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Abstract

Background:
In recent studies, the role of modi�cation patterns of N6-methyladenosine (m6A) regulators in tumor
microenvironment (TME) cell in�ltration in the tumor microenvironment has been identi�ed. However, the
role of 5-methylcytosine (m5C) modi�cation patterns in TME cell in�ltration remains to be discovered.

Methods:
In this study, 660 bladder cancer patients were enrolled to comprehensively evaluate the m5C
modi�cation pattern based on 13 m5C regulators, and to explore the association between m5C
modi�cation pattern and TME cell in�ltration status. Finally, PRINCIPAL component analysis (PCA)
algorithm constructed m5Cscore, which was used to evaluate and quantify individual m5C modi�cation
patterns.

Results:
Our study identi�ed three distinct m5C modi�cation patterns in bladder cancer. Studies showed that TME
cell in�ltration characteristics under these three modi�cation patterns were highly associated with three
tumor immunophenotypes (immune-in�amed, immune-excluded, immune-desert). In addition, m5C
methylation modi�cation patterns were proved to be able to predict tumor disease progression, genetic
variation and prognosis of patients. The individualized scoring system – m5Cscore, which was based on
m5C methylation modi�cation, showed great differences in tumor mutation burden (TMB), clinical
characteristics, immune checkpoint and immunotherapy. The low m5Cscore group was characterized by
matrix activation and lack of effective immune cell in�ltration, indicating the immune-excluded
phenotype. The higher m5Cscore group showed fewer PD-L1 mutations, which were associated with a
promoted response to PD-L1/PD-1 immunotherapy and a better prognosis.

Conclusions:
This work con�rmed the extensive regulatory mechanisms of the m5C modi�cation pattern in the tumor
microenvironment. The m5C modi�cation pattern functioned as an important element of forming the
heterogeneity and complexity of TME landscape. Understanding and in-depth evaluation of individual
m5C modi�cation patterns would help us understand the TME landscape and guide better
immunotherapy strategies.

Introduction
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5-methylcytosine (m5C) is an extensive RNA modi�cation found in almost every RNA species, including
cytoplasmic and mitochondrial ribosomal RNAs (rRNAs), enhancer RNAs (eRNAs), long noncoding RNAs
(lncRNAs), transfer RNAs (tRNAs), and messenger RNAs (mRNAs) [1–3]. Similar to N6-methyladenosine
(m6A), m5C modi�cation is a reversible process in human cells that involves three dynamic control
elements, including methyltransferases (writers), demethylases (erasers) and binding proteins (readers)
[4, 5]. During the modi�cation of m5C gene, NSUN1-7, DNMT1, DNMT2, DNMT3A, DNMT3B and TRDMT1
act as methyltransferases to catalyze m5C, while demethylases such as TET2 mediate its removal. In
addition, m5C is speci�cally recognized by the mRNA export adaptor ALYREF, thus affecting m5C
functions [6–8]. Recent studies have demonstrated that m5C regulators play a pivotal role in various
biological functions such as malignant tumor invasion, abnormal immune function, cell developmental
defects, and abnormal cell proliferation [9–11].

Immunotherapy immune checkpoint blockade (ICB, PD-L1/PD-1), a new immunotherapy, has been found
to improve the e�cacy of clinical drug therapy for cancer. Unfortunately, most patients show little or no
bene�t[12, 13]. Tumor microenvironment is the peripheral environment for tumor cells to survive. TME
includes not only cancer cells, but also surrounding immune cells, lymphocytes, blood vessels, �broblasts
extracellular matrix (ECM), bone marrow-derived in�ammatory cells and signaling molecules.
Accumulating evidence suggests that the TME was crucial for tumor progression, immunosuppression
and immunotherapy response. For example, YAP1 affects macrophages, bone marrow-derived inhibitory
cells, and regulatory T cells to promote immunosuppressive TME[14]; Changes in tumor metabolic
requirements lead to impaired functional responses of cytokine-activated natural killer cells, thereby
inhibiting the toxic effects of NK cells[15].

A critical step in improving the e�cacy of existing immune checkpoint therapies and develop new
immunotherapy strategies is the individualized prediction of ICB response on the basis of TME cell
in�ltration signatures [16, 17]. Therefore, in-depth analysis of the heterogeneity and diversity of tumor
landscape in TME contributes to determinate new tumor immunophenotypes and biomarkers for immune
treatment response [18].

Many researches have proved that m5C modi�cation plays a key role in TME. Pan et al. reported the
increased expression of NSUN4, a m5C regulator, could promote the expression of CD4 + T cells and
tumor-associated neutrophils, thus improving the anti-tumor effect [9]. In addition, DNMT3B and NSUN5-
mediated m5C modi�cation activates multiple cancer-related pathways including ERBB pathway, Wnt
pathway and TGF-β pathway, associated with poor prognosis in Clear Cell Renal Cell Carcinoma [19].
However, the comprehensive understanding of the function of m5C modi�cation-mediated TME in BC
remains unknown.

In this study, gene expression pro�les and clinical characteristics of 661 bladder cancer patients were
included to comprehensively evaluate the m5C modi�cation pattern, and to explore the correlation
between m5C modi�cation pattern and immune in�ltration characteristics of TME. Three m5C
modi�cation patterns were found in bladder cancer patients, and the TME characteristics were highly
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correlated with immunophenotypes. Our results demonstrated that m5C modi�cation functions as a non-
negligible factor in the formation of TME characteristics. Additionally, we established an individualized
scoring system for TME immunophenotype in bladder cancer patients.

Materials And Methods

Patients Datasets and processing
Public gene-expression data and complete clinical annotation were retrieved from the Gene-Expression
Omnibus (GEO) and the Cancer Genome Atlas (TCGA) databases. After excluding patients without
survival information, this study collected eligible GC cohorts (GSE13507 and TCGA-BLCA (Cancer
Genome Atlas-Urothelial Carcinoma of the Bladder)) for further analysis. We background-adjusted and
quantile-normalized microarray data from Affymetrix® by "CEL" �les and multiarray averaging methods
and the affy and simpleaffy software packages. As for the microarray data from other platforms, we
download the normalization matrix �le directly. For the data set in TCGA, we used the R package
TCGAbiolinks developed for comprehensive analysis using GDC data to download RNA sequencing data
(FPKM value) of gene expression from Genomic Data Commons (GDC, https://portal.gdc.cancer.gov/).
The FPKM values were then converted to a transcript of millions per kilobase (TPM) value. Batch effects
that were not biotechnological biases were corrected for by the "ComBat" algorithm of the sva package.
The TCGA-BLCA cohort was used for copy number variation (CNV) analysis. Then the R (version 3.6.1)
and the R Bioconductor package were used for data analysis.

Unsupervised clustering for 21 m6A regulators
15 m5C regulators were extracted from published literature, including 12 writers (NSUN1-7, DNMT1,
DNMT2, DNMT3A, DNMT3B, TRDMT1), 1 eraser (TET2) and 2 readers (ALYREF, YBX1) [20]. We combined
TCGA-BLCA and GSE13507 patient cohorts, and �ve genes were not detected in the mixed cohorts. Thus,
10 m5C regulators were eventually incorporated into our study. Based on the expression of 10 m5C
modulators, different m5C modi�cation patterns were identi�ed by unsupervised cluster analysis, and the
classi�ed patients were further analyzed. The consensus clustering algorithm determined the number of
clusters and their stability. The ConsensuClusterPlus package performed the above steps and had been
repeated 1000 times to ensure classi�cation stability.

Gene set variation analysis (GSVA) and functional
annotation
GSVA enrichment analysis was performed by the "GSVA" R software package to explore different
biological processes mediated by different m5C modi�cation patterns. As a nonparametric and
unsupervised method, GSVA is commonly performed to estimate changes in the pathway and biological
process activity in expression dataset samples [21]. We downloaded the gene set of "c2.cp.kegg. V6.2"
from MSigDB database for GSVA analysis. After adjustment, P < 0.05 was considered statistically
signi�cant. R package ClusterPro�ler functionally annotated of m5C-related genes with cutoff FDR < 0.05.



Page 6/25

Comprehensive assessment of TME cell in�ltration status
We utilized the ssGSEA algorithm to quantify the relative abundance of various types of cell in�ltrates in
TME. A gene set resulting from the work of Charoentong, marking each TME-in�ltrating immune cell type,
stores multiple human immune cell subtypes, including activated activated B cells, CD4 T cells,
macrophages, neutrophile, regulatory T cells, etc [22, 23]. The Stromal Score, Immune Score ESTIMATE
Score and TumorPurity in each modi�ed pattern was calculated by ESTIMATE analysis, and they were
used to characterize cell in�ltration. The in�ltrating abundance of immune cells in each modi�cation
pattern was analyzed by the CIBERSOFT algorithm. Additionally, the expression levels of human
leukocyte antigen (HLA) and immune checkpoints in the three modi�cation patterns were further
analyzed.

Identi�cation of differentially expressed genes (DEGs)
between m5C distinct phenotypes
Based on the expression levels of 10 m5C regulators, we identi�ed M5C-related genes by classifying
patients into three different m5C modi�cation patterns. The differences among the different m5C
modi�cation modes were determined by Limma R package empirical Bayesian method. The signi�cance
criteria for determining DEGs was set to an adjusted P value < 0.001.

Construction of m5C gene signature
We constructed an evaluation system for evaluating the m5C modi�cation pattern of a single bladder
cancer patient, the m5C gene signature, and quanti�ed the m5C modi�cation pattern of a single tumor,
which we called m5Cscore. The procedure for establishing m5C gene characteristics was as follows:

We �rst normalized the DEGs identi�ed by different m5Cclusters in mixed cohort samples and extracted
overlapping genes. The overlapping DEG was analyzed by unsupervised clustering method.
Subsequently, the patients were divided into groups. Consensus clustering algorithm was used to de�ne
the number and stability of gene clustering. Univariate Cox regression model was used to analyze the
prognosis of each gene in the trait, and the genes with signi�cant prognosis were further analyzed. In
order to construct m5C-related gene features, we conducted principal component analysis (PCA), and
principal components 1 and 2 were both selected as signature scores. This approach focused the score
on the group with the largest well-associated (or anti- associated) gene block in the group, while reducing
the contribution of genes not tracked with other group members. The m5Cscore is de�ned by a method
similar to GGI[24, 25]:

m5Cscore = Σ(PC1i + PC2i)

where i is the expression of m5C phenotype-related genes.

Clinical prognostic signi�cance of m5C gene signature
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After constructing the m5Cscore, we included clinical data (age, fustat, gender, T, N) from the mixed
cohort to evaluate the clinical prognostic signi�cance of m5Cscore. Survival analysis identi�ed the value
of m5Cscore in predicting the prognosis of patients with different clinical characteristics. The Kruskal
Wallis test determined whether the m5Cscore was different in patients with different clinical traits. Bar
graph shows the distribution of patients with different clinical characteristics in both m5Cscore group.

Collection of immune-checkpoint blockade genomic and
clinical information
We systematically searched gene expression pro�les for immune checkpoint blockade, which were
publicly available and reported with complete clinical information. Our study eventually included two
immunotherapy cohorts: Metastatic melanoma treated with pembrolizumab an, anti-PD-1 antibody
(GSE78220 cohort from GEO) [27], and advanced uroepithelial carcinoma treated with Atezolizumab, an
anti-PD-L1 antibody (IMvigor210 cohort) [26]. According to the Creative Commons license agreement, 3.0
IMvigor210 queue full expression data can be obtained from http://research-
pub.Gene.com/imvigor210corebiologies and detailed clinical notes. The raw technical data were
standardized using the DEseq2 package and the calculated values were converted into TPM values. For
the GSE78220 cohort, FPKM data for gene expression pro�les were also transformed into TPM values
with greater inter-sample comparability after normalization with the limma package.

Statistical analysis
Correlation coe�cients between m5C regulator expression and TME in�ltrating immune cells were
calculated by Spearman and distance correlation analysis [28]. One-way ANOVA and Kruskal-Wallis test
were performed to compare differences between three or more groups [29]. The survminer R software
package determined the cut-off points for each subgroup of data sets based on the correlation between
patient survival and m5Cscore. The "surv-cutpoint" function splited the m5Cscore in two. In the light of
the chosen maximum log-rank statistic, we divided patients into high and low m5Cscore groups so as to
reduce the batch effects in the calculations. Kaplan-meier method was used to analyze the survival curve
of patient prognosis, and log-rank test was used to determine the signi�cance of the differences.
Univariate Cox regression models were used to calculate hazard ratios (HRs) for m5C regulators and
genes associated with m5C-modi�ed phenotypes. Waterfall plots, drawn by the maftools package,
showed the mutational pro�le of patients with high and low m5Cscore in the mixed TCGA-BLCA and
GSE13507 cohorts. Copy number variation maps of 13 m5C regulons on 23 pairs of chromosomes were
plotted by the R package RCircos, where all statistical values are bilateral. P < 0.05 was known as
statistically signi�cance. All data processing was completed in R3.6.1 software.

Result

CNV, mutation and prognostic characteristics of m5C
regulators in bladder cancer
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Figure 1 showed the technical route of this research. 13 regulators were included in this study. Figure 2A
revealed the incidence of CNV of m5C regulators in bladder cancer. The results revealed that a prevalent
ampli�cated CNV alteration of these 13 regulators, while TET2 and DNMT1 had an obvious CNV deletion
frequency. The altered position of CNV on the chromosome of the m5C regulators were shown in Fig. 2B.
Between BC samples and normal samples, we found that m5C regulators were differential expressed
(Fig. 2C). Then, an investigation of somatic mutations in the m5C regulatory factor in BC revealed that 49
of the 408 samples had undergone mutations in the m5C regulatory factor. It was found that the
mutation frequency of NSUN2, NSUN6, NSUN7, DNMT1, DNMT3A (writers) was 2%, and the mutation
frequency of DNMT3B, the eraser (TET2) and the reader (ALYREF, YBX1) was 1% (Fig. 2D). The low
expression of TRDMT1 and DNMT1 corresponded to a better prognosis, while the low expression of
NSUN4-7 corresponded to a poor prognosis (Fig. 2E-J). The above studies shown that the expression of
m5C regulatory factors in normal and bladder cancer tissues had obvious heterogeneity, and its abnormal
expression functioned as a key element in the occurrence and development of tumors and the
progression of bladder cancer..

TME and immune in�ltration characteristics in three distinct
m5C modi�cation patterns
According to the expression of 10 m5C regulatory factors in patients, we used R package
ConensusClusterPlus to qualitatively classify patients with different m5C modi�cation patterns.
Unsupervised clustering method was adopted to determine three different modi�cation patterns,
including 195 cases of cluster A, 140 cases of cluster B, and 231 cases of cluster C.

On account of the correlation between these three different clusters is low, we refer to each of these
patterns as m5Ccluster A-C (Fig. 3A-D). The survival analysis of these three m5C modi�cation patterns
revealed that patients in m5CclusterB had greater survival advantages (Fig. 3E). Principal component
analysis (PCA) showed that the three patient groups were clearly distinguishable from each other
(Fig. 3F). Figure 3G indicated that the expression of m5C regulatory factors in the three modi�cation
patterns and the clinical information between the three components. The m5C regulatory factors were
found to be highly expressed in m5Ccluster A and low expressed in m5Ccluster C. Interestingly, the
expression of NSUN6 and NSUN7 in m5Ccluster B was signi�cantly lower.

We used GSVA enrichment analysis to explore underlying biological behaviors. As shown in Fig. 3I,
m5Ccluster A was signi�cantly enriched in homologous recombination, aminoacyl tRNA biosynthesis,
ubiquitin-mediated proteolysis, spliceosomes, and RNA degradation. M5Ccluster B was associated with
mesenchymal and oncogenic activation pathways, such as cell and focal adhesion, ECM receptor
interaction, cell transendothelial migration, and chemokine signaling pathway (Fig. 3H). And m5Ccluster
C appeared to be related to a variety of biological pathways of acid metabolism and immune clearance
(Fig. 3I-J). Surprisingly, subsequent analysis of TME cell in�ltration revealed a large number of immune
cell in�ltrates in m5Ccluster B, including activated T and B lymphocytes, dendritic cells, natural killer cells,
MDSC, macrophages, neutral cells, granulocytes and helper cells (Fig. 4G). However, patients in this m5C
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modi�cation pattern had the worst prognosis. The cell biology phenomenon of acid metabolism
enrichment observed in m5Ccluster C corresponded to the Warburg effect, which meant that metabolic
reprogramming in m5Ccluster C cancer cells was much more extensive [30]. The activation of acid
metabolism in the tumor indicated enhanced tumorigenesis, which also corresponded to the worse
survival of type C patients compared to type A in Fig. 3E.

In order to fully understand the immune in�ltration status of these three m5Cclusters, we next scored the
three m5C modi�cation patterns in 29 immune genomes to obtain their immune score, matrix score,
ESTIMATE score and tumor purity, and plotted a heatmap (Fig. 4A-E). Then we explored the expression of
human leukocyte antigen (HLA) among m5Cclusters, and the generally high expression of HLA genes still
veri�ed the previous conclusions (Fig. 4F). Then, we used the CIBERSOFT algorithm to analyze the
strength of cellular immunity between the three clusters, which demonstrated that the expression of Tregs
and naive B cells in m5C cluster A was much higher than in the other two clusters (Fig. 4H). M5Ccluster C
was more highly expressed in cells related to humoral immunity. In our research on immune checkpoints,
the expression of m5Ccluster B related genes was still much higher than the other two clusters (Fig. 4I).
The immune checkpoint study showed that the expression level of PD-L1 in 5CclusterB was the highest
among the three groups, and the expression levels of the remaining two groups were about the same
(Fig. 4J). In summary, m5Ccluster A was summarized as an immune desert type, which was
characterized by immunosuppression and early activation of anti-tumor cytokines; m5Ccluster B was
summarized as an immune rejection phenotype, which was characterized by numerous immune cells
in�ltrate and activated stroma; m5Ccluster C was summarized as a phenotype of immune in�ammation
and metabolic reprogramming, which was characterized by strong humoral immunity and activation of
acid metabolism.

Generation of m5C gene clusters and functional annotation
Next, we attempted to gain insight into the biological behavior of each m5C modi�cation pattern. The R
package limma identi�ed 902 m5C phenotype-related DEGs (Fig. 5A). Then GO and KEGG enrichment
analysis were utilized to perform these 902 DEGs. It was worth noting that in the GO enrichment analysis,
these DEGs were concentrated in matrix activation pathways and activation immune cells, such as
activation of T cells and cell adhesion factors. While in KEGG enrichment analysis, these DEGs were
enriched in cytokine and chemokine activation and pathways associated with abnormal immune
in�ammation. These conclusions indicated that m5C modi�cation had a signi�cant correlation with the
biological process of immune cells, and once again con�rmed that m5C modi�cation functioned as a
signi�cant element in immune regulation in TME (Fig. 5B-C). To elucidate the regulatory mechanism in
depth, we �rst obtained 377 prognostic genes based on 902 DEGs, and then performed unsupervised
cluster analysis according to 377 prognostic genes associated with m5C phenotype to divide patients
into distinct genomic subtypes. In keeping with the clustering grouping of m5C modi�cation patterns, we
also found three different m5C modi�ed genome phenotypes, named m5C gene cluster A-C (Fig. 5D-F).
This result revealed three different m5C modi�cation patterns in bladder cancer. The tumors in m5C gene
cluster B and m5C gene cluster C were poorly differentiated. We also found that patients in m5Ccluster B
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were focused on gene cluster B mostly, which further proved the regulatory mechanism of m5C
methylation modi�cation (Fig. 5G). In addition, the m5C regulatory factor was found to be signi�cantly
differentially expressed in the three gene clusters, which proved the effectiveness of m5C methylation
modi�cation pattern at the gene level (Fig. 5H). And 192 cases were concentrated in gene cluster A, which
was related to better prognosis. 160 cases were concentrated in gene cluster B and 214 cases were
concentrated in gene cluster C. These two clusters were associated with worse prognosis (Fig. 5I).

Generation of individualized scoring criteria and associated
transcriptional and TMB features
Based on the above conclusions, we built a scoring system to quantify m5C modi�cation patterns in
individual bladder cancer patients according to the understanding of m5C methylation and phenotypic
modi�cation patterns. The m5Cscore is calculated from 377 phenotype-related genes. We �rst calculated
the m5Cscore of all samples, and then divided all patients into two groups with high AND low m5Cscore
according to the median value of m5Cscore, and conducted survival analysis. It was found that the
survival rate of the low m5C group was signi�cantly lower than that of the high m5C group (Fig. 6A). In
order to better explain the biological characteristics of m5Cscore, the relationships between m5Cscore
and TME were also discussed. Through spearman analysis, we found that m5Cscore was signi�cantly
negatively correlated with immune cell activation, which meant there was more immune cell activation in
the low m5C group (Fig. 6B). Next, we found matrix and immune activation related genes were highly
expressed in the low m5C group (Fig.S1A-B). Alluvial diagrams showed changes in individual patient
attributes. The results showed that patients with m5CclusterB characteristics were mainly focused on
gene cluster B, and a few were focused on gene cluster C; patients with m5CclusterA characteristics were
mainly focused on gene cluster A and gene cluster C; M5CclusterC was found in all three gene clusters.
Almost all m5CclusterA patients were focused on the high m5C group, and almost all m5CclusterB
patients were focused on the low m5C group. Patients with a large number of m5CclusterC acid
metabolism characteristics were distributed in two m5C subgroups. However, we did not �nd any
difference in gender and survival status between these two m5C groups (Fig. 6C-D). At the same time,
Kruskal Wallis test proved that there were statistical differences of three modi�cation patterns
(m5Ccluster) and three gene clusters among m5Cscore groups (Fig. 6E-F).

Subsequently, R package maftools analyzed the differences in the distribution of somatic mutations
between low m5Cscore and high m5Cscore in the mixed cohort. Figure 6G-H showed that the high m5C
group had a wider mutation load than the low m5C group, but for TP53, the mutation frequency of the
low m5C group was much higher than that of the high m5C group. Previous literature suggested that the
expression of TP53 could affect the expression level of PD-L1[31]. Therefore, we also detected the
expression level of PD-L1 in the two m5C groups and found that the expression level of PD-L1 was higher
in the low m5C group (Fig. 6L). And then, we also detected the expression level of PD-1. Results showed
that the expression level of PD-1 was still higher in the low m5C group (Fig.S1C). Second, the prognostic
analysis of patients with high and low mutation subtypes showed that the high mutation group had a
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greater survival advantage (P < 0.001) (Fig. 6I). Speci�cally, we examined the patient survival rate under
the combined TMB and m5Cscore. We again found that patients in the high mutation group had a higher
survival rate, while in the high mutation group, patients with higher m5Cscore had slightly better survival
advantages (Fig. 6J). In externally validated cohorts GSE48276 and GSE3184, the high m5Cscore group
also showed better survival advantages (FigS1.D-E). In addition, tumors with low m5Cscore in the
GSE31684 cohort were found to have stronger local recurrence activity (FigS1.F-G). The expression of PD-
L1 in the high m5C group was lower, and the expression of PD-L1 in m5Cclusters was different.
M5Cscore and TMB also showed a positive correlation (Fig. 6K). The accumulated evidence suggests
that patients in the low mutation group may have a stronger resistance to anti-PD-L1 immunotherapy.
These results indirectly suggested that the differences in different m5C modi�cation patterns in bladder
cancer patients may be a key factor mediating PD-L1 /PD-1 immunotherapy response.

Comprehensive evaluation of clinical signi�cance of
m5Cscore
Next, we attempted to further investigate the value of m5Cscore in assessing the clinical characteristics
of patients. Results revealed that the m5Cscores of different age groups were different, and patients with
high m5Cscores had a higher survival rate in the 65-year-old group (Fig. 7A, E). The survival analysis of
m5Cscore in the survival state showed that there was no difference in m5Cscore between survival groups,
but there were obvious differences in m5Cscore between death groups (Fig. 7B, F). At the same time, the
corresponding m5Cscore of survival group was much higher than that of death group, and more patients
survived in the high m5Cscore group (Fig. 7J, O). Similarly, survival analysis of the gender group of
m5Cscore showed that there were signi�cant differences in both groups (Fig. 7C, G). The corresponding
m5Cscore was signi�cantly higher in male patients, and there were more male patients with high
m5Cscore (Fig. 7K, P). Survival analysis of the prognosis of patients with different tumor progression
predicted by m5Cscore showed that the difference between tumor stages N1-3 and T3-4 was not obvious.
However, in the N0 and T1-2 stages, m5Cscore showed a difference (Fig. 7D, H-I, N). In addition, the
Kruskal Wallis test showed that patients with stage N0 or T1-2 had higher m5Cscore, which meant that
patients with shorter stages had higher scores (Fig. 7L-M, Q-R). In short, m5Cscore had important
prognostic signi�cance for the clinical characteristics of patients.

Role of m5C modi�cation patterns in anti-PD-1 /L1
immunotherapy
To analyze the role of m5C modi�cation patterns in anti-PD-L1 / PD-1 immunotherapy in depth, we
included two immunotherapy cohorts to investigate whether m5C modi�cation patterns can predict
patients’ response to ICB therapy. In the anti-PD-L1 cohort (IMvigor210), high m5Cscore group was
associated with better clinical bene�t and longer survival (Fig. 8A). And patients in high m5Cscore group
had signi�cant therapeutic advantages and anti-PD-L1 clinical e�cacy (Fig. 8B-C). However, in the anti-
PD-1 cohort (GSE78220), patients with a high m5C score had a smaller survival advantage (Fig. 8D). We
speculated that the possible reason was that the sample size of the queue is too small, leading to
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sampling error (n = 27). Another possible reason was that tumor mutations produce new PD-L1 epitopes,
so anti-PD-L1 blocking therapy did not show signi�cant effect. It was worth mentioning that in anti-PD-L1
immunotherapy, patients with high m5Cscore still had better immunotherapy effects (Fig. 8E-F). In
addition, we also studied the therapeutic effect of patients in the anti-PD-L1 cohort (IMvigor210)
evaluated by the combination of m5Cscore and tumor neoantigen load, and found that patients with high
m5Cscore and tumor neoantigen load had a greater survival advantage (Fig. 8G). In view of the tumor
immunophenotypes detected in the IMvigor210 cohort, we also studied the differences in m5Cscore
between different phenotypes. The results revealed that high m5Cscore was signi�cantly correlated with
immune desert subtypes, while low m5Cscore was signi�cantly correlated with immune rejection and
immune in�ammation types (Fig. 8H). In conclusion, the quanti�cation of m5C modi�cation patterns can
be used as potential and reliable biomarker for evaluating the prognosis and clinical response to
immunotherapy.

Secondly, by detecting the immune cell in�ltration status of both m5Cscore groups, we found that the low
m5Cscore group generally had high expression of immune cells (Fig. 8I). The results of CIBERSOFT
analysis revealed that the expression levels of Tregs and dendritic cells were higher in the high m5Cscore
group, which meant that the high m5Cscore group and m5CclusterA had similar immune characteristics
(Fig. 8J). The study on the expression levels of immune checkpoints in both groups showed that the
expression levels of immune checkpoints in the low m5Cscore group increased widely, which also
showed that the low m5C group was more capable of resisting immune checkpoint treatment from the
side (Fig. 8K). These results once again con�rmed that there were different m5C methylation patterns in
patients with bladder cancer, and these m5C methylation patterns were signi�cantly related to tumor
immunophenotypes and anti-PD-L1/PD-1 immunotherapy responses.

Based on our elaboration and quanti�cation of the m5C methylation modi�cation mode, m5Cscore has a
strong ability to evaluate clinical characteristics such as age, gender, and T stage, and m5Cscore has a
strong evaluation ability in anti-PD-L1 /PD-1 immunotherapy effect. These �ndings strongly indicate that
patients with bladder cancer have corresponding m5C methylation patterns. The established m5Cscore
can help predict the response to anti-PD-1/L1 immunotherapy and detect the clinicopathological
characteristics of patients.

Discussion
Many previous studies have examined the TME landscape from the perspective of multiple m6A
regulators. This provided an idea for our study. Multiple m5C regulatory factors were included in this
study to investigate the effects of m5C modi�cation on tumor growth, tumor immunity and anti-tumor
under the interaction of multiple m5C regulatory factors. To clarify the different roles of different m5C
modi�cation patterns in TME cell in�ltration will be helpful to understand the anti-tumor immune
response effect of TME under m5C modi�cation pattern, and to guide more effective immunotherapy
strategies.
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In this study, three different m5C modi�cation patterns were revealed based on 10 m5C regulators, all of
which had signi�cantly different characteristics of tumor microenvironment cell in�ltration. M5Ccluster A
was summarized as immune-desert type, characterized by immunosuppression and early activation of
anti-tumor cytokines; m5Ccluster B was summarized as immune-excluded phenotype, characterized by
amount innate immune cell in�ltration and stromal activation; m5Ccluster C was summarized as
immune-in�ammatory and metabolic reprogramming phenotype, characterized as strong humoral
immune and acid metabolism activation. The immune-desert and immune-excluded phenotypes can be
considered as non-in�ammatory tumors, with little or no immune cell in�ltration in the TME. The immune-
in�ammatory phenotype was known as a thermo tumor and was characterized by extensive immune cell
in�ltrates in the TME[32–35]. Although a large number of immune cells also existed in the immune-
excluded phenotype, they only existed in the stroma around the tumor cell nest and failed to break
through the tumor matrix to kill tumor cells or inhibit tumor cell proliferation. In some tumors, immune
cells may be con�ned to the stroma of the tumor, or they may be present in the tumor itself, resulting in
the appearance of immune cells within the tumor [36, 37]. In fact, tumor active stroma is thought to
inhibit immune cells [38]. Therefore, we inferred that the activated matrix inhibits the anti-tumor ability of
immune cells.

In our study, m5CcluserA showed little or no in�ltration of immune cells, with high expression of Tregs
and multiple anti-tumor cytokines. Previous studies have found that Tregs can help suppress immune
surveillance in tumors, thereby promoting cancer progression[39]. At the same time, it had also been
proved that naive B cells can inhibit the growth of cancer cells by secreting four factors that negatively
regulate cell growth, and naive B cells inhibited the growth of cancer cells in the early stage and promoted
the growth of cancer cells in the late stage [40]. M5CclusterB showed signi�cant mesenchymal activation,
and its mesenchymal score was much higher than that of the other two clusters, including high
expression of adhesion factors and ECM receptors, which was considered as T cell inhibition.
M5CclusterC showed an extensive immune cell in�ltration in TME. These �ndings substantiated the
reliability of our phenotypic classi�cation of m5Ccluster, which may help us understand the m5C
modi�cation pattern in bladder cancer.

Moreover, mRNA transcriptional differences between different m5C modi�cation patterns further
con�rmed that m5C was signi�cantly correlated with immune-related biological pathways. These DEGs
were considered to be characteristic genes associated with m5C. The prognostic characteristic genes
were selected by univariate Cox regression analysis, and then three gene clusters were determined based
on prognostic characteristic genes, which were also related to matrix and immune activated pathways.
This �nding proved that the alteration of m5C is signi�cantly related to the heterogeneity of TME
landscape again. Therefore, comprehensive evaluation of the m5C modi�cation pattern would contribute
to understanding the characteristics of TME cell in�ltration. Considering the individual differences of
m5C modi�cation, we needed to quantify the m5C modi�cation pattern of a single tumor. To this end, we
constructed a scoring system to assess m5C modi�cation patterns in bladder cancer individuals – m5C
score. The m5C modi�cation pattern characterized by immune-desert phenotype showed a higher
m5Cscore, while the m5C modi�cation pattern characterized by immune-excluded phenotype exhibited a
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lower m5Cscore, and higher m5Cscore was associated with a greater survival advantage. Additionally, the
immunophenotyping cohort well validated the above results (IMvigor210). These results suggested that
m5Cscore could be used as a reliable tool to assess the individual m5C modi�cation patterns
comprehensively and to further determine tumor immunophenotypes. Our data also showed a positive
correlation between m5Cscore and TMB and the expression of immune checkpoint PD-L1 and PD-1 was
also signi�cantly different in the high and low groups of m5Cscore. In our evaluation of clinical traits of
patients assessed by m5Cscore, m5Cscore also showed strong predictive ability. M5Cscore can be used
to evaluate the survival rate of patients at age, sex and stage of tumor progression. Patients with
different clinical traits had signi�cant differences in high and low m5CScore, and there were signi�cant
strati�cations.

Previous studies showed that matrix activation played a critical role in response and resistance to
checkpoint immunotherapy[41, 42]. In addition, activation of Tregs, expression of multiple anti-tumor
growth factors, TGF-β and other pathways were associated with activation of EMT and matrix[43, 44]. It
had also been proved that the activation of TGF-β and Tregs leads to a decrease in the amount of T cells
entering the tumor and a decrease in the killing ability of the tumor[45]. In conclusion, matrix activation
had the ability to weaken TME immunity and mediate resistance to immune checkpoint blocking therapy,
thus in�uencing the individualized immunotherapy of bladder cancer. In our study, the methylation
pattern of m5C played an important role in the formation of different substrates and the immune TME
landscape, suggesting that m5C modi�cation may in�uence the therapeutic effect of ICB
immunotherapy. M5C gene markers include multiple biomarkers such as TMB, PD-L1 expression,
neoantigen load, immune TME, Tregs expression and matrix, suggesting more effective immunotherapy
prediction strategies. Furthermore, we substantiated the predictive value of m5Cscore in immunotherapy
for anti-PD-L1 and anti-PD-1 cohorts. There were signi�cant differences in patients' response to treatment
and survival prognosis between high and low m5Cscores.

In conclusion, m5Cscore can comprehensively assesse the methylation modi�cation pattern of m5C and
the corresponding characteristics of immune cell in�ltration in clinical practice, so as to further evaluate
the immunophenotype of tumor. Meanwhile, m5Cscore can evaluate clinicopathological characteristics
of patients, including clinical stage, tumor differentiation level, genetic variation, tumor mutation load and
neoantigen load, etc. In addition, m5Cscore can be used as an effective independent prognostic
biomarker to evaluate the prognosis of patients, and it can also be used to predict the clinical response to
anti-PD-L1 /PD-1 immunotherapy. Moreover, our study has provided some novel insights into the
mechanisms of TME landscape change and tumor immunotherapy. For example, modifying the mode of
modi�cation targeted at m5C regulation and genes associated with the m5C phenotype to further reverse
the TME immune cell invasion or stromal invasion, which transforms the "cold tumor" into a "hot tumor".
Contribute to the development of new immunotherapy drugs for cancer in the future. Our results provide
new ideas for identifying different tumor immune TME phenotypes, improving patients' clinical response
to immunotherapy, and promoting personalized treatment of tumors.
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Conclusion
To sum up, this work con�rmed the extensive regulatory mechanisms of the m5C modi�cation pattern in
the tumor microenvironment. The m5C modi�cation pattern was a crucial factor to form the
heterogeneity and complexity of TME landscape. Understanding and in-depth evaluation of individual
m5C modi�cation patterns would help us understand the TME landscape and guide better
immunotherapy strategies.
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Figure 1

The technical route of this study
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Figure 2

CNV, mutation and prognostic characteristics of m5C regulators in bladder cancer. A The CNV variation
frequency of m5C regulators in TCGA-BLCA cohort. The height of the column represented the alteration
frequency. The deletion frequency, blue dot; The ampli�cation frequency, red dot. B The location of CNV
alteration of m5C regulators on 23 chromosomes in TCGA-BLCA cohort. C The expression of 13 m5C
regulators between normal and gastric tissues. Tumor, red; Normal, blue. The upper and lower ends of the
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boxes represented interquartile range of values. The lines in the boxes represented median value, and
black dots showed outliers. The asterisks represented the statistical P value (*P< 0.05; **P< 0.01; ***P<
0.001) D The mutation frequency of 13 m5C regulators in 409 patients with gastric cancer from TCGA-
BLCA cohort. Each column represented individual patients. The upper barplot showed TMB, the number
on the right indicated the mutation frequency in each regulator. The right barplot showed the proportion
of each variant type. The stacked barplot below showed fraction of conversions in each sample. E-G
Correlation analysis of mutation and expression of m5C regulatory factor in TCGA-BLCA cohort. The
vertical axis represents the expression level of the target gene. Blue is the wild type of another gene, red is
the mutant type of another gene. H-M Survival analysis for low and high m5C regulators expression
groups of patients using Kaplan-Meier curves (P< 0.05 was considered signi�cant).

Figure 3

Distinct modi�cation patterns and biological characteristics of each m5C cluster. A-D Three m5C
methylation modi�cation patterns classi�cation and veri�cation. E Survival analysis of three different
m5C modi�cation patterns based on GEO cohort, including 195 cases in m5Ccluster A, 140 cases in
m5Ccluster B, 231 cases in m5Ccluster C. The Log-rank p value of Kaplan-Meier was 0.026, which
indicated that there are signi�cant discrepancies among the three modi�cation patterns. The survival
advantage of m5Ccluster A was mas prominently higher than the other clusters. F Principal component
analysis of the transcriptome spectra of the three modi�cation patterns showed that there were
signi�cant differences among these three modi�cation patterns. G Enrichment diagram of m5C
regulators and clinical information in three modi�cation patterns. Red indicated high expression and blue
indicated low expression. H-J GSVA analysis for each two clusters, showing pathways in which genes
were enriched in each m5Ccluster. Red indicated high expression and blue indicated low expression.

Figure 4

TME and immune cell in�ltration in distinct m5C modi�cation patterns. A Abundance of immune cell
in�ltration in three m5C modi�cation patterns based on the expression level of 29 immune genes sets.
Red indicated high expression and blue indicated low expression. B-E The immune score, stromal score,
estimate score and tumor purity of each m5C modi�cation pattern. F Differences in HLA gene family
among three m5C modi�cation patterns. The asterisks represented the statistical P value (*P< 0.05; **P<
0.01; ***P< 0.001). G In�ltrate abundance of immune cells under three m5C modi�cation patterns by
GSEA analysis method. The asterisks represented the statistical P value (*P< 0.05; **P< 0.01; ***P<
0.001). H Cibersoft method was used to analyze the strength of cellular immunity in three m5C modi�ed
patterns. The asterisks represented the statistical P value (*P< 0.05; **P< 0.01; ***P< 0.001). I-J
Expression differences of immune checkpoint in three m5C modi�cation patterns. The asterisks
represented the statistical P value (*P< 0.05; **P< 0.01; ***P< 0.001).
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Figure 5

Three gene clusters and its corresponding modi�cation pattern. A Venn plot exhibited 902 DEGs among
three m5Cclusters. B Functional annotation for m5Ccluster related DEGs using GO analysis. The color
depth of the plots represented the number of genes enriched. C Functional annotation for m5Ccluster
related DEGs using KEGG analysis. The color depth of the plots represented the number of genes
enriched. D- F Three m5C gene modi�cation patterns classi�cation and veri�cation. G Heatmap of 377
prognostic genes associated with m5C modi�cation phenotype, and unsupervised clustering based on
these 377 prognostic genes classi�ed patients into three gene genomic clusters, termed as m5C gene
cluster A-C, respectively. We used fustat, N, T, gender, age for patient annotation. H The expression of m5C
regulators in three distinct m5C gene clusters. The lines in the boxes represented median value, and black
dots showed outliers. The asterisks represented the statistical P value (*P< 0.05; **P< 0.01; ***P< 0.001). I
Kaplan-Meier curves for three m5C gene clusters. Patient prognosis of three distinct m5C modi�cation
phenotype were of remarkably difference with 192 cases in gene cluster A, 160 cases in gene cluster B
and 214 cases in gene cluster C (P < 0.001).
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Figure 6

Transcriptional and TMB characteristics of two m5Cscore groups. A Survival analyses for low (304
cases) and high (262 cases) m5Cscore patient groups in the mixed cohort using Kaplan-Meier curves (P <
0.001). B Correlations between m5Cscore and known gene signatures. Red indicated positive and blue
indicated negative. C-D Alluvial map showed the changes of m5C clusters, gene clusters, m5Cscore and
clinical characteristics (gender and survival state). E-F Differences of m5Cscore in m5C cluster and gene
cluster. The Kruskal Wallis test was used to compare the statistical difference between three m5C clusters
(P < 0.001) and gene clusters (P < 0.001). G-H Waterfall plot depicted the characteristics of TMB in the
low and high m5Cscore groups. I Survival analyses for low (268 cases) and high (126 cases) TMB
patient groups using Kaplan-Meier curves (P < 0.001). J M5Cscore and TMB were combined to describe
the survival status of patients, and there were differences in the four groups of survival analysis (P <
0.001). K The scatter plot showed that there was a negative correlation between TMB and m5Cscore. L
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The boxplot showed that the expression of PD-L1 was signi�cantly different in the high and low
m5Cscore groups.

Figure 7

Comprehensive evaluation of clinical signi�cance of m5Cscore. A-I, N Survival analysis for m5Cscore in
different clinical groups (Age, survival state, gender, T stage, N stage) using Kaplan-Meier curves. P < 0.05
was considered as signi�cant difference. J-M Kruskal Wallis test was used to determine whether
m5Cscore was different in patients with different clinical traits (survival state, gender, T stage, N stage).
O-R The histogram showed the distribution of patients with different m5Cscore in different clinical
characteristics.

Figure 8

M5C modi�cation patterns in the role of anti-PD-1/L1 immunotherapy and the revalidation of m5C
modi�cation patterns. A Survival analyses for low (185 cases) and high (163 cases) m6Ascore patient
groups in the anti-PD-L1 immunotherapy cohort using Kaplan-Meier curves (IMvigor210 cohort; P =
0.035). B The proportion of patients with response to PD-L1 blockade immunotherapy in low or high
m5Cscore groups. SD, stable disease; PD, progressive disease; CR, complete response; PR, partial
response. C Distribution of m5Cscore in distinct anti-PD-L1 clinical response groups. D Survival analyses
for low and high m5Cscore patient groups in the anti-PD1 immunotherapy cohort using Kaplan-Meier
curves (GSE78220 cohort; P=0.062). E The proportion of patients with response to PD-1 blockade
immunotherapy in low or high m5Cscore groups. F Distribution of m5Cscore in distinct PD-1 blockade
clinical response groups. G Survival analyses for patients receiving anti-PD-L1 immunotherapy strati�ed
by both m5Cscore and neoantigen burden using Kaplan-Meier curves. H, high; L, Low; NEO, neoantigen
burden (P < 0.0001). H Differences in m6Ascore among distinct tumor immune phenotypes in IMvigor210
cohort. I Differences in expression of immune cells among high and low m5Cscore groups. J CIBERSOFT
analysis was used to assess the cellular immunity strength among high and low m5Cscore groups. K
Expression of immune checking point in high and low m5Cscore group.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

�gureS1.jpg

supplementary.docx

https://assets.researchsquare.com/files/rs-1752939/v1/2b5596fcf0746d2caf05f3c6.jpg
https://assets.researchsquare.com/files/rs-1752939/v1/e3a1bbee314e12a653942011.docx

