosis(p<0.0001, Figure 2C).

KEGG Pathway and GO Term Function Enrichment Analysis

In 345 BCa samples, 341 corresponding RNA sequencing data(169 high risk and 172 low risk) were
retrieved from the TCGA database. The differential KEGG pathways between high and low risk groups
were neuroactive ligand receptor interaction, chemical carcinogenesis receptor activation, melanoma,
thyroid hormone synthesis, primary immunode�ciency, complement and coagulation cascades,
tryptophan metabolism and carbohydrate digestion and absorption(Figure 3A). The top three differential
cellular components(CC) were external side of plasma membrane, blood microparticle and lamellar
body(Figure 3B). Humoral immune response, antimicrobial humoral response and negative regulation of
response to wounding were the top three differential biological process(Figure 3C). The differential
molecular functions(MF) between groups were shown in Figure 3D.

Evaluation of Tumor-in�ltrating Immune Cells

In order to understand the immune microenvironment of BCa tissues, we evaluated 22 tumor in�ltrating
immune cells of 341 tumor samples by CIBERSORT. With the CIBERSORT P<0.05, the proportion of 22
tumor in�ltrating immune cells of 173 patients(88 high risk and 85 low risk) were displayed in Figure 4A.
In order to further determine the differences between different groups, we compared 22 tumor in�ltrating
immune cells between high-risk and low-risk patients(Figure 4B). The results showed that naive B cells,
plasma cells, CD8+ T cells and T cell regulatory(Tregs) in�ltrated more in low-risk patients.

The Correlation Between DNA Methylation Positions and Host Gene Expression

For the purpose of identifying the correlation between DNA methylation position and host gene
expression, we calculated the Pearson correlation coe�cient of ten DNA methylation positions and
corresponding host gene expression. The results showed that the methylation of cg06551997 and
cg07568841 negatively correlated with the expression of SLFN12L and ZNRF2, respectively(Figure 5A,
5B). On the contrary, the expression of COL23A1, NR2E1 and TFAP2B were positively correlated with the
methylation level of cg08560734, cg06433023 and cg22282405(Figure 5C, 5C, 5D), separately.

Differences in Sensitivity to Immune/Chemotherapy Between High- and Low-risk BCa

Previous studies have con�rmed that CTLA-4, PD-1 and PD-L1 inhibitors show signi�cant anti-tumor
responses in the treatment of advanced bladder cancer(19). To identify the sensitivity difference to
immune checkpoint inhibitors between high and low risk BCa patients, the TIDE algorithm was applied to
evaluate the response of 341 patients to immunotherapy. The results showed that low-risk patients
(37.21%, 64/ 172) may be more likely to respond to immunotherapy than high-risk patients (23.08%,
39/169) (P = 0.004753, Figure 6A). Besides, subclass mapping was also applied to evaluate the
sensitivity of two BCa subtypes to immunotherapy(CTLA-4 and PD-1). As shown in Figure 6B, PD-1
inhibitors may be more effective for low-risk subtype.
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As the important method for BCa therapy, chemotherapy plays a key role in improving the prognosis of
patients with BCa. Therefore, we applied the cell line data in GDSC and the transcriptome data in TCGA to
predict the IC50 of each sample through ridge regression model. The results indicated that low risk
patients with BCa were more sensitive to many chemotherapeutic drugs including methotrexate(Figure 7).

For the precision treatment of BCa, we applied CTRP and PRISM- derived drug response data to identify
drug candidates with higher drug sensitivity in patients with high or low risk scores. Firstly, we performed
differential drug response analysis between the groups with high-risk scores (top decile) and low risk
scores (bottom decile) to identify compounds in the high risk group with lower estimated AUC values or
compounds in the low risk group with lower estimated AUC values(log2FC>0.10). And then, potential
compounds were selected by evaluating the spearman correlation coe�cient between the AUC value and
the risk score (Spearman’s r <−0.2 or >0.2 for CTRP and PRISM). The results displayed that high-risk
patients were more sensitive to poziotinib. However, mitoxantrone and PI−103 may be more effective for
patients with low risk scores(Supplementary Figure 1).

Differences in Single Nucleotide Variants and Copy Number Variation Between High- and Low-risk
Bladder Cancer

The mutation is involved in the occurrence and progression of tumors, and affect the prognosis of
patients. To explore the SNV, we separately described the single nucleotide variant pro�les of the high-
and low-risk patients(Figure 8). As shown in Figure 9A, the top ten mutation genes were TP53(15%),
TTN(14%), KDM6A(10%), KMT2D(9%), MUC16(9%), PIK3CA(9%), ARID1A(7%), RB1(7%), MACF1(6%) and
CDKN1A(5%) in high risk patients. In low risk patients(Figure 9B), the top ten mutation genes were
TTN(15%), TP53(11%), KMT2D(10%), MUC16(9%), SYNE1(9%), FGFR3(8%), RB1(7%), KDM6A(7%),
FAT4(6%) and ARID1A(5%). In addition, we found there was no statistical difference in TMB between
high-risk and low-risk BCa(Supplementary Figure 2). As for the copy number variation, variation occurs on
most chromosomes except for chromosomes 10, 15 and Y in high-risk BCa patients(Figure 10).

Discussion
In recent years, high-throughput sequencing technology and bioinformatics have developed rapidly, and
clinicians have gradually realized that many diseases were di�cult to describe in a single theoretical
model(20). Therefore, researchers have tried to apply multi-omics integrated analysis to reveal the
biological processes and molecular mechanisms of diseases, thereby con�rming the drug target of the
disease and providing a basis for individualized treatment and medication guidance(21, 22). The TCGA
database collected the genome, epigenome and transcriptome information from over 30 cancer
types(23), which provides the possibility for researchers to conduct multi-omics integrated analysis of
tumors. In this study, we applied the DNA methylation data of bladder cancer for risk strati�cation and
compared the differences of transcriptome, single nucleotide variants and copy number variation
between high- and low- risk patients. Through multi-omics comparison, we aim to reveal molecular
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differences between high- and low-risk patients and make a contribution to the drug development and
precise treatment.

As we all know, DNA methylation is an extensively studied epigenetic modi�cation, which changes the
activity of DNA fragments without changing the sequence by adding methyl to DNA molecules(24). In
general, DNA methylation is regulated by methylases and demethylases and the main function is to
regulate gene expression(25). Speci�cally. the higher the methylation level of CpG islands in the promoter
region of the gene, the expression level of the corresponding gene is relatively lower. In recent years, a
large number of studies have shown that abnormal DNA methylation is closely related to the occurrence
and progression of tumors(26). In malignant tumors, the DNA methylation changes mainly manifest that
the methylation of tumor suppressor genes and DNA repair genes cause tumor suppressor gene silencing
and repair genes inactivation, so that the inhibitory effect on tumors is lost and gene damage increases;
while the methylation of overall genome decrease activates the proto-oncogene and the retrotransposon
and decreases the chromosome stability(27). Therefore, we selected the DNA methylation data to
construct the prognosis classi�er and strati�ed the patients with risk score.

According to the 18 pairs DNA methylation data and corresponding clinical information, we identi�ed ten
DMPs closely related to the survival of BCa patients and constructed the DNA methylation prognosis
classi�er. The result of the Kaplan-Meier survival analysis displayed high-risk patients had a poor
prognosis than the lower. In transcriptome analysis, many immune related pathways and biological
process and tumor in�ltrating immune cells changed between high- and low-risk patients. Therefore, we
speculate that the immune-related changes may be part of the reason for the poor prognosis of high-risk
patients. For example, previous studies have demonstrated that the changes of tryptophan metabolism
can promote the mobility of cancer cells and weaken the anti-tumor response of the immune system(28–
30). Researchers have also proved that B cells can activate the T cells and produce antibodies which
inhibit the tumors(31–33). In this study, we also found there were fewer tumor-in�ltrating naive B cells,
plasma cells, CD8+ T cells and regulatory T cells(Tregs) in high-risk patients when compared with the
lower. Previous studies have demonstrated that these immune cells were involved in the composition of
tumor microenvironment and regulated the progression of the tumors. For instance, B cells were
associated with survival and involved in the immunotherapy response of melanoma(34), renal cell
carcinoma(35) and sarcoma(36). The CD8+ T cells were critical executor in the anti-tumor effects of
immune cells(37). However, the differentiation and function of CD8+ T cells in�ltrated in tumors were
often disturbed(38, 39). Immune checkpoint inhibitor, such as programmed death receptor 1(PD-1) which
can block the co-inhibitory receptors on the surface of depleted CD8+ T cells, can reactivate the cytolysis
of T cells and exert anti-tumor effects(40). The cytotoxic T lymphocyte-associated antigen-4(CTLA-4)
inhibitor can selectively eliminate regulatory T cells in the tumor microenvironment to inhibit tumor
progression(41). At the same time, the predictive results of immunotherapy also demonstrated that low-
risk patients were more sensitive to immune checkpoint inhibitors.

The somatic mutation and copy number variation were important sources of the genomic variation(42,
43). Comparison of tumor genome variations in different subgroups can reveal tumor heterogeneity and
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provide direction for precise tumor treatment. In this study, we found that TP53, MACF1, CDKN1A, EP300,
STAG2, FAT3, MKI67 and ANK3 were more frequently mutated in high-risk BCa patients. The mutated
TP53 can promote tumorigenesis because it cannot prevent cell division with DNA damage and
chromosomal aberrations(44). The CDKN1A gene, which is involved in the regulation of the cell cycle, is
regulated by p53 in response to various stress stimuli and exists mutations in bladder cancer(45). As for
the CNV, we only explored the copy number variation in high-risk bladder cancer for the limitation of TCGA
data.

The purpose of this research is to stratify the BCa patients and reveal the molecular features of each
subtype through multi-omics integrated analysis. However, this research still exists some shortcomings.
Firstly, only DNA methylation, RNA sequencing, SNVs and CNVs data of BCa patients were analyzed in
this study. The TCGA database does not include the proteome, metabolome and microbiome data.
Secondly, the copy number variation was only analyzed in high-risk patients for the limitation of TCGA
data. Finally, no external veri�cation was performed in this study. In the future, we hope to incorporate
more comprehensive omics data for joint analysis and perform external validation.

Conclusion
We applied the DNA methylation data of bladder cancer to construct a prognosis classi�er and divided
patients into high- and low-risk subtypes. The transcriptome data analysis revealed the differences of
pathways, GO functions, tumor-in�ltrating immune cells between two subtypes. The analysis of drug
sensitivity demonstrated that high-risk patients were resistance to immunotherapy/chemotherapy. The
TP53 and CDKN1A mutation were more frequently in high-risk patients.
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Figure 1

Flow diagram indicating the identi�cation of DMPs and construction DNA methylation prognosis
classi�er.
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Figure 2

Identi�cation DMPs and Kaplan-Meier survival based on the classi�er. (A) heatmap showing DNA
methylation in 18 pairs adjacent-normal and BCa tissues. (B) heatmap showing 2285 differentially
methylated positions between 18 pairs adjacent-normal and tumor tissues. (C) Kaplan-Meier survival
analysis based on the prognostic classi�er.

Figure 3

KEGG pathway and GO term enrichment analysis. (A) KEGG pathways. (B) cellular components(CC). (C)
biological process(BP). (D) molecular functions(BP).
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Figure 4

The 22 tumor-in�ltrating immune cells in bladder cancer. (A) the proportions of 22 tumor-in�ltrating
immune cells in 173 samples. (B) the difference of 22 tumor-in�ltrating immune cells between high- and
low-risk patients.
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Figure 5

The correlation between DNA methylation position and host gene expression. (A) cg06551997 and
SLFN12L; (B) cg07568841 and ZNRF2; (C) cg08560734 and COL23A1; (D) cg06433023 and NR2E1; (E)
cg22282405 and TFAP2B.
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Figure 6

The immunotherapeutic sensitivity in high- and low-risk patients. (A) immunotherapeutic response
predicted by TIDE algorithm; (B) immunotherapeutic response predicted by subclass mapping in
GenePattern.
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Figure 7

The differences of chemotherapeutic sensitivity between high- and low-risk patients.
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Figure 8

The single nucleotide variants in bladder cancer. (A) the single nucleotide variants in high-risk patients;
(b) the single nucleotide variants in low-risk patients.
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Figure 9

The waterfall charts of single nucleotide variants in bladder cancer. (A) the waterfall chart in high-risk
patients; (b) the waterfall chart in low-risk patients.
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Figure 10

The copy number variations in high-risk patients.
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