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Abstract
Esophageal squamous cell carcinoma (ESCC) has a dismal prognosis and hypoxia plays a key role in
metastasis and proliferation of ESCC. Thus, we aimed to develop a hypoxia-based gene signature to assist
in the diagnosis and prognosis. We performed consensus clustering analysis based on differentially
expressed hypoxia related genes (HRGs) acquired from the GSE53625 dataset and The Cancer Genome
Atlas (TCGA), and used weighted gene co-expression network analysis to �lter out candidate modules
which were then intersected with differentially expressed genes from clustered subgroups to obtain HRGs.
The HRGs were used for stepAIC algorithm to construct risk score models and validated in TCGA database.
Independent prognostic factors after univariate and multivariate COX analyses were used to construct the
prognostic nomogram. Immunohistochemical were used to detect protein expression levels of relevant
genes. And the relationship between risk scores and tumor microenvironment was explored. A hypoxia risk
model containing 6 genes (PNPLA1, CARD18, IL-18, SLC37A2, ADAMTS18 and FAM83C) was constructed
by screening key HRGs. Poorer prognosis in the high-risk group than in the low-risk group. And Cox
regression analysis showed that risk score was independent prognostic factors. Nomogram based on risk
scores could well predict 1-, 3-, and 5-year survival. P53, Wnt, and hypoxia signaling pathways may be
some regulatory mechanisms of hypoxia associated with tumor microenvironment. In addition, we
con�rmed the high expression of BGN and low expression of IL-18 in ESCC tissues. Our study determined
the prognostic value of a 6-hypoxia gene signature and a prognostic model, providing potential prognostic
predictors and therapeutic targets for ESCC.

Introduction
Esophageal squamous cell carcinoma (ESCC) is the predominant type of esophageal cancer in China,
accounting for more than 90% of pathological types(1). Due to the heterogeneous biological
characteristics of ESCC(2), there are various mechanisms that promote tumor progression leading to poor
prognosis.

Rapid growth and massive angiogenesis increase oxygen consumption(3), resulting in hypoxia. Hypoxia is
closely related to abnormal biological behaviors, leading to aberrant gene expression changes(4), anti-
apoptosis(5), suboptimal treatment outcomes(6) and ultimately to poor prognosis as tumor cells adapt to
hypoxia(7). It has been found that ESCC tissues are invariably hypoxic. Hypoxia is involved in the
migration and progression of ESCC and is associated with increased malignancy and poor prognosis(8).
And hypoxia plays a key role in subsequent proteomic changes were reported(9). Therefore, focusing on
hypoxia related markers may provide an e�cient way to identify speci�c patient groups.

With advances in bioinformatics and high-throughput technologies(10), analyses that target the regulation
networks are improving the current understanding of the molecular mechanisms. Since tumor hypoxia
cannot be predicted based on clinical size, stage or differentiation, molecular biomarkers that can assess
the hypoxic status of ESCC at an early stage and predict the prognosis are needed.
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It has been reported that hypoxia and the tumor immune microenvironment also interact with each
other(11). The adaptation of tumor cells to the hypoxic environment leads not only to aberrant gene
expression but also to the formation of the tumor immune microenvironment. Exploring the effects of
hypoxia on both and the potential remodeling effects will help reveal the complex interactions among
them and provide new clues for the treatment of ESCC.

In this study, we aimed to identify and validate hypoxia-related genes (HRGs) in ESCC and develop a
nomogram based on the HRG signature to assist in the prognostic risk prediction of patients and to
facilitate personalized treatment.

Materials And Methods
2.1 Data acquisition and processing

We downloaded clinical information including follow-up data of 179 ESCC and 179 paired normal control
samples from the Gene Expression Omnibus (GEO, GSE53625 dataset) based on GPL18109. Additionally,
the RNA-FPKM data and clinical data of 82 ESCC samples were retrieved using the The Cancer Genome
Atlas (TCGA) data portal. Corresponding normal samples included 11 TCGA paracancerous samples and
1445 samples of 54 noncancer sites in GTEx. The median value was calculated when more than one
expression �le had matched patients.

Tissue microarrays (TMAs) contained samples from 232 ESCC tissues and 58 adjacent normal
esophageal tissues between 2009 and 2010 at Tianjin Medical University Cancer Institute and Hospital
were obtained. Patients who had received neoadjuvant chemotherapy or radiotherapy and those with
cancer types other than ESCC were excluded. Ethical approval was obtained from the Research Ethics
Committee of Tianjin Medical University Cancer Institute and Hospital.

 

2.2 Extraction of HRGs

The list of 112 hypoxia genes was retrieved by enquiring “hypoxia” from The Cancer Single-Cell State
Atlas (CancerSEA)(12) of all cancer types. The “HALLMARK-HYPOXIA” gene set was derived from The
Molecular Signatures Database (MSigDB)(13). A total of 270 unique elements were identi�ed as key genes
involved in hypoxia activity.

 

2.3 Differential analysis of gene expression

Differentially expressed genes (DEGs) were determined using the “limma” package in R software. Multiple
comparisons were adjusted using the Benjamini–Hochberg false discovery rate (FDR). An FDR < 0.05 and
a log2 |fold change| > 2 were deemed as cutoff values.

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE111011
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GPL18109
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2.4 Identi�cation of hypoxia subgroups

Euclidean-based consensus clustering was performed on the GSE53625 dataset using the
ConsensusClusterPlus R package. The clustering process was performed 500 times with each iteration
containing 80% of the samples and the number of clusters set to 2–10. And the graphical output results
included heatmaps of the consensus matrices, which displayed the clustering results, consensus
cumulative distribution function (CDF) plots, and Delta area plots. The optimal number of clusters is
usually chosen as the value of K corresponding to the last in�ection point of the CDF and the smallest
slope of Delta.

 

2.5 Weighted gene coexpression network analysis (WGCNA)(14)

The GSE53625 gene expression �le for 179 ESCC samples was used to construct a scale-free
network using the R package “WGCNA”. We set the minimal module size to 20 and the cut height to 0.25.

 

2.6 Construction and evaluation of the prognosis prediction model

The stepAIC algorithm running in the R “MASS” package was used to
construct a optimal prognostic model, based on the combination of expression pro�les that intersected
from selected modules and DEGs and prognostic information from 179 ESCC samples. The risk score of
each sample was divided into two groups according to the median value after sorting. Half of the samples
were randomly taken as the training group to construct the model. While the other half (internal validation
set) and all of the GSE53625 datasets were used as testing datasets to assess the robustness of the
model. The same coe�cient was used for the external validation dataset - TCGA. The area under the curve
(AUC) of the receiver operating characteristic (ROC) curves was calculated using the “time ROC R”
package.

 

2.7 Determining the classi�cation features using Cox proportional risk regression models

In this study, signi�cant prognostic variables obtained from the uni- and multivariate Cox regression model
were then introduced into the �nal nomogram model. Calibration curves were plotted and higher overlap
with the 45-degree standard curve indicated better predictive agreement. The “rms”, “foreign” as well as
“survival” packages were used for nomogram construction and calibration curve plotting.

 

2.8 Protein-protein interaction (PPI) network and functional analysis
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STRING website (http://string-db.org/) were used to explore the protein interaction relationship, and
“clusterPro�ler” R package were used for Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analysis and for Gene Ontology (GO) analysis.

 

2.9 Implementation of gene set enrichment analysis (GSEA)

GSEA was conducted using GSEA software employing GSE53625 data. P < 0.05 and a Q value less than
0.25 were considered to denote signi�cant enrichment.

 

2.10 The ESTIMATE and CIBERSORT algorithms

The stromal, immune and ESTIMATE score for each patient was calculated through the R “estimate”
package. The fraction of 22 immune cell types was assessed through cell type identi�cation (CIBERSORT;
https://cibersort.stanford.edu/).

 

2.11 Immunohistochemical (IHC) analysis

TMAs were used for IHC to examine the protein expression level of selected HRGs. In brief, the tissue
sections were depara�nized (70℃, 2 hours), rehydrated and subjected to antigen repair with heated
antigen retrieval solution (10 mmol/l sodium citrate buffer, pH 6.0) (100℃, 10 minutes). The activity of
endogenous peroxidase was blocked with 0.3% H2O2 and 5% goat serum. Then, the sections were
incubated with primary antibodies (1:50, BGN, Proteintech; 1:100, IL-18, ORIGENE) overnight at 4°C and
then incubated with a biotinylated secondary antibody for 20 minutes at room temperature.
Diaminobenzidine (Zhongshan Inc.) was used as a chromogen and produced a brown color, and then
samples were counterstained with hematoxylin.

Two experienced pathologists who were blinded to the clinical data scored the staining results. Staining
was assessed according to the intensity of staining (no staining, 0; weak, 1; moderate, 2; and strong, 3) and
the percentage of positively stained tumor cells (0%, 0; 1 to 30% positive, 1; 31% to 70% positive, 2; 71-
100% positive, 3). A total score of 0 to 9 was obtained by multiplying the results of the staining intensity
and staining percentage scores, and tissues with a total score of 0 to 3 were considered to have low
expression, while tissues with a score of 3 to 9 to have high expression.

 

2.12 Statistical analysis

Bioinformatics analysis and statistical analysis were conducted using R (version 4.0.2). Comparisons
between two groups were presented via the Wilcoxon rank-sum test and chi–squared test, while multiple

http://string-db.org/
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comparisons were assessed via the Kruskal–Wallis test. The cutoff point of each subgroup was identi�ed
by the survminer package in R. Kaplan–Meier curves are presented between different subgroups, followed
by the log-rank test. ROC curves for 1-, 3- and 5-year survival were delineated to evaluate the predictive
e�cacy of the risk score. The P-values were corrected by Bonferroni’s test. A two-sided P < 0.05 was
considered statistically signi�cant.

Results
3.1 Screening differentially expressed hypoxia genes

After data preprocessing, 2822 DEGs in the GEO set and 4808 DEGs in TCGA were obtained. These are
illustrated in the volcano plots in Figure 1A and 1B and heatmaps in Figure. S1. We then intersected the
DEGs with the list of 270 HRGs as shown in the Venn diagrams in Figure 1C, 30 hypoxia genes (15
upregulated and 15 downregulated) were identi�ed (Table S1).

A subsequent PPI network was constructed by uploading the aforementioned 30 target genes (Figure 1D).
In the functional analysis of DEGs, the top 6 enriched GO annotations and KEGG pathways in each
category were visualized intuitively as Circos plots (Figure 1E). The Kaplan-Meier analysis (P < 0.05, Figure
1F) showed that SLC2A1, PGM2, SULT2B1, and CA9 all had a lower risk of death except BGN.

 

3.2 Identifying distinct subgroups and intercluster prognosis analysis

A total of 179 tumor samples were consistently clustered based on expression of screened hypoxia genes.
The consensus matrix (Figure 2A-B) helps us to determine the clearest division when divided into two
clusters, named C1 and C2. Compared to other categorical numbers (Figure. S2), the consensus matrix
graph corresponding to K = 2 showed that the distribution of 2 blue blocks on the diagonal along the white
background was well de�ned (Figure 2C).

The results of Kaplan-Meier survival analysis revealed signi�cant differences among C1 and C2 (P = 0.014,
Figure 2D). Sorting the samples by cluster produced the gene expression heatmap (Figure. S3), which
indicated the composition and quantity of clustering. Gene expression patterns differed among the
subgroups, suggesting the credibility of the 2 structural clusters. A heatmap (Figure 2E) annotated by
grade, T stage, N stage, stage, sex, and 5 real hub genes, demonstrated the heterogeneity between the two
clusters.

 

3.3 Correlations between the obtained clusters and immune in�ltration

We calculated the levels of 22 immune cell types in each sample and compared their differences in C1 and
C2 (Figure 2F). The results showed that CD8 T cells, resting memory CD4 T cells, follicular helper T cells,
regulatory T cells, activated NK cells, monocytes, M0 macrophages, activated dendritic cells and activated

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7758294/figure/F2/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7758294/figure/F2/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7758294/figure/F4/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7758294/figure/F4/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6949097/figure/f2/
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mast cells had signi�cantly different in�ltration levels in different subgroups. Then, GSEA showed the
activation of P53 signaling pathway molecules (Figure 2G).

 

3.4 Identi�cation of modules associated with hypoxia

After sample clustering to detect outliers, restricted to 178 patients, different power values (1–20) were
analyzed (Figure. S4A-E). The green module was signi�cantly associated with consensus subgroups (C1, r
= -0.46, P = 1e-10; C2, r=0.46, P = 1e-10, Figure 3A), suggesting that the module is suitable for identifying
the hub genes associated with C1/C2.

 

3.5 Constructing and evaluating a hypoxia-related prognosis signature

The results of differential expression analysis among the obtained clusters are shown in Figure 3B. The
hypoxia gene signature was constructed based on 259 differentially expressed HRGs (Figure 3C),
identifying the risk score by using the 6 most relevant genes (Figure 4). The risk score was calculated as
follows: risk score = (0.066265*PNPLA1 expression) + (-0.149270*CARD18 expression) + (-0.183367*IL-18
expression ) + (-0.037724079*SLC37A2 expression) + (0.119388782*ADAMTS18 expression) +
(-0.031834954*FAM83C expression). The samples were assigned a risk score and ordered to determine
whether the expression level varied systematically with the risk score (Figure 4A-C). A higher percentage of
patient deaths was associated with high-risk patients (P = 0.0063). Furthermore, the prognoses differed
signi�cantly between the two groups, as shown in Figure 4D. The results of ROC curve are shown in Figure
4E. The AUCs for 1-, 3-, and 5-year prognostic prediction were 0.71, 0.68 and 0.71, respectively, indicating
the relatively excellent predictive e�cacy of the model.

Then, the established prognostic signature was further validated in the test group, including the internal
validation set and all GSE53625 and TCGA datasets. Expression level pro�les for the 6 selected genes
were obtained from 3 testing group samples, and the risk scores were calculated using
the abovementioned method for each patient. Sorting the samples by risk score produced the heatmap
shown in Figure 5A-C, Figure. S5A-C and Figure. S6A-C. The Kaplan-Meier survival curves showed that this
risk model could effectively distinguish the survival (P = 0.0014 for the internal validation set, Figure. S5D,
P < 0.001 for all datasets, Figure. S6D, and P = 0.043 for the TCGA dataset, Figure 5D). In the external
validation group, the AUCs of the 1-, 3-, and 5-year OS were 0.64, 0.78, and 0.79, respectively (Figure 5E).
Consistent results are presented in Figure. S5E and Figure. S6E.

 

3.6 Establishment of predictive nomogram

The univariate and multivariate Cox regression analyses were used to evaluate whether the predictive
value of the model-incorporated prognostic signature was affected by other clinical factors (Figure 6A-B).

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6949097/figure/f8/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6949097/figure/f8/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6776930/#SM3
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6776930/#SM3
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6776930/#SM3
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6776930/figure/F6/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6776930/#SM3
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The results indicated that age (P = 0.010, HR = 1.011), stage, location and risk score (P < 0.001, HR =
1.869) were independent prognostic factors. The risk score integrated with age and stage was chosen to
construct a nomogram model, as presented in Figure 6C. The calibration plot of the nomogram (Figure 6D)
showed better consistency between the predicted OS outcomes and actual observations, indicating a good
predictive performance of the hypoxia-related prognostic nomogram.

 

3.7 Correlation analysis of the risk score with clinicopathological features and immune in�ltration

The high- and low-risk groups were closely correlated with the clinical phenotypes, shown by heat maps
(Figure 7A). The results (Figure 7B, Table S2) showed that the stromal and immune scores were
comparable between subgroups. However, the estimated score was higher in the high-risk group than in the
low-risk group, and the difference was statistically signi�cant (P = 0.03). Differences in the in�ltration of
22 immune cell subtypes between subgroups are shown in Figure 7C. GSEA showed that the signi�cantly
enriched pathways were the P53 signaling pathway (Figure 7D), Wnt pathway (Figure 7E) and hypoxia
pathway (Figure 7F). The results recon�rmed that esophageal cancer cells in a hypoxic state could affect
the tumor immune microenvironment through an underlying regulatory mechanism.

 

3.8 Validation of the expression of selected HRGs

To verify the accuracy of the abovementioned HRGs, we further detected the protein expression levels of
BGN and IL-18 according to previous publications and antibody availability. The clinical details of the 232
patients involved are presented in Table 1. BGN was highly expressed and mainly localized to the
cytoplasm of cancer cells (Figure 8A-D). IL-18 is normally expressed in cancerous tissues, with a
signi�cantly higher percentage of expression in normal tissues than in tumor tissues (Figure 8E-H).
Moreover, patients with higher BGN expression were predicted to have poorer survival (Figure 8I). In
contrast, patients with high expression of IL-18 showed better prognosis (Figure 8J). High BGN expression
was notably associated with tumor size, tumor invasion, and lymph node metastasis (P < 0.05 for all) of
patients with ESCC (Table 1). For IL-18, no signi�cant correlation between the IL-18 level and
clinicopathological factor except lymph node metastasis (P < 0.001), was observed.

Discussion
Adaptation of tumor cells to a hypoxic environment leads to increased aggressiveness and a treatment-
resistant tumor phenotype, contributing to a poor prognosis in various cancers(3, 15). Exploring
mechanisms of ESCC progression can be bene�cial for prognosis prediction,  and some speci�c genomic
alterations have also shown that hypoxia can induce upregulation of the expression of some genes,
including CA9, VEGF, ADM and AK3(16, 17).
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Since the predictive power of single indicators is limited and in�uenced by confounders, different hypoxia
gene signatures have been reported(18, 19). Although 15 previously described hypoxia genes was
con�rmed in ESCC, the results obtained from 95 tumor para�n samples may have limitations(20). We
aimed to use high-throughput sequencing data and combine bioinformatic methods, constructing the �rst
prognosis signature risk score model ever built containing key HRGs and �rst nomogram of ESCC that
encompasses both clinical attributes and the risk score.

In this study we used publicly available databases from multiple sources for �ltering rather than directly
with published hypoxia genes, aiming to maximize the correlation of genes with hypoxia and to screen out
those genes. Hypoxia genes with prognostic signi�cance were used for consensus clustering and WGCNA,
indicating hypoxia exposure and narrowing the scope of the study in an unbiased way.

Our 6-gene hypoxia signature can be used to calculate risk scores, and the classi�cation of patients into
high and low risk groups indicates different levels of hypoxia exposure. We developed the �rst prognostic
prediction model with excellent prognostic power and generalizability. The obtained subtypes differed
regarding clinical characteristic helps to screen patients before developing a treatment plan. 

We also investigated critical features of the tumor hypoxic environment in hopes of providing clues for
clinical diagnosis and immunotherapy. Hypoxia induces changes in the proportion of speci�c immune
cells in ESCC. It was also con�rmed that esophageal squamous carcinoma cells in hypoxia can affect the
tumor immune microenvironment through P53, Wnt, and hypoxia signaling pathways. However, the current
evidence is insu�cient to elucidate the role of immune cells. The complex interaction between tumor cells
and immune cells in hypoxic environments remains to be further explored.

Two of HRGs were selected for experimental validation. Upregulation of BGN was con�rmed again. BGN, a
member of the family of leucine-rich small proteoglycans (SLRPs), has been detected upregulation in
esophageal(21, 22), pancreatic(23), gastric(24) and was correlated with tumor progression and poor
prognosis, consistent with the �ndings of the present study. IL-18, the protein encoded by this gene, is a
proin�ammatory and immunomodulatory cytokine and a member of the IL-1 family. According to previous
studies, IL-18 activation may be a double-edged sword that promotes tumor development and
progression(25). In our study, it is suggested that this gene has a tumor suppressive effect. These �ndings
are in line with data from studies on various other cancer types, especially ESCC(26).

The following are limitations of this study: First, from the perspective of data sources, potential selection
bias could not be ruled out due to data obtained from the TCGA and GEO databases. The majority of these
patients were white, which may result in inconsistent RNA-seq results and poor reproducibility of other
races. Second, certain limitations and preferences could not be excluded as these were
retrospective analyses. Third, Further in vitro and in vivo studies are needed to investigate the mechanisms
of the key genes.

In conclusion, our study identi�ed a 6-gene signature and a prognostic nomogram incorporating the gene
signature and clinical prognostic factors associated with tumor prognosis. The constituents of the gene
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signature may serve as potential prognostic predictors and provide therapeutic targets with future clinical
applications for ESCC. The prognostic nomogram may reliably facilitate individualized treatment and
medical decision making.
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Tables
Table 1 Associations of BGN and IL-18 expression with clinicopathological variables of ESCC patients from
the TMA dataset.
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Clinicopathological
variables

n BGN expression x2 P value   IL18 expression x2 P value
Low
level

High
level

Low
level

High
level

Gender       1.924 0.165       3.513 0.061
Male 192 70

(36.5%)
122

(63.5%)
      108

(56.3%)
84

(43.8%)
   

Female 40 10
(25%)

30
(75%)

      16
(40.0%)

24
(60.0%)

   

Age years       0.837 0.360       0.595 0.440

≤66 114 36
(31.6%)

78
(68.4%)

      58
(50.9%)

56
(49.1%)

   

66 118 44
(37.3%)

74
(62.7%)

      66
(55.9%)

52
(44.1%)

   

Tumor size       4.210 0.040       0.038 0.845
≤3.5 109 45

(41.3%)
64

(58.7%)
      59

(54.1%)
50

(45.9%)
   

3.5 123 35
(28.5%)

88
(71.5%)

      65
(52.8%)

58
(47.2%)

   

Tumor Location       1.088 0.581       1.710 0.425
Upper 11 5

(45.5%)
6

(54.5%)
      4

(36.4%)
7

(63.6%)
   

Middle 171 56
(32.7%)

115
(67.3%)

      91
(53.2%)

80
(46.8%)

   

Lower 50 19
(38.0%)

31
(62.0%)

      29
(58.0%)

21
(42.0%)

   

Histological grade       3.312 0.191       13.439 0.179
I 6 4

(66.7%)
2

(33.3%)
      1

(16.7%)
5

(83.3%)
   

II 169 59
(34.9%)

110
(65.1%)

      91
(53.8%)

78
(46.2%)

   

III 57 17
(29.8%)

40
(70.2%)

      32
(56.1%)

25
(43.9%)

   

Tumor invasion
depth

      22.483 0.000       0.353 0.553

T1 - T2 56 34
(60.7%)

22
(39.3%)

      28
(50.0%)

28
(50.0%)

   

T3 - T4 176 46
(26.1%)

130
(73.9%)

      96
(54.5%)

80
(45.5%)

   

Lymph node
metastasis

      4.768 0.029       14.552 0.000

N0 128 52
(40.6%)

76
(59.4%)

      54
(42.2%)

74
(57.8%)

   

N1 - N3 104 28
(26.9%)

76
(73.1%)

      70
(67.3%)

34
(32.7%)

   

Abbreviations: BGN, biglycan; IL-18, interleukin 18; ESCC, esophageal squamous cell carcinoma; TMA,
TMA tissue microarray.

Figures
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Figure 1

Identi�cation of potential HRGs and related functional analysis. Differential expression analysis in ESCC
(A-B). Volcano plots showing DEGs in (A) GES53625 and (B) TCGA-ESCC. (C) Venn diagrams of the 30
overlapping differentially expressed HRGs from three datasets. (D) PPI network of the differentially
expressed HRGs constructed in STRING and visualized by Cytoscape. (E) The top 10 signi�cant
terms from the GO and KEGG analyses of differentially expressed HRGs.
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HRGs, hypoxia related genes; ESCC, esophageal squamous cell carcinoma; DEGs, differentially expressed
genes; PPI, protein–protein interaction; GO, Gene ontology; KEGG, Kyoto Encyclopedia of Genes and
Genomes.

Figure 2

Analysis of subgroups with clinicopathological characteristics and immune in�ltration. (A) Cumulative
distribution map of clustering consistency. (B) Clustering Delta area map. (C) Display of the clustering
results corresponding to K = 2. (D) The results of Kaplan-Meier survival analysis of different clusters. (E) A
heatmap corresponding to the dendrogram annotated by grade, T stage, N stage, stage, sex, and 5 real hub
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genes. (F) The in�ltration of 22 immune cell subtypes in different clusters. (G) GSEA was used to
demonstrate the correlation between genes from different clusters and the KEGG enriched pathways.

GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes.

Figure 3

Screening of key HRGs. (A) The relationship of module features with consensus subgroups was assessed
by eight gene modules obtained from WGCNA. (B) Volcano plots showing the DEGs in two clusters. (C)
Venn diagrams of the 259 differentially expressed HRGs from intersection of green module genes and
consensus clustering DEGs.

HRGs, hypoxia related genes; DEGs, differentially expressed genes; WGCNA, the weighted gene co-
expression network analysis.

Figure 4

Constructing the prognostic hypoxia gene features in the training set. The samples were assigned a risk
score and ordered to determine whether the expression level (A) and survival time (B) varied systematically
with the risk score. (C) Expression levels of the 6 HRGs based on the risk score. (D) Survival curve
distribution of the risk score. (E) ROC curves and AUCs of risk score classi�cations.

HRGs, hypoxia related genes; ROC, receiver operating characteristic; AUC, area under the curve.

Figure 5

Validating the prognostic hypoxia gene features in the external TCGA dataset. The samples were assigned
a risk score and ordered to determine whether the expression level (A) and survival time (B) varied
systematically with the risk score. (C) Expression levels of the 6 HRGs based on risk scores. (D) Survival
curve distribution of the risk score. (E) ROC curves and AUCs of risk score classi�cations.

HRGs, hypoxia related genes.

Figure 6

Evaluating the independent role of the prognostic signature and building a predictive nomogram.
Univariate (A) and multivariate (B) Cox regression analyses were used to evaluate the predictive value of
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the model-incorporated prognostic signature. (C) Integrating the risk score with age and stage to construct
a nomogram model. (D) The calibration curve of the nomogram.

Figure 7

Analysis of the correlation between the risk score and immune in�ltration. (A) Expression and clinical
features of the 5 prognostic genes in the high- and low-risk groups of the training set. (B) The results of the
correlation analysis between the immune-related score and the risk score. (C) The in�ltration of 22 immune
cell subtypes in the high- and low-risk groups. (D-F) GSEA was used to demonstrate the correlation
between HRG expression and the KEGG enriched pathways.

GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes.

Figure 8

The expression of HRGs protein in ESCC and normal tissues was detected in TMA. Representative image
of IHC staining for low expression of BGN in adjacent non-tumor tissue (A) and low expression (B), high
expression case 1 (C), and high expression case 2 (D) of BGN in human primary tumor tissue, stained 5x,
inset 40x magni�cation. Representative image of IHC staining for high expression of IL-18 in adjacent non-
tumor tissue (E) and low expression case 1 (F), low expression case 2 (G) and high expression (H) of IL-18
in human primary tumor tissue, stained 5x, inset 40x magni�cation; (I) Kaplan-Meier curve of BGN
expression in the TMA dataset. (J) Kaplan-Meier curve of IL-18 expression in the TMA dataset.

HRGs, hypoxia related genes; ESCC, esophageal squamous cell carcinoma; TMA, tissue microarray; BGN,
biglycan; IL-18, interleukin 18.
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