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Recentadvancesin our understanding of the molecular landscape of
meningioma have generated new insights into the biology and heterogeneity
of this disease, with demonstrated clinical value. However, there remains a
need to understand tumor-intrinsic heterogeneity at single-cell resolution to
inform potential therapeutic avenues. In this study, we examined the breadth
of cell types and states in meningioma using alarge cohort profiled with
single-nuclear RNA sequencing and high-resolution spatial transcriptomics,
aswellas bulk DNA methylation and RNA sequencing (n =712), bulk
proteomics (n = 88) and plasma methylation (n = 59). We demonstrated

that myeloid cell states differ across molecular groups of meningiomas

and evolve meaningfully from dura to tumor. Myeloid cell states were also
associated with unique myeloid—-neoplastic interactions and neoplastic

gene programs, suggesting arole in shaping the microenvironment. Finally,
multiple non-neoplastic cell states refined outcome prediction beyond
molecular group, suggesting arole in meningioma progression.

Meningiomarepresents the most common brain tumor in adults'and
is associated with profound clinical heterogeneity that is not fully
captured by World Health Organization (WHO) grading. This has led
to the development of molecular taxonomies that can more robustly
predict clinical behavior**. We previously established four molecu-
lar groups (MGs) of meningioma: immunogenic (MG1), withimmune
infiltrationand favorable outcomes; NF2-wildtype (MG2), with non-NF2
driver mutations and favorable outcomes; hypermetabolic (MG3),

with upregulated metabolism pathways and intermediate to poor
outcomes; and proliferative (MG4), with cell-cycle activation, poor
outcomes and resistance to radiotherapy*®®. Other research groups
haveindependently reinforced the value of molecular classificationin
meningioma'>"*", Additionally, cytogenetic alterations (particularly
loss of chromosomes 22q and 1p) have recently been highlighted as a
potential adjunct to WHO grading for meningioma”’, although the sen-
sitivity of these alterations to regional sampling bias remains unclear.
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Building onthese discoveries and studies from other cancers dem-
onstrating the profound importance of the microenvironment'*"’, an
important next step in meningiomaresearch s to resolve tumor-level
heterogeneity using single-cell and spatially resolved genomics. To
accomplish this goal, we generated a large cohort of meningioma
single-nuclear RNA sequencing (snRNA-seq) and spatial transcrip-
tomics, including regional sampling from the tumor and surrounding
dura. This allowed for deep characterization of the cell types and states
constituting the meningioma microenvironment, leading to insights
into the role of both neoplastic and non-neoplastic cellsin meningioma
biology and outcome.

Results

Study cohort

Our cohort focused on snRNA-seq (n =102 samples and 580,185
high-quality nuclei) and spatial transcriptomics (Visium HD, n = 43 sam-
plesand 7,146,538 segmented cells). Bulk DNA methylation was used to
classify cases by MG using our published model°. Paired bulk DNA meth-
ylationand RNA-seqwas used to validate results from the single-cell reso-
lution data and interrogate their influence on clinical outcomes. These
bulk samples were obtained from University Health Network (Toronto),
Indiana University, Case Western University, the Fred Hutchison Cancer
Center, the RTOG-0539 clinical trial and publicly available datasets>"
(n=712; Fig.1a). We also performed shotgun proteomics (n=88) and
plasma methylation sequencing®** (n = 59) on a subset of cases.

Assingle-cell atlas of meningioma reveals recurrent
transcriptional metaprograms

Tounderstand the transcriptional diversity of meningioma cell popula-
tions, we first defined an ‘atlas’ cohort fromour snRNA-seq data (n = 68
samples; 392,818 high-quality nuclei). Most cells were neoplastic (74.9%,
n=294,122),and myeloid cells dominated the non-neoplastic compart-
ment (22.3% of all cells, n = 87,482). Lymphoid (1.5%, n = 5,778) and
endothelial cells (n =1.4%, 5,436) were comparatively rare (Fig. 1b and
Extended Data Fig. 1). Non-negative matrix factorization (NMF) was
used to identify recurrent transcriptional programs (metaprograms
(MPs)) withineach cell type. Among neoplastic cells, 11 MPs were identi-
fied, although only two (MP1and MP11) were consistently shared across
most samples, probably owing to known inter-individual variation of
meningioma neoplastic cells* (Fig. 1c and Supplementary Figs. laand
2). These highly shared MPs were defined by cell-cycle genes (cycling)
and metabolic or ribosomal genes (metabolic), respectively. Other
neoplastic MPs were identified only within smaller subsets of samples,
suggesting considerable transcriptional diversity between neoplastic
cell populations of different tumors, such that only a subset of tran-
scriptional programs is shared across most cases. Of these rarer neo-
plastic MPs, some were defined by clear biological processes (interferon
(IFN)-related pathways (MP3), tumor necrosis factor (TNF)-related
pathways (MP5), epithelial-to-mesenchymal transition (EMT)-related
pathways (MP6, MP9 and MP10) and inflammation-related pathways
(MP7)). Others did not clearly map to a consistent biological function
(MP2, MP4 and MP8).

Among non-neoplastic cells, seven myeloid MPs were identi-
fied. One was uniquely expressed in mast cells (representing <0.5%
of myeloid cells). The remaining six were defined by (1) cell-cycle
pathways (cycling); (2) IFN-related pathways (IFN/surveillance); (3)
mixed pathway activation, with some specificity toward the EMT; (4)
inflammatory or TNF-associated pathways (TNF/inflammatory); (5)
tissue-repair-related pathways, including IL-6 and JAK-STAT (tissue
repair); and (6) ribosomal and oxidative-phosphorylation-associated
genes (metabolic) (Fig. 1d). Similarly, six lymphoid MPs (meta-
bolic, cycling, IL-2, naive T cells, B cells and natural killer cells;
Supplementary Fig. 1b) and four endothelial MPs (metabolic,
TNF/hypoxia, complement and extracellular matrix (ECM)/EMT;
Supplementary Fig.1c) wereidentified. No MPs appeared tobe driven
by ambient RNA contamination, although one rare neoplastic MP (MP7)
and one lymphoid MP (B cells) had a median ambient RNA content of
>0.2 (Supplementary Fig. 3). Given that this lymphoid MP was clearly
associated with awell-defined cell type, it was felt that removing cells
based on inferred ambient RNA content risked removing meaningful
biological signal.

We orthogonally validated these MPs using unsupervised cluster-
ingand by applying NMF to publicly available single-cell RNA cohorts
of meningioma* %, demonstrating an absence of meaningful new
transcriptional MPs and highlighting that large cohorts are needed to
identify rarer MPs such as the myeloid EMT and lymphoid B cell MPs
(Supplementary Note, Supplementary Fig. 4 and Extended Data Fig. 2).
We also found that the cycling state (based on highest expressed MP)
was associated with the highest inferred developmental potential
across cell types and that neoplastic states were generally associated
with higher developmental potential than non-neoplastic states (Sup-
plementary Note and Supplementary Fig. 5).

Comparing MPs across cell types based on shared MP-defining
genes, we found the metabolic MPs to be most similar across all cell
types, with the cycling MPs also similar between the myeloid, neo-
plasticand lymphoid cells (details in Supplemental Note). A subset of
other neoplastic MPs also shared genes with myeloid MPs (IFN-like,
EMT-like, TNF-like; Fig.1e and Supplementary Fig.1d). Similar findings
were demonstrated by comparing MP expression across cell types
(Supplementary Fig. 6a), wherein some MPs exhibited similar expres-
sionacross cell types (thatis, metabolic and cycling), while others were
specific to one cell type (that is, the myeloid tissue repair MP).

Myeloid cell states are differentially enriched across existing
biological classifications

Given that myeloid cells represent most non-neoplastic cells
within meningioma and are not associated with the same degree of
inter-tumoral heterogeneity as are neoplastic cells, we focused on
further characterizing their MPs within the context of known menin-
giomabiology (Fig. 1f). Specifically, we sought to understand whether
meningioma MGs were associated with differences in not only the
abundance (as previously demonstrated*), but also the transcriptional
profiles of constituent myeloid cells. To do so, myeloid cell-specific
gene expression was averaged across each tumor (pseudobulk data,

Fig. 1| The meningioma microenvironment exhibits considerable
transcriptional diversity and can be defined by recurrent cell-type-specific
metaprogams. a, Graphical depiction of study cohort. Created in BioRender;
Singh, O. https://BioRender.com/98ou2xy (2026). b, Uniform manifold
approximation and projection (UMAP) representation of our ‘atlas’ cohort of

68 patients with meningioma, with color representing cell type. ¢, Heatmap of
filtered neoplastic programs, clustered by Jaccard index (left). The two dominant
MPs are labeled based on constituent overlapping genes. UMAP of neoplastic
cells, with cell state assigned based on the highest expressed MP (right). The
dominant MPs (cycling and metabolic) are labeled. d, Heatmap of filtered
myeloid programs, clustered by Jaccard index (left). UMAP of cells, with cell state
assigned based on the highest expressed MP (right). Tis. rep., tissue repair.

e, Heatmap depicting similarity between myeloid (rows) and neoplastic
(columns) MPs. Color is by Jaccard index of MP-defining gene lists for each
comparison. f, Expression of each MP across each myeloid cell in the atlas
cohort. Expr., expression. g, Pseudobulk expression of the cycling, EMT, TFN
and tissue repair myeloid MPs stratified by MG (n =11 MG1,17 MG2,17 MG3, 16
MG4). Boxplot center lines represent the median, with the box spanning the
interquartile range (25""-75" percentile); whiskers extend to the most extreme
values within1.5times the interquartile range from the quartiles. h, Pie chart
depicting the relative proportion of each cell state across all myeloid cells in our
atlas cohort (left). Stacked barplots depicting the relative proportions of each
myeloid cell state stratified by MG (right).
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to allow per-sample comparisons) and myeloid MPs quantified using
single-sample gene set enrichment analysis (ssGSEA). The cycling MP
was upregulated in proliferative cases (Wilcox P=0.03), the EMT MP
was upregulated inimmunogenic cases (Wilcox P=1.5x107°), the TNF
MP was downregulated in immunogenic cases (Wilcox P=0.02) and
the tissue repair MP was upregulated in NF2-wildtype cases (Wilcox
P=1.3x10"*) (Fig.1g). The cycling MP also significantly increased with
WHO grade (ANOVA P=2.5 x10™*), while the tissue repair MP was sig-
nificantly upregulated in WHO grade 1 cases compared to WHO grade
2 or 3 cases (Wilcox P=0.004; Supplementary Fig. 6b).

Comparing myeloid cell states between MGs, we found that tissue
repair cells were most abundant overall (n = 50,374; 57.6%) and particu-
larly common in MG2 (n = 20,493 out of 24,194 (84.7%), chi-squared
P<2.2x10"*MG2vs others). However, they were least common in MG1
(n=7,2510ut0f 25,456 (29.5%), P < 2.2 x 10 * MGl vs others). Metabolic
myeloid cells were next most common (n = 22,962;26.2% overall) and
were least frequentinMG2 (n=1,585(6.6%), P< 2.2 x10*MG2 vs oth-
ers). There were 5,890 EMT myeloid cells (6.7%) that were most com-
mon in MG1 meningiomas (4,954 out of 25,456 (19.4%), P<2.2x107
MGl vs others), whereas TNF myeloid cells were least commonin MG1
(n=792(3.1%), P< 2.2 X107 MGl vs others). Cycling myeloid cells
were rare overall, in keeping with prior literature®® (n = 685; 0.8%),
but were enriched in MG3 and MG4 (n =439 out of 34,539 (1.3%))
compared to MGl and MG2 (P < 2.2 x107) (Fig. 1h). These findings
were validated with bulk deconvolution (Supplementary Note and
Supplementary Fig. 7). Overall, we demonstrate that myeloid cells take
on biological signatures that correlate with overall tumor biology, as
reflectedby MG and WHO grade, suggesting theirimportant role within
meningioma biology and potential influence on clinical outcomes.

Some myeloid MPs are consistent with myeloid gene programs
fromglioblastoma

To investigate whether myeloid MPs are meningioma-specific, we
compared them to analogous gene programs identified in glioblas-
toma (GBM)', identifying strong correlations with the cycling, IFN
and TNF MPs and moderate correlations with the tissue repair and
metabolic MPs; no GBM programs corresponded to the EMT MP
(Supplementary Fig. 8 and Supplementary Note). This finding sug-
gests that many myeloid transcriptional programs are conserved across
GBM and meningioma to various degrees, adding additional context
toour results.

Bulk proteomic analysis validates the biological correlates of
myeloid MPs

We next used our bulk proteomics cohort to orthogonally validate
the biology of each myeloid MP and identify candidate markers

(details in Supplementary Note). Proteomic pathways largely cor-
responded with the RNA-based pathways associated with each MP¥
(Supplementary Fig. 9). LMNB1 was found to be the best marker for
the cycling myeloid MP; STAT1 for the IFN MP, NFIA for the EMT MP,
SLC2A3for the TNF MP, MRClfor thetissue repair MP and PHPT1for the
metabolic MP (Extended DataFig. 3). Notably, specificity wasimperfect,
suggesting that single marker genes or proteins may not be asreliable
as multi-gene signatures to identify these complex and overlapping
myeloid cell states.

Some meningiomas exhibit considerable neoplastic
transcriptional heterogeneity over space

Given the finding that the myeloid cells varied based on WHO grade
and MG, we next sought to explore whether these myeloid MPs,
in addition to neoplastic MPs, also vary across different physical
regions of the same tumor. To do so, we leveraged a dedicated ‘internal
regional’ cohort consisting of three regionally distinct samples from
four meningiomas with snRNA-seq and bulk methylation profiling
(n=12samplesand 110,318 cells; Fig. 2a,b, Supplementary Fig.10 and
Supplementary Note).

To quantify the degree of per-sample transcriptional variance in
the context of our established MPs, ANOVA was used to compare the
expression of each MP between samples (Supplementary Fig.11). The
average F-statistic across all MPs (F,,,) was used to represent the overall
regionally driven transcriptional variation for a particular tumor. Dif-
ferences in F,,, among myeloid cells were not statistically significant
(Fig.2c), butamongthe neoplastic cells, one sample (P3) was associated
with significantly higher heterogeneity than the others (Fig. 2d and
Supplementary Note). These findings, although limited to a cohort
of four meningiomas, suggest that neoplastic cells may exhibit con-
siderable transcriptional variation across different regions, whereas
myeloid populations do not appear to exhibit the same degree of
regional heterogeneity.

Neoplastic chromosome 1p and 22q losses are largely stable
across whole meningiomas

Theidentification of regional neoplastic heterogeneity in some menin-
giomasamples could suggest spatial differences in chromosomal copy
number alterations, which could have important implications if used as
biomarkers. Specifically, this would indicate a need for multi-regional
samplinginthe clinical setting, whichis not currently done. Given their
increasingly established role as meningiomabiomarkers, we compared
the proportion of neoplastic cells with chromosome 22q and 1p losses
over distinct regions”’. Reassuringly, we found similar proportions
among samples from the same patient, and importantly, all samples
from P3 (associated with marked transcriptional heterogeneity) had

Fig. 2| Regionally diverse sampling within the same meningiomas identifies
transcriptional intra-tumoral heterogeneity but comparatively stable copy
number alterations. a, Example representative axial T1-weighted magnetic
resonance imaging with gadolinium contrast of one patient in our internal
regional cohort, with multiple stereotactically registered samples obtained from
the same tumor. b, UMAP plot annotated by cell type. ¢, UMAP representation
of myeloid cells in this cohort, annotated by sample of origin (left (P, patient; T,
tumor)). Boxplot (and superimposed jitter plot) depicting F-statistic of myeloid
MPs by patient (right, n = 6 MPs each). d, UMAP representation of neoplastic
cellsinthis cohort, annotated by sample of origin (left). Boxplot depicting F-
statistic of neoplastic MPs by patient (right, n = 11 MPs each). Example boxplots
associated with the highest F-statistic in P3 (n =1,255 cells for T1; 15,138 cells for
T2;11,717 cells for T3) and P1 (n = 2,911 cells for T1; 852 cells for T2;1,789 cells

for T3) areinset. e, Density plots of chromosome 1p and 22q deviations for all
neoplastic cells from each individual patient (black lines) compared to normal
durareference (green lines), identifying —0.8 as an appropriate threshold to
define aloss (top). Scatterplot depicting the proportion of cells from each
sample with chromosome 1p or 22q losses based on this threshold, labeled by

patient (bottom). Chr., chromosome. f, Scatterplot depicting log,(copy number
variation, CNV) values for chromosome 1p and 22q from bulk DNA methylation
(top) and boxplot of methylome risk scores by patient (bottom; n =5 from P1,
5fromP2, 6 from P3, 3 from P4). g, Boxplots depicting inferred proportion of
cells withchromosome 1p or 22q loss by snRNA, stratified by predicted CNV
status by methylation on the full atlas cohort (n =28 1p loss, 34 neutral; n = 61
22qloss, 21 neutral). Examples of discordance are plotted, with possible (albeit
rare) cases of clonal heterogeneity highlighted (*). h, Analysis of local neoplastic
transcriptomic heterogeneity using our spatial transcriptomic cohort. Example
case of ameningioma with low spatial heterogeneity (indicated by low Moran’s
index) in one neoplastic MP (MP10) and high spatial heterogeneity in another
neoplastic MP from the same sample (MPS5; top). Grouped boxplots of per-
sample Moran’s indices within each neoplastic MP, stratified by the presence of a
chromosome 1p loss (top boxplot; n =20 loss, 23 neutral) or achromosome 22q
loss (bottom boxplot; n=34loss, 9 neutral). For all boxplots in this figure, center
lines represent the median and the box spans the interquartile range (25""-75"
percentile); whiskers extend to the most extreme values within 1.5 times the
interquartile range beyond the quartiles.
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similar proportions of chromosome 1ploss (0.90, 0.86,0.87) and chro-
mosome 22q loss (0.74,0.84,0.86). Similar patterns were also observed
for the other tumors (Fig. 2e). This observation demonstrates that
although some meningiomas have the potential to exhibit consider-
able neoplastic transcriptional heterogeneity over space, chromosome
22q and 1p losses appear to remain comparatively stable. Follow-up
confirmation with large, multi-institutional cohorts will be needed to
confirm this finding.

Bulk methylation validates the regional consistency in
meningiomabiomarkers

The regional stability of meningioma biomarkers was validated with
bulk DNA methylation on 19 samples from the ‘internal regional’
cohort tumors (including all 12 with snRNA-seq). Chromosome 1p
and 22q arm-level copy number values were highly stable within the
same tumor, as were methylation-inferred outcome risk scores**
(Fig. 2f and Supplementary Note). Other chromosome arm gains
or losses were also similar between snRNA-seq and methylation
(Extended Data Fig. 4) and generally consistent within a particular
meningioma (Extended Data Fig. 5 and Supplementary Note). This
reinforces the observation that genomic biomarkers remain largely
stable across meningiomas despite the observed neoplastic heteroge-
neity in some cases, supporting the notion that asingle tissue sample
is probably sufficient for clinical purposes. Nevertheless, it is note-
worthy that within our atlas cohort, three cases that were discordant
between snRNA-seqand methylation-defined chromosome 22/1p losses
appeared to have possible evidence of internal heterogeneityin chro-
mosome 1p (n =2) or chromosome 22q (n =1) status within the same
tumor (Fig.2g and Supplementary Note), suggesting a need for larger
regionally sampled cohorts to more definitively explore the potential
for rare copy number heterogeneity in meningioma.

Chromosome 22q and 1p loss incurs greater spatial neoplastic
heterogeneity

Given that some meningiomas exhibited considerable regionally driven
neoplastictranscriptional heterogeneity despite comparatively stable
copy number alterations, we next leveraged spatial transcriptomics
to further explore this spatial heterogeneity locally. For each sample
(n=43),Moran’sindex (ameasure of spatial autocorrelation) was used
torepresent the spatial heterogeneity of each neoplastic MP. The MP5
(TNF-like) MP was associated with the highest median Moran’s index
overall (0.27; range, 0.07-0.58), suggesting that it is an important
correlate of regional neoplastic heterogeneity. This was also the MP
with the highest neoplastic F-statisticin P3 (internal regional cohort).
Interestingly, we found that tumors with methylation-defined chromo-
somelp and22qlosses were associated with higher Moran’sindicesin

multiple neoplastic MPs. Specifically, the presence of chromosome
22q loss was associated with higher Moran’s index for MP1 (cycling),
MP3 (IFN-like), MP4, MP6 (EMT1), MP7 (inflammatory), MP8 and MP9
(EMT2; P< 0.05for all cases, comparing 22q loss vs 22q neutral). Simi-
larly, the presence of chromosome 1p loss was associated with higher
Moran’s index for MP1 (cycling), MP3 (IFN-like), MP7 (inflammatory),
MP9 (EMT2), MP10 (EMT3) and MP11 (metabolic; P < 0.05; Fig. 2h). This
finding suggests that the presence of these alterationsis correlated with
increased regional neoplastic transcriptional heterogeneity, which
may, in part, help explain the comparatively poor outcomes and treat-
ment resistance exhibited by tumors with these alterations.

Spatially informed sampling provides insight into the immune

reprogramming of meningioma

We next sought to understand how meningioma cell states may vary
between the tumor itself and its surrounding non-tumor-associated
tissue. Although roughly 10% of meningiomas invade underlying brain
tissue®**, almost all are physically connected to dura®. We therefore
sought to study this dural attachment to gain insights into a possible
source of tumor recurrence after surgery. Todo so, we procured a ‘spa-
tial dura’snRNA-seq cohort, comprising one tumor sample and multiple
surrounding dural samples per patient (Fig. 3a). Intotal, 156,480 cells
from 33 samples were generated, partially overlapping with the atlas
cohort (Fig. 3b). We also compared our results to normal-appearing
durasamples collected from two patients with GBM, in which no dural
attachment was present (n = 6,893 additional cells). Neoplastic cells
were most common in the tumor and overlying dura, representing
44.5% and 53.5% of cells, respectively, decreasing to 6.0% of cellsin the
peripheral or marginal dura and <1% in both the 1cm and 2 cm dural
margins (chi-squared P < 2.2 x107%). By comparison, fibroblasts and
endothelial cells were more common in the normal-appearing dura,
representing 76.2% and 19.8% of cells in the 2 cm dura, respectively.
Importantly, myeloid cells accounted for <5% of cells from the adjacent
and overlying durasamples (4.5% in overlying dura, 3.4%in peripheral
dura,3.3%in1cmduraand2.7%in2 cmdura; Fig. 3c) butaccounted for
42.7% of cellsin the tumor samples. This expansion of the myeloid cell
populationintumors suggests a potential role of myeloid cell recruit-
ment in the pathogenesis or maintenance of meningioma.

We next sought to explore whether this marked difference in
myeloid cell abundance between dura and tumor was associated
with differences in transcriptional MPs. We first performed unsu-
pervised clustering of all myeloid cells in the ‘spatial dura’ cohort
after patient-wise batch correction to remove inter-individual vari-
ations. Strikingly, we identified a clear separation between myeloid
cells obtained from tumor and those sampled from overlying or adja-
cent dura (Fig. 3d). Two dominant gene programs were identified:

Fig. 3 | Spatially resolved snRNA-seq and spatial transcriptomics reveals
increased myeloid abundance and shifts in myeloid MP expression from dura
to tumor. a, Graphical depiction of the sampling approach taken in our ‘spatial
dura’ cohort. Created in BioRender; Singh, O. https://BioRender.com/ktepotx
(2026). b, UMAP representation of this cohort, with each cell annotated based
ontype (left) and region of collection (right). GBM dura, normal-appearing dura
collected from two patients with glioblastoma. ¢, Relative proportion of cell types
by location of sample collection (T, tumor; OD, overlying dura; PD, peripheral
dura;1,1cmdura; 2,2 cmdura). d, Patient-wise batch-corrected UMAP of all
myeloid cellsin our spatial dura cohort, with cells annotated by sample location.
Individual location-specific UMAPs are plotted for clarity (right). e, Expression of
aTNF-like program and a metabolic-like program, identified based on clustering
of genes with Moran’s ¢ < 0.001. Note the former is predominantly expressed
among the non-tumor-derived cells, whereas the reverse is true of the latter (inset
boxplots; n = 3,780 dura cells; 21,219 tumor cells; two-sided t-test P < 2.2x10* for
both plots). f, Relative presence of myeloid cell states by sample location.

G, glioblastoma control. g, Relative expression of myeloid MPs by sample
location (pseudobulk;n=7T,7 0D, 4 PD,71cm, 6 2cm, 2 G). h, Patient-wise

batch-corrected UMAP of all neoplastic cells in our spatial dura cohort, with
cells annotated by sample location. i, Stacked barplots for each sample with
atleast 50 neoplastic cells in at least one dura sample, depicting the relative
proportion of cells with each permutation of chromosome 22q and 1p neutral
orloss. j, Representative H&E slide of asample with a preserved meningioma-
tumor border, profiled with Visium HD (top). Annotation of each myeloid cell by
its distance to the segmented dural border on the same sample (bottom). This
same analysis was performed on three total slides with an intact tumor-dura
border. k, Scatterplots comparing the expression of the TNF myeloid MP as
afunction of median binned distance from the dural border, for each of the
three samples with a preserved tumor-duraborder. Fitted linear regression
lines and Pearson correlation values for the first 2 mm are presented, with the
shaded area corresponding to the 95% confidence interval of the regression line;
two-sided P values are shown. The median expression across all myeloid cellsin
cases without adural border present is indicated by the large green dot. For all
boxplots, center lines represent the median and the box spans the interquartile
range (25"-75'" percentile); whiskers extend to the most extreme values within
1.5 times the interquartile range beyond the quartiles.
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one associated with TNF pathway-related genes (upregulated in
dura-derived myeloid cells) and the other associated with genes related
tometabolism (upregulatedin the tumor-derived myeloid cells; Fig. 3e).
Within our established myeloid cell states, we also found that TNF
myeloid cells were most common in dura samples from patients with
GBM, representing 80.7% of myeloid cells in these samples compared
toonly 2.6% of myeloid cells from meningioma tumors and 12.3-39.2%
of myeloid cells fromunderlying or adjacent durasamples. Contrarily,
metabolic myeloid cells were most common within tumors, represent-
ing 2.6% of myeloid cells compared to <1%in all durasamples. Similarly,
the EMT state represented 11.3% of tumor-associated myeloid cells, but
<1% of myeloid cells in all dura-derived samples (Fig. 3f). Pseudobulk
analysis, allowing for sample-level comparisons, yielded similar find-
ings, withthe EMT and metabolic MP significantly upregulated in tumor
compared todurasamples (P<0.001and P=0.005, respectively), while
the TNF MP was strongly suppressed in tumor (P=0.002) (Fig. 3g).
Interestingly, this clear difference in MP expression between tumor and
dura-derived myeloid cells was not observedin other cell types, suggest-
ingaparticularrole for myeloid reprogramming in meningioma patho-
genesis (Fig. 3h, Supplementary Fig. 12a and Supplementary Note).

The myeloid TNF MP is suppressed across the dura-tumor
interface

Giventhe observed differencesin myeloid states between meningioma
and duraby snRNA-seq, we next leveraged our spatial transcriptomics
cohorttoexplorethetranscriptional evolution of myeloid MPs across
the meningioma-duraborder itself, whichwas presentinthree Visium
HD samples (Supplementary Fig. 12b). Computing average myeloid
MP expression at each 100 pm bin from the dural border (Fig. 3j), we
found that the TNF MP was consistently negatively correlated with
distance over the first 2 mm from the dural border (Fig. 3k and Sup-
plementary Note). This indicates that the TNF MP is suppressed over
very short physical distances within the meningioma tumor compared
toits surrounding dura, suggesting the importance of downregulat-
ing this myeloid MP for meningioma development and progression.

Myeloid-neoplastic interactions are state-specificand
influence the tumor microenvironment

Given the observation that myeloid cells found in meningioma tumors
are distinct from those found in the surrounding dura and that they
also differ according to tumor biology and aggressiveness (MG and
WHO grade), we reasoned that myeloid cells have arolein meningioma

progression through state-specific myeloid-neoplasticinteractions, as
has been shown in other brain tumors'**®. Indeed, we used CellChat™
to infer multiple myeloid (ligand)-neoplastic (receptor) interactions
that were specific to each myeloid state, including multiple that have
previously been associated with cancer progression and/or the estab-
lishment of a pro-tumoral microenvironment, suggesting a poten-
tial targetable role for myeloid cells in meningioma progression®*
(Fig. 4a,b and Supplementary Note).

The cell state-specificity of myeloid-neoplastic interactions was
further explored with spatial transcriptomics to assess whether mye-
loid states may induce unique transcriptional changes in surrounding
neoplastic cells, or vice versa (Fig. 4c). For each myeloid cell in our
cohort (n=603,414), the expression of its MPs was correlated to the
average value of all genes from all neoplastic cells within a neighbor-
hood of radius 50 pm (Fig. 4d and Supplementary Note). Neoplastic
genes that correlated with a particular local myeloid MP were termed
‘MP-correlated genes’. Interestingly, we found that cycling, IFN/sur-
veillance and metabolic MP-correlated genes were largely unique,
whereas considerable overlap was identified between the EMT, TNF
and tissue repair MP-correlated genes; there were also some shared
genes with the metabolic program (Fig. 4e and Supplementary Note).
Thisuniqueness of neoplastic gene expression profiles as a function of
their nearby myeloid cell states reinforces the presence of state-specific
myeloid-neoplasticinteractions.

Tofurther explore the function of these neoplastic MP-correlated
genes, we compared them to the genes that define each myeloid MP.
Surprisingly, we found that many neoplastic genes that correlated
to the IFN and TNF myeloid MPs were the same as those that actually
defined the myeloid IFN and TNF MPs (0.68 and 0.57 overlap indices,
respectively), with lesser overlap also identified in analogous compari-
sons for the cycling MP (0.17), the tissue repair MP (0.16) and the meta-
bolic MP (0.21) (Fig. 4f). This observation suggests that myeloid cells
notonlyinfluence nearby neoplastic cells to exhibit unique expression
profiles, but that these expression profiles resemble the expression
profile of the myeloid cells themselves. Similar patterns were observed
when repeating this analysis with 25 pm and 100 um neighborhood
sizes (Supplementary Fig.13a).

Finally, we used the deep-learning-based spatial transcriptomics
tool CelINEST*¢ to identify recurrent and spatially informed recep-
tor-ligandinteractions between myeloid and neoplastic populations.
Notably, the most state-specific interactions strongly aligned with
the expected biology of each cell state (Fig. 4g and Supplementary

Fig. 4| Eachmyeloid cell state is associated with unique neoplastic-myeloid
interactions and spatial dependencies. a, Myeloid state-specific receptor—
ligand interactions with neoplastic cells overall. The left tileplot depicts
interactions in which myeloid cells express ligands and neoplastic cells express
receptors, and theright tileplot depicts interactions in which neoplastic cells
express ligands and myeloid cells express receptors. Only interactions with
P<0.01(one-sided permutation test asimplemented in CellChat) are shown.
Interaction strength is proportional to tile color. b, Myeloid state-specific
expression of various ligands and receptors identified using CellChat (n = 685
cells MP1;2,062 MP2; 5,890 MP3; 5,509 MP4; 50,374 MP5; 22,962 MP6). ¢, Graphic
depicting cell type assignments within a single Visium HD slide (inset H&E image;
single example from 43 similar samples). d, Graphicillustration demonstrating
the principle of myeloid neighborhood analysis, whereby the expression of all
neoplastic cells within 50 pm of a particular myeloid cell is averaged (repeated
onall 43 Visium HD samples). e, Symmetric heatmap depicting the degree

of overlap (overlap coefficient) between myeloid MP-correlated neoplastic
genes. f, Heatmap depicting the overlap coefficient between myeloid MP-
correlated neoplastic genes and myeloid MP-defining genes. g, Heatmaps
depicting the top three myeloid state-specific receptor-ligand interactions
between myeloid and neoplastic cells based on the greatest associated change
inmyeloid MP expression compared to baseline of all interactions presentin at
least 50 myeloid-neoplastic pairs. Only values with adjusted P < 0.05 (two-sided
Wilcoxon-rank sum test adjusted using the Benjamini-Hochberg method). Two

interactions from the left heatmap (myeloid ligands to neoplastic receptors)
arealso presentin the snRNA-seq (CellChat) data and are highlighted inred.

h, CellChat output interactions (P < 0.01 by one-sided permutation test) that
overlap with significant outputs from the CelINEST output (neoplastic ligands
and myeloid receptors). Example cases of myeloid MP expression stratified

by the presence of these interactions are plotted to the right (n = 58 cells with
PROS1_MERTK vs 185,228 without; 71 with GAS6_MERK vs 185,215 without; 378
with APP_TNFRSF21vs 184,908 without). Asterisks (*) indicate interactions that
arealso upregulated in the CelINEST analysis (adjusted P < 0.05, analogous to the
values presented in g). i, Heatmap depicting the Pearson correlation coefficient
between myeloid MP expression and local myeloid and neoplastic cell density
(top), calculated using a 2D density kernel estimation. Analogous correlation
matrix of neoplastic MPs (bottom). j, Boxplot depicting average CRAWDAD
z-scores (generated by binomial proportion testing comparing observed
neighborhoods to shuffled null backgrounds) across all samples with myeloid
cells as reference and neoplastic cells as targets (n = 43 samples per distance).
Horizontal red lines are plotted at z = + 1.96, indicating statistical significance.

k, Output of the Ripley’sinhomogeneous L-function from myeloid to neoplastic
cells relative to distance (r). The line represents the mean value at all distances;
the shaded area represents one standard deviation. For all boxplots in this figure,
center lines represent the median and the box spans the interquartile range
(25"-75" percentile); whiskers extend to the most extreme values within 1.5 times
the interquartile range beyond the quartiles.
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Fig. 5| Multiple cell states are prognostic and can be used to refine outcome
prediction beyond existing molecular tools. a, Kaplan-Meier curves depicting
progression-free survival outcomes of patients when stratified by the median
expression of multiple myeloid MPs. b, Kaplan-Meier curves depicting
progression-free survival outcomes of a subset of patients from a, stratified

by WHO grade. ¢, Kaplan-Meier curve depicting outcomes stratified by the
median plasma methylation signature of the cycling myeloid MP.d, Brier curves
comparing outcome prediction error based on WHO grade alone, MG alone

and theintegration of MG and seven prognostic MPs. e, Forrest plot depicting
outputs of amultivariable Cox regression model with post-surgical PFS as the

Time (years)

target variable and ICS risk group, WHO grade, extent of resection (EOR), receipt
ofadjuvant radiotherapy (RT) and MG as regressors. P values were generated
from the Wald test (two-sided). f, Kaplan-Meier curves depicting the added
outcome granularity provided by the ICS risk groups in the context of existing
bulk molecular classification tools. Each subgroup is further stratified by ICS
risk, with dotted lines representing high risk and solid lines representing low
risk. Notably, the Kaplan-Meier on the bottom right includes only cases that
underwent adjuvant RT, with outcome representing time to recurrent post RT
(n=122). Two-sided log-rank P values are presented ina, b, candf.

Note). Comparing inferred receptor-ligand interactions from Cell-
NEST to those inferred from snRNA-seq, the IGF1 (myeloid)-IGFIR
(neoplastic) interaction was strongly associated with the tissue repair
MP in both data types, reinforcing its relevance to this myeloid state

(Fig. 4a,g). Multiple interactions involving myeloid receptors were
also present in both data types, most commonly involving the tissue
repair MP, including two involving the MERTK receptor (Fig. 4h and
Supplementary Note).
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Fig. 6| Graphical overview of findings. Profiling of the meningioma tumor
microenvironment at high resolutionyielded insights into the spatial variability
of clinically important chromosomal alterations, the evolution of myeloid cell
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myeloid cells, and the influence of cell states on clinical behavior and patient
outcomes. CNV, copy number variation; MG, molecular group; TME, tumor
microenvironment; WHO, World Health Organization. Created in Biorender;
Singh, O. https://BioRender.com/ndzpiwq (2026).

Interestingly, we also found that myeloid and neoplastic MP expres-
sion correlated with both myeloid and neoplastic cell density (Fig. 4i).
Specifically, local density of both cell types correlated most strongly
withthe myeloid TNF MP, with weak positive associations also noted with
the EMT, tissue repair and metabolic MPs. Taken together, these find-
ings demonstrate that myeloid cells have animportant role in shaping
the meningioma microenvironment, which may explain the observed
tumor-specific differences in myeloid recruitment and activation.

Spatial transcriptomics reveals global spatial dependencies
between cell types

We next explored global spatial dependencies within the menin-
gioma microenvironment (see Supplementary Note for details).

We found that neoplastic cells clustered around myeloid cells at
small scales but dispersed over large scales (Fig. 4j,k). Analysis of
lymphoid and endothelial cells further suggested the presence of
‘immune-active’ regions involving all non-neoplastic cells as well as
‘neoplastic-rich” areas with comparatively few non-neoplastic cells
(Supplementary Fig. 13b). Notably, the cell density analysis (Fig. 4i)
identified two neoplastic MPs correlated with neoplastic, but not
myeloid, cell density (MP6 (EMT1) and MP11 (metabolic)), sug-
gesting that they are preferentially enriched in the neoplastic-rich
regions. This finding provides insight into global patterns of menin-
gioma organization, suggesting that the influence of myeloid cells
on neoplastic cells may be largely relegated to so-called ‘immune-
active’ regions.
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Meningioma cell states are prognostic, independent of MG and
cellabundance

Having demonstrated differences in myeloid states between menin-
giomaMGsand WHO grade, as well as state-dependent myeloid-neo-
plasticinteractions, we sought to directly explore the role of myeloid
cells on meningioma progression. Myeloid-specific expression was
deconvolved fromour bulk RNA cohort and per-sample MPs quantified
using ssGSEA. The cycling and metabolic MPs were both associated
with shorter progression-free survival (PFS) in a multivariable Cox
regression analysis after adjusting for MG (hazard ratio (HR), 4.04
(1.27-12.86), P=0.018 and 194.84 (10.90-3,485.34), P=3.4 x107*,
respectively). By contrast, the EMT and tissue repair MPs were protec-
tiveinanalogous models (HR, 0 (0-0.13), P=0.005and 0.12 (0.01-1.0),
P=0.05; Supplementary Fig.14aand Fig. 5a). Dichotomizing all cases
by median MP expression, the cycling MP identified high-risk and
low-risk cases within both WHO grade 2 and 3 cases that were associ-
ated significantly different median PFS (4.38 (95% Cl, 3.22-6.80) vs 9.87
(6.11-infinity) years, P= 0.012and 2.9 (2.05-4.84) vs 7.2 (3.81-infinity)
years, P=0.050, respectively). The EMT MP also significantly stratified
WHO grade 2 cases (median PFS 4.43 (3.08-6.56) vs 8.35 (6.66-infin-
ity) years, P=0.010; Fig. 5b). The neoplastic and lymphoid metabolic
MPs were also independently associated with shorter PFS, as was the
lymphoid cycling MP (Supplementary Fig.14b,c). Importantly, each of
these MPs remained significantly prognostic when adjusting for the
inferred proportion of their respective cell type (P < 0.05for all cases),
whereas none of the cell type abundances themselves were prognostic
after adjusting for MG. Moreover, using a small cohort of 59 patients,
we demonstrated as a proof of principle that robust signatures for each
prognostic myeloid MP could be generated from plasma methylation
(Extended Data Fig. 6) and that the plasma-inferred cycling myeloid
MP remained prognostic (Fig. 5c), suggesting potential utility for such
non-invasive biomarkers (detailsin Supplementary Note). We conclude
that the meningioma microenvironment is a diverse ecosystem with
major influence frommyeloid cells, whose activation states are deeply
associated with meningioma behavior at a clinical level.

Integrating meningioma cell states can refine outcome
predictions in addition to existing MGs

We next sought to integrate individually prognostic MPs to refine the
existing outcome prediction afforded by WHO grade or MG. An elastic
net regularized Cox model identified seven MPs (myeloid EMT, TNF,
tissue repair and metabolic; neoplastic inflammatory; and lymphoid
cycling and metabolic) and MG as prognostic features. Adding these
variables to Cox regression models resulted in improved Brier error
compared to analogous models based on MG or WHO grade alone
(Fig. 5d). Finally, we developed an integrated cell state (ICS) score by
computing a weighted sum of the above seven MPs with their respec-
tive Cox model coefficients, which was then dichotomized into ICS
riskgroups (high vs low). These groups were strongly prognostic after
adjusting for WHO grade, extent of resection, receipt of adjuvant radio-
therapy and MG (HR, 2.23 (95% CI,1.58-3.16), P= 5.6 x 107%; Fig. 5¢). They
alsoadded considerable granularity to outcome predictions afforded
by existing molecular outcome prediction models (methylation risk
groups, MGs and RNA-defined risk groups) generated using bulk data
(log-rank P< 0.05for ICS-high vs ICS-low within each subgroup; Fig. 5f).
Examining only the subset of cases that received adjuvant radiotherapy
(n=122), we found that the ICS risk groups identified a subset of pre-
dicted radiotherapy-sensitive cases (based on our previously published
model®) that were associated with poor outcomes (log-rank P < 0.001
ICS-low vs ICS-high), suggesting a role in radiotherapy response pre-
diction (Fig. 5f). Overall, this observation suggests that the cell state
composition of the meningioma microenvironment, inferable with
bulk RNA-seq, imparts strong influence on tumor progression, allow-
ing for increasingly refined outcome prediction in addition to what s
achieved by modern MGs of meningioma alone.

Discussion

We presentalarge single-cell-resolution genomics atlas of meningioma,
with more than 500,000 high-quality nuclei strategically collected
torepresent the full breadth of MGs and spatial regions within and
surrounding a meningioma. Our spatial transcriptomics cohort gen-
erated data for an additional seven million individually segmented
cells to allow insights into the regional variability within the menin-
gioma microenvironment, and an additional 712 cases with bulk DNA
methylation and RNA-seq allowed for additional validation and cor-
relation to clinical outcomes. Integration of proteomics (n = 88) and
plasma methylation (n = 59) data allowed for further validation and
translational value.

By deeply characterizing all meningioma cell types, we haveiden-
tified an appreciation for the heterogeneity and clinical importance
of multiple cell types and states, with a focus on the myeloid popula-
tion, which exhibits marked transcriptional heterogeneity, regional
evolution, state-dependent interactions with the local microenvi-
ronment and prognostic influence (Fig. 6 and Supplementary Note).
Our work also demonstrates the profound complexity of the menin-
gioma microenvironment, highlighting the urgent need for faithful
tumor-microenvironment-preserving preclinical models to translate
these findings into actionable therapeutics.
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Methods

Study cohort

The cohort for this study was generated using a combination of pre-
viously published cases analyzed by our group, publicly available
datasets and additional cases that we obtained for this new analysis. All
samples from our snRNA-seq and spatial transcriptomics cohorts were
obtained from the University Health Network, Toronto. Our bulk data-
set was obtained from University Health Network, Indiana University,
Case Western University, the Fred Hutchinson Cancer Center, samples
from the RTOG-0539 clinical trial and publicly available datasets'".
This study was approved by the University Health Network Institutional
Review Board (18-5820). All patients provided written and informed
consent for tumor banking and analysis as well as use of de-identified
clinical data for the purposes of research, as part of routine surgical
consent and institutional policy.

Sample processing

Our complete cohort consisted of a combination of fresh-frozen tis-
sue, which wasimmediately frozen at the time of surgery and stored at
-80 °C, and formalin-fixed, paraffin-embedded tissue (FFPE). Frozen
and FFPE tissues were processed for snRNA-seq (10x Genomics) and
spatial transcriptomics (10x Genomics, Visium HD), respectively, at
the Princess Margaret Genomics Centre. For samplesinthebulk cohort
that were processed locally, DNA was extracted using the DNeasy Blood
and Tissue Kit or QIAamp DNA FFPE Tissue Kit (Qiagen), and RNA was
extracted using the RNEasy Kit (Qiagen).

DNA methylation

For bulk DNA methylation, 250-500 ng of extracted DNA, where
available, was bisulfite-converted using the EZ DNA Methylation Kit.
Bisulfite-converted DNA was then profiled using the lllumina 850k EPIC
array. Raw output files were preprocessed and ssNoob-normalized
using the minfi*’ package (v.1.50.0). Samples with average detection
Pvalues of >0.05 were removed from downstream analysis. Chromo-
somal copy number alterations were inferred using the conumee R
package (v.1.38.0), including only probes with detection P values of
<0.01 (ref. 48). MG assignment was done using our previously pub-
lished DNA methylation-based classifier®. Methylation risk score
(probability of progression or recurrence 5 years post surgery) was
also computed using our previously published model*® and, where
needed, outputs were dichotomized into high and low risk groups
by maximizing Youden’s index*’. Radiotherapy response probability
was also computed for samples that received adjuvant radiotherapy
using our previously published model® and similarly dichotomized
intorisk groups.

RNA-seq

Paired-end sequencing was performed on extracted RNA using the
Illumina HiSeq 2500 to target 70 million reads per sample. Adaptor
trimming was performed using Trim Galore (v.0.5.0), and trimmed
reads were aligned to the GRCh38 human reference genome using
the STAR aligner (v.2.7.9a)*°. Gene expression quantification was
performed using HTSeq® (v.0.11.0) to generate counts for down-
stream analysis. Finally, the edgeR>* package (v.4.2.1) was applied
to convert these raw counts into log-transformed counts per mil-
lion with trimmed mean of M normalization. Both raw counts and
post-processed log,(counts per million) data were used for down-
stream analyses, depending on the application. We computed agene
expression risk score® for all samples as we have previously pub-
lished®. Specifically, the model was trained on a publicly available
UCSF cohort, using their methodologies as originally published, by
computing the weighted sum of the predefined 34-gene signature
with their respective LASSO-regularized Cox regression coefficient.
Dichotomization into high-risk and low-risk groups was done by
maximizing Youden’sindex.

SnRNA-seq and quality control

SnRNA-seq was performed on frozen tissue with a target of 6,000
nuclei and 60,000 reads. Nuclei were isolated using 10x Genomics
Chromium NucleiIsolation Kit lysis buffer with Miltenyi Anti-Nucleus
beads and manual dissociation. Leftover tissue was removed with a
nuclei isolation column, and the resultant pellet was resuspended in
nucleiseparation buffer. Miltenyi Anti-nucleus beads were then added
to the sample, nuclei were incubated for 15 minonice and the sample
was passed through an LS column attached to the MACS MultiStand
with QuadroMACS separator. Purified nuclei were washed, and a tar-
get 0of 10,000 nuclei was loaded onto a 10x Genomics Chromium 3’
GEM-X chip. After droplet generation, samples were transferred to a
pre-chilled strip tube (USA Scientific) and incubated in a Bio-Rad ther-
mocycler.Sample cDNA was recovered using Recovery Agent, provided
by 10x Genomics, and cleaned up using a Silane DynaBead (Thermo
Fisher) mix. Purified cDNA was amplified for 11 cycles before being
cleaned up using SPRIselect beads (Beckman Coulter). Samples were
run on a Bioanalyzer (Agilent Technologies) to determine cDNA con-
centration.cDNA libraries were prepared as outlined in the Chromium
GEM-X Single Cell 3’ Reagent Kit v.4 user guide, with modifications
to the PCR cycles based on the calculated cDNA concentration. Gene
expression libraries were then sequenced on lllumina’s NovaSeqX, and
output was processed using the Cell Ranger pipeline (10x Genomics).
In our complete cohort, the mean number of raw reads per cell was
81,154.14 with a standard deviation of 62,576.79 and a minimum of
24 111reads. The average (s.d.) proportion of reads that mappedto the
genome was 96.4% (2.6%), and the average median number of unique
molecularidentifiers (UMIs) per cell was 4,619.6 (2,187.7), suggesting
adequate sequencing depth across our cohort.

Output raw counts were filtered toinclude only cells with at least
1,000 UMIs to ensure sufficient library complexity. We also excluded
cells with more than 3% of transcripts belonging to mitochondrial
genes to ensure that only high-quality cells were retained. Doublets
were predicted and removed using scDblFinder (v.1.18.0) with default
parameters®. Ambient RNA content was inferred using the established
R packages Celda (v.1.20.0; DecontX)>* and DIEM*® (v.2.4.1) with default
parameters, and values were compared between groups of interest.

Cell type annotation

We used multipleiterative approaches for cell type assignment. First,
cell clusters with consistently large-scale copy number alterations
using the InferCNV pipeline (https://github.com/broadinstitute/
inferCNV; v.1.20.0) were considered neoplastic. Those that were
copy-number neutral were examined using canonical cell-type-specific
genes and the established gene-signature pipeline scATOMIC® (v.2.0.3).
Copy-number-neutral clusters (based on Louvain clustering), which
were specific to a particular patient and did not express myeloid,
endothelial or lymphoid markers, were also assigned as neoplastic.
This approach was repeated iteratively for the unlabeled cells and
within each cell type to ensure robust assignments. Cells with indeter-
minate or inconsistent labels were removed from downstream analyses
to ensure high-confidence assignments. Louvain clustering (Seurat,
v.5.1.0; resolution 0.1) was also applied within cell types to validate the
results of sample-wise NMF in the atlas cohort.

Cell-level copy number inference

To quantify chromosome arm-level copy number alterations for indi-
vidual cells, we again used the inferCNV pipeline, with the two dura
samples from patients with GBM as control tissue. For chromosome
arms of interest (namely, 1p loss and 22q loss), density curves of the
mean scaled arm-level deviation were generated for each sample and
compared to the analogous curve generated from normal dura. This
procedure was used to select an optimal, balanced cutoff with which
todefine a copy number loss for each chromosome armbeing probed.
Cells with arm-level deviation below this cutoff were then considered

Nature Genetics


http://www.nature.com/naturegenetics
https://github.com/broadinstitute/inferCNV
https://github.com/broadinstitute/inferCNV

Article

https://doi.org/10.1038/s41588-026-02615-w

to have chromosome loss, though intrinsic signal noise prohibited a
threshold with perfect sensitivity and specificity.

Gene program identification with NMF

Sample-wise NMF was applied separately to each cell type in our atlas
to identify intrinsic and recurrent gene programs. Only samples with
at least 50 cells in a particular cell type were included to avoid bias.
Rank (k) ranged from six to nine, and each individual program was
defined by NMF score, using its top 50 genes. These programs were
then filtered to include only those present across multiple ranks to
ensure robustness and remove those that are redundant across ranks
or unique to a single sample. Filtered programs were then clustered
by Jaccard index to identify recurrent shared programs (clusters of
programs with overlapping genes; that is, MPs). MPs were then defined
based on genes present in at least 25% of their constituent programs.
The expression of each MP within each cell was then computed based on
these MP-specific signatures using AUCell*® (v.1.26.0). These MPs were
further validated using previously published single-cell meningioma
data® %, and raw datawere preprocessed in the same way as the study
cohort. NMF was used to identify MPs within each study in the same way
asthey wereidentified inthe atlas cohort. Cohorts were excluded from
analysis withinaparticular celltypeifthere were fewer than four unique
samples with 50 cells. Expression of each MP was then quantified in the
atlas cohortusing AUCell, and Pearson correlation values were gener-
ated to compare each MP to those generated from the atlas cohort.

Receptor-ligand inference

Weapplied CellChat* (v.2.1.2) to our snRNA-seq cell atlas cohort toinfer
putative receptor-ligandinteractions curated from large established
databases®*®°. Default parameters were applied. Only high-likelihood
interactions (P < 0.01) were included between each myeloid subtype
and the neoplastic cells overall.

Bulk RNA deconvolution analysis

To estimate the relative proportion of each major cell type in the bulk
RNA dataandinfer the cell-type-specific gene expression profiles, we
used the established pipeline Bayesprism®. Raw counts were used as
input for both bulk RNA-seq and the reference snRNA-seq data. Our
atlas cohort was used to produce acell-type-specific signature matrix
for the deconvolution. Output cell-type-specific raw counts were pro-
cessed as described in the ‘RNA-seq’ section; ssGSEA (package GSVA
v.1.52.3)%* was then used to quantify the expression of each MP from
thisinferred cell-type-specific RNA-seq data.

Survival analysis

Tounderstand the prognostic role of each cell state, each cell-specific
MP was quantified for each bulk RNA sample as described above. Two
separate multivariable Cox regression models were constructed for
each MP with progression or recurrence as the outcome of interest:
one including the MP expression and MG, and one including the MP
expression and the inferred abundance of its cell type across sam-
ples. This served to elucidate whether the cell state reflected known
biological differences between MGs of meningioma and whether cell
type abundance or cell state was more influential on outcome (that
is, PFS). Kaplan-Meier curves were also generated for each indepen-
dently prognostic MP with samples split by median MP expression. The
log-rank test was used to determine significance.

Spatial transcriptomics

Spatial transcriptomics was performed with Visium HD according tothe
manufacturer’sinstructions. In brief, FFPE slides were deparaffinized
with xylene and ethanol washes, followed by hematoxylin and eosin
(H&E) staining. Glycerol was added to cover the tissue, and a coverslip
was applied forimaging. The coverslip was removed immediately after
imaging, and the slides were destained using HCl in a Visium cassette.

After removing HCI, decrosslinking buffer was applied, followed by
probe hybridization mix, which was left at 50°C for 18 h. Wash buffer
was thenadded, followed by probe ligation mix and an additional wash
buffer.Slides were then removed from the Visium cassette and stained
with10% eosin before loading onto Visium CytAssist with probe release
mix. Visium HD slides were then prepared and added to the cassettes
along with probe extension mix. Samples were then sequenced at five
millionreads per capture area using the lllumina NovaSeq. Notably, the
SpaceRanger pipeline generated amean of 432,817,149 (s.d., 81,927,495)
total reads per sample withanaverage of 899.9 (428.7) readsand 132.8
(80.4) UMIs per 8 um square bin, suggesting adequate sequencing
depth across our samples.

The bin2cell® pipeline (v.0.3.3) was used to segment individual
cells from high-resolution H&E images, and all overlying 2 pm spots
for an individual cell were combined to yield a cell-level pseudobulk
expression profile. Default parameters were used for the bin2cell pipe-
line, with a probability threshold set to 0.01. Each cell was annotated
using Robust Cell Type Decomposition (package spacexr, v.2.2.1)%*
based onthe cell-type signature matrix obtained fromour atlas cohort.
Only cells predicted to be singlets in this algorithm were retained,
and those predicted to be either doublets or unknown were excluded
from downstream analysis. For samples with atumor-border interface
present (n=3),acombination of unsupervised spatially resolved clus-
tering using the BANKSY® algorithm (v.1.1.0) and subsequent manual
fine-tuning based on the underlying ground-truth H&E image was
used tosegment regions of dura. The distance from each meningioma
tumor cell to the nearest dura cell was computed using the k-nearest
neighbors search algorithm (get.knn)®® in the FNN R package (v.1.1.4)
and correlated with MP expression.

To explore the myeloid-neoplastic interactome in the spatial
domain, we performed aneighborhood search across all myeloid cells
inour cohort (excluding regions of dura or brain) using the same nn2
nearest neighbor algorithm® in the RANN R package (v.2.6.1). Specifi-
cally, aneighborhood was constructed around each myeloid cell, such
thatall neoplastic cells within 50 pm were included. For each myeloid
cell, the expression of each myeloid MP was computed using AUCell,
and the mean gene expression profile of all neighboring neoplastic
cells was extracted. Neoplastic genes exhibiting correlation with a
particular myeloid MP (Pearson correlation of >0.1) were considered
MP-correlated genes. MP-correlated genes were then compared with
each other and with the myeloid MP-defining genes.

Spatial transcriptomics cell-cell communication inference

To identify cell-cell communication patterns in Visium HD data, we
used the graph neural network pipeline CelINEST*¢ with default train-
ing parameters. To ensure that only the most robust interactions were
includedindownstream analysis, the top 20% of interactions for each
sample were maintained as suggested in the CelINEST publication.
Additionally, myeloid-neoplasticinteractions were filtered if they were
predicted tooccur fewer than50 times in our cohort (per direction). To
ascertain interactions most specific to the expression of a particular
myeloid MP, z-scaled MP expression was compared between myeloid
cells involving a particular interaction and all other cells involving at
least one significantinteraction (to avoid bias from cells with very low
expression that are not involved in any predicted interactions). Inter-
actions associated with significantly higher expression of a particular
MP (Benjamini-Hochberg-corrected P value from Wilcoxon test) were
ranked by difference in mean expression to identify the interactions
most strongly associated with each myeloid MP. This procedure was
repeated for both directions of myeloid—-neoplastic interactions (mye-
loid (ligand) to neoplastic (receptor) and vice versa).

Spatial co-localization analysis
The open-source R package CRAWDAD® (v.1.0.1) was used to quantify
cell co-localization across various neighborhood sizes (50,100, 200,
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300, 400, 500, 600, 700, 800, 900 and 1,000 pum). For each sample
at each length scale, a z-score was computed for each reference and
target cell type. Three permuted null backgrounds were used for com-
parison to spatial randomness, and each output z-score was averaged.
Z-scores outside the range (-1.96, 1.96) were considered statistically
significant, with positive values associated with spatial co-localization
and negative values associated with spatial depletion. Ripley’sinhomo-
geneous L-cross function was also computed across the whole cohort,
with myeloid cells as reference and neoplastic cells as target at 10 pm
intervals of r, up to 1,000 pm, using the spatstat R package (v.3.3-0).

Plasma methylation profiling

Cell-free DNA (cfDNA) from each sample was extracted and processed
according to our cfMeDIP-seq protocol as previously described®**"8,
using between 2.5and 10 ng of cfDNA per sample. Output sequencing
datawere trimmed and filtered using Trim Galore (v.0.5.0), cutadapt®
(v.2.5) and fastQC (v.0.11.5). High-quality reads were aligned with the
human genome using Bowtie2 (ref. 70) (v.2.3.5), deduplicated and
indexed using Samtools™ (v.1.20) and reduced to 300 bp genomic
windows that map toregulatory features (CpG islands, shores, shelves
and FANTOMS enhancers) using the MEDIPS package’” (v.1.56.0);
log,-transformed counts per million were used for downstream analy-
sis. Batch correction was done using the Combat functioninthesvaR
package (v.3.52.0)7.

Shotgun proteomics

For additional validation of results, we used shotgun proteomic data
onasubset of cases from our bulk genomics cohort (n = 88), which has
beendescribed in detail and published previously*. Acquired datafrom
mass spectrometry was searched using MaxQuant against a UniProt
human protein sequence database with a false discovery rate of 1%.
Relative label-free protein quantification was calculated with mass
spectrometry peak integration, and proteinsidentified by at least two
peptides were used for subsequent analysis. Protein expression values
were log, transformed for downstream analysis.

Differential protein abundance and pathway analysis

For each myeloid MP, all samples in the bulk genomic cohort were
labeled as either high or low expression based on the median threshold,
as described above. Differential protein abundance was computed
between high and low cases for each MP using limma™, and each protein
was then ranked by moderated ¢-statistic, which was used as input for
pathway analysis. The relative enrichment of 50 predefined hallmark
genesets (MSigDB) was computed using the FGSEA™ package (v.1.30.0),
and pathways were filtered to include those with P < 0.05.

Statistics and reproducibility
This is a retrospective cohort study of patients with a diagnosis of
meningioma. Sample selection was based on the availability of tissue
and clinical data, as well as feasibility for the collection of prospective
samples with dedicated multi-regional profiling; therefore, no statis-
tical method was used to predetermine sample size. No samples were
unexpectedly excluded from our analysis.

Samples were blinded to clinical data during sample preprocess-
ing and sequencing. The experiments were not randomized owing to
the study design.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Newly generated raw sequencing data (fastq files) and associated clini-
cal metadata have beendeposited at the European Genome-Phenome
Archive (https://ega-archive.org: EGAD50000002214 for cfMeDIP-seq

data; EGAD50000002233 for Visium HD data; EGAD50000002272
for snRNA-seq data). Publicly available single-cell RNA-seq data were
obtained fromthe Gene Expression Omnibus (GEO) (GSE206647 (ref.
23) and GSE278452 (ref. 24)) and Zenodo (https://doi.org/10.5281/
zenodo.4932158 (ref. 25)). Proteomic data were deposited as part of a
prior publication* to the Mass Spectrometry Interactive Virtual Envi-
ronment (MassIVE; MSV0O00086901). Bulk DNA methylation (IDAT
files) and RNA-seq (fastq files) data have been deposited from previ-
ous publications*® (https://www.ncbi.nlm.nih.gov/geo: GSE180061,
GSE270371; https://ega-archive.org: EGAS00001004982; https://
www.ncbi.nlm.nih.gov/sra: PRJNA1127224, Database of Genotypes
and Phenotypes (dbGaP): phs003707.v1.p1) or were obtained from
publicly available cohorts deposited in GEO (GSE189521 (ref. 13) and
GSE183656 (ref.12)).

Code availability

All code generated as part of this work is available via Zenodo
at https://doi.org/10.5281/zenodo.17874195 (ref. 76). A GitHub
repository is available at https://github.com/patilvikas/
Meningioma_spatial_transcriptomics.
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other socially relevant social groupings.
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Population characteristics Within our large clinical cohort of patients with bulk mMRNA sequencing data (n = 712), the median age was 57 (IQR 47.5-66.5)

years. A total of 484/710 patients (68.2%) were female, which is consistent with the reported epidemiology of meningioma.

Recruitment Eligible cases were patients with pathologically confirmed meningioma with samples available from institutional biobanks.
Participants were consented for institutional biobanking for research at the time of surgery.
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Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample selection was based on availability of tissue and clinical data, and feasibility for the collection of prospective samples with dedicated
multi-regional profiling. Sample numbers were sufficient for the analyses performed.

Data exclusions  No samples were unexpectedly excluded from our analysis

Replication Sequencing and molecular profiling was performed once per human sample because of the limited amount of tissue that is available per
patient.

Randomization  N/A

Blinding Samples were blinded to clinical data during sample preprocessing and sequencing
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