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Abstract
Background: Bladder cancer (BLCA) is the most popular malignant carcinomas in genitourinary system
which has a high incidence and is prone to relapse. However, the molecular mechanism of BLCA remains
to be unclear. Moreover, there is still a shortage of effective biomarkers that can predict progression and
prognosis of BLCA. The objective of current study is to screen signi�cant genes as biomarkers to forecast
the progression and prognosis of BLCA patients.

Methods: Gene expression pro�le downloaded from TCGA database and GEO database was used.
Differential gene expression analysis and WGCNA were conducted to identify differential co-expression
genes. In addition, GO enrichment analysis and KEGG pathway analysis were used to explore the
functions of these genes. Moreover, PPI network, OS and DFS were used to identify survival-related hub
genes. Finally, the expression levels of these genes were validated by qRT-PCR and HPA database.

Results: About 124 differential co-expression genes were identi�ed. And these genes were mainly
enriched in muscle system process and muscle contraction (BP), contractile �ber, myo�bril, sarcomere,
focal adhesion and cell-substrate junction (CC) and actin binding (MF) in GO enrichment analysis, while
enriched in vascular smooth muscle contraction, focal adhesion, cardiac muscle contraction,
hypertrophic cardiomyopathy, dilated cardiomyopathy and regulation of actin cytoskeleton in KEGG
analysis. Furthermore, �ve survival-related hub genes (MYH11, ACTA2, CALD1, TPM1, MYLK) were
identi�ed via overall OS and DFS. In addition, the expression levels of the �ve survival-related genes were
upregulated with the procession of BLCA, such as grade, stage and TNM stage. Finally, all survival-related
hub genes were found to be down-regulated in BLCA via qRT-PCR and HPA database.

Conclusions: Our current study veri�ed �ve new key genes in BLCA, which could help us better understand
the pathogenesis of BLCA. And these �ve hub genes may be involved in the development and progression
of BLCA and served as potential biomarkers.

Background
Bladder cancer (BLCA) which has a high incidence and is prone to relapse, is the most popular malignant
carcinomas in genitourinary system(1) with 549,393 new cases and 199,922 deaths in 2018(2), and
greatly threatens people’s lives and health. In the meantime, it also imposes substantial economic
burdens on patients who suffer from this illness. It is known that BLCA is caused by genetic
abnormalities and external risk factors including occupational exposure to carcinogen, smoking, coffee,
intake of analgesics and arti�cial sweeteners, infection, in�ammation, bladder calculus, chemotherapy
and radiation(3). The vast majority of BLCA is of urothelial histology and could be divided into non-
muscle invasive bladder cancer (NMIBC) and muscle-invasive bladder cancer (MIBC) according to tumor
stage(4). Among newly diagnosed BLCA, approximately 75% are NMIBC(5, 6). Transurethral resection of
bladder tumor (TURBT) and intravesical chemotherapy are the standard for initial plan of action when
treating NMIBC(7, 8). The remaining 25% are MIBC and need either radical cystectomy or chemotherapy.
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However, some patients had poor outcomes(5, 9). In addition, approximately 70% of NMIBC patients have
a high rate of recurrence and about 30% of NMIBC patients may even progress to MIBC after local
therapy(10). Therefore, long-term follow-up with cystoscopy and computed tomography (CT) scan was
required(11), which greatly increased patient’s economic burdens. Currently, effective biomarkers that can
accurately forecast the progression and prognosis of BLCA are still scarce. Therefore, it is essential to
screen out new biomarkers to improve outcomes of BLCA patients.

With the quick development of high-throughput sequencing technology and gene microarray, thousands
of gene data associated with diseases could be identi�ed rapidly, thus bioinformatics has obvious
advantages in exploring the pathogenesis of diseases and identifying potential biomarkers. Weighted
gene co-expression network analysis (WGCNA) can demonstrate gene function and gene association(12).
And it has been widely used to analyze gene expression data. Genes with similar expression patterns can
be incorporated into the same modules and analyzed whether they are corelated to clinical trait
information(13). On the other hand, differential gene expression analysis can determine quantitative
changes of mRNA levels between tumors and normal tissues to screen potential biomarkers(14).

With regarding to BLCA, many potential biomarkers were identi�ed with bioinformatics, for example,
CDC20, ASPM, TAGLN, ACTA2, MYH11, CALD1, MYLK, GEM, PRELP, TPM2, and OGN(15-19). In addition,
several signaling pathways involved in BLCA, including vascular smooth muscle contraction, hypertrophic
cardiomyopathy (HCM), dilated cardiomyopathy (DCM), focal adhesion, cGMP-PKG, cAMP, MAPK and
PI3K-AKT, were screened out(15),(16). However, most previous studies only used the cancer genome atlas
(TCGA) database or Gene Expression Omnibus (GEO) database when WGCNA was applied (13, 18).
Moreover, although there were studies based on TCGA and GEO database, only differential gene
expression analysis was performed(16, 17). It was the �rst time to combine WGCNA with differential gene
expression analysis to identify biomarkers of BLCA based on TCGA database and GEO database.

In present study, we used gene expression pro�les downloaded both from TCGA database and GEO
database to uncover differential co-expression genes. Then GO functional enrichment analysis, KEGG
pathway analysis, PPI network analysis, OS analysis and DFS analysis were performed to identify
survival-related hub genes. After that we validated expression level of survival-related hub genes by qRT-
PCR and the Human Protein Atlas (HPA) database. Finally, we explored the association between clinical
information, including age, gender, grade, stage and TNM stage, and hub genes’ expression.

Methods
Work�ow

A �ow diagram of current study was shown in Figure 1. First, we downloaded gene expression pro�les
from TCGA database and GEO database to screen DEGs. Next, we constructed a co-expression network
by WGCNA to identify differential co-expression genes. After that, we perform GO enrichment analysis
and KEGG pathway analysis for differential co-expression genes. Additionally, we constructed a PPI
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network to screen hub genes and identi�ed survival-related hub genes via OS and DFS analysis. Then, we
validated the expressions of survival-related hub genes by HPA database, GEPIA database and qRT-PCR.
Finally, we analyzed the association between the expressions of survival-related hub genes and clinical
information of BLCA patients.

Datasets from TCGA and GEO database

We downloaded the gene expression pro�les of BLCA and matched clinical information from TCGA
(https://portal.gdc.cancer.gov/) database. There were 430 samples that included 411 bladder cancer and
19 normal tissues and 19,645 genes. Then we downloaded the GTF con�guration �le from the Ensembl
database (http://asia.ensembl.org/index.html) to match probes with corresponding genes. Probes with
more than one gene were eliminated and the average value was calculated out for these genes
corresponding to more than one probes. Genes of low read counts are usually excluded for further
analysis, so we set the genes with a cpm (count per million) ≥ 1 in our current study. Ultimately, 14,716
genes were used for further analysis.

In addition, we downloaded the normalized expression pro�les of GSE13507 from GEO database
(https://www.ncbi.nlm.nih.gov/geo/), another gene expression pro�les of BLCA which were studied with
the GPL6102 platform Illumina human-6 v2.0 expression beadchip. GSE13507 consisted of 188 BLCA
samples including 165 primary bladder cancer samples and 23 recurrent non-muscle invasive tumor
tissues, and 68 normal samples containing 58 normal looking bladder mucosae surrounding cancer
which were histologically con�rmed normal and 10 normal bladder mucosae. Probes were converted to
the gene symbol based on an annotation �le which was provided by the manufacturer and repeated
probes for the same gene were removed. Therefore, about 24,323 genes were selected for the subsequent
analysis.

Differentially expressed genes (DEGs) analysis

The R package “limma”(20) was used to screen DEGs in TCGA-BLCA and GSE13507 dataset between
BLCA and normal tissues. We set the adj.P < 0.05 and |logFC| ≥ 1 as the threshold for screening DEGs.
Ultimately, the DEGs selected from TCGA-BLCA and GSE13507 dataset were visualized as a volcano plot
by using the R package “ggplot2”, while as a heatmap plot by using “pheatmap”.

Construction of weighted co-expression network and identi�cation of key modules

We kept the expression pro�les of TCGA-BLCA and GSE13507 quali�ed and then constructed gene co-
expression networks by “WGCNA” package in R(12) for these data. To build standard scale-free networks
using the pickSoftThreshold function, soft powers β = 5 and 11 were selected. Next, we used Pearson’s
correlation matrices performed for all pairs of genes to construct adjacency matrixes. Then the adjacency
matrixes were turned into topological overlap matrixes (TOM) as well as the corresponding dissimilarity
(1-TOM). At the same time, average linkage hierarchical clustering was conducted to classify genes with
similar expression patterns into gene modules. To identify functional modules in co-expression networks,
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we �rstly quantized the correlation between module eigengenes and clinical trait information, and further
quanti�ed the relationship by calculating Gene Signi�cance (GS). We got the average value of GS of all
the genes in a module, called Module Signi�cance (MS) via the data processing. Module with an absolute
MS ranking �rst in all modules was considered candidate relevant to clinical traits. Finally, the module
highly correlated with clinical trait information of bladder cancer was selected for further analysis.

Interaction between the modules of interest and DEGs

After DEGs analysis and WGCNA analysis, we obtained several differential co-expression genes between
DEGs and co-expression genes that were extracted from the co-expression network to look for potential
prognosis genes via the R package “VennDiagram”(21). And the result was present as a Venn diagram.

Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathway enrichment analysis

GO enrichment analysis and KEGG pathway analysis were performed for differential co-expression genes
via R package “clusterPro�ler”(22). Gene sets with p < 0.05 were referred to be signi�cantly enriched. GO
analysis consist of biological process (BP), cellular component (CC) and molecular function (MF), only
the top ten terms with p < 0.05 were selected. While in KEGG analysis, we selected a maximum of 30
terms with p < 0.05.

Construction of PPI and screening of hub genes

In current study, we used Search Tool for the Retrieval of Interacting Genes (STRING) database
(http://www.string-db.org/)(23) which is designed for predicting protein–protein interactions (PPI) to
construct a PPI network of differential co-expression genes. We de�ned these genes with minimum
required interaction score greater than 0.7 as hub genes, and the network diagram was visualized by
Cytoscape (v3.8.0)(24). Maximal Clique Centrality (MCC) algorithm was e�cient to �nd hub nodes. We
calculated MCC of each node by CytoHubba(25), a plugin in Cytoscape, and �nally we chose the top 10
MCC values as hub genes.

Veri�cation of the expression patterns and the prognostic values of hub genes

We con�rmed the hub genes’ expression pattern in BLCA and normal tissues based on GEPIA database
(http://gepia.cancer-pku.cn/)(26). The expression level of each hub gene was shown in a box plot graph.
In our study, patients whose clinical data of survival time and survival status were incomplete were
excluded. According to the median expression value of hub genes, we divided patients into two groups.
After that, we performed a Kaplan-Meier survival analysis to explore the relationship between OS and hub
genes in patients using the R package “survival”. Furthermore, the association between DFS and hub
genes was conducted in GEPIA database. Finally, it should be emphasized that genes with
signi�cant p value (p < 0.05) in OS analysis would be thought as survival associated genes. In addition,
we divided the bladder cancer patients obtained from TCGA database into two groups according to age,
gender, grade, stage and TNM stage using dichotomy, then we explored the association between these
clinical information and hub genes’ expression via R package “ggpubr”.
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Validation of protein expressions of survival-related hub genes by HPA database

We downloaded immunohistochemistry (IHC) pictures from HPA (https://www.proteinatlas.org/)
database to validate the protein expressions of hub genes between BLCA and normal tissues.

Validation of mRNA expressions of survival-related hub genes by qRT-PCR

We further collected bladder cancer and matched paracancerous tissues from Zhongnan Hospital,
Wuhan University, to verify the expression of hub genes. Total RNA from tissues was isolated using
Hipure Total RNA Mini Kit (Cat. R4111-03, Magen) according to the manufacturer's instruction. After that,
the quantity of isolated RNA was measured by a NanoDrop® ND‐1000 UV‐Vis spectrophotometer
(Thermo Scienti�c). The cDNA was synthesized using 1 μg total RNA by ABScript II RT Master Mix for
qPCR (Cat.RK20402, Abclonal). Each qPCR reaction was conducted with 10 μL 2X Universal SYBR Green
Fast qPCR Mix (Cat.RK21203, Abclonal), 7 μL ddH2O, 1 μL cDNA, 1 μL forward primer and 1 μL reverse
primer. Values were normalized for ampli�ed GAPDH alleles. Primer sequences were listed as follows:

TPM1: 5'-GCCGACGTAGCTTCTCTGAAC-3', 5'-TTTGGGCTCGACTCTCAATGA-3'; MYLK: 5'-
CCCGAGGTTGTCTGGTTCAAA-3', 5'-GCAGGTGTACTTGGCATCGT-3'; CALD1: 5'-
TCGACCCAACAATAACAGATGC-3', 5'-TCTCGTATCTTTCTTGGCGACT-3'; MYH11: 5'-
CGCCAAGAGACTCGTCTGG-3', 5′-TCTTTCCCAACCGTGACCTTC-3'; ACTA2: 5'-
GTGTTGCCCCTGAAGAGCAT-3', 5'-GCTGGGACATTGAAAGTCTCA-3'; GAPDH: 5'-
ATGGAGAAGGCTGGGGCTC-3', 5'-AAGTTGTCATGGATGACCTTG-3'.

Statistical analysis

R software 4.0.2 was used for all statistical analyses. Two-tailed Student's t-tests were used to assess the
statistical signi�cance of differences between the groups. Statistical signi�cance was considered as p <
0.05.

Results
Differentially expressed genes (DEGs) analysis

According to the cut-off criteria of |logFC| ≥ 1.0 and adj. P < 0.05, a total of 875 DEGs including 236
upregulated genes and 639 down-regulated genes in the TCGA-BLCA dataset (Figure 2B) and 464 DEGs
which consisted of 77 upregulated genes and 387 down-regulated genes in the GSE13507 dataset (Figure
2D) were identi�ed to be dysregulated in bladder cancer tissues by R package “limma”. And heatmaps
were shown in Figure 2A, 2C.

Construction of weighted co-expression network and identi�cation of key modules

The gene co-expression networks were constructed in TCGA-BLCA and GSE13507 via R package
“WGCNA” to search the key modules. Four hundred and nine BLCA samples with clinical information were
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included for the co-expression analysis in TCGA-BLCA dataset while 256 samples in GSE13507 dataset.
Each module was assigned different colors, a sum of 13 modules in TCGA-BLCA dataset and 10 modules
in GSE13507 dataset were identi�ed in current study. Genes without being classi�ed into any other
module formed the grey module, which was abandoned for further analysis (Figure 3A, 3C). Then we
evaluated the correlations between modules and clinical traits which were present in the form of heatmap
named module-trait relationships (Figure 3B, 3D). Among these modules, the brown module including
1,018 co-expression genes in TCGA-BLCA dataset and the turquoise module consisting of 2,102 co-
expression genes were found to have highest correlation coe�cients with normal tissues (brown module:
r = 0.59, p = 1e-41; turquoise module: r = 0.52, p = 6e-19).

Interaction between the interested modules and DEGs

As shown in Figure 4, one hundred and twenty-four differential co-expression genes were identi�ed
between DEGs and co-expression genes via the R package “VennDiagram” for further analysis.

GO enrichment analysis and KEGG pathway analysis

In order to �gure out the potential functions of the 124 differential co-expression genes, GO enrichment
analysis and KEGG pathway analysis were conducted by R package “clusterPro�ler”. The 124 differential
co-expression genes can be categorized into 3 functional subgroups: biological process (BP), cellular
component (CC) and molecular function (MF). As shown in Figure 5A, genes in the BP group were mainly
enriched in muscle system process and muscle contraction, while genes in the CC group were mainly
involved in contractile �ber and myo�bril. In addition, actin binding was suggested to be related to the
124 differential co-expression genes in the MF group. Moreover, it demonstrated that these genes were
mainly involved in vascular smooth muscle contraction and focal adhesion according to KEGG pathway
analysis (Figure 5B).

PPI network construction and hub genes identi�cation

PPI network of 124 differential co-expression genes, including 124 nodes and 94 edges, was further
established by STRING database (Figure 6A). Hub genes were de�ned as minimum interaction score
greater than 0.7, then these hub genes were visualized with Cytoscape software (v3.8.0) (Figure 6B).
Eventually, the top 10 genes with the highest degree of connectivity were chosen as hub genes of BLCA.
These hub genes included myosin heavy chain 11 (MYH11), alpha-smooth muscle actin (ACTA2),
tropomyosin 2 (TPM2), actin gamma 2 (ACTG2), caldesmon 1 (CALD1), myosin light chain 9 (MYL9),
tropomyosin 1 (TPM1), myosin light chain kinase (MYLK), sorbin and SH3 domain containing 1
(SORBS1) and leiomodin 1 (LMOD1), which might play a critical role in the progression of BLCA.

Veri�cation of the expression patterns, the prognostic values and mRNA expression of hub genes

Subsequently, the expression levels of the ten hub genes were substantiated in the GEPIA database, and
all hub genes were downregulated signi�cantly in BLCA compared with normal tissues (Figure 7).
Additionally, overall survival (OS) analysis was performed via the R package “survival” based on the
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mRNA sequence data and matched clinical information of BLCA patients. As shown in Figure 8, OS
analysis demonstrated that higher expression levels of MYH11, ACTA2, CALD1, TPM1 and MYLK were
associated with worse prognosis (p < 0.05), therefore we de�ned these �ve genes as survival-related hub
genes. Meanwhile, we performed disease free survival (DFS) analysis using the GEPIA database.
However, among these �ve survival-related genes, only the expression levels of CALD1 and MYLK were
found to be associated with the prognosis (Figure 9). In addition to OS and DFS analysis, we used
dichotomy to classify the bladder cancer patients obtained from TCGA database into two groups
according to their age, gender, grade, stage and TNM stage. Then the associations between these clinical
information and hub genes’ expression were explored via R package “ggpubr”. And it was revealed that
the expression levels of the �ve survival-related genes were upregulated with the procession of BLCA,
such as grade, stage and TNM stage (Figure 10). Finally, the protein levels of MYH11, ACTA2, CALD1,
TPM1 and MYLK were determined using HPA database. Also, they were veri�ed with qRT-PCR using our
own tissues. Consistent with GEPIA database, the protein and mRNA expression levels of MYH11, ACTA2,
CALD1, TPM1 and MYLK were signi�cantly downregulated in the BLCA samples (Figure 11).

Discussion
In current study, a total of 124 differential co-expression genes were identi�ed. These genes were mainly
enriched in muscle system process, related to the movement, invasion and metastasis of bladder cancer
cells. We further identi�ed 10 hub genes (MYH11, ACTA2, TPM2, ACTG2, CALD1, MYL9, TPM1, MYLK,
SORBS1, LMOD1) with constructing a PPI network. All 10 genes were downregulated in BLCA tissues. In
addition, OS analysis showed 5 of the identi�ed hub genes (MYH11, ACTA2, CALD1, TPM1, MYLK) were
associated with worse prognosis of BLCA. Moreover, among these �ve genes, only CALD1 and MYLK
were associated with disease-free survival (DFS). Our novel data indicated the 5 hub genes could be used
as prognosis biomarkers of BLCA and vascular smooth muscle signaling may play critical roles in the
progression of BLCA.

Previous studies either used single database or single method which lacked su�ciently accuracy and
effectiveness. The present study, for the �rst time, combined WGCNA with differential gene expression
analysis to identify biomarkers for the prognosis and progression of BLCA. We identi�ed DEGs and co-
expression genes both from TCGA and GEO database and interaction between DEGs and co-expression
genes was further analyzed, with 124 differential co-expression genes found. Based on GO enrichment
analysis, these genes were mainly enriched in biological process (BP) of muscle system process and
muscle contraction, cellular component (CC) of contractile �ber, myo�bril, sarcomere, focal adhesion and
cell-substrate junction, and molecular function (MF) of actin binding. Similarly, KEGG pathway
enrichment analysis showed vascular smooth muscle contraction, focal adhesion, cardiac muscle
contraction, hypertrophic cardiomyopathy, dilated cardiomyopathy and regulation of actin cytoskeleton,
were mainly involved. Both enrichment analysis for these dysregulated genes revealed that
biomechanics, which were involved in cell deformability, adherence, migration, invasion and tumor
metastasis, could play an essential role in the progression of BLCA. Indeed, there were several studies in
breast cancer and pancreatic cancer, demonstrating biomechanics contributed greatly to tumor
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progression and prognosis(27). However, there is no relevant studies about the biomechanics in BLCA.
Therefore, it will be helpful for better understanding the pathogenesis of BLCA and better predicting the
progression of BLCA when determine these dysregulated genes and related pathways.

Subsequently, we constructed a PPI network of the 124 differential co-expression genes and the top 10
genes which had highest degree of connectivity were chosen as hub genes, including MYH11, ACTA2,
TPM2, ACTG2, CALD1, MYL9, TPM1, MYLK, SORBS1 and LMOD1. Interestingly, most of these hub genes
were again associated with muscle system process. Indeed, OS analysis showed �ve (MYH11, ACTA2,
CALD1, TPM1 and MYLK) of the identi�ed hub genes were negatively corelated with survival. Thus, these
�ve genes could contribute to the prognosis of BLCA. Furthermore, the expression levels of the �ve
survival-related genes were upregulated with the procession of BLCA, such as grade, stage and TNM
stage. However, all �ve survival-related genes were less expressed in BLCA tissues and higher expression
levels of MYH11, ACTA2, CALD1, TPM1 and MYLK showed worse OS, which were consistent with a
previous study(17). Different roles of tumor-suppressive genes in different biological processes may
explain this phenomenon. It’s well known that tumor-suppressive genes play a major role in the normal
growth and differentiation of the cell and block the development of cancer(28). However, mutations,
deletions or inactivation of tumor-suppressive genes lead to cancers(28). We speculate that the
decreased expression of these genes in tumors is associated with the occurrence of tumors, while their
expression increased with tumor progression is associated with tumor progression. Maybe these gene’s
alternations in BLCA tissues need to be examined in further experiments and it could help us better
explore the pathogenesis of BLCA.

MYH11 (myosin heavy chain 11) which shows the highest degree of connectivity among hub genes
encodes MYH11, a smooth muscle myosin belonging to the myosin heavy chain family(29). We know
MYH11 is a contractile protein and is involved in muscle contraction via adenosine triphosphate
hydrolysis(30). Furthermore, MYH11 was also participated in cell adhesion and migration(31, 32). Several
previous studies have revealed that MYH11 is a biomarker of BLCA(15, 17), which is consistent with our
conclusion. Additionally, the expression level of MYH11 has been reported to be dysregulated in
colorectal cancer(33, 34), lung cancer(35), laryngeal cancer(36) and acute myeloid leukemia(37). Based
on these researches above mentioned, we speculate that myosin-dependent contractile activity in non-
muscle cells may be participated in cell adhesion and migration to promote tumor invasion. ACTA2
(alpha-smooth muscle actin) was reported to be downregulated in BLCA in the previous study, which
meets our results(15, 17). ACTA2 participates in the maintenance of mechanical tension and cell shape,
and is of great importance for tumor cell migration and invasion(38). Huang et al found that PGAM1
interacts with ACTA2 to facilitate cell motility and cancer cell migration(39). Lee et al revealed that the
ampli�cation of ACTA2 was signi�cantly associated with early brain metastasis of lung
adenocarcinoma(40), and they also uncovered that lung adenocarcinomas patients with high ACTA2
expression have increased distant metastasis and poor prognosis(41). Additionally, ACTA2 has been
reported to accelerate the invasiveness and metastasis of breast cancer cells(42). As cell motility is
critically dependent on the actin cytoskeleton, so ACTA2 maybe be important for migration, invasion and
metastasis. CALD1 (caldesmon 1) encodes a calmodulin- and actin-binding protein and is involved in the
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regulation of smooth muscle and nonmuscle contraction. It has been reported that CALD1 can regulate
cell migration, invasion and proliferation and enhance stress �ber formation(43). Moreover, high
expression of CALD1 in colon cancer showed a poor prognosis(44, 45). CALD1 was identi�ed as a tumor-
speci�c splicing variant in colorectal cancer, bladder cancer, prostate cancer and glioma in particular(46-
48). Additionally, it has been suggested that CALD1 may indicate general cancer-related splicing
events(48). TPM1 (tropomyosin 1) is involved in the formation of stress �bers, and reduction in cell
motility and migration. It has been reported to be downregulated in various tumors, including gastric
cancer(49), bladder cancer(17), intrahepatic cholangiocarcinoma(50), renal cell carcinoma(51) and so on.
Above mentioned studies demonstrated that TPM1 inhibited cell proliferation, migration, invasion,
angiogenesis and metastasis as a tumor suppressor. Like CALD1, TPM1 also is a tumor-speci�c splicing
variant, which has been veri�ed in head and neck cancer, colon cancer, bladder cancer and prostate
cancer(48, 52). MYLK (myosin light chain kinase) encodes myosin light chain kinase which is a
calcium/calmodulin dependent enzyme. Previous studies have demonstrated that malignant
transformation of normal cells and affect migratory and invasive properties of tumor cells are associated
with altered MYLK expression in multiple cancers(53-57). Moreover, we also found that the expression
levels of the �ve survival-related genes were upregulated with the process of BLCA, such as grade, stage
and TNM stage, which further suggested the values of these survival-related genes for predicting the
progression and prognosis of BLCA patients.

In summary, we discovered that the MYH11, ACTA2, CALD1, TPM1 and MYLK may be used as potential
prognosis biomarkers for BLCA patients. And we also revealed vascular smooth muscle contraction may
be considered as new therapeutic targets for treatment of BLCA. However, the above conclusions are
obtained via bioinformatics analysis merely, further biological experiments are required to con�rm the
function and molecular mechanisms of these survival-related genes and signal pathways in BLCA.
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BLCA      Bladder cancer

NMIBC  Non-muscle invasive bladder cancer

MIBC     Muscle-invasive bladder cancer

TURBT   Transurethral resection of bladder tumor

CT           Computed tomography
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TCGA     The cancer genome atlas

GEO       Gene expression omnibus
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OS          Overall survival

DFS        Disease free survival
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MF         Molecular function

STRING Search tool for the retrieval of interacting genes
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TPM2    Tropomyosin 2

ACTG2  actin gamma 2
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CALD1   caldesmon 1

MYL9     Myosin light chain 9

TPM1    Tropomyosin 1

MYLK     Myosin light chain kinase

SORBS1 Sorbin and SH3 domain containing 1
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Figure 1

Flow diagram of this study.
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Figure 2

Identi�cation of differentially expressed genes (DEGs) in the TCGA and GSE13507 datasets of BLCA. (A),
(C) Volcano plot of DEGs in the TCGA and GSE13507 datasets. (B), (D) Heatmap plot of DEGs in the
TCGA and GSE13507 datasets. The dotted line corresponds to logFC = 0. The red nodes represent
upregulated genes with a logFC ≥ 1. The green nodes represent downregulated genes with a logFC ≤ -1.
with the cut-off criteria of adj.P < 0.05 and |logFC| ≥ 1
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Figure 3

Identi�cation of modules associated with the clinical information in the TCGA and GSE13507 datasets of
BLCA. (A), (C) Gene dendrogram and module colors in the TCGA and GSE13507 datasets. Each module
was assigned different colors. (B), (D) Module-trait relationships in the TCGA and GSE13507 datasets.
Each row corresponds to a color module and column corresponds to a clinical trait (cancer and normal).
Each cell contains the corresponding correlation and P-value.
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Figure 4

The Venn diagram of genes among DEG lists and co-expression module. In total, 124 differential co-
expression genes in the intersection of DEG lists and two co-expression modules.
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Figure 5

GO and KEGG pathway enrichment analysis for 124 differential co-expression genes. (A) GO enrichment
analysis for 124 differential co-expression genes. (B) KEGG pathway enrichment analysis for 124
differential co-expression genes. The color represents the adjusted p-value, and the size of the spots
represents the gene number.

Figure 6
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Visualization of the protein-protein interaction (PPI) network and hub genes. (A) PPI network of 124
differential co-expression genes. The round nodes represent the genes. Edges indicate interaction
associations between nodes. (B) Identi�cation of the hub genes from the PPI network using maximal
clique centrality (MCC) algorithm. Edges represent the protein-protein associations. The red nodes
represent genes with a high MCC score, while the yellow nodes represent genes with a low MCC score.

Figure 7
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Validation of expression levels of these ten hub gens among BLCA and normal tissues from the TCGA
database. (A) Gene expression value MYH11 among samples of TCGA. (B) Gene expression value ACTA2
among samples of TCGA. (C) Gene expression value TPM2 among samples of TCGA. (D) Gene
expression value ACTG2 among samples of TCGA. (E) Gene expression value CALD1 among samples of
TCGA. (F) Gene expression value MYL9 among samples of TCGA. (G) Gene expression value TPM1
among samples of TCGA. (H) Gene expression value MYLK among samples of TCGA. (I) Gene expression
value SORBS1 among samples of TCGA. (J) Gene expression value LMOD1 among samples of TCGA.

Figure 8

Overall survival (OS) analysis of 10 hub genes in BLCA patients based the TCGA database. (A) Survival
analysis for MYH11 in BLCA. (B) Survival analysis for ACTA2 in BLCA. (C) Survival analysis for TPM2 in
BLCA. (D) Survival analysis for ACTG2 in BLCA. (E) Survival analysis for CALD1 in BLCA. (F) Survival
analysis for MYL9 in BLCA. (G) Survival analysis for TPM1 in BLCA. (H) Survival analysis for MYLK in
BLCA. (I) Survival analysis for SORBS1 in BLCA. (J) Survival analysis for LMOD1 in BLCA. The patients
were strati�ed into high-level group (red) and low-level group (green) according to median expression of
the gene. Log-rank p < 0.05 was considered as statistical signi�cance.



Page 25/28

Figure 9

Disease free survival (DFS) analysis of 10 hub genes in BLCA patients from the GEPIA database. (A)
Survival analysis for MYH11 in BLCA. (B) Survival analysis for ACTA2 in BLCA. (C) Survival analysis for
TPM2 in BLCA. (D) Survival analysis for ACTG2 in BLCA. (E) Survival analysis for CALD1 in BLCA. (F)
Survival analysis for MYL9 in BLCA. (G) Survival analysis for TPM1 in BLCA. (H) Survival analysis for
MYLK in BLCA. (I) Survival analysis for SORBS1 in BLCA. (J) Survival analysis for LMOD1 in BLCA. The
patients were strati�ed into high-level group (red) and low-level group (green) according to median
expression of the gene. Log-rank p < 0.05 was considered as statistical signi�cance.
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Figure 10

Association between �ve survival-related hub genes’ expression and age, gender, stage, grade, TNM
stage. (A-E) Association between �ve survival-related hub genes’ expression (MYH11, ACTA2, CALD1,
TPM1, MYLK) and age. The patients were strati�ed into < 65 group (red) and ≥ 65 group (green). (F-J)
Association between �ve survival-related hub genes’ expression (MYH11, ACTA2, CALD1, TPM1, MYLK)
and gender. The patients were strati�ed into female group (red) and male group (green). (K-O)
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Association between �ve survival-related hub genes’ expression (MYH11, ACTA2, CALD1, TPM1, MYLK)
and grade. The patients were strati�ed into high grade group (red) and low grade group (green). (P-T)
Association between �ve survival-related hub genes’ expression (MYH11, ACTA2, CALD1, TPM1, MYLK)
and stage. The patients were strati�ed into stage &  group (red) and stage &  group (green). (U-Y)
Association between �ve survival-related hub genes’ expression (MYH11, ACTA2, CALD1, TPM1, MYLK)
and T stage. The patients were strati�ed into T1&2 group (red) and stage T3&4 group (green). (Z-AD)
Association between �ve survival-related hub genes’ expression (MYH11, ACTA2, CALD1, TPM1, MYLK)
and N stage. The patients were strati�ed into N0&1 group (red) and stage N2&3 group (green). (AE-AH)
Association between �ve survival-related hub genes’ expression (MYH11, ACTA2, CALD1, TPM1, MYLK)
and M stage. The patients were strati�ed into M0 group (red) and stage M1 group (green).
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Figure 11

Veri�cation of the protein and mRNA expression level of �ve survival-related hub genes from the human
protein atlas (HPA) database and qRT-PCR. (A) Protein levels of MYH11, ACTA2, CALD1, TPM1, MYLK in
BLCA and normal tissues from HPA database. (B) mRNA levels of MYH11, ACTA2, CALD1, TPM1, MYLK
in BLCA and normal tissues from qRT-PCR.


