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Abstract

DNA methylation analysis based on supervised machine learning algorithms with static reference data, allowing
diagnostic tumour typing with unprecedented precision, has quickly become a new standard of care. Whereas
genome-wide diagnostic methylation profiling is mostly performed on microarrays, an increasing number of
institutions additionally employ nanopore sequencing as a faster alternative. In addition, methylation-specific
parallel sequencing can generate methylation and genomic copy number data. Given these diverse approaches to
methylation profiling, to date, there is no single tool that allows (1) classification and interpretation of microarray,
nanopore and parallel sequencing data, (2) direct control of nanopore sequencers, and (3) the integration of
microarray-based methylation reference data. Furthermore, no software capable of entirely running in routine
diagnostic laboratory environments lacking high-performance computing and network infrastructure exists. To
overcome these shortcomings, we present EpiDiP/NanoDiP as an open-source DNA methylation and copy number
profiling suite, which has been benchmarked against an established supervised machine learning approach using
in-house routine diagnostics data obtained between 2019 and 2021. Running locally on portable, cost- and energy-
saving system-on-chip as well as gpGPU-augmented edge computing devices, NanoDiP works in offline mode,
ensuring data privacy. It does not require the rigid training data annotation of supervised approaches. Furthermore,
NanoDiP is the core of our public, free-of-charge EpiDiP web service which enables comparative methylation data
analysis against an extensive reference data collection. We envision this versatile platform as a useful resource not
only for neuropathologists and surgical pathologists but also for the tumour epigenetics research community. In
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daily diagnostic routine, analysis of native, unfixed biopsies by NanoDiP delivers molecular tumour classification in

an intraoperative time frame.

Keywords Digital pathology, Tumour, Oncology, Methylation, Methylome, Unsupervised machine learning, Artificial
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Methylation sequencing, Epigenetics, Copy number profiling, Edge computing, gpGPU, SoC, Cryptocurrency miner

Introduction

Epigenetic analyses of tumour tissue have become
increasingly important in personalised oncology and
have recently been defined by the WHO as a standard-
of-care principle in the classification of central nervous
system tumours [30]. Genome-wide copy number pro-
files obtained in parallel to DNA methylation profiles
further contribute to molecular tumour diagnostics [2,
6]. Currently, artificial intelligence-driven methylome
analysis and copy number profiling can justifiably be con-
sidered the most advanced and clinically relevant branch
of digital pathology [15]. In this context, we termed our
resource web service “epigenomic digital pathology /
EpiDiP” and refer to the locally installed software built
around 3rd generation sequencing as “nanopore digital
pathology / NanoDiP”

A number of supervised epigenetic classification sys-
tems have been proposed and, in part, made publicly
available [2, 6, 13-12, 16, 19, 22]. Yet, only a few are pro-
vided as web services. A limited number of algorithms
with respective reference data have been published as
offline tools, often exceeding the infrastructure and infor-
matics knowledge of diagnostic laboratories [12, 13]. No
single one of them is capable of running entirely on local
low-cost, low-resource devices. Moreover, large quanti-
ties of publicly available datasets, e.g., on Gene Expres-
sion Omnibus (GEO) and The Cancer Genome Atlas
(TCGA), have not been included as reference data. Diag-
nostic institutions with high caseloads require straight-
forward mechanisms to include their own reference data
without the need for re-training and re-validation inher-
ent to supervised machine learning. Collectively, these
shortcomings significantly impede the clinical utility of
available methylation and copy number reference data.

We set out to explicitly incorporate an unsupervised
machine learning system and copy number profiler into
our diagnostic routine that combines several modes of
data acquisition to facilitate integrated diagnoses in sur-
gical (neuro-)pathology. While we absolutely advocate
using the existing supervised classification algorithms,
we likewise strongly suggest parallel examination of diag-
nostic methylomes by unsupervised data matching. In
support of this notion, Aldape and colleagues recently
reported that supervised brain tumour classification
renders high-confidence matching scores in only about
23 of cases [32]. Here, we benchmarked UMAP plotting
against a published random forest brain tumour classifier

[2]. The result corroborates the clinical utility of our tool
across a wide range of human neoplasias and healthy tis-
sues. UMARP further introduces a novel quality criterion
for microarray-based methylation profiles and identifies
significant divergence of epigenetic profiles across many
tumour cell lines.

As defined by the WHO [30], methylation profiling is
currently mandatory for the diagnosis of certain brain
tumour types. To facilitate methylome-based tumour
diagnostics, we designed EpiDiP/NanoDiP to address
multiple clinical scenarios including the related global
economic challenges for epigenetic and copy number
analysis. Our public web service EpiDiP performs unsu-
pervised machine learning and copy number plotting
for microarray data free of charge [1, 8, 9, 21]. EpiDiP is
a website frontend to NanoDiP, a portable edge comput-
ing approach for laboratory integration on cost-effective
hardware, widely available, and energy-efficient com-
puter hardware, in particular systems-on-chip/systems-
on-module (SoC) and cryptocurrency miners (CCM),
addressing recent concerns about global applicability
[11]. Our ultra-fast setup eliminates the need for data
transfer, network access, high-performance comput-
ing clusters, and dedicated computer housing. It also
simplifies the assembly of reference data collections. A
nanopore sequencing-compatible ambient temperature
sample shipment protocol widens the clinical utility of
our approach by allowing remote diagnostic institutions
to benefit from fast tumour profiling. As a proof-of-con-
cept, our system, which has already been implemented
in two foreign diagnostic laboratories, allows molecu-
lar tumour classification even before FFPE-based H&E
histology is available. Of note, EpiDiP/NanoDiP enables
resource-efficient methylome and copy number analy-
ses according to WHO guidelines also in low- and mid-
dle-income regions, including those without access to
expensive technologies such as immunohistochemistry,
microarrays, or conventional sequencing.

Here, we describe the underlying algorithms, strategies
of computational optimization, clinical applicability, and
diagnostic performance of EpiDiP and NanoDiP in our
surgical (neuro)pathology practice.

Materials and methods

DNA extraction

Diagnostic biopsy specimens submitted to our institution
were routinely examined in the course of intraoperative
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consultations (frozen sections), followed by standard
formalin-fixation and paraffin-embedding (FFPE) for
histological workup in most cases. External cases were
either received as FFPE blocks or as near-native tumour
tissue submitted in SurePath® (Becton Dickinson, USA)
or ThinPrep® preservatives (Hologic Inc., USA). For cryo-
preserved biopsies, one to four 70 pm thick cryosections
were collected. For FFPE blocks, a series of 8 or 14 serial
sections (4 pm) were collected on glass slides, and an
additional H&E section in the middle of each series was
used to verify tumour cell content. In samples contain-
ing significant non-neoplastic or necrotic areas on the
cut surface, viable tumour cell-rich areas were manu-
ally microdissected. For native specimens, DNA was
extracted with automated commercial systems: Promega
Maxwell* FFPE DNA extraction, Promega Maxwell®
blood DNA extraction, and Qiagen DNeasy® Blood and
Tissue kits on Maxwell or QiaCube® instruments (Pro-
mega, USA; Qiagen, Germany). DNA from FFPE speci-
mens was extracted with the Promega Maxwell® FFPE
DNA extraction, Qiagen DNeasy®, and RecoverAll® kits.
Except for differences in average read lengths in nano-
pore sequencing runs for native materials, all of the
above-mentioned kits produced technically valid results.

Copy number profiling

Microarray

Copy number levels were computed and plotted as PDF
with Conumee [29]. Detailed version information and
installation instructions are included in the NanoDiP
repository (Suppl. file 1). In addition, copy number data
were stored in binary format to facilitate ad-hoc in-depth
plotting and re-annotation for specific loci using plotly
[https://plotly.com/]. The latter functionality is accessible
through the NanoDiP web interface.

Nanopore

Sequencing reads were basecalled with guppy (ONT)
and aligned against the human genome (hg19) with mini-
map2 [18] (hgl9 link and version-pinned software in
repository). A target read count of 30 reads per bin was
defined. Bin size was adapted to the overall read number
and read counts per bin plotted (NanoDiP subroutine in
Python 3.7).

Methylation detection

Microarray

DNA was bisulfite converted (Zymo research lightning
kit) and microarrays (Illumina Infinium Human Methyla-
tion beadchip EPIC / 850 K) were processed according to
the manufacturer’s protocol (service provided by Life &
Brain GmbH, Bonn, Germany; FFPE restoration kit was
not applied). IDAT data were processed with minfi and
SWAN normalisation [7] as described [10, 11, 23]. The
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source code is available as part of the EpiDiP software
[https://github.com/neuropathbasel/epidip]. In short, a
sex chromosome-depleted, blacklist-filtered [4] overlap
set of 400’962 methylation sites covered by the Illumina
Infinium Methylation 450 K and EPIC v1 arrays (“overlap
CpGs’, oCpGs) were extracted as floating-point numbers
and stored in binary files to accelerate data loading. EPIC
v2 (950 K) compatibility has been added to the EpiDiP
web service based on development versions of minfi and
conumee (Supplementary file 1).

Nanopore

Nanopore sequencing was carried out on Mk1B (Oxford
Nanopore Technologies [ONT], Oxford, UK) sequenc-
ers connected to control computers running MinKNOW
and a customised MinKNOW API (Suppl. File 1). Min-
ION R9.4.1 flow cells, SQK RBK-004, RAP top-up, and
WSH-003/004 kits were used. DNA samples, exclusively
from native or alcohol-preserved biopsy specimens were
sequentially labelled with molecular barcodes (SQK RBK-
004), allowing the consecutive analysis of 12 samples per
flow cell without carryover artefacts (all kits from ONT).
After each run, flow cells were cleaned (WSH-003/004
with DNAse I from Sigma Aldrich). For refrigerator stor-
age (4 to 8 °C), flow cells were filled with ‘storage buffer’
(ONT). No relevant loss of sequencing quality between
runs was noted when running up to 14 samples per flow.
New flow cells were submitted to the “flow cell check”
protocol (MinKNOW UI). Before each run, a 10-minute
sequencing “test run” was initiated through NanoDiP to
verify and document the successful digestion of the DNA
library digestion from the previous sample, thereby also
verifying a functional flow cell state before loading the
next specimen. Of note, paraffin-embedded specimens
are not compatible with the outlined Nanopore-based
workflow.

Detailed software version information and installa-
tion instructions are included in the NanoDiP reposi-
tory (Suppl. File 1). In short, guppy (GPU version, ONT)
was the basecaller, minimap2 the aligner [18], and f5¢
(GPU, version 1) called methylation [8] (technical details
and GitHub links to all source code in Suppl. File 1). By
default, 150 megabases of valid reads (ONT gscore>=7)
were collected, resulting in 5°000 to 10°000 oCpGs using
the automatic run terminator function in NanoDiP.

R10 pore sequencing has been implemented in the
NanoDiP software and tested with MinKNOW ver-
sion 23.07.5 / API version 5.7.2. with Guppy basecalling
replaced by Dorado. We have established integration of
NanoDiP with ONT’s sequencing and basecalling soft-
ware on both the aarch64 ORIN AGX 32GB SoC (Nvidia,
Inc.) and x86_64 hardware with gpGPUs (Nvidia, Inc.),
both running Ubuntu 20.04. R10 protocols are still con-
sidered early access by the manufacturer and internal
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clinical validation is ongoing (Suppl. File 1). Detailed
description of the NanoDiP hardware/software platform
allowing replication is provided (Suppl. File 1).

MethylSeq

Tumour DNA extracts previously examined with Nano-
pore sequencing and methylation microarrays were
sequenced with an enzyme-based parallel methyla-
tion sequencing panel, covering approx. 390°000 oCpGs
(Twist Bioscience, USA) [26] on an Illumina platform
according to the manufacturer’s protocols (Twist Biosci-
ence, USA and Illumina Inc., USA). Sequencing resulted
in fastq files that were analysed with the nfcore-meth-
ylseq bwa-meth/Methyldackel branch (Suppl. File 1),
resulting in tab-separated value bedGraph files. In the
resulting bedGraph, counts of methylated (#M) and non-
methylated (#N) reads are listed per CpG site together
with a rounded methylation ratio. In a Python script,
the methylation ratio was recalculated (#M/(#N+#M))
at higher precision and divided by 100 to match the data
scale of methylation array output from minfi (numbers
between 0 and 1). Next, the ratios of oCpG sites were iso-
lated. oCpGs not covered by the sequencing panel were
assigned a methylation value of 0.49 to match microarray
datasets. Methylation values were stored in a binary float
format (detailed in the microarray section and Suppl. File
1).

Methylation-based classification through unsupervised
machine learning

For microarray data, the 25’000, 50°000, or 75’000 most
variably methylated probes are selected by standard devi-
ation-based ranking, excluding non-informative signals
from dimension reduction. NanoDiP, which runs as the
server back-end on our public EpiDiP server, recalcu-
lates the UMAP plot for all tumour methylome datasets
(approx. 30’000 at the time of submission) as soon as new
microarray files are uploaded. As an alternative, installing
and running the NanoDiP software locally (including a
preconfigured virtual machine; Suppl. File 1) enables free
choice (through the UI) of the number of most differen-
tially methylated microarray probes to be fed into dimen-
sion reduction. From nanopore-derived sequencing data,
oCpGs are extracted from aligned, methylation-called
reads and joined with respective oCpGs of microarray-
based reference data without probeset optimization; then
UMAP is executed. A software flowchart for UM AP plot-
ting is included in Suppl. File 1.

Throughout this manuscript, a Python 3.7 implemen-
tation of UMAP (Suppl. File 1) was used. In the refer-
ence dataset, at least 8, but typically>20 cases per entity
were present. We therefore considered the closest 15
annotated neighbours in the UMAP plot for classifica-
tion (Fig. 1A) throughout this manuscript as well as in
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our in-house diagnostic routine; however, users are free
to tune this parameter. The methylation class (MC) for
each case was derived from the most abundant MC of
the nearest neighbours in the UMAP plot. Besides high-
lighting the nearest UMAP neighbours, our diagnostic
report provides a summary of the entities in pie chart
format (Fig. 1B) along with a chromosomal copy number
plot (Fig. 1C). Similarly, UMAP scoring and copy number
profiling based on nanopore sequencing data are com-
puted. Respective reports can be generated ad hoc dur-
ing and after nanopore sequencing, allowing preliminary
UMAP plot inspection in time-critical situations (Fig. 2).

UMAP score performance testing

UMAP scoring-based brain tumour classification

A subset of 798 cases from our diagnostic routine that
resulted in bona fide integrated diagnoses covered by the
v11b4 brain tumour classifier reference set GSE90496 [2]
were selected for benchmarking.

A series of independent UMAP plots were generated
using 50, 100, 500, 1’000, 5’000, 10’000, 15°000, 20’000,
25’000, 50’000, and 75’000 most variably (top) differen-
tially methylated probes (TDMP). TDMPs of 400’962
oCpGs were determined by standard deviation-based
ranking [23]. These UM AP plots were generated for data-
sets in the EpiDiP data lake, mostly derived from TCGA,
GEO (including GSE90496, n=2'801), and in-house diag-
nostic cases (2017 to mid-2022, n=18433). The resulting
plots were overlaid with the brain tumour MC annota-
tion for the 2'801 cases of GSE90496. The remaining
cases (n=15"632) were considered non-annotated. The
15 nearest annotated neighbours for each of the 798 test
cases were determined and the predominant MC consid-
ered the UMAP-derived diagnosis. To better reflect the
clinical setting concerning treatment decisions, we sim-
plified the supplied MC annotation of GSE90596 into
methylation superclasses (SC). To this end, we grouped,
e.g., the various subtypes of glioblastoma, IDH wildtype,
into a single superclass (Suppl. File 1). All MC results
were translated into SCs. The matching fraction for each
TDMP count was summarised. In parallel, the v11b4
brain tumour methylation classifier [2], kindly provided
by DKFZ (Heidelberg Germany), was installed locally (R
3.6.3 / x86_64) and executed. For each case, the topmost
calibrated score (without cut-off) was considered the
vllb4-based diagnosis. Both UMAP-and v11b4-based
MCs and SCs were compared to the MCs / SCs repre-
senting the integrated diagnosis. Results were counted as
either matches or mismatches.

To demonstrate robustness of UMAP plotting, we
repeated UMAP plotting on our public EpiDiP platform
with a snapshot from Jan. 10th, 2024 (n=31"248 IDAT
files, 450 K, 850 K, and 935 K formats). This set includes
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B Methylation UMAP Score

Neighbors in UMAP for 205809360011_R04C01
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Fig. 1 PDF report generated in NanoDiP based on microarray data. (A) Zoom in on the UMAP plot to the 15 nearest annotated neighbour cases. (B)
Annotation counts encountered in A). (C) Copy number profile generated with Conumee. The depicted case is a diffuse glioma, H3 p.G34 mutant (CNS
WHO grade 4), harbouring an EGFR amplification and homozygous deletion of the CDKN2A/B gene loci

public uploads since 2019. Details of this benchmarking
experiment are provided in Suppl. File 1.

UMAP scoring with a pan-cancer dataset

With the introduction of EpiDiP in 2019, our routine
application of methylation-based diagnostics expanded
into extra-CNS and non-sarcomatous tumour spectra.
We have reviewed integrated diagnostic reports for cases
not covered by the brain and soft tissue tumour classi-
fiers [2, 16] within the validation cohort obtained since
mid-2021. 156 cases were analysed by microarray-based
methylation and copy number profiling, e.g., to deter-
mine the origin in cancers of unknown primaries, the

lineage of lymphomas, melanomas, or to assess MLH1
promoter methylation in various cancers. Of note, only
cases in which diagnosis was confirmed irrespective of
methylation arrays, e.g. through clinical follow-up or
additional molecular testing, were considered.

DNA read lengths, nanopore sequencing speed

On R9.4.1 flow cells average read lengths typically
ranged between 5 and 10 kilobases, irrespective of prior
sample preservation in cytology media and mail trans-
fer at ambient temperature. Our in-house process time-
line (for details see Suppl. File 1) requires approximately
90 min from tissue arrival to final report. Increased read
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Fig.2 PDF report generated intraoperatively in NanoDiP based on nanopore data from a breast cancer brain metastasis. (A) General run information. (B)
Zoom in on the UMAP plot to the closest 15 annotated neighbour cases. (C) Annotation counts encountered. (D) Copy number profile generated from

read counts

lengths have led to decreased data acquisition time.
Irrespective of read lengths, we have set a threshold of
150 megabases in diagnostic samples which typically
reveals 5000 to 10,000 oCpGs. While recently released
R10 pore chemistry is supported in our latest NanoDiP
release, R10 has (at the time of writing) only been tested
with retrospective samples where it enabled classifica-
tions comparable to those obtained with R9 pore chem-
istry (original matched R9/R10/EPIC V1 data from a

glioblastoma, IDH-wildtype, included in demonstration
VM for evaluation, Suppl. File 1).

Results

EpiDiP/NanoDiP is an open-source software suite for
rapid methylome-based tumour classification and copy
number profiling in a standardised manner. Its graphi-
cal user interface (GUI) does not require any program-
ming or data analytic skills. In fact, during our in-house
routine diagnostics, it is operated solely by laboratory
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technical staff. Our software can be adjusted to meet
laboratory-specific needs through the integrated devel-
opment environment (IDE). To ensure 24/7 diagnostic
availability, EpiDip/NanoDiP runs on robust, resource-
efficient, portable hybrid edge computing platforms.

Graphical frontend facilitates NanoDiP operation

NanoDiP has a web browser-based GUI (Suppl. File 1,
user interface section) for the initiation of sequencing,
flow cell integrity check, automatic run termination, and
detailed logging. The GUI incorporates system status
parameters, a laboratory information system for sample
management, and sequencer control. In addition, it com-
prises live and post hoc data analysis including visualisa-
tion, copy number plotters for nanopore and microarray
data with user-definable gene annotations, and UMAP
plotters for nanopore, microarray, and 2nd generation
methylation sequencing data. Static PDF reports as well
as interactive plots for in-depth analysis of nearest neigh-
bours (e.g. exploration of their copy number profiles) can
be generated during and after sequencing (Figs. 2 and
3). In UMAP plots exported as interactive HTML files,
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copy number plots of reference samples can be read-
ily obtained from our EpiDiP website by clicking on the
respective reference case. For advanced data privacy,
respective copy number plots can alternatively reside on
local storage systems or internal web servers, eliminating
the need for an internet connection. The microarray-cen-
tred functionality of NanoDiP is also available through
our public web service EpiDiP.

Low-coverage nanopore sequencing reveals diagnostic
copy number profiles

Copy number profiling through binning and read count-
ing revealed copy number plots in all examined speci-
mens with bin sizes between 1 and 10 Mb (Fig. 4A).
However, this coverage is too low to identify single-gene
amplifications or deletions which are readily visible in
microarray data (Fig. 4B). Nevertheless, arm-level altera-
tions (such as LOH 1p/19q, +7/-10 glioblastoma signa-
tures, 9p deletions, and LOH 22q) are readily detectable
at this resolution (Fig. 4A) even with long read lengths
and consecutively low read counts, providing an addi-
tional layer for integrated diagnostics.

Sequencer control (MinKNOW API)

CPU

¥

Live basecalling (ONT basecalling model)

GPU

11

Read alignment against hg19 (minimap2)

v
Copy number profiling

¥
Methylation calling (f5¢)
]

A

Load overlap between nanopore methylation sites and 400K reference

Y

Overlap methylation site UMAP plot

¥

Apply reference annotation

¥

Determine closest neighbor reference cases

¥

Generate report

Automatic sequencing run termination when data sufficient (MinKNOW API)

Fig. 3 NanoDiP software flow highlighting nanopore sequencer control and data analysis. Computing is shared between CPU (black) and GPU (red)
cores depending on memory requirements and the possibility of making use of parallel programming
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Fig.4 CNV plots of a Glioblastoma, IDH wildtype (CNS WHO grade 4), subtype RTK Il. Note the ‘gain 7 / LOH 10'signature and additional chromosomal
alterations that can be appreciated from both the nanopore (A) and the corresponding microarray plots (B). Circumscribed alterations such as the EGFR
gene amplification and complete CDKN2A/B deletion are frequently missed in the nanopore data, precluding meaningful single gene annotations in

low-coverage sequencing-based copy number plots

Match between methylSeq and microarray methylation
profiles

NanoDiP enables direct result comparison from differ-
ent methylation analysis strategies. In a proof-of-con-
cept experiment, MethySeq results were compared with
microarray methylation profiles. An interactive UMAP
plot for comparison is suitable for detecting concordance
or discrepancy between different methylome analysis
strategies. We found matching MC determination with
the integrated diagnosis for all examined cases (7/7;
100%). The close distances between the seven matching
dataset pairs can be appreciated in an interactive UM AP
plot (see Suppl. File 1). Thus, methylSeq qualifies as a ver-
itable alternative to microarrays.

Methylation-based classification through UMAP reaches
diagnostic precision

A selection of 798 routine diagnostic cases with bona fide
integrated diagnoses was analysed with the v11b4 brain
tumour classifier [2]. The v11b4 classifier reached a con-
sensus of 87% (694/798) with the integrated diagnosis at
the MC level and 98% (780/798) at the SC level. Despite
large numbers of unannotated datasets in the plot,
UMAP scoring of the 15 nearest annotated GSE90496
cases matched the integrated diagnoses in up to 77%
(615/798) when considering 1’000 TDMP at MC level
and 92% (737/798) at SC level with 75’000 TDMP (Fig. 5).
When considering between 10’000 and 75’000 TDMPs,
the average consensus was 69% for MCs and 89% for
SCs. For each annotation, the plot mostly contained
unannotated datasets (15°632/18433; 84%) besides the
analysed case (1/18433) and GSE90469 (2°801/18433;
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Fig. 5 Performance of an unsupervised pan-cancer dimension reduction (UMAP) with partial, brain tumour-restricted reference annotation (GSE90496)
against bona fide integrated diagnoses (based on clinical, histological, copy number, and sequencing data). 798 routine diagnostic cases were analysed.
Between 50 and 75’000 most variably methylated array probes were considered (TDMP =top differentially methylated probes)

15%). Despite the large fraction of non-annotated cases
in this experiment, diagnostic precision remained stable
at a high level. Classification accuracy for brain tumours
remains stable at 0.8 (MC match) and 0.95 (SC match)
when iterating over sets with random removal of 300,
3’000, and 11’000 from the present total of 32’148 cases
(Suppl. File 1).

UMAP addresses a wide spectrum of methylation patterns
When examining methylation array data in UMAP plots,
distinct clusters became apparent that share a low signal-
to-noise ratio in their copy number profiles. Annotation
of such cases with the novel MC label (“degraded DNA,
DNADEG”) serves as a robust quality control criterion in
our institute (Fig. 6). Cases matching the DNADEG pat-
tern were rejected from further data interpretation with
pre-trained models [2]. Such samples were subsequently
annotated as “DNADEG”.

Additionally, the dimension reduction suggests a loss
of cancer type-specific epigenetic signatures in cell lines
(Fig. 7): When examining UMARP plots containing TCGA
methylation data as well as microarray files from GEO,
we observed that many of the published cell line methyla-
tion datasets cluster together. However, they form clus-
ters apart from their tumours of origin (see www.epidip.
org, *_cellc annotations). This finding may have impor-
tant implications for cell culture-derived epigenetic data
interpretation.

UMAP plotting contributes to non-brain/non-sarcoma
cancer diagnostics

We analysed 156 validation tumour biopsy specimens,
mostly carcinoma metastases and primary tumours, cur-
rently not covered by either brain tumour or sarcoma ref-
erence datasets. In approximately 80% (n=126) of these
specimens, the UMAP-based data interpretation would
have significantly contributed to the integrated diag-
nosis. Clinically relevant misinterpretation would have
been rare 1.3% (n=2), consisting in a methylation pat-
tern that grouped with other bona fide reference data but
which clearly did not match the clinical situation, e.g. in
highly undifferentiated cancers of clinically or molecu-
larly known types. 3.8% of specimens (#=6) aligned with
inflammatory and reactive signatures which made it
impossible to determine the cancer’s origin. 7.1% (n=11)
of cases showed signs of degraded DNA or too low
amounts of input material and aligned with MC DNA-
DEG. Another 7.1% (n=11) cases showed methylation
profiles not matching with established reference meth-
ylation datasets and hence remained uninterpretable. In
sum, UMARP often provides essential diagnostic informa-
tion for neoplasias outside of pre-trained tumour spectra.

NanoDiP rapidly obtains and translates nanopore data into
clinically relevant diagnoses

Following the introduction of diagnostic nanopore
sequencing based on random forest classifiers in 2019
[6, 17], we started to routinely record between 100 and
gradually increased this to 150 megabases of genomic
DNA reads. Since 2021, NanoDiP has been used to con-
trol sequencing, classify tumours by UMAP scoring, and
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Fig.6 UMAP dimension reduction reveals an alternative microarray quality assessment parameter for methylation data: Abnormal methylation microar-
ray signatures cluster in pan-cancer UMAP plots. Such datasets were annotated as DNADEG. Incoming samples having mostly DNADEG-annotated refer-
ence cases within their 15 nearest neighbours should be excluded from data interpretation. The inset (upper left) reveals a tight clustering of DNADEG
cases. The red box is an example of a pop-up-on-mouse-hover annotation, revealing at a glance the microarray ID and annotation for each dot in the plot

generate copy number profiles [11]. Preliminary inte-
grated diagnoses were formulated from cryo-histology
and nanopore data. From 493 runs, 377 had bona fide
integrated diagnoses covered by our NanoDiP pan-can-
cer reference data. For these 377 cases, UMAP scores
were compared to integrated diagnoses derived from
histomorphology and microarray-derived methylomes.
In 269 cases (71%) the UM AP-based diagnosis remained
identical to the integrated diagnosis. When consider-
ing clinically relevant methylation SCs instead, a match
occurred in 313 cases (83%). Most remaining mismatches
were due to insufficient tumour cell content as judged
from the low amplitudes of chromosomal copy num-
ber profiles and/or tumour methylation profiles masked
by pronounced inflammatory changes. Nevertheless,
in the majority of cases, nanopore sequencing provided
important molecular information in an ultra-fast manner,
streamlining subsequent diagnostic workup.

Discussion

Clinical utility The development of EpiDiP/Nano-
DiP was motivated by the frequent diagnostic chal-
lenge in which tumours cannot readily be assigned to
defined types using available supervised classifiers [32].
Moreover, for a wide range of neoplasms such as brain
metastases or hematolymphoid malignancies, no com-
prehensive supervised classifiers, including their training
data, have yet been made publicly available. In such situ-
ations, unsupervised DNA methylation data clustering
may provide valuable diagnostic guidance. In contrast,
we consider supervised approaches superior for differen-
tiating methylation sub-classes such as medulloblastoma
G3 versus G4, or meningiomas [22, 31]. However, super-
vised classifier scores come with the inherent risk in data
interpretation, that there will either be a match for one
of the trained (enforced) entities or not. Importantly, in
the appropriate clinical context, a cerebellar small-blue-
round-cell neoplasm might also represent the metastasis
of small-cell lung cancer. As unsupervised machine learn-
ing enables a more holistic view of the digital methylome
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Fig. 7 Public pan-cancer UMAP plot highlighting the loss of their original epigenetic signatures. (A) Tumour cell line reference datasets cluster together
(100% of cases). Note that the cell line cluster lies apart from the respective tumour of origin clusters. Axes: UMAP 0,1. (B) Subplot magnification reveals
an absence of tumour entity-specific clustering. Cell lines coloured according to their origin, comprising adrenal carcinoma, urothelial carcinoma, breast
cancer, cervical squamous cell cancer, colon cancer, diffuse large B cell lymphoma, endometrial cancer, oesophagal cancer, glioblastoma IDH wildtype
MES/RTK I/RTK I, hepatocellular carcinoma, cutaneous melanoma, uveal melanoma, mesothelioma, lung adenocarcinoma, lung squamous cell carci-
noma, ovarian cancer, pancreatic cancer, extra-adrenal paraganglioma, renal cell cancer, sarcomas, stomach cancer, germ cell tumours, renal cell cancers,
and thymomas. An in-depth examination of the plot with regard to annotations and copy number profile visualisation is available at www.epidip.org

and epidip.ush.ch

landscape, such challenging scenarios would be easily and
quickly detected through the proposed layered approach.
Specifically, the positioning of each case in the proximity
of similar specimens often assists in narrowing down the
list of plausible differential diagnoses. Even unannotated
cases with only a clinical description or local reference to

previously examined patients might pop up on a UMAP
plot, hinting at potential similarities. Therefore, when-
ever possible, the use of available supervised classifiers
should be complemented by unsupervised data cluster-
ing. In any case, diagnostic decisions should be made by
(neuro-)pathologists, who need to adjust their individual
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confidence levels for the various methylation analysis
approaches. In scenarios, where supervised classifiers or
statically annotated reference sets do not converge on a
histologically/genetically conclusive diagnosis, unsuper-
vised comparison with semi-annotated cases oftentimes
hints at additional aspects to be worked up diagnostically,
also enabling potential discovery of novel entities.

Diagnostic (neuro-)pathologists are routinely confronted
with the clinically relevant task of matching metasta-
ses to potential primary tumours. Often, similarities in
histological patterns and targeted sequencing data are
considered evidence of clonal relationships. However,
in situations of multiple pulmonary masses, it might be
relevant to differentiate between independent primaries
and systemic metastatic disease. In addition, many driver
variants in lung cancers can be shared by other entities,
so their presence would be insufficient to prove clonal
relationships. Many lung cancers, e.g., exhibit a plethora
of traceable, private copy number alterations. In such
situations, combined methylation and copy number pro-
filing may not only be more cost-effective but also more
comprehensive than targeted sequencing.

It is important to note that a number of diagnostically
challenging tumours subjected to methylation profil-
ing are likely to remain currently unclassifiable. Typical
warning signs that prompt for cautious interpretation of
UMAP results are the location of a case in between two
or more reference case clusters and mismatches between
present and expected copy number changes for the epi-
genetic tumour type. With EpiDiP, such cases can be que-
ried against our public resource platform which at the
time of this writing comprises some 30’000 methylome
datasets. In some instances, such unclear cases cluster
together upon dimension reduction and may even share
further similarities such as copy number variants. In
any case, efforts to match available clinical information
can be helpful in identifying what we call ‘digital twin
tumours, and in informing further molecular workup.

NanoDiP allows examiners to define custom refer-
ence datasets for UMAP plotting. While this feature
facilitates fast incorporation of novel entities, careful
use in diagnostic settings is advised, starting with inde-
pendent in-house reference and validation datasets. If,
e.g. an uploaded tumour type is represented by less than
15 reference cases, this needs to be considered when
interpreting nearest neighbour pie charts. Further-
more, UMAP tends to cluster one-of-a-kind datasets to
the best matching methylation class rather than plac-
ing them into unpopulated areas of the plot, which may
lead to misclassification. While histological examination
in combination with supervised classifiers significantly
augments clinical diagnosis [32], UMAP analysis may
further improve the interpretability of classifier results
although it does not provide confidence scores. This, in
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particular, holds true for the ambiguous DNA methyla-
tion signatures which are often observed as a technical
hindrance or due to insufficient DNA preservation. Such
samples can be identified based on their similarity to the
DNADEG methylation class. Furthermore, distinct copy
number alterations such as EGFR or ERBB2 gene ampli-
fication could be ascertained by inspecting copy num-
ber profiles in conjunction with morphology, revealing
both a high likelihood for a particular tumour type and
potentially providing additional predictive information.
Our approach of enabling examiners to annotate genes
and loci of interest through a graphical user interface
has - to our knowledge - not been implemented in any
open-source methylation and copy number profiling tool
(can be evaluated in demonstration VM, Suppl. File 1).
Lastly, histologically unclear lesions, where differentials,
e.g., include pure reactive changes vs. tumours masked by
inflammation, can also be differentiated with high prob-
ability based on the presence or absence of chromosomal
copy number changes [3, 6, 17].

Lastly, the epigenomic difference between tumour
biopsies and derived cell lines across a large spectrum
of human neoplasia is not novel [21]. Nevertheless, this
striking functional alteration occurring rather uniformly
across cell lines of different tissue origins should warrant
a critical interpretation of epigenetic data from ex vivo
cell cultures and could be monitored by tracking epigen-
etic drift across cultural passages, e.g. with NanoDiP.

Global applicability Native tissues may be preserved in
cytological preservatives (see Supplementary file 1), for
sample shipment at ambient temperature by regular mail.
This approach enables fast methylation and copy number
profiling in settings lacking NanoDiP infrastructure. Stor-
age of native tissue in standard cytology preservatives for
up to 21 days did not impair methylome analysis. NanoDiP
can guide diagnostic and patient management decision-
making, thereby reducing laborious histopathological as
well as immunohistochemical workup and potentially
even guiding targeted sequencing. Therefore, the nano-
pore-based strategy may significantly lower diagnostic
costs [6, 17]. Even with shipping time included, tumour
classification from remote is possible before FFPE-based
histology and immunohistochemistry are available to
local pathologists.

Edge computing concepts [25, 27] were central in the
design of NanoDiP. They are reflected by code optimi-
zation to run on financially attractive, long-term sup-
ported CPU/GPU hybrid SoCs (Fig. 8A). NanoDiP
provides a user-friendly graphical interface for control-
ling sequencing and data analysis. While, in urgent situ-
ations, preliminary data examination is already possible
during sequencing runs, final tumour classification is
rapidly obtained upon completion of sequencing. The
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Fig. 8 Cost- and space-effective, energy-efficient and portable edge computers for NanoDiP. A: Nvidia ORIN CPU/GPU hybrid SoC 32GB developer kit
(1) with USB3-attached Mk1B (2) and P2 Solo (3) sequencers. B: Minimalistic cryptocurrency mining mainboard (1) with attached Mk1B sequencer (2) and
multiple PCle connectors in robust USB3 plug format (3) to attach one or more gpGPUs (4) and NVMe modules through riser boards (5) for up-scaling.
CPU, RAM, NVMe, and power supply were removed to improve visibility. Components are designed to be mounted on open frames. Scale bar: 5 cm

edge computing concept in the diagnostic laboratory
eliminates the need for data transfer and thereby avoids
potential patient privacy and security challenges. As an
offline system, NanoDiP can run in mission-critical set-
tings in the absence of networking resources. As power
requirements for SoCs are low (approx. 50 W), a battery
power source would enable sequencing and data analysis.
As an alternative to SoCs, particularly in countries with
import restrictions on CPU/GPU SoCs (potential mili-
tary use), widely available CCM hardware is an equally
cost-effective alternative (Fig. 8B). To make a proof-of-
concept to our statement, the more performant one of
our two public EpiDiP mirror sites (epidip.usb.ch) runs
on CCM hardware. While not as energy-efficient as
SoCs, CCMs also feature a low power consumption (due
to their intended purpose) while idling (<100 W) and do
not require hosting in a computing centre. The majority
of available gpGPUs can be mounted on so-called mining
rigs due to highly flexible power supplies and the absence
of physical constraints. The sole limitation of these
robust and energy-efficient mining mainboards is mem-
ory capacity. However, most CCMs support 32GB RAM,
sufficient to run all features of NanoDiP. In sum, the edge
computing-based NanoDiP concept decreases the time
from sample receipt to result and can be set up in most
institutions at a low cost. This enables building up own,
private reference data lakes from sources of choice, e.g.
in-house specimens or public repositories like GEO.
With NanoDiP, nanopore sequencing data are acquired
in a standardised manner, base-called, mapped to a
human reference genome, methylation-called, methyla-
tion-profiled, and copy-number-plotted on a standalone

computer. By avoiding the frequently updated (i.e.,
changing) UI provided by ONT and instead control-
ling the sequencing through the MinKNOW API, our
workflow is specifically adjusted for autonomous opera-
tion by laboratory technicians. The option of automated
sequencing run termination upon reaching a defined
number of high-quality bases makes NanoDiP a walk-
away solution (recently adopted by ONT). By defining
a reference dataset, tumour typing relies on selected
microarray methylation information of bona fide ref-
erence cases, all in parallel on the same computer. No
data transfer to an external computer infrastructure is
required, ensuring the highest possible data confidential-
ity. NanoDiP directly provides the examiner with inter-
active plots and interpretable reports in the context of
pan-cancer or subgroup-specific reference datasets. The
possibility to choose between different annotated refer-
ence datasets and visualise unclassified data in the con-
text of annotated cases makes NanoDiP well-suited as
an assistive system rather than a fully automated diag-
nosis-generating tool. For increased security and sta-
bility we advocate for offline use by running NanoDiP
behind a firewall on separate routing hardware/software
(we use routers running OpenWrt) with network access
restricted to the local intranet for institution-internal
backups, export of reports, and transfer of sequencing
data to alternative workflows such as NanoDx [17] or
Sturgeon [28].

Diagnosticians do not necessarily require exten-
sive (bio)informatics knowledge to interpret the data
which, as opposed to supervised machine learning
(ML) approaches, leaves room for interpretation within
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clinical, radiological, and histopathological contexts. Our
software is provided as open-source. Therefore, with
minimal effort, institution-specific reference datasets can
be assembled and used for the interpretation of many
(tumour/tissue) spectra. Adding software features is
facilitated through a Jupyter Notebook IDE. For laborato-
ries solely relying on microarray data, our public EpiDiP
service and the offline UMAP plotter in NanoDiP provide
freedom of data interpretation not offered by supervised
ML systems. Our approach establishes a direct sample-
to-tumour-subtype classification on financially attrac-
tive edge computers, with as low as ~5% of the electric
power needed relative to a high-performance computing
infrastructure. Of note, unsupervised UMAP plotting
does not require a training process or specific adjustment
prior to use for classification. UMAP is computationally
lightweight and GPU-augmentation has been established,
therefore being a prime choice for edge computing
approaches despite the fact that alternative, potentially
more accurate approaches exist. In sum, NanoDiP runs
entirely on low-power, low-cost systems as opposed to
the majority of supervised systems, in particular for their
training process [17, 28].

Criticism [20] of the current WHO CNS tumour clas-
sification [30] has challenged the central role of meth-
ylation and copy number profiling in diagnosing brain
tumours. In particular, the case has been made that
resource-limited low- and middle-income countries
would not readily benefit from scientific advances in
the field, since microarray infrastructure for methylome
profiling is neither available nor affordable in many geo-
graphical regions. Nevertheless, the current WHO CNS
tumour classification has defined methylome profil-
ing as an essential criterion for the diagnosis of certain
brain tumour types. Both the critical letter [20] and the
current WHO classification [30] have not considered the
potential of nanopore sequencing [6, 17, 28] as an afford-
able, mobile molecular data acquisition technology that
enables methylation and copy number profiling nearly
anywhere in the world. While initial work relied on data
analysis with high-performance compute clusters [5], at
least for the training process [28], our approach provides
an integrated solution to derive methylation-based clas-
sification from intraoperative, native biopsies within two
hours at minimal cost. The workflow presented here not
only runs on affordable computer hardware but also com-
bines sequencing control with data analysis so that nei-
ther molecular biological nor computer science expertise
is required for operation. The entire setup comprising the
computer, datastore, and sequencer has a physical foot-
print the size of a shoe box (Fig. 8A) and low power con-
sumption, which is key to running it on portable power
sources such as batteries, solar panels or fuel-driven
generators. Ready-to-use SoC-based NanoDiP platform
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could hence be mailed to (and installed at) almost any
institution. The NanoDiP computer can be operated
remotely through an encrypted internet connection,
which has been particularly helpful during the establish-
ment phase in institutions without prior experience. A
demonstration virtual machine (VM) provided alongside
this manuscript (Suppl. file 1) enables colleagues with
a working environment to explore its potential benefit
despite the hardware limitations of a VM. The VM will
significantly facilitate the local installation process.

Our open-source digital pathology resource EpiDiP/
NanoDiP highlights the added value of examining unsu-
pervised ML to complement existing supervised ML
strategies for defined tumour spectra, optimising inte-
grated diagnoses. Benchmarking against a supervised
random forest classifier reveals acceptable precision
while widening the diagnostic horizon in an unprece-
dented manner.

Limitations Fast product development cycles with fre-
quent updates in methylome data acquisition software/
technology impair harmonised downstream analysis.
Despite the fact that efforts towards technology-inde-
pendent data formats are currently underway, future use
of our software will likely require respective adaptations.
This is a widely known adverse phenomenon in the field,
affecting the applicability of most previously published
methylome-diagnostic workflows [5, 6, 8,9, 12-14, 17, 24,
28] unless they are constantly re-adjusted to respective
methodological changes.
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Data availability

A fully functional demonstration instance of NanoDiP in the form of a
VirtualBox™ for processing 450 K/EPICV2 methylation array and preprocessed
nanopore sequencing data is available through the two EpiDiP mirror sites:
https://www.epidip.org, https://epidip.usb.ch. If https is unavailable, http may
be used alternatively. The source code along with installation instructions is
available at: https://github.com/neuropathbasel/nanodip, https://github.com/
neuropathbasel/nanodip_dependencies,
https://github.com/neuropathbasel/nanodip_dev (for R10 and EPIC V2),
https://github.com/neuropathbasel/epidip (legacy website code), https://
github.com/neuropathbasel/methylseqgscripts. Herein are contained
download mechanisms that will provide access to processed reference data
which can be utilised with NanoDiP. A pan-cancer reference data are also
included in the demonstration VM (Suppl. File 1). The www.epidip.org and
epidip.usb.ch websites process uploaded IDAT microarray data (450 K, EPIC
V1 and V2) free of charge and incorporate them in an overarching UMAP

plot. EPICV1 and R9/ R10 Nanopore datasets for testing purposes have been
included in the demonstration VM (Suppl. File 1). Raw nanopore datasets
from our routine diagnostics may not be shared as they may contain sensitive
genetic information. MethylSeq datasets are available from the authors upon
reasonable request (large data size).

All source code including reference data is provided for non-commercial

use only. Usage in diagnostic settings occurs at the sole responsibility of the
treating physician.

Declarations

Ethical approval

Analysis of microarray-type methylation data was approved by the
Ethikkommission Nordwest- und Zentralschweiz (EKNZ; Req-2019-01023). The
methylation data from Nanopore sequencing were obtained during routine
diagnostics with an in-house validated procedure (accredited by sas.admin.
ch SMTS 0037). Report scores were scientifically evaluated. Written consent for
those samples that underwent non-diagnostic methylSeq was obtained prior
to analysis.

Competing interests

David Capper holds a patent on DNA methylation-based tumour classification
and owns shares of the company Heidelberg Epignostix GmbH. The other
authors have no financial or non-financial competing interests to declare.

Author details

'Institut fur Medizinische Genetik und Pathologie, Universitétsspital Basel,
Schonbeinstr. 40, 4031 Basel, Switzerland

2Klinik fiir Neurochirurgie, Universitatsspital Basel, Spitalstrasse 21,

4031 Basel, Switzerland

*Human Genomics, Institute of Environmental Science and Research
(ESR), 5022 Porirua, Wellington, New Zealand

“Life&Brain GmbH, Venusberg-Campus 1, Gebaude 76, 53127 Bonn,
Germany

*Institute of Neuropathology, Center for Neuropathology and Prion
Research, Feodor- Lynen-Str. 23, 81377 Minchen, Germany
5Neurological Institute (Edinger Institute), University Hospital, Heinrich-
Hoffmann- Stralle 7, 60528 Frankfurt am Main, Germany

’German Cancer Consortium (DKTK), Partner Site Frankfurt, German
Cancer Research Center (DKFZ2), Heidelberg, Germany

SFrankfurt Cancer Institute (FCI), Frankfurt am Main, Germany

%Institute of Neuropathology, University Hospital Minster, Pottkamp 2,
48149 Munster, Germany

‘OForschungsmstitut Kinderkrebszentrum, Martinistrasse 52,

20251 Hamburg, Germany

""Department of Pediatric Hematology and Oncology, University Hospital
Hamburg- Eppendorf, Hamburg, Germany

"2Institute of Neuropathology, University Hospital Hamburg-Eppendorf,
Hamburg, Germany

13Department of Neuropathology, Department of Neuropathology,
Charité- Universitatsmedizin Berlin, Charitéplatz 1, 10117 Berlin, Germany
Institut universitaire de pathologie, Lausanne University Hospital
(CHUV), University of Lausanne, Rue du Bugnon 25, 1011 Lausanne,
Switzerland

Page 15 of 16

1315, Luzerner Kantonsspital, Pathologie, Haus 27,

6000 Spitalstrasse, Luzern 16, Switzerland

1% linik fur Neurochirurgie, Luzerner Kantonsspital, Haus 31,

6000, 16 Spitalstrasse, Luzern, Switzerland

Medica Pathologie Zentrum Zirich, Hottingerstrasse 9/ 11, 8032 Ziirich,
Switzerland

8CEINGE-Biotecnologie Avanzate, Via Gaetano Salvatore,

486 - 80145 Napoli, Italy

Hopp Children’s Cancer Center Heidelberg (KiTZ), Heidelberg, Germany
“Division of Pediatric Neurooncology, German Consortium for
Translational Cancer Research (DKTK), Im Neuenheimer Feld 280,

69120 Heidelberg, Germany

?'Department of Neuropathology, Institute of Neuropathology, University
Hospital Heidelberg, Im Neuenheimer Feld 280, 69120 Heidelberg,
Germany

22CCU Neuropathology, German Consortium for Translational Cancer
Research (DKTK), Im Neuenheimer Feld 280, 69120 Heidelberg, Germany
2323, DKFZ, Im Neuenheimer Feld 280, 69120 Heidelberg, Germany
*pathologisches Institut der LMU, Thalkirchner Str. 36, 80337 Miinchen,
Germany

Received: 25 November 2023 / Accepted: 11 March 2024
Published online: 04 April 2024

References

1. Baettig F, Vlajnic T, Vetter M, Glatz K, Hench J, Frank S, Bihl M, Lopez R, Dobbie
M, Heinzelmann-Schwarz V, Montavon C (2019) Nivolumab in chemother-
apy-resistant cervical cancer: report of a vulvitis as a novel immune-related
adverse event and molecular analysis of a persistent complete response. J
Immunother Cancer 7:281. https://doi.org/10.1186/540425-019-0742-6

2. Capper D, Jones DTW, Sill M, Hovestadt V, Schrimpf D, Sturm D, Koelsche C,
Sahm F, Chavez L, Reuss DE, Kratz A, Wefers AK, Huang K, Pajtler KW, Sch-
weizer L, Stichel D, Olar A, Engel NW, Lindenberg K, Harter PN, Braczynski AK,
Plate KH, Dohmen H, Garvalov BK, Coras R, Holsken A, Hewer E, Bewerunge-
Hudler M, Schick M, Fischer R, Beschorner R, Schittenhelm J, Staszewski O,
Wani K, Varlet P, Pages M, Temming P, Lohmann D, Selt F, Witt H, Milde T,
Witt O, Aronica E, Giangaspero F, Rushing E, Scheurlen W, Geisenberger C,
Rodriguez FJ, Becker A, Preusser M, Haberler C, Bjerkvig R, Cryan J, Farrell M,
Deckert M, Hench J, Frank S, Serrano J, Kannan K, Tsirigos A, Briick W, Hofer
S, Brehmer S, Seiz-Rosenhagen M, Hanggi D, Hans V, Rozsnoki S, Hansford JR,
Kohlhof P, Kristensen BW, Lechner M, Lopes B, Mawrin C, Ketter R, Kulozik A,
Khatib Z, Heppner F, Koch A, Jouvet A, Keohane C, Mihleisen H, Mueller W,
Pohl U, Prinz M, Benner A, Zapatka M, Gottardo NG, Driever PH, Kramm CM,
Muller HL, Rutkowski S, von Hoff K, Friahwald MC, Gnekow A, Fleischhack
G, Tippelt S, Calaminus G, Monoranu C-M, Perry A, Jones C, Jacques TS,
Radlwimmer B, Gessi M, Pietsch T, Schramm J, Schackert G, Westphal M, Rei-
fenberger G, Wesseling P, Weller M, Collins VP, Bltimcke |, Bendszus M, Debus
J,Huang A, Jabado N, Northcott PA, Paulus W, Gajjar A, Robinson GW, Taylor
MD, Jaunmuktane Z, Ryzhova M, Platten M, Unterberg A, Wick W, Karajannis
MA, Mittelbronn M, Acker T, Hartmann C, Aldape K, Schiller U, Buslei R, Lich-
ter P, Kool M, Herold-Mende C, Ellison DW, Hasselblatt M, Snuderl M, Brandner
S, Korshunov A, von Deimling A, Pister SM (2018) DNA methylation-based
classification of central nervous system tumours. Nature 555:469-474.
https://doi.org/10.1038/nature26000

3. Capper D, Stichel D, Sahm F, Jones DTW, Schrimpf D, Sill M, Schmid S,
Hovestadt V, Reuss DE, Koelsche C, Reinhardt A, Wefers AK, Huang K, Sievers P,
Ebrahimi A, Scholer A, Teichmann D, Koch A, Hanggi D, Unterberg A, Platten
M, Wick W, Witt O, Milde T, Korshunov A, Pfister SM, von Deimling A (2018)
Practical implementation of DNA methylation and copy-number-based
CNS tumor diagnostics: the Heidelberg experience. Acta Neuropathol (Berl)
136:181-210. https://doi.org/10.1007/500401-018-1879-y

4. ChenY, Lemire M, Choufani S, Butcher DT, Grafodatskaya D, Zanke BW, Gall-
inger S, Hudson TJ, Weksberg R (2013) Discovery of cross-reactive probes and
polymorphic CpGs in the lllumina Infinium HumanMethylation450 microar-
ray. Epigenetics 8:203-209. https://doi.org/10.4161/epi.23470

5. Djirackor L, Halldorsson S, Niehusmann P, Leske H, Capper D, Kuschel LP,
Pahnke J, Due-Tennessen BJ, Langmoen IA, Sandberg CJ, Euskirchen P, Vik-Mo
EO (2021) Intraoperative DNA methylation classification of brain tumors
impacts neurosurgical strategy. Neuro-Oncol Adv vdab149. https://doi.
0rg/10.1093/noajnl/vdab149


https://www.epidip.org
https://epidip.usb.ch
https://github.com/neuropathbasel/nanodip
https://github.com/neuropathbasel/nanodip_dependencies
https://github.com/neuropathbasel/nanodip_dependencies
https://github.com/neuropathbasel/nanodip_dev
https://github.com/neuropathbasel/epidip
https://github.com/neuropathbasel/methylseqscripts
https://github.com/neuropathbasel/methylseqscripts
http://www.epidip.org
https://epidip.usb.ch/
https://doi.org/10.1186/s40425-019-0742-6
https://doi.org/10.1038/nature26000
https://doi.org/10.1007/s00401-018-1879-y
https://doi.org/10.4161/epi.23470
https://doi.org/10.1093/noajnl/vdab149
https://doi.org/10.1093/noajnl/vdab149

Hench et al. Acta Neuropathologica Communications

(2024) 12:51

Euskirchen P, Bielle F, Labreche K, Kloosterman WP, Rosenberg S, Daniau

M, Schmitt C, Masliah-Planchon J, Bourdeaut F, Dehais C, Marie Y, Delattre

J-Y, Idbaih A (2017) Same-day genomic and epigenomic diagnosis of brain
tumors using real-time nanopore sequencing. Acta Neuropathol (Berl)
134:691-703. https://doi.org/10.1007/500401-017-1743-5

Fortin J-P, Triche TJ, Hansen KD (2016) Preprocessing, normalization and inte-
gration of the Illumina HumanMethylationEPIC array with minfi. Bioinformat-
ics btw691. https://doi.org/10.1093/bioinformatics/btw691

Gamaarachchi H, Lam CW, Jayatilaka G, Samarakoon H, Simpson JT, Smith
MA, Parameswaran S (2020) GPU accelerated adaptive banded event align-
ment for rapid comparative nanopore signal analysis. BMC Bioinformatics
21:343. https://doi.org/10.1186/512859-020-03697-x

Gamaarachchi H, Samarakoon H, Jenner SP, Ferguson JM, Amos TG, Ham-
mond JM, Saadat H, Smith MA, Parameswaran S, Deveson IW (2022) Fast
nanopore sequencing data analysis with SLOWS. Nat Biotechnol 40:1026—-
1029. https://doi.org/10.1038/541587-021-01147-4

Haefliger S, Tzankov A, Frank S, Bihl M, Vallejo A, Stebler J, Hench J (2021)

NUT midline carcinomas and their differentials by a single molecular
profiling method: a new promising diagnostic strategy illustrated by a case
report. Virchows Arch Int J Pathol 478:1007-1012. https://doi.org/10.1007/
500428-020-02869-7

Hench J, Vlajnic T, Soysal SD, Obermann EC, Frank S, Muenst S (2022) An
Integrated Epigenomic and genomic view on Phyllodes and Phyllodes-like
breast tumors. Cancers 14:667. https://doi.org/10.3390/cancers 14030667
Jurmeister P, Schéler A, Arnold A, Klauschen F, Lenze D, Hummel M, Schweizer
L, Blaker H, Pfitzner BM, Mamlouk S, Sers C, Denkert C, Stichel D, Frost N,
Horst D, von Laffert M, Capper D (2019) DNA methylation profiling reliably
distinguishes pulmonary enteric adenocarcinoma from metastatic colorectal
cancer. Mod Pathol. https://doi.org/10.1038/541379-019-0207-y

Jurmeister P, Bockmayr M, Seegerer P, Bockmayr T, Treue D, Montavon G,
Vollbrecht C, Arnold A, Teichmann D, Bressem K, Schiller U, von Laffert M,
Muiller K-R, Capper D, Klauschen F (2019) Machine learning analysis of DNA
methylation profiles distinguishes primary lung squamous cell carcinomas
from head and neck metastases. Sci Transl Med 11:eaaw8513. https://doi.
0rg/10.1126/scitransimed.aaw8513

Jurmeister P, GIoR S, Roller R, Leitheiser M, Schmid S, Mochmann LH, Paya
Capilla E, Fritz R, Dittmayer C, Friedrich C, Thieme A, Keyl P, Jarosch A,
Schallenberg S, Bldker H, Hoffmann I, Vollbrecht C, Lehmann A, Hummel M,
Heim D, Haji M, Harter P, Englert B, Frank S, Hench J, Paulus W, Hasselblatt M,
Hartmann W, Dohmen H, Keber U, Jank P, Denkert C, Stadelmann C, Bremmer
F, Richter A, Wefers A, Ribbat-ldel J, Perner S, Idel C, Chiariotti L, Della Monica
R, Marinelli A, Schiller U, Bockmayr M, Liu J, Lund VJ, Forster M, Lechner M,
Lorenzo-Guerra SL, Hermsen M, Johann PD, Agaimy A, Seegerer P, Koch

A, Heppner F, Pfister SM, Jones DTW, Sill M, von Deimling A, Snuderl M,
Muller K-R, Forgd E, Howitt BE, Mertins P, Klauschen F, Capper D (2022) DNA
methylation-based classification of sinonasal tumors. Nat Commun 13:7148.
https://doi.org/10.1038/541467-022-34815-3

Karimi S, Zuccato JA, Mamatjan Y, Mansouri S, Suppiah S, Nassiri F, Diamandis
P, Munoz DG, Aldape KD, Zadeh G (2019) The central nervous system tumor
methylation classifier changes neuro-oncology practice for challenging brain
tumor diagnoses and directly impacts patient care. Clin Epigenetics 11:185.
https://doi.org/10.1186/513148-019-0766-2

Koelsche C, Schrimpf D, Stichel D, Sill M, Sahm F, Reuss DE, Blattner M, Worst
B, Heilig CE, Beck K, Horak P, Kreutzfeldt S, Paff E, Stark S, Johann P, Selt F, Ecker
J, Sturm D, Pajtler KW, Reinhardt A, Wefers AK, Sievers P, Ebrahimi A, Suwala A,
Ferndndez-Klett F, Casalini B, Korshunov A, Hovestadt V, Kommoss FKF, Kriegs-
mann M, Schick M, Bewerunge-Hudler M, Milde T, Witt O, Kulozik AE, Kool

M, Romero-Pérez L, Griinewald TGP, Kirchner T, Wick W, Platten M, Unterberg
A, Uhl M, Abdollahi A, Debus J, Lehner B, Thomas C, Hasselblatt M, Paulus

W, Hartmann C, Staszewski O, Prinz M, Hench J, Frank S, Versleijen-Jonkers
YMH, Weidema ME, Mentzel T, Griewank K, de Alava E, Martin JD, Gastearena
MAI, Chang KT-E, Low SYY, Cuevas-Bourdier A, Mittelbronn M, Mynarek

M, Rutkowski S, Schller U, Mautner VF, Schittenhelm J, Serrano J, Snuder!

M, Blttner R, Klingebiel T, Buslei R, Gessler M, Wesseling P, Dinjens WNM,
Brandner S, Jaunmuktane Z, Lyskjaer I, Schirmacher P, Stenzinger A, Brors B,
Glimm H, Heining C, Tirado OM, Séinz-Jaspeado M, Mora J, Alonso J, del Muro
XG, Moran S, Esteller M, Benhamida JK, Ladanyi M, Wardelmann E, Antonescu
C, Flanagan A, Dirksen U, Hohenberger P, Baumhoer D, Hartmann W, Vokuhl
C, Flucke U, Petersen I, Mechtersheimer G, Capper D, Jones DTW, Frohling S,
Pfister SM, von Deimling A (2021) Sarcoma classification by DNA methylation
profiling. Nat Commun 12:498. https://doi.org/10.1038/541467-020-20603-4

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.
30.

31.

32

Page 16 of 16

Kuschel LP, Hench J, Frank S, Hench IB, Girard E, Blanluet M, Masliah-Planchon
J, Misch M, Onken J, Czabanka M, Karau P, Ishaque N, Hain EG, Heppner F,
Idbaih A, Behr N, Harms C, Capper D, Euskirchen P (2021) Robustmethylation-
basedclassificationofbraintumorsusingnanoporesequencing.Oncology

Li H (2018) Minimap2: pairwise alignment for nucleotide sequences. Bioin-
forma Oxf Engl 34:3094-3100. https://doi.org/10.1093/bioinformatics/bty 191
Moran S, Martinez-Cardus A, Sayols S, Musulén E, Balaid C, Estival-Gonzalez A,
Moutinho C, Heyn H, Diaz-Lagares A, de Moura MC (2016) othersEpigeneticp
rofilingtoclassifycancerofunknownprimary:amulticentre retrospectiveanalysis.
LancetOncol17:1386-1395

Moudagil-Joshi J, Kaliaperumal C (2021) Letter regarding Louis et al: the 2021
WHO classification of tumors of the Central Nervous System: a summary.
Neuro-Oncol 23:2120-2121. https://doi.org/10.1093/neuonc/noab 190
Nestor CE, Ottaviano R, Reinhardt D, Cruickshanks HA, Mjoseng HK, McPher-
son RC, Lentini A, Thomson JP, Dunican DS, Pennings S, Anderton SM, Benson
M, Meehan RR (2015) Rapid reprogramming of epigenetic and transcriptional
profiles in mammalian culture systems. Genome Biol 16:11. https://doi.
0rg/10.1186/513059-014-0576-y

Sahm F, Schrimpf D, Stichel D, Jones DT, Hielscher T, Schefzyk S, Okonech-
nikov K, Koelsche C, Reuss DE, Capper D (2017) othersDNAmethylation-
basedclassificationandgradingsystemformeningioma:amulticentre retrospect
iveanalysis.LancetOncol18:682-694

Saleh C, Jaszczuk P Hund-Georgiadis M, Frank S, Cordier D, Hench B, Todea
A, Wasilewski A, Wilmes S, Grigioni G, Hench J (2020) Differentiation of rare
brain tumors through unsupervised machine learning: clinical significance
of in-depth methylation and copy number profiling illustrated through an
unusual case of IDH wildtype glioblastoma. Clin Neuropathol. https://doi.
0rg/10.5414/NP301305

Samarakoon H, Ferguson JM, Jenner SP, Amos TG, Parameswaran S,
Gamaarachchi H, Deveson IW (2023) Flexible and efficient handling of nano-
pore sequencing signal data with slow5tools. Genome Biol 24:69. https://doi.
0rg/10.1186/513059-023-02910-3

Sittén-Candanedo |, Alonso RS, Corchado JM, Rodriguez-Gonzélez S, Casado-
Vara R (2019) A review of edge computing reference architectures and a new
global edge proposal. Future Gener Comput Syst 99:278-294. https://doi.
0rg/10.1016/jfuture.2019.04.016

Vaisvila R, Ponnaluri VKC, Sun Z, Langhorst BW, Saleh L, Guan S, Dai N, Camp-
bell MA, Sexton BS, Marks K, Samaranayake M, Samuelson JC, Church HE,
Tamanaha E, Corréa IR, Pradhan S, Dimalanta ET, Evans TC, Williams L, Davis
TB (2021) Enzymatic methyl sequencing detects DNA methylation at single-
base resolution from picograms of DNA. Genome Res 31:1280-1289. https://
doi.org/10.1101/gr.266551.120

van der Meulen R (2018) WhatEdgeComputingMeansforinfrastructureand-
OperationsLeaders.In:WhatEdgeComput.MeansInfrastruct. Oper.Lead.https.//
www.gartnercom/smarterwithgartner/what-edge-computing-means-for-
infrastructure-and-operations-leaders. Accessed2Dec2022

Vermeulen C, Pagés-Gallego M, Kester L, Kranendonk MEG, Wesseling P, Ver-
burg N, de Witt Hamer P, Kooi EJ, Dankmeijer L, van der Lugt J, van Baarsen K,
Hoving EW, Tops BBJ, de Ridder J (2023) Ultra-fast deep-learned CNS tumour
classification during surgery. Nature 622:842-849. https://doi.org/10.1038/
$41586-023-06615-2

Volker Hovestadt MZ (2017) conumee

WHO Classification of Tumours Editorial Board (2021) Centralnervoussystemt
umours,5thedition.InternationalAgencyforResearchonCancer,Lyon(France)
Williamson D, Schwalbe EC, Hicks D, Aldinger KA, Lindsey JC, Crosier S, Rich-
ardson S, Goddard J, Hill RM, Castle J, Grabovska Y, Hacking J, Pizer B, Wharton
SB, Jacques TS, Joshi A, Bailey S, Clifford SC (2022) Medulloblastoma group

3 and 4 tumors comprise a clinically and biologically significant expression
continuum reflecting human cerebellar development. Cell Rep 40:111162.
https://doi.org/10.1016/j.celrep.2022.111162

Wu Z, Abdullaev Z, Pratt D, Chung H-J, Skarshaug S, Zgonc V, Perry C, Pack

S, Saidkhodjaeva L, Nagaraj S, Tyagi M, GangalapudiV, Valdez K, Turakulov R,
Xi L, Raffeld M, Papanicolau-Sengos A, O'Donnell K, Newford M, Gilbert MR,
Sahm F, Suwala AK, von Deimling A, Mamatjan Y, Karimi S, Nassiri F, Zadeh G,
Ruppin E, Quezado M, Aldape K (2022) Impact of the methylation classifier
and ancillary methods on CNS tumor diagnostics. Neuro-Oncol 24:571-581.
https://doi.org/10.1093/neuonc/noab227

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.1007/s00401-017-1743-5
https://doi.org/10.1093/bioinformatics/btw691
https://doi.org/10.1186/s12859-020-03697-x
https://doi.org/10.1038/s41587-021-01147-4
https://doi.org/10.1007/s00428-020-02869-7
https://doi.org/10.1007/s00428-020-02869-7
https://doi.org/10.3390/cancers14030667
https://doi.org/10.1038/s41379-019-0207-y
https://doi.org/10.1126/scitranslmed.aaw8513
https://doi.org/10.1126/scitranslmed.aaw8513
https://doi.org/10.1038/s41467-022-34815-3
https://doi.org/10.1186/s13148-019-0766-2
https://doi.org/10.1038/s41467-020-20603-4
https://doi.org/10.1093/bioinformatics/bty191
https://doi.org/10.1093/neuonc/noab190
https://doi.org/10.1186/s13059-014-0576-y
https://doi.org/10.1186/s13059-014-0576-y
https://doi.org/10.5414/NP301305
https://doi.org/10.5414/NP301305
https://doi.org/10.1186/s13059-023-02910-3
https://doi.org/10.1186/s13059-023-02910-3
https://doi.org/10.1016/j.future.2019.04.016
https://doi.org/10.1016/j.future.2019.04.016
https://doi.org/10.1101/gr.266551.120
https://doi.org/10.1101/gr.266551.120
https://www.gartner.com/smarterwithgartner/what-edge-computing-means-for-infrastructure-and-operations-leaders.Accessed2Dec2022
https://www.gartner.com/smarterwithgartner/what-edge-computing-means-for-infrastructure-and-operations-leaders.Accessed2Dec2022
https://www.gartner.com/smarterwithgartner/what-edge-computing-means-for-infrastructure-and-operations-leaders.Accessed2Dec2022
https://doi.org/10.1038/s41586-023-06615-2
https://doi.org/10.1038/s41586-023-06615-2
https://doi.org/10.1016/j.celrep.2022.111162
https://doi.org/10.1093/neuonc/noab227

	﻿EpiDiP/NanoDiP: a versatile unsupervised machine learning edge computing platform for epigenomic tumour diagnostics
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿DNA extraction
	﻿Copy number profiling
	﻿﻿Microarray
	﻿Nanopore


	﻿Methylation detection
	﻿Microarray
	﻿MethylSeq

	﻿Methylation-based classification through unsupervised machine learning
	﻿UMAP score performance testing
	﻿UMAP scoring-based brain tumour classification
	﻿UMAP scoring with a pan-cancer dataset

	﻿DNA read lengths, nanopore sequencing speed
	﻿Results
	﻿Graphical frontend facilitates NanoDiP operation
	﻿Low-coverage nanopore sequencing reveals diagnostic copy number profiles
	﻿Match between methylSeq and microarray methylation profiles
	﻿Methylation-based classification through UMAP reaches diagnostic precision
	﻿UMAP addresses a wide spectrum of methylation patterns
	﻿UMAP plotting contributes to non-brain/non-sarcoma cancer diagnostics
	﻿NanoDiP rapidly obtains and translates nanopore data into clinically relevant diagnoses

	﻿Discussion
	﻿References


