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Abstract

Background

Hypoxia is a common microenvironment condition in most malignant tumors and has been
shown to be associated with adverse outcomes of cervical cancer patients. In this study, we
investigated the effects of hypoxia-related genes on tumor progress to characterize the
tumor hypoxic microenvironment.

Methods

We retrieved a set of hypoxia-related genes from the Molecular Signatures Database and
evaluated their prognostic value for cervical cancer. A hypoxia-based prognostic signature
for cervical cancer was then developed and validated using tumor samples from two inde-
pendent cohorts (TCGA-CESC and CGCI-HTMCP-CC cohorts). Finally, we validated the
hypoxia prediction of ccHPS score in eight human cervical cancer cell lines treated with the
hypoxic and normoxic conditions, and 286 tumor samples with hypoxic category (more or
less) from Gene Expression Omnibus (GEO) database with accession GSE72723.

Results

A risk signature model containing nine hypoxia-related genes was developed and validated
in cervical cancer. Further analysis showed that this risk model could be an independent
prognosis factor of cervical cancer, which reflects the condition of the hypoxic tumor micro-
environment and its remodeling of cell metabolism and tumor immunity. Furthermore, a
nomogram integrating the novel risk model and lymphovascular invasion status was devel-
oped, accurately predicting the 1-, 3- and 5-year prognosis with AUC values of 0.928, 0.916
and 0.831, respectively. These findings provided a better understanding of the hypoxic
tumor microenvironment in cervical cancer and insights into potential new therapeutic strat-
egies in improving cancer therapy.
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Introduction

Cervical cancer (CC) is the fourth leading cause of cancer incidence and mortality among
women worldwide [1]. Despite the increased use of cervical cancer screening and HPV vac-
cines, and the improvement of diagnostic and treatment techniques, cervical cancer is still a
public health problem [1-3]. Especially in the low-resources countries, such as countries in
Africa, cervical cancer remained as the leading cause of cancer-related death because of late
diagnosis at invasion stages [1, 4]. Thus, it is necessary to explore and identify the molecular
mechanisms of carcinogenesis in cervical cancer, which may lead to new therapeutic strategies,
and thereby improve the survival of patients with cervical cancer.

Hypoxia is a biological condition in which adequate oxygen supply is deprived at the tissue
level, a common microenvironment feature in most malignant tumors [5, 6]. Tumor hypoxia
results from rapid proliferation, altered tumor cell metabolism, and abnormal surrounding
vasculature in the tumor microenvironment [7, 8]. Hypoxia causes a series of changes in bio-
logical functions [9, 10], leading to more therapeutically resistant tumor cells with increased
aggressive progression [5, 7].

Many reports have confirmed that hypoxia is a prognosis factor associated with adverse
outcomes in cervical cancer [11-13]. Several hypoxia-related genes have been identified as
robust biomarkers in predicting overall survival (OS) of patients with cervical cancer, such as
hypoxia-inducible factor-1 alpha (HIF-1a) [14-16]. However, previous studies mainly focused
on investigating cancer prognosis with one or a limited number of hypoxia-related genes [17-
19]. As hypoxia is a complex microenvironment that induces a series of biological changes in
cell metabolism, proliferation, and apoptosis [5, 6], integrated analyses of hypoxia-related
genes will provide a more comprehensive understanding of hypoxia-induced biological
changes and their effects in cancer progression, ultimately improving cancer therapy. A recent
publication from Yang et al. [20] constructed a 5-gene prognostic signature in cervical cancer
based on the molecular subtype clustering using hypoxia hallmark genes, and the five genes
were further experimentally verified to be potential prognostic targets respectively. However,
the relationship between this signature and the hypoxic tumor condition was not verified, and
this signature did not give us more insights about the biological changes in tumor microenvi-
ronment under hypoxia.

In this study, we investigated the effects of hypoxia-related genes on tumor progress to con-
struct a hypoxia-related gene signature, which could be an independent prognostic factor.
Moreover, we proved that this signature is associated with tumor hypoxia level, high risk score
reflects the relatively severe tumor hypoxia. Importantly, we investigated the characteristics of
the tumor hypoxic microenvironment between high- and low-risk patients, including their
chemotherapy drug sensitivity, and biological changes of the tumor microenvironment (TME)
in cell metabolism and tumor immunity. The results will provide a better understanding of the
hypoxic tumor microenvironment in cervical cancer and insights into potential new therapeu-
tic strategies in improving cancer therapy. In details, we retrieved a set of hypoxia-related
genes in the Molecular Signatures Database, investigated their prognostic value in cervical can-
cer, and finally developed and validated a Hypoxia-related Prognostic Signature for cervical
cancer (ccHPS) using tumor samples in TCGA-CESC and CGCI-HTMCP-CC cohorts. Signif-
icantly, the ccHPS risk model in this study has a robust performance in predicting OS for
patients with cervical cancer, and could serve as an independent prognostic factor. Combining
with eight human cervical cancer cell lines treated with the hypoxic and normoxic condition,
and 286 tumor samples with hypoxic category (more or less) from GSE72723, we verified that
the ccHPS model could reflect the condition of hypoxic tumor microenvironment. Further-
more, we investigated the biological changes of the tumor microenvironment (TME) in cell
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metabolism and tumor immunity by comparing the high-risk and low-risk patients classified
by the ccHPS risk model, and showed that the ccHPS model might act as an indicator for TME
remodeling.

Materials and methods
Data collection

The hypoxia-related gene (HRG) set was downloaded from hallmark gene sets in the Molecu-
lar Signatures Database (MSigDB) [21], which includes 200 genes in response to hypoxia.

RNA sequencing (RNA-Seq) data and corresponding clinical metadata of tumor samples
from the cohort of TCGA cervical squamous cell carcinoma and endocervical adenocarcinoma
(TCGA-CESC) were retrieved from the UCSC Xena Browser (https://xenabrowser.net/
datapages/). The clinical metadata includes Age, Grade, TNM stage classification, FIGO stages,
lymphovascular invasion (LVI) and radiation therapy. RNA-Seq data and survival information
of samples from an independent cohort of CGCI HIV+ Tumor Molecular Characterization
Project (CGCI-HTMCP-CC) were obtained from TCGA using the R package “TCGAbiolinks’.
For the CGCI-HTMCP-CC samples, if multiple samples from the same cervical cancer cases,
we randomly selected one of them (S1 Table). Both TCGA-CESC and CGCI-HTMCP-CC
RNA-Seq data were normalized as fragments per kilobase of transcript per million mapped
reads (FPKM) and then log2-transformed. The Ensembl gene identifiers were converted into
gene symbols according to the gene mapping file (S2 Table), which was extracted from the
gene annotation file (http://ftp.ebi.ac.uk/pub/databases/gencode/Gencode_human/release_22/
gencode.v22.annotation.gtf.gz) in the Human GENCODE database (version 22) [22]. If a gene
symbol mapped to multiple Ensembl gene identifiers, the median expression value was
selected.

The expression array data of 286 tumor samples and 16 cell line samples in Gene Expression
Omnibus (GEO) database with accession GSE72723 [18, 19] were downloaded using R library
‘GEOquery’. Of the above 302 expression array samples, 150 samples and 4 cell line samples
with Illumina WG-6 were mapped into gene symbols according to the annotation for the
GPL6884 platform. At the same time, 136 tumor samples and 12 cell line samples with Illu-
mina HT-12 were mapped according to the GPL10558 platform. When multiple probes corre-
sponding to the same gene, the median expression value was selected.

Development of the hypoxia-related gene risk model

In the process of model development, we selected the 289 patients that included both clinical
data and gene expression profile data in TCGA-CESC. The univariate Cox analysis was per-
formed in the TCGA-CESC cohort (n = 289) to select significant HRGs with prognostic value
in cervical cancer, adopted using the ‘survival’ package in R with P-value < 0.01 as the signifi-
cant threshold. The 289 TCGA-CESC patients were randomly assigned into a training cohort
(n =203) and a test cohort (n = 86) at a 7:3 ratio using the ‘caret’ package (S1 Table). The train-
ing cohort was used to develop the risk model, whereas the test cohort was used as one of the
two validation sets. Besides, 117 tumor samples with survival information from cohort
CGCI-HTMCP-CC were used as additional validation cohort to qualify model performance.
The clinical characteristics of patients in the training and two test cohorts are summarized in
S3 Table.

Firstly, the least absolute shrinkage and selection operator (LASSO) method was used to fit
the most informative and parsimonious Cox regression model using R software package
‘glmnet’ in the TCGA-training cohort, and establish the best combination of the HRGs. The
Penalty parameter () for the model was determined from tenfold cross-validation using the
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minimum criteria, this minimum value of A is corresponding to the lowest partial likelihood
deviance. Subsequently, Hypoxia-related Prognostic Signature for cervical cancer (ccHPS) was
developed to predict the risk score by combining the coefficients of HRGs in the LASSO
model and the expression abundance of HRGs in each tumor sample. The formula was as fol-
low:

n

ccHPS = Z(Gene_expressioni x Coefficinet;)

i=1

Finally, Principal Component Analysis (PCA) was performed base on the expression of
genes in the ccHPS model. The time-dependent receiver operating characteristic (ROC) curves
and Kaplan-Meier (K-M) survival analysis were conducted to assess the prognostic accuracy of
the ccHPS risk score using ‘survivalROC’ and ‘survival’ package in TCGA-training cohort
(Training set), TCGA-test cohort (Validation set-1) and an independent dataset from
CGCI-HTMCP-CC cohort (Validation set-2).

Evaluation of immune status between high-risk and low-risk groups

The immune score and tumor purity for each patient sample were calculated using the ESTI-
MATE (Estimation of STromal and Immune cells in Malignant Tumors using Expression
data) algorithm with ‘estimate’ package [23], which uses gene expression data to infer the frac-
tion of stromal and immune cells in tumor samples. Estimation of immune cell infiltration
fractions was conducted using the CIBERSORT (Cell type Identification By Estimating Rela-
tive Subsets Of RNA Transcripts) method [24], which characterizes the immune cell composi-
tion (22 immune cell types) of a tumor biopsy from their gene expression profiles. The
significance values were determined based on 100 permutations. Samples with P-value < 0.05
in CIBERSORT were selected for further analysis. Microenvironment Cell Populations-
counter (MCP-counter) method [25] was used to quantify the abundance of immune cells and
stromal cells (T cells, CD8" T cells, Cytotoxic lymphocytes, B lineage, NK cells, Monocytic
lineage, Myeloid dendritic cells, Neutrophils and Endothelial cells) in tumors of each patient
from gene expression profiles. We compared the differences in ESTIMATE, CIBERSORT and
MCP-counter results between high- and low-risk patients by Student’s t-test.

Gene set enrichment analysis

All genes in TCGA-CESC dataset were first processed by log2 transformation and then ranked
concerning their differential expression between high- and low-risk patients using ‘limma’
package [26]. Gene set enrichment analysis (GSEA) was conducted between high- and low-
risk samples to investigate the functional divergence in two groups, using the R package ‘clus-
terProfiler’ with 20,000 permutations [27-29]. Gene sets derived from Gene Ontology (biolog-
ical process), KEGG pathways and HALLMARK pathways were collected from MSigDB. The
Benjamini-Hochberg (BH) method was used to control the false discovery rate [30]. Adjusted
P-value < 0.05 and the NES were used to determine the enrichment of a pathway between two
groups.

Chemosensitivity prediction

The chemotherapeutic sensitivity for each tumor sample was estimated based on the pharma-
cogenomics data in Genomics of Drug Sensitivity in Cancer database (GDSC; https://www.
cancerrxgene.org/) [31]. The half-maximal inhibitory concentration (IC50) of each treated
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specific chemotherapy drug in each tumor sample was estimated using the R package ‘pRRo-
phetic’ [32, 33].

Nomogram construction and evaluation

A nomogram incorporating the risk scores and clinical characteristics of patients was con-
structed using the ‘rms’ package. A concordance index (C-index) was calculated to assess the
discrimination of the nomogram via a bootstrap method with 1000 resamples. The time-
dependent receiver operating characteristic (ROC) curves were performed using the ‘survival-
ROC’ package. Decision Curve Analysis (DCA) was performed using ‘rmda’ package.

Results
Identification of prognostic hypoxia-related genes

Of 200 hypoxia-related genes (HRGs) from MSigDB, 190 were covered in the TCGA-CESC
dataset (54 Table). To further investigate the prognostic-related HRGs in cervical cancer, we
performed survival analysis for each HRG by comparing patients’ overall survival (OS) status
in low- and high-expression groups based on their median expression. As a result, 21 genes
were found significantly related to OS (P < 0.01) and were considered as prognostic-related
genes for further analysis (Fig 1A and S4 Table).

Construction of hypoxia-related prognostic risk model

Based on the above 21 prognostic HRGs, we conducted LASSO Cox regression analysis to
develop a Hypoxia-related Prognostic Signature for cervical cancer (ccHPS) using the training
cohort. As a result, a prognostic risk model with 9 HRGs (EFNA1, IER3, ISG20, KLF7, LDHC,
P4HA2, PGM1, RBP] and STC1) was identified according to the optimal value of lambda (log
() = -3.34; Fig 1B). The coefficients of each gene in the ccHPS model were shown in Fig 1C.
There were six genes positively associated with risks and three genes negatively associated.

To evaluate the performance of the ccHPS risk model, the risk scores for each patient in the
training cohort were then calculated according to the gene expression of 9 signature genes in
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BCL2 -y -0567 0006 0.567(0.379-0.849) 21 21 20 18 16 12 11 9 9 9 4 2 P4HA2
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HSPAS ——y 0664 0003 1.943(1.25-3018) © PGM1
IER3 t==g 0299 0003 1.349(1.108-1.643) E | $ 2
15620 =0 -0475 0001  0.622(0.469-0.826) E : EFNA1
KLF7 e 0433 0008 1.542(1.117-2.127) 8
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05 1 15 2 25 3 35 Log »
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Fig 1. Identification of the hypoxia-related genes to develop a risk model. (a) Forest plot showing the significant HRGs in Univariate Cox regression analysis
with P < 0.01 using TCGA-CESC entire cohort. (b) Partial likelihood deviance for tuning the parameter selection in the LASSO regression model using
training cohort. The red dotted line is the cross-validation curve, and the error bars are the upper and lower standard deviation curves along the A sequence.
The two dotted vertical lines represent the optimal values by minimum criteria (left) and 1-se criteria (right). The minimum criteria was selected in this study.
() The coefficients of each gene in the ccHPS model.

https://doi.org/10.1371/journal.pone.0269462.9001
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Fig 2. Evaluation of the prognostic prediction ability of ccHPS risk model in both training and validation sets in TCGA-CESC cohort. (a-c) Kaplan-Meier
curves for the OS of patients in the TCGA-training cohort (a), TCGA-test cohort (b), and TCGA-CESC entire cohort (c) between the high-risk and low-risk
groups that were separately divided by ccHPS risk model. (d-f) Time-dependent ROC curves for the ccHPS risk model at 1-, 3- and 5-years survival time in the
TCGA-training cohort (d), TCGA-test cohort (e), and TCGA-CESC entire cohort (f), respectively.

https://doi.org/10.1371/journal.pone.0269462.9002

each patient and gene coefficients in the risk model. According to the median risk score,
patients were divided into two groups (high- and low-risk groups). PCA analysis showed that
patients in the two risk groups were distributed in two directions (S1A Fig). K-M survival anal-
ysis indicated that high-risk patients had a significantly shorter survival time than low-risk
patients (P < 0.01, Fig 2A). Moreover, the time-dependent ROC curve was performed to assess
the performance of risk score in predicting OS (Fig 2D). The result showed that the ccHPS
model could predict the 1-, 3- and 5-year prognosis with AUC values of 0.79, 0.79 and 0.81,
respectively. These findings suggested that ccHPS can predict OS in cervical cancer, and a high
ccHPS score was associated with a poor clinical outcome.

Validation of the stable performance and prognostic value of ccHPS

The TCGA-test cohort (n = 86), the TCGA-entire set (n = 289), and an additional independent
CGCI-HTMCP-CC cohort (n = 117) were further used to assess the robustness of the ccHPS
model.

Of the TCGA-test cohort and the TCGA-entire set, the risk score of each patient was calcu-
lated using the same ccHPS formula as above, and patients were subsequently divided into
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high- and low-risk groups according to their median scores. PCA analysis confirmed that
patients in high- and low-risk groups were clustered in discrete directions in both TCGA-test
and the entire set (S1b and Slc Fig). Consistent with the training dataset, the high-risk group
significantly had a shorter predicted survival time than low-risk groups (Fig 2B and 2C). More-
over, the time-dependent ROC curve was conducted in both sets. In the TCGA-test set, the
AUC values of 1-, 3- and 5-years are 0.89, 0.78 and 0.69, respectively (Fig 2E). In the TCGA-
entire set, the AUC values of 1-, 3- and 5-years are 0.81, 0.78 and 0.77, respectively (Fig 2F).
The results suggested that the current prognostic model is relatively stable, especially in year 3.
Besides, we found AUC is decreased in test sets during follow-up, AUC is highest in year 1 and
lowest in year 5. As both the disease status of an individual and biomarker values may change
during follow-up, therefore, the most recent marker value may be best related to the current
disease status of an individual [34, 35].

Furthermore, the prognostic value of the ccHPS model was validated using an additional
dataset from the CGCI-HTMCP-CC cohort, which includes 117 cases with both RNA-Seq
data and their overall survival. Consistently, PCA analysis confirmed that patients in high- and
low-risk groups were clustered in discrete directions in the CGCI-HTMCP-CC cohort (Fig
3A). The AUC value in the CGCI-HTMCP-CC cohort is 0.61 (Fig 3B). The ccHPS score in the
Dead (73 cases) was significantly higher than that in Alive (44 cases) (Fig 3C; P = 0.02).
According to the quartile values (Q75 and Q25) in the TCGA-training cohort, we conducted
the K-M survival analysis between high (higher than Q75) and low (lower than Q25) risk
patients in CGCI-HTMCP-CC. Consistent with the TCGA cohort, the result showed that the
high- and low-risk cases had statistical differences in survivals, and high-risk patients from
CGCI-HTMCP-CC had poor clinical outcomes (Fig 3D). Besides, the distribution of the
expression of the nine genes in the ccHPS model between high- and low-risk patients was
investigated in both TCGA-CESC (Fig 3F) and CGCI-HTMCP-CC (Fig 3E) cohorts. All the
nine genes had significant divergent expression levels between high- and low-risk groups in
TCGA-CESC, and eight of nine genes in CGCI-HTMCP-CC were significantly divergent
between two groups. The above results demonstrated the robustness and predictive ability of
the ccHPS model.

Additionally, we investigated the stability of the ccHPS model across the clinical factors
using the TCGA-CESC entire dataset. Each of the clinical factors was divided into two groups,
and the included clinical factors are Age at diagnosis (> 50 and < = 50 years old), grade (G1-2
and G3-4), N stage (NO and N1) and T stage (T1 and T2-4). Across all the clinical factors, the
high-risk patients were significantly associated with a poor clinical outcome than that in the
low-risk patients (P < 0.05; S2 Fig), suggesting a stable performance of the ccHPS model across
the clinical factors.

ccHPS reflects the hypoxic tumor microenvironment

In addition to the prognostic value of the ccHPS model, we also investigated its reflection of
the hypoxic TME by comparing it with two cervical cancer-specific hypoxia signatures, a
31-gene signature by Halle et al. [19] and its 6-gene reduced form by Fjeldbo et al. [18]. Com-
paring with Halle et al. [19], the ccHPS score in their defined high hypoxia tumors (77 sam-
ples) was significantly higher than that in low hypoxia tumors (73 samples) with P-

value = 1.68e-06 (Fig 4A). For Fjeldbo et al. [18], the ccHPS score in the classified more hyp-
oxic tumors (44 samples) was significantly higher than the less hypoxic tumors (92 samples)
with P-value = 5.506e-07 (Fig 4B). Furthermore, we also validated the hypoxia prediction of
ccHPS score in eight human cervical cancer cell lines (Fig 4C), each of them was separately
treated with hypoxic (0.2% O,, 5% CO,) and normoxic (95% air, 5% CO,) conditions [18]. As
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https://doi.org/10.1371/journal.pone.0269462.g003

shown in Fig 4C, the ccHPS score of hypoxic treated cells was significantly higher than the
compared normoxic treated cells with P-value = 1.85e-04. The above results suggested the abil-
ity of the ccHPS model in predicting tumor hypoxic microenvironment.
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Function enrichment analysis

We hypothesized that the cell metabolism in high- and low-risk patients is divergent, leading
to different clinical outcomes in cervical cancer. To explore the functional divergence between
high- and low-risk patients, we conducted Gene Set Enrichment Analysis (GSEA) using the
Gene Ontology (biological process), KEGG pathways and HALLMARK gene sets that were
derived from the MSigDB gene sets. At the GO biological process level, 47 pathways were
enriched in low-risk patients and 17 in high-risk patients (S5 Table). At the KEGG pathway
level, four pathways were enriched in high-risk patients (Fig 5A). For the HALLMARK gene
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https://doi.org/10.1371/journal.pone.0269462.g005
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signatures, six gene signatures were enriched in high-risk patients and two signatures in low-
risk patients (Fig 5C).

As shown in Fig 5 and S5 Table, pathways in cervical cancer tumor progression and metas-
tasis, such as epithelial-mesenchymal transition (EMT) [36], apoptosis and fatty acid metabo-
lism [37], were enriched in high-risk patients. Besides, cytokine-cytokine receptor interaction
pathway, ribosome, and three keratinization-related biological pathways, including keratiniza-
tion, keratinocyte differentiation and cornification, and keratinization, were enriched in high-
risk patients. Notably, all the above pathways were reported to be associated with cancer pro-
gression. For instance, keratinization was shown to be related to adverse outcomes in several
cancers [38, 39]. Lappano et al. [40] reported that IL-1B (Interleukin-1 Beta), the critical com-
ponent of the cytokine-cytokine receptor interaction pathway, contributes to the initiation
and progression of breast cancer. Ribosomal dysfunction is related to tumor progression [41-
43]. Further investigation of the enriched pathways in high-risk patients might give insights
into the molecular mechanism underlying poor prognosis.

Interestingly, a series of immune-related pathways were enriched in low-risk patients,
including B cell-mediated immunity, B cell receptor signaling pathway, immune response reg-
ulating signaling pathway, and B cell activation (Fig 5B and S5 Table).

Alterations of tumor immune microenvironment between high- and low-
risk patients

To further explore the relationship between ccHPS risk score and immune status in patients,
we evaluated the immune score between the high- and low-risk patients using ESTIMATE
(Fig 6A). A significantly higher immune score was observed in low-risk patients than that in
high-risk patients (P < 0.0001; Fig 6A), consistent with the GSEA result that a series of
immune-related pathways were obviously enriched in low-risk patients. Besides, the tumor
purity was lower in low-risk patients (P < 0.001; Fig 6A). This result could be explained by a
previous report showing samples with low tumor purity are related to high stromal and
immune scores [23].

Subsequently, CIBERSORT and MCP-counter were used to explore the fraction of specific
immune cell types in high- and low-risk patients. The comparisons between high- and low-
risk patients were summarized in Fig 6B and 6C. The results showed that low-risk patients
were detected having higher cell composition of CD8" T cells in both methods (P < 0.0001).
Besides, the fraction of activated memory CD4" T cells (P < 0.01), T cells follicular helper
(P < 0.0001), Cytotoxic lymphocytes (P < 0.001), B lineage (P < 0.001) and Myeloid dendritic
cells (P < 0.01) were found having higher fraction in low-risk patients, whereas high-risk
patients were more associated with macrophages MO (P < 0.01) and activated mast cells
(P < 0.05). The above results confirmed that ccHPS was related to the microenvironment
remodeling in the tumor immune system in cervical cancer.

Chemotherapy drug sensitivity between high- and low-risk groups

Tissue hypoxia is an indicator of adverse prognosis in cancer patients. Moreover, hypoxia
could enhance the resistance to chemotherapy through a series of signaling biological pro-
cesses, such as DNA damage, apoptosis, p53, autophagy and mitochondrial activity [7, 44, 45].
In this study, we compared the chemotherapy drug sensitivity in high- and low-risk groups
using six chemotherapy drugs in cervical cancer, including Paclitaxel, Gemcitabine, Cisplatin,
Gefitinib, Mitomycin C, and Sunitinib. Consistently, we observed significantly higher esti-
mated IC50 levels in ccHPS high score patients for most chemotherapy drugs, including Pacli-
taxel, Gefitinib, Sunitinib, and Mitomycin C (S3 Fig), suggesting patients in high-risk groups

PLOS ONE | https://doi.org/10.1371/journal.pone.0269462 June 3, 2022 10/19


https://doi.org/10.1371/journal.pone.0269462

PLOS ONE A novel hypoxia-related signature in cervical cancer

Group
B3 High-score
- osH . 6 B3 Low-score
0 3
® 120 3 8
g P °
3 20.82+ c
D 2 3 4
2 H g
g 8o 5 =
E E L
081 O
40+ 2=
080
T T T T
High-score Low-score High-score Low-score
9 9 od *é ==
T T T T T ‘L T T J’
» i) 3 o ® = 2 2 T
2 g < g T 8 3 2 8
3 O [9) b)) o c 9 [=3 =
= b 2 £ ¥ £ g g =
8 ro% = =z Q = = [9]
£ @ 2 S o £
© > g 3 = ]
g 5 3 &
g s 3
£ 3
>
O . =
c Cells in MCP-counter
0.8 Group
B3 High-score
E Low-score
0.6
[ o= *kkk *% *kkk *% *
o
2
7}
o
£
6 0.4
o
©
O
0.2 ‘| “ |!
| I | I | [ I T I I I I | | I I I | I | |
o > » ®© © © T ;, &8 ©® T o O = o © T O T @O ®
> 5§ = Ao 2 £ & 9 5 = £ o 9 c & £ @ = F
] o 8 O T = ® 2 9P © = 5 =4 = = = £ T £ ® § 5§
S 5 s 2 & 8 2 2 & 3T B 2 T8 8 g B 2 B 2 g 8
QEE=V‘—.3;:gHﬁgmmc>‘ﬁ‘5Hﬁ,Eb
© : 7] g Q > ®© ey K] ®© <) © © T © c © © @ >
o L & > O ¢© . 3 S E B 6 = § § § @ 6 w & § 2
L2 ® g / > 3 £ & ] s & o ) s 0 =z
@ 3 o g £ 5 2 & 5 & 3 © o 9o 3 B 2 B
] T 2 € 3 3 4 X 8 5 5 &5 8 & g &
om o = o = o =2 Z ¢ © (o] ° = 2] S 5
=< g 2 1 g =z = = =2 ©v = =2 ©
[a) : » 4 c = 2
8 x 8 2 ¢ s T
4 [ © o ]
i) (@] © a
s 2 -
F 3
=

Cells in CIBERSORT

Fig 6. Comparison of the immune status between high-risk and low-risk patients from ccHPS risk model base on ESTIMATE, MCP-counter and
CIBERSORT methods. (a) Boxplot shows the Immune Score distribution (left) and Tumor purity (right) from ESTIMATE. (b) Boxplot shows immune cell
abundance in MCP-counter method (c) Boxplot shows the cell composition ratio differentiation of 21 types of immune cells in cervical cancer samples between
high and low-risk patients using CIBERSORT. The statistical comparisons were conducted using Student’s t-test. **** P < 0.0001, *** P < 0.001, ** P < 0.01

and * P < 0.05.
https://doi.org/10.1371/journal.pone.0269462.g006
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Table 1. Results of the univariate and multivariate cox regression analyses of OS in the TCGA-CESC cohort.

Variables Univariate cox analysis Multivariate cox analysis

Coefficient Hazard Ratio (95% CI) P-value Coefficient Hazard Ratio (95% CI) P-value
ccHPS risk score (Low) -1.31 0.27 (0.16-0.45) 1.02x1076 -1.49 0.23 (0.09-0.56) 1.33x1073
LVI (Present) 2.32 10.21 (2.41-43.30) 1.61x1072 2.39 10.93 (2.54-47.00) 1.31x107°
FIGO stage (Stage II-1V) 0.79 2.19 (1.33-3.61) 2.00x107* -0.34 0.71 (0.20-2.52) 0.59
T stage (T2-4) 0.59 1.81 (1.03-3.18) 0.04 -0.06 0.94 (0.33-2.71) 0.92
Age (>60) 0.57 1.77 (1.05-2.97) 0.03 0.93 2.55(0.82-7.86) 0.10
Grade (G3-4) -0.11 0.89 (0.53-1.51) 0.68 - - -
Radiation therapy (YES) -0.04 0.96 (0.45-2.07) 0.92 - - -

https://doi.org/10.1371/journal.pone.0269462.t001

are more resistant to these chemotherapy drugs. Meanwhile, we observed no significant differ-
ence in the estimated IC50 between the high and low ccHPS score groups for Cisplatin and
Gemcitabine. We concluded that the low-risk patients were more sensitive to chemotherapy
drugs and could benefit from Paclitaxel, Gefitinib, Sunitinib, and Mitomycin C therapy.

Independent prognostic analysis

Univariate and multivariate Cox regression analyses were separately performed using TCGA--
CESC entire cohort to investigate whether the risk score from ccHPS is an independent prog-
nostic factor of OS with cervical cancer. The results were shown in Table 1. In univariate Cox
regression analysis, the risk score was significantly associated with patient prognosis

(P = 1.02x10"°). Besides, Age, FIGO stage, Lymphovascular invasion (LVI), and T stages are
considerably associated with prognoses as well with the threshold P < 0.05 (Table 1). These
significant clinical factors were then included in multivariate cox regression analysis, and the
ccHPS risk score remained associated with patient OS (P = 1.33%1072). The above findings
suggested that ccHPS was an independent prognostic factor for patients with cervical cancer.
Interestingly, LVI is an independent prognostic factor as well (Table 1).

Establishment and evaluation of the nomogram

The results from Table 1 revealed that ccHPS and LVI are independent prognostic factors in
cervical cancer. Accordingly, a nomogram integrating the ccHPS risk score and LVI was devel-
oped to predict the probability of 1-, 2- and 3-years overall survival in cervical cancer using
TCGA entire cohort (Fig 7A). The nomogram was predicted well, with the C-index reach
0.835. Meanwhile, the ROC curve confirmed that the nomogram has a good performance in
predicting OS with AUC at 1-, 2- and 3-years separately reach 0.928, 0.916 and 0.831 (Fig 7B).
Besides, the DCA result in Fig 7C demonstrated that the prediction performance of the nomo-
gram is better than that in one of the LVI and ccHPS risk scores.

Discussion

Cervical cancer is a major public health problem worldwide among females, ranking fourth in
incidence and death rates [1, 2]. Hypoxia is a typical microenvironment character in tumors
with deprived adequate oxygen supply, and was shown to be a prognostic factor associated
with adverse outcomes in cervical cancer [11-13]. Moreover, the expression changes of hyp-
oxia-related genes were shown to be associated with cell invasion and metastasis in tumors
[14, 15, 46]. Therefore, integrating hypoxia-related genes to investigate their effects on patient
survival and the related biological changes might help us comprehensively understand the hyp-
oxic tumor microenvironment in cervical cancer, giving us insights into improving cancer
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https://doi.org/10.1371/journal.pone.0269462.9007

therapy. In this study, we constructed a hypoxia-based risk model including nine genes
(EFNAL, IER3, ISG20, KLF7, LDHC, P4HA2, PGM1, RBPJ and STC1), which is developed
and confirmed separately by the TCGA training cohort (n = 203) and two validation cohorts
(TCGA-test cohort (n = 86) and CGCI-HTMCP-CC cohort (n = 117)) based on LASSO Cox
regression analysis. The PCA analysis, ROC analysis, and K-M survival analysis suggested an
excellent performance of the ccHPS model in predicting the prognosis of patients with cervical
cancer. The high-risk score was considerably associated with adverse outcomes of the patients.
The stable performance of the ccHPS model across different clinical factors further confirmed
the robustness of its prognostic value. Importantly, univariate and multivariate Cox regression
analysis showed that ccHPS was an independent prognostic factor in cervical cancer. More-
over, a nomogram integrating ccHPS and LVI was developed, which further improved the
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prediction performance, predicting the 1-, 2- and 3-year prognosis with AUC values of 0.928,
0.916 and 0.831, respectively. These findings demonstrated the high prognostic value of the
hypoxia-related gene-based risk model. In addition to the prognostic value of the ccHPS
model, ccHPS could also indicate tumor hypoxic microenvironment. The ccHPS score of both
tumor samples and cell lines in a high hypoxic environment was consistently higher than
those in a low hypoxic environment.

Furthermore, most of the nine genes in ccHPS have been reported to be associated with the
tumor prognosis in different human cancer types, such as IER3 is a prognostic factor in blad-
der cancer [47], expression increased KLF7 promotes tumor cell growth and metastasis in pan-
creatic cancer [48] and tumor cell migration in oral squamous cell carcinoma [49], and STC1
is a prognostic predictor in patients with esophageal squamous cell carcinoma [50] and colo-
rectal cancer [51]. Notably, PAHA?2 has been reported to be a prognostic biomarker in cervical
cancer, which was increased expression in cervical cancer tissues compared with the adjacent
normal tissues, and related to poor prognosis [52, 53].

Tumor microenvironment (TME) is a complex biological environment where solid tumors
are located, and increasing evidence showed that TME played critical roles in tumor progres-
sion [54]. As a dominant microenvironmental factor, hypoxia is considered the most relevant
factor in tumor progression and metastasis [55, 56]. Consistently, of the ccHPS risk model
with nine hypoxia-related genes, the high-risk score is remarkably related to the poor progno-
sis of cervical cancer patients, indicating the TME remodeling ability of hypoxia and a compli-
cated biological change within TME that ccHPS might derive. An increasing number of
studies indicated that hypoxia plays an essential role in tumor immune escape with the infiltra-
tion of large amounts of immunosuppressive cells in hypoxic zone of solid tumors, including
tumor-associated macrophages and myeloid-derived suppressor cells [55-57]. Moreover, hyp-
oxia reduces the proliferation and differentiation ability of CD8" T cells [55, 58], a preferred
antitumor immune cell, thus leading to adverse prognosis in cancer [59, 60]. Accordingly, we
explored the correlation of ccHPS with immune systems in TME using ESTIMATE. The
results showed that high-risk patients had lower immune scores and higher tumor purity than
low-risk patients, suggesting a negative correlation between ccHPS risk score and antitumor
immunity of cervical cancer. Further CIBERSORT and MCP-counter analysis showed that
CD8" T cells, activated memory CD4" T cells, T cells follicular helper, Cytotoxic lymphocytes,
B lineage, and Myeloid dendritic cells were having a higher fraction in low-risk patients with
cervical cancer. In contrast, high-risk patients were more associated with the accumulation of
macrophages MO0 and activated mast cells. Previous reports have consistently shown that mast
cells, an cancer immunotherapy target, can be activated by hypoxia in solid tumors [61]. Hyp-
oxia could also lead to the accumulation of macrophages [7, 56, 62], and macrophages MO0 pro-
motes cancer invasion [63]. The results suggested the close connection between hypoxia and
ccHPS with similar remodeled immunogenic features, including increased immunosuppres-
sive cells and decreased antitumor immune cells. Therefore, we concluded that ccHPS might
give us insights into antitumor immunotherapy and further improve the strategies for treating
cervical cancer.

Besides the effects on the tumor immunity, the ccHPS model might be an indicator for
remodeling TME with cancer cell metabolism. Previous reports showed that hypoxia induces
proteomic changes in tumor cells, thus leading to a series of metabolic changes to stimulate
tumor growth and enhance therapy resistance [64-66]. In this study, GSEA analysis between
high-risk and low-risk patients divided by ccHPS confirmed the effects of ccHPS on remodel-
ing TME with cancer cell metabolism. In the results, a series of pathways in tumor progression
and metastasis were enriched in high-risk patients, such as EMT [36], keratinization [38, 39],
cytokine-cytokine receptor interaction pathway [40] and ribosome [41-43]. Therefore, further
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investigation of the ccHPS-led metabolic changes in tumor cells will facilitate us to focus on
specific pathways, and finally direct the tumor therapy.

In conclusion, the present study integrated hypoxia-related genes to construct a risk model,
ccHPS, which was developed and confirmed separately by the training cohort and two inde-
pendent test cohorts based on LASSO Cox regression analysis. Notably, the ccHPS model
could be an independent prognosis factor in predicting patient OS with cervical cancer and
closely related to the TME remodeling in cell metabolism and tumor immunity. We concluded
that the ccHPS risk model might help us better understand the hypoxic tumor microenviron-
ment, provide insights into antitumor immunotherapy, and ultimately improve the treatment
strategies of cervical cancer.

Supporting information

S1 Fig. Principal component analysis of the gene expression profile in high-risk and low-
risk patients. (a) PCA analysis for high-risk and low-risk patients in TCGA-Training cohort.
(b) PCA in TCGA-test cohort. (c) PCA in TCGA-CESC entire cohort. The genes used for PCA
analysis were the nine genes in the ccHPS model.

(TIF)

$2 Fig. Kaplan-Meier curve analysis for the high-risk and low-risk patients stratified by
clinical factors. The clinical factors included Grade in stages G1-2 (a) and G3-4 (b), Age that
higher than 50 (c) and less than 50 years old (d), N stages in NO (e) and N1 (f), T stages in T1
(g) and T2-4 (h). The high-risk and low-risk scores are divided by the median score in ccHPS
using the TCGA-CESC cohort.

(TIF)

S3 Fig. Box plots showed the differences between high- and low-ccHPS scores in the esti-
mated IC50 levels of six chemotherapy drugs using TCGA-CESC patients. The statistical
comparisons were conducted using the Wilcoxon test. **** P < 0.0001, *** P < 0.001, **

P <0.01 and * P < 0.05. and ns P > 0.05.

(TIF)

S1 Table. The training and validation datasets in TCGA-CESC and CGCI-HTMCP-CC.
(XLSX)

$2 Table. The gene identifier mapping table used for converting Ensembl gene identifier
into gene symbol, which was based on Human GENCODE database (version 22).
(XLSX)

S3 Table. Clinical characteristics of patients in TCGA training and test cohorts, and
CGCI-HTMCP-CC cohort.
(DOCX)

$4 Table. Univariate cox analysis result for 190 hypoxia-related genes covered in TCGA--
CESC cohort.
(XLSX)

S5 Table. Gene Set Enrichment Analysis (GSEA) using the MSigDB gene sets derived from
KEGG, HALLMARK, and gene ontology (biological process).
(XLSX)

PLOS ONE | https://doi.org/10.1371/journal.pone.0269462 June 3, 2022 15/19


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0269462.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0269462.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0269462.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0269462.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0269462.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0269462.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0269462.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0269462.s008
https://doi.org/10.1371/journal.pone.0269462

PLOS ONE A novel hypoxia-related signature in cervical cancer

Author Contributions
Conceptualization: Haixia Qin, Li Zhang.

Data curation: Haixia Qin.

Formal analysis: Chenyu Nie.

Funding acquisition: Haixia Qin.
Investigation: Chenyu Nie.

Methodology: Li Zhang.

Project administration: Li Zhang.

Software: Chenyu Nie, Li Zhang.

Supervision: Li Zhang.

Validation: Haixia Qin, Li Zhang.

Writing - original draft: Chenyu Nie, Li Zhang.
Writing - review & editing: Haixia Qin, Li Zhang.

References

1.  Arbyn M, Weiderpass E, Bruni L, de Sanjose S, Saraiya M, Ferlay J, et al. Estimates of incidence and
mortality of cervical cancer in 2018: a worldwide analysis. Lancet Glob Health. 2020; 8(2):e191-e203.
https://doi.org/10.1016/S2214-109X(19)30482-6 PMID: 31812369

2. BrayF, Ferlay J, Soerjomataram |, Siegel RL, Torre LA, Jemal A. Global cancer statistics 2018: GLO-
BOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J
Clin. 2018; 68(6):394—424. https://doi.org/10.3322/caac.21492 PMID: 30207593

3. SungH, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al. Global Cancer Statistics
2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries.
CA Cancer J Clin. 2021; 71(3):209-249. https://doi.org/10.3322/caac.21660 PMID: 33538338

4. Mwaka AD, Orach CG, Were EM, Lyratzopoulos G, Wabinga H, Roland M. Awareness of cervical can-
cer risk factors and symptoms: cross-sectional community survey in post-conflict northern Uganda.
Health Expect. 2016; 19(4):854-867. hitps://doi.org/10.1111/hex.12382 PMID: 26205470

5. MuzB, dela Puente P, Azab F, Azab AK. The role of hypoxia in cancer progression, angiogenesis,
metastasis, and resistance to therapy. Hypoxia (Auckl). 2015; 3:83—-92. https://doi.org/10.2147/HP.
S93413 PMID: 27774485

6. Hockel M, Vaupel P. Tumor hypoxia: definitions and current clinical, biologic, and molecular aspects. J
Natl Cancer Inst. 2001; 93(4):266—276. https://doi.org/10.1093/jnci/93.4.266 PMID: 11181773

7. Jing X, YangF, Shao C, Wei K, Xie M, Shen H, et al. Role of hypoxia in cancer therapy by regulating the
tumor microenvironment. Mol Cancer. 2019; 18(1):157. https://doi.org/10.1186/s12943-019-1089-9
PMID: 31711497

8. Semenza GL. The hypoxic tumor microenvironment: A driving force for breast cancer progression. Bio-
chim Biophys Acta. 2016; 1863(3):382—391. https://doi.org/10.1016/j.bbamcr.2015.05.036 PMID:
26079100

9. Hockel M, Vaupel P. Biological consequences of tumor hypoxia. Semin Oncol. 2001; 28(2 Suppl 8):36—
41. PMID: 11395851

10. Challapalli A, Carroll L, Aboagye EO. Molecular mechanisms of hypoxia in cancer. Clin Transl Imaging.
2017; 5(83):225-253. https://doi.org/10.1007/s40336-017-0231-1 PMID: 28596947

11. LyngH, Sundfor K, Trope C, Rofstad EK. Disease control of uterine cervical cancer: relationships to
tumor oxygen tension, vascular density, cell density, and frequency of mitosis and apoptosis measured
before treatment and during radiotherapy. Clin Cancer Res. 2000; 6(3):1104—1112. PMID: 10741740

12. LyngH, Malinen E. Hypoxia in cervical cancer: from biology to imaging. Clin Transl Imaging. 2017; 5
(4):373-388. https://doi.org/10.1007/s40336-017-0238-7 PMID: 28804704

PLOS ONE | https://doi.org/10.1371/journal.pone.0269462 June 3, 2022 16/19


https://doi.org/10.1016/S2214-109X%2819%2930482-6
http://www.ncbi.nlm.nih.gov/pubmed/31812369
https://doi.org/10.3322/caac.21492
http://www.ncbi.nlm.nih.gov/pubmed/30207593
https://doi.org/10.3322/caac.21660
http://www.ncbi.nlm.nih.gov/pubmed/33538338
https://doi.org/10.1111/hex.12382
http://www.ncbi.nlm.nih.gov/pubmed/26205470
https://doi.org/10.2147/HP.S93413
https://doi.org/10.2147/HP.S93413
http://www.ncbi.nlm.nih.gov/pubmed/27774485
https://doi.org/10.1093/jnci/93.4.266
http://www.ncbi.nlm.nih.gov/pubmed/11181773
https://doi.org/10.1186/s12943-019-1089-9
http://www.ncbi.nlm.nih.gov/pubmed/31711497
https://doi.org/10.1016/j.bbamcr.2015.05.036
http://www.ncbi.nlm.nih.gov/pubmed/26079100
http://www.ncbi.nlm.nih.gov/pubmed/11395851
https://doi.org/10.1007/s40336-017-0231-1
http://www.ncbi.nlm.nih.gov/pubmed/28596947
http://www.ncbi.nlm.nih.gov/pubmed/10741740
https://doi.org/10.1007/s40336-017-0238-7
http://www.ncbi.nlm.nih.gov/pubmed/28804704
https://doi.org/10.1371/journal.pone.0269462

PLOS ONE

A novel hypoxia-related signature in cervical cancer

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Hockel M, Schlenger K, Aral B, Mitze M, Schaffer U, Vaupel P. Association between tumor hypoxia and
malignant progression in advanced cancer of the uterine cervix. Cancer Res. 1996; 56(19):4509-4515.
PMID: 8813149

Kim BW, Cho H, Chung JY, Conway C, Ylaya K, Kim JH, et al. Prognostic assessment of hypoxia and
metabolic markers in cervical cancer using automated digital image analysis of immunohistochemistry.
J Transl Med. 2013; 11:185. https://doi.org/10.1186/1479-5876-11-185 PMID: 23927384

Huang M, Chen Q, Xiao J, Yao T, Bian L, Liu C, et al. Overexpression of hypoxia-inducible factor-1ais a
predictor of poor prognosis in cervical cancer: a clinicopathologic study and a meta-analysis. Int J Gyne-
col Cancer. 2014; 24(6):1054—1064. https://doi.org/10.1097/IGC.0000000000000162 PMID: 24978711

Semenza GL. Defining the role of hypoxia-inducible factor 1 in cancer biology and therapeutics. Onco-
gene. 2010; 29(5):625-634. https://doi.org/10.1038/onc.2009.441 PMID: 19946328

Fjeldbo CS, Aarnes EK, Malinen E, Kristensen GB, Lyng H. Identification and Validation of Reference
Genes for RT-qPCR Studies of Hypoxia in Squamous Cervical Cancer Patients. PLoS One. 2016; 11
(5):e0156259. https://doi.org/10.1371/journal.pone.0156259 PMID: 27244197

Fjeldbo CS, Julin CH, Lando M, Forsberg MF, Aarnes EK, Alsner J, et al. Integrative Analysis of DCE-
MRI and Gene Expression Profiles in Construction of a Gene Classifier for Assessment of Hypoxia-
Related Risk of Chemoradiotherapy Failure in Cervical Cancer. Clin Cancer Res. 2016; 22(16):4067—
40786. https://doi.org/10.1158/1078-0432.CCR-15-2322 PMID: 27012812

Halle C, Andersen E, Lando M, Aarnes EK, Hasvold G, Holden M, et al. Hypoxia-induced gene expres-
sion in chemoradioresistant cervical cancer revealed by dynamic contrast-enhanced MRI. Cancer Res.
2012; 72(20):5285-5295. https://doi.org/10.1158/0008-5472.CAN-12-1085 PMID: 22890239

Yang, LiY, Qi R, Zhang L. Constructe a novel 5 hypoxia genes signature for cervical cancer. Cancer
Cell Int. 2021; 21(1):345. https://doi.org/10.1186/512935-021-02050-3 PMID: 34217310

Liberzon A, Birger C, Thorvaldsdéttir H, Ghandi M, Mesirov JP, Tamayo P. The Molecular Signatures
Database (MSigDB) hallmark gene set collection. Cell Syst. 2015; 1(6):417—425. https://doi.org/10.
1016/j.cels.2015.12.004 PMID: 26771021

Frankish A, Diekhans M, Ferreira AM, Johnson R, Jungreis |, Loveland J, et al. GENCODE reference
annotation for the human and mouse genomes. Nucleic Acids Res. 2019; 47(D1):D766—773. https://
doi.org/10.1093/nar/gky955 PMID: 30357393

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-Garcia W, et al. Inferring tumour
purity and stromal and immune cell admixture from expression data. Nat Commun. 2013; 4:2612.
https://doi.org/10.1038/ncomms3612 PMID: 24113773

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust enumeration of cell subsets
from tissue expression profiles. Nat Methods. 2015; 12(5):453—457. https://doi.org/10.1038/nmeth.
3337 PMID: 25822800

Becht E, Giraldo NA, Lacroix L, Buttard B, Elarouci N, Petitprez F, et al. Estimating the population abun-
dance of tissue-infiltrating immune and stromal cell populations using gene expression. Genome Biol-
ogy. 2016; 17(1):218. https://doi.org/10.1186/s13059-016-1070-5 PMID: 27765066

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analy-
ses for RNA-sequencing and microarray studies. Nucleic acids research. 2015; 43(7):e47—e47. https:/
doi.org/10.1093/nar/gkv007 PMID: 25605792

Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing biological themes among
gene clusters. OMICS. 2012; 16(5):284—287. https://doi.org/10.1089/omi.2011.0118 PMID: 22455463

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, et al. Gene set enrichment
analysis: A knowledge-based approach for interpreting genome-wide expression profiles. Proceedings
of the National Academy of Sciences. 2005; 102(43):15545—-15550. https://doi.org/10.1073/pnas.
0506580102 PMID: 16199517

Mootha VK, Lindgren CM, Eriksson KF, Subramanian A, Sihag S, Lehar J, et al. PGC-1alpha-respon-
sive genes involved in oxidative phosphorylation are coordinately downregulated in human diabetes.
Nat Genet. 2003; 34(3):267-273. https://doi.org/10.1038/ng1180 PMID: 12808457

Benjamini Y, Hochberg Y. Controlling the False Discovery Rate: A Practical and Powerful Approach to
Multiple Testing. Journal of the Royal Statistical Society: Series B (Methodological). 1995; 57(1):289—
300.

Yang W, Soares J, Greninger P, Edelman EJ, Lightfoot H, Forbes S, et al. Genomics of Drug Sensitivity
in Cancer (GDSC): a resource for therapeutic biomarker discovery in cancer cells. Nucleic Acids Res.
2013; 41(Database issue):D955-961. https://doi.org/10.1093/nar/gks1111 PMID: 23180760

Geeleher P, Cox NJ, Huang RS. Clinical drug response can be predicted using baseline gene expres-
sion levels and in vitro drug sensitivity in cell lines. Genome Biol. 2014; 15(3):R47. https://doi.org/10.
1186/gb-2014-15-3-r47 PMID: 24580837

PLOS ONE | https://doi.org/10.1371/journal.pone.0269462 June 3, 2022 17/19


http://www.ncbi.nlm.nih.gov/pubmed/8813149
https://doi.org/10.1186/1479-5876-11-185
http://www.ncbi.nlm.nih.gov/pubmed/23927384
https://doi.org/10.1097/IGC.0000000000000162
http://www.ncbi.nlm.nih.gov/pubmed/24978711
https://doi.org/10.1038/onc.2009.441
http://www.ncbi.nlm.nih.gov/pubmed/19946328
https://doi.org/10.1371/journal.pone.0156259
http://www.ncbi.nlm.nih.gov/pubmed/27244197
https://doi.org/10.1158/1078-0432.CCR-15-2322
http://www.ncbi.nlm.nih.gov/pubmed/27012812
https://doi.org/10.1158/0008-5472.CAN-12-1085
http://www.ncbi.nlm.nih.gov/pubmed/22890239
https://doi.org/10.1186/s12935-021-02050-3
http://www.ncbi.nlm.nih.gov/pubmed/34217310
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1016/j.cels.2015.12.004
http://www.ncbi.nlm.nih.gov/pubmed/26771021
https://doi.org/10.1093/nar/gky955
https://doi.org/10.1093/nar/gky955
http://www.ncbi.nlm.nih.gov/pubmed/30357393
https://doi.org/10.1038/ncomms3612
http://www.ncbi.nlm.nih.gov/pubmed/24113773
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1038/nmeth.3337
http://www.ncbi.nlm.nih.gov/pubmed/25822800
https://doi.org/10.1186/s13059-016-1070-5
http://www.ncbi.nlm.nih.gov/pubmed/27765066
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkv007
http://www.ncbi.nlm.nih.gov/pubmed/25605792
https://doi.org/10.1089/omi.2011.0118
http://www.ncbi.nlm.nih.gov/pubmed/22455463
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1073/pnas.0506580102
http://www.ncbi.nlm.nih.gov/pubmed/16199517
https://doi.org/10.1038/ng1180
http://www.ncbi.nlm.nih.gov/pubmed/12808457
https://doi.org/10.1093/nar/gks1111
http://www.ncbi.nlm.nih.gov/pubmed/23180760
https://doi.org/10.1186/gb-2014-15-3-r47
https://doi.org/10.1186/gb-2014-15-3-r47
http://www.ncbi.nlm.nih.gov/pubmed/24580837
https://doi.org/10.1371/journal.pone.0269462

PLOS ONE

A novel hypoxia-related signature in cervical cancer

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

Geeleher P, Cox N, Huang RS. pRRophetic: an R package for prediction of clinical chemotherapeutic
response from tumor gene expression levels. PLoS One. 2014; 9(9):e107468. https://doi.org/10.1371/
journal.pone.0107468 PMID: 25229481

Bansal A, Heagerty PJ. A comparison of landmark methods and time-dependent ROC methods to eval-
uate the time-varying performance of prognostic markers for survival outcomes. Diagn Progn Res.
2019; 3(1):14 https://doi.org/10.1186/s41512-019-0057-6 PMID: 31367681

Kamarudin AN, Cox T, Kolamunnage-Dona R. Time-dependent ROC curve analysis in medical
research: current methods and applications. BMC Med Res Methodol. 2017; 17(1):53. https://doi.org/
10.1186/s12874-017-0332-6 PMID: 28388943

Qureshi R, Arora H, Rizvi MA. EMT in cervical cancer: its role in tumour progression and response to
therapy. Cancer Lett. 2015; 356:321-331. https://doi.org/10.1016/j.canlet.2014.09.021 PMID:
25281477

Shang C, Wang W, Liao Y, Chen Y, Liu T, Du Q, et al. LNMICC Promotes Nodal Metastasis of Cervical
Cancer by Reprogramming Fatty Acid Metabolism. Cancer Res. 2018; 78(4):877—890. https://doi.org/
10.1158/0008-5472.CAN-17-2356 PMID: 29229603

Cooper T, Biron VL, Adam B, Klimowicz AC, Puttagunta L, Seikaly H. Association of Keratinization With
5-Year Disease-Specific Survival in Oropharyngeal Squamous Cell Carcinoma. JAMA Otolaryngology—
Head & Neck Surgery. 2015; 141(3):250-256. https://doi.org/10.1001/jamaoto.2014.3335 PMID:
25554966

Park HJ, Cha YJ, Kim SH, Kim A, Kim EY, Chang YS. Keratinization of Lung Squamous Cell Carcinoma
Is Associated with Poor Clinical Outcome. Tuberc Respir Dis (Seoul). 2017; 80(2):179-186. https://doi.
0rg/10.4046/trd.2017.80.2.179 PMID: 28416958

Lappano R, Talia M, Cirillo F, Rigiracciolo DC, Scordamaglia D, Guzzi R, et al. The IL1B-IL1R signaling
is involved in the stimulatory effects triggered by hypoxia in breast cancer cells and cancer-associated
fibroblasts (CAFs). Journal of Experimental & Clinical Cancer Research. 2020; 39(1):153. https://doi.
org/10.1186/s13046-020-01667-y PMID: 32778144

Dolezal JM, Dash AP, Prochownik EV. Diagnostic and prognostic implications of ribosomal protein tran-
script expression patterns in human cancers. BMC Cancer. 2018; 18(1):275. https://doi.org/10.1186/
$12885-018-4178-z PMID: 29530001

Luo S, Zhao J, Fowdur M, Wang K, Jiang T, He M. Highly expressed ribosomal protein L34 indicates

poor prognosis in osteosarcoma and its knockdown suppresses osteosarcoma proliferation probably
through translational control. Scientific Reports. 2016; 6(1):37690. https://doi.org/10.1038/srep37690
PMID: 27883047

Bastide A, David A. The ribosome, (slow) beating heart of cancer (stem) cell. Oncogenesis. 2018; 7
(4):34. https://doi.org/10.1038/s41389-018-0044-8 PMID: 29674660

Cosse JP, Michiels C. Tumour hypoxia affects the responsiveness of cancer cells to chemotherapy and
promotes cancer progression. Anticancer Agents Med Chem. 2008; 8(7):790-7. https://doi.org/10.
2174/187152008785914798 PMID: 18855580

Shannon AM, Bouchier-Hayes DJ, Condron CM, Toomey D. Tumour hypoxia, chemotherapeutic resis-
tance and hypoxia-related therapies. Cancer Treatment Reviews. 2003; 29(4):297-307. https://doi.org/
10.1016/s0305-7372(03)00003-3 PMID: 12927570

Semenza GL. Hypoxia-inducible factors: mediators of cancer progression and targets for cancer ther-
apy. Trends Pharmacol Sci. 2012; 33(4):207-214. https://doi.org/10.1016/j.tips.2012.01.005 PMID:
22398146

Ye J, Zhang Y, Cai Z, Jiang M, Li B, Chen G, et al. Increased expression of immediate early response
gene 3 protein promotes aggressive progression and predicts poor prognosis in human bladder cancer.
BMC Urology. 2018; 18(1):82. https://doi.org/10.1186/s12894-018-0388-6 PMID: 30249226

Gupta R, Malvi P, Parajuli KR, Janostiak R, Bugide S, Cai G, et al. KLF7 promotes pancreatic cancer

growth and metastasis by up-regulating ISG expression and maintaining Golgi complex integrity. Pro-
ceedings of the National Academy of Sciences. 2020; 117(22):12341-12351. https://doi.org/10.1073/
pnas.2005156117 PMID: 32430335

Ding X, Wang X, Gong Y, Ruan H, Sun Y, Yu Y. KLF7 overexpression in human oral squamous cell car-
cinoma promotes migration and epithelial-mesenchymal transition. Oncol Lett. 2017; 13(4):2281-2289.
https://doi.org/10.3892/01.2017.5734 PMID: 28454392

Shirakawa M, Fujiwara Y, Sugita Y, Moon JH, Takiguchi S, Nakajima K, et al. Assessment of stanniocal-
cin-1 as a prognostic marker in human esophageal squamous cell carcinoma. Oncol Rep. 2012; 27
(4):940-946. https://doi.org/10.3892/0r.2011.1607 PMID: 22200953

Tamura S, Oshima T, Yoshihara K, Kanazawa A, Yamada T, Inagaki D, et al. Clinical significance of
STC1 gene expression in patients with colorectal cancer. Anticancer Res. 2011; 31(1):325-329. PMID:
21273618

PLOS ONE | https://doi.org/10.1371/journal.pone.0269462 June 3, 2022 18/19


https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1371/journal.pone.0107468
http://www.ncbi.nlm.nih.gov/pubmed/25229481
https://doi.org/10.1186/s41512-019-0057-6
http://www.ncbi.nlm.nih.gov/pubmed/31367681
https://doi.org/10.1186/s12874-017-0332-6
https://doi.org/10.1186/s12874-017-0332-6
http://www.ncbi.nlm.nih.gov/pubmed/28388943
https://doi.org/10.1016/j.canlet.2014.09.021
http://www.ncbi.nlm.nih.gov/pubmed/25281477
https://doi.org/10.1158/0008-5472.CAN-17-2356
https://doi.org/10.1158/0008-5472.CAN-17-2356
http://www.ncbi.nlm.nih.gov/pubmed/29229603
https://doi.org/10.1001/jamaoto.2014.3335
http://www.ncbi.nlm.nih.gov/pubmed/25554966
https://doi.org/10.4046/trd.2017.80.2.179
https://doi.org/10.4046/trd.2017.80.2.179
http://www.ncbi.nlm.nih.gov/pubmed/28416958
https://doi.org/10.1186/s13046-020-01667-y
https://doi.org/10.1186/s13046-020-01667-y
http://www.ncbi.nlm.nih.gov/pubmed/32778144
https://doi.org/10.1186/s12885-018-4178-z
https://doi.org/10.1186/s12885-018-4178-z
http://www.ncbi.nlm.nih.gov/pubmed/29530001
https://doi.org/10.1038/srep37690
http://www.ncbi.nlm.nih.gov/pubmed/27883047
https://doi.org/10.1038/s41389-018-0044-8
http://www.ncbi.nlm.nih.gov/pubmed/29674660
https://doi.org/10.2174/187152008785914798
https://doi.org/10.2174/187152008785914798
http://www.ncbi.nlm.nih.gov/pubmed/18855580
https://doi.org/10.1016/s0305-7372%2803%2900003-3
https://doi.org/10.1016/s0305-7372%2803%2900003-3
http://www.ncbi.nlm.nih.gov/pubmed/12927570
https://doi.org/10.1016/j.tips.2012.01.005
http://www.ncbi.nlm.nih.gov/pubmed/22398146
https://doi.org/10.1186/s12894-018-0388-6
http://www.ncbi.nlm.nih.gov/pubmed/30249226
https://doi.org/10.1073/pnas.2005156117
https://doi.org/10.1073/pnas.2005156117
http://www.ncbi.nlm.nih.gov/pubmed/32430335
https://doi.org/10.3892/ol.2017.5734
http://www.ncbi.nlm.nih.gov/pubmed/28454392
https://doi.org/10.3892/or.2011.1607
http://www.ncbi.nlm.nih.gov/pubmed/22200953
http://www.ncbi.nlm.nih.gov/pubmed/21273618
https://doi.org/10.1371/journal.pone.0269462

PLOS ONE

A novel hypoxia-related signature in cervical cancer

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

Cao Y, Han Q, LiJ, Jia Y, Zhang R, Shi H. P4AHA2 contributes to cervical cancer progression via induc-
ing epithelial-mesenchymal transition. J Cancer. 2020; 11(10):2788—-2799. https://doi.org/10.7150/jca.
38401 PMID: 32226497

Li Q, Wang Q, Zhang Q, Zhang J, Zhang J. Collagen prolyl 4-hydroxylase 2 predicts worse prognosis
and promotes glycolysis in cervical cancer. Am J Transl Res. 2019; 11(11):6938-51. PMID: 31814898

Quail DF, Joyce JA. Microenvironmental regulation of tumor progression and metastasis. Nat Med.
2013; 19(11):1423-1437. https://doi.org/10.1038/nm.3394 PMID: 24202395

Noman MZ, Hasmim M, Messai Y, Terry S, Kieda C, Janji B, et al. Hypoxia: a key player in antitumor
immune response. A Review in the Theme: Cellular Responses to Hypoxia. Am J Physiol Cell Physiol.
2015; 309(9):C569-579. https://doi.org/10.1152/ajpcell.00207.2015 PMID: 26310815

Noman MZ, Messai Y, Carre T, Akalay |, Meron M, Janji B, et al. Microenvironmental hypoxia orches-
trating the cell stroma cross talk, tumor progression and antitumor response. Crit Rev Immunol. 2011;
31(5):357-377. https://doi.org/10.1615/critrevimmunol.v31.i5.10 PMID: 22142164

Gabrilovich DI, Nagaraj S. Myeloid-derived suppressor cells as regulators of the immune system. Nat
Rev Immunol. 2009; 9(3):162—174. https://doi.org/10.1038/nri2506 PMID: 19197294

Vuillefroy de Silly R, Dietrich PY, Walker PR. Hypoxia and antitumor CD8(+) T cells: An incompatible
alliance? Oncoimmunology. 2016; 5(12):e1232236. https://doi.org/10.1080/2162402X.2016.1232236
PMID: 28123871

Farhood B, Najafi M, Mortezaee K. CD8(+) cytotoxic T lymphocytes in cancer immunotherapy: A
review. J Cell Physiol. 2019; 234(6):8509-8521. https://doi.org/10.1002/jcp.27782 PMID: 30520029

Maimela NR, Liu S, Zhang Y. Fates of CD8+ T cells in Tumor Microenvironment. Comput Struct Bio-
technol J. 2019; 17:1-13. https://doi.org/10.1016/j.csbj.2018.11.004 PMID: 30581539

Oldford SA, Marshall JS. Mast cells as targets forimmunotherapy of solid tumors. Molecular Immunol-
ogy. 2015; 63(1):113-124. https://doi.org/10.1016/j.molimm.2014.02.020 PMID: 24698842

Mantovani A, Sozzani S, Locati M, Allavena P, Sica A. Macrophage polarization: tumor-associated
macrophages as a paradigm for polarized M2 mononuclear phagocytes. Trends in immunology. 2002;
23(11):549-555. https://doi.org/10.1016/s1471-4906(02)02302-5 PMID: 12401408

Yuan A, Hsiao YJ, Chen HY, Chen HW, Ho CC, Chen YY, et al. Opposite Effects of M1 and M2 Macro-
phage Subtypes on Lung Cancer Progression. Sci Rep. 2015; 5(1):14273. https://doi.org/10.1038/
srep14273 PMID: 26399191

Bristow RG, Hill RP. Hypoxia and metabolism. Hypoxia, DNA repair and genetic instability. Nat Rev
Cancer. 2008; 8(3):180—192. https://doi.org/10.1038/nrc2344 PMID: 18273037

Al Tameemi W, Dale TP, Al-dJumaily RMK, Forsyth NR. Hypoxia-Modified Cancer Cell Metabolism.
Front Cell Dev Biol. 2019; 7:4. https://doi.org/10.3389/fcell.2019.00004 PMID: 30761299

Kim JW, Gao P, Dang CV. Effects of hypoxia on tumor metabolism. Cancer Metastasis Rev. 2007; 26
(2):291-298. https://doi.org/10.1007/s10555-007-9060-4 PMID: 17415528

PLOS ONE | https://doi.org/10.1371/journal.pone.0269462 June 3, 2022 19/19


https://doi.org/10.7150/jca.38401
https://doi.org/10.7150/jca.38401
http://www.ncbi.nlm.nih.gov/pubmed/32226497
http://www.ncbi.nlm.nih.gov/pubmed/31814898
https://doi.org/10.1038/nm.3394
http://www.ncbi.nlm.nih.gov/pubmed/24202395
https://doi.org/10.1152/ajpcell.00207.2015
http://www.ncbi.nlm.nih.gov/pubmed/26310815
https://doi.org/10.1615/critrevimmunol.v31.i5.10
http://www.ncbi.nlm.nih.gov/pubmed/22142164
https://doi.org/10.1038/nri2506
http://www.ncbi.nlm.nih.gov/pubmed/19197294
https://doi.org/10.1080/2162402X.2016.1232236
http://www.ncbi.nlm.nih.gov/pubmed/28123871
https://doi.org/10.1002/jcp.27782
http://www.ncbi.nlm.nih.gov/pubmed/30520029
https://doi.org/10.1016/j.csbj.2018.11.004
http://www.ncbi.nlm.nih.gov/pubmed/30581539
https://doi.org/10.1016/j.molimm.2014.02.020
http://www.ncbi.nlm.nih.gov/pubmed/24698842
https://doi.org/10.1016/s1471-4906%2802%2902302-5
http://www.ncbi.nlm.nih.gov/pubmed/12401408
https://doi.org/10.1038/srep14273
https://doi.org/10.1038/srep14273
http://www.ncbi.nlm.nih.gov/pubmed/26399191
https://doi.org/10.1038/nrc2344
http://www.ncbi.nlm.nih.gov/pubmed/18273037
https://doi.org/10.3389/fcell.2019.00004
http://www.ncbi.nlm.nih.gov/pubmed/30761299
https://doi.org/10.1007/s10555-007-9060-4
http://www.ncbi.nlm.nih.gov/pubmed/17415528
https://doi.org/10.1371/journal.pone.0269462

