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Background: Recurrence is common in bladder cancer, with a hypoxic tumor microenvironment (TME) 
playing a role in genetic instability and prognosis of bladder cancer. However, we still lack practical hypoxia 
related model for predicting the prognosis of bladder cancer. In this study, we identified new prognosis-
related hypoxia genes and established a new hypoxia score related signature.
Methods: The Gene Set Variation Analysis (GSVA) algorithm was utilized to calculate the hypoxia score 
of bladder cancer cases found on the The Cancer Genome Atlas (TCGA) database on the gene expression 
profiles. The cases were first divided into low- and high-hypoxia score groups and then differentially 
expressed genes (DEGs) expression analysis was conducted. Hypoxia-related genes were identified using 
weighted gene co-expression network analysis (WGCNA). We then conducted a protein-protein interaction 
(PPI) network and carried out functional enrichment analysis of the genes that overlapped between DEGs 
and hypoxia-related genes. LASSO Cox regression analysis was used to establish a hypoxia-related prognostic 
signature, which was validated using the GSE69795 dataset downloaded from GEO database.
Results: Results from Kaplan-Meier analysis showed that patients with a high hypoxia score had 
significantly poor overall survival compared to patients with low hypoxia score. We selected 270 DEGs 
between low- and high-hypoxia score groups, while WGCNA analysis identified 1,313 genes as hypoxia-
related genes. A total of 170 genes overlapped between DEGs and hypoxia-related genes. LASSO algorithms 
identified 29 genes associated with bladder cancer prognosis, which were used to construct a novel 29-gene 
signature model. The prognostic risk model performed well, since the receiver operating characteristic (ROC) 
curve showed an accuracy of 0.802 (95% CI: 0.759–0.844), and Cox proportional hazards regression analysis 
proved the model an independent predictor with hazard ratio (HR) =1.789 (95% CI: 1.585–2.019) (P<0.001). 
The low-risk score patients had remarkably longer overall survival than patients with a higher score (survival 
rate 71.06% vs. 23.66%) in the The Cancer Genome Atlas (TCGA) cohort (P<0.0001) and in the dataset 
GSE69795 (P=0.0079).
Conclusions: We established a novel 29-gene hypoxia-related signature model to predict the prognosis of 
bladder cancer cases. This model and identified hypoxia-related genes may further been used as biomarkers, 
assisting the evaluation of prognosis of bladder cancer cases and decision making in clinical practice. 
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Introduction

Bladder cancer is currently the 10th most frequent and 
common cancer worldwide, with about 200,000 deaths and 
549,000 new cases being recorded in 2018 (1). Transitional 
cell carcinoma accounts for 90% of all bladder cancers (2).  
Clinically, bladder cancer is divided into metastatic bladder 
cancer, muscle-invasive bladder cancer (MIBC) and non-
muscle-invasive bladder cancer (TaT1, CIS) (NMIBC). 
Several strategies such as immunotherapy have been 
employed in the treatment of bladder cancer, leading to 
a decline in bladder cancer-related mortality rates (3). 
However, due to the genetic instability associated with 
bladder cancer, there is need to improve treatment efficacy 
by identifying other potential therapeutic targets.

The tumor microenvironment (TME) is one of the 
critical regulators of cancer progression and metastasis (4). 
In addition, the hypoxia state that is frequently associated 
with the TME plays a critical role in cancer genetic 
instability and prognosis (5). Hypoxia is related to tumor 
necrosis and pronounced hypoxia has been observed in 
human bladder cancer tissues (6). Hypoxia can influence the 
effect of radiotherapy on MIBC. Moreover, chemoresistance 
of bladder cancer cells is also associated with hypoxia by 
activation of HIF-1α-associated autophagy (7). Hypoxia 
can also influence the genetic instability and malignant 
progression of MIBC, which are related to metastasis (8).

Since hypoxia plays an essential role in bladder cancer, 
assessing and targeting hypoxia would be beneficial for 
the clinical management of bladder cancer. Hypoxia-
modifying therapy combined with radiotherapy has been 
seen to improve the survival of high-risk bladder cancer 
patients (9). In addition, different types of biomarkers, such 
as miR-210 and hypoxia-inducible factor (HIF)-1α, have 
been found to reflect the hypoxic state of bladder cancer 
(10,11). There have been a lot of prognostic biomarkers 
for bladder cancer. Clinicopathologic characteristics like 
presence of carcinoma in situ, lymphovascular invasion and 
micropapillary histology have been regarded as prognostic 
markers for NMIBC (12). Nomograms, fluorescence  
in situ  hybridization (FISH), and many molecular 
biomarkers including cell cycle regulators, cell adhesion 
molecules have been proved as prognostic markers in 
previous studies. It still remains a great challenge for 
urologic doctors to discover which bladder cancer cases 
are at higher risk in prognosis and may benefit from early, 
more radical treatment. Recently, bioinformatics has been 
utilized to construct hypoxia-related models to predict the 

survival of cancer cases (13,14). There are also studies about 
identifying hypoxia-related prognostic model for bladder 
cancer (15,16). Different bioinformatic analysis technologies 
have been used to discover potential hypoxia related 
biomarkers. The findings of these studies pointed out some 
potential biomarkers and models, but there is still a long 
way to go for wider clinical applications. More studies are 
needed for enriching this research field using updating 
bioinformatic technologies and different verification.

In this study, gene expression profiles for bladder cancer 
cases obtained from The Cancer Genome Atlas (TCGA) 
database (https://cancergenome.nih.gov) were used to 
calculate the hypoxia-related score. We used this score to 
explore the relationship between hypoxia and outcomes of 
bladder cancer patients. We also established a new hypoxia-
related model from the TCGA data in a new way and 
assessed its ability to predict outcomes for bladder cancer 
using data from the Gene Expression Omnibus (GEO) 
database (https://www.ncbi.nlm.nih.gov/geo). Findings from 
this study may give potential insights for clinical decision 
making and treatment of bladder cancer. Figure 1 shows 
the study workflow. We present the following article in 
accordance with the REMARK reporting checklist (available 
at https://dx.doi.org/10.21037/tau-21-569).

Methods

Database

We downloaded the gene expression profiles and clinical 
characteristics of bladder cancer cases from the TCGA 
database (March 2020). We excluded the bladder cancer 
cases without pathological diagnosis. The study was 
conducted in accordance with the Declaration of Helsinki (as 
revised in 2013).

Hypoxia score calculation

We utilized a 26-gene hypoxia signature and a gene set 
variation analysis (GSVA) to compute the hypoxia score 
(17,18). There is evidence indicating that the 26-gene hypoxia 
signature is a measure of tumor hypoxia. GSVA is recognized 
as a gene set enrichment tool for RNA-seq data that assesses 
variation of pathway activity. The GSVA algorithm was used 
to evaluate the GSVA score to reveal the hypoxia status of 
each cancer case. The cancer cases were grouped into low- 
and high-hypoxia score groups using the survminer package 
in R based on an optimal cut-off value. The P value of survival 

https://dx.doi.org/10.21037/tau-21-569
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Figure 1 A flowchart of the research activities. WGCNA, weighted gene co-expression network analysis; DEGs, differentially expressed 
genes. 
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curves was minimized with such grouping. In addition, we 
applied a t-test to evaluate the variations between these two 
groups in other clinical characteristics.

Differentially expressed genes (DEGs) identification

We identified DEGs between low- and high- hypoxia score 
groups using the Bioconductor package, edgeR, with the 
fold change (|fold change| ≥1.5) and adj. P<0.05. We then 
used the pheatmap package in R to generate heatmaps 
for the DEGs. The overlapping DEGs were subjected to 
further analysis.

Weighted gene co-expression network analysis (WGCNA) 
used to hypoxia-related genes identification

We generated co-expression networks using the WGCNA 

package in R (19). We then selected the top 9,829 genes 
for further analysis based on the standard deviation. 
We chose the soft threshold value, β =3 for the highest 
mean connectivity. We defined the interpretation of gene 
expression profile using module eigengenes (ME), then 
associated it with hypoxia feature. Genes of the module 
with the highest correlation were considered to be hypoxia-
related genes.

Construction of PPI network and functional enrichment 
analysis

We utilized the online Venn diagram analysis tool to 
identify the overlapping genes between DEGs and hypoxia-
related genes (https://bioinformatics.psb.ugent.be/
webtools/Venn/). Thereafter, we constructed a PPI network 
using the STRING database (20), And visualized the PPI 
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network using Cytoscape software (21). Cytoscape ClueGo 
and CluePedia were used to visualize the interaction 
network of biological concept enrichment analysis. We used 
the clusterprofiler package in R for functional enrichment 
analysis and KEGG pathway enrichment analysis (22). We 
set the false discovery rate (FDR) at 0.05.

Hypoxia-related signature construction and external 
validation

We applied LASSO (the least absolutes shrinkage and 
selection operator) in inferring the overlapping genes 
in multivariate Cox regression analysis with R package 
glmnet. The pheatmap package in R was used to generate 
the heatmap of selected genes. We used the regression 
coefficients obtained from the multivariate Cox regression 
to calculate the hypoxia risk scores using gene expression 
multiplied by a linear combination of the regression 
coefficients. Using the survminer package in R, we 
grouped the cancer cases to low- and high-hypoxia risk 
groups based on the optimal cut-off value. We also used 
the ROCR package in R to conduct the Kaplan-Meier 
analysis and ROC curves. Finally, we used the GSE69795 
dataset downloaded from the GEO database to validate the 
hypoxia-related signature model.

Statistical analysis

The t-test was applied for comparisons as appropriate. The 
LASSO regression and multivariate Cox regression analyses 
were applied for hypoxia-related signature construction. 
The Kaplan-Meier survival curve and log-rank test were 
used for survival analysis. ROC curves were presented to 
evaluate the accuracy of the model. Statistical analyses were 
conducted using R software 3.6.3. A two-sided P<0.05 was 
considered statistically significant.

Results

Evaluation of hypoxia score and comparison of gene 
expression profiles

After exclusion of bladder cancer cases without follow-up 
information or survival time, 404 bladder cancer cases were 
included for further analysis. 

The hypoxia scores ranged from −0.733 to 0.717, with 
the optimal cut-off value of −0.3 being used to group the 
bladder cancer cases into low- and high- hypoxia score 

groups (Figure S1). Figure 2 shows that there was no 
significant difference in hypoxia scores when the cancer cases 
were grouped based on the TNM tumor stage (Figure 2A)  
and the absence or presence of distant metastatic lesions 
(M0, M1) (Figure 2C). However, the hypoxia score was 
significantly lower in cases without lymph node metastasis 
(n=0) (P=0.009), shown in Figure 2B. Results of Kaplan-
Meier analysis showed in Figure 2D that patients with 
higher hypoxia scores had a significantly poor overall 
survival (log-rank test P=0.017). Figure 2E shows the 
heatmap displaying distinct gene expression profiles of 
patients separately grouped into low- and high- hypoxia 
score groups.

DEGs expression analysis was conducted to identify the 
link between gene expression and hypoxia score. A total 
of 270 DEGs were identified, with 123 of the genes being 
downregulated and 147 of the genes being upregulated.

Identification of hypoxia-related genes using WGCNA

The top 9,829 genes of 19,658 genes were selected based 
on the standard deviation (Figure 3A-3C). Co-expression 
network analysis identified 20 gene modules. Figure 3D 
showed the further correlation analysis between ME 
and hypoxia score. And the blue module had the highest 
correlation to hypoxia (module-trait relationships =−0.45, 
P<0.001). The 1,313 genes in the blue module were thus 
considered to be hypoxia-related genes.

Overlap genes for PPI network construction and functional 
enrichment analysis

Figure 4A shows that 170 genes overlapped between DEGs 
and hypoxia-related genes. We constructed PPI network 
using the STRING tool with confidence >0.4 to probe the 
interactions among the 170 overlapping genes, shown in 
Figure 4B. The network involved 108 nodes and 166 edges, 
while KRT5, CD44, SNAI2, COL17A1, and AR were 
found as remarkable nodes with more connections with 
other nodes. 

We also conducted GO and KEGG analysis to assess 
the biological significance of the overlapped genes. The 
genes were enriched in 11 cellular component (CC) terms, 
29 molecular function (MF) terms, and 127 biological 
process (BP) terms. The top GO terms, including enzyme 
inhibitor activity, peptidase regulator activity, apical part 
of cell, cell-cell junction, cell junction organization, and 
epidermis development, are shown in Figure 4C-4E. 

https://cdn.amegroups.cn/static/public/TAU-21-569-supplementary.pdf
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Figure 2 Relationship between hypoxia score and bladder cancer cases. (A) TNM tumor stages (I/II, III/IV). (B) Regional lymph node 
metastasis. (C) Distant metastasis. (D) Kaplan-Meier curves with cases grouped into low- and high- hypoxia score groups for overall survival. 
(E) Heatmap showing the distinct gene expression profiles for the low vs. high hypoxia score group. TNM, Tumor, Node, Metastasis. 

TNM staging I/II TNM staging III/IV N>1 N=0 M0 M1

Hypoxia score 
P=0.897

Hypoxia score 
P=0.009

Hypoxia score 
P=0.629

0.4

0

−0.4

0.4

0

−0.4

0.4

0

−0.4

0 1000 2000 3000 4000 5000
Days

4
2
0
−2
−4

Hypoxia score-High

Hypoxia score-Low

P=0.017

High
Low

1.00

0.75

0.50

0.25

0.00

B CA

D E

KEGG analysis showed that the overlapping genes were 
involved in 9 pathways (Figure 4F), including metabolism 
of xenobiotics by cytochrome P450, retinol metabolism, 
etc.

In Figure 4G, we further used ClueGO Cytoscape 
plug-in to identify enriched pathways for overlapped 
genes and determine interconnection between each gene 
cluster. Serine-type endopeptidase activity, regulation of 
protein acetylation, hormone metabolic process, sodium 
ion transmembrane transporter activity, regulation of 
serotonin secretion, aromatase activity, phosphatase 
inhibitor activity, regulation of cyclase activity, and urea 
transport were enriched for BPs. Genes such as F3, 
COL7A1, TMPRSS2, SLC5A7, SULT1E1, SDR16C5, 
SNAI2, CYP1A1, TESC, UPK3A, PDZD3, and ADORA2B, 
were also enriched.

Identification of prognostic markers and construction of a 
prognostic risk model

LASSO algorithms were used to identify the prognostic 
markers and a total of 29 genes were selected to construct 
a 29-gene signature model. The genes include ACSM6, 
AHNAK2, AIM2, ARHGEF4, B3GAT1, BARX2, BHMT, 
CASQ1, CCL15, CDH3, CPA4, CYP4B1, DSC3, EREG, 
FOSL1, FREM1, GSDMC, HES2, HNF1B, HTR7, IGDCC3, 
KLK6, PLIN5, PTPRZ1, SCUBE2, SERPINB2, SH3RF2, 
SLC14A1, and SLC30A2. Figure 5A shows the heatmap of 
the gene expression patterns of the selected genes.

In the established model, the risk score =(−0.0448363)* 
E x p r e s s i o n  ( A CS M6 )  +  0 . 12 4 5 3 1 5 *  E x p r e s s i o n 
(AHNAK2) + (−0.1105080)* Expression (AIM2) + 
(−0.0070491)* Expression (ARHGEF4) + (−0.0008498)* 
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Figure 3 WGCNA was used to identify of hypoxia-related modules. (A) The scale-free fit index analysis of the mean connectivity for 
various soft-thresholding powers. (B) Check scale free topology when β =3, which would ensure scale-free topology, correlation coefficient 
(R2) =0.89. (C) Dendrogram of all the DEGs clustered, based on the dissimilarity measure (1-TOM). (D) The relationship between ME 
and hypoxia showed using heatmap. WGCNA, weighted gene co-expression network analysis; DEGs, differentially expressed genes; ME, 
module eigengenes. 
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Expression (CYP4B1) + (−0.0056484) * Expression 
(DSC3) + 0.0444021* Expression (EREG) + 0.1306001* 
Expression (FOSL1) + 0.2226840* Expression (FREM1) 
+ (−0.2024668) * Expression (GSDMC) + 0.0534852* 
Express ion (HES2)  +  (−0.2341762)  *  Express ion 
(HNF1B) + 0.1087251* Expression (HTR7) + 0.1687725* 
Expression (IGDCC3) + 0.0050696* Expression (KLK6) 
+ (−0.0605225) * Expression (PLIN5) + 0.0359618* 
Express ion  (PTPRZ1)  +  0 .1501826*  Express ion 

(SCUBE2) + 0.1281557* Expression (SERPINB2) + 
(−0.1867163) * Expression (SH3RF2) + 0.0372838* 
Express ion (SLC14A1)  +  0 .0223318* Express ion 
(SLC30A2).

The prognostic risk model was assessed using ROC 
curve and Kaplan-Meier analysis. In the TCGA cohort, the 
model had an accuracy of 0.802 (95% CI: 0.759–0.844). 
Bladder cancer cases with low-risk scores had significantly 
longer overall survival (P<0.0001), shown in Figure 5B. The 
survival rate of patients in low-risk group was much higher 
than those in high-risk group (71.06% vs. 23.66%). The 
patients in low-risk group hadn’t reach a median survival 
time, while the patients in high-risk group had a median 
survival time for 1.36 years. Adjusting for confounding 
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Figure 4 Overlapping genes analysis. (A) The Venn diagram displaying the genes that overlapped between hypoxia-related genes and DEGs. 
(B) The overlapping genes used to construct the PPI network. (C-E) Go enrichment of MF, CC, and BP. (F) KEGG enrichment analysis. 
(G) Biological concept enrichment analysis on the overlapping genes. DEGs, differentially expressed genes; MF, molecular function; CC, 
cellular component; BP, biological process.
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Figure 5 Hypoxia-related prognostic risk model constructing and validation. (A) Distribution of genes in the hypoxia-related prognostic 
risk model. (B) Predictive value of the hypoxia-related prognostic risk model in TCGA cohort. (C) Predictive value of the hypoxia-related 
prognostic risk model in GSE69795 cohort. TCGA, The Cancer Genome Atlas. 

Table 1 The univariate analysis and multivariate analysis of the risk score model

Parameter
Univariate analysis Multivariate analysis

HR 95% CI P HR 95% CI P

Age 1.846 (1.261–2.710) 0.002 1.612 (1.095–2.373) 0.015

Gender 0.841 (0.609–1.162) 0.294 0.841 (0.606–1.168) 0.302

T staging 1.967 (1.408–2.746) <0.001 1.355 (0.955–1.921) 0.089

N staging 2.053 (1.527–2.761) <0.001 1.423 (1.042–1.943) 0.027

M staging 1.470 (1.092–1.978) 0.011 1.179 (0.873–1.593) 0.284

Risk score 1.904 (1.697–2.135) <0.001 1.789 (1.585–2.019) <0.001

HR, hazard ratio. 

clinical variables including age, gender, TNM staging, Cox 
proportional hazards regression analysis showed that the 
risk model was an independent better predictor of prognosis 
for bladder cancer with hazard ratio (HR)= 1.789 (95% 

CI: 1.585–2.019) (P<0.001) (Table 1). The prognostic value 
of the risk model was validated using an external dataset 
GSE69795. Consistently, the results showed that high-risk 
score cancer cases had significantly shorter overall survival 

C
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(P=0.0079) and the AUC was 0.631 (95% CI: 0.449–0.813) 
(Figure 5C).

Discussion

Previous studies have indicated that hypoxia is  a 
distinguishing feature in solid tumors. Hypoxia profoundly 
affects the mitochondria and mitochondrial metabolism 
in cancer cells. The HIF family is very important in 
the adaption of cancer cell metabolism to hypoxia (23). 
It has been shown that HIFs enhance the activation of 
genes associated with cancer metastases in melanoma. 
HIF-1α and HIF-2α can promote melanoma metastasis 
by regulating cell invasion and extracellular matrix 
remodeling (24). In pancreatic ductal adenocarcinoma, 
the hypoxic microenvironment can induce spatial 
transcriptome changes with different expression patterns 
of hypoxia-related genes (25). In non-small cell lung 
cancer, hypoxia also induces higher expression of antizyme 
inhibitors 2 (AZIN2) to contribute to the development 
of cisplatin resistance, by strengthening the epithelial-
mesenchymal transition (EMT) (26). On the other hand, 
it has been demonstrated that hyperbaric oxygen promotes 
immune responses in solid tumors and disrupts hypoxia-
mediated immunosuppression (27).

Bladder cancer hypoxia is associated with genetic 
instabil ity,  EMT, inhibited apoptosis,  and cancer 
progression (8). Hypoxia has been shown to affect 
immunotherapy by altering molecular markers, immune cell 
trafficking, and angiogenesis to cause immunosuppression 
through a HIF-1-dependent signature (28). Evidence 
shows that high levels of hypoxia are associated with 
poor prognosis in bladder cancer. The level of hypoxia in 
bladder cancer can be evaluated by assessing tumor necrosis 
during histopathology, microRNA expression, protein 
expression of CAIX, HIF-1α, GLUT-1, OPN, and mRNA 
signatures. Recently, a four gene hypoxia-related model and 
a seven gene hypoxia-related model have been separately 
established (15,16). In this study, we used WGCNA analysis 
to identify hypoxia-feature genes in bladder cancer. The 
genes that overlapped between DEGs and Hub genes with 
hypoxia features were then selected for further functional 
analysis and construction of a new signature. 

In this study, we identified 170 hypoxia-related 
overlapped genes.  The PPI network significantly 
included KRT5, CD44, SNAI2, COL17A1, and AR. 
KPT5 has been proved to be associated with the rates of 
lymph nodule metastasis and lymphovascular invasion 

in urothelial bladder cancer (29). CD44 encodes a cell-
surface glycoprotein which is associated with cell-cell 
interactions, cell adhesion, and migration. Attenuating 
CD44 expression inhibits invasion of bladder cancer (30).  
SNAI2 is associated with EMT in bladder cancer. 
Up-regulated AR enhances the cell proliferation and 
metastasis of bladder cancer in males (31). However, the 
role of COL17A1 in bladder cancer has not been reported. 
Functional enrichment analysis exhibited that the selected 
genes were exactly related to enzyme inhibitor activity, 
cell-cell junction, and cell junction organization. ClueGO 
analysis showed that genes binned into serine-type 
endopeptidase activity, regulation of protein acetylation, 
hormone metabolic process, aromatase activity, sodium 
ion transmembrane transporter activity, and phosphatase 
inhibitor activity. These results revealed that hypoxia-
related energy metabolism is involved in TME condition 
and cancer development.

Several approaches for predicting outcome of bladder 
cancer based on TME hypoxia have been established 
(15,16). Our study established a 29-gene hypoxia-related 
signature with an accuracy of 0.802 (95% CI: 0.759–0.844). 
AHNAK2 is a member of the AHNAK family that has 
been identified as a new prognostic biomarker for bladder 
cancer cases with radical cystectomy (32). AIM2 plays 
a part in tumorigenic reversion and cell proliferation. 
The differential expression of ARHGEF4 in NMIBC 
was reported (33). CDH13 is hypermethylated in many 
types of cancer, and is used for representing the integrity 
of basal cell layers in the study of the luminal class of 
urothelial tumor (34). CYP4B1 genotypes might affect the 
risk of Japanese bladder cancer (35). DSC3 was discovered 
as an independent prognostic biomarker of tumor 
progression in a study comparing progressive MIBC and 
de novo MIBC (36). FOSL1 was highly expressed in non-
papillary urothelial bladder cancer, and FOSL1-regulated 
transcripts were strongly enriched in the transition from 
NMIBC to MIBC (37). Under hypoxic conditions, the 
transcription of GSDMC was enhanced with PD-L1 
mediation, switching apoptosis to tumor pyroptosis and 
facilitating tumor necrosis (38). KLK6 was identified as a 
prognostic gene for MIBC (39). Increased expression of 
SCUBE2, as a luminal marker of urothelial carcinoma, was 
found to be significantly associated with better disease-free 
survival (40). The expression of SERPINB2 was proved 
incrementally expressed in cisplatin-resistant bladder 
cancer cell lines (41). SLC14A1 was identified to be a 
urinary bladder cancer susceptibility gene (42). There are 
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no reports on the association between bladder cancer and 
the ACSM6, B3GAT1, BARX2, BHMT, CASQ1, CCL15, 
CPA4, EREG, FREM1, HES2, HNF1B, HTR7, IGDCC3, 
PLIN5, PTPRZ1, SH3RF2, and SLC30A2 gene. Many of 
these genes have been shown to be functionally expressed 
in other cancers. 

There are several limitations to the study. Although the 
results obtained using the TCGA database were validated 
using a GEO dataset, the risk for selection bias could not be 
avoided. Collecting all clinical information of the bladder 
cancer cases is impossible, either. The findings from this 
study are descriptive, and further experiments are needed to 
confirm the findings and clarify the exact degree of hypoxia 
in the TME of bladder cancer. Third, we did not compare 
the different prognostic predicting tools of bladder cancer. 
Further clinical trials and comparisons between different 
tools are required to objectively evaluate the prediction 
power of the hypoxia-related risk model. Despite these 
limitations, the findings presented here are novel and 
we demonstrated that the hypoxia-related risk model is 
effective.

Our findings suggested that the hypoxia score, which 
reflected the degree of hypoxia in the TME, was related to 
the prognosis of bladder cancer. Besides, we established a 
hypoxia-related prognostic risk model based on the 29 genes 
we identified as hypoxia-related genes. The hypoxia-related 
model could be applied as a potential biomarker in bladder 
cancer cases, and the identified genes could be recognized 
as potential therapeutic targets for bladder cancer. These 
may assist in the evaluation of bladder cancer prognosis and 
decision making in clinical practice in the future.
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