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Abstract
Genomic and transcriptional heterogeneity is prevalent among the most common and aggressive primary brain 
tumors in children and adults. Over the past 20 years, advances in bioengineering, biochemistry and bioinfor-
matics have enabled the development of an array of techniques to study tumor biology at single-cell resolution. 
The application of these techniques to study primary brain tumors has helped advance our understanding of their 
intra-tumoral heterogeneity and uncover new insights regarding their co-option of developmental programs and 
signaling from their microenvironment to promote tumor proliferation and invasion. These insights are currently 
being harnessed to develop new therapeutic approaches. Here we provide an overview of current single-cell tech-
niques and discuss relevant biology and therapeutic insights uncovered by their application to primary brain tu-
mors in children and adults.
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Over the last 20  years, significant advances have been 
made in understanding the molecular alterations of pri-
mary central nervous system (CNS) tumors in children and 
adults. Although initial driver events underlie oncogenesis 
in these tumors, dysregulation of cellular processes driven 
by these initial genetic changes and the effect of environ-
mental factors, such as cancer treatments, often lead to 
the accumulation of additional genetic alterations driving 
an evolutionary drift away from the initial oncogenic clone 
promoting intra-tumoral heterogeneity. In addition to this 
genetic heterogeneity, tumor cells also demonstrate pheno-
typic heterogeneity by implementing distinct transcriptional 
programs on a background of similar genetic alterations. 
Therapeutic resistance of many primary brain tumors to 
targeted therapies provides evidence of this heterogeneity 

as, for example, targeting of particular genetic alterations 
in glioblastoma—such as epidermal growth factor receptor, 
EGFR, gene mutations—has not led to a survival benefit.1 
The development and integration of microfluidic, biochem-
ical and bioinformatic technologies applied to the study of 
cancer biology at the single-cell level have launched a new 
era in our understanding of primary brain tumors. Through 
the application of these techniques, we have been able to 
better characterize the intra-tumoral heterogeneity of pri-
mary brain tumors, dissect interactions between cellular 
sub-populations, and identify developmental programs that 
are often hijacked by tumors in their quest for proliferation 
and migration. Importantly, applying these techniques to 
primary brain tumors holds promise for identifying mech-
anisms to modulate intra-tumoral heterogeneity or reveal 
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common vulnerabilities of cellular subpopulations that 
could lead to more effective therapies.

Single-Cell Methods to Dissect Brain 
Tumor Biology

Once isolated from their original tumors, individual cancer 
cells and tumor infiltrating cells present multiple layers of 
information that can be analyzed to characterize the het-
erogeneity of the tumor, including epigenomic and ge-
nomic alterations, as well as differential gene and protein 
expression, Figure 1. Tumor cells can differ in their chro-
matin structure and patterns of chromatin accessibility; 
their patterns of DNA methylation and other epigenetic 
alterations; their genetic alterations (mutations, deletions, 
amplifications, fusions, rearrangements); their transcrip-
tional profiles; and their intra-cellular and cell surface 
protein expression. An array of single-cell techniques has 
been developed to capture specific information at all these 
different levels, and in some cases, to characterize cells at 
multiple levels of information (multi-omics).2

Profiling regions of chromatin accessibility offers a 
window into the regulation of gene expression by revealing 
regions of the genome accessible for transcription as well 
as binding sequences of regulatory elements, such as pro-
moters, enhancers and insulators. The single-cell assay 
of transposase accessible chromatin using sequencing 
(scATAC-seq) relies on a hyperactive derivative of the pro-
karyotic Tn5 transposase to cleave accessible regions of the 
genome and insert sequencing adapters, to allow for am-
plification, barcoding and library construction.3,4 Single-cell 
DNA methylation (scDNAme-seq) offers another perspec-
tive into the regulation of gene expression. The addition of 
a methyl group to cytosine (C) residues in humans occurs at 
cytosine-guanine (CG) dinucleotides, frequently referred to 
as CpG sites. Regions of the genome with a high frequency 
of CpG sites are known as CpG islands and are found 
at or near 40% of the promoters of mammalian cells.5,6 
Methylation of CpG islands leads to a closed chromatin con-
figuration, leading to repression of gene transcription.5,6 
The bisulfite sequencing method—in which DNA is treated 
with bisulfite before sequencing, leading to the conver-
sion of unmethylated cytosine residues to uracil leaving 
methylated cytosine residues unaffected—has now been 
adapted for implementation at the single-cell level through 
different protocols.7–9 Additionally, chromatin heterogeneity 
and DNA-protein interactions can be directly resolved via 
antibody-mediated approaches such as single-cell chromatin 
immunoprecipitation followed by sequencing (scChIP-seq) 
or single-cell CUT&Tag sequencing.10,11 Genetic variation 
at the single-cell level can be characterized using single-cell 
whole-genome sequencing (scWGS) methods, which pro-
vide critical information for describing intra-tumoral heter-
ogeneity via copy number alterations (CNAs) and enable 
phylogenetic analyses to study tumor evolution.12–14

Although they help characterize tumor heterogeneity and 
provide insights into the regulation of gene expression, hence 
providing insight into determinants of cellular state, scATAC-
seq, scDNAme-seq and scWGS do not by themselves di-
rectly reveal the functional states associated with tumor cell 
subpopulations. Single-cell RNA-sequencing (scRNA-seq) has 

become the most widely adopted technique for the study of 
intra-tumoral heterogeneity, as it allows for direct characteri-
zation of the transcriptome of individual cells, revealing gene 
expression programs underlying distinct cellular states and 
facilitating the detection of rare cell subpopulations, as well as 
allowing for the inference of copy number alterations and mu-
tations depending on sequencing depth and transcript length. 
scRNA-seq protocols rely on the capture of mRNA transcripts 
(using an oligo-dT primer that only captures polyadenylated 
RNA) followed by reverse transcription to obtain comple-
mentary DNA, which is subsequently amplified for library 
construction. Full transcript length scRNA-seq protocols are 
labor intensive but allow for gene expression quantification, 
detection of transcript isoforms and inference of CNAs as well 
as mutations.15,16 On the other hand, droplet-based platforms 
targeting the 3′-end or 5′-end of the mRNA transcript readily 
enable the profiling of thousands of cells (high-throughput) 
at the expense of coverage per cell.17 A more recent method, 
single-nucleus RNA-sequencing (snRNA-seq), enables the 
transcriptional profiling of frozen tumor samples bypassing 
the requirement of immediately processing fresh tumor sam-
ples as is needed for scRNA-seq, enabling the analysis of pre-
viously collected frozen samples for the study of rare tumors 
or longitudinal analyses of tumor treatment response and 
evolution.18

Intra-tumoral heterogeneity and functional cell states 
can also be characterized by profiling intra-cellular and cell 
surface proteins at the single-cell level. Mass cytometry 
methods such as cytometry by time-of-flight (CyTOF), 
overcome the limitations of flow cytometry in profiling 
protein markers, as with the latter, attempts at profiling 
more than a handful of different fluorophore-tagged anti-
bodies bound to specific proteins lead to overlap of emis-
sion spectra and inability to resolve signal from some of 
the surface molecules. In contrast, CyTOF allows for the 
simultaneous profiling of over 100 proteins in thousands 
of cells through the use of antibodies labeled with distinct 
metal isotopes that are detected and quantified via mass 
spectrometry.19,20 Besides being able to profile the biology 
of individual tumor cells at different layers—from chro-
matin accessibility to protein expression—there are an 
increasing number of methods enabling the concurrent 
profiling of individual cells at different layers, including 
chromatin accessibility and transcriptome (SHARE-seq21), 
DNA methylation and transcriptome (scM&T-seq, scMT-
seq22,23), genotype and transcriptome (G&T24,25), and tran-
scriptome and cell surface proteins (CITE-seq26). These 
multi-omics techniques facilitate the in-depth interrogation 
of tumor biologies, such as relating epigenomic regulation 
and genomic variation with changes in cellular state at the 
transcriptional and protein expression levels.

Insights from Single-Cell Methods for 
Primary Brain Tumors

Glioblastoma

Glioblastoma, IDH-wildtype, is a paradigm of intra-tumoral 
heterogeneity, and its molecular alterations have been 
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the focus of intense study. In fact, The Cancer Genome 
Atlas (TCGA) selected glioblastoma as the first tumor to 
be profiled via bulk analyses of DNA copy number, gene 
expression and DNA methylation in 2008.27 Subsequent 
TCGA analyses relying on bulk RNA-seq suggested that 
glioblastomas could be characterized into one of four 
different subtypes—proneural, neural, classical and 
mesenchymal—each associated with specific genomic al-
terations.28 These results were encouraging as they sug-
gested that glioblastoma could be characterized into one 
of these subtypes and that each tumor could be treated by 
targeting specific aberrant pathways. Unfortunately, the 
promise of effective targeted therapy for glioblastoma has 
not been realized and single-cell profiling methods provide 
an explanation. The first study to profile glioblastoma sam-
ples using scRNA-seq demonstrated that cells with tran-
scriptional profiles consistent with the proneural, neural, 
classical and mesenchymal bulk subtypes coexisted within 
individual tumors, highlighting the intra-tumoral heteroge-
neity of the tumor.29

A follow-up scRNA-seq study profiling glioblastoma 
patient samples described four distinct cellular states—
astrocyte (AC)-like, neural progenitor cell (NPC)-like, oli-
godendrocyte progenitor cell (OPC)-like and mesenchymal 
(MES)-like—based specific transcriptional programs, as 

well as cells with elements of different transcriptional 
programs, suggesting transitions between cellular states, 
Figure 2A.28 The proportions of each cellular state within a 
tumor are shown to depend on copy number alterations of 
the EGFR (AC-like), CDK4 (NPC-like) and PDGFRA (OPC-like) 
loci, and on NF1 mutations as well as influences from the 
tumor microenvironment for the MES-like state, with pe-
diatric tumors demonstrating a higher proportion of cells 
in the OPC-like state.30 Using the transcriptional programs 
defining each of the cellular states, the authors were able 
to deconvolve the cellular states of TCGA glioblastoma 
subtypes, noting that classical and mesenchymal subtypes 
are predominantly composed of cells in the AC-like and 
MES-like states, while tumors in the proneural subtypes 
are enriched by cells in the developmental NPC-like and 
OPC-like cellular states.30 Interestingly, and highlighting 
the limitations of bulk assays for characterizing tumors, the 
TCGA neural glioblastoma subtype is shown to be mainly 
composed by non-malignant cells, including neurons and 
oligodendrocytes.30 Lastly, through a series of cellular 
barcoding experiments to track cell lineage in xenografted 
tumors, this study shows the ability of cellular states to 
transition into different cellular states, reconstituting the 
heterogeneity of a tumor once other cellular states have 
been depleted.30

  

Heterogeneous tumor
cells & microenvironment

Open chromatin (scATAC-seq):

Histone modifications
(scCUT&Tag, scChIP-seq):

* Cell type
* Inferred CNAs
* Inferred gene expression
* Transcription regulation

* Transcription regulation
* Chromatin features

Cell surface molecular profiling
(FACS, mass cytometry/CyTOF, CITE-seq):
* Cell type
* Immune subpopulations

Gene expression (scRNA-seq):

DNA methylation (scDNAme):
* Transcription regulation
* Cell lineages

* Cell type
* Inferred CNAs & mutation calling
* Transcriptional programs & cell states

Fig. 1 Select single-cell techniques for probing intra-tumoral heterogeneity and tumor biology. Copy number alteration (CNA); single-cell 
RNA-sequencing (scRNA-seq); single-cell assay of transposase accessible chromatin using sequencing (scATAC-seq); single-cell CUT&Tag 
(scCUT&Tag); single-cell chromatin immunoprecipitation followed by sequencing (scChIP-seq); single-cell DNA methylation (scDNAme); 
fluorescence-activated cell sorting (FACS); cytometry by time-of-flight (CyTOF); cellular indexing of transcriptomes and epitopes by sequencing 
(CITE-seq).
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Subsequent single-cell studies have validated this 
cellular state model of glioblastoma by highlighting 
developmental hierarchies in cellular states,31–34 and com-
plemented it, by describing cellular states with specific 
metabolic vulnerabilities.32 Single-cell techniques have 
also been applied to understanding the epigenetic de-
terminants of cellular states in glioblastoma. A  recent 
scDNAme-seq study demonstrated intra-tumoral heter-
ogeneity of DNA methylation in glioblastoma, as well as 
hypomethylation of regulatory targets of the polycomb 
repressor complex 2 (PRC2) in the NPC-like and OPC-like 
(stem-like) cell states when compared to the more differ-
entiated (AC-like, MES-like) cell states, suggesting that 
hypomethylation of PRC2 targets is an epigenetic mech-
anism for the regulation of stemness in tumor cells.35 
Another scDNAme-seq study, also confirmed intra-tumoral 
heterogeneity of DNA methylation in glioblastoma and hy-
pothesizes that randomness in the placement of epigenetic 
marks might underlie the ability of glioma cells to adapt 
to environmental stressors.36 Studies profiling chromatin 
accessibility in glioblastoma at the single-cell level have 
also shown heterogeneity of tumor cells, and identified re-
gions of increased chromatin accessibility consistent with 
stemness in both stem-like and mesenchymal cell states, 
consistent with the previous findings of plasticity/cell state 
transitions from transcriptomic data.34,37

In addition to revealing the intra-tumoral heterogeneity 
and plasticity of malignant cells in glioblastoma, single-cell 
profiling methods have facilitated the characterization of 
the tumor microenvironment and the discovery of impor-
tant interactions between malignant and non-malignant 
cells. Mass cytometry studies have shown that the immune 
infiltrates of glioblastoma is mainly composed of immu-
nosuppressive macrophages with a smaller compartment 
of activated microglia,38,39 a finding that has also been rep-
licated with scRNA-seq studies.40–42 By concurrently pro-
filing gene expression in macrophages and malignant cells, 
scRNA-seq has allowed the identification of macrophage-
derived oncostatin M (OSM) as an inducer of the MES-like 
cellular state in glioblastoma, as well as the identification of 
macrophages with an MES-like transcriptional program.43 
Concurrent scRNA-seq in cytotoxic T lymphocytes and gli-
oblastoma cells, has also led to the recognition of a novel 
immune-checkpoint inhibition mechanism through the acti-
vation of the CD161 receptor in T cells by the CLEC2D ligand 
found on the surface of glioblastoma and myeloid cells.44 
Single-cell RNA-seq has also been leveraged to evaluate the 
response of a neoantigen vaccine in glioblastoma by reading 
the T-cell receptor sequence of infiltrating T cells in patient 
samples and identifying activated, neoantigen-specific T 
cells within the tumor.45 Lastly, scRNA-seq studies have also 
revealed increased expression of glutamate receptor genes 
in the stem-like subpopulations of glioblastoma cells, pro-
viding evidence of glutamatergic synaptic input as a driver of 
cell proliferation and tumor progression.46,47

IDH-Mutant Gliomas

The discovery of isocitrate dehydrogenase (IDH) mutations in 
gliomas in 2008 has led to a revolution in our understanding 
of the biology of a distinct subset of gliomas known to 

preferentially affect the young and have a more ingravescent 
disease course compared to glioblastoma.48 According to 2021 
WHO classification of central nervous system tumors, IDH-
mutant gliomas comprise astrocytoma, IDH-mutant (Grade 
2–4) and oligodendroglioma (Grade 2–3).49 In addition to the 
presence of IDH-mutations, these tumors have characteristic 
molecular alterations, including loss of the ATRX chromatin 
remodeler gene and TP53 mutations in astrocytoma, and 
1p/19q chromosomal codeletion in oligodendroglioma.49,50 
In addition to these canonical molecular alterations, single-
cell profiling techniques have advanced our understanding 
of IDH-mutant gliomas by characterizing their intra-tumoral 
heterogeneity and revealing unique aspects of their interac-
tion with the tumor microenvironment. An initial characteriza-
tion of oligodendroglioma by profiling patient samples with 
scRNA-seq, revealed a developmental hierarchical model 
of cellular states with an originating stem-like compartment 
of neural progenitor cell (NPC)-like the transcriptional pro-
gram, branching into two separate more differentiated, non-
proliferating cellular compartments with astrocyte (AC)-like 
and (OC)-like transcriptional programs, Figure 2B.51

Interestingly, profiling of astrocytoma, IDH-mutant, via 
scRNA-seq revealed an analogous hierarchy of cellular 
states, with cells in an NPC-like cellular state branching in 
a development-like fashion towards differentiated AC-like 
and OC-like cellular states, and without a MES-like cellular 
state as seen in astrocytoma, IDH-wildtype (glioblastoma).52 
Despite their different histology and specific molec-
ular alterations that characterize oligodendroglioma, and 
astrocytoma, IDH-mutant, this common developmental hier-
archy of cellular states revealed by scRNA-seq highlights the 
importance of IDH-mutations in driving common oncogenic 
processes in tumors previously thought of as distinct from 
each other, and opening the opportunity to develop new 
treatments for both tumors with therapies targeting IDH-
mutations and other downstream vulnerabilities.51–53

Investigations of the epigenomic determinants of cel-
lular states in IDH-mutant gliomas have relied on con-
current single-cell profiling of gene expression and DNA 
methylation.35,36 DNA methylation is a particularly relevant 
epigenomic regulation mechanism in IDH-mutant gliomas, 
as the mutant IDH protein produces the oncometabolite D-2-
hydroxyglutarate (D-2HG), a competitive inhibitor of the TET 
family of 5-methylcytosine hydroxylases, preventing their 
demethylating activity and leading to increased DNA methyl-
ation of regulatory elements.54–58 Single-cell DNA methylation 
profiling in IDH-mutant gliomas has revealed decoupling of 
promoter methylation-expression relationships (persistent on-
cogenic gene expression despite promoter methylation), pref-
erential enhancer hypermethylation, as well as disruption of 
CTCF-mediated oncogene insulation.35 More recently, scATAC-
seq of 22 IDH-mutant gliomas indicated an additional axis of 
epigenomic heterogeneity mediated via ATRX loss-of-function, 
resulting in enhanced immunosuppressive phenotypes, the 
global increase of accessible chromatin and decrease of CTCF 
binding, which was further validated by single-cell CUT&Tag 
for CTCF in engineered mouse glioma cells.59

Single-cell profiling has also revealed important insights 
into the composition of the tumor microenvironment of 
IDH-mut gliomas. Unlike in glioblastoma, single-cell mass 
cytometry studies of IDH-mutant gliomas have demon-
strated that their immune infiltrate is made up mostly of 



Gonzalez Castro et al. Characterizing primary brain tumors with single-cell methods 238

activated microglia rather than monocyte-derived macro-
phages.38,39 The inhibition of cytotoxic T-cells via activation 
of the CD161 receptor by the CLEC2D ligand expressed 
by glioblastoma uncovered by scRNA-seq has also been 
demonstrated in IDH-mutant gliomas.44 Single-cell RNA-
seq and T-cell receptor sequencing have also been used 
to probe the specificity of the immune response to a pep-
tide vaccine targeting the canonical IDH1 R132H mutation 
in IDH-mutant gliomas.60 Beyond interactions between 
glioma cells and immune cells in the tumor microenviron-
ment, scRNA-seq has also revealed increased expression 
of glutamatergic AMPA receptor genes which provide the 
basis for neuron-glioma synapses in IDH-mutant gliomas 
that drive tumor proliferation and invasiveness.46,47

Single-Cell Profiling of Pediatric Brain Tumors

Pediatric brain tumors have unique pathobiology com-
pared to their adult counterparts.61 First, pediatric brain 
tumors are diseases of dysregulated development arising 
from spatiotemporally restricted precursor cells, often of 
fetal origin. Second, these precursor cells are transformed 
by specific genetic or non-genetic events during a defined 
developmental window, commonly leading to epigenetic 
dysregulation and cellular arrest in a stem cell-like state 
permissive to oncogenic transformation. Third, a cellular 
hierarchy is thereby established, in which not all tumor 
cells are developmentally arrested to the same extent and 
some tumor cells appear to be able to differentiate along 
this hierarchy or take on alternative phenotypes.

Single-cell profiling methods have helped elucidate cen-
tral questions arising from this developmental hypothesis 
at unprecedented granularity across a variety of pediatric 
brain tumors. In parallel, increasingly detailed single-cell 
atlases of the normal developmental and adult brains 
across different species facilitate annotation and compar-
ison of pediatric cancer cell states to their cellular corres-
pondents during normal neuro-development.62 Below, 
we discuss the findings from single-cell genomics inves-
tigations across different pediatric brain tumor types per-
taining to the outlined developmental model.

Pediatric-Type Diffuse High-Grade Gliomas

Childhood high-grade gliomas (HGG) arise in a spatiotem-
poral pattern of incidence that segregates according to 
their driver oncogenic events. Most HGGs can be stratified 
by point mutations in histone H3: lysine27-to-methionine 
(K27M) substitutions in the non-canonical variant H3.3 
or less commonly in H3.1, and glycine34-to-arginine/
valine (G34R/V) substitutions in H3.3.63–65 Broadly, these 
oncohistone mutations lead to epigenetic dysregulation, 
re-programming or arresting a spatiotemporally restricted 
“cell of mutation” in a pro-tumorigenic cell state.66–68 The 
remaining group of H3 wildtype pediatric HGGs is more 
heterogeneous and subject to ongoing molecular analyses 
and stratifications. Mounting evidence suggests that many 
of these may be likewise driven by genetic or non-genetic 
alterations resulting in epigenetic dysregulation similar to 
the mechanisms observed in H3-mutant tumors.49,69,70

Diffuse Hemispheric Glioma, H3 G34-Mutant

Diffuse hemispheric glioma (DHG), H3 G34-mutant, al-
most exclusively presents in the cerebral hemispheres 
of adolescents and young adults. Their unique neuro-
developmental cellular background has been recently 
indicated to be anchored in a neuron-like instead of 
glial-like identity by a series of genomic and modeling 
studies.71–74 Comparing DHG, H3 G34-mutant tumor bulk 
transcriptomes to human and mouse brain single-cell 
atlases by GSEA revealed that these were most similar 
to the prenatal cortical interneuronal lineage originating 
from progenitors of embryonal ganglionic eminence 
structures in the ventral telencephalon.71 Isogenic mod-
eling and epigenomic studies further indicated that this 
interneuron-like signature likely reflects cell-intrinsic 
properties of an initial “cell of mutation” itself rather 
than re-programming effects induced by the H3 G34R/V 
mutation, which serves to reinforce this pre-existing 
interneuronal-like state.71,72 ScRNA-seq of 16 H3-G34R/V 
HGGs identified tumor cells expressing neuron-like and 
AC-like signatures, while the oligodendroglial lineage 
was absent,71 Figure 2C. Notably, most tumor cells were 
found to be highly dysplastic co-expressing both neuron-
like and AC-like signatures with incomplete segregation 
and demonstrated strong inter-tumoral heterogeneity. 
One axis of heterogeneity was linked to PDGFRA gene 
mutation status with PDGFRA-mutant tumors exhibiting 
a shift towards the AC-like state.71 The identification of a 
prominent interneuron-like compartment within diffuse 
midline glioma, H3 K27M-altered sets the stage for addi-
tional questions as to the heterogeneity and phenotype 
of this cell, such as, if these cells represent the full de-
velopmental spectrum of interneuron lineage matura-
tion, potentially reflecting a cellular hierarchy amenable 
to the concept of differentiation therapy, and whether 
they exert distinct interactions with their tumor micro-
environment given their neuron-like instead of glia-like 
identity.

Diffuse Midline Glioma, H3 K27M-Altered

Diffuse midline gliomas (DMG) and H3 K27M-altered arise in 
midline brain regions primarily during the first decade of life. 
The majority of DMG, H3 K27M-altered, are lethal and thus 
defined as grade 4 by the presence of the oncohistone muta-
tion irrespective of histology.49,75 In vitro and in vivo studies 
have supported the hypothesis that the H3 K27M mutation 
occurs in neural stem cells of the developing pons during 
an early window of development,76–81 engendering an active 
chromatin landscape reflective of early oligodendroglial lin-
eage.82–84 ScRNA-seq of primarily pontine pediatric DMG, H3 
K27M-altered, indeed identified a substantial proportion of 
stem-like OPC-like tumor cells besides more differentiated 
AC-like and OC-like malignant cell populations.85 This was 
supported by projecting bulk DMG, H3 K27M-altered tran-
scriptomes to scRNA-seq data of embryonal brainstem using 
single-sample gene-set enrichment analysis (ssGSEA).86 
Filbin et al. further demonstrated that OPC-like cells consti-
tuted the predominant cycling cell population, and in vivo 
orthotopic xenotransplantation of undifferentiated OPC-like 
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cells initiated glioma formation, whereas injection of more 
differentiated AC-like cells was not able to induce tumors. 
Together, this supports a developmental hierarchy, in which 
OPC-like cells are at the apex and largely self-renewing, with 
some tumor cells being able to differentiate to less aggres-
sive AC-like or OC-like lineages, Figure 2D. In contrast to 
more conventional cancer stem cell models, the OPC-like 
stem-like cell population in DMG, H3 K27M-altered is not 
small but rather predominant, which is indicative of a differ-
entiation block. Notably, unlike in other gliomas so far pro-
filed by single-cell transcriptomics, DMG, H3-K27M-altered 
is the only entity in which neuron progenitor-like or neuron-
like cell populations are absent, which further supports the 
postulated H3 K27M oncohistone mechanism of skewing 
and arresting cells in the glial, mainly oligodendroglial lin-
eage. These findings are currently being validated in larger 
patient cohorts, which may further provide power to assess 
the effect of different midline locations, age groups, and 
the mutant histone variant (H3.3 versus H3.1) on DMG, H3 
K27M-altered cellular states and hierarchy.

The age of onset of DMG, H3 K27M-altered coincides with 
midline brain structures undergoing developmental waves 
of myelination coupled with OPC proliferation that has 
been shown to be neuronal activity dependent.87 Indeed, it 
has been demonstrated that H3-K27M DMGs exploit their 
neuronal tumor microenvironment for tumor growth and 
progression, via both neuronal activity-regulated mitogen 
signaling as well as bona fide neuron-glioma synapse for-
mation.46,88,89 Analogous to normal neuron to OPC synapses 
fueling OPC proliferation, analysis of DMG, H3 K27M-altered 
scRNA-seq data indeed demonstrated that glutamatergic 
synapse genes are enriched in OPC-like cancer cells.46 The 
immune cell compartment represents another tumor mi-
croenvironment component that has been analyzed at the 
single-cell level in DMG, H3 K27M-altered. Only a small 
proportion of immune cells were detected in scRNA-seq 
analysis of unenriched tumors, consistent with the fact that 
pediatric gliomas are relatively immune “cold” tumors. 
Within these, a predominance of immunosuppressive my-
eloid cells and only very few T-cells were detected.85,90 These 
myeloid cells were found to be less inflammatory compared 
to adult glioma-associated myeloid cells at transcriptome 
and secretome levels.90 In a recent first-in-human, phase 1 
clinical trial of chimeric antigen receptor (CAR) T cells dir-
ected against the disialoganglioside (GD2) in patients with 
DMG, H3 K27M-altered,91,92 scRNA-seq following Anti-GD2 
CAR T cell treatments demonstrated heterogeneous popu-
lations of lymphocytes and myeloid cells correlating with 
the route of CAR T cell administration, clinical timepoint 
and response. Specifically, single-cell profiling revealed an 
immune-activating gene signature in myeloid cells at peak 
inflammatory timepoints, whereas later timepoints were 
associated with an immune-suppressive and phagocytosis 
signature, indicating complex and heterogeneous modes of 
interaction between tumor microenvironmental compart-
ments in modulating therapy response.

Pilocytic astrocytoma

Pilocytic astrocytoma (PA), the most common primary CNS 
neoplasm in children, arises in infratentorial regions such 

as the cerebellum, in the optic pathway of patients with 
neurofibromatosis type 1 (NF1), and are less frequently 
seen in the cerebral hemispheres. 70% of PAs are driven 
by a single-driver somatic gene alteration in form of the 
KIAA1549-BRAF fusion oncogene, resulting in constitu-
tive activation of the MAPK pathway. In a first single-cell 
transcriptome study of PAs, a strong infiltrate of mainly 
tumor-associated myeloid cells accounting for ~ 30% of all 
cells across tumors was discerned at the single-cell level, 
concordant with bulk transcriptomics data.93 Within tumor 
cells, a minor subpopulation of OPC-resembling cells de-
picted high levels of MAPK-signaling positively correlating 
with BRAF expression, while the majority of tumor cells 
showed low MAPK-signaling expression and harbored an 
AC-like signature. Cells with high MAPK-signaling were 
enriched for mutually exclusive states of active cell pro-
liferation or senescence, which is in line with the concept 
of oncogene-induced senescence specifically described 
in PA and potentially accounting for relatively favorable 
outcomes in this tumor entity. Based on these scRNA-seq 
characterized tumor cell states, a cellular hierarchy was 
suggested that places MAPK-signaling high OPC-like cells 
at the top, parts of which are cycling, become senescent, 
or differentiate towards more glia-like populations low in 
MAPK-signaling. When comparing these tumor cell signa-
tures to those in pediatric higher-grade gliomas, PA MAPK-
signaling enriched populations bore little resemblance to 
HGG stem-like cells and were markedly distinguishable by 
lower expression of neuronal progenitor and NSC marker 
genes as opposed to higher-grade stem-like populations, 
thereby suggesting MAPK-high cells may be more com-
mitted to the glial lineage as a potential cellular correlates 
of their favorable clinical outcome.

Medulloblastoma

Medulloblastoma (MB) is a malignant embryonal tumor of 
the cerebellum and comprises four molecular subgroups 
(WNT, Sonic Hedgehog/SHH, Group  3, Group  4).94–96 
These four subgroups are characterized by distinct geno-
types, DNA methylomes, transcriptomes, age of onset, 
and prognoses, which again conjures the central devel-
opmental hypothesis that each subgroup arises from 
neuro-developmentally restricted cells of origin in a cir-
cumscribed spatiotemporal pattern.

Two independent studies have resolved the subgroup-
specific cellular architectures and putative hierarchies by 
scRNA-seq. The study by Vladoiu et al.97 profiled tumors of 
the SHH, Group 3 and Group 4 subgroups, demonstrating 
subgroup-specific resemblance to distinct neuronal lin-
eages of the developing cerebellum along varying de-
grees of differentiation. Hovestadt et  al.98 sequenced 
tumors encompassing all four sub-groups and identified 
subgroup-specific tumor cells spanning an axis from un-
differentiated to more mature neuron-like states, respec-
tively, with undifferentiated populations often found 
to be in a cycling state and enriched for translational 
marker genes as well as subgroup-characteristic signaling 
markers. For SHH-MB, both studies showed by compara-
tive cross-species analyses that tumor progenitor-like cells 
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resembled granule neuron progenitor (GNP) cells, that in 
normal development are stimulated by SHH signaling and 
give rise to glutamatergic granule cells, the most common 
neurons in the mature cerebellum, as had been previously 
indicated by modeling studies.99–101 Hovestadt and col-
leagues also identified more differentiated intermediate 
and mature granule neuron-like populations, and notably, 
showed that adult SHH-MB harbor higher proportions of 
undifferentiated GNP-like cells than pediatric SHH-MB, 
pointing towards distinct biological processes specific to 
age groups.98 ScRNA-seq of SHH-driven mouse MB models 
further indicated differentiation of GNP-like tumor cells 
upon inhibition of SHH signaling.102 In WNT-MB, undiffer-
entiated populations that were enriched for WNT signaling 
marker genes were detected alongside more differentiated 
neuron-like tumor cells. While previous experimental evi-
dence had suggested lower rhombic lip (LRL) progenitors 
of the dorsal brainstem as putative cells of origin,100 this 

was not evident by scRNA-seq analysis, potentially due to 
incompleteness of reference atlases or high aberrance of 
primary human tumor cells. Non-SHH, non-WNT Group 3 
and Group 4 -MB were analyzed together in the study by 
Hovestadt et  al.98 as subsets of these tumors are known 
to exhibit overlapping signatures. This combined anal-
ysis revealed a common continuum of undifferentiated 
progenitor-like to more mature neuron-like populations. It 
was demonstrated that Group 3 and Group 4 subgroups 
were segregated by proportions of either undifferentiated 
or more mature tumor cells. While Group 3-MB contained 
considerably lower (up to 10% or completely absent in the 
case of MYC-amplified Group 3-MB) proportions of differ-
entiated neuron-like cells, Group 4-MB almost exclusively 
consisted of more differentiated neuron-like cells that re-
sembled unipolar brush cells (UBCs) and glutamatergic 
cerebellar nuclei (GluCN).98 Together, this hints at an im-
paired differentiation capacity in Group 3-MB, potentially 

  
Glioblastoma (IDH-wildtype)A B C

D

IDH-mutant glioma H3 G34-mutant glioma

H3 K27M-mutant glioma

OPC-like

AC-like

A
C

-li
ke

O
P

C
-li

ke

N
P

C
-li

ke

S
te

m
-li

ke

N
P

C
-like

M
E

S
-like

NPC-like

MES-like AC-like OC-like AC-like Neuron-like

O
P

C
-li

ke
AC-like OC-like
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chymal (MES)-like—coexist within the tumor, with cells able to transition between states. (B) Developmental hierarchical model of cellular states 
in IDH-mutant gliomas. An originating stem-like cell compartment with a neural progenitor cell (NPC)-like transcriptional program branches into 
two separate more differentiated, non-proliferating cellular compartments with astrocyte (AC)-like and oligodendrocyte (OC)-like transcriptional 
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correlating with the worse outcome of this subgroup. 
Interestingly, a subset of DNA methylation classified 
Group3/4 intermediate tumors did not show the above de-
scribed strict dichotomy but was characterized by a mix-
ture of undifferentiated and mature neuron-like tumor 
cell populations, accounting for the more complex mo-
lecular subtyping of Group 3 and Group 4-MB.98 Of note, 
Vladoiu and colleagues described a resemblance between 
Group 3-MB bulk transcriptomes and a very early murine 
multipotent Nestin-positive cerebellar progenitor cell, 
which had been previously suggested as the Group 3-MB 
cell of origin.103 Analyzing Group  3-MB single-cell tran-
scriptomes, the authors detected divergent tumor cells re-
sembling multiple developmental lineages including GCPs, 
UBCs, Purkinje cells and GABAergic interneurons, which 
were interpreted as hints toward a putative multipotent cell 
of origin.97 This has not yet been supported by other MB 
scRNA-seq studies.98,104 Deeper analyses including projec-
tions to now available human cerebellar reference atlases 
and functional validations are required to further resolve 
the origin of Group  3-MB. Remarkably, cross-subgroup 
comparisons of tumor cell populations revealed higher 
similarities between more mature neuron-like populations 
than between more divergent progenitor-like states.98 This 
is in line with observations of higher similarity between 
more differentiated cell states across glioma types53 and 
ependymoma subtypes105 (see below), and may point to-
wards stronger dysregulation of progenitor-like cells, or 
increased divergence of spatiotemporally-specific cells of 
origin manifesting themselves in the state of progenitor-
like cells, or both. A recent scRNA-seq study further inter-
rogated the immune cell landscape of all MB subgroups, 
identifying heterogeneous tumor-associated myeloid cell 
populations differentially associated with specific MB 
subgroups.104

Ependymoma

Ependymomas (EPNs) are classified based on their ana-
tomic location, histology and molecular alterations.49,106,107 
Recent single-cell transcriptomic studies have further elu-
cidated the cellular lineage compositions and develop-
mental architectures across different EPN subtypes. Gojo 
et al.105 profiled a total of 34 EPNs across posterior fossa 
(14 PF-A, 3 PF-B, 1PF-subependymoma/SE), supratentorial 
(5 ST-RELA, 1 ST-YAP) and spinal (2 SP-MPE) locations as 
well as pediatric and adult age groups using full-length 
and 3’scRNA-seq. In an independent study, Gillen et al.108 
sequenced a total of 26 childhood EPNs from posterior 
fossa (19 PF-A, 1 PF-B) and supratentorial (5 ST-RELA, 1 
ST-YAP1, 2 ST-midline) locations. In PF tumors, Gojo et al. 
identified 3 immature and 2 more mature tumor cell tran-
scriptional metaprograms. Proliferating cells were re-
stricted to the immature metaprograms that comprised a 
Neural-Stem-Cell-like (PF-NSC-like), a Neuronal-Precursor-
like (PF-NPC-like), and a Glial-Progenitor-like (PF-Glial-
Progenitor-like) signature.105 Conversely, more mature cells 
were not cycling and expressed either PF-Astroependymal-
like or PF-Ependymal-like state, enriched for ciliogenesis 
markers. Additionally, the authors identified a PF-Immune-
Reactive and PF-Metabolic program, enriched for glycolytic 

and hypoxia response pathways.105 Inferring cell state tra-
jectories by RNA velocity analysis supported the stem-like 
PF-NSC-like cell to be at the root of a trifurcate path towards 
(i) PF-Astroependymal and PF-Ependymal-like, (ii) PF-Glial-
Progenitor-like, and (iii) PF-NPC-like tumor cell fates,105 
consistent with a previously described multipotent fetal 
NSC/radial glia cell of origin giving rise to a broad spec-
trum of neural lineages.109,110 PF-A tumors are the most 
prevalent EPN subtype, occurring predominantly in in-
fants and young children and, together with ST-RELA EPN, 
harbor the worst prognosis of all EPN subtypes, while PF-B 
and PF-SE tumors are associated with older patients and 
better prognoses. In line with this distinction, Gojo and col-
leagues observed that PF-A EPN harbored higher propor-
tions of immature stem-like cell states accounting for their 
aggressiveness, whereas PF-B and PF-SE exclusively con-
tained more differentiated tumor cells. Intriguingly, when 
analyzing these signatures in an extended cohort of 131 
PF-EPN patient bulk transcriptomes, the authors showed 
that the stem-like PF-NPC-like signature was significantly 
linked to a worse clinical outcome, in contrast to the differ-
entiated PF-Ependymal-like signature that marked signifi-
cantly higher OS and PFS.105 This prognostic stratification 
held true even within PF-A EPN patients only. Moreover, a 
comparison of matched primary-recurrence PF-A EPN pairs 
indicated that cycling and undifferentiated cell populations 
increase upon recurrence, further underscoring the clinical 
implications of these undifferentiated tumor cell programs 
in progression and therapy resistance.105 In the inde-
pendent study by Gillen et  al.108, undifferentiated tumor 
populations enriched for ventricular radial glia (vRG) and 
ventricular progenitor-specific genes as well as more dif-
ferentiated ependymal-like populations were described, 
which were likewise associated with worse or more favor-
able clinical outcomes, respectively. Single-cell transcrip-
tomes of four additional PF-A EPNs were analyzed in the 
study by Vladoiu and colleagues, in which comparison to 
a murine cerebellar single-cell atlas suggested similar-
ities of undifferentiated EPN cells to gliogenic progenitors 
and roof plate-like stem cells.97 In this study, differentiated 
cells were completely absent in PF-A tumors, which is in 
contrast to the other two studies by Gojo et al. and Gillen 
et  al. that identified varying frequencies of more differ-
entiated tumor cells in some PF-A EPNs,105,108 suggestive 
of retained differentiation capacity in at least some PF-A 
tumor cells. Future comparisons to more comprehensive 
and highly resolved human brain single-cell atlases will 
enable us to further pinpoint an exact PF-A human pro-
genitor cell identity. Of note, Gillen and colleagues fur-
ther identified a mesenchymal-like tumor state (termed 
MECs) that, like the PF-Metabolic signature described by 
Gojo et  al., was enriched for hypoxia-associated genes. 
Immunohistochemistry (IHC) analyses of cell state-specific 
marker genes indicated a co-localization of MES-like 
cells and stem-like tumor cells to necrotic and perivas-
cular zones, hinting at a hypoxic cancer stem cell niche.108 
Notably, a hypoxic microenvironment has been illustrated 
to drive metabolic changes in PF-EPN stem-like cells re-
sulting in epigenetic deregulation and oncogenesis.111 This 
intriguing intersection of a specific cell state with micro-
environmental influence was further underscored by re-
capitulating analogous hypoxia-associated transcriptional 
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signatures and metabolite composition in a transient tissue 
niche of embryonic murine development, restricted to a 
specific time window and region considered as the best 
murine match to the putative PF-A cell context of origin.111

Supratentorial EPNs also display variation regarding 
age and prognosis. Moreover, they segregate by driver 
gene-fusion events that are detected in more than 70% of 
ST-EPN49 and characterized by a fusion between zinc finger 
translocation associated (ZFTA; formerly C11orf95) and 
a variety of fusion partners, some of them recently iden-
tified and validated for their respective tumorigenic cap-
acities.112–114 Analyzing ZFTA-RELA, ZFTA-YAP1, and fusion 
negative midline EPN, Gojo et al. identified two undifferen-
tiated (ST-Radial-Glia-like and ST-Neuronal-Precursor-like), 
a differentiated ST-Ependymal-like, a metabolic as well as 
metaprograms specific to each ST-EPN subtype.105 Again, 
a favorable prognosis was correlated with the more differ-
entiated ST-Ependymal-like signature, both across all ST 
EPNs as well as within ST-RELA tumors.85 In ST-RELA EPN, 
broad expression of ZFTA-RELA fusion gene targets was 
observed across all cell populations. In the study by Gillen 
et al., ST-RELA and ST-YAP EPNs were shown to constitute 
three main clusters, enriched for nervous system develop-
ment, Wnt signaling, and oxidative stress response path-
ways, respectively.108

Gojo et  al. also profiled spinal myxopapillary EPNs 
(SP-MPE) which are associated with a more favorable 
prognosis. Surprisingly and indicative of more aggressive 
tumor cell populations in this subtype, a SP-Progenitor-
like population was detected in one tumor, alongside an 
SP-Ependymal-like, SP-Immune-Reactive and a tumor-
specific (SP-variable) population,105 consistent with the 
increase in grade (2) according to the new WHO2021 
classification.

Last, Gojo and colleagues compared single tumor cell 
transcriptional programs between EPN subtypes and those 
identified in different glioma subtypes. While a set of EPN 
metaprograms were highly correlated with glioblastoma 
signatures, highlighting common glioneuronal pheno-
types, three metaprograms emerged as specific to EPN: 
the Ependymal-like, ST-Radial-Glia-like and PF-NSC-like 
populations, indicating putatively distinct cells of origin.105 
Interestingly, in between EPN subtypes, progenitor-like cell 
states proved to be more different, whereas more differ-
entiated cell states exhibited higher resemblance to each 
other, which reinforces the underlying notion that spatio-
temporally distinct progenitors give rise to different EPN 
subtypes, but partially retain converging differentiation 
capacities. This, again, is in line with phenomena of di-
vergent progenitor cell states and converging mature cell 
states observed in other brain tumor types.

Challenges and Future Directions

Single-cell profiling methods have revolutionized our 
understanding of brain tumors, unveiling the complex 
and dynamic heterogeneity of their tumor and microen-
vironmental cellular components (Table 1). Importantly, 
these findings reinforce the emerging concept that brain 
tumor cells are not only isolated dysregulated entities but 

constitute dynamic organ-like systems that partly mimic 
the normal brain and employ manifold modes to directly 
interact with and integrate into their native surround-
ings,46,47,115,116 further compounding the necessity to ap-
proach these complex ecosystems from a systems biology 
perspective.

Towards this end, efforts that apply technological advances 
to primary patient tissues are needed on multiple fronts to 
tackle the key challenges arising. First, while we now pos-
sess high-resolution snapshots of the cellular composition 
across various brain tumors, we note that we have so far 
only glimpsed at the tip of the iceberg as samples often re-
main limited to small biopsies and/or single time points that 
may only capture a specific region within a tumor. Increased 
multiregional and longitudinal sampling of primary pa-
tient specimens wherever feasible, facilitated by advances 
in single-nucleus RNA-sequencing of frozen tissues and 
more recently single-cell sequencing of fixed RNA, is there-
fore expected to revise and extend our current models of 
tumor cell states and heterogeneity in the future. Crucially, 
this will further shed light on the somatic and functional ev-
olution of tumor and microenvironmental cells, and how 
these respond to therapy and may be driving resistance.117 
Second, we so far lack sufficient understanding of how indi-
vidual cellular components organize and interact within the 
tissue complex. Continuously evolving spatial techniques 
have been recently employed in glioblastoma43,118 and will 
continue to become increasingly utilized to characterize 
tumor cell populations in their native brain environments. 
This will add to the mounting insights into interactions and 
niches formed between malignant cells and the diverse mi-
croenvironmental components at respective tumor core 
and infiltrative regions that together contribute to tumor 
growth and evolution.117 Spatial approaches can be categor-
ized into next-generation sequencing-based methods (e.g., 
high-definition spatial transcriptomics119; SLIDE-seq120), that 
allow for untargeted whole-transcriptome capture but not 
yet single-cell resolution, as well as targeted imaging-based 
approaches (e.g., in situ sequencing/HybISS121; seqFISH+ 122; 
MERFISH123; STARmap124) that rely on extensive marker gene 
panels to identify cell populations of interest at true single-
cell resolution. Furthermore, spatial techniques extend to 
the proteomic level (e.g., multiplexed ion beam imaging/
MIBI125; co-detection by indexing/CODEX126; tissue cyclic 
immunofluorescence/t-cyCIF127), allowing for multiplexed 
targeted (co-)detection and integration with transcriptomics 
methods to further enhance our capability to study complex 
brain tumor tissues (see also review by Rao et al.128). Finally, 
single-cell multi-omics approaches will be steered to system-
atically investigate and integrate additional molecular and 
functional layers of information into our understanding of 
individual cell populations, some of which appear to recur-
rently occur across different brain tumor types. These layers 
of information extend to insights into the cell populations’ 
clonal dynamics, epigenetic determinants, proteomes, me-
tabolism, and electrophysiology, many of which and in dif-
ferent combinations can already be concomitantly assessed 
from the same cell.129–132 Notably, these multi-omics ap-
proaches will be of complementary nature and may over-
come some of the shortcomings of measuring individual 
modalities, such as that RNA levels do not necessarily reflect 
protein levels, which simultaneous proteomic readouts can 

  
Table 1 Select studies characterizing the biology of primary brain tumors via single-cell methods

References Tumors profiled Single-cell 
method 

Key findings 

Tirosh et al. 51 Oligodendroglioma scRNA-seq Developmental hierarchical model of cellular states (NPC-like 
branching to AC-like, OC-like)

Venteicher 
et al. 52

Astrocytoma, IDH-
mutant

scRNA-seq Developmental hierarchical model of cellular states (NPC-like 
branching to AC-like, OC-like)

Babikir et al.59 Oligodendroglioma, 
IDH-mutant and 
astrocytoma, IDH-
mutant

ScATAC-seq & 
scRNA-seq in 
human tumors, 
scCUT&Tag for 
CTCF in engin-
eered mouse 
glioma cells

ATRX loss linked to increase of open chromatin, decrease of CTCF 
binding, enhanced infiltration of immunosuppressive macrophages

Neftel et al. 30 Glioblastoma scRNA-seq Four cellular state model with NPC-like, OPC-like, AC-like and MES-
like cellular states; plasticity between cellular states

Garofano 
et al.32

Glioblastoma scRNA-seq Pathway classification of glioblastoma and discovery of a mitochon-
drial cellular state

Wang et al.32 Glioblastoma; IDH-
mutant gliomas

scRNA-seq/
snRNA-seq/
scATAC-seq

Heterogeneity of glioblastoma stem cells (GSCs) with mesenchymal 
and neural progenitor transcriptional signatures

Friebel et al.39 Glioblastoma, IDH-
mutant gliomas

scMass_
Cytometry

Characterization of the immune microenvironment of gliomas

Mathewson 
et al.44

Glioblastoma, IDH-
wildtype; IDH-mut 
gliomas

scRNA-seq Identification of expression of the NK cell immune inhibitor receptor 
CD161 in cytotoxic T cells, and recognition that the ligand of this 
receptor—CLEC2D—is expressed in tumor and immunosupressive 
myeloid cells

Chaligne 
et al.35

Glioblastoma, IDH-
wildtype; IDH-mut 
gliomas

scDNAme-seq/
scRNA-seq

Persistent expression of oncogenic genes despite DNA methylation, 
as well as disruption of CTCF-mediated insulation, in IDH-mutant 
gliomas; hypomethylation of regulatory targets of the polycomb re-
pressor complex 2 (PRC2) in glioblastoma stem-like cells

Johnson 
et al.36

Glioblastoma, IDH-
wildtype; IDH-mut 
gliomas

scDNAme-seq/
scRNA-seq

Variability in DNA methylation profiles; randomness in the placement 
of epigenetic marks might underlie the ability of glioma cells to adapt 
to environmental stressors

Filbin et al.85 Diffuse midline 
glioma, H3 K27M-
altered

scRNA-seq Developmental hierarchical model of cellular states (OPC-like 
branching to AC-like, OC-like); tumor-initiating capacity of OPC-like 
cells in vivo compared to AC-like cells

Chen et al.71 Diffuse hemispheric 
glioma, H3 G34-
mutant

ssGSEA of bulk 
transcriptomes, 
scRNA-seq

Projection of bulk transcriptomes to prenatal ventral telencephalon/
ganglionic eminence interneuronal lineage; hybrid neuron-like/
AC-like states, absence of oligodendroglial lineage

Reitman 
et al.93

Pilocytic astrocytoma scRNA-seq Developmental hierarchical model of cellular states (MAPK-signaling 
high cycling or senescent OPC-like cells, partly differentiating glia-
like MAPK-signaling low cells)

Jessa et al.86 WNT 
medulloblastoma, 
ETMR, AT/RT, diffuse 
midline glioma, H3 
K27M altered

scRNA-seq Projection of different pediatric brain tumors onto scRNA-seq atlases 
of embryonal human and mouse brain

Hovestadt 
et al.98

Medulloblastoma, 4 
groups: SHH, WNT, 
Group 3, Group 4

scRNA-seq Subgroup-specific developmental hierarchical models from undiffer-
entiated to mature neuron-like states

Vladoiu et al.97 Medulloblastoma, 
3 groups: SHH, 
Group 3, Group 4

scRNA-seq Subgroup-specific resemblance of tumor cells to neuronal lineages 
of thet developing cerebellum

Riemondy 
et al.104

Medulloblastoma, 4 
groups: SHH, WNT, 
Group 3, Group 4

scRNA-seq Neuronally differentiated subpopulation expressing photoreceptors; 
myeloid cell landscape associated with MB subgroups

Gojo et al.105 Ependymoma: 
posterior fossa, 
supratentorial, spinal

scRNA-seq Trifurcate developmental hierarchical model of Neural-Stem-Cell-like 
branching to Ependymal-like, Glial-Progenitor-like, NPC-like; correla-
tion of undifferentiated gene signatures with worse prognosis

Gillen et al.108 Ependymoma: 
posterior fossa, 
supratentorial

scRNA-seq Developmental model of undifferentiated and differentiated popu-
lations associated with prognosis; mesenchymal tumor cell state 
enriched ofr hypoxia-associated genes
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of embryonal human and mouse brain

Hovestadt 
et al.98

Medulloblastoma, 4 
groups: SHH, WNT, 
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scRNA-seq Trifurcate developmental hierarchical model of Neural-Stem-Cell-like 
branching to Ependymal-like, Glial-Progenitor-like, NPC-like; correla-
tion of undifferentiated gene signatures with worse prognosis

Gillen et al.108 Ependymoma: 
posterior fossa, 
supratentorial

scRNA-seq Developmental model of undifferentiated and differentiated popu-
lations associated with prognosis; mesenchymal tumor cell state 
enriched ofr hypoxia-associated genes
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help account for. Furthermore, in addition to studying single 
genes and proteins, functional validations will require in-
tegrating emerging systems biology approaches such as 
massively parallel perturbations and readouts of genes and/
or proteins including their combinatorial interactions (e.g., 
Perturb-seq/CRISP-seq/CROP-seq133–136) in representative 
in vitro and in vivo tumor models to measure up to the fast 
pace and high dimensionality of single-cell genomics data. 
Tackling these challenges will pave the way toward a ho-
listic understanding of the functional systems constituted by 
different brain tumor types, and towards translating these 
insights into diagnostic, prognostic and therapeutic deci-
sion-making to advance the care of brain tumor patients.
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