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Bladder cancer is a highly complex and heterogeneous malignancy. Tumor heterogeneity
is a barrier to effective diagnosis and treatment of bladder cancer. Human carcinogenesis
is closely related to abnormal gene expression, and DNA methylation is an important
regulatory factor of gene expression. Therefore, it is of great significance for bladder
cancer research to characterize tumor heterogeneity by integrating genetic and epigenetic
characteristics. This study explored specific molecular subtypes based on DNA
methylation status and identified subtype-specific characteristics using patient samples
from the TCGA database with DNA methylation and gene expression were measured
simultaneously. The results were validated using an independent cohort from GEO
database. Four DNA methylation molecular subtypes of bladder cancer were obtained
with different prognostic states. In addition, subtype-specific DNA methylation markers
were identified using an information entropy-based algorithm to represent the unique
molecular characteristics of the subtype and verified in the test set. The results of this
study can provide an important reference for clinicians to make treatment decisions.

Keywords: bladder cancer, DNA methylation, molecular subtypes, subtype specific biomarkers,
heterogeneity analysis
INTRODUCTION

In recent years, cancer has become an important killer of human health, and seriously threatens
people’s life and health. It is generally believed that cancer is caused by the accumulation of
mutations in cancer susceptibility genes and resulting abnormal cell growth, but a large number of
recent studies have shown that in addition to genetic variation, abnormal DNA methylation also
plays an important role in the occurrence and development of cancer (1). DNA methylation is the
most extensively documented epigenetic modification that can influence cell fate and gene
expression (2, 3), which finally leads to the inhibition of gene expression through formation of
heterochromatin in the gene regulatory region (4).

There are many studies have demonstrated the importance of DNA methylation (5–9).
Numerous studies have shown that global hypomethylation of DNA and hypermethylation of
cytosine-phosphate-guanine (CpG)-enriched regions are common in cancers (10–13). Methylation
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of promoters inhibits gene transcription, and abnormal
methylation is one of the main causes of genomic instability,
oncogene activation and tumor suppressor gene suppression. For
example, abnormal methylation in colorectal tumors is
characterized by hypermethylation in promoters and
transcriptional silencing of tumor suppressors or DNA repair
genes (14–17), coexisting with global methylation loss that leads
to chromosomal and microsatellite instability and oncogene
activation (18). Both promoter hypermethylation and global
hypomethylation are markers of the early stage of colorectal
cancer (19–22). Therefore, abnormal methylation may
contribute greatly to the pathogenesis and progression of
cancer. In addition, there are many studies of disease based on
computational methods (23–25).

Bladder cancer is one of the most common malignant tumors
in urology, and its incidence is increasing year by year. About
70% of newly discovered bladder cancer is non-invasive bladder
cancer, but nearly 70% of patients relapse after surgical resection
of the primary tumor, and 30% of them progress to invasive
bladder cancer. Invasive bladder cancer has a poor prognosis and
is the main cause of eventual metastasis and death of bladder
cancer patients (26). Bladder cancer can be divided into two
categories according to the invasion degree of tumor and
whether it invades muscle layer. Nearly 70% of these cancers
are non-muscle invasive bladder cancer (NMIBC). The main
treatment methods for NMIBC are transurethral resection of the
bladder tumor and local perfusion therapy of bladder (TURBT).
TURBT is a minimally invasive surgery with little trauma and
fast recovery. Patients have a relatively good prognosis (27).
About 20% ~ 30% are muscle-infiltrating bladder cancer, which
is prone to recurrence and distant metastasis after operation due
to its high degree of malignancy and complicated treatment.
Therefore, early identification of cancer types in patients with
bladder cancer is of great significance for cancer treatment.

A large number of studies have focused on abnormalities in
DNA methylation and its important role in the occurrence and
development of bladder cancer. Kawakami et al. reported for the
first time that MSH3 epigenetic regulation by means of DNA
methylation might contribute to gene silencing, being implicated
in bladder cancer carcinogenesis (28). In addition, there are
many researchers aimed of the prognosis of bladder cancer at the
level of DNA methylation. Recently, with BLCA sample
transcriptome data and methylation data from The Cancer
Genome Atlas (TCGA), 18 target genes were identified and the
signature based on them was considered an effective and
independent prognostic factor (29). However, the existence of
tumor heterogeneity leads to the inconsistency of tumor
phenotype, and the efficacy and prognosis of different patients
are also significantly different. These differences not only pose
great challenges to the clinical treatment of bladder cancer, but
also reflect the importance of precision medicine. Genetic
variation is the core of tumor heterogeneity. There is a wide
range of genetic diversity in tumors, and genomic instability
leads to a large number of mutations, which is the main cause of
genetic heterogeneity in tumors (30). But epigenetic changes,
including DNA methylation, also play an important role in
Frontiers in Oncology | www.frontiersin.org 2
cancer development and perhaps in the molecular
heterogeneity of cancer. A previous study showed that BRCA1
promoter methylation was correlated with clinical breast cancer
stages (31). Thus, DNA methylation status may be used as a
marker for cancer molecular subtyping.

In fact, a large number of studies have been devoted to the
analysis of molecular subtypes and DNA methylation
heterogeneity of bladder cancer. Attempts have been made to
unravel the complexity and refine these molecular subtypes
based on biomarkers and pathways, mutations and copy
number aberrations, or protein abundance (32). Lindskrog
et al. performed an integrative multi-omics analysis of patients
diagnosed with NMIBC and identified four classes reflecting
tumor biology and disease aggressiveness (33). A comprehensive
analysis of 412 muscle-invasive bladder cancers characterized by
multiple TCGA analytical platforms, clustering by mRNA,
lncRNA, and miRNA expression converged to identify subsets
with differential epithelial-mesenchymal transition status,
carcinoma-in-situ scores, histologic features, and survival (34).
Recently, Ye et al. used DNA methylation to predict tumor
molecular subtypes and efficacy of immunotherapy in bladder
cancer (35). One previous study used DNAmethylation profiling
of bladder cancer samples obtained from the Illumina
GoldenGate Methylation Bead Array and unsupervised
clustering of those loci with the greatest change in methylation
between tumor and non-diseased tissue was performed to
defined molecular subgroups of bladder cancer (36). However,
most of these analyses did not integrate DNA methylation and
gene expression into a detailed classification of bladder cancer at
the molecular level, nor did they provide specific biomarkers for
individual molecular subtypes.

In this study, we addressed bladder tumor classification based
on DNAmethylation profiles of BLCA from The Cancer Genome
Atlas (TCGA) database. The classification characteristics were
obtained by integrating gene expression and DNA methylation
data, then the molecular subtypes of bladder cancer were
identified based on consistent clustering, and specific prognostic
differences among these subgroups were analyzed. This
classification system may help find new bladder cancer markers
or molecular subtypes and more accurately subdivide bladder
cancer patients. Additionally, our criteria will provide more
targets for bladder cancer precision medicine by finding specific
molecular markers for each subtype. Finally, the new molecular
subtypes and subtype-specific molecular markers identified
in this study were validated in an independent cohort from
GEO database.
MATERIALS AND METHODS

Data Acquisition and Processing
The Illumina Infinium HumanMethylation450 Bead Chip DNA
methylation profile data and RNA-seq data of bladder cancer
patients as well as clinical information and survival data of the
samples were obtained from TCGA database (37), including 408
tumor samples, 14 normal control samples. The expression data
June 2022 | Volume 12 | Article 915542
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were processed as follows: zero-valued entries were replaced by
the minimal positive value of the dataset; the expression values
were logarithmically transformed (base 2) to normalize the data.
The methylation level of each probe was represented by b-value,
which ranges from 0 to 1, corresponding to unmethylated and
fully methylated, respectively. Probes with missing data in more
than 70% of the samples were removed. The remaining probes
with not available (NAs) were imputed using the k-nearest
neighbors (KNN) imputation procedure. Unstable genomic
sites, including CpGs in sex chromosomes and single
nucleotide polymorphisms were removed. Because DNA
methylation in promoter regions strongly influences gene
expression (38), we selected CpGs within promotor regions.
Promoter regions were defined as 2 kb upstream to 0.5 kb
downstream from transcription start sites.

Identification of Differentially Expressed
Genes and Differentially Methylated
CpG Sites
In this study, the differences of gene expression and DNA
methylation were combined to classify patients, so the data sets
were first used to screen differentially expressed genes and
differentially methylated CpG sites between cancer samples
and adjacent control samples of bladder cancer.

Differentially expressed genes were screened by samr R
package. Genes that meet the following two conditions are
identified as differentially expressed genes: foldchange > 2, q <
1. Differential methylated CpG sites were screened by minfi R
package. The CpGs whose adjusted p value were less than 0.05
and the difference of the average b values were more than 20
percent were considered differentially methylated CpGs between
cancer patients and adjacent control tissues. The Differentially
expressed genes and differentially methylated CpG sites were
displayed using heat maps, which were completed using
heatmap.2 function. All processes were programmed using
R software.

Correlation Analysis of Gene Expression
and DNA Methylation
Since hypermethylation in the gene promoter regions usually
inhibits the expression of downstream genes, the methylation
level of the gene promoter regions should be negatively
correlated with the expression level of corresponding gene, that
is, the higher the methylation level, the lower the corresponding
gene expression level. Therefore, Pearson Correlation
Coefficients between the differentially methylated CpG sites
within promoter regions and differentially expressed genes
were calculated, and CpGs whose DNA methylation levels
significant negatively correlated (Pearson Correlation
Coefficient less than 0, p < 0.05) with the corresponding gene
expression levels were selected as classification characteristics,
these CpG sites are the regulators of gene expression. Pearson
Correlation Coefficient is calculated as follows:

r =
1

n − 1o
n
i=1

Xi − �X
dX

� �
Yi � �Y
dY

� �
(1)
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Molecular Subtypes of BLCA Were
Obtained by Consistent Clustering
Consensus clustering was performed using the Concensus
ClusterPlus package (39) to determine subgroups of BLCA
based on the characteristic CpG sites obtained in the previous
step. The algorithm began by subsampling a proportion of items
and features from the data matrix, where each subsample was
partitioned into up to k groups by a user-specified clustering
algorithm such as k-means, hierarchical clustering or a custom
algorithm. This process was repeated for a user-specified number
of repetitions, providing a method of representing the consensus
across multiple runs of the clustering algorithm and assessing the
stability of the discovered clusters. Pairwise consensus values,
defined as ‘the proportion of clustering runs in which two items
are grouped together’, were calculated and stored in a consensus
matrix for each k. Then, for each k, a final agglomerative
hierarchical consensus clustering using distance of 1-consensus
value was completed and pruned to k groups, which were called
consensus clusters. This algorithm determined “consensus”
clusters by measuring the stability of clustering results from
the application of a given clustering method to random subsets of
data. In each iteration, 80% of the tumors were sampled, and
the k-means algorithm, with the Euclidean squared distance
metric, i.e.

d =oN
k=1 x11 − y11ð Þ2+⋯+ x1k − y1kð Þ2 +⋯+ x1N − y1Nð Þ2 (2)

was used with k = 2 to k = 10 groups; these results were compiled
over 100 iterations. After executing ConsensusClusterPlus, the
cluster-consensus and item-consensus results were obtained. The
graphical output results included heatmaps of the consensus
matrices, which displayed the clustering results, consensus
cumulative distribution function (CDF) plot and delta area
plot, which allow us to determine an approximate number of
clusters. The criteria to determine the number of clusters we
considered were that the consistency within the clusters was
relatively high, the coefficient of variation was relatively low and
that there was no appreciable increase in the area under the CDF
curve. The coefficient of variation was calculated according to the
following formula:

CV =
SD
MN

� �
� 100% (3)

in which SD represents the standard deviation, and MN
represents the average of samples.

Differential Prognostic Analysis of
Molecular Subtypes
In order to test the differences except DNA methylation levels
among the bladder cancer subgroups obtained, survival analysis
was performed on the patients in these subgroups. Kaplan–Meier
plots were used to illustrate overall survival among BLCA
subgroups defined by DNA methylation profiles. The log-rank
test was used to evaluate the significance difference among the
clusters, p < 0.05 was considered significant. Survival analyses
were performed using the survival package in R.
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Identification of Subgroup Specific DNA
Methylation Biomarkers in Bladder Cancer
In this analysis, a quantitative approach for quantitative
differentially methylated regions (QDMRs), which quantify
methylation differences and identify DMRs from genome-wide
methylation profiles by adapting Shannon entropy (40), was used
to find the specific DNA methylation CpGs that were specifically
hypermethylated or hypomethylated within particular bladder
tumor subgroup. The quantification of DNA methylation
difference across large numbers of samples and the identification
of sample specificity plays important roles in genomic functional
analyses. DMRs with different methylation statuses amongmultiple
samples were regarded as possible epigenetic functional regions
involved in transcriptional regulation. Thus, the identification of
DMRs among multiple samples provided a more comprehensive
survey for this study. With the rapid development of high-
throughput detection technology, there have been considerable
efforts in identifying DMRs from methylation profiles. However,
the development of DNA methylation measurements proposed
significant challenges for concurrent DMR methods. Shannon
entropy, a quantitative measure of differences and uncertainty in
data sets, has been widely applied in quantitative biology, such as
identifying potential drug targets and tissue-specific genes. To
quantify methylation differences and further identify DMRs
across multiple samples, Zhang et al. adapted the Shannon
entropy model and developed an improved approach, termed
quantitative differentially methylated region (QDMR). QDMR
was an effective tool for quantifying methylation differences and
identifying DMRs across multiple samples. This approach can give
a reasonable quantitative measure of methylation differences across
multiple samples as well. We used the threshold that was
determined by QDMR from the methylation probability model.
Furthermore, QDMR can also measure the sample specificity of
each DMR. For each DMR r, the entropy HQ represents the
methylation difference across all samples. For each sample S, the
entrophy is HQ=S the difference across samples that do not include
sample S. Thus, the contribution of sample S to the whole
methylation difference can be reflected by the entropy difference as:

DHr=S = HQ=S −HQ (4)

And the categorical sample-specificity CSr/s can be defined as:

CSr =S =
DH r=S � sign r=S,DH r=S >  0

0, DH r=S  ≤  0

( )
(5)

where signr,s is the sign of the difference between methylation
level mr/s in sample S and the median methylation level of vector
mr in region r, as described by Zhang et al. (40). Thus, the
subgroup with the maximal absolute of the categorical sample-
specificity CSr/s was determined as the specific subgroup
corresponding to the particular CpG site.

Functional Enrichment Analysis of Genes
Corresponding to Specific CpGs
In this study, using DAVID (41, 42), a database used for
annotation, visualization and integration of discoveries, we
Frontiers in Oncology | www.frontiersin.org 4
conducted a GO (Gene Ontology) biological functions
enrichment analysis and a KEGG (Kyoto Encyclopedia of
Genes and Genomes) pathways enrichment analysis towards
the list of genes corresponding to specific CpGs, with p
controlled within 0.05, which could find out the biological
characteristics involved by our specific CpGs.

Construction and Verification of
Classification Model
In order to verify the accuracy of classification characteristics,
robustness of subtypes and accuracy of subtype-specific CpG
sites of the bladder cancer DNA methylation subtypes classified
in this study, another set of external test data set (GSE52955) was
retrieved from GEO database. The classification features
(characteristics CpG sites) were used as the features of the
model, TCGA data used in this study was used as the training
set to build a SVM classifier model, and the accuracy of the
model was verified by the ten-fold cross-validation method. The
external test set data is then entered into the built model, which is
used to classify the new samples.
RESULTS

Acquisition of Classification Features
To obtain characteristics for molecular subtype classification, we
first identify genes and CpG sites that differ between cancer and
normal samples which are associated with cancer development.
First, samr R package was used to screen differentially expressed
genes as described above. 408 differentially expressed genes were
obtained, and these differentially expressed genes were displayed
by heat map. In the heat map, genes were represented by rows and
patients were represented by columns, the red bars represent
cancer patients, the blue bars represent normal tissue samples
adjacent cancer samples, and the middle area were gene expression
levels (Figure 1A). As can be seen from the heat map, these
differentially expressed genes can clearly separate the bladder
cancer patient samples from the para-cancer control samples.

Next, minfi R package was used to screen differentially
methylated CpG sites. Through the processes mentioned above,
9702 differentially methylated CpGs between bladder cancer
patients and control samples were identified. The differentially
methylated CpGs were also shown in the heat map (Figure 1B).
The heat map displays the methylation levels of differentially
methylated CpGs in cancer samples and adjacent control samples.
The rows represent CpG sites, the columns represent patients,
and the colors represent the levels of DNAmethylation. As can be
seen from the heat map, these differentially methylated CpG sites
can also clearly separate the bladder cancer patient samples from
the para-cancer control samples.

Since the methylation level of gene promoter region was
negatively correlated with the expression level of corresponding
gene, the CpG loci which significant negative correlation with gene
expression were extracted (Pearson Correlation Coefficient less
than 0, p < 0.05). Finally, 986 CpG loci were obtained and analyzed
as the classification features.
June 2022 | Volume 12 | Article 915542
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Different Molecular Subtypes of Bladder
Cancer Were Obtained Based on
Consistent Clustering Algorithm
Next, consensus clustering based on the b values of the 986 CpG
sites obtained was performed to obtain distinct DNA
methylation molecular subtypes of bladder cancer. To
determine the appropriate number of subgroups, the average
cluster consensus and the coefficient of variation among clusters
were calculated for each category number. In this study, the
cluster number selection criteria we considered were relatively
high average consistency within the clusters, relatively low
coefficient of variation, and maximum area change under the
CDF curve. The consensus matrix was naturally a better
visualization tool to help assess the clusters’ composition and
number. We associated a color gradient from 0–1, with white
corresponding to 0 and dark blue corresponding to 1, and
assume the matrix is arranged so that items belonging to the
same cluster are adjacent to each other. In this arrangement, a
matrix corresponding to a perfect consensus will show a color-
Frontiers in Oncology | www.frontiersin.org 5
coded heatmap characterized by blue blocks along the diagonal
on a white background. The color-coded heatmap corresponding
to the consensus matrix obtained by applying consensus
clustering to these cases is shown in Figure 2A, and represents
the consensus for k = 4, which displays a well-defined 4-block
structure. It has the largest area change under CDF curve, the
highest average consistency within the class, and the lowest
consistency coefficient of variation (Figures 2C, D). Therefore,
we determine the appropriate number of categories as 4. So, all
bladder cancer patients were divided into four DNA methylation
molecular subtypes.

Prognostic Analysis of Different
Molecular Subtypes
After consistent clustering was used to identify DNA
methylation subgroups in bladder cancer, we then examined
whether there were differences among the subgroups in addition
to DNA methylation levels. We examined the differences in
prognosis among the four DNA methylation subgroups.
A

B

FIGURE 1 | Heat map of differentially expressed genes and differentially methylated CpGs. (A) Heat map of differentially expressed genes. (B) Heat map of differential
methylated CpG sites.
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Kaplan-Meier survival analysis was performed for these four
subtypes using functions survfit() and survdiff () in R package
“Survival”, and log rank test was used to determine the statistical
significance of survival differences. Results showed significant
prognostic differences among the four subgroups (p = 0.04)
(Figure 2B). This indicates that there are significant differences
in the prognostic status of patients among the four DNA
methylation molecular subtypes of bladder cancer, which can
provide an important reference for clinicians to predict the
survival status of patients and timely change the treatment plan.

Identification and Analysis of DNA
Methylation Biomarkers Specific to
DNA Methylation Subtypes
After identifying the DNA methylation molecular subtypes of
bladder cancer using unsupervised consistent clustering, the
present study focused on DNA methylation markers specific to
each subtype. These markers could represent the unique
Frontiers in Oncology | www.frontiersin.org 6
characteristics of each subtype, and their screening can provide
a basis for the diagnosis of DNA methylation subtypes, and
facilitate the better translation of research results into
clinical application.

The QDMR software developed as a quantitative method
described above was used in this study. 986 CpG loci across four
DNA methylation subgroups (the classification features used in
this study) were used as candidate features to screen for specific
CpG markers in each subgroup. Since the methylation levels of
these 986 CpG sites were used to distinguish the DNA
methylation subgroups in this study, in each subgroup, these
features should have similar methylation levels and there was
very little variability between samples. Therefore, for each of the
four DNAmethylation subgroups, the average DNAmethylation
level of the 986 CpG sites in the samples was calculated to
represent the DNA methylation pattern of that subgroup, and
the 986× 4-dimensional result matrix was used as the input of
QDMR. Finally, 52 specific hyper/hypomethylated CpG loci
A B

C D

FIGURE 2 | Consensus clustering and survival analysis. (A) The color-coded heatmap corresponding to the consensus matrix for k = 4. (B) The survival curves of
four DNA methylation subtypes of bladder cancer. (C) Delta area curve of consensus clustering. (D) The average cluster consensus and coefficient of variation
among clusters for each category number k.
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were identified, corresponding to 38 genes. They can be used as
specific DNA methylation markers for different DNA
methylation subgroups in bladder cancer, representing the
unique DNA methylation patterns of that subgroup. The
results showed that cluster1 and cluster2 specific CpG sites
were found, and the number of CpG sites was 9 and 43,
respectively. The specific sites of cluster1 screened out by our
study are all hypomethylated, while the specific sites of cluster2
are all hypermethylated (Figure 3A).

Cluster1 specific CpG loci mapped 3 genes, and cluster2
specific CpG loci mapped 35 genes (Supplementary Material 1).
Next, DAVID bioinformatics tool was employed to complete the
Gene Ontology and KEGG pathway enrichment analysis on
cluster2 specific genes to further explore the biological processes
or pathways involved. Results as shown in Figure 3B, these genes
are involved in biological processes such as positive transcriptional
regulation of RNA polymerase II promoters. But we did not find
pathways in which these genes were significantly enriched.

Validation of DNA Methylation Molecular
Subtypes and Subtype-Specific CpG Sites
To verify the robustness of the DNA methylation molecular
subtypes of bladder cancer obtained in this study and the
Frontiers in Oncology | www.frontiersin.org 7
accuracy of the subtype specific CpG sites screened, we
searched the GEO database and obtained a set of Illumina
Infinium HumanMethylation450 Bead Chip DNA methylation
profile data of urinary tumors (GSE52955), which included 25
patients with bladder cancer. Data from these 25 patients were
used as a test set to verify the molecular subtypes and subtype-
specific CpG sites obtained in this study.

Firstly, we used 986 CpG loci previously screened as
classification features, and constructed a support vector
machine (SVM) classifier model using TCGA data set with
classification labels (i.e., four DNA methylation molecular
subtypes divided in this study). Here we conducted functional
analysis of the genes corresponding to the 986 characteristic CpG
loci, and found that they were enriched in regulation of
transcription from RNA polymerase II promoter, cell
differentiation, positive regulation of cell migration, cell-cell
adhesion, signal transduction, negative regulation of cell
proliferation, cAMP signaling pathway, vascular smooth
muscle contraction and many other biological processes and
pathways involved in cancer genesis and development. The
model was verified using tenfold cross validation. The results
showed that the classification accuracy of the model was 96%,
sensitivity 96.1%, precision 96.1%, and area under ROC curve
A

B

FIGURE 3 | Analysis of subtype specific biomarkers. (A) Specific hyper/hypo methylated CpG sites for DNA methylation cluster1 and cluster2. (B) Gene enrichment
analysis of genes corresponding to specific hypermethylated CpG sites in cluster2.
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(AUC) reached 0.968 (Figure 4). This further proved the
accuracy of the classification features screened in this study
and the robustness of the DNA methylation molecular
subtypes of bladder cancer.

Next, we input the test set obtained from GEO database into
the constructed classifier model, which is used to predict the test
set samples into the four DNA methylation molecular subtypes
divided in this study. The 25 samples in the test set were
predicted to be cluster1, cluster2, cluster3 and cluster4 with 3,
5, 11 and 6 samples respectively. Next, we tested the DNA
methylation level of the subtype-specific CpG sites screened in
this study in the test set. The results showed that 6 of the 9 CpG
sites with cluster1-specific hypomethylation in the test dataset
Frontiers in Oncology | www.frontiersin.org 8
still had the lowest average methylation level in the four
subtypes. The methylation level of the other three sites was not
the lowest (close to the methylation level of cluster3), but
significantly lower than that of the other two subtypes. In
cluster2, all of the 43 CpG sites specific hypermethylated are
still the CpG sites with the highest average methylation level
among the four subtypes and significantly higher than the other
three subtypes (Supplementary Material 2). This proves the
accuracy and portability of the subtype-specific CpG sites
screened in our study.
DISCUSSION

Cancer is a disease with high mortality rate and a serious threat
to people’s health. Previous studies focused only on the effect of
genetic sequence changes on cancer, or malignancy. Recently, a
relationship between cancer and the level of DNA methylation
has been found. TCGA database is a publicly available resource
covering a wide variety of data types in a variety of cancers. The
Infinium HumanMethylation450 BeadChip array dataset of
bladder cancer contains a large number of samples that were
downloaded from TCGA for our classification analysis. The large
sample sizes allowed us to explore the molecular subtypes of
bladder cancer more comprehensively.

Precision medicine in cancer treatment is based on the
assumption that every patient has a unique variation of genetic
alterations and should be treated accordingly. Thus, for
personalized medicine to be effective, it is necessary to achieve
a detailed classification of the cancer genome and epigenome.
Many studies have suggested that epigenetic modifications
(DNA methylation) play a pivotal role in early detection, and
improved molecular classification, prognosis and adjuvant
treatment of bladder cancer. These opinions suggested that the
level of analysis could have important biological and clinical
implications in the era of precision medicine (43, 44). Moreover,
classifications based solely on the tissue of origin or pathological
features have shown their limitations. To this end, we conducted
this study to obtain molecular classifications of bladder cancer
epigenomes based on DNA methylation.

In this study, DNA methylation and gene expression profile
data of TCGA were integrated to screen differentially expressed
genes and differentially DNA methylated CpG sites. CpG sites
with significant negative correlation between methylation level
and gene expression level were extracted as classification features.
Then bladder cancer samples were classified according to the
classification features, and four DNA methylation molecular
subtypes were obtained. The prognostic difference analysis of
these four subtypes showed that there were significant
differences in the molecular level and prognostic status among
these subtypes. Furthermore, subtype-specific biomarkers were
identified using information entropy-based algorithm to represent
the unique molecular characteristics of each subtype. These results
suggest that there are significant differences in epigenetics and
prognosis among subpopulations of patients with the same cancer,
and clinicians may be able to develop personalized and timely
A

B

FIGURE 4 | Validation of DNA methylation molecular subtypes and
classification features in bladder cancer. (A) The confusion matrix of
classification model. (B) ROC curve of classification model.
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treatment changes based on their prognostic status. However, the
specific characteristic biomarkers for only two of the four DNA
methylation molecular subtypes, namely cluster1 and cluster2,
were identified. The specific characteristic biomarkers for cluster3
and cluster4 were not identified. This indicates that these two
DNA methylated molecular subtypes are more similar at the
molecular level, and their differentiation is not as obvious as the
other two subtypes, which also brings certain limitations to this
study. We hope that future studies can focus on further
differentiation of these two subgroups.

In conclusion, our research identified four different
molecular subgroups using the data of bladder tumors in
TCGA. This is a more detailed explanation of the molecular
heterogeneity of bladder cancer. The specific CpG sites and
genes for particular subgroups can serve as biomarkers for
personalized treatments. Changes in DNA methylation
(hypo/hypermethylation) can be used as markers to diagnose
particular subgroups, and clinicians can develop personalized
treatments according to these prognoses. Additionally, our
methods can also be used to study other tumors with high
molecular heterogeneity.
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