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Abstract

Rationale: Glioblastoma (GBM) is an aggressive malignant primary brain cancer with poor survival.
Hypoxia is a hallmark of GBM, which promotes tumor cells spreading (invasion) into the healthy brain
tissue.

Methods: To better elucidate the influence of hypoxia on GBM invasion, we proposed a data-driven
modeling framework for predicting cellular hypoxia (CHPF) by integrating single cell transcriptome
profiling and hypoxia gene signatures.

Results: We characterized the hypoxia status landscape of GBM cells and observed that hypoxic cells
were only present in the tumor core. Then, by investigating the cell-cell communication between immune
cells and tumor cells, we discovered significant interaction between macrophages and tumor cells in
hypoxic microenvironment. Notably, we dissected the functional heterogeneity of tumor cells and
identified a hypoxic subpopulation that had highly invasive potential. By constructing cell status specific
gene regulatory networks, we further identified 14 critical regulators of tumor invasion induced by
hypoxic microenvironment. Finally, we confirmed that knocking down two critical regulators CEBPD and
FOSLI could reduce the invasive ability of GBM under hypoxic conditions. Additionally, we revealed the
therapeutic effect of Axitinib and Entinostat through the mice model.

Conclusion: Our work revealed the critical regulators in hypoxic subpopulation with high invasive
potential in GBM, which may have practical implications for clinical targeted-hypoxia cancer drug therapy.

Keywords: glioblastoma, hypoxia status, invasion, regulators, single-cell RNA sequencing

Introduction

Glioblastoma (GBM), a grade IV astrocytoma, is  surrounding parenchyma makes it impossible for
a rapidly growing and highly invasive brain tumor  GBM to be completely surgically resected, and tumor
[1], with low median survival (range from 15 to 17  recurrence can occur even after complete resection
months) and high incidence (3.19 per 100,000 per  within the visible range [5]. Thus, invasion is the main
year) [2-4]. The extensive infiltration of the tumor  obstacle to GBM treatment.
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Low tumor oxygenation, also known as hypoxia,
is a common feature of solid tumors [6, 7] and a key
factor in tumor microenvironment that promotes
cancer cell spread (invasion) into the healthy tissue to
evade this adverse microenvironment [8-10]. Since
hypoxia is a strong inducer to stimulate an invasive
ability in GBM, an increasing amount of research has
been focused on how hypoxia triggers the GBM cells
to invade [6, 11, 12]. Several previous studies reported
that hypoxia enhanced migration and invasion in
GBM by activating special signaling pathways or
regulators, such as HIFla, HIF2a, EMT transcription
factor ZEB1 [13-16]. Therefore, understanding of the
hypoxia status of tumor microenvironment could help
improve GBM therapy.

Previous studies on tumor hypoxia were mainly
based on bulk samples. For example, Shi et al.
established hypoxia-derived signatures based on
microarray and RNA-seq datasets, which were
promising biomarkers to predict survival and
therapeutic response in stage I lung adenocarcinoma
patients [17]. Bhandari et al. quantified hypoxia in
8006 tumors across 19 tumor types derived from
TCGA and revealed tumor hypoxia may drive
aggressive molecular features across cancers [18].
However, due to the dynamic degree of tissue
oxygenation and the diversity of hypoxia levels across
tissues, bulk sequencing is unable to reveal the high
intratumor heterogeneity driven by hypoxia [6, 9, 19].
Single-cell sequencing technologies have recently
facilitated a deeper exploration of intratumor
heterogeneity [20, 21], allowing to investigate a more
aggressive phenotype under hypoxia microenviron-
ment and infer potential regulators.

Collectively, to explore the influence of hypoxia
on GBM cells, including immune cells and tumor
cells, especially how to mediate tumor invasion, we
first designed a cellular hypoxia predicting
framework, referred it as CHPF, to predict cellular
hypoxia status and applied the CHPF to GBM
single-cell RNA-seq data. Our work provided a
landscape of cellular hypoxia and uncovered the
critical regulators in hypoxic subpopulation with high
invasive potential in GBM. The critical regulators
could act as promising factors for the survival of
patients and drug targets of hypoxia-targeted GBM
treatments.

Materials and Methods

Single cell RNA-seq data acquisition and
processing
We downloaded the single-cell RNA transcrip-

tion data of GBM from the GSE84465 [22], GSE117891
[23], GSE125587 [24], GSE131928 [25] in the Gene

Expression Omnibus (GEO) database, which included
3589 cells (four GBM patients form two separate
locations, tumor core and surrounding peripheral
tissues), 6148 cells (13 GBM patients collected from
tumor core, tumor peripheral tissues and normal
tissues), 21750 cells (ten GBM patients), and 16201
cells (nine GBM patients), respectively. The raw count
expression profiles were normalized and scaled using
the Seurat [26] R package and genes were removed if
they expressed in < 0.1% cells.

Identification of high-confidence cells

We used '"hypoxia" and "hypoxic" as the
searching terms in the Molecular Signature database
(MSigDB) and screened out seven hypoxia-related
gene sets by the following conditions: (1) obtained
from human; (2) without knockout experiments or
other chemical compounds; (3) up-regulated under
hypoxia; (4) removed redundant gene sets. Single
sample gene set enrichment analysis (ssGSEA) was
used to calculate activity score of each cell in each
hypoxia gene set [27]. For one gene set, Gaussian
mixture model (GMM) was used to assign cells into
high- and low-score group based on cells’ activity
scores [28]. Cells were considered as high-confidence
hypoxic cells if they were all assigned to the
high-score group in seven GMMs, and cells were
considered as high-confidence normoxic cells if they
were all assigned to the low-score group in seven
GMMs.

Cellular hypoxia predicting framework
(CHPF)

We used high-confidence cells to predict the
hypoxia status of other unclassified cells. Differential
expression analysis between high-confidence hypoxic
and normoxic cells was performed by wilcoxon rank
sum test and the top 500 differential expressed genes
(DEGs) were selected as input features. Five-fold cross
validation was performed to assign the training set
and the test set. In each training set, we obtained all
hypoxic cells and the same size of normoxic cells by
random sampling. Next, we used Light Gradient
Boosting Machine (LightGBM) to build the Gradient
boosting decision tree to classify cells into hypoxic or
normoxic cells. This step will be performed 100 times
and obtained 100 decision trees, fi, fo,***, figo.- Given
that the different accuracy of decision trees, the
equal-weight voting ensemble classifiers cannot
effectively reduce errors caused by inefficient
sub-classifiers. Thus, for each decision tree, we used
the test set to evaluate its effectiveness and assigned
the recall rate as the weight of the decision tree. The
voting rate formula was defined as following:
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2z Wi(x)fi(x)
P(x) = 2L =100
?:1 W;(x) ( )
where f;(x) is the indicator function,

representing the status of cell x in the decision tree i .
If the cell is predicted to be hypoxic, fi(x) = 1,
otherwise f;(x) = 0. W;(x) denotes the weight of each
decision tree which is calculated by recall rate. The
voting rate P(x) determines the final prediction result.
If P(x) >0.5, the cell will be assigned as a hypoxic
cell, otherwise it is assigned as a normoxic cell.

Then, we selected genes that were used as
features in more than 90% of decision trees, and
performed differential expression analysis on them in
each cell type to identify «cell type-specific
hypoxia-related gene signatures (Wilcoxon test, FDR
< 0.05 and log2FC > 1.5).

Cell-cell communication analysis

Cross-talks between tumor cells and immune
cells in different hypoxia status were done using the
CellChat package [29]. The gene expression data of
each cell was obtained from the Seurat normalized
expression matrix. We identified overexpressed
ligands or receptors among cell types, and used the
“computeCommunProbPathway” function to infer
the cell-cell communication at a signaling pathway
level.

Single cell RNA-seq clustering and marker
genes identification

We applied the top 2000 high variable features of
the dataset to perform principal component analysis
for reducing the dimensionality of data, and the top
20 principal components were used for downstream
analyses. The cell subpopulations were identified
using the “FindClusters” function (resolution = 0.6)
and visualized using UMAP [30]. To identify the
marker gene for each subpopulation, we used the
“FindMarkers” function between each hypoxic
(normoxic) subpopulation to all normoxic (hypoxic)
tumor cells.

Metabolic pathways and biological processes
enrichment analysis

We obtained metabolic pathways and
pathway-related genes from KEGG database. The
activity scores of 80 metabolic pathways in each
subpopulation (H1, H2, H3, N1, N2, N3) were
calculated according to Xiao et al. [31]. The input data
was the normalized expression matrix.

The R package clusterProfiler was used to
conduct GO biological process analysis [32]. Go terms
of adjusted p value < 0.05 were considered as
significantly =~ enrichment. = Cytoscape  plugins
EnrichmentMap and AutoAnnotate were used to

visualize similar pathways with stringent pathway
similarity scores [33][34].

Inference of copy number variation alterations

We used inferCNV to infer CNAs from single
cell RNA sequencing data. To determine the distinct
chromosomal copy number patterns of each
subpopulation, we set oligodendrocyte progenitor
cells as "reference" cells. The CNA score of each cell
was calculated as a quadratic sum of CNVregion.

Cell status-specific gene regulatory network
analysis and critical genes identification

The cell status-specific gene regulatory networks
were constructed for H2 subpopulation and N2
subpopulation by SCENIC, respectively [35]. GENIE3
was used to construct a co-expression network and
RcisTarget was used to identify regulons for each
transcription factor [36]. Then, we employed a
centrality metrics method, as described in a previous
study, to measure the importance of nodes [37]. The
method contained five centrality metrics, including
degree, betweenness, eigenvalue, PageRank and
closeness. Q statistic was used to integrate the
five-centrality metrics of the nodes and the top 1%
genes ranked by the integrated Q statistic in each
network were considered as critical genes.

Evaluation of associations between critical TFs
and clinical outcomes

We downloaded two gene expression datasets
from TCGA and GEO (GSE16011 [38]), which con-
tained gene-expression data and clinical information.
After filtering out patients without clinical
information, 518 GBM patients from TCGA were
treated as a training dataset, and 150 GBM patients
from GSE16011 were used as an independent
validation dataset. We performed the univariate Cox
proportional hazards regression to investigate the
association between the expression of critical TFs and
the OS of GBM patients in the training set. Significant
OS-related genes were selected (P < 0.05) to further
perform variable selection using stepwise regression
analysis. Ultimately, there were four TFs (FOSLI,
CEBPD, MXI1, YY1) that were identified in our study
to construct the final prognostic model based on the
gene expression weighted by regression coefficients of
univariable Cox regression analysis.

L
riskscore = Z(coefi X expr;)
i=1
Patients were classified into the high-risk group
and the low- risk group based on the median risk
score. KM curves were used to compare the OS
between two groups. Multivariate Cox regression
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analyses were performed with risk score, age, sex,
Karnofsky score, Histological subtype, molecular
subtype and IDH1 mutation as variables to assess
whether risk score could be as an independent
predictor.

Sensitivity analysis of anticancer drugs and
drug-perturbed analysis

We downloaded the drug sensitivity data and
gene expression profiles of cancer cell lines from
Genomics of Drug Sensitivity in Cancer (GDSC). First,
we selected expression data of brain cancer cell lines
and calculated Spearman’s correlation between the
expression of 14 critical TFs and the AUC of
compounds (|cor| > 0.3 and FDR < 0.05). Then, we
employed the recently updated LINCS (Expanded
CMap LINCS Resource 2020), a data-driven,
systematic approach for discovering correlations
among genes, chemicals, and biological conditions, to
search for candidate compounds that might target
critical TFs we identified above. In this study, we
focused on brain cancer cell lines and neuroblastoma
cell lines, which included 6 cell lines and 906
compounds. With a strict requirement that the drug
treatment concentration was 10 um, treatment time
was 24 h, and the number of drugs in per cell line > 10,
we finally obtained 1182 drug perturbation data.
Then, based on the weighted Kolmogorov-Smirnov
enrichment statistic (ES) we calculated the weighted
connectivity score of each drug per cell line. WTCS
ranges from -1 to 1. Greater than 0 means positive
correlation, less than 0 means negative correlation,
and near zero for signatures that are unrelated.

Cell lines

All GBM cell lines (U87, LN229) were purchased
from the Institute of Biochemistry and Cell Biology,
Chinese Academy of Science. Patient-derived GBM
cell line (HGY9) was obtained from patients with
primary GBM. U87, LN229, and HG9 cell lines were
cultured in DMEM (Gibco) medium with 10% FBS
(Gibco) and penicillin/streptomycin 25000U supple-
mented, and a humid atmosphere in 37°C with 5%
CO,. U87, LN229, and HG9 cells interfered with
CEBPD and FOSL1 siRNA and control vectors as
indicated.

3D Sphere Invasion Assay

Our performance followed the manufacturer’s
instructions as indicated by 3D Spheroid BME Cell
Invasion Assay Kit (Trevigen). Harvested 2000 cells
for each well and washed them in PBS. Resuspended
cells in spheroid formation ECM and added to 96-well
spheroid formation plate. After incubating in a
hypoxic incubator with 1% O, and 5% CO, for 2-3
days, added invasion matrix and culture medium

with 20% FBS. Cells invaded the matrix and obtained
images at different time points. All experiments were
performed in triplicate.

Transwell invasion assay

The transwell invasion assay was performed in
24-well plates with a 6.5 mm insert transwell chamber
with 8 pm polycarbonate membrane (Corning)
pre-coated Matrigel (Corning). The single cell
suspension was added into upper chamber with 5x104
cells in 200 pL culture medium with 2% FBS, and 500
pL culture medium with 20% FBS were added into the
lower chamber. After incubating in a hypoxic
incubator with 1% O, and 5% CO, for 48 to 72 h,
discarded the solution in the upper chamber and
wiped the upper layer of the membrane. Move the
chamber into 4% PFA to fix for 5 min. Stain the
membrane with crystal violet for 5 min. Finally, we
obtained the photographs on the microscope. All
experiments were performed in triplicate.

Wound healing assay

Mark the back of the 6-well plate by marking a
straight line, inoculate 5x105 cells into the wells, and
the next day, when the cell confluence reaches
approximately 100%, score with a sterile tip
perpendicular to the cell plane and the previously
scored line. Then the cells were washed three times
with sterile PBS buffer, replaced with medium
containing 2% FBS, incubating in a hypoxic incubator
with 1% O, and 5% CO, at 37°C, and then
photographed and recorded and counted every 24
hours to measure the area of wound healing. All
experiments were performed in triplicate.

Mice Model

Briefly, 1x10¢ U87 GBM cells were injected into
5-week-old female immunodeficient BALB/c Nude
mice to establish a glioblastoma model in situ. Six
mice were used in each group of experiments. Mice
were grouped into 4 groups after tumor injection that
were treated with DMSO, TMZ (60 mg/kg/day via
intra-peritoneal injection in DMSO, purchased from
Selleck) [39], Axitinib (30 mg/kg/day oral adminis-
tration, purchased from Selleck) [40], and Entinostat
(25 mg/kg/day oral administration, purchased from
Selleck) for 7 days. Tumor volume was detected by
luciferase via in vivo imaging using IVIS Spectrum CT
(PerkinElmer).

Results

Characterization of the landscape of cell
hypoxia in GBM

GBM is characterized by extensive tissue
hypoxia. To explore and understand the hypoxic
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landscape of GBM cells, we designed CHPF, a novel
framework to classify cellular hypoxia status by
integrating single cell transcriptome data and hypoxic
gene signatures (Figure 1). Specifically, we screened
out seven hypoxia gene signatures (Table S1), and
calculated cells” activity scores in each gene signature.
Then, in all seven GMMs, cells assigned to high (low)
hypoxic score groups were considered as
high-confidence hypoxic (normoxic) cells. These
high-confidence cells were used to construct a cellular
hypoxia status predictive model based on the
LightGBM algorithm.

We applied the CHPF to a GBM dataset
(GSE84465), which was collected from two separate
locations, tumor core and surrounding peripheral
tissues of four patients. The data comprised tumor
cells and each of the major CNS cell types, such as
vascular, immune, neuron and glial (Figure 2A). By
employing the CHPF, we classified 642 cells as
hypoxic cells and 2,947 cells as normoxic cells (Figure
2B). We observed hypoxic cells were mainly
composed of neoplastic cells and immune cells, and
the proportion of hypoxic cells varied among different
patients (Figure 2C). As expected, hypoxic cells were
all derived from the tumor core, which also
demonstrated the reliability of our predictive
framework (Figure 2D).

We screened important features in the
framework that can distinguish hypoxia status (Table
S2). Fifty important genes were identified, out of 43
were differentially expressed between hypoxia cells

and normoxic cells in tumor cells and/or immune
cells (Figure 2E). Among them, 29 genes as important
hypoxia-related genes were in both tumor cells and
immune cells, such as VEGFA, SCL2A1, LDHA, and
BHLHEA40. Five genes as important hypoxia-related
genes were differentially expressed only in immune
cells, including VIM, LGALS1 and RPS5. Nine genes
as important hypoxia-related genes were differen-
tially expressed only in tumor cells, such as SPPI,
S100A11 etc. The majority of genes have been
reported to be involved in various cancer-related
processes induced by hypoxic microenvironment,
including angiogenesis (VEGFA, ADM), glycolytic
(SLC2A1, LDHA, ENO2 and HK2), invasion (5100A10),
chemoresistance (NDRG1) and autophagy (BNIP3).

Furthermore, using three additional large-scale
GBM scRNA-seq datasets (GSE117891, GSE125587,
GSE131928), we evaluated the performance of the
CHPF. In each dataset, we first calculated the activity
scores of cells in seven hypoxia gene signatures and
identified high-confidence cells. The high-confidence
cells were randomly assigned into the training set and
testing set with a ratio of 2:1, and then we computed
the difference between observed values and predicted
values (Figure S1, Table S3). The result showed that
our framework had high sensitivity and specificity in
the testing set with an AUC of 0.9995, 0.969 and 0.992
for GSE117891, GSE125587 and GSE131928, respect-
ively. And similarly, hypoxic cells were also all
derived from the tumor core in GSE117891 (Figure
S2).
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tumor cells and immune cells, the five brown-colored genes were only identified as important hypoxia-related genes in immune cells, and the nine green-colored genes were only

identified as important hypoxia-related genes in tumor cells.

Exploring the cell-cell
interactions between immune cells and tumor
cells in hypoxic microenvironment

We first explored the hypoxia landscape on
immune cells as it was one of the major cell types
affected by hypoxia [41]. We manually annotated
immune cells using canonical markers and found that
they were mainly composed of macrophages and
microglia (>95%) (Figures 3A-B and Figure S3).
Among them, hypoxic cells were mainly found in
macrophages and rarely found in microglia, although
both of them were partially derived from the tumor
core (Figures 3C-D). It implied that macrophages
were more susceptible to the changes of oxygen
concentration in the microenvironment. It is consis-
tent with the previous research that macrophages are
the most abundant immune cells in the tumor

microenvironment, which can accumulate in large
numbers in hypoxic tumor areas and become a lethal
combination with hypoxia [42, 43].

Next, we divided macrophages into hypoxic
macrophages (Macrophages H) and normoxic
macrophages (Macrophages_N), and investigated the
cell-cell communication between immune cells and
tumor cells by modeling ligand-receptor interactions.
Between various immune cell types and tumor cells,
325 pairs of interactions and 23 significant signaling
pathways were identified (Figure 3E). Calculating the
interaction strength for selected ligand-receptor pairs
in distinct cell types, we inferred a cell state-specific
ligand-receptor interaction network (Figure 3F). For
example, tumor cells expressed relatively high levels
of SEMA3A, PTN and MDK etc. Midkine (MDK), a
heparin-binding growth factor that can promote
tumor cell proliferation and EMT [44], while the
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corresponding receptors (SDC4, SDC2) were widely
expressed in hypoxic cells (Macrophages H,
Neoplastic_H). It suggested that these ligands played

significant roles in influencing immune cell infiltra-
tion in hypoxic microenvironment.
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Figure 3. Cell-cell communication between immune cells and tumor cells. (A-C) The UMAP plot showing immune cells. (A) Different colors labeled for 15 clusters,
respectively. (B) Different colors labeled for different cell types. (C) Different colors labeled for different hypoxia status. (D) Sankey diagram showing the connection of cell types,
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cell collected regions and hypoxia status in immune cells. (E) Cell-cell interaction network of hypoxic tumor cells, normoxic tumor cells, microglia, hypoxic macrophages,
normoxic macrophages. The node size represents the number of interactions. The width of the edge represents the number of significant ligand-receptor interactions in two cell
types. (F) Bubble heatmap showing cells interaction strength for different ligand-receptor pairs. Dot size indicates p-value generated by the permutation test and dot color
represents communication probabilities. Empty space indicates that the communication probability is zero. (G-H) The UMAP plot showing the SPPI (G) and CD44 (H) expression

level in all cell types.

Notably, interaction of SPP1-CD44 has high
interaction scores across multiple cell types (Figure
3F). By computing multiple network-centric measure-
ments per cell type, it showed that SPP1 signal was
mainly sent by Macrophages H and received by
Neoplastic_H (Figure S4). We also observed that SPP1
gene mainly expressed in immune cells (Figure 3G),
whereas the CD44 mainly expressed in tumor cells
(Figure 3H). Most previous studies have shown that
the increased SPP1 expression induces GBM-
associated macrophage infiltration and is associated
with poor prognosis in GBM patients [45-47].
Meanwhile, hypoxia not only directly affects
macrophage polarization, but can have indirect effects
by altering the communication between tumor cells
and macrophages [42, 48, 49]. Our findings suggested
that SPP1-CD44 interaction in hypoxic microenviron-
ment may play a critical role in activating tumor cells
to produce a more malignant phenotype.

Deciphering the heterogeneity of hypoxia
status and functions in GBM tumor cells

With the goal of characterizing the heterogeneity
of hypoxia status of tumor cells in GBM, we first
classified 1091 tumor cells into 296 (27.13%) hypoxic
cells and 795 (72.87%) normoxic cells by CHPF.
Compared to normoxic tumor cells, a higher
correlation was shown among hypoxic tumor cells
(Figure S5A). We performed clustering analysis on
hypoxic and normoxic tumor cells, respectively and
identified three hypoxic subpopulations (named HI1,
H2, H3; Figure 4A) and three normoxic subpopu-
lations (named N1, N2, N3; Figure 4B). A “hypoxia
score” was calculated for each cell on the basis of the
expression of 38 important hypoxic genes in response
to tumor cells identified above (Figure 4C). H1
subpopulation had the highest hypoxia score,
revealing cells of H1 subpopulation had the lowest
oxygen level (Figures S5B-D).

Then, we identified the unique gene expression
patterns of these six subpopulations (Figure 4D, Table
54). Interestingly, the marker genes in the hypoxic
subpopulations were previously shown to be
associated with tumor progression, such as SLC2A1
and VEGFA in H1 subpopulation. SLC2A1 gene
encodes the glucose transporter 1 protein, this protein
is a membrane channel protein that is expressed on
the cell membrane and transports glucose from the
bloodstream into the brain and other tissues [50]. The

protein encoded by VEGFA is a cytokine that induces
angiogenesis and increases vascular permeability,
playing a critical role in the proliferation and survival
of endothelial cells and other cell types [51]. In
addition, we found SPP1 and COL1A2 had high
expression in H2 subpopulation, which participated
in maintenance of the extracellular matrix. The GO
function enrichment analysis revealed the marker
genes of hypoxic subpopulations involved in cellular
response to oxidative stress, cell apoptotic, cell
migration, cell-matrix adhesion and cell differenti-
ation (Figure 4E). Of note, markers of H2
subpopulation were enriched in tumor invasion-
related pathways, such as cellular response to TGFp
stimulus, epithelial cell migration and RNA localiza-
tion. Normoxic subpopulations were characterized by
an enrichment of neuron-related biological pathways,
such as neuron development, cellular localization and
ion transport.

Besides, we sought to identify key gene modules
by WGCNA for each subpopulation (Figure 4F, Table
S5). H1 subpopulation was highly associated with the
MEred module (cor = 0.76, p < 1.0x10#), and H2
subpopulation was highly associated with the
MEturquoise module (cor = 0.51, p < 1.0x104). The
key genes of MEred modules (related to HI1
subpopulation) were enriched in response to hypoxia,
HIF-1 signaling pathway and glycolysis/gluconeo-
genesis, and the key genes of MEturquoise module
(related to H2 subpopulation) were enriched in cell
adhesion, PI3K-Akt signaling pathway and TNF
signaling pathway (Figure 4G). Through metabolic
pathway activity analysis [31], we also found that H1
had a high metabolic activity score in Glycolysis/
Gluconeogenesis pathway and H2 enriched in Steroid
hormone biosynthesis (Figure S6). Taken together, our
results provided an overview of the functional
heterogeneity of tumor cells with different hypoxia
status in GBM.

In addition, we explored the correlation between
the hypoxia status and the cell differentiation. Using
CytoTRACE to calculate the differentiation status of
each tumor subpopulation, we found that the H2
subpopulation had the highest differentiation score
(Figure 4H). Subsequent trajectory analysis revealed
that tumor cells with high hypoxia scores were
positioned at the beginning of the pseudotime
trajectory (Figure 41).
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Figure 4. The Characteristics of tumor cell subpopulation. (A-B) The UMAP plot showing hypoxic tumor cell subpopulations (A) and normoxic tumor cell
subpopulations (B). Cell subpopulations are differentiated by colors. (C) Density distribution of hypoxia scores in six tumor cell subpopulations. (D) The heatmap plot of the top
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10 differentially expressed genes in each subpopulation. (E) Enrichment map of biological pathways by marker genes in each subpopulation. Nodes in the network represent
pathways and are colored by associated subpopulations. (F) The relationship between gene modules and subpopulations by WGCNA. (G) KEGG analysis of the MEred module
(left) and MEturquoise module (right). (H) CytoTRACE score of each subpopulation. (I) Trajectory analysis of tumor cells, colored by each subpopulation (left) and pseudotime

(right).

Construction of cell status-specific gene
regulatory networks and identification of
critical regulators in hypoxic-induced tumor
invasion

The cells have been found to evolve toward an
aggressive tumor phenotype under hypoxic condi-
tions in functional analysis. Therefore, we further
explored the association between hypoxia and tumor
invasion in GBM. We obtained signature genes
associated with hypoxia, invasion, apoptosis, angio-
genesis and EMT from CancerSEA database [52]
(Table S6), and then calculated the activity score of
each cell subpopulation for each cell by GSVA [53].
The results showed that tumor invasion was
significantly positively correlated with hypoxia
(Figure 5A). Interestingly, H2 subpopulation had a
higher invasive potential than H1 subpopulation (p =
4.8x1012, Figure 5B). Furthermore, given that copy
number alterations (CNAs) were hallmarks of
malignant cells, we inferred the CNAs of tumor cells
in the six subpopulations, respectively (Figure 5C).
The loss of 10 and 17 chromosomes and the gain of 1
and 7 chromosomes were observed in H2 subpopu-
lation, and it had significantly higher CNAs scores
than other subpopulations (Figure S7). Collectively,
our results highlighted that H2 subpopulation cells
represented a hypoxic phenotype with highly
invasive potential by transcriptome and genomic
analysis.

To further elucidate the regulatory mechanisms
of hypoxia-induced tumor cells to be more aggressive,
cell status-specific GRNs were constructed by
SCENIC in H2 subpopulation and N2 subpopulation
(as reference), respectively. We then identified the
critical genes in each GRN using centrality metrics of
the network, including degree, PageRank, between-
ness, eigenvalue, and closeness [37]. The Q statistic
was used to integrate the five-centrality metrics and
top 1% genes ranked by the Q statistic were
considered as critical genes [54] (Figure 5D). A total of
37 and 40 critical genes were identified in H2 and N2
subpopulation, respectively. Among 37 critical genes
in the H2 subpopulation, 14 transcriptional factors
were specific to H2 subpopulation (Figure 5E). They
were considered to play an important regulatory role
in hypoxic-induced tumor invasion in GBM.

Next, we employed MSigDB hallmark gene sets
to assess the cancer-related pathways involved in 14
TFs and their target genes (regulons). Most of them
were positively correlated with hallmarks, such as

BCLAF1, HCFC1, and HDAC2 regulons (Figure 5F).
BCLAF1, which has been proved to be a direct target
of HIF-1 and plays a crucial role in the regulation of
HIF-1a stability under hypoxia [55]. Knockdown of
BCLAF1 can significantly reduce hypoxia-induced
HIF-1a expression [56]. Meanwhile, we investigated
that about half of the regulons were correlated with
MYC targets. MYC as a potent oncogene contributes
to malignancy by various mechanisms, which is a
compelling therapeutic target in glioblastoma [57].
Several studies have reported MYC is associated with
tumor hypoxia, aggressiveness and metastasis [58,
59].

Critical TFs of hypoxic-induced tumor invasion
can predict clinical outcomes

To determine whether 14 critical TFs can
contribute to clinical therapy and guide GBM
prognosis, we performed survival analysis using a
TCGA GBM cohort containing 518 patients as the
training set. We focused on six TFs that were
associated with OS by univariate Cox proportional
hazards regression (log-rank test, p < 0.05, Table S7).
Then, we further selected genes associated with OS by
stepwise regression analysis and four TFs (FOSLI,
CEBPD, MXI1, YY1) were identified to construct the
final prognostic model. We calculated each patient’s
risk score based on the four TFs’ expression levels
weighted by their regression coefficients in the
univariate Cox proportional hazards regression
analysis.

We divided patients into the high-risk group (n =
259) and the low-risk group (n=259) according to the
median risk score. We observed that the Proneural
(PN) subtype patients were prone to have lower risk,
whereas the Mesenchymal (MES) subtype patients
had higher risk (Figure 6A, chi-square test p =
1.6x107). This finding is consistent with the previous
study that MES subtype is more aggressive and
strongly associated with a poor prognosis compared
to PN subtype [60]. The KM curves demonstrated that
the high-risk group had significantly shorter OS than
the low-risk group (log-rank test p < 0.001; Figure 6B).
Next, multivariate Cox regression analysis was
performed to assess whether the 4-TF signature was
an independent prognostic factor (Figure 6C). The
covariables included age, sex, Karnofsky score,
histological type, subtype and IDH1 status. The result
revealed that our 4-TF signature can independently
predict a worse OS for GBM patients (HR = 3.528,
95%CI [2.2396-5.559], p < 0.0001). Finally, we
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validated the prognostic value of the 4-TF signature in
an external validation dataset (GSE16011). The KM

curves of the two groups were significantly different
(p = 0.0093, Figure 6D).
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Figure 5. Transcriptomic and genomic analysis of hypoxia and invasion. (A) Correlation analysis of hypoxia with invasion, apoptosis, angiogenesis, and EMT. (B)
Boxplot showing the invasion, apoptotic, angiogenesis, and EMT enrichment scores for each subpopulation. (C) Heatmap of the inferred CNAs across six tumor subpopulation
cells, in which genes are sorted by genomic location. (D) GRNs of H2 subpopulation (left) and N2 subpopulation (right). Colored nodes imply the critical target genes (circle) or
TFs (square). (E) The critical TFs and critical target genes identified from two GRNs. Green represents TFs recognized only in the N2 GRN, orange represents TFs recognized
only in the H2 GRN, and brown represents TFs recognized in both GRNs. Gray represents target genes recognized in GRNE. (F) Correlation analysis between hallmark pathway
enrichment scores and regulatory module enrichment scores. The enrichment scores were calculated by GSVA. Empty space indicates that the |cor| < 0.3 or p >0.05.
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Figure 6. The survival analysis of critical TFs. (A) Heatmap of the expression of the four critical TFs in 518 GBM patients from TCGA cohort with clinical and
histopathological characteristics. Patients were sorted by risk score. (B) Survival analysis based on the prognostic model in the TCGA cohort. Patients in the high-risk group had
poor survival. Log-rank p < 0.0001. (C) Multivariate Cox regression analysis validated risk score as an independent prognostic factor in TCGA. (D) Survival analysis in an external

validation set GSE16011.

Potential drugs for hypoxia-targeted therapy
in GBM

To characterize the clinically applicable thera-
peutic implications of 14 critical TFs, we calculated
Spearman's correlation coefficients between the
expression of critical TFs and drug sensitive AUC of
286 anti-cancer compounds across 73 brain cancer cell
lines from the GDSC (Table S8). We observed that
each critical TF was significantly associated with at
least four compounds (|cor| > 0.3, p < 0.05, Figure
7A, Table S9). These compounds were involved in
multiple biological processes, including WNT signal-
ing, PI3K/MTOR signaling and apoptosis signaling
pathways (Figure 7B, Figure S8A). For example, the
expression of FOSL1 was linked to drug sensitivity of
50 compounds and drug resistance of 18 compounds

(Figure 7C), including Weel Inhibitor, Entinostat and
Axitinib.

Meanwhile, we used an alternative strategy to
predict potential drugs aiding hypoxia-targeted
therapy. By applying differential expression analysis
to critical TFs and their target genes between H2
subpopulation and N2 subpopulation (Figure S8B),
we identified 36 up-regulated genes and 4
down-regulated genes. These differentially expressed
genes were considered as a gene regulatory signature
and queried them against the LINCS database. We
calculated the connectivity scores between com-
pounds and the gene signature in five brain cancer
cell lines. On average, more than 100 potential
compounds were identified in each cell line (Figure
7D, Figure S8C).
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Finally, a total of 17 compounds were
determined in both two strategies (Figures 7E-F). Such

Axitinib, an oral VEGFR and kinase inhibitor,
showed a significant positively correlated with the
signature in brain cancer cell lines. Benzamide histone
deacetylase inhibitors (HDAC inhibitors), Entinostat
and Vorinostat, also exhibited a positive correlation in
cell line GI1, U251MG, and SHSY5Y (FDR < 0.01,
WTCS > 0.5). It suggested that these compounds
could be favorable candidates for future hypoxia-
targeted therapy.

Validation of the effects of regulators and
potential drugs

Based on the above analysis, CEBPD and FOSL1
were identified as critical TFs involved in hypoxia-
induced invasion, and both of them had high
expression in the high-risk group patients. Therefore,
we cultured three cell lines (U87, HGY, LN229) and
designed the knockdown experiments to validate the
effect of critical TFs in in vitro assay. The results

showed that knocking down the expression of CEBPD
and FOSLI significantly reduced cells” invasive ability
under hypoxic conditions (Figures 8A-C), implying an
important role of CEBPD and FOSLI in hypoxia-
induced tumor invasion.

Meanwhile, we screened two small molecule
inhibitors, Axitinib and Entinostat, targeting both
CEBPD and FOSL1, and investigated their effects in
mice models. Intracranial tumorigenic mice model in
situ was constructed using the U87 GBM cell line, with
the treatment of control (DMSO), TMZ, and
combination of Axitinib or Entinostat with TMZ. The
combination treatment of TMZ with Axitinib or
Entinostat significantly improved the survival of mice
and delayed tumor growth to some extent (Figure
8D). These results suggested that we might use
Axitinib or Entinostat for adjuvant therapy to inhibit
tumor growth and improve the survival of GBM
patients, which had potential clinical translational
prospects.
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Figure 8. Experimental validation of the effect of critical TFs and potential drugs in the hypoxia microenvironment. (A) Effects on tumor cell invasion ability
after interfered CEBPD and FOSLI with siRNA were examined by 3D sphere invasion assay in U87 and HG9 GBM cells under hypoxic conditions. Scale bar is 20 pm. Student's
t-test, ¥ P < 0.05, ** P < 0.01, *** P < 0.001. (B) The effect on tumor cell migration ability after interfered the CEBPD and FOSLI with siRNA was examined by wound healing assay
in LN229 GBM cells under hypoxic conditions. Scale bar is 50 pm. Student's t-test, * P < 0.05, ** P < 0.01, *** P < 0.001. (C) Effects on tumor cell invasion ability by Transwell
invasion assay in U87, LN229 and HG9 GBM cells after interference of CEBPD and FOSLI with siRNA under hypoxic conditions. Scale bars are 200 pm. Student's t-test, * P < 0.05,
*# P <0.01, ¥* P<0.001. (D) Representative pictures and statistical plots of intracranial tumor size in mice after group treatment were shown by luciferase live imaging in an in
situ tumorigenic mouse model constructed by U87 GBM cells, as well as statistics and analysis of survival in mice. Student's t-test and Log-rank (Mantel-Cox) test, * P < 0.05, **

P <0.01, ¥* P <0.001.

Discussion

Hypoxia, a critical driver for cancer malignancy,
is associated with poor prognosis. In this study, we
designed a novel framework (CHPF) to define cellular
hypoxia status and generated a hypoxia gene signa-
ture as a robust benchmark. Cell-cell communication
analysis revealed that hypoxia influenced the
crosstalk between macrophages and tumor cells via a
variety of ligands and receptors. The heterogeneity of
hypoxia status was observed and it associated with
phenotype heterogeneity, including EMT, invasion,
angiogenesis and apoptosis. One notable finding of
this study was that we deciphered a hypoxic
subpopulation with highly invasive potential (H2
subpopulation) and identified 14 TFs involved in
tumor cell invasion induced by hypoxia at the

single-cell resolution. The drugs predicted by us could
act as a potential therapeutic approach to improve
hypoxia-induced tumor invasion.

Many previous studies evaluated tumor hypoxia
through calculating the activity scores of tumors in a
specific hypoxia gene signature. However, hypoxia
gene signatures are mostly obtained from different
experimental conditions, which leads to a certain bias
in defining cellular hypoxia status. Therefore, in
CHPF, we first screened out hypoxia gene signatures
with good performance and then identified high-
confidence hypoxic and normoxic cells based on the
consistency of their classification of hypoxia status.
The differential expressed genes between two classes
of high-confidence cells were used as features to build
a classifier model to predict hypoxia status of the
remaining unclassified cells. In addition, we used the
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undersampling method to balance the uneven
high-confidence cell data. By validating from a 5-fold
cross and external datasets, it was shown that the
CHPF had a high sensitivity and specificity.

Several previous studies indicate that hypoxia
stimulates complex signaling networks in tumor cells,
including the HIF, PI3K, MAPK, and NFxB pathways,
which are involved in cell apoptosis, migration and
invasion [6, 13, 14]. As expected, our results also
demonstrated that hypoxia was significantly
positively associated with invasion, apoptosis, EMT
and angiogenesis. However, the activity scores of
EMT and invasion of H2 subpopulation were higher
than H1 subpopulation, although H1 had higher
hypoxia score. These results suggested that hypoxia
and invasion-related characteristics were not
completely linear. We speculated that the cells of H1
subpopulation might be located in the most hypoxic
regions. Rather than gaining the ability to invade
other areas, the problem that these cells urgently need
to solve is survival by inducing cells to undergo
anaerobic glycolysis.

We identified 14 critical TFs specific to H2
subpopulation that may play an important regulatory
role in hypoxia-induced tumor cell invasion.
Especially, 4-TF signature that can predict the survival
of GBM patients. In vitro experiments, we confirmed
that knockdown of CEBPD and FOSL1 affected cells’
invasive ability. YY1, an important negative regulator
of the tumor suppressor factor p53, researchers
discovered that inhibition of YY1 reduced the
accumulation of HIF-1a and its activity under hypoxic
conditions [61]. Additionally, it has been reported that
the protein encoded by MXI1 is a transcriptional
repressor thought to negatively regulate MYC
function [62], and is therefore a potential tumor
suppressor. Interestingly, in the hallmark analysis, we
also found that MXI1 was negatively correlated with
angiogenesis, TGFp signaling, and TNFA signaling
via NFxB.

Our framework allows the prediction of cellular
hypoxia status in large-scale scRNA-seq data, helping
to dissect how the hypoxic microenvironment affects
tumor cell invasion in glioblastoma. However, our
study had several limitations. The landscape of
hypoxia status in GBM was still preliminary, more
cells from different tumor regions, or spatial
transcriptomic data will help validate our framework
and findings. As invasion is a very complex process,
the regulatory mechanisms of the critical transcription
factors we identified need further experimental
confirmation.

In conclusion, we developed the CHPF to define
cellular hypoxia status and elucidated the intratumor
heterogeneity of hypoxia status in GBM. Of note, we

dissected a distinct hypoxic subpopulation with high
invasion potential, which had different transcriptome
and genomic alterations. Our results suggested that
FOSL1, CEBPD, MXI1 and YY1 were critical TFs of
tumor invasion induced by hypoxia, and they can be
used as an independent prognostic signature to
predict GBM survival. The invasive ability of CEBPD
and FOSL1 was confirmed in vitro experiments. Mice
tumor models revealed the effectiveness of Axitinib
and Entinostat, two small molecule inhibitors target-
ing CEBPD and FOSLI against tumors. In total, our
findings provided an advanced understanding of
molecular characteristics and mechanisms of hypoxia-
associated GBM invasion.

Supplementary Material

Supplementary figures and tables.
https:/ /www.thno.org/v13p3744s1.zip

Acknowledgements

We thank Hao Jiang, Xinxin Liu, Fanju Meng and
Junjian Li for helpful advices.

Funding

This study was supported by grants from the
National Natural Science Foundation of China
(32200539).

Author contributions

All authors contributed to the work presented in
this paper. Y.W., C.X. and M.Y. conceived the whole
study. Y.Z. and B.Z. carried out bioinformatics
analysis. N.Z., KX., ZW. and R.L. performed data
acquisition and processing. Y.Z, B.Z. and C.L.
performed programming and code execution. M.Y.
conducted experimental analysis. Y.Z. and Y.W.
wrote this manuscript. All authors have read and
approved the final manuscript.

Data and code availability

CHPF is available online at https:/ / github.com/
yihan1221/CHPF, and the code is released as
open-source code on GitHub. Publicly available
datasets were analyzed in this study. This data can be
found here: GSE117891, GSE131928, GSE125587,
GSE84465 and GSE16011 at https://www.ncbi.nlm
nih.gov/geo/, TCGA data at http://xena.ucsc.edu/,
GDSC data at https://www.cancerrxgene.org/,
LINCS data at https://lincsportal.ccs.miami.edu/
dcic-portal/.

Competing Interests

The authors have declared that no competing
interest exists.

https://lwww.thno.org



Theranostics 2023, Vol. 13, Issue 11

3759

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

Vollmann-Zwerenz A, Leidgens V, Feliciello G, Klein CA, Hau P. Tumor Cell
Invasion in Glioblastoma. Int ] Mol Sci. 2020; 21:1932.

Louis DN, Perry A, Reifenberger G, von Deimling A, Figarella-Branger D,
Cavenee WK, et al. The 2016 World Health Organization Classification of
Tumors of the Central Nervous System: a summary. Acta Neuropathol. 2016;
131: 803-20.

Stupp R, Hegi ME, Mason WP, van den Bent MJ, Taphoorn MJ, Janzer RC, et
al. Effects of radiotherapy with concomitant and adjuvant temozolomide
versus radiotherapy alone on survival in glioblastoma in a randomised phase
IIT study: 5-year analysis of the EORTC-NCIC trial. Lancet Oncol. 2009; 10:
459-66.

Ostrom QT, Gittleman H, Farah P, Ondracek A, Chen Y, Wolinsky Y, et al.
CBTRUS statistical report: Primary brain and central nervous system tumors
diagnosed in the United States in 2006-2010. Neuro Oncol. 2013; 15 Suppl 2:
1i1-56.

Lara-Velazquez M, Al-Kharboosh R, Jeanneret S, Vazquez-Ramos C, Mahato
D, Tavanaiepour D, et al. Advances in Brain Tumor Surgery for Glioblastoma
in Adults. Brain Sci. 2017; 7(12): 166.

Muz B, de la Puente P, Azab F, Azab AK. The role of hypoxia in cancer
progression, angiogenesis, metastasis, and resistance to therapy. Hypoxia.
2015; 3: 83-92.

Hockel M, Vaupel P. Tumor hypoxia: definitions and current clinical, biologic,
and molecular aspects. ] Natl Cancer Inst. 2001; 93: 266-76.

Monteiro AR, Hill R, Pilkington GJ, Madureira PA. The Role of Hypoxia in
Glioblastoma Invasion. Cells. 2017; 6(4): 45.

Colwell N, Larion M, Giles AJ, Seldomridge AN, Sizdahkhani S, Gilbert MR, et
al. Hypoxia in the glioblastoma microenvironment: shaping the phenotype of
cancer stem-like cells. Neuro Oncol. 2017; 19: 887-96.

Harris AL. Hypoxia--a key regulatory factor in tumour growth. Nat Rev
Cancer. 2002; 2: 38-47.

Evans SM, Judy KD, Dunphy I, Jenkins WT, Hwang WT, Nelson PT, et al.
Hypoxia is important in the biology and aggression of human glial brain
tumors. Clin Cancer Res. 2004; 10: 8177-84.

Offer S, Menard JA, Perez JE, de Oliveira KG, Chandran VI, Johansson MC, et
al. Extracellular lipid loading augments hypoxic paracrine signaling and
promotes glioma angiogenesis and macrophage infiltration. ] Exp Clin Cancer
Res. 2019; 38: 241.

Joseph JV, Conroy S, Pavlov K, Sontakke P, Tomar T, Eggens-Meijer E, et al.
Hypoxia enhances migration and invasion in glioblastoma by promoting a
mesenchymal shift mediated by the HIFlalpha-ZEB1 axis. Cancer Lett. 2015;
359: 107-16.

Hoffmann C, Mao X, Brown-Clay J, Moreau F, Al Absi A, Wurzer H, et al.
Hypoxia promotes breast cancer cell invasion through HIF-lalpha-mediated
up-regulation of the invadopodial actin bundling protein CSRP2. Sci Rep.
2018; 8:10191.

Wang Y, Bibi M, Min P, Deng W, Zhang Y, Du ]J. SOX2 promotes
hypoxia-induced breast cancer cell migration by inducing NEDD9 expression
and subsequent activation of Racl/HIF-lalpha signaling. Cell Mol Biol Lett.
2019; 24: 55.

Vanichapol T, Leelawat K, Hongeng S. Hypoxia enhances cholangiocarcinoma
invasion through activation of hepatocyte growth factor receptor and the
extracellular signalregulated kinase signaling pathway. Mol Med Rep. 2015;
12: 3265-72.

Shi R, Bao X, Unger K, Sun J, Lu S, Manapov F, et al. Identification and
validation of hypoxia-derived gene signatures to predict clinical outcomes and
therapeutic responses in stage I lung adenocarcinoma patients. Theranostics.
2021; 11: 5061-76.

Bhandari V, Hoey C, Liu LY, Lalonde E, Ray ], Livingstone J, et al. Molecular
landmarks of tumor hypoxia across cancer types. Nat Genet. 2019; 51: 308-18.
Emami Nejad A, Najafgholian S, Rostami A, Sistani A, Shojaeifar S,
Esparvarinha M, et al. The role of hypoxia in the tumor microenvironment and
development of cancer stem cell: a novel approach to developing treatment.
Cancer Cell Int. 2021; 21: 62.

Patel AP, Tirosh I, Trombetta JJ, Shalek AK, Gillespie SM, Wakimoto H, et al.
Single-cell RNA-seq highlights intratumoral heterogeneity in primary
glioblastoma. Science. 2014; 344: 1396-401.

Meyer M, Reimand J, Lan X, Head R, Zhu X, Kushida M, et al. Single
cell-derived clonal analysis of human glioblastoma links functional and
genomic heterogeneity. Proc Natl Acad Sci U S A. 2015; 112: 851-6.

Darmanis S, Sloan SA, Croote D, Mignardi M, Chernikova S, Samghababi P, et
al. Single-Cell RNA-Seq Analysis of Infiltrating Neoplastic Cells at the
Migrating Front of Human Glioblastoma. Cell Rep. 2017; 21: 1399-410.

Yu K, Hu Y, Wu F, Guo Q, Qian Z, Hu W, et al. Surveying brain tumor
heterogeneity by single-cell RNA-sequencing of multi-sector biopsies. Natl Sci
Rev. 2020; 7: 1306-18.

Xiao Y, Kim D, Dura B, Zhang K, Yan R, Li H, et al. Ex vivo Dynamics of
Human Glioblastoma Cells in a Microvasculature-on-a-Chip System
Correlates with Tumor Heterogeneity and Subtypes. Adv Sci (Weinh). 2019; 6:
1801531.

Neftel C, Laffy J, Filbin MG, Hara T, Shore ME, Rahme GJ, et al. An Integrative
Model of Cellular States, Plasticity, and Genetics for Glioblastoma. Cell. 2019;
178: 835-49 e21.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Butler A, Hoffman P, Smibert P, Papalexi E, Satija R. Integrating single-cell
transcriptomic data across different conditions, technologies, and species. Nat
Biotechnol. 2018; 36: 411-20.

Barbie DA, Tamayo P, Boehm JS, Kim SY, Moody SE, Dunn IF, et al.
Systematic RNA interference reveals that oncogenic KRAS-driven cancers
require TBK1. Nature. 2009; 462: 108-12.

Scrucca L, Fop M, Murphy TB, Raftery AE. mclust 5: Clustering, Classification
and Density Estimation Using Gaussian Finite Mixture Models. R J. 2016; 8:
289-317.

Jin S, Guerrero-Juarez CF, Zhang L, Chang I, Ramos R, Kuan CH, et al.
Inference and analysis of cell-cell communication using CellChat. Nat
Commun. 2021; 12: 1088.

Becht E, McInnes L, Healy ], Dutertre CA, Kwok IWH, Ng LG, et al.
Dimensionality reduction for visualizing single-cell data using UMAP. Nat
Biotechnol. 2018; 37: 38-44.

Xiao Z, Dai Z, Locasale JW. Metabolic landscape of the tumor
microenvironment at single cell resolution. Nat Commun. 2019; 10: 3763.

Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing
biological themes among gene clusters. Omics : a journal of integrative
biology. 2012; 16: 284-7.

Merico D, Isserlin R, Stueker O, Emili A, Bader GD. Enrichment map: a
network-based method for gene-set enrichment visualization and
interpretation. PLoS One. 2010; 5: e13984.

Kucera M, Isserlin R, Arkhangorodsky A, Bader GD. AutoAnnotate: A
Cytoscape app for summarizing networks with semantic annotations.
F1000Res. 2016; 5: 1717.

Aibar S, Gonzalez-Blas CB, Moerman T, Huynh-Thu VA, Imrichova H,
Hulselmans G, et al. SCENIC: single-cell regulatory network inference and
clustering. Nat Methods. 2017; 14: 1083-6.

Huynh-Thu VA, Irrthum A, Wehenkel L, Geurts P. Inferring regulatory
networks from expression data using tree-based methods. PLoS One. 2010;
5(9): e12776.

Zhou S, Huang YE, Liu H, Zhou X, Yuan M, Hou F, et al. Single-cell RNA-seq
dissects the intratumoral heterogeneity of triple-negative breast cancer based
on gene regulatory networks. Mol Ther Nucleic Acids. 2021; 23: 682-90.
Gravendeel LA, Kouwenhoven MC, Gevaert O, de Rooi JJ, Stubbs AP, Duijm
JE, et al. Intrinsic gene expression profiles of gliomas are a better predictor of
survival than histology. Cancer Res. 2009; 69: 9065-72.

Han B, Meng X, Wu P, Li Z, Li S, Zhang Y, et al. ATRX/EZH2 complex
epigenetically regulates FADD/PARP1 axis, contributing to TMZ resistance in
glioma. Theranostics. 2020; 10: 3351-65.

Wilmes LJ, Pallavicini MG, Fleming LM, Gibbs J, Wang D, Li KL, et al.
AG-013736, a novel inhibitor of VEGF receptor tyrosine kinases, inhibits breast
cancer growth and decreases vascular permeability as detected by dynamic
contrast-enhanced magnetic resonance imaging. Magn Reson Imaging. 2007;
25:319-27.

Noman MZ, Hasmim M, Messai Y, Terry S, Kieda C, Janji B, et al. Hypoxia: a
key player in antitumor immune response. A Review in the Theme: Cellular
Responses to Hypoxia. Am J Physiol Cell Physiol. 2015; 309: C569-79.

Bai R, Li Y, Jian L, Yang Y, Zhao L, Wei M. The hypoxia-driven crosstalk
between tumor and tumor-associated macrophages: mechanisms and clinical
treatment strategies. Mol Cancer. 2022; 21: 177.

Ochocka N, Segit P, Walentynowicz KA, Wojnicki K, Cyranowski S, Swatler J,
et al. Single-cell RNA sequencing reveals functional heterogeneity of
glioma-associated brain macrophages. Nat Commun. 2021; 12: 1151.

Filippou PS, Karagiannis GS, Constantinidou A. Midkine (MDK) growth
factor: a key player in cancer progression and a promising therapeutic target.
Oncogene. 2020; 39: 2040-54.

Szulzewsky F, Pelz A, Feng X, Synowitz M, Markovic D, Langmann T, et al.
Glioma-associated microglia/macrophages display an expression profile
different from M1 and M2 polarization and highly express Gpnmb and Spp1.
PL0S One. 2015; 10: e0116644.

Wei J, Marisetty A, Schrand B, Gabrusiewicz K, Hashimoto Y, Ott M, et al.
Osteopontin mediates glioblastoma-associated macrophage infiltration and is
a potential therapeutic target. ] Clin Invest. 2019; 129: 137-49.

Rangaswami H, Bulbule A, Kundu GC. Osteopontin: role in cell signaling and
cancer progression. Trends Cell Biol. 2006; 16: 79-87.

Boutilier AJ, Elsawa SF. Macrophage Polarization States in the Tumor
Microenvironment. Int ] Mol Sci. 2021; 22(13): 6995.

Petterson SA, Sorensen MD, Burton M, Thomassen M, Kruse TA, Michaelsen
SR, et al. Differential expression of checkpoint markers in the normoxic and
hypoxic microenvironment of glioblastomas. Brain Pathol. 2023; 33: e13111.
Simpson IA, Carruthers A, Vannucci SJ. Supply and demand in cerebral
energy metabolism: the role of nutrient transporters. ] Cereb Blood Flow
Metab. 2007; 27: 1766-91.

Tammela T, Enholm B, Alitalo K, Paavonen K. The biology of vascular
endothelial growth factors. Cardiovasc Res. 2005; 65: 550-63.

Yuan H, Yan M, Zhang G, Liu W, Deng C, Liao G, et al. CancerSEA: a cancer
single-cell state atlas. Nucleic acids research. 2019; 47: D900-D8.

Hanzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinformatics. 2013; 14: 7.

Aerts S, Lambrechts D, Maity S, Van Loo P, Coessens B, De Smet F, et al. Gene
prioritization through genomic data fusion. Nat Biotechnol. 2006; 24: 537-44.

https://lwww.thno.org



Theranostics 2023, Vol. 13, Issue 11

3760

55.

56.

57.

58.

59.

60.

61.

62.

Shao A, Lang Y, Wang M, Qin C, Kuang Y, Mei Y, et al. Bclafl is a direct target
of HIF-1 and critically regulates the stability of HIF-lalpha under hypoxia.
Oncogene. 2020; 39: 2807-18.

Wen'Y, Zhou X, LuM, He M, Tian Y, Liu L, et al. Bclafl promotes angiogenesis
by regulating HIF-lalpha transcription in hepatocellular carcinoma.
Oncogene. 2019; 38: 1845-59.

Tateishi K, lafrate AJ, Ho Q, Curry WT, Batchelor TT, Flaherty KT, et al.
Myc-Driven Glycolysis Is a Therapeutic Target in Glioblastoma. Clin Cancer
Res. 2016; 22: 4452-65.

Liu Y, Zhou S, Shi J, Zhang X, Shentu L, Chen Z, et al. c-Myc transactivates
GP73 and promotes metastasis of hepatocellular carcinoma cells through
GP73-mediated MMP-7 trafficking in a mildly hypoxic microenvironment.
Oncogenesis. 2019; 8: 58.

Schulze A, Oshi M, Endo I, Takabe K. MYC Targets Scores Are Associated
with Cancer Aggressiveness and Poor Survival in ER-Positive Primary and
Metastatic Breast Cancer. Int ] Mol Sci. 2020; 21: 8127.

Fedele M, Cerchia L, Pegoraro S, Sgarra R, Manfioletti G.
Proneural-Mesenchymal Transition: Phenotypic Plasticity to Acquire
Multitherapy Resistance in Glioblastoma. Int ] Mol Sci. 2019; 20(11): 2746.

Wu S, Kasim V, Kano MR, Tanaka S, Ohba S, Miura Y, et al. Transcription
factor YY1 contributes to tumor growth by stabilizing hypoxia factor
HIF-1alpha in a p53-independent manner. Cancer Res. 2013; 73: 1787-99.
Zervos AS, Gyuris J, Brent R. Mxil, a protein that specifically interacts with
Max to bind Myc-Max recognition sites. Cell. 1994; 79: following 388.

https://lwww.thno.org



