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SUMMARY

Diverse genetic, epigenetic, and developmental pro-
grams drive glioblastoma, an incurable and poorly
understood tumor, but their precise characterization
remains challenging. Here, we use an integrative
approach spanning single-cell RNA-sequencing of
28 tumors, bulk genetic and expression analysis of
401 specimens from the The Cancer Genome Atlas
(TCGA), functional approaches, and single-cell line-
age tracing to derive a unifiedmodel of cellular states
and genetic diversity in glioblastoma. We find that
malignant cells in glioblastoma exist in four main
cellular states that recapitulate distinct neural cell
types, are influenced by the tumor microenviron-
ment, and exhibit plasticity. The relative frequency
of cells in each state varies between glioblastoma
samples and is influenced by copy number amplifica-
tions of the CDK4, EGFR, and PDGFRA loci and by
mutations in the NF1 locus, which each favor a
defined state. Our work provides a blueprint for glio-
blastoma, integrating the malignant cell programs,
their plasticity, and their modulation by genetic
drivers.
INTRODUCTION

Glioblastoma (isocitrate dehydrogenase [IDH]-wild-type) is an

incurable malignancy, and the main challenges underlying ther-

apeutic failure are rooted in its heterogeneity (Louis et al.,

2016). Genetic, epigenetic, and microenvironmental cues influ-

ence cellular programs and drive glioblastoma heterogeneity.
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One layer of heterogeneity is reflected by previously described

transcriptional subtypes. Studies of inter-tumor heterogeneity

based on bulk expression profiles suggest that at least three

subtypes of glioblastoma exist, namely proneural (TCGA-PN),

classical (TCGA-CL), and mesenchymal (TCGA-MES) (Verhaak

et al., 2010; Wang et al., 2017). These expression-based sub-

types are partially enriched for selected genetic events; for

example, PDGFRA alterations are more common in TCGA-PN

glioblastoma, whereas alterations in EGFR are more common

in TCGA-CL glioblastoma. These subtypes programs also vary

within the same tumor specimen, asmulti-region tumor sampling

has shown that multiple subtypes can co-exist in different re-

gions of the same tumor, longitudinal analyses demonstrated

that subtypes can change over time and through therapy, and

single-cell RNA-sequencing (scRNA-seq) indicated that distinct

cells in the same tumor recapitulate programs from distinct sub-

types (Patel et al., 2014; Sottoriva et al., 2013; Wang et al., 2017).

A second layer of heterogeneity is the developmental state of

glioblastoma cells in the tumor. Glioblastoma hijacks mecha-

nisms of neural development and contains subsets of glioblas-

toma stem cells (GSCs) that are thought to represent its driving

force, possess tumor-propagating potential, and exhibit prefer-

ential resistance to radiotherapy and chemotherapies (Bao

et al., 2006; Chen et al., 2012; Lathia et al., 2015; Parada et al.,

2017). Although various markers can enrich for putative GSCs

(Lathia et al., 2015), it is unknownwhether different GSCmarkers

isolate distinct or similar cellular states and whether tumors

generated with different subpopulations of GSCs give rise to

glioblastoma of comparable or diverse cellular composition. It

also remains challenging to dissect the extent to which unidirec-

tional hierarchies or more reversible state transitions govern glio-

blastoma and GSC biology (Suvà et al., 2014). Thus, a better

understanding of the various sources of heterogeneity—genetic,

epigenetic, developmental, and microenvironmental – in glio-

blastoma is a critical goal with broad implications for therapy.

scRNA-seq has emerged as a keymethod to comprehensively

characterize the cellular states within tissues, both in health and

in disease (Tanay and Regev, 2017; Tirosh and Suva, 2019). In

gliomas, we have shown that one can infer the cellular architec-

ture of tumors and relate single-cell states to genetics through

inference of chromosomal copy number aberrations (CNAs) or

detection of mutations in expressed transcripts (Tirosh et al.,

2016b). Although these approaches have been successful in de-

ciphering key aspects of the biology of IDH mutant and histone

mutant glioma (Filbin et al., 2018; Tirosh et al., 2016b; Venteicher

et al., 2017), they have proven more challenging in glioblastoma

(Darmanis et al., 2017; Müller et al., 2016; Patel et al., 2014;

Wang et al., 2017; Yuan et al., 2018). In particular, the relation-

ship between genetic alterations and the diversity of epigenetic

states remains unclear and poses a great challenge for the field.

Here, we used an integrative approach to understand glioblas-

toma transcriptional and genetic heterogeneity, combining

scRNA-seq of 20 adult and 8 pediatric glioblastoma (24,131

cells in total), scRNA-seq and lineage tracing of glioblastoma

models, and analysis of 401 bulk specimen from The Cancer

Genome Atlas (TCGA). We find that malignant cells in glioblas-

toma exist in a limited set of cellular states that recapitulate (1)

neural-progenitor-like (NPC-like), (2) oligodendrocyte-progeni-
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tor-like (OPC-like), (3) astrocyte-like (AC-like), and (4) mesen-

chymal-like (MES-like) states. Although each glioblastoma sam-

ple contains cells in multiple states, the relative frequency of

each state varies between tumors. We show that such fre-

quencies are associated with genetic alterations in CDK4,

PDGFRA, EGFR, and NF1 that each favor a particular state.

Furthermore, by coupling scRNA-seq to uniquely barcoded single

cells in vivo, we demonstrate plasticity between states and the

potential for a single cell to generate all four states. Our work pro-

vides a roadmap of the cellular programsofmalignant cells in glio-

blastoma and their plasticity and modulation by genetic drivers.

RESULTS

scRNA-Seq Charts Malignant Cells Heterogeneity in
Glioblastoma
To comprehensively interrogate both inter-tumoral and intra-tu-

moral heterogeneity in IDH-wild-type glioblastoma, we profiled

using full-length scRNA-seq (SMART-Seq2) fresh tumor sam-

ples from 28 patients spanning both adult and pediatric popula-

tions (Figures 1A and S1A; Table S1) (Picelli et al., 2014). To focus

on malignant cells, we sorted cells by both viability marker and

by the pan-immune marker CD45, and we profiled primarily

CD45� cells and only to a more limited extent CD45+ cells. In to-

tal, 7,930 cells passed our stringent quality controls; 5,730 genes

were detected per cell on average, highlighting the high quality of

our dataset (Figure S1B; STARMethods). We classified cells into

malignant and non-malignant cell types by combining three ap-

proaches (Figures 1A, 1B, and S1C; STARMethods). First, we in-

ferred CNAs on the basis of the average expression of 100 genes

in each chromosomal region (Patel et al., 2014; Tirosh et al.,

2016b). This analysis identified large-scale amplifications and

deletions in most cells, including the glioblastoma hallmarks of

chromosome 7 gain and chromosome 10 loss, which were found

inmost adult but not pediatric tumors (Figures 1A and S1C). Sec-

ond, high expression of gene sets corresponding to markers of

particular cell types classified some of the cells asmacrophages,

T cells, and oligodendrocytes (Figure 1B). Third, clustering (Fig-

ure 1B; STAR Methods) highlighted three small clusters of non-

malignant cells, which lack CNAs and highly express markers

of specific cell types. The remaining cells formed a fourth large

cluster (6,864 cells) of presumed malignant cells and were asso-

ciated with CNAs. The three approaches provided concordant

classification of glioblastoma cells intomalignant and non-malig-

nant subsets. Malignant cells varied considerably between tu-

mors (Figures 1C and S1D), consistent with prior studies that

showed that malignant cells differ between patients to greater

extent than non-malignant cells (Puram et al., 2017; Tirosh

et al., 2016a; Tirosh et al., 2016b).

Malignant Cells Intra-tumoral Heterogeneity Is
Dominated by a Few Expression Meta-modules
To comprehensively characterize intra-tumoral heterogeneity

among the malignant cells, we identified expression programs

that vary between cells within each tumor and then sought the

recurrent programs (‘‘meta-modules’’) that were identified

across different tumors (Filbin et al., 2018; Tirosh et al., 2016a;

Tirosh et al., 2016b; Venteicher et al., 2017). First, separately
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Figure 1. Classification of Single Cells from 28 Glioblastomas

(A) Inference of chromosomal CNAs on the basis of average relative expression in windows of 100 analyzed genes. Rows correspond to cells; non-malignant (NM)

cells that lack CNAs are shown at the top, followed by malignant cells (with CNAs, as defined in Figure S1) ordered by tumor and within a tumor clustered by

overall CNA patterns.

(B) t-distributed stochastic neighbor embedding (tSNE) plot of all single cells. Cells are colored on the basis of presence of CNAs (blue) or high expression of sets

of marker genes for macrophages (cyan), oligodendrocytes (magenta), or T cells (green).

(C) tSNE plot of all malignant cells, colored by tumor.
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for each tumor, we hierarchically clustered the cells on the basis

of all genes expressed at sufficient levels (Figures 2A and S2A).

Next, we conservatively retained many clusters for further anal-

ysis, including partially overlapping ones (Figure 2A, bottom),

and defined for each an expression signature consisting of pref-

erentially expressed genes. Forty-four percent of these signa-

tures were associated almost exclusively with cell cycle genes,

indicating that they correspond to the subsets of cycling cells

(Figure S2B). All remaining expression signatures were sub-

jected to further analysis in order to elucidate their biological sig-

nificance. Expression signatures were highly consistent across

tumors, such that on average each signature significantly over-

lapped (false discovery rate [FDR] < 0.01, hypergeometric test)

signatures of 9 other tumors. This indicates that despite the

global differences between tumors, these patterns of intra-tu-
moral heterogeneity reflect fundamental processes shared

across tumors. We clustered the signatures, resulting in four

main groups, of which two further segregated robustly into two

sub-groups (Figure 2B; STAR Methods). This enabled us to

define six meta-modules consisting of 39–50 genes that highly

recur across overlapping signatures from multiple tumors, and

each meta-module was derived from at least 6 tumors (Figures

2C and S2C; Table S2). To further demonstrate the robustness

of these meta-modules, we generated scRNA-seq profiles by

droplet-based scRNA-seq for 16,201 cells from 9 glioblastoma

samples (of which 9,870 were inferred to be malignant) (STAR

Methods), repeated the analysis, and found expression signa-

tures highly consistent with our meta-modules (Figure S2D).

The top scoring genes and functional enrichments of the

meta-modules (Figure 2C and S2E; Tables S2 and S3) highlight
Cell 178, 1–15, August 8, 2019 3
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Figure 2. Expression Signatures of Intra-tumoral Heterogeneity among Malignant Cells

(A) Top: cell-to-cell correlation matrix of malignant cells from MGH105, with cells ordered by hierarchical clustering. Shown on the bottom is the assignment of

cells to potential overlapping clusters.

(B) Hierarchical clustering of signatures for 269 potential clusters defined from 27 tumors. Groups of potential clusters are highlighted at the top and were used to

define meta-modules.

(C) Meta-modules composed of genes consistently upregulated in potential clusters of the same group. Selected genes are indicated (see Table S2 for a full list).

(D) Relative expression of meta-modules across neurodevelopment-related cell types as measured by scRNA-seq (Darmanis et al., 2017; Darmanis et al., 2015;

Tirosh et al., 2016b). Error bars correspond to standard error.
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two meta-modules that were associated with high expression

of mesenchymal-related genes (e.g., VIM) and gene sets

(p < 10�9, hypergeometric test). One of these meta-modules

was strongly associated with hypoxia-response genes (e.g.,

HILPDA), stress (e.g., DDIT3), and glycolytic (e.g., ENO2 and

LDHA) genes, suggesting that in some tumors the mesenchymal

state is linked to hypoxia and increased glycolysis. We defined

these as mesenchymal-like (MES-like) meta-modules: hypoxia-

independent (MES1) and -dependent (MES2) signatures.

The other four meta-modules were associated with neuro-

developmental genes, characteristic of neuronal/glial lineages

or progenitor cells. These included astrocytic markers in meta-

module #3 (S100B, GFAP, SLC1A3, GLAST, and MLC1), oligo-

dendroglial lineage markers in meta-module #4 (OLIG1, OMG,

PLP1, PLLP, TNR, and ALCAM), stem and progenitor cell signa-

tures inmeta-modules #5 and #6, including NPCmarkers (SOX4,

SOX11, and DCX) (Tirosh et al., 2016b; Venteicher et al., 2017).

Consistently, comparing the meta-modules to neural cell type

signatures from scRNA-seq of fetal brains, adult brains, and

non-malignant cells from gliomas, meta-modules #3, #4, and

#6 were most highly expressed in astrocytes, oligodendrocytic

precursor cells (OPCs), and neural progenitor cells (NPCs),

respectively (Figures 2D and S2F) (Darmanis et al., 2017; Darma-

nis et al., 2015; Nowakowski et al., 2017; Tirosh et al., 2016b).

Therefore, the meta-modules mimic developmental cell types

but with important distortions from normal programs (Table S4)

and were named accordingly as AC-like, OPC-like, and NPC-

like. NPC-like was further subdivided into two subprograms

(NPC1 and NPC2) (STAR Methods; Table S2) that were distin-

guished by inclusion of OPC-related genes in NPC1 (e.g.,

OLIG1 and TNR) versus neuronal lineage genes in NPC2 (e.g.,

STMN1, STMN2, STMN4, DLX5-AS1, and DLX6-AS1) (Fig-

ure S2E; Table S2), likely reflecting the potential of NPCs to

differentiate toward either OPCs or neurons. Each of the meta-

modules had additional features beyond the corresponding cell

types, which might reflect their distortion compared with normal

cell type programs. Thus, although the AC-like meta-module

was most highly expressed by astrocytes, it was also expressed

in radial glia (RG) and contained RGmarkers such asHOPX (Pol-

len et al., 2015). Overall, intra-tumoral heterogeneity in glioblas-

toma largely corresponds to cellular states resembling NPCs,

OPCs, astrocytes, and mesenchymal cells. These states were

largely consistent between adult and pediatric tumors and

were also observed in pediatric samples when analyzed inde-

pendently (Figure S2G -I).

Cycling Cells and Hybrid Cellular States in Glioblastoma
Next, we classified the cells from all tumors by expression of the

meta-modules and cell cycle programs (Figures 3A, 3B, and

S3A). Between 3%and 51%of the cells in each tumor were iden-

tified as cycling on the basis of the expression of cell cycle

signatures (Figure S3B). Cycling cells were enriched in the

OPC-like and NPC-like states (Figure 3C), particularly in pediat-

ric tumors (Figure S3C). This is consistent with proliferation of

normal OPC and neural precursors, and with our previous obser-

vations in IDH mutant and H3K27M mutant glioma, which are

driven by proliferating NPC-like and OPC-like cells, respectively

(Filbin et al., 2018; Tirosh et al., 2016b; Venteicher et al., 2017).
However, in glioblastoma, unlike in other classes of gliomas,

the other cellular states—AC-like and MES-like—also contain

considerable subsets of proliferating cells, possibly reflecting

its very aggressive nature (Figure 3C).

Interestingly, although most glioblastoma cells corresponded

primarily to one of the four states, 15% of the cells highly ex-

pressed two distinct meta-modules and hence were defined as

‘‘hybrid’’ states (Figures 3A and 3D). Some combinations of

meta-modules were rarely observed, whereas others (AC-like/

MES-like, NPC-like/OPC-like, and AC-like/OPC-like) were as

common as expected by a simple model of independence be-

tween expression of the different meta-modules (Figure 3D;

STAR Methods). Thus, our data supports a model whereby

glioblastoma cells span four main cellular states and their inter-

mediate hybrids, each with proliferative potential, but with higher

proliferation of NPC-like and OPC-like states. The meta-mod-

ules, hybrids states, and proliferation patterns were confirmed

by RNA in situ hybridization (RNA-ISH) in ten glioblastoma spec-

imens (Figures 3E, S3E, and S3F). Finally, we developed a ‘‘cell-

state plot’’ to summarize the distribution of cells across these

states and their intermediates (Figure 3F; STARMethods), which

demonstrates the diversity of proliferating cells and is used

below for further analysis.

Limited Relationship between Genetic Subclones and
Intra-tumoral State Diversity
Next, we asked whether intra-tumoral cell state diversity could

directly reflect genetic subclones within the tumor. Detection of

genetic mutations within individual cells from scRNA-seq data is

limited by the partial transcriptome coverage of the transcrip-

tome. However, large-scale CNAs, such as full-chromosome or

chromosome-arm events, might be robustly detected on the ba-

sis of the average upregulation or downregulation of large sets of

genes within each chromosomal region, as previously demon-

strated (Filbin et al., 2018;Patel et al., 2014;Puramet al., 2017; Tir-

osh et al., 2016b). Inferred CNAs (STARMethods) enabled robust

detection of 37 genetic subclones in 12 of the tumors, with 2–5

distinct subclones in each tumor (Figures 4A, 4B, and S4A).

Notably, each of the 37 subclones contain cells in multiple

cellular states, as defined by the four quadrants of the cell-state

plot (Figure 4C and S4B). Thus, cell state is not strictly deter-

mined by any of the genetic subclones, although some of the

subclones are biased toward specific states. To quantify this

bias, we compared the cellular states between pairs of cells

from the same and from different subclones. On average, 49%

of all pairs of cells from the same tumor had the same state.

The overall fraction of same-state pairs was comparable among

pairs of cells from the same and from different subclones (51%

versus 46%), as only 8 of the 37 subclones had an increased

fraction of same-state pairs (Figure S4C) (63% on average).

We also assessed the number of differentially expressed (DE)

genes between subclones in the same tumor (Figure S4D). Sub-

clones had a median of 20 DE genes, most of which were not

associated or correlated with the meta-modules and rather

were often located within the CNA loci that distinguished the

subclones. Although we can only detect some genetic events,

the limited relation between CNA-defined subclones and

expression states corresponding to the meta-modules suggests
Cell 178, 1–15, August 8, 2019 5
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Figure 3. Assignment of Malignant Cells to Cellular States and Their Hybrids

(A) Heatmap showing the meta-module scores of all non-cycling cells (left) and cycling cells (right). Within each group, the cells are ordered by their maximal

score, for cells mapping to one meta-module, followed by cells mapping to two meta-modules (hybrid states, denoted as ‘‘H’’).

(B) Bar plot showing the percentage of cells with the highest score for each meta-module. Adult and pediatric tumors are separated in order to demonstrate their

distinct distributions. Error bars correspond to standard error, calculated by bootstrapping.

(C) Bar plot showing the percentage of cycling cells among cells with highest score for each of the meta-modules. Error bars correspond to standard error,

calculated by bootstrapping.

(D) Bar plot showing the observed and expected percentages of hybrid cells (co-expressing two distinct meta-modules) out of all malignant cells. Expected

percentages and their standard errors were calculated by shuffling the cell scores (STAR Methods).

(legend continued on next page)
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Figure 4. Intra-tumoral Heterogeneity at the Genetic and Expression Levels

(A and B) Identification of genetic subclones by CNAs. Shown are the inferred CNAs of malignant cells in MGH125 (A) and MGH102 (B), separated into genetic

subclones on the basis of amplifications or deletions of specific chromosomes (STAR Methods).

(C) Cell-state plots (as in Figure 3F) for six tumors with CNA-based subclones. Cells are colored by their subclone.
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that much of the intra-tumoral diversity in expression states is

not driven by genetic subclones. This is consistent with our prior

observations in IDH mutant and H3K27M mutant gliomas (Filbin

et al., 2018; Tirosh et al., 2016b; Venteicher et al., 2017).

Defined Genetic Drivers Influence the Distribution of
Cellular States
Each of the tumors contained cells in at least two of the four

cellular states, with most tumors containing all four states (Fig-

ure S5A), but the frequencies of states varied between tumors

(Figure 5A) and even to some extent between different regions

of the same tumor (Figure S5B). Most tumors consisted primarily

of NPC-like plus OPC-like cells, or of AC-like plus MES-like cells,

although some tumors had other patterns (Figure 5A). Further-

more, for each of the four, states there were some tumors in

which that state was the most frequent. Notably, adult and pedi-
(E) In situ RNA hybridization of glioblastoma for NPC-like (CD24), MES-like (CD44

for CD24 (blue) or CD44 (red). Arrowhead highlights a cell co-expressing CD24 a

(F) Two-dimensional representation of cellular states. Each quadrant correspond

relative scores for the meta-modules, and their colors reflect the density of cycli
atric glioblastomas appeared to have similar patterns, although

AC-like cells were depleted in pediatric versus adult glioblas-

toma (Figures 5A and 3B).

The preponderance of a particular state (or combination of two

states) in each tumor is highly consistent with three bulk sub-

types previously defined by TCGA (Figures 5A and S5C).

Whereas the TCGA-CL and TCGA-MES subtypes correspond

to tumors enriched for the AC-like and MES-like states, respec-

tively, the TCGA-PN subtype corresponds to the combination

of two distinct cellular states, OPC-like and NPC-like (Figures

5A and S5C), reflecting the typical co-occurrence of these

two states in glioblastoma (Figure 5A), which hinders the

ability to distinguish their contributions in bulk RNA-seq. Simi-

larly, the TCGA-MES subtype corresponds to a combination of

the MES-like malignant state defined above and a preponder-

ance of microglia and macrophages (Figure S5C), supporting
), and proliferation (Ki67) markers. Arrows highlight representative cells positive

nd Ki67.

s to one cellular state, the exact position of malignant cells (dots) reflect their

ng cells (STAR Methods).
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their potential role in sustaining the MES-like state of malignant

cells. A fourth subtype that was proposed previously (TCGA-

Neural) appears to primarily reflect the preponderance of non-

malignant oligodendrocytes and neurons (Figure S5C), consis-

tent with recent observations (Wang et al., 2017).

We hypothesized that the fact that each tumor contains multi-

ple cellular states, but that specific states are enriched in subsets

of tumors (i.e., tumor subtypes) can be explained by the genetics

and/or microenvironment of individual tumors favoring particular

cellular states over others. This could be due, for example, to

facilitation or inhibition of certain cellular transitions. To identify

such effects, we first used the single-cell profiles to search for

genes that correlate with high frequency of each state but are

not themselves part of the expression program of that state.

For example, we searched for differentially expressed genes be-

tween the tumors with high frequency of AC-like cells (AC-high

tumors) and those with low frequency of AC-like cells (AC-low)

within our 28-tumor cohort. To control for differences in the

proportions of states between those cohorts, we separately

compared cells in each of the four states (Figure S5D). Thus,

although AC-high tumors contain primarily AC-like cells they

also contain sufficient numbers of MES-like, NPC-like, and

OPC-like cells for comparison to the same states in AC-low tu-

mors. This analysis identified 22 genes that were consistently

higher in AC-high tumors than in AC-low tumors (Figure S5D),

and 16–41 genes that were associated with an abundance of

each of the other three states (Figure S5E).

The gene with highest upregulation in AC-high tumors was

EGFR, which was markedly higher (> 7-fold) in AC-high than in

AC-low tumors, among cells from each of the four states (Fig-

ure S5E). These results suggest that tumors with EGFR aberra-

tions, and therefore high levels of EGFR across all cellular states,

might favor a high frequency of AC-like cells, consistent with pre-

vious reports of EGFR as a regulator of astrocytic differentiation

(Sun et al., 2005).

To systematically examine the association between cellular

states and genetics, we next turned to 401 bulk samples from

the TCGA glioblastoma dataset. Bulk expression profiles reflect

an average of the diverse tumor constituents, and therefore, the

expression of each meta-module defines a crude estimate for

the abundance of the corresponding cellular state in bulk sam-

ples. We scored each bulk sample for expression of each of

the four meta-modules and examined the association between

expression scores and genetic features (Figure 5B). As expected

from the above analysis, TCGA tumors with high-level genetic

amplifications of EGFR are significantly associated with higher

AC-like bulk scores (p < 10�5). Similarly, high-level amplifications

of PDGFRA andCDK4were associated with OPC-like and NPC-
Figure 5. The Distribution of Glioblastoma Cellular States Is Associate

Cohort

(A) Pie charts displaying the fraction of cells in four cellular states in each glioblast

are indicated in red and recurrent tumors with ‘‘R.’’ Tumors are grouped by bulk

(B) Analysis of the TCGA glioblastoma cohort shows that high-level amplifications

like, OPC-like, and NPC-like cellular states, respectively. Shown are significance

high bulk scores (shown above the zero line, indicating enrichment of the cellular s

the cellular state). Single chromosome gains are distinguished from high-level a

ciations with three cellular states (AC-like, OPC-like, and NPC-like), whereas no a
like scores, respectively, consistent with the known roles of

these genes as OPC and NPC regulators in normal development

(Lim and Kaldis, 2012; Zhu et al., 2014). Thus, although OPC-like

and NPC-like abundances are largely coupled and together

define the TCGA-PN subtype, they are distinct enough to detect

differential associations with amplifications of relevant regula-

tors. Several point mutations were also correlated with particular

cellular states, such as NF1 alterations in MES-high tumors (Fig-

ure S5F), but CNAs had stronger effects (Figure 5B); each cellular

state was significantly associated with specific CNAs. We also

observed that deletion of chromosome arm 5q and the MES-

like state were negatively related across the TCGA dataset (Fig-

ure S5G), suggesting that deletion of genes on this chromosome

arm could limit the number of MES-like cells. This chromosomal

region encodes potential regulators of mesenchymal expression

programs (SMAD5 and TGFBI), as well as multiple cytokines and

chemokines (CSF2, IL3, IL4, IL5, IL13, and CXCL14) that could

be involved in communication with microglia/macrophages

and other immune cells (Wang et al., 2017).

EGFR Drives an AC-Like Program and CDK4 an
NPC-Like Program in Mouse Neural Cells
We hypothesized that some of these genetic alterations might

favor specific cellular states by increasing their growth and/or

by inducing state transitions. To test this hypothesis, we overex-

pressed CDK4, EGFR, and control GFP in primary mouse neural

progenitor cells derived from embryonic stem cells (STAR

Methods) and performed phenotypic characterization and

scRNA-seq. Supporting our model, NPCs overexpressing

EGFR induced an AC-like program, as assessed by both GFAP

staining and scRNA-seq analysis (Figures 6A–6C, S6A, and

S6B; STAR Methods). Conversely, cells overexpressing CDK4

induced an NPC-like program (Figures 6D and S6B; STAR

Methods). Thus, these oncogenes favor transition of non-cancer

progenitor cells toward cellular states that they also correlate

with in the tumor context. Because EGFR andCDK4 have estab-

lished roles in driving cellular proliferation, we additionally tested

the effect of these oncogenes on proliferation of the respective

cell types. We observed that mouse neural progenitor cells

proliferated more upon overexpression of CDK4 than of EGFR

or GFP control (Figure 6E), whereas mouse astrocytes prolifer-

ated more upon overexpression of EGFR than of CDK4 or GFP

control (Figure 6F). This suggests that distinct neural cell types

respond differently to these glioblastoma oncogenes andmirrors

the associations between genetics and cell states that we

observed across the TCGA dataset. Altogether, our results sup-

port amodel in which oncogenes such as EGFR andCDK4 play a

key role in regulating both transitions and growth of specific
d with Chromosomal Amplifications across the TCGA Glioblastoma

oma from our cohort. Tumor indices are above each pie chart; pediatric tumors

TCGA subtype as labeled.

of EGFR, PDGFRA, andCDK4 are associated with high bulk scores for the AC-

values, -log10(P value), for the association of chromosomal amplifications with

tate) or with low bulk scores (shown below the zero line, indicating depletion of

mplifications (Brennan et al., 2013), which are found to have significant asso-

ssociations of chromosomal amplifications were found with the MES-like state.
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Figure 6. Glioblastoma Oncogenes Drive Defined Cellular States

(A) Micrographs of immunofluorescence of mouse NPCs overexpressing EGFR, CDK4, or eGFP immunostained for the astrocytic marker GFAP (red).

(B) Quantification of GFAP+ cells shown in (A) (STAR Methods).

(C) scRNA-seq scores for the AC-like signature (y axis) of ranked cells (x axis) overexpressing EGFR (red) or GFP (black) (STAR Methods).

(D) scRNA-seq scores for the NPC-like signature (y axis) of ranked cells (x axis) overexpressing CDK4 (blue) or GFP (black).

(E) Growth curve using NPCs overexpressing eGFP, EGFR, or CDK4 shows increased proliferation (p < 0.0001) in CDK4-expressing cells. Abbreviation is as

follows: RLU, Relative Light Units (arbitrary value).

(F) Growth curve of astrocytes derived from the engineered NPCs (STAR Methods) shows significant (p < 0.002, ANOVA) increase in growth of astrocytes

overexpressing EGFR.
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neurodevelopmental cell types, and therefore when they occur in

tumors, they might not only drive tumor progression but also

shape the distribution of cellular states within the tumor.

Demonstration of Cellular Plasticity by Combined
scRNA-Seq and Cellular Barcoding
Whereas defined genetic events appear to drive the identity of

the most common cellular states, we speculated that genetics
10 Cell 178, 1–15, August 8, 2019
might incompletely skew toward specific cellular states, such

that a diversity of states is maintained through cellular plasticity.

To experimentally test the capacity of cells to transition between

states, we sought to isolate cells in a specific state, use them to

initiate tumors in a patient-derived xenograft (PDX) model, and

determine the state distribution in the resulting tumor.

First, to isolate cells of a specific state, we searched for cell-

surface markers from the meta-module genes and identified
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CD24 and CD44 among the 4 top-scoring genes for the NPC-like

and MES-like states, respectively. Next, we isolated CD24-high

cells, CD44-high cells, and unselected malignant cells (CD45�)
from a fresh tumor sample (MGH143) (Figure 7A). We selected

a tumor with the EGFRvIII genetic alteration (Figure S7A), a

constitutively active mutant of EGFR and accordingly a high pro-

portion of AC-like cells and smaller proportions of NPC-like and

MES-like cells. However, these latter states were efficiently en-

riched in the CD24-high and CD44-high fractions, as demon-

strated by scRNA-seq of the sorted populations (Figure 7A,

7B, and S7B). We then tested the three fractions (CD24-high,

CD44-high, and CD45�) for tumor-initiation potential by ortho-

topic xenografts in immunocompromised mice (Figure 7A and

7B). Each of the populations robustly initiated glioblastoma in

multiple mice, indicating their tumor-initiating potential (Fig-

ure S7C and S7D). Upon tumor development, we analyzed the

PDXs by scRNA-seq to determine the spectrum of cellular states

in these models and compare them to the injected patient sam-

ple (Figure 7B).

Regardless of the population used to initiate the PDX—

CD45� (containing mostly AC-like cells), NPC-like, or MES-

like—the derived tumor contained all three states in a similar

distribution (Figure 7B). Indeed, in almost all cases, the derived

tumor recapitulated the distribution of cellular states found

in the original patient sample. The only exception was one

PDX derived from the CD24-high fraction; but even this PDX

had a decreased proportion of the sorted cellular state and

an increased proportion of AC-like cells, the most common

cellular state in the patient sample and the one associated

with EGFR amplification. These results show that the baseline

distribution of cellular states can be recapitulated in the mouse

brain microenvironment and, moreover, that cellular states

transition from the sorted state to other states, from a single

sorted population. These results were also recapitulated

when the analysis was repeated for distinct PDX CNA sub-

clones (Figure S7E-G).

To further demonstrate cellular plasticity in glioblastoma at

single-cell resolution, we combined scRNA-seq with cellular bar-

coding in both a genetic mouse model and in PDX models. First,

wemodified amousemodel of glioblastoma in which lentiviruses

harboring H-Ras and shP53 are stereotactically injected into the

hippocampus of GFAP-cre animals, such that each transformed

cell would additionally harbor a unique and heritable genetic tag

(Figure 7C; STAR Methods) (Friedmann-Morvinski et al., 2012).

scRNA-seq analysis of the resulting mouse tumors showed

that each tumor contained three of the four cellular states iden-

tified in human glioblastoma (Figures 7D, S6C, and S6D).

Because of cell proliferation, many of the heritable barcodes

were identified in multiple cells, which were also identified by

scRNA-seq. Importantly, 39% of those barcodes were seen

among cells in different states, unambiguously demonstrating

common plasticity among states.

Second, to assess whether plasticity is also observed in hu-

man glioblastoma, we derived two primary human cell cultures

from patient samples (MGH143 and MGG23), infected them

with lentiviruses harboring unique barcodes (Figure 7E; STAR

Methods), and orthotopically transplanted them into recipient

immunocompromised mice. scRNA-seq and barcode analysis
of the resulting mouse tumors identified human glioblastoma

cells that share the same genetic barcode but correspond to

different states of glioblastoma. Notably, there were several in-

stances of a single barcode found in cells of four different states,

demonstrating that a single cell can give rise to all four states of

glioblastoma observed in patients (Figures 7F and S6E; STAR

Methods). Overall, these results are consistent with glioblastoma

cells displaying plasticity of states, and with a baseline distribu-

tion reflecting a steady state that emerges by cellular transitions

and the tumor’s genotype.

DISCUSSION

A better understanding of the multiple sources of heterogeneity

in glioblastoma and of their inter-relationships is a critical goal

for neuro-oncology, with broad implications for therapy. Here,

we started by performing the most comprehensive scRNA-seq

analysis of glioblastoma to date, analyzing extensively 28 tumors

from both adults and children. Each tumor is unique and the

diversity within a tumor is driven by a combination of factors: ge-

netic, epigenetic, and microenvironmental. Yet, we found that

the diversity of malignant cells in glioblastoma converges to

few recurrent expression signatures, given that almost all signa-

tures of intra-tumoral heterogeneity were mapped to either the

cell cycle or one of four general cellular states. Although hetero-

geneity is often viewed as a major barrier, the convergence of

cellular signatures on a few common patterns of heterogeneity

might help identify dependencies in glioblastoma shared by

many tumors.

Each of those recurrent cellular states is associated with

cycling cells, and the highest fractions are observed in NPC-

like and OPC-like states, particularly in pediatric tumors.

Analysis of intermediate states in patients, as well as PDX and

lineage-tracing experiments, indicates plasticity between those

four states, with multiple possible transitions. This suggests

that each tumor is composed of cells in multiple cellular states

that might proliferate or transition to other states. Such dynamic

behavior implies that rates of proliferation and transitions would

ultimately define a steady-state distribution, and that one might

expect a similar distribution across different tumors, reflecting

the intrinsic propensity of each cell to proliferate or transition to

the other states. Yet, we observe widely different distributions

between tumors, such that each state is most common in

some tumors and least common in others, indicating that addi-

tional factors might influence the proliferation and transition

rates. We propose that certain genetic factors dictate certain

transition rates that in turn define a steady-state distribution.

One such relevant genetic factor appears to be EGFR aberra-

tions, which is associated with a relative abundance of AC-like

cells both in our cohort as well as in the larger TCGA dataset.

Similarly, amplifications of CDK4 and PDGFRA are associated

with abundance of the NPC-like and OPC-like states, respec-

tively, whereas Chr5q deletions and NF1 alterations affect the

frequency of MES-like states (Figure 7G). These genetic associ-

ations might also provide an explanation for the differential

distribution of cellular states between adult and pediatric glio-

blastoma: in pediatric tumors EGFR alterations are less common

than in adult tumors, mirroring their decreased frequency of
Cell 178, 1–15, August 8, 2019 11
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Figure 7. Cellular Transitions in Glioblastoma

(A) Experimental workflow. Different fractions of cells were sorted from patient sample MGH143 and injected orthotopically into immunocompromised mice to

generate PDXs. The patient sample and the PDX subpopulations were subjected to scRNA-seq.

(B) Samples described in (A) are each represented by a pie chart depicting the fraction of cells in four states. Pie charts are positioned on the x axis on the basis of

their sorted fraction and whether they represent injected or PDX sample, and on the y axis on the basis of their compositional similarity to the original patient

sample (one minus the Manhattan distance over the fractions of four states).

(C) Experimental workflow. Lentiviruses harboring oncogenes and unique barcodeswere injected into themouse hippocampus (STARMethods) and the resulting

tumors were analyzed by scRNA-seq.

(D) Barcodeswhichwere identified inmultiple cells are each represented by a pie chart depicting the fraction of cells in each state. Pie charts are positioned on the

basis of the number of cells with the respective barcode (x axis), and the number of cellular states observed among these cells (y axis). Pie chart sizes are

proportional to log2 of the number of cells.

(legend continued on next page)
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AC-like cells (Figure 3B). The association between genetics and

cellular states could form the biological basis for the TCGA bulk

expression subtypes, as tumor genetics might determine the

more frequent cellular state and hence the average (i.e., bulk)

expression profile (Verhaak et al., 2010; Wang et al., 2017).

Experimentally, this model is supported by overexpression ex-

periments in neural progenitor cells, linking genetic drivers to

specific cellular states (Figure 6), and by previous studies in

which overexpression of EGFR in nestin+ neural progenitors

drove the formation of an astrocytoma-like tumor, whereas

overexpression of PDGFRA in the same cells drove an oligoden-

droglioma-like tumor (Holland et al., 1998). Thus, signaling

pathways relevant to certain cellular states during normal

development can be selected for during tumorigenesis and

play a role in stabilizing specific malignant cellular states. More

generally, this model is consistent with the view that oncogen-

esis involves the generation of a self-renewing population with

defects in differentiation capacity. Each of these genetic drivers

might skew a particular cellular state toward self-renewal and

therefore might promote the generation of tumors driven primar-

ily by that specific state. This model would explain why PDXs

derived from different cellular states remarkably converged to-

ward the same distribution of states as observed in the patient

sample. Thus, certain genetic drivers in glioblastoma might

dictate certain transition probabilities and define the steady-

state distribution. It is tempting to speculate that such capacity

to define state transitions is being selected for and that EGFR,

PDGFRA, andCDK4would be selected not only to promote glio-

blastoma growth, but to expand and stabilize a certain state

within the glioblastoma ecosystem. Targeting such genetic

drivers might modulate the distribution of states and could

possibly lead to an alternative distribution driven primarily by

the self-renewal of a different state. Such a scenario might

explain the limited efficacy of targeting a single signaling

pathway in glioblastoma.

In conclusion, we have elucidated the spectrum of expression

states of glioblastoma cells and their plasticity, identifying

cellular programs that recapitulate neural development, cell cy-

cle, and influences of the microenvironment. By showing that

specific genetic drivers of glioblastoma influence the frequency

of those states, we provide a cellular correlate to glioblastoma

genetic heterogeneity and a model that explains why different

bulk expression programs, such as the TCGA subtypes, are en-

riched for defined genetic alterations. Further studies will be

needed to assess translational opportunities and to evaluate

the effect of existing therapeutic approaches on the spectrum

of cellular states that drive glioblastoma.
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and include the following:
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J.C., Curtis, C., Watts, C., and Tavaré, S. (2013). Intratumor heterogeneity in

human glioblastoma reflects cancer evolutionary dynamics. Proc. Natl.

Acad. Sci. USA 110, 4009–4014.

Subramanian, A., Tamayo, P., Mootha, V.K., Mukherjee, S., Ebert, B.L., Gil-

lette, M.A., Paulovich, A., Pomeroy, S.L., Golub, T.R., Lander, E.S., and Me-

sirov, J.P. (2005). Gene set enrichment analysis: a knowledge-based approach

for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. USA

102, 15545–15550.

Sun, Y., Goderie, S.K., and Temple, S. (2005). Asymmetric distribution of EGFR

receptor during mitosis generates diverse CNS progenitor cells. Neuron 45,

873–886.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Human Subjects
Adult patients at Massachusetts General Hospital (MGH) and pediatric patients and their parents at Boston Children’s hospital pro-

vided preoperative informed consent to take part in the study in all cases after the Institutional Review Board Protocols DF/HCC 10-

417 and DF/HCC 15-370B. Patients were males and females. Clinical characteristics are summarized in (Table S1).

Cell lines
Patient derived primary cultures (MGH143, MGG23) were grown in Neurobasal Medium (GIBCO 21103-049) supplemented with 1X

N2/B27 (GIBCO), 1%Penicillin/Streptomycin (GIBCO), 1X Glutamax (GIBCO), 20 ng/mL EGF and 20 ng/mL bFGF (FGF2). The details

of MGH143 are summarized in (Table S1). MGG23 is detailed in (Wakimoto et al., 2012).

Mouse NPCs were established from mouse ES cells (V6.5) using previously published protocols (Kerman et al., 2015). NPCs were

propagated with DMEM:F12 (GIBCO 11320-033 with L-glutamine/Sodium Bicarbonate) supplemented with 1X N2/B27, 1% Peni-

cillin/Streptomycin, 1 mg/mL laminin (from EHS tumor), 20 ng/mL EGF and 20 ng/mL bFGF (FGF2). NPCs were cultured on poly-l-

ornithine coated tissue culture treated dishes. Astrocytes were derived and propagated from NPCs using NPCmedia supplemented

with 4% Fetal Bovine Serum (FBS).

METHOD DETAILS

Tumor acquisition and single-cell sorting
Fresh tumors were collected directly from the operating room at the time of surgery and presence of glioblastoma was confirmed by

frozen section. Tumors were mechanically and enzymatically dissociated using a papain-based brain tumor dissociation kit (Miltenyi

Biotec) as previously reported (Filbin et al., 2018; Patel et al., 2014; Tirosh et al., 2016b; Venteicher et al., 2017). Tumor cells were

blocked in 1% bovine serum albumin in Hanks buffered saline solution (BSA / HBSS). Tumors were first stained first with CD45-

Vioblue direct antibody conjugate (clone REA747, Miltenyi Biotec) for 30 min at 4�C. Cells were washed with cold PBS, and then re-

suspended in 1mL of BSA / HBSS containing 1 mMcalcein AM (Life Technologies) and 0.33 mMTO-PRO-3 iodide (Life Technologies)

to co-stain for 30 min before sorting. For MGH143, CD45 MicroBeads (Miltenyi Biotec) were used to remove immune cells. CD45

negative cells were stained with calcein AM (Life Technologies) for viability and CD24-APC (human antibody, clone REA832, Miltenyi

Biotec) and CD44-VioBlue (human antibody, clone REA690, Miltenyi Biotec) to sort subpopulations of viable non-immune cells.

Sorting was performed with the FACS Aria Fusion Special Order System (Becton Dickinson) using 488 nm (calcein AM, 530/30 filter),
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640nm (TO-PRO-3 or CD24-APC, 670/14 filter), and 405 nm (CD45-VioBlue or CD44-VioBlue, 450/50 filter) lasers. Standard, strict

forward scatter height versus area criteria were used to discriminate doublets and gate only singleton cells. Viable single cells were

identified as calcein AMpositive and TO-PRO-3 negative. We sorted individual, viable, immune, and non-immune single cells into 96-

well plates containing TCL buffer (QIAGEN) with 1% beta-mercaptoethanol. Plates were frozen on dry ice immediately after sorting

and stored at �80�C prior to whole transcriptome amplification, library preparation and sequencing. For samples processed on the

10x genomics platform, dead cells were removed from single-cell suspensions using Dead Cell Removal Kit (Miltenyi Biotec).

RNA in situ hybridization
Paraffin-embedded tissue sections from tumors from Massachusetts General Hospital and Boston Children’s Hospital were ob-

tained according to Institutional Review Board-approved protocols. Sections were mounted on glass slides and stored at �80�C.
Slides were stained using the RNAscope 2.5 HD Duplex Detection Kit (Advanced Cell Technologies, Cat. No. 322430), as previously

described (Filbin et al., 2018; Tirosh et al., 2016b; Venteicher et al., 2017). Briefly, slides were baked for 1 h at 60�C, deparaffinized
and dehydrated with xylene and ethanol. The tissue was pretreated with RNAscope Hydrogen Peroxide (Cat. No. 322335) for 10 min

at room temperature and RNAscope Target Retrieval Reagent (Cat. No. 322000) for 15 min at 98�C. RNAscope Protease Plus (Cat.

No. 322331) was then applied to the tissue for 30min at 40�C. Hybridization probes were prepared by diluting the C2 probe (red) 1:50

into the C1 probe (green). Advanced Cell Technologies RNAscope Target Probes used included Hs-CD24 (Cat. No. 313021; Cat. No.

313021-C2), Hs-CD44 (Cat. No. 311271-C2), Hs-PDGFRA (Cat. No. 604481-C2), Hs-S100B (Cat. No. 430891), Hs-MKI67 (Cat. No.

591771; 591771-C2). Probes were added to the tissue and hybridized for 2 h at 40�C. A series of 10 amplification steps were per-

formed using instructions and reagents provided in the RNAscope 2.5 HDDuplex Detection Kit. Tissue was counterstained with Gill’s

hematoxylin for 25 s at room temperature followed by mounting with VectaMount mounting media (Vector Laboratories). For ISH

quantification, at least 1,000 cells were counted in representative areas of the tumors.

Intracranial patient-derived xenografts
Fresh tumor cells isolated directly from human glioblastoma at the time of surgery were stereotactically injected into the right striatum

of 5- to 12-week-old female NSGmice (NOD.Cg-Prkdcscid Il2rgtm1Wjl/SzJ, The Jackson Laboratory, Bar Harbor, ME). Briefly, mice

were anesthetized with 2% isofluranemixedwithmedical air and placed on a stereotactic frame. The skull of themousewas exposed

through a small skin incision, and a small burr hole was made using a 25-gauge needle at the selected stereotactic coordinates. The

cells suspended in 6uL PBS were loaded on a 33- gauge Hamilton syringe, and injected slowly using the following coordinates:

2.0 mm lateral of the bregma, and 2 mm deep to the cortical surface. Upon completing injection, the needle was left in place for

another minute, then withdrawn slowly to help reduce cell reflux. After closing the scalp with suture and staple, mice were returned

to their cages placed on a warming pad and visually monitored until full recovery. Mice were then checked daily for signs of distress,

including seizures, ataxia, weight loss, and tremors. Mice were also monitored by imaging using small animal MRI, first 8 weeks after

injection and again when they started to display neurological symptoms, including head tilt, seizures, sudden weight loss, loss of

balance, and ataxia. Mice were sacrificed as soon as they became symptomatic, brains were collected directly after euthanasia

and patient derived xenograft tumors (PDX) were processed the same day for single cell sorting, using the same protocol as for pri-

mary human tumors. All animal studies were performed according to Dana-Farber/Harvard Cancer Center Institutional and the Salk

Institute Animal Care and Use Committee (IACUC)-approved protocols.

Small animal MRI
MRI experiments were performed on a Bruker BioSpec 7T/30 cm USR horizontal bore Superconducting Magnet System (Bruker

Corp., Billerica, MA) equipped with the B-GA12S2 gradient and integrated with up to 2nd order room temperature shim system,

which provides a maximum gradient amplitude of 440 mT/m and slew rate of 3440 T/m/s. The Bruker-made 23 mm ID birdcage vol-

ume radiofrequency (RF) coil was used for both RF excitation and receiving. The Bruker AutoPac with laser positioning was used for

accurate definition of the region of interest. Animals were anesthetized with 1.5% isoflurane mixed in medical air at a flow rate of

2 L/min. Body temperature was maintained at 37�C using a warm air fan. A pressure- transducer for respiratory gating was placed

on the abdomen. Animal respiration and temperature were monitored and regulated by the SAII (Sa Instruments Inc., Stony Brook,

NY) monitoring and gating system model 1025T. Bruker Paravision 6.0.1 was used for MRI data acquisition. T2-weighted images

were obtained by a fast spin echo (RARE) sequence with fat suppression using the following parameters: TR = 6,000 ms, TE =

36 ms, FOV = 19.2 3 19.2 mm2, matrix size = 256 3 192, spatial resolution = 75 3 100 mm2, slice thickness = 0.5 mm, number

of slices = 29, rare factor = 15, number of averages = 8, acquisition time 7 min. Images were analyzed and tumor volumes extracted

using the semi-automatic segmentation analysis software ClinicalVolumes (ClinicalVolumes, London, UK).

Barcoded lentiviral vector design, construction, and production
A 393 base pair DNA fragment incorporated with 16 3 N mixed bases (estimated diversity of > 4 3 109) and well-used primer se-

quences for efficient amplification (CAT-R Fw / LucN Rv / pBABE50 / EF1a Fw) was synthesized by Integrated DNA Technologies.

This DNA fragment was amplified by polymerase chain reaction (PCR), limited for 20 cycles to reduce potential biases introduced

during amplification, using Q5 high fidelity polymerase (New England Biolabs) and a set of primers containing either CAT-R Fw or

EF1a Fw sequence and 25bp overlapped sequence with a lentiviral vector for Gibson assembly reaction. The amplified PCR product
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was confirmed and extracted by agarose gel electrophoresis using QIAquick Gel Extraction Kit (QIAGEN), then purified again with

QIAquick PCR Purification Kit (QIAGEN) and cloned by Gibson assembly method (New England Biolabs) into either HrasV12-

IRES-GFP-shp53 (Friedmann-Morvinski et al., 2012) or GFP alone digested with EcoRI (New England Biolabs). EcoRI site locates

after GFP code region and Woodchuck hepatitis virus Posttranscriptional Regulatory Element (WPRE), and before 30 Long terminal

repeat (LTR) containing viral polyA motif. The assembled vector was amplified using Endura Electrocompetent cells (Lucigen) on LB

agar plates limited for 12–14 h to reduce potential biases introduced by the competition between colonies and purified with PureLink

HiPure Maxiprep kit (Thermo Fisher Scientific). The lentiviral vector with 16 mixed bases was verified by Sanger sequencing of the

corresponding barcode region. VSV-pseudotyped 3rd generation lentiviruses were produced by Lipofectamine 2000 (Thermo Fisher

Scientific)-based transfection of 293T cells (53 106cells / 15-cm plate, 20 plates) with a transfer plasmid, packaging plasmids (GAG/

POL, RSV-Rev) and an envelope plasmid (VSV-G). 2 mMsodium butyrate was added intomedium on the occasion of transfection and

medium change to increase the viral production. Transfection efficiency was evaluated based on fluorescence expression. Super-

natant was collected 48 and 72 h post-transfection, and lentiviruses were concentrated by the ultracentrifugation. Biological titer of

lentiviruses was evaluated with 293T-based on fluorescence expression.

INTRACRANIAL INJECTION OF BARCODED LENTIVIRUS

Lentiviruses were stereotactically injected into the hippocampus of 6- to 16-week-old hGFAP-cre mice (The Jackson Laboratory, Bar

Harbor, ME). All mice were maintained under pathogen-free conditions at the Salk Institute, and all procedures performed were

approved by the Institutional Animal Care and Use Committee. Lentiviruses (1 3 105 IU) suspended in 1uL PBS were loaded on a

33-gauge Hamilton syringe, and injected slowly (0.1uL/30sec-1min) using the following coordinates: 2.0 mm posterior, 1.5 mm

lateral, and 2.3 mm dorsal to the bregma. Upon completing injection, the needle was left in place for 3 min, then withdrawn slowly

to help reduce virus reflux in 2 min.

In vitro labeling of patient derived cells with barcoded lentiviruses
Patient derived cells (MGH143, MGG23) were incubated with serially diluted barcoded lentiviruses for 12 h in Neurobasal Medium

(GIBCO 21103-049) supplemented with 1X N2/B27 (GIBCO), 1% Penicillin/Streptomycin (GIBCO), 1X Glutamax (GIBCO),

20 ng/mL EGF and 20 ng/mL bFGF (FGF2). Barcoded cells were washed three times with PBS, and then dissociated with pre-

warmed TrypLE Express (GIBCO) to prepare single-cell suspension (a range of 2x104-1x105 cells permouse) for intracranial injection.

Remaining cells were further cultured for 48 h to evaluate GFP expression and lentiviral infection efficiency based on flowcytometric

analysis.

Fluorescence-activated cell sorting of GFP positive mouse and human GBM cells
All mice were perfused with ice-cold PBS after euthanasia. The collected brains were mechanically and enzymatically dissociated

using a papain-based brain tumor dissociation kit (Miltenyi Biotec) supplemented with 0.1% typeI collagenase (Thermo Fisher Sci-

entific) / PBS. Cells were first stained with calcein Blue AM (Life Technologies) and Zombie NIR (BioLegend) for 30 min at 4�C, and
with anti-mouse CD16/32 (BD Biosciences) for 5min. After washing cells with ice-cold 2% FBS / PBS, cells were then stained with

anti-mouse CD45-PerCP (clone 30-F11, BD Biosciences) for 30 min at 4�C. Sorting was performed with The Becton Dickinson Influx

cytometer (BectonDickinson) using 640 nm (Zombie NIR, 750LP filter), 355 nm (Calcein Blue AM, 460/50 filter), 488 nm (CD45-PerCP,

692/40 filter) and 488 nm (GFP, 530/40 filter) lasers. Side scatter (SSC) width versus forward scatter (FSC) area, and Trigger Pulse

Width versus FSC criteria were used to discriminate doublets and gate only singleton cells. Viable single cells were identified as cal-

cein blue AM positive and Zombine NIR negative. We sorted viable CD45 negative/GFP positive single-cells into 96-well plates con-

taining 5uL of TCL buffer (QIAGEN) with 1%beta-mercaptoethanol. Plates were frozen immediately after sorting and stored at�80�C
prior to whole transcriptome amplification, library preparation and sequencing.

In vitro overexpression experiments
NPCs were established from mouse ES cells (V6.5) using previously published protocols (Kerman et al., 2015). NPCs were propa-

gated with DMEM:F12 (GIBCO 11320-033 with L-glutamine/Sodium Bicarbonate) supplemented with 1X N2/B27, 1% Penicillin/

Streptomycin, 1 mg/mL laminin (from EHS tumor), 20 ng/mL EGF and 20 ng/mL bFGF (FGF2). NPCs were cultured on poly-l-ornithine

coated tissue culture treated dishes. Astrocytes were derived and propagated from NPCs using NPC media supplemented with 4%

Fetal Bovine Serum (FBS). Constructs utilized: piggyback plasmid with CMV promoter driving the expression of T2A-eGFP (empty

vector), EGFR (human)-T2A-eGFP, or CDK4(mouse)-T2A-eGFP. All constructs were validated by Sanger sequencing in addition to

whole plasmid next-generation sequencing. Cell proliferation was measured in 96 well plates (2,000 cells per well) using ATPlite as

per the manufacturer’s instructions. Cells were lysed on day 0 (1 h post-plating), day 2, and day 4. Quantification was normalized to

day 0 data.

Imaging of GFAP positive cells in mouse NPC cultures
NPCs engineered to express eGFP, EGFR, or CDK4 were plated in 8-chamber glass slides (BD biosciences) at a density of 80,000

cells per well. Cells were fixed using 4% formaldehyde, permeated with 0.5% Triton X-100 for 10 min at 4�C, blocked using PBS
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supplemented with 10% normal goat serum, and then stained overnight with a GFAP antibody (Dako, Z0334) at a dilution of 1:2500.

Cells were thenwashed with PBS and stained with a secondary goat anti-rabbit conjugated with Alexa-555 (1:500 dilution in blocking

buffer). Nuclei were stained with Hoechst 33342 (1:10,000 in PBS). Slides were then mounted with Vectashield mounting media and

imaged in a Zeiss LSM 800 confocal microscope. Maximum intensity images were then assembled on imageJ. The FindMaxima tool

on imageJ was then used to count GFAP positive cells with noise tolerance set to eliminate background positive signal.

QUANTIFICATION AND STATISTICAL ANALYSIS

Single-cell RNA-seq data generation and processing
Smart-seq2 whole transcriptome amplification, library construction, and sequencing were performed as previously published (Filbin

et al., 2018; Picelli et al., 2014; Tirosh et al., 2016b; Venteicher et al., 2017). As quality control, we examined the number of genes

detected in each cell (Figure S1B). We observed a bimodal distribution and conservatively excluded 28% of the sequenced cells

with fewer than 3,000 detected genes. Among the remaining cells, we detected on average 5,730 genes per cell, highlighting the

high quality of our scRNA-seq dataset. Expression levels were quantified as Ei,j = log2(TPMi,j/10+1), where TPMi,j refers to tran-

script-per-million for gene i in sample j, as calculated by RSEM (Li and Dewey, 2011). TPM values were divided by 10 since we es-

timate the complexity of single cell libraries in the order of 100,000 transcripts and would like to avoid counting each transcript �10

times, as would be the case with TPM, which may inflate the difference between the expression level of a gene in cells in which the

gene is detected and those in which it is not detected. For the remaining cells, we calculated the aggregate expression of each gene

as Ea(i) = log2(average(TPMi,1...n)+1), and defined the set of analyzed genes as those with Ea > 4. We then defined relative expression

over the remaining cells and the analyzed genes, by centering the expression levels per gene, Eri,j = Ei,j-average[Ei,1...n]. For a subset

of samples, single cells were processed through the 10X Chromium 30 Single Cell Platform using the Chromium Single Cell 30 Library,
Gel Bead and Chip Kits (10X Genomics, Pleasanton, CA), following the manufacturer’s protocol. Briefly, 7,000 cells were added to

each channel of a chip to be partitioned into Gel Beads in Emulsion (GEMs) in the Chromium instrument, followed by cell lysis and

barcoded reverse transcription of RNA in the droplets. Breaking of the emulsion was followed by amplification, fragmentation, and

addition of adaptor and sample index.

tSNE analysis and identification of non-malignant cell types
Relative expression values were used to classify all cells passing quality control by tSNE, using the MATLAB implementation tsne,

with default parameters (Figure 1B). Three small clusters were apparent, which were associated with high expression of markers for

three non-malignant cell types. We thus defined sets of marker genes for each of those cell types and scored each cell by their

average expression. For macrophages: CD14, AIF1, FCER1G, FCGR3A, TYROBP, CSF1R. For T cells: CD2, CD3D, CD3E, CD3G.

For oligodendrocytes: MBP, TF, PLP1, MAG, MOG, CLDN11. Cells were classified to each of these cell types by scores above 4.

A second tSNE analysis was performed only for malignant cells and with ‘‘NumPCAComponents’’ equal to 30 (Figure 1C).

Definition of single-cell gene signature scores
Given a set of genes (Gj) reflecting an expression signature of a specific cell type or biological function, we calculate for each cell i, a

score, SCj(i), quantifying the relative expression of Gj in cell i, as the average relative expression (Er) of the genes in Gj, compared to

the average relative expression of a control gene-set (Gj
cont): SCj(i) = average[Er(Gj,i)] – average[Er(Gj

cont,i)]. The control gene-set is

defined by first binning all analyzed genes into 30 bins of aggregate expression levels (Ea) and then, for each gene in the gene-setGj,

randomly selecting 100 genes from the same expression bin. In this way, the control gene-set has a comparable distribution of

expression levels to that ofGj, and the control gene set is 100-fold larger, such that its average expression is analogous to averaging

over 100 randomly selected gene-sets of the same size as the considered gene-set.

CNA inference from single-cell data
CNAs were estimated by sorting the analyzed genes by their chromosomal location and applying a moving average to the relative

expression values, with a sliding window of 100 genes within each chromosome, as we have previously described (Patel et al.,

2014; Tirosh et al., 2016b). Cells classified to each of the non-malignant cell typeswere used to define a baseline of normal karyotype,

such that their average CNA value was subtracted from all cells. We then scored each cell for two CNA-based measures. ‘‘CNA

signal’’ reflects the overall extent of CNAs, defined as the mean of the squares of CNA values across the genome. ‘‘CNA correlation’’

refers to the correlation between the CNA profile of each cell and the average CNA profile of all cells from the corresponding tumor,

except for those classified by gene expression as non-malignant. Cells were then classified as malignant by CNA analysis if they had

CNA signal above 0.02 and CNA correlation above 0.4 (Figure S1C).

Integrated definition of malignant cells
We then combined the CNA classification with the tSNE-based and the gene-set based classifications, such that the final list of ma-

lignant cells included those which were classified as malignant by CNA, were part of the malignant tSNE cluster, and were not clas-

sified to any of the non-malignant cell types based on themarker gene-sets. Similarly, cells were classified to each non-malignant cell

type only if these assignments were concordant among the three analyses.
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Identification of intra-tumor variability programs using hierarchical clustering
First, we used average linkage hierarchical clustering of the single malignant cells from each of the tumors separately, using one

minus the Pearson correlation (across all analyzed genes) as the distance metric. In order to select clusters without a pre-defined

strict threshold on the number of clusters or their level in the hierarchical tree, we first recovered all potential clusters, and then

excluded them by size, by their signal for differential expression, and by their redundancy with other clusters, in the following

ways: (1) We excluded clusters that consist of less than 5 cells or more than 80% of the malignant cells in the respective tumor.

(2) For each cluster, we estimated the number of preferentially expressed genes: we identified all genes with 3-fold higher average

expression in the cluster than in all other malignant cells from the same tumor, and corresponding p values below 0.05 (using a t test

and corrected for False Discovery Rate with the Benjamini-Hochberg method). We then count the number of significant genes with

adjusted p values below 0.05 (Nsig1) and below 0.005 (Nsig2), respectively. All clusters with both Nsig1 > 50 and Nsig2 > 10 were defined

as having sufficient signal of differential expression and retained for further analysis. (3) For each pair of clusters with Jaccard index

above 75%, we excluded the cluster with lower Nsig1. Applying this approach to 27 tumors revealed 479 clusters, including (as

desired) many cases of both a large cluster and its smaller sub-clusters. Finally, we used the differentially expressed genes (Nsig1)

as each cluster’s signature, yielding 479 signatures.

Integration of individual signatures into meta-modules
Jaccard indices, reflecting the overlap between pairs of signatures, were used for hierarchical clustering of the signatures by average

linkage. Four groups of signatures were identified, of which two had robust separation into two subgroups (Figure 3), resulting in six

groups of signatures which were used as the basis for defining sixmeta-modules. For each group of signatures, we defined themeta-

module based on the average expression log2-ratios, across the corresponding signatures: for each signature, an expression log-

ratio was defined by comparing all the cells in the corresponding potential cluster to all other malignant cells in the same tumor. These

log-ratios were then averaged across all signatures that constitute a group (or subgroup), which in each of the cases included at least

six different tumors. Eachmeta-module was then defined as all genes whose average log-ratio was above 2 andwas restricted to the

50 genes with highest log-ratios for that group of programs.

Identification of cycling cells
Meta-modules were also defined for the G1/S and G2/M phases of the cell cycle, from analysis of the cell-cycle related signatures.

Next, the cell scores for thesemeta-modules were used to classify cells as cycling or non-cycling (Figures S3A and S3B). For each of

the two cell cycle scores, the distribution of scores for all malignant cells was fitted to a normal distribution and a threshold of

p < 0.001 was used for distinguishing cycling cells.

Assignment of cells to meta-modules and their hybrids
Malignant cells were first assigned to the meta-module with the highest score, including the six meta-modules (MES1-like, MES2-

like, NPC1-like, NPC2-like, AC-like, OPC-like) but excluding the cell cycle meta-modules. For most analyses, we collapsed theMES1

and MES2 groups of cells into one group of MES-like cells, and similarly, the NPC1 and NPC2 cells into one group of NPC-like cells.

Next, we defined hybrids as those that also had a high score for a second meta-module (not including the MES1/MES2 or NPC1/

NPC2 distinction) by three criteria: (1) the score for the second meta-module was higher than 1. (2) The score for the second

meta-module was higher than that of 10% of the cells that map to this meta-module (as their top-scoring meta-module). (3) The dif-

ference in score between the second meta-module and the third meta-module was at least 0.3.

The percentages and patterns of hybrids were largely unchanged when we used different criteria. An ‘‘expected number’’ of hy-

brids for each pair of meta-modules (Figure 3D) was defined by shuffling the meta-module scores of cells in each tumor. Each meta-

module was shuffled independently such that any relationship between the meta-modules was eliminated while the distribution of

scores was unchanged as were the differences in distribution between tumors. This shuffling was performed 100 times and in

each case we used the criteria defined above to count the number of hybrids. The mean and standard deviations of these counts

were then used as a control for the expected number of hybrids.

Identification of genetic subclones by inferred CNAs
In each cell, we defined the average inferred CNA values for each chromosome, or chromosome arm. Next, we examined for each

tumor if one or more of those chromosome arms have a bimodal distribution of CNA values amongmalignant cells. We fitted the CNA

values to a bimodal Gaussian distribution using MATLAB’s fitgmdist function and examined the posterior probabilities of cells to

the two modes. In most tumors and for most chromosome arms, the two modes were highly similar and cells were not confidently

assigned to distinct modes. However, in particular cases (specific chromosome arms in specific tumors) the two modes were highly

distinct such that most cells could be confidently assigned to only one mode. In those cases, we defined subclones whenever > 80%

of the malignant cells in a tumor had a posterior probability higher than 0.95 for one of the two modes, and at least 10 cells were

assigned to each of the twomodes. The few cells whichwere not confidently assigned to anymodewere excluded from the subclonal

analysis. If a tumor had only one chromosome (or chromosome arm) with bimodal distribution, we defined two clones corresponding

to the two modes. If a tumor had multiple such chromosomes then we considered all combinations of modes with at least three cells

as subclones.
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Characterization of meta-modules by comparison to external data
Wecharacterized themeta-modules by four complementary approaches. (1) First, by the relative expression scores of non-malignant

cell types for each of the meta-modules (Figure 2). To this end, we obtained scRNA-seq data for non-malignant brain cells from

multiple sources (Darmanis et al., 2015; Nowakowski et al., 2017; Pollen et al., 2015; Tirosh et al., 2016b). For each source, we aggre-

gated cells by their cell type classification, defined the average expression profile of each cell type (or used the respective data gener-

ated by the original study) and finally defined relative expression for cell types by subtracting the mean expression of all cell types.

(2) Second, by the global expression similarities (Pearson correlations) between 47 non-malignant cell types in the developing human

cortex (Nowakowski et al., 2017) and the average profiles of 250 randomly sampled glioblastoma cells mapping to each of the meta-

modules (Figure S2F). (3) Third, by enrichment of meta-module genes in non-malignant cell types (Figure S2F) (Nowakowski et al.,

2017). Enrichment was defined as the significance level for the fraction of meta-module genes most highly expressed in a given

cell type (-log10(P value)) and calculated using a hypergeometric test. (4) We similarly tested for enrichment of the meta-modules

in C2 and C5 gene-sets (N = 10,679) from MSigDB (Subramanian et al., 2005) using the clusterProfiler::enricher function in R

(Figure S2E).

Two-dimensional representation of malignant cellular states
Cells were first separated into OPC/NPC versus AC/MES by the sign of D =max(SCopc,SCnpc) - max(SCac,SCmes), and D defined the

y axis of all cells. Next, for OPC/NPC cells (i.e., D > 0), the x axis value was defined as log2(jSCopc – SCnpcj+1) and for AC/MES cells

(i.e.,D< 0), the x axis was defined as log2(jSCac – SCmesj). To visualize the enrichment of subsets of cells (e.g., cycling cells, Figure 3F)

across the two-dimensional representation, we calculated for each cell the fraction of cells that belong to the respective subset

among its 100 nearest neighbors, as defined by Euclidean distance, and these fractions were displayed by colors.

Bulk scores defined for TCGA samples
Expression data from TCGA samples was based on the agilent microarray platform, as these had the highest number of profiled sam-

ples. Expression scoring of bulk samples for meta-modules were done as described above for single cells, with two exceptions.

(1) The expression of genes in bulk samples reflects the combined effect from multiple expressing cell types and therefore many

genes, which are good markers for a particular cellular state in single cell data may not be good markers in bulk data. To exclude

such genes, we first defined initial bulk scores by the average expression of meta-modules. Next, we calculated the correlation of

eachmeta-module gene with the initial scores. Genes were excluded if their correlation was below 0.4 or if the correlation was higher

for a different meta-module. The remaining genes were then used to define refined bulk scores. (2) Genes which are not part of the

meta-modules but were found to be associated with high frequency of the meta-module (Figures S5D and S5E) were included in this

analysis.

Association of bulk scores with CNAs
Chromosomal copy-number losses, gains, as well as high-level amplifications, were obtained from TCGA (Brennan et al., 2013). For

each gene with at least 10 tumors that have a specific CNA pattern (gain, loss or high-level amplification) t test was used to compare

the bulk scores between all tumors with and those without that. significance values corresponding to –log10(P), where P is the t test p

value, are shown in Figures 5B and S5G and were above 5 for all genetic events that are noted in the text (EGFR, PDGFRA, CDK4

amplifications and chr5q deletion). We further examined the fraction of tumors with each of those events (as well as with downregu-

lation of NF1) in the subset of tumorswith highest bulk scores for eachmeta-module (excluding tumors inwhich all scores are below 1)

and found a significant enrichment (p < 0.001, hypergeometric test) for each of the positive associations (Figure S5F).

Assignment of TCGA subtypes to tumors profiled by scRNA-seq
We simulated bulk expression levels of each tumor as Ei,J = log2(TPMi,J+1), where J refers to all malignant cells in that tumor. The

resulting bulk profiles were subsequently scored for three TCGA subtypes (Verhaak et al., 2010) and assigned to their highest scoring

subtype or to a ‘‘mixed’’ category if the difference in score between the first and second subtypes was less than 0.05.

Integration of the 10X Genomics data
Processing and analysis of a second dataset generated by the 10x Genomics platform was performed as stated above for the

SMART-Seq2 data, with the following exceptions: Preprocessing: (i) Due to larger variability in the number of detected genes be-

tween tumors compared to the SMART-Seq2 data, we excluded all sequenced cells whose number of detected genes was less

than half or more than twice the mean number of genes detected across cells coming from the same tumor (26% of all sequenced

cells). (ii) Identification of non-malignant cells: Non-malignant cells were identified by either one or both of two methods. (1) We

defined sets of marker genes for normal cell types (see earlier STAR Methods) and scored all cells for their average expression of

each signature. Bimodal distributions were observed for macrophage and oligodendrocyte scores. Accordingly, cutoffs of > = 0.5

and > = 3 were chosen in order to define non-malignant cells. (2) All cells were hierarchically clustered with average linkage and

pairwise Pearson correlations as a distance metric. Three large clusters were identified, and of these one was associated with

high expression of markers for non-malignant cells, specifically macrophages. 100% of the cells in this cluster were captured

by the method described in #1. In total, 40% of cells passing quality control were non-cancer cells as defined by both methods.
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(iii) Generation of gene signatures: We analyzed 9,870 cancer cells from 9 tumors to identify coherent signatures of differential gene

expression in our data. 577 signatures were defined and compared to one another by pairwise Jaccard overlaps, as before. Hierar-

chical clustering of the overlaps revealed a strong meta-module for cell-cycle signatures. The remaining 78% of non-cycling signa-

tures were compared to those generated by the SMART-Seq2 platform (and discussed in the main text).

Comparison of 10x and SMART-Seq2 results

448 non-cycling signatures from the 10x data were hierarchically clustered with average linkage and using the signatures’ pairwise

Jaccard overlaps as distance metric. The clustered signatures were subsequently scored for their correspondence to the six meta-

modules in the main text (NPC1, NPC2, OPC, AC, MES1, and MES2), based on the expression of the cells in the corresponding clus-

ter compared to all othermalignant cells in the same tumor, with scores defined as described above (see Definition of single-cell gene

signature scores).

Analysis of barcoded cells
Barcodes used in this study include unique (i.e., variable) 16-nucleotide sequences that were identifiable by two common flanking 29-

nucleotide sequences (see STAR Methods). To assign cells to barcodes, we first searched for the flanking sequences in scRNA-seq

reads to locate the barcode sequences. Barcodes were then assigned to cells if counted at least three times in the cell, or at least

three times more than any other barcode. Unassigned cells were excluded from downstream analyses. Next, cells with detected

barcodes were assigned to the meta-module with the highest score if the score was at least 1 and the difference to the next highest

score was at least 0.5 (see above for definition of single-cell scores). Cells not assigned to meta-modules by these criteria were also

excluded. Of the cells retained, 53% and 78% belonged to barcoded populations with at least two cells (Figures 7C and 7D and Fig-

ures 7E and 7F, respectively).

DATA AND CODE AVAILABILITY

Data generated for this study are available through the Broad Institute Single-Cell Portal. (https://portals.broadinstitute.org/

single_cell/study/SCP393/single-cell-rna-seq-of-adult-and-pediatric-glioblastoma) and the Gene Expression Omnibus (GEO:

GSE131928). The Code supporting the current study is available from the corresponding author on request.
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Supplemental Figures

Figure S1. Related to Figure 1

(A) H&E stain of a representative subset of glioblastomas in our cohort. Images show features of high-grade glioma with important pleomorphism and cyto-

nuclear atypia. Arrowheads highlight vascular proliferation, stars highlight areas of necrosis, both hallmark features of glioblastoma.

(B) Distribution of the number of genes detected in each of the sequenced cells.

(C) Classification of cells (dots) to malignant and non-malignant based on CNA signal (x axis) and CNA correlation (y axis), based on thresholds indicated by red

dashed lines. CNA signal reflect the extent of CNAs while CNA correlations reflect the similarity between the CNA pattern of a single cell and that of other

malignant cells from the same tumor (see Method Details). Cells mapping to non-malignant cell types are shown in black while the rest are shown in blue.

(D) Top: Hierarchical clustering of all malignant cells by their expression profiles. Bottom: Assignment of cells to tumors. Adult and pediatric tumors are highlighted

in blue and red, respectively.



(legend on next page)



Figure S2. Related to Figure 2

(A) Top: cell-to-cell correlation matrix of malignant cells from MGH136 ordered by hierarchical clustering. Bottom: assignment of cells to potential clusters.

(B) Top: Hierarchical clustering of 479 potential clusters defined from analysis of 27 tumors. Bottom: expression scores of programs for the G1/S and G2/M cell

cycle signatures.

(C) tSNE plot of all non-cycling signatures clustered by their cell scores and colored by assignment into meta-modules. Circles and triangles signify signatures

derived from adult and pediatric tumors, respectively.

(D) 10x-derived expression signatures are consistent with the meta-modules derived from Smart-Seq2 analysis. Non-cycling signatures derived from the 10x

dataset were clustered hierarchically according to their pairwise correlations (shown at the top), and their similarity to the six meta-modules are evaluated by

Jaccard indices (shown in the lower) reflecting the fraction of overlapping genes. This analysis demonstrates that most 10x signatures are part of apparent

clusters which are consistent with the meta-modules defined by the Smart-Seq2 analysis. An exception is a subset of signatures highlighted by a red square.

These additional signatures are characterized by weak correlations with one another and with all other signatures (except for those derived from overlapping

clusters of cells) and therefore do not constitute a recurrent module. Furthermore, they are primarily associated with high expression of either ribosomal protein

genes or hemoglobin and are otherwise not associated with coherent functional annotations. We therefore considered that these signatures primarily reflect

technical confounders.

(E) Functional enrichment analysis of meta-modules across C2 and C5 gene-sets in MSigDB (Subramanian et al., 2005). The top ten gene-sets for each meta-

module are shown in the heatmap (see also Table S3) and are ordered by hierarchical clustering.

(F) Meta-module similarities to neurodevelopmental cell types, profiled by scRNA-seq (Nowakowski et al., 2017), are shown by two complementary measures:

Colors indicate the correlations of cell types andmeta-modules by their global expression values; Circle sizes indicate the significance levels for the enrichment of

meta-module genes among those most highly expressed in a given cell type (-log10(P value)). Shown in bold are cell types that were uniquely ascribed to a meta-

module as defined by an enrichment level at least two-fold higher than remaining cell types and a correlation value among the top three.

(G) Assignment of signatures to tumors (adult in black; pediatric in red). Signatures were ordered by the hierarchical clustering pattern shown in Figure 2B into the

four meta-modules, which are separated by dashed lines.

(H and I) Meta-modules identified when restricting the analysis shown in Figure 2B to signatures from pediatric tumors. (H) Middle: Hierarchical clustering of 109

signatures defined by analysis of 7 pediatric tumors. Black squares denote five potential groups of pediatric-only signatures that are derived frommultiple tumors.

Top: Assignments of signatures to tumors. Bottom: signature similarities to the six meta-modules. (I) Jaccard similarities of the six meta-modules from the main

analysis (y axis; as shown in Figure 2B) with the five pediatric-only meta-modules (x axis) which were derived from the groups of signatures defined in (H), and

numbered by their position from left to right.
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Figure S3. Related to Figure 3

(A) Heatmap showing meta-module expression, with rows corresponding to all genes in the meta-modules, and columns corresponding to all malignant cells,

separated to non-cycling (left) and cycling cells (right). Within each group, the cells are ordered by their maximal score, for cells mapping to one meta-module,

followed by cells mapping to two meta-modules (H, hybrid states).

(B) Identification of cycling cells. Cell scores for the G1/S and G2/M signatures are shown for all malignant cells. Cells defined as cycling are colored as green

(G1/S), purple (G2/M) or red (both).

(C) Bar plot showing the percentage of cycling cells among cells with highest score for each of the meta-modules. Adult and pediatric tumors are separated in

order to demonstrate their distinct distributions. Error bars correspond to standard error, calculated by bootstrapping.

(D) Bar plots showing the percentage of hybrid cells (co-expressing two distinct meta-modules) out of all malignant cells in adult (left) and pediatric (right)

glioblastoma samples. Expected percentages of hybrid cells (assuming the scores for meta-modules are independent of one another) were defined as those

found after independently shuffling the cell scores for each meta-module; error bars correspond to standard error, calculated by shuffling the cell scores

100 times.

(legend continued on next page)



(E) In situ RNA hybridization of glioblastoma for NPC-like (CD24), OPC-like (PDGFRA), AC-like (S100B) and proliferation (Ki67) markers. Arrows in each panel

highlight representative positive cells for respective markers. Arrowheads highlight co-expression of PDGFRA and Ki67.

(F) Quantification of the percentage of cells co-expressing markers (hybrid states, cycling cells) by RNA ISH across ten glioblastoma specimen. Error bars

correspond to standard deviation across tumors.
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Figure S4. Related to Figure 4

(A) Identification of genetic subclones by CNAs. Shown are the inferred CNAs of malignant cells in (from top to bottom) BT771, BT749, MGH152, MGH151,

MGH136, MGH105, and MGH100, separated into genetic subclones based on the amplifications/deletions of specific chromosomes.

(B) Cell-state plots (as in Figure 3F) for six tumors with CNA-based subclones. Cells are colored by their subclone assignments (see color legend in C).

(C) Fraction of cell-pairs that map to the same state (out of four states represented by quadrants of B), among all cells from each tumor (white), and among cells

from individual subclones (as defined by color legend). Eight out of 37 subclones had a significantly high rate of same-state cell-pairs (defined as p < 0.05 by a

permutation test) and these are highlighted by asterisks.

(D) Analysis of differentially expressed (DE) genes between subclones, comparing each individual subclone to the other subclones in the same tumor. Heatmap

shows the fraction of DE genes that correlate (Pearson R > 0.3) with each of the meta-modules or that are located within CNA loci that distinguished the sub-

clones. Black bar to the right indicates the number of DE genes.
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Figure S5. Related to Figure 5

(A) For each tumor we counted the number of distinct cellular states (out of four) which were detected. Shown are the number of tumors with two to four states

(none of the tumors had less than two states).

(B) Left: MRI image of MGH 105 with colored dots for areas sampled. Right: Pie charts (as in figure 5A) for the four spatial regions of MGH105.

(C) Linking TCGA subtypes to cellular subpopulations. Marker genes for each of the four TCGA subtypes were classified to one of six cellular programs based on

the subpopulation of cells in which it had the highest expression level in our scRNA-seq data. The six programs correspond to the four malignant states (as

defined by themeta-modules) and two non-malignant cell types: macrophages and oligodendrocytes (see Figure 1). Shown are the percentage of genes for each

TCGA subtype that are classified to each of the six programs.

(D) Identifying genes associated with enrichment of particular cellular states. For each of the four malignant cellular states we defined tumors with high and low

fractions of cells and examined the differential expression between them. This was done separately for cells in each cellular state (rows in each panel) to control for

differences in tumor composition. Shown are differential expression (log2-ratio for high versus low tumors) for all genes (left) and for genes significant in at least

two cellular states (right), with genes ranked by average differential expression.

(E) EGFR expression is higher in AC-high than AC-low tumors, both in single cells and in bulk tumors. For each of the four cellular states, the average relative EGFR

expression in all cells in that state is shown for AC-low tumors (blue dots) and AC-high tumors (red dots). Bars and error-bars show the mean and standard error

across the two subsets of tumors. The rightmost pair of bars show EGFR expression in bulk tumors of TCGA divided by bulk AC-like scores into AC-high and AC-

low tumors (see STAR Methods).

(F) Enrichment of genetic events in TCGA tumors with high bulk scores for particular meta-modules. For each of the four meta-module signatures we defined a

subset of TCGA tumors with high bulk scores and examined the fraction of tumors with three high-level amplifications (PDGFRA, CDK4 and EGFR) and with

downregulation of NF1. As a control, we compared these proportions to all TCGA glioblastomas. Asterisks indicate significant enrichment (p < 0.01, hyper-

geometric test).

(G) Top panel: Association of chromosomal losses with TCGA bulk scores for the MES-like state, as shown for chromosomal gains in Figure 5B. Bottom: zoom in

on chromosome 5, including significance values (-log10(P value)) for the association of losses with bulk scores of theMES1 andMES2meta-modules and the bulk

scores for a macrophage signature, demonstrating that the effect shown at the top panel is largely restricted to the MES1 meta-module.
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Figure S6. Related to Figures 6 and 7

(A) Jaccard similarities of the six meta-modules from the main human glioblastoma analysis (x axis) with four meta-modules derived using the same approach

from analysis of mouse NPC scRNA-seq data (y axis). Comparisons were based on human-mouse ortholog genes, and mouse meta-modules were named

according to the most similar human meta-module.

(B) Top: cell-to-cell correlation matrices of mouse NPCs overexpressing GFP, EGFR, or CDK4, ordered by hierarchical clustering. Bottom: expression scores for

mouse meta-modules defined in (A).

(C) Jaccard similarities of the six meta-modules from the main human glioblastoma analysis (x axis) with four meta-modules derived using the same approach

from analysis of the genetic mouse model scRNA-seq data (y axis). Comparisons were based on human-mouse ortholog genes, and mouse meta-modules were

named according to the most similar human meta-module.

(D) Top: cell-to-cell correlation matrices of malignant cells from three barcodedmouse glioblastomamodels at day 11 (two left panels) or week 5 (right panel) post

transformation (STAR Methods), ordered by hierarchical clustering. Middle: expression scores for mouse meta-modules defined in (C). Bottom: assignment of

cells (ordered as in top and middle panels) to barcodes; barcodes were ordered by the number of cells that map to them (highest at the top), and all orphan

barcodes (each seen only in one cell) were combined in the lowest panel to enable compact visualization.

(E) Same as (B and D) for the patient-derived barcoded cells which were injected into immunocompromised mice.
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Figure S7. Related to Figure 7

(A) EGFR locus, showing only exons 1–8. Exons junction-spanning reads (from +strand in red, from -strand in blue) mapped in different individual cells in MGH143

patient and PDX for unsorted, CD44+ or CD24+ sorted fractions showing that each fraction has both EGFR wild-type reads and reads that skip exons 2–7

(EGFR vIII).

(B) Two-dimensional representation of the cells in each sample based on their cellular states (as in Figure 3F). Small gray dots reflect all cells fromMGH143 and its

associated PDXs, while larger black-to-red dots reflect cells in the corresponding sample, colored by the density of cells that are from the same sample (STAR

Methods).

(C) H&E stain and Ki67 immunohistochemistry of MGH143 patient sample (left) and bulk PDX (right). Tumor patient and PDX show similar morphology (features of

high-grade glioma with important pleomorphism and cytonuclear atypia) and proliferation.

(D) Small animal MRI performed at the time of initial neurological symptoms (2–4 months after injection), for the PDX of MGH143 bulk, CD24+ and CD44+ subsets.

(E) Inference of chromosomal CNAs in PDX samples based on average relative expression in windows of 100 analyzed genes. Rows correspond to cells, which

were ordered by hierarchical clustering across all loci in which only a subset of the cells had CNAs.

(F) Zoomed in view highlights the 4 subclones detected among the PDX cells, with three minor subclones (#1–3, each consisting of 3%–6% of the cell) and one

major clone (#4, consisting of 87% of the cells, including all cells below the zoomed-in section).

(G) Pie charts displaying the fraction of cells in the four cellular states for each PDX, when separated between cells of the major (bottom) and minor (top) sub-

clones; minor subclones were combined in this analysis because each of them is too small to be analyzed independently. This analysis demonstrates that the

distributions of cellular states are largely decoupled from the segregation into genetic subclones.
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