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SUMMARY

The isocitrate dehydrogenase (IDH) gene is recurrently mutated in adult diffuse gliomas. IDH-mutant gliomas
are categorized into oligodendrogliomas and astrocytomas, each with unique pathological features. Here, we
use single-nucleus RNA and ATAC sequencing to compare the molecular heterogeneity of these glioma sub-
types. In addition to astrocyte-like, oligodendrocyte progenitor-like, and cycling tumor subpopulations, a tu-
mor population enriched for ribosomal genes and translation elongation factors is primarily present in oligo-
dendrogliomas. Longitudinal analysis of astrocytomas indicates that the proportion of tumor subpopulations
remains stable in recurrent tumors. Analysis of tumor-associated microglia/macrophages (TAMs) reveals sig-
nificant differences between oligodendrogliomas, with astrocytomas harboring inflammatory TAMs express-
ing phosphorylated STAT1, as confirmed by immunohistochemistry. Furthermore, inferred receptor-ligand
interactions between tumor subpopulations and TAMs may contribute to TAM state diversity. Overall, our
study sheds light on distinct tumor populations, TAM heterogeneity, TAM-tumor interactions in IDH-mutant
glioma subtypes, and the relative stability of tumor subpopulations in recurrent astrocytomas.

INTRODUCTION tumor subpopulations resembling expression profiles of astro-
cytes and oligodendrocytes. Nevertheless, a comprehensive
comparative analysis of transcriptional and epigenomic hetero-

geneity in oligodendrogliomas versus astrocytomas remains

Diffuse gliomas exhibit recurrent mutations in the isocitrate de-
hydrogenase (IDH) gene.' IDH-mutant gliomas are classified

into two subtypes: oligodendrogliomas featuring chromosome
arm 1p/19q co-deletion and astrocytomas characterized by
euploid 1p/1 9q.2 Intratumoral heterogeneity is a feature of IDH-
mutant gliomas,>* showcasing a hierarchy of cellular pheno-
types wherein a neural stem cell-like population gives rise to

elusive. Furthermore, IDH-mutant gliomas manifest distinct acti-
vation states of tumor-associated microglia/macrophages
(TAMs),>® although it remains uncertain whether TAM composi-
tion differs between oligodendrogliomas and astrocytomas, how
tumor subpopulations interact with TAMs, and to what extent
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tumor grade and recurrence influence TAM diversity. Therefore,
analyses of tumor heterogeneity and tumor-host interactions are
important for our understanding of IDH-mutant gliomas and their
evolution.

Here, we performed high-throughput single-nucleus RNA and
ATAC sequencing (snRNA- and snATAC-seq) on primary |IDH-
mutant gliomas and snRNA-seq on a cohort of primary and
recurrent astrocytoma pairs. This effort generated a comprehen-
sive resource for resolving tumor diversity and TAM states. Our
findings reaffirm previously described differentiation hierarchies
and unveil a distinct subgroup of non-cycling, ribosomal-en-
riched stem-like tumor cells characterized by unique epigenetic
and transcriptional signatures. We identify significant transcrip-
tional differences in TAM states between oligodendrogliomas
and astrocytomas. By mapping receptor-ligand interactions
between tumor and TAM subpopulations, we highlight a
notable interaction between inflammatory TAMs and astrocytic
tumor subpopulations in astrocytomas, subsequently validated
through immunohistochemistry in independent cohorts. Results
from the clinical trial with vorasidenib, the brain-penetrant
mutant IDH inhibitor, has shown promising results in patients
with grade 2 IDH-mutant gliomas, significantly improving pro-
gression-free survival and delaying time to next intervention.”
Moving forward, molecular studies focused on higher grade
and recurrent IDH-mutant gliomas may uncover molecular alter-
ations suitable for targeted therapeutic strategies.

RESULTS

Tumor metasignatures in IDH-mutant gliomas reveal the
presence of a ribosomal-enriched population

To investigate intratumor heterogeneity in adult IDH-mutant gli-
omas, we generated snRNA-seq from 14 snap-frozen primary
tissues, comprising 8 oligodendrogliomas and 6 astrocytomas
(Figure 1A; Tables S1A-S1D), encompassing 76,680 and
72,385 nuclei, respectively. We used a multistep approach to
delineate cell types based on their genetic and transcriptional
states. To distinguish nuclei as tumor or tumor microenviron-
ment (TME)-derived, we merged, normalized, and clustered the
datasets, assigning initial cell-type classifications to each cluster
using literature-derived marker signatures.**'° This approach
identified major cell types, including microglia, oligodendro-
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cytes, neurons, astrocytes, endothelial cells, pericytes, and
T cells (Figures S1A and S1B). Using microglia and oligodendro-
cytes as non-malignant references, we inferred genome-wide
copy-number alterations (CNAs) from snRNA-seq data and
compared CNA profiles to distinguish malignant and non-malig-
nant cells. In oligodendrogliomas, we detected the broad-arm
1p/19q co-deletion, whereas astrocytomas exhibited CNA het-
erogeneity, with glioma-specific amplifications (e.g., chromo-
some 7) and deletions (e.g., chromosome 10) observed in
several patients but not all (Figures S1C and S1D). Following
data integration with Harmony,"" we labeled tumor cells based
on enrichment of previously described® astrocyte (astro)-like,
oligodendrocyte progenitor cell (OPC)-like (oligo), and cycling
programs (Figures 1B and 1C).

We then characterized tumor cells using unbiased non-nega-
tive matrix factorization (NMF) independently for each patient’s
tumor cells, revealing shared tumor-associated transcriptional
programs (NMF programs). Hierarchical clustering of these pro-
grams revealed four major clusters (NMF metaprograms) in oli-
godendrogliomas (Figure 1D) and three in astrocytomas (Fig-
ure 1E), with strong pairwise correlations. Two metaprograms
resembled previously described” astro-like (NRG3, ADGRV1,
SPARCL1) and oligo-like (OPCML, DSCAM) programs. We
also identified a cycling metaprogram (MKI67, CENPK) and a
fourth metaprogram enriched in elongation factors (EEF2,
EEF1AT), stemness genes (OLIG1), oncogenes (ETV1), and ribo-
somal genes (RPL13), which we termed the ribosomal-enriched
(RE) program (Figures 1F-1H; Tables S2A and S2B). Enrichment
analysis of cells for these metaprograms revealed a gradient
nature rather than a clear association with specific clusters. To
statistically categorize cells enriched for each metaprogram,
we implemented a permutation testing approach to label tumor
cells. Specifically, cells enriched (adjusted p < 0.0125) for either
OPC-like or astro-like metaprograms received a primary assign-
ment. Subsequently, cells were assigned to the RE metapro-
gram and then to the cycling metaprogram, replacing previous
labels. Finally, tumor cells that were not statistically enriched
for any metaprogram were labeled as “gradient” (Figures 1F
and 1G). The gradient population shared some characteristics
with the four metaprograms but to a lesser extent (Figures S1E
and S1F). In the integrated uniform manifold approximation
and projection (UMAP), gradient cells showed proximity to the

Figure 1. snRNA-seq identifies gene expression programs driving cell states in IDH-mutant gliomas
(A) Clinical and molecular characteristics of the IDH-mutant glioma cohort for single-nuclei sequencing.

(B and C) UMAP representation and initial cluster assignments for integrated snRNA-seq samples of oligodendrogliomas (n = 8) (B) and astrocytomas (n = 6) (C).
Nuclei labeled as “excluded” in (B) are omitted from downstream analyses due to technical reasons (tumor cells clustering with microglia and originating from a
single patient). UMAP1, x axis; UMAP2, y axis. Colors indicate cell-type assignments.

(D and E) Pearson’s correlation scores for individual NMF programs in oligodendrogliomas (n = 8) (D) and astrocytomas (n = 6) (E). Metaprograms were identified
by hierarchical clustering of individual NMF programs.

(F) Dot plot displaying five marker genes for each tumor population.

(G and H) UMAP embedding of oligodendrogliomas (G) and astrocytomas (H), colored by NMF metaprograms, gradient cells, and TME (dark gray).

(I) Bar plot showing tumor population proportions across individual samples, grouped by subtype and grade. Bars are arranged by descending RE proportion.
(J) Representative IHC staining for H&E and two RE population markers, EEF2 and EEF1A1, for oligodendroglioma and astrocytoma samples, separated by
grade. Oligodendroglioma (OD) n = 22 (11 grade 2, 11 grade 3); astrocytoma (AS) n = 15 (10 grade 2, 5 grade 3). Scale bars represent 50 um.

(K) Spatial distribution of EEF2 and EEF1A1 (40x). Scale bars represent 50 pm.

(L) Plots showing semi-quantitative histological scores (0 = 0%, 1 = 0%-5%, 2 = 6%-29%, 3 = 30%-69%, and 4 >70% positive staining) for EEF2 (top) and
EEF1A1 (bottom). Top: a qualitative increase in EEF2 staining in grade 3 compared with grade 2 AS tumors. Bottom: a qualitative increase in EEF1A1 staining in
grade 2 OD tumors compared with grade 2 AS tumors. Wilcoxon rank-sum test was performed to test for significance, *p < 0.05.

Cell Reports Medicine 4, 101249, November 21, 2023 3
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OPC-like population in oligodendrogliomas (Figure 1G) and the
astro-like population in astrocytomas (Figure 1H). When isolated
and clustered, the gradient population was enriched for both as-
tro-like and OPC-like populations in both tumor types
(Figures S1G and S1H), suggesting partial resemblance to both
populations without definitive metaprogram assignment.

Cell-type proportion analysis showed a higher OPC-like pop-
ulation in astrocytomas compared with oligodendrogliomas,
whereas the RE population was variable and particularly high
in one patient (Figure 11). To ensure the robustness of the RE
metaprogram, we performed additional NMF analyses in oligo-
dendrogliomas without ribosomal genes and excluding the pa-
tient with high RE (Figures S2A-S2D). This analysis yielded a
metaprogram with the same key marker genes and statistically
enriched cells, confirming its reliability (Table S3). Furthermore,
nuclei assigned to this metaprogram had high unique molecular
identifiers (UMIs) and gene counts (Figures S2E and S2F), con-
firming its high-quality composition.

To validate the RE population, we used SPOTIlight'? to decon-
volute IDH-mutant glioma cohorts from The Cancer Genome
Atlas (TCGA) and the Chinese Glioma Genome Atlas (CGGA)
(Figures S3). We detected varying proportions of the RE popula-
tion in oligodendrogliomas in both cohorts, except for one tumor
in the CGGA cohort (Figures S3E and S3G). However, not all as-
trocytomas harbored the RE population (Figures S3F and S3H).
Additionally, we queried IDH-mutant glioma single-cell data-
sets®” for enrichment of the RE population (Figures S4A and
S4B). Cells were considered RE if the likelihood of finding an
enrichment score higher than the empirical value was less than
5%. We then computed cell activities using decoupleR'® with a
custom network consisting of our NMF metaprograms and liter-
ature-derived® astro and oligo programs. This analysis revealed
significant RE metaprogram activity in the selected RE popula-
tion in both oligodendrogliomas (Figure S4A) and astrocytomas
(Figure S4B), indicating a clear association. To exclude random
enrichment effects, we computed cell activities based on a
network containing the RE metaprogram and 50 gene sets with
randomly selected genes with similar expression levels to those
in the RE metaprogram. The results demonstrated high activity of
the RE metaprogram compared with random gene sets (Fig-
ure S4A, right, and S4B, right).

To support our findings, we performed immunohistochemistry
(IHC) with RE markers (EEF2 and EEF1A1) in a validation cohort
of 22 oligodendrogliomas and 15 astrocytomas. The results re-
vealed more positively stained tumor cells in primary oligoden-
drogliomas than in astrocytomas (Figures 1J-1L). Notably,
EEF2 levels increased significantly with tumor grade in astrocy-
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tomas, and EEF1A1 levels were higher in grade 2 oligodendro-
gliomas than in grade-matched astrocytomas (Figures 1J and
1L). Both proteins exhibited spatial heterogeneity, more so in as-
trocytomas than in oligodendrogliomas (Figures 1K and S5).

To gain deeper insights into tumor subpopulations, we
focused on stemness-associated genes® in IDH-mutant gliomas
and computed a diffusion map using these genes and the astro-
like and oligo-like programs (Figures S4C and S4D). Ordering
cells along diffusion component 2 (DC2) revealed a correlation
between stemness-associated gene enrichment and the posi-
tive end of DC2, predominantly driven by RE cells, indicating
their stem-like properties (Figure 2A). Functional enrichment
analysis'* revealed depletion of the p53 signature and enrich-
ment of the proliferation-associated FOXM1'® signature in
cycling cells but not in the RE population (Figures 2B and 2C),
suggesting the presence of non-cycling progenitor-like cells in
IDH-mutant gliomas. To contextualize the tumor populations
with respect to normal development and glioblastoma, we per-
formed reference mapping with Azimuth'® against two reference
datasets: GBmap,'” the single-cell atlas of glioblastoma
(Figures S6A and S6B), and a human fetal development atlas
(Figures S6C and S6D). In both datasets, the RE population
was highly enriched for oligodendrocytes/OPC-like cells (Fig-
ure S6), suggesting similarities to an oligo-like program.

To determine whether oligodendrogliomas and astrocytomas
exhibited unique chromatin accessibility profiles, we generated
snATAC-seq on 4 oligodendrogliomas (total nuclei = 7,817)
and 5 astrocytomas (total nuclei = 14,214) (Figures 1A and S7;
Tables STE-S1H, S2C, and S2D). The nuclei used for snATAC-
seq were paired with snRNA-seq samples.'® For annotation,
we performed label transfer from snRNA-seq to snATAC-seq
data, excluding the gradient population that did not fit any
NMF metaprogram. We identified NMF-derived tumor and
TME populations in oligodendrogliomas (Figure 2D) and astrocy-
tomas (Figure 2E). Cell-type proportions revealed a higher prev-
alence of OPC-like cells in oligodendrogliomas and an astro-like
predominance in astrocytomas (Figure 2F). The RE population
was consistently present in the snATAC-seq data across all tu-
mors, suggesting an epigenetically distinct RE population in
both tumor types. However, the RE population was transcrip-
tionally more prominent in oligodendrogliomas. The astro-like
and OPC-like populations formed separate clusters with nega-
tively correlated chromatin accessibility profiles (Figure 2G).
Enrichment analysis using Genomic Regions Enrichment of An-
notations Tool (GREAT)'® showed that OPC-like populations in
both oligodendrogliomas and astrocytomas were enriched in
oligodendrocyte differentiation and glial cell-fate commitment,

Figure 2. Integrated snRNA-seq and snATAC-seq indicates a stem-like signature in the RE tumor population
(A) Diffusion map visualization of tumor cells in OD and AS tumors, based on publicly available” astro-like, oligo-like, and stemness program markers. Right:
scaled and centered enrichment scores for NMF metaprograms. Cells are ordered along diffusion components 1 (DC_1) and 2 (DC_2); gradient cells were

excluded for clarity.

(B) Scaled and centered pathway activity scores (normalized weighted mean from snRNA-seq) for OD and AS tumors.
(C) Scaled and centered regulon activity scores (normalized weighted mean from snRNA-seq) for OD and AS tumors.
(D and E) UMAP embedding of OD (D) and AS (E) snATAC-seq data (OD n = 4, AS n = 5) colored by labels transferred from snRNA-seq datasets. UMAP1, x axis;

UMAP2, y axis.
(F) Bar plot showing proportion of cell types in snATAC-seq data.

(G) Pearson correlation of highly variable peaks from snATAC-seq data in OD and AS tumors.
(H and I) Heatmap showing the top significantly enriched transcription factor motifs in OD (H) and AS tumors (I). Scores are scaled and centered for clarity.
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whereas the astro-like population of oligodendrogliomas was
enriched in Notch signaling pathway regulation and blood vessel
development (Table S4). Chromatin-accessibility-based correla-
tion analysis indicated an association between RE and OPC-like
populations, with a weaker association with the cycling popula-
tion (Figure 2G). Transcription factor (TF) motif enrichment anal-
ysis using chromVAR?° showed significantly enriched motifs in
all clusters of both oligodendrogliomas (Figure 2H) and astrocy-
tomas (Figure 2lI). Motifs enriched in the RE cluster displayed
similarities to OPC-like populations in both tumor types
(Figures 2H and 2I). Although E2F1 was not transcriptionally
overrepresented in the RE population, its regulon showed slight
enrichment in oligodendrogliomas and, to a lesser degree, in as-
trocytomas (Figure 2C). Coupled with the E2F1 motif accessi-
bility, this regulatory program may be poised for activation in
gliomas.

The immune microenvironment of IDH-mutant gliomas
In gliomas, TAMs®' consisting of tissue-resident microglia,
bone-marrow-derived (BMD) macrophages, and border-associ-
ated macrophages (BAMs) are the most abundant non-tumor
cells. To determine differences in TAM composition between oli-
godendrogliomas and astrocytomas, we integrated, clustered,
and annotated TAM subpopulations from both tumor types, us-
ing literature-derived marker genes.**?® Each TAM subpopula-
tion was further annotated as microglia (Mg), BMD macro-
phages, or BAMs based on marker gene enrichment. We
identified ten TAM subpopulations: Mg homeostatic (PTPRC,
ITGAM, P2RY12); Mg activated (CX3CR1, GPR34, FOXP2); Mg
resident-like (PLCL1, CEBPD, VIM); Mg stressed (HSPAT1A,
HSPA1B, SORCS2); Mg phagocytic (GPNMB, RGCC, PPARG);
Mg inflammatory (CCL4, IL1B, CCL3); Mg inflammatory
ICAM1* (ICAM1, RELB, TNFAIP3); Mg interferon y (IFNy; IFIT2,
IFIT3, STAT1); BAMs (F13A1, LYVE1, CD36); and BMD anti-in-
flammatory (CD163, SELENOP, MRC1) (Figures 3A and S8A;
Table S2E). Oligodendrogliomas and astrocytomas showed
significantly different proportions of TAM subpopulations (Fig-
ure 3B). Mg homeostatic TAMs (p = 0.01, Wilcoxon test) were
more abundant in astrocytomas, whereas BAM (p = 0.048, Wil-
coxon test), BMD anti-inflammatory (p = 0.048, Wilcoxon test),
and Mg phagocytic (p = 0.012, Wilcoxon test) TAMs were
more abundant in oligodendrogliomas (Figure 3C).

Using marker genes, we scored each TAM subpopulation as
pro- or anti-inflammatory, finding no distinct differences be-
tween oligodendrogliomas and astrocytomas (Figures S8B-
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S8D). We performed IHC with several TAM markers including
IBA1 (TAM marker), CD74 (marker of pro-inflammatory M1-like
phenotype®), and CD163 (marker of anti-inflammatory M2-like
phenotype®) on grade 2 and 3 astrocytomas and oligodendro-
gliomas (n = 5 per group). We observed diffuse and intense pos-
itive immunostaining for IBA1 in astrocytomas, mainly corre-
sponding to activated ramified Mg-like cells, along with a small
number of macrophages, independent of tumor grade (Fig-
ure 3D). In oligodendroglioma, fewer IBA1* cells were observed
compared with astrocytomas, primarily showing a rounded
ameboid-like TAM morphology. Astrocytoma TAMs mainly ex-
pressed CD74, with a small number of anti-inflammatory
CD163* TAMSs. In oligodendroglioma, CD74" cells were barely
detected, with few immunoreactive CD163" cells, all exerting a
macrophage phenotype. Double IHC staining showed the pres-
ence of phospho-STAT1 (p-STAT1) on a subset of IBA1* TAMs in
astrocytomas (n = 6) but not in oligodendrogliomas (n = 6)
(Figures 3D and 3E). Double IHC staining with IDH1 R132H and
p-STAT1 antibodies indicated that a proportion of p-STAT1*/
IBA1™ cells were tumor cells (Figure S9A).

We then explored whether TAM diversity might result from in-
teractions of TAMs with tumor cells. Using LIANA,*® we pre-
dicted enriched receptor-ligand interactions between tumor
populations (astro-like and OPC-like) and TAM subpopulations
(Figures 3F and 3G). These interactions included BMP pathway
proteins in the OPC-like population and PGF-NRP1/2 interac-
tions between the astro-like population and TAMs in oligoden-
drogliomas, although these interactions were significant in
both tumor types. Other interactions were more ubiquitous,
such as SIRPA-CD47, suggesting that tumor cells may block
the phagocytic capacity of innate immune cells.?” WNT5A-
FZD3 and WNT5A-PTPRK interactions were common across
TAM subpopulations, and the astro-like population of astrocy-
tomas exhibited stronger CSF1-CSF1R interactions with TAMs
(Figure 3F), although this was less pronounced in oligodendro-
gliomas. Receptor-ligand interactions from TAMs to tumor pop-
ulations included DLL1 in astrocytomas and tumor necrosis fac-
tor (TNF) in oligodendrogliomas (Figure 3G).

We validated two receptor-ligand pairs, CSF1-CSF1R and
PGF-NRP1, via IHC on two formalin-fixed, paraffin-embedded
grade 2 astrocytomas with >60% tumor content. We qualita-
tively confirmed CSF1 and CSF1R (in serial sections) (Figure S9A)
and PGF and NRP1 (in separate sections) (Figure S9B) in primary
tissues. CSF1 and CSF1R showed a wider staining pattern,
whereas PGF and NRP1 staining patterns were scattered.

Figure 3. Integrated TAM states highlight differences between AS and OD tumors
(A) UMAP embedding of integrated microglia from snRNA-seq data of primary OD and AS tumors, colored by assigned TAM subpopulations. UMAP1, x axis;

UMAP2, y axis.

(B) Bar plots indicating TAM subpopulation proportions, separated by tumor subtype and grade.
(C) Boxplots showing TAM subpopulation proportions by tumor type. OD, oligodendroglioma; AS, astrocytoma. Wilcoxon rank-sum test was performed to test for

significance.

(D) Representative IHC staining for TAM markers IBA1, CD74, and CD163 and double staining for p-STAT1 and IBA1 (60x) in OD and AS tumors. Images are
captured at either 40x (scale bar, 50 pum) or 60x original magnification (scale bar, 30 pm)
(E) Plots showing semi-quantitative histological scores (0= 0%, 1 = 0%-5%, 2 = 6%—29%, 3 = 30%-69%, 4 >70% positive staining) for p-STAT1*IBA1* TAMs in

OD and AS tumors, separated by grade (n = 3 per group).

(F and G) Select statistically significant receptor-ligand interactions between OPC-like and astro-like tumor populations (source) and the TAM subpopulations
(target) (F) and TAM subpopulations (source) and OPC-like and astro-like tumor cells (target) (G). Dot size represents significance (adjusted p values); dot color
reflects expression magnitude (means of average expression level of the interacting pair of genes).
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CSF1/CSF1R regulates macrophage development and sur-
vival,?®° while the PGF/NRP1 signaling axis is a potential ther-
apeutic target in pediatric medulloblastoma®® and intrahepatic
cholangiocarcinoma.®’ Taken together, these results highlight
the heterogeneity of receptor-ligand pairs between TAMs and tu-
mor cells, suggesting potential pathways favored by oligoden-
drogliomas or astrocytomas. Further studies are needed to
elucidate their functional consequences.

IDH-mutant gliomas have low baseline infiltration by
T cells.**** We also observed a small number of T cells in our
cohort (86 in oligodendrogliomas and 171 in astrocytomas).
TOX, a critical TF for T cell exhaustion,>**® was expressed in
both tumor types in our cohort (Figure S8E), although this re-
mains an observation that needs to be confirmed in larger IDH-
mutant glioma datasets.

Grade- and recurrence-related changes in IDH-mutant
gliomas

To assess grade- and recurrence-related differences in tumor
and TAM subpopulations, we conducted snRNA-seq on six pa-
tients with paired primary and recurrent astrocytomas. This
cohort included two untreated patients and four treated with
radiotherapy (RT), temozolomide (TMZ), or both (12 tumors in to-
tal) (Figure 4A; Tables S1K and S1L). Integrating and clustering of
these paired datasets, totaling 48,723 nuclei, revealed all major
cell types, including the gradient and RE populations
(Figures 4B, S1l1, S2D, and S2G; Table S2F). Proportions of as-
tro-like and OPC-like tumor populations showed no significant
changes at recurrence (Figures 4C and S10B). However, we
observed a grade-dependent increase in cycling and gradient
populations along with a decrease in OPC-like and astro-like
populations (Figure 4C). Using EEF2 and EEF1A1 as RE markers,
we performed IHC in cohorts of paired primary and recurrent oli-
godendrogliomas (6 patients, 12 tumors) and paired primary and
recurrent astrocytomas (6 patients, 12 tumors; Figure 4D).
Recurrent astrocytomas exhibited higher EEF2 immunostaining
and an increase in EEF1A1* cells compared with primary astro-
cytomas (Figure 4E). In oligodendrogliomas, EEF2* and
EEF1A1™ cells were highly expressed in both primary and recur-
rent tumors (Figure 4E).

Pooling Mg cells from paired astrocytomas revealed nine
distinct TAM subpopulations: Mg homeostatic, Mg activated,
Mg resident-like, Mg inflammatory ICAM1*, Mg inflammatory,
Mg hypoxic, Mg phagocytic, Mg IFNy, and BMD anti-inflamma-
tory macrophages (Figure 4F; Table S2G). Similar to primary as-
trocytoma snRNA-seq data, BAM subpopulations were not iden-
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tified in paired astrocytomas. We excluded the primary tumor of
pair 2 and the recurrent tumor of pair 5 from Figure 4H due to
their low Mg numbers. Cell-type proportion analysis showed a
trend toward increased proportions of Mg hypoxic TAMs, BMD
anti-inflammatory macrophages, and Mg IFNy TAMs at recur-
rence and decreased Mg homeostatic TAMs at recurrence
(Figures 4G and 4H). Furthermore, treated relapsed astrocytoma
exhibited an increase in the proportion of BMD anti-inflammatory
macrophages (pairs 3, 4, and 6), while untreated pairs (pairs 1
and 2) showed a reduction or a slight increase (Figures 4G and
4H). TAM proportion changes may also be associated with tumor
grade more than relapse status (Figure S10A). These findings
highlight complex interactions between tumor subtype, grade,
and TAM states in IDH-mutant gliomas.

DISCUSSION

Recent studies have expanded our understanding of diffuse gli-
oma heterogeneity. However, a comprehensive comparison be-
tween oligodendrogliomas and astrocytomas remains incom-
plete. In this study, we aimed to address these gaps by
generating snRNA-seq/ATAC-seq datasets from primary IDH-
mutant gliomas (oligodendroglioma and astrocytoma) and
snRNA-seq data from paired primary and recurrent astrocy-
tomas. Additionally, we integrated our genomics data with IHC
analysis in separate cohorts of primary and recurrent IDH-
mutant gliomas for comprehensive tumor and TAM composition
comparisons.

We identified a distinct tumor cell population in IDH-mutant gli-
omas, referred to as RE. This population exhibited stem cell
characteristics, lacked proliferation-associated genes, and
showed high expression of ribosomal genes and elongation fac-
tors. We confirmed the presence of this population by verifying
the expression of marker proteins EEF1A1 and EEF2 in separate
tissue cohorts of IDH-mutant gliomas. While the RE population
constituted a relatively low fraction of cell types in the snRNA-
seq data, IHC indicated a broader distribution of EEF1A1 and
EEF2. This discrepancy in distribution may arise from the limited
number of cells expressing the complete RE metaprogram or
from associations with spatial features within tumors. Ribosome
composition has been linked to spatial heterogeneity in glioblas-
toma,® and the role of ribosome biogenesis in IDH-mutant gli-
omas warrants further exploration.

Our results reveal an enriched MYC/MYCN regulon within the
RE population, suggesting increased biosynthetic properties
due to the known targeting of EEF1A1 by MYC.®” The combined

Figure 4. snRNA-seq of paired primary and recurrent AS cohorts indicates shifts in tumor populations associated with grade

(A) Clinical and molecular characteristics of 6 paired primary and recurrent IDH-mutant AS cohorts for snRNA-seq.

(B) UMAP embedding of integrated snRNA-seq data from paired AS tumors, colored by assigned cell types. UMAP1, x axis; UMAP2, y axis.

(C) Bar plots showing tumor population proportions, separated by pairs, relapse status, and grade.

(D) Representative IHC staining for RE markers EEF2 and EEF1A1 in paired primary (grade 2) and relapse (grade 3) AS tumors. Images are captured at 40x original

magnification (scale bar, 50 um)

(E) Heatmap showing semi-quantitative EEF1A1 histological scores (0 = 0%, 1 = 0%-5%, 2 = 6%-29%, 3 = 30%-69%, 4 >70% positive staining) for 6 pairs of
primary and recurrent OD and AS tumors. Wilcoxon signed-rank test for paired samples was performed to test for significance, *p < 0.05.
(F) UMAP embedding of integrated microglia population of paired primary and recurrent AS cohorts, colored by assigned TAM subpopulations. UMAP1, x axis;

UMAP2, y axis.

(G) Bar plots showing TAM subpopulation proportions separated by pairs, relapse status, and grade.
(H) Boxplots showing TAM subpopulation proportions separated by relapse status. P, primary; R, relapse.
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analysis of single-nuclei and IHC data consistently demon-
strated a higher RE prevalence in oligodendrogliomas compared
with astrocytomas. Deconvolution of bulk RNA-seq datasets
corroborated this finding, suggesting a widespread expression
of the RE population in nearly all oligodendrogliomas. Targeting
this population with differentiation-promoting therapies may
hold promise,®*"*° as biosynthetic capacity diminishes during tu-
mor cell differentiation. *°

Understanding longitudinal changes in IDH-mutant glioma
progression is necessary to identify drivers of progression.
Spearheaded by the GLASS (Glioma Longitudinal Analysis) con-
sortium, major efforts are underway to capture and analyze gli-
oma dynamics.”"* In our study, we investigated longitudinal
changes in paired primary and recurrent astrocytomas to gain in-
sights into glioma progression. Our findings indicated that tran-
scriptional subpopulations identified in primary tumors persist
in both treated (RT and/or TMZ) and untreated recurrent tumors.
Importantly, tumor grade, rather than recurrence or treatment,
may influence tumor and TAM subpopulations. This aligns with
recent studies in gliomas where cell compositions remained rela-
tively stable during recurrence.*® These persistent cell states
may represent potential therapeutic targets. For instance,
combining master regulator analysis** with functional studies
on transcriptional states could yield insights into key mecha-
nisms maintaining these cellular identities. Additionally, uncover-
ing the bidirectional interactions between tumor populations and
the TME is critical for understanding glioma biology and devel-
oping effective therapies. While gliomas harbor tumor cells
with expression signatures resembling astros and OPCs, their
functions remain poorly understood. Here, we characterized re-
ceptor-ligand interactions between tumor and TAM subpopula-
tions, and our findings suggest that the astro-like tumor subpop-
ulation may orchestrate a pro-inflammatory microenvironment in
astrocytomas driven by IFNy signaling, which induces STAT1
phosphorylation. These distinctions highlight the role of IFNy
signaling in astrocytomas and raise the possibility that targeting
tumor transcriptional states may reshape the TME landscape.

While TAM composition has been studied in IDH-mutant gli-
omas,”*® adirect comparison between TAMs in oligodendroglio-
mas and astrocytomas is lacking. Our results, in line with previous
studies,*® show a higher proportion of Mg-derived TAMs in IDH-
mutant gliomas compared with BMD-derived TAMs. However,
we also observed significant differences in TAM transcriptional
states between oligodendrogliomas and astrocytomas. Our
combined snRNA-seq and IHC data indicate that astrocytomas
contain inflammatory TAMs expressing p-STAT1, a key regulator
of TAM inflammatory response and neuronal damage.*®*’
Considering the distinct molecular alterations in oligodendroglio-
mas and astrocytomas, it remains to be determined whether any
tumor-specific alterations contribute to myeloid diversity. Recep-
tor-ligand analysis inferred potential interactions between tumor
and TAM subpopulations, including a notable interaction be-
tween PGF (a VEGF family member) and NRP1. PGF is involved
in immune modulation and cancer pathogenesis*® and supports
medulloblastoma growth through increased PGF signaling via
Nrp1.%° While we confirmed the presence of both proteins in pri-
mary tissues through IHC, further studies are needed to charac-
terize and prioritize these candidate interaction pairs.
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In summary, our study provides insights into heterogeneity of
IDH-mutant gliomas by conducting a comprehensive compari-
son of oligodendrogliomas and astrocytomas. Our results shed
light on distinct tumor populations, heterogeneity of TAM states,
TAM-tumor interactions, and the relative stability of tumor and
TAM transcriptional states in recurrent astrocytomas. We also
emphasize the importance of categorizing IDH-mutant gliomas
by subtype in both tumor and TME studies. These findings
pave the way for further research to enhance our understanding
of the complexity of diffuse gliomas.

Limitations of the study

We acknowledge several limitations of our study. First, it will be
important to validate the roles of different tumor subpopula-
tions in IDH-mutant glioma pathology. Second, although our
study identified potential receptor-ligand pairs that may influ-
ence the diversity of myeloid states within these tumors, it
remains to be determined whether and to what extent these in-
ferred pairs interact in situ and contribute to the TAM land-
scape in gliomas. We validated several key findings using
IHC on separate cohorts of primary and paired glioma tissues.
However, addressing both of these aspects from a translational
perspective will necessitate functional studies. Unfortunately,
the scarcity of available bona fide preclinical models for IDH-
mutant gliomas, particularly tumorspheres derived from un-
treated primary IDH-mutant gliomas, presents a challenge.
Developing such models will facilitate the translational applica-
tion of genomic studies and enhance our understanding of IDH-
mutant gliomas.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Mouse monoclonal anti-CD74 (clone LN2) BioLegend Cat# 326802; RRID: AB_893401
Mouse monoclonal anti-CD163 (clone ThermoFisher Scientific Cat# MA5-11458; RRID: AB_10982556
10D6)

Mouse monoclonal anti-STAT1 (pY701) BD Biosciences Cat# 612132; RRID: AB_399503
(clone 14/P-STAT1)

Rabbit monoclonal anti-EEF2 (EP880Y) Abcam Cat# ab75748; RRID: AB_1310165
Rabbit monoclonal anti-EEF1A1 (EPR9470) Abcam Cat# ab140632; RRID: AB_2687995
Mouse monoclonal anti-CSF1 (clone 2D10) Sigma-Aldrich Cat# MABF191

Rabbit polyclonal anti-CSF1R Proteintech Cat# 25949-1-AP; RRID: AB_2880306
Rat monoclonal anti- PIGF (clone #358905) R&D Cat# MAB2642; RRID:AB_10718412
Mouse mouse monoclonal NRP1 (clone Proteintech Cat# 60067-1-1g; RRID:AB_2150840
2H3F6)

Biological samples

Adult brain tumor tissue (fresh frozen) Division of Experimental Neurosurgery, N/A
Department of Neurosurgery, University
Hospital Heidelberg; Acibadem Mehmet Ali
Aydinlar University, School of Medicine,
Department of Neurosurgery

Adult brain tumor tissue (FFPE) Department of Pathology, Spedali Civili of N/A
Brescia; Department of Neuropathology,
Heidelberg University Hospital

Chemicals, peptides, and recombinant proteins

Strepatidine HRP Vector Cat# SA-5005
ImmPress HRP Universal Antibody (Horse Vector Cat# MP7500
Anti-Mouse/Rabbit IgG) Polymer detection

Kit, Peroxidase

Dako REAL™ Detection System, Alkaline Biocompare Cat# K5005
Phosphatase/RED, rabbit/mouse,

MACH 4 Universal AP Polymer Kit Biocare Medical Cat# M4U536
Dako EnVision+ System-HRP Labeled Dako Cat# K4001
Polymer anti-mouse or anti rabbit

Novolink™ Polymer Detection System Leica Biosystems Cat# RE7280-K
(Novocastra™)

Critical commercial assays

Chromium system using the Single Cell 3’ 10x Genomics Cat# 1000121
Reagent Kit v3 or v3.1
Chromium Next GEM Single Cell ATAC 10x Genomics Cat# 1000175

Library & Gel Bead Kit v1.1
Deposited data

Processed snRNA-seq and snATAC-seq This paper GEO: GSE205771

data

TCGA LGG dataset Genomics Data Common https://portal.gdc.cancer.gov/projects/
TCGA-LGG

Chinese glioma genome atlas (CGGA) CGGA http://www.cgga.org.cn/download.

jsp#mRNAseq_693

(Continued on next page)
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Continued

REAGENT or RESOURCE

SOURCE

IDENTIFIER

Software and algorithms

Cellranger version 3.1

R (version 3.6.1-4.2.0)
Seurat (version 3.1.0-4.3.0)

Cellranger v3.1 10x Genomics https://
support.10xgenomics.com/

https://www.r-project.org/
Hao et al.'®; Stuart et al.*®

Cellranger v3.1 10x Genomics https://
support.10xgenomics.com/

https://www.r-project.org/
https://satijalab.org/seurat/

scrublet version 0.2.1 Wolock et al.*® https://github.com/swolock/scrublet
inferCNV version 1.5.0 Tickle et al.”’ https://github.com/broadinstitute/inferCNV
Signac version 1.0 Stuart et al.*” https://stuartlab.org/signac/

LIANA version 0.1.10 Dimitrov et al.?® https://saezlab.github.io/liana/index.html
Other

Code used in this study This paper https://github.com/gcapture/glioma-het
HTML book containing code used in this This paper https://gcapture.github.io/glioma-het/

study

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfiled by the lead contact,
Sevin Turcan. (sevin.turcan@med.uni-heidelberg.de).

Materials availability
This study did not generate new unique reagents.

Data and code availability
® Processed single-nucleus RNA-seq and single-nucleus ATAC-seq data have been deposited at GEO (GSE205771) and are
publicly available as of the date of publication. Accession numbers are listed in the key resources table.
e All original code has been deposited at GitHub (https://github.com/gcapture/glioma-het) and GitHub pages (https://gcapture.
github.io/glioma-het/), and is publicly available as of the date of publication. DOlIs are listed in the key resources table.
® Any additional information required to reanalyze the data reported in this work paper is available from the lead contact upon
request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANTS DETAILS

Human patient samples

A total of 14 fresh frozen archival IDH-mutant glioma samples (8 oligodendroglioma and 6 astrocytoma) were used for snRNA-seq
and snATAC-seq. Additionally, 6 fresh frozen paired primary and recurrent samples (IDH-mutant astrocytoma) were used for snRNA-
seq. Patient information and tumor characteristics are provided in Figures 1A and 4A. Fresh frozen samples were collected by the
Division of Experimental Neurosurgery, Department of Neurosurgery, University Hospital Heidelberg, and the Department of Neuro-
surgery, Acibadem Mehmet Ali Aydinlar University, School of Medicine, Istanbul. Samples used as validation cohort for immunohis-
tochemistry were retrieved from the institutional databases of the Department of Pathology, Spedali Civili of Brescia, and the Depart-
ment of Neuropathology, Heidelberg University Hospital. All patients provided written informed consent, in accordance with the
Declaration of Helsinki. All samples were reviewed and received approval from the respective Institutional Review Boards and local
authorities at the institutions where samples were originally collected. Specifically, the samples were approved by the Ethics Com-
mittee of Spedali Civili of Brescia, Institutional Review Board at the Medical Faculty of Acibadem Mehmet Ali Aydinlar University, and
the Ethics Committee of Heidelberg University.

METHOD DETAILS

Nucleus isolation from fresh frozen samples for snRNA-seq and snATAC-seq

Isolation of nuclei for snRNA-seq and snATAC-seq was performed as previously described.'® Briefly, fresh frozen tissue samples
were cut into small pieces and homogenized using a Dounce homogenizer in EZ lysis buffer (Sigma Aldrich). Tissue was homoge-
nized 20 times with pestle A and 20 times with pestle B. This was followed by centrifugation, filtration, and buffer-mediated gradient
centrifugation to obtain pure single nuclei, which were then used for snRNA-seq and snATAC-seq.
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Construction of libraries and generation of cDNA on the 10x genomics platform

Nuclei were counted using a hemocytometer, and their concentration adjusted as needed to meet the optimal range for loading on
the 10x Chromium chip. The nuclei were then loaded into the 10x Chromium system using the Single Cell 3' Reagent Kit v3 or v3.1 (for
snRNA-seq) and Chromium Next GEM Single Cell ATAC Library & Gel Bead Kit v1.1 (for shATAC-seq) according to the manufac-
turer’s protocol. We aimed to load ~20,000 nuclei for each snRNA-seq run and ~10,000 nuclei for each snATAC-seq run. Following
library construction, libraries were sequenced on the lllumina NovaSeq 6000 system.

Immunohistochemistry

2 um sections were cut from formalin-fixed paraffin-embedded (FFPE) tissue samples provided by the Pathological Department of
Spedali Civili of Brescia. Sections were de-waxed and rehydrated. Endogenous peroxidase activity was blocked with 0.3% H20, in
methanol for 20 min. Antigen retrieval was performed using a microwave oven or a thermostatic bath in 1.0 mM EDTA buffer (pH 8.0)
or in 1.0 mM Citrate buffer (pH 6.0). Sections were then washed in tris-buffered saline (TBS, pH 7.4) and incubated for 1 h with the
specific primary antibody diluted in TBS 1% bovine serum albumin. The reaction was revealed by using Dako EnVision System-HRP
Labeled Polymer anti-mouse or anti rabbit (Dako) or Novolink Polymer Detection System (Novocastra) followed by diaminobenzydine
(DAB) as chromogen and hematoxylin as counterstain. For double immunohistochemistry, after completing the firstimmune reaction,
the second one was revealed by using MACH4 Universal AP Polymer kit (Biocare Medical) followed by Ferangi Blue Chromogen kit
(Biocare Medical) and nuclei were counterstained with hematoxylin. Images were acquired with a Nikon DS-Ri2 camera (4908 x 3264
full-pixel) mounted on a Nikon Eclipse 50i microscope equipped with Nikon Plan lenses (x10/0.25; x20/0.40; x40/0.65; x100/1.25)
using NIS-Elements 4.3 imaging software (Nikon Corporation). The following primary antibodies were used: anti-lbal rabbit poly-
clonal (1:300, Wako), anti-CD74 mouse monoclonal (clone LN2) (1:100, BioLegend), anti-CD163 mouse monoclonal (clone 10D6)
(1:50, ThermoFisher Scientific), anti-STAT1 (pY701) mouse monoclonal (clone 14/P-STAT1) (1:500, BD Biosciences), anti-EEF2 rab-
bit monoclonal (EP880Y) (1:250, Abcam), and anti-EEF1A1 rabbit monoclonal (EPR9470) (1:50, Abcam).

For IHC staining of human astrocytomas, 5 um FFPE sections were obtained from the Department of Neuropathology, Heidelberg
University Hospital, and stained with the following antibodies: mouse monoclonal CSF1 antibody (1:25, clone 2D10, Sigma-Aldrich
#MABF 191), rabbit polyclonal CSF1R antibody (1:50, Proteintech #25949-1-AP), rat monoclonal human PIGF antibody (1:25, clone
#358905, R&D #MAB 2642), mouse monoclonal NRP1 antibody (1:50, clone 2H3F6, Proteintech #60067-1-1g). For CSF1, a pre-treat-
ment steamer with Tris buffer pH 9.0 was performed followed by overnight incubation at room temperature. Detection was performed
with ImmPress HRP, universal antibody (horse, anti-mouse) polymer detection kit, peroxidase (Vector # MP 7500). For CSF1R, we
performed the same incubation and antigen retrieval as for CSF1 and detected with Dako REAL Detection System, Alkaline
Phosphatase/RED, Rabbit/Mouse (Biocompare #K5005). For PIGF, pre-treatment with citrate buffer pH 6.0 was performed, followed
by overnight incubation at room temperature. Detection was performed using the secondary antibody - biotinylated anti-rat IgG (Vec-
tor # BA-4001, 1:200) for 30’ at 37°C, followed by HRP Streptavidin (1:200, Vector #SA-5004), for 30’ at 37°C, and DAB (brown color)
was used as a chromogen (ImmPress HRP Universal Antibody (Horse Anti-Mouse/Rabbit IgG) Polymer detection Kit, Peroxidase,
(Vector # MP 7500). For NRP1 IHC, samples were pretreated with citrate buffer pH 6.0 and incubated for 2 h at 37°C, and detected
using the Dako REAL Detection System, Alkaline Phosphatase/RED, rabbit/mouse, (Biocompare #K5005). Samples were imaged at
40x magnification with an Olympus VS.200 slide scanner (Olympus Corporation).

Single-nucleus RNA-seq data analysis

Raw sequencing data from all samples were processed using the Cell Ranger workflow (version 3.1.0) using a combined intron-exon
reference generated following the manufacturer-provided “Generating a Cell Ranger compatible ‘pre-mRNA’ Reference Package”
guidelines (https://support10xgenomics.com/single-cell-gene-expression/software/pipelines/3.1/advanced/references). In brief,
the “pre-mRNA” reference was derived using “cellranger mkfastq” with a modified GTF annotation for which all introns were counted
as exons, and therefore accounted for the count matrix generation. Subsequent data analysis was conducted using R (versions
3.6.1-4.2.0) package Seurat'®“° (version 3.1.0-4.3.0).

To remove doublets, a two-step quality control cutoff was applied, which involved the number of unique mMRNAs per nucleus
(Unique Molecular Identifier, UMI), the number of genes per nucleus, and the percentage of mitochondrial RNA in the nuclei. Nuclei
with less than 1000 UMIs/nucleus or 500 genes/nucleus were removed from the analysis, according to pre-established best prac-
tices.® Nuclei with >5% of mitochondrial RNA were also excluded. To remove doublets, we used scrublet v0.2.1,°° which assigns
a doublet probability score to each nucleus, with a higher score indicating a higher likelihood of being a doublet. For each sample,
individual inspection of the doublet scoring distribution was conducted to determine sample-specific cutoffs.

Data normalization was performed using Regularized Negative Binomial Regression (RNBR) as described in the Seurat package
using Seurat::SCTransform() function. 3000 features with high variable expression across the nuclei were identified, which were used
in a subsequent Principal Component Analysis (PCA) using the Seurat::RunPCA() function. To remove biases arising from different
samples, integration based on the PCA embedding was computed using Harmony,'" which generated a new dimensional reduction
embedding. For this, the most relevant principal components (PCs) were used, selected based on the elbow plot showcasing the
standard deviations comprised accounted in each PC. Further dimensional reduction using Uniform Manifold Approximation and
Projection (UMAP) is performed to visualize the cells. The UMAPs and clusters were generated using the Seurat::FindNeighbors(),
Seurat::FindClusters(), and Seurat::RunUMAP() functions. All plots shown in figures have been generated using SCpubr’* and
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ggplot2. In brief, dimensional reduction plots were generated using SCpubr::do_DimPlot(), feature plots using SCpubr::do_
FeaturePlot(), dot plots using SCpubr::do_DotPlot(), bar plots using SCpubr::do_BarPlot(), violin plots using SCpubr::do_ViolinPlot()
and heatmaps using SCpubr::do_ExpressionHeatmap(), SCpubr::do_EnrichmentHeatmap(), SCpubr::do_CorrelationPlot(),
SCpubr::do_PathwayActivityPlot(), SCpubr::do_TFActivityPlot(), SCpubr::do_MetadataPlot(), SCpubr::do_DiffusionMapPlot().

Determination of malignant cells

To distinguish between tumor cells and tumor microenvironment we inferred copy number variation (CNV) signatures, using the R
package inferCNV v.1.5.0.%" Since 10x snRNA-seq data is very sparse, we opted to use meta-cells instead of single cells to increase
the overall sensitivity. Meta-cells are generated computationally by aggregating the expression values of five cells from the same
cluster. As the microglia/macrophage and the oligodendrocyte populations were easily distinguished by marker gene inspection
(PTPRC, CD163 and CD14 for microglia/macrophages, and MBP and MOG for oligodendrocytes), these were used as references.
Cells were classified as either tumor cells or tumor microenvironment (TME) cells based on their CNV profiles. For oligodendroglio-
mas, we used a combination of 1p/19q co-deletion status and enrichment for previously published lists of marker genes,* whereas for
astrocytomas, CNVs were not clearly recovered by inferCNV and samples did not share the same CNV event. For astrocytoma sam-
ples, tumor cells were characterized based on the enrichment of marker gene lists.

Deconvolution

To deconvolute the TCGA and CGGA bulk RNA sequencing data, we used the single-cell dataset generated in this study as a refer-
ence. Deconvolution was performed using SPOTlight'? version 1.0.3. To train the model, we used all cell populations from our
snRNA-seq data. Marker genes for each cell type were identified using the Seurat function Seurat::FindAllMarkers() with the following
parameters: test.use = "MAST", min.pct = 0.5, logfc.threshold = 0.5, only.pos = TRUE. We then used the avg_log2FC as the weights
to initialize the W NMF matrix for each topic prior to initialization.

Single-nucleus ATAC-seq data analysis

snATAC-seq data analysis was carried out using the R (version 3.6.1) package Signac (version 1.0).°> Peak count matrices were
generated using Cell Ranger ATAC version 1.2, with each row representing a chromatin region and each column representing a
different cell. To merge multiple datasets together, the standard protocol from Signac was followed. For peak annotation and further
downstream analysis, we used the GRCh38 annotation retrieved from EnsDb.Hsapiens.v86 R package.®” To assess the quality of the
nuclei, we defined the following variables: total number of fragments in the nuclei, the percentage of reads falling on peaks, the per-
centage of reads falling in blacklist regions,® the chromosome binding pattern referred to as “nucleosome signal” computed with
Signac::NucleosomeSignal() and the enrichment of the peaks in transcription start sites (TSS) computed with Signal::TSSEnrich-
ment(). We then removed the nuclei for which a) total number of fragments were lower than 3000 and/or higher than 20,000, b)
the percentage of reads in peaks were lower than 15% or reads in blacklist regions were higher than 5%, c) nucleosome signal
was higher than 10%, and d) TSS enrichment was lower than 2%.

To normalize and perform linear dimensionality reduction, we used term frequency-inverse document frequency (TF-IDF) normal-
ization with Signac:RunTFIDF(), followed by feature selection with Signac::FindTopFeatures() paired with “q0” as argument to select
all peaks. Then, we ran singular value decomposition (SVD) on the TD-IDF matrix, with reduction name “LSI”. The first LSI component
captured technical variation corresponding to sequencing depth. Therefore, we excluded it from downstream analyses.

We then computed non-linear dimensionality reduction of the data with Seurat::RunUMAP() and clustered the cells using Seurat::
FindNeighbors() and Seurat::FindClusters() under default parameters, yielding 30 components for oligodendroglioma and astrocy-
toma samples.

To estimate the gene activity for each gene based on their associated accessibility, we used Signac::GeneActivity() and normalized
the resulting assay data with Seurat::SCTransform(), as gene activity intends to resemble an snRNA-seq experiment. To further inte-
grate the results with our snRNA-seq datasets, we identified shared correlation patterns between the normalized gene activity assay
from snATAC-seq data and the normalized count data assay from snRNA-seq data. For this, shared anchors between both
datasets are identified, which correspond to matching patterns between the two modalities. As the snRNA-seq dataset is already
annotated, nuclei with shared anchors in the snATAC-seq data will receive the same annotation.*® This is computed with
Signac::FindTransferAnchors() and Signac::TransferData(), following Signac’s standard protocol for multimodal integration. To
further remove patient-specific effects, we integrated the snATAC-seq datasets using Harmony with harmony::RunHarmony(),
and recomputed the UMAP embedding using the same number of LSI components as previously.

Next, to infer gain or loss of accessibility of peaks sharing the same transcription factor (TF) motifs, we used Signac::AddMotifs(), a
wrapper from chromVAR version 1.14.0°7 following Signac protocol for motif analysis. This returns a motif activity score per nucleus.
To compare accessibility and expression we computed differentially accessible peaks between the identities retrieved after label
transfer using Seurat::FindAlIMarkers() with default parameters, filtered by p value <0.05 and annotated to their closest gene with
Signac::ClosestFeature(). Differentially enriched motifs across tumor populations were correlated using Pearson’s correlation and
the score is displayed as a heatmap for both tumor subtypes. Top differentially enriched motifs across tumor populations are dis-
played as a heatmap.
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Single nucleus RNA-seq data analysis of the tumor microenvironment

snRNA-seq data analysis of the tumor microenvironment (TME) was carried out using the R (version 4.1.0) package Seurat'® (version
4.0.3). To obtain a finer-grained resolution of cell states, we extracted TAM cells from the integrated snRNA-seq dataset, and recom-
puted the integration workflow, downstream analyses and clustering: TAMs were log-normalized using a scale factor of 1e*. Then, we
selected the top 3000 variable genes and integrated using Harmony (version 0.1.0) and computed a new UMAP embedding. New
clusters were called based on the top 30 principal components with a resolution of 0.7 using the Louvain algorithm. Marker genes
were retrieved by differential expression analysis of each microglia subpopulation against the rest using Wilcoxon Rank-Sum test,
selecting the genes that presented an average of 0.25-fold difference (log, scale) between the two groups (adjusted p value <
0.05). For cluster annotation, we used matchSCore2°° R package and SCpubr::do_FeaturePlot).

Non-negative matrix factorization (NMF) of primary samples

To unveil the major cell states within our samples, we applied Non-Negative Matrix Factorization (NMF) as described.®® NMF was
performed individually to the tumor cells in each patient. Nuclei from the TME were excluded from the analysis. The normalized count
matrix was scaled and centered. For each patient, NMF was computed with factorization ranks ranging from two to ten, resulting in
computed NMF programs for each iteration and individual patient. Each NMF program consists of a vector of NMF scores for each
gene in the count matrix. Higher NMF scores indicate a stronger contribution of the gene to the NMF program. The top 30 scored
genes in each signature were selected, with prior exclusion of the mitochondrial genes. Next, to assess the overall enrichment of
each nucleus to the NMF program, a scoring system was applied. For each gene in the NMF program, a control set of genes was
defined as the top 100 genes closest in expression. This was achieved by first computing a vector of averaged expression values
for each gene across all nuclei. Then, genes with similar expression patterns were selected by computing the absolute value of
the difference between the average expression value of the gene across all the nuclei and the vector of averaged scores. After sorting
these values, the top 100 genes closest to zero, excluding the first one (which is zero, corresponding to the given gene itself), were
selected. Once the reference set is generated, for each nucleus, the difference in averaged expression between the given gene and
the averaged expression values for the reference set of genes is calculated. This returns a vector of the difference in averaged expres-
sion values between the gene and the control set per nucleus, multiplied by each of the genes in the NMF program. This matrix, con-
taining each individual nucleus as columns and each gene in the NMF program as rows, is transformed into a vector by averaging the
values in each of the columns (i.e., genes). This gave the average score across all genes for each nucleus, indicating how much each
nucleus is enriched in the given set of genes in the NMF program.

To detect similarities in the scoring of the NMF signatures across nuclei, Pearson’s correlation was computed on a matrix formed
by the different scoring of the NMF program. This resulted in distinct groups of NMF programs highly similar to each other in terms of
how enriched each nucleus in the tumor bulk is in the gene sets forming these programs, referred to as NMF metaprograms. This
process was repeated for each value of rank computed, and the one that returned the clearest and highest number of NMF metapro-
grams was selected. To define the top 30 genes driving each of the NMF metaprograms, an almost identical scoring approach as the
previously described was applied, using all the unique genes in the NMF programs contained in the NMF metaprogram, but aver-
aging the final scores by rows (i.e., nuclei) instead. This returns a vector with a score for each gene, indicating how much weight
each gene carries in the NMF metaprogram across all nuclei. The top 30 genes with the highest scores were selected. Each group
of genes was functionally characterized using the enrichR®° package, which computes the enrichment of the set of genes in different
term databases, such as GO, KEGG, etc. Seurat enrichment scores were computed with the function Seurat::AddModuleScore() for
all the nuclei to assess how the enrichment on the NMF metaprograms is distributed across the tumor cells of the integrated dataset.

Assigning meta-programs to cells

To avoid defining tumor bulk populations based on manually selected cutoffs of enrichment scores, especially when the enrichment
patterns occur in a gradient fashion rather than specific clusters, we developed a permutation testing method to statistically assign
cells to a given NMF metaprogram. The empirical distribution is defined as the vector of enrichment scores for a list of genes
(i.e., NMF metaprogram), and the null distribution is generated by permuting the expression values of each of the genes queried
for enrichment across the nuclei, thereby disrupting any enrichment pattern arising from the combined expression of the entire
set of genes. The resulting vector of enrichment scores represents individual permuted scores that represent what the enrichment
scores for the set of genes would be if the list of genes were not correlated, defined as the null distribution. This method assumes
differential gene expression across the nuclei; otherwise, permuting the expression values would not have the desired effect. To
determine whether a nucleus is statistically enriched for the given list of genes, we compute the fraction of values in the null distri-
bution that are higher than the enrichment score for the selected nucleus plus one, both in the numerator and denominator, thus
avoiding infinite values (representing the p value). Therefore, the number of computed permutations in the null distribution will deter-
mine the lowest possible p value. For this, a million permutations are performed to achieve a minimum possible p value of 1e¢, and
p values are corrected for multiple testing using Benjamini-Hochberg method®' (Benjamini and Hochberg, 1995), generating adjusted
p values. Nucleus for which the adjusted p value is lower than 0.05 (FDR = 5%) are selected as statistically enriched in the list of genes
provided. However, if the same set of nuclei is queried for different list of genes, the choice of FDR should be further corrected by the
number of comparisons to avoid inflation of the alpha error. This is achieved by dividing the desired FDR by the total number of
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comparisons performed to the same group of nuclei. This step is particularly important if nuclei are being labeled based on a com-
bination of results (i.e., being enriched for a given list of genes and not for the others).

Pathway enrichment analysis and transcription factor-target interactions

To infer pathway activity from normalized gene expression data for 14 pre-defined pathways (Androgen, Estrogen, EGFR, Hypoxia,
JAK-STAT, MAPK, NFkB, PI3K, p53, TGFp, TNFa, Trail, VEGF, and WNT) we used PROGENy®? in combination with decoupleR."® To
ensure comparability across both subtypes, we merged the raw counts for both subtypes and re-normalized the data using RNBR.
The normalized counts were then used as input for PROGENYy, which returns a Seurat object with an independent score for each cell.
Similar to PROGENy, we used the same approach to compute TF-target interactions with DoRothEA®® in combination with
decoupleR,"® We applied DoRothEA in combination with the statistical method VIPER on matrices of single nuclei RNA-seq samples
(genes in rows and either bulk samples or single cells in columns) containing normalized gene expression scores scaled gene-wise to
amean value of 0 and standard deviation of 1 or on contrast matrices (genes in rows and summarized perturbation experiments into
contrasts in columns) containing log fold changes (FC). In the case of single-nuclei RNA-seq sample analysis, the contrasts were built
based on TF activity matrices yielding the change in TF activity (perturbed samples - control sample) summarized as logFC. TFs with
less than four targets listed in the corresponding gene expression matrix were discarded from the analysis. VIPER provides a normal-
ized enrichment score (NES) for each TF which we consider as a metric for the activity. We used the R package viper (version 1.17.0)
to run VIPER in combination with DoRothEA.

Inferring receptor-ligand interactions

To assess receptor-ligand interactions between the two major tumor populations (OPC-like and astro-like cells) and the newly
defined TAM subpopulations, we used LIANA version 0.1.10°? with five different methods: ‘natmi’, ‘connectome’, ‘logfc’, ‘sca’
and ‘cellphonedb’, and filtered out the interactions to those with p value (aggregated consensus rank) < 0.05. We then selected
the most relevant interactions and plotted them as a dot plot.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistics

GraphPad Prism 9 software was used for statistical analysis of the IHC data. Unpaired two-sided t tests were used to determine sta-
tistical significance (p values < 0.05). For IHC, expression levels of markers were semi-quantitatively scored on representative tumor
regions based on percentage [score ranges: 0 (no expression), 1 (0-5%, moderate intensity), 2 (6-29%, moderate intensity), 3
(80-69%, high intensity), 4 (>70%, high intensity)] of immunoreactive (IR) cells.
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