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Abstract 

DNA methylation analysis has become a powerful tool in neuropathology. Although DNA methylation-based clas-
sification usually shows high accuracy, certain samples cannot be classified and remain clinically challenging. We 
aimed to gain insight into these cases from a clinical perspective. To address, central nervous system (CNS) tumors 
were subjected to DNA methylation profiling and classified according to their calibrated score using the DKFZ brain 
tumor classifier (V11.4) as “≥ 0.84” (score ≥ 0.84), “0.3–0.84” (score 0.3–0.84), or “< 0.3” (score < 0.3). Histopathology, 
patient characteristics, DNA input amount, and tumor purity were correlated. Clinical outcome parameters were time 
to treatment decision, progression-free, and overall survival. In 1481 patients, the classifier identified 69 (4.6%) tumors 
with an unreliable score as “< 0.3”. Younger age (P < 0.01) and lower tumor purity (P < 0.01) compromised accurate 
classification. A clinical impact was demonstrated as unclassifiable cases (“< 0.3”) had a longer time to treatment deci-
sion (P < 0.0001). In a subset of glioblastomas, these cases experienced an increased time to adjuvant treatment start 
(P < 0.001) and unfavorable survival (P < 0.025). Although DNA methylation profiling adds an important contribution 
to CNS tumor diagnostics, clinicians should be aware of a potentially longer time to treatment initiation, especially 
in malignant brain tumors.
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Introduction
Diagnostic profiling of central nervous system (CNS) 
neoplasms using genome-wide DNA methylation anal-
ysis has gained increasing importance in the field of 
neuropathology [1–3]. The methylation-based classifi-
cation system and its diagnostic validation was initially 
performed by Capper et  al. on 2801 CNS tumor sam-
ples and is based on a comprehensive machine learning 
approach [4]. The output of the classifier is a predicted 
probability (calibrated score) for each included CNS 
tumor subtype, referred to as the methylation class, 
which adds up to 1. As described by Capper and col-
leagues, the optimal trade-off between sensitivity and 
specificity was achieved at 0.84 [5]. Tumors with a cali-
brated score below 0.3 are generally classified as “no 
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match”. Since the introduction of the method, DNA 
methylation profiling has become increasingly rele-
vant and now serves as an important aid in the routine 
diagnostic workup of CNS tumors [5, 6]. The method 
facilitates a more accurate classification and differentia-
tion of tumor subsets belonging to various entities and 
complements standard histopathologic examination. 
Recent studies have shown that the integration of a 
DNA methylation-based classifier resulted in a change 
in diagnosis in 9.8% to 25.0% of cases, which had a sig-
nificant impact on the therapeutic regimen [7–9]. DNA 
methylation profiling is continuously advancing the 
field of neuro-oncology, however, there are still poorly 
characterized tumor types or subgroups that are dif-
ficult to define by histopathological methods as well 
as DNA methylation profiling. Several reports have 
been published on the advantages and pitfalls of DNA 
methylation profiling as a diagnostic tool [7–12]. These 
publications have noted that a proportion of 6–17% of 
tumors could not be assigned to a classifier diagnosis, 
including a significant number of pediatric or adoles-
cent CNS tumors [7–9]. These cases pose a challenge 
to clinical decision making in initiating treatment as 
well as in selecting an optimal therapeutic regimen. To 
reduce the number of unclassifiable cases and improve 
classification specificity, an updated version of the clas-
sifier (V12.8) was recently introduced that includes a 
larger number of reference cases and reference groups.

To assess the clinical relevance of ambiguously classi-
fied cases, we investigated CNS tumors that were unclas-
sifiable or had a low calibrated score using the DNA 
methylation-based classifier and focused on the clinical 
course and impact of these distinct cohorts of patients. 
We report our practical experience with unclear cases 
and compare the results between classifier version V11.4 
and the updated version V12.8.

Materials and Methods
Study population
Data were collected from 1481 patients who underwent 
surgery for a CNS neoplasm and whose tumours were 
evaluated by genome-wide DNA methylation profiling as 
part of routine clinical workup between January 1, 2018, 
and December 31, 2021. Clinical data were collected 
including age, sex, type of surgery, and tumour location. 
Primary endpoints were time to treatment decision and 
number of neuro-oncology tumour boards to treatment 
decision. Time to treatment decision was defined as the 
time between surgery and final treatment recommenda-
tion by the official neuro-oncology tumour board of the 
University Medical Center Hamburg-Eppendorf, Ham-
burg, Germany.

DNA methylation profiling
DNA was extracted from tumors and analyzed for 
genome-wide DNA methylation patterns using the Illu-
mina EPIC (850 K) array. Processing of DNA methylation 
data was performed with custom approaches as previ-
ously described [4, 5]. The Heidelberg Brain Tumour 
Classifier version v11b4 was used to determine the meth-
ylation class and calibration score for each sample via 
www. molec ularn europ athol ogy. org [4, 5]. Patients were 
then divided into three groups according to their cali-
bration score: “< 0.3” (calibration score < 0.3), “0.3–0.84” 
(calibration score between 0.3 and 0.84), and “≥ 0.84” 
(calibration score ≥ 0.84). Cut-offs for cohort separation 
were based on the recommendations by Capper et  al. 
which reported a maximization of the Youden index at 
a calibrated score of 0.84 [4, 5]. All cases were analyzed 
using classifier version v11b4 and the latest version v12.8.

DNA quality and tumor purity
The detection p value indicates how significantly a sam-
ple differs from the background based on its total DNA 
signal (unmethylated and methylated). To this end, the 
background is estimated by negative controls. Detection 
p values > 0.01 indicate poor DNA quality. The tumor-
purity was calculated using the RF_purify Package in R 
[13]. This package uses the “absolute” method which 
measures the frequency of somatic mutations within the 
tumor sample and relates this to the entire DNA quantity 
[14].

Statistical analysis
Differences in continuous variables were analyzed with 
the Mann–Whitney U test and differences in proportions 
were analyzed with the chi-square-test or Fisher exact 
test. Overall and progression-free survival was evaluated 
with the Kaplan–Meier method. A p value less than 0.05 
was considered as statistically significant. All analyses 
were performed using SPSS Inc. Version 28 (Chicago, IL, 
USA). Data illustrations were performed using GraphPad 
Prism 10 and Adobe Illustrator 2023. Alluvial plots were 
graphed with R studio.

Results
Overview
In the 4-year period studied, genome-wide DNA meth-
ylation analysis using the Illumina EPIC (850  K) array 
was performed on 1481 CNS tumor specimens obtained 
by neurosurgical resection or biopsy (Fig. 1a). Using ver-
sion V11b4 of the classifier, 1221 (82.5%) samples were 
assigned to a methylation class with a calibration score 
above 0.84. Of the remaining 260 (17.6%) cases, 191 
(12.9%) tumors were assigned to a methylation class with 
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a calibration score below 0.84, while 69 (4.6%) patients 
could not be assigned to any methylation class and were 
considered as “< 0.3” (calibration score below 0.3).

Technical aspects
Since a previous study described DNA input amount as 
a cause for an invalid assignment to a methylation class, 
we compared potential technical confounders between 
the three groups (Fig.  1b-d). There was no significant 
influence of the DNA input amount (Fig. 1b), thus even 
low DNA input amounts lead to a calibration score above 
0.84 (range 6.8–500 ng in the match group). In contrast, 
the absolute tumor purity was significantly lower in the 
unclassifiable group “< 0.3” (Fig.  1c), but not relative 
tumor purity (Fig. 1d).

Clinical aspects
Next, we examined clinical parameters for their influence 
on the reliability of assignment to a methylation class 
between the “< 0.3” group and “0.3–0.84” group. Here, 
we found that younger patient age at the time of mate-
rial collection resulted in significantly lower chance of 
an accurate tumor classification (P = 0.03, Fig.  1e). Fur-
thermore, there was a significantly higher percentage of 
samples from recurrent surgery with prior radiotherapy 
in the “< 0.3” group (P = 0.009, Fig.  1f ), suggesting that 
radiotherapy-induced tissue remodeling compromises 
the diagnostic accuracy of the classifier. Location of the 
resected specimen (P = 0.26, Fig.  1g) and MGMT pro-
moter methylation status (P = 0.13, Fig. 1h) did not influ-
ence the calibration score.

Clinical challenges
Since DNA methylation-based classification is increas-
ingly relevant in clinical diagnostic workflows and is 
considered as an extended tool in the current WHO clas-
sification [15], we sought to gain more detailed insight 
into the clinical and therapeutic consequences in unclas-
sifiable cases. We defined the time until a decision for a 
treatment recommendation was reached and the number 

of required tumor boards as the primary endpoints. A 
comparison between the " < 0.3" and "0.3–0.84" cases 
revealed a significantly longer time to treatment deci-
sion (P < 0.0001, median 17.0 versus 9.0 days, Fig. 1i) and 
a higher number of tumor boards until definite treatment 
decision (P < 0.0001, Fig. 1j) in the “< 0.3” group.

In addition, we analyzed the patients with a suggested 
histological diagnosis of "glioblastoma, IDH-wildtype", 
which represented the largest subgroup among the 
unclassifiable cases (“< 0.3”). For further comparison, we 
added 180 glioblastomas cases from the " ≥ 0.84" group 
to this analysis. When analyzing copy number altera-
tions, “< 0.3” glioblastoma cases showed decreased num-
bers of EGFR amplification (27.3% versus 39.1%, data 
not shown), chromosome 7 gain (31.8% versus 59.3%, 
data not shown), and chromosome 10 loss (31.8% versus 
62.8%, data not shown) when compared to the “≥ 0.84” 
group.

Patients assigned to the “< 0.3” group had a significantly 
longer time to initiation of adjuvant therapy (P < 0.001, 
median 38.5  days versus 28.0  days versus 29.0  days, 
Fig. 1k). While the progression-free survival did not dif-
fer significantly between the groups (P = 0.33, median 
7.0  months versus 11.0  months versus 10.0  months, 
Fig.  1l), patients with “< 0.3” tumors displayed a sig-
nificantly shorter overall survival (P = 0.025, median 
12.0  months versus 18.0  months versus 16.0  months, 
Fig. 1m). Collectively, these findings indicate that difficul-
ties assigning a diagnosis accurately through methylation 
profiling has a significant adverse clinical impact.

Histopathology and change of diagnoses using v12.8
We further listed histopathological diagnosis based on 
the current WHO classification [15] and classifier output. 
The most common histological diagnoses were "glioblas-
toma, IDH-wildtype" (n = 22, 31.9%) "astrocytoma, IDH-
mutant" (n = 6, 8.7%), “ganglioglioma” (n = 6, 8.7%), and 
“malignant peripheral nerve sheath tumor” (n = 5, 7.2%) 
(Fig.  2a). Of samples diagnosed as “glioblastoma, IDH-
wildtype”, 5 of the 22 (22.7%) cases were obtained from 

Fig. 1 Visualization of potential confounders for the accuracy of methylation-based diagnosis. a Overview of the study concept. b DNA input 
amount of each sample for “< 0.3” (n = 69), “0.3–0.84” (n = 191), and “≥ 0.84” (n = 1221) cases. ns = non-significant. c Absolute tumor purity of each 
sample for “< 0.3” (n = 69), “0.3–0.84” (n = 191), and “≥ 0.84” (n = 1221) cases. *P < 0.05. d Relative tumor purity of each sample for “< 0.3” (n = 69), 
“0.3–0.84” (n = 191), and “≥ 0.84” (n = 1221) cases. ns = non-significant. e Age at diagnosis for “< 0.3” (n = 69) and “0.3–0.84” (n = 191) cases. *p 
value < 0.05. f Sample origin (primary tumor versus recurrent tumor after radiotherapy) for “< 0.3” (n = 69) and “0.3–0.84” (n = 191) cases. **P < 0.01. 
g) Tumor location (supratentorial versus infratentorial versus peripheral) for “< 0.3” (n = 69) and “0.3–0.84” (n = 191) cases. ns = non-significant. h 
MGMT methylation promotor status (non-methylated versus methylated) for “< 0.3” (n = 69) and “0.3–0.84” (n = 191) cases. ns = non-significant. i 
Time to treatment decision for “< 0.3” (n = 69) and “0.3–0.84” (n = 191) cases. ***P < 0.001. j Number of tumor boards for “< 0.3” (n = 69) and “0.3–0.84” 
(n = 191) cases. ***P < 0.001. k Time to start of adjuvant therapy in patients diagnosed with “IDH-wildtype glioblastoma” with “< 0.3”, “0.3–0.84”, 
and “≥ 0.84” cases. **P < 0.01, ns = non-significant. l Kaplan–Meier survival curve illustrating progression-free survival in glioblastoma cases. m 
Kaplan–Meier survival curve illustrating overall survival in glioblastoma cases

(See figure on next page.)
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recurrent surgery after radio-chemotherapy, indicat-
ing that treatment can affect the diagnostic accuracy of 
methylation-based classification.

The classifier algorithm is continuously being improved 
[5, 6] and new versions such as v12.8 have been added 
since its original release. Reclassification of the “< 0.3” 
cases by classifier version 12.8 was able to assign a diag-
nosis in 46 of 69 (66.7%) cases (Fig.  2b) with 6 cases 
achieving a calibrated score above 0.84 (Fig. 2c). However, 
23 (33.3%) cases remained unclassifiable (Fig. 2b-c). The 
samples with a newly assigned diagnosis in the updated 

classifier version were most frequently diagnosed as "glio-
blastoma, IDH-wildtype" (n = 10), “malignant peripheral 
nerve sheath tumor” (n = 5), ependymoma groups (n = 4) 
and “ganglioglioma” (n = 3) (Fig. 2b).

Unclassifiable glioma samples (n = 23) were addition-
ally plotted in a t-distributed stochastic neighbor embed-
ding (t-SNE) of glioma and control tissue. The t-SNE plot 
assigns the sample location according to similarities of 
epigenetic profiles, thereby enabling an approximation of 
the diagnosis beyond the matching score alone. Figure 2d 
shows that both, non-classifiable IDHwt and IDHmut 
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glioma samples can be approximated to defined molec-
ular subgroups. Although visual analysis of the tSNE 
plot does not provide a quantifiable output, it is obvious 
that only five IDHwt cases primarily grouped with con-
trol tissue samples (Fig.  2d), whereas all the other non-
classifiable epigenetic profiles could be approximated to 
a defined molecular tumor subtype. Such approxima-
tion could potentially guide further molecular diagnostic 
workup in ambiguous cases.

Discussion
The decision about appropriate treatment options for 
patients with CNS tumors depends on reliable and accu-
rate diagnosis. Given the molecular heterogeneity of 
CNS neoplasms and the increasing numbers of distinct 
tumor subgroups varying in clinical course, precise diag-
nostic classification can be difficult and poses a major 
challenge for neuropathologists and neurooncologists. 
In recent years, DNA methylation-based tumor classifi-
cation has emerged as an additional and powerful tool, 
extending routine diagnostics and is becoming increas-
ingly important in the neuro-oncology field [4–6, 12, 
16]. In 2018, Capper and colleagues described the Hei-
delberg experience and shared their recommendations 
and approaches, which represented a fundamental step 
toward implementing DNA methylation-based classifi-
cation into clinical practice [5]. However, cases exist that 
are unclassifiable and cannot be assigned to any meth-
ylation class, which is challenging for finding an opti-
mal therapy. Our study focused on the clinical course in 
these difficult cases and presents the following findings: 
(1) 4.6% of cases were not accurately classified with a 
calibrated score below 0.3 and an additional 12.9% had 
a low calibrated score  among the CNS tumor samples 
examined at our  institution. (2) Lower absolute tumor 
purity, younger age, and recurrent tumor tissue post 
radiotherapy hindered accurate classification. (3) " < 0.3" 
cases had a significantly higher number of tumor board 
presentations and longer time to treatment decision than 
matched cases. (4) In the subset of IDH wildtype glio-
blastomas, unclassifiable cases were found to have signifi-
cantly longer time to initiation of adjuvant treatment and 
less favorable overall survival.

A total of 1481 cases submitted to genome-wide DNA 
methylation profiling using the Illumina EPIC (850  K) 
array as part of the diagnostic workup were included 
in our study. First, we investigated technical as well as 
clinical factors influencing the calibrated score. Wu et al. 
reported the precision of the Heidelberg classifier in 1258 
cases and identified a DNA input lower than 100  ng as 
well as low tumor purity as confounding factors related to 
the calibrated score [16]. While we detected no correla-
tion with DNA input amount in our study, absolute DNA 

tumor purity was also shown to be a detrimental factor 
for the accuracy of the classifier. From the clinical per-
spective, younger age and samples obtained from tumor 
recurrences were unfavorable factors for diagnostic accu-
racy. Regarding the recurrent samples, most patients had 
undergone prior radiotherapy, suggesting post radiogenic 
tissue remodeling that impedes classification. The lower 
accuracy at younger patient age was recently addressed 
by Capper and colleagues and seems likely to improve in 
the future [6]. Additionally, application of further meth-
ods such as next generation sequencing might be helpful 
for a more precise diagnosis in challenging cases since a 
recent study showed a correlation between variant allelic 
frequency, sample cellularity, and DNA methylation pro-
filing success [17].

Previous studies have shown that integration of the 
DNA methylation-based classifier resulted in a change 
of diagnosis in 9.8% to 25.0% of cases, which had a sig-
nificant impact on the treatment regimen [7–9]. Karimi 
et al. presented seven cases in which methylation profil-
ing directly impacted patient care, avoiding potentially 
inadequate treatment [10]. However, in malignant CNS 
tumors such as high-grade gliomas which require adju-
vant radio- and/or chemotherapy, a delay in treatment 
initiation due to continued diagnostic investigation could 
potentially impact patient outcome [18, 19]. Although the 
optimal timing for treatment initiation is widely debated, 
evidence suggests that a treatment start later than eight 
weeks after surgical resection could lead to poorer sur-
vival in high-grade gliomas [18–21]. With this in mind, 
we observed a significantly longer time to final treat-
ment decision in unclassifiable cases. To further investi-
gate this aspect, we analyzed a subset with the histologic 
diagnosis of IDH-wildtype glioblastoma. Here, a signifi-
cantly longer time interval between surgery and initiation 
of adjuvant therapy was also observed in unclassifiable 
cases. This was further reflected in shorter overall sur-
vival in this distinct cohort of patients. Therefore, we 
recommend that adjuvant treatment should  be planned 
as early as possible when surgical and histological results 
are suspicious of IDH-wildtype glioblastoma, as an unfa-
vorable clinical impact has been demonstrated in these 
challenging cases.

A major advantage is offered by the constant advance-
ment with updated versions. We reclassified our cases 
with the latest version, where 62.3% of “< 0.3” cases could 
be assigned a methylation class. Even though most dif-
ficult cases could now be assigned to a matching meth-
ylation class, it is worth noting that some cases were 
still unclassifiable. In these patients, it may be critical 
to find the optimal therapeutic regimen, and time to 
treatment initiation should be considered. Previously 
published recommendations to increase accuracy by 
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using deconvolution as an additional tool are promising 
approaches for unclassifiable cases, but seem difficult to 
apply in daily clinical routine [16].

In the future, the constant improvement of classifier 
accuracy by the enlargement of reference cohorts and 
adaptation of algorithms as well as the incorporation of 
additional bioinformatic tools in the diagnostic workup 
can be expected to further increase the accuracy of CNS 
tumor classification.

Conclusion
Our study demonstrates the clinical challenges in CNS 
tumors unclassifiable by methylation profiling and high-
lights the impact on treatment delay when waiting for an 
accurate diagnosis. Although DNA methylation profiling 
adds an important contribution to advanced CNS tumor 
diagnosis, clinicians should be aware of a potentially 
longer time to treatment initiation, especially in highly 
malignant brain tumors.
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