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Abstract

Background: Bladder cancer is the leading causes of cancer-associated mortality and seriously affects popula-
tion health. Hypoxia plays a key role in tumor development and immune escape, which contributes to malignant
behaviors.

Methods: In this study, we analyzed the RNA-seq and clinical information of bladder cancer patients from The Can-
cer Genome Atlas (TCGA) database. To investigate the hypoxia-related prognostic and immune microenvironment in
bladder cancer, we constructed a hypoxia-related risk model for overall survival (OS). The RNA-seq and clinical data of

bladder cancer patients from the Gene Expression Omnibus (GEO) database were used as validation sets.

Results: The hypoxia-related risk signature was significantly correlated with clinical outcomes and could indepen-
dently predict OS outcomes. Furthermore, the hypoxia-related risk signature could effectively reflected the levels
of immune cell type fractions and the expression of critical immune checkpoint genes were higher in the high-risk
group compared to the low-risk group. We also validated the expression levels of the prognostic genes in bladder
cancer and paracancerous tissue samples through gRT-PCR analysis.

Conclusion: We established a 7 hypoxia-related gene (HRG) signature that can be used as an independent clinical
predictor and provided a potential mechanism in bladder cancer immunotherapy.
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Background

Hypoxia is a highly crucial process for cells acquir-
ing specific futures to adapt to low oxygen levels [1].
Hypoxia promotes cell proliferation, invasion and
regulates immune responses [2, 3]. Globally, bladder
cancer is the most common urinary carcinoma, caus-
ing more than 199,922 mortalities in 2018 [4]. Despite
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the current therapeutic options, including surgery,
chemotherapy, radiotherapy and some novel immuno-
therapies, clinical outcomes are still not satisfactory
[5]. Bladder cancer treatment is inhibited by its high
recurrence rates. Therefore, there is a need to develop
precision prediction methods to promote clinical diag-
nosis and treatment. Hypoxia has been associated with
tumor progression and recurrence in bladder cancer [6,
7]. Hypoxic cancer cells regulate tumor microenviron-
ments to facilitate tumor progression and development
by releasing exosomes [8]. Circular RNAs involved
in adaptive responses to hypoxia, contribute to blad-
der cancer progression and drug resistance [9]. Recent
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studies have reported the mechanisms between tumor
hypoxia and immune escape, indicating that hypoxia
can be used to predict immunotherapeutic outcomes
[10-12].

The tumor microenvironment has key roles in blad-
der cancer. Immune checkpoint molecules are sig-
nificantly associated with regulation of the tumor
microenvironment. Immune checkpoint inhibitors
such as programmed cell death protein 1 (PD-1) and
programmed cell death-ligand 1 (PD-L1) have been
approved for immunotherapeutic management of vari-
ous cancers. It has been reported that hypoxia induced
factor-1 (HIF-1) promotes the expression of PD-L1 by
binding the hypoxia response element in the specific
proximal promoter. Blockade of PD-L1 under hypoxia
enhances myeloid-derived suppressor cells (MDSCs) reg-
ulated T cell activation and down-regulates the expres-
sion levels of IL-6 and IL-10 [13]. Intermittent hypoxia
suppresses autologous T-cell proliferation as well as the
cytotoxic activity of CD8™ T-cells [14]. Under hypoxia in
the tumor environment, cancer cells can adapt to sup-
port cellular survival and proliferation. Oxygen-deprived
conditions inhibit activation of tumor-infiltrating lym-
phocytes, leading to an immunosuppressive environ-
ment and tumor immune escape. Cancer cells are able to
maintain their metabolism under hypoxic conditions and
metabolically outperform tumor-infiltrating T cells for
glucose, resulting in cancer progression and suppression
of T cell activity [15]. Studies have evaluated the thera-
peutic pathways for blocking hypoxia-associated tran-
scription factors. Specifically, some strategies targeting
HIF-1a factors have been implicated in cancer biology
and enhancement of immunotherapeutic sensitivity [16].
Therefore, tumor hypoxia is a potential therapeutic target
in immunotherapy.

In this study, we developed a hypoxia-related risk sig-
nature as a prognostic symbol to reflect the immune
landscape in bladder cancer. We screened 7 HRGs
from The Cancer Genome Atlas bladder cancer cohort
(TCGA-BLCA) that were significantly correlated with OS
outcomes of bladder cancer. Samples were divided into
high-risk and low-risk groups according to the median
risk score. Furthermore, survival and Cox analyses
were performed to estimate the prognostic value of the
hypoxia risk model. The different mechanisms involved
in signaling pathways and the fractions of immune cell
types between the high-risk and low-risk groups were
also evaluated. This study aimed at analyzing the expres-
sion levels of HRGs in bladder cancer and establishing
their potential prognostic values. Importantly, we con-
structed and verified a hypoxia-related signature that
could improve the precise prognosis prediction in blad-
der cancer.
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Materials and methods

Data source

The RNA-seq transcriptome data and clinical charac-
teristics of the BLCA cohort were downloaded from the
TCGA (https://portal.gdc.cancer.gov/) database. Gene
expression profiles and clinical data in GSE32894 were
obtained from the GEO (https://www.ncbi.nlm.nih.gov/
geo/) database. Detailed patient data are presented in
Additional file 7: Tables S1 and Additional file 8: Table S2.

Construction a protein-protein interaction (PPI) network
The PPI network was established using the STRING
database (http://string-db.org). The cytoscape software
(https://cytoscape.org/) platform was used to visual-
ize and integrate these associated protein networks. The
Network Analyzer plug-in was used to calculate the node
degree between these networks and define the key genes
in the network.

Development and validation the hypoxia-related
prognostic signature

Prognostic HRGs in bladder cancer obtained from uni-
variable and multivariable Cox regression were screened
to calculate the each patient’s risk score. Risk scores were
calculated as:

Risk Score = Expressiongene1 X Coefficientgenel
+ Expressiongener X Coefficientgenes
+ ... Expressiongepen X Coeﬁcientgenen

Next, we investigated whether the risk score was cor-
related with patients’ OS outcomes.

Evaluation of immune cell type fractions

CIBERSORT (https://cibersort.stanford.edu/) was used
to evaluate proportions of tumor-infiltrating lympho-
cytes in a mixed cell population. A total of 22 immune
cell types in this tool were used to estimate relative abun-
dance of immune cell infiltration between low- and high-
risk groups.

Gene set enrichment analysis (GSEA)

Based on the median value of risk scores, patients were
divided into low-risk and high-risk groups. GSEA was
performed to determine the different pathway signaling
genes between the groups. Analysis was performed by
GSEA3.0 (http://www.broad.mit.edu/gsea/) and nominal
p<0.05 was considered statistically significant.

Clinical patients and bladder specimens
A total of 45 paired cancer and paracancerous tissues
samples were obtained from bladder cancer patients
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subjected to radical cystectomy at the Shanghai Tenth
People’s Hospital (Shanghai, China). Patients were diag-
nosed according to WHO classifications without any pre-
operative treatment. Tissue specimens were evaluated
by at least two experienced pathologists. Tissues were
immediately frozen in liquid nitrogen and stored at —
80 °C. Clinical information and pathological features of
bladder cancer samples are shown in Additional file 9:
Table S3. All patients provided an informed consent
before inclusion in the study, and ethical approval was
obtained from the Ethics Committee of Shanghai Tenth
People’s Hospital. Total RNA was extracted from samples
and qRT-PCR analysis performed to validate the expres-
sion levels of the 7 HRGs in human samples.

RNA extraction and quantitative real-time (qRT-PCR)

Total RNA was extracted using the Trizol reagent (Invit-
rogen, CA, USA) according to the manufacturer’s instruc-
tions. Next, qRT-PCR was performed using SYBR-Green
Mix (Vazyme, Nanjing, China) with different primers
(Sangon Biotech, China). Glyceraldehyde-3-phosphate
dehydrogenase (GAPDH) was used as an internal stand-
ard. Fold-changes were calculated by the 2724 method.
Primer information is shown in Additional file 10: Table S4.

Immunohistochemistry (IHC)
Cancer and paracancerous tissue samples were fixed in
formalin, embedded in paraffin and cut into 4 pm slices.

Page 3 of 13

After dewaxing, rehydration, and antigen retrieval, the
slices were incubated with specific primary antibodies
against EGFR and SLC2A3 (Proteintech, USA). Images
were obtained using a microscope (Nikon, Japan).

Statistical analysis

Data analyses were performed using R programming
language (https://www.r-project.org/). Univariate and
multivariate Cox proportional hazard regression analy-
ses were used to screen genes and evaluate the correla-
tion between risk scores and OS. Receiver operating
characteristic (ROC) analysis was performed using the
“survival ROC” package to assess the sensitivity and
specificity of the risk model to predict survival outcomes.
The area under the ROC curve (AUC) was used to show
prognostic accuracy. A Student’s t test was used to com-
pare differences between different risk groups. p <0.05
was considered statistically significant.

Results

Establishment of the hypoxia-related risk signature

to predict bladder cancer prognosis

Figure 1 shows the flow chart of this study. The RNA-
seq and clinical prognostic information data were
downloaded from the TCGA-BLCA cohort. The
hypoxia-related gene set was obtained from GSEA (hall-
mark-hypoxia). Then, we performed PPI network analy-
sis using the STRING online database and Cytoscape

HRGs were obtained from

GSEA (hallmark-hypoxia)

Expression and clinical data were obtained

from the TCGA database
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Fig. 1 The flowchart of this study
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software to further establish the interactions between
these genes (Fig. 2a). A total of 50 genes with the most
significant interaction degrees were screened (Fig. 2b).

To construct the hypoxia-related risk model, univariate
and multivariate Cox analyses were performed using the top
50 genes in the TCGA-BLCA cohort. In the univariate Cox
analysis, 14 HRGs were significantly associated with patients’
OS outcomes (Fig. 2c). After multivariate Cox regression
analysis, 7 HRGs were identified and selected to construct
the OS signature (Fig. 2d). The risk score signature was devel-
oped as: risk score=(0.119 x SLC2A3 expression level) + (—
0.387 x ALDOB expression level) 4 (0.320 x FOXO3
expression level)+(— 0.216 x SDC4 expression level) + (—
0.227 x VEGFA expression level)+(0.165 x EGFR expres-
sion level) 4- (0.232 x GPC1 expression level).

Page 4 of 13

Prognostic significance of the hypoxia-related risk
signature in bladder cancer patients

Figure 3a shows the expression levels of the 7 HRGs in
low- and high-risk groups. Risk scores of patients in the
low- and high- risk groups were visualized (Fig. 3b). As
the hypoxia risk score increased, the mortality rate for
bladder cancer patients increased (Fig. 3c, d). Moreover,
KaplanMeier analysis was used to evaluate the prognostic
significance of the hypoxia-related risk signature. A high
hypoxia risk score was correlated with poor OS outcomes
in the TCGA and GSE32894 sets when compared to the
low risk score (Fig. 3e, f).
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Fig. 2 Identification of hypoxia-related genes in bladder cancer. a Protein—-Protein network interactions including 200 hypoxia-associated genes.
b The 50 genes with the most associated interaction degrees were selected. ¢ Univariate Cox regression analysis of hypoxia-related genes. d
Multivariate Cox regression analysis of hypoxia-related genes
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The hypoxia-related risk signature for OS

is an independent prognostic value for bladder cancer
patients

To determine the predictive accuracy of the hypoxia-
related risk signature, we used the ROC curve to assess
the model. The AUC of the signature for the prediction of
1-, 3-, and 5-year OS were 0.661, 0.676 and 0.710, respec-
tively, in the TCGA set and 0.600, 0.594, 0.636, respec-
tively, in the GSE32894 set (Fig. 4a, b). Moreover, we
compared the 5-year ROC curve with other clinical vari-
ables (Additional file 1: Figure S1). Then, univariate and
multivariate Cox analyses were used to determine the
independent prognostic value of the hypoxia-related risk
signature for OS. Univariate Cox analyses revealed that
the risk score was associated with OS and other variables
including age, gender and WHO grade (Fig. 4c). Multi-
variate Cox analysis revealed that the risk score was inde-
pendently correlated with OS (Fig. 4e). These results were
validated using the GSE32894 set (Fig. 4d, f).

Relationships between the prognostic signature

with clinicopathological variables

To determine whether the prognostic signature was
correlated with clinicopathological variables in TCGA-
BLCA. Bladder cancer patients were stratified accord-
ing to age, gender, stage, T stage and N stage. High-risk
patients with those clinical parameters exhibited sig-
nificantly shorter OS outcomes than low-risk patients
(Fig. 5), suggesting that the hypoxia-related signature
could be applicable to clinical factors. The correlation
between the clinicopathological variables and the prog-
nostic signature in GSE32894 is shown in Additional
file 2: Figure S2.

Correlation between the hypoxia-related risk signature
and immune cell infiltration

To investigate the utility of the risk signature in reflect-
ing the immune cell environment. We used CIBERSORT
analysis to estimate expression levels of the 22 immune
cell types infiltration between different risk levels of blad-
der cancer patients. Immune cell population among the
patients is shown in Fig. 6a. The low hypoxia risk patients
exhibited higher levels of proportions of follicular helper
T cells (p=0.011), CD8 T cells (p=0.0032), and plasma
cells (p=0.0077) when compared to the high-risk group
(Fig. 6e—g). However, a higher proportion of mast resting
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cells (p=10.023), neutrophils (p =0.0061), and CD4 mem-
ory resting T cells (p=0.0023) were enriched in the
high-risk group (Fig. 6b—d). Correlations between the
hypoxia-related risk signature and immune cell infiltra-
tion are shown in Additional file 3: Figure S3. Detailed
correlations of the 22 immune cells and the hypoxia-
related signature are presented in Additional file 11:
Table S5.

Functional analysis of the prognostic signature

We further verified the underlying mechanisms involved
in the low- and high-risk groups. GSEA analysis revealed
that signaling pathways such as hypoxia, epithelial-
mesenchymal transition, inflammatory responses and
complement were significantly enriched in the high risk

group (Fig. 7).

Associations between the hypoxia-related risk signature
and the immunosuppressive microenvironment
Immunotherapy is a promising option for advanced
urothelial carcinoma. The cancer-immunity cycle regu-
lates cancer cells and immune responses, which affects
utility to immune therapies. The cancer-immunity cycle
process is initiated by the release of cancer-associated
antigens. Then, associated antigens are identified by den-
dritic cells and transferred to lymph nodes, accompanied
by T cell activation. Effector cells then migrate and infil-
trate the tumor stroma, where they specifically recognize
and eliminate cancer cells. Every step of the cycle needs
the coordination of stimulatory and inhibitory factors. In
this study, we focused on the genes that negatively medi-
ate the process in low- and high- risk groups. Related
gene signatures were obtained from the Tracking Tumor
Immunophenotype website (http://biocc.hrbmu.edu.cn/
TIP/index.jsp). Genes enriched in negative regulation
of the cycle were mostly elevated in the high risk score
group (Fig. 8a), indicating that high hypoxia risk patients
are associated with poor immunotherapeutic efficacies.
Moreover, the association between the hypoxia-related
signature and expression levels of important immune
checkpoint genes (i.e., PD-L1, PD-1, CTLA-4 and LAG-
3) were evaluated. As shown in Fig. 8b—e, the four
immune checkpoints were correlated with the hypoxia
risk score and upregulated in the high hypoxia risk group.
Furthermore, we evaluated the expression levels of some
immunosuppressive genes in the low- and high- risk

(See figure on next page.)

Fig. 3 Prognostic significance of the hypoxia-related risk signature in bladder cancer. a A heatmap for the expression levels of the 7 hypoxia genes
between low- and high-risk groups in the TCGA and GSE32894 datasets. b Distribution of the risk scores of bladder cancer patients. ¢ Patient status
distribution in the low- and high-risk groups. The dot represents patient status as ranked by the increasing risk score. The X axis is patient number

while the Y axis is survival time. d Mortality rates of the low- and high- risk groups. e, f The prognostic significance of the hypoxia signature in TCGA

and GSE32894 databases
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Fig. 4 The hypoxia-related signature for OS is an independent prognostic factor for bladder cancer. a, b ROC curves showing the predictive
efficiency of the hypoxia-related risk signature on the 1-, 3-, and 5-years survival rate. c—f Univariate and multivariate Cox analysis of correlations
between the risk score for OS and clinical variables

These results reveal that high hypoxia risk patients may
develop an immunosuppressive microenvironment and
become insensitive to immunotherapy.

groups. The high hypoxia risk group exhibited signifi-
cantly elevated mRNA expression levels of immunosup-
pressive genes (Fig. 8f).
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Validation of the 7 HRGs expression in bladder cancer
tissue samples

Figure 9a—-g shows that expression levels of SLC2A3,

FOXO3, EGFR and GPC1 were elevated in tumor sam-
ples. There was no significant difference in the expression
levels of ALDOB, SDC4 and VEGFA. Moreover, the Gene
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Expression Profiling Interactive Analysis (GEPIA) database
was used to analyze the correlations between the HRGs
and OS outcomes in TCGA-BLCA. High expression lev-
els of FOXO03, EGFR, and GPC1 as well as low expressions
of VEGFA were closely correlated with poorer survival
outcomes of bladder cancer patients (Fig. 9h—k). Expres-
sion levels of the other genes did not exhibit significant
differences in survival outcomes between the two risk
groups (Additional file 4: Figure S4). Immunohistochem-
istry data from the Human Protein Atlas were used to
verify the expression of HRGs in normal and tumor tissues

(Additional file 5: Figure S5). Moreover, we also performed
IHC analysis to detect the expression levels of EGFR and
SLC2A3 and the result showed that the expression of the
two genes were higher in cancer tissues compared to para-
cancerous tissues (Additional file 6: Figure S6)

Discussion

Globally, bladder cancer is the 10th most common can-
cer and is associated with high morbidity and mortality
rates. Due to tumor recurrence and drug resistance, clini-
cal outcomes have not exhibited an improvement within
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the past few years [17]. Precise diagnostic and predictive
methods are urgently needed to promote the treatment
and prognosis of bladder cancer. Immunotherapy is a
novel treatment method for bladder cancer, which acts by
blocking immune checkpoints, however, its therapeutic
efficacies are not very high [18].

Tumor hypoxia promotes the growth of tumor cells
and is involved in the conversion to the malignant phe-
notype. In addition, tumor hypoxia is a prognostic fac-
tor for cancer. Lin et al. constructed a prognostic model
of HRGs in glioma [19]. Zhang et al. defined a hypoxia-
related signature in pan-cancer using multi-omics data
[20]. We established a hypoxia-related risk signature
and evaluated its prognostic value in predicting OS.
Moreover, we evaluated the immune microenvironment
among the low and high risk score groups. We used uni-
variate Cox regression to determine the HRGs that were
correlated with bladder cancer prognosis. A total of 14
HRGs were found to be significantly correlated with
prognosis. Multivariate Cox regression analysis identi-
fied 7 HRGs (SLC2A3, ALDOB, FOX03, SDC4, VEGEF,
EGFR, GPC1), which were used to construct the risk
score model. High expression of solute carrier family 2
facilitated glucose transporter member 3 (SLC2A3) is

closely associated with poor prognosis of papillary thy-
roid cancer [21] and colorectal cancer [22]. ALDOB has
been found to be upregulated in liver metastases and it
enhances fructose metabolism [23]. FOXO3 promotes
tumor angiogenesis in neuroblastoma [24]. SDC4 gene
silencing attenuates the epithelial-mesenchymal transi-
tion and promotes apoptosis of papillary thyroid cancer
cells [25]. VEGEF is primarily responsible for angiogen-
esis and it promotes cell proliferation [26]. EGFR can
be used as a potential therapeutic target for muscle-
invasive bladder cancer presenting a basal-like pheno-
type [27]. GPC1 is an independent prognostic factor for
oesophageal squamous cell carcinoma [28].

GSEA showed that genes involved in the regulation of
hypoxia, epithelial-mesenchymal transition and inflam-
matory responses were more enriched in the high-
risk group compared to the low-risk group. However,
the mechanisms by which these genes are negatively
expressed in the low-risk group should be further eval-
uated. In addition, we found that the hypoxia-related
risk signature can independently predict the progno-
sis of bladder cancer patients. High risk score patients
were associated with worse outcomes. We validated
the applicability of the hypoxia-related risk signature in



Sun et al. Cancer Cell Int (2021) 21:251

the GSE32894 dataset. Furthermore, qRT-PCR analysis
revealed that SLC2A3, FOXO3, EGFR and GPC1 were
upregulated in tumor samples.

Hypoxia can affect the functions of immune cell
types, thereby directly or indirectly inducing tumour
development. Under hypoxic environments, mac-
rophages synthesize chemokines and cancer cells to
attract regulatory T-cells from circulation and sup-
press anti-tumour responses by other T-cells [29].
Hypoxic microenvironments suppress anti-tumor
immune effector cells and facilitate immune escape
for the growth of tumor cells [30]. Hypoxia promotes
FOXP3 transcription factor expression levels, which is
a potent regulator of Treg cells [31]. Moreover, hypoxia
enhances the expression of CCL28 and TGF-p, which
are involved in chemo-attracting Treg cells, regulat-
ing the inhibition efficacy of Teff cell responses, as
well as contributing to angiogenesis and tumor toler-
ance [32]. Tumor-associated macrophages can promote
malignant progression by inducing angiogenesis in the
tumor hypoxic environment. Hypoxia was shown to
significantly promote the positive percentage of PD-L1
related myeloid-derived suppressor cells (MDSCs) in
tumor-bearing mice [13]. In this study, CIBERSORT
revealed that patients with high risk scores had higher
proportions of neutrophils and mast resting cell phe-
notypes. However, immunosuppressive cells, such as
follicular helper T cells and CD8 T cells, were elevated
in the low-risk group, indicating an immune disability
status between the groups.

Immune checkpoints are potential targets for cancer
therapy, and inhibitors that block key molecules have
shown an impressive efficacy against cancer. In this study,
the high-risk group was also correlated with immune
checkpoints such as PD-L1, PD-1, CTLA-4, and LAG3.
Moreover, we found that some immunosuppressive genes
were also elevated in the high-risk group, which further
affected immune responses.

However, this signature is associated with some limita-
tions. We analyzed the clinical data base on TCGA and
GSE32894 datasets and the ROC values for the hypoxia-
related risk signature were not high enough. Further
validation of the immune microenvironment and this
prognostic signature is required. Other clinical databases
and more specific experiments are still needed to verify
these findings.

In summary, this is the first study to construct and vali-
date a hypoxia-related risk signature based on 7 HRGs
in bladder cancer. This signature reflects the degree of
immune microenvironment. This study elucidates on the
importance of the hypoxia-related gene signature in esti-
mating the prognosis of cancer patients and may be ben-
eficial in individualized treatment strategies.
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