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Abstract: Background: Hypoxia is a crucial factor in the development of esophageal cancer. The
relationship between hypoxia and immune status in the esophageal cancer microenvironment is
becoming increasingly important in clinical practice. This study aims to clarify and investigate the
possible connection between immunotherapy and hypoxia in esophageal cancer. Methods: The
Cancer Genome Atlas databases are used to find two types of esophageal cancer cases. Cox
regressions analyses are used to screen genes for hypoxia-related traits. After that, the genetic
signature is validated by survival analysis and the construction of ROC curves. GSEA is used to
compare differences in enrichment in the two groups and is followed by the CIBERSORT tool to
investigate a potentially relevant correlation between immune cells and gene signatures. Results:
We found that the esophageal adenocarcinoma hypoxia model contains 3 genes (PGK1, PGM1,
SLC2A3), and the esophageal squamous cell carcinoma hypoxia model contains 2 genes (EGFR,
ATF3). The findings demonstrated that the survival rate of patients in the high-risk group is lower
than in the lower-risk group. Furthermore, we find that three kinds of immune cells (memory
activated CD4+ T cells, activated mast cells, and M2 macrophages) have a marked infiltration in
the tissues of patients in the high-risk group. Moreover, we find that PD-L1 and CD244 are highly
expressed in high-risk groups. Conclusions: Our data demonstrate that oxygen deprivation is
correlated with prognosis and the incidence of immune cell infiltration in patients with both types
of esophageal cancer, which provides an immunological perspective for the development of
personalized therapy.
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Abbreviations: EC: Esophageal cancer; EAC: Esophageal adenocarcinoma; ESCC: Esophageal
squamous cell carcinoma; PD-L1: Programmed death-ligand 1; TME: Tumor microenvironment;
TCGA: The cancer genome atlas; PPI: Protein-protein interaction network analysis; TMN: Tumour
node metastases; HR: Hazard ratio; GSEA: Gene set enrichment analysis; ROC: Receiver
operating characteristic; AUC: Area under curves; HIF: Hypoxia-inducible factor; TAMs: Tumor-
associated macrophages; SLAM: Signaling lymphocyte activation molecule; CD274: Cluster of
differentiation 274; B7-H1: B7 homolog 1

1. Introduction

Esophageal cancer (EC) is the eighth most common cancer in the world. Non-industrialized
countries account for nearly four out of every five instances, with Asia and Africa holds the greatest
rates [1].Esophageal adenocarcinoma (EAC) and esophageal squamous cell carcinoma (ESCC)
account for over 95% of esophageal cancers [2]. Esophageal cancer is related to a poor prognosis.
Despite advances in diagnosis and treatment, esophageal cancer patients’ five-year overall survival
rate is 15 to 20 percent globally and in the United States [3].

Hypoxia is an essential component of the tumor microenvironment and one of the most common
features of solid tumors [3]. Tumor cells are more vulnerable to proliferation, metastasis, drug
resistance, and poor prognosis when exposed to hypoxia [4,5].

Hypoxia stress can cause tumor resistance, resulting in immunosuppression [6,7]. Several
studies have shown that the expression of programmed death-ligand 1 (PD-L1) in tumors is up-
regulated under hypoxia [8]. More and more studies began to focus on analyzing the tumor
microenvironment (TME) in recent years. Immune cells in tumor microenvironment play an
essential role in tumorigenesis [9—11]. These related immune cells may have anti-tumor or tumor-
promoting functions, and their specific mechanism is very complex [12].

Moreover, there are several (non-)aggressive hypoxia biomarkers that can be identified in
esophageal cancer. In esophageal cancer, the molecular responses associated with hypoxia are an
important clinical phenomenon, and elevated levels of hypoxia-related biomarkers are often associated
with poorer treatment outcomes such as overall survival, disease-free survival, complete remission,
and local control [13]. Various myeloid cells make up the immune portion of the TME. Hypoxia can
disrupt lymphocyte differentiation and function by altering the expression of co-stimulatory receptors
and the cytokines released by these cells [14].

The high incidence and s severe adverse complications of gastrointestinal tumors seriously affect the
long-term survival rate and quality of Life In the patient population. It is well known that early detection
of the disease will lead to longer survival rates and better quality of life [15]. At present, a variety of
molecules have been reported to be used as prognostic markers and targets for the development of new
therapies, such as Autophagy-related microRNAs [16], Circular RNAs [15], curcumin [17,18]

Multiple models have been developed to forecast the prognosis of esophageal cancer. However,
there is no risk model based on hypoxia-related genes to predict the prognosis of esophageal cancer.
Therefore, we generated a hypoxia-related gene-based signal in this study to look into the possible
value of hypoxia-related genes in the prognosis of esophageal cancer patients.
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2. Materials and methods
2.1. Data collection

GEO publicly provides genomic data to support MIAME-compliant data submissions [14]. Human
IncRNA, miRNA and mRNA expression were freely accessible from NCBI-GEO (GSE124401 and
GSE136547). To be specific, the threshold of up-regulated or down-regulated IncRNA/mRNA was
[log2 (fold-change) | > 1 with adjust P < 0.05.

The RNA-seq transcriptome data and corresponding clinicopathological information from The
Cancer Genome Atlas (TCGA) are obtained for 82 ESCC patients and 78 EAC patients
(http://cancergenome.nih.gov/). The MSigDB database provided the hypoxia-associated gene set
(Hallmark-hypoxia) (https://www.gsea-msigdb.org/gsea/index.jsp). Hypoxia-related genes have been
shown to be upregulated in the lab in reaction to low oxygen levels. In this study, we used an
illustration package in R to map the heatmaps of gene expression.

The data in the TCGA database is freely accessible to the public and this study follows a strict
access policy and publication guidelines, thereby ethical review and approval by the ethics committee
are not required for this study.

2.2. Protein-protein interaction (PPI) network analysis

The Search Tool to Retrieve Interacting Genes (STRING) database (http://string-
db.org/cgi/input.pl) is used to construct the hypoxia gene network. The 50 genes with the most adjacent
nodes are chosen for further investigation using R software.

2.3. The hypoxia model’s construction and grouping

Testing for oxygen deprivation genes and discovering genes that are separately associated with
esophageal cancer prognosis. In a multivariate Cox regression, correlation coefficients are
obtained after finding statistically relevant hypoxic genes in a univariate Cox regression. Moreover,
the risk score of each patient is determined by multiplying the expression levels of each gene in
the TCGA databases by the expression coefficients for each gene. Based on median risk score
values, patients in both databases are categorized into high-risk and low-risk categories.

The risk score equation is defined as follows: Risk score = ) Ni = 1(Expi x Coei)

For example: In EAC, N =5, Expiis the expression of each of the five hypoxic genes and Coe:; is
the multivariate Cox regression coefficient that corresponds.

2.4. Independence of prognostic genetic features from other clinical features.

We used R’s “survival” kit and conducted univariate and multivariate Cox regression analysis to
identify hypoxia-related genes linked to prognosis. Then, to determine whether hypoxia risk score is
an independent factor affecting prognosis, age, gender, tumor node metastases (TNM) level and the
proposing risk score are used. Statistical significance is identified as a bilateral P value of less than
0.05. The hazard ratio (HR) is estimated, as well as the 95 percent confidence intervals.
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2.5. Gene set envichment analysis (GSEA)

During enrichment between high and low-risk groups in two groups of esophageal cancer, using GSEA
(https://www.gsea-msigdb.org/gsea/index.jsp) to identify significant variations between the groups of genes
expressed in the MSigDB pool (h.all.v7.0.cymbols.gmt; ¢5.bp.v7.0.symbols.gmt). For each analysis, 1000
permutations of gene sets are performed. A risk index is calculated using the phenotype mark.

2.6. Distinguish of immune cell types fractions and gene expression

CIBERSORT [25] is used to calculate immune cell types in low- and high-risk classes. In each
sample, the number of all predicted immune cell type scores equals 1. The online
platform(http://biocc.hrbmu.edu.cn/TIP/index.jsp) for tracking tumor immunophenotypes to screen
for immune-related genes that play an important role in the control of this immune cell type. In R serve,
the ggExtra packages, ggplot2 and ggpubr to explore the relationship between the hypoxic risk and the
gene expression, as well as the expression levels that differ between the high and low risk of hypoxia,
in patients looking for genes that perform a critical role in the regulation of immune cells.

3. Results
3.1. Hypoxia-related genes extraction and screening

The gene expression data and clinical data of esophageal cancer and hypoxia related genes were
downloaded from the TCGA database and GSEA website respectively. We later used STRING to
model PPIs among hypoxia-related genes (Figure 1A,B). The number of nodes in the network for every
protein is used to identify the central genes. Figures 1C,D showed the top 50 essential genes. To find
genes linked to prognosis, we used univariate Cox regression analysis and multivariate Cox analysis.

PGM1 is correlated with low risk in the EAC, while two genes (PGK1 and SLC2A3) are
associated with a high risk of malignancy development by using univariate Cox regression analysis
(Figure 1E). Finally, multivariate Cox regression analysis identified three hub genes related to patient
prognosis (Figure 1F). The model coefficients for these three genes (PGK1, PGM1 and SLC2A3) are
-2.8966, 0.5736 and 1.6160, respectively.

Furthermore, univariate Cox and multivariate Cox showed that EGFR relates to a low risk, while
ATF3 was correlated with a high risk of malignancy development in ESCC (Figure 1G,H). The model
coefficients for these two genes (EGFR and TPF3) are -0.482 and 1.394, respectively.
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Figure 1. Characterization of hypoxia risk score to predict prognosis of esophageal cancer.
(A, C) Protein-protein interactions among 50 hypoxia-associated genes. (B, D). The genes
with the highest interaction degrees. (E, G). hypoxia genes associated with the patient’ OS
were confirmed by univariate Cox regression. (F, H). hub hypoxia-related genes were
chosen to establish a hypoxia risk model by multivariate Cox regression.

Mathematical Biosciences and Engineering Volume 18, Issue 6, 7743-7758.



7748

3.2. Association between hypoxia related genes and prognosis
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Figure 2. Prognostic value of the hypoxia risk score in esophageal cancer. (A-B) Kaplan-
Meier overall survival analysis of esophageal cancer patients in high- and low-risk groups.
(C-D). ROC curve showing the prognostic value of hypoxia risk scores in patients.

We used the genes from the Cox regression study to model and used the median risk score to
classify patients into high-risk and low-risk types. Subsequently, the survival rate was significantly
increased in the low-risk categories in both ESCC and EAC groups (p < 0.05; Figure 2A,B).
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The accuracy of this model in predicting survival is tested using receiver operating characteristic

(ROC) curve analysis. The EAC three-gene prognostic model has AUCs of 0.728, 0.778 and 0.921
after one, three, and five years respectively (Figure 2C). The ESCC three-gene predictive model has
Area Under Curves (AUCs) of 0.654, 0.871 and 0.982 after one, three, and five years respectively
(Figure 2D). This means that the model gets more accurate over time in predicting survival rates for
EAC and ESCC patients at 1, 3 and 5 years, implying that the model correctly predicted survival rates
in EAC and ESCC.

Figures 3A,B showed the interaction between hub hypoxia-related genes. The risk curve showed
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that the survival time of the low-risk group was higher than that of the high-risk group Figure 3C,D).
In addition, the high-risk category showed that the number of deaths increased over time (Figure 3E,F).
Heat Maps showed the expression level of the hub gene in different groups. The expression of these
genes was significantly different in high and low-risk groups (Figure 3G,H).

3.3. Effects of different clinical characteristics on esophageal cancer prognosis

Clinical characteristics differ in the impact they have on patient prognosis. Thus, we analyzed the
impact of clinical characteristics on the prognosis of patients included in EAC and ESCC databases.
We first used univariate Cox regression analysis to evaluate the impact of clinical characteristics on
the survival time and prognosis of patients included.
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Figure 4. (A, B). KM survival curves for the hypoxia-related gene risk score for esophageal
cancer in TCGA dataset. (C, D). ROC of the risk signature based on the hub characteristic genes.

In TCGA-EAC and TCGA-ESCC database, we found that patient gender and tumour stage
affected neither survival nor prognosis, while node stage affected EAC patients, metastases stage
affected ESCC patients (Figure 4A,B). The p-value of the risk score in our model was < 0.05 for
patients in both databases, indicating that the risk score affected patient prognosis and survival.

Multivariate Cox regression analysis indicating that risk score about hypoxia were independent
prognostic factors (Figure 4C,D).

3.4. GSEA identifies hypoxia-related signaling pathways

We use GSEA to find hypoxia-related signaling pathways. When compared to the TCGA-
EAC database’s low-risk category, the high-risk group had several enriched pathways linked to
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apoptotic, hypoxia, and inflammatory response pathways (Supplemental Table 1). On the other
hand, the pathways associated with metabolism are enriched in the low-risk community

(Supplemental Table 2), and similar pathways are shown in the TCGA-ESCC database in
metabolism (Supplemental Tables 3 and 4)

3.5. Immune landscape between low and high hypoxia risk
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Figure 5. Infiltration of hypoxia-related immune cells. (A, B) Heat map of immune cell
infiltration in TCGA databases. (C, D, E) Immune cells whose infiltration is significantly
associated with the risk of hypoxia in TCGA database (p < 0.05).

According to GSEA, we investigated the ability to characterize hypoxia risk in the evaluation of
the immune microenvironment. Using the CIBERSORT method combined with the LM22 feature
matrix, we estimated the differences in immune infiltration of 22 immune cell types in patients with

low- and high-risk esophageal cancer. The outcomes of immune infiltration for patients with EAC and
ESCC were summarized in the Figure 5A,B.
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In EAC patients, the proportion of M2 macrophages is significantly higher in high risk (Figure 5C).
In ESCC patients, the proportion of activated mast cell and activated CD4 memory T cell is
significantly higher in in high risk (Figure 5D,E). Visualization of the expression of immune-related
genes from the online platform mentioned in the method were by Heatmap. Several immune-related
genes differed significantly between the high- and low-risk groups (p < 0.05) (Figure 6A,D).
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Figure 6. Relationships between genes regulating immune cell behavior and hypoxia risk.
(A, D) Heat maps showing the expression levels of all immune genes in different hypoxia
risk groups (**p < 0.01; ***p <0.001). (B, C, E, F) Scatter plots show the correlations of
gene expression with immune cell regulation, showing differences in the expression levels
between the different hypoxia risk groups (p < 0.05). The blue line in each plot is a fitted
linear model indicating the relationship between gene expression and the risk of hypoxia.
Pearson coefticients were used to assess the correlation between the two factors. The box plots
show the differences in gene expression levels between groups at risk of hypoxia (p < 0.05).
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In two types of esophageal cancer, CD244 and CD274 are found to be up regulated in high-
risk categories and their expression levels are in positive correlation with the risk scores of the
patients, according to the correlation curves between their risk scores and their expression levels
(Figure 6B,C,EF).

4. Discussion

The poor prognosis and increasing occurrence of esophageal cancer illustrate the importance of
better diagnosis and prediction methods before treatment [ 19]. Numerous reports were linking hypoxia-
related genes to esophageal cancer [20-23]. In addition, for patients with esophageal cancer, mRNA gene
markers dependent on certain tumor microenvironment features have high predictive ability.

Hypoxia may cause multiple transcription factors to react by inducing or repressing genes,
resulting in the initiation of an adaptive transcriptional response [24]. Hypoxia-inducible factor (HIF)
is the most significant of these, dubbed a “chief regulator” of the “metazoan adaptive response to
hypoxia” [25-27].

To learn more about the connection between hypoxia-related gene expression and patient
prognosis, the researcher constructed a hypoxia analysis model and divided the hypoxia analysis model
into two risk groups. Besides, the difference in prognosis between patients in the high-risk and low-
risk groups is statistically significant. In both ESCC and EAC, the survival rate of patients in the low-
risk group is substantially higher than that of the control group.

We looked at the influence of other variables on the prognosis of patients, which included age,
gender, TNM stage, and our proposed risk score on the prognosis of the patients. We conclude that our
risk score is an independent predictor of esophageal cancer and is valid in both esophageal squamous
cell carcinoma and esophageal adenocarcinoma.

Next, the enriched pathways in the high-risk and low-risk groups are identified using GSEA. Most
of the enriched pathways in esophageal cancer is linked to angiogenesis, apoptosis, hypoxia, the
inflammatory response, and metabolic pathways, according to our findings. In tumor tissue, hypoxia
can lead to the release of many cell debris and inflammatory factors, macrophages and monocytes are
attracted and cause macrophage polarization. After polarization, macrophages secrete inflammatory
factors [28]. These results suggest that hypoxia, inflammation, and the immune system's response are
all related. Therefore, we studied the differences in immune function between the high and low risk
groups in the hypoxia model.

We discovered that patients with a high risk of hypoxia had a substantially higher proportion
of M2 Macrophage cells. Macrophages are a significant component of the immune infiltration of
solid tumors, as they differentiate into tumor-associated macrophages (TAMs), which are
preferentially present in hypoxic zones of the tumor [29]. Macrophages can be stimulated by a
multitude of stimuli and polarized to functionally distinct phenotypes, including classically
activated (M1) and alternatively activated (M2) macrophages [30]. Infiltrating macrophages are
classified as the M2 phenotype in most tumors, and they provide an immunosuppressive
microenvironment for tumor development. In addition, many cytokines, chemokines, and
proteases are secreted by tumor-associated macrophages, which promote tumor angiogenesis,
development, metastasis, and immunosuppression [31,32]. Cancer patients typically receive
intensive surgery of the tumor tissue, as well as radiochemical or hormone therapy. However, none
of these drugs are unique for tumors, and they all have significant side effects. As a result, using
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macrophages to mediate tumor resistance is being considered as a possible therapy. The discovery
of mechanisms underlying macrophage functional polarization into M1 or M2 cells could lead to
new insights into developing macrophage-centered diagnostic and therapeutic strategies for a
variety of diseases.

We also looked for genes that could influence immune cell infiltration rates and looked at the
relationship between the risk of hypoxia and these genes. Though EAC and ESCC have been treated
as distinct entities due to their widely differing and overlapping etiologies, and targeted treatments for
each have been investigated. Interestingly, regardless of the type of esophageal cancer, PD-L1 and
CD244 levels increased in the high-risk population.CD244 belongs to the Signaling Lymphocyte
Activation Molecule (SLAM)class of Ig Superfamily receptors. It is a transmembrane receptor made
up of an extracellular segment with two immunoglobulin (Ig) -like domains, a transmembrane region,
and a cytoplasmic domain with tyrosine-based motifs. The rest of the SLAM family. Unlike other
SLAM family receptors, it does not function as a self-ligand; instead, it binds CD48, a transmembrane
receptor widely expressed in hematopoietic cells [34,35]. In a recent review on squamous cell
carcinoma of the head and neck, researchers evaluated the therapeutic potential of CD244 and found
that CD244 plays a role in the overall immunosuppressive environment and therefore has the potential
to be a new immunotherapeutic target for malignancies [33].

Another gene was Cluster of differentiation 274 (CD274), also known as B7 homolog 1 (B7-H1)
or PD-L1, which was the first functionally characterized ligand of the co-inhibitory PD-1 [34]. PD-L1
is an immunosuppressive molecule that can inhibit the activation of T cells, leading to tumor
progression [35]. A large number of studies have confirmed that the expression of PD-L1 on tumor
cells is related to the poor prognosis of tumor patients, such as lung cancer [36,37], gastric cancer [38],
and colorectal cancer [39]. Two studies have reported a positive correlation between PD-L1 expression
and poor Esophageal cancer prognosis [40,41]. In addition, numerous studies suggest a crucial role for
PD-L1 in cancer immune escape [42-44]. Some studies reported that blocking PD-L1 could enhance
anti-tumor immunity [45-48]. PD-L1 upregulation occurs in approximately 40% of esophageal cancers.
Preliminary clinical data show remission rates of 22-27% in metastatic gastroesophageal cancer treated
with PD-1/PD-L1 inhibitors and 10-17% in unselected patients [49].

Our research provides a more theoretical basis for PD-L1 to become a targeted treatment for
esophageal cancer. In the future, we will pay more attention to the therapeutic effect of PD-L1 in
esophageal cancer. However, due to the low accuracy of PD-L1 immunohistochemical staining, PD-
L1 as the only predictive biomarker for cancer immunotherapy is problematic [50]. Therefore, it is
necessary to understand the tumor microenvironment better and use other biomarkers, for example, in
combination with other biomarkers to predict the prognosis of esophageal cancer, better to identify the
benefits of PD-1/PD-L1 checkpoint blockade Therapy patients.

Our result was the first hypoxia prediction model based on esophageal cancer, and at the same
time identified crucial genes linked to the immune microenvironment in esophageal cancer, pointing
to possible molecular targets for esophageal cancer immunotherapy, It will enrich the research on the
hypoxia and immunity therapy in esophageal cancer, which deserves in-depth exploration by follow-
up researchers.

However, there are some limitations to our study. First, the development and progression of
esophageal cancer are influenced by many other complex mechanisms, and the use of a single
feature to construct a predictive model may be inherently flawed. Secondly, our evidence is based
on a bioinformatics methodology that needs to be validated by more cell experiment and clinical
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trials before it can be considered initially. Furthermore, our inability to find molecularly targeted
drugs in a variety of situations, including normoxia and hypoxia (acute and chronic).

Acknowledgements

Thanks for the support of “Yinzhou district science and technology project in the field of
agricultural and social development” with NO.20201YZQ010102 and NO.20211YZQ010088. The
datasets generated during the current study are available in the TCGA database
(https://portal.gdc.cancer.gov/).

Conflict of interest
The authors declare that there are no conflicts of interest related to this paper.
References

1. J. Ferlay, I. Soerjomataram, R. Dikshit, S. Eser, C. Mathers, M. Rebelo, et al., Cancer incidence
and mortality worldwide: sources, methods and major patterns in GLOBOCAN 2012, Int. J.
Cancer, 136 (2015), E359-386.

2. M. W. Short, K. G. Burgers, V. T. Fry, Esophageal cancer, Am. Fam. Phys., 95 (2017), 22-28.

3. X.lJing, F. Yang, C. Shao, K. Wei, M. Xie, H. Shen, et al., Role of hypoxia in cancer therapy by
regulating the tumor microenvironment, Mol. Cancer, 18 (2019), 157.

4. E. B. Rankin, A. J. Giaccia, Hypoxic control of metastasis, Science (New York, NY), 352 (2016),
175-180.

5. B. Zhang, B. Tang, J. Gao, J. Li, L. Kong, L. Qin, A hypoxia-related signature for clinically
predicting diagnosis, prognosis and immune microenvironment of hepatocellular carcinoma
patients, J. Trans. Med., 18 (2020), 342.

6. V. L. Dengler, M. Galbraith, J. M. Espinosa, Transcriptional regulation by hypoxia inducible
factors, Crit. Rev. Biochem. Mol. Biol., 49 (2014), 1-15.

7.  X. Lu, Y. Kang, Hypoxia and hypoxia-inducible factors: master regulators of metastasis, Clin.
Cancer Res., 16 (2010), 5928-5935.

8. S. K. Daniel, K. M. Sullivan, K. P. Labadie, V. G. Pillarisetty, Hypoxia as a barrier to
immunotherapy in pancreatic adenocarcinoma, Clin. Trans. Med., 8 (2019), 10.

9. L.You, W. Wu, X. Wang, L. Fang, V. Adam, E. Nepovimova, et al., The role of hypoxia-inducible
factor 1 in tumor immune evasion, Med. Res. Rev., 41 (2021), 1622—-1643.

10. D. Mennerich, K. Kubaichuk, T. Kietzmann, DUBs, hypoxia and cancer, Trends Cancer, S (2019),
632—-653.

11. V. W. Yuen, C. C. Wong, Hypoxia-inducible factors and innate immunity in liver cancer, J. Clin.
Invest., 130 (2020), 5052-5062.

12. T. F. Gajewski, H. Schreiber, Y. X. Fu, Innate and adaptive immune cells in the tumor
microenvironment, Nat. Immunol., 14 (2013), 1014-1022.

13. J. Peerlings, L. V. D. Voorde, C. Mitea, R. Larue, A. Yaromina, S. Sandeleanu, et al., Hypoxia and
hypoxia response-associated molecular markers in esophageal cancer: A systematic review,
Methods (San Diego, Calif), 130 (2017), 51-62.

Mathematical Biosciences and Engineering Volume 18, Issue 6, 7743-7758.



7756

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

A. Palazon, J. Aragonés, A. Morales-Kastresana, M. O. de Landézuri, I. Melero, Molecular
pathways: hypoxia response in immune cells fighting or promoting cancer, Clin. Cancer Res., 18
(2012), 1207-1213.

P. Naeli, M. H. Pourhanifeh, M. R. Karimzadeh, Z. Shabaninejad, A. Movahedpour, H.
Tarrahimofrad, et al., Circular RNAs and gastrointestinal cancers: Epigenetic regulators with a
prognostic and therapeutic role, Crit. Rev. Oncol. Hematol., 145 (2020), 102854.

M. H. Pourhanifeh, M. Vosough, M. Mahjoubin-Tehran, M. Hashemipour, M. Nejati, M. Abbasi-
Kolli, et al., Autophagy-related microRNAs: Possible regulatory roles and therapeutic potential
in and gastrointestinal cancers, Pharmacol. Res., 161 (2020), 105133.

A. Hesari, M. Azizian, A. Sheikhi, A. Nesaei, S. Sanaei, N. Mahinparvar, et al., Chemopreventive
and therapeutic potential of curcumin in esophageal cancer: Current and future status, Int. J.
Cancer, 144 (2019), 1215-1226.

M. Sarvizadeh, O. Hasanpour, Z. N. Ghale-Noie, S. Mollazadeh, M. Rezaei, H. Pourghadamyari,
et al., Allicin and digestive system cancers: from chemical structure to its therapeutic
opportunities, Front. Oncol., 11 (2021), 650256.

F. L. Huang, S. J. Yu, Esophageal cancer: Risk factors, genetic association, and treatment, Asian
J. Surg., 41 (2018), 210-215.

F. Chen, L. Chu, J. L1, Y. Shi, B. Xu, J. Gu, et al., Hypoxia induced changes in miRNAs and their
target mRNAs in extracellular vesicles of esophageal squamous cancer cells, Thorac. Cancer, 11
(2020), 570-580.

C. M. Silva, V. M. Gongalves, R. Henrique, C. Jeronimo, 1. Bravo, The critical role of hypoxic
microenvironment and epigenetic deregulation in esophageal cancer radioresistance, Genes, 10 (2019).
N. Sethi, O. Kikuchi, J. McFarland, Y. Zhang, M. Chung, N. Kafker, et al., Mutant p53 induces
a hypoxia transcriptional program in gastric and esophageal adenocarcinoma, JCI Insight, 4
(2019).

Q. Zhang, J. Zhang, Z. Fu, L. Dong, Y. Tang, C. Xu, et al., Hypoxia-induced microRNA-10b-3p
promotes esophageal squamous cell carcinoma growth and metastasis by targeting TSGA10,
Aging, 11 (2019), 10374-10384.

E. P. Cummins, C. T. Taylor, Hypoxia-responsive transcription factors, Pflugers Arch., 450 (2005),
363-371.

Q. Ke, M. Costa, Hypoxia-inducible factor-1 (HIF-1), Mol. Pharmacol., 70 (2006), 1469—1480.

26. A.Loboda, A. Jozkowicz, J. Dulak, HIF-1 and HIF-2 transcription factors-similar but not identical,

27.
28.

29.

30.

31.

Mol. Cells, 29 (2010), 435-442.

G. L. Semenza, Hypoxia-inducible factor 1 (HIF-1) pathway, Sci. STKE, 2007 (2007), 8.

D. Zhou, C. Huang, Z. Lin, S. Zhan, L. Kong, C. Fang, et al., Macrophage polarization and
function with emphasis on the evolving roles of coordinated regulation of cellular signaling
pathways, Cell Signal, 26 (2014), 192—-197.

A. Mantovani, S. Sozzani, M. Locati, P. Allavena, A. Sica, Macrophage polarization: tumor-
associated macrophages as a paradigm for polarized M2 mononuclear phagocytes, Trends
Immunol., 23 (2002), 549-555.

N. B. Hao, M. H. Lii, Y. H. Fan, Y. L. Cao, Z. R. Zhang, S. M. Yang, Macrophages in tumor
microenvironments and the progression of tumors, Clin. Dev. Immunol., 2012 (2012), 948098.
J. W. Pollard, Tumour-educated macrophages promote tumour progression and metastasis, Nat.
Rev. Cancer, 4 (2004), 71-78.

Mathematical Biosciences and Engineering Volume 18, Issue 6, 7743-7758.



7757

32. C.Yunna, H. Mengru, W. Lei, C. Weidong, Macrophage M 1/M2 polarization, Eur. J. Pharmacol.,
877 (2020), 173090.

33. L. Agresta, M. Lehn, K. Lampe, R. Cantrell, C. Hennies, S. Szabo, et al., CD244 represents a new
therapeutic target in head and neck squamous cell carcinoma, J. Immunother. Cancer, 8 (2020).

34. M. G. Mofrad, D. T. Maleki, E. Faghihloo, The roles of programmed death ligand 1 in virus-
associated cancers, Infect. Genet Evol., 84 (2020), 104368.

35. X. Zhu, J. Lang, Soluble PD-1 and PD-L1: predictive and prognostic significance in cancer,
Oncotarget, 8 (2017), 97671-97682.

36. C.Y.Mu,J. A.Huang, Y. Chen, C. Chen, X.G. Zhang, High expression of PD-L1 in lung cancer
may contribute to poor prognosis and tumor cells immune escape through suppressing tumor
infiltrating dendritic cells maturation, Med. Oncol., 28 (2011), 682—688.

37. K. Azuma, K. Ota, A. Kawahara, S. Hattori, E. Iwama, T. Harada, et al., Association of PD-L1
overexpression with activating EGFR mutations in surgically resected nonsmall-cell lung cancer,
Ann. Oncol., 25 (2014), 1935-1940.

38. J. Hou, Z. Yu, R. Xiang, C. Li, L. Wang, S. Chen, et al., Correlation between infiltration of
FOXP3+ regulatory T cells and expression of B7-HI1 in the tumor tissues of gastric cancer, Exp.
Mol. Pathol., 96 (2014), 284-291.

39. R. A. Droeser, C. Hirt, C. T. Viehl, D. M. Frey, C. Nebiker, X. Huber, et al., Clinical impact
of programmed cell death ligand 1 expression in colorectal cancer, Eur. J. Cancer, 49 (2013),
2233-2242.

40. Y. Ohigashi, M. Sho, Y. Yamada, Y. Tsurui, K. Hamada, N. Ikeda, et al., Clinical significance of
programmed death-1 ligand-1 and programmed death-1 ligand-2 expression in human esophageal
cancer, Clin. Cancer Res., 11 (2005), 2947-2953.

41. L. Chen, H. Deng, M. Lu, B. Xu, Q. Wang, J. Jiang, et al., B7-H1 expression associates with tumor
invasion and predicts patient’s survival in human esophageal cancer, Int. J. Clin. Exp. Pathol., 7
(2014), 6015-6023.

42. H. Dong, S. E. Strome, D. R. Salomao, H. Tamura, F. Hirano, D. B. Flies, et al., Tumor-associated
B7-H1 promotes T-cell apoptosis: a potential mechanism of immune evasion, Nat. Med., 8 (2002),
793-800.

43. P. Dong, Y. Xiong, J. Yue, S. J. B. Hanley, H. Watari, Tumor-intrinsic PD-L1 signaling in cancer
initiation, development and treatment: beyond immune evasion, Front. Oncol., 8 (2018), 386.

44. ]. Cai, D. Wang, G. Zhang, X. Guo, The role of PD-1/PD-L1 axis in treg development and function:
implications for cancer immunotherapy, Oncol. Targets Ther., 12 (2019), 8437-8445.

45. T. V. Larsen, D. Hussmann, A. L. Nielsen, PD-L1 and PD-L2 expression correlated genes in non-
small-cell lung cancer, Cancer Commun. (Lond), 39 (2019), 30.

46. R. Erber, A. Hartmann, Understanding PD-L1 testing in breast cancer: A practical approach,
Breast Care (Basel), 15 (2020), 481-490.

47. F. Wei, T. Zhang, S. C. Deng, J. C. Wei, P. Yang, Q. Wang, et al., PD-L1 promotes colorectal
cancer stem cell expansion by activating HMGA1-dependent signaling pathways, Cancer Lett.,
450 (2019), 1-13.

48. K. Junker, M. Eckstein, M. Fiorentino, R. Montironi, PD1/PD-L1 Axis in Uro-oncology, Curr.
Drug Targets, 21 (2020), 1293-1300.

49. R.J. Kelly, Immunotherapy for esophageal and gastric cancer, Am. Soc. Clin. Oncol. Educ. Book,
37 (2017), 292-300.

Mathematical Biosciences and Engineering Volume 18, Issue 6, 7743-7758.



7758

50. X. Wang, F. Teng, L. Kong, J. Yu, PD-L1 expression in human cancers and its association with
clinical outcomes, Oncol. Targets Ther., 9 (2016), 5023-5039.

©2021 the Author(s), licensee AIMS Press. This is an open access

AIMS AIMS Press article distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/4.0)

Mathematical Biosciences and Engineering Volume 18, Issue 6, 7743-7758.



