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Introduction

Liver cancer is a global leading cause of mortality ranked as 
the 4th cause of cancer-associated deaths (1,2). Hepatocellular 
carcinoma (HCC) is the most frequent primary liver 
malignancy in adults (3). As curative therapeutic HCC 

options consisting of surgical resection, ablation treatments 
along with liver transplantation are effective for early-stage 
HCC, the timely diagnosis coupled with early intervention 
have remarkable impacts on the prognosis of individuals with 
HCC (4). Because of the lack of symptoms in the early HCC 
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stages coupled with the rapid progress of the disease, most 
of the individuals with HCC are diagnosed at an advanced 
stage and are unable to undergo surgical resection (5-7). To 
enhance the survival of individuals with HCC, it is necessary 
to find reliable tumor markers for early diagnosis and 
molecular targets for effective treatment.

Hypoxia is a common phenomenon in the majority of 
human tumors, and its occurrence results from an imbalance 
between the supply and consumption of oxygen (8,9). Due 
to rapid proliferation, HCC cells quickly exhaust nutrients 
and the oxygen supply, causing hypoxia in the tumor 
microenvironment (TME) (10,11). Furthermore, hypoxia 
has been reported to be a critical microenvironmental factor 
that enhances cancer proliferation, invasion, metastasis, 
and chemotherapy resistance in HCC (12-14). However, 
the detailed mechanism underlying hypoxia-induced 
proliferation and metastasis in HCC has not yet been fully 
elucidated.

To understand the complex mechanisms, attention has 
been increasingly paid to the crosstalk between HCC cells 
and tumor-infiltrating immune cells in the TME (15-17). 
Immune repressor cells consisting of regulatory T cells 
(Tregs) (18), tumor-associated macrophages (TAMs) (19), 
as well as myeloid-derived suppressive cells (MDSCs) (20), 
in the HCC tumor immune microenvironment (TIME) 
can facilitate tumor immune suppression or immune 
escape via establishment of an immune repressive TME. 
Moreover, immune checkpoint inhibitors (ICIs), including 
inhibitors of cytotoxic T lymphocyte-associated-4 (CTLA-4), 
programmed cell death protein 1 (PD-1), and programmed 
death-ligand 1 (PD-L1) (21), can help HCC cells escape 
cytotoxic T cell-mediated death (22). Understanding 
the HCC immune microenvironment will improve the 
development of immunotherapies. Interestingly, increasing 
evidence suggests that hypoxia affects components of the 
HCC immune microenvironment (23-25). Therefore, 
investigating the gene expression changes associated with 
hypoxia pathways might contribute to survival benefits for 
patients with HCC.

Herein, we first abstracted mRNA expression data 
along with clinical data of individuals with HCC from 
public data resources. Then, we established a prediction 
model based on hypoxia-linked genes using a The Cancer 
Genome Atlas (TCGA) cohort and verified its estimation 
ability in a Gene Expression Omnibus (GEO) data set. 
Furthermore, we explored the relationship of the hypoxia-
linked signature with immune status in HCC. We hope 
that this study will make a positive contribution to the 

development of treatment approaches for individuals with 
HCC. We present the following article in accordance with 
the TRIPOD reporting checklist (available at https://dx.doi.
org/10.21037/tcr-21-741).

Methods

Data collection

The transcriptome along with the matching clinicopathological 
information of individuals with HCC were abstracted from 
TCGA (https://portal.gdc.cancer.gov/) (including 374 
HCC and 50 normal tissue samples) as a training cohort. 
Similarly, data from 81 HCC patients from a GEO (https://
www.ncbi.nlm.nih.gov/geo/) dataset were downloaded as 
a verification cohort. Then, a set of hypoxia-linked genes 
(n=200) was abstracted from the Molecular Signature 
Database (MSigDB, V.6.0, USA) (http://www.gsea-
msigdb.org/gsea/index.jsp). The study was conducted in 
accordance with the Declaration of Helsinki (as revised in 
2013).

Construction of a protein-protein interaction (PPI) 
network

We constructed a PPI network through the Search Tool for 
Recurring Instances of Neighboring Genes (STRING) data 
resource (http://string-db.org) to analyze the interactions of 
the hypoxia-linked genes. Then, we screened core network 
nodes based on the number of interconnections, and those 
with the most interconnections were identified as the key 
genes for downstream analysis.

Construction and verification of a prediction model with 
hypoxia-linked genes

We first conducted univariate Cox regression to determine 
the genes with potential for predicting overall survival 
(OS) (P<0.05). Further, multivariate regression model was 
implemented to uncover prognostic genes to include in 
the prediction model. Computation of the risk score was 
determined using the formula:

Risk score = β1 × Exp1 + β2 × Exp2 + βi × Expi 	 [1]
where β designates the regression coefficient, and Exp 

designates the expression levels of hypoxia-linked genes. 
As per the median risk score, we divided the individuals 
with HCC in the TCGA cohort into high- and low-risk 
groups. Furthermore, 81 HCC samples extracted from the 
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GSE54236 dataset were employed to confirm the estimation 
potential of the prediction model.

Assessment of risk model’ independence from other 
clinicopathological characteristics

Univariate along with multivariate regression model 
were implemented to explore if the risk signature was an 
independent OS predictive factor compared to conventional 
clinicopathological characteristics.

Establishment and verification of a prognostic nomogram

The factors that were remarkable in the multivariate 
assessment were employed to generate a nomogram to 
assess the one-, three-, and five-year survival probabilities 
of individuals with HCC. In addition, we conducted 
time-dependent ROC analyses to explore the accuracy 
of our predictive model. Furthermore, we generated 
calibration curves to estimate the predictive potential of 
the nomogram.

Gene set enrichment analysis (GSEA)

GSEA was adopted to explore remarkable differences in 
the expression of gene sets between the low- and high-risk 
groups based on the MSigDB collection (h.all.v7.2.symbols.
gmt, USA) using GSEA software (http://www.gsea-msigdb.
org/gsea/index.jsp). A thousand-fold gene set permutations 
were set for each analysis.

Single-sample gene set enrichment analysis (ssGSEA)

On the basis of the gene expression profiles, the ssGSEA 
approach was employed to quantify the proportions of 
16 kinds of invading immune cells and the activity of 13 
immune-linked cascades or roles (26).

Statistics analysis

Data analyses were implemented in the R software (V.4.0.2, 
MathSoft, USA). The six-gene estimation model was 
created by univariate along with multivariate regression 
models. Kaplan-Meier approach was adopted to compare 
the prognosis between the high- and low-risk groups. 
Besides, the log-rank test was adopted to determine the 
differences. ROC curves coupled with area under the ROC 
curve (AUC) values were adopted to explore the estimation 

ability of the hypoxia-linked risk signature. Univariate along 
with multivariate Cox regression were conducted to uncover 
independent OS predictors. A nomogram predicting the 
prognosis of individuals with HCC was generated based 
on the statistically significant predictors. ROC curves were 
created to estimate the accuracy of the model. We plotted 
a calibration curve to determine the estimation capacity of 
the nomogram. P<0.05 signified statistical significance, with 
all the P values being two-tailed.

Results

Construction of the prediction model with the TCGA cohort

The flow chart of this study is given in Figure 1. A gene set 
associated with the hypoxia signaling cascade was abstracted 
from the GSEA web resource (n=200). To identify hub 
genes among the hypoxia-linked genes, we first constructed 
a PPI network using the STRING database. Then, we 
identified the top 50 genes with the highest cross talk 
degrees as key genes (Figure 2A).

Furthermore, univariate along with multivariate Cox 
regression were adopted to create a prediction model. 
According to the univariate analysis, 18 genes were 
remarkably related with the OS of individuals with HCC. 
According to the results of the multivariate analysis, six genes 
were chosen to build the prediction model, as illustrated in 
Figure 2B. The risk score of each sample was computed using 
the following formula:

Risk score = (0.13 × HMOX1) + (0.29 × TKTL1) + (0.39 × 
TPI1) − (0.24 × ENO2) + (0.44 × LDHA) + (0.29 × SLC2A1) [2]

These six genes were remarkably related with one 
another in the TCGA (Figure 2C) and GEO (Figure 2D) 
cohorts.

Evaluation of the prediction model with the TCGA cohort

To explore the estimation potential of the model, we first 
divided samples in the TCGA data set into high- (n=185), as 
well as low-risk (n=185) groups, as per the median risk score 
(Figure 3A). Following a series of bioinformatics analyses, 
a risk plot was generated, and it illustrated that high-risk 
score patients harboured a shorter survival in contrast 
with those with a low-risk score (Figure 3B). Furthermore, 
Kaplan-Meier analysis illustrated that the high-risk 
group harboured dismal OS in contrast with the low-risk 
group (Figure 3C). ROC curve assessment was adopted to 
determine the AUC values, which were 0.748 at one year, 
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Figure 1 Flow chart illustrating data collection along with analysis. HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas.
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0.714 at two years, and 0.719 at three years (Figure 3D). 
Additionally, the heatmap analysis illustrated that the levels 
of expressions of the six genes were remarkably different 
between different groups, implying that the six-gene 
predictive model can estimate the prognosis of individuals 
with HCC (Figure 3E).

Verification of the prediction model with the GEO data set

To explore the performance of the prediction model, the 
samples from the GEO data set were adopted as a validation 
dataset. According to the same formula generated from 
the TCGA data set, the samples in the GEO data set were 
similarly stratified into high- (n=39), as well as low-risk 

(n=42) groups (Figure 3F). Similar to the results obtained 
from the TCGA data set, the risk plot illustrated that high-
risk score patients exhibited shorter survival in contrast with 
those harbouring low-risk scores (Figure 3G). In addition, 
Kaplan-Meier data illustrated that high-risk score patients 
harboured a worse prognosis in contrast with those with 
low-risk scores (Figure 3H). Likewise, the risk signature 
AUC values were 0.736 at one year, 0.682 at two years, 
and 0.633 at three years (Figure 3I). In addition, heatmap 
analysis also revealed that the expression levels of the 
six genes were different between the high- and low-risk 
groups (Figure 3J). The results of the validation analysis 
demonstrated that our prediction model had satisfactory 
predictive ability.
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Figure 2 Construction of an estimation model on the basis of hypoxia-linked genes. (A) The top 50 genes according to their interaction de-
grees; (B) construction of the prediction model following univariate coupled with multivariate regression. Relationship of six hypoxia-linked 
genes in the TCGA (C) and GEO (D) cohorts. TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus.

Assessment of the independent prognostic role of the 
hypoxia risk signature score with the TCGA cohort

Univariate along with multivariate regression model were 
adopted to explore the independent predictive significance of 
the hypoxia risk model score for OS. In the univariate Cox 
regression analysis, we identified two independent factors 
consisting of TNM stage and the risk score (Figure 4A).  
In the multivariate regression, TNM stage along with 
the risk score remained independent predictors of OS  
(Figure 4B). Next, we built a nomogram that incorporated 
the independent predictors from the multivariate analysis 
(Figure 4C). This allowed us to estimate the one-, three-, and 
five-year survival rates of individuals with HCC by plotting a 
vertical line between the total score axis and each prognosis 

axis. The ROC curve data illustrated that the nomogram 
AUC values at one-, three-, and five-years were 0.744, 0.772, 
and 0.738, respectively (Figure 4D), revealing high accuracy. 
Moreover, we drew calibration curves to explore the 
predictive efficiency of the nomogram. As shown in Figure 
4E-4G, satisfactory agreement was observed between the 
predicted and observed outcomes for one-, three-, and five-
year OS, indicating that the nomogram had good efficacy in 
estimating the survival of individuals with HCC.

GSEA between the high- and low-risk groups

To further investigate associated signaling cascades 
activated in the high-risk group in contrast with the low-
risk group, GSEA was performed. The data of the analysis 
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Figure 3 Predictive ability of the hypoxia risk signature in HCC. The risk scores distribution and median value in the TCGA (A) data set 
and the GEO (F) cohort. Distribution of the OS status, survival time along with risk scores in TCGA (B) data set and the GEO (G) data 
set. Kaplan-Meier curves between the high- and low-risk groups for the OS of patients in the TCGA (C) data set and the GEO (H) data 
set. Time-dependent ROC curves verifying the predictive ability of the risk signature in the TCGA (D) data set and the GEO (I) cohort. 
Heatmap of the differences in the expression of the six hypoxia-linked genes between the low- and high-risk groups in the TCGA (E) data 
set and the GEO (J) data set. AUC, area under the curve; HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; GEO, Gene 
Expression Omnibus; OS, overall survival.
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Figure 4 Independent predictive significance of the hypoxia risk signature score in the TCGA data set. Univariate (A) along with multivar-
iate (B) regression of OS for individuals with HCC in the TCGA data set. (C) The nomogram was created on the basis of two independent 
predictive factors to predict OS in individuals with HCC at one-, three-, and five years. (D) Time-dependent ROC curves of the model for 
one-, three-, and five-year OS in HCC to explore the estimation efficiency of the nomogram. (E-G) Calibration plot of the nomogram for 
one-, three-, and five-year OS in HCC to explore the accuracy of the nomogram. AUC, area under the curve; TCGA, The Cancer Genome 
Atlas; OS, overall survival; HCC, hepatocellular carcinoma.

showed that signaling cascades associated with HCC cell 
proliferation and metabolism, such as the glycolysis, PI3K/
AKT/mTOR, and G2/M checkpoint pathways, were 
activated in the high-risk group as illustrated in Figure 5A-
5C. Besides, these findings were verified by the data from 
the GEO dataset (Figure 5D-5F).

Differences of immune status between the high- and  
low-risk groups

To uncover the relationship of the risk signature score 

with immune status, we calculated the enrichment score 

of immune cell subclasses and immune-linked roles and 
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Figure 5 GSEA between the low- and high-risk groups. (A-C) The genes enriched in the high-risk group were closely related to glycolysis, 
PI3K-AKT-mTOR signaling, and G2/M checkpoint signaling cascades in the TCGA cohort. (D-F) The data were further verified by the 
data from the GEO cohort. GSEA, gene set enrichment analysis; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus.

cascades using the ssGSEA strategy. As illustrated in Figure 
6A,6B, the scores of activated dendritic cells (aDCs), 
plasmacytoid dendritic cells (pDCs), antigen-presenting 
cell (APC) coinhibition, APC costimulation, HLA and 
MHC class I were remarkably higher in the high-risk 
group in contrast with that in the low-risk group, and 
these components primarily participate in the antigen 
presentation process. Moreover, the scores of Th2 cells, 
macrophages, Tfh cells, Th1 cells, Treg cells and the 
activation of pathways related to cytokine and cytokine 
receptors (CCRs), checkpoints, and parainflammation were 
higher in the high-risk group in contrast with that in the 
low-risk group, while the scores of mast cells and pathways 
related to the type II IFN response were elevated in the 
low-risk group than in the high-risk group. Interestingly, 

in addition to components of antigen presentation, such as 
aDCs, APC costimulation, HLA, as well as MHC class I, 
the macrophage scores were remarkably different between 
the high- and low-risk groups, as validated with the GEO 
cohort (Figure 6C,6D).

Analysis of the differences between high- and  
low-risk groups leading to the development of an 
immunosuppressive microenvironment

The “cancer-immunity cycle” constitutes a cycle of 
processes consisting of dynamic antitumor immune 
responses in 7 steps (27). Dendritic cells capture antigens 
released during tumour cell apoptosis (Step 1). Captured 
antigens are presented to T cells by the dendritic cells 
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Figure 6 Comparison of the immune status enrichment scores between the high- and low-risk groups using ssGSEA. The scores of  
16 immune cells (A,C) and 13 immune-linked roles or cascades (B,D) in the TCGA along with GEO data sets are exhibited in boxplots. 
Asterisks  represent levels of significance *P<0.05, **P<0.01, ***P<0.001. aDCs, activated dendritic cells; pDCs, plasmacytoid dendritic 
cells; Treg, regulatory T cells; APC, antigen-presenting cell; CCR, cytokine-cytokine receptor. ssGSEA, single-sample gene set enrichment 
analysis; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus.

(Step 2), leading to the priming coupled with triggering of 
responses of effector T cells against cancer-distinct antigens 
(Step 3). The stimulated effector T cells transit to (Step 4) 
and invade the tumor tissue (Step 5), particularly recognize 
and dock to cancer cells (Step 6), where they kill their target 
cancer cells (Step 7). Dying cancer cells release antigens, 
and the cancer-immunity cycle returns to Step 1 and 
continues (28).

We first downloaded the gene set associated with 
the cancer-immunity cycle from the Tracking Tumor 
Immunophenotype web resource  (29) .  Then,  we 
determined the differential expression of genes inversely 
modulating this cycle between the high- and low-risk 
groups. As illustrated in Figure 7A,7B, genes participating in 
the negative modulation of the tumor-immunity cycle were 
remarkably upregulated in the high-risk group, illustrating 
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Figure 7 Correlation between the hypoxia risk signature score and the immunosuppressive microenvironment. Heatmap of the expression 
of the genes participating in the inverse modulation of the tumour-immunity cycle between the low- and high-risk groups in the TCGA (A) 
and GEO (B) cohorts. Relationship of PD-1 expression with the hypoxia risk score in the TCGA (C) and GEO (F) cohorts. Relationship of 
PD-L1 expression with the hypoxia risk score in the TCGA (D) and GEO (G) cohorts. Correlation of CTLA-4 expression with the hypoxia 
risk score in the TCGA (E), as well as GEO (H) data sets. Asterisks  represent levels of significance *P<0.05, **P<0.01, ***P<0.001. TCGA, 
The Cancer Genome Atlas; GEO, Gene Expression Omnibus; PD-1, programmed cell death protein 1; PD-L1, programmed death-ligand 1; 
CTLA-4, cytotoxic T lymphocyte-associated-4.
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that hypoxia can inhibit the activity of this cycle.
Furthermore, we assessed the differential expression of 

genes linked to immune checkpoints between the high- and 
low-risk groups. Figure 7C-7H illustrates that the expression 
of PD-1, CTLA-4, along with PD-L1, were positively related 
with the hypoxia risk score, revealing that upregulated 
immune checkpoint molecules are involved in the poor 
prognosis for patients with high-risk score by inducing 
immune escape. Therefore, these findings indicated that 
hypoxia facilitates the formation of an immunosuppressive 
microenvironment in HCC, leading to HCC progression 
and metastasis.

Discussion

HCC is a frequent malignant tumor with a complicated 
pathogenesis, as well as high mortality that severely 
threatens public health worldwide. Although therapeutic 
strategies have been continuously improved, the prognosis 
of HCC remains unfavorable, which mainly results from 
late diagnosis and poor response to current treatment. 
Therefore, searching for effective diagnostic signatures 
and treatment targets to improve the prognosis of HCC is 
necessary.

Hypoxia is a common characteristic of solid tumors, 
including HCC. Ample evidence has indicated that 
hypoxia participates in the onset and progress of HCC. 
Nevertheless, further studies will be required to explore 
the complex molecular mechanism. Recently, with the 
advancements in high-throughput sequencing technology 
combined with bioinformatics analysis, multiple molecular 
markers have been identified for the construction of 
prediction models and the development of therapeutic 
targets, greatly improving the long-term survival of patients.

Herein, we constructed a prediction model including 
six hypoxia-linked genes, HMOX1, TKTL1, TPI1, ENO2, 
LDHA, and SLC2A1. HMOX1, as a stress-inducible rate-
limiting enzyme, was upregulated in HCC tissues, and 
high expression promotes HCC cell proliferation via the 
STAT3 pathway (30). Similarly, TKTL1, as a member of the 
transketolase gene family, was reported to enhance HCC 
proliferation because transketolase metabolism controls 
the pentose phosphate pathways (PPP), which is involved 
in nucleic acid ribose synthesis in tumor cells (31). TPI1, 
as a glycolysis-related gene, can be activated by HIF-1α  
in HCC tissues, and patients exhibiting upregulated 
expression had shorter OS than those without increased 
expression (32). Yuan et al. investigated the relationship 

between circadian genes and glycolysis in HCC cells under 
hypoxic conditions and found that NPAS2 (one of the core 
circadian genes) can positively promote the expression of 
ENO2 by transcriptionally regulating HIF-1α, resulting in 
the proliferation along with metastasis of HCC cells (33).  
Sheng et al. documented that the overexpression of 
LDHA correlated with high metastatic potential in HCC 
cells, whereas knockdown of the gene strongly inhibited 
proliferation and metastasis in HCC (34). SLC2A1 (also 
known as GLUT1), encoding a glucose transporter, was 
illustrated to be positively linked with the activity of HCC 
cell glycolysis, and repressing SLC2A1 expression reduced 
the proliferation along with invasion of HCC cells (35). The 
findings related to genes other than ENO2 were consistent 
with the results of our study. However, because there are 
few relevant studies on the relationship between ENO2 and 
HCC cells, further research is necessary to identify the role 
of ENO2.

In routine clinical practice, the TNM staging system 
is a vital prognostic determinant in HCC. In this study, 
we also identified the staging system as an independent 
predictor of OS following univariate along with multivariate 
Cox regression. However, patients who are at the same 
stage may harbour a different prognosis, indicating that 
the current staging system cannot fully reflect intratumor 
heterogeneity. Hence, it is critical to determine novel 
molecular signatures to develop a prediction model for 
the diagnosis and treatment of HCC. For instance, a 21-
gene expression assay (termed as Oncotype DX, Genomics 
Health) is recommended by the National Comprehensive 
Cancer Network (NCCN) to assess the prognosis of 
individuals with hormone receptor-positive breast cancer, 
and this panel has been meaningful for evaluating prognosis 
and guiding treatment. In our study, a prediction model 
integrating six hypoxia-linked genes showed satisfactory 
predictive ability overall. Moreover, a nomogram combining 
the TNM staging system with the risk signature could 
efficiently estimate individual survival for individuals with 
HCC, and this nomogram may enhance the accuracy of 
determining the prognosis of HCC patients.

According to GSEA, we found that genes associated 
with the glycolysis pathway, including cascades involved 
in the growth and metabolization of HCC cells under 
hypoxic conditions, were remarkably abundant in the 
high-risk group. It has been well demonstrated that 
elevated glycolysis provides adequate energy to meet 
the demands for rapid proliferation of HCC cells in a 
hypoxic environment (36,37). Moreover, Li et al. found 
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that the circRNA MAT2B promoted HCC progression by 
enhancing glycolysis, indirectly indicating the key role of 
glycolysis in the proliferation of HCC cells (38).

The TIME is crucial for the initiation and progression of 
HCC. According to ssGSEA, we found that the enrichment 
score of macrophages was remarkably higher in the high-
risk group in contrast with that in the low-risk group. This 
finding is congruent with previous studies showing that 
hypoxia can induce polarization of macrophages or their 
migration into the hypoxic TME and that an increased 
macrophage numbers in the TIME positively correlates with 
the progress of HCC along with poor prognosis (39-42).  
In addition, in the context of the cancer-immunity cycle, 
the results of our study illustrated that genes related 
with negative modulation of this cycle were remarkably 
upregulated in high-risk group, illustrating that hypoxia 
can repress the antitumor immune response. Furthermore, 
we found that PD-1, CTLA-4 along with PD-L1 were 
upregulated in the high-risk group, illustrating that hypoxia 
can induce immune escape. Chen et al. demonstrated that 
anti-PD1 treatment can boost the antitumor immune 
response in HCC (43). Similarly, Agdashian et al. reported 
that anti-CTLA4 treatment can improve the treatment 
response of patients with advanced-stage HCC (44). 
Therefore, understanding the key mechanisms by which 
hypoxia affects immunosuppression and immune escape 
may facilitate advances in immunotherapy.

However, several limitations to this study need to 
be acknowledged. First, the construction along with 
the validation of our prediction model were based on 
retrospective data from public databases, and further 
prospective collection of clinical data for validation is 
necessary. In addition, the sample size of the validation 
cohort was small and a larger data set is required to validate 
the findings. Finally, the detailed mechanism of how these 
identified genes affect HCC cells proliferation and the anti-
tumor immune response under hypoxic conditions requires 
further experimental explanation.

Conclusions

In summary, we used six hypoxia-linked genes to create 
and validate a prediction model to estimate the OS of 
individuals with HCC. This hypoxia risk signature has the 
potential to serve as an independent predictive factor of 
OS in individuals with HCC that could enable clinicians to 
estimate the prognosis of individuals with HCC. Besides, 
the risk signature also reflected the relationship between 

hypoxic conditions and immune status in the HCC 
microenvironment, which may help researchers to develop 
novel immunotherapeutic targets for HCC.

Acknowledgments

We thank American Journal Experts (AJE) for editing the 
manuscript.
Funding: This research was supported by the National 
Natural Science Foundation of China (No. 81800483 to 
CZ) and the Beijing Hospitals Authority Youth Programme 
(QMS20200803 to CZ).

Footnote

Reporting Checklist: The authors have completed the 
TRIPOD reporting checklist. Available at https://dx.doi.
org/10.21037/tcr-21-741

Peer Review File: Available at https://dx.doi.org/10.21037/
tcr-21-741

Conflicts of Interest: All authors have completed the ICMJE 
uniform disclosure form (available at https://dx.doi.
org/10.21037/tcr-21-741). The authors have no conflicts of 
interest to declare.

Ethical Statement: The authors are accountable for all 
aspects of the work in ensuring that questions related 
to the accuracy or integrity of any part of the work are 
appropriately investigated and resolved. The study was 
conducted in accordance with the Declaration of Helsinki (as 
revised in 2013). Institutional ethical approval and informed 
consent were waived.

Open Access Statement: This is an Open Access article 
distributed in accordance with the Creative Commons 
Attribution-NonCommercial-NoDerivs 4.0 International 
License (CC BY-NC-ND 4.0), which permits the non-
commercial replication and distribution of the article with 
the strict proviso that no changes or edits are made and the 
original work is properly cited (including links to both the 
formal publication through the relevant DOI and the license). 
See: https://creativecommons.org/licenses/by-nc-nd/4.0/.

References

1.	 Wallace MC, Preen D, Jeffrey GP, et al. The evolving 

https://dx.doi.org/10.21037/tcr-21-741
https://dx.doi.org/10.21037/tcr-21-741
https://dx.doi.org/10.21037/tcr-21-741
https://dx.doi.org/10.21037/tcr-21-741
https://dx.doi.org/10.21037/tcr-21-741
https://dx.doi.org/10.21037/tcr-21-741
https://creativecommons.org/licenses/by-nc-nd/4.0/


3991Translational Cancer Research, Vol 10, No 9 September 2021

© Translational Cancer Research. All rights reserved.   Transl Cancer Res 2021;10(9):3979-3992 | https://dx.doi.org/10.21037/tcr-21-741

epidemiology of hepatocellular carcinoma: a global 
perspective. Expert Rev Gastroenterol Hepatol 
2015;9:765-79.

2.	 Zhang X, Li J, Shen F, et al. Significance of presence of 
microvascular invasion in specimens obtained after surgical 
treatment of hepatocellular carcinoma. J Gastroenterol 
Hepatol 2018;33:347-54.

3.	 El-Serag HB, Rudolph KL. Hepatocellular carcinoma: 
epidemiology and molecular carcinogenesis. 
Gastroenterology 2007;132:2557-76.

4.	 Omata M, Cheng AL, Kokudo N, et al. Asia-Pacific 
clinical practice guidelines on the management of 
hepatocellular carcinoma: a 2017 update. Hepatol Int 
2017;11:317-70.

5.	 Jin C, Li Y, Su Y, et al. Novel copper complex 
CTB regulates methionine cycle induced TERT 
hypomethylation to promote HCC cells senescence via 
mitochondrial SLC25A26. Cell Death Dis 2020;11:844.

6.	 Chen Q, Li F, Gao Y, et al. Identification of Energy 
Metabolism Genes for the Prediction of Survival in 
Hepatocellular Carcinoma. Front Oncol 2020;10:1210.

7.	 Fu J, Wang H. Precision diagnosis and treatment of liver 
cancer in China. Cancer Lett 2018;412:283-8.

8.	 Lin SC, Liao WL, Lee JC, et al. Hypoxia-regulated gene 
network in drug resistance and cancer progression. Exp 
Biol Med (Maywood) 2014;239:779-92.

9.	 Peitzsch C, Perrin R, Hill RP, et al. Hypoxia as a 
biomarker for radioresistant cancer stem cells. Int J Radiat 
Biol 2014;90:636-52.

10.	 Nichols AJ, Roussakis E, Klein OJ, et al. Click-assembled, 
oxygen-sensing nanoconjugates for depth-resolved, near-
infrared imaging in a 3D cancer model. Angew Chem Int 
Ed Engl 2014;53:3671-4.

11.	 Jain RK. Normalization of tumor vasculature: an 
emerging concept in antiangiogenic therapy. Science 
2005;307:58-62.

12.	 Fei M, Guan J, Xue T, et al. Hypoxia promotes the 
migration and invasion of human hepatocarcinoma cells 
through the HIF-1α-IL-8-Akt axis. Cell Mol Biol Lett 
2018;23:46.

13.	 Li JQ, Wu X, Gan L, et al. Hypoxia induces universal 
but differential drug resistance and impairs anticancer 
mechanisms of 5-fluorouracil in hepatoma cells. Acta 
Pharmacol Sin 2017;38:1642-54.

14.	 Tak E, Lee S, Lee J, et al. Human carbonyl reductase 1 
upregulated by hypoxia renders resistance to apoptosis in 
hepatocellular carcinoma cells. J Hepatol 2011;54:328-39.

15.	 Wang J, Zhang C, Li A, et al. A Prognostic Nomogram 

Based on Immune Scores Predicts Postoperative Survival 
for Patients with Hepatocellular Carcinoma. Biomed Res 
Int 2020;2020:1542394.

16.	 Li S, Sun R, Chen Y, et al. TLR2 limits development of 
hepatocellular carcinoma by reducing IL18-mediated 
immunosuppression. Cancer Res 2015;75:986-95.

17.	 Sun XY, Yu SZ, Zhang HP, et al. A signature of 33 
immune-related gene pairs predicts clinical outcome in 
hepatocellular carcinoma. Cancer Med 2020;9:2868-78.

18.	 Zhou W, Deng J, Chen Q, et al. Expression of 
CD4+CD25+CD127Low regulatory T cells and cytokines 
in peripheral blood of patients with primary liver 
carcinoma. Int J Med Sci 2020;17:712-9.

19.	 Hernandez-Gea V, Toffanin S, Friedman SL, et al. 
Role of the microenvironment in the pathogenesis and 
treatment of hepatocellular carcinoma. Gastroenterology 
2013;144:512-27.

20.	 Zhang Y, Xu J, Zhang N, et al. Targeting the tumour 
immune microenvironment for cancer therapy in 
human gastrointestinal malignancies. Cancer Lett 
2019;458:123-35.

21.	 Brahmer JR, Lacchetti C, Schneider BJ, et al. Management 
of Immune-Related Adverse Events in Patients Treated 
With Immune Checkpoint Inhibitor Therapy: American 
Society of Clinical Oncology Clinical Practice Guideline. J 
Clin Oncol 2018;36:1714-68.

22.	 Tai D, Choo SP, Chew V. Rationale of Immunotherapy in 
Hepatocellular Carcinoma and Its Potential Biomarkers. 
Cancers (Basel) 2019;11:1926.

23.	 Fallah J, Rini BI. HIF Inhibitors: Status of Current 
Clinical Development. Curr Oncol Rep 2019;21:6.

24.	 Tang Y, Zhang Y, Liu S, et al. 14-3-3ζ binds to and 
stabilizes phospho-beclin 1S295 and induces autophagy 
in hepatocellular carcinoma cells. J Cell Mol Med 
2020;24:954-64.

25.	 Zhang J, Zhang Q, Lou Y, et al. Hypoxia-inducible 
factor-1α/interleukin-1β signaling enhances hepatoma 
epithelial-mesenchymal transition through macrophages 
in a hypoxic-inflammatory microenvironment. Hepatology 
2018;67:1872-89.

26.	 Rooney MS, Shukla SA, Wu CJ, et al. Molecular and 
genetic properties of tumors associated with local immune 
cytolytic activity. Cell 2015;160:48-61.

27.	 Chen DS, Mellman I. Oncology meets immunology: the 
cancer-immunity cycle. Immunity 2013;39:1-10.

28.	 Kunimasa K, Goto T. Immunosurveillance and 
Immunoediting of Lung Cancer: Current Perspectives and 
Challenges. Int J Mol Sci 2020;21:597.



3992 Wang et al. Using hypoxia-related genes to predict prognosis

© Translational Cancer Research. All rights reserved.   Transl Cancer Res 2021;10(9):3979-3992 | https://dx.doi.org/10.21037/tcr-21-741

29.	 Xu L, Deng C, Pang B, et al. TIP: A Web Server for 
Resolving Tumor Immunophenotype Profiling. Cancer 
Res 2018;78:6575-80.

30.	 Song J, Zhang X, Liao Z, et al. 14-3-3ζ inhibits heme 
oxygenase-1 (HO-1) degradation and promotes 
hepatocellular carcinoma proliferation: involvement of 
STAT3 signaling. J Exp Clin Cancer Res 2019;38:3.

31.	 Zhang S, Yang JH, Guo CK, et al. Gene silencing of 
TKTL1 by RNAi inhibits cell proliferation in human 
hepatoma cells. Cancer Lett 2007;253:108-14.

32.	 Hamaguchi T, Iizuka N, Tsunedomi R, et al. Glycolysis 
module activated by hypoxia-inducible factor 1alpha is 
related to the aggressive phenotype of hepatocellular 
carcinoma. Int J Oncol 2008;33:725-31.

33.	 Yuan P, Yang T, Mu J, et al. Circadian clock gene 
NPAS2 promotes reprogramming of glucose 
metabolism in hepatocellular carcinoma cells. Cancer 
Lett 2020;469:498-509.

34.	 Sheng SL, Liu JJ, Dai YH, et al. Knockdown of 
lactate dehydrogenase A suppresses tumor growth and 
metastasis of human hepatocellular carcinoma. FEBS J 
2012;279:3898-910.

35.	 Hu Y, Yang Z, Bao D, et al. miR-455-5p suppresses 
hepatocellular carcinoma cell growth and invasion via 
IGF-1R/AKT/GLUT1 pathway by targeting IGF-1R. 
Pathol Res Pract 2019;215:152674.

36.	 Guo W, Qiu Z, Wang Z, et al. MiR-199a-5p is negatively 
associated with malignancies and regulates glycolysis 
and lactate production by targeting hexokinase 2 in liver 
cancer. Hepatology 2015;62:1132-44.

37.	 Hu H, Zhu W, Qin J, et al. Acetylation of PGK1 

promotes liver cancer cell proliferation and tumorigenesis. 
Hepatology 2017;65:515-28.

38.	 Li Q, Pan X, Zhu D, et al. Circular RNA MAT2B 
Promotes Glycolysis and Malignancy of Hepatocellular 
Carcinoma Through the miR-338-3p/PKM2 Axis Under 
Hypoxic Stress. Hepatology 2019;70:1298-316.

39.	 Quail DF, Joyce JA. Microenvironmental regulation 
of tumor progression and metastasis. Nat Med 
2013;19:1423-37.

40.	 Reichl B, Niederstaetter L, Boegl T, et al. Determination 
of a Tumor-Promoting Microenvironment in Recurrent 
Medulloblastoma: A Multi-Omics Study of Cerebrospinal 
Fluid. Cancers (Basel) 2020;12:1350.

41.	 Ding T, Xu J, Wang F, et al. High tumor-infiltrating 
macrophage density predicts poor prognosis in patients 
with primary hepatocellular carcinoma after resection. 
Hum Pathol 2009;40:381-9.

42.	 Yeung OW, Lo CM, Ling CC, et al. Alternatively 
activated (M2) macrophages promote tumour growth 
and invasiveness in hepatocellular carcinoma. J Hepatol 
2015;62:607-16.

43.	 Chen Y, Ramjiawan RR, Reiberger T, et al. CXCR4 
inhibition in tumor microenvironment facilitates anti-
programmed death receptor-1 immunotherapy in 
sorafenib-treated hepatocellular carcinoma in mice. 
Hepatology 2015;61:1591-602.

44.	 Agdashian D, ElGindi M, Xie C, et al. The effect of anti-
CTLA4 treatment on peripheral and intra-tumoral T 
cells in patients with hepatocellular carcinoma. Cancer 
Immunol Immunother 2019;68:599-608.

Cite this article as: Wang J, Li Y, Zhang C, Chen X, Zhu 
L, Luo T. A hypoxia-linked gene signature for prognosis 
prediction and evaluating the immune microenvironment in 
patients with hepatocellular carcinoma. Transl Cancer Res 
2021;10(9):3979-3992. doi: 10.21037/tcr-21-741


