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Abstract
Long non-coding RNAs can regulate hypoxia-induced tumor immune microenvironment remodeling and
tumor progression. The present study aimed to build a risk model for predicting the prognosis of
hepatocellular carcinoma (HCC) patients based on hypoxia-related lncRNAs and to explore its possible
mechanisms. Based on the RNA-Seq and follow-up data downloaded from TCGA and GEO, we performed
correlation analysis, differential analysis, and survival analysis to derive candidate hypoxia-related
lncRNAs. In total, the 365 patients were used to randomly divide into the training and testing dataset at a
ratio of 7:3. The Least Absolute Shrinkage and Selection Operator (Lasso)-Cox regression was applied to
select and develop hypoxia-related lncRNAs signature (HRLS) in training datasets. We obtained a risk
model consisting of 8 hypoxia-related lncRNAs which was systematically validated in the testing and
GSE76427 dataset. HRLS was developed based on SNHG3, NRAV, AC073611.1, AL031985.3, AL049840.6,
ZFPM2-AS1, AC074117.1, and MAFG-DT. Patients with low risk displayed a good prognosis, whereas
those with high risk had a poor prognosis. Multivariate COX regression analysis also con�rmed that the
HRLS group was statistically signi�cant after adjusting for clinical factors. Nomogram, time-dependent
ROC curve, and decision curve analyses were performed to con�rm the predictive ability. Furthermore, the
high-risk patients had high-level in�ltration of Macrophages and regulatory T cells. Next, AC073611.1 and
AL031985.3 were found to be signi�cantly decreased in Hep3B cells after hypoxia exposure (48 hours) in
the GSE155505 dataset. Also, the expression of MAFG-DT was signi�cantly upregulated in the sorafenib
treatment responders of the GSE109211 dataset. The abnormal expression may be associated with
hypoxia states. Finally, we constructed a novel ceRNA network and predicted their binding sites. We
developed and validated a novel HRLS to accurately predict patient survival, assess immune in�ltration,
infer therapeutic bene�ts, and provide a new perspective for designing personalized therapies.

Introduction
Hepatocellular carcinoma (HCC) is one of the most invasive in�ammation-related malignancy, which
seriously threatens human health[1]. Epidemiological data revealed there are 906,000 new cases and
830,000 deaths worldwide in 2020[2]. More than 60% of HCC patients are treated primarily based on
advanced stages, contributing to limited outcomes and poor prognosis[3]. Currently, surgery and
chemotherapy are still considered the �rst-line clinical treatments for liver cancer. However, continuous
chemotherapy can aggravate the hypoxic microenvironment and promote the proliferation of tumor cells,
making its long-term e�cacy still unsatisfactory. Moreover, high recurrence and metastasis rates can
result in a low 5-year overall survival rate[4, 5]. Thus, there is an urgent need to reveal the hypoxia-
mediated mechanisms in liver cancer patients to select sensitive treatments and improve prognosis. 

Intra-tumoral hypoxia is a crucial feature of all solid tumors, especially HCC. In hypoxic conditions, the
cells adapt to low oxygen levels via the hypoxia-inducible factors (HIF) pathway[6]. Meanwhile, HIFs
could impact the expression of multiple genes and many malignant phenotypes, including invasiveness,
metabolic reprogramming, stem cell maintenance, cell survival and proliferation, immune response,
angiogenesis, and chemoresistance[7-9]. To date, the effects of hypoxia on immunosuppression are
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receiving widespread attention. Previous studies have discovered that hypoxia reconstructs the tumor
microenvironment (TME) and leads to new types of immunogenic cell death, effecting components of
both the natural and the acquired immune cells [10]. 

Currently, with the completion of the Human Genome Project and the establishment of high-throughput
genomic technologies, more and more lncRNAs have been identi�ed and their role in tumor diseases has
gradually been illuminated. lncRNAs are non-protein-coding transcripts exceeding a length of 200
nucleotides, which exert critical action in the initiation and progression of tumors. Furthermore, it was
reported that lincRNA-ROR, ZFPM2-AS1, and HOTAIR can promote proliferation, invasion, metastasis, and
chemoresistance of HCC cells[11-13]. Recent studies have found that NRAL regulates Nrf2 expression
through miR-340-5p based on a competing endogenous RNA (ceRNA) mechanism, thereby in�uencing
the phenotype of HCC and mediating cisplatin resistance.[14]. However, the systematic identi�cation of
existing candidate lncRNAs, especially those associated with hypoxia in the tumor, is still at an early
stage and needs further research to be done.

Here, we developed and validated HRLS to predict patients’ prognosis, and to contrast immune cell
changes, drug sensitivity, and immunotherapy response, which may guide precise treatment. Finally, we
constructed a hypoxia-associated ceRNA network in liver cancer and explored lncRNA-miRNA-mRNA
binding sites, which suggested new perspectives in understanding the disease mechanism in biological
pathways.

Materials And Methods
1. Data preprocessing

The FPKM RNA-seq and follow-up information of 374 HCC patients and 50 healthy controls were
retrieved from The Cancer Genome Atlas-Liver Hepatocellular Carcinoma (TCGA-LIHC)
(https://portal.gdc.cancer.gov/). The genomic information was reannotated according to the ENSEMBL
database and converted into lncRNAs and mRNAs. Nine out of 374 patients were removed due to a lack
of information on overall survival (OS) (or zero value), and 365 patients with available clinical data were
sorted into standardized data for subsequent analysis. In total, 365 HCC patients were randomly split into
the training (247 samples) or test dataset (118 samples) at the ratio of 7:3 for integrated analysis by the
caret package. The baseline characteristics were presented in Table 1.

An independent dataset (GSE76427-GPL10558) from the Gene Expression Omnibus database (GEO)
(https://www.ncbi.nlm.nih.gov/geo/) was used as external validation, which contained 115 samples of
HCC. The lncRNA-sequencing of Human HCC cell lines was obtained from GSE155505 (with 6 samples of
Hep3B cells under normoxia and hypoxia for 48h). In GSE109211, there were 21 sorafenib responders
and 46 non-responders. In microarray analysis, based on the corresponding annotation �le, probe IDs are
mapped to gene symbols and expression measurements for all probes associated with the same gene
are obtained at an average value. Then, batch normalization was implemented using the sva and limma
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package. Moreover, 200 hypoxia-related genes were obtained from the hallmark gene sets of the
Molecular Signatures Database (https://www.gsea-msigdb. org/gsea/msigdb/index.jsp).

2. Identi�cation of hypoxia-related lncRNAs

By calculating Pearson correlation coe�cients between hypoxia gene and lncRNA expression levels, we
identi�ed hypoxia-related lncRNAs in HCC samples. (|r| > 0.4, P-value < 0.001). Ultimately, 486 hypoxia-
related lncRNAs were identi�ed using the above criteria in the TCGA-LIHC cohort.

3. Constitution of risk model

The limma algorithm was identi�ed differentially expressed lncRNAs (DElncRNAs) between HCC and
adjacent nontumor tissues, and |log Fold-Change| > 1 and False Discovery Rate (FDR) < 0.05 were
considered signi�cant differences. These DElncRNAs were visualized by volcano plot. Meanwhile,
Univariate analysis was used to �lter all hypoxia-related lncRNAs for prognosis-associated lncRNAs,
which was provided in the survival and survminer packages (P-value < 0.01). DElncRNAs and prognosis-
associated lncRNAs were taken to intersect as candidate lncRNAs.

Subsequently, the candidate lncRNAs were used as an input in the Lasso model[15] by the glmnet
package, in which all intersections lncRNAs were penalized to prevent over�tting. The penalty parameter
(λ) was set at 10-fold cross-validation in the model. Afterward, the hub-lncRNAs constituted a risk model
for identifying hypoxia signatures and generated risk scores as follows:

Where  represented its corresponding coe�cient and  was the lncRNAs expression.

The threshold was de�ned by median risk score. The survival model was developed based on training
datasets. The testing and external dataset were used to validate the HRLS.

4. Prediction of HRLS in the training and validation dataset

To compare the OS between HRLS groups, the Kaplan-Meier method was implemented by survival and
survminer packages. Log-rank tests were employed to calculate the difference in survival distributions
between two subgroups. After that, the risk score and clinicopathology from three datasets were
incorporated into univariate and multivariate survival analyses to con�rm independent predictors of
prognosis. Moreover, patients were strati�ed according to clinicopathological factors, such as age,
gender, grade, and stage. we calculated whether the OS of HCC patients were still signi�cantly different in
the entire TCGA dataset. Nomogram, consistency index (C-index), calibration curve, and Area under the
ROC curve (AUC) were used to explore exactly the predictive capacity of the HRLS by survivalROC,
timeROC, and rms packages. the predictive power was validated in testing and geo datasets. Also,
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Decision Curve Analysis (DCA) was captured the clinical e�cacy when we try to use complex models as a
tool for decision makers[16, 17].

5. Construction and analysis of ceRNA network

Candidate lncRNAs most relevant to HCC were picked to predict miRNAs by the means of StarBase
(http://starbase.sysu.edu.cn/) and miRcode (http://www.mircode.org). Then, we explore target mRNAs of
miRNAs through the microRNA Data Integration Portal (mirDIP) (http://ophid.utoronto.ca/mirDIP) and
TargetScan (http://www.targetscan.org/). We established the ceRNA network according to the negatively
regulating target relationships of miRNA-mRNA and miRNA-lncRNA correlation pairs. Besides, Cytoscape
software (3.8.2) was used to visualize obtained results.

6. Functional enrichment analysis

Gene set enrichment analysis (GSEA) of differential expressed genes were enriched using GSEA tools
with �les (msigdb.v7.4.symbols.gmt) as reference. The biological pathways were signi�cantly enriched
when nominal P-value (NOM P-value) < 0.05 and FDR < 0.25 after 1000 permutations. The candidate
genes were also clustered into various KEGG pathway ontologies using the ClueGO plug-in provided by
Cytoscape for visualizing non-redundant biological terms for large gene clusters in a functional grouping
network. The biological function of target genes was enriched using the online tool of Metascape.

7. Estimation of immune cells type

The relative immune cell in�ltration levels were quanti�ed using single-sample gene-set enrichment
analysis (ssGSEA) algorithm, which consists of activated CD8 T cells, activated dendritic cells, natural
killer (NK) cells, etc. [18, 19]. Box plots were drawn to demonstrate the difference between the 16 immune
in�ltrating cells. Spearman correlations were calculated for some immune cells with risk scores,
visualized by the ggplot2 package.

8. Prediction of therapeutic sensitivity

We assessed the predictive power of HRLS in response to immunotherapy and six common
chemotherapeutic agents. The GDSC database was explored using the pRRophetic algorithm to infer the
half-maximal inhibitory concentration (IC50) value, which was normally transformed. Furthermore, the
immunotherapy responses in HCC patients were inferred by the tumor immune dysfunction and exclusion
(TIDE) score.

9. Statistical analysis

Data analysis and visualization were conducted using R (4.0.5). The KM and log-rank test were applied to
detect the difference of survival analysis. Wilcox Test or Student’s t-test was employed to compare the
expression levels of lncRNAs, in�ltration score of immune cells, and IC50 value between two groups. The
chi-squared or Fisher’s exact test was applied for follow-up data. Pearson analysis was used to evaluate
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respectively the corresponding coe�cients among lncRNA-miRNA-mRNA. P-value or adjusted p-value less
than 0.05 were regarded as statistically signi�cant.

Results
1. Identi�cation and selection of hypoxia-related lncRNAs

The entire work framework is shown in Fig. 1. We extracted 15036 lncRNAs from the TCGA database. At
the same time, 199 hypoxia-related genes were available in HCC samples (Table S1). We performed
Pearson analysis to calculate coe�cients between hypoxic genes and lncRNAs. We de�ned 486 hypoxia-
related lncRNAs with the criteria that coe�cient |r| > 0.4 and P < 0.001. Signi�cant DElncRNAs were
identi�ed among HCC compared with adjacent noncancerous tissues. Next, we identi�ed 300 DElncRNAs
(11 downregulated and 289 upregulated lncRNAs) using the limma package (absolute log Fold Change
value |LogFC| > 1, P < 0.05). These DElncRNAs were displayed through the volcano plot (Fig. 2A). In
addition, univariate analysis screened prognostic lncRNAs from 486 hypoxia-related lncRNAs, and 77
prognostic lncRNAs were obtained (P < 0.01, Table S2). The Venn diagram showed the DElncRNAs and
their intersection with hypoxia-related prognostic lncRNAs, the 62 candidate lncRNAs were inputted into
further analysis (Fig. 2B).

2. Construction and validation of hypoxia-related lncRNAs signature

The model was constructed from training datasets and veri�ed using validation datasets. As 62
candidate lncRNAs might display similar biological roles, we reduced the dimensionality by Lasso-Cox
regression analysis. When its lowest value at a log(λ)=-2.45, the risk score model generated
corresponding coe�cients. Finally, eight hypoxia-related lncRNAs were included to develop the model
(Fig. 3A, B). Therefore, the formula was: Risk
score=SNHG3*0.0046+NRAV*0.0645+AL031985.3*0.0616+AL049840.6*0.0217+ZFPM2-
AS1*0.0546+AC074117.1*0.0681+AC073611.1*0.0676+MAFG-DT*0.0005. In GSE76427, only 5 out of 8
lncRNAs were extracted, containing AC074117.1, ZFPM2-AS1, NRAV, SNHG3, MAFG-DT, and then
calculate risk scores. Meanwhile, we obtained the best cut-off value using X-tile software, which was
con�rmed to be 1.601. 

Later, in the training dataset, the survival curve indicated that high-risk patients had signi�cantly inferior
prognosis (P < 0.001) (Fig. 3C). High-risk HCC patients tended to die earlier (Fig S1). The predicted AUC
value for 1‐, 3‐ and 5‐year OS were 0.767, 0.710, and 0.710, respectively, indicating the good predictive
performance of HRLS (Fig. 3D). Consistent with the training dataset, these trends were observed in the
test dataset (Fig. 3E, F) and GSE76427 (Fig. 3G, H). 

3. Prognostic value of the hypoxia-related lncRNA signature

In the univariate and multivariate Cox regression model, we analyzed �ve variables that include age
(continuous value), gender (male and female), grade (low and high), stage (I/ II and III/ IV), HRLS (low and
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high) in three datasets. As shown in Fig. 4A and Fig. S2A, C, the HRLS was an independent predictive
biomarker in three datasets (training dataset: hazard ratio (HR) = 4.017, 95% con�dence interval (CI) =
2.389-6.755, P < 0.001; test dataset: HR = 3.319, 95% CI = 1.619-6.808, P = 0.001; GSE76427: HR = 3.477,
95% CI = 1.467-8.242, P = 0.005). Further, multivariate analysis indicated that stage and HRLS were still
independent risk factors for OS, and HRLS exhibited highest signi�cance in addition to the other existing
clinical parameters (training dataset: HR = 4.164, 95%CI = 2.364-7.334, P < 0.001; test dataset: HR =
2.871, 95%CI = 1.361-6.055, P = 0.006; GSE76427: HR = 3.113, 95%CI = 1.284-7.550, P = 0.012. Fig. 4B,
Fig. S2B, D). Then, we constructed a nomogram consisting of two meaningful variates in the entire TCGA
dataset (Fig. S3A) and GSE76427 (Fig. S3B), which could predict mortality in HCC patients by
quantitative scoring methods. The quanti�ed total score is functionally transformed to obtain the survival
probability at 1, 3 and 5 years. Furthermore, the calibration plot showed model has better consistency
between predicted OS and actual observations, which consistent with the results of the validation dataset
(Fig. S3B, D).

As illustrated in Fig.4C, riskScore had a signi�cantly higher C-index (consistency index) than the stage in
TCGA datasets. Importantly, the combination of risk score and stage can signi�cantly promote C-index in
the TCGA dataset (stage+riskScore C-index:0.705, 95% CI 0.653-0.757). However, the difference in the C
statistics was not signi�cant in GSE76427 datasets (stage+riskScore C-index:0.655, 95% CI 0.546-0.765).
Finally, the DCA analysis indicated that HRLS and immune cells models added more net bene�t than did
the clinical characteristics. It also indicated that prediction with all or non-patient schemes is more
bene�cial when the decision probability based on the nomogram is >0.25 and <0.4 (Fig. 4D). Therefore,
this nomogram showed superior clinical usefulness.

Next, to further evaluate the accuracy of HRLS, patients were strati�ed based on age, gender, pathological
grade, and stage. The survival curve showed that patients in the low-risk subgroup had better OS
outcomes compared with ones in the high-risk subgroup in the TCGA studies (Table S3). The classi�er
also identi�es signi�cantly different distribution of risk scores among different subgroups. We found that
patients with high grades (T3-T4) and advanced stages (III-IV) had a higher risk score (Fig. S4).
Nevertheless, there were no survival bene�ts in the age and gender subgroups. As such, risk scores may
be correlated with pathologic parameters for HCC patients. 

4. The landscape of immune cells in�ltration

To explore whether HRLS assess changes of immune cells in the TME of liver cancer, we depicted their
relationships. Hence, the activation level of 29 immune signatures (16 immune cell types and 13
functions) was calculated using the ssGSEA algorithm according to the reference gene set. As shown in
Fig. 5A and Fig. S5, the low-risk subgroup had a signi�cantly greater proportion of NK cells and Mast
cells. Macrophages and regulatory T cells (Tregs) were more likely to be distributed in the high-risk
subgroup. In particular, we also found that hypoxia risk scores were positively associated with the
in�ltration of two immune cells, including Macrophages and Treg (Macrophages: r = 0.31, P < 0.001; Fig.
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5B; Treg: r = 0.21, P < 0.001; Fig. 6C). It suggested that tumor hypoxic signature is associated with
immune cells phenotypes.

5. HRLS predicts therapeutic bene�ts

To further identify HCC patients who can bene�t from chemotherapy, we evaluated 6 drugs response in
two risk subgroups. The low-risk patients were highly sensitive to the chemotherapeutics Methotrexate (P-
value < 0.001, Fig. 6A), Ge�tinib (P-value < 0.0025, Fig. 6B), and Docetaxel (P-value < 0.001, Fig.6 C). Our
analysis indicated that their chemotherapy response rates were higher. On the contrary, the high-risk
patients were highly sensitive to the chemotherapeutics Cisplatin (P-value < 0.001, Fig. 6D), Bexarotene
(P-value < 0.001, Fig. 6E), and Gemcitabine (P-value < 0.001, Fig. 6F), which meant that HRLS may be a
potential biomarker for chemosensitivity. The results could also explain that the application of these three
drugs could result in a poor prognosis for low-risk patients who may have a chemoresistant environment.
We retrieved different drug treatments gene sets from MSigDB to perform GSEA. This supports the above
results that three-drug resistance pathways were signi�cantly correlated with HRLS (Fig. 6G, Table S4).

The TIDE algorithm has been applied to the clinical e�cacy of immunotherapy. Studies showed that a
higher TIDE score means less bene�t from immune-checkpoint-inhibitor (ICI) treatment due to immune
evasion. Our results showed that the TIDE score in tumors with high-HRLS was signi�cantly lower than
those in the low-HRLS subgroup, implying a better response to ICI immunotherapy. (Fig. 6H). Besides, a
higher TIDE score may predict worse outcomes for ICI treatment. Also, analysis shows that patients in the
low-HRLS subgroup had a higher T cell dysfunction (Fig. 6J) and a lower T cell exclusion score (Fig. 6I).
Collectively, these data suggested that risk strati�cation may be useful in assessing the response of HCC
patients to immunotherapy.

6. Gene Set and Function Enrichment Analysis

To understand the underlying mechanism about how hypoxia-related lncRNAs affect liver cancer, GSEA
was performed and the results were compared in the two groups in TCGA the dataset. Gene sets
upregulated in the high-risk subgroup were tumor proliferation, including MTOR signaling pathway, P53
signaling pathway, VEGF signaling pathway, nod like receptor signaling pathway, and pathway in cancer.
In contrast, the immune-related pathways were signi�cantly enriched in the low-risk subgroup, which
included the PPAR signaling pathway, fatty acid metabolism pathway, drug metabolism cytochrome 450
pathway, complement, and coagulation cascades pathway, glycine serine, and threonine metabolism
pathway (Fig. 7A, Table S4). Meantime, to further investigate the BPs associated with 816 differentially
expressed genes corresponding to the HRLS (|LogFC| > 1 and P < 0.05), ClueGO analysis was carried out
and suggested that the hypoxia environment was related to four signi�cant GO pathways (P < 0.05), such
as cytokine-mediated signaling pathway, icosanoid metabolic process, mitotic spindle organization, and
regulation of cell migration (Fig. 7B). These differential genes suggested that hypoxia correlates with
oncogenic pathways and enhanced immune function.

7. Validation of the expression level of hypoxia-related lncRNAs and construction of the ceRNA network
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We detected the expression level of hub-lncRNAs of 3 hypoxia-treated and 3 normoxia-treated HCC cell
lines in the GSE155505 database. The expression of two lncRNAs were signi�cantly decreased in Hep3B
cells after hypoxia exposure (48 hours) as compared to the control group, such as AC073611.1 (P =
0.026), AL031985.3 (P = 0.029) (Fig. 8A, B). Therefore, hub-lncRNAs are hypoxia-responsive in HCC cells.
Moreover, by calculating the risk score for 67 HCC patients with sorafenib treatment downloaded from the
GSE109211 dataset, we found that the expression levels of MAFG-DT (P = 0.00021) were signi�cantly
higher in 21 sorafenib treatment responders than in 46 non-responders (Fig. 8C). Taken together, our
analyses indicated that the expression level of a single lncRNA may be different in treatment response.

To investigate how hypoxia-associated lncRNAs regulate mRNA expression through sponging miRNAs,
we �rstly extracted three of 62 lncRNAs from the Starbase and identi�ed 10 pairs of interaction between
the three lncRNAs and eight miRNAs. Then, the targets genes of eight candidate miRNAs were obtained
via the mirDIP database with the predicted score as ‘very high’, and total, of 21 mRNAs were identi�ed.
Ultimately, based on the above evidence (Table S5, 6), we next constructed a ceRNA regulatory network,
which contained 32 nodes and 43 edges (Fig. 8D). Since all three lncRNAs inhibit miR-139 expression, we
predicted its binding sites by mircode and TargetScan (Table S7 and S8). In addition, functional analysis
of these 21 target genes was implemented by the Metascape online tool. And these genes were found to
be associated with the pathways, such as blood vessel development, response to hypoxia, PI3K-Akt-
mTOR-signaling pathway, etc. (Fig. 8E-G). 

Discussion
Hypoxia is prominent in solid tumors and a recognized driver of malignancy, especially in HCC[20]. Under
hypoxic conditions, target genes can be sequentially activated by HIF-α, thereby promoting tumor-speci�c
activities[21]. Emerging evidence indicates that lncRNAs are involved in mediating the biological
functions of hypoxia[22, 23]. For example, knockdown of HOTAIR inhibits glycolysis by modulating miR-
130a-3p and HIF1A in hypoxia-treated HCC cells, elucidating a novel mechanism in HCC glycolysis[24].
Although novel signatures based on many kinds of cancers (bladder cancer, Gastric Cancer, Clear Cell
Renal Carcinoma, etc.) have been described to predict prognostic value, limited success has been
achieved due to moderate accuracy or lack of clinical application. [25–27]. Tang et al. developed a
hypoxia-related lncRNAs signature which showed better prediction for clinical outcomes of HCC patients,
while the associated mechanism remains unclear[28]. Therefore, exploring comprehensively prognostic
signatures of liver cancer can effectively guide clinical practice in the future.

In our research, based on eight optimal lncRNAs, the risk score model was capable of stratifying patients
into two risk groups. High hypoxic risk patients have a tendency for worse prognosis in training datasets.
Furthermore, the KM survival analysis from the testing and GSE76427 datasets also validated the good
reproducibility and robustness of the HRLS in predicting patients’ prognosis. In addition, the AUC value in
the three datasets showed good predictive power. Next, we studied each lncRNA among our identi�ed
lncRNAs and found that SNHG3, NRAV, AL031985.3, AC074117.1, MAFG-DT, and AC073611.1 were
reported in HCC prognostic signatures, like immune-related lncRNA signature[29–31], glycolysis-related
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signature[32], and pyroptosis-related signature[33]. In addition, ZFPM2-AS1 has been found to be closely
associated with proliferation, apoptosis, and other similar pathways, such as mTOR, PI3K/AKT, and
reactive oxygen species. Mechanistically, ZFPM2-AS1 could attenuate the p53 pathway by regulating
miR-139/GDF10[12]. AL049840.6 has not been reported to relate to HCC biology. Thus, the functions and
mechanisms of these hypoxia-related lncRNAs in HCC need to be further investigated.

After adjusting for traditional clinical factors, the univariate and multivariate analysis on three datasets
also showed that the HRLS group remained an independent prognostic indicator. Based on existing
results, we included stage and risk scores to bulid a nomogram model, which extrapolate the survival
probability for HCC patients for up to 5 years and customize treatment strategies to prolong survival. The
calibration curves re�ected that the nomograms can accurately predict the clinical prognosis. The results
of the C-index also show that the nomogram has a satisfactory discriminatory power. Specially, decision
curve analysis further proved that the HRLS and immune cells have a better net bene�t rate than the
clinical characteristics. The strati�ed analysis con�rmed that the HRLS accurately evaluated the OS of
HCC patients. These patients with higher tumor grades and advanced stages usually have worse survival
outcomes [34], which is similar to our results.

Previous studies suggest that the hypoxic microenvironment drives immune suppression through
multiple mechanisms. Mechanistically, hypoxia (predominantly via HIF signaling) suppresses the innate
and adaptive immune systems to evade immune attack by inducing the expression of
immunosuppressive factors and immune checkpoint molecules, including vascular endothelial growth
factor, prostaglandin E2 and programmed death-ligand 1/programmed death-1[35, 36]. In addition,
Metabolic adaptations of tumor cells to hypoxia, such as increased glucose uptake and lactate
production, also promote and perpetuate the immunosuppressive environment[37]. In addition, hypoxic
tumors show increased numbers of myeloid-derived suppressor cells (MDSCs), tumor-associated
macrophage (TAM), and Tregs, and depressed in�ltrating levels of cytotoxic T cells[38]. Meanwhile, Tregs
in hypoxia produce extracellular adenosine, which represses effector T-cell function[39]. Similarly,
Macrophages and Tregs signi�cantly in�ltrated in high-risk score patients, while NK cells and Mast cells
in�ltrated in low-risk score patients. Our result indicates that there are lower immune activities in high-risk
score patients. Further analysis of the potential association between risk level and immune cells, we
found that as the hypoxic scores increased, the in�ltrating level of two immune cells also increased in the
TCGA dataset (Macrophages: r = 0.31; Treg: r = 0.21). Thus, our results further con�rmed that hypoxic
levels were positively correlated immunosuppressive environment. However, the mechanisms involved
remain unclear.

Next, we explored the chemotherapy bene�t in HCC and found that patients with lower risk tended to have
higher response rates of Methotrexate, Ge�tinib, and Docetaxel. Conversely, the application of Cisplatin,
Bexarotene, and Gemcitabine could be more bene�cial for patients with higher risk. The TIDE algorithm
was developed by Jiang et al. to predict the response to ICI by characterizing dysfunctional T cells and
in�ltrating cytotoxic T lymphocytes (CTLs) levels[40]. Since a high TIDE score indicated that patients may
respond worse to immunotherapy, our analysis revealed that the high-HRLS subgroup had a lower TIDE
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score, which meant that patients bene�t more from ICI therapy. All of these indicated that HRLS was a
potent biomarker for predicting the immunotherapy response. According to this study, combined with the
results of the risk score, different patients can choose more sensitive chemotherapy drugs and
immunotherapy, singly or in combination. This is more in line with the concept of personalized treatment
in precision medicine.

It has been reported that HIF can exacerbate the progression of NAFLD by activating the hepatocyte
PPAR-α signaling pathway[41–43]. Hypoxia further exacerbates disease progression in tumors with
aberrant PPAR signaling. In glioma samples, PPAR hyperactivation can modulate the immunosuppressive
state, which is associated with increased Tregs expression [44]. At the moment, our results of GSEA
indicated that oncogenic pathways were signi�cantly enriched in the high-risk subgroup, such as the
mTOR signaling pathway, P53 signaling pathway, VEGF signaling pathway, and NOD-like receptor
signaling pathway. Meanwhile, the immune-related pathway is mainly enriched in the low-risk subgroup,
such as the PPAR signaling pathway, fatty acid metabolism pathway, drug metabolism cytochrome 450
pathway, complement, and coagulation cascades pathway, glycine serine, and threonine metabolism
pathway. This suggested that enhanced immunity may improve survival bene�ts for patients.
Furthermore, ClueGO analysis of the differential genes in two HRLS subgroups demonstrated the high
relevance of the genes with cell migration and icosanoid metabolic process, etc. Taken together, hypoxia
may play a critical modulator in tumorigenesis and progression through these pathways.

Notably, GSE155505 revealed that AC073611.1 and AL031985.3 were downregulated in Hep3B cells
under hypoxic conditions respectively. Moreover, GSE109211 suggested that MAFG-DT expression was
upregulated in sorafenib treatment responders compared with non-responders. These results are in
agreement with previous �ndings that MAFG-AS1 is upregulated in sorafenib-resistant cells and
facilitates the tumor growth and migration by upregulating STRN4 through absorbing miR-3196[45].
Finally, ceRNA regulation networks which consist of three hypoxia-related lncRNAs, eight miRNAs, and
twenty-one mRNAs were established for promoting the development of liver cancer under hypoxia.

However, some limitations of current research should be noted. First, although internal and external
validation was performed in this study, other independent datasets are needed to further evidence the
model. Second, given the complexity of the tumor microenvironment, which is in�uenced by multiple
factors, the interaction between tumor cells and immune in�ltration under hypoxic conditions requires
more exploration and evidence. Third, future basic trials will be conducted to con�rm the binding sites in
the ceRNA network.

In summary, the eight hypoxia-related lncRNAs signature developed in this study can allow for accurate
prediction of survival of HCC patients. The ability to generate good risk strati�cation based on hypoxic
features could provide additional value beyond traditional pathological parameters and effectively predict
the clinical chemotherapeutic drug sensitivity and immunotherapy responses. However, the signi�cance
of lncRNAs in the development of HCC is unquestionable, but the mechanisms behind them are unclear
and need to be further explored.
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Table1. Baseline Clinical Characteristic of TCGA Database
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Characteristics Training cohort

(N=247)

Testing cohort

(N=118)

P-value

Age at diagnosis(years)

<=65 152(41.64%) 75(20.55%) 0.80

>65 95(26.03%) 43(11.78%)

Gender

Male 85(23.29%) 34(9.32%) 0.34

Female 162(44.38%) 84(23.01%)

Histological grade 5 missing

Low grade  150(41.67%) 80(22.22%) 0.27

High grade  93(25.83%) 37(10.28%)

AJCC-stage 24 missing

Stage I 115(33.72%) 55(16.13%) 0.86

Stage II 57(16.72%) 27(7.92%)

Stage III 58(17.01%) 25(7.33%)

Stage IV 2(0.59%) 2(0.59%)

*Chi-square test

Figures
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Figure 1

The work�ow of the research.
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Figure 2

Identi�cation and selection of hypoxia-related lncRNAs in HCC.

A Differentially expressed analysis in the HCC and adjacent noncancerous tissues. B Venn plot shows the
number of intersection-lncRNAs between DElncRNAs and prognostic lncRNAs.
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Figure 3

Construction and validation of hypoxia risk model in HCC.

A, B The Lasso-Cox regression model to identify the most robust lncRNAs. C, E, G Kaplan-Meier analysis
showed that patients with lower risk scores had better overall survival than the ones with higher risk
scores in the training, test, and GSE76427 dataset. D, F, H Veri�cation of the prognostic value of the
hypoxia-related lncRNA signature by ROC analysis in the training, test, and GSE76427 dataset.
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Figure 4

Evaluation and validation for the prognostic value of the HRLS.

A, B The univariate and multivariate Cox regression suggested that the risk score was an independent
prognostic factor in the training set. C C-statistics of stage and riskScore in TCGA and GSE76427. D
Comparisons of the clinical utility for the clinical variables, combined with a tumor risk score, and
combined with both tumor risk score and immune cells using decision curve in the entire TCGA dataset.
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Figure 5

Tumor-in�ltrating immune cells of HCC patients.

A Comparison of ssGSEA scores of 16 immune cells between high and low risk group in TCGA. ****, p <
0.0001; ***, p < 0.001; **, p < 0.01; *, p < 0.05; ns: no signi�cance. Correlation of tumor hypoxia score as
expression with B Macrophages and C Treg.
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Figure 6

HRLS predict therapeutic response in HCC patients.

A-F Relationship between different risk score subgroups and six common chemotherapy drugs. G GSEA
showed that coldren_ge�tinib_resistance_up, honma_docetaxel_resistance, and



Page 24/27

tooker_gemcitabine_resistance_dn are enriched in the high-risk group. TIDE score (H), T cell exclusion
score (I), and T cell dysfunction score (J) between different risk score subgroups.

Figure 7

Function enrichment analysis.
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A GSEA results showed differential enrichment of genes in KEGG with hypoxia-related lncRNA expression.
(5 KEGG items namely, MTOR signaling pathway, P53 signaling pathway, VEGF signaling pathway, nod
like receptor signaling pathway, and pathway in cancer were signi�cantly differential enrichment in high
expression phenotype; 5 KEGG items namely, PPAR signaling pathway, fatty acid metabolism pathway,
drug metabolism cytochrome 450 pathway, complement, and coagulation cascades pathway, glycine
serine and threonine metabolism pathway showed signi�cantly differential enrichment in the hypoxia-
related lncRNA low-expression phenotype based on the normalized enrichment score (NES), nominal p-
value (NOM P-value), and FDR value). B The small size nodes in the network represent the genes enriched
in the speci�c pathway, the big size nodes represent the pathway term. The node colors correspond to the
ClueGO-determined KEGG pathway clusters.
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Figure 8

The expression levels of hub lncRNAs in liver cancer cell lines and construction of the ceRNA network.

AB Differences in expression between the hypoxia and normoxia in GSE155505. C Difference of
expression between sorafenib treatment responders and nonresponders. *p < 0.05, **p < 0.01, ***p <
0.001, ****p < 0.0001. D lncRNA-miRNA-mRNA ceRNA network in HCC. Purple, orange, and green
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represent lncRNAs, miRNAs, and mRNAs, respectively. E Heatmap of enriched terms across the twenty-
one mRNAs, colored according to the p-value. Network of enriched terms colored according to (F) cluster
ID (nodes with the same cluster-ID are typically close to each other) and (G) p-value (terms with more
genes tend to have higher p-values).
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