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Abstract

Prognosis and treatment options of hepatitis B virus-related hepatocellular carcinoma

(HBV-HCC) are generally based on tumor burden and liver function. Yet, tumor

growth and therapeutic resistance of HBV-HCC are strongly influenced by

intratumoral hypoxia and cells infiltrating the tumor microenvironment (TME). We,

therefore, studied whether linking parameters associated with hypoxia and TME cells

could have a better prediction of prognosis and therapeutic responses. Quantification

of 109 hypoxia-related genes and 64 TME cells was performed in 452 HBV-HCC

tumors. Prognostic hypoxia and TME cells signatures were determined based on Cox

regression and meta-analysis for generating the Hypoxia-TME classifier. Thereafter,

the prognosis, tumor, and immune characteristics as well as the benefit of therapies

in Hypoxia-TME defined subgroups were analyzed. Patients in the Hypoxialow/

TMEhigh subgroup showed a better prognosis and therapeutic responses than any

other subgroups, which can be well elucidated based on the differences in terms of

immune-related molecules, tumor somatic mutations, and cancer cellular signaling

pathways. Notably, our analysis furthermore demonstrated the synergistic influence

of hypoxia and TME on tumor metabolism and proliferation. Besides, the classifier

allowed a further subdivision of patients with early- and late-HCC stages. In addition,

the Hypoxia-TME classifier was validated in another independent HBV-HCC cohort

(n = 144) and several pan-cancer cohorts. Overall, the Hypoxia-TME classifier
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showed a pretreatment predictive value for prognosis and therapeutic responses,

which might provide new directions for strategizing patients with optimal therapies.

K E YWORD S

HBV-related hepatocellular carcinoma, hypoxia, prognosis, therapeutic responses, tumor
microenvironment

What's new?

Intratumoral hypoxia is associated with poor prognosis in hepatitis B virus (HBV)-related hepatocel-

lular carcinoma (HCC). Hence, an integrated hypoxia-tumor microenvironment (TME) signature may

benefit clinical classification of HBV-related HCC. Here, the authors developed a hypoxia-TME clas-

sifier based on comprehensive analysis of TME cell status and hypoxia-related genes in HBV-

related HCC. Prognostic prediction of the classifier was confirmed in various HCC cohorts. Best

prognosis and therapeutic responses were linked to low hypoxia/high TME scores. The findings

highlight the significance of evaluating tumor-specific biology based on hypoxia and TME cell signa-

tures, contributing to new opportunities in prognostic and therapeutic assessment in HCC.

1 | INTRODUCTION

Hepatocellular carcinoma (HCC) is the fourth leading cause of cancer

death in the world, which also accounts for more than 85% of all pri-

mary liver malignancies.1 Despite national vaccine programs and ant-

iviral therapies,2 hepatitis B virus (HBV) infection estimated to affect

292 million people globally, remains one of the largest causes for HCC.

The prognosis of HCC remains poor with a 5-year survival rate of

approximately 18%.3 The development of cancer immunotherapy pro-

vided a paradigm shift in the treatment of cancer, however, only a

minority of patients benefit from it.4 Thus, significant efforts are now

being devoted to identifying prognostic and therapeutic biomarkers.

Currently, the prognosis of resected HCC is evaluated mainly based on

the clinical classification5 and staging systems,6 including tumor num-

ber/size, lymph nodes, metastases and liver function. Nonetheless,

owing to the high tumor heterogeneity,7 patients exhibit various clinical

outcomes, even though presenting very similar clinical characteristics.

One of the major proposed elucidation is that HCC is a quite heteroge-

neous tumor with different oncogenic pathways.8 The above indicates

that the current biomarkers explored are not satisfactory enough to

accurately predict prognosis and strategize treatment options.9

HBV plays a critical role in reprogramming the liver tumor micro-

environment (TME), including the population of immune and non-

immune cells.10,11 Given the presence of various cells within the TME

proved essential for antitumor immune response, studying cell compo-

sition could bring not only prognostic information but also clues about

the putative efficacy of immunotherapies.12,13 However, previous

studies were limited to a subset of 22 types of immune cells.14-16

Beyond immune cells, also many nonimmune cells such as stromal

cells in the TME interact with cancer cells, directly or indirectly pro-

moting or inhibiting tumor growth and spread.17 Consequently, we

reasoned that quantification of the whole TME cellular landscape

might provide a better metric for predicting prognosis and therapeutic

responses.

Moreover, HCC is characterized as one of the most aggressive

malignancies, giving rise to intratumoral hypoxia as a result of rela-

tively poor blood supply coupled with rapid tumor growth. Hypoxia

as an unfavorable determinant for angiogenesis, metastasis and

altered metabolism in HCC, overexpression of hypoxia-inducible fac-

tor 1 (HIF-1) is strongly associated with poor prognosis.18 Because

hypoxia can facilitate the accumulation of poorly differentiated

tumor cells.19 Beyond the influence on tumor cells, hypoxia indeed

enables several events in TME and affects many TME surrounding

cells which play a crucial role in the tumorigenic process, thereby

facilitating tumor aggressiveness and inhibition of antitumor

responses.20 Such as cells in a hypoxic state tend to switch to glyco-

lytic metabolism, increasing the level of lactate which will in turn

reinforce the acidification of the immune-suppressive TME.21 In

addition, the hypoxic microenvironment will further facilitate

protumoral immune cells infiltration markedly, such as M2

macrophages,22 myeloid-derived suppressor cells (MDSCs),23 regula-

tory T cells (Tregs),24,25 the three main immunosuppressive cells in

TME. Furthermore, hypoxia also inhibits T cells-mediated immune

response strongly and drives immune escape in the TME.26,27

Briefly, a strong cross-interaction exists between the TME cells and

intratumoral hypoxia.

To our knowledge, no study has been described concentrating on

the HBV-HCC tumor microenvironment based on combining hypoxia

and comprehensive cellular landscape. Taking into account the effect

of hypoxia modifiers28 and immunotherapy in HCC,29 an integrated

Hypoxia-TME signature might benefit the patients both for clinical

classification and strategizing therapies. Therefore, in the present

study, we aimed to systematically establish a Hypoxia-TME classifier

for prognostic and therapeutic responses prediction by incorporating

hypoxia and tumor microenvironment cells. Our findings might con-

tribute to a better understanding of tumor-specific biology based on

an integrated manner of hypoxic TME, which has important implica-

tions in clinical disease management.
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2 | METHODS

2.1 | Data source

Gene datasets of HCC tumors were collected from five different pub-

lic databases. Only patients with complete clinical information and

positive HBV infection (n = 596) were enrolled for the present study

in the end. The study included four cohorts with 452 HBV-HCC

tumors (GSE14520, GSE10143, ICGC-LIRI-JP, and Gao et al30) and

another independent validation cohort with 144 HBV-HCC tumors

from TCGA-LIHC. In addition, single-cell transcriptome data with cell

annotations of 9 HCC tumors were collected from GSE125449 to

visualize Hypoxia and TME scores in each cell. Besides, we also

enrolled three HCV-HCC cohorts, as well as 32 pan-cancer cohorts to

validate the general applicability of the Hypoxia-TME classifier exter-

nally. Furthermore, to test the predictive value of therapeutic

responses based on the classifier, a set of 67 HCC patients with

Sorafenib treatment (GSE109211) and a set of 65 melanoma patients

with MAGE-A3 immunotherapy (GSE35640) from the Gene Expres-

sion Omnibus (GEO) databases were recruited. A detailed summary of

these cohorts is summarized in Supplementary Table S1. For microar-

ray data, the samples were downloaded and log-transformed. As to

the datasets in TCGA-LIHC and ICGC-LIRI-JP, RNA sequencing data

(FPKM value) were collected. Gene data from 32 pan-cancer cohorts

were downloaded from https://xenabrowser.net. Gene levels with

detailed clinical information of the Gao et al cohort were collected

directly from the supplementary files of the published paper.30

2.2 | Hypoxia-related genes and TME cells
quantification

A compendium of 109 hypoxia-related genes constituting the HIF-1

signaling pathway was obtained from the KEGG database (pathway

“hsa04066”). Expression of all hypoxia-related genes was extracted

from all the above cohorts. For TME cells, we used a novel gene

signature-based method—xCell that integrates the advantages of gene

set enrichment with deconvolution approaches.31 This method allows

the calculation of 64 TME cell types including immune and non-

immune cells based on transcriptomes of all collected tumor samples,

and it outperforms other methods.32 The enrichment scores calcu-

lated by xCell were utilized to represent the abundance of each TME

cell type in each tumor sample of all cohorts.

2.3 | Identification of overall prognostic
hypoxia-related genes and TME cells

The prognostic evaluation of hypoxia-related genes and TME cells

was determined by Cox proportional hazards regression analysis in

each of the four different cohorts (Tables S2 and S3). To avoid bias

across different source-derived cohorts, we first evaluated each

cohort independently and then integrated them using a fixed-effects

model by meta-analysis for an overall prognostic value of hypoxia-

related genes and TME cells. The integrated analyses of multiple

cohorts allow buffering of the bias and variability which often come

from a single cohort. The overall prognostic value of hypoxia-related

genes and TME cells was described by hazard ratio (HR) and their

95% CI (confidence interval). In the end, 48 hypoxia-related genes

(Table S4) and 19 TME cells (Table S5) were identified to be statisti-

cally significantly associated with prognostic outcome in HBV-related

HCC (Cox regression, P < .05, and FDR < 0.05). For each prognostic

factor, its hazard ratio (HR) and the standard estimates (SE) of HR in

the meta-analysis model were also calculated.

2.4 | Establishment of Hypoxia score, TME score
and Hypoxia-TME classifier

The development of the Hypoxia score and TME score was based on

the corresponding HR values with SE of 48 hypoxia-related genes and

19 TME cells, respectively, which is an extension of a previous

study.33 The HR and corresponding SE of HR for each of the 48 hyp-

oxia-related genes decided their weight in the Hypoxia score. Simplis-

tically, the Hypoxia score was given by

Hypoxia score¼
X48

i¼1

HRi�1
SE HRið Þ�Gi:

Similarly, the TME score was given by

TMEscore¼
X19

j¼1

1�HRj
SE HRjð Þ�Cj,

where Gi or Cj are the abundances of gene i or TME cell j in each

tumor sample. The normalized Z-score for Hypoxia score and TME

score was used for further analysis. Then Hypoxia and TME scores

were integrated for the development of the Hypoxia-TME classifier

(Table S8). Thereafter, tumors were further divided into the following

subgroups: Hypoxialow/TMEhigh, intermediate mixed (Hypoxialow/

TMElow and Hypoxiahigh/TMEhigh) and Hypoxiahigh/TMElow based on

the mean value of Hypoxia score and TME score in each cohort.

2.5 | Single sample gene set enrichment analysis
(ssGSEA) of other HCC-related molecular classification
signatures

To compare the Hypoxia-TME classifier with other HCC-related molecu-

lar classification gene signatures, the enrichment scores of 87 gene sets

signatures that associated with HCC status collected in the Molecular

Signatures Database (MSigDB)34 (Table S14) were analyzed by the

“GSVA” package in the R program. Next, a complex heatmap of these

HCC-related signatures was built in different Hypoxia-TME subgroups

to compare the consistency between the Hypoxia-TME classifier and

the 87 HCC-related molecular classification signatures.
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2.6 | Tumor somatic mutation, functional
annotation and KEGG pathway analysis

Somatic mutation data of TCGA-LIHC and Gao et al cohorts were

available in the TCGA-LIHC database and the supplementary materials

of the previous study,30 respectively. The top 20 mutation genes were

obtained and then compared between Hypoxia-TME subgroups.

Oncoprints for these genes were built by the R package “Com-

plexHeatmap.” Candidate genes with significant differences among

Hypoxia-TME subgroups were then extracted for further prognosis

analysis. The tumor mutational burden (TMB) score of each tumor

was also calculated by previously described methods.35 Differentially

expressed genes (DEGs) analysis was performed by the “limma” pack-
age in R. Besides, Proteomaps were developed by a web tool (https://

bionic-vis.biologie.uni-greifswald.de/) based on the DEGs values.36

Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses

for all cohorts were performed by the “clusterProfiler” package in R.

2.7 | Statistical analysis

All statistical analysis was performed in R 3.6.2. Standard tests included

the Student's t-test, Wilcoxon rank-sum test, and Fisher's exact test.

The relationship between the Hypoxia score/TME score and other con-

tinuous variables was calculated by the Spearman method. The log-rank

test and Cox proportional hazard regression were used to explore

related independent predictors of patients' prognosis. All reported

P-values were two-sided with a significance level of .05.

3 | RESULTS

3.1 | A meta-analysis of four different HBV-HCC
cohorts uncovering the prognostic value of Hypoxia
and TME

To develop a method indicative of tumor hypoxic and TME cells sta-

tus, a total of 596 HBV-HCC tumors, including four cohorts

(GSE14520, ICGC-LIRI-JP, GSE 10143, Gao et al, n = 452) and an

independent validation cohort (TCGA-LIHC, n = 144) were enrolled.

The schematic diagram of the whole study is shown in Figure 1. For

all patients, prognostic values of 109 hypoxia-related genes and

64 TME cell types were analyzed in each of the four different cohorts

independently (Tables S2 and S3). Then, a meta-analysis as described

in the methods section, was used to integrate the overall prognostic

evaluation for each hypoxia-related gene and TME cell. In the end,

48 hypoxia-related genes and 19 TME cells were identified as inde-

pendent prognostic factors (Cox proportional hazard model, P < .05,

FDR < 0.05) based on 452 HBV-HCC tumor samples (Tables S4 and

S5). These prognostic genes/TME cells and their corresponding sub-

populations (grouped based on their gene function or cell type) are

shown in a network (Figure S1). Among them, most of the selected

F IGURE 1 Schematic diagram depicting the establishment and validation of Hypoxia-TME classifier. HCC patients with complete clinical
information and positive HBV infection were enrolled from the four cohorts (GSE14520, ICGC-LIHC-JP, Gao et al, GSE 10143), which were used to
establish the prognostic TME score and Hypoxia score, respectively. Cox regression analyses of 64 TME cells and 109 hypoxia-related genes were

performed in each of the four cohorts independently, and then meta-analysis was used for the evaluation of the overall prognostic values of TME cells
and genes. Briefly, 19 cell types within tumor microenvironment were selected for the development of TME score. As well, 48 hypoxia-related genes
were used for the establishment of Hypoxia score. The Hypoxia-TME classifier which integrating the TME score and hypoxia score, divided all the
patients into three different subgroups: Hypoxialow/TMEhigh, Hypoxiahigh/TMElow and the intermediate mixed subgroups. The difference in terms of
prognosis, immune-related molecules, clinical characteristics, tumor mutational burden and tumor cellular pathways were explored in different patients'
subgroups based on the Hypoxia-TME classifier. Furthermore, the classifier's performance was further validated in another independent HBV-HCC
cohort (TCGA-LIHC), HCV-HCC, various HCC cohorts and pan-cancer patient cohorts, respectively. The figure was created with BioRender.com
[Color figure can be viewed at wileyonlinelibrary.com]
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hypoxia-related genes (31/48) were prognostically unfavorable. Of

note, all the genes whose functions are related to reducing oxygen

consumption are unfavorable factors, including, for example, HK2,

LDHA, PGK1, ALDOA and so forth (Figure S1, Table S4). For the

selected TME cells, 12/19 were prognostically favorable cells, includ-

ing CD8+ effector memory T cells, B cells, plasma cells, NK cells and

so forth. The remaining seven prognostically unfavorable cells

included γδ T cells (Tgd), basophils, mast cells and so forth (Figure S1,
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Table S5). The intrinsic relationship between these hypoxia-related

genes and TME cells in each cohort was visualized in Figure S2.

We subsequently developed a Hypoxia score and TME score,

respectively, based on the prognostic hypoxia and TME signatures

by taking their contributions to risk prediction into account.

According to the mean value of the Hypoxia score and TME score

in each cohort, tumors were classified into two subgroups, respec-

tively. Notably, the Hypoxia score was strongly positively corre-

lated with prognostically unfavorable hypoxia-related genes and

negatively correlated with prognostically favorable genes

(Figure 2A). While for the TME score, a strong positive correlation

was observed between the TME score and prognostically favorable

TME cells, and a negative correlation was found between the TME

score and prognostically unfavorable TME cells (Figure 2B).

Besides, it was observed that the patients with low Hypoxia score

and high TME score showed a statistically longer survival compared

to patients with a high Hypoxia score and low TME score

(Figure 2C,D). And tumors with a high Hypoxia score were signifi-

cantly enriched for the HIF-1 pathway genes (Figures 2E and S3).

Similarly, tumors with high TME scores were considerably enriched

for the immune response pathway (Figures 2F and S4, Table S6).

Notably, to further validate the Hypoxia and TME scores in the

single-cell transcriptomic landscape of liver cancer, we performed

t-distributed stochastic neighbor embedding (t-SNE) analysis on

single-cell data of liver cancer biospecimens from nine patients

(Figure 2G) and calculated Hypoxia and TME scores, respectively. It

was observed that malignant cells and stromal cells exhibited higher

Hypoxia scores than immune cells (Figure 2H,J). While immune

cells such as monocytes/macrophages, CD8 T cells and plasma cells

were found to have higher TME scores than any other stromal

fibroblasts, malignant cells or endothelial cells (Figure 2I,K).

3.2 | Prognostic value of the established
Hypoxia-TME classifier

Based on the results above, we asked whether it would be possible

to combine the Hypoxia score and TME score to characterize the

hypoxic TME. Since a statistically significant negative correlation

between Hypoxia score and TME score was not only found in most

HBV-HCC cohorts, but also in all the 32 pan-cancer cohorts

(Figure S5 and Table S7). Therefore, we combined the Hypoxia score

with the TME score, and developed the Hypoxia-TME classifier

which resulted in dividing patients into four subgroups: Hypoxialow/

TMEhigh, Hypoxialow/TMElow, Hypoxiahigh/TMEhigh, Hypoxiahigh/

TMElow. The Hypoxia-TME classifier showed a statistically different

prognosis in HBV-HCC cohorts (n = 452) (Figure 3A). It was found

that both the Hypoxia score and TME score contribute significantly

to the prognostic value. Patients in the Hypoxialow/TMEhigh subgroup

were revealed to have the best prognosis compared to patients from

the other three subgroups. The prognosis of patients in the

Hypoxialow/TMElow and Hypoxiahigh/TMEhigh subgroups are less

divergent, and the percentage of different disease stages in sub-

groups of Hypoxialow/TMElow and Hypoxiahigh/TMEhigh was very sim-

ilar in the two largest cohorts (Figure S6). Thus, we combined these

two subgroups as a mixed subgroup. Importantly, the performance of

the Hypoxia-TME classifier was further validated in another indepen-

dent HBV-HCC cohort (n = 144) (Figure 3B), HCV-HCC cohort

(n = 270) and various HCC patients (n = 1294) (Figure S7). Addition-

ally, a correlation coefficient heatmap was generated to visualize a

comprehensive internal and intergroup correlation among Hypoxia-

TME factors (hypoxia-related genes and TME cells) based on the

three subgroups, respectively. An internal positive relationship and

an intergroup negative correlation were characterized in the

Hypoxialow/TMEhigh subgroup and the Hypoxiahigh/TMElow sub-

groups (Figure 3C).

To portray a detailed prognostic value of the Hypoxia-TME classi-

fier, we performed the univariate and multivariate Cox regression

analysis in all five HBV-HCC cohorts and three HCV-HCC cohorts,

respectively. The Hypoxia-TME classifier was significantly related to

overall survival in training cohorts with enough patients and one vali-

dation HBV-HCC cohort (Figure 3D, Table S9). Also, the classifier

showed a statistically significant prognostic value in one out of three

HCV-HCC cohorts (Figure 3E). Likewise, the prognostic value of the

Hypoxia-TME classifier could be validated in 10/32 pan-cancer

cohorts (Figure S8, Table S10).

F IGURE 2 Development of the Hypoxia score and TME score based on hypoxia-related genes and TME cells respectively. (A) Heat map
showing the relationships between the Hypoxia score and 48 prognostic hypoxia-related genes in five HBV-HCC cohorts. Positive (red) and
negative (purple) correlations are indicated. Gray means missing values in that cohort. (B) Heat map showing the relationships between the TME
score and 19 prognostic TME cells in five HBV-HCC cohorts. Positive (red) and negative (purple) correlations are indicated. (C) Kaplan-Meier
overall survival curves of four training cohorts in tumors with high Hypoxia score vs low Hypoxia score. (D) Kaplan-Meier overall survival curves
of four training cohorts in tumors with high TME score vs low TME score. (E) Gene Set Enrichment Analysis (GSEA) of 109 genes represent HIF-1
signaling pathway reveals the association between Hypoxia score and HIF-1 signaling pathway. High hypoxia score located in the left
approaching the origin of the x-axis, by contrast, low hypoxia score lay on the right of the x-axis (GSE14520). (F) Gene Set Enrichment Analysis
(GSEA) of 332 marker genes represent immune response display the association between TME score and immune response. High TME score
located in the left approaching the origin of the x-axis, by contrast, low TME score lay on the right of the x-axis (GSE14520). (G) t-SNE plot of all
3836 cells from 9 primary liver cancer patients. Cells were annotated based on known lineage-specific marker genes as CD8 T cells, monocytes/
macrophages, plasma cells, fibroblasts, malignant cells, endothelial cells, hepatic progenitor (GSE125449). (H) t-SNE plot of all the single cells
colored by Hypoxia score. (I) t-SNE plot of all the single cells colored by TME score. (J) Comparisons of Hypoxia score among immune cells,

malignant cells and stromal cells. (K) Comparisons of TME score among immune cells, malignant cells and stromal cells [Color figure can be viewed
at wileyonlinelibrary.com]
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3.3 | Differences in cellular signaling pathways
among different Hypoxia-TME subgroups

Considering the significant prognostic differences based on

Hypoxia-TME classifier, an intratumor cellular signaling pathways

analysis was performed based on the Hypoxia-TME subgroups in

three cohorts with enough genes for pathway analysis (Figure 3F).

The detailed enrichment scores of these pathways among Hypoxia-

TME subgroups are listed in Tables S11–S13. Tumors in the sub-

groups exhibited different patterns in terms of tumor proliferation

and cancer metabolism related genes expression. Intriguing, it was

observed that tumors in subgroups with low Hypoxia score

(Hypoxialow/TMEhigh and Hypoxialow/TMElow) showed a much higher

enrichment of amino acid metabolism, fatty acid metabolism, carbon

metabolism and ATP-binding cassette (ABC) transporters related

genes expression than tumors with a high Hypoxia score

(Hypoxiahigh/TMEhigh and Hypoxiahigh/TMElow). Furthermore, tumors

in subgroups with a low TME score (Hypoxialow/TMElow and

Hypoxiahigh/TMElow) displayed a much higher enrichment of DNA

replication, mismatch repair, cell cycle and RNA transport related

genes expression than tumors with a high TME score (Hypoxialow/

TMEhigh and Hypoxiahigh/TMEhigh). Which suggest a stronger anti-

tumor immune response and less tumor growth in patients with high

TME scores. The above furthermore demonstrated the synergistic

influence of hypoxia and TME on tumor metabolism and cancer cells

proliferation, which implies the significance of an integrated analysis

of hypoxic TME.

In addition, we constructed proteomaps to better visualize the

cellular signaling pathway differences between Hypoxialow/TMEhigh

and Hypoxiahigh/TMElow subgroups. Tumors in the Hypoxialow/

TMEhigh subgroup showed higher enrichment of complement cas-

cades37 and PPAR-related proteins,38 all of which play essential

roles in enhanced host immune response. While tumors in the

Hypoxiahigh/TMElow subgroup showed higher enrichment of cell

cycle, DNA replication and transcription factors (Figure S9). The

above results further indicate the physiological significance of the

intergated Hypoxia score (hypoxic status) and TME score (immune

responses) in the tumor microenvironment, which might help to elu-

cidate the prognostic differences between different subgroups based

on tumor biology.

3.4 | Association between Hypoxia-TME classifier
with clinical features and other HCC-related molecular
classification signatures

We next investigated clinical features and other HCC-related signatures

based on the Hypoxia-TME classifier. Patients with advanced HCC and

larger tumor size were found slightly more in the Hypoxiahigh/TMElow

subgroup compared to other subgroups. Yet, AFP, multinodular and cir-

rhosis do not differ among different Hypoxia-TME subgroups

(Figure 4A, up panel). To further compare the Hypoxia-TME classifier

with other HCC-related molecular classification signatures as docu-

mented previously,34 we analyzed the previous HCC-related molecular

classification signatures as comprehensively as possible (Table S14). The

heatmap revealed that the Hypoxia-TME classifier was very consistent

with 57 gene sets signatures from 24 different studies34,39 in predicting

the prognosis of HCC (Figure 4A, bottom panel, all P < .01). Patients in

the Hypoxialow/TMEhigh subgroup showed low enrichment of unfavor-

able prognosis related signatures, while these signatures were highly

enriched in patients within the Hypoxiahigh/TMElow subgroup. Similarly,

favorable prognostic signatures were greatly enriched in the

Hypoxialow/TMEhigh subgroup, while much less expressed in the

Hypoxiahigh/TMElow subgroup. The mixed subgroups also showed a mix-

ture pattern of these signatures. Besides, the Hypoxia-TME classifier

could significantly distinguish the overall survival of the HBV-HCC

patients (Figure 4B). Figure 4C shows that the Hypoxia-TME classifier

could predict overall survival at 1, 2, 3 and 5 years with a range of AUCs

from 0.68 to 0.73. By comparison with the present clinical staging sys-

tems under the time-dependent ROC for the incidence of overall sur-

vival, the Hypoxia-TME classifier showed higher efficacy than BCLC

staging classification and similar to the performance of TNM staging

system (Figure 4D). Notably, our analysis furthermore demonstrated

that the Hypoxia-TME classifier allowed a further subdivision of

patients both with early HCC stage (TNM I-II) and late HCC stage (TNM

III-IV). The survival of patients in the late-stage HCC subgroup with

Hypoxialow/TMEhigh was significantly different from the late-stage

Hypoxiahigh/TMElow subgroup but similar to the survival of patients in

the early-stage HCC subgroup with Hypoxiahigh/TMElow (Figure 4E).

Thus, the Hypoxia-TME classifier in combination with the TNM classifi-

cation seems to provide a more accurate predictive value than the TNM

classifier alone.

F IGURE 3 Prognostic value and tumor cellular signaling pathways analysis based on Hypoxia-TME classifier. (A) Kaplan-Meier overall survival
curves of four HBV-HCC training cohorts (n = 452) stratified into four different subgroups based on the Hypoxia-TME classifier (Hypoxialow/
TMEhigh, Hypoxialow/TMElow, Hypoxiahigh/TMEhigh and Hypoxiahigh/TMElow). Log-rank test, P < .001. (B) Kaplan-Meier overall survival curves of

the independent validation HBV-HCC cohort (n = 144) stratified into three different subgroups based upon the Hypoxia-TME classifier
(Hypoxialow/TMEhigh, mixed and Hypoxiahigh/TMElow). Log-rank test, P < .001. (C) Heat map showing the correlations matrix among all Hypoxia-
TME signatures in three different subgroups based upon Hypoxia-TME classifier. Positive (red) and negative (purple) correlations are indicated.
(D) Multivariate cox analysis of the Hypoxia-TME classifier in five HBV-HCC cohorts. (E) Cox analysis of the Hypoxia-TME classifier in three
HCV-HCC cohorts. (F) Compare tumor proliferative signaling pathways and tumor metabolism-related pathways among four Hypoxia-TME
subgroups based on mRNA expression levels (GSE14520, Gao et al, TCGA cohorts): higher enrichment scores (red), lower enrichment scores
(blue) [Color figure can be viewed at wileyonlinelibrary.com]
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F IGURE 4 Association between Hypoxia-TME classifier and other HCC-related molecular signatures. (A) The association between
Hypoxia-TME classifier and clinical characteristics/other HCC-related molecular signatures. AVR-CC, active viral replication chronic
carrier; CC, chronic carrier; AFP (high) means >400 ng/mL; AFP (low) means <400 ng/mL; tumor size (large) >5 cm, tumor size (small)
<5 cm. Higher enrichment scores (red), lower enrichment scores (purple) (GSE14520). (B) Kaplan-Meier overall survival curves of an
HBV-HCC cohort stratified into three different subgroups based on the Hypoxia-TME classifier. Log-rank test, P < .001. (C) ROC curves
for the 1-, 2-, 3-, 5-year survival according to the Hypoxia-TME classifier. (D) Comparisons of Hypoxia-TME classifier with other
clinical prognostic staging systems/biomarkers under the time-dependent ROC for the incidence of overall survival. TNM staging system
(light green), Hypoxia-TME classifier (brown), BCLC staging system (purple), tumor size (dark green), AFP (brick-red). (E) Kaplan-Meier
overall survival curves of HBV-HCC patients, divided by the combination of Hypoxia-TME classifier and TNM staging system. Log-rank
test, P < .001 [Color figure can be viewed at wileyonlinelibrary.com]
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F IGURE 5 Comparison of immune-related markers in three subgroups based upon Hypoxia-TME classifier. Comparison of the expression of
immune-related genes in defined three subgroups based on Hypoxia-TME classifier. Box and whisker plots showing normalized expression of
mRNA for selected markers. The Hypoxialow/TMEhigh, intermediate mixed and Hypoxiahigh/TMElow subgroups are represented as yellow, blue and
red, respectively (GSE14520) [Color figure can be viewed at wileyonlinelibrary.com]
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3.5 | Distinct immune response profile in tumors
among Hypoxia-TME subgroups

We then further investigated the immune response associated genes

among different subgroups from several aspects: major histocompati-

bility complex (MHC), inhibitory immune markers, activation immune

markers, anti-inflammatory markers, and pH regulation marker

(Figure 5). It was noted that the HypoxialowTMEhigh subgroup in gen-

eral had a higher expression of all MHC, most of the inhibitory

immune marker (except TIM-1) and all activation immune markers

compared to the intermediate mixed and HypoxiahighTMElow sub-

groups. Besides, the HypoxialowTMEhigh subgroup demonstrated a

lower expression of TGFB1(anti-inflammatory gene) than the other

two subgroups. While the HypoxiahighTMElow subgroup was observed

to have significantly higher CA9 expression which are responsible for

pH regulation. More detailed results about immune-related genes are

also depicted in a heatmap (Figure S10).

3.6 | Differential patterns of tumor somatic
mutations in patients among Hypoxia-TME subgroups

We next investigated the tumor somatic alterations among different

Hypoxia-TME subgroups. The top 20 variant mutations in the TCGA-

LIHC cohort were identified (Figure 6A). Among the top 20 mutations,

12 out of 20 mutations showed a higher level in the Hypoxiahigh/

TMElow subgroup compared to the Hypoxialow/TMEhigh subgroup.

Especially, a TP53 mutation was significantly higher in the Hypoxiahigh/

TMElow subgroup. A more pronounced result was further validated in

another cohort (Figure S11). As well, the average lower expression of

TP53 in the Hypoxialow/TMEhigh subgroup and improved survival in

patients without TP53 mutation are consistent with previous studies

(Figure 6C,D).40,41 Notably, within the subgroup of patients with TP53

mutations, the Hypoxia-TME classifier could identify patients with bet-

ter prognosis (Figure 6E). Besides, as tumor mutational burden is an

emerging therapeutic measurement of sensitivity to immunotherapy,
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mutation status and Hypoxia-TME classifier [Color figure can be viewed at wileyonlinelibrary.com]
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we also calculated the TMB score of each tumor. No significant differ-

ence was found among Hypoxia-TME subgroups (Figure 6B). These

results might indicate that the Hypoxia-TME classifier is more sensitive

than TMB score to distinguish patients and it can more finely identify

better prognosis in patients with P53 mutations.

3.7 | Prediction of therapies responses based
on Hypoxia-TME classifier

We next tested whether the Hypoxia-TME classifier could be used to

predict clinical responses in patients undergoing therapies. Sequenc-

ing data from tumor samples (biopsies) was collected before sorafenib

and MAGE-A3 immunotherapy, respectively. Then we evaluated the

predictive ability of the Hypoxia-TME classifier in therapeutic

responses, in patients treated with the multityrosine kinase inhibitor

(mTKI) sorafenib, which exhibits both antiproliferative and anti-

angiogenic activity.8 Patients in sorafenib responder group showed

significantly lower Hypoxia score and higher TME score (Figure 7A,B).

Compared to patients with Hypoxiahigh/TMElow, patients with

Hypoxialow/TMEhigh had a much higher percentage (59.3%) of

sorafenib responders, while only 13.6% and 11.1% sorafenib

responders in the mixed and Hypoxiahigh/TMElow subgroups, respec-

tively (Figure 7C). Similarly, patients with metastatic melanoma

responding to MAGE-A3 immunotherapy showed statistically lower

Hypoxia score and higher TME score, respectively (Figure 7D,E). The

highest percentage (63.16%) of patients with a therapeutic response

were found in the Hypoxialow/TMEhigh subgroup, while the

Hypoxiahigh/TMElow subgroup was only 14.29% (Figure 7F). Addition-

ally, the Proteomap was used to intuitively reveal the potential mech-

anism of Hypoxia-TME classifier predicting therapy responses in

patients undergoing MAGE-A3 immunotherapy. Interestingly, the pat-

tern of Proteomap in the Hypoxialow/TMEhigh and MAGE-A3

responder are quite similar. And high similarity between Hypoxiahigh/

TMElow subgroup and those MAGE-A3 nonresponder was also

observed (Figure 7G,H). To summarize, these results might suggest

that the pretreatment Hypoxia-TME signature can depict the tumor

immune microenvironment thus benefit the prediction of patient's

therapy responses.

4 | DISCUSSION

The explosion of research on hypoxia and TME strengthens our

understanding of the importance of a hypoxic TME in prognosis and

therapies of cancer patients.20,42 However, few studies integrated

hypoxia and TME signatures for prediction of prognosis and therapy

responses. When considering targeting hypoxia18,43 combined with

immunotherapy for the treatments of HCC,29,44 signatures based on

the combination of hypoxia and TME might enable both clinical classi-

fication and optimizing therapy strategies. In the present study, we

systematically utilized large-scale HBV-HCC cohorts to assess the

integrated value of hypoxic TME for prognostic and therapeutic pre-

diction based on the Hypoxia-TME classifier.

Patients in the Hypoxialow/TMEhigh subgroup showed the best

prognosis and clinical responses to treatments. Besides, the prognos-

tic prediction ability of the classifier was further confirmed in an inde-

pendent HBV-HCC cohort, an HCV-HCC cohort, various HCC

cohorts (including nonviral HCC) and 10/32 pan-cancer cohorts, indi-

cating its broad applicability in cancer patients. This might suggest

certain common features existing in host antitumor immune response

within the hypoxic TME.

Interestingly, within the selected 48 hypoxia-related genes,

12 genes cataloged into a functional group related to reduction of

oxygen consumption were all unfavorable prognostic factors. This

could be an adaptive reaction of tumor exposed to a reduced-oxygen

environment. When total oxygen is limited, HIF-1-dependent blocking

of oxygen utilization causes a drop in mitochondrial oxygen consump-

tion and results in a relative increase in intracellular oxygen tension in

human carcinoma cells.45 This, in turn can decrease tumor cells death

and favors tumor survival, explains the 12 genes related to oxygen

consumption reduction as poor prognostic factors. Of the 19 TME cell

types, γδ T cells, Th1 and Th2 cells play an unfavorable role in the

HBV-HCC cohorts studied. Notably, prognosis based on γδ T cells

seems very divergent among different cancer types.46 Yet, in line with

our results, Kong et al demonstrated that γδT cells enhance MDSCs

infiltration in liver, leading to MDSC-mediated CD8+ T cell exhaus-

tion. While furthermore, γδT cell deficiency led to a break in HBV-

induced tolerance and subsequent recovery of hepatic HBV-specific

CD8+ T cells.47 This could explain the unfavorable prognostic role of

γδT cells in HBV-HCC. Moreover, the levels of Th1 cell densities in

HCC tissues predicted poor survival,48 and Th2 cells are also related

to HCC tumor growth or metastasis.49 As for myeloid cells, mast cells

were determined an unfavorable prognostic factor that accumulation

of tumor-infiltrating mast cells predicts poor survival in several can-

cers including liver cancer.50 Apart from lymphocytes and myeloid

cells, some nonimmune cells within the tumor were also selected as

prognostic factors, confirming our initial hypothesis that nonimmune

cells are also associated with the prognosis of cancer patients.51

Patients with high Hypoxia score showed lower metabolism

genes enrichment, demonstrating the phenomenon of “hypoxic
hypometabolism” in the tumor microenvironment of HCC, which was

defined as a drop in metabolic rate during hypoxia.52 Additionally, the

negative correlation between Hypoxia score and TME score in differ-

ent HBV-HCC and 32 pan-cancer cohorts might indicate hypoxia can

inhibit the antitumor immune response.53 These results all suggested

the tumor biological significance for establishing a Hypoxia-TME clas-

sifier. Besides, active DNA replication and mismatch repair together

with the downregulated fatty acid oxidation (FAO) in the Hypoxiahigh/

TMElow subgroup is also in agreement with recent studies showing

that FAO is downregulated in multiple tumor types and activation of

FAO may inhibit cancer cell proliferation.54 The above results might

elucidate the mechanism behind Hypoxia-TME classifier predicting

prognosis and therapy responses.
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In addition, several other HCC-related molecular classification sig-

natures could be classified into clearly distinguishable subgroups

according to the Hypoxia-TME classifier. Which suggests the

Hypoxia-TME classifier correlates well with other HCC-related molec-

ular classification signatures. It may be explained by the existence of

an overlapped or associated cellular pathways or genes between the

hypoxia-immune signatures and other HCC-related signatures. Fur-

thermore, an intriguing result showed that both activating and inhibi-

tory immune markers were, in general, highly expressed in the

Hypoxialow/TMEhigh subgroup, suggesting that a stronger antitumor

immune response would likely be restored through immune check-

point blockade in the Hypoxialow/TMEhigh subgroup. This imply the

Hypoxia-TME classifier could be applied for preimmunotherapy strati-

fication of cancer patients. Additionally, statistically higher CA9

expression in Hypoxiahigh/TMElow subgroup indicates an acidic extra-

cellular milieu favoring tumor growth, poor tumor differentiation and

development,55,56 which further exhibits the predictive ability of this

classifier.

Apart from the above results, the observed different patterns

between subgroups in terms of tumor somatic genome alterations

revealed that the mRNA-based Hypoxia-TME classifier also reflects

DNA molecular heterogeneity in tumor. Our results further support

the observations that CCTNB1 mutation is associated with favorable

prognosis and low-stage HCC57 and TP53 mutation is an indicator

for poor prognosis.40 Sorafenib treatment showed a significant

recurrence-free survival improvement in responders than nonre-

sponders, although sorafenib responders status was predicted due to

the original clinical trial limitation.58 In the present research, more

sorafenib responder patients existed in Hypoxialow/TMEhigh subgroup

partially showed the classifier is predictive for therapeutic responses

and better survival. Due to the unavailability of large-scale HCC

sequencing data with clinical information, immunotherapy and prog-

nosis of patients. Also, in order to investigate the classifier's applicabil-

ity in a different cancer setting, melanoma patients treated with

MAGE-A3 immunotherapy were enrolled. An obvious higher percent-

age (63.16%) of MAGE-A3 immunotherapy responders within the

Hypoxialow/TMEhigh subgroup validated its ability to predict therapeu-

tic effect. The similarity of proteomap patterns between Hypoxialow/

TMEhigh and MAGE-A3 immunotherapy-responder subgroups might

reveal certain commonality in a determinative interplay between

patients' immune system and cancer cells, which further indicated the

therapeutic predictive value of Hypoxia-TME classifier.

We acknowledge certain limitations to our study. First, the

Hypoxia-TME signatures which we based on gene expression requires

more validation in accordance with immunofluorescence or flow cyto-

metry of tumor samples (biopsies). Second, due to the limitation of

public datasets, an in-house cohort should be performed to further

evaluate the classifier's performance. To conclude, portraying the inte-

grated hypoxia and cellular landscape signatures within the tumor

microenvironment, benefits the prediction of the prognosis and ther-

apy responses. It might be a potential method for prognosis estima-

tion and stratification of patients for clinical disease management in

the future.
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