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Supplementary Methods: 
Samples 

We sequenced 47 cryopreserved samples (45 archival, 2 prospective) targeting Rapid_CNS_A 

(details on target below), and 12 samples (8 archival, 4 prospective) targeting Rapid_CNS_B from 

the Department of Neuropathology, University Hospital Heidelberg (Suppl. Fig. 1d). Two additional 

FFPE samples, PANEL_A_48 (run for 72h) and PANEL_A_49 (stopped running at 24h due to poor 
sequencing) were also sequenced. (See Suppl. Table 1 for detailed overview of samples). 

 

Library preparation: 

Sections of 40x10 µm were prepared from cryoconserved tumor tissues with established molecular 

markers (IRB approval 2018-614N-MA, 005/2003) with tumor cell content (based on a H&E stain) > 

60%. DNA was then extracted using the Promega Maxwell RSC Blood DNA Kit (catalogue # 

AS1400, Promega) on a Maxwell RSC 48 instrument (AS8500, Promega) per manufacturer’s 

instructions. DNA concentrations were measured on a microplate reader (FLUOStar Omega, BMG 
Labtech) using the Invitrogen Qubit DNA BR Assay Kit (Q32851, Thermo Fisher Scientific). Next, 

the DNA was sheared to approximately 9 to 11 kb in a total volume of 50 µl using g-TUBEs (Covaris) 

at 7200 rpm for 120 sec. The fragment length was assessed on an Agilent 2100 Bioanalyzer 

(catalogue # G2939A, Agilent Technologies) with the Agilent DNA 12000 Kit (catalogue # 5067-

1508, Agilent Technologies). Sequencing libraries were prepared with the SQK-LSK109 Ligation 

Sequencing Kit with the following modifications: 48 µl of the sheared DNA (2-2.5 µg) were taken 

into the end-prep reaction, leaving out the control DNA. The end-prep reaction was changed to an 

incubation for 30min at 20°C followed by 30min at 65°C followed by a cool down to 4°C in a thermal 

cycler. The clean-up was performed using AMPure XP beads and 80% ethanol, elution time was 

changed to 5min. Adapter ligation was extended to an incubation for 60min at room temperature. 
The ligation mix was then incubated with AMPure XP beads at 0.4x for 10min, clean-up was 

performed using the Long Fragment Buffer (LFB) and the final library was eluted in a total volume 

of 31 µl. Library concentrations were measured using the Invitrogen Qubit DNA HS Assay Kit 

(Q32851, Thermo Fisher Scientific) on a benchtop Quantus fluorometer (Promega). The libraries 

were loaded (500-600 ng) onto FLO-MIN106 R9.4.1 flow cells with a minimum of 1100 pores 

available according to the FC Check prior to loading. The flow cells were flushed after around 24 
hours for a total of two times per sample with the Flow Cell Wash Kit (EXP-WSH003) per 

manufacturer’s instructions. Sequencing was carried out on a MinION 1B and GridION (Oxford 

Nanopore Technologies). Three FFPE libraries were prepared, of which DNA for PANEL_A_48 and 

PANEL_A_49_1 was extracted using the Promega Maxwell RSC Blood DNA Kit and for 

PANEL_A_49_2 using the QIAamp FFPE Tissue kit.  

 

Adaptive sampling 
47 samples (PANEL_A_01-PANEL_A_47) were sequenced on the MinION using ReadFish-

enabled targeting on an 8 GB NVIDIA RTX 2080 Ti powered consumer notebook [10]. The targets 

(Rapid_CNS_A) included regions from the previously published neuropathology panel [12] and CpG 

sites instrumental in classification by the Heidelberg methylation classifier [6] (available on GitHub 



https://github.com/areebapatel/Rapid-CNS2). A 10kb flank was added to the sites on either side to 

ensure optimal targeting by ReadFish (155 Mb). Guppy 4.2.2’s fast basecalling (config 

dna_r9.4.1_450bps_fast) mode was used to run ReadFish. 12 samples were sequenced using a 

shorter panel (Rapid_CNS_B: neuropathology gene panel flanked by 10 kb on either side, total 15 

Mb) with MinKNOW’s in-built adaptive sampling protocol on the GridION. Three samples were 

sequenced in one run on the GridION. Live basecalling was turned off for all runs. 
 

Variant and copy-number calling 

Samples were analyzed using a custom bioinformatics pipeline (areebapatel/Rapid-CNS2.git). 

FAST5 files were basecalled using ONT’s proprietary software guppy 4.4.1 using the high 

accuracy configuration. All reads with Q-score >5 were used for analysis. QC and coverage 

analyses were performed by pycoQC and mosdepth respectively [7, 11]. Adapter trimming by 

Porechop was followed by minimap2 v2.18 alignment to the hg19 genome, samtools sorting and 

indexing [8, 9, 17]. SNVs were called using longshot v0.4.1 and PEPPER-Margin-DeepVariant r0.4 

[4, 13]. TERT promoter mutations were further validated by mpileup and bcftools. Variant annotation 
was performed by ANNOVAR [16]. Filtering for clinical relevance was based on the 1000 Genomes 

(Aug 2015) frequencies and COSMIC 68 database [1, 15]. Copy number plots (100kb bin size) and 

gene-level copy number files (1kb, 10kb bin sizes) were generated using CNVpytor and a custom 

script [14].  

 

Methylation-based classification 

Methylation calls were made using megalodon v2.3.3 with a guppy v5.0.11 backend [19].  

To classify nanopore sequencing derived DNA-methylation profiles of central nervous system 
tumors, an adapted ad-hoc random forest classifier based on nanoDx was established [5, 6]. It was 

trained on the publicly available 450k methylation array reference data set of the Heidelberg 

methylation classifier version 11 (GSE90496) [3]. This data set was preprocessed as described in 

[3]. For each Nanopore sample, methylation calls overlapping the top 100,000 probes (by mean 

decrease in accuracy) derived from the Heidelberg methylation classifier were selected. These 

probes were variance filtered to select the top 10,000 most variable probes. A random forest model 

with 20,000 trees was trained using ranger [18]. Recalibration was performed by training one vs all 
generalized linear models for each class. These models were used to obtain a prediction and 

confidence score for the sample. Ground truth for archival samples was inferred from EPIC array 

data (from FFPE samples) using the Heidelberg methylation classifier v11b4 predictions. 

Methylation families were inferred by aggregating over methylation subclasses from the reference 

set. 

 

MGMT promoter methylation 

Ground truth for MGMT promoter methylation status was inferred from EPIC array analysis and 
pyrosequencing (6 prospective diagnostic samples). A total of 59 samples (47 Rapid_CNS_A and 

12 Rapid_CNS_B samples) were split into 70% training and 30% validation data. In the training 

data, each of the 212 CpG sites in the MGMT promoter region were subjected to a Student’s t-test 



to compute the predictive value. 137 sites with p-value <0.01 were selected.  The average over 

these sites was used to train a logistic regression based binomial classifier. The classifier was tested 

on the validation samples. 

 

Shorter sequencing time and flowcell reuse 

Five Rapid_CNS_B libraries (PANEL_B_01, 02, 03, 05, 06) were split based on reads generated in 
the first 24h (before flushing and reloading) and those generated in the next 48h (after flushing and 

reloading). These 10 sub-libraries were independently analyzed using the aforementioned pipeline. 

Since flushing and reloading could also enable loading a new sample, we used this analysis to 

assess potential for flowcell reuse. 

 

Supplementary results and discussion 
Analysis pipeline 

The Rapid-CNS2 pipeline is available as a git repository (https://github.com/areebapatel/Rapid-
CNS2). It requires a folder containing FAST5 files or a basecalled FASTQ file as input and generates 

SNV calls, CNV calls, MGMT promoter status and methylation classification as output (Suppl Fig 

7). It can be run on an HPC cluster or a GPU workstation. Basecalling followed by SNV and CNV 

detection completes within 8 hours (for longshot, 12 hours for PEPPER-Margin-DeepVariant) while 

methylation calling and classification requires 24 hours depending on amount of data generated. 

Live methylation calling has the potential to substantially reduce analysis time. 

 
On target rate 

Targeted regions showed considerably increased coverage as compared to other regions (Suppl 

Fig 1a). Within the 47 libraries sequenced using Rapid_CNS_A on the MinION, a clear increase in 

mean coverage over target regions is shown for all chromosomes (Suppl Fig 1b). Owing to its 

smaller target size, the 12 libraries sequenced using Rapid_CNS_B displayed higher on-target 

coverage as compared to those with Rapid_CNS_A. Key genes like IDH1, TERT, BRAF, etc also 

mirrored the increase in median coverage (Suppl Fig 1c). This could also in part be attributed to the 

higher sequencing capacity of the GridION.  
 

Mutational analysis 

On re-evaluation of samples with discrepant mutations, it was found that Nanopore libraries 

(PANEL_A_01 and PANEL_A_25) were generated using DNA from frozen sections with infiltration 

zone and low tumor cell content, whereas the corresponding NGS data was derived from bulk tumor 

tissue. For PANEL_A_12, the TERTp mutation was present in the Nanopore data (detected by 

mpileup), but was filtered by PEPPER-Margin-DeepVariant and longshot. Owing to major 
differences in technology (short read NGS vs long read Nanopore-sequencing), variant calling tools 

(mpileup/Platypus for NGS vs DeepVariant/longshot for Nanopore sequencing) as well as tissue 

type (FFPE tissue for NGS vs cryoconserved tissue for Nanopore sequencing), we restricted our 

validation to pathognomonic alterations. 

 



Copy number analysis 

Copy number plots obtained using the Rapid-CNS2 pipeline demonstrated higher resolution and 

clear visualization of the copy number levels as compared to NGS panel sequencing (Suppl. Fig. 2 

(left and centre)). Calculating depth of mapped reads, copy number variations detected were 

comparable to EPIC array results (Suppl. Fig. 2 (left and right)). Additionally, using smaller bin sizes 

(1kb, 10kb), genes covered by the copy number variations and their zygosity could also be 
accurately annotated. Resolution for copy number profiling was maintained across both panels 

(Rapid_CNS_A and Rapid_CNS_B) (Suppl Fig 2).    

 

Methylation analysis 

Owing to non-uniform methylation calling, Bady’s MGMT-STP27 method could not be used directly 

for MGMT promoter assessment [2]. Comparing average methylation over each site in methylated 

vs unmethylated samples revealed a number of sites had poor predictive value (Suppl. Fig. 3a). 

Averaging the methylation values over the 137 selected CpG sites showed a clear difference 
between methylated and unmethylated samples (Suppl. Fig. 3b). The test samples (yellow points) 

were in concordance with the thresholds proposed by the training data (25% cutoff). The logistic 

regression classifier trained on the training samples made accurate predictions in all testing samples 

(72 h runs) (Suppl Fig 3c).  

Of the 10,000 probes selected for training in each sample, only ~1400 probes were common in all 

of the samples (Suppl Fig 3d). The out-of-the bag error for ad-hoc classifiers for each sample was 

between 0.18-0.20 (Suppl Fig 3e).  
Data obtained from a 72h run usually covered >300,000 probes from the 450K array. Loading the 

entirety of the overlapping probe set from the training set for re-training warranted considerable 

memory. Methylation classification in Rapid-CNS2 infers CpG importance from the Heidelberg 

methylation  classifier by selecting sites from the top 100K probes to re-train the ad-hoc classifier. 

This considerably reduced the time and memory required to perform methylation classification. On 

average, methylation classification (including I/O processes) took 10 minutes with 16 threads. 

Complete scores and comparison with EPIC array analysis are reported in the Suppl. Table 2.  

 
Diagnostic samples 

Six prospective samples were run using Rapid-CNS2. As shown in the Suppl. Table 4, five of these 

were glioblastomas, while one was classified as an IDH mutant, 1p/19q codeleted 

oligodendroglioma. Histopathological diagnoses for all samples were confirmed by their Rapid-

CNS2 molecular profiling.  

Rapid-CNS2 also accurately profiled PANEL_B_08 as an ATRT-SHH tumor, which was reported as 

a glioma by histology (Suppl. Fig 4).  
 

Flowcell reuse and shorter sequencing times 

Five libraries run using Rapid_CNS_B were split into two each, containing reads generated in the 

first 24h and those generated in the subsequent 48h after flushing and reloading respectively. 

Flushing the flowcell depletes all previously loaded sample. We considered data generated after 



reloading the flowcell to be equivalent to loading a new library on a previously used flowcell. Since 

the same sample was loaded again, it avoided any sample or flowcell-related bias. From Suppl. Fig. 

5a, each split library contained > 5 million reads. While there was no clear trend observed for the 

number of reads generated in the first 24h vs next 48h, mean on-target coverage for all libraries 

was similar to that observed with Rapid_CNS_A libraries sequenced for 72h (Suppl. Fig. 6c, 1a). As 

shown in Suppl. Fig. 6b and d, complete concordance was reported for all pathognomonic 
alterations (IDH1, TERTp, MGMT promoter methylation and copy number alterations). Methylation 

families were correctly identified in all split libraries, 4 of which also reported the accurate 

methylation sub-class as identified by the corresponding EPIC array-based classification (same as 

their corresponding 72h runs, Suppl. file). Copy number profiles were identical for the complete 72h 

run, first 24h run and next 48h run for all split libraries (Suppl. Fig. 6d). For a 24h run, sequencing 

with the shorter panel (Rapid_CNS_B) resulted in mean on-target coverage equivalent to a 72h run 

with the longer panel (Rapid_CNS_A). This demonstrated that sequencing time can be reduced 

proportionally by decreasing target sizes. As flowcell quality is maintained, subsequent flushing and 
reloading would enable effective reuse with multiple samples.  

 

FFPE samples 

Three libraries were run with two FFPE samples (PANEL_A_48 (72h), PANEL_A_49_1 and 

PANEL_A_49_2 (stopped running at 24h due to poor sequencing)) to assess feasibility of the 

approach. As evident from Suppl. Fig 7 all FFPE runs displayed very low read counts (140K -160K 

reads) as compared to a cryopreserved sample (~10M reads). Channel activity was also poor. While 
flushing after 24h intervals in PANEL_A_48 increased channel activity and read count, it did not 

generate sufficient data for analysis. This could be potentially due to low fragment lengths in FFPE 

samples. Thus, in its current state, Rapid-CNS2 is restricted to use with cryopreserved or fresh CNS 

tumor samples. However, the potential for further advances in Nanopore technology cannot be 

underestimated, and FFPE sample processing may be feasible in the near future. 

 

Costs involved: 

Currently, a complete molecular diagnostic workup including NGS panel sequencing and EPIC array 
analysis costs about 410 EUR per sample. This seemingly lower cost is offset by the initial 

investment which could amount to > 300,000 EUR, and the need to have sufficient case numbers 

to efficiently run EPIC or NGS. In comparison, MinION costs about 1,000 EUR and the GridION (5 

samples) costs about 50,000 EUR. For Rapid-CNS2 runs, flowcell costs currently (potentially 

depending on market) start from 430 EUR per flowcell (96-pack) to 810 EUR (single flowcell). Library 

preparation and two flowcell washes then amount to 120 EUR. Thus, starting cost per sample for 

Rapid-CNS2 adds up to 550 EUR (excluding electricity and other auxiliary costs). The flowcell cost 
is the limiting factor in the total assay costs. However, as a cost-efficient solution flowcells can be 

reused, reducing the total cost of Rapid-CNS2 to 315 EUR per sample and thus making it competitive 

in comparison to conventional methods. Reducing panel size could facilitate multiple reuses of the 

flowcell, thus reducing costs even further. 
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Suppl. Table 1: Overview of all samples in this study 

Library Platform Panel Matching_conventional_data In Fig 1 Histological diagnosis Final type/subtype diagnosis Methylation classification
PANEL_A_01 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_MES
PANEL_A_02 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_03 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_04 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_05 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_06 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_07 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_08 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_09 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_10 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_11 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_I
PANEL_A_12 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_13 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_14 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_15 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_16 MinION Rapid_CNS_A Yes Yes diffuse glioma Astrocytoma (IDH mutant) A_IDH_HG
PANEL_A_17 MinION Rapid_CNS_A Yes Yes diffuse glioma Oligodendroglioma (IDH mutant) O_IDH
PANEL_A_18 MinION Rapid_CNS_A Yes Yes diffuse glioma Oligodendroglioma (IDH mutant) O_IDH
PANEL_A_19 MinION Rapid_CNS_A Yes Yes diffuse glioma Astrocytoma (IDH mutant) A_IDH_HG
PANEL_A_20 MinION Rapid_CNS_A Yes Yes diffuse glioma Astrocytoma (IDH mutant) A_IDH_HG
PANEL_A_21 MinION Rapid_CNS_A Yes Yes diffuse glioma Astrocytoma (IDH mutant) A_IDH
PANEL_A_22 MinION Rapid_CNS_A Yes Yes diffuse glioma Oligodendroglioma (IDH mutant) O_IDH
PANEL_A_23 MinION Rapid_CNS_A Yes Yes diffuse glioma Astrocytoma (IDH mutant) A_IDH_HG
PANEL_A_24 MinION Rapid_CNS_A Yes Yes diffuse glioma Astrocytoma (IDH mutant) A_IDH
PANEL_A_25 MinION Rapid_CNS_A Yes Yes diffuse glioma Astrocytoma A_IDH
PANEL_A_26 MinION Rapid_CNS_A Yes Yes diffuse glioma Oligodendroglioma (IDH mutant) O_IDH
PANEL_A_27 MinION Rapid_CNS_A Yes Yes diffuse glioma Astrocytoma (IDH mutant) A_IDH_HG
PANEL_A_28 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_29 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_30 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_31 MinION Rapid_CNS_A Yes Yes diffuse glioma Oligodendroglioma (IDH mutant) O_IDH
PANEL_A_32 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_33 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_34 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_35 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_36 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_37 MinION Rapid_CNS_A Yes Yes low-grade glioma Pilocytic astrocyoma LGG_PA_PF
PANEL_A_38 MinION Rapid_CNS_A Yes Yes low-grade glioma Pilocytic astrocyoma LGG_PA_MID
PANEL_A_39 MinION Rapid_CNS_A Yes Yes low-grade glioma Pilocytic astrocyoma LGG_PA_PF
PANEL_A_40 MinION Rapid_CNS_A Yes Yes low-grade glioma Pilocytic astrocyoma LGG_PA_PF
PANEL_A_41 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_42 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_43 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_44 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_45 MinION Rapid_CNS_A Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_46 MinION Rapid_CNS_A No No (prospective diagnostic sample) diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_A_47 MinION Rapid_CNS_A No No (prospective diagnostic sample) diffuse glioma Glioblastoma (IDH wildtype)  GBM_MES
PANEL_B_01 GridION Rapid_CNS_B Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_02 GridION Rapid_CNS_B Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_03 GridION Rapid_CNS_B Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_04 GridION Rapid_CNS_B Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_05 GridION Rapid_CNS_B Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_06 GridION Rapid_CNS_B Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_07 GridION Rapid_CNS_B Yes Yes diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_08 GridION Rapid_CNS_B Yes No (AT/RT final diagnosis) diffuse glioma Atypical teratoid, rhabdoid tumor ATRT_SHH
PANEL_B_09 GridION Rapid_CNS_B No No (prospective diagnostic sample) diffuse glioma Oligodendroglioma (IDH mutant) O_IDH
PANEL_B_10 GridION Rapid_CNS_B No No (prospective diagnostic sample) diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_11 GridION Rapid_CNS_B No No (prospective diagnostic sample) diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II
PANEL_B_12 GridION Rapid_CNS_B No No (prospective diagnostic sample) diffuse glioma Glioblastoma (IDH wildtype) GBM_RTK_II



  
Suppl. Table 2. Methylation classification results and concordance with EPIC array  

Library Number of features Calibrated score (RF) Predicted class (RF) Calibrated confidence score (GLM) Predicted class (GLM) Predicted class (EPIC) Concordance
PANEL_A_01 10000 0,011159664  GBM_MES 6,540558417 GBM_MES GBM_MES Sub-class
PANEL_A_02 10000 0,996246535  GBM_RTK_II 99,62465346 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_03 10000 0,999999998  GBM_RTK_II 99,99999982 GBM_RTK_II GBM_RTK_I Family
PANEL_A_04 10000 0,004540359  GBM_MES 63,50232342 GBM_RTK_II GBM_RTK_I Family
PANEL_A_05 10000 0,008446298  GBM_RTK_I 94,63140789 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_06 10000 0,999999991  GBM_RTK_II 99,99999908 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_07 10000 0,003829409  GBM_MES 77,21341357 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_08 10000 0,997740399  GBM_RTK_II 99,77403994 GBM_RTK_II GBM_MES Family
PANEL_A_09 10000 0,907490998  GBM_RTK_II 90,74909981 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_10 10000 0,000975314  GBM_RTK_I 96,05291628 GBM_RTK_II GBM_RTK_I Family
PANEL_A_11 10000 0,997461032  GBM_RTK_I 99,74610323 GBM_RTK_I GBM_RTK_I Sub-class
PANEL_A_12 10000 0,004372027  GBM_MES 13,01771473 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_13 10000 0,000409539  GBM_RTK_I 99,74301447 GBM_RTK_II GBM_RTK_I Family
PANEL_A_14 10000 0,99039392  GBM_RTK_II 99,039392 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_15 10000 0,914692029  GBM_RTK_II 91,46920291 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_16 10000 0,542949575  A_IDH_HG 54,29495747 A_IDH_HG A_IDH Family
PANEL_A_17 10000 0,995503384  O_IDH 99,55033845 O_IDH O_IDH Sub-class
PANEL_A_18 10000 0,999973347  O_IDH 99,99733469 O_IDH O_IDH Sub-class
PANEL_A_19 10000 0,524944644  A_IDH_HG 52,4944644 A_IDH_HG A_IDH_HG Sub-class
PANEL_A_20 10000 0,945875372  A_IDH_HG 94,58753725 A_IDH_HG A_IDH_HG Sub-class
PANEL_A_21 10000 0,999976579  A_IDH 99,99765791 A_IDH A_IDH Sub-class
PANEL_A_22 10000 0,999969496  O_IDH 99,99694963 O_IDH O_IDH Sub-class
PANEL_A_23 10000 0,894935069  A_IDH_HG 89,49350689 A_IDH_HG A_IDH_HG Sub-class
PANEL_A_24 10000 0,999135784  A_IDH 99,9135784 A_IDH A_IDH Sub-class
PANEL_A_25 10000 0,915488785  A_IDH 91,54887846 A_IDH A_IDH Sub-class
PANEL_A_26 10000 0,997204211  O_IDH 99,72042108 O_IDH O_IDH Sub-class
PANEL_A_27 10000 0,994714004 A_IDH_HG 99,47140038 A_IDH_HG A_IDH_HG Sub-class
PANEL_A_28 10000 0,999777797  GBM_RTK_II 99,97777967 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_29 10000 0,001740446  GBM_RTK_I 95,14750202 GBM_RTK_II GBM_RTK_I Family
PANEL_A_30 10000 0,999999998  GBM_RTK_II 99,99999983 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_31 10000 0,997517909  O_IDH 99,75179086 O_IDH O_IDH Sub-class
PANEL_A_32 10000 0,003847069  GBM_RTK_I 99,61328256 GBM_RTK_II GBM_RTK_I Family
PANEL_A_33 10000 0,997998384  GBM_RTK_II 99,79983843 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_34 10000 0,247060925  GBM_RTK_I 36,76086648 GBM_RTK_II GBM_RTK_I Family
PANEL_A_35 10000 0,002270122  GBM_MES 97,20798679 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_36 10000 0,999999997  GBM_RTK_II 99,99999967 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_37 10000 0,982323764  LGG_PA_PF 98,23237639 LGG_PA_PF LGG_PA_PF Sub-class
PANEL_A_38 10000 0,662668227  LGG_PA_MID 66,26682267 LGG_PA_MID LGG_PA_MID Sub-class
PANEL_A_39 10000 0,994297964  LGG_PA_PF 99,42979644 LGG_PA_PF LGG_PA_PF Sub-class
PANEL_A_40 10000 0,929645857  LGG_PA_PF 92,9645857 LGG_PA_PF LGG_PA_PF Sub-class
PANEL_A_41 10000 0,999999994  GBM_RTK_II 99,99999944 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_42 10000 0,001996373  GBM_MES 94,7288772 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_43 10000 0,996190259 GBM_RTK_II 99,61902589 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_44 10000 0,984196525  GBM_RTK_II 98,41965254 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_45 10000 0,009189499  GBM_MES 19,26935908 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_A_46 10000 0,999994905  GBM_RTK_II 99,99949049 GBM_RTK_II
PANEL_A_47 10000 0,016392181  GBM_MES 11,9140475  GBM_MES
PANEL_B_01 10000 0,008067548  GBM_MES 7,596287338 GBM_RTK_II GBM_MES Family
PANEL_B_02 10000 0,995937632  GBM_RTK_II 99,59376318 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_B_03 10000 0,755716876  GBM_RTK_II 75,57168763 GBM_RTK_II GBM_RTK_I Family
PANEL_B_04 10000 0,999646153  GBM_RTK_II 99,96461527 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_B_05 10000 0,032874718  GBM_RTK_I 80,94821492 GBM_RTK_II GBM_MES Family
PANEL_B_06 10000 0,999940639  GBM_RTK_II 99,99406395 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_B_07 10000 0,004206767  GBM_MES 9,747388487 GBM_RTK_II GBM_MES Family
PANEL_B_08 10000 0,144500592  ATRT_SHH 14,45005921 ATRT_SHH ATRT_SHH Sub-class
PANEL_B_09 10000 0,952473286  O_IDH 95,24732858 O_IDH
PANEL_B_10 10000 0,001720594  GBM_RTK_I 99,25069646 GBM_RTK_II
PANEL_B_11 10000 0,003673239  GBM_RTK_I 16,16365579 GBM_RTK_II
PANEL_B_12 10000 0,023254435  GBM_RTK_I 74,71735342 GBM_RTK_II

PANEL_B_01_1 10000 0,006593588 GBM_MES 11,52569581 GBM_RTK_II GBM_MES Family
PANEL_B_01_2 10000 0,006453965 GBM_MES 5,921099306 GBM_RTK_II GBM_MES Family
PANEL_B_02_1 10000 0,003143455 GBM_RTK_I 72,39732753 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_B_02_2 10000 0,986512444 GBM_RTK_II 98,65124435 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_B_03_1 10000 0,002986742 GBM_RTK_I 73,68474891 GBM_RTK_II GBM_RTK_I Family
PANEL_B_03_2 10000 0,002766173 GBM_RTK_I 49,69252738 GBM_RTK_II GBM_RTK_I Family
PANEL_B_05_1 10000 0,079277925 GBM_RTK_I 41,81810666 GBM_RTK_II GBM_MES Family
PANEL_B_05_2 10000 0,098051325 GBM_RTK_I 9,805132547 GBM_RTK_I GBM_MES Family
PANEL_B_06_1 10000 0,999285339 GBM_RTK_II 99,92853386 GBM_RTK_II GBM_RTK_II Sub-class
PANEL_B_06_2 10000 0,999803912 GBM_RTK_II 99,98039121 GBM_RTK_II GBM_RTK_II Sub-class



  
Suppl. Table 3. MGMT promoter status assessment. Average indicates mean over 137 selected  
CpG sites, truth is inferred from EPIC array analysis or pyrosequencing  

Library Average Prediction probability Predicted Truth
PANEL_A_01 14,23577 0 Unmethylated Unmethylated
PANEL_A_02 17,76058 0 Unmethylated Unmethylated
PANEL_A_03 24,27226 0 Unmethylated Unmethylated
PANEL_A_04 11,78686 0 Unmethylated Unmethylated
PANEL_A_05 11,25839 0 Unmethylated Unmethylated
PANEL_A_06 4,353285 0 Unmethylated Unmethylated
PANEL_A_07 10,18175 0 Unmethylated Unmethylated
PANEL_A_08 12,26058 0 Unmethylated Unmethylated
PANEL_A_09 8,331387 0 Unmethylated Unmethylated
PANEL_A_10 10,03431 0 Unmethylated Unmethylated
PANEL_A_11 13,38394 0 Unmethylated Unmethylated
PANEL_A_12 17,20438 0 Unmethylated Unmethylated
PANEL_A_13 11,04672 0 Unmethylated Unmethylated
PANEL_A_14 11,24964 0 Unmethylated Unmethylated
PANEL_A_15 12,46715 0 Unmethylated Unmethylated
PANEL_A_16 46,67372 1 Methylated Methylated
PANEL_A_17 65,74599 1 Methylated Methylated
PANEL_A_18 54,38832 1 Methylated Methylated
PANEL_A_19 40,55985 1 Methylated Methylated
PANEL_A_20 17,57455 0 Unmethylated Unmethylated
PANEL_A_21 29,44161 0,999999999 Methylated Methylated
PANEL_A_22 56,83504 1 Methylated Methylated
PANEL_A_23 48,49781 1 Methylated Methylated
PANEL_A_24 37,72044 1 Methylated Methylated
PANEL_A_25 43,43066 1 Methylated Methylated
PANEL_A_26 40,71825 1 Methylated Methylated
PANEL_A_27 31,57372 1 Methylated Methylated
PANEL_A_28 17,96563 0 Unmethylated Unmethylated
PANEL_A_29 18,47518 0 Unmethylated Unmethylated
PANEL_A_30 44,16204 1 Methylated Methylated
PANEL_A_31 39,70876 1 Methylated Methylated
PANEL_A_32 57,55328 1 Methylated Methylated
PANEL_A_33 18,96552 0 Unmethylated Unmethylated
PANEL_A_34 17,48175 0 Unmethylated Unmethylated
PANEL_A_35 13,56204 0 Unmethylated Unmethylated
PANEL_A_36 74,94161 1 Methylated Methylated
PANEL_A_37 21,08321 0 Unmethylated Unmethylated
PANEL_A_38 11,84307 0 Unmethylated Unmethylated
PANEL_A_39 15,47445 0 Unmethylated Unmethylated
PANEL_A_40 10,59124 0 Unmethylated Unmethylated
PANEL_A_41 8,029197 0 Unmethylated Unmethylated
PANEL_A_42 6,334307 0 Unmethylated Unmethylated
PANEL_A_43 9,086861 0 Unmethylated Unmethylated
PANEL_A_44 20,80146 0 Unmethylated Unmethylated
PANEL_A_45 60,65182 1 Methylated Methylated
PANEL_A_46 8,710219 0 Unmethylated Unmethylated
PANEL_A_47 13,4708 0 Unmethylated Unmethylated
PANEL_B_01 10,25182 0 Unmethylated Unmethylated
PANEL_B_02 10,02701 0 Unmethylated Unmethylated
PANEL_B_03 44,91679 1 Methylated Methylated
PANEL_B_04 68,0927 1 Methylated Methylated
PANEL_B_05 6,678102 0 Unmethylated Unmethylated
PANEL_B_06 13,74234 0 Unmethylated Unmethylated
PANEL_B_07 15,85766 0 Unmethylated Unmethylated
PANEL_B_08 14,8438 0 Unmethylated Unmethylated
PANEL_B_09 76,51168 1 Methylated Methylated
PANEL_B_10 77,8927 1 Methylated Methylated
PANEL_B_11 40,00219 1 Methylated Methylated
PANEL_B_12 12,72482 0 Unmethylated Unmethylated

PANEL_B_01_1 5,644526 0 Unmethylated Unmethylated
PANEL_B_01_2 11,49927 0 Unmethylated Unmethylated
PANEL_B_02_1 11,24161 0 Unmethylated Unmethylated
PANEL_B_02_2 9,162774 0 Unmethylated Unmethylated
PANEL_B_03_1 32,23723 1 Methylated Methylated
PANEL_B_03_2 60,56058 1 Methylated Methylated
PANEL_B_05_1 6,081022 0 Unmethylated Unmethylated
PANEL_B_05_2 8,029197 0 Unmethylated Unmethylated
PANEL_B_06_1 10,82523 0 Unmethylated Unmethylated
PANEL_B_06_2 16,95693 0 Unmethylated Unmethylated



  
Suppl. Table 4. Pathognomonic alterations for new diagnostic samples          
                                                                 

Sample Panel Platform IDH1 TERTp MGMT Methylation_classification 1p loss 19q loss 7 gain 10 loss EGFR amplification CDKN2A/B deletion
PANEL_B_09 Rapid_CNS_B GridION Yes Yes Methylated O_IDH Yes Yes No No No Yes
PANEL_B_10 Rapid_CNS_B GridION No Yes Methylated GBM_RTK_II No No Yes No Yes Yes
PANEL_B_11 Rapid_CNS_B GridION No No Methylated GBM_RTK_II No No Yes Yes Yes No
PANEL_B_12 Rapid_CNS_B GridION No Yes Unmethylated GBM_RTK_II No No Yes Yes Yes Yes
PANEL_A_47 Rapid_CNS_A MinION No Yes Unmethylated GBM_RTK_II No No Yes Yes Yes No
PANEL_B_48 Rapid_CNS_A MinION No Yes Unmethylated  GBM_MES No No Yes Yes Yes No



a)

b)

c) d)

Suppl. Fig 1. a) Mean on-target coverage for 47 samples (PANEL_A_01- PANEL_A_47) sequenced using Rapid_CNS_A.
b) Mean on-target coverage for samples sequenced using Rapid_CNS_A vs samples sequenced using Rapid_CNS_B.
c) Median coverage over key pathognomonic alterations compared between samples sequenced using Rapid_CNS_A and
Rapid_CNS_B. d) Overview of samples.
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PANEL_B_07

PANEL_A_02

PANEL_A_10

PANEL_A_18

PANEL_A_20

Suppl. Fig. 2 Copy number profiles using Rapid-CNS2 (left), NGS panel sequencing (center), EPIC array analysis (right).



b)

a)

e)

Suppl. Fig. 3 a) Mean methylation over each CpG site in samples with methylated (blue) and unmethylated (red) MGMT promoter
regions as reported by EPIC array analysis or pyrosequencing, bars indicate standard deviation. b) Average methylation over 137
filtered CpG sites in methylated and unmethylated cases (training set). Yellow points indicate test samples. c) Probabilities for
classification using the proposed logistic regression-based prediction model for MGMT promoter status (0 for unmethylated and 1
for methylated). Gray band indicates the 95% point-wise confidence interval. The averages over 137 CpG sites for methylated and
unmethylated samples are shown along y=1 and y=0 respectively. d) Intersection of CpG sites between the 10,000 CpG sites used
for training the ad-hoc random forest classifier for each sample. e) Out-of-the-bag error of the ad-hoc random forest classifier trained
for each sample. Color indicates whether sample was sequenced using Rapid_CNS_A or Rapid_CNS_B for 72h.

c) d)



a) b)

Suppl. Fig. 4 a) Copy number profile (with chr22q deletion highlighted) and b) confidence score for methylation classification for
PANEL_B_08.
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Suppl. Fig. 5 Sample report PDF for prospective diagnostic case PANEL_B_07
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Suppl. Fig. 6 a) Number of reads generated per sample (PANEL_B_01,02,03,05,06) over the first 24h run (left) and next 48h run after flushing and reloading (right).
b) Concordance of clinically relevant alterations & classification for samples over the first 24h run (PANEL_X_1) and subsequent 48h run (PANEL_X_2). Annotations
same as Fig. 1 d. c) Mean coverage over on target regions vs all regions per chromosome for the first 24h run and next 48h runs. d) Copy number profiles for the 72h
run (left), first 24h run (middle) and next 48h run (right).

On-target coverage



PANEL_A_22

PANEL_A_48
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Suppl. Fig. 7 FFPE samples. Channel activity (left) and cumulative read counts over time (right) for a cryopreserved sample
(PANEL_A_22) compared to FFPE samples- PANEL_A_48 (72h), PANEL_A_49_1 and PANEL_A_49_2 (24h).


