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Abstract
Background Hypoxia closely relates to malignant progression and appears to be prognostic for outcome
in hepatocellular carcinoma (HCC). Our research aims to mine the Hypoxic related genes (HRGs) on the
role of clinical prognosis in HCC. Moreover, we construct and de�ne a model of prognostic predictor (PP)
to estimate and improve prognosis of HCC patients.

Results 37 differentially expressed HRGs were obtained. It contained 28 up-regulated and 9 down-
regulated genes. After the univariate Cox regression model analysis, we obtained 27 prognosis-related
HRGs. Of these, 25 genes were risk factors for cancer and 2 genes were protective factors. The PP was
composed of the 10 key genes (HDLBP, SAP30, PFKP, DPYSL4, SLC2A1, PGK1, ERO1A, LDHA, ENO2,
TPI1), and signi�cantly divided patients of HCC into high- and low-risk groups according to overall
survival (OS) ( P <0.001). We got the Area Under Curve(AUC) value of risk score calculated by PP was
0.777, which much bigger than other clinical parameters. Besides, PP was veri�ed as an independent
prognosis-related parameter (in univariate analyse, HR=1.484, 95% CI=1.342–1.642, P<0.001; in
multivariate analyse, HR=1.414, 95% CI=1.258–1.588, P <0.001). Finally, the application of PP in clinic
was concluded that the higher the patient's risk score, the higher the corresponding tumor stage and T
stage, and the patient's prognosis was poor.

Conclusions This study provides hypoxic related molecular targets for the therapeutic intervention. In
addition, an individualized prognostic predictor was constructed to predict prognosis for HCC patients .

Background
Accumulating evidence has revealed that above 50% of locally advanced solid tumors may show hypoxic
tissue regions. The distribution of these areas in tumors is heterogeneous[1]. Hypoxia closely relates to
malignant progression and seems to be a sign of poor prognosis in almost all solid tumors, especially in
hepatocellular carcinoma (HCC)[2]. Hypoxia can lead to changes in the proteome and/or genome. The
mechanism may be related to cells' continued access to nutrients, escape from unsatisfactory
microenvironments, and promote unrestricted growth to accelerate tumor progression[3]. Sustained effect
of hypoxia may also lead to clinically more aggressive phenotypes[4]. All these can be regarded as
important factors for poor prognosis of patients.

Liver cancer is the fourth leading cause of cancer death in 2018. It kills about 782,000 people every
year[5, 6]. Thus it is predicted that liver cancer may become the sixth most common cancer in the future.
HCC comprises 75–85% of primary cancer of the liver. Unfortunately, the exact mechanism and pathways
leading to HCC development are still unclear explanation[7]. In particular, the absence of indicators
related to the prognosis of HCC. The 5-year survival rate for HCC patients was approximately less than
18%[8, 9]. Therefore, �nding the key molecular biomarkers focused on hypoxia which related to the
occurrence and development of HCC patients has certain reference value for reliable estimation of the
deterioration of HCC, and may be an effective measures against HCC.
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In recent years, progress using high-throughput sequencing technologies has greatly expanded the
research of cancer genome. Herein, we collected 349 HCC patients information from The Cancer Genome
Atlas (TCGA)[10]. We compared the expression pro�le of hypoxic related genes (HRGs) between HCC and
non-tumor samples by applying the Limma package in R statistical software. These genes were named,
classi�ed and localized through bioinformatic. We also tried to explore their relationship with signaling
pathways. Furthermore, in order to make better use of the complementary value between genes and clinic
characteristics, to clarify the correlation between the HRGs and clinical outcomes in HCC patients, the
prognostic predictor (PP) was developed and validated as an independent indicator to assess the overall
survival (OS) outcome of patients. These �ndings provide new research targets and therapeutic strategies
for HCC patients, and provide a reliable theoretical basis for judging treatment outcomes and assessing
prognosis.

Results
Differentially expressed HRGs

A total of 374 HCC tissue samples and 50 non-tumor specimens were obtained for RNA-seq and clinical
data. from TCGA. By screening patients with clinical follow-up for more than one month, our current study
involved 349 patients with primary HCC. A list of 200 HRGs involved in hypoxic regulatory pathways
reported in the literature were extracted from the Hallmark hypoxic gene sets in the MSigDB database.
According to the limitation of a FDR <0.05 and |log2(Fold Change)|>1.5, our study screened 37 genes with
signi�cant differential expression, of which 28 were up-regulated and 9 were down-regulated. (Figure 1A,
B). Then, we visualized the expression patterns of these HRGs between HCC and normal tissues by
making boxplot (Figure 1C). The boxplot showed expression patterns that 28 up-regulated genes (ALDOA,
ANKZF1, ANXA2, B4GALNT2, BCAN, CA12, COL5A1, DDIT3, DPYSL4, DTNA, EFNA3, GPC3, HOXB9, INHA,
KDELR3, KIF5A, LOX, NDRG1, P4HA2, PDGFB, PFKP, PGF, PPFIA4, RRAGD, SLC2A1, SLC2A5, STC1, and
STC2) and 9 down-regulated genes (DCN, FBP1, FOS, MT1E, MT2A, PCK1, PLAC8, SERPINE1, and
ZFP36).

Functional annotation and enrichment analysis of differentially expressed HRGs

To further understand the biologically relevant information of these 37 differential HRGs, we performed
functional enrichment and enrichment analysis. The GO term function and KEGG pathway enrichment of
these genes were reviewed. respectively Figure 2 and Figure 3 . We found the results that the top three
GO terms for biological processes (BP) were: carbohydrate biosynthetic process, glucose metabolic
process, and pyruvate metabolic process. The results of top three cellular components (CC) were:
endoplasmic reticulum lumen, secretory granule lumen, and cytoplasmic vesicle lumen. The top three
molecular function (MF), genes were mostly enriched in terms of protein heterodimerization activity, cell
adhesion molecule binding, and receptor ligand activity. The detailed results of all the above gene
enrichment showed in Figure 2 A-D. Through the enrichment analysis function in the KEGG pathway,, we
found many important pathways associated with these genes such as HIF-1 signaling pathway,
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Gluconeogenesis, Carbon metabolism, MAPK signaling pathway , PI3K-Akt signaling pathway, and so on
(Figure 3 A-D). As shown in the circle plot of Figure 3C, the change from the Z-score indicated mostly
related signaling pathways were more inclined to be increased.

Identi�cation of prognostic HRGs

Prognostic HRGs were computed with univariate Cox regression model by SPSS 22.0. The relationship
between the expression pro�les of HRGs and OS was evaluated using TCGA data and the Hallmark
hypoxic gene sets in the MSigDB database, resulting in 27 prognosis-related HRGs (HR>1 or HR<1,
P<0.01) in Table 1. By mapping the forest of HRGs and OS (Figue 4), we can intuitively understand the
role of these genes in cancer prognosis. Of these, 25 genes (HDLBP, SAP30, NDRG1, ADORA2B, PFKP,
DPYSL4, PFKFB3, SLC2A1, VEGFA, HMOX1, SDC3, ATP7A, PGK1, ERO1A, XPNPEP1, LDHA, ENO2,
SLC6A6, MAP3K1, BNIP3L, TPI1, RRAGD, TES, SERPINE1 and JMJD6) were risk factors for cancer and 2
genes (GRHPR and UGP2) were protective factors.

In order to better evaluate the prognosis and survival time of patients, a optimal equation for the
prognostic predictor (PP) was further conducted by multivariate Cox proportional hazards regression
model. Finally, 10 genes (HDLBP, SAP30, PFKP, DPYSL4, SLC2A1, PGK1, ERO1A, LDHA, ENO2, TPI1) were
obtained and incorporated into the �nal model. Among these genes, 8 genes (HDLBP, SAP30, PFKP,
DPYSL4, SLC2A1, ERO1A, LDHA, TPI1) were risk factors for HCC patients, 2 genes (PGK1 and ENO2) were
protective factors (Table 2).   

Construction and de�nition of the PP

In the multivariate Cox proportional hazards regression model, Y (survival time and status) is obtained by
multiplying the contribution weight of every gene and X (expression value of each gene) and then adding
them. The formula of PP is expressed as follows: PP=(0.5003×expression value of HDLBP)+
(0.4192×expression value of SAP30)+(0.2345×expression value of PFKP)+(0.3718×expression value of
DPYSL4)+(0.4166×expression value of SLC2A1)+(-0.4244×expression value of PGK1)+
(0.3085×expression value of ERO1A)+(0.5351×expression value of LDHA)+(-0.5150×expression value of
ENO2)+(0.3658×expression value of TPI1). It is worth noting that the coe�cients of the genes were
positive, the expression of these genes were bene�cial to increase the OS of HCC patients. Conversely, the
negative coe�cient of the gene means that these genes may shorten the OS of patients with HCC.

Validation the value of PP in evaluating patients' clinical prognosis

To validate the performance of PP in evaluating patients' clinical prognosis, we divided patients into the
high-and low-risk group with the median risk score as the cut-off point according to the risk score formula
(Figure 5A). The K-M plots were plotted to analyze the different survival time between the two groups. The
K-M analysis showed that patients in the high-risk group suffered signi�cantly worse survival than those
in the low-risk group (P<0.001, Figure 5B). Besides, the high-risk group had more deaths than the low-risk
group over time (Figure 5C). All these results indicated that the prediction ability of the equation was very
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well. Figures 5D-E showed the distribution of patients according to their prognostic risk. We could see
intuitively that the high risk group had a much higher number of deaths than the low risk group.

The accuracy of PP was veri�ed by combining with clinical parameters

To further vadilate the accuracy of PP in predicting OS in HCC patients, our research integrated age,
gender, tumer grade, AJCC TNM stage with risk score. We used the time-dependent ROC curve analysis as
the standard to determine the prediction effect of PP on the prognosis of HCC patients. We got the AUC
value of risk score was 0.777, which much bigger than other clinical parameters (Figure 6A). Thus,
compared with other indicators, PP had important reference value in predicting patients’ prognosis.

Furthermore, risk score remained as an independent prognostic indicator for HCC patients in univariate
and multivariate analyses, after adjusting for clinicopathological features such as age, gender, tumer
grade, AJCC TNM stage. (HR=1.484, 95% CI=1.342–1.642, P<0.001, Figue 6B and HR=1.414, 95%
CI=1.258–1.588, P<0.001, Figue 6C).

Relationship between PP and clinical parameters

To further clarify the important value of PP in clinical application, we explored the relationship between
risk score and clinical indicators by using the "Beeswarm" software package. The relationship between
risk score of the high- and low-risk group of HCC patients and the six clinical indicators (age, gender,
tumor grade, AJCC TNM stage) was veri�ed by the "Beeswarm" software package, P < 0.05 was
considered to be statistically signi�cant. The �nal results showed that the risk score calculated by the PP
model was consistent with the change in tumor stage (Figure 7A) and T stage (Figure 7B). The higher the
patient's risk score, the higher the corresponding tumor stage and T stage, and the patient's prognosis
was poor.

Discussion
HCC is a major contributor of death caused by cancer. previously, many progresses have been made in
understanding the epidemiology, risk factors and molecular pro�les of HCC[11]. However, incidence and
HCC-speci�c mortality still continue to increase[12–14]. Although some progress has been made in
molecular targeted therapy for HCC, the results are still unsatisfactory[15]. It is necessary to better
understand the molecular mechanism which leads to the development of HCC, and to search for targeted
genes that play a key role in the prognosis of HCC for early intervention.

Exploration of hypoxia mechanism opens new perspectives for HCC[16]. In particular, the announcement
of the 2019 Nobel Prize in physiology or medicine has increased researchers' enthusiasm for exploring
the mechanism of hypoxia in the �eld of cancer. Increasing evidence indicates that hypoxia closely
related to the migration and malignant progression of HCC[8, 17]. However, most studies have focused
only on hypoxia by studying signaling genes[18, 19]. With the development of bioinformatics and the
continuous improvement of high-throughput sequencing technology, some large-scale databases,
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including TCGA and GEO, have emerged. These databases provide effective means for sorting out gene
signatures. In the current study, we deeply mined all the differential genes that are signi�cantly expressed
in tumors and normal tissues. By integrating them with a large sample of clinical data, we aimed to select
molecular biomarkers for detecting the prognosis of HCC patients.

We �rst screened 37 differentially expressed HRGs between HCC and non-tumor tissues. To discover the
role of genes in HCC progression, GO and KEGG analysis of the differential expression genes were
performed. Gene functional enrichment analysis suggested that these genes were mainly involved in
carbohydrate biosynthetic process and HIF-1 signaling pathway. The process of carbohydrate
biosynthesis was mainly related to the energy metabolism of cancer cells. HIF-1 and its related genes
actively promoted HCC growth, HCC cell proliferation and aggressive behavior, which was positively
associated with the presence of intrahepatic metastasis and the histological grade of HCC[8, 20]. Our
analysis con�rmed that HIF-1 signaling pathway was the most critical process for hypoxia leading to
poor prognosis of HCC, which is consistent with the �ndings in most literatures[21, 22]. As such, these
genes could also act as clinical biomarkers for monitoring metastasis, assessing survival, and potential
drug targets. Bioinformatics analysis provided several clues intervening the occurrence and development
of HCC via several hypoxic pathways. The univariate survival analysis revealed that 27 HRGs were
associated with OS in the TCGA database. Further multivariate survival analysis helped us determine 10
vital prognostic HRGs (HDLBP, SAP30, PFKP, DPYSL4, SLC2A1, PGK1, ERO1A, LDHA, ENO2, TPI1) to
construct of the PP. Considering the potential molecular mechanism of the 10 HRGs, rarely reports of the
function and mechanism of PFKP, DPYSL4, SLC2A1, ERO1A or TPI1 have been published in HCC.
However, among these 10 HRGs, �ve of them have been studied, including HDLBP, SAP30 and LDHA were
upregulated in HCC and promotes the growth of HCC cells. PGK1 and ENO2 were downregulated which
could inhibit the growth of cancer cells.

HDLBP (high density lipoprotein binding protein), a positively regulated gene, its closely related to the
cancer process[23]. HDLBP can promotes HCC cell proliferation and tumorigenesis. Consistent with many
other studies, HDLBP overexpressed in other types of cancers[24]. Intriguingly, in breast cancer, HDLBP
may be a tumor suppressor to accelerate the degradation and inhibit the translation of the c-fms proto-
oncogene mRNA[25]. These observations suggested that the mechanism of HDLBP (either inhibit or
promote carcinogenesis) was still unclear. SAP30 (serum amyloid P30) was a very sensitive indicator of
liver disease[26]. It has been demonstrated that SAP up-regulated in serum samples from HCC patients.
LDHA (lactate dehydrogenase A) is a vital enzyme responsible for cancer growth and energy metabolism
via the aerobic glycolytic pathway. Inhibition of LDHA could inhibit tumor-initiating cell survival and
proliferation, which indicated that LDHA may be a potential therapeutics target[27]. GK1
(phosphoglycerate kinase 1) is an important enzyme in the metabolic glycolysis pathway. Many articles
have observed a signi�cant overexpression of PGK1 in HCC tissues and a negative correlation between
PGK1 expression and HCC patient survival. Depletion of PGK1 dramatically reduced cancer cell
proliferation and tumorigenesis[28, 29].These �ndings demonstrated a novel role of PGK1 in HCC
progression. ENO2 (Enolase 2) encodes an enolase isoenzyme which is regarded as a sensitive and
speci�c biomarker for neuroendocrine tumours[30].Additionally, ENO2 was believed to be an indicator in
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the diagnosis and prognosis rather than a potential target for therapy in renal tumor patients[31]. In our
study, ENO2 was de�ned as a negative regulatory gene. It provided new therapeutic targets and
biomarkers for HCC prognosis through inhibiting its expression to improve the prognosis of HCC.

According to the current study, some features of HCC prognosis based on expression pro�le have been
found by large public databases. However, the purpose of these studies was often limited to mining new
molecular markers but neglecting routine clinical parameters[32, 33]. Thus, we integrated patient clinical
information to establish a PP model for assessing prognosis. Firstly, we veri�ed the accuracy of the
model through the K-M survival analysis. The risk score was calculated by PP formula, and the median
was taken as the cut-off point dividing the high- and low-risk group, and the survival difference was
signi�cant (Fig. 5A). At the same time, we combined age, gender, tumor grade, AJCC TNM stage with risk
score and further analyzed through ROC curve, and found that the AUC value of risk score was the largest
(AUC = 0.777, Fig. 6A). Secondly, in the process of univariate and multivariate analysis, by integrating the
clinicopathological features, we found that the risk score was still an independent indicator for evaluating
the prognosis of patients with HCC. (Fig. 6B, Fig. 6C). At last, by comprehensively analyzing the risk score
and the patient's tumor TNM stage, we found that the greater the risk score calculated by PP, the higher
the patient's tumor grade and the worse the prognosis. All of the above fully demonstrated the accuracy
of our constructed model of PP and its important value in evaluating patients' prognosis.

Conclusions
In conclusion, through a comprehensive bioinformatics analysis with HRGs expression pro�les and
corresponding clinical features, we identi�ed 10 prognostic HRGs and constructed the model of the PP.
This comprehensive study of multiple databases helps us gain insight into the biological properties of
HCC and provides potential molecular targets for subsequent basic research. The PP may help us to
make a better judgment of patients' prognosis, so that we can better intervene in patients' progress.

Methods
Data acquisition

MSigDB, the Molecular Signatures Database (http://software.broadinstitute.org

/gsea/msigdb/index.jsp) is a collection of annotated gene sets for GSEA software. A variety of HRGs
were extracted from the Hallmark hypoxic gene sets in the MSigDB[34, 35], which contains a list of 200
HRGs involved in hypoxic regulatory pathways reported in the literature. RNA-sequencing data about
HRGs and clinical data of patients with HCC were obtained from the TCGA data portal. A total of 349
patients who were asked to follow up for at least one month were enrolled in our study. The follow up
periods of included patients were for a range of 30 days to 3675 days.

Differentially expressed HRGs enrichment analysis
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We screened for differences in HRGs expression between HCC and non-tumor samples by applying the
Limma package in R statistical software[36]. The signi�cantly differentially expressed HRGs were de�ned
as the adjusted p value is less than 0.05, the gene expression changes at least 2-fold. To explain the main
biological properties of HRGs, the tools of Gene ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) were used for gene functional enrichment analyses.. GO and KEGG terms with a P-
value and q-value both smaller than 0.05 were considered signi�cant categories. To take full advantage
of the well-known GO and KEGG themes, and highlight the most relevant GO terms associated with a
given gene list, these results of genes enrichment were visualized by R language clustering package.

Construction of the individualized prognostic predictor model based on HRGs

We extracted the expression pro�le of HRGs downloaded from TCGA in a FPKM format. Univariate Cox
regression analysis was performed to screen HRGs whose expression pro�le was signi�cantly correlated
with OS in HCC patients from 200 hypoxic-related genes (P<0.01). Multivariate Cox regression analysis
was performed on these survival-related genes to remove genes that might not be independent indicators
of prognosis. We get the optimal solution of the model by narrowing down the relevant genes step by
step. Finally, the PP was composed of the 10 key genes and signi�cantly divided patients of HCC into
high- and low-risk groups according to OS. Kaplan-meier (K-M) method was used to plot the survival
curve. The survival rates of the two groups were tested by log-rank test.

To further verify whether hypoxia related gene model could be used as an independent predictor of
prognosis in the TCGA cohort of patients with HCC, we introduced several following indicators closely
related to the clinic into the model as covariables for multivariate Cox regression analysis: PP and age
were coded as continuous variables, gender (male or female), tumor grade (high or low), AJCC TNM stage
(I=1, II=2, III=3 and IV=4), tumor stage (1, 2, 3 and 4), lymph node metastasis (positive or negative) and
distant metastasis (positive or negative).

Statistical analysis

All statistical analyses were conducted using SPSS 22.0 (Chicago, IL, USA) and R 3.6.0 (https://www.r-
project.org/), Adobe Illustrator CS 5 (San Jose, California, USA) was performed to draw plots. Univariate
Cox regression analyses were used for illustrating the correlation between genes expression pro�les and
OS. The Multivariate Cox proportional hazards regression model was used for performing multivariate
analysis and construct prognostic models. Receiver operating characteristic (ROC) curve and the
corresponding area under the ROC curve (AUC) were applied for verifying that PP was accurate. All tests
were performed bilaterally, P<0.05 indicates a difference with statistical signi�cance.

Abbreviations
HCC:hepatocellular carcinoma; HRGs:hypoxic related genes; PP:prognostic predictor ; OS:overall survival;
AUC:Area Under Curve; TCGA:The Cancer Genome Atlas; MsigDB:the Molecular Signatures Database;
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Tables
Table 1 The associated HRGs with OS for univariate Cox regression model in HCCpatients
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ID HR HR.95%CI P-value

HDLBP 1.76065475554956 1.1913222761572- 2.60207101829618 0.00453466972203786
SAP30 1.91959358205097 1.46522457295881-2.51486331055061 2.22390390879862e-06
NDRG1 1.34469639494993 1.17281837769284-1.54176335311904 2.19027721354174e-05

ADORA2B 1.55966890253061 1.16388339165171-2.09004364437993 0.00291894799506454
PFKP 1.26452080041416 1.1271911886144-1.41858175510195 6.30340045691965e-05

DPYSL4 1.54885483238764 1.11972059918072-2.14245526389871 0.00821531787802844
PFKFB3 1.20837800501272 1.06584452549981-1.36997223146949 0.00311915122509499
SLC2A1 1.62046847152965 1.38336161732254-1.89821521310099 2.2248239035816e-09
VEGFA 1.43129203349915 1.14062682980327-1.79602726468522 0.00196126023621722
HMOX1 1.25919849013278 1.09400331393543-1.4493382399811 0.00131766847435219
SDC3 1.37383942166371 1.10908277858783-1.7017979117127 0.00363911893920355
ATP7A 2.01311206689882 1.28397811820806-3.15630004625743 0.0022933443503931
PGK1 1.44610164059818 1.16681166410303-1.79224292940911 0.000754424227811794

ERO1A 1.48146745049227 1.17333443232747-1.87052024248063 0.00095472636841490
XPNPEP1 2.02964243992359 1.31993211590091-3.12095477056204 0.00126250541602928

LDHA 2.08667811334332 1.59510255119679-2.72974646391176 8.01704374515246e-08
ENO2 1.29276224345037 1.09688339722492-1.52362067136672 0.0021910543252294

GRHPR 0.73434761865719 0.595415431105967-0.905697764711638 0.00390630491639015
UGP2 0.74052056373479 0.595909710542951-0.92022448302522 0.00672918301280524

SLC6A6 1.28627183707835 1.08185403431661-1.52931466388258 0.00435902717618689
MAP3K1 1.45729575597612 1.10637104849598             -1.91952864572245 0.00738173976636133
BNIP3L 1.429262964912 1.12032257711033-1.82339681856456 0.00404897204228161

TPI1 1.6050022442635 1.23862141303868-2.07975752475583 0.00034544276992469
RRAGD 1.31789370530495 1.07275132642648-1.61905539121368 0.0085699110893533

TES 1.28464795991929 1.07297845423873-1.53807410988107 0.00639618215197407
SERPINE1 1.15781169644034 1.04780421344428-1.27936870954886 0.00401837021242022

JMJD6 1.76950202770856 1.31928911762902-2.37335196980315 0.00013913471553068

Abbreviations: HR, hazard ratio; C,I, confidence interval.

 

Table 2 The associated HRGs with OS for multivariate Cox proportional hazards regression
model
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ID Coefficient HR HR.95%CI P-value

HDLBP 0.500288 1.649195 1.0947-2.484557 0.016725

SAP30 0.419237 1.5208 1.098428-2.105586 0.011553

PFKP 0.234499 1.264275 1.044329-1.530545 0.016183

DPYSL4 0.371773 1.450304 1.02894-2.04422 0.033765

SLC2A1 0.416578 1.516763 1.119095-2.055741 0.007247

PGK1 -0.42436 0.654191 0.463678-0.92298 0.015678

ERO1A 0.308536 1.36143 0.96342-1.923867 0.080335

LDHA 0.535135 1.707679 1.229596-2.371647 0.001406

ENO2 -0.515 0.5975 0.426939-0.8362 0.002672

TPI1 0.36584 1.441725 1.019581-2.03865 0.038483

Abbreviations: HR, hazard ratio; C,I, confidence interval.

Figures

Figure 1

Differentially expressed hypoxic related genes (HRGs) between hepatocellular carcinoma (HCC) and
normal liver tissues. (A) The volcano plot for the 200 HRGs from the TCGA data portal. 37 signi�cantly
different genes were labeled in the �gure. Red indicates high expression and green low expression. Blue
shows no difference between HCC and normal liver tissues. (B)Hierarchical clustering of differentially
expressed HRGs expression levels. (C) The expression patterns of Box plots displayed 37 differentially
expressed HRGs in HCC types and paired non-tumor samples. Each red dot represents a distinct tumor
sample and green a normal sample. The red bar above the gene name shows a signi�cantly high
expression and the green bar a low expression.

Figure 2

The gene ontology (GO) terms function enrichment of differentially expressed hypoxic related genes
(HRGs). (A) The bar plot of enriched GO terms describe these genes from three levels. (B) The bubble plot
of GO is assigned as in the barplot (the higher the more signi�cant). (C) The circle plot of GO shows the
top 10 enriched GO terms for BP, CC, and MF. The outer circle shows a scatter plot for each term of the
logFC of the assigned genes. Red circles display up-regulation, and blue ones down-regulation. (D) The
heatmap of the relationship between HRGs and GO terms.

Figure 3
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Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis of differentially expressed hypoxic related
genes (HRGs). (A) The bar plot shows the top enriched KEGG pathways. (B) The bubble plot of KEGG is
assigned as in the barplot (the higher the more signi�cant). (C) The ciecle plot of KEGG shows the top 10
enriched KEGG pathways. The outer circle shows a scatter plot for each pathway of the logFC of the
assigned genes. Red circles display up-regulation, and blue ones down-regulation. (D) The heatmap of
the relationship between HRGs and pathways. The color of each block is associated with the logFC
values.

Figure 4

The relationships between the expression pro�les of related genes (HRGs) and OS. In these 37 HRGs, Red
squares display risk factors , and the other 2 green squares display protective factors.

Figure 5

Hypoxia-related prognostic predictor (PP) of hepatocellular carcinoma patients. (A) High- and low-risk
group with the median risk score as the cut-off point according to the risk score formula. Red indicates
high risk and green low risk. (B) Kaplan-Meier plot represents that patients in the high-risk group had
signi�cantly shorter overall survival time than those in the low-risk group. (C) The number of patients in
different riskgroups. (D) The overall survival of patients in the high- and low-risk group. (E) The heatmap
shows the distribution of these 10 key genes expression pro�les in the TCGA dataset.

Figure 6

The accuracy of hypoxia-related prognostic predictor (PP) in hepatocellular carcinoma patients. (A) The
risk score obstained the largest AUC through the time-dependent ROC curve analysis. (B) Risk score with
clinicopathological features in univariate analyse. (C) Risk score with clinicopathological features in
multivariate analyse. Red squares displayed risk factors, and green squares displayed protective factors.

Figure 7

The relationship between risk score and clinical indicators. (A) The boxplot showed the relationship
between risk score and tumor stage. (B) The boxplot showed the relationship between risk score and T
stage.


