1' frontiers

ORIGINAL RESEARCH
published: 15 June 2021

In Medicine doi: 10.3389/fmed.2021.686885
CQ)T
updates

Yu-feng Chen 23, Zhao-liang Yu™?%t, Min-yi Lv 23", Bin Zheng??, Ying-xin Tan*,
Jia Ke 23, Xuan-hui Liu'%°, Ze-rong Cai %%, Yi-feng Zou %%, Ping Lan "%,
Xiao-jian Wu >%* and Feng Gao "%%*
" Department of Colorectal Surgery, The Sixth Affiliated Hospital, Sun Yat-sen University, Guangzhou, China, ? Guangdong
Provincial Key Laboratory of Colorectal and Pelvic Floor Diseases, The Sixth Affiliated Hospital, Sun Yat-sen University,
Guangzhou, China, ® Guangdong Institute of Gastroenterology, Guangzhou, China, * The First Hospital of Lanzhou University,
OPEN ACCESS Lanzhou, China
Edited by: o . ) . .
Xiang Xue, Background: Hypoxia is associated with a poorer clinical outcome and resistance to
University Ofﬁ’ew dMgX"CQ chemotherapy in solid tumors; identifying hypoxic-related colorectal cancer (CRC) and
ited Stat o , i . . .
f m_e da:s revealing its mechanism are important. The aim of this study was to assess hypoxia
ev’j::u, L,Z: signature for predicting prognosis and analyze relevant mechanism.
Nanjing Medical U”"V@,fj"t% Vi”’”a Methods: Patients without chemotherapy were selected for the identification of hypoxia-
lao Wang, . .
Hainan General Hospital, china  '€lated genes (HRGs). A total of six independent datasets that included 1,877 CRC
*Correspondence:  Patients were divided into a training cohort and two validation cohorts. Functional
Feng Gao annotation and analysis were performed to reveal relevant mechanism.
gaofs7@mail.sysu.edu.cn . . . .
Xiao-jian Wu Results: A 12-gene signature was derived, which was prognostic for stage II/lll CRC
wuxiian@mail.sysu.edu.cn - patients in two validation cohorts [TCGA, n = 509, hazard ratio (HR) = 2.14, 95%
Ping Lan

lanping@mail.sysu.edu.cn

T These authors have contributed
equally to this work

Specialty section:

This article was submitted to
Gastroenterology,

a section of the journal
Frontiers in Medicine

Received: 28 March 2021
Accepted: 13 May 2021
Published: 15 June 2021

Citation:

Chen'Y, Yu Z, Lv M, Zheng B, Tan Y,
Ke J, Liu X, Cai Z, Zou Y, Lan B, Wu X
and Gao F (2021) Genome-Wide
Analysis Reveals Hypoxic
Microenvironment Is Associated With
Immunosuppression in Poor Survival
of Stage Il/Ill Colorectal Cancer
Patients. Front. Med. 8:686885.

doi: 10.3389/fmed.2021.686885

confidence interval (Cl) = 1.18 — 3.89, P = 0.01; metavalidation, n = 590, HR = 2.46,
95% Cl = 1.59 — 3.81, P < 0.001]. High hypoxic risk was correlated with worse
prognosis in CRC patients without adjuvant chemotherapy (HR = 5.1, 95% Cl = 2.51
- 10.35, P < 0.001). After integration with clinical characteristics, hypoxia-related
gene signature (HRGS) remained as an independent prognostic factor in multivariate
analysis. Furthermore, enrichment analysis found that antitumor immune response was
suppressed in the high hypoxic group.

Conclusions: HRGS is a promising system for estimating disease-free survival of
stage II/lll CRC patients. Hypoxia tumor microenvironment may be via inhibiting immune
response to promote chemoresistance in stage II/lll CRC patients.

Keywords: hypoxia-related gene signature, immunosuppression, chemoresistance, colorectal cancer, biomarker

INTRODUCTION

Colorectal cancer (CRC) is the third most common cancer type in men (10.9% of all cancers)
and the second in women (9.5% of all cancers) worldwide (1). Currently, the therapeutic
treatment for individual patients is mainly based on the TNM staging (2). However, for stages
IT and III CRC patients, the current staging method cannot provide indications of how and
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when to use chemotherapy, neither is the possible effectiveness
of chemotherapy. As a result, chemotherapy frequently leads to
diverse unpredictable responses due to risk factors such as T
stage, tumor differentiation, and microsatellite instability (MSI)
status (3-5). A previous study has shown that some stage II CRC
patients have worse prognosis, whereas some stage III patients are
overtreated (6). Therefore, investigating new reliable biomarkers
can help to choose the appropriate therapy at the right time for
CRC patients.

Hypoxia is a common microenvironmental condition found
in most solid tumors and is associated with poor prognosis
(7-9). Hypoxia-inducible factors can be activated under the
hypoxia condition in the cellular environment. Evidence has
shown that these factors can promote the tumor invasion and
metastasis (10-12). Furthermore, recent studies have found
that the hypoxic tumor microenvironment could affect the
chemotherapy efficiency to CRC patients (13, 14). Therefore, it
is important to identify prognostic hypoxia-inducible factors that
could help to choose the appropriate therapy against the CRC.

Currently, hypoxic gene signatures are found to have
prognostic and predictive effects for diverse cancers including
head and neck, bladder, soft tissue sarcoma, and cervical cancers,
which allow clinicians to coordinate the therapeutic agent use
for patients with most benefit (7, 8, 15-18). In this study, we
analyzed hypoxia-related genes from large amounts of CRC
transcriptional data and created a hypoxia-related gene signature
(HRGS) for CRC prognosis. The prognostic prediction value
of the HRGS was systematically validated in a metavalidation
cohort. In addition, we demonstrated a relevant mechanism
underlying the poor survival outcome of the high hypoxic risk
CRC patients at stage II/IIL, and this finding may help to detect
out new therapeutic target for CRC patients. This would help
improve therapeutic strategy for CRC patients.

MATERIALS AND METHODS

Patients (Data Source)

This meta-analysis study used the gene expression data of
frozen CRC tumor tissue samples from six public cohorts.
To be included in the study, patients needed to meet the
following inclusion criterion: patients with pathologic diagnosed
as CRC. The exclusion criterion was patients without survival
information. In total, data of 1,877 patients, including 309
CRC patients without adjuvant chemotherapy, were used. The
two largest individual datasets, CIT/GSE39582 and The Cancer
Genome Atlas (TCGA) CRC cohort, were used for training
and independent validation. The remaining four microarray
datasets (GSE14333, GSE17536, GSE37892, and GSE33113)
obtained from the Gene Expression Omnibus (GEO) database
were merged as a metavalidation cohort. Data of the TCGA
CRC cohort were downloaded from Broad GDAC Firehose
(http://gdac.broadinstitute.org/), and transcripts per million
of level 3 RNA-Seq data in log2 scale were used for the
analysis. Other datasets were obtained in processed format
from GEO database through R using the Bioconductor package
“GEOquery.” The batch effects were corrected using “combat”
algorithm implemented in the R package “sva,” and z scores
of each gene were used for the following analyses. The staging

classification in each dataset was based on pathologic stage. Data
were collected from September 27 to December 26, 2018.

Construction and Validation of HRGS

The Molecular Signatures Database (MSigDB) is one of the
most widely used and comprehensive databases of gene sets
for performing gene set enrichment analysis (GSEA) (19-21).
We created a list of hypoxia-related genes (HRGs) including
all gene sets found in MSigDB (version 6.2) with the keyword
“hypoxia.” In order to construct a prognostic HRGS, we assessed
the association between all HRGs found in this meta-analysis
and the patients’ disease-free survival (DFS) in GSE39582 dataset
using the log-rank test with 1,000 times randomization (80%
proportion of samples each time). HRGs, which have frequently
been significantly associated with the patients’ DES, were selected
as candidates for the construction of HRGS. To minimize
the risk of overfitting, we applied a Cox proportional hazards
regression model combined with the least absolute shrinkage
and selection operator (LASSO) (glmnet, version 2.0-16). The
penalty parameter was estimated by 10-fold cross-validation
in the training dataset at 1 SE beyond the minimum partial
likelihood deviance.

In order to separate patients into low- or high-risk groups,
the optimal HRGS cutoft was determined by a time-dependent
receiver operating characteristic (ROC) curve (survival ROC,
version 1.0.3) at 5 years in the training dataset. The Kaplan-
Meier estimation method was used to estimate the ROC curve.
The predictive value of HRGS that corresponded to the shortest
distance between the ROC curve and the point representing both
the 100% true positive rate and 0% false-positive rate was selected
as the cutoff value.

The prognostic value of the HRGS was assessed in stage
II/III CRC patients and patients with all stages in the
training and independent validation cohorts in univariate
analyses, respectively. The prognostic value of HRGS was also
examined with available clinical and pathologic variables in
multivariate analyses.

Functional Annotation and Analysis

To investigate the biological characteristic of the HRGS,
we conducted enrichment analysis for differentially expressed
genes between hypoxic risk groups in TCGA CRC dataset
using the R package “gProfileR.” The biological pathways
of interest were further analyzed by GSEA in R using the
Bioconductor package “HTSanalyzeR.” (22) In addition, we
estimated the proportion of infiltrated immune cells and
stromal cells within the tumor tissues using the ESTIMATE
(Estimation of STromal and Immune cells in MAlignant Tumor
tissues using Expression data) (23). The proportion of different
types of immune cells such as lymphocytes, monocytes, and
neutrophils and necrosis percentage were calculated using
CIBERSORT (24).

Statistical Analysis

Statistical analysis was conducted using SPSS (version 22.0.0,
IBM SPSS Statistics, IBM Corp., Armonk, NY) and R software
(version 3.5.1; http://www.Rproject.org). Means with standard
deviations or medians with interquartile ranges were calculated

Frontiers in Medicine | www.frontiersin.org

June 2021 | Volume 8 | Article 686885


http://gdac.broadinstitute.org/
http://www.Rproject.org
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://www.frontiersin.org/journals/medicine#articles

Chen et al. Hypoxia Promote Chemoresistance via Immunosuppression
A B
r Discovery ( CIT/GSE39582)
(N = 309, patients without
adjuvant chemotherapy) 3 i
g *
g
Identify HRGs H : i .,....
prognositic HRGs (N =1,636) a ¥ t i
g o T1ed
£ ¢ 1t
Traning { CIT/GSE39587) K s '..
(N = 252, stage II/IIl S Tts
HRGS patients) % o 14l Tl
.
construction % s 1984043400171
LASSO Cox <
regression T T T T T
-7 -6 -5 -4 -3 -2
Lambda (log scale)
A 12 gene signature
Optimize cutoff using time-
- dependent ROC analysis G
1 005 __——ORAB
 §
Validation in CIT/GSE39582 Stage II/I1I
(N = 461, P < 0.001, HR = 2.81 (1.82-4.35)
£ 0.00
2
k1
Evaluation < S
0.05
\i Y
Independent Validation 1 Independent Validation 2
TCGA CRC Stage II/11I Meta-Validation Stage II/I11 R
(N=338,P=00LHR= (N =515P < 0.001,HR = -0.95 -1.00 -1.05 -1.10 -1.15
L 214 (1.18-3.89) 2.46 (1.59-3.81) ambda (log scale)
FIGURE 1 | Establishment and verification of HRGS. A schematic flowchart of study design and analysis steps (A). The optimal lambda in the LASSO model was
chosen, and the lowest standard 5-fold crossvalidation was used. By using the minimum standard and the minimum standard of 1 SE (1 — SE standard), a vertical line
was drawn at the optimal value (B). Twelve hypoxia-related genes selected in LASSO COX regression (C).

TABLE 1 | Twelve-Gene hypoxia signature.

Gene Function Frequency in resampling Average P-value Coefficient
TNFAIP8 TNF-a-induced protein 967 0.011 —0.006
ORAI3 Calcium release-activated modulator 999 0.003 0.052
MINPP1 Multiple inositol-polyphosphate phosphatase 1 1,000 0.001 —-0.079
MBTD1 MBT domain containing 972 0.009 —0.023
TRAF3 TNF receptor-associated factor 958 0.012 —0.087
CYB5R3 Cytochrome b5 reductase 957 0.013 0.005
ZBTB44 Zinc finger and BTB domain containing 992 0.005 —0.050
CASP6 Caspase 6 998 0.003 -0.019
DTX3L Deltex E3 ubiquitin ligase 3L 969 0.012 —0.003
FAM117B Family with sequence similarity 117 member B 979 0.008 —0.059
PRELID2 PRELI domain containing 993 0.004 —0.023
IRF1 Interferon regulatory factor 1 992 0.007 —0.070
for continuous values, whereas frequencies were determined RESULTS

for categorical values. The significance between two different
groups composed of continuous values was examined using the
Student ¢ test. Univariate analysis of the association of HRGS
and other clinical pathologic factors with DFS was conducted
using log-rank test. Multivariate analysis was conducted for the
factors with a p < 0.01 in the univariate analysis, using the
Cox proportional hazards regression model. The C-index was
calculated with survcomp (version 1.32.0). A P < 0.05 was
considered statistically significant.

Discovery and Training of the HRGS

According to the CIT gene microarray dataset (GSE39582), a
total of 309 eligible CRC patients without chemotherapy were
enrolled in the analysis as a discovery cohort. Among 3,444
HRGs selected from MSigDB, 3,184 HRGs were detected in
the meta-analysis in this study. Filtering based on conditions
that the median absolute deviation is >0.5 and expression
level is greater than the total median expression level, 1,636
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TABLE 2 | Univariate and multivariate analyses of HRGS and clinical and pathologic factors with DFS of stage II/Ill patients in training cohorts (CIT/GSE39582).

Characteristic Univariate Multivariate
HR (95% CI) P-value HR (95% CI) P-value
HRGS 2.81(1.82-4.35) <0.001 2.70(1.67-4.36) <0.001
Age 1.01(1.00-1.02) 0.20
Gender 1.25(0.88-1.77) 0.21
TNM stage 1.95(1.38-2.75) <0.001 1.48(1.03-2.14) 0.035
Tumor location 1.14(0.80-1.62) 0.46
MMR status 1.98(1.04-3.77) 0.04
CIMP status 0.67(0.38-1.19) 0.17
CIN status 1.60(0.89-2.89) 0.11
TP53 mutation 1.33(0.89-2.01) 0.17
KRAS mutation 1.68(1.11-2.24) 0.01
BRAF mutation 0.74(0.36-1.51) 0.40

HRGs remained. Then, the HRGs were used as candidates to
construct HRGS and stage II/III CRC patients in GSE39582
as training cohort. The association between these genes and
patients’ DFS were assessed using 1,000 times randomization of
Cox univariate regression model, and choosing 95% repeatable
genes, 40 HRGs were selected. Using LASSO Cox regression
in stage II/IIl patients, 12 prognostic HRGs were selected
to construct the HRGS (Figure 1). We used satisfactory RES
cutoff at 5 years in a time-dependent ROC curve analysis
to train HRGS for stratifying high and low hypoxic risk
groups (Supplementary Figure 1A). The prognosis correlation
coefficient of each gene in HRGS was determined (Table 1),
and the related risk score calculation model was defined
(Supplementary Figures 1B,C). As expected, GSEA showed that
the hypoxia pathways were enriched in the high hypoxic risk
patients from GSE39582, confirming that the HRGS was hypoxic-
related signature (Supplementary Figure 1D). Using stage II/III
CRC patients in the CIT dataset (n = 469) as training dataset,
more recurrence cases were arranged in the hypoxia high-risk
group than in the low-risk group (Figures 2A,D; P < 0.001).
Furthermore, this trend was confirmed in TCGA CRC cohort and
Meta-validation cohort (Figures 2B,C,E,F).

Validating the HRGS Prognostic Capability

in TCGA and Metavalidation Cohort

To validate the prognostic power of HRGS, the TCGA dataset
(n = 624) and the metavalidation cohort (n = 687) composed
of GSE17536, GSE33113, GSE37892, and GSE14333 were used.
All datasets include the transcriptional data and prognostic
information. No significant difference was observed among
the three cohorts regarding the clinical and pathologic factors
(Table 2, Supplementary Tables 1,2). To evaluate the HRGS
signature, we compared the nomogram with or without HRGS
in R and analyzed the area under the curve (AUC) of the
ROC curve. The AUC of nomogram with HRGS was 0.61,
which was better than the nomogram without HRGS 0.56
(Supplementary Figures 2A,B). Decision curve analysis (DCA)
was conducted to determine the clinical usefulness of the
predicted nomogram by quantifying the net benefits at different

threshold. As expected, addition of HRGS improved the DCA
in patients of GSE39582, TCGA, and metavalidation cohorts
(Supplementary Figure 2C).

Using the same risk score calculation model, stage II/III CRC
patients were divided into low and high hypoxic risk groups.
Statistical differences of the DFS score were detected between
these two risk groups in the training cohort [hazard ratio (HR)
= 2.81, 95% confidence interval (CI) = 1.82-4.35, P < 0.001],
validation (HR = 2.14, 95% CI = 1.18-3.89, P = 0.01), and
metavalidation cohort (HR = 2.46, 95% CI = 1.59-3.81, P <
0.001) (Figures 2D-F). To further validate its clinical prognostic
value, HRGS was compared with Oncotype DX, a commercially
available diagnostic test that estimates the recurrence risk of the
breast cancer (Supplementary Table 3). The result showed that
HRGS has a better C-index in the training cohort (0.73 vs. 0.60),
TCGA cohort (0.69 vs. 0.51), and the metavalidation cohort (0.72
vs. 0.67).

Furthermore, the HRGS test showed satisfactory prognostic
value to evaluate patents DFS in all-stage CRC cohort
(CSE39582 cohort, HR = 2.30, 95% CI = 1.60-3.30, P <
0.001; TCGA cohort, HR = 2.10, 95% CI = 1.30-3.39,
P = 0.01; metavalidation cohort, HR = 2.43, 95% CI =
1.59-3.70, P < 0.001) (Supplementary Figures 3D-F) and
had a prognostic value to evaluate patents’ overall survival
(Supplementary Figures 3G-I).

HRGS Predicts Benefit From
Chemotherapy in Stage IlI/lll CRC Patients

Univariate and multivariate analyses were applied to determine
if the age, sex, tumor stage, tumor location, pathologic
gene status, and HRGS were associated with CRC patients’
outcomes. Univariate analysis data showed that high HRGS was
significantly associated with worse prognosis in the training
cohort (HR = 2.81, 95% CI = 1.82 - 4.35, P < 0.001, Table 2),
TCGA cohort (HR = 2.11, 95% CI = 1.16-3.83, P = 0.01,
Supplementary Table 2), and metavalidation cohort (HR = 2.46,
95% CI = 1.49 - 3.81, P < 0.001, Supplementary Table 2). In
addition, multivariate analysis revealed that HRGS could be an
independent prognostic factor in the (CSE39582 cohort, HR =
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FIGURE 2 | The outcome of low and high hypoxic risk in stage II/lll CRC patients. The disease-free and recurrence patients in the different hypoxic risk groups of
training cohort (A), TCGA cohort (B), and metavalidation cohort (C). Kaplan-Meier curves comparing patients with low or high hypoxic risk in training cohort (D),
TCGA cohort, (E) and metavalidation cohort (F). P values were calculated using log-rank tests. HR, hazard ratio.
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2.70,95% CI = 1.67-4.36, P < 0.001, Table 2; TCGA cohort, HR
=2.02,95% CI = 1.11-3.68, P = 0.02; metavalidation cohort, HR
=2.12,95% CI = 1.36-3.29, P < 0.001, Supplementary Table 2).

To examine whether HRGS could predict the effect of
adjuvant chemotherapy for CRC patients, we separated the non—
chemotherapy-treated and the chemotherapy-treated group into
high and low hypoxia groups using HRGS test and analyzed the
prognosis data of these patient groups. In CRC patients without
adjuvant chemotherapy, the DFS of the high hypoxia group was
worse than that of the low hypoxia group in both the training
(HR = 5.10, 95% CI = 2.51-10.35, P < 0.001, Figure 3A) and

TCGA cohorts (HR = 2.54, 95% CI = 1.03-6.30, P = 0.037,
Figure 3D). In patients who received adjuvant chemotherapy,
no significant difference in DFS was found between the two
groups (Figures 3B,E; P > 0.05). Moreover, the DFS of the high
hypoxia group without chemotherapy treatment had a similar
outcome as compared with the chemotherapy-treated patients
(Figures 3C,F; P > 0.05).

Functional Annotation of the HRGS

To explore the possible underlying mechanisms responsible
for the worse outcome of DFS in the high hypoxic risk
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FIGURE 3 | Kaplan-Meier plots for validations of the 12-gene hypoxia signature in chemotherapy and non-chemotherapy cohorts (A=F).

patients, enrichment analysis of differentially expressed genes
was conducted by identifying several overrepresented biological
processes in the Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG). Interestingly, the most valuable
biological processes were found to be associated with immune
system response (Figure4A). To further evaluate the role of
genes corresponding to the HRGS, GSEA was performed in
TCGA CRC cohort and found that the hypoxia environment was
statistically related to interferon o (IFN-a), IFN-vy, interleukin 6
(IL-6), and IL-2 (Figure 4B), which are important components of
the immune response network.

ESTIMATE algorithm was used to further validate the
immune system response between different hypoxic risk patients.
A lower stromal score (P < 0.001), immune score (P <
0.001), and ESTIMATE score (P < 0.001) were found in
the high hypoxic risk group (Supplementary Figures 4A,B).
Further analysis of the specific immune cell types were identified
using CIBERSORT, lower percentages of CD4 T cells, and M1
macrophages, whereas higher percentages of regulatory T cells
and M2 macrophages were detected in the high hypoxia group
(Figures 4C,D). To investigate whether the HRGS can predict
the prognosis of immunotherapy, we evaluated HRGS in a
cohort of patients with programmed cell death (PD-1) blockade
treatment (25). The results show that high hypoxic risk patients
have a tendency for worse prognosis after immunotherapy but
cannot reach statistical significance (Supplementary Figure 5A).

In addition, high-risk group patients have a lower score of
T-effector cell infiltration score (IMmotion150 Teft signature),
immune infiltration (Javelin signature), and Merck18, which are
consistent with our results (Supplementary Figure 5B).

To investigate the therapeutic strategy for high hypoxic risk
patients, we analyzed the half maximal inhibitory concentration
(ICs0) of different drugs in the Pharmacogenomics database
Genomics of Drug Sensitivity in Cancer (GDSC) with HRGS.
Using the same risk score calculation model, all cell lines in
the GDSC were divided into low and high hypoxic risk groups
and analyzed the ICsq of different drugs. A total of five drugs
have statistical significance: AZ6102, fulvestrant, irinotecan,
temozolomide, and topotecan (Supplementary Figure 5C). As
expected, high hypoxic risk group cells were more resistant
to the traditional chemotherapeutic drugs, such as fulvestrant,
irinotecan, temozolomide, and topotecan. Interestingly, high
hypoxic risk group cells were more sensitive to AZ6102, a
selective TNKS1/2 inhibitor.

DISCUSSION

Current cancer-related clinical trials have not included the
hypoxia status as a variable factor despite large variability of
tumor microenvironment due to the hypoxia status (26-29).
Although hypoxia tumor microenvironment has been shown to
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FIGURE 4 | Functional annotation of the HRGS. Enrichment analysis of the differentially expressed genes between risk groups in GO and KEGG (A). GSEA showed
IFN-a, IFN-y, IL-6, and IL-2 were depressed in the high hypoxic risk patients (B). Immune cells were assessed based on data from TCGA (C). CD4 T cells and M1
macrophages were depressed while T cells and M2 macrophages were enriched in the high hypoxia group (D,E). P values comparing hypoxia high- and low-risk
groups were calculated with t tests.

affect the chemotherapy outcome in various cancer types (14, 30—
32), there is no tool that could distinguish the high/low hypoxia
risk and predict prognostic response to chemotherapy in CRC.
In this study, we selected various HRGs to create an HRGS for
CRC patients. The data suggested that the HRGS can stratify stage
II/III CRC patients into subgroups with different DES at a 5-
year follow-up duration. Moreover, HRGS test showed a better
C-index outcome as compared with the existing prognostic tool,
Oncotype DX. These results indicate that the HRGS test could
be an effective prognostic tool to distinguish the hypoxia status
among CRC patients.

Current TNM stage classification could not efficiently separate
the patient group for whom chemotherapy was effective within
stage II CRC patients. Studies have shown that chemotherapy-
treated patients have >5% improvement in the 5-year survival
rate (2, 33), and the treatment did not reduce the recurrence
risk (34-36). A more efficient selection method is required
to determine the patient group for whom chemotherapy was
effective within stage II CRC patients. A hypoxia gene signature-
based test may be a potential candidate, as it is known that
the hypoxia microenvironment could promote tumor invasion
and metastasis (10, 11, 37), and HRGS could effectively select
patients for individual-based treatment in other cancer types
(7, 8). However, the predictive potential of HRGS for the disease
prognosis and the chemotherapy outcome in CRC patients has
not been examined yet. In this study, we identified high and
low hypoxic risk groups within CRC patients using HRGS.

The high hypoxic risk group within non-chemotherapy-treated
CRC patients had a similar disease prognosis as compared to
the chemotherapy-treated CRC patients and had a significantly
worse prognosis as compared with low hypoxic risk group. These
results implied that high hypoxic risk related to tumor recurrence
and HRGS could help to determine the non-chemotherapy-
treated patients who could benefit from chemotherapy or other
adjuvant treatment.

To find a novel therapeutic strategy for high hypoxia risk
patients, it is important to understand the intrinsic mechanism
among hypoxia-related poor prognosis. Our previous study
showed that the hypoxia tumor microenvironment was
related to dysregulated cell cycle machinery and PI3K-AKT-
mTOR pathways (38). To date, a genome-wide mechanistic
analysis of how hypoxia tumor microenvironment induces
poor chemotherapy response is still lacking. Analysis of
an HRGS test identified that the hypoxia high-risk group
has significantly lower scores of stromal and immune cell
infiltrations than those observed in the hypoxia low-risk group.
Previous studies have postulated that tumor hypoxia reduces the
antitumor effect by suppressing the microenvironment immune
response (37, 39). A large number of immunosuppressive cells,
such as myeloid-derived suppressor cells, tumor-associated
macrophages, and T-regulatory cells, were found in the hypoxic
zones of the tumor (37, 40, 41). In line with these data, we also
found that the enriched T-regulatory cells and M2 macrophages,
but less amount of M1 macrophages in the high-hypoxic risk
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patients. These data suggest that hypoxia microenvironment
was probably associated with immune suppression and
enhanced tumor progression. As hypoxic microenvironment
could provide tumor resistant to immunotherapy (42, 43),
which has emerged as an effective therapy for CRC (44, 45),
HRGS may have the potential to predict the outcome of the
immunotherapy. Further studies will be required to verify
this hypothesis.

Despite the exciting finding in this study, some limitations to
the study should be noted. First, although we included as many
datasets as possible for validation of our HRGS, the results of this
study should be carefully evaluated because of the shortage of the
retrospective design. Second, gene expression signature is subject
to sampling bias caused by intratumor genetic heterogeneity
(46). Although we have reduced as many as possible cross-study
batch effects by constant ordering and excluding HRGs, their
complex nature implies that not all batch effects can be addressed.
To be more objective, further validation using prospective data
from multiple centers would be ideal and necessary before its
application in clinical practice.

In conclusion, the proposed prognostic HRGS is a
promising test system to estimate the DFS of stage II/III
CRC patients and to predict the possible beneficial effect
from the chemotherapy. Hypoxia tumor microenvironment
may promote chemoresistance in stage II/III CRC patients by
inhibiting the local immune response.
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