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Abstract
Background:

The hypoxic state in tumor microenvironment of breast cancer favors the proliferation and metastasis of
tumor cells thus affecting patient survival. In this study, we aimed to combine single-cell sequencing data
and bulk sequencing data to construct hypoxia-related prognostic signature of breast cancer patients.

Methods:

Single-cell RNA transcriptome data of MCF7 cells subjected to hypoxia microenvironment, the bulk
tumour transcriptome data and clinical data were loaded from Gene Expression Omnibus (GEO) database
and The Cancer Genome Atlas (TCGA) database. Screening for differentially expressed genes (DEGs) in
MCF7 cells under hypoxic microenvironment. Functional enrichment analysis of these DGEs was
performed via Gene ontology annotation (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) and
Gene Set Variation Analysis (GSVA). Univariate, the least absolute shrinkage and selection operator
(LASSO) regression algorithm and multivariate Cox regression were applied to determine the prognostic
gene signature. Risk score and clinical features were used to construct a nomogram model. 22 immune
cell in�ltrates were calculated using the CIBERSORT algorithm and correlations between risk scores and
tumor microenvironment were analyzed. 

Results:

Total 329 DEGs between the hypoxia and normoxia state were identi�ed from scRNA-seq data. GO, KEGG
and GSVA analysis revealed that the most gene sets were related to hypoxia. Combined with information
of 1099 breast cancer samples sourced from the TCGA database, we identi�ed four genes (ERRFI1,
HSPB8, PGK1, STC2) to be independent prognostic genes, and risk scores based on their gene expression
were calculated for each patient. Kaplan-Meier survival analysis showed a negative correlation between
risk score and patient survival time. The validation using GSE20685 dataset data also yielded similar
results. Risk scores and clinical data were considered as independent prognostic factors for breast cancer
patients for the construction of a nomogram model, and the model showed good prognostic power.
CIBERSORT algorithms was used to calculate 22 immune cell in�ltrates in BRCA patients, and the
analysis demonstrated that risk scores were positively associated with immunosuppression.

Conclusions:

In summary, we used single-cell sequencing data from MCF-7 cells under hypoxic conditions to identify
prognosis-related genes, and the constructed prognostic model displayed well predictive properties.

Background
The tumor microenvironment (TME) was generated by the interaction between tumor cells and the
organism[1]. Most rapidly growing solid tumors have a hypoxic microenvironment, which is characterized
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by lower-than-normal oxygen levels and pressures, and is particularly common in rapidly growing solid
tumors. In the hypoxic microenvironment, tumor cells rely on glucose metabolism, enhance resistance to
apoptosis, induce genomic instability, reduce immune surveillance, and induce angiogenesis and
migration to hypoxic regions[2].There has been an extensive review on the clinical signi�cance of hypoxia
in cancer treatment, which not only reduces the sensitivity to radiotherapy involved in chemoresistance
but also can compromise immunotherapy e�cacy[3–6].

Breast cancer is a malignant tumor common in women on a global scale, and approximately 276,480
women in the US are estimated to develop breast cancer in 2020[7]. Despite the development of
comprehensive breast cancer treatment in recent years, it is still the second deadliest tumor in women[8].
Local recurrence and metastasis are the most important reasons for reducing breast cancer survival
time[9]. Hypoxia-inducible factor 1 (HIF-1) is widely recognized as a major regulator of the body's
response to hypoxia and involved in angiogenesis, invasion, metastasis and treatment resistance in
breast cancer[10]. The exact mechanism by which hypoxia causes breast cancer recurrence and
metastasis have been investigated comprehensively[11, 12]. Genomic analysis of bulk tumors had shed
light on the biological pathways of tumor cells in the hypoxic microenvironment. Recent developments in
single-cell analysis methods can reveal more precisely the extent, function and origin of differences
between cells[13]. Such as Ana Miar et al. used single-cell sequencing of MCF7 cells to determine the
hypoxic impacts on type I IFN pathway and the underlying mechanisms involved[14], however, the result
was not consistent with the previously accepted view that the downregulation of IFN during hypoxia is
mainly associated with HIF1α and HIF2α.

Herein, we used scRNA-seq data of MCF7 cells under hypoxia environment, wishing to provide a more
valid indicator of the role between hypoxia and breast cancer progression.

Methods

1.Data collection
Single-cell transcriptome data of MCF7 cells subjected to 0.1% hypoxia or normoxia microenvironment
and the data of 326 breast cancer samples were available from the GEO database under numbers
GSE134038 and GSE20685, respectively. The bulk tumour transcriptome data and clinical data of BRCA
patient was downloaded from TCGA database, total 1222 samples were collected. The clinical
information included age, histological type, T stage, N stage, M stage, follow-up time, survival status.

2. scRNA-Seq Data Processing and screening differentially
expressed genes under hypoxia microenvironment
The scRNA-seq data was analyzed by ‘Seurat’ package under R environment[15]. Genes detected in less
than 3 cells, detected cells with less than 50 genes and the percentage of mitochondrial-derived gene
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expression exceeds 5% were used as the data �ltering criteria. Genes that differed signi�cantly between
cells were identi�ed, and the top 1500 variable genes was plotted. Principal component analysis (PCA)
was taken for linearly dimension reduction and identify signi�cant available dimensions in the
dataset[16]. The t-Distributed Stochastic Neighbor Embedding (tSNE) analysis was to visualize the cluster
classi�cation of all cells[17]. FindMarkers was utilized to screen the differentially expressed genes (DEGs)
among the hypoxia and normoxia clusters, which were de�ned as hypoxia related DEGs. The cutoff value
of differentially expressed genes was de�ned as the absolute log2 fold change of ≥ 1 and the adjusted P
value of < 0.05.

3.Functional analysis of hypoxia related DEGs
Gene ontology annotation (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were done for
the screened hypoxia related DEGs to clarify GO and KEGG function classi�cations annotation and
functional enrichment. The false discovery rate (FDR) < 0.05 was used as a �ltering criterion. These
analyses were made in R environment with ‘clusterPro�ler’ package[18] and then visualized with the
‘ggplot2’ package. Gene set variation analysis (GSVA) was used to analyze the differences in gene
enrichment between the hypoxia and normoxia clusters, and was performed in R environment with ‘GSVA’
package. Gene sets of “h.all.v7.4.symbols” were downloaded from MSigDB database for GSVA analysis.
p value < 0.01 was considered as statistically signi�cance.

4. Construction and validation of hypoxia related signature
in BRCA patients
First, a matrix of hypoxia-related DEGs in tumor patients were extracted from TCGA-BRCA transcriptome
pro�les. Prognostic genes that correlate with overall survival (OS) were then screened by univariate
analysis. Those genes with prognostic signi�cance were put into the least absolute shrinkage and
selection operator (LASSO) regression algorithm to screen the candidate prognostic genes. Then, the
result of multivariate Cox regression analysis was �nally used to construct hypoxia related risk score
model. Univariate and multivariable Cox regression analysis were conducted by the ‘survival’ package in R

environment. Risk score was �gured out as followed: Risk score = ∑
n

i = 1Coefi × xi, Coef is the

coe�cient analyzed in multivariable Cox regression analysis, x is the gene number of selected hypoxia-
associated gene. Patients in the TCGA-BRCA database were the training cohort and patients in the
GSE20685 database were the validation cohort. Use this equation to �gure out the risk score, and classify
patient into two groups of high and low risk based on the median value of their results. The expression
levels of prognostic genes in the two groups were demonstrated using heatmaps, which were created in
the R environment by the 'heatmap' package. The Kaplan-Meier method was used to evaluate the survival
analysis for the two groups, which was created using the 'survival' and 'survminer' packages in the R
environment. We evaluate the e�ciency of our risk score for OS prediction by manipulating receiver
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operating characteristic (ROC) curves, which are constructed with ''survivalROC'' package in R
environment.

5. Construction of Nomogram based on hypoxia related
signature and clinical characteristics
Univariate and multivariate Cox regression analysis were done to investigate the correlation between risk
score, clinical characteristics and OS in BRCA patients, and then construct the nomograms by the ‘rms’
and ‘survival’ package, which is used to estimate the probability of 3-, 5- and 10-years survival for BRCA
patients. The calibration curve was obtained by plotting the observed rates against the probability
predicted by nomogram via a Bootstrap method with 1,000 resamples for internal validation of the
analyzed database.

6. Analysis of the relevance of risk scores and immune cell
in�ltration in TCGA-BRCA patients
The ‘CIBERSORT’ R package was used to calculate 22 immune cell in�ltrates in TCGA-BRCA patients.
Then, we calculate the correlation between risk score and immune in�ltration using Pearson correlation.

7. Statistical analysis
All of the statistical tests including univariate and multivariate Cox regression, LASSO regression
analysis, K-M survival analyses, Pearson correlation analysis were implemented by R version 4.0.2 in the
RStudio environment. All analyses performed were two-sided, and P values < 0.05 considered statistically
signi�cant.

Results

1. Identi�cation of DEGs of MCF7 cells among 0.1% hypoxia
or normoxia microenvironment using scRNA-seq data
Quality control of scRNA data of MCF7 cells subjected to 0.1% hypoxia or normoxia microenvironment
was shown in Fig. 1A, plotting the range of single-cell RNA amounts, total gene numbers, and the
proportion of mitochondria sequenced per cell. Scatterplot of mitochondrial gene proportions in relation
to sequencing data and scatterplot of genes in relation to sequencing data was shown in Fig. 1B. 13186
genes and 1,500 highly variable genes found in the scRNA data between cells were list in Fig. 1C, and the
top 10 variable genes were labeled. And these variable genes were divided into 20 different components
by PCA, of which statistically signi�cant components were further used for tSNE dimensionality reduction
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(Fig. 2A-D). After tSNE dimensionality reduction, MCF7 cells were divided into 4 clusters. According to the
experimental design, cluster 0 and cluster 3 from 0.1% hypoxic microenvironment, cluster 1 and cluster 2
from normoxic microenvironment (Fig. 3A-B). Subsequently, 329 DEGs between hypoxia and normoxia
clusters were identi�ed, the violin plot shows the top 10 up-regulated and top 10 down-regulated
differentially expressed genes between these two clusters. (Fig. 3C).

2. Functional analysis of hypoxia related DEGs
GO function and KEGG pathway analysis was performed on 329-hypoxia associated DEGs. In the
biological processes, the hypoxia related DEGs were mainly enriched in response to oxygen levels,
response to hypoxia, response to decreased oxygen levels et al. In the cellular component, chromosomal
region, chromosome, telomeric region; nuclear chromosome, telomeric region et al. In the molecular
functions, the hypoxia related DEGs were mainly enriched in ATPase activity, DNA-binding transcription
factor binding, nuclear receptor binding et al. (Fig. 4A). In the KEGG pathways, the hypoxia related DEGs
were mainly enriched in Pathways of neurodegeneration-multiple diseases, Parkinson disease, Alzheimer
disease et al. (Fig. 4B). We used GSVA enrichment analysis to investigate the differences in biological
behavior between hypoxic and normoxic clusters. As shown in Fig. 4C, in the hypoxic state, such as
hypoxia, glycolytic pathways are activated, while oxidative phosphorylation and DNA repair pathways are
inhibited, and this analysis is also consistent with experimental studies.

3. Construction and validation of hypoxia related signature
in breast cancer patients
Total 1099 BRCA tumor samples downloaded from TCGA database were included in the analysis by
removing the tissue information of 113 normal samples. A matrix of 329 depleted hypoxia-related DEGs
was extracted for subsequent analysis. The results of univariate analysis indicated that 22 prognostic
genes were statistically correlated with OS in BRCA patients, of which, 16 genes (BAMBI, BNIP3, CBX5,
GRB10, HSPB8, KRT80, LSS, NDRG1, P4HA2, PGK1, SLC7A5, SRD5A3, ST3GAL1, TUBA1B, TXNRD1,
XPOT) were considered as dangerous genes, 6 genes (CYBA, DUS1L, ERRFI1, FAU, PSME2, STC2) were
thought as protective genes (Fig. 5A). LASSO regression analysis was done for the selection of the ideal
genome, and 14 candidate prognostic genes were screened, including BAMBI, CBX5, CYBA, DUS1L,
ERRFI1, GRB10, HSPB8, KRT80, LSS, P4HA2, PGK1, PSME2, SRD5A3, STC2(Fig. 5B-C). Finally, according
the result of multivariate Cox regression analysis, 4 genes (ERRFI1, HSPB8, PGK1, STC2) was thought as
independent prognostic factors in BRCA patients, and prognostic models were constructed (Fig. 5D). The
risk score was obtained below: Risk score = (-0.3240× ERRFI1) + (0.1613× HSPB8) + (0.5816× PGK1) +
(-0.1245 × STC2) (Fig. 4). Risk scores were used to classify TCGA-BRCA patients into high-risk and low-
risk groups. Kaplan-Meier survival analysis showed a negative correlation between risk score and patient
survival time (Fig. 6A). As the risk score increased, there were signi�cantly more deaths in BRCA patients
(Fig. 7A-C). And the area under the curves (AUCs) in ROC cures was 0.747, demonstrates positive
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predictive accuracy of this prognostic model (Fig. 6B). We also validated the predictive power of this
prognostic feature with the GSE20685 dataset containing 327 breast cancer samples. As well, the
number of people in the high-risk group who were in the death state was signi�cantly higher (Fig. 7D-F).
The accuracy of this model was con�rmed in validation set with an AUC of 0.674 in the ROC curve (Fig.
6C-D).

4. Construction of Nomogram based on risk score and
clinical characteristics
Samples were excluded for lack of any clinical features, at last, total of 705 cases of clinical information
data were included. Clinical characteristic of 705 BRCA tumor samples in the TCGA database were
presented by Table 1. The clinicopathological factors such as age, histological type (In�ltrating Ductal
Carcinoma, In�ltrating Lobular Carcinoma and other), T stage (T0, T1, T2 and T3), N stage (N0, N1, N2,
and N3), M stage (M0 and M1) were included. The results of univariate Cox regression analysis indicated
that age, T stage, N stage, and M stage were correlated with OS in BRCA patients (Fig. 8A). After
multivariate Cox regression analysis, it was determined that risk score, age, N stage, and M stage in
clinical characteristics, were signi�cantly associated with OS in BRCA patients (Fig. 8B). Depending on
the results of the multifactor Cox regression analysis, age, T stage, N stage, M stage and risk score were
integrated into the OS competing nomograms of BRCA patients (Fig. 9A). The calibration plot for the
probability of OS at 3-, 5-, and 10-years showed promising line of agreement between the prediction using
nomograms and actual observed survival (Fig. 9B-D).  
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Table 1
Clinical characteristic of breast invasive carcinoma (BRCA) patients in

the TCGA database.
Characteristics   Total %

Age at diagnosis(y) ≥ 65 186 26.38

  < 65 519 73.62

Histological type IDC 530 75.18

  ILC 112 15.89

  Other 63 8.94

T stage T1 184 26.10

  T2 432 61.28

  T3 74 10.50

  T4 15 2.13

N stage N0 360 51.06

  N1 224 31.77

  N2 83 11.77

  N3 38 5.39

M stage M1 695 98.58

  M0 10 1.42

IDL, In�ltrating Ductal Carcinoma; ILC, In�ltrating Lobular Carcinoma.

5.The correlation of risk scores and immune cell in�ltration
in TCGA-BRCA database
Immune cell in�ltration was computed using the CIBERSORT algorithm for 1099 BRCA tumor samples
obtained from the TCGA database. As the risk score increased, B cell memory, B cell naive, Monocyte, T
cell follicular helper, Macrophage M1, T cell CD8+, Myeloid dendritic cell resting was negatively activated,
whereas NK cell resting, Macrophage M0, Macrophage M2 were positively activated (Fig. 10).

Discussion
Breast cancer is the highest incidence malignancy in the world and also the second most lethal
malignancy in women. Hypoxia was involved in several biological processes in breast cancer such as
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invasion, metastasis, and resistance to radiotherapy and chemotherapy. Hypoxia-related genes have been
used to develop risk assessment models for predicting patient prognosis[19–21]. With recent advances in
single-cell sequencing technology, it’s now much more accessible to detect the heterogeneity of cells than
traditional sequencing technology. In hence, in this study, we performed differential gene analysis using
single-cell sequencing data of breast cancer cells under hypoxic and normoxia conditions, and combined
conventional sequencing data and clinical data to construct a prognostic model of hypoxia-related genes
in breast cancer patients.

At �rst, 329 DEGs were screened between the hypoxia and normoxia clusters. GO and KEGG functional
analysis results indicated that DEGs identi�ed were mainly related to oxygen metabolism, organism
metabolic synthesis, and their functions were mainly enriched with degenerative disease-related
pathways and oxygen metabolism-related pathways. GSVA enrichment analysis showed that breast
cancer cells in hypoxic state, such as hypoxia, glycolysis and other pathways are upregulated, while
oxidative phosphorylation, DNA repair and other pathways are downregulated. Results of the analysis are
consistent with experimental conditioning and previous studies.

Based on the analysis results, four gene (ERRFI1, HSPB8, PGK1 and STC2) were thought as independent
prognostic factors in BRCA patients. Some of these genes have already been studied and reported in
other prognostic model[20, 22].The biological functions of ERRFI1 mainly act on proliferation, apoptosis,
senescence, migration, invasion, epithelial mesenchymal transition, DNA damage and glucose
metabolism. ERRFI1 was involved in cancer treatment resistance, but the impact of ERRFI1 in breast
cancer remains complex[23]. It has been shown that ERRFI1 is a protective gene in MCF10A, MDA-MB-
468 cell lines, but promotes tumor growth by promoting proliferation and inhibiting apoptosis in MDA-
MB-231 or MCF-7, respectively[24, 25]. Therefore, the biological function of ERRFI1 needs to be more
intensively studied, and its protective role in this study is also consistent with other breast cancer
prognostic model[20]. The Heat Shock Protein B8(HSP8) is a small chaperone that participates in
chaperone-assisted selective autophagy (CASA). The expression and function are tumor-speci�c[26]. The
contribution of HSP8 in breast cancer is still confused. The expression of HSPB8 was signi�cantly
elevated in radiation-resistant BC lines compared to parental MCF-7 and MDA-MB-231 cells[27], but the
results of Sally Trent et al. showed that overexpression of HSPB8 signi�cantly increased
radiosensitivity[28]. HSPB8 silencing in MCF-7 cells inhibits the migration-promoting effect induced by
17β-estradiol treatment[29], which is consistent with its role as a danger gene in this model.
Phosphoglycerate kinase1 (PGK) was take part in a variety of biological activities, including regulation of
glucose metabolism, initiation of autophagy, DNA replication and repair in the nucleus of mammalian
cells[30]. According to the results of TCGA database analysis, PGK1 was high expressed in most tumor
cells, and the expression level correlated with the T-stage and M-stage of BRCA patients[31].
Stanniocalcin 2 (STC2) is a kind of glycoprotein hormone, and its biological behavior in human cancer is
tumor type dependent. High expression of STC2 promotes tumor invasion and metastasis in gastric,
pancreatic and hepatocellular carcinomas, and negatively correlates with tumor patient survival[32].
However, in breast cancer cells, the expression of STC2 increased after estrogen induction and correlated
with improved disease-free survival and longer overall survival[33–35].
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In this study, the prognostic model was constructed using genes differentially expressed in MCF-7 cells
under hypoxia, which can provide a good understanding of how hypoxia-related genes may act in the
prognosis of breast cancer patients. Although the AUC values of this prognostic model showed to be
effective in predicting patient survival, the state of the tumor microenvironment is complex, and hypoxia
is only one part of it, and there is still room for further improvement of this assessment model.

The results of Pearson correlation analysis revealed that risk score was directly correlated with the
expression of NK cell quiescent, macrophage M0, and macrophage M2 positive immune cells, which are
weak tumor killers or even promote tumor cell growth. This result is consistent with the prior worse
survival results for patients with high-risk scores obtained from the KM survival analysis. However,
whether this risk score helps to predict the e�cacy of immunotherapy in BRCA patients still needs further
study.

Conclusions
In summary, we used single-cell sequencing data from MCF-7 cells under hypoxic conditions in
combination with conventional sequencing data and clinical information to identify prognostically
relevant genes, and the constructed prognostic model displayed well predictive properties.
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Figure 1
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Overview of scRNA-seq pro�les in MCF7 cells under 0.1% hypoxia or normoxia microenvironment. (A)
Violin plot of feature genes, total gene numbers and percentage of mitochondrial genes detected in the
sample for all cells. (B) Scatter plot of sequencing depth versus mitochondrial gene content and gene
number. (C) The diagram showed 1,500 highly variable genes between cells, the top 10 variable genes
were labeled.

Figure 2

Principal Component Analysis (PCA) of scRNA-seq pro�les in MCF7 cells under 0.1% hypoxia or normoxia
microenvironment. (A)PCA results of scRNA-seq dataset revealing its important available dimensions.
(B)Top 20 principal genes of PC_1, PC_2, PC_3 and PC_4 clusters. (C)Heatmaps of PC_1, PC_2, PC_3 and
PC_4 clusters. (D) 20 PCs with signi�cant P values were identi�ed.
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Figure 3

Clustering and denti�cation of DEGs of MCF7 cells among 0.1% hypoxia or normoxia microenvironment.
(A) Basing on the t-SNE algorithm, scRNA sequencing pro�les were classi�ed into 4 cell clusters. (B)
Based on experimental design, cluster 0 and cluster 3 from 0.1% hypoxic microenvironment, cluster 1 and
cluster 2 from normoxic microenvironment. (C) Violin plot shows the top 10 up-regulated genes and the
top 10 down-regulated genes in hypoxia microenvironment.
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Figure 4

Functional analysis of hypoxia related DEGs. (A) Gene Ontology (GO) function enrichment results. (B)
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis results. (C) Gene set variation
analysis (GSVA) results of the differences in gene enrichment between the hypoxia and normoxia
clusters.
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Figure 5

Identi�cation of hypoxia-associated prognostic genes for survival prediction. (A) Univariate analysis
results of 22 hypoxia-related DEGs that were associated with OS in BRCA patients. (B) Lasso coe�cient
pro�le of the 22 hypoxia-related DEGs. (C) Selection the optimal parameter (λ) in the LASSO model. (D)
Multivariate Cox analysis showed that four hypoxia-related DEGs were the independent prognostic
factors identi�ed for prognosis of survival prediction.
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Figure 6

Kaplan-Meier curves and the receiver operating characteristic (ROC) curve of hypoxia related prognostic
model for overall survival of breast invasive carcinoma (BRCA) patients. The KM survival curves in the
Cancer Genome Atlas (TCGA) dataset (A) and the GSE20685 dataset(C) showed that the low-risk group
survived longer than the high-risk group. The receiver operating characteristic (ROC) curve of hypoxia
related prognostic for overall survival of BRCA patients in the Cancer Genome Atlas (TCGA)
dataset(B)and GSE20685 dataset(D).
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Figure 7

Construction and validation of hypoxia related prognostic in breast invasive carcinoma (BRCA) patients.
The risk scores of BRCA patient distribution in TCGA dataset(A)and GSE20685 dataset(D). Survival and
death of patients in different risk scores subgroups in TCGA dataset(B)and GSE20685 dataset(E).
Heatmap of differentially expressed hypoxia related genes in TCGA dataset(C)and GSE20685 dataset(F).

Figure 8

Univariate (A) and multivariate Cox regression analysis (B) of the correlation results between risk scores,
clinical parameters and overall survival in patients with breast invasive carcinoma (BRCA).
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Figure 9

Nomogram for predicting survival of breast invasive carcinoma (BRCA) patients. (A) The nomogram to
predict the overall survival of BRCA patients. (B-D) The calibration curves for the nomogram when
predicting 3-, 5-, and 10-years overall survival for BRCA patients.
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Figure 10

Relationships between risk scores and immune cell in�ltration in TCGA-BRCA database.


