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Premalignant Oligodendrocyte Precursor Cells Stall in a
Heterogeneous State of Replication Stress Prior to
Gliomagenesis
MatthewD. Sutcliffe1, Rui P. Galvao2, LixinWang1, JungeunKim2, LaurenK. Rosenfeld2, Shambhavi Singh1,
Hui Zong2, and Kevin A. Janes1,3

ABSTRACT
◥

Cancer evolves from premalignant clones that adopt unusual cell
states to achieve transformation. We previously pinpointed the
oligodendrocyte precursor cell (OPC) as a cell of origin for glioma,
but the early changes of mutant OPCs during premalignancy
remainedunknown.Usingmice engineered for inducibleNf1-Trp53
loss in OPCs, we acutely isolated labeled mutant OPCs by laser-
capture microdissection, determined global gene-expression
changes by bulk RNA sequencing, and compared with cell-state
fluctuations at the single-cell level by stochastic profiling, which uses
RNA-sequencing measurements from random pools of 10 mutant
cells. At 12 days after Nf1-Trp53 deletion, bulk differences were
mostly limited to mitotic hallmarks and genes for ribosome bio-
synthesis, and stochastic profiling revealed a spectrum of stem-
progenitor (Axl, Aldh1a1), proneural, and mesenchymal states as
potential starting points for gliomagenesis. At 90 days, bulk
sequencing detected few differentially expressed transcripts, where-
as stochastic profiling revealed cell states for neurons andmural cells
that do not give rise to glial tumors, suggesting cellular dead-ends for

gliomagenesis. Importantly, mutant OPCs that strongly expressed
key effectors of nonsense-mediated decay (Upf3b) and homology-
dependent DNA repair (Rad51c, Slx1b, Ercc4) were identified along
with DNA-damage markers, suggesting transcription-associated
replication stress. Analysis of 10-cell transcriptomes at 90 days
identified a locus of elevated gene expression containing an addi-
tional repair endonuclease (Mus81) and Rin1, a Ras-Raf antagonist
and possible counterbalance toNf1 loss, which was microdeleted or
downregulated in gliomas at 150 days. These hidden cell-state
variations uncover replication stress as a potential bottleneck that
must be resolved for glioma initiation.

Significance: Profiling premalignant cell states in a mouse
model of glioma uncovers regulatory heterogeneity in glioma
cells-of-origin and defines a state of replication stress that pre-
cedes tumor initiation.

See related articles by Singh and colleagues, p. 1840 and Schaff and
colleagues, p. 1853

Introduction
Glioblastoma multiforme (GBM) is the most common type of

malignant brain tumor and remains incurable despite decades of basic
and clinical research. There aremultiple subtypes of GBM that differ in
prevalence, mutation frequency, response to therapy, and cell-state
composition (1). The latest conceptual frameworks support three
subtypes, two of which encapsulate the proneural versusmesenchymal
regulatory state of GBM tumor cells (2). The third (“classical”)
describes mesenchymal tumor cells mixed with astrocytes instead of
the microglial recruitment characteristic of mesenchymal GBMs (3).
Malignant cells of different subtypes often reside in the same GBM (4),
and advanced GBM clones can give rise to cells with oligodendrocyte
precursor cell (OPC)-, neural progenitor-, mesenchymal-, and astro-
cyte-like signatures (5), suggesting that subtypes could reflect dynamic

cell states in glioma. Interestingly, malignant cell-state trajectories
appear to be simpler in lower-grade gliomas, even though these tumors
also show a mixture of cell-state signatures (6). For multiple glioma
subtypes, tumor ecosystems are maintained by a progenitor-like
subpopulation that yields terminally differentiated progeny with
oligodendrocytic or astrocytic features (7–9). It is unclear whether
cell-state heterogeneity is even simpler or more chaotic during pre-
malignancy, as glioma-predisposed cells occupy various states until
reaching a productive one for long-term tumor growth (10).

The Cancer Genome Atlas project identified three frequently
mutated pathways inGBM:Arf/p53 signaling, receptor tyrosine kinase
signaling, and the G1 checkpoint (11). Both patient sample analysis
and genetically engineeredmousemodels (GEMM) indicateOPCs as a
cell of origin for glioma (12–14). Toward modeling the very earliest
steps of gliomagenesis, we previously developed a GEMM that incor-
poratesOPC-selective conditional deletion ofNf1–Trp53 togetherwith
lineage tracing to mark cells upon tumor-suppressor loss (15, 16).
Deletion in adult mice reactivates OPCs and restores proliferation to
perinatal levels within 12 days. However, even though mutant OPCs
show a net decrease in oligodendrocyte differentiation at 90 days after
gene inactivation, proliferation rates decline to basal levels, right up
until the onset of explosive gliomas. Besides these time-dependent
changes in proliferation and differentiation, the cell-state changes
during premalignancy remain unknown.

Here, we deconstructed the glioma GEMM’s premalignant phases
by a combination of bulk transcriptomics and targeted analysis of
heterogeneous cell states through 10-cell RNA sequencing (10cRNA-
seq; refs. 17–19). Both approaches used laser-capture microdissection
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(LCM) to isolate labeled cells in situ and to avoid tissue dissociation–
induced changes of gene expression would confound our analysis (20).
Shortly after deletion labeling, bulk transcriptomic differences largely
indicated generic adaptations to Nf1–Trp53 loss, whereas the
stochastic-profiling analysis of transcriptional variation gave clues
about the early states of labeled OPCs. Interestingly, intermediate
premalignancies showed very limited differences in the bulk analysis,
but stochastic profiling by 10cRNA-seq revealed substantial increases
in heterogeneity of cell states indicated by terminalmarkers of aberrant
differentiation. The 10cRNA-seq data also identified a collection of
cells that was not deconvolvable into any recognized cell types of the
brain. These samples marked a cell state characterized by elevated
DNA repair and nonsense-mediated decay, suggesting difficulty in
resolving the transcription-associated replication stress caused by
Nf1–Trp53 deletion. Our results support a conceptual model of early
gliomagenesis that is chaotic and largely unproductive. Even with
glioma-predisposing deletions in two tumor-suppressor genes, Nf1,
p53-null mutant OPCs often end up in aberrant “dead-ends” for
tumorigenesis or frozen in a state of replication stress. Glioma pre-
cursors appear to struggle in bypassing proliferation–differentiation
roadblocks, whichmight need to be surmounted concurrently through
extensive homology-independent rearrangements (21) that enable
progression into full-blown tumors.

Materials and Methods
Tissue sources

All mice were maintained according to practices prescribed by the
NIH in accordance with the Institutional Animal Care and Use
Committee protocol #3955. All animal procedures were approved by
the Animal Care and Use Committee at the University of Virginia
(Charlottesville, VA), accredited by theAssociation for theAssessment
and Accreditation of Laboratory Animal Care. The following mouse
strains were crossed on a mixed background: Cspg4 (Ng2)-CreER (a
kind gift from Dr. Akiko Nishiyama, Department of Physiology and
Neurobiology, University of Connecticut, Storrs, CT), p53KO (stock
#002101, Jackson Laboratories), Rosa-tdTomato (stock #007908, Jack-
son Laboratories), NF1flox (strain #01XM4, NCI, Rockville, MD),
p53flox (strain #01XC2, NCI, Rockville, MD). Genotypes of the
mice used in the bulk analysis were Cspg4-CreER; Rosa-tdTomato;
Nf1flox/flox; p53–/flox (mutant) and Cspg4-CreER; Rosa-tdTomato
(control). Genotypes of the mutant mice used in the 10cRNA-seq
analysis were Cspg4-CreER; Rosa-tdTomato; Nf1flox/flox; p53flox/flox.
Genotyping was performed by PCR as described previously (15).
Tamoxifen citrate tablets (10 mg/tablet, Mylan) were crushed, resus-
pended in water, and delivered by oral gavage. All mutant mice were
given daily doses of 200 mg tamoxifen/kg for five consecutive days
starting at P45. Control mice were given tamoxifen at the end of each
experiment instead of at P45 to ensure labeling of OPCs rather than
mature oligodendrocytes.

Mouse brain tissue was isolated at either 12, 90, or 150 days
postinduction (dpi) from the start of tamoxifen treatment. Animals
were not randomized by time point but balanced to the extent possible
by sex. For the bulk samples, isopentane was prechilled for approx-
imately 30 minutes on dry ice to �50�C or lower. To dissect brains,
mice were transcardially perfused with PBS supplemented with Pro-
caine and Heparin (Sigma-Aldrich), and then brains were dissected
and slowly submerged in the prechilled isopentane. Brains were
removed after 1 minute, wrapped in Parafilm, and stored at �80�C
until ready for sectioning and LCM. For the 10cRNA-seq samples, the
freshly dissected brain hemispheres were separated and the olfactory

bulbs were isolated. Each olfactory bulb was freshly cryoembedded in a
dry ice–isopentane bath and stored at �80�C wrapped in aluminum
foil until sectioning and LCM.

Before cryosectioning the bulk samples, untreated, plain glass slides
were irradiated for 30 minutes with an ultraviolet lamp to eliminate
RNases and the cryostat was cleaned with ethanol and RNase-Away
(Sigma-Aldrich). Cryosections were 10-mm thick. Once a section was
collected, the slide was kept inside the cryostat to avoid thawing and
water condensation. For the 10cRNA-seq samples, samples were
equilibrated to �24�C in a cryostat before sectioning. 8-mm sections
were cut and wicked onto Superfrost Plus slides. To preserve tissue
integrity, slides were precooled on the cutting platform for 15–30
seconds before wicking, and the section was carefully placed atop the
cooled slide. Then, the slide was gently warmed from underneath by
tapping with a finger until the section was minimally wicked onto the
slide. All wicked slides were stored in the cryostat before transfer to
�80�C storage on dry ice. Frost build-up was minimized by storing
cryosections in five-slide mailers.

Fluorescence-guided LCM
For the bulk samples, frozen slides were immediately placed in

prechilled (�20�C) 100% ethanol for 5minutes and then transferred to
room temperature 100% xylene for 5 minutes, followed by fresh 100%
xylene for another 5minutes. Finally, slides were removed from xylene
and air-dried for five minutes. For the 10cRNA-seq samples, fluores-
cence-guided LCM was performed as described previously (18).
Immediately from �80�C storage, slides were fixed in 70% ethanol
for 15 seconds, 95% ethanol for 15 seconds, and then 100% ethanol for
2 minutes before clearing with xylene for 2 minutes. Slides were air-
dried for 5–10 minutes before beginning LCM. Freshly fixed samples
were microdissected on an Arcturus XT LCM instrument (Applied
Biosystems) using Capsure HS caps (Arcturus). The smallest spot size
on the instrument (10–12 mm) captured one OPC per laser shot.

RNA extraction and amplification
For bulk samples, total RNA from the CapsureHS capwas extracted

and purified with the PicoPure RNA isolation kit (Arcturus) according
to manufacturer’s instructions. Briefly, tissue was immediately incu-
bated in 10 mL extraction buffer at 42�C and stored at�80�C. Samples
were column purified and digested with DNase to remove genomic
DNA. Total RNA was eluted in 11 mL RNase-free water and concen-
trated to 5 mL in a speedvac for 5minutes at room temperature. Single-
primer, isothermal linear amplification (Ribo-SPIA) of purified total
RNA was performed with the Ovation RNAseq System V2 kit
(NuGen) according to manufacturer’s instructions. Amplified cDNA
molecules were purified before generating sequencing libraries.

For 10-cell samples, RNA extraction and amplification of micro-
dissected samples was performed as described previously (18). Briefly,
RNA was eluted from Capsure HS caps (Arcturus) by digestion of
microdissected cells with proteinase K. Biotinylated-cDNA was then
synthesized from RNA eluted from captured cells and purified using
streptavidin magnetic beads (Pierce) with a 96 S Super Magnet Plate
(Alpaqua). Residual RNA was degraded by RNAse H (NEB) digestion
and poly(A) tailed with terminal transferase (Roche). Poly(A)-cDNA
was then amplified using an AL1 primer (ATTGGATCCAGGCCG-
CTCTGGACAAAATATGAATTCTTTTTTTTTTTTTTTTTTTTT-
TTT) and a blend of Taq polymerase (NEB) and Phusion (NEB).

Quantitative PCR–based quality assessment
Detection of transcripts by quantitative PCR (qPCR)was performed

on a CFX96 real-time PCR instrument (Bio-Rad) as described
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previously (22). Samples were filtered on the basis of three loading
controls: Rplp1, Gapdh, and Apoe. Samples were retained if the
geometric mean of the Rplp1–Gapdh–Apoe quantification cycles was
within 3.5� interquartile range of the median; samples outside that
range were excluded because of over- or under-capture during LCM.
We also sought to exclude samples that were overly contaminatedwith
Cspg4-expressing pericytes. Therefore, samples with detectable Pdgfrb,
Des, and Anpep were excluded from sequencing. qPCR primer
sequences are available in Supplementary Table ST1.

Library preparation and sequencing
For bulk samples, Illumina sequencing libraries were made by

standard methods; briefly, double-stranded cDNA was mechanically
sheared to 150–600 bp by sonication using a Bioruptor (Diagenode),
and the fragments end-repaired, A-tailed, and ligated to T-overhang
adaptors. Samples were ligated to Illumina adapters each with a 5-nt
index, amplified for 10 to 12 cycles, and size selected to between 250
and 500 bp. Samples were sequenced on an Illumina HiSeq 2000
instrument.

10cRNA-seq libraries for sequencingwere reamplified, purified, and
tagmented as described previously (18). Briefly, each poly(A) PCR
cDNA sample was reamplified for a number of cycles where the
amplification remained in the exponential phase (typically 10 to
20). Reamplified cDNA was then twice purified with Ampure Agen-
court XP SPRI beads. After bead purification, samples were quantified
on a CFX96 real-time PCR instrument (Bio-Rad) using a Qubit BR
Assay Kit (Thermo Fisher). Samples were diluted to 0.2 ng/mL
and tagmented with the Nextera XT DNA Library Preparation Kit
(Illumina). Samples were sequenced as described previously (18).
Samples were multiplexed at an equimolar ratio, and 1.3 pmol/L of
themultiplexed pool was sequenced on aNextSeq 500 instrument with
NextSeq 500/550 Mid/High Output v1/v2/v2.5 kits (Illumina) to
obtain 75-bp paired-end reads.

RNA-sequencing alignments
Adapters were trimmed using fastq-mcf (version 1.1.2–779) in the

EAutils package with the following options: -q 10 -t 0.01 -k 0 (quality
threshold 10, 0.01% occurrence frequency, no nucleotide skew causing
cycle removal). Quality checks were performed using FastQC (version
0.11.8) andMultiQC (version 1.7). Datasets were aligned to the mouse
transcriptome (GRCm38.82) along with reference sequences for
ERCC spike-ins, using RSEM (version 1.3.0) and Bowtie 2 (version
2.3.4.3). RSEM options for the 10cRNA-seq data also included the
following options: –single-cell-prior–paired-end. RSEM read counts
were converted to transcripts permillion (TPM) by dividing each value
by the total read count for each sample and multiplying by 106. For
bulk samples with multiple library preparations, RSEM read counts
were combined before TPM calculation. Mitochondrial genes and
ERCC spike-ins were not counted toward the total read count during
TPM normalization.

Differential expression analysis
DESeq2 (version 1.26.0)was used to identify differentially expressed

transcripts. For the bulk samples, outliers were first identified by
principal components analysis and removed from subsequent analysis.
The differential expression analysis was performed separately at each
of the three timepoints. Mouse sex was included as a covariate with full
model design “� genotypeþ sex” and reduced model design “� sex”.
Genes with an Padj < 0.05 were considered significantly up- or down-
regulated between the control and mutant samples. For the 10cRNA-
seq samples, DESeq2 was used to identify differentially expressed

transcripts between the U group and the O–E–N union group with
model design “� group”. Genes with an Padj < 0.05 were considered
significantly up- or downregulated between the two groups.

Overdispersion-based stochastic profiling
Stochastic profiling with 10cRNA-seq data was performed sepa-

rately for the male and the female datasets exactly as described in the
accompanying contribution (19).

Robust identification of transcriptional heterogeneities through
cross validation

To identify heterogeneously expressed genes that were robust to
sample outliers, we performed 100 leave-one-out simulations sepa-
rately on themale and female datasets. For each simulation, one 10-cell
sample and one pooled control were randomly chosen and removed
from the dataset. To maintain a total of 28 10-cell samples and
20 pooled controls, one each of the remaining 10-cell samples and
pooled controls was duplicated. The overdispersion analysis was
performed as described in ref. 19, returning a list of heterogeneously
expressed genes for each simulation. Sex-specific heterogeneities were
defined as those genes found heterogeneously expressed in at least 75%
of the simulations.

Glioma subtyping and single-cell inference
Bulk and 10cRNA-seq samples were projected onto the first two

principal components derived from a C1-based GBM principal com-
ponents analysis (3). Mouse genes were first converted into their
human orthologs using the “biomaRt” package in R. Of the 714 human
genes contributing to the principal components, 629 genes had mouse
orthologs in our dataset that were used for the projection. TPM values
were scaled to TPM/100þ 1 and log2-transformed before applying the
projections. Maximum-likelihood inference using the “stochprofML”
package in R was performed on the 10cRNA-seq 12 dpi sample scores
in the first principal component to determine constituent single-cell
contributions (23). Scores were right-shifted by 120 for parameteri-
zation of lognormal distributions; then, location parameters were left-
shifted by 120 for display. The inference was performed with two
lognormally distributed cell populations and 10 cells per sample. The
probability density function for the mixed samples was determined by
repeatedly sampling from the resulting single-cell distributions. To
compare bulk samples and 10cRNA-seq samples along the proneural–
mesenchymal and proliferation principal components at 12 dpi, 70–
100 10-cell samples were randomly selected with replacement. TPM
values were averaged before projecting onto the two principal com-
ponents as described above.

Lineage and cell-state deconvolutions
CIBERSORT was used to unmix cellular samples into their com-

posite cell types (24). Cell-type signatures were derived using cell-
sorted RNA-seq data (25). The two biological replicates from each of
five cell types (astrocyte, endothelial, myelinating oligodendrocyte,
microglia, and neuron) were averaged. Because of ambiguity in the
oligodendrocyte-lineage samples and because differentiated OPCs
would continue to be fluorescently labeled, one OPC sample and one
newly-formed oligodendrocyte sample from (25) were averaged to
yield a hybrid “OPC”more characteristic of the expected population of
labeled cells. Signature genes were defined as the transcripts with the
highest fold enrichment of one cell type versus the average of the
remaining cell types. Only genes with FPKM > 20 were included in the
analysis. We identified 40 signature genes per cell type, and FPKM
values were converted to TPM before the CIBERSORT analysis. To
account for pericyte labeling in the cell unmixing analysis, the
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endothelial signature was exchanged for a similarly derived pericyte
signature based on mural cell RNA-seq data (26). The new signature
matrix was optimized as described above. CIBERSORT was run in
relative mode or absolute mode where indicated.

Immunofluorescence and image segmentation
Immediately from �80�C storage, frozen slides were fixed in

prechilled (�20�C) 75% ethanol for 30 seconds and then postfixed
in 3.7% paraformaldehyde in PBS for 15minutes at room temperature.
Postfixed slides were washed three times in PBS for 5 minutes each
and then blocked with the basic M.O.M. immunodetection kit
(Vector Laboratories) as recommended by the manufacturer. Primary
antibody incubations were performed overnight at room temperature
in M.O.M. diluent. Primary antibodies recognizing the following
proteins were used: Ki67 (Thermo Fisher Scientific, #MA5–14520,
1:500), phospho-Rb Ser807/811 (Cell Signaling Technology, #8516,
1:1600), Tgfbi (Novus Biologicals, #H00007045-B01P, 1:200), Mcl1
(Santa Cruz Biotechnology, #sc-819, 1:200), Fn1 (BD Biosciences,
#610077, 1:200), Actn1 (Cell Signaling Technology, #3134, 1:50),
Vcam1 (Santa Cruz Biotechnology, #sc-8304, 1:200), Ercc4 (Santa
Cruz Biotechnology, #sc-136153, 1:20), Upf3b (Thermo Fisher
Scientific, #PA5–51652, 1:50), phospho-H2A.X Ser139 (Cell Signaling
Technology, #9718, 1:400 or Millipore-Sigma, #05–636, 1:200).
After washing, slides were incubated with Alexa Fluor 488- or 647–
conjugated secondary antibodies, washed, counterstained with
DAPI, quenched for autofluorescence, and mounted as described
previously (27). Images were collected on 15–30 fields containing
tdTomatoþ mutant cells for each animal, and 3–4 animals were used
per time point.

Image segmentation and single-cell quantification were per-
formed with CellProfiler 3.0 (28) as follows. DAPI-positive nuclei
were smoothed with a Gaussian filter and segmented by global two-
class thresholding by Otsu’s method. tdTomatoþ cells were selected
among segmented nuclei with a median smoothed tdTomato fluo-
rescence intensity above a fixed threshold for a given image set.
Nuclei were dilated by 10 pixels (3.2 mm) to capture the vicinity
of each cell, and median object intensities were measured in the
Alexa Fluor 488 and Alexa Fluor 647 channels for analysis. If
necessary, object intensities were downscaled to match the back-
ground single-cell distribution of the image set with the lowest
background median fluorescence. Median object intensities were
aggregated in MATLAB and fit to a lognormal distribution or a
mixture of lognormal distributions with a shared log variance.
Median intensity gates for positive or high cells were set at the
99th percentile of the rightmost distribution.

Regional inference of transcriptional activity and copy-number
variation

Locally elevated gene expression and copy-number changes were
estimated by inferCNV (https://github.com/broadinstitute/inferCNV)
as described in the accompanying contribution (19). The normal
reference samples for 10cRNA-seq data were from GSE60361 (29)
and GSE75330 (30), used as scRNA-seq profiles or synthetic 10-cell
pools where indicated. The normal reference samples for bulk RNA-
seq were control RNA-seq data collected at 12 dpi, 90 dpi, and 150 dpi.

UMAP projections
All uniform manifold approximation and projection (UMAP)

projections were generated using the R package “uwot” (version
0.1.5). For the 12 dpi UMAP projections, RSEM values were converted
to TPM values before log2 scaling. Default parameters were used. For

the combined bulk þ 10cRNA-seq UMAP projections, RSEM values
were converted to TPM values before log2 scaling. Bulk samples and
10cRNA-seq samples were then z-scored independently. The follow-
ing UMAP parameter was used: n_neighbors ¼ 20.

Statistical analysis
Sample sizes for stochastic profiling were determined by Monte

Carlo simulation (31). Animal sizes for the bulk analysis provided
66%–93% power to detect an effect size of two SDs according to
noncentral t statistics. The significance of marker-positive populations
identified by immunofluorescence was assessed by the “binocdf”
function in MATLAB with a background probability of 1% corre-
sponding to the positive gate at the 99th percentile. Differences in
median immunofluorescence between groups were assessed by the
“ranksum” function in MATLAB. Differences in genes detected
per sample between 10cRNA-seq and scRNA-seq were assessed by
Kolmogorov–Smirnov test using the “ks.test” function in R. Signifi-
cance of overlap was assessed by Fisher exact test using the “fisher.test”
function in R. In the male and female overlaps, the total number of
genes was defined by the intersection of filtered genes in the male and
female datasets (10,585 genes for 12 dpi and 11,281 genes for 90 dpi). In
the RHEG and differential expression overlaps, the total number of
genes was defined by the intersection of the previously filtered gene list
and the detected genes from the differential expression analysis
(10,092 genes for 12 dpi and 10,503 genes for 90 dpi). Significance
of the relative size of RHEG or differential expression gene lists was
assessed by binomial test using the “binom.test” function in
R. Hierarchical clustering was performed using “pheatmap” in R with
Euclidean distance and “ward.D2” linkage. Venn diagrams were
visualized using the “matplotlib_venn” package in Python. Gene-set
enrichment analyses were performed through the Molecular Signa-
tures Database (32). Overlaps between gene lists and hallmark gene
sets were computed using a hypergeometric test with false-discovery
rate correction for multiple comparisons.

Data availability
Bulk and 10cRNA-seq data from this study are available through the

NCBI Gene Expression Omnibus (GSE147360).

Results
Comparing bulk-transcriptome and cell-state changes in a
GEMM of glioma

We previously described a GEMM for low-grade glioma and
secondary GBM in which the glioma-related tumor suppressors Nf1
and Trp53 are deleted with a tamoxifen-inducible Cre (CreER; ref. 15)
under the control of a Cspg4 promoter (PCspg4) that specifically targets
OPCs (12). Nf1 deletion sustains receptor tyrosine kinase-like signal-
ing; Trp53 deletion disrupts tumor suppression through the Arf/p53
pathway (11). A Cre reporter is incorporated into the GEMM so
that mutant OPCs express tdTomato for fluorescence visualization.
Serial administration of tamoxifen creates tdTomatoþ OPCs with an
Nf1D/DTrp53D/D-mutant genotype throughout the brain (Fig. 1A).
However, among millions of mutant OPCs, only 1–3 clones per
animal expand as malignant gliomas at approximately 150 dpi (15),
leaving open the question of what hurdles these clonesmust overcome.

To gain insight into the cell-state changes in mutant OPCs before
gliomagenesis, we devised a study inwhichmutantOPCswere purified
at two premalignant stages for gene-expression analysis: 12 dpi, when
mutant OPCs show evidence of proliferative expansion (15); and
90 dpi, when mutant OPCs appear largely quiescent and are
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presumably adapting to prolonged loss of Nf1 and Trp53. Given sex
differences in the prevalence and molecular subtypes of human
glioblastoma (33), we sought a balanced design that split observations
evenly between males and females (Fig. 1B and C). 150 dpi mutant
samples containing frank gliomas were used to assess the fidelity of cell
isolation and as a terminal reference point for the tumor population
after transformation had occurred (Fig. 1A and B).

Accessing labeled cells required some form of OPC isolation or
purification with single-cell resolution. However, an earlier attempt to
enrich OPCs by flow sorting (30) yielded fewer transcript alignments
compared with other methods (18). Therefore, we used fluorescence-
guided LCM under conditions of cryoembedding, sectioning, and
fixation that retained tdTomato fluorescence and RNA integrity in
labeled cells (18, 34). We reasoned that Nf1–Trp53 deletion would
cause population-wide changes in gene expression compared
with control OPCs as well as single-cell variations in transcript
abundance requiring the stochastic-profiling method developed by
our group (17, 19). For the bulk analysis, we microdissected many
hundreds of cells to minimize the impact of cell-to-cell variation
(Supplementary Fig. S1A and S1B; ref. 31) and sequence without any
exponential amplification to avoid skewing transcript abundances (see
Materials and Methods; Fig. 1B). The stochastic-profiling implemen-
tation, in contrast, involved repeated, random collection of 10-cell
pools (17), which were preamplified, sequenced, and assessed for
overdispersion as described in the accompanying contribution

(Fig. 1C; ref. 19). By applying different unbiased methods to the same
microdissected subpopulation, our goal was to assess their relative
merits for deciphering premalignancy.

LCM-based RNA-seq validates differential gene expression and
proneural subtype of the glioma model

According to bulk microarray profiles and an early glioma classi-
fication system (1), the glioma GEMM is most similar to the human
proneural subtype (15). Subsequent work at the single-cell level
suggested that intratumor heterogeneity of advanced gliomas is sub-
stantial (4), with the proportion of different cell types (recruited
astrocytes vs. microglia) and cell states (proneural vs. mesenchymal)
dictating the bulk classification. Glioma-propagating cells are now
proposed to reside on a spectrum of proneural-to-mesenchymal cell
fate, which is orthogonal to a cell’s proliferative state (3). The question
of subtyping is also separate from differential expression, as many of
the markers delineating a subtype will reflect vestiges of the cell type in
which the tumor appeared. Together, these considerationsmotivated a
reassessment of 150 dpi glioma cells by using the latest experimental
and analytic methods (Fig. 1B).

Although gliomas were visibly macrodissectable at 150 dpi
(Fig. 2A), mutant OPCs at earlier time points remained sparse
throughout the tissue (Fig. 2B); thus, LCM was used for all sample
types throughout the study. Several hundred laser shots of approxi-
mately one-cell diameter could be fired per cryosection to generate
enoughmaterial for RNA-seq after Ribo-SPIA linear amplification (see
Materials and Methods). We confirmed that transcriptomes of sep-
arate LCM bulk samples from the same tumor were highly correlated
after linear amplification (Supplementary Fig. S2A and S2B). Control
OPCs were singular and much more entangled with unlabeled neigh-
bors compared with prior applications of fluorescence-guided LCMby
our group (20, 34). To assess overall purity of normal controls, we used
a collection of brain cell type–enriched marker transcripts (25) to
construct a signature matrix for bulk sample deconvolution using
CIBERSORT (24). The signature matrix accurately classified the
composition of flow-sorted OPCs, astrocytes, neurons, myelinating
oligodendrocytes, endothelial cells, and microglia (Supplementary
Fig. S3A and S3B). When applied to 150 dpi control samples, the
inferred cell composition was overwhelmingly OPC with minor con-
tributions of astrocytes and neurons, fragments of which likely
wrapped around cells targeted by LCM (Fig. 2C). We considered
Cspg4-expressing pericytes as an alternative source of contamination
and substituted a set of pericytemarkers (26) in place of the endothelial
signature (Supplementary Fig. S3C and S3D). The inferred pericyte
fraction was negligible, and the other cell proportions were similar to
the first deconvolution but more variable as a result of pooling marker
sets from different studies.We obtained similar results with 12 dpi and
90 dpi control samples (Supplementary Fig. S3E–S3H), supporting
that cell purity does not changewith tissue age. Together with the near-
instantaneous cryopreservation (less than two minutes from sacrifice
to embedding), the results bolster LCM as an effective means for
labeled OPC isolation and transcriptomic profiling.

We sequenced seven samples from tumors and six samples of OPCs
from age-matched control mice, detecting 11,748 � 651 genes at
greater than five transcripts per million (TPM). To revisit the molec-
ular subtype of glioma cells in bulk, we used a principal components–
based projection that stratifies cells along two axes: proneural versus
mesenchymal differentiation and quiescent versus proliferative activ-
ity (3). Both control OPCs and mutant tumors clearly resided on the
proneural side of the projection, but there was greater variability
observed among the tumors (Fig. 2D). As expected, tumors were also
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Figure 1.

Transcriptomic analysis of bulk expression differences and regulatory hetero-
geneities in a GEMM of glioma. A, Summary of the glioma GEMM. Floxed alleles
of Nf1 and Trp53 are inducibly deleted by tamoxifen (Tam) activation of CreER
localized tooligodendrocyte precursor cellswith aCspg4promoter (PCspg4). The
resulting Nf1D/DTrp53D/D (mutant) cells are labeled with tdTomato (tdT) and
expand at later dpi to form gliomas preferentially in the olfactory bulb (15).
B, Experimental plan for bulk differential expression analysis. Large numbers of
labeled cells from mutant and control animals were collected by LCM at
the indicated dpi, linearly amplified, and sequenced for differential expression
(n ¼ 4–7 animals at roughly equal male–female proportion for each group).
C, Experimental plan for heterogeneity analysis by stochastic profiling (17, 19).
Many 10-cell pools ofmutant cells (n¼ 28 of each sex)were collected, measured
by 10cRNA-seq (18), and assessed for regulatory heterogeneity with the abun-
dance-dependent dispersion module of the SCDE package (42, 43). Male and
female candidates were intersected to arrive at the final set of regulatory
heterogeneities.
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consistentlymore proliferative according to their projections along the
second axis. We examined quantitative differences in transcript abun-
dance between the two groupswithDESeq2 (35), incorporating sex as a
covariate (see Materials and Methods). The analysis identified 6,057
differentially abundant transcripts; there was a bias toward upregu-
lation, consistent with the increased transcription driven by Ras
signaling (3,453 genes vs. 2,604 genes, P < 10�15 by binomial test;
Fig. 2E; ref. 36). Neither Trp53 nor Nf1 total transcript counts were
reduced on the basis of RNA-seq reads, but deletion of the targeted
exons was confirmed in the read distribution of the mutant align-
ments (Supplementary Fig. S4A and S4B). In search of coherent
pathways, we queried the Molecular Signatures Database (32), finding
hallmarks related to Trp53 loss (DNA damage), Nf1 loss (Ras
signaling, proliferation), and immune responses consistent with
local activation of microglia (Fig. 2E; Supplementary File S1;
ref. 2). There were multiple increased transcripts for hallmarks
of epithelial-to-mesenchymal transition (EMT)—Bgn, Cd44, Mgp,
Timp1, Tnc, and Vim all increased with log2 fold change >3
(Supplementary File S2)—but these changes were insufficient to
displace the overall proneural projection of the tumors. The
bulk-profiling results from 150 dpi samples validate the LCM

procedure and reinforce that this GEMM gives rise to proneural
gliomas with gene-expression patterns reflecting Nf1–Trp53 loss.

Transcript abundance changes detected by bulk analysis and
cell-state heterogeneities detected by 10cRNA-seq are
uncoupled in early mutant OPCs

We anticipated that the early responses to Nf1–Trp53 loss
would be more informative for tumorigenesis and more variable
among labeled cells. Therefore, we coupled bulk transcriptomics
with heterogeneity analysis by stochastic profiling (17, 19) at 12 dpi
to capture the immediate response ofNf1–Trp53 deletion (Fig. 1). The
two-pronged approach would enable a comparative assessment
and provide complementary perspectives on the single-cell changes
elicited by a two-hit tumor-suppressor loss in OPCs.

For the seven mutant OPC samples and five controls measured in
bulk, we found that overall transcript content was very similar to that
of the 150 dpi samples (11,674� 150 genes detected at greater than five
TPM). Yet, when the 12 dpi bulk samples were projected onto the
earlier principal-component axes (3), mutant and control OPCs over-
lapped as a tight cluster, all with moderate proliferation and a
proneural phenotype (Fig. 3A). The result was surprising, because
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Figure 2.

Bulk LCM transcriptomes of labeled
gliomas are specific to OPC-derived
cells and show gene-expression
changes consistent with Nf1–Trp53
deletion. A, Macroscopic image of a
labeled glioma in the olfactory bulb of
a 150-dpi animal. Scale bar, 2 mm.
B, Microscopic image of 90-dpi
mutant OPCs. Images were taken
before and after LCM to show spatial
fidelity of the isolation. Scale bar,
25 mm. C, Relative proportion of
the indicated cell types in the control
bulk RNA-seq samples estimated by
CIBERSORT (24). Boxplots show
the median and interquartile range,
with whiskers indicating the range
from n ¼ 6 independent samples of
control 150-dpi OPCs. D, Projection
of the bulk 150-dpimutant and control
samples onto principal components
capturing proneural–mesenchymal
state and relative proliferative
status (3). E, Volcano plot of differen-
tially expressed genes between
tumors and controls. Enriched hall-
mark pathways among increased and
decreased transcripts are summa-
rized, and the complete list is available
in Supplementary File S1.
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we previously reported that mutant OPCs incorporate BrdU at an
elevated rate during the week after tamoxifen addition (15). The lack of
a distinguishing RNA-seq projection here could be reconciled if the
proliferative burst of the GEMM occurred immediately after Nf1–
Trp53 deletion was induced and then subsided by 12 dpi. Corrobo-
rating this notion, only 3.7% of tdTomatoþ cells were positive for
phosphorylated Rb or Ki67 in 12 dpi tissue sections, compared with
89% in 150 dpi samples (Supplementary Fig. S5A–S5D).

We performed a differential expression analysis on the bulk
samples and identified 469 transcripts elevated or reduced in
mutant OPCs compared with control, 204 of which were identified
at 150 dpi (P < 10�15 by hypergeometric test; Figs. 2E and 3B;
Supplementary File S2). Mutant OPCs showed large increases in the
axon guidance receptor Robo3 (37) (log2 fold change ¼ 4.4) and
Clspn (log2 fold change ¼ 2.2), a scaffold coordinating the DNA
replication checkpoint (Fig. 3B; Supplementary File S2; ref. 38).
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Bulk and 10-cell transcriptomics
give orthogonal perspectives on the
early adaptations of mutant cells
to Nf1–Trp53 deletion. A, Projection
of the bulk 12-dpi mutant and control
samples onto principal components
capturing proneural–mesenchymal
state and relative proliferative sta-
tus (3). B, Volcano plot of differen-
tially expressed genes between 12-
dpi mutant samples and controls.
Enriched hallmark pathways among
increased and decreased transcripts
are shown along with specific genes
discussed in the text. Complete
lists are available in Supplementary
Files S1 and S2. C, Projection of
the 10cRNA-seq 12-dpi mutant sam-
ples onto principal components cap-
turing proneural–mesenchymal state
and relative proliferative status (3).
D, UMAP projection of 10cRNA-seq
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dance-dependence dispersion of
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ta) and females (green). Significantly
overdispersed genes for each sex
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cally significant (P ¼ 0.53).
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Many ribosomal subunits were reciprocally decreased, likely due to
the concomitant reduction of Mycn (log2-fold change ¼ �0.82;
ref. 39) downstream of reduced Tcf7l2 (log2-fold change ¼ �0.72;
ref. 40). Unexpectedly, there was not an obvious coordination in
expression changes stemming from recognized pathways. Hallmark
gene-set enrichments were absent from the 12 dpi data except for
the mitotic spindle, which among all increased transcripts was
enriched just beyond the false discovery rate (q < 0.01; Supplemen-
tary File S1). Our observations at 12 dpi suggested that the bulk
RNA-seq data were capturing generic adaptations to Nf1 loss
unencumbered by Trp53 checkpoints.

Although bulk transcriptomes were very consistent at 12 dpi
(Fig. 3A), we reasoned that the state of individual OPCs during and
shortly after Nf1–Trp53 deletion would be different. To evaluate
regulatory heterogeneities in mutant OPCs, we carefully devised an
experimental plan to apply stochastic profiling by 10cRNA-seq at 12
dpi. First, random 10-cell sampling was restricted to labeled OPCs in
the olfactory bulb, where gliomas are most likely to arise in the
GEMM (15). Samples were excluded if there was evidence of pericyte
contamination by qPCR (Supplementary Table ST1). Second, we
hedged against mouse-to-mouse variations by allocating 28 random
samples and 20 pool-and-split controls equally between olfactory-bulb
hemispheres of two separate animals. The samples and controls were
merged for analysis (19) and inspected afterwards for mouse-
dependent batch effects. Statistically, we built upon the resampling
approach of the accompanying contribution (20) by evaluating
overdispersion stability through leave-one-out cross-validation (see
Materials and Methods). Consistent regulatory heterogeneities were
readily delineated as those appearing in >75% of cross-validation
runs (Supplementary Fig. S6A and S6B). Finally, given the sex
differences documented in human GBM (33), the entire stochastic
profiling study was performed once in males and once in females.
Intersecting the male and female candidates at the 12 dpi time point
led to a set of recurrent, heterogeneously expressed genes (RHEGs)
for gleaning cell states.

Before fluctuation analysis, we projected the 10cRNA-seq observa-
tions onto the principal component axes (3) used previously with bulk
data (Fig. 2A and D). Proliferation scores were reduced and more
variable (Fig. 3C), as expected from the approximately 100-fold
reduction in cellular material. Projections on the proneural-to-
mesenchymal spectrum were also displaced because 10-cell observa-
tions did not detect the strongest proneural markers as reliably as bulk
RNA-seq andmesenchymal transcripts were sporadically more prom-
inent (Supplementary Fig. S7). Furthermore, we found that the
10cRNA-seq samples were distinctly bimodal, half with more-
proneural character and half with more mesenchymal character
(Supplementary Fig. S8A). These mixed mesenchymal profiles are
consistent with those noted among breast carcinoma cells in the
accompanying contribution (19). By contrast, predicted 10-cell dis-
tributions were exclusively proneural for normal OPCs drawn from
two independent scRNA-seq datasets, indicating that mesenchymal
projections were not intrinsic to the cell type [GSE60361 (29) and
GSE75330 (30); Supplementary Fig. S8B and S8C]. The observations in
mutant OPCs were consistent with inferred single-cell profiles (23)
that were more frequently mesenchymal than proneural compared
with normal OPCs (see Materials and Methods; Supplementary
Fig. S8D–S8F). However, the mesenchymal bias accentuated by 10-
cell data reverted to the mean and disappeared when samples were
agglomerated computationally as bulk averages of 700–1,000 cells
(Supplementary Fig. S8G). We independently probed the character-
istics of mutant cells at 12 dpi by immunostaining for mesenchymal

markers loaded strongly on the principal component axis (Supple-
mentary Fig. S9A–S9H). Three of five targets showed positive immu-
noreactivity in a minor but significant fraction of mutant cells: Tgfbi
(26%), Fn1 (23%), and Mcl1 (7.7%; all P << 10�16 by binomial test).
Such expression frequencies are readily detectable as fluctuations in
10-cell samples (17, 23), but their contribution to bulk profiles would
be much more dilute. This first-pass comparison of measurement
types indicated that 10cRNA-seq data had revealed earlymesenchymal
heterogeneity at the 12 dpi time point that was obscured in bulk
observations.

Overall, across fifty-six 10-cell samples of mutant OPCs (28 maleþ
28 female), we detected 4,570� 1,900 genes at greater than five TPM,
suggesting that approximately 40% of the bulk transcriptomewould be
amenable for stochastic profiling analysis. In comparison, applying a
similar threshold to scRNA-seq data from flow-sorted OPCs (30)
yielded approximately 15% fewer transcripts (3,852 � 956 genes, P <
0.01 by Kolmogorov–Smirnov test). We inspected the 10-cell data for
confounders by using UMAP (41) to reduce dimensionality of the
10cRNA-seq profiles. Along two UMAP dimensions, there were 2–3
clusters of gene expression, each populated with 10-cell observations
from different tissue batches and sexes at 12 dpi (Fig. 3D). The global
projections illustrated that confounding batch effects were negligible
and that cell-state heterogeneities might be embedded in the 10-cell
transcript fluctuations from sample to sample.

Regulatory heterogeneities were assessed formally through abun-
dance-dependent dispersion modeling (42, 43) that used pool-and-
split controls of 10-cell equivalents to exclude technical artifacts [see
the accompanying contribution (19) for details]. High-ranking can-
didates showed 10-cell sampling fluctuations much greater than
expected given their abundance and technical noise (Fig. 3E). At
12 dpi, we identified 707 candidate regulatory heterogeneities in males
and 1,057 in females (Supplementary File S3). The significantly higher
proportion of candidates in females (P << 10�16 by sign-rank test)
coincided with a modest enrichment for human GBM transcripts
specific to females (P < 0.05 by hypergeometric test), who have a
reducedGBMincidence and longer survival comparedwithmales (33).
We observed no such enrichment for male-specific transcripts among
male regulatory heterogeneities, supporting a recent report that OPC
diversity may be less pronounced in males (44). Importantly, between
sexes, there was a highly significant enrichment of 138 RHEGs shared
at 12 dpi (P < 10�14 by hypergeometric test; Fig. 3F, left; Supplemen-
tary Fig. S10). Yet, only four of the RHEGs identified by stochastic
profiling overlapped with the transcripts found to be differentially
expressed in bulk 12 dpi samples (P ¼ 0.53 by hypergeometric
test; Fig. 3F, right). The intersections increased when data were
stratified by sex first, but the number of overlapping genes remained
insignificant (Supplementary Fig. S11A and S11B). We interpreted 12
dpi RHEGs as sex-independent variations in mutant cells that are
almost entirely obscured at the population level.

There were multiple transcripts of interest in the 12 dpi RHEG set
(Supplementary File S3). The receptor tyrosine kinase Axl, for
instance, is implicated in oligodendrocyte survival and myelination
after injury (45) and promotes self-renewal of mesenchymal
progenitors in GBM (46). The stem-cell marker Aldh1a1 was also a
RHEG with links to an OPC subpopulation found at roughly equal
proportions in males and females (44). Relevant to the mixed pro-
neural–mesenchymal states (Fig. 3C), we found extensive evidence for
heterogeneous regulation of TGFb-family signaling (47, 48). The latent
TGFb-binding proteinLtbp4, the TGFb-superfamily ligandBmp1, and
the Bmp-subfamily inhibitor Nbl1 (49) were all RHEGs (Supplemen-
tary File S3). Using Nbl1 as a reference, we searched the 10cRNA-seq
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transcriptomes for strong covariates that fell below the statistical
thresholds of the dispersion test (27), identifying the TGFb-induced
transcripts, Snai2 (R¼ 0.58) and Vip (R¼ 0.52; ref. 50). Regulators of
OPC state transitions were also prevalent RHEGs, including Wnt7a
and Ctnnb1 (51). Although some 12 dpi RHEGs reflect normal
asynchronies in OPC maturation, they nonetheless give clues about
different cellular contexts shortly after Nf1–Trp53 loss.

Premalignant glioma is punctuated by aberrant differentiation
and a neomorphic state coupling homology-dependent repair
and nonsense-mediated decay with DNA damage

The 12 dpi studies documented the initial OPC cell states and early
adaptations to Nf1–Trp53 loss. We suspected a very different set of
transcriptional changes and variation at an intermediate time, when
unproductive mutants have stalled or been culled and the remaining
expansion of mutant OPCs adapts to premalignancy (Fig. 1A).
For transcriptomic profiling, we selected 90 dpi, a time point when
mutant OPC proliferation has yet to restart in the GEMM and the
overall number of labeled cells remains stable (15). Even though
tdTomatoþ cells were more numerous in the olfactory bulb at 90 dpi,
there is no evidence for local expansion of mutant clones (Fig. 1A;
ref. 15). Therefore, the study design for bulk and 10-cell sample
acquisition was identical to 12 dpi to enable comparisons between
time points.

The bulk 90 dpi profiling of seven mutant OPC samples and four
controls yielded 11,577� 106 genes detected at greater than five TPM,
very similar to the other time points. Despite months of evolution, the
projection of bulk 90 dpi samples onto proliferative and proneural–
mesenchymal principal components was indistinguishable from
their 12 dpi counterparts (Figs. 3A and 4A). The subsequent diver-
gence of 150 dpi gliomas on these principal components (Fig. 2D)
suggests an even-later event is needed to drive malignant transfor-
mation in the GEMM. Despite the increased time for adaptation at 90
dpi, therewere significantly fewer differentially expressed genes than at
12 dpi, with only 82 increased and 61 decreased (P < 10�15 by binomial
test; Fig. 4B). Although there was no hallmark gene-set enrichment
among the upregulated transcripts, we noted a few DNA-replication
markers—Top2a, Ccna2, Hjurp—that increased slightly with log2 fold
change ¼ 1.2–1.9 (Fig. 4B; Supplementary File S2). Thus, despite
undetectable increases in BrdU incorporation at 90 dpi (15) and lack of
an overarching proliferative signature (Fig. 4A), more mutant OPCs
appeared to be entering S phase than control. Reduced transcripts
included many high-abundance markers for pericytes (Pdgfrb, Cd248,
Anpep; ref. 26), suggesting that their minor contamination had been
further diluted out by the expanded mutant OPCs.

The projections of 10cRNA-seq data collected at 90 dpi (5,649 �
1,197 genes at greater than five TPM) were likewise comparable with
those at 12 dpi, except that the range of proliferation scores was
1.5-fold smaller (Figs. 3C and 4C), indicating a narrowed breadth of
cells in a cycling-like state. Additionally, we found that cell-state scores
became sexually dimorphic, with female samples residing on the
proneural end of the spectrum and males on the mesenchymal end
(Supplementary Fig. S12A and S12B). Intersection of male and female
candidate heterogeneities identified 231 RHEGs (P < 10�15 by hyper-
geometric test), a significant increase compared to the 138 RHEGs at
12 dpi (P < 10�12 by binomial test; Figs. 3F and 4D; Supplementary
Fig. S13; Supplementary File S3) and a significant increase compared
with the bulk analysis at 90 dpi (P < 10�11 by binomial test). As before,
very few RHEGs were differentially abundant in bulk samples and vice
versa (Fig. 4D; Supplementary Fig. S11B), reiterating the information
gained by stochastic profiling over the bulk approach.

The larger number of RHEGs (P< 10�10 by binomial test) suggested
that a deeper investigation of cell-state heterogeneity at 90 dpi would
be informative. The RHEG Ly6a (a murine stem-cell marker) covaried
with the reprogramming factor Klf4 (r ¼ 0.54) and the mesenchymal
transcript Vim (r ¼ 0.41) that lay in the union set of candidates
(Fig. 4D). Furthermore, there were various markers for oligodendro-
cytes (Mog, Cldn11, Opalin, Mbp) as reported in human gliomas (9),
neurons (Syt7, Resp18, Stmn2) as reported in human GBMs (5), and
pericyte-like cells (Rgs5, Vtn; ref. 52) within the 90 dpi RHEG set
(Supplementary File S3). In bulk samples, the 90 dpi time point showed
no differences in overall purity compared with 12 dpi or 150 dpi
(Supplementary Fig. S3C–S3H). We interpreted the mixed distribu-
tion of fate markers as a chaotic (de)differentiation of mutant OPCs
into states partly reflecting other cells of the brain.

To quantify cell-state character, we returned to CIBERSORT,
applying the algorithm in absolute mode for estimating how much
of each 10-cell profile was attributable to markers in the signature
matrix (Fig. 4E; Supplementary Fig. S3A). Thirty-four percent of 90
dpi observations retained OPC as the most dominant contributing
signature (O group, Fig. 4E). Observations with strong endothelial
contributions suggested a confused mural-cell state (E group; Fig. 4E;
ref. 52). We also found 18% of samples with dominant (albeit weaker)
contributions from neuronal signatures (N group; Fig. 4E). Neuron-
like cells are absent in various subtypes of glioma (7–9), suggesting the
N groupmay contain cellular dead-ends for gliomagenesis. Consistent
with prior immunocytochemistry (15), samples with properly differ-
entiated myelinating oligodendrocytes (MO) were rare. However,
when we applied absolute CIBERSORT to 10-cell profiles at 12 dpi,
there was a considerable MO group (Supplementary Fig. S14A),
suggesting that a third dead-end subpopulation had already been
eliminated by death or dedifferentiation at 90 dpi. Most importantly,
we identified 14% of 10-cell samples lacking strong contributions from
any conventional cell type in the brain,marking the group as undefined
(U group; Fig. 4E). TheU groupwas specific to 90 dpi, as there were no
such profiles in 10-cell samples at 12 dpi or in bulk profiles at 12, 90, or
150 dpi (Supplementary Fig. S14A and S14B). The results indicated
that bulk tumor deconvolution of 10cRNA-seq pools could identify
novel cell states warranting further analysis.

We hypothesized that the mysterious U group would contain
information about a premalignant bottleneck. When the U group was
separated from the O–E–N samples and evaluated for differential
transcripts (see Materials and Methods), we found widespread down-
regulation of 163 genes. Among the 13 transcripts with increased
abundance in the U group were Upf3b, an X-linked regulator of
nonsense-mediated decay (53), and a set of genes directly involved
in resolving Holliday junctions during homology-dependent repair:
Rad51c, Slx1b (the mouse ortholog of human SLX1), and Ercc4
(Fig. 4F; refs. 54, 55). The U group also showed an increase in Bicra,
a glioma tumor-suppressor candidate with a human polymorphism
that predisposes for 19q deletions in oligodendroglioma (56). None of
these transcripts were differentially expressed in bulk 150 dpi tumor
samples compared with control (log2 fold change: �0.25 to 0.32, q >
0.4; Supplementary File S2), suggesting a transient cell state in a
minority of the 90-dpi mutant population.

The Rad51 and Upf families interact genetically in yeast during
homology-dependent repair after DNA damage (57). We hypothe-
sized that a similar coordinationmight occurwithmutant cells in theU
state and immunostained 90-dpi cryosections for a marker of DNA
damage (gH2AX—phospho-H2A.X Ser139) together with either Ercc4
or Upf3b. Among tdTomatoþmutant cells with high Ercc4 (�25%) or
Upf3b (�16%), there was a significant increase in gH2AX
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immunoreactivity (Fig. 5A–F), suggesting DNA damage as a U-state
trigger. We confirmed the 10cRNA-seq–predicted coupling of the U
state by staining cells for Ercc4 and Upf3b concurrently, finding that
the two proteins were mutually coexpressed (Fig. 5G–I). Without
Trp53 function, homology-dependent repair and nonsense-mediated
decay appeared to create a regulatory choke point of persistent DNA

damage, which could blur cell identity and lead to chromosomal
instability during late premalignancy.

Considering the S-phase markers and widespread transcriptional
variation (Fig. 4B andD), we asked whether 90-dpimutant cells might
be experiencing transcription-induced replication stress. Activated
Ras (i.e., from Nf1 deletion) elevates overall transcriptional activity,
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Mutant cells sporadically coexpress regulators of homology-dependent repair and nonsense-mediated decay coincident with a marker of DNA damage.
A–F, Representative images (A and D), quantitative immunocytochemistry (B and E), and grouped comparisons (C and F) of 90-dpi cryosections stained
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RNA polymerase occupancy, and the formation of RNA–DNA
hybrids (“R loops”), which interfere with the replication machinery
and can give rise to DNA damage (36). Our hypothesis was that loci of
elevated transcriptionwould have enhanced R loops andDNAdamage
that result in selective chromosomal alterations later in gliomagenesis.
We used inferCNV to localize regionally elevated transcript expression
to specific genomic coordinates. For two normal OPC reference
transcriptomes, we identified an approximately 2.4 Mb segment on
mouse chromosome 19 (mChr19) that became elevated specifically in
90-dpi 10cRNA-seq samples (Fig. 5J; Supplementary Fig. S15A).
Within this locus reside Fosl1, a recently reported driver of the
mesenchymal transition of Nf1-null glioblastoma (58), and Mus81,
an endonuclease that is critical for resolving R loops (59). Mus81 also
resides in the same Holliday junction repair complex as Slx1b and
Ercc4 (55), further supporting why the locus might selectively require
hyperactivation at 90 dpi.

The elevated inferCNV signals at 90 dpi were not chromosomal
gains, because there was no evidence of amplification in bulk tran-
scriptomes from 150-dpi tumors by the same measure (Fig. 5K;
Supplementary Fig. S15B). In fact, among 150-dpi tumors, we iden-
tified multiple instances of inferred loss in the same mChr19 locus,
suggesting an important restraint to gliomagenesis was located in the
actively transcribed region. After cross-referencing with bulk differ-
ential expression (Supplementary File S2), we identified the Ras
interactor, Rin1. Biochemically, Rin1 binds tightly to Ras at the
expense of Raf1 and downstream signaling through MEK–
ERK (60). Thus, loss of Rin1 should promote ERK signaling from
Ras activated by the loss ofNf1. Whereas Rin1 is reduced in all 150-dpi
tumors, supporting the need for its removal, only in cases where Rin1
was “absent” (TPM < 1) did we find coincident downregulation in its
nearby flanking genes, Brms1 and Cd248 (P < 0.05 by one-sided rank-
sum test; Fig. 5L). Although Rin1 abundance is clearly reduced by
multiple mechanisms, sustained upregulation of transcription-
coupled endonucleasesErcc4 andMus81 coincideswithmicrodeletion.

Integrating bulk and 10-cell transcriptomes defines self-
consistent trajectories of gliomagenesis

Differential transcripts and RHEGs showed little overlap at 12 dpi
and 90 dpi (Figs. 3F and 4D), raising the possibility that the data types
were too dissimilar for meaningful comparison.We asked whether the
bulk and 10cRNA-seq data could be reconciled by fusing the observa-
tions according to only those transcripts that were differentially
abundant or recurrently heterogeneous at least once (see Materials
and Methods). The datasets were fused after standardization and
reduced to two UMAP dimensions, with samples displayed as subsets
for inspection of the median centroids pertaining to each group. The
goal was to evaluate bulk and 10-cell sample trajectories on the UMAP
for themes common to both data types.

With the bulk samples obtained at 150 dpi, we noted a diagonal
trajectory from control OPC samples to tumor cells along the two
UMAP dimensions (Fig. 6A). We interpreted this trajectory as a
gliomagenesis “axis” within the (nonlinear) UMAP. For 12 dpi sam-
ples, the trajectory from control tomutant was quite separate from that
at 150 dpi (Fig. 6B) and delineated an adaptive axis, which was distinct
from the late readouts of tumor-suppressor loss projected by the 150
dpi tumors.Most interesting were the 90 dpi trajectories, in which bulk
mutant samples appeared to bifurcate in two directions from the
controls (Fig. 6C). Half of the 90 dpimutant sampleswere similar to 12
dpi bulk observations, indicating an averaged population that was still
undergoing adaptation, while the other half mapped toward the 150
dpi tumors, suggesting a fraction of cells in those bulk samples were
transitioning to a gliomagenic state. The confused (de)differentiation
ofmutant OPCs during premalignancy (conceptually similar to that in
the accompanying contribution; ref. 20) undoubtedly contributed
intrinsic variance to the very small number of differential transcripts
detected at 90 dpi (Fig. 4B).

Finally, we visualized the 10cRNA-seq data with the same UMAP
cartography (Fig. 6D). The 12 dpi samples formed a cloud of observa-
tions that resided nearby controls and bulk mutant OPC observations
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Figure 6.

An integrated map of mutant glioma-
genesis at the bulk and subpopulation
levels.A–C,UMAPvisualizationof con-
trol and mutant bulk samples at 150
dpi (A), 12 dpi (B), and 90 dpi (C).
Arrows indicate the vector of the con-
trol median centroid to the mutant
median centroid(s). Two mutant cen-
troids (identified by k-means cluster-
ing with two groups) were used at 90
dpi. D–F, UMAP visualization of
10cRNA-seq data at 12 dpi (purple)
and 90 dpi (orange). The 12 dpi–90
dpi–separating hyperplane (identified
by a support vectormachine) is shown
in D. E and F, Bulk and 10cRNA-seq
samples were replotted together at 12
dpi (E) and 90 dpi (F). A single UMAP
was generated using all of the data
in Fig. 6, with indicated data subsets
shown in individual subpanels.
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at 12 dpi (Fig. 6D and E), consistent with variable extents of pro-
gressive adaptation among mutant OPCs. In contrast, the 10-cell
samples at 90 dpi were spanned by the bifurcating 90 dpi mutant
OPC profiles measured in bulk (Fig. 6D and F). We conclude that the
10cRNA-seq observations here reflect piecewise instances of prema-
lignancy that contribute to the extreme variability in mutant OPC cell
states before glioma onset. Thus, bulk and 10-cell data can be recon-
ciled when viewed through their aggregate transcripts of interest.

Discussion
Modern studies of intratumor heterogeneity strive for robust assess-

ments of differential expression at single-cell resolution (5, 7, 9). For
bulk tumors, quantitative changes in transcript abundance are often
explained by differences in cell-type composition (8).Our study goes to
the next level of granularity by examining bulk versus single-cell
differences in one cell type marked with a genetically defined pertur-
bation that predisposes for glioma. The heterogeneity analysis uncov-
ered differences in proneural–mesenchymal states and cell-fate assign-
ments that were obscured in bulk averages. However, the 10-cell
profiles also averaged over most cycling transcripts (19), many of
which were detectably increased in bulk mutant OPCs compared with
control. Other transcripts with bulk changes in expression did not
fluctuate any more than expected given their measured abundance,
implying that these alterations must occur somewhat uniformly in
mutant OPCs. Amidst a relatively homogeneous adaptation to Nf1–
Trp53 deletion, stochastic events relating to OPC differentiation and
replication stress recur until a productive mutant emerges (15).

For both time points analyzed by stochastic profiling, we identified
substantially more regulatory heterogeneities in mutant OPCs from
females compared withmales. The difference is not easily explained by
asynchronous hormonal cycles, because the observed variability was
shared across samples. We also did not find an enrichment for female-
specific candidates on the X chromosome, excluding random X
inactivation as a possible explanation. The many female-specific
heterogeneities at 12 dpi suggest a larger starting diversity of OPCs.
Indeed, a recent study indicates that two OPC subpopulations pre-
dominate in males, whereas three subpopulations exist at roughly
equal proportion in females (44). In addition to less regulatory
diversity, the male 10-cell projections at 90 dpi scored as much more
mesenchymal than females. This observation could relate to disease
progression, as Nf1–Trp53–predisposed males are more likely to
acquire further tumor-suppressor losses related to the mesenchymal
subtype (61). Conceivably, reduced cellular diversity in males could
increase the chance of gliomagenic events occurring in a mesenchy-
mally susceptible subpopulation of OPCs.

The 90 dpi samples were unmixed into an assortment of cell states,
but what ultimately enables a premalignant mutant OPC to become
one of the singular gliomas of the GEMM (15)? We surmise that
mechanisms for gliomagenesis are embedded in the RHEG set at 90
dpi. Transcriptional variability may act as a preamble to genomic
alterations, such as the driver mutations described in the accompa-
nying contribution (19) and the Rin1 deletion identified here. For
example, oligodendroglial tumors are tied to a loss of asymmetric cell
divisions by OPCs and their differentiated progeny (62). The asym-
metry regulator Trim3 (63) is a 90 dpi RHEG, and Notch ligands
appear separately as candidates in males (Notch1) and females
(Notch3). Notch signaling was an artifactual signal in the accompa-
nying contribution on small-cell lung cancer (20), but it could be a
bona fide regulatory-state heterogeneity in mutant OPCs. Another
probable contributor is cell-cycle checkpoint resolution, as 90 dpi

RHEGs contain many individual checkpoint regulators: Bap1, Brcc3–
Anapc7 (coexpressed), Trp53bp1, Nek9. Finally, we leave open the
possibility of entirely new regulatory states, which are specifically
critical for glioma premalignancy. Around the stem-progenitor RHEG
Lgr6, for instance, there is an intriguing group of coclustering RHEGs
that includes a survival kinase (Pim2), a neural-glial adhesion ligand
(Astn2), a tumor-promoting lysine methyltransferase (Smyd2), and a
proto-oncogene (Mllt11; Supplementary Fig. S10). In the brain,
murine Lgr6 expression is restricted to the olfactory bulb (64), pro-
viding a hypothesis for why it is a “hotspot” of gliomagenesis in this
GEMM.

Gliomas establish simpler, hierarchical ecosystems (7–9) compared
with their more advanced GBM counterparts (5). However, our results
with one GEMM here suggest that paths to glioma ecosystems are
chaotic and wasteful. Despite premalignant expansion, mutant OPC
clones remain sparsely distributed up until onset of just a few focal
gliomas (15), implying that multiple evolutionary dead-ends must be
avoided, perhaps simultaneously, to progress. The bulk and 10-cell
transcriptomic resources here give a roadmap for identifying the
critical bottlenecks of proneural gliomagenesis. Future work will
investigate the persistence of the regulatory-state heterogeneities
identified and the fate of particular mutant cells. It will also be of
great interest to examine the generality of these themes in other
GEMMs and in human gliomas (7–9). Understanding such regulatory
choke points could give insight into strategies for early detection and
cancer prevention.
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