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D I S E A S E S  A N D  D I S O R D E R S

Multiple approaches converge on three biological 
subtypes of meningioma and extract new insights 
from published studies
James C. Bayley V1, Caroline C. Hadley1, Arif O. Harmanci2, Akdes S. Harmanci1*,  
Tiemo J. Klisch3,4*, Akash J. Patel1,3,5*

One-fifth of meningiomas classified as benign by World Health Organization (WHO) histopathological grading 
will behave malignantly. To better diagnose these tumors, several groups turned to DNA methylation, whereas we 
combined RNA-sequencing (RNA-seq) and cytogenetics. Both approaches were more accurate than histopathology 
in identifying aggressive tumors, but whether they revealed similar tumor types was unclear. We therefore 
performed unbiased DNA methylation, RNA-seq, and cytogenetic profiling on 110 primary meningiomas WHO 
grade I and II). Each technique distinguished the same three groups (two benign and one malignant) as our pre-
vious molecular classification; integrating these methods into one classifier further improved accuracy. Computa-
tional modeling revealed strong correlations between transcription and cytogenetic changes, particularly loss of 
chromosome 1p, in malignant tumors. Applying our classifier to data from previous studies also resolved certain 
anomalies entailed by grouping tumors by WHO grade. Accurate classification will therefore elucidate meningi-
oma biology as well as improve diagnosis and prognosis.

INTRODUCTION
Over the past decade, next-generation sequencing (NGS) has trans-
formed our understanding of many tumors of the central nervous 
system (CNS) (1), leading to better diagnosis and targeted therapies. 
For example, medulloblastomas are now classified by molecular 
characteristics such as sonic hedgehog pathway activation (2), which 
has led to the development of rational therapies that are currently in 
clinical trials (3, 4). Similarly, diffuse gliomas are now classified on 
the basis of isocitrate dehydrogenase mutation (5) and chromosomal 
losses (1p/19q codeletion) (6), while the discovery of a subset of 
tumors with H3K27M mutations shed light on their dismal prognosis 
and, again, led to  promising therapies (7).

Unfortunately, the field of meningioma has been slow to benefit 
from parallel efforts. NGS studies have associated certain mutations 
with specific histologic grades (8–12), and a number of epigenetic 
studies have linked methylation patterns to clinical outcomes 
(13–16). In the largest such study to date, Sahm et al. (14) per-
formed unsupervised clustering of nearly 500 tumors across World 
Health Organization (WHO) grades and found two major epigenetic 
groups composed of six subclasses with distinct clinical and genomic 
features. In a similar vein, we performed whole-exome sequencing 
(WES), RNA sequencing (RNA-seq), and cytogenetic profiling in 
160 tumors across all three WHO grades to develop a molecular 
classification system that identified three types of meningioma (17). 
Type A tumors, which rarely recur, harbor mutations in TRAF7 (tumor 
necrosis factor receptor-associated factor 7), AKT1, or KLF4 but show 

no chromosomal losses. Type B meningiomas also exhibit a benign 
clinical course but are deficient in NF2/Merlin (the protein encoded by 
NF2, the neurofibromatosis 2 gene) and are characterized by loss of 
the chromatin-modifying enzyme PRC2 (polycomb repressive complex 
2) (8, 17). Type C tumors recur frequently despite gross total resec-
tion, and they are both NF2- deficient and characterized by chro-
mosomal instability (CIN), particularly loss of chromosome (Chr) 
1p. These tumors lose the repressive form of the cell-cycle regulating 
DREAM complex and instead feature its MuvB core bound to FOXM1 
and MYBL2, which leads to activation of the cell cycle (17, 18).

Both the methylation and our transcriptomic-based classification 
systems predicted tumor recurrence more accurately than the WHO 
histopathological grading system (19), which remains the clinical 
standard despite the fact that 20% of histologically benign (WHO 
grade I) tumors will behave aggressively (20). The difference classi-
fication can make was underscored by our finding that whereas in 
the WHO grading system, malignant tumors (grade III) nearly 
always evolve from grade I and II tumors, our system classified malig-
nant tumors as molecular type C from their very first appearance. This 
suggests a very different model of meningioma biology.

If we are to understand meningioma behavior, then we must 
start with accurate classification. We noticed that both our tran-
scriptional profiling and the methylation classification of Sahm et al. 
(14) segregate many of the common genomic alterations seen in 
meningioma, such as recurrent somatic mutations (NF2, TRAF7, 
and AKT1) and large-scale chromosomal deletions (1p and 22q), in 
similar ways (14, 17). This raises a few obvious questions: First, are 
these two classification systems identifying similar subsets? If so, 
could DNA methylation changes underlie the transcriptional dif-
ferences we identified? If not, what does?

In this study, we set out to answer these questions. We performed 
a comprehensive analysis of 110 primary meningiomas using DNA 
methylation profiling, RNA-seq, and WES. We first used unsuper-
vised approaches to analyze DNA methylation profiles and identified 
three clusters of meningioma (see Materials and Methods). These 

1Department of Neurosurgery, Baylor College of Medicine, Houston , TX 77030, 
USA. 2Center for Precision Health, School of Biomedical Informatics, University of 
Texas Health Science Center , Houston , TX 77030, USA. 3Jan and Dan Duncan 
Neurological Research Institute, Texas Children’s Hospital, Houston , TX 77030, USA. 
4Department of Molecular and Human Genetics, Baylor College of Medicine, Houston, 
TX 77030, USA. 5Department of Otolaryngology–Head and Neck Surgery, Baylor 
College of Medicine, Houston , TX 77030, USA.
*Corresponding author. Email: akash.patel@bcm.edu (A.J.P.); klisch@bcm.edu (T.J.K.); 
akdes.serinharmanci@bcm.edu (A.S.H.)

Copyright © 2022 
The Authors, some 
rights reserved; 
exclusive licensee 
American Association 
for the Advancement 
of Science. No claim to 
original U.S. Government 
Works. Distributed 
under a Creative 
Commons Attribution 
NonCommercial 
License 4.0 (CC BY-NC).

mailto:akash.patel@bcm.edu
mailto:klisch@bcm.edu
mailto:akdes.serinharmanci@bcm.edu


Bayley et al., Sci. Adv. 8, eabm6247 (2022)     2 February 2022

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

2 of 15

clusters were highly concordant with our prior transcriptional types 
(17), which supports the notion that there are three biologically distinct 
meningioma groups. Next, we used a multipronged approach to 
identifying “true” meningioma groups. We then used computa-
tional modeling to distinguish the relative contributions of DNA 
methylation and CIN to the transcriptional characteristics of each 
tumor type. Last, we reexamined several publicly available menin-
gioma datasets to determine whether more accurate classification 
might alter the interpretation of results based on histopathological 
grading.

RESULTS
DNA methylation profiling identifies three major 
meningioma clusters
To determine how DNA methylation might relate to our prior tran-
scriptional types, we performed DNA methylation profiling on 110 
primary meningiomas that had undergone our RNA-seq–based 
transcriptional classification (17). We elected not to include 
recurrences for two reasons: First, we wanted to avoid overweighting 
the classifier with multiple samples from the same tumor; second, 
we need to improve prognostication of primary tumors, rather than 
those that have already declared themselves malignant by recurring. 
As a result, we had no WHO grade III tumors in this cohort. (Of the 
450 primary meningiomas resected at our institution over the past 
10 years, only one was grade III; primary grade III meningiomas are 
exceedingly rare.) In addition, we selected only tumors that had 
received no prior treatment, to avoid the likely confounding effects 
of radiation or radiosurgery. Using an unsupervised approach, we 
identified three methylation clusters of meningioma that were 
stable across multiple algorithms and sets of CpG sites (see Materials 
and Methods, fig. S1A, and table S1). These clusters (hereafter 
labeled Meth 1, Meth 2, and Meth 3) were each defined by a 
methylation signature, i.e., those sites that most strongly identified 
them (Fig. 1A). Comparing the methylation patterns of each cluster 
demonstrated some noteworthy differences. Across all signature 
probes, Meth 1 tumors showed a balanced methylation pattern 
(table S2A). Meth 2 was notably hypomethylated, mainly because of 
nonpromoter sites (table S2B). Conversely, Meth 3 was hypermethyl-
ated, most prominently at promoter sites, which were enriched 
within the Meth 3 signature. Since CpG island promoter hyper-
methylation has been observed in numerous cancers and typically 
acts to repress gene transcription (21), we looked specifically at the 
subset of probes located on CpG island promoters (table S2C). Not 
only are Meth 3 tumors significantly hypermethylated across the 
CpG island promoters contained within our methylation signatures 
(86%), but they are also hypermethylated across all CpG island 
promoters throughout the genome (60%).

To ensure that our data were consistent with previously pub-
lished cohorts, we processed the publicly available raw data for all 
meningiomas from the Heidelberg CNS tumor classifier (22). The 
Heidelberg samples (n = 144) mirrored our data across our signa-
ture probes (Fig. 1B). We performed unsupervised non-negative 
matrix factorization (NMF) on the Heidelberg samples alone across 
our signature probes, and again three clusters emerged as optimal 
(fig. S1B). Furthermore, comparing these clusters to assignments 
made by a random forest classifier trained on our samples showed 
that 137 (95%) of the Heidelberg meningiomas were similarly as-
signed (fig. S1C and table S3). Thus, across our signature probes for 

this external dataset, our methylation clusters were stable, whether they 
were derived from our own data or the Heidelberg samples alone.

Several groups have reported that DNA methylation can be used 
for meningioma classification and prognosis (13–15). We wanted 
to compare our methylation clusters to previously published classi-
fiers, but only Olar et al. (13) provided probe-level data, which 
defined two methylation subgroups classified by a set of 283 CpG 

Fig. 1. Meningiomas comprise three methylation clusters. (A) Heatmap of 
methylation data for the signature probes of each methylation cluster. (B) t-distributed 
stochastic neighbor embedding (t-SNE) of our cohort and the meningiomas from 
the Heidelberg CNS tumor classifier (22) across our signature probes. (C) Heatmap 
of methylation data for the MM-FAV (favorable) and MM-UNFAV (unfavorable) 
probes from Olar et al. (13) across our three methylation clusters.
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sites. These sites were associated with either a favorable (MM-FAV, 
n = 98) or unfavorable (MM-UNFAV, n = 185) prognosis when 
hypermethylated. With regard to methylation status in aggregate, 
our Meth 2 tumors were conferred a uniformly favorable prognosis 
by the probes from Olar et al. (13), as all favorable probes were 
hypermethylated and all unfavorable probes were hypomethylated 
relative to all other tumors (Fig. 1C). On the other hand, Meth 3 
tumors were hypermethylated in 93% of unfavorable probes and 
only 32% of favorable probes, thereby earning an unfavorable prog-
nosis in the Olar et al. (13) system. These prognoses were corrobo-
rated by the outcomes for our methylation types: Meth 2 tumors 
rarely recurred, but the median progression-free survival for Meth 
3 tumors was only 37 months (see below). Given the relatively 
homogenous methylation pattern of Meth 2 across these probes 
compared to the heterogeneous patterns seen across Meth 1 and 
Meth 3, it seems that Meth 2 meningiomas in the Olar et al. (13) 
cohort were the dominant factor in their identification of favorable 
and unfavorable probes.

Identification of three biologically distinct meningioma 
groups (MenG)
The aforementioned methylation analysis was performed blinded 
to the transcriptional types from our molecular profiling (17), so 
our next step was to compare different classification schemes of 
meningiomas. We first classified all tumors with our transcriptional 
classifier. Given that large-scale deletions of Chr 1p and Chr 22q are 
the most common cytogenetic changes seen in meningioma (8, 12) 
and bore a strong relationship with our transcriptional types (17), 
we also classified tumors cytogenetically as having “no loss,” “22q 
loss,” or “1p/22q loss” (no tumors had Chr 1p loss without Chr 22q 
loss), defining “loss” as involving at least one-third of a chromo-
somal arm. Next, we compared these two classifications to our meth-
ylation clusters and found strong concordance, as 83 (75%) tumors 
were assigned similarly by all three classifications. To improve the 
precision of our classification for the 27 discordant cases, we created 
an additional classifier to stratify meningiomas into groups according 
to NF2 status and level of CIN (8). Tumors with normal levels of 

NF2, based on a control group of publicly available arachnoid 
granulation cell data (23), were classified as NF2 intact; tumors with 
low levels of NF2 but only one or two large-scale chromosomal 
deletions were considered NF2-deficient, low CIN; those with low 
levels of NF2 and more than two large-scale deletions were classi-
fied as NF2-deficient, high CIN. This system also agreed with the 
prior three, as 77 (70%) tumors were categorized consistently across 
all four classifications (Fig. 2 and table S1).

This concordance, along with the fact that three categories are 
sufficient in the different systems to capture differences in tumor 
behavior, suggests that there are three biologically distinct types of 
meningioma that display consistent differences across the genome, 
epigenome, and transcriptome. We assigned each of the 100 tumors 
(91%) for which there was agreement among at least three of the 
four classifications (methylation, transcription, cytogenetics, and 
NF2/CIN) to one of three Meningioma Groups (MenG): MenG A, 
MenG B, or MenG C (Fig. 3).

If we assume MenG as the “ground truth” classification and 
exclude the 10 tumors that eluded MenG assignment (table S4), 
then transcriptional profiling correctly classified 90 (90%) of tumors 
(tables S1 and S5). The greatest challenge for transcriptional profil-
ing was correctly distinguishing MenG A and MenG C, as eight 
MenG A tumors were misclassified as type C. Given the malignant 
behavior of MenG C, this is an important distinction to make. 
Because of this low specificity, the transcriptional classifier’s posi-
tive predictive value (PPV) for MenG C was only 72%, although its 
negative predictive value (NPV) was 99% (Table 1). We suspect 
that, because of their CIN, MenG C tumors are the most genetically 
heterogeneous, and it will take much larger cohorts to distinguish 
transcriptional signatures that are consistent across this class. By 
comparison, DNA methylation, cytogenetic profiling, and NF2/CIN 
were each remarkably accurate on their own (Table 1). With regard 
to aggressive meningiomas, NPV was excellent across all classifica-
tion modalities (>96%), while the methylation, cytogenetic, and 
NF2/CIN classifications each achieved 100% PPV. Although all four 
classifications can effectively identify the molecular group of a 
meningioma, the integrated approach reduces outliers.

Fig. 2. Epigenetic, transcriptional, and chromosomal meningioma classifications converge on three biologically distinct MenGs. Sankey plot demonstrating 
concordance between each subclassification leading to MenG assignment.
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Clinical characteristics of the three meningioma groups
These MenGs display significant differences in clinical variables 
(table S5). MenG A and MenG B showed the typical female prepon-
derance (67 and 65%, respectively), while MenG C featured more 
males (55%). This recapitulated our previous findings (17), as 71% 
of patients with either type A or B tumors were female, but 56% of 
patients with type C tumors were male. There was much greater 
CIN among MenG C, while NF2 expression was retained in MenG 
A and decreased in the other groups (Figs. 3 and 4).

Similarly, mitotic activity differed among the groups. The median 
MIB-1 index, a measure of mitotic activity that is associated with 
WHO grade and has prognostic value (24, 25), ranged from 3% in 
MenG A to 8.4% in MenG C (Fig. 4 and table S5). Given the associ-
ation between WHO grade and MIB-1, we performed subgroup 
analyses stratified by WHO grades I and II. The same trend of 
increasing median MIB-1 was seen among both WHO grade I tumors 
(2.9% in MenG A, 3.2% in MenG B, and 5.7% in MenG C) and 
WHO grade II tumors (8.8, 10.3, and 15.2%, respectively). In parallel, 
necrosis was modest in MenG A and MenG B tumors (only 4 and 
15%, respectively) but present in nearly half (41%) of MenG C tumors.

Since our cohort was limited to primary tumors and lacked WHO 
grade III tumors, we added samples from the Heidelberg CNS tumor 
classifier (22) to determine the relationship between WHO grades 
and our groups. We excluded meningiomas that featured discordant 
methylation and chromosomal classifications, which are the two 
classifications we can derive from DNA methylation data alone. 

Expectedly, MenG A featured WHO grade I tumors almost exclusively, 
but 44% of MenG C tumors were also WHO grade I, in accord with our 
previous findings (fig. S2A and table S5) (17). Conversely, 17% of 
WHO grade III meningiomas were classified as MenG A or MenG B.

Comparing recurrence-free survival (RFS) rates within our cohort, 
patients with WHO grade I or II tumors showed similar rates of 
recurrence (fig. S2B). MenG A and MenG B were indistinguishable 
in this regard, but MenG C was associated with significantly lower 
RFS (log-rank P value of 0.0019) (fig. S2B). Because of higher rates 
of subtotal resection in MenG A and MenG C (table S5), we re-
analyzed RFS for only those tumors that underwent gross total re-
section (Simpson grades I to III). Within this subset, the difference 
in RFS was even more pronounced: 44% of MenG C tumors recurred, 
whereas very few MenG A or MenG B tumors recurred (2.6 and 
4.8%, respectively; fig. S2C). To account for the influence of WHO 
grade on tumor recurrence, we compared RFS within each histologic 
grade. Among WHO grade I tumors, those we classified as MenG C 
demonstrated significantly lower RFS (3.1 years, log-rank P value of 
0.019), and a similar trend was seen among WHO grade II tumors, 
although it did not reach significance because of the small size of 
this subset (fig. S2D).

DNA methylation and cytogenetic changes correlate closely 
with gene expression in meningioma
DNA methylation changes and CIN affect gene expression in 
cancer (26, 27). Given the strong concordance of our classifiers, we 

Fig. 3. Oncoprint of the cohort. Subclassifications and differences among gender, histologic grade, common somatic mutations, and deletions of Chr 1p and Chr 22q 
according to MenGs. KLF4, Kruppel-like factor 4; SMARCB1, SWI/SNF Related, Matrix Associated, Actin Dependent Regulator of Chromatin, Subfamily B, Member 1; 
POLR2A, RNA Polymerase II Subunit A; SMO, Smoothened, Frizzled Class Receptor; PIK3CA, Phosphatidylinositol-4, 5-Bisphosphate 3-Kinase Catalytic Subunit Aalpha.

Table 1. Diagnostic accuracy of individual classifiers. 

Classifier Diagnostic accuracy
overall Diagnostic accuracies for MenG C specifically

Accuracy Sensitivity Specificity PPV NPV

Transcription 90% 91% 95% 90% 72% 99%

Cytogenetics 97% 98% 91% 100% 100% 98%

Methylation 96% 97% 86% 100% 100% 96%

NF2/CIN 94% 100% 100% 100% 100% 100%
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asked how differential promoter methylation or copy number vari-
ability (CNV) correlated with the differential gene expression seen 
in our cohort using a partial least squares (PLS) regression model. 
PLS is often used to integrate high-dimensional genomic data 
(28, 29) and is similar to principal component analysis (PCA) in 
that it finds the factors that explain the maximal variation in the 
data, but it does so for both the dependent and independent data. It 
then projects the data onto a simplified space defined by those 
components and performs linear regression. This technique is 
particularly suitable when there is collinearity between model 
components, which is often the case for promoter CpG sites, as they 
are adjacent to one another and can be similarly methylated.

Each gene is modeled individually using the methylation status 
of every promoter site, the relative amplification/deletion of its 

locus, and the log-transformed expression value. We limited this 
analysis to the 67 samples that had gene-level CNV data (derived 
from WES) and were categorized consistently by all four of our 
classifications (Fig. 3 and table S5) to select those samples most 
representative of each underlying MenG. This also reduced the 
possibility of including any low-quality data from one of the profil-
ing methods, which could lead to erroneous classification. Last, 
each model was evaluated by both the R-squared value (R2), as an 
overall measure of goodness of fit, and the variable importance in 
projection (ViP) scores, which measure the relative importance of 
each covariate.

To establish a baseline, we modeled every gene for which we 
had promoter methylation, relative CNV, and expression data 
(n = 15,373; Table 2). We defined models as being “highly accurate” 

Fig. 4. Genomic and clinical outcomes differ substantially between MenGs. Large-scale chromosomal abnormalities (A), NF2 expression (B), mitotic index (MIB-1) 
(C), and RFS (D) all differ substantially between MenGs but are maintained across methodologies (methylation, RNA-seq, cytogenetics, and NF2/CIN).
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if the R2 was more than 2 SDs above the median (R2 = 0.29; fig. S3A). 
A highly accurate model signifies a close correlation between a 
gene’s expression and its promoter methylation and/or CNV 
status, which implies that those factors regulate the transcription of 
that gene. We used the relative ViP scores (see Materials and 
Methods) and the correlation coefficient for each covariate to deter-
mine whether each highly accurate model was more likely to be 
“driven” by methylation, CNV, or both (fig. S3B).

We used two scenarios to establish the validity of our approach. 
First, we identified the most variably methylated CpG promoter site 
for each gene and sorted all genes in order of decreasing promoter 
site variance. As expected, as promoter variance decreased, so did 
the prevalence of highly accurate models and the relative propor-
tion of models that strongly correlate with methylation (fig. S3C). 
To validate our model, we first compared the set of 1000 genes with 
the highest promoter site variation to the baseline of all genes. As 
expected, this set was significantly enriched for highly accurate 
models (14.6% versus 7.5%; P = 1.4 × 10−15) that were strongly asso-
ciated with methylation (88% versus 60%; P = 9.8 × 10−11) (Table 2). 
Next, we reasoned that genes located on Chr 1p and Chr 22q, the 
two most common large-scale deletions in meningioma (25 and 53% 
in our cohort, respectively), should be more strongly associated with 
CNV. As expected, these genes had a substantial proportion of highly 
accurate models (33% versus 7.5%; P = 2.1 × 10−193), and most were 
associated with CNV (83% versus 39%; P = 3.0 × 10−53) (Table 2).

Having verified the accuracy of our model, we investigated how 
our transcriptional types and differential expression in general 
might be affected by DNA methylation and/or underlying copy 
number variations. We analyzed the 611 genes used by the random 
forest classifier to define our transcriptional types, of which 546 
were able to be modeled. This set was enriched for highly accurate 
models (15.4%; P = 2.4 × 10−11), most of which were associated with 

methylation (92%; P = 1.3 × 10−8) (Table 2), demonstrating that 
DNA methylation correlated closely to the transcriptional classifi-
cation. Despite consistent differences in chromosomal gains and 
losses between our transcriptional types, hardly any genes in the 
classifier correlated most strongly with CNV (7%; P = 1.4 × 10−8). 
That said, three of the top 10 genes—specifically, those ranked first 
(MPPED1, Chr 22q), second (LEPR, Chr 1p), and eighth (ALPL, 
Chr 1p)—were subject to CNV. Therefore, Chr 1p and Chr 22q 
losses still played a significant role in our transcriptional classifica-
tion despite the low prevalence of CNV-driven genes. Together, 
these findings explain the substantial concordance among our 
methylation, transcription, and cytogenetic classifications.

To investigate how DNA methylation and CNV contribute to 
differential expression within our cohort, we identified the differen-
tially expressed genes (DEGs) using the RNA-seq data from three 
publicly available arachnoid samples as a control group (23). To 
identify DEGs, we performed pairwise comparisons between all 
tumors and the arachnoid controls and then between each MenG 
and the arachnoid controls, with a false discovery rate of 1 × 10−6. 
Across all DEGs (n = 2777), there was enrichment of highly accu-
rate models (16%; P = 1.1 × 10−51). Of these, a greater proportion 
was associated with DNA methylation (61%) than with CNV (31%), 
similar to the distribution among all genes (Table 2).

Aggressive tumors are more influenced by CIN,  
particularly Chr1p loss
To evaluate the influence of DNA methylation and CNV within 
each subgroup, we selected those DEGs that were unique to each 
group. Compared to all DEGs, those unique to MenG A and MenG 
B showed similar rates of highly accurate models (~15.0%), most of 
which correlated with methylation (64 and 77%, respectively) 
rather than CNV (32 and 23%, respectively). DEGs unique to MenG 

Table 2. Relative contributions of promoter methylation and copy number variation to changes in gene expression in meningioma, by MenG. Boldface 
text indicates the dominant association for highly accurate models in each subset of genes. The only exception (marked by asterisk) is the differentially 
methylated genes for MenG C for which there is a notably lower proportion of highly accurate models compared to the genes for MenG A/B and which is only 
marginally greater than the baseline of all genes. For convenience, we refer here to the different classes of gene expression changes as driven by methylation, 
CNV, or both, but this is in the context of computational modeling; we have not experimentally demonstrated causality. 

Highly accurate models Methylation-driven CNV-driven Driven by both 
methylation and CNV

All genes 7.5% 59.8% (690) 38.7% (446) 1.5% (17)

Most variably methylated genes 14.6% 87.7% (128) 11.6% (17) 0.7% (1)

Chr 1p/22q genes 33.0% 14.7% (61) 82.9% (343) 2.4% (10)

Transcriptional classifier genes 15.4% 91.7% (77) 7.1% (6) 1.2% (1)

DEGs 16.4% 60.9% (277) 38% (173) 1.1% (5)

 MenG A 15.0% 64.3% (36) 32.1% (18) 3.6% (2)

 MenG B 14.7% 76.9% (40) 23.1% (12) 0% (0)

 MenG C 33.3% 14.1% (9) 84.4% (54) 1.6% (1)

Differentially methylated genes 23.7% 85.1% (189) 10.8% (24) 4.1% (9)

 MenG A 22.6% 84.3% (43) 13.7% (7) 2% (1)

 MenG B 22.5% 87.6% (85) 8.2% (8) 4.1% (4)

 MenG C *12.3% 88.2% (15) 5.9% (1) 5.9% (1)
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C showed a markedly higher rate of highly accurate models (33%) 
(Table 2), and these were more influenced by CNV (84%) than by 
methylation (14%). Chr 1p contained a large proportion of MenG C 
DEGs (48%) but only 6 and 7% of DEGs unique to MenG A and 
MenG B, respectively. Moreover, of these MenG C DEGs on Chr 
1p, 61% were highly accurate, and nearly all (93%) were correlated 
with CNV, demonstrating a marked influence of Chr 1p loss on the 
gene expression changes seen in MenG C tumors.

While this analysis suggests that CNV plays an outsized role in 
the differential expression of MenG C tumors, the low rate of 
methylation-driven DEGs raises the question of how methylation 
correlates with gene expression within MenG C. (Recall that these 
tumors showed substantial promoter hypermethylation.) To answer 
this question, we performed a reciprocal analysis from the alterna-
tive perspective of unique differentially methylated promoters. We 
first identified all CpG promoter sites that were differentially methyl-
ated between each MenG and all other tumors (false discovery rate 
of 1 × 10−6 and minimum difference in mean  of 0.1) and then ag-
gregated their corresponding genes (n  =  936). As expected, these 
genes were enriched for highly accurate models (23.7%; P = 7.0 × 
10−67), with a large proportion influenced by methylation (85.1%; 
P = 1.2 × 10−12) (Table 2). We then analyzed genes that were differ-
entially methylated in only one MenG. The models for genes unique 
to MenG A and MenG B yielded similar results in terms of highly 
accurate models (22.6 and 22.5%, respectively) and the proportion 
associated with methylation (84.3 and 87.6%, respectively). Un-
expectedly, the proportion of highly accurate models for genes unique 
to MenG C (12.3%) was significantly less than those for MenG A 
and MenG B (P = 0.022 and P = 0.014, respectively), although it was 
greater than the baseline of all genes (P = 0.049) (Table 2). There-
fore, methylation appears to play less of a regulatory role in gene 
expression for MenG C than it does in MenG A and MenG B, 
despite the substantial promoter hypermethylation seen in these 
aggressive tumors.

MenG classification can resolve anomalies in published 
findings that relied on WHO grade
Given that most meningioma studies rely on WHO grading for 
tumor classification, we asked how viewing these data through 
the lens of MenG classification might alter our understanding of 
meningioma biology. One of the central questions in meningioma 
research is whether malignant tumors are malignant from their 
inception or whether they evolve from more benign tumors. In our 
previous study (17), we found that malignant tumors were molecu-
larly distinct from the start. That is, the first occurrence was classi-
fied as group C and so was each subsequent recurrence. There were 
relatively few such group C tumors, however, so we were particularly 
interested in whether a slightly larger dataset could shed light on 
this question. Viaene et al. (30) had performed RNA-seq on a di-
verse set of 25 meningiomas, featuring low-grade tumors that pro-
gressed, along with their recurrences; low-grade tumors that did not 
progress; and de novo high-grade tumors (table S6). There were six 
WHO grade I tumors that did not progress. The authors concluded 
that these were molecularly distinct from the tumors that did 
progress, based on a cluster of four meningiomas that was com-
posed solely of “WHO I not progressed” tumors (Fig. 5A). The 
remaining two WHO I not progressed tumors clustered, rather 
inconveniently, with “WHO I progressed” tumors and their recurrences, 
along with de novo high-grade tumors.

Integrated MenG classification neatly resolves this puzzle and 
proves the authors’ conclusion fundamentally correct, because it 
turns out that the distinct cluster of four WHO I not progressed 
tumors is composed of the only MenG B tumors in this entire 
cohort. Of the four tumors that recurred, three were MenG C, along 
with all of their recurrences (which were of higher WHO grades). 
The fourth was classified as MenG A, while its recurrence was 
MenG C. Because transcriptional profiling on its own was the least 
accurate of our four methodologies, particularly with respect to 
differentiating types A and C [this study and (17)], we believe that 
this tumor was misclassified as MenG A and is actually MenG 
C. This underscores the benefits of integrating DNA methylation 
and cytogenetic analysis with RNA-seq to achieve more accurate 
classification. Regardless, this dataset supports our finding that it is 
predominantly MenG C tumors that recur and that these tumors 
maintain their molecular identity even as they progress through 
WHO grades over time.

Integrated classification sheds light on intra- and 
intertumoral heterogeneity
Although a number of studies have found substantial intratumoral 
heterogeneity in higher-grade and recurrent meningiomas (31, 32), 
few have used RNA-seq or DNA methylation, and even fewer have 
made their raw data freely available. One that did explored intra-
tumoral heterogeneity both molecularly and radiographically (33), 
profiling 86 spatially distinct samples from 13 meningiomas (M1 to 
M13) across all three WHO grades. Slightly more than half their 
cohort were recurrences (54% of tumors and 56% of samples), of 
which four had undergone radiation; all tumors were located supra-
tentorially along the midline to allow for multiple stereotactic 
sampling (only 37% of our tumors were similarly located) (table S7). 
Given the high proportion of malignant tumors, we were keen to 
learn what integrated classification would reveal.

We applied our methodology to their raw data and found that 12 
of the 13 tumors were either MenG B or MenG C (as would be 
expected, since MenG A is primarily located along the skull base) 
(table S7) (17). One tumor, M2, was unclassifiable because its 
cytogenetic, transcriptional, and methylation profiles differed com-
pletely from those of any other tumor we have analyzed (fig. S4A). 
When we applied the Heidelberg classifier to this tumor (see Mate-
rials and Methods), none of its samples matched to meningioma, 
and only two samples could even be matched to the family contain-
ing meningioma (table S7). We therefore suspect that this tumor is 
either a rare variant of meningioma not captured in any of the 
datasets we analyzed or not a meningioma at all. The only tumor 
that was not clearly assigned a molecular group was M11, with five 
of seven samples classified as “unknown” due to a split between the 
Chr- and gene-level methodologies (MenG B and MenG C, respec-
tively). The remaining two samples exhibited loss of Chr 1p and were 
thereby uniformly designated as MenG C by all four modalities. 
As M11 was a recurrent WHO grade II tumor, we suspect MenG C 
to be the correct classification. Otherwise, there was remarkable 
consist ency in MenG classification among a given tumor’s samples.

Magill et al. (33) judged intratumoral heterogeneity by how 
closely the data points for samples of a given tumor cluster on a 
PCA plot (Fig. 5B). The awkwardness of grouping the clusters by 
WHO grade is apparent: Two of the low-grade samples (M8 and 
M9) lie closer to the high-grade group than to the rest of the WHO 
grade I tumors on the RNA-seq PCA plot (Fig. 5B, top left). Even 
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more puzzlingly, these two tumors appear within the high-grade 
group on the DNA methylation PCA plot, while the remaining 
low-grade tumors again form a separate cluster (Fig. 5B, top right). 
MenG classification reorganizes and clarifies both plots (Fig.  5B, 
bottom): The tight cluster of WHO grade I tumors turns out to be 
the five MenG B tumors within this cohort. In addition, having 
found M2 to be unclassifiable, the MenG C cluster is more cohesive 
and coherent than was the high-grade cluster, and there is no longer 
any ambiguity with tumors M8 and M9. We also note that the 
degree of sample dispersion is very similar between low- and high-
grade tumors (Fig. 5B, top) but differs starkly between MenG C and 
MenG B (Fig. 5B, bottom)—there is hardly any dispersal at all in 
the MenG B tumors. Furthermore, the MenG B group as a whole 
is tightly clustered and covers a very narrow area, signifying a high 
degree of transcriptional and epigenetic homogeneity not only 
within tumors but also among tumors within this group. MenG C 
tumors cover a considerably larger area, which is consonant with 
their marked genomic instability. Cytogenetically, MenG classifica-
tion also more sharply differentiates tumors with minimal instability 
(MenG B tumors, mean CIN = 1.13 large-scale deletions; WHO grade 
I tumors, mean CIN = 2.04 large-scale deletions).

Integrated molecular classification therefore reveals substantial 
differences between biological types that were obscured by histo-
pathological grade. Even discrepancies in subclassifications can 
reveal nuances of meningioma biology and generate new hypotheses. 
Consider M9: Its methylation, transcriptional, and NF2/instability 
profiles all indicate MenG C, but the chromosomal classification 
depends on how one defines a chromosomal loss. By our criterion 
for a large-scale deletion (at least one-third of a chromosomal arm), 
M9 does not qualify as showing Chr 1p loss, making its chromosomal 
classification align with MenG B. However, all seven samples feature 
a small deletion at the telomeric end of Chr 1p (fig. S4B). Therefore, 
if Chr 1p loss is indeed a crucial step in MenG C tumorigenesis, the 
segment deleted in this tumor may contain the biologically relevant 
portion of Chr 1p.

DISCUSSION
A welter of meningioma classification systems have appeared in just 
the past few years. Some have attempted to combine molecular 
techniques with histology (34, 35); others have sought to replace 
histopathological grades with groups based on methylation (14) or 

Fig. 5. Accurate MenG classification of publicly available datasets sheds light on previous studies based on WHO grading. (A) Heatmap (top) and t-SNE (bottom) 
of the top 1000 most DEGs from a cohort of meningiomas studied by Viaene et al. (30). The WHO grade I tumors that did not progress were all MenG B and separate 
clearly from the other tumors. (B) PCA of RNA-seq and DNA methylation data of 86 spatially distinct samples from 13 meningiomas studied by Magill et al. (33), segregated 
by WHO grade, as in the original study (top) and by MenG (bottom). MenG demonstrates markedly better cluster separation.
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combined modalities (36); systems have been devised with anything 
from two to six distinct types of tumor, in contradistinction to the 
15 histopathological subtypes. To our knowledge, there has been no 
effort to discern whether different modalities or classification 
systems were hinting at the same underlying biology. Our compre-
hensive profiling of 110 primary meningiomas, with analysis of an 
additional 255 samples from published datasets, strongly suggests 
that there are three biologically distinct groups of meningiomas that 
can be identified best by integrating DNA methylation, RNA-seq, 
and CIN/cytogenetics. Given that we need better prognostication 
when a tumor first appears (and before it declares itself malignant 
by recurring), we focused on primary tumors, but when we supple-
mented our cohort with an outside dataset enriched for recurrent 
tumors (33), k-means clustering subdivided our MenG C tumors 
into two subclasses (fig. S4A). Both still quite clearly fall under the 
aegis of high-CIN tumors with NF2 and Chr 1p/22q loss, however, 
and we consider this broad category more important from a clinical 
point of view. Moreover, thanks to the work of Magill et al. (33), we 
can see that MenG C tumors display considerable intra- and inter-
tumoral heterogeneity, but their biologic identity remains stable 
despite molecular and chromosomal changes throughout the tumor. 
MenG B tumors, however, exhibit little such heterogeneity. This is 
reassuring from a clinical standpoint, as it indicates that a patient 
can be given a more accurate prognosis with molecular classifica-
tion, even if the entire tumor is not sampled. For practical purposes, 
cytogenetic analysis (losses of Chr 1p and Chr 22q), with or without 
DNA methylation profiling, would provide very accurate, clinically 
useful classification with 100% PPV for aggressive meningiomas.

There are notable parallels between our multimodal classifica-
tion and the largest, most comprehensive methylation-based classi-
fication to date (14). While the data from this study is not readily 
available, their “MC ben-2” class appears largely synonymous with 
our MenG A: These tumors feature the fewest CNVs and nearly all 
have TRAF7, AKT1, or KLF4 mutations. Our MenG B category 
most closely aligns with their “MC ben-1” tumors, nearly all of 
which bear Chr 22q deletions but retain Chr 1p. Last, MenG C 
resembles all of their high-risk subgroups (MC int-A, MC int-B, 
and MC mal), the vast majority of which demonstrate Chr 1p and 
Chr 22q loss. We likely had few, if any, “MC mal” tumors, which are 
predominantly WHO grade III, because we deliberately limited our 
cohort to primary tumors. In addition, while “MC int-A” and “MC 
int-B” feature similar names and clinical behavior, they belong to 
different major epigenetic groups (groups A and B, respectively) and 
presumably feature substantially different methylation profiles. We 
speculate that our MenG C may represent only one of these classes.

Subsequent work by the same group (37) explored molecular 
features of these epigenetic classes. In their aggressive tumors, they 
noted elevated expression of FOXM1—as we did in our MenG C 
tumors (log2 fold change = 1.15, adjusted P = 1.9 × 10−6) and as we 
previously reported (17)—but they also found a molecular signature 
(AC3) that indicates defective homologous recombination repair. 
This signature was distributed throughout the genome and closely 
correlated with the degree of genomic instability, thereby impli-
cating defective homologous repair as a possible cause. Given our 
finding that CIN, particularly Chr 1p loss, drives many transcrip-
tional changes in MenG C, DNA misrepair could be a primary 
event in the biology of these aggressive tumors.

Vasudevan et al. (18) performed multiplatform profiling on a 
meningioma cohort enriched for high-grade tumors, including 

RNA-seq (n = 42), DNA methylation profiling (n = 26), and WES 
(n = 24). Their transcriptional profiling identified two clusters with 
differences in gender and WHO grade, although there was no 
difference in RFS between groups. Their methylation-based cluster-
ing, on the other hand, identified three clusters with increasing 
methylation levels; their “high methylation” cluster was associated 
with significantly lower RFS, consistent with our MenG C group. 
They, too, identified FOXM1 as a key transcription factor associated 
with meningioma recurrence and propose that genomic, epigenomic, 
and transcriptomic mechanisms converge on FOXM1/Wnt signal-
ing to drive aggressive tumors. Specifically, they found hypermethyl-
ation of a promoter of the Wnt antagonist SFRP1 and low SFRP1 
expression in tumors with elevated FOXM1 expression. We also find 
decreased expression of SFRP1 in MenG C (log2 fold change = −2.93, 
adjusted P = 8.4 × 10−9), but our PLS model suggests that this is 
likely not due to promoter hypermethylation. All promoter sites 
judged to be of high importance by our PLS model featured positive 
correlations between methylation and expression. Individual in-
spection of all SFRP1 promoter sites (n = 19) among our PLS cohort 
identified 10 probes for which MenG C tumors are hypermethylated, 
of which six show statistically significant (P < 0.05) negative cor-
relations with expression upon linear regression. This was primarily 
due to a single MenG C tumor with a unique, marked cytogenetic 
loss at the gene locus; exclusion of this sample left only one SFRP1 
promoter with a statistically significant negative correlation, as 
opposed to 10 promoters with a significant positive correlation. It is 
possible that hypermethylation of this specific promoter site could 
be silencing this gene, but the overall picture of promoter hyper-
methylation for SFRP1 seems to be the opposite within our data. 
Interactions between the epigenome and transcriptome therefore 
cannot be assumed but must be rigorously explored, one gene 
at a time.

As we were finalizing this manuscript, Nassiri et al. (36) pub-
lished comprehensive profiling of 124 meningiomas and defined 
four molecular groups with cluster-of-cluster assignments using 
CNV derived from WES, DNA methylation profiling, and mRNA 
sequencing. As far as we can tell (the data are not accessible), 
these groups are identical to ours [this study and (17)]; their molecu-
lar group 1 (immunogenic) corresponds to our MenG B, their 
molecular group 2 (benign NF2 wild type) to our MenG A, and 
their molecular group 3 (hypermetabolic) and group 4 (proliferative) 
to our MenG C. Half their cohort were either WHO grade II (35%) 
or grade III (16%) tumors, most likely recurrences, which allowed 
them to distinguish two subtypes of our MenG C as we did and much 
like three high-risk groups of Sahm et al. (14). We suspect that the 
“proliferative” tumors identified by Nassiri et al. (36) arise from the 
“hypermetabolic” group, with the accumulation of more CNVs due 
to their inherent genomic instability. Last but not least, Nassiri et al. 
(36) find their proliferative tumors respond to vorinostat, which is 
consistent with our previous work showing that histone deacetylase 
inhibitors prolong survival in a patient-derived orthotopic xenograft 
(PDOX) model of type C meningioma (38).

The identification of these remarkably similar molecular groups of 
meningiomas by multiple teams, using completely independent 
datasets and parallel but different approaches, strongly supports 
our contention that there are three primary biological classes of 
meningioma. Greater public availability of data and collaboration 
between groups would substantially increase the sample sizes for 
validation studies. This would likely best be accomplished by a 



Bayley et al., Sci. Adv. 8, eabm6247 (2022)     2 February 2022

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

10 of 15

multicenter study using a consistent genomics pipeline. Larger 
cohorts numbering in the thousands would be necessary to capture 
rarities such as primary grade III tumors, but validation cohorts of 
completely resected tumors with long-term outcome data are likely 
within reach and would more accurately define the prognoses of 
MenG A and MenG B, as there are few recurrences among these 
groups. Comparisons of multiple types of data should allow the 
field to determine the most efficient means to identify these groups 
in a clinical setting. Cytogenetic analysis of Chr 1p and Chr 22q 
would be low cost and readily translatable to clinical practice. As we 
were preparing this work, two new studies demonstrated that 
cytogenetic data, particularly loss of Chr 1p, significantly improves 
prognostication when integrated with WHO histopathologic grade 
(34, 35). Even this simple step, as we previously proposed (17), 
would increase the likelihood of detecting supposedly benign 
meningiomas with a high rate of recurrence despite complete resec-
tion. Equally important, our molecular groups could help avoid 
unnecessary treatment in patients with a low risk of recurrence 
(MenG A or MenG B).

MATERIALS AND METHODS
Study design
The objective of this study was to compare our previously published 
molecular classification of meningiomas (17) to clusters obtained 
from DNA methylation profiling. We had hypothesized significant 
overlap between these groupings but had no estimate of how closely 
they would align; therefore, statistical power and sample sizes were 
not computed. We did not have a comprehensively profiled cohort 
to validate our complete methodology, but we used publicly avail-
able DNA methylation data (22) to validate our DNA methylation 
classification.

Sample selection and preparation
Tumor samples consisted of fresh-frozen tissue from 110 primary 
meningiomas in 108 patients treated at Baylor College of Medicine 
(BCM). Of those samples, 101 were included in the previously 
published cohort for our molecular classification (17). All patients 
provided written informed consent, and tumor tissues were collected 
under an institutional review board (IRB)–approved protocol at 
BCM by the Human Tissue Acquisition and Pathology Core (protocol 
H-14435). As previously described (17), all meningiomas were 
reviewed by a board-certified neuropathologist before sample 
preparation and graded according the 2016 WHO guidelines. Using 
representative fresh-frozen blocks with an estimated purity of ≥95%, 
DNA and RNA extraction was performed on 20 to 30 mg of tumor 
tissue using TRIzol (Thermo Fisher Scientific) according to the 
manufacturer’s protocol.

Patient data review
In accordance with our IRB-approved protocol, we reviewed the 
following data: patient age at surgery, sex, race, tumor size, tumor 
location, preoperative embolization, extent of resection, histologic 
grade, MIB-1 index, and presence of brain invasion. Diagnostic 
imaging was rereviewed to define tumor location, extent of resection, 
and presence/date of local recurrence. Local recurrence after gross 
total resection was defined as local development of any contrast 
enhancement on subsequent brain imaging, while recurrence fol-
lowing subtotal resection was defined as any measurable growth of 

residual tumor. We included only primary meningiomas in our 
sample, reasoning that having several recurrences of the same tumor 
would give that tumor too much weight in the classifier. Histologi-
cally, 90 tumors were WHO grade I, 20 were WHO grade II, and 
none were WHO grade III (the vast majority of grade III tumors are 
recurrences). One patient had a history of childhood radiation, and 
she featured two distinct meningiomas (sphenoid wing and petro-
clival), both of which were included in this analysis. A detailed 
summary of clinical information is available in table S5.

DNA methylation extraction and processing
We used the Illumina 850K EPIC BeadChip to conduct DNA methyl-
ation analysis on extracted tumor DNA, as per the manufacturer’s 
instructions at the Génome Québec Innovation Centre (Montreal, 
Canada). We quantified DNA with Picogreen and used 500 ng for 
DNA bisulfite treatment. DNA was amplified for 20 to 24 hours at 
37°C and then hybridized for 16 to 20 hours at 48°C. Arrays were 
scanned using Illumina iScan with the Methylation NXT setting. 
We analyzed methylation data with GenomeStudio v2011.1 and 
Methylation module 1.9.0.

We imported, processed, and normalized the methylation raw 
data (.idat files) using the Chip Analysis Methylation Pipeline 
(ChAMP) R package (39), which uses the minfi package (40, 41) to 
load the data. Probes were filtered out if they failed to hybridize 
(detection P > 0.01), had <3 beads in 5% of samples, were not at 
CpG sites, were defined as multihit probes, were located on sex 
Chrs, or were associated with single-nucleotide polymorphisms 
(42). We assessed sample quality and determined that none war-
ranted exclusion. The  values were calculated and normalized using 
the BMIQ (Beta MIxture Quantile dilation) method (43). We per-
formed singular value decomposition (SVD) analysis to look for 
batch effects but found none that warranted correction (44). In a 
separate analysis to evaluate the robustness of our epigenetic types 
to a different processing method, we processed the raw methylation 
data with the SeSAMe package (45) using default settings.

Whole-exome RNA-seq extraction and processing
WES had been performed as previously described (17) and was 
available for 90 samples. In 101 samples, RNA-seq had been per-
formed as previously described using the Illumina platform. We 
obtained RNA-seq data for the remaining nine tumors from 
Tempus, which entailed sending tumor samples along with saliva 
for processing according to their protocol (46).

Bioinformatic analyses for methylation data
To ensure that our methylation clusters were not dependent on 
either the algorithm or the set of CpG probes used to derive them, 
we used two different algorithms and two different sets of probes. 
For algorithms, we used NMF using the NMF package (47) and also 
k-means clustering using the ConsensusClusterPlus package (48), 
both with default settings. Regarding our different probe sets, we 
sorted all probes in order of decreasing overall variance to select 
both a “small” and a “large” set of most variably methylated probes. 
For the small set, rather than choose an arbitrary number of probes, 
we used the condition number of the normalized  matrix to 
inform our decision. The condition number is a measure of the 
sensitivity of a function’s output to small changes in the input, and 
a well-conditioned matrix (low condition number) is more stable to 
small perturbations in its input. The kappa function from base R 
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(version 4.0.3) was applied to the  matrix with an increasing 
number of probes, demonstrating exponential decay of the condi-
tion number as more probes were added. As the curve approached 
its asymptote around 4000, we selected the local minimum from 
3500 to 5000 as our initial number of most variably methylated probes, 
which occurred at 4230 probes. For the large set of probes, we se-
lected the top 10% of most variably methylated probes (n = 73,544).

We used both NMF and k-means clustering as above onto both 
sets of probes, finding three to be the optimal number of clusters in 
all cases (fig. S1B). Moreover, there was high concordance between 
these clusters, as 91% of samples were assigned identically across all 
four analyses (table S1).

We then identified the “methylation signature” of each cluster. 
Samples that did not cluster similarly across our four analyses 
(n = 10) were excluded, and we performed pairwise comparisons 
between each cluster and all other tumors to identify differentially 
methylated probes (DMPs). We identified these DMPs using tumors 
using the champ.DMP function [which uses the limma package 
(49, 50)] with a false discovery rate of 1 × 10−6 and a minimum 
difference in mean  of 0.25. DMPs that appear for multiple clusters 
were excluded, leaving three signatures that were unique to each 
cluster. These signatures comprised 7552 DMPs: 1072 for cluster 1, 
4396 DMPs for cluster 2, and 2084 DMPs for cluster 3. Only 903 
signature probes (12%) were in the small set, while 6985 (93%) were 
in the large set. Therefore, limiting an analysis to only the first few 
thousand most variably methylated probes (as is often done when 
identifying epigenetic groups) seems to exclude a substantial 
number of potentially important sites, while the top 10% captures 
the vast majority.

Having identified these three methylation signatures, we then 
defined our final epigenetic clusters, specifically for those samples 
that had discordant preliminary clusters. We used NMF on all 110 
samples across the methylation signature probes to define our final 
methylation clusters/types.

Given the high rate of large-scale chromosomal losses in our 
cohort, we also processed the raw data using the SeSAMe pipeline 
(45), which accounts for artifacts caused by germline or somatic chro-
mosomal deletions. The raw data were loaded using the openSesame 
function with default settings to generate a  matrix. All analyses 
previously described were performed again to generate Sesame 
methylation clusters, which were 95% concordant (table S1).

To define probes as being hypermethylated or hypomethylated 
for a specific methylation type, we identified the type that featured 
the most divergent mean  value. We did this rather than com-
pare each type mean to the cohort mean so that each probe could 
have only one designation (hypermethylated or hypomethylated for 
a single type). For the analysis of all CpG promoter islands, we re-
moved any probes for which the mean  values for all of the methyl-
ation types were within 0.01 of one another, i.e., probes with highly 
similar methylation levels across all three types. Last, promoter sites 
were defined as those located at “exon start,” “transcription start 
site 200,” and “transcription start site 1500” sites.

We identified DMPs a second time to identify genes featuring 
promoters that were differentially methylated among MenG A, 
MenG B, and MenG C. We again used the champ.DMP function 
with a false discovery rate of 1 × 10−6; this time, however, we used a 
0.1 minimum difference in mean . We aggregated all genes with a 
promoter identified as being differentially methylated for a given 
MenG and removed any genes belonging to multiple groups, thereby 

leaving genes with promoter site(s) differentially methylated in only 
a single MenG. All methylation heatmaps were generated using the 
ComplexHeatmap package (51).

Bioinformatic analyses for RNA-seq data
We processed raw reads from the RNA-seq data with an in-house 
pipeline that uses TopHat2 (RRID:SCR_013035) for read alignment; 
FastQC (RRID:SCR_014583) and RSeQC (RRID:SCR_005275) for 
read and alignment quality assessment; HTSeq (RRID:SCR_005514) 
for expression count; and GATK (RRID:SCR_001876) for variant 
calling. The reads were aligned to GRCh38 Human reference 
genome and mapping to the human transcriptome according to 
UCSC gene annotations. We then normalized the RNA-seq read 
counts for genes, applied a variance stabilizing transformation, and 
identified DEGs using the DESeq2 package (52).

CNV identification
WES had been used to identify CNVs in 90 samples, as previously 
described (17). We also calculated CNVs from DNA methylation 
data using the conumee package (53). For samples with WES data, 
we compared the two sets of CNVs and found strong agreement, 
validating both methods against one another. To identify large-scale 
CNV events, which we defined as involving at least one-third of a 
chromosomal arm, we used the WES-based CNV data if available; 
otherwise, we used the data derived from methylation. These data 
were reviewed independently and separately by two co-authors 
(J.C.B. and A.S.H.).

Analysis of publicly available data arachnoid cell data (23)
We downloaded RNA-seq raw data (fastq files) from the National 
Center for Biotechnology Information (NCBI) Gene Expression 
Omnibus, accession number GSE139651, for the three arachnoid 
granulation samples (AG01, AG02, and AG03) and processed it 
according to the same method as detailed above. Regarding the NF2 
cutoff used to distinguish types in our NF2/CIN classification, we 
defined “NF2 deficient” as being 1 SD below the median of the 
log-transformed expression levels of these three arachnoid granula-
tion cells (median = 11.96, SD = 0.90, cutoff = 11.06).

PLS model creation and classification
We implemented PLS models with the caret package (54) using the 
function train and method “pls.” The independent data consisted of 
the normalized  values of all promoter CpG sites (defined as 
exon start, transcription start site 200, and transcription start site 
1500) and the locus-specific relative CNV inferred from WES data, 
while the dependent data were the variance-transformed (log-scale) 
RNA-seq counts. The relevant characteristics of each model were 
the R2 and the ViP scores. The ViP is based on the regression 
coefficients weighted by the reduction in the residual sum of 
squares, signifying the relative importance of each covariate to the 
model, and is scaled so that the highest ranked covariate has a 
score of 100.

To establish a baseline distribution of R2 values, we modeled all 
genes for which the necessary data were available. We then classi-
fied models as being highly accurate if the R2 value was more than 
two SDs greater than the median (>0.29). These highly accurate 
models were further classified as being associated primarily with 
methylation, CNV, or both, depending on the relative ViP scores 
(fig. S3B).
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Any covariates with a ViP score greater than 90 were considered 
a possible “driver” of the model; however, a PLS model evaluates 
only the presence of a correlation and not the direction of that 
correlation. Therefore, we checked for the appropriate direction 
of correlation between a covariate with a ViP of >90 and gene 
expression—positive in the case of CNV (since copy number loss/
gain is expected to lead to down-/up-regulation, respectively) and 
negative in the case of promoter methylation (since hypermethyla-
tion is expected to lead to down-regulation)—by performing linear 
regression between that covariate and the transformed counts data. 
Of the 464 genes for which CNV featured a R2 above the cutoff, only 1 
(0.22%) featured a correlation opposite to what we expected. Of 
the 786 promoter sites featuring a R2 above the cutoff, 69 (8.8%) 
featured the correlation opposite to what we expected.

Last, models were classified as being driven by CNV, methyla-
tion, or both based on the classifications of all identified drivers of 
that model (Table 2). A model was deemed “CNV-driven” (n = 446) 
if CNV was the only driver of the model and the correlation was in 
the expected direction. A model was “methylation-driven” (n = 690) 
if promoter sites were the only drivers of the model and all featured 
the expected direction of correlation. Models were “both-driven” 
(n = 17) if both CNV and promoter sites formed strong correla-
tions, all in the expected directions. Only models classified as one of 
these three types were considered highly accurate. Models with a 
correlation opposite from expectation were classified as “CNV- 
opposite” (n = 1) or “methylation-opposite” (n = 60). Last, there 
were 19 models that featured promoter sites with both the expected 
and opposite directions of correlation, and these were classified as 
“mixed drivers.” Details for the model results, classifications,  
values, mean group expression values, and correlations are avail-
able in table S8.

As this is a novel approach, we had no previous guidance for the 
selection of the R2 or ViP cutoffs. We therefore performed multiple 
analyses, varying the values of both parameters. We found 
that the relative proportions of each type of model (highly accurate, 
methylation-driven, and CNV-driven) remained similar and that 
the conclusions of our analyses were robust to changes in these values.

Analysis of publicly available data from the Heidelberg  
CNS tumor classifier (22)
DNA methylation raw data (.idat files) were downloaded from the 
NCBI Gene Expression Omnibus, accession number GSE109381. 
We identified all tumors diagnosed as meningiomas from this 
cohort (n = 144 of 3905) and processed their raw data with the 
ChAMP pipeline as described above. As these samples were ana-
lyzed using the Illumina 450K array (as opposed to the EPIC 850K 
array for our samples), the two datasets had only 3573 of the 7552 
methylation signature probes in common. We used this shared 
subset as the methylation signature for this analysis. We performed 
t-distributed stochastic neighbor embedding (t-SNE) across the 
signature probes for the Heidelberg samples combined with our 
own using the Rtsne package (55). We then performed NMF using 
default settings among the Heidelberg samples across the signature 
probes, finding three groups to be optimal. Last, we trained a 
random forest model (base R function randomForest) across the 
signature probes using our cohort and their methylation types. We 
applied this model to the Heidelberg samples, finding that the 
assignments were highly concordant with the clusters generated by 
NMF of the Heidelberg samples alone (table S3).

Utilization of DNA methylation probe sets  
from Olar et al. (13)
We downloaded the list of probes (n = 283) from the online supple-
mentary materials and found that 277 of them were included in our 
processed data. To determine what relative prognosis a probe 
conferred for each methylation type, we compared the mean  value 
of a given type to the mean of all other tumors. If the mean  value 
of a favorable probe (MM-FAV) was greater for that group (hyper-
methylated), it conferred a favorable prognosis; if the mean  value 
was less for that group (hypomethylated), it conferred an unfavorable 
prognosis. For unfavorable probes (MM- UNFAV), on the other hand, 
a greater mean  value conferred an unfavorable prognosis, and a 
lower mean  value conferred a favorable prognosis.

Analysis of data from Viaene et al. (30)
After receiving permission and access from the authors, we down-
loaded the raw data (FASTQ files) from CAVATICA of the Center 
for Data Driven Discovery in Biomedicine at the Children’s Hospital 
of Philadelphia Research Institute. We combined these files with the 
raw data from our samples and processed this cohort as stated 
above for our cohort. Because there was only RNA-seq data, we 
applied the transcriptional classifier from our prior study to these 
outside samples to assign their transcriptional type and their presumed 
MenG. We generated the heatmap using the ComplexHeatmap 
package (51) over the 1000 genes with the greatest variance in 
expression; we used the default settings of the built-in unsupervised 
hierarchical clustering algorithm to cluster the samples.

Analysis of publicly available data from Magill et al. (33)
We downloaded DNA methylation raw data (.idat files) from the 
NCBI Gene Expression Omnibus, accession number GSE151067. 
We combined these files with our own raw data and processed them 
with the ChAMP pipeline as described above. No samples were of 
low quality to warrant exclusion, and no significant batch effects 
were seen to warrant correction. We also downloaded the RNA-seq 
raw data in the form of raw counts from the NCBI Gene Expression 
Omnibus, accession number GSE151921. We combined these data 
with the raw counts from our own samples and then normalized 
and variance-transformed the data with the DESeq2 package (52).

When we reviewed the DNA methylation, RNA-seq, and cytogenetic 
profile of samples from their M2 tumor, we found it to be sui generis 
in all modalities. We therefore uploaded the data to Heidelberg CNS 
tumor methylation classifier (22) at https://molecularneuropathology.
org/mnp. While the samples scored higher for meningioma than 
other tumor types, none of the samples were matched to meningioma, 
and only two could even be matched to the tumor family containing 
meningioma (table S7). One of the samples, M2-5, was matched by 
the classifier to “control tissue, hemispheric cortex,” suggesting that 
stereotactic biopsy sampled adjacent brain tissue. Given these ab-
normal findings for M2, we uploaded all other samples to the 
classifier as well. Of the 82 such samples, 76 (93%) were matched to 
meningioma. One tumor, M6, featured four of the nonmatched 
samples; these all featured relatively high scores for meningioma 
that did not meet the matching criteria. The remaining two non-
matched samples, both from M7, did not appear to be good menin-
gioma samples. One sample, M7-1, matched to “control tissue, 
inflammatory tumor microenvironment,” while the other, M7-3, 
featured equal scores between that diagnosis and meningioma. We 
therefore removed these two samples from our analysis. Notably, 

https://molecularneuropathology.org/mnp
https://molecularneuropathology.org/mnp
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these two samples were most divergent among M7, and their exclu-
sion significantly reduces the dispersion (and therefore heterogeneity) 
of M7 on the DNA methylation PCA. In the analysis by Magill et al. 
(33), M7 featured the second-highest degree of heterogeneity for 
DNA methylation, and this finding appears to have been exaggerated 
by these two samples, although their conclusion of increased hetero-
geneity still stands when these samples are excluded.

To classify the epigenetic types of these samples, we first trained a 
random forest model (base R function randomForest) across the methyl-
ation signature probes using our samples and their methylation 
types and then applied this model to the samples from Magill et al. 
(33), to define their methylation types. To classify these samples 
transcriptionally, we applied the classifier (also a random forest 
model) from our prior study (17) to the processed RNA-seq data. 
CNV data were derived from DNA methylation using the conumee 
package (53) to classify the samples by chromosomal and NF2/
instability (in conjunction with NF2 expression data). For fig. S4A, 
we used k-means clustering with k = 5 using the ConsensusClusterPlus 
package (48) to define clusters and organize the dendrogram.

Statistical analyses
All statistical analyses were performed in R (version 4.0.3); RFS 
analysis and subsequent survival data visualization used the survival 
and survminer packages (56, 57). Analysis of variance (ANOVA) 
and the chi-square test were used to compare clinical variables 
between groups, while the chi-square test was used to compare the 
proportions of PLS model types. For all analyses, we considered a 
P < 0.05 to be significant.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abm6247

View/request a protocol for this paper from Bio-protocol.
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