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Abstract

Background. Accurate CNS tumor diagnosis can be challenging, and methylation profiling can serve as an adjunct
to classify diagnostically difficult cases.

Methods. An integrated diagnostic approach was employed for a consecutive series of 1258 surgical neuropa-
thology samples obtained primarily in a consultation practice over 2-year period. DNA methylation profiling and
classification using the DKFZ/Heidelberg CNS tumor classifier was performed, as well as unsupervised analyses of
methylation data. Ancillary testing, where relevant, was performed.

Results. Among the received cases in consultation, a high-confidence methylation classifier score (>0.84) was
reached in 66.4% of cases. The classifier impacted the diagnosis in 46.7% of these high-confidence classifier
score cases, including a substantially new diagnosis in 26.9% cases. Among the 289 cases received with only
a descriptive diagnosis, methylation was able to resolve approximately half (144, 49.8%) with high-confidence
scores. Additional methods were able to resolve diagnostic uncertainty in 41.6% of the low-score cases. Tumor
purity was significantly associated with classifier score (P = 1.15e-11). Deconvolution demonstrated that sus-
pected glioblastomas (GBMs) matching as control/inflammatory brain tissue could be resolved into GBM meth-
ylation profiles, which provided a proof-of-concept approach to resolve tumor classification in the setting of low
tumor purity.

Conclusions. This work assesses the impact of a methylation classifier and additional methods in a consulta-
tive practice by defining the proportions with concordant vs change in diagnosis in a set of diagnostically chal-
lenging CNS tumors. We address approaches to low-confidence scores and confounding issues of low tumor
purity.
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. The methylation classifier has an impact on the diagnosis on a substantial
proportion of cases received in a consultation practice, especially with the

confidence score is high.

. We describe the use of additional methods to resolve a substantial proportion of
low-confidence-score cases.

. We provide a proof-of-concept using deconvolution to classify low tumor-purity

samples.

Importance of the Study

Precision and accuracy are longstanding goals of CNS
tumor diagnostics. The DKFZ/Heidelberg CNS tumor meth-
ylation classifier contributes to these goals, but more ex-
perience is required to understand its impact. We utilized
the classifier and integrated diagnosis on a large cohort
of >1000 cases, most of which were received from out-
side consultation for the purpose of methylation. The re-
sultant integrated diagnosis was changed in 39% of these
cases. The methylation classifier, however, does not reach
high-confidence score (>0.84) on approximately one-third

Appropriate treatment for patients with central nervous
system (CNS) tumors ultimately depends on accurate di-
agnosis. Traditional diagnosis is based on histology and
advanced by molecular markers including point mutation,
gene fusion, copy number variation (CNV), and other ge-
nomic alterations. Epigenetic profiling, especially DNA
methylation arrays, is innovative in classifying both tissue-
of-origin™* and tumor epigenetic phenotypes present in
IDH-mutant (IDHmut) gliomas.®

In practical use, diagnostic interpretation of the DKFZ/
Heidelberg DNA methylation-based classifier is based on
determination of a class along with the calibrated score,
where a high score (>0.90 or >0.84 as reported cutoffs) is
indicative of high confidence.®” However, high-confidence
scores are achieved in only 50%-70% in real-world
studies.”® These studies also pointed to the utility of the
methylation classifier to confirm, refine, and at times to
substantially change diagnoses that were made based on
histologic examination alone, while also highlighting chal-
lenges when the classifier confidence scores are below the
cutoff. In addition to technical reasons, such as low-quality
DNA, several reasons for low classifier scores exist: (1) the
tumor type under question may not be represented in the
classifier; (2) the tumor type may exist in the classifier but
is an outlier at the boundary of the classifier, due to insuf-
ficient machine learning power or sample diversity; or (3)
the tumor tissue may be in low tumor purity and was dom-
inated by nonneoplastic tissues. Such cases may benefit

of cases, and we describe the use of additional methods
to resolve 41.6% of these low-score cases. In addition,
we identified tumor purity correlated with deceased per-
formance of the methylation classifier and provided a
proof-of-concept by using deconvolution to resolve of
methylation profile in low purity. We identified 2 candidate
novel tumor subtypes: a DMG-K27 subtype and an RB1
loss glioma class. Our experience provides a needed and
practical guide toward the impact and future use of the
methylation classifier in routine CNS tumor diagnostics.

from methods that are complementary and orthogonal to
the classifier, such as unsupervised analyses, and identi-
fication of orthogonal tumor type-specific genomic alter-
ations or immunohistochemical findings.

Here we evaluate the impact of the methylation classi-
fier on CNS tumor diagnosis in 1258 CNS tumor cases, of
which 1045 were received for consultation from outside
institutions. Specific cases were analyzed by additional
methods using nearest-neighbors assisted unsupervised
analysis, CNV analysis, immunohistochemistry (IHC), or
targeted DNA sequencing for further characterization,
especially for more challenging cases as surrogate in di-
agnosis. We explored the potential factors associated
with variation in classifier scores. We pay particular at-
tention to the patterns of diagnostic changes as a result
of the methylation classifier, as well as the relationships
of tumor purity, classifier score, and diagnostic classifi-
cation. Unsupervised analysis was performed to explore
candidate new tumor types.

I
Materials and Methods

Patient Sample Collection

Patient materials and clinical data of the evaluated co-
hort (n = 1258) were collected from outside institutions



(n = 1045) and consultation cases internal to the National
Cancer Institute (NCI, n = 213). Appropriate institutional
review board approval was obtained with a waiver of in-
formed consent. Histological slides were evaluated to es-
timate tumor content and classification according to the
current WHO criteria. Areas with highest tumor cell content
(>60% when possible) were marked and used for further
DNA extraction.

Molecular Profiling

Immunohistochemical staining and sequencing analyses
were performed according to standard methods appro-
priate for clinical testing. Methylation profiling was per-
formed as previously described.’® The DKFZ/Heidelberg
classifier was used and generated tumor classification with
a calibrated score and CNV plot. Details are indicated in the
Supplementary Information.

Unsupervised Analysis and Methylation Nearest-
Neighbor Analysis

We performed t-distributed stochastic neighbor
embedding (t-SNE)™ and uniform manifold approxima-
tion and projection (UMAP) using additional R code by
integrating the Capper et al reference raw methylation
IDAT files (n = 2801)¢ and consultative cases. In order to
measure the distance of consultation cases to reference
tumor entities, we queried methylation nearest-neighbors
in the reference data using PC distance. To interrogate the
distance of a new case to the reference entities, 15 neigh-
bors were first retrieved, and distance thresholds were
applied as detailed in Supplementary Information. We in-
tegrated the classifier result and our additional methyla-
tion analysis in an R pipeline which generates an HTML
report for every case with all the described analyses (an
example in Supplementary Figure S1). The code is avail-
able by request.

Table 1

Classifier Score
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Integrated Diagnosis

An integrated diagnosis for tumor cases was rendered by
neuropathologists (K.A., M.Q., and D.P) during consensus
conference to facilitate diagnosis.'? Details, as well as a de-
scription of unsupervised analyses and tumor purity esti-
mation, are described in Supplementary Tables S1 and S2
and Supplementary Information.

Tumor Impurity Adjustment

To deconvolve bulk tumor methylation profile for gliomas,
we estimated cell fractions using methylCIBERSORT"
using a signature derived from public profiles of
high-grade glioma, H3-K27M-mutant cell lines, and
nonneoplastic cell lines including glia, neurons, neu-
trophils, B- and T cells, NK cells, monocytes, and endo-
thelial cells (Supplementary Table S3; Supplementary
Information). Adjustment of methylation beta values was
performed using InfiniumPurify R package.'* Highly vari-
able probes (SD > 0.23 for both unadjusted and adjusted
datasets) were used for t-SNE analysis.

Results

Integrated Diagnosis for CNS Tumor in a
Consultative Practice

We evaluated a consecutive series of 1258 surgical neuro-
pathology cases in a predominantly consultative practice
in the period between 2018 and 2020, of which 1045 were
received from outside institutions for consultation. We fo-
cused on these 1045 cases and found that approximately
2/3 of the cases received a high-confidence score (>0.84),
a proportion similar to previously reported studies.®%1
Within this subset of cases with high-confidence scores, we
compared the integrated diagnosis with the pre-classifier
impression.The results are summarized as (A) concordant/

Summary of Classifier Score and Change in Diagnosis on 1045 Consultation Cases

Final vs Initial Diagnosis

1A >0.84 Concordant

1B Concordant, subtyped
1C New diagnosis

1D Descriptive

2A 0.3-0.84 Concordant

2B Concordant, subtyped
2C New diagnosis

2D Descriptive

3A <0.3 Concordant

3B Concordant, subtyped
3C New diagnosis

3D Descriptive

Number % Within-score % Total
369 53.2 35.3
137 19.7 13.1
187 26.9 17.9
1 0.1 0.1
65 30.1 6.2
25 11.6 2.4
53 245 5.1
73 33.8 7.0
31 23.0 3.0
2.2 0.3
5.9 0.8
93 68.9 8.9

Cases are grouped into 3 classifier score categories (>0.84, 0.3-0.84, and <0.3) and 4 categories of impact (A-D) as indicated.
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unchanged; (B) concordant/subtype determined; (C) new/
changed diagnoses; or (D) descriptive diagnoses (Table 1).
Overall, approximately half (53.2%) of the results were con-
cordant/unchanged. Considering the cases where methyla-
tion had an impact on the diagnosis, in 19.7% of cases in
the total cohort, the methylation classifier was consistent
with the original histopathological diagnosis but pro-
vided additional, clinically relevant subtyping informa-
tion. Importantly, a new diagnosis was made in 26.9% of
the cases as a result of the classifier. Patterns of change

between the original (“pre-classifier”) diagnosis and post-
classifier/integrated diagnosis for cases with high classifier
scores are shown in Figure 1, where Figure 1b indicates
the proportion and type of change in diagnosis (if any), and
Figure 1c and Supplementary Table S4 provide a detailed
view of the pre-classifier impression, methylation classifi-
cation, and integrated diagnosis for high-confidence score
cases. For cases that received suggestive (<0.84 and >0.30)
and “no-match” (<0.30) scores, the classifier was contribu-
tory, but to a lesser extent, as a definitive diagnosis could
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Fig.1 Impact of methylation classifier on CNS tumor diagnosis. (a) The impact of methylation profiling on 694 high-score referral cases is shown
proportionally as: Diagnostic confirmation (light green); Refined diagnosis (light blue); New diagnosis (purple); and Disregarded (red). (b) Impact of
the classifier across different histopathologically diagnosed tumor types. From top to bottom: 9 atypical teratoid/rhabdoid tumors (ATRT), 9 K27M
mutated diffuse midline gliomas (DMG-K27), 98 IDH-mutant gliomas (IDHmut), 44 meningiomas (MNG), 160 glioblastomas (GBM) or GBM-NOS, 9
pleomorphic xanthoastrocytomas (PXA), 41 less common tumors (Others, other tumors with <6 samples in this cohort), 18 pilocytic astrocytomas
(LGG-PA), 112 WHO grade 2-3 ependymomas (EPN, grade 2-3), 50 medulloblastoma-NOS (MB-NQS), and 144 unclassified neoplasm. (c) Sankey
diagram illustrating the diagnosis of the high-score cases. From left to right are pre-classifier diagnosis, methylation classification, and final inte-
grated diagnosis. Lines are colored by classifier impact. (d) Venn diagram showing the utilization of additional methods used for GBM diagnosis.
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be less frequently achieved in these situations (66.2% and
31.1%, respectively, Table 1).

We examined the impact of the classifier across dif-
ferent histologically diagnosed tumor types (Figure 1b
and c), where we observed distinct patterns based on the
initial histologic (pre-classifier) impression. First, some
pre-classifier diagnostic classes (ATRT, DMG-K27, IDHmut
gliomas, and meningiomas) were as a group, largely
confirmed by methylation, and a diagnostic change was
rarely found in these cases. As one example, a diagnostic
change of pre-classifier “IDHmut astrocytoma” to glio-
blastoma (GBM) (IDH wildtype) was observed on case
#V587, where such change was firstly induced by the clas-
sifier with high confidence and supported by additional
analyses (Supplementary Figure S2). Second, in some
pre-classifier diagnostic classes, methylation was largely
confirmatory but also resulted in a proportion of new diag-
noses, including GBM/GBM-NOS, PXA, and LGG-PA.Third,
the impact of the classifier on histologically diagnosed
ependymoma and medulloblastoma was primarily by di-
agnostic refinement/subtyping. Last and importantly, a
large proportion of cases (n = 289) were received without a
definitive diagnosis. These were received with descriptive
histologic diagnoses (eg, “glioma, NOS’ “glioneuronal
tumor’; “embryonal tumor”) in which definitive diagnoses
were not rendered on the contributing pathology report.
The classifier gave high classifier scores in 144 (49.8%)
of these cases (Figure 1b). As seen in Figure 1c, these 144
cases were resolved into a large variety of entities, which
included high-grade tumors (medulloblastoma, grade 4
diffuse gliomas) as well and lower grade circumscribed
glial/glioneuronal entities (eg, LGG-PA, PXA) and IDHmut
gliomas, highlighting the utility of methylation classifier in
resolving highly challenging cases. Details are described in
Supplementary Information and Supplementary Table S4.

Practical Integrated Diagnosis for Histologically
Diagnosed GBMs

To illustrate the diagnostic procedure and role of meth-
ylation profiling on a common CNS tumor type, we de-
tail our integrated diagnostic experience on GBM, the
most common adult intrinsic CNS tumor. Two hundred
thirty-nine cases were initially designated as GBM (GBM-
IDH-wt) or GBM-NOS (GBM without IDH status speci-
fied) by the submitting institution prior to methylation.
The classifier gave high-score (>0.84) classifications to
66.9% (n = 160) of these cases, with diagnostic confirma-
tion of GBM-IDH-wt in 90.6% (n = 145) of these 160 cases
(Figure 1b and c). We used additional methods to interro-
gate the diagnosis of the 15 cases which received a high
score for a classification other than GBM and were able
to confirm these changes: 6 cases of DMG-K27 (H3-K27M-
mutated), 4 IDHmut astrocytoma (/DH7-mutated), 2
ANA-PXA (CDKN2A/B loss was identified in both cases;
BRAF-V600E mutation was identified in one case), and
single cases of GBM-G34 (supportive by H3 G34-mutant-
specific IHC) ANA-PA (supported by classifier score and the
copy number result) and HGNET-BCOR. Thus, among pre-
classifier histopathologically diagnosed GBMs which re-
ceived high classifier scores, most (~90%) were confirmed
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as GBM, but the remaining 10% were found to be alterna-
tive entities by the methylation classifier.

We then turned our attention to the 79 pre-classifier
“GBM” cases that did not receive a high classifier score,
where 19.6% (n = 47) received a suggestive (<0.84 and
>0.3) score and 13.4% (n = 32) cases received a no-match
(<0.3) score. Additional methods were used to interrogate
these 79 cases and a final diagnosis of GBM was given to
70.9% (n = 56) of these. Specifically, unsupervised analysis
showed co-embedding with GBM tumors in some cases
(n =19). Others showed the canonical chromosome 7 gain
and 10 loss (+7/-10, n = 29) common to adult GBM and/
or TERT promoter mutation (n = 42) which supported the
diagnosis of GBM. Interestingly, 43.3% (n = 23) cases were
supported by only one of the three methods (Figure 1d).
Nine other cases that received low scores were diagnosed
as non-GBM tumors after interrogation, and the remainder
received a descriptive diagnosis. Overall, the results in-
dicate a substantial contribution of the methylation clas-
sifier, as well as additional methods when necessary, to
histologically diagnosed GBM.

Interrogating Challenging Cases Using
Additional Diagnostic Methods

The methylation classifier provided “suggestive” (0.30-
0.84) score to 20.7% (n = 216) and a “noncontributory”
(<0.3) score to 12.9% (n = 135) of the cases. Additional
methods were employed where possible and enabled de-
finitive diagnoses to be rendered for 41.6% (n = 146) of
these cases. When compared to the original histologies
diagnosis, the impact of methylation was (1) diagnostic
confirmation in 78 cases; (2) diagnostic refinement/
subtyping in 26 cases; and (3) a new/changed diagnosis
in 42 cases. For such cases without high-confidence
classifier scores, unsupervised analysis/dimension re-
duction of methylation profiles assisted in resolving a
diagnosis for 76 cases. While we found individual cases
near specific groups in the t-SNE analysis (Figure 2a), it
is known that the displayed distance between samples
on the t-SNE plot is not necessarily proportional to their
similarity. To address this, we therefore incorporated
nearest-neighbors to assist the unsupervised analysis.
In one example, case #Q727 was initially diagnosed as
pilocytic astrocytoma (LGG-PA) by histopathology, and
the methylation classifier gave classification as “LGG-PA
posterior fossa” (LGG-PA-PF) but with a score of 0.73.
We found this case to be located near the border of LGG-
PA-PF group on the t-SNE (Figure 2b). The 15 neighbors
for this case in the reference cohort all passed the dis-
tance threshold and belong to LGG-PA-PF or LGG-PA-MID
which increased the confidence in determination of these
samples as LGG-PA. A second case (#P644) was initially
diagnosed as ependymoma, and methylation suggested
it as ependymoma-SPINE with a score of 0.52. This case
was embedded with ependymoma-SPINE in UMAP (not
shown) and located near the ependymoma-SPINE group
on t-SNE (Figure 2c). All of the top 15 nearest-neighbors
for this case were ependymoma-SPINE, which supported
a diagnosis of ependymoma, spinal subtype. In addition,
for tumor entities that were not present in the classifier
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Fig. 2 Nearest-neighbor assisted unsupervised interrogation of the current cohort cases. (a) T-distributed stochastic neighbor embedding
(t-SNE) analysis of in-house 1258 cases together projected on Capper et al. 2801 samples (reference set). Reference tumors are shown in gray
dots, the 1258 consultative cases are colored by final integrated diagnosis of tumor entities and shaped by their classifier scores: high-confidence
scores >0.84 (square), suggestive scores between 0.3 and 0.84 (triangle), and not contributary scores <0.3 (cross). (b—d) Case study of low classi-
fication score cases Q727 (b) and P644 (c) as well as tumor of a class that is absent from the classifier: spinal ependymoma with MYCN amplifi-

cation (SP-EPN-MYCN) (d).

such as the recently discovered spinal ependymoma with
MYCN amplification (SP-EPN-MYCN) subtype, nearest-
neighbor, and t-SNE analyses could not map the tumors
into a specific entity group in the reference data. t-SNE
analysis showed that SP-EPN-MYCN tumors located as
an independent group in an open space region (Figure
2d) and interestingly nearest-neighbor frequently iden-
tified a few GBM-MYCN as nearest-neighbors in the
reference data. Methylation array-based CNV analysis
identified high level of MYCN amplification for all these
ependymomas as a strong evidence for their defining di-
agnosis. As an additional method to resolve low-score
cases, we used orthogonal data, including CNV and muta-
tion analysis, which identified definitive/supportive muta-
tions for 106 cases (SupplementaryTables S1 and S2). For
example, CNV of +7/-10 provided supportive information
for diagnosis of 37 GBMs, and 1p/19q co-deletion derived
from the arrays provided the required information for the
diagnosis of 48 IDHmut oligodendrogliomas.

Unsupervised Analysis Identifies Potential New
Tumor Subtypes

To evaluate the role of unsupervised analysis identifies for
new tumor subtype determination, we projected our 1258
methylation cases on the DKFZ reference dataset using
t-SNE (Figure 2a). Most of the diagnostically resolved cases
co-embedded with known specific entities in the refer-
ence set, suggesting overall, that our external dataset was

comparable to the reference set. That said, we did observe
that some entities (eg, IDHmut gliomas and GBMs) did
not always overlap with the reference set, most likely be-
cause of technical issues (eg, batch effects) (Supplementary
Figure S3) and real-world tumor heterogeneity. The recently
discovered new entity SP-EPN-MYCN formed a single
group. Several GBM-MYCN samples are co-localized with
SP-EPN-MYCN (Figure 2a) suggesting similar methylation
profiles of a subset of MYCN-activated CNS tumors.

The methylation class DMG-K27 was found to separate
into 2 groups (Figure 3a): one co-embedded with the ref-
erence DMG-K27 tumors (classic DMG-K27), and a new
group near ANA-PA (AP-like DMG-K27).The classifier scores
for the 2 groups were both high, except for several AP-like
DMG-K27 cases (Figure 3b). To further explore their rela-
tionship, we clustered these cases with 18 ANA-PAs using
unsupervised hierarchical clustering and also obtained the
2 DMG-K27 clusters (Figure 3c). The methylation profile of
AP-like DMG-K27 was more similar to ANA-PA than classic
DMG-K27 and showed global hypermethylation relative
to classic DMG-K27, suggesting potentially a new tumor
subtype. We then explored the possibility of an additional
tumor entity among a set of cases with low-confidence
scores who received descriptive diagnoses. The t-SNE plot
revealed 3 cases grouped together at the open space (Figure
3a).These patients were male and aged 61 to 69 with “small
round blue cell” histopathology (Figure 3d). CNV analysis
identified loss of tumor suppressor gene RB7in these cases
(Figure 3e), suggesting a possible molecular commonality
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Fig.3 Unsupervised analysis of the methylation-profiled cohort. (a) t-SNE analysis of 1258 methylation-profiled tumor cases colored by final di-
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scale bars on bottom left (e) CNV plots on chromosome 13 revealing the common RB1 loss in Y132, Y217, and Y129.

as a CNS tumor subtype, perhaps linked to prior studies on
RB1-altered GBMs and low-grade glioma.'¢-'8

DNA Input Amount and Tumor Purity

Low DNA input and tumor purity were assessed as factors
related to confidence score. While we aimed for the recom-
mended 250 ng DNA input amount, methylation profiling
was also performed when only a lower amount of DNA was
available. As expected, we observed a significantly lower
mean classifier score for low DNA input (<100 ng) samples
compared with samples of higher DNA amounts (Figure 4a,
P = .03, Student’s t test), suggesting that DNA amount ex-
plained a proportion of diminished methylation performance.

To investigate the impact of tumor purity on classifier
score, we estimated tumor purity using 3 methods derived
from the methylation profiles.'2°We compared these purity
estimations with the variant allele frequency (VAF)-based
tumor purity approximations, using IDH1/2 mutations in
IDHmut gliomas and TERT promoter in GBM. Methylation-
based tumor purity estimation methods were all signifi-
cantly correlated with VAF-based purity (Figure 4b). We then
used purity estimations from RF_Purify-ABSOLUTE method
for downstream analysis, which showed the highest cor
relation with VAF-based purity. As expected, tumor pu-
rity correlated with classifier score in histopathologically
diagnosed GBM (r? = 0.45, P = 1.25e-11) (Figure 4c).To fur-
ther explore this, we analyzed additional well-represented

tumor types and found that cases which received high
scores tended to be higher purity tumors (Figure 4d).

An analysis of variables associated with classifier scores
including tumor purity, tumor type, and DNA amount
showed that tumor purity was most significantly asso-
ciated with classifier score (P = 1.15e-11, generalized lo-
gistic regression). An additional reason for a low score was
that the tumor type in question is not in the DKFZ refer-
ence set used for comparison. Accordingly, we compared
a recently identified subtype of SP-EPN-MYCN,?'-28 which
is not represented in the DKFZ reference set, with other
ependymoma subtypes (which are included in the refer-
ence set). In general, ependymoma subtypes with high
classifier scores were of high purity. As expected, none
of the high purity SP-EPN-MYCN cases received high-
confidence score (Figure 4e). Overall, the analysis demon-
strated that low tumor purity, low DNA starting amount,
and the absence of the corresponding entities (known or
undiscovered entities) in the classifier are the common
reasons for low classifier scores.

In Silico Methylation Purity Adjustment Improves
Classification of Low-Purity Glioma Specimens

We then examined whether purity adjustment of the
methylation profile could improve classification and
diagnostic confidence. For example, GBM tumors
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formed a dispersed group with low-purity cases ad-
mixed with low-grade gliomas in t-SNE analysis (Figure
3a; Supplementary Figure S4). These low-purity GBM
cases received lower classifier scores, which was in
line with the significant association between tumor
purity and classifier score. In a collection of in-house
and previously published GBM and DMG-K27 tumors
(Supplementary Table S3), we observed several tu-
mors co-embedded with inflammatory tissue on t-SNE
(Figure ba), suggesting high immune cell infiltration.
Recent computational methods showed promising re-
sults for deconvolving methylation profile that adjust
the tumor purity to obtain the neoplastic profile.?4?° To
test if tumor purity adjustment could improve methyla-
tion classification, we performed deconvolution for ne-
oplastic samples in Figure 5a. Following methylation
profile deconvolution, the low-purity samples showed
co-embedding with the appropriate tumor types (Figure
5b), which suggested a proof-of-concept method for
improving classification confidence after estimating and
accounting for the nonneoplastic cellular components
from bulk methylation data, upon suspicion of a specific
tumor type.

Discussion

DNA methylation has been demonstrated as tissue/cell-
type-specific and abnormal methylation plays an impor-
tant role in cancer development.”2627 |t has been widely
used in tumor type/subtype classification, prognosis pre-
diction, and biomarker identification. Recent experience
with the CNS tumor classifier has revealed the importance
of this technique in tumor diagnosis and classification.”
However, additional experience is required to better un-
derstand the role of methylation profiling in daily practice,
in the context of an integrated diagnosis. In the present
study, we have integrated DNA methylation profiling for
tumor diagnosis with the implementation of methylation-
based classifier in 1258 CNS tumors, with a focus on diag-
nostically challenging cases.

We assessed the impact of the integrated diagnosis by
comparing the pre-classifier histopathology-based diag-
nosis, methylation classification, and final integrated di-
agnosis by using 4 types of impact and 3 classifier score
categories (high score, suggestive score, and noncon-
tributory score). We found that approximately two-thirds
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of the cases received a high score, a proportion similar
to previous studies.®®' The impact of this process varied
across different tumor types (Figure 1; Supplementary
Table S4). Broadly speaking, among cases received in con-
sultation, this approach was directly confirmatory in ap-
proximately half (53.2%) of the high-score cases (Table 1).
For an additional 19.7% of the high-score cases (mostly
medulloblastomas and ependymomas), methylation pro-
vided additional clinically relevant subtyping informa-
tion. Importantly, the classifier gave high-confidence score
classifications that led to a substantially new diagnosis in
26.9% of the high-score cases. Most of these cases were
received with either a descriptive diagnosis (eg, “glial
neoplasm,” embryonal neoplasm,” or similar) or were
simply received without a histopathological diagnosis,
showing the value of methylation to help classify tumors
that elude definitive diagnosis by conventional means.
Experience from this work provides insights regarding the
types of cases that may specifically benefit from methyl-
ation profiling. For example (Supplementary Table S4),
most (94%) histologically diagnosed meningiomas were
confirmed by methylation without a change in diagnosis,
as were IDHmut gliomas (99%). However, a proportion
that was higher than might have been expected (20%) of
histologically diagnosed GBM cases were changed fol-
lowing methylation profiling. Additional cases that may
benefit from the classifier include histologically diagnosed
PXA and PA as well as those that elude a specific diagnosis
using routine histopathology. Methylation could resolve a

specific diagnosis in approximately half of the cases that
elude a definite diagnosis by current practice standards,
suggesting its value in that clinical setting. Finally, tumors
such as medulloblastoma and ependymoma, while often
confirmed in these categories benefit from the diagnostic
requirement of subtyping that is a component of the meth-
ylation classifier.

Less understood is how to approach cases with “sugges-
tive” scores (0.3-0.84) received from the classifier, which
were observed in 23.2% of cases (n = 242). This issue has
been previously recognized but remains an important
problem in interpretation.8-'9'5 Such cases are challenging
to interpret and the reasons for such scores below the
cutoff cannot always be determined with certainty. One
reason for such scores is due to low tumor content/purity,
although this determination is sometimes difficult using
histopathological interpretation. Other reasons include the
possibility thatthe case in question is not represented in the
reference set. In cases of low classifier scores, supportive
ancillary data (specific mutational profiles, fusions, and/or
stereotypic copy number changes) can lead to a definitive
diagnosis in the right setting. In this work, we endeavored
to use dimension reduction (t-SNE and UMAP) as well
as nearest-neighbor analysis to provide additional diag-
nostic information as an unsupervised approach. Nearest-
neighbor analysis combined with t-SNE/UMAP identifies
reference samples closest to the interrogated sample as
a surrogate for distance measurement and often provided
a clue as to a possible diagnosis, which could then be
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confirmed with additional tests. As a practical matter, the
routine inclusion of UMAP, t-SNE, and nearest-neighbor
analysis provided a platform to evaluate the concordance
of methylation-based classification. While it is difficult to
quantify, we conservatively estimate that UMAP/t-SNE as
well as nearest-neighbor analysis contributed to a defi-
nite diagnosis of a specific tumor entity in 35.2% (n = 76) of
the suggestive-score cases. Additional molecular marker
testing was also used for cases with specific genomic alter-
ations in suspicion. In summary, nearest-neighbor-assisted
unsupervised analysis resolved 76 of 216 outside cases
which received suggestive scores from the classifier, and
together with ancillary molecular testing, 112 cases were
resolved by combining these 2 methods. For cases that re-
ceived noncontributory/no-match scores molecular testing
and/or unsupervised embedding of methylation profiles
provided supportive information (although to a lesser ex-
tent). Overall the results suggest an important role for the
methylation classifier, when placed in context with alter-
native unsupervised methods to examine methylation
data, as well as supportive molecular information when
relevant.

One hundred sixty-nine cases (13.4%) were left unre-
solved and reasons for this, including the high diversity of
CNS tumor types as well as low tumor purity, a common
reason for low classifier score and/or a classifier score of
control/reactive brain tissue. We examined tumor purity
in some detail and found that it was a significant factor
(P = 1.15e-11) that was associated with classifier score
groups (high, suggestive, and low scores). We adjusted for
low tumor purity in a set of suspected high-grade gliomas
that mapped to control/inflammatory tissue in a t-SNE
analysis. Adjustment for inflammatory infiltrated gliomas
using a deconvolution approach correctly embedded
low-purity tumor samples. Though this purity adjustment
required prior knowledge of tumor entity, it provided a
proof-of-concept in accounting for nonneoplastic compo-
nents in bulk methylation profile. Development of a pan-
CNS tumor deconvolution method to address low tumor
purity samples is a goal for future studies and which, if suc-
cessful, could improve diagnostic confidence for tumors
with low purity.

In summary, experience with a large cohort of CNS tu-
mors, primarily referred due to diagnostic difficulty, meth-
ylation profiling and integrated diagnosis led to a new
or refined diagnosis in nearly 40% of the cases where a
high classifier score could be achieved (Table 1). The clas-
sifier was helpful, but to a lesser degree, when scores
were below the 0.84 cutoff. Ancillary and complementary
methods were helpful to resolve a diagnosis, especially
when classifier scores were low. Specific findings in this
study include an estimation of the performance of the
classifier for cases (n = 289) that could not be determined
diagnostically through conventional means, where meth-
ylation was able to diagnostically resolve approximately
half (144/289) of these cases. Additional noteworthy re-
sults included a proportion of histologically diagnosed
GBMs that were reclassified into alternative tumor types
as a result of the classifier, as well as some specific ini-
tial histologic diagnoses (eg, PA and PXA) that were fre-
quently changed following methylation. Based on these
results, we conclude that methylation profiling should be

considered, at minimum, for cases where (1) the diagnosis
is unclear or in question; or (2) there is a need for clin-
ically relevant subtype information (eg, ependymomas,
medulloblastomas). We further show the utility of ad-
ditional analytic techniques in cases of low-confidence
scores and suggest an approach to informatically define a
tumor methylation class in a set of low-purity GBM cases.
Additional work to address tumor purity will likely assist
to understand and resolve some low-confidence score
cases and help to distinguish these from new or rare
tumor entities. While the methylation array incurs a cost,
we believe that this cost is a good value and is comparable
to a potentially large IHC panel that can be performed on
a diagnostically challenging tumor. Additional work and
experience will likely lead to improvements in diagnostics
by methylation, as this modality is increasingly incorpo-
rated into the classification of CNS tumors and into clin-
ical practice.

Supplementary Material

Supplementary material is available at Neuro-Oncology
online.
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