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SUMMARY

Pediatric high-grade glioma (pHGG) is an incurable central nervous system malignancy that is a leading 

cause of pediatric cancer death. While pHGG shares many similarities with adult glioma, it comprises distinct 

disease entities. In this study, we longitudinally profile a molecularly diverse cohort of 16 pHGG patients 

through single-nucleus RNA and ATAC sequencing, whole-genome sequencing, and CODEX spatial prote

omics to capture the evolution of neoplastic and microenvironmental features during disease progression 

and treatment. We define a set of core pHGG neoplastic cell states and observe differential tumor-myeloid 

interactions between malignant cell phenotypes. We find that essential neuromodulators and the interferon 

response are upregulated post-therapy, implicating them as malignant cell-intrinsic targets. We observe an 

increase in oligodendrocytes upon progression and that they coordinate spatial motifs with proneural tumor 

cells. This multiomic atlas of longitudinal pHGG captures features of therapy response and provides a scal

able reference for the study of pediatric brain tumors.

INTRODUCTION

Pediatric high-grade glioma (pHGG) is a devastating brain malig

nancy accounting for approximately 11% of central nervous sys

tem (CNS) tumors in children from infants to adolescents.1

Although the incidence of pHGG is relatively low (1.78 per 

100,000 population), it holds an exceptionally dismal prognosis, 

with a median overall survival of 10–18 months.2 Despite de

cades of research and over 1,500 glioma clinical trials,3 there re

mains no cure for pHGG. Standard therapy includes maximal 

safe resection, high-dose radiotherapy, and chemotherapy, yet 

this multimodal therapy only increases the overall survival on 

the order of months.4 Although childhood and adult HGG, 

including glioblastoma multiforme (GBM), share many histopath

ological and clinical features, the advent of genomic, transcrip

tomic, and epigenomic profiling has led to revised classifications 

within the current 2021 World Health Organization (WHO) classi

fication of CNS tumors.2,5–10 It is now recognized that pHGG can 

be further categorized through methylation profiling into ‘‘pediat

ric-type’’ diffuse HGG subclasses (e.g., diffuse midline glioma, 

K27M-altered). Moreover, a patient in the pediatric age range 

may present with an ‘‘adult-type’’ diffuse glioma (e.g., astrocy

toma, IDH-mutant).5 The H3K27M mutation occurs frequently 

in tumors arising in the brainstem and other midline structures 
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including the thalamus and cerebellum, while the H3G34R/V mu

tation is found most frequently in adolescent pHGGs of the cere

bral cortex.2,6

Recent advances in single-cell multiomics and spatial profiling 

have greatly informed our understanding of the intra-tumoral and 

inter-tumoral heterogeneity of adult and pediatric brain tu

mors.11–28 Collectively, these studies have identified patterns 

of neoplastic cell differentiation states and metabolic programs, 

proposed detailed models for tumor initiation and oncogenesis, 

characterized the tumor immune microenvironment (TIME), and 

identified actionable avenues for targeted chemotherapeutic 

and immunotherapeutic strategies. Importantly, recent studies 

using bulk and single-cell transcriptomics have established the 

paradigm that glioma subtypes, and CNS tumors more broadly, 

are similarly characterized by derangements in neurodevelop

mental differentiation and immunosuppressive microenviron

mental features.11,19,29–34 However, current single-cell analysis 

of pHGG11,15,16,19,21,24,35 primarily focuses on diffuse midline gli

oma, and the molecular and microenvironmental changes of 

pHGG progression under therapy across subtypes have not 

been thoroughly evaluated. In order to identify common features 

of pHGG, we present an integrated multimodal atlas of matched 

primary-recurrent patient specimens from 16 patients across 

histologic and molecular subtypes using single-nucleus tran

scriptomic and chromatin accessibility sequencing and spatial 

proteomics. This atlas first establishes a reference of malignant 

and microenvironmental phenotypes in pHGG, which then 

serves as a foundation for interrogating longitudinal transcrip

tional and immunological changes within the paired patient-level 

data.

RESULTS

Single-cell profiling of longitudinal pHGG specimens

We profiled pHGG samples obtained through the Children’s 

Brain Tumor Network (CBTN)36 from 16 patients across thera

peutic time points via single-nucleus RNA sequencing (snRNA- 

seq) (15 pairs) and single-nucleus assay for transposase-acces

sible chromatin using sequencing (snATAC-seq) (11 pairs) 

(Figures 1A–1C). The inclusion criterion included patients diag

nosed histologically with a high-grade glioma under the age of 

18 years who were prospectively enrolled for subsequent 

profiling at recurrence, progression, or autopsy. All patients 

received radiotherapy and surgical resection, and some 

received pharmacological treatment including temozolomide, 

immunotherapy (e.g., pembrolizumab), and cytotoxic chemo

therapy (Figure S1A; Tables S1 and S2). Patients in the cohort 

were aged 4–18 years at diagnosis, had a male-to-female ratio 

of 2.2, and exhibited tumors with a range of genomic alterations 

(Figures S1B–S1D; Table S3). The tumor specimens were re

sected from multiple anatomic locations including cortical lobes 

and midline structures (thalamus and cerebellum). The cohort 

included three H3K27M-mutated cases, two H3G34R/V- 

mutated cases, and one pediatric IDH1-mutated case; the 

remainder were IDH1/H3-wildtype (WT) (Figure 1D). Methylation 

profiling classified 12 of the patients within the ‘‘pediatric-type 

diffuse high-grade glioma’’ family, two patients within the 

‘‘adult-type diffuse glioma’’ family, and two within other cate

gories (Table S2). Collectively, over 400,000 cells were profiled 

via snRNA-seq, and over 110,000 cells were profiled via snA

TAC-seq after quality assessment and filtering, capturing a 

mean of 2,280 genes and 19,094 unique chromatin fragments 

per cell, respectively (Figure S2). Post-therapy time points 

(non-treatment naive) were further delineated as progressive/ 

recurrence or autopsy, depending on whether samples were ob

tained through a secondary resection or were collected post

mortem, and we confirmed that there were no systematic differ

ences in data quality between these collection methods 

(Figures S3A–S3C). Samples were integrated to remove batch 

effects, and cell types were annotated (Figures S3 and S4). We 

captured the major cell types present in gliomas, including 

normal mature neurons and oligodendrocytes, myeloid cells 

(macrophages/microglia), T cells, endothelial cells, mural cells, 

and a diverse population that we have termed ‘‘other neuronal 

and glial cells,’’ including a mix of inferred neoplastic and non- 

neoplastic subpopulations (Figures 1B and 1C; Table S4). There 

was significant heterogeneity between patients and time points 

(Figures 1D, S2B, S2C, and S2I–S2K). Notably, the majority of 

mural cells were captured within two patients, and T cells were 

captured largely in a single patient (Figure 1D). Examining the 

longitudinal shifts in cell-type composition in the snRNA-seq 

data revealed a significant increase in non-neoplastic oligoden

drocytes and mature neurons within patient-matched pairs 

(Figures 1E and S3G). Oligodendrocytes were concordantly en

riched post-therapy in the snATAC-seq data (Figure 1F), consis

tent with prior observations in adult glioblastoma multiforme 

(GBM).22,26

Pediatric gliomas exhibit distinct neoplastic cell states

We sought to characterize the neoplastic cell compartment and 

assess how these cell states change during progression and 

therapy. To that end, we identified putative neoplastic cells via 

copy number variation (CNV) inference (Figure S5) and found 

that the proportion of malignant cells was significantly 

decreased in the post-therapy time point (Figure S6A). Then, 

we reintegrated these populations (Figures S6B–S6D) and iden

tified a set of core pHGG malignant cell states via unsupervised 

clustering of the integrated data. We annotated these cell states 

based on their differentially expressed genes and pathways, 

relative expression of published glioma cell state signatures 

derived from H3K27M-altered19 and IDH/H3-WT11 adult and pe

diatric HGG, and projection to a reference map of the developing 

fetal brain, derived from the telencephalon and forebrain at 13– 

21 weeks (Figures 2A–2G and S6E–S6I; Tables S5 and S6). First, 

we identified a mesenchymal (MES)-like state that expressed es

tablished mesenchymal marker genes (e.g., CD44, VIM, ANXA1, 

and NDRG1) and angiogenesis genes (e.g., VEGFA) and was en

riched in hypoxia response signatures (Figures 2D and 2E). 

Moreover, we observed that while mesenchymal cells were 

most hypoxic, there was a wide range of variation between sam

ples, even within individual cell states (Figure 2H). Interestingly, 

while the mesenchymal cell state has only recently been identi

fied in H3K27M-mutant glioma,19 which these findings further 

support, we observed a low-frequency MES-like state in our sin

gle pediatric IDH-mutant glioma case (Figure 2C). Next, we iden

tified a population with high expression of both previously 
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defined oligodendrocyte progenitor cell (OPC)-like and neural 

progenitor cell (NPC)-like gene signatures and enriched in neuro

developmental and synapse-related pathways that we anno

tated as OPC/NPC-like (Figure 2E). Then, we identified two 

more differentiated populations: an oligodendrocyte (OC)- 

like state that expressed mature oligodendrocyte genes 

(e.g., BCAS1 and SIRT2) and was enriched in an OC-like signa

ture previously defined across H3K27M-mutant glioma19

(Figures 2D and S6J) and a neuronal (NEU)-like state that highly 

expressed some NPC-like marker genes (e.g., SOX4 and CD24), 

was enriched in neurotransmitter release pathways, and most 

closely resembled excitatory neurons when projected to the 

atlas of developing human fetal brain (Figure 2G). The NEU-like 

state was predominantly restricted to several IDH/H3-WT tu

mors (Figure 2C).

Then, we identified two populations with high expression of 

the astrocyte-defining marker GFAP that were most enriched 

in the astrocyte (AC)-like gene module established by Neftel 

et al.11 in a cohort of IDH-WT adult (n = 20) and pediatric (n = 

8) glioblastoma (GBM) (Figures 2D–2F). The first state projected 

partly onto glial progenitor cells, while the second state most 

closely resembled mature astrocytes; thus we termed these 

states GPC-like and AC-like, respectively. The GPC-like state 

was also relatively enriched for the Neftel OPC-like, but not Nef

tel NPC-like, gene module, consistent with a bipotent identity of 

GPCs (Figure 2G). To investigate the differentiation trajectory of 
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Figure 1. Longitudinal single-cell RNA and ATAC atlas of pediatric high-grade glioma (pHGG) 

(A) Overview of the multiomics studies on patient-matched longitudinal pHGG specimens. 

(B and C) Uniform manifold approximation and projection (UMAP) of (B) snRNA-seq data (401,253 cells) and (C) snATAC-seq data (118,736 cells) annotated by 

major cell type category (left) and stacked bar plot of cell-type proportions across dataset comparing initially resected pHGG samples with post-therapy samples. 

(D) Cell-type proportions in snRNA-seq data across each patient and therapeutic time point, along with a summary of patient demographics and molecular 

subtype. 

(E and F) Shifts in cell-type proportions for each patient between initial resection and post-therapy time points in (E) snRNA-seq (n = 14 initial/post-therapy paired 

samples) and (F) snATAC-seq (n = 11 paired samples). Post-therapy samples were merged for one patient with three longitudinal samples. A two-sided Wilcoxon 

signed-rank test for paired samples was used.
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Figure 2. Transcriptional states of pHGG neoplastic cells 

(A) UMAP projection of inferred neoplastic cells from snRNA-seq (102,061 cells) after integration and annotation of cell states; AC, astrocyte; GPC, glial progenitor 

cell; MES, mesenchymal; OC, oligodendrocyte; OPC, oligodendrocyte progenitor cell; NPC, neural progenitor cell; NEU, neural. 

(B) Bar plot of cell-type proportions of neoplastic cells across dataset comparing initial resection and post-therapy samples. 

(C) Neoplastic cell state proportions in snRNA-seq for each patient and therapeutic time point, along with the molecular subtype. 

(D) Expression of representative differentially expressed genes across neoplastic cell states in snRNA-seq data. 

(E) Pathway enrichment of top differentially expressed genes in each neoplastic cell state. Pathway database source is indicated in parentheses: GO, Gene 

Ontology terms; R, Reactome database; H, Hallmark database; K, KEGG database. 

(F) Violin plots of gene signatures of GBM cell states (Neftel et al.)11 for each pHGG cell state. 

(legend continued on next page) 
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these cell states, we applied RNA velocity and pseudotime ana

lyses across the neoplastic cells. These analyses revealed 

conserved hierarchical dynamics centered on the GPC-like 

state, with vector fields oriented toward astrocytic, oligoden

droglial, and neuronal transcriptional programs, similar to pat

terns described in adult GBM.13 While the representation of ter

minal states varied across individual patients and subtypes, the 

overall topological structure of these trajectories was reproduc

ible (Figures 2I, S6K, and S7). Additionally, it indicated the pres

ence of two transition states between the astrocytic/mesen

chymal and proneural states with intermediate or mixed 

phenotypes as indicated by the gene and pathway analyses. 

Lastly, we identified a small, yet distinct, population of neoplastic 

cells found primarily in a single patient that was enriched in heat 

shock protein genes and annotated as HSP+ cells, likely repre

senting an autopsy-induced phenotype, and a population of 

cycling cells that were shared across patients (Figures 2C–2E). 

Taken together, this establishes a robust atlas of single-nucleus 

transcriptomic neoplastic cell state that can be utilized for the 

reference mapping of both pediatric and adult HGG single-nu

cleus data (Figure S8).

The proportions of these cell states across samples were 

highly heterogeneous, with significant variation between pa

tients and across time points (Figure 2C). However, examining 

neoplastic cell state proportions per patient revealed no signif

icant shifts in cell-type composition across therapeutic time 

points, including on a sub-group analysis of IDH/H3-WT pa

tients (Figures 2J and S6L). Rather, we observed heteroge

neous patient-specific trajectories, analogous to what has 

recently been described in adult GBM (Figure 2K).26 To validate 

our finding, we utilized our snRNA-seq reference to deconvo

lute a larger cohort of bulk RNA-seq data37 of 201 pHGG pa

tients including 23 paired samples. First, given our core 

pHGG cell populations, we identified significant differences in 

neoplastic cell states between subtypes: GPC-like and OC- 

like cells were most enriched in H3K27M glioma, cycling cells 

were most frequent in H3G34R/V glioma, and NEU-like cells 

were found predominantly in several IDH/H3-WT samples 

(Figures S9A and S9B). Then, examining the paired samples 

confirmed our earlier finding that non-neoplastic oligodendro

cytes are enriched post-therapy but failed to observe any sig

nificant cell state shifts within the neoplastic cell compartment 

(Figures S9C and S9D).

Transcription factors jointly regulate pHGG neoplastic 

cell states

We then aimed to extend our characterization of these cell states 

via our single-nucleus chromatin accessibility data. After reinte

grating and annotating the putative neoplastic population in our 

snATAC-seq data, we captured all the cell states defined tran

scriptionally in the snRNA-seq data, confirmed enrichment of 

chromatin accessibility in differentially expressed genes, and 

observed significant concordance with snRNA-seq across sam

ples (Figures 3A, 3B, S10A–S10C, and S11A–S11F). As ex

pected, we observed significant heterogeneity between patients 

and therapeutic time points and no significant shifts in neoplastic 

cell state post-therapy (Figure 3C).

We then aimed to identify the transcription factors that regu

late each cell state, first by using chromVAR38 to assess differen

tial accessibility of transcription factor motifs (Table S7). Consis

tent with previous reports,22,39 motifs for the AP1 family of 

transcription factors (e.g., FOS, JUN, and JDP2) were enriched 

in the mesenchymal state (Figure 3D). Notably, these motifs 

were also enriched in the Transition 2 state. Both the AC-like 

and GPC-like states were enriched for RFX factor motifs, and 

the OPC/NPC-like, OC-like, and NEU-like states were enriched 

for proneural transcription factors (e.g., ASCL1/2, NHLH1, and 

LHX4) (Figure 3D). To support the accuracy of our snATAC-seq 

cell state annotations, we performed single-nucleus multiomic 

(RNA+ATAC) sequencing on three samples and recovered 

similar motif enrichment, given the paired transcriptomic cell 

state annotations (Figure S10E).

Next, we constructed a transcriptional regulatory network 

(TRN) for each cell state by integrating our snRNA-seq and snA

TAC-seq data to predict state-specific enhancer-promoter inter

actions and transcription factor-target gene pairs (Table S8). 

These TRNs revealed substantial cooperativity between tran

scription factors in regulating cell-state-specific gene expres

sion (Figures 3B, 3E–3G, and S11G–S11L). The RFX factors 

were predicted to regulate both the AC-like and GPC-like cell 

states.30 SOX4 was predicted to regulate both the NEU-like 

and OPC/NPC-like states through cooperation with other tran

scription factors including LHX1 and KLF12, respectively 

(Figures 3E and 3F). The AP1 factors and RUNX1 were predicted 

to jointly regulate the MES-like state. RUNX1 was predicted to 

target the top differentially expressed genes in the MES-like 

state, and RUNX1 expression itself was upregulated in MES- 

like neoplastic cells post-therapy (Figure 3F). While RUNX1 has 

been recognized as a contributor to mesenchymal GBM,40 these 

results implicate the RUNX1 transcription factor as a central 

regulator of the MES-like transcriptional state. Moreover, it re

mained a central regulator when TRNs were constructed sepa

rately for the IDH/H3-WT and H3K27M subset (Figures S12

and S13). Overall, this analysis revealed the overlapping tran

scriptional regulatory interplay underlying the spectrum of 

neoplastic phenotypes.

(G) Cell-type proportions for each cell state projected onto a dataset of the developing fetal human brain.13 tRG, truncated radial glia; uRG, unknown radial glia; 

IPC, inhibitory neuronal progenitor cell; RG, radial glia; EN, excitatory neuron; IN, interneuron; Astro, astrocyte; GPC; glial progenitor cell; OLC, oligo-lineage cells. 

(H) Hypoxia signature score was computed as the mean value per cell state and per sample. Significance was assessed using the Kruskal-Wallis test. 

(I) RNA velocity gradients of the neoplastic cells demonstrating hierarchical trajectories. 

(J) Shifts in neoplastic cell state proportions for each patient between initial resection and post-therapy time points in snRNA-seq (n = 14 initial/post-therapy 

paired samples). Post-therapy samples were merged for one patient with three longitudinal samples. A two-sided Wilcoxon signed-rank test for paired samples 

was used. 

(K) Heatmap of cell state shifts for each neoplastic cell state and patient, colored by the difference in percentage between the post-therapy and initial resection 

samples. Patients and cell states are clustered using hierarchical clustering.
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Tumor immune microenvironment is dominated by 

diverse myeloid populations

After defining the neoplastic cell states in pHGG, we sought to 

characterize the immune microenvironment. T cells comprised 

∼2% of the cells captured via snRNA-seq and were primarily 

found in two post-therapy specimens (Figures 1B–1D). One pro

gressive H3G34R/V-mutant case was a notable outlier, with 

T cells representing ∼22% of cells captured (Figure 1D). A low 

T cell abundance with outliers up to ∼20% of total cell composi

tion is consistent with adult GBM.22 Myeloid cells comprised 

∼9% of the snRNA-seq data and were captured in each patient, 

so we selected this population for further analysis. After reinte

gration (Figures S14A–S1C), we identified 11 distinct myeloid 

populations that were manually annotated based on their 

differentially expressed genes and transcriptional regulons 

(Figures 4A–4C and S14D–S14H; Table S9). Most samples con

tained a distribution of myeloid subpopulations, while a few sam

ples were dominated by a single subtype (Figure S14G). Addi

tionally, these cells formed a continuous phenotypic spectrum, 

including resident microglia and bone-marrow-derived macro

phage ontogenies (Figure S14D).

The myeloid subpopulations included tissue-resident micro

glia, dendritic cells, and multiple tumor-associated macrophage 

(TAM) subsets that have been previously characterized across 

multiple solid tumor types24,25,42–44 including gliomas. This in

cludes pro-angiogenic TAMs differentially expressing VEGFA 

and glycolytic enzymes (i.e., HK2 and ENO2), lipid-associated 

TAMs (PPARG and LPL), inflammatory TAMs (NFKB1 and 

IL1B), interferon (IFN)-responsive TAMs (IFIT2, IFIT3, and 

ISG15), as well as two additional populations of putative bone- 

marrow-derived macrophages (BMD): BMD TAM 1 (F13A1, 

TMEM163, and MS4A4E) and BMD TAM 2 (TGFBI, MALT1, 

and RGS2). Microglia were primarily stratified into pre-active mi

croglia (CCL3, EGR3, and NFKBID) and homeostatic microglia 

(P2RY12 and TMEM119) (Figures 4A–4C), reflecting a classifica

tion observed in both human and mouse.45–47 Consistent with 

prior observations in adult glioblastoma, we found an overall shift 

in myeloid populations from microglia to bone-marrow-derived 

macrophages after therapy across the full cohort (Figures 4D 

and 4E).22 On a sub-group analysis of IDH/H3-WT patients, we 

found that pre-active microglia decreased within the myeloid 

fraction in all IDH/H3-WT patients (Figure S14I). Given that 

myeloid population shifts were highly variable between patients, 

we applied a generalized linear mixed model approach 

(Table S10) to identify pathway-level changes in pseudobulk 

myeloid cells during tumor progression. We observed upregula

tion of interferon and inflammatory response pathways and 

downregulation of pathways related to proliferation and cellular 

metabolism (e.g., oxidative phosphorylation and E2F targets) 

(Figure 4F).

Previous studies have found that glioma-associated macro

phages differentially interact with neoplastic cell states, altering 

their activity and differentiation status.22,24,48 Indeed, we 

observed differential correlations in frequency between 

neoplastic cell states and myeloid subtypes across the 63 

snRNA-seq datasets (including two regions for most samples). 

The MES-like state was associated with pro-angiogenic TAMs, 

while the OPC/NPC-like state was associated with homeostatic 

microglia (Figure 4G). Consequently, we aimed to elucidate how 

these pHGG-associated myeloid subpopulations interact with 

our newly defined pHGG-specific neoplastic cell states through 

an analysis of inferred ligand-receptor interactions (Figures 4H 

and S15; Table S11). We observed a broad set of bidirectional 

cellular interactions. Importantly, myeloid cells expressed genes 

that have the potential to mediate multiple neoplastic cell func

tions both through direct contact and secreted factors. These in

teractions included processes involved in regulating growth and 

proliferation (e.g., SPP1-CD44 and HBEGF-EGFR/ERBB2), cell 

adhesion and migration (e.g., FN1-ITGA3/ITGB1), and modula

tion of electrochemical or synaptic properties (e.g., CALM1- 

KCNQ5) (Figure S16). The AC-like and Transition 2 cell states 

were predicted to receive intercellular signals most broadly 

across myeloid subtypes with receptors including FGFR1, 

IGF1R, and CD44, which is specifically known to interact 

with a range of ligands (e.g., HBEGF, PSEN1, SPP1, and 

VEGFA) and has a critical role in adult glioma.49–51 In contrast, 

the GPC-like and Transition 1 populations were the most inert 

neoplastic states (Figure 4H). These results were supported at 

the pathway level using CellChat52 to aggregate individual 

interactions (Figure S17). Lastly, using spatial transcriptomics 

Figure 3. Transcriptional regulation of pHGG neoplastic cell states 

(A) Stacked bar plot of cell-type proportions of neoplastic cell states across dataset comparing initial resection and post-therapy samples. AC, astrocyte; GPC, 

glial progenitor cell; MES, mesenchymal; OC, oligodendrocyte; OPC, oligodendrocyte progenitor cell; NPC, neural progenitor cell; NEU, neural. 

(B) Representative ATAC signal tracks of FGFR1 locus and gene expression across cell states and time points. The link track represents the predicted enhancer- 

promoter interactions colored by the regression coefficient, and the TF motifs present at the enhancer peaks are indicated. Differentially accessible peaks 

between time points are highlighted. ***p < 0.0001, significance in gene expression or accessibility in FGFR1; ns, not significant, using one-sided Wilcoxon rank- 

sum test. 

(C) Shifts in neoplastic cell state proportions for each patient between initial resection and post-therapy time points in snATAC-seq (n = 11 paired samples). Post- 

therapy samples were merged for one patient with three longitudinal samples. A two-sided Wilcoxon signed-rank test for paired samples was used. 

(D) Heatmap of differential transcription factor (TF) motif accessibility in each pHGG neoplastic cell state. Values are Z score-normalized deviation scores 

calculated using chromVAR. The differential TF accessibility analysis was performed by a Wilcoxon rank-sum test, comparing chromVAR deviation score be

tween each cell state and the other cell states. The top 20 differential TFs are displayed for each state. 

(E) Overview of top 15 significant transcriptional regulators for each neoplastic cell state based on predicted enhancer-promoter interactions and TF-target gene 

pairs. The size of the dot indicates the fraction of the total gene targets in the network regulated by each TF. Color indicates chromVAR deviation Z score as in (D). 

(F–G) Transcriptional regulatory networks (TRNs) for (F) MES-like state and (G) OPC/NPC-like state, showing top 50 upregulated genes and top 15 TFs in each 

TRN. TRNs represent all cells within the respective clusters across patients and time points. Diamond nodes represent TFs, and circle nodes represent target 

genes. Node size is proportional to the average gene expression for target genes and average chromVAR Z score for TFs. Node color is proportional to the 

average log2 fold change of the gene in that cell state post-therapy across all cells. Edge line thickness is proportional to the linear regression coefficient for the 

predicted enhancer-promoter interaction and the fraction of cells with chromatin accessibility at the enhancer peak.
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Figure 4. The myeloid response to progression and therapy 

(A) UMAP projection of annotated tumor-associated myeloid cell populations identified in the integrated longitudinal pHGG snRNA-seq atlas (24,551 cells). BMD, 

bone-marrow-derived; MG, microglia, TAM, tumor-associated microphage. 

(B) Stacked bar plot of myeloid cell-type composition across dataset comparing initial resection and post-therapy samples. 

(C) Expression of representative genes across myeloid populations in snRNA-seq data. 

(D) Shifts in myeloid cell-type proportions for each patient between initial resection and post-therapy time points in snRNA-seq (n = 14 initial/post-therapy paired 

samples). Post-therapy samples were merged for one patient with three longitudinal samples. A two-sided Wilcoxon signed-rank test for paired samples was 

used. 

(E) Shifts in microglia cell-type proportions (pre-active, homeostatic, and undetermined) and bone-marrow-derived TAM proportions (BMD TAM 1 and BMD TAM 

2) between initial resection and post-therapy time points in snRNA-seq as in (D). A one-sided Wilcoxon signed-rank test for paired samples was used. 

(legend continued on next page) 
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(Table S12), we validated that myeloid-to-tumor ligand-receptor 

interactions were enriched among spatially proximal cells within 

several key pathways, including FGF, BMP, TGFβ, NOTCH, and 

CD44 signaling (Figures 4I and 4J). Taken together, this analysis 

provides a comprehensive characterization of pHGG myeloid 

subtypes and suggests that TAM populations differentially co- 

exist with neoplastic cell states.

Mapping the spatial landscape of pHGG

Complex topographic localization of neoplastic and immune 

populations in adult gliomas yields spatial niches with distinct 

molecular functions and therapeutic vulnerabilites.53–58 To char

acterize the spatial landscape of pediatric HGG, we employed 

co-detection by indexing (CODEX) spatial proteomics with a 

52-plex panel on 11 whole-slide formalin-fixed paraffin- 

embedded (FFPE) samples that had paired snRNA-seq data, 

including three IDH/H3-WT patient-matched longitudinal pairs 

(Figure 5A; Tables S13 and S14). After confirming appropriate 

antibody staining morphology and co-localization, we confirmed 

that our CODEX panel was able to resolve gross anatomical 

compartments including bulk tumor, gray matter, and white mat

ter (Figures 5B and S18). Then, after segmenting single cells, 

computational integration, and clustering, we annotated over 

7.5 million single cells (Figures 5C and S19). We captured the pri

mary axis of neoplastic cell states from proneural (SOX2, OLIG1, 

and OLIG2) to astrocytic/mesenchymal (CD44, VIM, and GFAP). 

We also observed a tumor cell population with high expression of 

APOE and SPP1 that was predominantly identified in peri- 

necrotic regions (Figure S20A). Neoplastic cell states were 

distributed heterogeneously both between and within samples, 

with regions of the tumor predominated by patches of either pro

neural or mesenchymal tumor cells (Figures 5D and 5E).

The myeloid populations formed a phenotypic distribution 

including microglia and macrophages (Figures 5E and S19A). 

We identified a macrophage population that strongly co-ex

pressed CD163 and CD206, a second macrophage population 

characterized by high HLA-DR expression, and a large popula

tion of MPO+ myeloid cells with heterogeneous morphologies, 

likely representing both neutrophils and MPO+ mononuclear 

cells as previously reported20 (Figures S19C and S19D). This 

MPO+ population had a high expression of HIF-1α and was pri

marily found as large infiltrates in peri-necrotic regions in several 

samples (Figures S19E and S20B). While we identified small 

populations of CD4+ and CD8+ T cells, inspection of the images 

revealed that T cells were predominantly located within vessels 

or concentrated in areas of hemorrhage (Figure S20C). This 

demonstrates that blood contaminants in tissue may confound 

analysis of single-cell sequencing of rare immune populations. 

Lastly, we observed spatially restricted expression of immune 

checkpoint molecules including CD47 and programmed death- 

ligand 1 (PD-L1) (Figure S20D).

Oligodendrocytes coordinate post-therapy-enriched 

cellular neighborhoods

To systematically identify recurrent spatial patterns across all 

samples, we first performed unsupervised neighborhood anal

ysis and identified 15 cellular neighborhoods (CNs) that we 

manually annotated based on their relative enrichment of cell 

types (Figure 5F). These neighborhoods were heterogeneously 

distributed across samples and captured expected anatomic 

compartments including gray matter (CN2, mature neurons), 

white matter (CN6, mature oligodendrocytes), and infiltrating tu

mor regions (CN7, oligodendrocytes and tumor cells) (Figures 5G 

and S21). Additionally, this analysis highlighted localized regions 

predominated by different tumor cell states (i.e., proneural, inter

mediate, and mesenchymal neighborhoods), as well as MPO+ in

filtrates, and a vascular neighborhood (Figure 5F). Tumor cells 

tended to co-localize with cells sharing the same phenotype, 

such as proneural tumor cells localizing with other proneural tu

mor cells (Figures 5D and F). Notably, the mesenchymal tumor 

cell type was not co-enriched with proneural tumor cells in any 

neighborhood either overall or when the neighborhoods were 

computed separately by subtype (Figures 5F and S22). Immune 

cells were differentially localized across cellular neighborhoods. 

Microglia were enriched in areas of normal brain, primarily gray 

matter (Figure 5F) and were observed to be concentrated at 

the tumor-normal boundary (Figure S20E). Macrophages and 

T cells were jointly enriched in an immune-enriched neighbor

hood (CN1), a perivascular neighborhood (CN5), a vascular tu

mor neighborhood (CN11), a mesenchymal tumor neighborhood 

(CN3), and a tumor/immune neighborhood (CN9). Immune cells 

were relatively depleted in all neighborhoods that had a signifi

cant enrichment of proneural tumor cells (Figure 5F). By exam

ining distances from tumor cells to myeloid cells, we found that 

proneural and mesenchymal tumor cells were most consistently 

enriched near HLA-hi macrophages, while peri-necrotic tumor 

cells co-localized with MPO+ myeloid cells and unclassified 

macrophages. Moreover, we found that mesenchymal tumor 

(F) Gene set enrichment analysis (GSEA) of Hallmark pathways within myeloid cells. A linear mixed model was used to identify differentially expressed genes 

between time points while accounting for individual patient variability. 

(G) Heatmap of Spearman correlation coefficients between neoplastic cell state proportions and myeloid proportions across snRNA-seq dataset. Each region 

within a single sample was considered separately for this analysis, yielding n = 63 data points (two regions profiled for most tumor specimens). The frequency of 

each neoplastic cell state (out of all malignant cells) and the fraction of each myeloid state (out of all myeloid cells) were correlated for each data point. p values 

were adjusted using the Benjamini-Hochberg method; ***p < 0.001, **p < 0.01, *p < 0.05. 

(H) Heatmap showing number of significant interactions between myeloid and neoplastic cell populations across dataset. Interactions were inferred using 

LIANA41 and filtered for aggregated consensus rank (adjusted p value < 0.05). Bars above the heatmap represent total number of significant interactions received 

(down columns), and bars to the right of the heatmap represent total number of significant interactions sent (across rows) for each cell type, with black lines 

indicating subset of interactions between myeloid and neoplastic cells. Box highlights interactions from myeloid cells to neoplastic cells. 

(I) Significant myeloid-to-tumor cell-cell interactions in Xenium spatial transcriptomics data. Dot color indicates fold change of observed ligand-receptor score 

over null distribution, and dot size indicates the FDR, with a pseudocount of 1e− 100. Ligand-receptor pairs that are significant (FDR<0.05) in at least two samples 

and upon aggregation are shown. 

(J) Two representative Xenium samples indicating spatial co-localization of FGF2 and FGFR1.
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Figure 5. CODEX imaging reveals microenvironmental changes in pHGG during therapy 

(A) Diagram showing the 51-antibody CODEX panel split by target cell population or cellular function. 

(B) Representative CODEX image highlighting tumor mass and substructures of the normal brain. DAPI (blue), Collagen IV (yellow), Neu (cyan), SOX2 (magenta), 

MOG (white). Scale bars: 2 mm. 

(C) CODEX image with selected fluorescent markers (left) paired with cell phenotype map (right). Segmentation masks of individual cells are colored by their 

identity. Scale bars: 50 μm. 

(D) Representative CODEX image demonstrating spatially restricted tumor cell state populations. Proneural tumor cells are stained by CD133 (red) and SOX2 

(white) and mesenchymal tumor cells stained by CD44 (green). Scale bars: 800 μm. 

(E) Cell-type proportions in each CODEX sample. 

(F) Heatmap showing relative enrichment of the cell types present in neighborhoods, normalized across neighborhoods (by column). Significant positive cell-type 

enrichments in each neighborhood were calculated using a hypergeometric test, adjusted using the Benjamini-Hochberg method. * adjusted p < 0.001. 

(G) Neighborhood proportions in each CODEX sample. 

(H) Principal-component analysis density plots of the N-Orbit-derived neighborhood distance matrix, split by time point. 

(legend continued on next page) 
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cells were closest to endothelial cells, while peri-necrotic tumor 

cells were furthest from vasculature (Figure S23).

Next, we sought to identify spatial patterns that were enriched 

post-therapy. To mitigate the significant heterogeneity between 

samples, we identified neighborhoods on each sample individu

ally and utilized our recently developed N-Orbit framework59 to 

project each contiguous neighborhood instance using principal- 

component analysis. We found that the first principal component 

(PC1) captured the time point effect (Figures 5H, S24A, and S2B). 

Then, we identified two clusters that were among the top contrib

utors to PC1 and had subclusters that were enriched in the initial 

resection or post-therapy time points (Figures 5I, 5J, S24C, and 

S24D). Each cluster had representation from all patients with sam

ples in those time points. Tracing the neighborhood instances in 

the post-therapy cluster 1 back to their enriched N-Orbits re

vealed an enrichment for oligodendrocytes that primarily inter

acted with proneural and intermediate tumor cells with secondary 

interactions involving immune cells such as microglia (Figures 5K 

and 5L). Cluster 2 primarily captured vascular features 

(Figures S24E–S24G). These results suggest that spatial coordi

nation with oligodendrocytes is enhanced post-therapy and that 

these interactions favor proneural and intermediate over mesen

chymal tumor cell phenotypes.

Tumor subclone dynamics reveal recurrent genomic 

alterations

We next aimed to apply our longitudinal data to identify genomic 

and transcriptional shifts during progression and therapy. We 

first utilized large-scale CNVs to trace tumor subclones across 

patient-matched samples with Clonalscope,60 which integrates 

snRNA-seq and matched whole-genome sequencing (WGS) 

data. Neoplastic subclones were defined at the earliest time 

point for each patient and traced to the later therapeutic time 

points to assess populations that have expanded or regressed. 

Through this approach we identified lineage-traced neoplastic 

subclones on 14 patients, ranging from four to nine subclones 

per patient, with variable clonal dynamics across time points 

(Figure 6A). We identified recurrent CNVs including copy-num

ber gains on chromosomes 1q, 7p/7q, 8q, 19p/19q, and 20p 

and copy-number losses on chromosomes 5p/5q, 6q, 10p/ 

10q, and 14q (Figures 6B and 6C). Clustering of gene-level 

CNVs across tumor subclones revealed recurrent modules of 

highly correlated CNVs across patients, indicating that similar 

patterns of chromosome alterations dynamics occur during dis

ease progression (Figure 6D). Notably, some alterations 

occurred more frequently on expanded subclones (e.g., gain 

on chr18p and chr19q and loss on chr14q), suggesting that these 

alterations may confer a survival advantage (Figure 6E; 

Table S15). However, we found that larger genomic/subclonal 

shifts were not correlated with larger shifts in neoplastic cell state 

composition (Figure 6F). Lastly, we compared the expanded 

subclones to the remaining malignant cells for each patient using 

a gene set enrichment analysis. This revealed an upregulation of 

immune-related pathways in the majority of patients, suggesting 

that the selection of neoplastic phenotypes may be connected to 

the tumor microenvironment (Figure 6G; Table S16).

Longitudinal analysis uncovers tumor-cell-intrinsic 

targets

We then applied an analogous generalized linear mixed model 

(GLMM) approach to identify genes and pathways that were 

upregulated across therapeutic time points over all neoplastic 

cells, accounting for individual patient variability. Despite not 

observing population-level cell state shifts in the neoplastic 

compartment, this analysis yielded 627 significantly upregulated 

genes and 1,551 significantly downregulated genes (adjusted 

p < 0.05) (Table S17; Figure 7A). Examining pathway-level 

changes revealed an upregulation of type I and type II interferon 

response pathways and the neuroactive ligand-receptor interac

tions gene set as well as downregulation of pathways related to 

cell proliferation and metabolism, primarily oxidative phosphory

lation (Figures 7B and S25A). We hypothesized that the effect of 

radiation may be causally associated with the observed tran

scriptional changes. Indeed, we uncovered many of the same 

pathway changes in treatment-naive pHGG cell lines treated 

with ionizing radiation using an analogous GLMM approach to 

analyze bulk RNA-seq data on three cell lines before and after 

treatment (Figures 7C, 7D, S25B, and S25C). This implicates 

the direct effects of radiotherapy in the suppression of cell 

cycling and oxidative phosphorylation and the increase in inter

feron and neuroactive signaling.

We then aimed to utilize this neoplastic-cell-specific longitudi

nal analysis to identify tumor-cell-intrinsic drug targets in pHGG 

cell lines. To prioritize gene targets, we screened genes that 

were differentially upregulated during progression against multi

ple drug target databases and the Cancer Dependency Map 

(DepMap), as well as considered their roles as receptors in the 

tumor microenvironment (Figures 7E, S25C, and S25D; 

Tables S18 and S19). After curating targets to validate, we 

screened 24 pharmacological compounds across six pHGG 

cell lines to assess their impact on cell proliferation and viability 

over a 72-h time course (Table S20). Deconvolution of bulk RNA- 

seq data on these cell lines demonstrated that they recapitulate 

the spectrum of neoplastic cell states observed in patient sam

ples (Figure S25E). We verified a cytotoxic effect of AZD4547 

(FGFR inhibitor), danusertib (aurora kinase/ABL kinase/FGFR1 

inhibitor), panobinostat (non-selective HDAC inhibitor), and tra

metinib (MEK inhibitor) across cell lines (Figures 7F, S25D, 

S26, S27A, and S28). Multiple genes related to apoptosis and in

flammasome activation were upregulated after progression on 

treatment including caspases (CASP1, CASP4), BCL2L1, and 

BCL6. Indeed, inhibition of CASP1 with belnacasan and 

(I) Clusters of neighborhoods that were top contributors to PC1, represented on the UMAP projection. IR indicates significant enrichment in initial resection 

samples; PT indicates significant enrichment in post-therapy samples. 

(J) Cell-type enrichment of clusters 1a and 1b. Colors represent log odds ratio. *p < 0.05 by hypergeometric test. 

(K) Summary subgraphs of post-therapy enriched neighborhood instance clusters 1a and 1b, derived from their enriched N-Orbits. Solid lines indicate 1-orbit 

relationships, with edge weights indicating relative frequency of cell-type interactions among enriched N-Orbits. Dashed lines indicate two-orbit relation

ships. Self-edges indicate monotypic interactions of that cell type.
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inhibition of BCL-2 with navitoclax or venetoclax reduced prolif

eration in vitro compared to DMSO controls (Figures S26 and 

S27A). Notably, trametinib synergized with navitoclax across 

multiple cell lines, providing evidence that apoptosis inhibitors 

could improve response to existing therapies (Figure 7G). 

Consistent with our pathway analysis, we observed significant 

upregulation of multiple genes involved in electrochemical and 

synaptic communication, which has been shown to support gli

oma progression and invasion.61–63 The selective CHRM3 antag

onist, J-104129, resulted in significant cell death through the in

duction of apoptosis (Figures 7D, S25F, S26, and S27A). The 

selective GABAA receptor antagonist, gabazine, had a mild anti

proliferative effect across cell lines (Figures S20 and S27A). 

Lastly, our screening highlighted secretory phospholipase A2 

(sPLA2) for further exploration in pediatric glioma, with a dose- 

dependent response upon treatment with the PLA2-inhibitor var

espladib in all six cell lines and was found to act through the in

duction of apoptosis (Figures 7D, S25F, and S27B).

DISCUSSION

In this study, we profiled the single-cell transcriptional, chro

matin accessibility, and spatial landscape of pediatric high- 

grade glioma (pHGG) longitudinally under therapeutic pressure 

and disease progression. We defined a set of cross-subtype pe

diatric HGG neoplastic cell states that reflect conserved hierar

chical differentiation dynamics. This adds to the growing litera

ture that supports overlapping patterns of derangements in 

neurodevelopmental differentiation across multiple CNS tumors, 

including IDH-mutant glioma,33 H3K27M glioma,19 adult glio

blastoma,11 and ependymomas,30 although the nomenclature 

and framework for understanding these phenotypes and their 

relationship to the cells of origin continues to evolve. We found 

that T cells and mural cells were overall very scarce but highly en

riched within a small number of samples, consistent with obser

vations in adult glioma.27 We did not observe a consistent 

pattern of neoplastic cell state shifts, but we did observe a shift 

from microglial to macrophage phenotypes within the myeloid 

compartment, which is also consistent with adult GBM.22 Of 

note, systemic glucocorticoids, given to many neurosurgical pa

tients, may bias immunological changes in the microenviron

ment. We identified an increase in non-neoplastic oligodendro

cytes and found that oligodendrocytes coordinate spatial 

motifs that are enriched post-therapy. This could reflect oligo

dendrocyte recruitment and proliferation or could be explained 

by increased tumor invasion and integration into the surrounding 

brain parenchyma. Further in vitro and in vivo studies are needed 

to clarify this process, isolate the impact of tumor progression 

versus therapeutic pressures, and identify clinically actionable 

mechanisms. There is also a need for subsequent investigation 

of the remaining non-malignant neuronal and astrocytic popula

tions, which clustered closely with the neoplastic cells.

Synaptic electrochemical signaling through multiple receptors 

has been increasingly implicated in adult and pediatric glioma 

progression,62 including acetylcholine,63–66 dopamine,67–69 and 

GABA.70–72 We found that neuroactive signaling and interferon 

response pathways were broadly upregulated in pHGG, and 

in vitro experimentation indicated that ionizing radiation may 

directly upregulate these pathways. Interferon signaling has 

been implicated in a wide range of injury-response mechanisms, 

therefore such activation in pHGG may partly reflect generic neu

roinflammatory programs or therapy-induced effects rather than 

purely tumor-intrinsic biology. Through in vitro drug screening, 

we identified a dependency on the M3 muscarinic receptor 

and also nominated sPLA2 for further pre-clinical study. Phos

pholipases are enzymes that hydrolyze phospholipids into pre

cursor fatty acids, which have roles in cell signaling, metabolism, 

and inflammation. Phospholipase A2 has been implicated in mul

tiple cancer types including colorectal cancer,73 skin cancer,74

and adult glioblastoma,75,76 in which it has been shown to inhibit 

apoptosis and activate EGFR signaling.77

Overall, our study sheds light onto the molecular mechanisms 

of pHGG and provides an extensive, high-quality, and scalable 

multiomic atlas. This dataset can be used for the rapid annota

tion and comparison of additional samples as well as to interro

gate a broad spectrum of hypotheses related to the transcrip

tional, epigenetic, mutational, microenvironmental, and spatial 

features of this incurable disease.

Limitations of the study

The findings in this dataset must be contextualized with the sig

nificant heterogeneity intrinsic to the patient cohort. The small 

Figure 6. Tumor subclone dynamics across patients 

(A) Fishtail plots showing shifts in tumor subclone populations across longitudinal time points for 14 patients. Colors represent individual subclones. 

(B) Left, heatmap of average CNVs within each tumor subclone at the chromosome arm level across 14 patients using Clonalscope. Clone color (top row) 

corresponds to the patient-specific subclone shown in (A). Right, ratio of binarized copy-number gain or loss for each chromosome arm, defined as having an 

average CNV >1.25 or average CNV <0.75, respectively. For each chromosome arm, a Fisher’s exact test was used to assess for recurrent copy-number al

terations, adjusted using the Benjamini-Hochberg method. ***p < 0.001; **p < 0.01, *p < 0.05. 

(C) UMAP projection of neoplastic cells colored by amplification or deletion of specific chromosome arm segments predicted by Clonalscope. Gray indicates 

insufficient sequencing coverage for Clonalscope CNV prediction of that particular chromosome arm segment. 

(D) Correlation heatmap of subclones based on estimated copy-number variation (CNV) at the gene level. The CNV states of chromosome segments in each 

subclone were used to infer gene-level CNVs for comparison across the cohort. 

(E) Ratio of binarized copy-number alteration (gain or loss) at the chromosome arm level comparing expanded and non-expanded clones. The ratio represents the 

number of subclones with copy-number gain or loss among all 84 subclones identified across patients. Expanded subclones were defined if they increased in 

proportion across time points and comprise at least 10% of the tumor population at the latest time point. 

(F) Association between subclonal and cell state shifts, calculated as the sum of the differences in percentage composition across all subclones (x axis) or cell 

states (y axis) between each pair of consecutive time points (n = 15). 

(G) Number of patients in which selected pathways are enriched in the expanded subclones (adjusted p <0.05), colored by subtype of patient. GOBP, Gene 

Ontology Biological Process.

Cell Reports Medicine 7, 102766, May 19, 2026 13 

Article
ll

OPEN ACCESS



A

IGFBP3

LIF

APOL3
CNDP1

PLA2G2A

CXCL12
CHRM3

RYR3

CASP4

OXTR

CASP1
DRD2

BCL6
ACHE

KCNQ3

MERTK

ADORA2B

HDAC10

RXRA
SCN8A

HDAC8

TGFB1

KCNQ1

ARF5

IL7

WNT4
CXCL17

COL2A1

GNGT1

ASPN
RBP2

CHML

NDST4

GABRA4

CD44

GABRA2
0

1

2

3

4

−2 −1 0 1 2
LogFC

 
Lo

g
 

p-
ad

j

Tumor Cell Post-Therapy Pathway Enrichment (GLMM)

Post-Radiation pHGG Cell Lines (GLMM)

 Ribosome (K)
 Oxidative phosphorylation (H)

 MYC targets v1 (H)
  Parkinsons disease (K)

 E2F targets (H)
  Huntingtons disease (K)
  Alzheimers disease (K)

  Proteasome (K)
 G2M checkpoint (H)

  RNA polymerase (K)
  Butanoate metabolism (K)

  Terpenoid backbone biosynthesis (K)
 DNA repair (H)

  Spliceosome (K)
  Glycolysis/gluconeogenesis (K)

  Cell cycle (H)
  Neuroactive L-R interaction (K)

  Taurine/hypotaurine metabolism (K)
  Long term potentiation (K)

  JAK STAT signaling pathway (K)
ALS (K)

 Allograft rejection (H)
 Myogenesis (H) (H)

 UV response down (H)
 KRAS signaling up (H)

 Epithelial mesenchymal transition (H)
  O glycan biosynthesis (K)

 IL6 JAK STAT3 signaling (H)
  Cytokine-receptor interaction (K)

 Inflammatory response (H)
 Interferon gamma response (H)

 Interferon alpha response (H)
 TNFa signaling via NFkB (H)

-2 -1 0 21
Normalized Enrichment Score

10

20

30
-log10(FDR)

F

G

B E

C D

−2

−1

0

1

2

0 20 40 60

J−104129:
CHRM3 
Inhibitor

0.0

0.5

1.0

1.5

2.0

0 20 40 60

Varespladib: 
Phospholipase A2

Inhibitor

Lo
g2

 F
ol

d 
Ch

an
ge

 o
f F

lu
or

es
ce

nc
e S

ig
na

l

0.0

0.5

1.0

1.5

2.0

0 20 40 60

Danusertib:
Aurora Kinase 

Inhibitor

0.0

0.5

1.0

1.5

0 20 40 60

0.0

0.5

1.0

1.5

0 20 40 60

0.0

0.5

1.0

1.5

0 20 40 60

0.0

0.5

1.0

1.5

0 20 40 60

−0.5

0.0

0.5

1.0

1.5

0 20 40 60

0.0

0.5

1.0

1.5

0 20 40 60

0.0

0.5

1.0

0.0

0.5

1.0

1.5

1.5

0 20 40 60

−0.5

−0.5

0 20 40 60

−3

−2

−1

0

1

0 20 40 60

Concentration (nM)
0
63
125
250
500
1,000
2,000
4,000

−2

−1

0

1

0 20 40 60

0
1,563
3,125
6,250
12,500
25,000
50,000
100,000

−1

0

1

0 20 40 60

0
63
125
250
500
1,000
2,000
4,000

−4

−2

0

0 20 40 60

0
125
250
500
1,000
2,000
4,000
8,000

0.0

0.4

0.8

1.2

0 20 40 60

−0.5

0.0

0.5

1.0

0 20 40 60

0.0

0.5

1.0

0 20 40 60

0.0

0.4

0.8

1.2

0 20 40 60

0.0

0.5

1.0

1.5

2.0

0 20 40 60

AZD4547: 
FGFR Inhibitor

Cell line: 7316-1763 (H3K27M) Cell line: 7316-1769 (H3K27M) Cell line: 7316-195 (H3K27M) Cell line: 7316-3058 (H3K27M) Cell line: 7316-913 (IDH/H3-WT)
Treatment-Naive Post-Therapy Treatment-Naive Post-Therapy Post-Therapy

Time (Hours) Time (Hours) Time (Hours) Time (Hours) Time (Hours)

IC50=3.26

IC50=151
IC50=38.3IC50=351IC50=2,190

IC50=30,600

IC50=138

IC50=1,770

IC50=67.5

IC50=414

IC50=44,900 IC50=16,700

IC50=25,400

IC50=189
IC50=9.21

IC50=148
IC50=3,070

IC50=217

IC50=5.83

IC50=3,560

MYC targets v1 (H)
Ribosome (K)

E2F targets (H)
Spliceosome (K)

Parkinsons disease (K)
G2M checkpoint (H)

Oxidative phosphorylation (H)
Myogenesis (H)

Cytokine-receptor interaction (K)
TNFA signaling via NFkB (H)

Neuroactive L-R interaction (K)
Allograft rejection (H)

Interferon alpha response (H)
Interferon gamma response (H)

Inflammatory response (H)
KRAS signaling up (H)

−2 −1 0 1 2
Normalized Enrichment Score

Na
vit

oc
lax

 (n
M)

Trametinib (nM)

Na
vit

oc
lax

 (n
M)−log10(FDR)

5
10
15

H3K27M: 7316-195, 7316-1763 
IDH/H3 Wildtype: 7316-1746

4 Gy

4 weeks

0 Gy

Bulk RNA-sequencing

Drug Targets by Aggregate Score

ZIP Synergy Score

BCL2L1
CASP4

HDAC10
KCNQ5
NTRK3
CASP1

CD44
COL4A1

FGFR1
LIF

MAP2K1
MOBP

SCN1A
TACSTD2

TNFRSF11B
TNFRSF14

ADORA1
ADORA2B

AQP1
KCND2
KCNQ3

PLA2G2A
RXRA
RYR3
SDC2
CNR1

CHRM3

Target Score
43210 5

L-R Signaling
GLM
Meta-analysis
LINCS1000
DepMap
Drug Target

913 (Post-Therapy IDH/H3-WT)

1763 (Treatment-Naive H3K27M)

195 (Treatment-Naive H3K27M)

3058 (Post-Therapy H3K27M)

Figure 7. Identifying therapeutic sensitivities through in vitro drug screening 

(A) A linear mixed model was used to identify differentially expressed genes within neoplastic cells overall between initial resection and post-therapy time points 

accounting for individual patient variability. Volcano plot shows the log fold change and adjusted p value for each gene included in the model, with selected genes 

labeled. Log fold change >0.5 and adjusted p value < 0.05 are indicated with dashed lines. 

(B) Gene set enrichment analysis (GSEA) of Hallmark (H) and KEGG (K) pathways across all genes in (A) ranked by log fold change. 

(C) Schematic of radiation experiment. Cells were treated with 4 Gy of ionizing radiation and allowed to recover for 4 weeks before undergoing bulk RNA 

sequencing. 

(D) GSEA of post-radiation changes using analogous GLMM as in (B) using three pHGG cell lines. Significant pathways shared with (B) are shown and highlighted 

in red in both panels. 

(legend continued on next page) 

14 Cell Reports Medicine 7, 102766, May 19, 2026 

Article
ll

OPEN ACCESS



size and frequent inoperability of pHGG tumors significantly limit 

the number of high-quality samples that can be collected for 

multiomic profiling and necessitate the inclusion of postmortem 

samples from research autopsies. Specifically, diffuse midline 

gliomas were limited to thalamic tumors and did not include 

the more common pontine gliomas, which are typically not sur

gically resected. Moreover, the clinical course of pHGG is vari

able, and the treatment plans are individualized to each patient, 

including different combinations of chemo/immunotherapy and 

duration of radiotherapy. Additionally, the longitudinal samples 

were obtained after varying amounts of time at recurrence or au

topsy, rather than after definitive treatment. Importantly, there 

are multiple tumor-intrinsic features of disease progression 

and tumor-extrinsic factors such as radiation or immunotherapy 

that can alter the microenvironment. Therefore, it is challenging 

to precisely disentangle the combined effects of molecular char

acteristics and treatment modalities on longitudinal cell state 

changes. We postulate that these factors jointly contribute to 

the plasticity between neoplastic cell states and range of cell 

state shifts observed between patients. Relatedly, the nomen

clature and framework surrounding glioma cell states continues 

to evolve. While trajectory analyses describe a conserved topo

logical structure, individual tumors do not uniformly complete a 

canonical trilineage hierarchy, suggesting that specific genetic 

drivers likely constrain these trajectories. Further studies are ex

pected to elucidate the interplay between genetic, microenviron

mental, and treatment-dependent mechanisms of resistance in 

pHGG. This could include integrating these data with the 

growing body of published, subtype-specific pediatric glioma 

datasets and larger retrospective cohorts of archived clinical 

specimens to fully substantiate these single-cell dynamics. 

Finally, our methods for prioritizing potential drug targets do 

not establish a predictive therapeutic model. Subsequent 

large-scale screening and in vivo validation are required to sys

tematically identify pharmacologic targets and confirm clinical 

actionability.
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Materials availability
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• All primary sequencing and spatial data generated for this study are 

available through dbGaP under accession number phs002371 as 
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images, segmentation masks, and processed Seurat objects. 
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HTAN patient IDs and sample IDs is provided in Table S2. Bulk RNA- 

seq data from the in vitro experiments are deposited at NCBI GEO 

(accession GSE292623).

• Software and source code created for this study are publicly available 
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(E) Top gene targets by aggregate ranking score. Criteria include screening against drug databases, LINCS1000 compound perturbations, DepMap, differential 

gene expression, and participation in ligand-receptor signaling as a receptor target. 

(F) Selected growth curves from in vitro drug screening in human pHGG cell lines grown in spheroid culture. Cells were treated with drugs at indicated con

centrations, and growth was monitored using a fluorescent reporter over 72 h of drug treatment (n = 24 control, 2 drug-treated replicates each). y axis indicates 

the log2 fold change of total fluorescence signal from the zero time point. Positive values indicate a net proliferation, while negative values indicate net cell death. 

IC50 values (in nM) are indicated for each drug and cell line. Data are shown as mean ± SEM with n = 2 replicates per condition. 

(G) Synergy scores (zero interaction potency) for combinations of trametinib and navitoclax across concentrations. Median ZIP scores are 18.1 (913 cell line), 10.5 

(195 cell line), − 1.49 (1763 cell line), and 0.82 (3058 cell line).
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human biospecimens

Primary samples were obtained from patients with high-grade glioma banked at the Children’s Hospital of Philadelphia (CHOP) 

through the Children’s Brain Tumor Network (CBTN). All samples were collected prospectively in accordance with the guidelines 

from the Human Tumor Atlas Network (HTAN). The patient selection was built based on specimen availability. Biospecimens were 

obtained with parent informed consent according to the Declaration of Helsinki and under the approval of the Children’s Hospital 

of Philadelphia Institutional Review Board (IRB 09–007316). All patient data is deidentified and written informed consent was ob

tained to publish the indirect identifiers in the present manuscript. All patients underwent an initial tumor resection after histopath

ological diagnosis of high-grade glioma at the age of 18 years or younger before receiving treatment, followed by a secondary sur

gical resection or sample acquisition at autopsy. Autopsies aimed to minimize ischemic time to the greatest extent possible with most 

specimens preserved within several hours with maximum of one day. Germline DNA from either blood or skin samples were acquired 

from the Children’s Brain Tumor Network (CBTN) at CHOP. Patient sample information and relevant clinical metadata are provided in 

Tables S1 and S2.

Cell lines

Pediatric high-grade glioma cell lines 7316–913, 7316–195, 7316–1763, 7316–1769, 7316–3058 (all spheroid culture), and 7316–1746 

(adherent culture) were obtained through the Children’s Brain Tumor Network (CBTN) and underwent histopathologic, molecular, and 

genomic characterization as previously described.101 Authentication of the cell lines was performed by the CBTN biobank via genomic 

characterization. All cell lines were evaluated for mycoplasma contamination on a yearly basis and confirmed to be negative. Glioma 

cells were stably transduced with a lentiviral nuclear red or green fluorescent protein under the EF1a promoter (Sartorius, cat. 4476, 

Göttingen, Germany) for visualization in live imaging assays. Spheroid cultures were maintained in DMEM/F-12 medium supplemented 

with 1% glutaMAX (Gibco, cat. 35050061), 100 U/mL penicillin-streptomycin (cat. 15140122), 1X B-27 supplement minus vitamin A 

(Gibco, Cat. 12587010), 1X N-2 supplement (Gibco, cat. 1752001), 2.5 ng/mL human epidermal growth factor (PeproTech, cat. AF- 

100-15-B), 2.5 ng/mL human basic fibroblast growth factor (PeproTech, cat. 100-18B), and 0.5μg/mL heparin (StemCell, cat. 07980).

METHOD DETAILS

Whole genome sequencing (WGS)

The Quick-DNA Microprep Plus Kit (Zymo Research, D4074) was used to extract genomic DNA (gDNA) from nuclei isolated from hu

man pediatric high-grade glioma (pHGG) tissue samples as per the manufacturer’s instructions. Sequencing libraries were generated 

from 1 to 100 ng of gDNA using the Illumina DNA Prep, (M) Tagmentation kit (Illumina, 20018705) according to manufacturer’s instruc

tions. Bead-linked transposomes in tagmentation buffer were added to each sample at 55◦C for 15 min in a thermal cycler to tagment 

gDNA and add adapter sequences. After completion of the reaction, Tagmentation Stop Buffer was added to stop the tagmentation 

reaction. Post-tagmentation cleanup was then performed to remove tagmented and adapter-tagged DNA from beads. This step was 

followed by the addition of i7 and i5 index adapters to amplify tagmented DNA. The number of PCR cycles was chosen according to 

directions in the user guide. The i7 and i5 indices were provided in the Nextera DNA CD Indexes kit (Illumina, 20018707). Amplified 

libraries were then purified using a double-sided bead purification method as outlined in the user guide. The average fragment size of 

purified libraries was confirmed using the Agilent 2100 Bioanalyzer with the High Sensitivity DNA kit (Agilent Technologies, 5067– 

4626) and library concentrations were measured using the KAPA library quantification kit (KAPA, KK4835). DNA libraries were pooled 

and sequenced on an Illumina NovaSeq 6000 using 150 × 150 bp paired-end reads.

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

SCopeLoomR https://github.com/aertslab/SCopeLoomR N/A

CIBERSORTx https://cibersortx.stanford.edu/ Newman et al.97

imcRtools (for CODEX 

spatial analysis)

Windhager et al.98

Napari v0.4.14 https://napari.org/stable/ N/A

QuPath v0.4.3 https://qupath.readthedocs.io/en/0.5/ Bankhead et al.99

HDBSCAN McInnes et al.100

Spatstat https://spatstat.org/ N/A

LIANA https://github.com/saezlab/liana-py Dimitrov et al.41

CellChat v1 https://github.com/sqjin/CellChat Jin et al.52

GraphPad Prism 10 https://www.graphpad.com/ N/A
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Whole genome sequencing (WGS) analysis

WGS data processing and analysis was performed using published Gabriella Miller Kids First Data Resource Center (KFDRC) work

flows using their corresponding public applications as implemented on the Cavatica - Seven Bridges Genomics cloud computing 

platform. Sequence alignment was performed using the KFDRC Alignment and GATK HaplotypeCaller application (Revision 0). Gen

otyping was performed using the Single Sample Genotyping Workflow application (Revision 0). Somatic mutation and structural 

variant calling for tumors with corresponding normal samples was performed using the KFDRC Somatic Variant Workflow application 

(Revision 0). Somatic mutation and structural variant calling for tumors without corresponding normal samples was performed using 

the KFDRC Tumor Only Pipeline (https://github.com/kids-first/kf-tumor-workflow, v0.1.1-beta), which incorporated a custom panel 

of normal samples (PON) to filter common technical artifacts. This PON file was built using the 10 germline WGS samples that were 

sequenced as part of this study and generated using a dockerized implementation of GATK (https://hub.docker.com/r/ 

broadinstitute/gatk, version tag 4.1.1.0). This includes the orthogonal mutational calling methods Manta102 and Mutect2103 for all 

samples and Strelka2104 when paired normal data were available. Manta also provides somatic structural variant calls. Mutation calls 

from all methods are available at the HTAN data portal (see data availability statement). As mutation effect annotations were missing 

in the published KFDRC Tumor Only Pipeline for unpaired samples, we generated these annotations after running the unpaired sam

ple pipeline using a Dockerized version of the Ensemble Variant Effect Predictor (Ensembl-VEP, release 93.5). The full repository of 

KFDRC workflows may be found here: https://github.com/kids-first/. To identify key mutations, we screened all somatic mutations 

(using the Mutect2 mutation calls) across the COSMIC Cancer Mutation Census database (v100), which provides curated annota

tions on the roles of specific genes and mutations in oncogenesis across cancer types.105

Methylation profiling and classification

Genomic DNA was extracted as described above for WGS. The Illumina EPICv2 methylation array was used for profiling through the 

CHOP Center for Applied Genomics core. Tumor classification was performed using online implementation of the Heidelberg Epi

gnostix CNS Tumor Classifier (v12.8)106 (https://app.epignostix.com/) and the Bethesda V2 CNS classifier (https://methylscape. 

ccr.cancer.gov/). Methylation profiling was conducted for all samples at the initial timepoint and was conducted for post-therapy 

samples in cases where there was low classification confidence in the diagnostic samples.

Tissue and sample preparation for single-nucleus RNA and ATAC sequencing

Fresh frozen tumor samples were embedded in optimal cutting temperature (OCT) compound and cryosectioned into 40 μm tissue 

scrolls. Cryosections (4–6 scrolls) were homogenized by using a 2-mL Dounce homogenizer (MilliporeSigma, D8938) with 1 mL ice- 

cold Nuclei Extraction Buffer (NEB, consisting of 1X PBS, 20mM Tris-HCl, 320mM sucrose, 5mM CaCl2, 3mM MgAc2, 0.1mM EDTA, 

and 0.1% TrionX-100). The tissue was homogenized 10 times with pestle A and 10–12 times with pestle B on ice. After ensuring that 

the tissue had been dissociated completely, an additional 500 μL of NEB buffer was added into each sample, then transferred from 

the homogenizer to a 1.7 mL Eppendorf tube with filtration using a 40 μm cell Strainer (Falcon, 352340). Filtered samples were incu

bated on ice for 5 min. Nuclei were centrifuged at 500-600g for 7 min at 4◦C and the pellet was washed twice with 1 mL of ice-cold 

Wash Buffer (1X PBS, 1% BSA, and 0.2U/μL RNAse inhibitor). The washed nuclei pellet was resuspended in an appropriate volume of 

resuspension buffer (1X PBS and 0.04% BSA), filtered through a 40 μm cell Strainer (Falcon, 352340) and nuclei were manually 

counted using a hemocytometer before proceeding to library preparation. In cases where multiple regions were profiled (for 

snRNA-Seq only), scrolls from opposite sides of the tumor block were sectioned.

Single-nucleus RNA sequencing (snRNA-Seq)

Single nuclei suspensions immediately underwent library preparation using the Chromium Single Cell 3′ Reagent Kit v3 or V3.1 (10x Ge

nomics) according to the manufacturer’s instructions. Library quality was assessed using the Bioanalyzer Agilent 2100 with the High 

Sensitivity DNA chip (Agilent Technologies, 5067–4626). Indexed libraries were pooled and sequenced on an Illumina NovaSeq 6000 us

ing sequencing parameters 28:8:0:87 (read1:i5:i7:read2, bp) with an average sequencing depth of 50,000 read pairs per nucleus.

Single-nucleus assay for transposase-accessible chromatin using sequencing (snATAC-Seq)

Single nuclei suspensions immediately underwent library preparation with the Chromium Next GEM Single Cell ATAC Reagent kit 

V1.1 (10x Genomics) as per manufacturer’s user manual. Library quality was assessed using the Bioanalyzer Agilent 2100 with a 

High Sensitivity DNA chip (Agilent Technologies, 5067–4626). Indexed libraries were pooled and sequenced on an Illumina 

NovaSeq 6000 using sequencing parameters 49:8:16:49 (read1:i5:i7:read2, bp) with an average sequencing depth of 50,000 read 

pairs per nucleus.

Sample preparation and sequencing of RNA+ATAC multiomic sequencing

Nuclei were isolated using the same protocols as for snRNA/snATAC-Seq. Single-nuclei suspensions were immediately processed 

using the 10X Chromium Next GEM Single Cell Multiome ATAC + Gene Expression (GEX) Reagent Kits (see User Guide_RevF pro

vided by the manufacturer). Libraries were sequenced on a NovaSeq 6000 using sequencing parameters 28:10:10:90 format for GEX 

libraries and 50:8:24:49 for ATAC libraries (read1:i5:i7:read2, bp).
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Processing and quality control filtering of snRNA-Seq data

Read count matrices for snRNA-Seq data were generated from raw FASTQ files using Cell Ranger v3.1.0. Reads were aligned to the 

GENCODE Release 34 (GRCh38.p13) transcriptome reference. The resulting count matrices were processed and analyzed using 

Seurat v4.78 Quality control filtering was applied to each cell, using filters of 500 < nFeature_RNA <8000 and mitochondrial read per

centage <10%. Poor quality samples containing fewer than 500 cells passing quality control thresholds were excluded from down

stream analysis. For two samples of borderline but passable quality (7316–7545, and 7316–7559) we instead used filters of 

300 < nFeature_RNA <8000 and mitochondrial read percentage <20% for atlas construction, to ensure sufficient representation 

of these critical longitudinal post-therapy specimens. Notably, cells falling between the 10–20% mitochondrial threshold comprised 

a negligible fraction (1.1%) of the total dataset. Doublets were called and removed using the DoubletFinder package (v3)81 using a 

doublet proportion estimate of 7.5% and other parameters as default. For all paired boxplot comparisons across time points, the 

more stringent filters (10% mitochondrial read percentage, nFeature >500) were applied before computing the proportions and 

respective statistics to ensure consistent comparisons. In cases where multiple regions were profiled for one tumor specimen (for 

snRNA-Seq only), datasets were merged and treated as a single sample for all downstream analysis unless otherwise specified.

Sample integration, clustering, and cell type annotation of snRNA-Seq data

Initial snRNA-Seq data processing was performed using the Seurat v4 package. Due to computational constraints, data were 

randomly downsampled so as not to exceed 200,000 total cells, preferentially downsampling cells from samples with a higher cell 

count to preserve cells in samples with lower cell counts. Cell cycle scores were computed using the CellCycleScoring method 

with annotated cell cycle genes (2019 update). Integration was performed by reciprocal principal component analysis (RPCA) at a 

patient level. In detail, each patient was normalized by SCTransform (v2) with regression of mitochondrial percentage, S score, 

and G2M score by Gamma-Poisson generalized linear model. A total of 3,000 features were chosen by SelectIntegrationFeatures 

followed by PCA. The FindIntegrationAnchors function was run using top 30 PCs. Following integration, PCA was repeated on inte

grated features with RunUMAP and FindNeighbors computed using the top 30 PCs. Louvain clustering was performed by FindClus

ters at a resolution of 0.6. Differentially expressed genes for each cluster were calculated using the FindAllMarkers function with 

assay = ‘‘RNA’’ and test.use = ‘‘wilcox.’’ Cluster annotation was performed by manual review of differentially expressed genes 

and canonical cell type-defining genes, allowing for identification of normal cell type populations including immune and stromal cells 

as well as a heterogeneous and admixed population of other neuronal and glial cells whose neoplastic versus normal status was in

ferred by downstream copy number alteration analysis. The remaining cells were added to the dataset as follows. These cells were 

first normalized with SCTransform and integrated through projection with Seurat v579 using FindTransferAnchors with dims = 1:50, 

followed by MapQuery using the integrated PCA and integrated assay with default parameters.

Inference of neoplastic versus normal cells by copy number alteration analysis

Neoplastic versus normal cell annotation was inferred by the presence or absence, respectively, of copy number alterations (CNA) 

detected from snRNA-Seq data using a dockerized implementation of InferCNV82 (https://hub.docker.com/r/trinityctat/infercnv, 

version tag 1.11.1). Due to computational constraints, the downsampled dataset as described above was used for all analysis of 

neoplastic cells in the snRNA-Seq data. Input parameters included cutoff = 0.1 (recommended for 10x Genomics snRNA-Seq 

data), as well as cluster_by_groups = FALSE and analysis_mode = ‘‘subclusters’’ in order to cluster cells by distinct copy number 

profiles. All samples for a given patient, including all time points, were run together in order to capture CNA clusters that may be 

shared between different tumor regions or time points. Unambiguous normal cell clusters identified during the Seurat integrated anal

ysis of snRNA-Seq data were aggregated into three separate normal cell categories (specifically, mature neurons and oligodendro

cytes, white blood cells, and vascular cells) which were then used as normal reference populations for inferCNV. The remaining non- 

reference cells (comprising the ‘‘other neuronal + glial’’ cluster) were passed through the inferCNV pipeline. The inferCNV method 

clusters cells based on their CNV profiles, yielding 5–8 distinct subclusters per patient. The inferCNV-derived clusters are distinct 

from the Louvain-derived clustering utilized elsewhere in the analyses. CNVs are then called for each of these clusters using a Hidden 

Markov Model (HMM). However, this step is prone to false positive results and spurious CNV calls. Therefore, we manually inspected 

the CNV calls for each subcluster, compared them to the WGS CNV track, and manually assigned a label of tumor or normal, which 

enables the precise identification of neoplastic cell subclusters while excluding spurious CNV calls. If the cluster exhibited CNAs that 

matched those found in the WGS data, it was annotated as neoplastic otherwise it was annotated as non-neoplastic. Given that the 

WGS data represents a mixture of multiple subclones, if any of the inferCNV-based alterations aligned with a CNV in the WGS data, 

we annotated the cells as malignant cells. Conversely, if none of the inferCNV-based alterations aligned with any apparent CNV in the 

WGS data, then we annotated the inferCNV-cluster as normal cells. Each patient was analyzed separately through this process and 

independently of other patients, and thus the results were not influenced by the overall composition of the cohort.

snRNA-seq malignant cell state analysis

To further dissect the heterogeneity of the malignant cells, the large cluster of ‘‘other neuronal and glial’’ cells were extracted and re- 

integrated using Seurat v31 reciprocal PCA integration. We first subsetted the neuroglia cells that were predicted to be malignant by 

CNV analysis from the downsampled Seurat object and split the object by sample ID using the SplitObject function. Each sample 

was processed individually using the standard Seurat pipeline, and then we selected 2,000 variable features with the 
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SelectIntegrationFeatures function followed by running FindIntegrationAnchors function with reduction = ‘‘rpca’’ and dims = 1:30 fol

lowed by the IntegrateData function with k.weight = 50 and dims = 1:30. We then ran the ScaleData, RunPCA and FindNeighbors with 

default parameters and FindClusters functions with resolution = 0.3 and RunUMAP with dims = 1:30 on the integrated assay. To 

annotate each cluster of the malignant cells, we calculated the signature scores of canonical cell states defined by Neftel et al.11

as well as cell cycle S and G2M phase scores using the AddModuleScore function in Seurat. Differentially expressed genes 

(DEGs) between each cluster and within each cluster across time points were calculated using the FindAllMarkers function with 

assay = ‘‘RNA’’, logfc.threshold = 0.1, min.cells.features = 20, max.cells.per.ident = 500, test.use = ‘‘wilcox.’’ A pathway analysis 

was conducted using the enrichR function in the ClusterProfiler91 R package, with the input of differentially expressed genes for 

each cluster defined by the average log2 fold change in expression >0.5 and restricted to genes expressed in a higher proportion 

of cells in the respective cluster than in all other clusters (i.e., pct.1 > pct.2). The pathway databases used were: GO_Biological_Pro

cess_2023 (from Gene Ontology), KEGG_2021_Human, Reactome_2022, and MSigDB_Hallmark_2020 (from the Molecular Signa

tures Database). Each cluster was then manually annotated based on these signature scores, DEGs and pathways.

Differentiation trajectory analysis of malignant cells

Cell state trajectory was inferred through three orthogonal methods: reference mapping, velocity, and pseudotemporal ordering. 

Reference mapping was conducted through projection of the neoplastic cells to an atlas of the fetal brain (Couturier et al.).13 Briefly, 

the reference dataset was filtered for annotated cells with 1,500 < nCount_RNA <20,000 and mitochondrial percentage less than 

20%, then reprocessed with Seurat v4 using SCTransform with the top 5,000 variable features and a PCA was computed. The 

neoplastic cells were then re-normalized using SCTransform for each patient and projected using the FindTransferAnchors function 

with dims = 1:50 followed by the MapQuery function with default parameters.

For velocity analysis, velocyto (v0.17)84 was used to generate feature/barcode matrices of unspliced gene expression data using 

the output from the Cellranger as input for each of the snRNA-Seq datasets. Next, scanpy (v1.9.3)85 and scVelo (v0.3.2)87 were used 

to combine the spliced and unspliced feature barcode matrices. The data was processed using the filter_and_normalize function and 

moments were computed using the moments function with default parameters. RNA velocity was then identified using the stochastic 

mode from scVelo. Pseudotemporal ordering was conducted using Monocle3107 using the learn_graph and order_cells functions 

with default parameters. The GPC-like cell state was selected as the root node.

Reference mapping of published datasets on pHGG neoplastic cell atlas

Published snRNA-Seq data was obtained for H3G34R/V glioma,21 H3K27M-altered glioma and H3-wildtype pHGG.15 Malignant cells 

were subset based on published annotations. Datasets were split by patient and projected individually using the Seurat v4 workflow. 

Data for each patient was log-normalized, 2000 variable features were selected and scaled, and a PCA was computed. The data were 

then projected onto neoplastic pHGG atlas using the integrated assay with the FindTransferAnchors function followed by the Map

Query function with the top 50 dimensions. The neoplastic cell state annotation was transferred to the query datasets and the pro

jected data was visualized on the pHGG neoplastic cell atlas UMAP. The projection confidence scores indicate the extent of similarity 

to the projected cell state.

Cohort-level analysis of pre-versus post-treatment gene expression changes

Method 1 (GLMM): In order to test for significant pre-treatment versus post-treatment gene expression changes assessed in snRNA- 

Seq data at a patient cohort level, we applied a generalized linear mixed model (GLMM) framework based on Limma-Voom 

(v3.46.0)92 and Differential expression for repeated measures (dream package, v0.4.2).93 Notably, the extended Limma-Voom frame

work has built-in support for random effects modeling, which was used here to avoid pseudoreplication when patients had multiple 

samples from the same timepoint. Two separate GLMM analyses were performed in a pseudobulk manner based upon snRNA-Seq 

count matrices computed on either 1) neoplastic cells inferred by CNA analysis or 2) myeloid cells from each snRNA-Seq sample. 

Prior to Limma-Voom, samples with fewer than one million total reads in their corresponding pseudobulk count matrices were 

excluded. A counts per million (CPM) threshold of 10 was used to call genes as expressed or not expressed, and a gene was 

only kept if it met this threshold in at least 10 samples. Timepoint (diagnostic versus first post-treatment sample) was treated as a 

fixed effect and patient ID was treated as a random effect. The effect of autopsy versus secondary surgical resection was evaluated 

as a fixed effect covariate with negligible differences in the results. One patient (C15498) was excluded from analysis after it was re

vealed during clinical data review that both timepoints were obtained post-radiation therapy due to a prior history of mixed high- 

grade/low-grade glioma. Genes with FDR <0.05 by the Benjamini-Hochberg method were considered statistically significant. A 

gene set enrichment analysis (GSEA) was conducted to compare differentially expressed pathways over therapy. All genes from 

the GLMM analysis were sorted by LogFC to use as input to pre-ranked GSEA using the fgsea package.94 Pathways were sourced 

from the Molecular Signatures Database (MsigDB) Hallmark gene sets108 and the KEGG database.109 The IDH/H3-WT diffuse glioma 

subset analysis was conducted analogously using patients: C799746, C34809, C2399853, C176874, C1061121, C2542041, 

C107625.

Method 2 (Meta-analysis): For each patient, genes were assigned a nominal p-value using the FindMarkers function in Seurat v4, 

comparing pre-versus post-treatment expression changes in a pseudobulk manner using only neoplastic cells as inferred by the 

presence of CNA in both timepoints. The resulting two-sided p-values were converted to their corresponding absolute Z score 
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and assigned a sign based on the direction of fold-change in pre-versus post-treatment analysis for each patient. The resulting 

signed Z-scores for each patient were then combined by Stouffer’s Z score method of meta-analysis, resulting in a composite signed 

Z score and corresponding two-sided p-value. Genes with FDR <0.05 by the Benjamini-Hochberg method were considered statis

tically significant.

snATAC-seq data processing

snATAC-Seq data for each sample was first demultiplexed using CellRanger-ATAC v.1.1.0 (10x Genomics). The fastq files were then 

processed using the process module of scATAC-pro (v1.4.4)89 with the default parameters. Briefly, the raw reads were aligned to the 

hg38 genome assembly. Peaks were called using MACS2.90 Barcodes with more than 2,000 total fragments, <20% mitochondrial 

reads, and >25% fraction of reads in peaks (FRiP) were identified as cells. The peak-by-cell count matrix was constructed and 

used for downstream analyses.

snATAC-seq data integration

To integrate data from all patients, we first merged the peaks from different samples if two peaks are within 500bp of each other by the 

mergePeaks module of scATAC-pro. The peak-by-cell count matrix was then reconstructed based on the merged peaks using the 

reConstMtx module of scATAC-pro. Matrices from all samples were concatenated and loaded into Seurat with an extra Chromatin

Assay added. The data was processed using Signac80 as follows: The Seurat object was split by sample ID and each sample was then 

processed through FindTopFeatures (with the minimum cutoff equal to 1% the number of cells present in the subset), RunTFIDF and 

RunSVD of Signac. FindIntegrationAnchors function was run with parameters reduction=‘‘rlsi’’ and dims = 2:30 with samples 4036 

and 4037 as reference, which were from the patient with the greatest number of immune cells as found in the snRNA-Seq data. The 

anchor features were defined as peaks that are accessible in more than 3% of cells in at least one of the patients. Then, Signac In

tegrateEmbedding function was run with default parameters. The cells were further clustered with the FindNeighbors and FindClus

ters (with resolution = 0.8) functions in Seurat. For visualization, the UMAP was constructed using RunUMAP with reduction = ‘‘in

tegrated_lsi’’ and dims = 2:30.

snATAC-seq cell type annotation

Cells in snATAC-Seq were annotated using the label transfer pipeline of Seurat v3110 with minor modifications. First, the gene activity 

score per cell was computed by summarizing fragments overlapping with the gene body or gene promoter (+/− 2kb around the TSS). 

The ACTIVITY assay was then added to the Seurat object through the CreateAssayObject function in Seurat using the gene activity 

score matrix, followed by log normalization through the NormalizeData function. Next, the FindTransferAnchor function was run using 

the downsampled snRNA-Seq Seurat Object as reference and the snATAC-Seq Seurat object as query, the highly variable genes of 

snRNA-Seq as features, ACTIVITY as the query.assay, and reduction = ‘‘cca.’’ Finally, the TransferData function was run with the an

notated cell types in snRNA-Seq as refdata, weigth.reduction = ‘‘integrated_lsi’’, and dims = 2:30. The snRNA-Seq ‘‘other neuronal 

and glial’’ population was further annotated as neoplastic/normal based on the inferCNV results before label transfer. Confident an

notations were defined as cells having a maximum prediction score >0.9, and each cluster was assigned to the most abundant confi

dent cell type annotation within that cluster. The predicted labels were further validated through the signature scores calculated 

based on signatures genes from Couturier et al.13 data for each type of the cells. The cells which had been assigned to non-neoplastic 

neuroglial cells were re-assigned as mature neurons based on the signature score (Figure S2B).

snATAC-seq malignant cell state analysis

To further dissect malignant cells in snATAC-Seq data, we extracted the large cluster of neural and glial cells and re-integrated them 

by Signac pipeline, using the same process used to integrate the complete samples but without the selection of reference samples. 

Malignant cells were identified via label transfer as described above and were clustered using the FindClusters (resolution = 0.75). 

Two clusters were identified that captured low quality cells and were excluded followed by re-integration of the data. Then, we per

formed label transfer by Seurat as described above, using the cell state annotation of malignant cells in snRNA-Seq data as the refer

ence. Cells with label transfer prediction score >0.4 were maintained for subsequent analysis (Figure S1).

Transcription factor motif analysis

Transcription factor (TF) motif enrichment scores was computed using chromVAR38 for each cell. The cisBP core TFs ‘‘hu

man_pwms_v2’’ from the chromVARmotif R package were used as the TF motif database. TF motifs enriched in each snATAC- 

Seq cell cluster were identified by performing a one-sided Wilcoxon rank-sum test comparing chromVAR deviation score between 

the cluster and other clusters after downsampling each comparison group to 500 cells each.

Construction of transcriptional regulatory network

The transcriptional regulatory network for each neoplastic cell state was constructed as previously described111 with minor modifi

cations. We first co-embedded the snATAC-Seq and snRNA-Seq data per sample using the standard Seurat pipeline. Then we iden

tified metacells using hdWGCNA88 with parameters k = 20, max_shared = 5, min_cells = 50, reduction = ‘‘pca’’ and ident.group = 

‘‘seurat_clusters.’’ Metacells containing between 4 and 16 snRNA-Seq cells were kept for further analysis. The gene-by-metacell 
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expression matrix and the peak-by-metacell accessibility matrix were calculated as the average normalized expression and 

normalized accessibility of all cells within the metacell, respectively. Metacells from different samples were then combined 

and the Enhancer-Promoter (EP) interactions were predicted using a linear regression model for each gene on metacells, with 

the gene expression in each metacell as the dependent variable, and the accessibility of the peaks within ±500kb of the gene pro

moter as the independent variables. Significant EP interactions were defined based on a peak regression coefficient >0.1 and 

Benjamini-Hochberg-adjusted p-value <0.05. Predicted TF-target genes pairs were defined if the TF motif was present at the 

enhancer of a predicted EP interaction and both the TF and target gene were expressed in at least 20% of the cells within a given 

cell state.

Multiomic sequencing data analysis

Multiomic RNA+ATAC sequencing was performed on three samples (2 existing samples and 1 additional sample) to evaluate the ac

curacy of malignant cell state annotation in the snATAC-Seq data. Multiome data was first demultiplexed using CellRanger-Arc v2.0.2 

(10x Genomics), then processed using the count function with default parameters, and aligned to the GRCh38-20202-A-2.0.0 refer

ence. Analysis was conducted using Seurat v5.1.079 and Signac v1.14.0.80 Samples were filtered for RNA mitochondrial UMI percent 

<10%, nFeature_RNA between 500–10,000, nCount_ATAC between 2,000–100,000, and ATAC transcription start site (TSS) enrich

ment >2. Doublets were called and removed using the DoubletFinder package81 using a doublet proportion estimate of 7.5%, 

SCTransform normalization, and the top 30 dimensions. ATAC regions were quantified based on the integrated peak set constructed 

in the snATAC-Seq analysis. Coarse cell types were annotated through projection to our reference snRNA-Seq dataset. Briefly, multi

ome data was merged, normalized with SCTransform, and then projected to the integrated dataset using the FindTransferAnchors 

and MapQuery functions with the top 50 dimensions. Malignant cell types were called using InferCNV82 as before with minor mod

ifications. InferCNV v1.20.0 was run with parameters cutoff = 0.1, cluster_by_groups = FALSE, analysis_mode = ‘‘subclusters’’, 

denoise = TRUE, HMM = TRUE, leiden_resolution = 0.005. Cells annotated as oligodendrocytes/neurons, vascular cells, and white 

blood cells were used as the normal reference, and all multiome cells were analyzed together. Cells with clear CNV patterns 

(comprising most of the other neuronal/glial population) were carried forward as putative neoplastic cells. These cells were merged 

with the snRNA-Seq data, and the full dataset was reintegrated using RPCA integration (split by sample ID) and clustered at a res

olution of 0.75 using the same protocols as for the snRNA-Seq data. Clusters aligned directly to those found in snRNA-Seq dataset 

and were manually annotated. This full integration yielded a more accurate annotation than a one-directional projection. The corre

sponding multiome ATAC component was then analyzed using chromVAR38 to assess transcription factor motif accessibility given 

the ground-truth transcriptomic cell states using the same procedures as for the snATAC-Seq dataset.

Cell-cell communication analysis

To assess ligand-receptor interactions between cell populations in the tumor microenvironment, we implemented the Ligand- 

Receptor Analysis Framework (LIANA) v0.1.12,41 which infers cell-cell communication using a consensus of 16 cell signaling data

base resources and 5 CCC methods (Natmi,112 Connectome,113 LogFC Mean, SingleCellSignalR,114 CellphoneDB115) with default 

parameters. The neoplastic cell states and myeloid subpopulations as annotated above along with the remaining non-neoplastic 

populations were included. We considered the consensus rank generated via Roust Rank Aggregation as the significance p value 

to predict the intercellular crosstalk between each pair based on the expression level of known receptors and ligands in the respec

tive clusters and filtered interactions to those with p-value <0.05. The number of significant interactions between cell populations was 

quantified, and the most relevant interactions were manually selected to plot. CellChat was used in parallel using the CellChatDB 

database.52 The significant cell-cell interactions were determined using CellChat default parameters, with population size accounted 

for and ‘‘trimean’’ used for calculating mean gene expression.

Myeloid subtype analysis

Tumor-associated myeloid populations were investigated by subsetting the macrophage/microglia population from the full snRNA- 

Seq dataset and splitting this object by patient ID using the SplitObject function. Each sample was processed individually using 

SCTransform regressing out nCount_RNA, mitochondrial read percentage, and ribosomal read percentage. We then selected 

3,000 variable features with the SelectIntegrationFeatures function followed by running FindIntegrationAnchors function with reduc

tion = ‘‘rpca’’, dims = 1:30, and k.anchor = 20 followed by the IntegrateData function with dims = 1:30. We then ran the RunPCA, 

RunUMAP, FindNeighbors, and FindClusters functions on the integrated assay with dims = 1:30 and resolution = 0.1. We then pro

jected this data onto the GBM atlas116 as described above and observed two clusters that represented misclustering of neuroglial 

cells, confirmed by specific expression of astrocyte and oligodendrocyte identity genes. These clusters were removed, and the re

maining cells were reprocessed and reintegrated with the same procedure as above and reclustered with resolution = 0.6. To anno

tate each cluster of the myeloid cells, we first calculated the signature scores of canonical microglia and bone marrow-derived mac

rophages defined by Müller et al.117 as well as cell cycle S and G2M phase scores using the AddModuleScore function in Seurat. 

Differentially expressed genes (DEGs) for each cluster were calculated using the FindAllMarkers function with test.use = ‘‘wilcox’’, 

min.pct = 0.10, min.diff.pct = 0.10, logfc.threshold = 0.10, and clusters were annotated manually based on these gene signatures 

and DEGs.
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SCENIC transcriptional regulatory network (TRN) analysis of myeloid cells

The Single-Cell Regulatory Network Inference and Clustering (SCENIC) algorithm96 was used to identify transcription factors regu

lating myeloid cell states. It was run using the pySCENIC implementation as previously described118 on the scRNA-seq data, after 

conversion of the Seurat object to loom format. The GRNBoost2 algorithm was used for GRN inference. To predict transcription fac

tor regulons, we used the human v9 cisTarget motif collection and the hg38_refseq-r80 databases with the 500bpUp100Dw and 

TSS+/− 10kb search spaces. All relevant databases were obtained from: https://resources.aertslab.org/cistarget/. The pySCENIC im

plementation of AUCell was used to score the activity of regulons for each cell. The SCopeLoomR package (https://github.com/ 

aertslab/SCopeLoomR) was then used to extract the regulons and AUCell matrix from the resulting loom file, and the final AUC matrix 

was added to the initial Seurat object for visualization and analysis. Differential regulons were identified using the FindAllMarkers 

function using the Wilcoxon rank-sum test with ‘‘logfc.threshold = 0.01.’’

Malignant subclone analysis

To study the evolution of malignant subclones in the patient-matched longitudinal samples, we applied Clonalscope (v1.0.0),60 which 

utilizes both snRNA-Seq data and paired WGS data. Clonalscope identifies copy number variation (CNV) segments with a Hidden 

Markov Model (HMM) from the paired WGS data, and then estimates the fold change of CNV segments at a single cell level using 

the snRNA-Seq data with a Poisson model. The HMM results in CNV segments of variable length on the order of approximately hun

dreds of kilobases, yielding a cell-by-CNV segment matrix. Then, it identifies tumor subclones through a Bayesian non-parametric 

clustering process based on the estimated CNVs. Clonalscope was run with default parameters on 14 of the 16 patients. Patient 

C70848 was excluded due to having a single time point and patient C1060383 was excluded due to an insufficient amount of 

non-neoplastic cells for the Clonalscope algorithm. The required normal/reference cells were defined by manual inspection of the 

inferCNV profiles as described above. Paired WGS data augments identification of CNV segments, improving malignant subclone 

delineation. WGS data was first analyzed by CNVkit as described above and iteratively refined by (1) merging continuous segments 

that share the same copy number state (amplification, neutral, or loss) and (2) merging each with neighboring segments if its size is 

<5% of both neighboring segments and if both neighboring segments share the same copy number state. This process denoises the 

WGS-defined CNV segments for use with Clonalscope.

Clonalscope was then applied to estimate CNV profiles of single cells at the earliest time point for each patient, through a non-para

metric clustering process. The estimated mean CNV profile of each subclone is utilized as a prior to trace similar subclones or 

discover new subclones from subsequent time points. For each patient, the shifts in malignant subclone proportions were visualized 

using clevRvis (v0.99.6),95 with the fishPlot function using a spline fit. Clones were defined as having expanded if their percentages 

increased over time and comprised at least 10% of the malignant population at the latest time point. The average values of estimated 

CNVs were summarized for each chromosome arm. CNV gain or loss was binarized as follows: average CNV >1.25 was defined as a 

copy number gain and <0.75 as a copy number loss. For each chromosome arm, a Fisher’s exact test was used to assess for recur

ring copy number alterations comparing the gain or loss of each chromosome segment relative to the gain or loss of all other seg

ments and adjusted using the Benjamini-Hochberg method. Because the HMM-derived CNV segments vary for each patient, we uti

lized gene-level CNVs to assess the overall copy number similarity of tumor subclones between patients. To assess gene-level CNVs, 

we first identified the genes within each segment by overlapping the genomic regions with the hg38 human genome. The estimated 

CNV value for each segment was used as the gene-level CNV for all genes overlapping the respective segment.

To identify pathways enriched in expanded subclones, differentially expressed genes were calculated using the Wilcoxon rank- 

sum test comparing each subclone to the rest of the malignant cells within each patient. A gene set enrichment analysis was per

formed via clusterProfiler v4.0.5 with the Gene Ontology, KEGG, Cancer Hallmarks, and Reactome pathways from the Molecular Sig

natures Database using default parameters.

CODEX staining

CODEX staining was done using the sample kit for PhenoCycler-Fusion (Akoya, 7000017) according to Akoya’s PhenoCycler-Fusion 

user guide with modifications to include a photobleaching step and overnight incubation with antibodies at 4◦C. FFPE samples were 

sectioned at 5 μm thickness and mounted onto charged slides (Leica, 3800080). Sample slides were baked overnight at 60◦C and 

allowed to cool to room temperature. Sample slides were deparaffinized in Xylenes (Sigma, 534056) twice and rehydrated in a graded 

series of ethanol concentrations (2 times 100%, 90%, 70%, 50%, 30% and 4 times ddH2O). Antigen retrieval was performed in 1x 

Dako Target Retrieval Solution, pH 9 (Dako, S2367) with a pressure cooker for 20 min. After equilibrating to room temperature, sam

ple slides were washed 2 times with ddH2O and once with 1x PBS before being submerged in a four-well plate containing 4.5% H2O2 

and 20mM NaOH in PBS (bleaching solution) for photobleaching. The four-well plate was sandwiched between two broad-spectrum 

LED light sources for 45 min at 4◦C. After 45 min, sample slides were transferred to a new four-well plate with freshly-made bleaching 

solution and photobleached for another 45 min at 4◦C. Sample slides were washed 3 times in PBS and then 2 times in hydration 

buffer. Sample slides were equilibrated in staining buffer for 30 min and incubated in the antibodies (Table S13) diluted in staining 

buffer plus N Blocker, G Blocker, J Blocker, and S Blocker overnight at 4◦C. After antibody incubation, sample slides were washed 

2 times in Staining Buffer and fixed for 10 min in 1.6% paraformaldehyde (Electron Microscopy Sciences, 15710) storage buffer. Sam

ple slides were washed 3 times in PBS and incubated in ice-cold methanol for 5 min. After incubation in methanol, sample slides were 
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washed 3 times in PBS and incubated in final fixative solution (1000μL of PBS +20 μL of Akoya’s final fixation reagent) for 20 min at 

room temperature. The sample slides were then washed 3 times in PBS and stored in storage buffer prior to imaging.

CODEX antibody conjugation

Akoya antibodies were purchased pre-conjugated to their respective CODEX Barcode (Table S13). All other antibodies were custom 

conjugated to their respective CODEX barcode (Table S13) according to Akoya’s PhenoCycler-Fusion user guide using the antibody 

conjugation kit (Akoya, 7000009) following manufacturer’s protocol. Briefly, 50 μg of carrier-free antibodies were concentrated by 

centrifugation in 50kDa MWCO filters (EMD Millipore, UFC505096) and incubated in the antibody disulfide reduction master mix 

for 30 min. Buffer exchange of the antibodies was then performed to stop the reduction reaction by centrifugation, addition of conju

gation solution, and an additional centrifugation. Respective CODEX barcodes resuspended in nuclease free water and conjugation 

solution were added to the concentrated antibody and incubated for 2 h at room temperature. Conjugated antibodies were purified 

by 3 buffer exchanges with purification solution. Antibody storage buffer (100 μL) was added to collect the concentrated purified an

tibodies. Successful conjugation was confirmed using the Agilent 2100 Bioanalyzer with the Agilent Protein High Sensitivity kit (Agi

lent Technologies, 5067–1580), following the manufacturer’s instructions.

CODEX imaging

CODEX reporters were prepared according to Akoya’s PhenoCycler-Fusion user guide and added to a 96-well plate. The 

PhenoCycler-Fusion experimental template was set up for a CODEX Run using Akoya’s PhenoCycler Experiment Designer software 

according to Akoya’s PhenoCycler-Fusion user guide. Details on the order of fluorescent CODEX Barcodes and microscope expo

sure times can be found in Table S14. The PhenoCycler-Fusion experimental run was performed using Akoya’s Fusion 1.0.8 software 

according to Akoya’s PhenoImager Fusion user guide. Images were taken and pre-processed (stitching, registration, background 

subtraction) with Akoya’s PhenoImager Fusion microscope using default settings. Final images were evaluated, and selected sam

ples were reimaged with adjusted exposure times based on manual review. After imaging, slides were stained with hematoxylin and 

eosin (H&E) and imaged at 40x resolution. CODEX data were visualized using QuPath v0.4 and Napari v0.4.18.

CODEX data segmentation

Nuclear segmentation with a fixed pixel expansion of 4 pixels (equivalent to 2 μm) was performed using Mesmer86 for each image to 

enable the capture of cytoplasmic and membrane markers while limiting lateral spillover. Maxima threshold and interior threshold 

were each set to 0.3. To generate the necessary input of a two-channel TIFF, we used DAPI for the nuclear channel and a composite 

channel of GLUT1, CD3e, CD14, and CD68 for the membrane channel although the nuclear segmentation was used. Mean pixel in

tensity was extracted from each cell segmentation mask, yielding a cell by protein matrix which was carried forward for analysis in 

Seurat v5.79 Cells with very low or high raw DAPI expression (<10 or >250 on a UINT8 scale) were removed. Each image was manually 

cropped to exclude large areas of artifact including tissue folding and detachment, debris, and edge artifact. All marker channels 

including DAPI, but not blank channels, were retained in the cell by protein matrix of each Seurat object for each sample.

CODEX data integration and annotation

Individual Seurat objects were merged, which was then normalized by CLR normalization in Seurat with margin = 2. The Seurat object 

was again split by sample, and downsampled using the SketchData function with method = ‘‘LeverageScore’’ with 50,000 cells per 

sample. The data was scaled, and a principal component analysis was computed. The samples were integrated using the Integra

teLayers function with RPCA integration using the first 15 dimensions. The integration features were selected based on manual in

spection of each marker across samples to identify markers with consistent staining across the majority of the samples. Cell cycle 

genes were excluded, and DAPI was included to help identify autofluorescence artifact. The markers selected were: DAPI, CD31, 

CD44, IBA1, NFP, CD4, ATRX, APOE, CD56, CD163, GFAP, CD11b, S100B, CD206, OLIG1, CD133, SOX2, Vimentin, MPO, HLA- 

DR, P2RY12, CD8, NeuN, Collagen IV, CD14, CX3CR1, MOG, SPP1, CD3e, CD68, Nestin, CD16, TMEM119, OLIG2, GLUT1.

Cells were clustered using the FindNeighbors function on the integrated assay with the top 15 principal components followed by 

FindClusters, and a UMAP was computed for visualization. Based on marker expression, clusters were assigned to an initial anno

tation of endothelial cells (CD31, Collagen IV), neuroglial cells including tumor cells (SOX2, OLIG2, Vimentin, GFAP, MOG, NFP), 

myeloid cells (CD68, CD11b, CD14, P2RY12, TMEM119), or T cells (CD3, CD4, CD8). The remaining cells were projected onto 

this sketched integration using ProjectIntegration and ProjectData with the same features and dimensions as above. Subsequently, 

the neuroglia, myeloid, and T cell clusters were subjected to a second round of annotation. They were first subset, downsampled 

through sketching, scaled, integrated, clustered, and the remaining cells projected using the same parameters as above. Cell 

type masks were generated for each category and manually evaluated and labeled in Napari v0.4.18. Clusters which were found 

to represent apparent artifacts including necrotic cells, autofluorescence artifact, tissue folding, paraffin wax drops, and red blood 

cells were excluded. Blank channels were used to help identify artifacts. CD4+ and CD8+ T cells could not be distinguished via clus

tering, so manual thresholding based on CD8 was used to distinguish them. All other clusters were labeled based on their marker 

expression and general morphology. Tumor cell annotations were based on aggregate expression profiles followed by detailed 

manual inspection of the images for morphology and staining. In DMG samples, tumor cells showed intranuclear H3K27M staining. 

Non-malignant astrocytes comprised a small fraction of neuroglial cells and could not be effectively separated through expression 
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profiles. After filtering, cells were subjected to one more round of sketching, integration, and projection in order to build the final 

UMAP for visualization.

Cellular neighborhood analysis

Neighborhood analysis was performed as previously described119 using the final cell type annotations, and as implemented by the 

imcRtools package.98 Briefly, a k-nearest neighbors graph from all cells was constructed using the buildSpatialGraph function in im

cRtools with k = 20, which calculates the neighborhood composition of each cell with a sliding window. These windows are clustered 

using k-means clustering with respect to their proportions of cell types with 15 clusters. Statistical significance of cell type enrichment 

within each neighborhood was calculated using a hypergeometric test. The p-value was calculated based on the following four 

numbers: (1) the number of cells of a given type in the neighborhood; (2) the total number of cells in the neighborhood; (3) the number 

of cells of a given type in the CODEX dataset; and (4) the total number of cells in the CODEX dataset. p-values were adjusted for 

multiple hypothesis testing using the Benjamini-Hochberg method and significance was defined as p-adjusted <0.001.

Cell proximity analysis

We measured the proximity of each cell type to every other cell type using the median distance through the spatstat R package.120

We used the ppp and psp functions to create point and line segment patterns and quantified spatial proximity using a table of cell type 

annotations and locations with the distfun function. We randomly downsampled the source cell type populations to the larger value 

between 0.25*number of cells or 50,000 cells and restricted the observation window to a rectangular area bounded by the target cells 

with the maximum x and y coordinates. The source cell type was skipped if there were fewer than 10 of that cell type in a given sam

ple. We conducted a one-sided permutation test without replacement to determine if the source cell type is significantly close to each 

target cell type in each sample. We permuted the labels 100 times and calculated their median distance across the 100 permutations. 

The proportion of distances smaller than that of the cell type is the p-value, which was defined as significant if p < 0.05.

Identification of timepoint-associated neighborhoods

From the CODEX data, we identified neighborhoods from k-means clustering on windows of 20 cells on each sample independently, 

rather than all samples aggregated as above. Fifteen neighborhoods were similarly generated for each sample.119 The neighbor

hoods in each sample were then split into instances. To generate instances, a 25-nearest neighbors graph was generated from 

cell spatial coordinates. For each neighborhood, the graph was filtered to its constituent nodes, and each resulting connected 

component of at least 40 nodes was designated as an instance. We then applied the N-Orbit framework59 to generate a distance 

matrix representing all neighborhood instances among the samples. Briefly, for each cell in a neighborhood instance, its cell type 

identity and the degree of proximity (up to 2) of all possible cell types, was determined by a 6-nearest neighbors spatial graph, de

noted an N-Orbit. N-Orbits were represented as vectors with a nucleus (or center cell type) encoding portion and an orbit (or proximity 

level) encoding portion. Distance between two N-Orbits was the Manhattan distance between their vectors, using a nucleus change 

penalty of 8. The distance between two neighborhood instances was defined as the minimum collective distance between 500 boot

strapped N-Orbits sampled from each, calculated through cost matrix optimization. Pairwise distances across all neighborhood in

stances were compiled into an overall distance matrix. Principal component analysis (PCA) was applied to the distance matrix to proj

ect neighborhood instances onto the component of highest variance (PC1). Neighborhood instances were traced back to rank their 

loading contribution to PC1, and the top 10% of neighborhood instances were further inspected for association with timepoint. These 

neighborhood instances were clustered using HDBSCAN100 followed by hierarchical subclustering, and clusters were assessed for 

enrichment for either initial resection or post-therapy using hypergeometric tests. Clusters deemed to be enriched for either were 

considered timepoint-associated neighborhoods. Lastly, timepoint-associated neighborhood clusters were traced back to their en

riched N-Orbits using a bootstrap-permutation test. In each permutation, the nucleus-encoding portion of the N-Orbit was left fixed 

while the indices of the non-zero values in the orbit encoding portion were permuted, effectively shuffling cell type identities of orbit 

members while maintaining overall cell type proportions and N-Orbit cardinalities. Occurrences of each N-Orbit in the unpermuted 

and permuted bootstraps were then compared. The proportion of tests where the N-Orbit was more common in the unpermuted 

version was recorded as the p-value, which was adjusted for multiple hypothesis testing through the Benjamini-Hochberg method.

Xenium tissue slide preparation

Sample preparation for Xenium spatial transcriptomics was done using the Xenium Slides & Sample Prep Reagents (10X Genomics, 

1000460). Formalin fixed and paraffin embedded (FFPE) tissue blocks were sectioned into 5 μm sections and placed on Xenium 

slides within the sample positioning area of 10.45 mm × 22.45 mm. Tissue slides were then baked at 60◦C for 2 h in a thermal cycler 

and deparaffinized for 10 min in xylene twice. Deparaffinization was followed by rehydration in serially decreasing concentrations of 

ethanol for 3 min in each: twice in 100% ethanol, twice in 96% ethanol and once in 70% ethanol, followed by 20 s in nuclease free 

water. Tissue slides assembled in Xenium cassette (Xenium Cassette Kit, 1000566, 10X Genomics) were then decrosslinked at 80◦C 

for 30 min and re-equilibrated to 22◦C in a thermal cycler to release mRNA for probe hybridization. Custom probes (standalone 

300-gene panel) provided as a lyophilized powder were resuspended in TE buffer, pH 8.0 (BP24731, Thermo Fisher Scientific). 

The resuspended probe solution was vortexed for 5 min and centrifuged briefly at room temperature. The DNA probes were allowed 

to hybridize to targeted mRNA at 50◦C overnight in a thermal cycler. Following hybridization, tissue samples were washed to remove 
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unbound DNA probes. The hybridized probes were then enzymatically ligated at 37◦C for 2 h and amplified at 30◦C for 2 h in a thermal 

cycler. Tissue samples were washed three times in TE buffer for 1 min after amplification. For cell segmentation staining using the 

Xenium Cell Segmentation Add-on Kit (10X Genomics, 1000662), tissue slides were washed in a series of ethanol concentrations 

for 2 min in each: 70% ethanol, twice in 100% ethanol and 70% ethanol. Tissue sections were then blocked for 1 h at room temper

ature and stained with cell segmentation antibodies at 4◦C overnight. Following overnight incubation, tissue samples were washed 

three times in PBS-T (1X PBS and 0.05% Tween 20) for 1 min and incubated in Xenium stain enhancer for 20 min at room temperature. 

After washing the slides twice in PBS-T for 1 min, slides were incubated in diluted reducing agent B for 10 min. After dehydration in 

70% ethanol for 1 min and then twice in 100% ethanol for 1 min, autofluorescence quenching was performed using the Xenium auto

fluorescence mix in the dark for 10 min at room temperature. Following quenching, tissues samples were washed three times in 100% 

ethanol for 2 min and dried at 37◦C for 5 min in a thermal cycler in the dark. Tissues were then rehydrated in 1X PBS for 1 min followed 

by PBS-T for 2 min in the dark. Nuclei were counterstained with DAPI and then samples were washed three times with PBS-T in the 

dark. Sample slides were stored in PBS-T at 4◦C in the dark before proceeding to imaging.

Xenium imaging and post-processing

Reagent plates and buffers to be loaded on the Xenium machine were provided in the 10X Genomics kits (Xenium Decoding Consum

ables, PN-1000487; Xenium Decoding Reagents, PN-1000461; Xenium Cell Segmentation Detection Reagents, PN-1000639) and 

prepared as per the manufacturer’s instructions. After running a successful readiness test on the Xenium analyzer instrument, sample 

slides in the Xenium cassette without a lid along with reagents and consumables were loaded on the instrument. After successful 

loading, a sample scan was performed by the instrument to generate a scanned image for review to check autofluorescence and 

selection of regions of interest (ROIs) on tissue sections. After ROI selection, imaging, decoding, segmentation, and cell assignment 

was performed by Xenium Onboard Analysis Software v3.0.

Xenium ligand-receptor interaction analysis

A custom 300-gene Xenium panel was manually designed to include tumor and immune marker genes and ligand-receptor genes 

curated from our snRNA-Seq data and established literature. The Xenium data was manually cropped to yield a region of interest 

for each sample, and the segmented cell by transcript matrix was loaded into Seurat v5.79 The data was filtered to include cells 

with greater than 10 total transcripts (nCount_Xenium) and greater than 5 distinct features (nFeature_Xenium). The data was 

normalized using log normalization, and the samples were integrated using the IntegrateLayers function with RPCA integration us

ing all features and the top 30 dimensions. The data was clustered using Louvain clustering with the top 30 dimensions with res

olution = 0.3. High confidence tumor and myeloid cell clusters were identified using marker gene expression. A ligand-receptor 

interaction analysis was performed as previously described.121,122 Briefly, for each sample we identified all possible pairs of inter

acting myeloid and tumor cells (defined as cell centroids within 30 μm of each other) using the buildSpatialGraph function in the 

imcRtools R package98 with type = ‘‘expansion.’’ Then for each pair, we calculated the product of the log normalized expression of 

the ligand in the myeloid cell and the receptor in the tumor cell and defined the LR score as the sum of these products across all 

proximal myeloid-tumor pairs. Ligand-receptor pairs to be tested were curated from the LIANA database.41 The enrichment sig

nificance was determined using empirical shuffling: we randomly selected the same number of non-proximal myeloid-tumor pairs 

that were separated by greater than 30 μm and calculated the LR score. Then, we generated a null distribution of LR scores by 

repeating this procedure 1,000 times. A p-value was then determined using a one-tailed Z-test and adjusted using the Benjamini- 

Hochberg method. The fold change was determined as the LR score for the proximal pairs compared to the average of the LR 

scores for the non-proximal permutations. An aggregate p-value was determined using Stouffer’s method across samples for 

each LR pair and then adjusted using the Benjamini-Hochberg method. The aggregate fold change was taken as the average 

of the fold change values across samples.

Prioritization of drug targets for in vitro drug screening

To identify targetable genes for pharmacological manipulation of tumor cell-intrinsic functions, we developed a framework that in

corporates transcriptional analysis with drug databases. Drug/target data from two independent drug targets databases (TTD,123

DrugIDB124), as well as a third database (OpenTargets125) that focuses on next-generation targets were overlapped with differentially 

gene expression data from our linear mixed model analysis. Targetable gene products were given a score of +1 if a resulting hit 

occurred from any of the three databases. To search for drugs that could modify therapeutically induced transcriptional profiles, 

we inputted top time point-specific DEGs (n = 93 upregulated, 74 downregulated) into the LINCS1000126 database (https://clue. 

io/query#l1000) under default parameters. This method predicts perturbations that alter the collectively inputted transcriptional pro

file. Perturbation results across cell lines were filtered for compound-based perturbations with defined targets, false discovery rate 

(FDR) < 0.25, and effect size (magnitude of normalized connectivity score >0.6). Both initial time point, and post-therapy-specific ef

fects were considered on the basis that upregulated transcriptional profiles may simultaneously include positive effects of therapy in 

addition to the development of resistance mechanisms and requires experimental study. Thus, any gene targeted through the filtered 

perturbations was given a score of +1. Next, to predict glioma-specific genes that could mediate cytotoxicity when targeted, we 

downloaded cell line dependency data from the Cancer Dependency Map (DepMap)127 portal and searched for genes which showed 

increased dependency in glioma cell lines (n = 83) compared to non-glioma cell lines (n = 1070). Genes with negative dependency 
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scores in glioma cell lines (mean dependency score < − 0.1) and dependency mean fold-change >1.5 were assigned +1 to the overall 

score.

We further prioritized genes based on two methods of differential expression analysis, prioritizing genes that were upregulated 

post-therapy in order to identify additional single gene dependencies that could be targeted. First, using the linear model analysis, 

upregulated DEGs were assigned a score as follows accounting for degree of upregulation and statistical significance: logFC >0 

and p-adjusted <0.05: +0.5, logFC >0.5 and p-adjusted <0.05: +1, logFC >0.5 and p-adjusted <0.001: +1.5, logFC >1 and 

p-adjusted <0.05: +1.5 (only the highest score added). Second, a patient-wise meta-analysis approach was used orthogonally, 

requiring a Z score >0 and then assigning a score based on the number of patients in which the gene was upregulated post-ther

apy: 8–9 patients: +0.5, 10–11 patients: +1, >11 patients, +1.5 (only the highest score added). Lastly, given the significance of the 

cellular interactions in maintaining glioma proliferation, we added a score of +1 to any genes that were predicted to be receptors in 

any significant ligand-receptor interactions (aggregate rank, p < 0.05). Genes were then filtered to include only genes that were 

known drug targets and were differentially upregulated by either the linear model or meta-analysis approach, resulting in a list 

of 483 genes with scores ranging from 1.5 to 5. Genes with scores of 3 or greater (83 genes) were manually interrogated to identify 

target for in vitro study.

In vitro drug screening and synergy experiments

Glioma cells were plated at 500 cells per well in 384 well ultra-low attachment plates (S-Bio, cat. MS-9384UZ) in 50μL of media and 

allowed to form spheroids overnight. Plated cells were subsequently treated with pharmacological compounds in duplicate. Com

pounds (Table S19) were added as 20μL of a 3.5x working solution for each drug/dilution. Drug concentrations were selected based 

on prior literature characterizing these compounds in cell line models. Cellular proliferation and viability were monitored via Incucyte 

Live Imaging technology with imaging up to every 4–6 h over 3 days. For cell death analysis we used the Cytotox green dye (1:4000 

final dilution, Sartorius, cat. 4633), which stains dead cells fluorescent green and Caspase 3/7 green dye (1:1000 final dilution, Sarto

rius, cat. 4440 Sartorius) to specifically label those cells that are undergoing the early stages of apoptosis. Relative intensities of RFP 

(number live cells) or GFP (number of dying or dead cells) is determined by comparing each datapoint to the beginning of the assay 

(time 0). The cell death assays were only performed in the cell lines that stably express RFP (7316–1763, 7316–1769, 7316–3058, 

7316–913, 7316–1746) because GFP expression would conflict with the Cytotox and Caspase dyes. Data is represented as 

mean ± standard error of the mean (SEM). Data were manually inspected, and erroneous fluorescent measurements due to off-center 

images were removed. IC50 values were calculated for selected drugs using Prism v10.3.1. For synergy experiments, data were rep

resented as a percentage of cell quantity relative to the 0 timepoint DMSO condition, and analyzed using SynergyFinder128 v3.14. 

Values above 100% were truncated at 100%. The Zero Interaction Potency (ZIP) score was used to identify synergistic and antag

onistic interactions.

Radiation treatment and transcriptomic analysis of in vitro cell lines

Pediatric high-grade glioma cell lines 7316–195, 7316–1763, and 7316–1746 were plated at a density of 1 million cells per 10 cm dish. 

The cells were irradiated with 4 Gy of ionizing X-ray irradiation using the Precision X-ray X-RAD 320 with the default parameters of 

320 kV, 12.5 mA and a 2 mm Aluminum filter. The cells were allowed to recover for 4 weeks and with regular passaging. Cell pellets 

were collected, and mRNA was extracted and sequenced by GeneWiz. Analysis of individual cell lines was conducted using DE

Seq2,129 and a pre-ranked GSEA was conducted using the differential expression statistic for each gene. A generalized linear mixed 

model approach was used to aggregate results across cell lines analogous to the method used for the patient data. Briefly, a counts 

per million (CPM) threshold of 1 was used to call genes as expressed or not expressed, and a gene was only kept if it met this 

threshold in at least 3 samples. Radiation treatment (4 Gy versus 0 Gy control) was treated as a fixed effect and cell line was treated 

as a random effect, and a pre-ranked GSEA was conducted using the logFC for each gene.

Deconvolution of bulk RNA-sequencing data

Bulk RNA-seq expression data were downloaded from the OpenPedCan repository37 on CAVATICA which includes updated Pedi

atric Brain Tumor Atlas (PBTA) data. Data were downloaded as collapsed gene expression quantification matrices in transcripts per 

million (TPM) along with accompanying clinical and diagnostic data for molecular subtype classification. For the analysis of subtypes, 

only the initial diagnostic samples were used, and when multiple samples were present for a particular patient, only one was selected. 

High-grade glioma included all grade 3 and 4 tumors including DIPG, DMG, and DHG. Infant-type gliomas were excluded from the 

analysis. Bulk RNA-seq PBTA samples were then deconvoluted using CIBERSORTx.97 Our scRNA-Seq data annotated with 

neoplastic cell states and normal cell types was used as a reference for deconvolution. The reference populations included the known 

normal cell types established in Figure 1: mature oligodendrocytes, mature neurons, T cells, myeloid cells, vascular cells (i.e., com

bined endothelial cells and pericytes) and the neoplastic cell states established in Figure 2. CIBERSORTx was run with ‘‘S-mode’’ 

batch correction to make the single cell gene expression signature more closely resemble the bulk RNA-seq data. In 

CIBERSORTx, predicted cell abundances are converted to proportions such that they sum to unity. For the deconvolution of the 

cell line bulk RNA-seq data, a reference was constructed using only the neoplastic cell states, and CIBERSORTx was run with 

the same parameters as above.
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QUANTIFICATION AND STATISTICAL ANALYSIS

No statistical method was used to predetermine sample size. All available longitudinal specimens at the Children’s Hospital of Phil

adelphia meeting the inclusion criteria were profiled, and all data meeting standard QC thresholds were included. The Investigators 

were not blinded to allocation during genomics profiling and assessment of patient data. Randomization and blinding were used for 

all in vitro experiments. The two-sided Wilcoxon signed-rank test for paired samples was used to compare percentages of cell initial 

resection and post-therapy specimens unless otherwise specified. As the Wilcoxon test is non-parametric, we did not formally test 

for normality of the data. The Fisher’s exact test was used to assess for recurring copy number alterations in the tumor subclone 

analysis, and a hypergeometric test was used to assess cell type enrichment in spatial neighborhoods. Both were adjusted for mul

tiple hypothesis testing via the Benjamini-Hochberg method. The Wilcoxon rank-sum test was used to identify differentially ex

pressed genes and differentially accessible transcription factor motifs and adjusted using the Bonferroni correction. Distance anal

ysis in CODEX data was conducted using a one-sided permutation test. In all cases, boxplots indicate median value, hinges mark the 

25th and 75th percentiles, and whiskers extend 1.5 times the interquartile range.
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