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ARTICLE INFO ABSTRACT

Keywords: Glioblastoma (GBM) is the most common intracranial malignancy. SUV39H1 encodes a histone H3 lysine 9
SUV39H1 methyltransferase that acts as an oncogene in several cancers; however, its role in GBM remains unknown. We
Glioblas.toma obtained GBM transcriptome and clinical data from The Cancer Genome Atlas (TCGA) database on the UCSC
?fl(:gzrosilrimunity Xena platform to perform differential and enrichment analyses of genes in the SUV39HI high- and low-
Gsc expression groups to construct a prognostic risk model. Analysis of SUV39H1I related biological processes in

GBM was performed by gene set enrichment analysis (GSEA) and gene set variation analysis (GSVA). High- and
low-risk subgroup mutation signatures were analyzed using maftools. Inmune infiltration was evaluated using
IOBR and CIBERSORT algorithms. We analyzed the cell types and intercellular communication networks in
glioma stem cells (GSCs) using scRNA-seq. The effects on GBM cells and GSCs after inhibition of SUV39H1 were
investigated in vitro. SUV39HI1 was significantly overexpressed in GBM and associated with poor prognosis.
SUV39H]1-related differentially expressed genes were enriched in immune and inflammation related pathways,
and GSEA revealed that these genes were significantly enriched in signaling pathways such as IL-18, oxidative
phosphorylation, and regulation of TP53 activity. Mutational analysis revealed frequent alterations in TP53 and
PTEN expression. In addition, the infiltration abundances of the five immune cell types were significantly
different between the high- and low-expression groups. Analysis of cellular communication networks by scRNA-
seq revealed a strong interaction between CRYAB-GSC and PTPRZ1-GSC in GSCs. In vitro experiments verified
that knockdown of SUV39H1 inhibited the viability and proliferation of U87 and U251 glioblastoma cells and
downregulated the expression of stemness markers Nestin and SOX2 in CSC1589 and TS576 GSC lines. Increased
SUV39H1 expression is associated with immune cell infiltration and poor prognosis in patients with GBM. In-
hibition of SUV39H]1 restrains GBM growth and reduces the stem cell properties of GSC. Thus, SUV39H1 might be
a prognostic predictor and immunotherapeutic target in patients with GBM.

1. Introduction chemotherapy, usually combined with TMZ; however, it also includes

molecular-targeted therapy and immunotherapy [3]. Nonetheless,

Glioblastoma (GBM) is the most common malignant brain tumor,
with an incidence of up to 60 % of cranial tumors. The majority of pa-
tients survive for only 12 to 15 months after surgery, with a 5-year
survival rate of less than 5 % [1,2]. Currently, the most common treat-
ment for gliomas is surgery, supplemented by radiotherapy and

existing mainstream treatments fail to significantly prolong the survival
of patients with high-grade gliomas (WHO grade 3-4), and the prognosis
of patients remains poor, mainly due to the emergence of tumor recur-
rence and treatment resistance [4]. Glioma stem cells (GSC), which are
considered key factors leading to the formation, maintenance, and
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recurrence of gliomas, have the ability to persistently proliferate and
promote a high degree of cellular heterogeneity and plasticity within
glioblastomas, which in turn causes resistance to radiotherapy and
chemotherapy, inducing tumor recurrence [5]. Therefore, it is essential
to further explore the mechanisms targeting GBM and GSCs to uncover
their key regulators.

In the year 2000, suppressor of variegation 3-9 homolog 1
(SUV39H1) was identified as the first human protein lysine methyl-
transferase [6]. A member of the SUV3-9 family, it contains a SET
structural domain that trimethylates lysine 9 of histone H3 (H3K9me3),
leading to transcriptional gene silencing [7]. Evidence suggests that
SUV39H1 is highly expressed in tumor tissues and may function as an
oncogene. Xin et al. [8] found that chaetocin targets and inhibits
SUV39H1, suppressing the growth of diffuse endogenous pontine gli-
omas (DIPG) by down-regulating stemness-related genes and growth
factor signaling pathways. Yang et al. [9] found that SUV39H1 promotes
self-renewal and stem cell proliferation of human bladder cancer stem
cells through the SUV39HI1-GATA3-STAT3 pathway. SUV39HI also
plays a key role in immunotherapy, Lu et al. [10] found that tumor
infiltrating cytotoxic T cells (CTLs) in the colon tumor microenviron-
ment have high SUV39HI expression, and SUV39HI inhibits the
expression of CTL effector genes and confers immune escape from colon
cancer in the process. A recent study by Lopez-Cobo et al. [11] found
that inhibition of SUV39H1 enhanced the persistence of BBz-CAR T cells,
protecting mice from tumor recurrence months after CAR T cell injec-
tion. Jain et al. [12] similarly found that early expansion of
human-derived CAR T cells, promotion of functional persistence, and
overall antitumor efficacy of CD28-based CAR T cells could be enhanced
by knockdown of SUV39HI. In conclusion, SUV39H1 is crucial in
tumorigenesis, development, and immunotherapy, but its role in GBM is
unclear. Further studies are needed to analyze the link between
SUV39H1 and its related gene expression patterns and GBM, as well as
the potential mechanism of its action.

Therefore, in this study, we explored the differential expression of
SUV39HI in gliomas, the associated gene network, their potential
functions, and elucidated the possible mechanisms. In addition, the
correlation between high- and low-expression SUV39H1 in GBM, status
of immune cell infiltration, and immunotherapy was further investi-
gated. Regarding GSCs, we predicted their key regulators and intercel-
lular communication networks by single-cell sequencing (scRNA-seq) of
the GSE dataset. In vitro experiments verified the effects of SUV39H1
inhibition on GBM cell proliferation and stem cell properties of GSCs. In
conclusion, this study aimed to determine whether SUV39H1 is a po-
tential target for glioma treatment.

2. Materials and methods
2.1. Data acquisition and processing

We downloaded GBM-associated RNAseq data in TPM format (n =
1323) from The Cancer Genome Atlas (TCGA) [13] and (GTEx), unified
by the Toil process [14] using UCSC Xena (https: //xenabrowser.net/)
[15] and analyzed as a test set (TCGA_GTEx- GBM). This test set was
analyzed and the corresponding Counts format sequencing and clinical
data were obtained through the TCGA official website (https: //portal.
gdc.cancer.gov/). The specific clinical information is listed in Table S1.
Microsatellite Instability (MSI), Mutation Count, Tumor Mutation
Burden (TMB), and fractional genome altered (FGA) scores were ob-
tained from the cBioPortal database [16].

2.2. Differential expression analysis of SUV39H1

Group comparison plots and Receiver Operating Characteristic
(ROC) curves of the glioblastoma and normal samples were plotted ac-
cording to the TCGA_GTEx-GBM dataset. Glioblastoma samples were
categorized into SUV39H1 high-expression and SUV39H1 low-
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expression groups based on the median SUV39H1 expression. Genes in
the two groups were differentially analyzed using the R package DESeq2
[17]. The threshold of |logFC| > 2 and adj. P < 0.05 was set for
differentially expressed genes (DEGs). The results of the analysis of
variance were used to plot volcano and heat maps using the R package
ggplot2. Functional correlations between DEGs were calculated using
the R package GOSemSim [18], and functional correlations between
DEGs were analyzed for functional similarity (friends).

2.3. Construction of a prognostic risk model associated with SUV39H1

To construct a prognostic risk model in the glioblastoma dataset
(TCGA_GTEx-GBM), we used the R survival package [19] to perform a
single multifactorial Cox regression based on SUV39H1-associated DEGs
to analyze their effect on prognosis. The risk scores were calculated as
follows:

riskScore = ZCoefﬁcient(genei) * MRNA Expression(gene;)

The prognostic predictive power of the Cox regression models was
demonstrated by KM (Kaplan-Meier) curves and time-dependent ROC.
We also constructed clinical prediction models based on the Cox model
risk scores for joint age and sex.

2.4. Gene enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) enrichment analyses of SUV39H1-associated DEGs were per-
formed using the R package clusterProfiler [20]. Gene set enrichment
analysis (GSEA) was performed for all genes in the GBM samples from
TCGA_GTEx-GBM using the following parameters: seed number 2020,
minimum number of genes contained in each gene set 10, and maximum
number of genes contained in each gene set, 500. obtained from the
Molecular Signatures Database (MSigDB) gene set c2.cp.all.v2022.1. Hs.
symbols.gmt [All Canonical Pathways](3050) for GSEA. The screening
criteria were adj. P < 0.05 and FDR value (q value) < 0.25, with P value
correction by Benjamini-Hochberg (BH). The h.all.v7.4.symbols.gmt
gene set was obtained from the MSigDB database [21] and gene set
variation analysis (GSVA) was performed on all genes of the GBM
samples in TCGA_GTEx-GBM to calculate their functional enrichment
differences between the two groups (high and low SUV39H1 expres-
sion), the screening criterion was adj. P < 0.05.

2.5. Mutational analysis of SUV39H]1 high- and low-expression groups

High-frequency mutated genes in patients in the high- and low-risk
groups were analyzed using the maftools package [22]. Drug-mutation
interactions were analyzed using the Drug Gene Interaction Database
(DGIdb). In addition, we performed biological oncogenic pathway an-
alyses of the mutation data to understand which biological oncogenic
pathways were affected by the gene mutations.

2.6. Analysis of immune infiltration and differences in
immunomodulators

The ESTIMATE immunological and mechanistic scores for GBM
samples from TCGA_GTEx-GBM were calculated using the R package
IOBR [23]. Comparative grouping plots for the four immune infiltration
analyses were constructed using the R package ggplot2.

Immune cell infiltration matrix results were obtained using the
CIBERSORT algorithm [24] by combining the LM22 signature gene
matrix and filtering the output of data with immune cell enrichment
scores greater than zero. The R package ggplot2 was used to paint
grouped comparative plots demonstrating the differences in expression
in LM22 immune cells between the two groups (high and low SUV39H1
expression) in GBM samples from TCGA_GTEx-GBM. Subsequently, the
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immune cells with significant differences between the two groups were
screened for subsequent analyses. Correlations between immune cells
were calculated according to the Spearman algorithm and correlation
heatmaps were drawn using the R package ggplot2. We also assessed the
differential expression of immune checkpoint (ICP) and immunogenic
cell death (ICD) regulators in the high and low expression groups.

2.7. Quality control and cellular annotation of single-cell datasets

We used the "CreateSeuratObject" function of the R package Seurat
v4.0 [25] to import the Counts matrix of the single-cell (scRNA-seq)
dataset GSE128195 and create it as a Seurat object, with the parameter
set to have at least 200 gene expression. Cells with > 20 % mitochon-
drial gene content were excluded. Subsequently, the scRNA-seq dataset
GSE128195 was normalized by the "NormalizeData" function. Principal
Component Analysis (PCA) was applied to identify the significant
principal components (PCs), and the "Elbowplot" function was used to
visualize the distribution of P-values. Finally, 15 PCs were selected for
Uniform Manifold Approximation and Projection (UMAP) analysis for
dimensionality reduction. We use the default parameters of "Find-
Neighbors" and the 15 PC dimension parameters to construct the
K-nearest neighbors of Euclidean distances in the base PCA space. By
calling the "FindClusters" function, the "clustree" function is applied to
find the resolution of 1.5 to classify the cells into different clusters. The
"RunUMAP" function was used for dimensionality reduction to be able to
visualize and explore the dataset. Finally, we performed cell type
annotation using CellMarker 2.0 (http: //bio-bigdata.hrbmu.edu.
cn/CellMarker) [26] on all GBM stem cell cultures from the scRNA-seq
dataset GSE128195 to identify the cell types. For the cell taxa that had
been annotated, we used the function "FindAllMarkers" to calculate the
differential genes between all cell taxa, and screened for differential
genes using |log2FoldChange| > 0.5 and P value < 0.05 as the criteria.

2.8. Analysis of glioblastoma stem cell subtypes and cellular
communication

The K-nearest neighbors of Euclidean distances in the base PCA space
were constructed using the default parameters of "FindNeighbors" and
15 PC dimension parameters. By calling the "FindClusters" function, the
"clustree" function is applied to find the resolution of 0.6 to classify the
GSCs into different clusters. For different clusters, we used the function
"FindAllMarkers" to calculate the differential genes among all cell
clusters, and filtered the differential genes with |log2FoldChange| > 0.5
and P Value < 0.05. The gene with the largest log2FoldChange in each
cluster was used to define the cell cluster as the new GSC subtype. Cell
communication analysis was performed using the R package CellPho-
neDB [27].

2.9. Drug resistance analysis of glioblastoma stem cell subtypes

The resistance of each cell subpopulation to different anticancer
drugs was predicted using the R package oncoPredict [28] based on drug
resistance data from the GDSC [29] database. Drugs with significant
differences in drug resistance among the subpopulations were screened
and visualized using a combination of box and violin plots.

2.10. Cell Culture

Four cell lines were used in this study: The U87 and U251 cell lines
were obtained from the Cell Resource Center of the Shanghai Institutes
for Life Sciences. They were cultured in DMEM (Gibco BRL, USA) sup-
plemented with 10 % fetal bovine serum (FBS, Gibco, US). The human
glioma stem cell (GSCs) lines TS576 was kindly provided by Cameron
Brenner and the Mellinghoff Laboratory at the Memorial Sloan-Kettering
Cancer Center (New York, NY, USA). Murine GSCs, CSC1589 waas iso-
lated from hGFAP-Cre™ p53™" Pten™* mice as previously described [30].
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The cells were cultured in neural basal medium (Dulbecco’s Modified
Eagle’s medium/F12, HyClone; GE Healthcare Life Sciences) supple-
mented with EGF (20 ng/mL) and basic FGF (bFGF; 10 ng/mL). and
incubated at 37 °C in a 5 % CO incubator.

2.11. Transfection of siRNA

The cells were transfected using reagents (Thermo Fisher Scientific)
according to the manufacturer’s protocol. siSUV39H1 sequences are
shown in Table S2. Relevant experiments were performed or cells were
collected 48 h after transfection. The siRNA was obtained from
GenePharma.

2.12. Cell Counting Kit-8 Assay

Cell viability was assessed after siRNA treatment using a Cell
Counting Kit-8 (MedChemExpress) according to the manufacturer’s in-
structions. U87 and U251 cells were inoculated in 96-well plates (100 pl
containing 4, 000 cells/well). The cells were transiently transfected after
wall attachment and incubated at 37 °C, 5 % CO» for 48 h. Then CCK-8
solution (10 pl) was added to the cells for 50-70 min, and the absor-
bance at 450 nm was detected using an enzyme marker.

2.13. Western Blotting

Cells were lysed with RIPA buffer (containing 1 % protease inhibitor
PMSEF), total cellular proteins were extracted, and protein samples were
separated by SDS-PAGE gel. The proteins were subsequently transferred
to PVDF membranes, and the PVDF membranes were closed with 10 %
skimmed milk powder for 2 h and incubated with primary antibodies in
a refrigerator at 4 °C overnight, using primary antibodies including
SUV39H1 (1:2000; 10574-1-AP; Proteintech Inc.), PCNA (1:5000;
10205-2-AP; Proteintech Inc.), Nestin (1:800; 19483-1-AP; Proteintech
Inc.), SOX2 (1:500; 11064-1-AP; Proteintech Inc.), and GAPDH (1:1000;
Proteintech Inc.). After washing the membrane, it was incubated with
the secondary antibody (1:8000; SAO0001-2; Proteintech Inc.) for 1 h.
Images of proteins were captured by a chemiluminescence system
(BioRad Laboratories). Bands were measured in gray using ImageJ
software and statistically analyzed using the GraphPad Prism software.

2.14. EdU-488 Cell Proliferation Assay

According to the manufacturer’s instructions (Beyotime), prepare a
2 x EdU working solution by mixing it with culture medium in equal
volumes and add it to a 12-well plate, and incubated at 37 °C, 5 % CO,
for 24 h. Remove the culture medium and add 1 mL of 4 % para-
formaldehyde at room temperature to fix the cells for 15 min. The cells
were permeabilized with passages containing 0.3 % Triton X-100 for
10-15 min after PBS washing. The click reaction solution was config-
ured and incubated for 30 min away from light, and after PBS washing,
the cell nuclei were stained with DAPI for 2 min, and after PBS washing,
images were acquired using a BX53 fluorescence microscope (Olympus).

2.15. Immunofluorescence Staining

Cells were fixed with 4 % paraformaldehyde for 20-30 min and
permeabilized with 0.3 % Triton X-100 for 10-15 min. After 5 % BSA
blocking, the cells were incubated with selected primary antibodies
(1:500) at 4 °C overnight. After washing with PBS, the samples were
stained with the diluent and then with the corresponding Alexa
fluorescence-coupled secondary antibody (1:1000, Invitrogen, Thermo
Fisher Scientific, Carlsbad, CA, USA) for 30 min. Treated with DAPI for
2 min and images were acquired using a BX53 fluorescence microscope
(Olympus).
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2.16. Statistical analysis

R software (version 4.2.2) was used for all statistical analyses of raw
letters. The experimental data were statistically analyzed using Graph-
Pad Prism version 9.0. The Wilcoxon rank-sum test was used to compare
differences between the two groups. The Kruskal-Wallis test was used to
evaluate the differences between the two groups. Correlation analysis
was performed using Spearman’s correlation method. P value < 0.05
was the threshold for statistical significance.

3. Result
3.1. Differential expression analysis of SUV39H1

To explore the differences in the expression of SUV39H1 in poly-
spermatoid glioblastoma and normal samples, we plotted subgroup
comparative plots (Fig. 1A) and ROC curves (Fig. 1B) of SUV39H1 in
polyspermatoid glioblastoma and normal samples based on the
TCGA_GTEx-GBM dataset. The results showed a significant difference
SUV39HI1 in between multiple forming glioblastoma samples and
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normal samples. We divided the polypoid glioblastoma samples from
TCGA_GTEx-GBM dataset into a group with high SUV39H1 expression
and a group with low SUV39H1 expression. Differential analysis of the
TCGA_GTEx-GBM dataset using the R package DESeq2 was performed to
obtain the DEGs in the two groups of data, and the results were as fol-
lows: there were a total of 19 DEGs in the TCGA_GTEx-GBM dataset that
met the threshold of |logFC| > 2 and adj. P < 0.05; under this threshold,
the number of up-regulated expressed gene totalled 3 (SLC7A3, CAPNG,
and OTX2) and down-regulated expressed gene totalled 16 (CCL20,
CXCL8, PLA2G2A, PVALB, CCL7, JCHAIN, PI3, DAO, CCL18, KLK7,
CXCL6, KLK5, the LCE1C, CSF2, CTAG2, and FDCSP). Volcano plots
(Fig. 1C) and heat maps (Fig. 1D) were created based on the results of
the variance analysis of this dataset. The genes that played important
roles in biological processes (Fig. 1E) were judged by a high or low score
of functional similarity (friends) analysis. The results showed that
CCL18 was the most important SUV39H]1-related DEGs.

3.2. Construction of SUV39H]I-related prognostic risk model

To construct a prognostic risk model in the glioblastoma dataset
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Fig. 1. SUV39H1 differential expression analysis A-B. Group comparison plots (A) and ROC (B) of SUV39H1 in the TCGA_GTEx-GBM dataset between glio-
blastoma and normal samples. C-D. Volcano plot (C) and heat map (D) of the difference analysis between the SUV39H1 high- and low-expression groups in the
TCGA_GTEx-GBM dataset. E. Bar graph of functional similarity analysis of DEGs related to SUV39H1. *** represents P value < 0.001, highly statistically significant.
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(TCGA_GTEx-GBM), we firstly analyzed the 19 SUV39HI-associated
DEGs by univariate Cox regression analysis and plotted the forest plots
(Fig. 2A), in which CCL20, CCL7, CXCL6, CSF2, FDCSP met the P value
< 0.05 (Table S3). We included them in the multifactor Cox regression
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analysis (Table S4) and plotted the KM curve (Fig. 2B) and time-
dependent ROC (Fig. 2C). The multifactorial Cox model had a prog-
nostic predictive ability.

Subsequently, we performed a one-way Cox analysis (Fig. 2D) on the
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Fig. 2. Construction of SUV39H1 related prognostic risk model A. SUV39H1 DEGs related to forest figure Cox, the single factor analysis. B-C. KM curve (B) and
time-dependent ROC (C) of the multivariate Cox model for the five SUV39H1-related DEGs. D-E. Risk score clinical variables and the single factor of Cox regression
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risk score and patient clinical information (gender and age) of the prognostic model (Fig. 2E), and the risk score had a higher utility for the
multifactorial Cox model for the five genes (Table S5), and the P value of model.

the risk score and age variables were less than 0.05, all of which were In addition, we performed one year (Fig. 2F), two years (Fig. 2G),
included in the multifactorial Cox model (Table S6). We conducted and three years (Fig. 2H) The prognostic calibration analyses indicated
another nomogram analysis to assess the prognostic capacity of the that the prognostic model we constructed had a better predictive effect.

A B

Ontology [[] BP [ cc [ MF Ontology [[] KEGG
antimicrobial humoral response - | Viral protein interaction with |
cytokine and cytokine receptor
response to chemokine
% IL-17 signaling pathway -
defense response to bacterium
. . o Cytokine-cytokine receptor interaction
chemokine-mediated signaling |
pathway
Chemokine signaling pathway - =
lamellar body | 8 P
@
Rheumatoid arthritis
chemokine activity |
TNF signaling pathway -
chemokine receptor binding - |
=
ul Pertussis
cytokine activity
cytokine receptor binding | Amoebiasis
T T T T T T
0 2 4 6 0 2 4 6
~Log1q (Padj) -Log1q (Padj)

antimicrobial humoral response
4

Counts Counts
Co) 3 ° 1.00

4 lamellar bod
chemokine~mediated signaling pathway O s 4 Y 8 122
Qs O 175
\ O 2.00

defense response to bacterium O
7
response to chemokine
Chemokine signaling pathway.
E wF F KeGG

Viral protein interaction with C\<tokine and cytokine receptor

= TNF signaling pathway

Cytokine—cytokine receptor interaction
1

cytokine activity Counts

Counts . i o 1

V chemokine activity 0 3 + Rheumatoid arthritis 0 2

4 = (O3

R O 5 IL-17 signaling pathway O 4
chemokine receptor binding\ O 6 Os
Os

cytokine receptor binding

7/
Pertussis

Amoebiasis
Y

Fig. 3. GO and KEGG enrichment analysis of SUV39H1-related DEGs A-B. Bar graph of gene ontology (A) and pathway (B) enrichment analysis results of
SUV39H]1-related DEGs. C-F. Network diagram presentation of biological process (C), cellular component (D), molecular function (E), and biological pathway (F)
enrichment analysis results of SUV39H1-related DEGs.
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We then evaluated the constructed Cox regression prognostic model in
terms of clinical utility for one year (Fig. 2I), two years (Fig. 2J), and
three years (Fig. 2K) using decision curve analysis (DCA), which showed
that our constructed Cox regression prognostic model was clinically
predictive for three years > two years > one year.

3.3. Gene ontology (GO) and pathway (KEGG) enrichment analysis

GO and KEGG enrichment analyses found that SUV39H1I-associated
DEGs were enriched in chemokine-mediated signaling pathway, defense
response to bacteria, antimicrobial humoral response, response to che-
mokines, and other biological processes (BP), cellular components such
as the lamellar body (CC), and such as cytokine activity, chemokine
activity, cytokine receptor binding, and other molecular functions (MF).
It was also enriched in the IL-17 signaling pathway, viral protein
interaction with cytokines and cytokine receptors, cytokine-cytokine
receptor interaction, chemokine signaling pathway, TNF signaling
pathway, and other signaling pathways, and the specific results are
shown in Table S7. The results of the GO and KEGG enrichment analyses
are shown as bar graphs (Fig. 3A, B) and network diagrams (Fig. 3C-F).

3.4. SUV39H1 enrichment of high and low expression genes set analysis
(GSEA)

In order to explore the relationship between the expression levels of
all genes in the glioblastoma samples and the high and low groups of
SUV39H1 expression,

we performed Gene Set Enrichment Analysis (GSEA) on all genes in
the glioblastoma samples, which was demonstrated by a mountain range
diagram (Fig 4A), and the results are shown in Table S8. The results
showed that all genes in the glioblastoma samples were significantly
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enriched in WP_IL18_SIGNALING_ PATHWAY (Fig 4B), KEGG_OX-
IDATIVE_PHOSPHORYLATION (Fig 40), REACTOME_R-
EGULATION_OF_TP53_ACTIVITY (Fig 4D), CTLA4
PID_FOXM1_PATHWAY (Fig 4E) and other biological related functions
and signaling pathways.

3.5. Gene set variation analysis of SUV39H1 high and low expression
group (GSVA)

GSVA was performed for all genes in the TCGA_GTEx-GBM dataset,
and specific information is shown in Table S9. Subsequently, pathways
with P values < 0.05, and the differential expression of 20 pathways
between the high SUV39H1 expression group and the low SUV39H]1
expression group were analyzed and visualized using a heatmap
(Fig. 5A). Subsequently, validation of differences was performed based
on the Mann-Whitney U test, followed by a group comparison plot
(Fig. 5B) for the presentation of the results. GSVA results showed that
the pathways of inflammatory response, IL6-JAK-STAT3, and unfolded
protein response in the SUV39HI-expressing high and SUV39HI-
expressing low groups were statistically significant (P value < 0.05).

3.6. Mutation analysis of SUV39H1 high and low expression group

The R package maftools was used to analyze the mutation charac-
teristics of the high- and low-risk groups, and the results showed that
TP53, PTEN, EGFR, TTN, and MUC16 had higher mutation frequencies
in the glioblastoma (Fig. 6A). In the results of biological function anal-
ysis, the number of genes mutated in RTK—RAS, WNT, NOTCH, Hippo,
PI3K and other signaling pathway related genes in the SUV39H1 high
expression group was significantly higher than that in the SUV39H1 low
expression group, with significant differences (Fig. 6B-C). Next, we

B
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Fig. 4. GSEA of SUV39H1 high and low expression groups A. GSEA mountain map of 4 biological functions of TCGA_GTEx-GBM dataset. B-E. GSEA showed that
the genes in the SUV39H1 high- and low-expression groups were significantly enriched in WP_IL18_SIGNALING_PATHWAY (B), KEGG_OXIDATIVE_PHOSPHOR-
YLATION (C), REACTOME_REGULATION_OF TP53_ACTIVITY (D), and CTLA4 PID_FOXM1_PATHWAY (E).
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expression groups in the TCGA_GTEx-GBM dataset. ns stands for P value > 0.05, not statistically significant; * represents P value < 0.05, statistically significant; **
represents P value < 0.01, highly statistically significant; *** represents P value < 0.001 and highly statistically significant.

analyzed the SUV39H1 high- and low-expression group mutation status,
explored genes for medicinal (gene druggability), and the interactions
between the drug and gene. Found to predict possible drugs’ effects on
SUV39H1 high expression of set of genes for DRUGGABLE GENOME
[EGFR, GRM3 MUCI16, PIK3C2B, PIK3CA] (FigbD); Predict possible
drugs’ effects on SUV39H1 lower expression of set of genes for DRUG-
GABLE GENOME [EGFR, ENPEP; LRP1, MUC16, MUC17] (Fig6E). We
analyzed the part of the genome change scores (FGA) (Fig. 6F),
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Microsatellite Instability (MSI) (Fig. 6G), Mutation Count (Fig. 6H), and
Tumor Mutation load (TMB) (Fig. 6I) in SUV39H1 that showed differ-
ences between the high and low expression groups, showing that part of
the genome change scores and microsatellite instability in SUV39H1
were significantly different between the high and low expression groups,
and the group showed higher genome change scores and MSI.
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3.7. Immune infiltration of SUV39H1 high and low expression groups

Comparison plots between groups revealed that ESTIMATE score,
immune score, stromal scores and tumor purity (Fig. 7A-D) were
significantly different between SUV39HI-expressing high and
SUV39H1-expressing low groups (P < 0.05).

Stacked bar plots (Fig. 7E) and group comparison plots (Fig. 7F) were
used to show the expression differences in the infiltration abundance of
immune cells among the different groups. Fig. 7F shows that all five
immune cells were statistically significant (P < 0.05): naive B cells,
memory B cells, monocytes, activated mast cells, and eosinophils. The
correlation results of the abundance of the five immune cell infiltrations
in the glioblastoma samples are shown in a correlation heat map
(Fig. 7G).

3.8. Differential analysis of immunomodulators in high and low
SUV39H1 expression groups

Previous studies have indicated that ICPs and ICD regulators play
significant roles in modulating host antitumor immunity, which largely
influences the efficacy of mRNA vaccines, and that homologous
recombination deficiencies are important for immune regulation [31].
Therefore, we assessed the differential expression of ICP and ICD regu-
lators in the SUV39H1 high- and low-expression groups. The vast ma-
jority of ICD regulator genes were significantly upregulated in the
SUV39H1 high expression group (Fig. 7H). Among the ICP regulators,
the vast majority of genes were significantly upregulated in the
SUV39H1 low expression group (Fig. 7I). This might predict that pa-
tients in the SUV39H1 high expression group will be more sensitive to
immunotherapy, and that the SUV39HI low expression group will be
more biased towards the immune-tolerant subtype.

3.9. Analysis of cellular communication between stem cell subtypes of
glioblastoma

Following the Seurat analysis process, we performed quality control
on the single-cell dataset GSE128195 (Fig. 8A). The optimal number of
principal components was determined to be 15 by the elbow method
(Fig. 8B), and we selected the top 15 principal components for down-
stream analyses. Twelve cancer cell subpopulations were obtained using
unsupervised clustering and were visualized using UMAP (Fig. 8C). We
classified all cell clusters into GSCs and no-GSCs by manual annotation
(Fig. 8D). Fig. 8E shows the expression of four GSC marker genes, and
the expression levels of Nestin and SOX2 were elevated. DEGs among all
cellular taxa were calculated using the FindAllMarkers function
(Table S10). Fig. S1 shows positive and negative TOP5 expressed genes
in GSC and non-GSCs. Fig. 8F shows the expression differences of
SUV39H1-related DEGs in GSC and no-GSCs, showing that the expres-
sion levels of CAPN6, OTX2, and LCE1C were higher in GSC.

To explore the GSC intercellular communication network, the GSC
clusters were further clustered to obtain two GSC subtypes and anno-
tated with genes that were significantly differentially expressed, which
finally resulted in PTPRZ1-GSCs and CRYAB-GSCs (Fig. 8G). We show
the number of interacting receptor ligands between receptor sub-
populations in network diagrams (Fig. 8H) and heatmaps (Fig. 8I). The
interaction between CRYAB-GSCs and PTPRZ1-GSCs was the strongest
among the different subpopulations. This finding suggests a potential
functional link between these two cell subtypes that may play a key role
in tumor biology. Subsequently, to specifically investigate the ligand
interactions between cells, we showed the strength of ligand interactions
between different cell subtypes in the form of bubble plots (Fig. 8J);
between CRYAB-GSCs and PTPRZ1-GSCs, the PTN-PTPRZ1 ligand pair
had a stronger interaction. This interaction may promote cell prolifer-
ation, migration, and other tumor-related biological functions. PTPRZ1
as a receptor: In PTPRZ1-GSC, PTPRZ1 activity is regulated by PTN li-
gands, which may guide the cell signaling process and increase the
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stemness of tumor stem cells and the aggressiveness of tumors.
3.10. Analysis of drug resistance in glioblastoma stem cell subtypes

Tumor drug resistance has been one of problems urgently to be
solved in clinical treatment, in this study, based on the single cell RNA -
Seq data, we estimate the two kinds of glioma tumor stem cells for a line
of anti-cancer drug resistance, it may be able to provide valuable in-
formation for glioma cancer therapy.

Here, drug resistance data from GDSC, glioma cell line expression
profiling, and oncoPredict approach were integrated to evaluate the
resistance of four first-line anticancer drugs in two cancer cell subsets,
gefitinib, ibrutinib, and ibrutinib, respectively. olaparib and temozolo-
mide were also evaluated. The results showed that the drug resistance of
the above four drugs in cell subsets was significantly different
(P < 0.05), specifically, PTPRZ1-GSC was more sensitive to gefitinib
(Fig. 8K) and olaparib (Fig. 8M); CRYZB-GSC was more sensitive to
ibrutinib (Fig. 8L) and temozolomide (Fig. 8N).

3.11. Quasitime-series analysis of glioblastoma stem cell subtypes

To explore the developmental trajectories of different cell states, we
performed a proposed temporal sequence analysis, which demonstrated
the developmental trajectories of the five cell states using a differenti-
ation developmental trajectory map (Fig. S2A), a differentiation devel-
opmental temporal sequence map (Fig. S2B), and a developmental
trajectory map of all cells (Fig. S2C). As shown in Fig. S2D, PTPRZ1-GSC
was more predominant in the early stage of cell differentiation and
development, and as can be seen from Fig. S2E, the SUV39H1-associated
DEGs, CAPN6 and LCE1C, were more highly expressed in the late stage
of development.

3.12. Knockdown of SUV39H1 inhibits glioma cell proliferation and
downregulates stemness markers in GSCs

To investigate the role of SUV39HI in gliomas, we inhibited
SUV39H1 expression in U87 and U251 cells using siRNA. CCK8 results
showed that cell viability was decreased after inhibition of SUV39H1
(Fig. 9A). Western blotting results showed that inhibition of SUV39H1
decreased the levels of Proliferating Cell Nuclear Antigen (PCNA) pro-
tein in U87 and U251 cells (Fig. 9B). EAU results similarly demonstrated
that inhibition of SUV39H1 suppressed glioma cell proliferation
(Fig. 9C). We further explored the effect of SUV39H1 inhibition on GSCs
and found that the expression of stemness markers Nestin and SOX2 was
significantly downregulated in TS576 and CSC1589 cell lines after
knockdown of SUV39H1 treatment by western blotting (Fig. 9D, E) and
immunofluorescence staining (Fig. 9F-G). This suggests that SUV39H1
may be involved in the malignant biological processes of GSC and
adversely affect the development of gliomas.

4. Discussion

The current mainstay of treatment for GBM is maximal surgical
resection of the tumor. However, the high recurrence rate in patients
remains unresolved. Recently, immunotherapy has brought new hope
for the treatment of many types of cancer. Inmunotherapy for cancer
treatment refers to the involvement of the patient’s immune system in
the recognition and elimination of cancer. Its effectiveness has been
demonstrated in a wide range of solid tumor types, including melanoma
[32], prostate cancer [33], and bladder cancer [34]. This finding also
brings new hope for GBM treatment. Many clinical trials have explored
the use of immunotherapy in the context of GBM [35,36]. However,
owing to the wide range of immunotherapeutic approaches employed,
the different choices of molecular targets, and the diversity of combi-
nation therapy strategies, questions regarding the efficacy and safety of
immunotherapy for GBM remain. Therefore, novel prognostic targets



J. Liu et al.

Computational and Structural Biotechnology Journal 23 (2024) 4161-4176

Group [l high [l low Group [l high [l low Group [l high [l low Group [l high [l low
1.1
. |
10001 0.9
° 2000 N
8 2000 2 g z
@ 8 8 g
k£ 2 1000 s 9 Tor
H g g 5
5 © E [ e
A E
~1000; 0.5
—2000; 1000}
~2000; 0.3
mon Group gy Group o Group o i Group b
O B cells naive O TcellsCD4 memory resting [ NKcellsresting [l Macrophages M2 [ Eosinophils
O Bcelsmemory [ T cells CD4 memory activated [ NK cells activated [l Dendritic cells resting [l Neutrophils
O Plasma cells O T cells follicular helper O Monocytes B Dendritic cells activated
O TcellsCD8 @ T cells regulatory (Tregs) @ Macrophages MO [ Mast cells resting
O Tcells CD4 naive [ T cells gamma delta @ Macrophages M1 [l Mast cells activated
1.00

o
)
o

0.00

Relative percentage
o
@

W oow

orow W righ

Infilration Abundance
° ° °
N e >

°
°

10.0

)
&l

Gene expression
(&
o

Eosinophils

Mast cells activated = cor

B

Monocytes o

“ ﬁ L B cells memory faud
_.h-_“__ __“H__“H [ren ___hd_-dl & csils e =
T T T T T T T T T T T T T T T T T T T T T T
2 5§ ¢ 8 ¢ 2 3 &8 2 2 2 3 & s = g 2 3 2 3% 2 %2
s 2 8 8 5 5 5 £ B = 5 ¢ 3 3 3 3 8 S 5 : % % = -
: 2 e gz 2§ § vz 2 BEELCLEoC P
. g 8 & ¢ 2 3 £ 2 £ 5 5 2 5 % 3 ¢ 3
= § & - 2 £ 5 2 5 5 B &= 5 5 58 £ 8 £ 4 2 of ¢ ¥ e &
o 8 £ § 3 2 2 g 8§ 8 8 £ ¢ & 3 &
- x E 2 2 g z = = = § £ = % A
8 g 8 2 «» 5 ® 2
2 8 + 8 e =
3 2 =
- 2
£
group Bl high B low
.
.
. .
. H * ‘

25
.
.
. O' [ ]
0.0 ° P “ .
N <= QS > ™ < N N ‘?‘l’ N 9 N & N N A A A N > 0
2 3 NN SV IR SRS S & FE S L
§Y & o & S & é{y EEFFTITFTIE TS E S &Q* & & S S
I group B high BE low
1004 * . - - & - B e
s
7.5
.
g . .-
.
g 50 A & “ . i .
B o ° . [ o . M .
® . . . H ] A
3 . . . . o . .
25 L ] . . .

#ﬁhﬁ ﬂﬁﬁn

DRI @é\
OB BB & é‘q &
«fé{e&é‘ee&%\“

Fig. 7. Immune infiltration of SUV39H1 high and low expression groups A-D. Group comparison of ESTIMATE (A), immuno (B), stromal (C), and tumor purity
(D) scores between SUV39H1 high- and low-expression groups in glioblastoma samples of the TCGA_GTEx-GBM dataset. E-F. Proportion of LM22 immune cells in the
samples of the SUV39H1 high- and low-expression group (E), as well as comparison group (F). G. The TCGA_GTEx-GBM dataset shows the correlation analysis results
of immune cell infiltration abundance in glioblastoma samples. H-I. Group comparison of ICD (H) and ICP (I) modulator expression levels differences between

SUV39H1 high- and low-expression groups. ns stands for P value > 0.05, not statistically significant;

* represents P value < 0.05, statistically significant; ** rep-

resents P value < 0.01, highly statistically significant; *** represents P value < 0.001 and highly statistically significant.
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Fig. 8. Analysis of cellular communication between GSCs subtypes and drug resistance analysis A. QC nCount_RNA, nFeature RNA, and mitoRatio violin plots
for the GSE128195 single cell dataset. B. Percentage point plots of principal component contribution for the GSE128195 single cell data. C. UMAP clustering plots for
cell clusters in the GSE128195 dataset. D. UMAP clustering plots for different cell types in the UMAP clustering plots in the GSE128195 dataset. E. Expression point
plots of stem cell marker genes in different cell types. G. UMAP plots of different cell clusters and cell types in the GSC.H-I. Network plots of logarithmic interaction
scores between subpopulations of GSCs (H), where different colors represent different cell subpopulations, and the thickness of the lines represent the strength of the
interactions and heat maps (I), where the colors from blue to red represent weak to strong interaction strengths, respectively. J. Bubble plots of receptor interactions
between GSC subpopulations. K-N. Comparison plots of groupings of drug sensitivity analyses for gefitinib (K), ebrutinib (L), olaparib (M), and temozolomide (N) in

stands for P value < 0.001, highly statistically significant.

different GSC subpopulations.

must be identified.

Aberrant activation or inactivation of enzymes and dysregulation of
histone modifications can lead to transcriptional abnormalities in gene
expression, and ultimately, the development and progression of gliomas
[37]. The H3K9me3 specific histone methyltransferase SUV39H1 is
crucial in epigenetic regulation because it is involved in the composition
and regulation of heterochromatin [6]. SUV39H1 has been implicated in
many complex biological processes such as telomere maintenance,
cellular differentiation, and senescence [7]. SUV39H1 was found to be
associated with a phenotype of malignant invasion and a high GBM
grade compared to normal brain tissue [38]. The SUV39H1 also plays a
key role in tumor immunity, and it has been found that inhibition of
SUV39H1 enhances the anti-tumor immune response, either alone or in
combination with anti-PD-1, and is an "epigenetic checkpoint’ for tumor
immunity [39]. It is also involved in regulating the survival and prolif-
eration of CD8" T cells [40]. However, the prognostic significance of
SUV39H1 and the specific mechanisms related to the development and
progression of GBM have not been reported yet. Thus, we examined the
relationship of SUV39H1 expression to the development of GBM, which
could be a potential prognostic biomarker and an immunotherapeutic
target for GBM. In addition, the integration of scRNA-seq data further
enhances our understanding of the tumor microenvironment and
cellular heterogeneity, and this integrated approach is expected to
develop more effective diagnostic and therapeutic strategies for patients
with GBM.

In this study, we found that SUV39HI expression was higher in
glioblastoma samples than that in normal samples, and the AUC value of
SUV39H1 in GBM was as high as 0.937, suggesting a high diagnostic
value for distinguishing between tumors and normal samples. Next, we
divided the GBM samples into SUV39H1 high-expression and low-
expression groups, and identified a total of 19 DEGs, and through the
high and low scores of the functional similarity (Friends) analysis, we
found that CCL18 was one of the genes with the most significant dif-
ferences among the SUV39H1-related DEGs. Furthermore, CCL18 is a
key player in the tumor microenvironment and can influence tumor
growth and patient prognosis [41]. These SUV39H1-associated DEGs
were significantly enriched in biological pathways associated with im-
mune and inflammatory responses by GO and KEGG enrichment ana-
lyses, including, but not limited to Interleukin-17 (IL-17),
cytokine-cytokine receptor interaction [42], and chemokine signaling
pathway [43]. Among them, the IL-17 signaling pathway is crucial in the
inflammatory response and has been implicated in the pathogenesis of
several cancers [44,45].

In addition, we found that genes in glioblastoma samples were
significantly enriched in signaling pathways such as IL-18, oxidative
phosphorylation, and regulation of TP53 activity by GSEA. Altered
oxidative phosphorylation impairs the immune function of immune cells
in the tumor microenvironment, leading to immune escape. SUV39H1
has been found to be essential in the progression of hepatitis B virus-
infected hepatocellular carcinomas and has been identified to target
the oxidative phosphorylation pathway [46]. p53 is among the most
crucial tumor suppressors and is implicated in the regulation of multiple
cancer-related pathways like apoptosis, the cell cycle, inflammatory and
immune responses, and DNA damage repair [47]. The encoding gene
TP53, which is the most frequently mutated gene in cancers, and the
mutation status of TP53 might be a valuable biomarker for predicting
the response to cancer immunotherapy in various cancer type [48].
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Notably, our analyses revealed that TP53 also has a high mutation fre-
quency in glioblastoma (Fig. 6A). In solid tumors, silencing of TP53
increases SUV39H1 expression, which induces H3K9me3, leading to
chemotherapy resistance [49]. The inhibitory binding of high-affinity
IL-18 decoy receptors to mutant IL-18 also promoted NK cell activity,
which enhanced antitumor effects in a mouse tumor model [50]. In
addition, we identified pathways with significant differences between
SUV39H1 expression groups related to tumor immunity using GSVA,
including the signature inflammatory response pathway and the
IL-6/JAK/STAT3 signaling pathway. In the tumor microenvironment,
IL-6/JAK/STAT3 signaling drives tumor cell proliferation, survival, in-
vasion, and metastasis, while strongly suppressing antitumor immune
responses [51]. These findings highlight the potential role of SUV39H1
in regulating the tumor microenvironment and its involvement in
modulating the inflammatory response in the GBM tumor
microenvironment.

Our immunoassay results showed significant differences in ESTI-
MATE algorithm scores (including immune score, stroma score, and
tumor purity) between the high SUV39H1 and low expression groups in
glioblastoma, suggesting that SUV39H1 may influence the composition
and immune cell infiltration in the tumor environment. Differences in
the infiltration abundance of immune cells in glioblastoma were
expressed in the high and low SUV39H1 expression groups, and we
identified the five most statistically significant immune cells as B cells
naive, B cells memory, Monocytes, Mast cells activated, and Eosinophils,
which Mast cells activated showed a strong positive correlation with
Eosinophils. Mast cells (MC) infiltrate mouse and human gliomas in
response to various signals in a grade-dependent manner [52]. Eosino-
phils have also been shown to recruit necrotic tissue in an in vivo mouse
model, which is a major determinant of human GBM [53]. The different
immune cell compositions and immune scores imply that SUV39HI may
modulate the immune microenvironment in GBM, which may influence
tumor progression and response to immunotherapy, and our results
provide a basis for this. ICP and ICD modulators play a crucial role in
influencing the efficacy of mRNA vaccines and regulating host anti-
tumor immunity [54,55]. Therefore, we investigated the differential
expression of ICP and ICD regulators in high and low SUV39HI
expression groups. Among them, ICD regulator genes were upregulated
in the high SUV39H1 expression group and ICP regulator genes were
upregulated in the low expression group, which may imply that patients
with high SUV39H1 expression may be more sensitive to immuno-
therapy, whereas patients with low expression may tend to have an
immune-tolerant subtype. Overall, our immunological analyses high-
lighted the importance of SUV39H1 as a possible immunotherapeutic
target for GBM, aiding in the development of new immunotherapeutic
strategies.

Current cancer treatment is largely hindered by the presence of
cancer stem cells (CSCs). CSCs play a vital role in tumor recurrence and
chemoresistance because of their typical stemness characteristics. CSCs
protect themselves from immune surveillance by excreting metabolites,
cytokines, growth factors, and extracellular vesicles (EVs) into the TME
and also regulate the composition of the TME [56]. The high rate of
treatment failure in gliomas has been associated with the presence of
GSCs, which regain the proliferative capacity of treated tumors and
induce tumor recurrence [5], helping tumor cells evade treatment by
modulating the composition of the TME and promoting tumor hetero-
geneity [57]. Therefore, it is necessary to develop new strategies for the
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treatment of GSCs.

We performed scRNA-seq analysis for GSCs and investigated their
intercellular communication networks. First, all cell clusters were clas-
sified into GSC and non-GSCs, in which the gene expression of the GSC
markers Nestin and SOX2 was upregulated. We further clustered the GSC
clusters and screened them to obtain two GSC subtypes, annotating them
with significantly DEGs, resulting in PTPRZ1-GSCs and CRYAB-GSCs.
Protein tyrosine phosphatase, receptor type Z1 (PTPRZ1) is a receptor-
like protein tyrosine phosphatase associated with neurodevelopment
and known to be overexpressed in glioblastoma [58]. It has been shown
that PTPRZ1 interacts with pleiotropic trophic factors secreted by TAMs
within GSCs to activate the Akt pathway and maintain the stemness of
GSCs [59]. Given its role in cell signaling and interaction with growth
factors such as polytrophic factor (PTN) [60], PTPRZ1 might be a key
player in the regulation of GSC properties and intercellular communi-
cation in the tumor microenvironment. Whereas a-crystallin B chain
(CRYAB) is a small heat shock protein expressed mainly in neural and
cardiac tissues, and its expression is frequently dysregulated in
immune-related diseases [61]. CRYAB expression correlates with
tumor-induced immune escape. Upregulation of CRYAB is strongly
associated with tumor evasion during immune detection and subsequent
immune responses [62]. Knockdown of CRYAB in glioma cells inhibits
cell proliferation, migration and induces apoptosis [63]. Cellular
communication network analyses indicated that CRYAB-GSCs to
PTPRZ1-GSCs had the strongest interactions and might play a role in
tumor heterogeneity and progression. Based on the scRNA-Seq data, we
estimated the two types of glioma tumor stem cells as a line of anticancer
drug resistance, with PTPRZ1-GSCs being more responsive to gefitinib
and olaparib, whereas CRYAB-GSCs were more sensitive to ibrutinib and
temozolomide. These findings provide valuable information for glioma
stem cell therapy.

Finally, we verified by in vitro experiments that knockdown of
SUV39H1 could inhibit the proliferative ability of U87 and U251 cells
and found that knockdown of SUV39H]1 significantly downregulated the
expression of the GSC surface markers Nestin and Sox2, in GSC1589 and
TS576 cells. This evidence suggests that SUV39H1 might be associated
with GSC, being a potential target for GBM due to its crucial role in
GSCs.

Despite the comprehensive bioinformatic analyses performed in this
study, our study remains limited. First, this study lacks in-depth exper-
imental validation and mechanistic studies on the effect of SUV39H1 on
the efficacy of GBM immunotherapy. Second, the regulatory role of
SUV39H1 in GSCs has not yet been clarified; only the inhibition of
SUV39H1 was found to downregulate the expression of GSC stemness
markers, and the specific regulatory mechanisms need to be further
explored. Third, the lack of clinical validation analyses indicated that
the practical applicability of the risk model in clinical settings remains
untested.

5. Conclusions

In conclusion, our study demonstrated that SUV39H1 expression was
higher in glioblastoma samples than that in normal samples, and inhi-
bition of SUV39H1 suppressed tumor growth. SUV39H1 was found to be
associated with the tumor immune by functional enrichment analysis,
mutational profiling, and immune infiltration assessment, indicating the
importance of SUV39H1 as a possible immunotherapeutic target in
GBM. Single-cell sequencing analysis further elucidated the heteroge-
neity of GSC subtypes and intricate cellular communication networks.
Furthermore, by targeting GSCs, we found that inhibition of SUV39H1
significantly downregulated the expression of their stemness markers.
Despite these limitations, our findings open a new way of thinking about
the future treatment of gliomas.
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