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Single-cell transcriptomic

analysis identifies downregulated
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Introduction: Glioma, a prevalent and deadly brain tumor, is marked by
significant cellular heterogeneity and metabolic alterations. However, the
comprehensive cell-of-origin and metabolic landscape in high-grade
(Glioblastoma Multiforme, WHO grade IV) and low-grade (Oligoastrocytoma,
WHO grade II) gliomas remains elusive.

Methods: In this study, we undertook single-cell transcriptome sequencing of
these glioma grades to elucidate their cellular and metabolic distinctions.
Following the identification of cell types, we compared metabolic pathway
activities and gene expressions between high-grade and low-grade gliomas.

Results: Notably, astrocytes and oligodendrocyte progenitor cells (OPCs)
exhibited the most substantial differences in both metabolic pathways and
gene expression, indicative of their distinct origins. The comprehensive analysis
identified the most altered metabolic pathways (MCPs) and genes across all cell
types, which were further validated against TCGA and CGGA datasets for
clinical relevance.

Discussion: Crucially, the metabolic enzyme phosphodiesterase 8B (PDE8B) was
found to be exclusively expressed and progressively downregulated in astrocytes
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and OPCs in higher-grade gliomas. This decreased expression identifies PDESB
as a metabolism-related oncogene in IDH-mutant glioma, marking its dual role
as both a protective marker for glioma grading and prognosis and as a facilitator
in glioma progression.

KEYWORDS

oligoastrocytoma, glioblastoma multiforme, cell-of-origin, metabolism, pathways,
clinical significance, phosphodiesterase 8B (PDE8B)

1 Introduction

Glioma stands as one of the most prevalent and lethal brain
tumors, distinguished by significant cellular, genetic, epigenetic,
and environmental heterogeneities (1, 2). Despite considerable
advancements in diagnostics and therapies including surgery,
radiotherapy, chemotherapy, and immunotherapy, gliomas
remain incurable and are associated with high mortality rates (3).
Biologically, gliomas predominantly originate from neural stem
cells (NSCs) (4-8), NSC-derived astrocytes (9) or oligodendrocyte
precursor cells (OPCs) (10-13), accounting for about 80% of
malignant central nervous system tumors. The World Health
Organization (WHO) classifies gliomas into four grades (I-IV)
(14), where grades III (anaplastic glioma) and IV (glioblastoma
multiforme, GBM) are high-grade (HG), and grade II typically
corresponds to low-grade (LG) glioma (15). Understanding the
molecular underpinnings across different glioma grades is crucial
for identifying novel therapeutic targets.

Altered cellular metabolism is recognized as a hallmark of gliomas
(16, 17). In recent decades, research has concentrated on the metabolism
of glucose in cancer cells, with targeting the Warburg effect emerging as a
novel concept for glioma treatment (18). Additionally, shifts in lipids
(19-21), amino acids (22, 23) as well as other metabolites (24-26)
metabolisms in gliomas are drawing increased attention, revealing new
metabolic genes, pathways, and therapeutic targets (19, 27). Moreover,
accumulating evidence underscores the interplay between cellular
metabolism and molecular changes in both cancer and immune cells
(28). Genetic and epigenetic mutations, such as IDH mutations (27) and
H3K27M mutations (29), drive metabolic reprogramming, potentially
creating vulnerabilities in glioma cells (30, 31). These metabolic shifts also
significantly impact epigenetics, extending beyond the classical
mechanisms of tumor pathogenesis (28, 32). Distinct cell-of-origin
properties are also implicated in glioma progression, influencing tumor
malignancy and drug sensitivity (33), although the comprehensive cell-
of-origin and metabolic atlas across high and low-grade gliomas remain
unclear. In 2021, the WHO published the fifth edition of the
Classification of Tumors of the Central Nervous System, and IDH
mutations have become an official glioma type (34). However, in gliomas,
IDH mutations are recognizable in >80% of WHO Grade II/III cases,
and IDH mutations are also common in secondary GBM, which can
even account for 73% of clinical cases (35). Precisely, because of its

Frontiers in Immunology

uniqueness, various IDH mutant-specific targeting strategies are now in a
flourishing stage (36). Therefore, we sought to use novel techniques to
provide new evidence on the link between IDH mutations and gliomas.

Recent advancements in single-cell sequencing have provided
unprecedented resolution in studying glioma. By employing this
technology, the cellular architecture and heterogeneity (37-41),
along with fate determinants and regulators (37, 42-49) and the
tumor microenvironment’s immune cells (8, 50-52), have been
explored extensively. Yet, the metabolic landscape of glioma and its
clinical relevance remains largely uncharted through single-cell
analysis. This study initiates with single-cell transcriptome
sequencing of low-grade (Oligoastrocytoma, WHO grade II) and
high-grade (Glioblastoma Multiforme, WHO grade IV) glioma
samples. We compared metabolic pathway activities and gene
expressions in HG versus LG, validating findings with TCGA and
CGGA datasets for clinical relevance. Our results highlight
phosphodiesterase 8B (PDE8B) as a potential benign prognostic
biomarker for glioma, leading us to further investigate its impact on
glioma growth through cellular and animal studies. This research
delineates metabolic differences between glioma grades and
identifies critical genes in glioma metabolism, offering new
insights into glioma progression and treatment strategies, with a
focus on PDESB as a pivotal metabolic enzyme.

2 Materials and methods

2.1 Patient recruitment and
sample collections

Patients were recruited at the local hospital’s neurosurgery clinic
from October 2023 to January 2024. Before taking part in the study, all
individuals were given complete and accurate verbal and written
information about it. Subjects who took part in the study provided
written informed consent. Following the screening, four primary
glioma samples were obtained from two untreated patients, one
female with WHO grade IV glioblastoma in the left temporal lobe as
high-grade glioma (HG) and one man with WHO grade 1II
oligodendrocyte astrocytoma in the right temporal lobe as low-grade
glioma (LG). Table 1 contains detailed basic clinical and pathological
information on two patients who participated in this study.
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TABLE 1 Detailed information about two patients who participated in this research.

Sample Gender Age First Lesion Surgery Pathological grade  Ki67 KPS score at discharge
Types Symptom Date after surgery
LG Male 37 Dizziness Left 2020/7/20 Oligodendrocyte astrocytoma 0.15 90
temporal (WHO grade 1I)
lobe
HG Female 38 headache Right 2020/9/4 Glioblastoma (WHO grade IV) 0.3 60
temporal
lobe

2.2 Single-cell transcriptomics profiling of
glioma samples

Four fresh samples were collected prior to surgery and digested into
single-cell suspensions before being examined using droplet-based
single-cell transcriptome profiling through the Cell Ranger software
pipeline (version 3.1.0) provided by the 10 x Genomics Chromium
system. The number of high-quality cells in each sample after Cell
Ranger quantitative quality control ranged from 2419 to 10733.
Following the removal of low-quality cells such as doublets,
multiplets, and apoptotic cells, the final number of cells collected
varies from 1606 to 9744, the average number of UMIs (Unique
molecular identifiers) in each cell is 7325 to 15424, the average
number of genes in each cell is 2424 to 3858, and the average ratio of
mitochondrial genes in each cell is 0.0569 0.1190. We used the R
package Seurat (version 3.1.1) to process the filtered unique molecular
identifier (UMI) count matrix (28). The algorithm provided by
Macosko et al. was used to identify the top variable genes across
single cells (29). Principal component analysis (PCA) was used in Seurat
to reduce dimensionality using the RunPCA function (PC num = 15)
(28). We used the FindClusters function to analyze cell groups using
graph-based clustering according to their gene expression profiles, the
RunTSNE function to display clusters using a 2-dimensional t-
distributed stochastic neighbor embedding (t-SNE) method, and the
FindAllMarkers function to find marker genes in each cluster in Seurat
(28). Then, we used the R package SingleR, an automated annotation
method for unbiased scRNA-seq cell type detection, with Human
Primary Cell Atlas from Mabbott et al. (53). as the reference
transcriptome datasets, to infer the cell types (30, 31, 54). The
FindMarkers function in Seurat was used to identify differentially
expressed genes (DEGs). The criterion for substantially different
expression was established at P.Value = 0.05 and [log2foldchange| >
0.58. The hypergeometric distribution was used to perform GO (Gene
Ontology) enrichment and KEGG (Kyoto Encyclopedia of Genes and
Genomes pathway enrichment) analyses of DEGs.

2.3 Tissue staining

Glioma tissues were fixed in 4% paraformaldehyde (P0099,
Shanghai Beyotime Biotechnology Co., Ltd.) for 24 h and
dehydrated with gradient alcohol. The sections were embedded in
paraffin, stained with hematoxylin (517-28-2, Sigma-Aldrich
Corporation) for 5 min. After washed with running water, the
sections were differentiated with 1% hydrochloric alcohol for 5-10s.

Frontiers in Immunology

The sections were counterstained with eosin (15086-94-9, Sigma-
Aldrich Corporation) for 3 min. After dehydration with ethanol and
absolute ethanol (64-17-5, Chengdu Kelong Chemical Co., Ltd.),
the slices were observed under a light microscope.

The paraffin section of glioma tissues was deparaffinized and
hydrated. The sections were incubated with PDES8B (ARG10811,
arigo Biolaboratories Corporation), ABAT (64430, Cell Signaling
Technology, Inc.) and ADCY2 (PA5-114701, Thermo Fisher
Scientific) primary antibody overnight at 4°C. The sections were
then stained with the appropriate HRP-labeled polymer-conjugated
secondary antibody (C31460100, Thermo Fisher Scientific) for
60 min. The sections were counterstained with hematoxylin for
3 min. Immunostaining images were captured.

2.4 RNA isolation and quantitative real
time PCR

Total RNA from tissues and cells was extracted using TRIzol
reagent (T9424, Merck Corporation). RNA reverse transcription was
performed according to the instructions of the Vazyme kit, Nanjing
(R211-01, Nanjing Vazyme Medical Technology Co., Ltd.). Real time
PCR was performed using synthetic primers for the corresponding
genes. The reaction conditions were first predenaturation at 95 °C for
2 min, followed by 40 cycles of denaturation at 95 °C for 10 s, annealing
at 60 °C, and extension for 30 s. GAPDH was used as the reference
gene. Relative gene expressions were calculated by the 2 AL method.
The primer sequences used were as follows: GAPDH: Forward, 5-ACA
GCCTCAAGATCATCAGC-3%; Reverse, 5-GGTCATGAGTCCTITC
CACGAT-3". PDE8B: Forward, 5-ACGCAGGCTTCAACAGGAG-3;
Reverse, 5-CGTGGTCATCGCTTGTTATTTCT-3.

2.5 Western blotting analysis

The glioma tissues and adjacent tissues were ground with liquid
nitrogen, fully lysed with cell lysate. The total protein was extracted.
BCA kit (P0010, Shanghai Beyotime Biotechnology Co., Ltd.) was
used for protein quantification. A 30uL loading system with 100 ug
mass was prepared. Then, the sample was denatured at 95°C for
5 min. The proteins sample were separated by 12% SDS-PAGE gel,
and then transferred to the membrane and blocked in 5% skim milk
for 1h. Primary antibodies (PDE8B) were incubated at 4°C
overnight and secondary antibodies were incubated. Quantitative
analysis was performed by Image ] software.
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Metabolism prolife and cellular architecture in high and low grade glioma. (A) All 15 clusters were generated with dimension reduction; (B) T-SNE
map showing the distinct metabolism characteristics in HG and LG samples; (C) Cell type distribution identified with classical markers in T-SNE map;

(D) Representative cell markers used in this study for cell type identification.

2.6 Statistical analysis

All of the experiments were performed at least three times.
GraphPad Prism 9.0 statistical software was used to analyze the
data. Measurement data in line with normal distribution were
expressed as mean + standard deviation. Student’s t-test was used
for comparison between two groups, and one-way analysis of
variance was used for comparison between multiple groups.
P<0.05 was considered statically significant.

3 Results

3.1 Overall metabolism landscape of high
grade and low grade glioma

Initially, to acquire a single-cell expression matrix from high-grade

(HG) and low-grade (LG) glioma, two fresh tissue samples per group
were utilized. These were clinically and pathologically identified as
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WHO grade IV Glioblastoma Multiforme and WHO grade II
Oligoastrocytoma for the HG and LG groups, respectively. After
preprocessing, quality control, and dimension reduction of 1667
metabolic genes in the KEGG pathway database, 15 clusters were
generated, as displayed in Figure 1A. The t-SNE map revealed distinctly
different expression patterns between HG and LG groups, suggesting
unique metabolic landscapes for each (Figure 1B). Based on the
expression specificity of known markers (Figure 1D), these 15
clusters were categorized into 10 cell types: Astrocytes, Cytotoxic
CD8+ T cells, Endothelial cells, Exhausted CD8+ T cells, Microglia
cells, Mural cells, Naive CD4+ T cells, NK cells, Oligodendrocyte
progenitor cells (OPCs), and Oligodendrocytes (Figure 1C).

3.2 Comparative analysis of metabolic
landscape in HG and LG glioma

The metabolic landscape between HG and LG glioma was
further explored by comparing the metabolic pathway activities
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and gene expressions. Utilizing 85 metabolic pathways and 1667
genes from the KEGG pathway database, as described in the
algorithm reported by Xiao et al. (55), pathway activities for the
10 cell types in both HG and LG groups were calculated, with
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overall pathway activities illustrated in Figures 2A, B. Notably, the
highest metabolic activity in LG glioma was observed in
oligodendrocytes, ranking second in the HG glioma group.
Conversely, astrocytes exhibited the highest metabolic activity in
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HG glioma, suggesting a distinct cell-of-origin basis for
oligodendrocytes and astrocytes in LG and HG glioma, respectively.

3.3 ldentification of most changed
metabolic pathways in all cell types

Further analysis compared individual metabolic pathway
activities across the 10 cell types in both groups. Metabolically
changed pathways (MCPs) was defined as having HG-activity >1

10.3389/fimmu.2024.1427200

and LG-activity <1, or the reverse (Supplementary Table 1). Of all,
79 MCPs were identified, with 6 pathways observed in more than
five cell types, including Arachidonic acid metabolism, Metabolism
of xenobiotics by cytochrome P450, Glycolysis/Gluconeogenesis,
Oxidative phosphorylation, Nitrogen metabolism, and Ether lipid
metabolism. Most MCPs were prevalent in astrocytes (55/86) and
OPC:s (53/86), followed by oligodendrocytes (27/86), microglia cells
(26/86), and endothelial cells (25/86), with other cell types showing
fewer MCPs (Figures 2A, B), aligning partially with the overall
metabolic landscape depicted in Figure 2C. A stricter criterion was

i stas
as Eivo
or Moeceisen
0z samviepe
Prray

o Wreaet
Amino sugar and nucleotide sugar metabolism || oz, T
-04 [ primary GBM
N-Glycan biosynthesis o6 [l Asvocyioma
| Osgosstrocytoma:
Vitamin B6 metabolism :_
Fatty acid biosynthesis Wrowe
e
Biosynthesis of unsaturated fatty acids e
cmary_asosse
‘Emnoa!e metabolism 1=
| 13

Synthesis and degradation of ketone bodies
Pyruvate metabolism

| Propanoate metabolism

Fatty acid degradation

| Valine, leucine and isoleucine degradation

Pathway pvalue Hazard Ratio 95% confidence interval
Glycolysis slash Gluconeogenesis 3.408e-08 2 - 16-26
Citrate cycle (TCA cycle) 00007996 065 L 051-084
Pentose phosphate pathway 2008e-14 26 - 2-33
Pentose and glucuronate interconversions 2625e-06 18 - 14-24
Fructose and mannose metabolism 00001495 16 - 122
Galactose metabolism ° 38 —-— 29-49
Starch and sucrose metabolism [ 29 -— 23-38
Amino sugar and nucleotide sugar metabolism o 43 —.— 33-55
Pyruvate metabolism 1553%-10 044 W 034-057
Glyoxylate and dicarboxylate metabolism 5482e-13 041 W 032-052
Propancate metabolism [ 033 m 026-043
Butanoate metabolism o (XTI | 0.24-04
Inositol phosphate metabolism o 02 m 025-041
Nitrogen metabolism 00006786 15 - 12-19
Fatty acid biosynthesis 12%e-12 04 W 031-052
Fatty acid degradation 3844e-10 046 W 036-050
Synthesis and degradation of ketone bodies 1437e-13 03 W 03-05
Glycerolipid metabolism 5208e-11 045 W 036-058
‘Glycerophospholipid metabolism 0003073 069 L 054-088
Biosynthesis of unsaturated fatty acids 219510 044 W 034-057
Purine metabolism 1.15e-12 24 - 19-3
Pyrimidine metabolism ssste-16 27 _— 21-35
Alanine, aspartate and glutamate metabolism 9945e-12 042 MW 032-054
Cysteine and methionine metabolism 472307 18 - 15-24
Valine, leucine and isoleucine degradation 553510 046 W 036-050
Arginine biosynthesis 00002657 063 u 05-081
Phenylalanine metabolism 1908e-09 21 - 16-27
beta-Alanine metabolism 6153-10 045 W 036-059
Taurine and hypotaurine metabolism 1807e-08 05 [ 039-064
Selenocompound metabolism 0001225 067 L 052-086
Glutathione metabolism 0 39 —-— 351
N-Glycan biosynthesis. o 43 —— 33-55
Other types of O-glycan biosynthesis 8517e-11 23 18-29
966105 16 - 13-21
nepa 00001378 16 - 13-2
‘Glycosaminoglycan biosynthesis - keratan sulfate [ 38 —— 29-49
Glycosaminoglycan degradation ° 5 ] 38-65
y 216514 26 _— 2-33
1305e-12 24 -— 19-32
Other glycan degradation ssste-16 27 -— 21-35
Ribofiavin metabolism o 48 —.— 37-62
Vitamin B6 metabolism 3766e-05 06 " 047-077
Pantothenate and CoA biosynthesis o 3 _— 23-39
Folate biosynthesis 0003143 14 - 11-18
pe 0 32 -_— 2541
Terpenoid backbone biosynthesis. 22215 0% W 029-048
Neomycin, kanamycin and gentamicin biosynthesis 383e-12 23 _— 18-3
Drug metabolism - other enzymes. 2772012 24 - 18-3

FIGURE 3

Clinical relevance and prognostic performance of metabolism pathways in glioma. (A) Eleven metabolism pathway activities in glioma samples with
clinical parameters, in TCGA datasets; (B) Eleven metabolism pathway activities in glioma samples with clinical parameters, in CGGA datasets;
(C) Forest map showing the prognostic performance of metabolism pathway activities in TCGA datasets; (D) Forest map showing the prognostic

performance of metabolism pathway activities in CGGA datasets.

o0
w0
Iu [
censor
L I LIVING
" oecease
‘ I m ‘ ‘Amino sugar and nucleotide sugar metabolism bty
05 gy Make
N-Glycan biosynthesis W remae
e
I Vitamin B6 metabolism oen
"
‘ I I | Biosynthesis of unsaturated fatty acids Hetoogy
| ‘ ‘ ‘ I Pyruvate metabolism |2
2y
‘ Fatty acid degradation I'M
o
010 [ | S———— 3
o
Valine, leucine and isoleucine degradation =
|
Fatty acid biosynthesi Recures
1l ot =

Butanoate metabolism

el

Synthesis and degradation of ketone bodies

D
Pathway pvalue Hazard Ratio 95% confidence interval
Glycolysis slash Gluconeogenesis 000436 15 - 11-19
Citrate cycle (TCA cycle) 0.01952 073 L 0.56-0.95
Pentose phosphate pathway 822807 19 _— 15-26
Pentose and glucuronate interconversions 3094e-05 18 L3l 13-23
Fructose and mannose metabolism 2313e-05 18 - 14-23
Galactose metabolism 3797e-14 28 —— 21-37
Starch and sucrose metabolism 1309e-09 23 _— 18-3.1
Amino sugar and nucleotide sugar metabolism o 36 —— 27-48
Pyruvate metabolism 1723e-08 046 L] 0.35-061
Glyoxylate and dicarboxylate metabolism 2757e-08 047 L] 0.36-062
Propanoate metabolism o 031 m 0.24-042
Butanoate metabolism 11te-16 032 W 0.24-0.42
Inositol phosphate metabolism 9.765e-05 059 L] 045-077
Nitrogen metabolism 002399 074 L] 056-0.96
Fatty acid biosynthesis 210800  0.44 [] 033-058
Fatty acid degradation 0003001 067 L 051-0.87
‘Synthesis and degradation of ketone bodies 5494e-10 043 W 032-056
Glycerolipid metabolism 346e-05 057 [ 044-075
‘Glycerophospholipid metabolism 00005912 063 - 0.48-0.82
Biosynthesis of unsaturated fatty acids 2792e-08 046 L] 035-061
Purine metabolism 1246013 27 _— 21-36
Pyrimidine metabolism o 32 —— 24-42
Alanine, aspartate and glutamate metabolism 1098e-08 051 L] 0.39-067
Cysteine and methionine metabolism 0.0008581 18 - 12-21
Valine, leucine and isoleucine degradation 1.146e-05 055 L] 042-072
Arginine biosynthesis 5247e-11 041 [ ] 031-054
Phenylalanine metabolism 004105 13 - 1-17
beta-Alanine metabolism 0001164 064 " 049-0.84
‘Taurine and hypotaurine metabolism 5757e-05 058 L] 045-0.76
‘Selenocompound metabolism 0.003919 15 - 11-19
Glutathione metabolism 5.551e-16 3 —_— 23-4
N-Glycan biosynthesis o 41 —— 3-54
Other types of O~-glycan biosynthesis o 37 _—— 28-5
Glycosaminoglycan biosynthesis - chondroitin sulfate slash dermatan sulate 6 45e-07 2 — 15-26
i biosynthesis - 6122-05 17 — 13-23
Glycosaminoglycan biosynthesis ~ keratan sulfate s877e-08 2.1 _— 16-27
Glycosaminoglycan degradation 1669e-12 26 = 2-34
biosyntr 5737e-00 22 = 17-29
‘Glycosphingolipid biosynthesis - globo and isoglobo series. 1185e-09 23 -— 17-3
Other glycan degradation 157907 2 - 16-27
Ribofiavin metabolism 9350e-14 27 —=— 21-36
Vitamin B6 metabolism 213%-07 05 L] 038-065
Pantothenate and CoA biosynthesis 277%-06 19 _— 14-25
Folate biosynthesis 00418 076 » 0.58-0.99
penoid-a v 221806 19 -— 14-25
Terpenoid backbone biosynthesis 003463 075 | 057-098
Neomycin, kanamycin and gentamicin biosynthesis 1035e-08 22 _— 17-28
Drug metabolism - other enzymes. 1319e-08 22 - 16-28

Frontiers in Immunology

06

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1427200
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

He et al.

applied to pinpoint the most changed MCPs, setting the pathway
activity ratio (HG/LG) at >1.1 or <0.9. As a result, 35 MCPs across 9
cell types were identified (Supplementary Table 2, Figure 2D).
Notably, while most MCPs in astrocytes and OPCs showed
decreased activity, endothelial cells and microglia cells displayed
increased activity in the HG group. Despite most MCPs exhibiting
consistent trends across most cell types, a small number
demonstrated converse trends in distinct cell types, such as a
decrease in oxidative phosphorylation activity in endothelial cells
and an increase in microglial cells.

3.4 Clinical significance of metabolism
pathways in glioma

The single-cell data provided insights into altered metabolic
pathway activities in HG and LG glioma. Utilizing bulk sequencing
data, TCGA and CGGA datasets were employed to investigate the
clinical significance of these pathway activities. Gene set variation
analysis (GSVA) of all 85 metabolic pathways was conducted,
with the overall activity (GSVA Score) heatmap displayed in
Supplementary Figures 1A, B. Subsequent statistical analysis of
metabolic pathways with clinical parameters used t-tests or one-
way ANOVA. All 30 metabolic pathways demonstrated statistical
significance (p<0.05) with primary disease, histological type, sample
type, and vital status in TCGA datasets, and 21 pathways showed
clinical significance (p<0.05) with PRS type, histology, grade, and
vital status in the CGGA dataset (Supplementary Table 3). The
intersection of these pathways in both datasets highlighted 11
pathways with clinical relevance: Amino sugar and nucleotide sugar
metabolism, Pyruvate metabolism, Propanoate metabolism,
Butanoate metabolism, Fatty acid biosynthesis, Fatty acid
degradation, Synthesis and degradation of ketone bodies,
Biosynthesis of unsaturated fatty acids, Valine-leucine and
isoleucine degradation, N-Glycan biosynthesis, and Vitamin B6
metabolism, as shown in Figures 3A, B. Pyruvate metabolism, a
well-characterized cell glycolysis and energy metabolism pathway in
glioma, showed significant relevance with glioma clinical parameters
such as grade, histology, and vital status (Supplementary Figure 1C).

3.5 Prognostic performance of
metabolic pathways

The prognostic performance of these metabolic pathways was
analyzed in both CGGA and TCGA datasets, revealing that 59
pathways in the CGGA dataset and 58 in the TCGA dataset
exhibited significance for overall survival, with 48 common
significant pathways (Figures 3C, D, Supplementary Table 4).
Notably, pathways such as Glycolysis/Gluconeogenesis and the
Citrate cycle (TCA cycle) showed either unfavorable or favorable
prognostic performance in both datasets. Additional Kaplan-Meier
survival plots for another 10 pathways are provided in
Supplementary Figure 2, covering Carbohydrate metabolism
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(Pentose phosphate pathway and pyruvate metabolism),
Nucleotide metabolism (Purine metabolism and Pyrimidine
metabolism), Amino acid metabolism (Cysteine and methionine
metabolism, and Glutathione metabolism), Lipid metabolism (Fatty
acid biosynthesis and Glycerolipid metabolism), and pathways
related to Selenocompound metabolism and Vitamin B6
metabolism. Collectively, these results underscore the clinical
significance of metabolic pathways in glioma.

3.6 Clinical investigation of astrocytes and
OPCs metabolic DEGs in glioma

In a further step, the gene expression profiles between HG and LG
groups were compared, leading to the identification of differential genes
(DEGs) across 10 cell types (Supplementary Table 5). Astrocytes and
OPC:s exhibited the highest number of DEGs, followed by endothelial
cells, microglia, oligodendrocytes, and mural cells (Figure 4A). The
expression of metabolic DEGs in these six cell types is depicted in
Figure 4B. Given the prevalence of metabolic DEGs and MCPs in
astrocytes and OPCs, these cell types were selected for detailed analysis.
The metabolic DEGs in astrocytes and OPCs are presented in volcano
plots (Figures 4C, D, respectively). These DEGs were also cross-
validated with those identified in the TCGA dataset comparing
glioblastoma multiforme (GBM) with low-grade glioma (LGG)
(Figure 4E). Consequently, all 9 and 4 common metabolic DEGs
were found in astrocytes and OPCs, respectively, including LDHA and
ABAT in both cell types (Figure 4F). Thus, attention was focused on
these 11 genes (t-SNE map in Supplementary Figure 3), and their
significance with clinical parameters was investigated in CGGA glioma
datasets (Figure 5A). Similar to the TCGA datasets, all 11 genes
exhibited WHO grade-dependent expression in glioma samples, with
6 upregulated (LDHA, MIF, NAMPT, PGK1, SAT1, and PLOD2) and
5 downregulated genes (ALDOC, ABAT, ADCY2, GALNT13, and
PDE8B) (Figure 5B). Furthermore, all 11 genes also showed a
significant correlation with 1p/19q co-deletion and IDH mutation
status (Figures 5C, D), with expression trends consistent with WHO
grades. Regarding the primary-recurrent-secondary (PRS) type,
ALDOC and ABAT exhibited decreased expression, while MIF and
PGK1 showed increased expression in recurrent and secondary glioma
groups (Figure 5E).

3.7 Prognostic significance of the 11
metabolic genes

The prognostic significance of these 11 metabolic genes was
further validated using both CGGA (Figure 6A) and TCGA
(Figure 6B) datasets. Consistent with the changes in expression,
patients with higher expression of LDHA, MIF, NAMPT, PGKI,
SATI, and PLOD?2, and lower expression of ALDOC, ABAT,
ADCY2, GALNT13, and PDE8B showed poorer survival rates in
all glioma samples (Supplementary Figure 4). Additionally, the
prognostic significance of these genes in LG and HG was analyzed,
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and most genes demonstrated consistently good performance in the
LG and HG groups in CGGA datasets (Supplementary Figure 5). For
TCGA datasets, the most significant genes were observed in low-
grade groups, such as the favorable performance of ABAT, ADCY2,
ALDOC, PDE8B, and GALNT13, as well as the unfavorable
performance of LDHA, NAMPT, PLOD2, and SATI, suggesting
prognostic prediction performance of these 11 genes in glioma,
particularly in low-grade glioma patients.
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3.8 PDE8B expression in astrocytes and
OPCs and its validation in glioma
tissues cohort

H&E staining results indicated cytoplasmic and nuclear staining
with mild atypia in glioma grade II; the density of glioma cells was
moderately increased with varied sizes and disordered arrangement,
and more pronounced atypia in glioma grade III; the density
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Clinical validation of 11 metabolic genes in CGGA datasets. (A) Expression-clinical parameters heatmap of 11 metabolic genes in CGGA datasets;
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1p/19q co-deletion glioma samples of CGGA datasets; (D) Expression of the 11 metabolic genes in IDH wide-type (WT) and mutation glioma samples
of CGGA datasets; (E) Expression of the 11 metabolic genes in PRS type (Primary, recurrent and secondary) glioma samples of CGGA datasets.
*P<0.05, **P<0.01, ***P<0.001.

ofglioma cells was significantly dense with mitotic figures and
microvascular proliferation in glioma WHO grade IV
(Figure 7A). Subsequent THC staining revealed the expression of
PDESB, ABAT, and ADCY?2 proteins in glioma WHO grades II-IV.
The protein expression of PDE8B, ABAT, and ADCY2 decreased in
glioma grade IV compared with glioma grades III and II. The
expression of PDE8B, ABAT, and ADCY?2 proteins decreased with
increasing glioma WHO grade (Figure 7B). Further, Western
blotting assay results suggested that the protein expression of
PDES8B was markedly downregulated in glioma tissues compared
with adjacent tissues (normal). The expression of PDE8B decreased
with increasing glioma grade (Figure 7C). Moreover, RT-qPCR
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assay verified that the mRNA expression of PDE8B was significantly
downregulated in the glioma group compared with the normal
group. The expression of PDE8B decreased with the increase of
glioma grade (II-IV) (Figure 7D).

4 Discussion

Low-grade glial neoplasms are among the most prevalent brain
tumors in the pediatric population (56). High-grade gliomas,
particularly glioblastoma (GBM), represent the most aggressive CNS

cancers in adults (57). Due to its heterogeneous nature (40),
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Prognostic significance of the 11 metabolic genes in CGGA (A) and TCGA (B) datasets

glioblastomas nearly always recur post-surgery and after radio-/
chemo-/immunotherapy treatments, making them highly lethal with
a poor prognosis (58-60). The cellular origins of glioma remain a
subject of intense debate (61). Various brain cell populations, including
neural stem cells (NSCs) (4-7), astrocytes (9) and oligodendrocyte
precursor cells (OPCs) (13, 62, 63), have been implicated in glioma
development. For instance, Wang et al. developed a cell-lineage-based
stratification model for glioblastoma, underscoring how the cell of
origin shapes distinct molecular landscapes and therapeutic
vulnerabilities even in the presence of identical driver mutations (64).
The interaction of cell origins and oncogenic states influences glioma
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initiation and progression (65), affects the susceptibility to glioblastoma
treatments (66), and determines whether tumors develop from
astrocytes or oligodendroglial cells (67). Additionally, genetic
alterations like IDHI1/IDH2 mutations (68, 69) and epigenetic
changes such as mutations in histone H3 genes (70), along with
aberrant transcriptional activity (71, 72) and disrupted metabolism
(16) intertwined with signaling pathways (73, 74), collaboratively
impact the cellular origin, oncogenic state, tumor aggressiveness, and
response to therapy (33, 75). In this study, we utilized single-cell and
spatial transcriptomics to dissect the roles of cell origin, metabolic
landscape, and transcriptional regulators in high-grade GBM and low-
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grade oligoastrocytoma, thereby enhancing our understanding of
glioma’s cellular and molecular foundations.

Glioblastoma progression is closely linked to metabolic
remodeling in both cancer and immune cells (19, 76-78), with
aerobic glycolysis serving as the primary source of energy and
biosynthetic precursors (79). Targeting the Warburg effect is now
recognized as a promising therapeutic strategy (18, 80). Our study
reveals distinct metabolic landscapes and pathway alterations
between low-grade and high-grade gliomas, primarily within
astrocytes, OPCs, and oligodendrocytes, aligning with
histopathological findings (75). Beyond glycolysis/gluconeogenesis,
we observed differential activities in amino acid pathways, such
as phenylalanine metabolism, and lipid pathways, such as fatty
acid biosynthesis and sphingolipid metabolism, suggesting a
comprehensive metabolic disruption in glioma. Remarkably, we
also noted metabolic pathway variations and gene expression
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differences in immune cells, particularly microglia, indicating that
immune cell functions are also modulated by diverse metabolic
reprogramming in cancer progression (81, 82). Future detailed
investigations could elucidate the specific roles of these varied
metabolic pathways and genes in glioma.

Metabolic pathway disturbances and gene disruptions are
influenced by both extracellular and intracellular stresses (83, 84),
leading to epigenetic and transcriptional modifications that drive
cancer progression (85). Therefore, targeting metabolic pathways
presents a viable therapeutic avenue (86, 87), though the clinical
implications of these pathways in glioma require further exploration.
Our research also assessed the clinical relevance and prognostic value
of metabolic pathways and differential genes in glioma, identifying 48
prognostically significant metabolic pathways and 11 critical genes
in OPCs and astrocytes. Among these, classical carbohydrate
metabolism pathways like Glycolysis/Gluconeogenesis and the
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Pentose phosphate pathway showed detrimental effects, whereas the
Citrate cycle (TCA cycle) exhibited beneficial effects, consistent with
prior tumor studies (29, 88-90). The prognostic relevance of other
metabolic pathways also warrants increased focus in glioma,
highlighting both deleterious pathways like Purine metabolism and
Glutathione metabolism and beneficial ones like Glycerolipid
metabolism and Vitamin B6 metabolism. Furthermore, the 11
genes identified in astrocytes and OPCs displayed significant
correlations with glioma grading, IDH mutation status, and overall
prognosis, marking them as potential oncogenes or tumor
suppressors and clinically relevant indicators for molecules like
LDHA (91, 92), MIF (93, 94), and NAMPT (25, 95-98).

The cAMP/PKA signaling pathway serves as a pivotal regulator
of metabolic pathways across various diseases, with the cAMP
response finely tuned by phosphodiesterases (PDEs) (99).
Abnormal expression of PDE8B has been linked to various
diseases and cancer pathologies, including associations with
metastasis in thyroid carcinoma (100). Intriguingly, we found that
PDES8B is predominantly expressed in astrocytes and OPCs of
glioma, as demonstrated through UMAP analysis. Tissue studies
indicated that PDE8B expression decreases significantly in higher-
grade GBM tissues compared to adjacent normal tissues, paralleling
the progression to an immunosuppressed tumor microenvironment
where both immune cells and PDE8B expression are diminished.
Thus, PDE8B serves as a crucial biomarker in GBM, particularly
within astrocytes and OPCs.

Moreover, our single-cell transcriptomic analysis revealed that
PDESB expression is markedly higher in low-grade than in high-
grade gliomas, a finding substantiated at the cellular and tissue levels
through various methods including qPCR, Western blotting, and
immunohistochemistry. This observation challenges the traditional
view that oncogenes are generally upregulated in tumor tissues to
promote malignant behaviors. The underlying mechanisms suggest
that while PDE8B expression is reduced in high-grade gliomas, it
actively promotes tumor proliferation, invasion, and growth in high-
grade glioblastoma cell lines, possibly due to differing cell origins in
high-grade versus low-grade gliomas. Research indicates that high-
grade gliomas might arise from malignant transformations of OPCs
(37, 63, 101, 102), while low-grade gliomas typically develop from
astrocytes and oligodendrocytes (54, 103, 104). This suggests that
PDE8B may perform divergent, possibly even contradictory roles
depending on the specific type of tumor cell, akin to recent findings
that miRNAs, although highly expressed, can suppress tumor growth
(105). Additionally, the structural and functional similarities between
PDESB and another family member, PDE8A, which has been found
to regulate stemness in glioma-initiating cells and exhibit tumor-
suppressive properties (106), further complicate the understanding of
their roles in cancer. Indeed, inhibiting PDESA in melanoma has
been shown to suppress the MAPK pathway and tumor growth,
hinting at an oncogenic role for PDE8A (107). This complexity
underscores the need for a deeper exploration of the non-canonical
functions of these enzymes, as exemplified by the metabolic enzyme
LDHA, which has been shown to activate Racl GTPase through non-
traditional mechanisms to promote cancer (108). Similarly, aside
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from its established role in cAMP hydrolysis, PDE8B may engage in
non-canonical activities that could elucidate its function in
glioma progression.

Here, the predictive role of PDE8B as an important biomarker in
GBM is highlighted, especially in astrocytes and OPCs. However, the
functional characteristics of PDE8B are not clear, and the specific
molecular mechanism and pathway of PDE8B when it plays its role
have not been solved, it needs to be further studied with animal
models or cell models, which is also one of the limitations. At the
same time, in addition to PDE8B, a large number of other genes were
also mentioned in this article, but we did not fully and completely
discuss or verify them, which is a pity, and we hope that this study
will provide some ideas and references for readers.

In summary, our study comprehensively investigates the
origins, metabolic profiles, and clinical implications of gliomas
across different grades, highlighting the significant role of the
metabolism-associated enzyme PDES8B as both a biomarker and a
driver of glioma progression. This research not only advances our
understanding of the complex functions of PDE8B in gliomas but
also suggests new avenues for targeted therapeutic strategies.

Data availability statement

The data presented in the study are deposited in the NCBI
repository, accession number GSE270109.

Ethics statement

This study was approved by the ethical committee of Sichuan
Academy of Medical Sciences and Sichuan Provincial People’s
Hospital (2023-457). The studies were conducted in accordance
with the local legislation and institutional requirements. Written
informed consent for participation in this study was provided by the
participants’ legal guardians/next of kin.

Author contributions

ZH: Data curation, Writing — original draft. YP: Data curation,
Methodology, Writing - original draft. DW: Methodology, Writing
- original draft. CY: Writing — original draft. CZ: Writing - original
draft. BG: Funding acquisition, Writing — review & editing. SS:
Project administration, Supervision, Validation, Writing — review &
editing. YW: Funding acquisition, Investigation, Supervision,
Validation, Writing - review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This
research was supported by the National Natural Science

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1427200
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

He et al.

Foundation of China (81802504), grants from the Sichuan Science
and Technology Department (2021YFS0380, 2023YFS0107,
2023YFS0106 and 2023YFHO0010), and a grant from the Health
Commission Of Sichuan Province (23LCY]J035).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1427200/
full#supplementary-material

References

1. Nicholson JG, Fine HA. Diffuse glioma heterogeneity and its therapeutic
implications. Cancer discov. (2021) 11:575-90. doi: 10.1158/2159-8290.CD-20-1474

2. Sreedharan S, Maturi NP, Xie Y, Sundstrom A, Jarvius M, Libard S, et al. Mouse
models of pediatric supratentorial high-grade glioma reveal how cell-of-origin
influences tumor development and phenotype. Cancer Res. (2017) 77:802-12.
doi: 10.1158/0008-5472.CAN-16-2482

3. McKinnon C, Nandhabalan M, Murray SA, Plaha P. Glioblastoma: clinical
presentation, diagnosis, and management. BM]. (2021) 374:n1560. doi: 10.1136/bmj.n1560

4. Lee DY, Gianino SM, Gutmann DH. Innate neural stem cell heterogeneity
determines the patterning of glioma formation in children. Cancer Cell. (2012)
22:131-8. doi: 10.1016/j.ccr.2012.05.036

5. Wang Y, Yang J, Zheng H, Tomasek GJ, Zhang P, McKeever PE, et al. Expression
of mutant p53 proteins implicates a lineage relationship between neural stem cells and
Malignant astrocytic glioma in a murine model. Cancer Cell. (2009) 15:514-26.
doi: 10.1016/j.ccr.2009.04.001

6. Chen CCL, Deshmukh S, Jessa S, Hadjadj D, Lisi V, Andrade AF, et al. Histone
H3.3G34-mutant interneuron progenitors co-opt PDGFRA for gliomagenesis. Cell.
(2020) 183:1617-33 €22. doi: 10.1016/j.cell.2020.11.012

7. Koso H, Takeda H, Yew CC, Ward JM, Nariai N, Ueno K, et al. Transposon
mutagenesis identifies genes that transform neural stem cells into glioma-initiating
cells. Proc Natl Acad Sci United States Am. (2012) 109:E2998-3007. doi: 10.1073/
pnas.1215899109

8. Wang X, Zhou R, Xiong Y, Zhou L, Yan X, Wang M, et al. Sequential fate-switches

in stem-like cells drive the tumorigenic trajectory from human neural stem cells to
Malignant glioma. Cell Res. (2021) 31:684-702. doi: 10.1038/s41422-020-00451-z

9. Friedmann-Morvinski D, Bushong EA, Ke E, Soda Y, Marumoto T, Singer O, et al.
Dedifterentiation of neurons and astrocytes by oncogenes can induce gliomas in mice.
Science. (2012) 338:1080-4. doi: 10.1126/science.1226929

10. Zong H, Verhaak RG, Canoll P. The cellular origin for Malignant glioma and
prospects for clinical advancements. Expert Rev Mol diagnost. (2012) 12:383-94.
doi: 10.1586/erm.12.30

Frontiers in Immunology

13

10.3389/fimmu.2024.1427200

SUPPLEMENTARY FIGURE 1

Overall metabolism pathway activities in glioma samples with clinical
parameters. (A) Overall metabolism pathway activities in glioma samples
with clinical parameters, in TCGA datasets; (B) Overall metabolism pathway
activities in glioma samples with clinical parameters, in CGGA datasets; (C)
Differential metabolism pathway activities of pyruvate metabolism were
shown in TCGA and CGGA datasets

SUPPLEMENTARY FIGURE 2
Kaplan-Meier survival plot of representative 12 metabolism pathways in TCGA
and CGGA.

SUPPLEMENTARY FIGURE 3
TSNE map showing the expression of 11 metabolism genes.

SUPPLEMENTARY FIGURE 4
Kaplan-Meier survival plot of representative 11 metabolism genes and HIF1A
in CGGA (A) and TCGA (B), in all glioma samples.

SUPPLEMENTARY FIGURE 5
Kaplan-Meier survival plot of representative 11 metabolism genes in CGGA (A)
and TCGA (B), in high grade and low—-grade glioma samples.

SUPPLEMENTARY TABLE 1
All 79 metabolic changed pathways (MCPs) in HG and LG.

SUPPLEMENTARY TABLE 2
All 35 most changed MCPs in 9 cell types.

SUPPLEMENTARY TABLE 3
Clinically significant pathways in CGGA and TCGA datasets.

SUPPLEMENTARY TABLE 4
Prognostic 48 significant pathways.

SUPPLEMENTARY TABLE 5
Differential expression genes (DEGs) in 10 cell types.

11. Cahill D, Turcan S. Origin of gliomas. Semin neurology. (2018) 38:5-10.
doi: 10.1055/5-0037-1620238

12. Zong H, Parada LF, Baker SJ. Cell of origin for Malignant gliomas and its
implication in therapeutic development. Cold Spring Harbor Perspect Biol. (2015) 7(5):
2020610. doi: 10.1101/cshperspect.a020610

13. Lindberg N, Kastemar M, Olofsson T, Smits A, Uhrbom L. Oligodendrocyte
progenitor cells can act as cell of origin for experimental glioma. Oncogene. (2009)
28:2266-75. doi: 10.1038/0nc.2009.76

14. 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. doi: 10.1007/
s00401-016-1545-1

15. Milde T, Rodriguez FJ, Barnholtz-Sloan JS, Patil N, Eberhart CG, Gutmann DH.
Reimagining pilocytic astrocytomas in the context of pediatric low-grade gliomas.
Neuro-oncology. (2021) 23:1634-46. doi: 10.1093/neuonc/noab138

16. Bi J, Chowdhry S, Wu S, Zhang W, Masui K, Mischel PS. Altered cellular
metabolism in gliomas - an emerging landscape of actionable co-dependency targets.
Nat Rev Cancer. (2020) 20:57-70. doi: 10.1038/s41568-019-0226-5

17. Deshmukh R, Allega MF, Tardito S. A map of the altered glioma metabolism.
Trends Mol Med. (2021) 27(11):1045-59. doi: 10.1016/j.molmed.2021.07.011

18. Poff A, Koutnik AP, Egan KM, Sahebjam S, D'Agostino D, Kumar NB. Targeting
the Warburg effect for cancer treatment: Ketogenic diets for management of glioma.
Semin Cancer Biol. (2019) 56:135-48. doi: 10.1016/j.semcancer.2017.12.011

19. Yi K, Zhan Q, Wang Q, Tan Y, Fang C, Wang Y, et al. PTRF/cavin-1 remodels
phospholipid metabolism to promote tumor proliferation and suppress immune
responses in glioblastoma by stabilizing cPLA2. Neuro-oncology. (2021) 23:387-99.
doi: 10.1093/neuonc/noaa255

20. Liu R, Lee JH, Li ], Yu R, Tan L, Xia Y, et al. Choline kinase alpha 2 acts as a
protein kinase to promote lipolysis of lipid droplets. Mol Cell. (2021) 81:2722-35 e9.
doi: 10.1016/j.molcel.2021.05.005

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2024.1427200/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1427200/full#supplementary-material
https://doi.org/10.1158/2159-8290.CD-20-1474
https://doi.org/10.1158/0008-5472.CAN-16-2482
https://doi.org/10.1136/bmj.n1560
https://doi.org/10.1016/j.ccr.2012.05.036
https://doi.org/10.1016/j.ccr.2009.04.001
https://doi.org/10.1016/j.cell.2020.11.012
https://doi.org/10.1073/pnas.1215899109
https://doi.org/10.1073/pnas.1215899109
https://doi.org/10.1038/s41422-020-00451-z
https://doi.org/10.1126/science.1226929
https://doi.org/10.1586/erm.12.30
https://doi.org/10.1055/s-0037-1620238
https://doi.org/10.1101/cshperspect.a020610
https://doi.org/10.1038/onc.2009.76
https://doi.org/10.1007/s00401-016-1545-1
https://doi.org/10.1007/s00401-016-1545-1
https://doi.org/10.1093/neuonc/noab138
https://doi.org/10.1038/s41568-019-0226-5
https://doi.org/10.1016/j.molmed.2021.07.011
https://doi.org/10.1016/j.semcancer.2017.12.011
https://doi.org/10.1093/neuonc/noaa255
https://doi.org/10.1016/j.molcel.2021.05.005
https://doi.org/10.3389/fimmu.2024.1427200
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

He et al.

21. Daggubati V, Hochstelter J, Bommireddy A, Choudhury A, Krup AL, Kaur P,
et al. Smoothened-activating lipids drive resistance to CDK4/6 inhibition in Hedgehog-
associated medulloblastoma cells and preclinical models. J Clin Invest. (2021) 131(6):
e141171. doi: 10.1172/JCI141171

22. LiuR, Zeng LW, Gong R, Yuan F, Shu HB, Li S. mTORCI activity regulates post-
translational modifications of glycine decarboxylase to modulate glycine metabolism
and tumorigenesis. Nat Commun. (2021) 12:4227. doi: 10.1038/s41467-021-24321-3

23. Ma], Benitez JA, Li ], Miki S, Ponte de Albuquerque C, Galatro T, et al. Inhibition of
nuclear PTEN tyrosine phosphorylation enhances glioma radiation sensitivity through
attenuated DNA repair. Cancer Cell. (2019) 35:504-18 €7. doi: 10.1016/j.ccell.2019.01.020

24. Lyu Y, Yang H, Chen L. Metabolic regulation on the immune environment of
glioma through gut microbiota. Semin Cancer Biol. (2021) 86(Pt 2):990-7. doi: 10.1016/
j.semcancer.2021.05.005

25. Sharma P, Xu J, Williams K, Easley M, Elder JB, Lonser R, et al. Inhibition of
nicotinamide phosphoribosyltransferase, the rate-limiting enzyme of the nicotinamide
adenine dinucleotide salvage pathway, to target glioma heterogeneity through
mitochondrial oxidative stress. Neuro Oncol. (2022) 24(2):229-44. doi: 10.1093/
neuonc/noab175

26. Glowacka WK, Jain H, Okura M, Maimaitiming A, Mamatjan Y, Nejad R, et al.
5-Hydroxymethylcytosine preferentially targets genes upregulated in isocitrate
dehydrogenase 1 mutant high-grade glioma. Acta neuropathol. (2018) 135:617-34.
doi: 10.1007/s00401-018-1821-3

27. Zhang C, Moore LM, Li X, Yung WK, Zhang W. IDH1/2 mutations target a key
hallmark of cancer by deregulating cellular metabolism in glioma. Neuro-oncology.
(2013) 15:1114-26. doi: 10.1093/neuonc/not087

28. Venneti S, Thompson CB. Metabolic reprogramming in brain tumors. Annu Rev
pathology. (2017) 12:515-45. doi: 10.1146/annurev-pathol-012615-044329

29. Chung C, Sweha SR, Pratt D, Tamrazi B, Panwalkar P, Banda A, et al. Integrated
metabolic and epigenomic reprograming by H3K27M mutations in diffuse intrinsic
pontine gliomas. Cancer Cell. (2020) 38:334-49 €9. doi: 10.1016/j.ccell.2020.07.008

30. Guo X, Wang T, Huang G, Li R, Da Costa C, Li H, et al. Rediscovering potential
molecular targets for glioma therapy through the analysis of the cell of origin,
microenvironment, and metabolism. Curr Cancer Drug Targets. (2021) 21(7):558-74.
doi: 10.2174/1568009621666210504091722

31. Pirozzi CJ, Yan H. The implications of IDH mutations for cancer development
and therapy. Nat Rev Clin Oncol. (2021) 18:645-61. doi: 10.1038/s41571-021-00521-0

32. Agnihotri S, Zadeh G. Metabolic reprogramming in glioblastoma: the influence
of cancer metabolism on epigenetics and unanswered questions. Neuro-oncology.
(2016) 18:160-72. doi: 10.1093/neuonc/nov125

33. Jiang Y, Marinescu VD, Xie Y, Jarvius M, Maturi NP, Haglund C, et al.
Glioblastoma cell Malignancy and drug sensitivity are affected by the cell of origin.
Cell Rep. (2017) 18:977-90. doi: 10.1016/j.celrep.2017.01.003

34. Berger TR, Wen PY, Lang-Orsini M, Chukwueke UN. World health
organization 2021 classification of central nervous system tumors and implications
for therapy for adult-type gliomas: A review. JAMA Oncol. (2022) 8:1493-501.
doi: 10.1001/jamaoncol.2022.2844

35. Han S, Liu Y, Cai SJ, Qian M, Ding J, Larion M, et al. IDH mutation in glioma:
molecular mechanisms and potential therapeutic targets. Br J cancer. (2020) 122:1580-
9. doi: 10.1038/s41416-020-0814-x

36. Miller JJ. Targeting IDH-mutant glioma. Neurotherapeut: ] Am Soc Exp
NeuroTherapeut. (2022) 19:1724-32. doi: 10.1007/s13311-022-01238-3

37. Filbin MG, Tirosh I, Hovestadt V, Shaw ML, Escalante LE, Mathewson ND, et al.
Developmental and oncogenic programs in H3K27M gliomas dissected by single-cell
RNA-seq. Science. (2018) 360:331-5. doi: 10.1126/science.aa04750

38. Wang L, Babikir H, Muller S, Yagnik G, Shamardani K, Catalan F, et al. The
phenotypes of proliferating glioblastoma cells reside on a single axis of variation.
Cancer discov. (2019) 9:1708-19. doi: 10.1158/2159-8290.CD-19-0329

39. Francis JM, Zhang CZ, Maire CL, Jung J, Manzo VE, Adalsteinsson VA, et al.
EGFR variant heterogeneity in glioblastoma resolved through single-nucleus
sequencing. Cancer discov. (2014) 4:956-71. doi: 10.1158/2159-8290.CD-13-0879

40. Bhaduri A, Di Lullo E, Jung D, Muller S, Crouch EE, Espinosa CS, et al. Outer
radial glia-like cancer stem cells contribute to heterogeneity of glioblastoma. Cell Stem
Cell. (2020) 26:48-63 e6. doi: 10.1016/j.stem.2019.11.015

41. 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. doi: 10.1126/science.1254257

42. Weng Q, Wang ], He D, Cheng Z, Zhang F, Verma R, et al. Single-cell
transcriptomics uncovers glial progenitor diversity and cell fate determinants during
development and gliomagenesis. Cell Stem Cell. (2019) 24:707-23 e8. doi: 10.1016/
j.stem.2019.03.006

43. Gojo J, Englinger B, Jiang L, Hubner JM, Shaw ML, Hack OA, et al. Single-cell
RNA-seq reveals cellular hierarchies and impaired developmental trajectories in
pediatric ependymoma. Cancer Cell. (2020) 38:44-59 9. doi: 10.1016/
j.ccell.2020.06.004

44. Chaligne R, Gaiti F, Silverbush D, Schiffman JS, Weisman HR, Kluegel L, et al.

Epigenetic encoding, heritability and plasticity of glioma transcriptional cell states. Nat
Genet. (2021) 53:1469-79. doi: 10.1038/s41588-021-00927-7

Frontiers in Immunology

14

10.3389/fimmu.2024.1427200

45. Barthel FP, Johnson KC, Varn FS, Moskalik AD, Tanner G, Kocakavuk E, et al.
Longitudinal molecular trajectories of diffuse glioma in adults. Nature. (2019) 576
(7785):112-20. doi: 10.1038/s41586-019-1775-1

46. Zhang L, He X, Liu X, Zhang F, Huang LF, Potter AS, et al. Single-cell
transcriptomics in medulloblastoma reveals tumor-initiating progenitors and
oncogenic cascades during tumorigenesis and relapse. Cancer Cell. (2019) 36(3):302—
18 e7. doi: 10.1016/j.ccell.2019.07.009

47. Tirosh 1, Venteicher AS, Hebert C, Escalante LE, Patel AP, Yizhak K, et al.
Single-cell RNA-seq supports a developmental hierarchy in human oligodendroglioma.
Nature. (2016) 539:309-13. doi: 10.1038/nature20123

48. Vladoiu MC, El-Hamamy I, Donovan LK, Farooq H, Holgado BL,
Sundaravadanam Y, et al. Childhood cerebellar tumours mirror conserved fetal
transcriptional programs. Nature. (2019) 572:67-73. doi: 10.1038/s41586-019-1158-7

49. 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. doi: 10.1016/j.cell.2019.06.024

50. Mathewson ND, Ashenberg O, Tirosh I, Gritsch S, Perez EM, Marx S, et al.
Inhibitory CD161 receptor identified in glioma-infiltrating T cells by single-cell
analysis. Cell. (2021) 184:1281-98 €26. doi: 10.1016/j.cell.2021.01.022

51. Venteicher AS, Tirosh I, Hebert C, Yizhak K, Neftel C, Filbin MG, et al.
Decoupling genetics, lineages, and microenvironment in IDH-mutant gliomas by
single-cell RNA-seq. Science. (2017) 355(6332):eaai8478. doi: 10.1126/science.aai8478

52. Pombo Antunes AR, Scheyltjens I, Lodi F, Messiaen J, Antoranz A, Duerinck J,
et al. Single-cell profiling of myeloid cells in glioblastoma across species and disease
stage reveals macrophage competition and specialization. Nat Neurosci. (2021) 24:595-
610. doi: 10.1038/541593-020-00789-y

53. Mabbott NA, Baillie JK, Brown H, Freeman TC, Hume DA. An expression atlas
of human primary cells: inference of gene function from coexpression networks. BMC
Genomics. (2013) 14:632. doi: 10.1186/1471-2164-14-632

54. Sriram V, Jason T HJAAP. The evolving molecular genetics of low-grade glioma.
Adv Anat Pathol. (2015) 22(2):94-101. doi: 10.1097/PAP.0000000000000049

55. Xiao Z, Dai Z, Locasale JW. Metabolic landscape of the tumor
microenvironment at single cell resolution. Nat Commun. (2019) 10:3763.
doi: 10.1038/s41467-019-11738-0

56. Solga AC, Gianino SM, Gutmann DH. NG2-cells are not the cell of origin for
murine neurofibromatosis-1 (Nf1) optic glioma. Oncogene. (2014) 33:289-99.
doi: 10.1038/0nc.2012.580

57. Tan AC, Ashley DM, Lopez GY, Malinzak M, Friedman HS, Khasraw M.
Management of glioblastoma: State of the art and future directions. CA: Cancer J Clin.
(2020) 70:299-312. doi: 10.3322/caac.21613

58. Lah TT, Novak M, Breznik B. Brain Malignancies: Glioblastoma and brain
metastases. Semin Cancer Biol. (2020) 60:262-73. doi: 10.1016/j.semcancer.2019.10.010

59. Lim M, Xia Y, Bettegowda C, Weller M. Current state of immunotherapy for
glioblastoma. Nat Rev Clin Oncol. (2018) 15:422-42. doi: 10.1038/s41571-018-0003-5

60. Reardon DA, Brandes AA, Omuro A, Mulholland P, Lim M, Wick A, et al. Effect
of nivolumab vs bevacizumab in patients with recurrent glioblastoma: the checkMate
143 phase 3 randomized clinical trial. JAMA Oncol. (2020) 6:1003-10. doi: 10.1001/
jamaoncol.2020.1024

61. Alcantara Llaguno SR, Parada LF. Cell of origin of glioma: biological and clinical
implications. Br J cancer. (2016) 115:1445-50. doi: 10.1038/bjc.2016.354

62. Liu C, Sage JC, Miller MR, Verhaak RG, Hippenmeyer S, Vogel H, et al. Mosaic
analysis with double markers reveals tumor cell of origin in glioma. Cell. (2011)
146:209-21. doi: 10.1016/j.cell.2011.06.014

63. Sutcliffe MD, Galvao RP, Wang L, Kim ], Rosenfeld LK, Singh S, et al.
Premalignant oligodendrocyte precursor cells stall in a heterogeneous state of
replication stress prior to gliomagenesis. Cancer Res. (2021) 81:1868-82.
doi: 10.1158/0008-5472.CAN-20-1037

64. Wang Z, Sun D, Chen Y], Xie X, Shi Y, Tabar V, et al. Cell lineage-based
stratification for glioblastoma. Cancer Cell. (2020) 38:366-79 e8. doi: 10.1016/
j.ccell.2020.06.003

65. Gonzalez PP, Kim J, Galvao RP, Cruickshanks N, Abounader R, Zong H. p53
and NF 1 loss plays distinct but complementary roles in glioma initiation and
progression. Glia. (2018) 66:999-1015. doi: 10.1002/glia.23297

66. Tian A, Kang B, Li B, Qiu B, Jiang W, Shao F, et al. Oncogenic state and cell
identity combinatorially dictate the susceptibility of cells within glioma development
hierarchy to IGFIR targeting. Adv Sci (Weinh). (2020) 7:2001724. doi: 10.1002/
advs.202070121

67. Lindberg N, Jiang Y, Xie Y, Bolouri H, Kastemar M, Olofsson T, et al. Oncogenic
signaling is dominant to cell of origin and dictates astrocytic or oligodendroglial tumor
development from oligodendrocyte precursor cells. ] neurosci: Off ] Soc Neurosci. (2014)
34:14644-51. doi: 10.1523/J]NEUROSCI.2977-14.2014

68. Molinaro AM, Taylor JW, Wiencke JK, Wrensch MR. Genetic and molecular
epidemiology of adult diffuse glioma. Nat Rev Neurol. (2019) 15:405-17. doi: 10.1038/
s41582-019-0220-2

69. Kristensen BW, Priesterbach-Ackley LP, Petersen JK, Wesseling P. Molecular
pathology of tumors of the central nervous system. Ann oncol: Off ] Eur Soc Med Oncol.
(2019) 30:1265-78. doi: 10.1093/annonc/mdz164

frontiersin.org


https://doi.org/10.1172/JCI141171
https://doi.org/10.1038/s41467-021-24321-3
https://doi.org/10.1016/j.ccell.2019.01.020
https://doi.org/10.1016/j.semcancer.2021.05.005
https://doi.org/10.1016/j.semcancer.2021.05.005
https://doi.org/10.1093/neuonc/noab175
https://doi.org/10.1093/neuonc/noab175
https://doi.org/10.1007/s00401-018-1821-3
https://doi.org/10.1093/neuonc/not087
https://doi.org/10.1146/annurev-pathol-012615-044329
https://doi.org/10.1016/j.ccell.2020.07.008
https://doi.org/10.2174/1568009621666210504091722
https://doi.org/10.1038/s41571-021-00521-0
https://doi.org/10.1093/neuonc/nov125
https://doi.org/10.1016/j.celrep.2017.01.003
https://doi.org/10.1001/jamaoncol.2022.2844
https://doi.org/10.1038/s41416-020-0814-x
https://doi.org/10.1007/s13311-022-01238-3
https://doi.org/10.1126/science.aao4750
https://doi.org/10.1158/2159-8290.CD-19-0329
https://doi.org/10.1158/2159-8290.CD-13-0879
https://doi.org/10.1016/j.stem.2019.11.015
https://doi.org/10.1126/science.1254257
https://doi.org/10.1016/j.stem.2019.03.006
https://doi.org/10.1016/j.stem.2019.03.006
https://doi.org/10.1016/j.ccell.2020.06.004
https://doi.org/10.1016/j.ccell.2020.06.004
https://doi.org/10.1038/s41588-021-00927-7
https://doi.org/10.1038/s41586-019-1775-1
https://doi.org/10.1016/j.ccell.2019.07.009
https://doi.org/10.1038/nature20123
https://doi.org/10.1038/s41586-019-1158-7
https://doi.org/10.1016/j.cell.2019.06.024
https://doi.org/10.1016/j.cell.2021.01.022
https://doi.org/10.1126/science.aai8478
https://doi.org/10.1038/s41593-020-00789-y
https://doi.org/10.1186/1471-2164-14-632
https://doi.org/10.1097/PAP.0000000000000049
https://doi.org/10.1038/s41467-019-11738-0
https://doi.org/10.1038/onc.2012.580
https://doi.org/10.3322/caac.21613
https://doi.org/10.1016/j.semcancer.2019.10.010
https://doi.org/10.1038/s41571-018-0003-5
https://doi.org/10.1001/jamaoncol.2020.1024
https://doi.org/10.1001/jamaoncol.2020.1024
https://doi.org/10.1038/bjc.2016.354
https://doi.org/10.1016/j.cell.2011.06.014
https://doi.org/10.1158/0008-5472.CAN-20-1037
https://doi.org/10.1016/j.ccell.2020.06.003
https://doi.org/10.1016/j.ccell.2020.06.003
https://doi.org/10.1002/glia.23297
https://doi.org/10.1002/advs.202070121
https://doi.org/10.1002/advs.202070121
https://doi.org/10.1523/JNEUROSCI.2977-14.2014
https://doi.org/10.1038/s41582-019-0220-2
https://doi.org/10.1038/s41582-019-0220-2
https://doi.org/10.1093/annonc/mdz164
https://doi.org/10.3389/fimmu.2024.1427200
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

He et al.

70. Phillips RE, Soshnev AA, Allis CD. Epigenomic reprogramming as a driver of
Malignant glioma. Cancer Cell. (2020) 38:647-60. doi: 10.1016/j.ccell.2020.08.008

71. Nagaraja S, Vitanza NA, Woo PJ, Taylor KR, Liu F, Zhang L, et al.
Transcriptional dependencies in diffuse intrinsic pontine glioma. Cancer Cell. (2017)
31:635-52 e6. doi: 10.1016/j.ccell.2017.03.011

72. Munoz DM, Tung T, Agnihotri S, Singh S, Guha A, Zadeh G, et al. Loss of p53
cooperates with K-ras activation to induce glioma formation in a region-independent
manner. Glia. (2013) 61(1):1862-72. doi: 10.1002/glia.22563

73. Guo X, Pan Y, Gutmann DH. Genetic and genomic alterations differentially
dictate low-grade glioma growth through cancer stem cell-specific chemokine
recruitment of T cells and microglia. Neuro-oncology. (2019) 21:1250-62.
doi: 10.1093/neuonc/noz080

74. Wang X, Prager BC, Wu Q, Kim LJY, Gimple RC, Shi Y, et al. Reciprocal signaling
between glioblastoma stem cells and differentiated tumor cells promotes Malignant
progression. Cell Stem Cell. (2018) 22:514-28 e5. doi: 10.1016/j.stem.2018.03.011

75. Mandal AS, Romero-Garcia R, Hart MG, Suckling J. Genetic, cellular, and
connectomic characterization of the brain regions commonly plagued by glioma. Brain:
J neurology. (2020) 143:3294-307. doi: 10.1093/brain/awaa277

76. Hambardzumyan D, Gutmann DH, Kettenmann H. The role of microglia and
macrophages in glioma maintenance and progression. Nat Neurosci. (2016) 19:20-7.
doi: 10.1038/nn.4185

77. Sadik A, Somarribas Patterson LF, Ozturk S, Mohapatra SR, Panitz V, Secker PF,
et al. IL4I1 is a metabolic immune checkpoint that activates the AHR and promotes
tumor progression. Cell. (2020) 182:1252-70 e34. doi: 10.1016/j.cell.2020.07.038

78. Park JH, Kim HJ, Kim CW, Kim HC, Jung Y, Lee HS, et al. Tumor hypoxia
represses gammadelta T cell-mediated antitumor immunity against brain tumors. Nat
Immunol. (2021) 22:336-46. doi: 10.1038/s41590-020-00860-7

79. Gabriely G, Wheeler MA, Takenaka MC, Quintana FJ. Role of AHR and HIF-
lalpha in glioblastoma metabolism. Trends Endocrinol metabolism: TEM. (2017)
28:428-36. doi: 10.1016/j.tem.2017.02.009

80. Vasilogiannakopoulou T, Piperi C, Papavassiliou AG. Impact of aldehyde
dehydrogenase activity on gliomas. Trends Pharmacol Sci. (2018) 39:605-9. doi: 10.1016/
jtips.2018.04.001

81. Patel CH, Leone RD, Horton MR, Powell JD. Targeting metabolism to regulate
immune responses in autoimmunity and cancer. Nat Rev Drug discov. (2019) 18:669-
88. doi: 10.1038/s41573-019-0032-5

82. Kaymak I, Williams KS, Cantor JR, Jones RG. Immunometabolic interplay in the
tumor microenvironment. Cancer Cell. (2021) 39:28-37. doi: 10.1016/j.ccell.2020.
09.004

83. Mattson MP, Moehl K, Ghena N, Schmaedick M, Cheng A. Intermittent
metabolic switching, neuroplasticity and brain health. Nat Rev Neurosci. (2018)
19:63-80. doi: 10.1038/nrn.2017.156

84. Herzog H. Integrated pathways that control stress and energy homeostasis. Nat
Rev Endocrinol. (2020) 16:75-6. doi: 10.1038/s41574-019-0298-z

85. Dong Z, Cui H. Epigenetic modulation of metabolism in glioblastoma. Semin
Cancer Biol. (2019) 57:45-51. doi: 10.1016/j.semcancer.2018.09.002

86. Martinez-Outschoorn UE, Peiris-Pages M, Pestell RG, Sotgia F, Lisanti MP.
Cancer metabolism: a therapeutic perspective. Nat Rev Clin Oncol. (2017) 14:11-31.
doi: 10.1038/nrclinonc.2016.60

87. ShiY, Lim SK, Liang Q, Iyer SV, Wang HY, Wang Z, et al. Gboxin is an oxidative
phosphorylation inhibitor that targets glioblastoma. Nature. (2019) 567:341-6.
doi: 10.1038/s41586-019-0993-x

88. Liu X, Olszewski K, Zhang Y, Lim EW, Shi ], Zhang X, et al. Cystine transporter
regulation of pentose phosphate pathway dependency and disulfide stress exposes a
targetable metabolic vulnerability in cancer. Nat Cell Biol. (2020) 22:476-86.
doi: 10.1038/s41556-020-0496-x

89. Du W, Jiang P, Mancuso A, Stonestrom A, Brewer MD, Minn AJ, et al. TAp73
enhances the pentose phosphate pathway and supports cell proliferation. Nat Cell Biol.
(2013) 15:991-1000. doi: 10.1038/ncb2789

Frontiers in Immunology

15

10.3389/fimmu.2024.1427200

90. Masui K, Tanaka K, Akhavan D, Babic I, Gini B, Matsutani T, et al. mTOR
complex 2 controls glycolytic metabolism in glioblastoma through FoxO acetylation and
upregulation of c-Myc. Cell Metab. (2013) 18:726-39. doi: 10.1016/j.cmet.2013.09.013

91. Liang]J, Cao R, Zhang Y, Xia Y, Zheng Y, Li X, et al. PKM2 dephosphorylation by
Cdc25A promotes the Warburg effect and tumorigenesis. Nat Commun. (2016)
7:12431. doi: 10.1038/ncomms12431

92. Ruiz-Rodado V, Malta TM, Seki T, Lita A, Dowdy T, Celiku O, et al. Metabolic
reprogramming associated with aggressiveness occurs in the G-CIMP-high molecular
subtypes of IDHImut lower grade gliomas. Neuro-oncology. (2020) 22:480-92.
doi: 10.1093/neuonc/noz207

93. Mittelbronn M, Platten M, Zeiner P, Dombrowski Y, Frank B, Zachskorn C, et al.
Macrophage migration inhibitory factor (MIF) expression in human Malignant
gliomas contributes to immune escape and tumour progression. Acta neuropathol.
(2011) 122:353-65. doi: 10.1007/s00401-011-0858-3

94. Zheng Y, Li X, Qian X, Wang Y, Lee JH, Xia Y, et al. Secreted and O-
GlcNAcylated MIF binds to the human EGF receptor and inhibits its activation. Nat
Cell Biol. (2015) 17:1348-55. doi: 10.1038/ncb3222

95. Tateishi K, Wakimoto H, Iafrate AJ, Tanaka S, Loebel F, Lelic N, et al. Extreme
vulnerability of IDH1 mutant cancers to NAD+ Depletion. Cancer Cell. (2015) 28:773—
84. doi: 10.1016/j.ccell.2015.11.006

96. Fons NR, Sundaram RK, Breuer GA, Peng S, McLean RL, Kalathil AN, et al.
PPM1D mutations silence NAPRT gene expression and confer NAMPT inhibitor
sensitivity in glioma. Nat Commun. (2019) 10:3790. doi: 10.1038/s41467-019-11732-6

97. Miller JJ, Fink A, Banagis JA, Nagashima H, Subramanian M, Lee CK, et al.
Sirtuin activation targets IDH-mutant tumors. Neuro-oncology. (2021) 23:53-62.
doi: 10.1093/neuonc/noaal80

98. Tateishi K, Iafrate AJ, Ho Q, Curry WT, Batchelor TT, Flaherty KT, et al. Myc-
driven glycolysis is a therapeutic target in glioblastoma. Clin Cancer res: an Off ] Am
Assoc Cancer Res. (2016) 22:4452-65. doi: 10.1158/1078-0432.CCR-15-2274

99. Tsai LC, Beavo JA. The roles of cyclic nucleotide phosphodiesterases (PDEs) in
steroidogenesis. Curr Opin Pharmacol. (2011) 11:670-5. doi: 10.1016/j.coph.2011.
09.003

100. Sun Z, Yuan X, Du P, Chen P. High expression of PDES8B and DUOX2
associated with ability of metastasis in thyroid carcinoma. Comput Math Methods Med.
(2021) 2021:2362195. doi: 10.1155/2021/2362195

101. Sista S, Anders IP, Elena Gonzalez M, Markus W, Chrystelle L, Noemi A, et al.
Asymmetry-defective oligodendrocyte progenitors are glioma precursors. Cancer Cell.
(2011) 20(3):328-40. doi: 10.1016/j.ccr.2011.08.011

102. Yanfei W, Guanzhang L, Jing F, Fan W, Zheng Z, Zhaoshi B, et al. Stalled
oligodendrocyte differentiation in IDH-mutant gliomas. Genome Med. (2023) 15(1):24.
doi: 10.1186/s13073-023-01175-6

103. Mark V, David MI, Robert SM, Ralf SS, Jeremy MS, Harshil DD, et al. Genomic
profiles of low-grade murine gliomas evolve during progression to glioblastoma. Neuro
Oncol. (2017) 19(9):1237-47. doi: 10.1093/neuonc/nox050

104. David DG, Vincent JC, Karra AM, Amit G, Bob SC, Clark C CJNF. The Cancer
Genome Atlas expression profiles of low-grade gliomas. Neurosurg Focus. (2014) 36(4):
E23. doi: 10.3171/2012.12.FOCUS12351

105. Mengjie C, Cheng Z, Yu T, Wenchao L, Yingying L, Dingxiao ZJO. An
integrated ceRNA network identifies miR-375 as an upregulated miRNA playing a
tumor suppressive role in aggressive prostate cancer. Oncogene (2024) 43(21):1594—
607. doi: 10.1038/s41388-024-03011-6

106. Hui W, Tao S, Jing H, Rui Z, Yanhua R, Shuai W, et al. miR-33a promotes
glioma-initiating cell self-renewal via PKA and NOTCH pathways. Clin Invest. (2014)
124(10):4489-502. doi: 10.1172/JCI75284

107. Connor MB, Nicola MW, Bruce HL, Frank WM, George S BJBC. Targeting B-
Raf inhibitor resistant melanoma with novel cell penetrating peptide disrupters of
PDES8A - C-Raf. BMC Cancer (2019) 19(1):266. doi: 10.1186/s12885-019-5489-4

108. Juan L, Cen Z, Tianliang Z, Chun-Yuan C, Jianming W, Ludvinna B, et al.
Metabolic enzyme LDHA activates Racl GTPase as a noncanonical mechanism to
promote cancer. Nat Metab. (2022) 4(12):1830-46. doi: 10.1038/s42255-022-00708-4

frontiersin.org


https://doi.org/10.1016/j.ccell.2020.08.008
https://doi.org/10.1016/j.ccell.2017.03.011
https://doi.org/10.1002/glia.22563
https://doi.org/10.1093/neuonc/noz080
https://doi.org/10.1016/j.stem.2018.03.011
https://doi.org/10.1093/brain/awaa277
https://doi.org/10.1038/nn.4185
https://doi.org/10.1016/j.cell.2020.07.038
https://doi.org/10.1038/s41590-020-00860-7
https://doi.org/10.1016/j.tem.2017.02.009
https://doi.org/10.1016/j.tips.2018.04.001
https://doi.org/10.1016/j.tips.2018.04.001
https://doi.org/10.1038/s41573-019-0032-5
https://doi.org/10.1016/j.ccell.2020.09.004
https://doi.org/10.1016/j.ccell.2020.09.004
https://doi.org/10.1038/nrn.2017.156
https://doi.org/10.1038/s41574-019-0298-z
https://doi.org/10.1016/j.semcancer.2018.09.002
https://doi.org/10.1038/nrclinonc.2016.60
https://doi.org/10.1038/s41586-019-0993-x
https://doi.org/10.1038/s41556-020-0496-x
https://doi.org/10.1038/ncb2789
https://doi.org/10.1016/j.cmet.2013.09.013
https://doi.org/10.1038/ncomms12431
https://doi.org/10.1093/neuonc/noz207
https://doi.org/10.1007/s00401-011-0858-3
https://doi.org/10.1038/ncb3222
https://doi.org/10.1016/j.ccell.2015.11.006
https://doi.org/10.1038/s41467-019-11732-6
https://doi.org/10.1093/neuonc/noaa180
https://doi.org/10.1158/1078-0432.CCR-15-2274
https://doi.org/10.1016/j.coph.2011.09.003
https://doi.org/10.1016/j.coph.2011.09.003
https://doi.org/10.1155/2021/2362195
https://doi.org/10.1016/j.ccr.2011.08.011
https://doi.org/10.1186/s13073-023-01175-6
https://doi.org/10.1093/neuonc/nox050
https://doi.org/10.3171/2012.12.FOCUS12351
https://doi.org/10.1038/s41388-024-03011-6
https://doi.org/10.1172/JCI75284
https://doi.org/10.1186/s12885-019-5489-4
https://doi.org/10.1038/s42255-022-00708-4
https://doi.org/10.3389/fimmu.2024.1427200
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Single-cell transcriptomic analysis identifies downregulated phosphodiesterase 8B as a novel oncogene in IDH-mutant glioma
	1 Introduction
	2 Materials and methods
	2.1 Patient recruitment and sample collections
	2.2 Single-cell transcriptomics profiling of glioma samples
	2.3 Tissue staining
	2.4 RNA isolation and quantitative real time PCR
	2.5 Western blotting analysis
	2.6 Statistical analysis

	3 Results
	3.1 Overall metabolism landscape of high grade and low grade glioma
	3.2 Comparative analysis of metabolic landscape in HG and LG glioma
	3.3 Identification of most changed metabolic pathways in all cell types
	3.4 Clinical significance of metabolism pathways in glioma
	3.5 Prognostic performance of metabolic pathways
	3.6 Clinical investigation of astrocytes and OPCs metabolic DEGs in glioma
	3.7 Prognostic significance of the 11 metabolic genes
	3.8 PDE8B expression in astrocytes and OPCs and its validation in glioma tissues cohort

	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


