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SUMMARY
Treatment failure for the lethal brain tumor glioblastoma (GBM) is attributed to intratumoral heterogeneity and
tumor evolution. We utilized 3D neuronavigation during surgical resection to acquire samples representing
the whole tumor mapped by 3D spatial coordinates. Integrative tissue and single-cell analysis revealed sour-
ces of genomic, epigenomic, andmicroenvironmental intratumoral heterogeneity and their spatial patterning.
By distinguishing tumor-widemolecular features from thosewith regional specificity, we inferredGBMevolu-
tionary trajectories from neurodevelopmental lineage origins and initiating events such as chromothripsis to
emergence of genetic subclones and spatially restricted activation of differential tumor and microenviron-
mental programs in the core, periphery, and contrast-enhancing regions. Our work depicts GBM evolution
and heterogeneity from a 3D whole-tumor perspective, highlights potential therapeutic targets that might
circumvent heterogeneity-related failures, and establishes an interactive platform enabling 360� visualization
and analysis of 3D spatial patterns for user-selected genes, programs, and other features across whole GBM
tumors.
INTRODUCTION

Pathologists have long observed intratumoral heterogeneity in

glioblastoma (GBM), coining the original name ‘‘glioblastoma

multiforme’’ to reflect the diverse cellular forms they observed.

Treatment failure in GBM is often attributed to intratumoral het-

erogeneity, as it provides diversity upon which selection can

act to foster outgrowth of treatment-resistant clones.1–3 Intratu-

moral heterogeneity can occur in many forms—from mutations

and structural variants to differences in chromatin landscapes

and transcriptional regulation. Intratumoral heterogeneity also

encompasses nonmalignant cells in the tumor microenviron-

ment, including neuronal, glial, and immune populations that

may functionally interact with malignant cells and contribute to

tumor evolution. The extent of intratumoral heterogeneity in

GBM and nearly all solid tumors remains unknown as most
446 Cell 187, 446–463, January 18, 2024 ª 2023 Published by Elsevi
studies, including those led by The Cancer Genome Atlas

(TCGA),4–7 rely on evaluation of single-tissue biopsies per pa-

tient. Intratumoral heterogeneity posesmajor challenges to inter-

pretation of these studies as determinations of mutational fre-

quency, transcriptional state, etc. are dependent upon the

region sampled and unlikely to be representative of the whole tu-

mor. For example, GBM molecular subtypes initially proposed

for interpatient classification and personalized medicine6 were

later found to differ amongst samples from the same tumor8,9

and to reflect transcriptional output not only of malignant cells,

but also of nonmalignant cells admixed in tissue biopsies.10

While single-cell and spatial transcriptomic technologies distin-

guish malignant cells from microenvironmental cell types, they

are also typically based on single-tissue biopsies and lack

context within the whole tumor. As sparse sequencing reads

are obtained from individual cells, cells are typically grouped
er Inc.
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Figure 1. 3D spatial sampling reveals patterns of GBM infiltration and clonal expansion

(A) 3D model shows sample locations in context of the whole-tumor (yellow) and contrast-enhancing lesion (green). The number of samples with high-quality

whole-exome sequencing (WES), RNA-seq, Hi-C, and tissue and/or single-nucleus (sn-) ATAC-seq datasets is shown.

(B) Purity (c) of samples located within (n = 78) or outside (n = 18) contrast-enhancing (CE) tumor regions, colored by patient.

(C) Calculation of relative distance from centroid (d) using measurements of minimum sample distance to tumor centroid (dC) and periphery (dp) (left) and as-

sociation with purity (c) (right, legend as in 1B).

(D) 3D models showing low-purity samples P521_5, (c = 0.03), P521_6 (c = 0.06), and P457_7 (c = 0.03).

(E) Schematic illustrating inference of evolutionary trajectories by whole-tumor sampling.

(F) Phylogenetic tree and 3Dmodel for P530 show that samples 1–9 (subclone-A) are located in the temporal region and samples 10–19 (subclone-B) in the frontal

region. Samples marked * have purity <0.5.

(G) Phylogenetic tree and 3D model for P529 show that samples 3, 4, 6, 8 (subclone-A) and samples 1, 2, 5, 7, 9, and 10 (subclone-B) are spatially intermixed.

(H) Distances between sample pairs (mm) from the same or different genetic subclone for P529 and P530.
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and assigned to ‘‘states.’’11–15 Intratumoral heterogeneity and

capacity for evolution are evident as cells from the same tumor

are present in different states and show ‘‘plasticity,’’ or the ability

to transition between states.12,16,17 Much remains to be learned

of these states, including their molecular drivers, the extent to

which they are heterogeneous across whole tumors, and mech-

anistic underpinnings of plasticity. Moreover, despite decades of

analyses, the truncal genetic events for each tumor are not

defined beyond those commonly shared across patients and

much is unknown regardingmacro-scale patterns of epigenomic

programs and microenvironments across whole tumors.

To directly characterize intratumoral heterogeneity in whole

GBM tumors, we collaborated with neurosurgeons and a multi-

disciplinary clinical team to design a novel 3D spatial sampling

approach. For 10 patients with newly diagnosed, treatment-

naive IDH-wildtype (WT) GBM (CNS WHO grade 4), we utilized

3D surgical neuronavigation to safely acquire 103 spatially map-

ped samples representing maximal tumor diversity each map-

ped by 3D spatial coordinates. We integrated these coordinates

with pre-operative MRI scans to generate 3D models enabling

360� visualization of sample locations in context of the brain

and whole tumor, distinguishing contrast-enhancing (CE) re-

gions (Figure 1A; Table S1). We interrogated samples with a

complementary and cross-validating set of genomic and epige-
nomic sequencing assays applied to tissue and/or single cells.

Integrative analysis provided a 3D-spatially resolved view of

GBM heterogeneity, redefining current understanding and un-

veiling insights into its earliest origins, evolution, and vulner-

abilities. Our 3D spatial map of GBM is publicly accessible on

an interactive online platform (https://3d-gbms.shinyapps.io/

search/) that enables 360� visualization of user-selected fea-

tures, enabling interrogation of their intratumoral heterogeneity

and selection of pan-tumor targets that may avoid heterogene-

ity-related treatment failures.

RESULTS

3D spatial sampling reveals patterns of GBM infiltration
and clonal expansion
The infiltrative nature of GBM poses surgical challenges as ma-

lignant cells beyond resection margins give rise to recurrences.

To examine the spatial distribution of malignant cells within

whole tumors, we utilized WES-derived copy number data to

quantify the proportion of malignant cells in each sample (‘‘pu-

rity’’ or c). Sample purity spanned a full range (mean c = 0.63,

range 0–0.985). Although surgical resection sometimes focuses

within borders of CE regions, we found no significant difference

in purity between samples from CE and non-CE regions
Cell 187, 446–463, January 18, 2024 447
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Figure 2. Oncogene amplification and tumor suppressor deletion on the whole-tumor scale

(A) WES-derived copy number (CN) for all amplifications detected across patients. Red dotted line indicates CN = 2 (diploid). Samples marked * have purity <0.5.

(B) ATAC-seq and Hi-C-derived copy number variant (CNV) tracks in a patient without MDM4 amplification (P519) and two patients with tumor-wide MDM4

amplification (P498 and P521). The P519 ATAC-seq track with 10X magnification is also shown.

(C) Hi-C maps comparing samples with (P529_1, upper-right) and without (P529_6, lower-left) EGFR amplification. Map with normalized signal also shown.

(D) 3D model showing tumor-wide NFASC::OPTC fusion transcript in P498. RNA-seq track shows increased expression of NFASC and OPTC exons included in

the fusion.

(E) 3D models showing EGFR versus PDGFRA amplification in P521.

(F) 3D model showing loss of PTEN in temporal region of P530.

(G) Hi-C map at PTEN locus comparing representative samples from P530 frontal (P530_18, upper right) and temporal (P530_2, lower left) regions. CNV, ATAC-

seq, and Hi-C loop tracks are shown below.

(legend continued on next page)
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(Figure 1B). Malignant cells are thus extensively infiltrated

beyond CE regions, providing a molecular basis for the addi-

tional survival benefit observed from maximal resection of CE

and non-CE regions.18,19 We examined whether distribution of

malignant cells followed a radial growth model but found no rela-

tionship between purity and relative distance (d) of each sample

between the MRI-defined tumor centroid (0) and periphery (1)

(Figure 1C). We also calculated inter-sample distances and

found that purity differences were only modestly associated

with distance between samples (Figure S1A; Table S2). Thus,

malignant and nonmalignant cells are intermixed throughout

GBM tumors from centroid to periphery. Some low-purity sam-

ples were located at or beyond the tumor periphery, but had

detectable oncogene amplifications revealing malignant cell

infiltration into the surrounding brain (Figures 1D and S1B).

Some samples from CE regions in the tumor core also had low

purity and contained regions of necrosis (Figures 1D and S1C).

Whole-tumor sampling enables inference of evolutionary tra-

jectories as genomic alterations and programs detected tumor

wide represent cell-of-origin or the initial clonal expansion while

those with intratumoral heterogeneity represent later events

(Figure 1E). We constructed phylogenetic trees that distin-

guished truncal mutations from branch mutations present in

only one or a subset of samples and we grouped mutations

from each patient into putative clonal clusters20 (Figures S1D

and S1E; Table S3). In several patients, we found that multiple

clonal expansions occurred concurrently and resulted in forma-

tion of genetic subclones. Samples from P530 split into two ge-

netic subclones located in distinct masses in the left temporal

and frontal regions of the brain (Figures 1F, S1F, and S1G).

Samples from the same subclone were 2.8cm apart on average

while samples from different subclones were 8.4cm apart.

While samples from P529 also split into two genetic subclones,

they were spatially intermixed with samples from the same sub-

clone no more physically close (average 1.8cm) than samples

from different subclones (average 1.6cm) (Figures 1G, 1H,

and S1H). Our 3D spatial approach thus allows us to estimate

physical sizes of genetic subclones and their relative orienta-

tions within whole tumors. We find that clonal expansions in

GBM occur in divergent manners—from independent, spatially

restricted outgrowth into distant brain regions to concurrent

growth and infiltration of subclones into each other in the

same region.

Oncogene amplification and tumor suppressor deletion
on the whole-tumor scale
Oncogene amplifications are major drivers in GBM and occur

principally on extrachromosomal (ec) DNA on which regulatory

elements are retained.21–25 We detected oncogene amplifica-

tions by high copy number (Figures 2A and S2A) and high levels

of accessible chromatin and physical chromatin interactions

with preservation of underlying structures (Figures 2B, 2C,
(H) ATAC signal at PTEN promoter and expression of PTEN, FAM35A, and RNL

evaluated by T-tests.

(I) 3D model shows loss of CDKN2A in all P530 samples except P530_10 (c = 0.

(J) Same as (G) for CDKN2A locus.

(K) Same as (H) for MTAP promoter and MTAP and KLHL9 expression.
and S2B). MDM4 amplifications were detected tumor wide in

two patients, indicating that they likely occurred early in tumor

evolution (Figure 2A). The MDM4-amplified region in P498 had

breakpoints within OPTC and NFASC (Figure 2B) and gave

rise to NFASC::OPTC fusion transcripts present tumor wide

(Figure 2D). EGFR was amplified in five patients, with two

showing intratumoral heterogeneity. In P529, EGFR was ampli-

fied only in subclone-B (Figure 1G), indicating that it was not

involved in early tumorigenesis but co-occurred with TP53 mu-

tation to drive subclonal outgrowth. In P521, EGFR ampli-

fication was high in the tumor region containing samples 1–4,

while amplification of another oncogenic tyrosine kinase

PDGFRA was high in the tumor region containing samples 6–

8 (Figures 2E and S2C). MYCN was amplified in P475 and

showed intratumoral heterogeneity. MYCN amplification is

frequent in the variant of IDH-WT GBM with primitive neuronal

component26,27, histological features of which were identified

in this patient (Figure S2D). However, this amplification was

not detected in the diagnostic biopsy sample analyzed by our

clinical NGS panel, highlighting limitations of single-tissue bi-

opsies for clinical diagnostics in the context of GBM intratu-

moral heterogeneity.

Tumor suppressor deletions are also critical GBM driver

events. PTEN showed focal deletion only in P530 samples

from the temporal region (Figures 2F and S2E). Interestingly,

de novo loop formation across deletion breakpoints caused

enhancer hijacking, resulting in upregulation of FAM35A

and RNLS specifically in the temporal region (Figures 2G

and 2H). CDKN2A underwent homozygous deletion across

the whole P530 tumor, but the deletion in the temporal region

was larger (�690kbp) than the frontal region (�395kbp)

(Figures 2I and 2J). Although the larger deletion in the tempo-

ral region caused loss of MTAP, de novo loop formation

across deletion breakpoints caused enhancer hijacking and

upregulation of KLHL9 (Figure 2K). Tumor suppressor deletion

thus reshapes both the GBM genome and epigenome and can

occur independently and concurrently in different regions of

the same tumor, manifesting in multiple forms of intratumoral

heterogeneity.

Structural variants disrupt the genome and epigenome
to drive GBM evolution
As structural variants (SVs) induce de novo chromatin interac-

tions, we utilized Hi-C datasets to systematically identify

SVs28–30 (Table S4). We identified five cases of chromothrip-

sis31,32 spanning �3–60Mb where SVs clustered closely

together. In P524, chromothripsis occurred at the CDKN2A lo-

cus, indicating that it was responsible for deletion of this tumor

suppressor. Chromothripsis created fusion genes, including

SLC24A2::MLLT3 and TESK1::TRMT10B, which were in-frame

and present in all samples except one with low purity (P524_1,

c = 0.04) (Figures 3A and 3B). In P529, chromothripsis occurred
S in samples from the temporal versus frontal region. Statistical significance

49).

Cell 187, 446–463, January 18, 2024 449
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Figure 3. Structural variants massively disrupt the genome and epigenome at multiple stages of GBM evolution

(A) Hi-C maps show chromothripsis on chr9 in P524_9 (upper right, c = 0.89), but not in low-purity sample P524_1 (lower left, c = 0.04). RT-PCR and Sanger

sequencing validate presence of MLLT3::SLC24A2 and TESK::TRMT10B fusion transcripts in all samples except P524_1 (NTC = no template control).

(B) Reconstruction of Hi-C maps at MLLT3::SLC24A2 fusion junction reveals aberrant interactions across deletion breakpoints.

(C) Hi-Cmaps show chromothripsis on chr13 (left) and chr19 (right) in P529_1 and P529_6. Fusion transcriptsRB1::LINC004411 and TTYH1::FOSB (bottom band)

are present in all P529 samples.

(D) Hi-C maps show chr9 inversion in P529_6 (arrow), but not in P529_1. TSC1-CDKN2B-AS1 fusion transcript is present only in samples 3, 4, 6, 8 (upper band).

(E) Reconstruction of Hi-C maps at both ends of chr9 inversion.

(F) Inter-chromosomal Hi-C maps for P529_6 versus P529_1. The chr1:3 translocation creating the EPS15::CRYBG3 fusion is present in both samples while the

chr3:6 translocation creating the LACE1::TIGIT fusion is present only in P529_6.

(G) Mutation-based phylogenetic tree for P529 (Figure 1G) labeled with additional tumor wide and subclonal genomic alterations.

(H) BCR::NTRK2 fusion transcript detected in all P503 samples except those with low purity (P503_1 c = 0.00, P503_2 c = 0.03).

(I) EGFR-SEPT14 fusion transcript is detected only in two samples from P498.

(J) MHC-I presentation predictions by MHCflurry and HLAthena for fusion-derived peptides in P529. Candidates passing both algorithms are highlighted for RT-

PCR validated fusions.
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on chr13 and on chr19 (Figure 3C). The chr13 event was

centered on the RB1 tumor suppressor and created out-of-

frame RB1::LINC00441 fusion transcripts, while the chr19 event
450 Cell 187, 446–463, January 18, 2024
fused TTYH1, which is recurrently involved in fusions driving

embryonal brain tumors33, with FOSB, a component of the

AP-1 transcription factor. Both fusion transcripts were
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expressed in all P529 samples. Chromothripsis in P475 (chr17)

and P519 (chr16) also created fusion transcripts present tumor

wide (Figure S3A). Thus, chromothripsis is one of the

earliest driver events in GBM evolution. Despite their tumor-

wide presence and impact on clinically important genes, no

chromothripsis events were discovered by our clinical NGS

panel presumably due to breakpoints in introns.

Other SVs showed intratumoral heterogeneity, indicating that

they occurred later in tumor evolution or represented one of mul-

tiple early, contemporaneously evolving clonal expansions. In

P529, CDK2NA was the breakpoint of a 110Mb inversion

that spanned 78% of chr9 (Figures 3D and 3E). The inversion

and resulting TSC1::CDKN2B-AS1 fusion were detected only

in subclone-A and were likely selected due to simultaneous

inactivation of CDKN2A and TSC1, another glioma tumor sup-

pressor.34 We also identified translocations, which were visible

on Hi-C contact maps as aberrant inter-chromosomal interac-

tions. In P529, a chr1:3 translocation creating an EPS15::

CRYBG3 fusion was present tumor wide, while a chr3:6 translo-

cation creating a LACE1::TIGIT fusion was present only in sub-

clone-A (Figures 3F, S3B, and S3C). Thus, two chromothripsis

events and the chr1:3 translocation occurred early in evolution

of this tumor, while the chr9 inversion and chr3:6 translocation

occurred specifically in the subclone lacking TP53 mutation

and EGFR amplification (Figure 3G). The degree of heterogeneity

between these subclones is remarkable given their spatial inter-

mixing and cautions against extrapolation from individual sam-

ples to the whole tumor. We also identified translocations in

other patients, including one specific to the frontal region of

P530 (Figures S3D and S3E). SVs thus disrupt the genome and

epigenome at multiple stages of GBM evolution, driving either

early tumorigenesis or subclonal outgrowth and intratumoral

heterogeneity.

GBM structural variants create fusion transcripts and
precision therapeutic opportunities
As SV-induced fusion genes are specific to malignant cells,

they provide opportunities for therapeutic intervention.35,36

We identified an in-frame translocation-induced BCR::NTRK2

fusion that can be targeted by FDA-approved kinase inhibitors

larotrectinib or entrectinib (Figure 3H). This fusion represented

a tumor-wide vulnerability and therapeutic opportunity but

was unfortunately missed by our clinical NGS panel due to

breakpoints outside exons. The only fusion recurrently identi-

fied in our cohort EGFR::SEPT1435 was subclonal in each

case, limiting its therapeutic potential (Figure 3I; Table S4).

From an immunotherapeutic perspective, fusion-derived pep-

tides or mRNA may serve as neoantigens for personalized

vaccines.37,38 To explore this potential, we identified each

patient’s MHC variants and applied two algorithms to

predict MHC-specific binding.39,40 Fusions from each patient,

including validated tumor-wide fusions EPS15::CRYBG3,

RB1::LINC00441, and TTYH1::FOSB from P529, were pre-

dicted to generate peptides presented by MHC-I (Figures 3J

and S3F). These findings suggest unrealized clinical value of

searching for tumor-wide fusion transcripts in patients upon

diagnosis as they help identify clinically important SVs and

present therapeutic opportunities ranging from targeted inhibi-
tion of fusion oncoproteins to potential neoantigens for preci-

sion immunotherapies.

Transcriptomic heterogeneity in 3D spatially defined
GBM microenvironments
We sought to investigate the full diversity and spatial relation-

ships of GBM transcriptomic programs in their native context

within whole tumors. We first analyzed gene expression profiles

of spatially mapped samples in context of the original molecular

subtypes defined using the TCGA-GBM cohort6 (Figure 4A;

Video S1). Although these subtypes were initially proposed for

interpatient classification, only one patient (P500) showed

consistent enrichment of the same subtype across samples.

Samples classified as proneural and classical had high purity,

while samples classified as mesenchymal and neural had mixed

and low purity respectively (Figure 4B). Neural and proneural

samples were located close to the periphery, while classical

and mesenchymal samples were located closer to the tumor

core. The low-purity sample located outside the periphery

P521_5 (c = 0.03) was classified as neural, consistent with this

subtype primarily representing transcriptional programs of

normal cell types present in the brain.10 Individual genes defining

each subtype showed variable expression across samples (Fig-

ure S4A), indicating that these subtypes consisted of amalgam-

ations of genes from diverse transcriptional programs and/or cell

types that could be activated separately or in conjunction with

each other.

To more precisely define GBM transcriptomic programs, we

performed unsupervised covariation analysis as described pre-

viously in human brain tissues.41 Using RNA-seq data from

spatially mapped samples, we derived modules (R_) each con-

sisting of a unique set of co-expressed genes (Figure 4C;

Table S5). We annotated modules by enrichment analysis and

calculated correlations between average module expression

and sample purity (Rj) and relative sample distance between

centroid and periphery (Rd). Modules represented both tumor

and microenvironmental programs, collectively capturing exten-

sive transcriptomic heterogeneity. Programs corresponding to

oligodendrocytes (R_brown, Rj �0.82), astrocytes (R_plum, Rj

�0.51), and neurons (R_orangered3, Rj �0.48) were expressed

in low-purity neural samples (Figure 4D). Their relative expres-

sion varied, revealing that some—such as P503_2 (c = 0.03)—

contained mainly astrocytes and oligodendrocytes, while

others—such as P503_1 (c = 0.00)—also contained neurons

(Figures 4C and S4B). Modules with strong spatial preference to-

ward the tumor periphery (R_lightcoral Rd +0.44, R_darksea-

green4 +0.40, and R_pink +0.39) were enriched for neuronal sig-

natures and were expressed in neuron-containing samples such

as P503_1 but also in proneural samples containing almost

exclusively tumor cells such as P530_6 (c = 0.97) (Figures 4E

and S4C). These modules represent tumor cell hijacking of

neuronal programs as described in context of glioma-neuron

synaptic communication and formation of neurite-like tumor mi-

crotubes.42–44 The top-ranked gene in R_darkseagreen4

FRRS1L is critical for biogenesis and function of AMPA recep-

tors,45,46 which are implicated in electrochemical communica-

tion at neuron-glioma synapses.42,44 Other R_darkseagreen4

genes, including neuroligin NLGN2 and neurexins NRXN1,
Cell 187, 446–463, January 18, 2024 451
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Figure 4. Transcriptomic heterogeneity in 3D spatially defined GBM microenvironments

(A) 3D models show samples colored by subtype with highest average expression. Heatmap shows average expression for all subtypes with annotations for

sample purity (c) and relative distance from centroid (d).

(B) Purity (c, above) and relative distance from centroid (d, bottom) for samples classified by subtype.

(C) Heatmap shows average expression of genes in each RNA module (R_) across samples annotated by purity (c), relative distance from centroid (d), and

subtype. Variance across samples is shown for each module with annotations for number of constituent genes, top result from enrichment analysis, and cor-

relations with sample purity (Rj) and relative distance from centroid (Rd).

(D) Average expression of R_brown (oligodendrocyte), R_plum (astrocyte), and R_orangered3 (neuron) modules across samples colored by subtype (legend

as in 4C).

(E) Average expression of R_lightcoral versus relative sample distance from centroid (d), colored by subtype.

(F) Representative images of tumor targets from P521_2 and P529_9 with immunostaining for T cells (CD3, red), microglia/macrophages (Iba1, green), and a

marker of immunosuppressive alternatively activated microglia/macrophages (CD163, white). Nuclei are stained with DAPI (blue) and bar denotes 50 mm.

(G) Average expression of R_midnightblue, R_plum2, R_plum3, and R_darkred across samples colored by subtype.

(H) 3D model for P530 shows average expression of R_plum2 across samples.

(I) Average expression of R_darkred in samples from contrast-enhancing (CE) and non-CE regions, colored by subtype.

(J) Summary figure showing AP-1-driven mesenchymal differentiation programs active in tumor cells, microglia, and stromal cells.
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NRXN2, and NRXN3, also have roles in synapse formation (Fig-

ure S4D).RUSC1, the top-ranked gene forR_lightcoral, encodes

a signaling adaptor that promotes neurite outgrowth47 and may

contribute to formation of neurite-like tumor microtubes. We

thus reveal that neuronal hijacking occurs specifically at the
452 Cell 187, 446–463, January 18, 2024
GBM periphery and delineate specific hijacked genes, including

novel potential contributors to glioma-neuron communication

and microtube formation for further investigation.

Whole-tumor transcriptomic analysis revealed programs that

are active in GBM immune microenvironments. R_blue was



Figure 5. Neurodevelopmental programs reflect GBM lineage origins and contribute to heterogeneity

(A) Average expression of R_turquoise versus sample purity (c) colored by patient. Venn diagram shows overlap of R_turquoise constituent genes with the

IPC.div2 signature; top-ranked genes within overlap are shown.

(B) Schematic illustrating differentiation of radial glia (RG) and outer radial glia (oRG) through intermediate progenitor cells (IPCs) to oligodendrocyte precursor

cells (OPCs) or neurons. PTPRZ1 is expressed through oRG differentiation to OPCs.

(C) Average expression of R_brown2, R_maroon, and R_ivory by sample purity (c) colored by patient. Linear model shown separately for P475 (brown) and

remaining 9 patients (gray).

(D) Drivers of neuronal fate specification identified by STRING network analysis of R_ivory constituent genes.

(legend continued on next page)
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strongly enriched for signatures of microglia (Figure 4C), the pri-

mary innate immune cells of the brain,48 containing canonical

markers AIF1 (Iba1) and TMEM119. We also identified modules

corresponding to immunologically ‘‘hot’’ and ‘‘cold’’ microenvi-

ronments: R_greenyellow contained interferon signaling and

T cell markers (Figure S4E), while R_midnightblue contained ca-

nonical markers of immunosuppressive alternately activated

‘‘M2’’ macrophages CD163, IL10, and MSR1. Both were en-

riched toward the tumor core (Rd = �0.30 and �0.29, respec-

tively). Samples with high R_greenyellow expression, such as

P521_2, were infiltrated by Iba1+ microglia and CD3+ T cells,

while samples with high R_midnightblue expression, such as

P529_9, were infiltrated by immunosuppressive Iba+/CD163+

microglia (Figure 4F). Analysis of GBM single-cell RNA-seq

data49 confirmed R_greenyellow expression in T cells and

R_midnightblue expression in myeloid cells (Figure S4F). Impor-

tantly, these modules reveal known and many novel potential

contributors to GBM immune activation and to creation of the

immunosuppressive environment to which immunotherapy fail-

ure is attributed. R_greenyellow includes PD-1 receptor

PDCD1, PD-1 ligand PDCD1LG2, and butyrophilin genes, which

elicit T cell activation and are proposed immunotherapy tar-

gets.50 R_midnightblue includes S100A4, which promotes

immunosuppression and is a proposed glioma immunotherapy

target;49 SIGLEC7/9, which is implicated in tumor evasion of im-

mune surveillance;51 and LRRC25, which inhibits IFN and NF-kB

signaling52,53 but has yet to be investigated in cancer.

Mesenchymal differentiation in GBM is associated with

increased aggressiveness, but debate continues on whether

the signature is intrinsically captured in malignant cells or is a

byproduct of the immune microenvironment.54 R_midnightblue

was enriched for the original mesenchymal signature from bulk

RNA-seq6 (Figure 4C), indicating that immunosuppressive mi-

croglia were present in regions undergoing mesenchymal dif-

ferentiation and contributed to overall transcriptional output.

R_midnightblue genes included OSM, which mediates immune

cell induction of mesenchymal GBM states.55 Three other mod-

ules were also preferentially expressed in mesenchymal sam-

ples (Figure 4G). R_plum2 was enriched for tumor cell-intrinsic

injury response and MES1 signatures12,14 (Figure S4G) and was

preferentially expressed toward the core (Rd = �0.23), including

in spatially distant cores of P530 temporal and frontal regions

(Figure 4H). R_plum2 genes—including SAA1, a clinical indica-

tor of inflammation, and SOD2, a constituent of apoptotic

signaling and oxidative stress—were highly expressed in ne-
(E) Immunohistochemical staining for TTF-1 and PTPRZ1 protein in representat

neuronal component (P475 and P565) and one without (P530). Bar denotes 30mm

(F) Schematic showing derivation and annotation of RNA (R_), Linkage (L_), and

(G) Heatmap showing average ATAC-seq signal for ATAC (A_) and linkage (L_) mod

and subtype. Variance across samples is shown for all modules annotated by num

sample purity (Rj) and relative distance from centroid (Rd).

(H) Average ATAC signal for L_navajowhite1 by sample purity (c) colored by p

tients (gray).

(I) Transcription factor footprinting identifies NEUROD1 binding sites within A_

enhancer. Merged ATAC-seq track for P500 samples is shown.

(J) NEUROD1 gene expression for samples from all patients, including P565.

(K) Summary of distinct mechanisms of NEUROD1 activation in GBM from the c

(P475 and P565).
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crosis-containing sample P529_7 located close to the core.

R_plum3 was enriched for the tumor cell-intrinsic MES2 signa-

ture12 and included markers of GBM hypoxia response and

glycolysis as well as pro-angiogenic factor VEGFA (Figure S4H).

R_plum3 was negatively correlated with R_blue (�0.45), indi-

cating expression in regions depleted of microglia (Figure S4I).

R_darkred contained genes involved in extracellular matrix or-

ganization and markers of GBM cancer-associated fibro-

blasts56 (Figure S4J), including proposed therapeutic target

COL1A1.57 R_darkred was significantly enriched in CE regions

(Figure 4I), including in multivariable analysis controlling for pu-

rity and relative distance from centroid (p < 5.9 x 10�8). Thus,

transcriptomic programs with different cellular origins and

spatial proclivities collectively contribute to GBM mesenchymal

differentiation.

To study regulatory mechanisms underlying transcriptomic

programs, we conducted motif analysis on promoter and

enhancer ATAC-seq peaks linked to genes from each module

(Table S5). PU.1 was most enriched for R_blue, consistent with

its role in the myeloid lineage,58 while interferon-sensitive

response element (ISRE) was most enriched for R_greenyellow.

Remarkably, AP-1 was most enriched for R_midnightblue,

R_plum2, R_plum3, and R_darkred. AP-1 is thus a critical medi-

ator of multiple aspects of GBM mesenchymal differentiation,

including creation of an immunosuppressive microenvironment,

tumor cell responses to injury and hypoxia, and physical reshap-

ing of the extracellular matrix (Figure 4J).

Neurodevelopmental programs reflect GBM origins and
contribute to heterogeneity
Transcriptomic analysis identified neurodevelopmental pro-

grams active tumor wide that provided insight into GBM lineage

origins. R_turquoise was strongly correlated with sample purity

(Rj = +0.82), indicating that it was expressed in malignant cells

across all patients in our cohort (Figure 5A). It was also the mod-

ule most strongly correlated with purity across 136 primary IDH-

WT GBM patients in the TCGA cohort5,6(Figure S5A). R_tur-

quoise was enriched for the signature of dividing intermediate

progenitor (IPC) cells from the developing brain59 (Figure 4C).

Top-ranked genes included mitotic kinesin and checkpoint pro-

teins—KIF18A, KIF14, TTK, SKA1, and BUB1—all of which are

also expressed in dividing IPC cells59 (Figure 5A). The dividing

IPC program thus drives unchecked proliferation in GBM. Of

note, KIF18A is implicated as a vulnerability in chromosomally

unstable cancers and targeted inhibitors have been tested
ive tumor tissue sections from two patients with IDH-WT GBM with primitive

.

ATAC (A_) modules from transcriptomic and chromatin landscape datasets.

ules across samples annotated by purity (c), relative distance from centroid (d),

ber of constituent peaks, top result from motif analysis, and correlations with

atient. Linear model shown separately for P475 (brown) and remaining pa-

darkseagreen3 peaks at the NEUROD1 promoter and an intronic NEUROD1

ommon lineage origin (P500) versus GBM with primitive neuronal component
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in vivo.60,61 As KIF18A and other R_turquoise genes are ex-

pressed tumor wide, they represent viable opportunities for ther-

apeutic targeting with minimal risk of heterogeneity-related

failures.

Outer-radial glia (oRG) areneural stemcells in theouter subven-

tricular zone that produce either oligodendrocyte precursor cells

(OPCs) or neurons through distinct transit-amplifying IPCs62,63

(Figure 5B). R_brown2 and R_maroon were enriched for oRG

and OPC signatures respectively. PTPRZ1, which is expressed

through oRG differentiation to OPCs,63 was a top-ranked gene

(#5) in R_maroon along with its ligand PTN (#12). PTPRZ1, PTN,

and other R_maroon genes were robustly expressed and in the

open ‘‘A’’ chromatin compartment in high-purity samples, such

as P524_9 (c = 0.89), but were silenced and in the closed ‘‘B’’

compartment in low-purity samples, such as P524_1 (c = 0.04)

(Figure S5B). Given the importance of chromatin architecture in

differentiation,64 these findings are consistent with GBM origi-

nating along the lineage trajectory of oRG differentiation to

OPCs. oRG-likepopulationsexhibitingPTPRZ1-mediatedmitotic

somal translocation have been described in human GBMs65 and

PTPRZ1 is aproposed therapeutic target66,67 forwhichour results

provide tumor-wide support.

Notably, R_brown2 and R_maroon expression were low in all

samples from P475, the GBM with a primitive neuronal compo-

nent (Figure 5C). This GBM variant has yet to be characterized

at the transcriptional level, and little is known of the molecular

basis underlying its distinct histological features. We identified

R_ivory as specific to P475 and highly correlated with purity, indi-

cating activation across tumor cells (RjP475 = +0.93, Figure 5C).

R_ivory genes included NKX2-1 (which encodes the TTF-1

marker specific to this GBM variant27), a network of transcription

factors key for neuronal fate specification, including NEUROG2

and NEUROD4 (Figure 5D), as well as markers of IPC differenti-

ation to neurons such as PPP1R17 and NHLH2.68 Taken

together with specific absence of oRG and OPC signatures,

these findings implicate origin in distinct neurodevelopmental

lineages as a molecular basis of differences observed in this

GBM variant. To assess generalizability of these findings, we

analyzed a high-purity sample (c = 0.97) from a second patient

diagnosed with this GBM variant (P565) and found robust

expression of R_ivory and absence of R_brown and R_maroon

(Figure S5C). Immunostaining confirmed presence of TTF-1

and absence of PTPRZ1 protein in both P475 and P565 (Fig-

ure 5E). Our whole-tumor transcriptome analysis thus elucidates

neurodevelopmental lineage origins of GBMs, including a diver-

gent lineage that gives rise to the GBM variant with primitive

neuronal component.

Unexpectedly, transcriptomic analysis identified a program

R_red that was enriched for choroid plexus and ependymal sig-

natures. Many of its 376 constituent genes encoded compo-

nents of motile cilia (Figure S5D), which are present on ependy-

mal cells that line the choroid plexus and function in circulation of

cerebrospinal fluid. Promoters and enhancers linked to R_red

genes were enriched for the binding motif of RFX transcription

factors (p < 1 3 10�61) (Table S5), which control ciliogenesis in

ependymal cells.69 We considered the possibility that samples

with high expression of R_red contained choroid plexus tissue

but found no evidence by histology. These samples were
spatially distant from brain ventricles (Figure S5E) and tended

to be high purity (Rj = +0.34), indicating that this program was

aberrantly expressed in malignant cells. R_red expression was

also restricted to specific genetic subclones such as subclone-

A in P529 (Figure 3G) and frontal samples in P530. Thus, malig-

nant GBM cells may aberrantly activate RFX-mediated expres-

sion of choroid and cilia programs in the course of tumor

evolution.

As programs reflecting cell lineage and transcription factor ac-

tivity are encoded in chromatin, we sought to directly charac-

terize chromatin landscapes across whole GBM tumors. We

applied unsupervised covariation analysis to ATAC-seq data

from the same samples focusing on the 20% most variable

peaks (A_), as well as the subset of peaks we characterized as

promoters or enhancers linked to one or more genes (L_)

(Figures 5F and S5F). We defined modules consisting of up to

several thousand co-accessible peaks, collectively capturing in-

ter- and intratumoral heterogeneity in GBM chromatin land-

scapes (Figure 5G; Table S6). These chromatin analyses rein-

forced and extended findings from transcriptome analysis

regarding neurodevelopmental lineage origins of GBM. ATAC

signal at L_navajowhite1 peaks was strongly correlated with pu-

rity except in P475, the GBM with primitive neuronal component

(Figure 5H). This module contained 1,364 peaks, of which 70

were linked to PTPRZ1 and 23 to LHFPL3, the top-ranked

gene in the R_maroon OPC module. P475-specific modules

A_thistle and A_plum showed strong motif enrichment for

NEUROD1 (Figure 5G), a pioneer transcription factor for

neuronal fate commitment that binds to and activates target

genes even in their closed heterochromatin states.70

NEUROD1 activation is consistent with broader activation of

neuronal fate specification programs in GBM with primitive

neuronal component (Figure 5D). Interestingly, the P500-specific

module A_darkseagreen3 was also strongly enriched for the

NEUROD1 motif (Figure 5G). A_darkseagreen3 included peaks

at the NEUROD1 promoter and an intronic NEUROD1 enhancer,

each containing NEUROD1 footprints, indicating an auto-regula-

tory loop (Figures 5I and S5G). NEUROD1 was highly expressed

in P500, as well as in P475 and P565 (Figure 5J). Thus, while

NEUROD1 activation in GBMwith primitive neuronal component

reflects lineage origins, NEUROD1 can also become aberrantly

active in GBM and contribute to heterogeneity (Figure 5K).

Intratumoral heterogeneity of GBM chromatin
landscapes at single-cell resolution
We next sought to investigate sources of intratumoral hetero-

geneity in GBM chromatin landscapes. To distinguish microen-

vironmental from tumor cell programs, we generated single-nu-

cleus ATAC-seq (snATAC) data for 10 spatially mapped

samples from 4 of the patients in our study—a total of 30,498

cells (Figure 6A; Table S7). Cells grouped by sample and

neoplastic status on UMAP projections with non-neoplastic

cells forming multiple groups representing distinct microenvi-

ronmental cell types (Figures 6B and S6A–S6C). We identified

modules corresponding to oligodendrocytes, neurons, and mi-

croglia and found that differences in cell type composition be-

tween samples were readily inferred by differences in ATAC

signal at module constituent peaks (Figures 6C and S6D). As
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Figure 6. Intratumoral heterogeneity of GBM chromatin landscapes from 3D-spatial to single-cell resolution

(A) Number of cells profiled by snATAC with UMAP projections, colored by sample.

(B) Same as (A) colored by neoplastic status.

(C) Cells with highest read-in-peak scores for modules associated with microglia (A_magenta4, A_skyblue4, L_plum2), neurons (A_thistle1; A_honeydew,

L_mediumpurple1), or oligodendrocytes (A_lavenderblush2; L_coral, A_coral).

(D) Read-in-peak scores in cell types from normal adult brain.

(E) EGFR versus PDGFRA-amplified cells from P521. Proportion of EGFR v. PDGFRA amplified neoplastic cells also shown for individual samples.

(F) Read-in-peak scores for A_plum3, A_yellowgreen, and A_coral in EGFR-amplified versus PDGFRA-amplified neoplastic cells from P521. Legend as in (E).

(G) Summary figure showing NFIA/SOX9-mediated activation of the astrocytic program and SOX10-mediated activation of the OPC program in EGFR versus

PDGFRA-amplified cells from P521.

(H) Average ATAC signal of L_salmon4 versus EGFR copy number, colored by patient.

(I) Read-in-peak scores for L_salmon4 in neoplastic cells with and without EGFR amplification from P521 and P529.

(J) Hi-C-derived A/B tracks showing ELOVL2 and NOVA1 in open ‘‘A’’ chromatin compartments only in EGFR-amplified samples P524_9 and P529_1.

(K) Read-in-peak scores for L_orangered3 in P519 and P529.
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with transcriptome analysis, modules most negatively corre-

lated with sample purity represented oligodendrocytes (A_lav-

enderblush2, Rj = �0.54, L_coral, Rj = �0.68) (Figure 5C).

While peaks from these modules were accessible only in

mature oligodendrocytes from normal adult brains,71 those

from A_coral were also accessible in OPCs (Figure 6D).

A_coral included 8 enhancers of SOX10, which has critical

roles in oligodendrocyte lineage specification and terminal dif-

ferentiation72 (Figure S6E). SOX motifs were most enriched

amongst constituent peaks of A_coral, as well as of A_laven-

derblush2 and L_coral (Figure 5G). Whole-tumor chromatin

analysis thus reveals in situ epigenomic programs and regula-

tory machinery of microenvironmental cells present in GBM tu-
456 Cell 187, 446–463, January 18, 2024
mors. While single-cell data alone is limited in defining chro-

matin landscapes due to variability introduced during cell

dissociation and sparse reads from individual cells, our combi-

nation of tissue and single-cell approaches, cross-referenced

with gene expression, establishes open chromatin landscapes

of cell types as they are in intact tumors at the resolution of in-

dividual gene regulatory elements.

Analysis of GBM chromatin landscapes further elucidated in-

tratumoral heterogeneity of tumor programs. We identified

striking intratumoral heterogeneity between P521 samples

with high EGFR versus PDGFRA amplification (Figures 2E

and 5G). Single-cell analysis revealed that these amplifications

were mutually exclusive among neoplastic cells (Figure 6E).
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EGFR-amplified cells showed activation of A_plum3, a program

normally active in astrocytes, while PDGFRA-amplified cells

showed activation of A_yellowgreen and A_coral, programs

normally active in OPCs (Figures 6D and 6F). Thus, EGFR

and PDGFRA-amplified cells differentiated along diverse glial

sub-lineages, creating heterogeneity evident both at 3D-spatial

and single-cell resolution. A_plum3 peaks were strongly en-

riched for the nuclear factor 1 motif (Figure 5G). Nuclear factor

1A (NFIA) forms a complex with SOX9 to orchestrate astrocyte-

specific gene expression while directly antagonizing SOX10 in-

duction of oligodendrocyte-specific genes.73,74 A_plum3

included clusters of peaks at SOX9 and at astrocyte-specific

genes, including ADCY2 and ADCYAP1R1 (Figure S6F). SOX9

was highly expressed in EGFR-amplified samples, while

SOX10 was highly expressed in PDGFRA-amplified samples

(Figure S6G). Taken together, these results reveal that NFIA

altered chromatin landscapes to specify EGFR-amplified cells

to the astrocytic fate while PDGFRA-amplified cells differenti-

ated toward the oligodendroglial fate (Figure 6G). As astrocyte

(AC)-like and OPC-like GBM cell states have been identified by

single-cell RNA-seq,12 we examined the relationship between

these cell states and the chromatin programs we defined.

Genes linked to A_plum3 and other NFIA-enriched modules

were highly expressed in the AC-like state, while genes linked

to A_yellowgreen and A_coral were expressed in the OPC-

like state (Figure S6H). Thus, we define open chromatin land-

scapes of different GBM cell states and reveal their 3D spatial

distributions within whole tumors. Further, we implicate NFIA/

SOX9 and SOX10 as potential mediators of transitions between

the AC-like and OPC-like cell states.

We next investigated whether any chromatin programs were

consistently associated with genomic alterations across pa-

tients. L_salmon4 was associated with EGFR-amplification at

the sample-level (Figure 6H) and at the single-cell level for pa-

tients with intratumoral heterogeneity (Figure 6I). L_salmon4

included five peaks linked to ELOVL2, which supports EGFR

signaling by regulating membrane phospholipid dynamics and

is implicated as a glioma therapeutic vulnerability.75 L_salmon4

also included four peaks linked to NOVA1, an evolutionarily

conserved splicing regulator in the developing nervous system.

ELOVL2 and NOVA1 were located in open ‘‘A’’ chromatin com-

partments specifically in EGFR-amplified samples (Figure 6J).

We thus reveal alterations in GBM chromatin landscape associ-

ated with EGFR amplification, providing support for therapeutic

targeting the ELOVL2 metabolic network and unveiling addi-

tional genes epigenetically upregulated in EGFR-amplified re-

gions for further investigation.

Finally, we characterized chromatin programs with differential

spatial enrichment across tumors.L_mediumorchidwasenriched

toward the periphery (Rd +0.39) and contained regulatory ele-

ments of genes involved in neuron projections, including 9 linked

toARPP21, which controls dendritic branching76 (Figures S6I and

S6J). Modules enriched toward the tumor core—A_lavender-

blush3 (Rd �0.48), L_lightcyan1 (�0.45), L_orangered3 (�0.36),

and L_thistle (�0.36)—all showed AP-1 or its component FOSL2

as the top enriched motif (Figure 5G). A_lavenderblush3 had 28

constituent peaks that included two enhancers of GADD45B,

which is upregulated in stressful conditions, and enhancers of
LGALS3 and ANGPTL4, both of which promote treatment resis-

tance in GBM.77,78 L_orangered3 included regulatory elements

of AP-1 components FOSL2 and JUN, as well as of stress

and hypoxia response genes HSPA5, ERFFI1, and HIF1A (Fig-

ure S6K). These modules showed heterogeneity among cells

from individual samples (Figure 6K) and were enriched in cells in

the MES-like state (Figure S6H). Whole-tumor analysis of

GBM transcriptomes and chromatin landscapes thus indepen-

dently identifies neuronal hijacking at the tumor periphery

andAP-1-mediatedmesenchymal differentiationwithin the tumor

core. These complementary analyses reveal specific genes and

regulatory machinery associated with each of these programs

for further mechanistic and therapeutic investigation.

DISCUSSION

A whole-tumor perspective of GBM
GBM treatment options remain limited and prognosis dismal

despite decades of molecular investigation. The first landmark

TCGA publication focused on GBM,7 as have follow-up studies

with expanded patient cohorts and additional data types and an-

alyses.4–6 While this cohort view of GBM has established genes

and pathways commonly altered across patients, it is not de-

signed for deciphering molecular roots of individual tumors and

understanding evolutionary dynamics by which they become

heterogeneous and treatment resistant. The 3D spatial sampling

approach we have presented allows GBM to be studied from a

whole-tumor perspective. By quantifying and accounting for

sample purity in our analyses, we distinguish tumor-cell-intrinsic

genomic and epigenomic alterations and differences in program

activation from differences in cell type composition. We can then

differentiate molecular events that are tumor wide versus hetero-

geneous and thus infer GBM evolutionary trajectories. Tumor-

wide activation of specific neurodevelopmental programs sheds

new light on the long-standing question of GBM cell-of-

origin.79–84 EGFR is expressed in cells along the lineage trajec-

tory of oRG differentiation to OPCs,63 indicating a plausible

mechanism of tumor initiation whereby gain of chr7 containing

EGFR, PTPRZ1, and PTN locks cells into an undifferentiated

IPC (pre-OPC) transit-amplifying state. Gains of chr7 are less

frequent in GBM with primitive neuronal component27 in which

we find activation of programs from the distinct lineage trajectory

of IPC differentiation to neurons. The fortuitous inclusion of this

GBM variant in our cohort provides a striking contrast that di-

vulges its divergent origins as well as its regulatory network

and master regulators. Cell-of-origin of other GBM histological

variants or tumor types may be similarly discerned by whole-tu-

mor sampling and identification of programs active tumor wide.

By delineating genes and regulatory elements comprising

programs from GBM origins, we discover tumor-wide thera-

peutic targets that may avoid heterogeneity-related failures.

These include novel targets and those such as KIF18A and

PTPRZ1 that have been evaluated to some extent,60,61,65–67

but without knowledge of their tumor-wide activation. Although

most GBMs share a common cellular origin, their genetic roots

are deeply personalized. Our findings provide impetus for

searching for chromothripsis and other early SVs in patients

upon diagnosis as these massively disrupt the genome and
Cell 187, 446–463, January 18, 2024 457
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Figure 7. GBM heterogeneity and evolution redefined in 3D whole-tumor space

(A) GBM chromatin and transcriptomic programs in 3D whole-tumor space. Correlations with sample purity (Rj) and relative sample distance from centroid (Rd)

are shown for individual constituent peaks of chromatin programs (left) and individual constituent genes of transcriptomic programs (right).

(B) GBM chromatin programs at single-cell resolution. Cells are colored by chromatin program as in (A) for the module with most reads-in-peaks.

(C) Summary table showing modular activation of GBM chromatin and gene expression programs in individual patients and tumor regions.
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epigenome and give rise to tumor-wide fusions that provide op-

portunities for precision molecular and immunotherapeutic

targeting.

Redefining GBM heterogeneity in 3D space
Molecular studies of GBMhave classified patients, samples, and

now individual cells to subtypes or states.5,6,10,12–14 Heterogene-

ity has been defined by inconsistencies in classification and tu-

mor evolution by transitions observed between subtypes or

states.8,12,16,17 By directly interrogating GBM evolution and het-
458 Cell 187, 446–463, January 18, 2024
erogeneity in whole tumors, we find that these concepts are

better understood through modular activation of specific tumor

and microenvironmental programs occurring independently or

together in different patients, tumor regions, and individual cells.

By analyzing co-variation across GBM transcriptomes and chro-

matin landscapes, we have delineated genes and regulatory el-

ements comprising distinct tumor and microenvironmental

programs and have defined their inter- and intratumoral hetero-

geneity from 3Dwhole-tumor to single-cell resolution (Figures 7A

and 7B). While many programs are independently detected by
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our chromatin and transcriptomic analyses, others are uniquely

detected by one, thus underscoring the value of combining

both to capture the full extent of heterogeneity. Low-abundance

cell types such as T cells are detected only by transcriptomic

analysis likely because individual cells can produce large

numbers of transcripts, but only have a diploid genome on which

chromatin accessibility can be assessed. In contrast, tumor pro-

grams driven by NEUROD1 and NFIA are detected only by chro-

matin analysis likely because they bind and alter accessibility of

large numbers of sites throughout the genome while effects

on transcription are relatively subtle. During development,

NEUROD1 and NFIA drive differentiation toward neuronal and

astrocytic fates respectively and their activation is under precise

spatiotemporal control. In GBM, these programs can become

aberrantly and concurrently active as in P500 in which we find tu-

mor-wide activation of oRG to OPC, NEUROD1-mediated

neuronal, and NFIA-mediated astrocytic differentiation pro-

grams (Figure 7C). Aberrant activation of neurodevelopmental

programs can also drive intratumoral heterogeneity as in P521

in which NFIA-mediated astrocytic differentiation occurs only

in the EGFR-amplified tumor region. EGFR amplification is itself

associated with a distinct epigenomic program active tumor

wide as in P500 or with intratumoral heterogeneity as in P521.

3D spatial analysis reveals distinct microenvironments in the

GBM core and periphery, formation of which is attributed to dif-

ferential distribution of nonmalignant cell types and to tumor cell-

intrinsic programs that become activated in response to these

nonmalignant cell types or other regional factors such as injury

and hypoxia. Neuronal hijacking occurs at the GBM periphery

where tumor cells functionally interact with neurons. Inside the

tumor core, we discover either immune-hot microenvironments

with interferon signaling and T cell infiltration or immune-cold

microenvironments undergoing mesenchymal differentiation

programs coordinately activated across tumor, immune, and

stromal cell types by master regulator AP-1.

A 3D spatially annotated resource
The unique 3D spatially resolved maps of whole GBM tumors we

have generated can be publicly accessed on our online interac-

tive platform. Users can select any gene, transcriptomic or chro-

matin program, or other feature of interest to visualize its spatial

pattering in 360� across individual tumors and generate sum-

mary figures and statistics showing its spatial proclivities with re-

gards to the tumor centroid, periphery, and contrast-enhancing

lesion. The insights we have drawn from redefining GBM evolu-

tion and heterogeneity from a 3D whole-tumor perspective, and

the insights that will follow from studies taking advantage of our

newly established resource, have the potential to impact clinical

care and outcomes.

Limitations of the study
In vitro and in vivo experiments are a necessary next step to test

inferences on GBM origins, plasticity, and vulnerabilities. With

regards to origins, malignant transformation in the specific line-

age trajectories we have identified could be tested in cell and or-

ganoid models of human neurodevelopment,63,65,85,86 poten-

tially giving rise to new tumor models that more accurately

recapitulate GBM. Model systems could also be used to test
roles of NEUROD1, NFIA, and other factors in alteringGBMchro-

matin landscapes and driving cell state transitions. Our analyses

have revealed a wealth of tumor-wide candidate therapeutic tar-

gets that can avoid heterogeneity-related failures as well as

novel candidate biomarkers and therapeutic targets associated

with neuronal hijacking, formation of immune-hot and cold mi-

croenvironments, and other programs we have defined. For

example, the top-ranked gene in R_midnightblue LRRC25 is a

negative regulator of innate immune signaling52,53 and may

potentially be targeted to reverse the immunosuppressive state

of microglia. We have curated a list of such genes for follow-up

investigation in appropriate experimental and preclinical models

(Table S8).
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

CD163 Leica Biosystems, USA Catalog # CD163-L-CE,mouse

clone 10D6, RRID:AB_2920861

IBA1 Wako Chemicals USA Catalog#019–19741, polyclonal

rabbit, RRID:AB_839504

CD204 Cosmo Bio USA # KMU-MA01, clone SRA-E5

CD3 Leica Biosystems Catalog #NCL-L-CD3-565, clone

LN10, RRID:AB_563541

PTPRZ1 BD Biosciences Catalog #610179

Critical Commercial Assays

Multimer HRP kit Ventana Medical Systems, Inc., USA

AllPrep DNA/RNA/miRNA Universal Kit QIAGEN Cat.80224

KAPA Stranded mRNA-seq Kit Kapa Biosystems KR0960-v2.14

Tagment DNA TDE1 Enzyme and Buffer Kits Illumina NX#-TD, NX#-TDE1

Chromium NextGEM Single Cell ATAC Kit v2 10X Genomics N/A

iScript cDNA Synthesis Kit BioRad #1708891

Deposited Data

Deposition of exome, RNA-seq, ATAC-seq,

and Hi-C datasets

European Genome-Phenome

Archive (EGA)

EGAS00001006785, EGAD00001005221/2,

and EGAD00001009496/7

Deposition of processed single-cell

ATAC-seq datasets

GEO GSE226726

Published GBM single-cell RNA-seq dataset Neftel, C. et al.12 GSE131928

Published GBM single-cell RNA-seq dataset Abdelfattah, N. et al.49 GSE182109

Published adult brain single-cell ATAC dataset Zhang, K. et al.71 N/A

Published fetal brain single-cell RNA-seq dataset Nowakowski, T. J. et al.59 N/A

Published TCGA dataset Ceccarelli, M. et al.5 N/A

Oligonucleotides

Primers for fusion gene validation See Table S4 N/A

Software and Algorithms

Original R code All original R code has been deposited at

https://github.com/radhikamathur/

3DSpatiallyMappedGBMs and is publicly

available as of the date of publication.

N/A

Brainlab Cranial Navigation BrainLAB AG v3

3D Slicer Fedorov, A et al.87 N/A

FACETS Shen, R. & Seshan, V. E.88 N/A

PyClone VI Gillis, S. & Roth, A.20 v0.1.0

HATCHet Zaccaria, S. & Raphael, B. J.89 v0.4.14

Bowtie2 Langmead, B. & Salzberg, S. L.90 N/A

MACS2 Zhang, Y.et al.91 N/A

Peakachu Salameh, T. J. et al.92 N/A

EagleC Wang, X. et al.29 N/A

NeoLoopFinder Wang, X. et al.93 N/A

Arriba Uhrig, S. et al.94 N/A

OptiType Szolek, A. et al.95 N/A

HLAthena Sarkizova, S. et al.39 N/A

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

MHCFlurry 2.0 O’Donnell, T. J. et al.96 N/A

Cytoscape Doncheva, N. T.et al.97 version3.9.1

STAR Dobin, A.et al.98 N/A

RSEM Li, B. & Dewey, C. N.99 N/A

Copy-scATAC Nikolic, A. et al.100 N/A

Juicer Durand, N. C.et al.101 N/A
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Dr. Joseph Costello

(Joseph.Costello@ucsf.edu).

Materials availability
This study did not generate unique new reagents.

Data and code availability
(1) All exome, RNA-seq, ATAC-seq, and Hi-C datasets have been deposited in the European Genome-Phenome Archive (EGA)

database under accession number EGAS00001006785, EGAD00001005221/2, and EGAD00001009496/7. Processed single-

cell ATAC-seq datasets have been deposited in GEO under the accession number GSE226726. This paper additionally ana-

lyzes existing, publicly available data. These accession numbers for the datasets are listed in the key resources table.

(2) All original R code has been deposited at https://github.com/radhikamathur/3DSpatiallyMappedGBMs and is publicly avail-

able as of the date of publication.

(3) Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Sample use was approved by the University of California San Francisco’s Committee on Human Research and the University of Cal-

ifornia, San Francisco’s Institutional Review Board. All patients provided informed written consent. The age, sex, race, and ethnicity

of all 11 study participants is provided in Table S1.

METHOD DETAILS

Acquisition of 3D spatially mapped GBM samples
Neurosurgeons and study co-authors (S.H.J., M.S.B) conducted standard-of-care surgical resections102,103 and progressively har-

vested glioblastoma specimen at their discretion with the goal to represent spatially distant intratumoral regions. Intraoperative brain

mapping was used to identify regions of functional significance, allowing safe acquisition of samples from gliomas in many cortical

and subcortical locations, including both dominant and non-dominant hemispheres. Stereotactic site-directed biopsies from intra-

tumoral regions were taken and the location of each sample was recorded as a set of LPS coordinates registered to a preoperative

MR image using a Brainlab pointer and Brainlab Cranial Navigation software (v3; BrainLAB AG). A UCSF Brain Tumor Center Bio-

repository staff member was present in the operating room to acquire blood from existing lines prior to skull opening and for tissue

acquisition following strict standard operating procedures to optimally preserve the biospecimen. Once acquired, biopsies were

placed on wet-ice and transported to the laboratory, where they were divided so that 2/3 was flash-frozen in liquid nitrogen and

1/3 was fixed in 10% neutral-buffered formalin for 8–14 h, processed, and paraffin-embedded (FFPE material). Flash-frozen tissue

was further divided when tissue size permitted for DNA/RNA extraction, ATAC-seq (tissue and/or single-cell), and Hi-C. Sample in-

formation, including analyses performed, are provided in Table S1.

3D modeling and spatial analysis
Image registration was performed to the pre-operation T1-weighted post-gadolinium series using FLIRT (FMRIB’s Linear Image

Registration Tool) package.104,105 Brain extraction from the T2-weighted FLAIR image stack was performed using FSL’s BET.106

Volumetric tumor ROIs were drawn for each tumor from the T2-weighted hyperintense region and from the contrast enhancing lesion.

5mm spherical ROIs were generated for each sample coordinate and converted to DICOM format for visualization and downstream

analysis. DICOM files corresponding to the extracted brain, tumor ROIs, and sample ROIs were imported into freely available
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software Slicer.87 Volumetric 3Dmodels of the brain, tumor, and sample ROIs were generated using Slicer’s Grayscale Model Maker

module. The composite 3Dmodel is viewable within Slicer or an exported 3D videomade using the ffmpeg (https://www.ffmpeg.org/)

executable. Rotating 3D models for each patient showing sample location in context of the whole tumor and contrast-enhancing le-

sions are provided in Video S1 in.mp4 format. For 3D spatial analysis, DICOM files corresponding to tumor and sample ROIs were

imported into R using the oro.dicom package. Distances between sample pairs and minimum distances from each sample to the

tumor centroid (dc) and periphery (dp) were calculated using the Cartesian coordinate system. Frontal and temporal regions from

P530 were treated independently for calculations of inter-sample distances and relative distances from centroid and periphery.

The inter-sample distance matrix and related calculations are provided in Table S2.

Histopathological analysis
Tumor tissue targets were fixed in 10% neutral-buffered formalin, processed, and embedded in paraffin. Tumor sections (5 mm) were

prepared and stored at �20�C prior to use. Slides were stained with hematoxylin & eosin (H&E) or immunostained. Notes from his-

topathological analysis on each sample, including presence of necrosis and blood vessel hyperplasia are provided in Table S1. All

single and multiplex immunostainings were performed using a Discovery XT autostainer (Ventana Medical Systems, Inc., USA). For

signal detection, the Multimer HRP kit (Ventana Medical Systems, Inc., USA) followed by either DAB or fluorescent detection kits

were used. Fluorophores with the least autofluorescence on FFPE tissue were selected to minimize false positives: Cyanine 5

(Cy5) (DISCOVERY CY5 Kit, Cat#760238, Roche Diagnostics Corporation, Indianapolis, USA), rhodamine (DISCOVERY Rhodamine

Kit, Cat#760233, Roche Diagnostics Corporation, Indianapolis, USA), and FITC (DISCOVERY Rhodamine Kit, Cat#760233, Roche

Diagnostics Corporation, Indianapolis, USA). Slides were then counterstained with DAPI (Sigma Aldrich, USA) at 5 mg/mL in PBS

(Sigma Aldrich, USA) for 15 min, mounted with prolong Gold antifade mounting media reagent (Invitrogen, USA) and stored at

�20�C prior to imaging. Positive and negative controls were included for each marker. Images of stained slides were acquired using

either a light microscope (Olympus BX41 microscope using UC90 Cooled CCD 9Megapixel camera) or Zeiss Cell Observer epifluor-

escence microscope equipped with an AxioCam 506M camera and an Excellitas X-Cite 120Q light source. Primary antibodies used

and conditions were CD163 (Catalog # CD163-L-CE, Leica Biosystems, USA; mouse clone 10D6; dilution 1:500); IBA1 (Cata-

log#019–19741, Wako Chemicals USA, polyclonal rabbit, dilution 1:500); CD204 (Catalog # KMU-MA01, Cosmo Bio USA, clone

SRA-E5, dilution 1:100); CD3 (Catalog #NCL-L-CD3-565, Leica Biosystems, clone LN10, dilution 1:100); and PTPRZ1 (Catalog

#610179, BD Biosciences, dilution 1:600).

UCSF500 clinical NGS panel
Targeted next-generation sequencing (NGS)107 was conducted on a single diagnostic tissue biopsy sample from each tumor.

UCSF500 Version 2 with NimbleGen baits targeting of 479 cancer genes with select intronic and upstream regulatory regions of

47 genes was utilized for all patients except P529 and P530. UCSF500 Version 3 with IDT baits targeting 529 genes with 73 select

intronic and upstream regulatory regions was utilized for these two patients. Sequencing of captured libraries was performed on Il-

lumina HiSeq 2500 or NovaSeq 6000. Sequence reads were de-duplicated to allow for accurate allele frequency determination and

copy number calling andwere aligned to the human reference sequence UCSC build hg19 (NCBI build 37) for variant calling. This test

was developed and its performance characteristics determined by the UCSFClinical Cancer Genomics Laboratory, which is certified

by the Clinical Laboratory Improvement Act of 1988 (CLIA certified). Summaries of each patient’s UCSF500 report are provided in

Table S3.

Exome-sequencing
Genomic DNA and RNA were simultaneously extracted from fresh-frozen tissue using the AllPrep DNA/RNA/miRNA Universal Kit

(QIAGEN). Exome capture was performed using the Agilent SureSelect Target Enrichment System Protocol (Version 1.0,

September 2009) and Nimblegen SeqCap EZ Exome v3. Sequencing was conducted using HiSeq4000 or NovaSeq (Illumina).

Exome data was processed as previously described by our group108 with further filtering applied to mark ‘‘discard’’ variants

from repeat or low-quality regions of the genome. For phylogenetic trees, a binary call matrix to calculate Manhattan distance

and fasteme.ols from R package ape109 was used to construct rooted binary trees. Allele-specific copy-number alterations

were profiled using the FACETS algorithm.88 PyClone VI (v0.1.0)20 (https://github.com/Roth-Lab/pyclone-vi) was used to infer

clonal structure from allele frequencies as determined by MuTect and copy number alterations estimated by FACETS. PyCloneVI

was run a minimum of 3 times to assess the stability of the number of clusters estimated. Results from PyCloneVI and FACETS

copy number analysis from each patient are provided in Table S3.

Purity estimation
Each lane of exome sequencing reads was aligned against human genome reference build GRCh38 released by the Broad Institute

on July 12, 2016 using BWA-MEM2 (v2.2.1). BAM files were sorted by query name using SAMtools (v1.15.1)110 and then duplicated

reads were marked with Genome Analysis Toolkit (GATK) MarkDuplicatesSpark (GATK v4.2.4.1).111 In addition, Indel realignment

GATK (v3.7.0) was performed to process multiple tumor samples and paired normal sample together per patient. Then, Base Quality

Score Recalibration (BQSR) was run on the realigned sample BAMs using GATK (v4.2.4.1). Separate normal and tumor sample BAMs

were generated and their headers were corrected using SAMtools (v1.12). Tumor purity was inferred using HATCHet (v0.4.14).89 The
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GATK processed normal/tumor sample BAMswere jointly processed per patient. dbSNP build 151 was used as a reference SNP list.

As recommended forWES by the developer, the bin size calculating for Read Depth Ratio (RDR) and B-allele frequency (BAF) was set

at 250kb. Read-count thresholds were set at a minimum coverage of 20 and a maximum coverage of 5,000 based on the average

coverage of the samples and also to allow detection of high copy number alterations. Bootstrapping for clustering was performed

with the recommended values of ‘bootclustering = 200, ‘ratiodeviation = 0.0020 and ‘bafdeviation = 0.002‘. Also, the maximum

copy number for diploid and tetraploid was set at 25 and 50, respectively to allow detection of high copy numbers (‘diploidcmax =

250, ‘tetraploidcmax = 500). Lastly, Gurobi solver was used to detect 2 to 8 clones (‘clones = 2,80). Purity estimates are provided in

Table S1.

RNA-sequencing
Strand-specific transcriptome sequencing libraries were prepared using the KAPA Stranded mRNA-seq Kit (KR0960-v2.14, Kapa

Biosystems). Trim Galore (https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) was first used to apply quality and

adapter trimming to raw fastq files. Trimmed reads were then mapped to hg19 human reference genome build using STAR pro-

gram.98 Genes and transcripts quantification were done by RSEM program.99 Tpm (transcripts per million) value for each gene

was transformed to log2(tpm+1) and then quantile normalized across all samples. The normalized log2(tpm+1) values were used

for further analysis and are provided in Table S5.

Chromatin accessibility profiling (ATAC-seq)
ATAC-seq on frozen primary GBM tissues was conducted as described by Corces et al.112 with samples from the same patient pro-

cessed in parallel. Nuclei were isolated from frozen tissues by Dounce homogenization followed by density gradient centrifugation.

Transposition reactions were conducted with Illumina Tagment DNA TDE1 Enzyme andBuffer Kits using�50,000 nuclei per reaction.

Reactions were carried out in duplicate for all samples except those from P530. Transposed fragments were amplified by qPCR with

NEBNext Master Mix and SYBR Green. Libraries were quantified with the KAPA Library Quantification kit and nucleosomal banding

patterns were confirmed with Agilent Bioanalyzer DNA 1000. Paired-end sequencing (PE150) was conducted using the Illumina Hi-

Seq or Nova-Seq (for samples from P530).

Raw fastq files were trimmed by Trim Galore. Then we used the standard ENCODE ATAC-seq pipeline (https://github.com/

ENCODE-DCC/atac-seq-pipeline) for reads mapping and peak calling. Reads were mapped against the hg19 human reference

genome build using Bowtie2 aligner.90 The resulting raw bam files were further filtered by mappability and quality. ATAC-seq peaks

were called from filtered bam files using MACS2 with default parameters.91

For samples that have replicates (all patient samples except P530), we used the overlap optimal narrow peaks between replicates.

We filtered the peaks using MACS2 output -log10p value >5 and -log10qvalue >2 criteria to get confident peaks. Each ATAC-seq

peak was trimmed to 500bp, with 250bp extended on either side of the peak summit. ATAC-seq peaks of the 70 samples were

merged into a merged peak set. During the peak merging, if multiple peaks have overlap, the peak with highest normalized peak

score were picked. Here normalized peak score refers to the -log10p value of a peak normalized by the sum of all of the peak scores

in a given sample. Reads counts within each peak of the merged peak set were calculated from bam files using deepTools.113 Cpm

value was then calculated using the edgeR package114 and transformed to log2(cpm+1) and quantile normalized across all samples.

The normalized log2(cpm+1) values were used for further analysis.

Promoters were defined as ATAC-seq peaks from the merged set with summits within -1KB and 100bp of the gene transcription

start sites (TSS). Enhancers were defined as ATAC-seq peaks that did not overlapwith the promoter region and peak-to-gene linkage

prediction was performed as described by Corces et al.112 Correlation between log2(cpm+1) value of distal ATAC-seq peaks and

log2(tpm+1) value of gene expression was calculated for all distal ATAC-seq peaks and genes within 0.5Mb. FDR less than 0.05

was used as cutoff to identify significant linkages. Peak-gene linkages and normalized log2(cpm+1) values are provided in Table S6.

Single-nucleus ATAC-seq sample preparation and analysis
Samples were obtained either as previously cryopreserved extracted nuclei (P519, P521) or as individually snap-frozen tissue frag-

ments (P524, P529). Frozen tissue samples were processed using an iodixanol gradient centrifugation method adapted from Corces

et al.,112 with dounce homogenization and centrifugation. Extracted nuclei were washed 1x in 10X wash buffer and resuspended in

100 mL of 0.1X 10X lysis buffer for 2 min, followed by a second wash and resuspension into 10X nuclear buffer. Downstream sample

processing and library construction was performed using the ChromiumNextGEMSingle Cell ATAC Kit v2 (10X Genomics), targeting

the maximum number of nuclei per sample, up to a max limit of 8000 nuclei.

Libraries were sequenced at the University of Calgary Center for Health Genomics and Informatics (CHGI) on an Illumina NovaSeq

6000 sequencer in paired-end mode, targeting 50,000 reads per cell. Sequencing data was processed using the 10X pipeline and

CellRanger ATAC-1.2.0. Downstreammatrices were processed using Signac 1.6.0.115 Samples were thresholded using the following

parameters: retention of cells and features present in at least 10 cells, peak_region_fragments >3000, pct_reads_in_peaks >15,

blacklist_ratio <0.05, lowmapq <30000. Samples from the same patient were merged together, and normalized by dividing all counts

by themean signal across 5000 randomly selected peaks to account for differences in transposition efficiency and sequencing depth

between samples. Dimension reduction was performed using latent semantic indexing (LSI) followed by UMAP construction using

LSI components 2:30 and the following parameters: n.neighbors = 71L, min.dist = 0.4, spread = 1.5, repulsion.strength = 1.1, and
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calculation of clusters using Louvain clustering with default parameters. Copy number inference and putative ecDNA detection was

performed using Copy-scAT with default parameters100 followed by calculation of consensus CNVs by taking the rounded value of

the 60th quantile value of each CNV for each cluster. Motif analysis was performed using ChromVAR.116 Gene activity scores were

calculated using the Signac GeneActivity function using the Ensembl v86 database. Per-cell scores for modules, linkage modules

and gene scores were calculated as follows. For peak-based metrics (modules, linkage modules) bulk ATAC peak lists were con-

verted from hg19 to hg38, and matching peaks in the snATAC-seq datasets were identified using the GenomicRanges findOverlaps

function. Peaks with a total normalized intensity of at least 100 across each merged patient sample were retained and a mean score

across each signature was computed for each cell. A similar approach was used for RNA gene scores, which were cross-referenced

to genes in the normalized GeneActivity matrix. Gene names from the GeneActivity object were converted using the HGNChelper

package to match updated HGNC symbols in the peak lists. Information on individual cells, including neoplastic status, gene activity

scores, and read-in-peak scores, are provided in Table S7.

Hi-C sample preparation and data analysis
Hi-C was conducted using spatially mapped samples from P524, P529, and P530 and bulk tumor tissue for remaining patients. Tis-

sue samples were frozen with liquid nitrogen, pulverized using mortar and pestle until the sample resembles a fine powder, and then

cross-linked using 2% formaldehyde. Hi-C libraries were generated and quality-checked per manufacturer’s protocol (ARIMA Ge-

nomics). As per their protocol, we tested and did QC on samples and sequenced 500M–1200M reads for each sample using Illumi-

na’s NovaSeq platform (Illumina).

Raw fastq files were first trimmed by TrimGalore and thenmapped to hg19 human reference genome using runHiC pipeline (based

on 4DN consortium).117 Pair-end sequencing data were mapped by bwa aligner.118 Aligned read pairs that have PCR duplicates or

map to the same restriction fragment were filtered out. Reads were binned at 5 kb resolution and the contact matrix was stored in a

cool file. The run-cool2multirescool script from 4DN consortium was then used to generate the multi-resolution cool files (5kb, 10kb,

25kb, 40kb, 50kb, 100kb, 250kb, 500 kb, 1Mb, 2.5Mb, 5Mb, and 10 Mb) and perform ICE normalization. Multi-resolution.hic files

were also generated using Juicer tools101 and can be visualized in Juicebox directly.

Loop calling in each Hi-C sample was performed using Peakachu,92 which utilizes Random Forest classification framework. For

each sample, we calculated the total number of intra-chromosomal pairs and then selected the most appropriate pre-trained model

for loop prediction. A/B compartment was calculated at 100kb resolution using cooltools.119 Structure variations were predicted by

EagleC,29 which combines deep-learning and ensemble-learning strategies. We first used NeoLoopFinder93 toolkit to calculate the

copy number variation profile and remove the copy number variation effects. Then we called SVs using EagleC with "–balance-type

CNV" parameters under 5kb, 10kb, and 50kb resolutions. Results from the three resolutions were combined in a non-redundant

manner. The reconstructed Hi-C map was then generated by NeoLoopFinder. Structural variant lists are provided in Table S4.

Fusion gene identification and validation
Fusion genes were identified in RNA-seq data using Arriba software.94 Validation of fusion genes was conducted by reverse tran-

scription polymerase chain reaction (RT-PCR), gel extraction, and Sanger sequencing. RNA was isolated with the Qiagen AllPrep

DNA/RNA/miRNA Universal Kit (Cat.80224) according to manufacturer’s protocol. Briefly, 1000 ng of DNase-treated RNA was con-

verted to cDNA using the iScript cDNA Synthesis Kit (BioRad, #1708891). This cDNA was then diluted 1:5 using nuclease free water,

and 2 mL of this diluted cDNAwas used for PCR reactions using the Phusion Green High-Fidelity DNA Polymerase (Thermo Scientific,

#F-534L) with HF buffer. Cycling conditions were an initial step of 98�C for 30 s, followed by 35 cycles of 98�C for 10 s, the primer pair

specific annealing temperature for 20 s, and 72�C for 30 s, with a final elongation step of 72�C for 5 min. Gene fusion specific primer

sets were designed using NCBI Primer Blast (J.Ye et al. 2012) and an M13 forward sequence (50-GTAAAACGACGGCCAG-30) was

added to the 50 end of the forward primer and an M13 reverse sequence (50-CAGGAAACAGCTATGAC-30) was added to the 50

end of the reverse primer. A negative control PCR reaction without template was included for each primer pair. PCR products

were separated on a 1% agarose gel, excised, and gel purified (NEB, #T1020). Sample concentrations were then determined via

Nanodrop (Thermo Scientific) and were submitted for Sanger sequencing (GENEWIZ) with M13F and M13R sequencing primers.

Primers used for RT-PCR and results from Sanger sequencing are provided in Table S4.

Characterization of gene fusion-derived neoantigens and HLA presentation prediction
Amino acid sequences identified by Arriba-detected gene fusion events were partitioned into multi-mer sequences of 8, 9, 10, and 11

amino acids in length. Cross validation was next performedwith normal tissue-expressing amino acid sequences utilizing a reference

human proteome dataset (UniProt, Proteome ID: UP000005640) to select for cancer-specific peptide sequences. OptiType was next

utilized on patient-derivedwhole-exome sequencing data to identify all major andminor HLAClass I alleles.95 To predict personalized

immunogenic targets generated independently within the patient cohort, HLA-restricted presentation scores for all cancer-nmers

were assigned based on the binding affinity of each patient’s corresponding HLA Class I repertoire. Peptide:HLA presentation

was predicted using a combination of HLAthena39 and MHCFlurry 2.0.96 Cancer-specific multi-mers along with the upstream and

downstream flanking sequences were used as input sequences for both algorithms. HLAthena MSiC analysis was performed with

a threshold of 0.1, aggregation by peptide, and assignment of peptides to alleles by rank. MHCFlurry 2.0 analysis was initiated

with the models_class1_presentation baseline parameters. Cancer-specific multimers were independently ranked based on
e5 Cell 187, 446–463.e1–e6, January 18, 2024



ll
Article
presentation scores, and multi-mers found in the upper 10th percentile of candidates in both algorithms are predicted neoantigens

with increased likelihood for HLA presentation. These cancer-specific multimers in conjunction with flanking upstream and down-

stream sequences were mapped back to their corresponding gene fusion events.

Transcriptome unsupervised covariation analysis
Weighted correlation network analysis was performed as described in our previous work on human brain tissues.41 Genome-wide

biweight midcorrelations (bicor) were calculated using the WGCNA R package120 on RNA-seq data from 69 spatially mapped

GBM samples from 8 patients. All genes were clustered using the flashClust120 implementation of hierarchical clustering with com-

plete linkage and 1 – bicor as a distance measure. Each resulting dendrogram was cut at a static height (0.624) corresponding to the

top 5%of values of the correlation matrix for case one and case two, respectively. All clusters consisting of at least 20members were

identified and summarized by their module eigengene121,122 (i.e., the first principal component obtained by singular value decompo-

sition) using the moduleEigengenes function of the WGCNA R package. Highly similar modules were merged based if the Pearson

correlation of their module eigengenes was >0.85. This procedure was performed iteratively such that the pair of modules with the

highest correlation >0.85 was merged, followed by recalculation of all module eigengenes, followed by recalculation of all correla-

tions, until no pairs of modules exceeded the threshold. The WGCNA measure of module membership, kME, was calculated for

all genes with respect to each module. kME is defined as the Pearson correlation between the expression pattern of a gene and a

module eigengene and therefore quantifies the extent to which a gene conforms to the characteristic expression pattern of a mod-

ule.122 For downstream analyses, module definitions were expanded to include all genes with significant kME values, with signifi-

cance adjusted for multiple comparisons by Bonferroni correction. If a gene was significantly correlated with more than one module,

it was assigned to the module for which it had the highest kME value. Gene set enrichment analysis was performed for all modules

using a one-sided Fisher’s exact test as implemented by the fisher.test R function. Network analysis and visualization was conducted

using StringApp97 on Cytoscape (version3.9.1). Summary information on each module, lists of constituent genes ranked by signifi-

cance, and signatures used for enrichment analysis are provided in Table S5.

Chromatin landscape unsupervised covariation analysis
Weighted correlation network analysis was conducted as above on ATAC-seq data from the same 69 spatially mapped samples from

8 GBM patients. Modules were derived independently from the top 20% most variable peaks from the merged list (ATAC modules)

and from the subset of peaks from the merged list that were defined as promoters or enhancers linked to one or more genes (Linkage

Modules). Static heights of 0.65 and 0.34 and minimum sizes of 20 and 30 were used to derive ATAC and Linkage Modules, respec-

tively. TheWGCNAmeasure ofmodulemembership, kME,was calculated for all peakswith respect to eachmodule. For downstream

analyses, module definitions were expanded to include all peaks with significant kME values, with significance adjusted for multiple

comparisons by Bonferroni correction. TF enrichment analysis was performed on constituent peaks from each module using HOM-

ER.123 TF footprinting analysis was performed using HINT-ATAC.124 Bam files and peak files of each sample were provided as input.

Summary information on each module, lists of constituent peaks ranked by significance, and top-linked genes are provided in

Table S6.

QUANTIFICATION AND STATISTICAL ANALYSIS

Quantification and statistical analyses were conducted using the ggplot2, ggpubr (version 0.4.0), and EnvStats R packages. Statis-

tical significance of differences inmeanswas evaluated by T-tests in Figures 1B, 1H, 2H, 2K, 4I, 6F and 6I and by ANOVA in Figure 4B.

Linear regression models were fitted and evaluated by Pearson correlation in Figures 1C, 4E, 5A, 5C, 5H, 6H, S1A, S2C, S4C, S5A,

S6A and S6I. R code used to generate figures and conduct statistical analysis is available on Github (https://github.com/

radhikamathur/3DSpatiallyMappedGBMs).

ADDITIONAL RESOURCES

Interactive 3D visualization and exploration of datasets, including single-nucleus ATAC data, is available at http://3D-gbms.

shinyapps.io/search/.
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Supplemental figures

Figure S1. 3D spatial sampling of whole GBM tumors reveals patterns of infiltrative growth and clonal expansion, related to Figure 1

(A) Schematic showing calculation of pairwise inter-sample distances using 3D spatial coordinates. Differences in purity versus inter-sample distance are shown

for each pair of samples from each patient. Linear relationship evaluated by Pearson correlation.

(B) FACETS copy number plots detect MDM4, EGFR, and PDGFRA amplification in low-purity samples P521_5 (c = 0.03) and P521_6 (c = 0.06).

(C) H&E staining of tissue section from P475_7 (c = 0.03) reveals >95% tumor necrosis (*), bar denotes 50mm.

(D) Mutation-based phylogenetic trees, samples with low purity (c < 0.5) are marked*.

(E) Mutation-based phylogenetic tree for P455 highlighting samples containing different pathogenetic mutations in the PTEN tumor suppressor gene (top).

Cellular prevalence of PyClone-derived clonal clusters containing each of these mutations is shown across samples (below).

(F) Cellular prevalence of all PyClone-derived clonal clusters for P530.

(G) Pre-operative MRI scans for P530 show multiple peripherally enhancing masses (T1 post contrast, left) and contiguous FLAIR abnormality (T2, right) in left

frontal and temporal areas with mass effect and midline shift.

(H) Cellular prevalence of all PyClone-derived clonal clusters for P529.
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Figure S2. Oncogene amplification and tumor suppressor deletion on the whole-tumor scale, related to Figure 2
(A) FACETS copy number plots show intratumoral heterogeneity of oncogene amplification events amongst high-purity samples from P529, P521, and P475.

(B) Merged ATAC-seq and Hi-C derived copy number variant (CNV) tracks at EGFR locus in a patient without EGFR amplification (P519) and two patients with

EGFR amplification (P498 and P521). The P519 ATAC-seq track is also shown with 10X magnification.

(C) Copy-number (CN) versus gene expression for EGFR and PDGFRA in spatially mapped samples from P521. Linear relationship is evaluated by Pearson

correlation. Red dotted line indicates CN = 2 (diploid). Samples marked * have purity <0.5.

(D) H&E staining for P475 shows representative histologic features of IDH-WT GBM with primitive neuronal component. A malignant glial neoplasm with highly

pleomorphic nuclei (arrowheads) and regions with tumor cell necrosis, blood, and degenerative changes (*) are visible. No histologic features of choroid plexus

were identified. Bar denotes 50mm.

(E) Copy-number (CN) versus gene expression of CDKN2A and PTEN in samples from P530 temporal and frontal regions. CDKN2A shows homozygous deletion

in both regions; PTEN only in the temporal region. Samples marked * have purity <0.5.
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(legend on next page)
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Figure S3. Structural variants massively disrupt the genome and epigenome at multiple stages of GBM evolution, related to Figure 3

(A) Hi-C maps for tumor tissue from P475 (upper-right) and P519 (lower-left) show chromothripsis on chr17 creating the tumor-wide DLG4::CDRT1 fusion

transcript in P475 (top) and chromothripsis on chr16 creating the tumor-wide NTAN1::ZNF688 fusion transcript in P519 (bottom).

(B) Reconstruction of Hi-C maps at the chr1:3 translocation breakpoint in P529_1, P529_6, and P529_8 show aberrant inter-chromosomal interactions. The

EPS15::CRYBG3 fusion transcript is detected in all P529 samples by RT-PCR and Sanger sequencing (242bp band).

(C) Reconstruction of Hi-C maps at the chr3:6 translocation breakpoint show aberrant inter-chromosomal interactions only in P529_6 and P529_8. The LA-

CE1::TIGIT fusion transcript is present only in P529 samples 3, 4, 6, 8 (subclone-A).

(D) Reconstruction of Hi-C maps at the chr6:7 translocation breakpoint show aberrant inter-chromosomal interactions in P524_4 and P524_9 (absent in P524_1,

c = 0.04).

(E) Reconstruction of Hi-C contact maps at the chr1:11 translocation breakpoint show aberrant inter-chromosomal interactions in the P530 frontal region

(representative sample P530_19), but not in the temporal region (representative sample P530_2).

(F) Fusion gene-derived peptides from each patient passing one or both of HLAthena and McFlurry MHC-I prediction algorithms. *Number of tumor-wide fusion-

derived peptides passing both algorithms are also shown.
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(legend on next page)
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Figure S4. Transcriptomic heterogeneity in 3D spatially defined GBM microenvironments, related to Figure 4

(A) Expression of individual genes defining each of the original molecular subtypes defined using the TCGA-GBM cohort (Verhaak et al. Cancer Cell 2010).

Samples are annotated by purity and colored by patient.

(B) Average expression of R_brown (oligodendrocyte program), R_orangered3 (neuron program), and R_plum (astrocyte program) in Neural samples from P455,

P503, and P524.

(C) Average expression of R_darkseagreen4 and R_pink versus relative sample distance from centroid (d). Samples are colored by original molecular subtype.

(D) STRING network cluster from R_darkseagreen4 module with synapse-related genes (GO term: 0045202) highlighted.

(E) STRING network clusters from the R_greenyellow module enriched for interferon signaling genes, T cell markers, and immunotherapy targets.

(F) Average expression of R_greenyellow and R_midnightblue in cell types from published GBM single-cell RNA-seq dataset.49

(G) R_plum2 STRING network cluster highlighting genes involved in cytokine response (GO term: 0034097).

(H) R_plum3 STRING network cluster highlighting genes involved in hypoxia response (GO term: 0001666).

(I) Pearson correlation matrix for average expression of modules across samples.

(J) R_darkred STRING network cluster highlighting genes involved in extracellular matrix organization (GO term: 0030198). GBM cancer-associated fibroblast

markers in the cluster include COL1A1, ACTA2, COL4A2, COL5A1, COL3A1, LOXL2.56
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Figure S5. Neurodevelopmental programs reflect GBM lineage origins and contribute to heterogeneity, related to Figure 5

(A) Average expression of R_turquoise genes versus ABSOLUTE purity estimates for IDH-WT grade 4 GBM samples from the TCGA cohort (Ceccarelli et al. Cell

2016). Samples are colored by original molecular subtype.

(legend continued on next page)
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(B) Hi-C contact maps and tracks showing ‘‘open’’ A versus ‘‘closed’’ B chromatin compartments, RNA-seq, ATAC-seq, Hi-C loops, and Hi-C derived CNV tracks

for P524_9 (c = 0.89) and P524_1 (c = 0.04) at R_maroon genes PTPRZ1, PTN, and ETV1.

(C) Average expression of R_brown2, R_maroon, and R_ivory for samples from all patients, including P565.

(D) R_red STRING network clusters with genes involved in cilia (GO Cellular Component: GO0005929) highlighted in yellow.

(E) MRI scans show that samples with high expression of R_red are spatially distant from brain ventricles containing choroid plexus tissue.

(F) Heatmaps showing ATAC-seq signal at enhancers (left) and expression of linked genes (right). Each row is a single enhancer peak-to-gene linkage.

(G) Number of footprints for NEUROD1, FOSL2, and NFIA transcription factors identified amongst constituent peaks for A_darkseagreen3,A_thistle, and A_plum.
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(legend on next page)

ll
Article



Figure S6. Intratumoral heterogeneity of GBM chromatin landscapes from 3D-spatial to single-cell resolution, related to Figure 6

(A) Percent of neoplastic cells in each sample (from snATAC data) versus purity estimate (from WES data).

(B) Gene activity scores for R_brown oligodendrocyte and R_blue microglia modules between neoplastic and non-neoplastic cells (left) and on UMAP distri-

bution (right).

(C) Pearson correlation matrix for module gene activity scores in snATAC data. R_blue and R_midnightblue are highly correlated confirming expression of the

R_midnightblue immunosuppressive program in microglia.

(D) ATAC-seq signal at individual constituent peaks of modules associated with neurons, oligodendrocytes, and microglia reveal differences in cell type

composition between P455 samples 1, 2, and 3.

(E) ATAC-seq tracks for P521 samples at the SOX10 locus. A_coral peaks marked in red.

(F) ATAC-seq tracks for P521 samples at SOX9 and astrocyte-specific genes ADCY2 and ADCYAP1R1. A_plum3 peaks are marked in red.

(G) SOX9 expression is highest in P521 samples 1–4 while SOX10 expression is highest in samples 7–8.

(H) UMAP distribution fromNeftel et at.Cell 2019 shows cells in AC-like, OPC-like, NPC-like, andMES-like states. Expression of genes linked to constituent peaks

from A_ and L_ modules is shown.

(I) Average ATAC signal of L_mediumorchid peaks versus relative distance from centroid (d), samples colored by original molecular subtype.

(J) STRING network cluster for genes linked to at least two peaks in L_mediumorchid; genes in involved in neuron projections (GO term:0043005) are highlighted.

(K) STRING network cluster for genes linked to at least two peaks in L_orangered3; genes involved in cellular response to chemical stimulus (GO term: 0070887)

are highlighted.
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