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Abstract 25 

Background: Recent advances in sequencing- and microarray-based technologies for genome and 26 

epigenome profiling have created an urgent need to assess their analytical performance, technological 27 

maturity, and potential clinical utility. We therefore evaluated short-read 5-base sequencing, long-read 28 

Oxford Nanopore Technologies (ONT) sequencing, and EPICv2 microarrays using brain tumor samples as 29 

a clinically relevant benchmark. 30 

Methods: The study included 5-base sequencing and EPICv2 microarray data generated for 16 brain tumor 31 

samples initially diagnosed as glioblastoma (GBM), together with ONT sequencing data available for 10 of 32 

16 samples. Data were processed using technology-specific workflows, including DRAGEN somatic, 33 

EPI2ME wf-somatic-variation, and sesame R package for 5-base, ONT and microarray data respectively. 34 

The platforms were compared in terms of sequencing yield, basecalling quality, coverage of CpG sites and 35 

known problematic genomic regions, DNA methylation quantification, detection of genomic alterations 36 

in GBM-associated genes, and finally applicability to haplotype reconstruction. 37 

Results: 5-base sequencing provided flexible sequencing yield, highest basecalling quality and CpG 38 

coverage, supporting scalable and accurate genomic and epigenomic profiling, whereas ONT sequencing 39 

allowed for uniform coverage of problematic genomic regions and variants phasing. Both sequencing 40 

platforms showed high concordance with EPICv2 methylation measurements, with Pearson correlation 41 

coefficient 95% CI of 0.95-0.96 for 5-base and 0.94-0.95 for ONT. Measurement discrepancies were 42 

greater at intermediately methylated CpG sites and generally decreased with increasing sequencing 43 

depth. In genomic analyses, 5-base sequencing, due to substantially higher yield-to-cost ratio, 44 

outperformed ONT in somatic small variant detection. At the same time, ONT long reads enabled uniform 45 

sequencing of problematic genomic regions as well as effective haplotype reconstruction and detection 46 

of allele-specific MGMT promoter methylation. Finally, integration of 5-base and ONT data further 47 

improved phasing performance. 48 



Conclusions: The evaluated sequencing platforms provide complementary capabilities for genomic and 49 

epigenomic profiling. 5-base offers sequencing scalability, high basecalling accuracy, and broad 50 

methylome coverage, whereas ONT improves interrogation of problematic genomic regions and enables 51 

haplotype-resolved methylation analysis. EPICv2 microarrays provide cost-effective, scalable and highly 52 

consistent methylation measurements but remain restricted to predefined CpG loci.  53 
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Background 73 

Recent advances in short-read sequencing (SRS) and microarray technologies have enabled high-74 

throughput molecular proĮling across various levels of cell biology including: genome, epigenome, 75 

transcriptome and recently proteome (1,2). These technologies facilitate not only exploraƟon of cancer 76 

biology but also open unprecedented opportuniƟes to improve clinical cancer management (3,4). With 77 

wide availability of molecular proĮling plaƞorms, the detecƟon of genomic alteraƟons underlying cancer 78 

pathology has already become central to precision oncology, supporƟng cancer diagnosis, prognosis, 79 

disease monitoring, and therapeuƟc decision-making (5,6). In parallel to progress in geneƟc biomarkers 80 

research, the applicability of cancer-related DNA methylaƟon alteraƟons as biomarkers is being 81 

increasingly demonstrated. A prominent applicaƟon of DNA methylaƟon proĮling is the classiĮcaƟon of 82 

central nervous system (CNS) tumors, enabling more precise molecular subtyping and improved diagnosƟc 83 

resoluƟon beyond convenƟonal histopathological assessment (7,8). Also, our recent work demonstrated 84 

remarkable accuracy of machine-learning models based on DNA methylaƟon biomarkers for primary 85 

tumors and metastases classiĮcaƟon (9).  86 

SRS and microarray-based technologies dominate geneƟc and epigeneƟc proĮling in both research and 87 

diagnosƟcs however, they are facing important technical limitaƟons. In parƟcular, SRS has limited uƟlity 88 

for haplotype phasing. It also shows reduced accuracy for variant detecƟon in problemaƟc genomic 89 

regions (PGRs), especially those characterized by low sequence complexity or high sequence homology 90 

(10,11). Finally, the detecƟon of short tandem repeats (STRs) and structural variants (SVs) using SRS 91 

remains challenging (12,13).  92 

In epigenomic applicaƟons, speciĮcally DNA methylaƟon assessment, SRS-based approaches typically rely 93 

on bisulĮte conversion, which 1) dilutes nucleoƟde diversity forcing increased PhiX spike-in (14), and 2) 94 

fragments DNA (15), both eīects reduce sequence complexity leading to lowered mapping eĸciency and 95 



in consequence increased costs (16,17). At the same Ɵme, microarrays, while accurate and cost-eīecƟve, 96 

are limited to interrogaƟng only a predeĮned subset of CpG sites in the genome (18,19). 97 

The limitaƟons of SRS have recently been at least partly addressed by improvements in library preparaƟon 98 

chemistry and data processing algorithms. The incorporaƟon of unique molecular idenƟĮers (UMI) into 99 

libraries enable the grouping of reads derived from individual DNA molecules and generaƟon of consensus 100 

sequences, thereby reducing PCR- and sequencing-derived errors (20). Moreover, recent progress in the 101 

Įeld of pangenome references (21), as well as proximity-mapped reads technology improves mapping 102 

accuracy of short-reads in challenging genomic regions (22). 103 

In DNA methylaƟon research, the recent development of enzymaƟc, conversion-based 5-base sequencing 104 

has provided an alternaƟve to standard SRS approaches, including whole-genome bisulĮte sequencing 105 

(WGBS) and enzymaƟc methyl-seq (EM-seq). The key advantage of 5-base sequencing over WGBS and EM-106 

seq is the preservaƟon of library diversity, including both nucleoƟde diversity and insert integrity. By 107 

avoiding bisulĮte-induced DNA degradaƟon and 108 

retaining predominantly unmethylated cytosines in the human genome, 5-base sequencing enables more 109 

eĸcient and uniform genome-wide methylaƟon proĮling. 110 

Importantly, the limitaƟons of SRS and microarrays have, at least to some extent, been overcome by long-111 

read sequencing (LRS) technologies, such as PaciĮc Biosciences (PacBio) and Oxford Nanopore 112 

Technologies (ONT). Especially ONT, aŌer the introducƟon of a new generaƟon of R10 nanopores and v14 113 

chemistry, has been increasingly adopted in molecular studies due to superior accuracy in comparison to 114 

R9 nanopores (23), simpliĮed workŇows (24), real-Ɵme basecalling (25), the ability to detect various 115 

covalent DNA/RNA modiĮcaƟons (26), and growing bioinformaƟcs ecosystem, centered around EPI2ME 116 

repository. Importantly, both PacBio and ONT enable sequencing of naƟve DNA molecules, thereby 117 

reducing sample preparaƟon related biases. Furthermore, sequencing of long DNA fragments signiĮcantly 118 

improves haplotypes assembly, which is parƟcularly important for interpretaƟon of the molecular 119 



consequences of genomic alteraƟons as well as for assessment of allele-speciĮc DNA methylaƟon.  120 

Nevertheless, LRS plaƞorms remain limited by low sequencing yield, higher costs, and lower basecalling 121 

accuracy compared with SRS plaƞorms (27). 122 

Recent comparisons of short- and long-reads technologies for geneƟc variant assessment have shown that 123 

while short-read plaƞorms remain highly accurate for small variant detecƟon in vast majority of genomic 124 

regions, long-read technologies provide superior eĸciency for variant calling in PGRs as well as for 125 

structural variant detecƟon (28). Similar assessment of newest 5-base protocol based on short-reads, and 126 

long-reads technology for parallel genomic and epigenomic proĮling of tumor samples has not been 127 

performed.  128 

Therefore, in this study, we systemaƟcally evaluated SRS and LRS technologies for integrated genomic and 129 

epigenomic proĮling of tumor DNA. We then benchmarked 5mC esƟmates generated by ONT and 5-base 130 

sequencing against EPICv2 microarrays, recognized as gold standard methylaƟon screening plaƞorm 131 

(18,29). Importantly, technological benchmarking studies are oŌen performed using deeply characterized 132 

reference cell lines (30,31). Although this strategy is well suited for assessing analyƟcal parameters such 133 

as variant-calling sensiƟvity and speciĮcity, it does not reŇect the impact of sample heterogeneity as well 134 

as variability in input DNA quality and quanƟty.  135 

Therefore, to provide a clinically relevant assessment of SRS and LRS performance, we decided to focus 136 

our study on 16 brain tumor samples iniƟally diagnosed as glioblastoma (GBM), a highly heterogeneous 137 

tumor type characterized by both genomic and epigenomic alteraƟons (32,33). 138 

 139 

Results 140 

EPICv2 microarrays provide highly accurate DNA methylaƟon proĮles 141 

Illumina bead-based microarray technology has been widely adopted in epigeneƟc studies, largely because 142 

of its cost-eĸciency, scalability (up to 3 024 samples per week on one instrument, according to the 143 



manufacturer), reproducibility, and precision comparable to WGBS performed at approximately 100× 144 

coverage (18,29). This technology has been recognized as a robust source of DNA methylaƟon proĮling 145 

data not only for basic research, but also for the training and validaƟon of machine-learning models, which 146 

have already demonstrated high accuracy in cancer detecƟon and classiĮcaƟon (7,9,34).  147 

For these reasons, we used EPICv2 microarrays as the reference technology for head-to-head comparison 148 

with the 5-base and ONT sequencing plaƞorms. Nonetheless, microarrays also suīer from technical 149 

limitaƟons, including suscepƟbility to technical noise arising from minor diīerences in sample processing 150 

as well as slide and reagent lots, collecƟvely referred to as batch eīect. Therefore, to ensure the quality of 151 

DNA methylaƟon data that we benchmarked both 5-base and ONT technologies against, we Įrst assessed 152 

parameters characterizing microarray data quality including: fracƟon of probes passing Įltering, signal 153 

intensity metrics as well as beta-values distribuƟon for each of the samples processed in our study. Overall, 154 

all 16 microarrays (2 slides, eight microarrays each) used in this experiment provided methylaƟon level 155 

measurements at uniform number of CpG sites, exceeding 94% of all CpG sites targeted by EPICv2 (Fig. 156 

1A). DistribuƟons of red-to-green channel intensity raƟos (Fig. 1B) as well as distorƟon metric for the 157 

informaƟve probes (Fig. 1C) were comparable (p-value > 0.05, Mann-Whitney-U test) between the two 158 

slides used in the experiment, indicaƟng balanced signal acquisiƟon across dye channels. These metrics 159 

conĮrm uniform signal properƟes and no detectable slide- or microarray-speciĮc technical bias. To further 160 

evaluate the quality of methylaƟon levels measurements generated by microarrays, we assessed the 161 

associaƟon between probes intensiƟes transformed into methylaƟon levels (β-values) and log2-162 

transformed probes intensity (TI). This analysis showed consistent β-values to TI raƟo across, both slides 163 

used in our experiment (Fig. 1D-E) and no visible slide-speciĮc arƟfacts. The β-value distribuƟons across 164 

all samples in the experiment displayed a characterisƟc bimodal paƩern, with peaks corresponding to low 165 

-, and high-methylaƟon levels (Fig. 1F). We also used mulƟdimensional scaling (MDS) data decomposiƟon 166 

method to assess global similarity of generated 16 DNA methylaƟon proĮles. The projecƟon of β-values 167 



from each sample in two-dimensional space using MDS and standardized Euclidean distance metric 168 

showed uniform distribuƟon of methylaƟon proĮles, with no evidence of clustering suggesƟng the 169 

presence of slide-associated batch eīect (Fig. 1G). 170 

Finally, we used our recently published OPP platform for machine-learning–based cancer classification (9) 171 

to confirm the initial GBM diagnoses and determine the molecular subtypes of the tumors included in our 172 

study. The CNS tumor classifier v1.0 classified 14 of 16 samples as GBMs, one as a low-grade 173 

ganglioglioma, and one as a pituitary adenoma (Fig. 1H). To investigate the two discordant classifications, 174 

we reviewed the corresponding sample collection records and found that the specimen classified as a 175 

pituitary adenoma had been incorrectly labeled as GBM during sample collection. For the second 176 

discordant sample, we could not identify any procedural or labeling issue. Importantly, these two 177 

discordantly classified samples were excluded from subsequent GBM-specific analyses. 178 



 179 

Figure 1. Results of quality assessment of DNA methylaƟon data generated using two EPICv2 slides. Fig. 180 

1A-C: Violin plot describing distribuƟon of the fracƟon of detected probes (panel A), red-to-green channel 181 

intensity raƟos (panel B), red-to-green channel intensity distorƟon metric (panel C) across samples 182 

straƟĮed by slide. Fig. 1D-E: Two-dimensional density plot describing average associaƟon between β-183 

values and log2-transformed probes intensity for slide 1 (panel D) and slide 2 (panel E). Fig. 1F: Kernel 184 

density plot describing distribuƟon of β-values across samples. Fig. 1G: ScaƩer plot describing mulƟ-185 

dimensional scaling analysis of methylaƟon proĮles projected onto the Įrst two components. Fig. 1H: 186 



Sankey plot showing Ňow between reference diagnosis, model predicƟon, and Įnal classiĮcaƟon status, 187 

with color scale represenƟng predicƟon probability. 188 

 189 

Head-to-head comparison of DNA methylaƟon proĮles generated using 5-base, ONT and EPICv2 190 

microarrays 191 

Sequencing plaƞorms diīer in terms of 5mC quanƟĮcaƟon precision (35,36), which can mainly be 192 

aƩributed to varying sequencing depth (37), coverage uniformity (35), reacƟon eĸcacy under speciĮc 193 

experimental condiƟons (38) for conversion-based assays including 5-base soluƟon, or in case of ONT 194 

basecalling model accuracy (39).  195 

Thus, we began assessment of quality of 5mC quanƟĮcaƟon between 16 samples sequenced with 5-base 196 

and 10 samples sequenced with ONT technologies from comparison of general sequencing performance 197 

metrics including sequencing yield expressed as the number of sequenced base pairs, basecalling quality 198 

measured by Phred scores and mapping eĸcacy in problemaƟc genomic regions (PGRs) deĮned by The 199 

Genome in a BoƩle consorƟum (40). As expected, 5-base technology in combinaƟon with 10B 300C 200 

Ňowcell, provided median > 200 Gbp yield per sample with average sequencing depth at the level of 56 201 

(95% CI: 53-59), while ONT with PromethION P2 Ňowcells gave median yield of > 50 Gbp per sample and 202 

average depth of 23 (95% CI: 17-28) (Fig. 2A). The analysis of basecalling quality, using Phred scores (Q-203 

score) represenƟng the negaƟve log-transformed probability of basecalling error, revealed substanƟal 204 

diīerences between the two technologies. With 5-base sequencing data consistently achieving high Q-205 

score approaching Q40 (95% CI: 39.13–39.16) across all sequenced samples, and ONT showing lower, and 206 

more variable Q-score, with a mean value of Q19.3 (95% CI: 18.86–19.77) (Fig. 2B).  207 

Next, we assessed read-mapping eĸciency in known PGRs, including regions characterized by low 208 

sequence complexity, high homology, or duplicated segments. In this analysis we compared sequencing 209 

depth esƟmated globally at genome-wide level and for speciĮc PGRs, next we deĮned mapping eĸcacy as 210 



a raƟo of PGRs sequencing depth to average genome-wide sequencing depth, assuming that values close 211 

to 1 reŇect lack of systemaƟc bias in reads mapping eīecƟveness for PGRs. The analysis conĮrmed that 212 

ONT provided more uniform coverage of problemaƟc regions, with depth raƟos close to 1. At the same 213 

Ɵme, 5-base sequencing showed reduced mapping eĸcacy in PGRs, which is consistent with known 214 

limitaƟons of SRS (Fig. 2C). 215 

To benchmark the sequencing-based approaches against the microarray, we Įrst restricted the analysis to 216 

CpG sites uniformly assessed across all available samples for each plaƞorm, comprising 16 samples for 5-217 

base and EPICv2 as well as 10 samples for ONT. Overall, 5-base, ONT, and EPICv2 enabled uniform 218 

methylaƟon quanƟĮcaƟon at approximately 28 million, 8 million, and 788 138 CpG sites, respecƟvely (Fig. 219 

2D). 220 

Subsequently, we focused on the intersecƟon of 189 430 CpG sites uniformly quanƟĮed by all three 221 

plaƞorms and compared the esƟmated β-value distribuƟons. This analysis showed that all three 222 

technologies generated methylaƟon proĮles with the expected bimodal distribuƟon, reŇecƟng the 223 

predominance of hypo- and hypermethylated CpG sites in the human genome (Fig. 2E). InteresƟngly, ONT 224 

data showed a slightly broader β-value distribuƟon, which may be related to the direct detecƟon of DNA 225 

methylaƟon without bisulĮte or enzymaƟc conversion. 226 

We also compared average DNA methylaƟon levels across the analyzed subset of CpG sites between each 227 

of the technologies using mulƟ-dimensional scaling (MDS) analysis. InteresƟngly, MDS revealed clustering 228 

driven by both sample and the type of technology (Fig. 2F). These Įndings suggest that plaƞorm-speciĮc 229 

measurement and preprocessing eīects contribute to the observed clustering, while the overall 230 

methylaƟon signal remains broadly concordant. Notably, EPICv2-derived proĮles showed the lowest 231 

variability of esƟmated methylaƟon levels, whereas sample-to-sample variability increased in case of 5-232 

base-, and ONT-derived methylaƟon proĮles (Fig. 2F). 233 



Finally, we assessed concordance between 5-base and EPICv2 methylaƟon proĮles as well as ONT and 234 

EPICv2 proĮles within previously described set of common CpG sites. This analysis was based on the linear 235 

associaƟon between data generated by the compared technologies, expressed as the Pearson correlaƟon 236 

coeĸcient (r), and on Bland–Altman plots describing the associaƟon between mean methylaƟon levels 237 

and diīerences in methylaƟon levels measured by each of technologies. Across 10 matched samples and 238 

189 430 common CpG sites, DNA methylaƟon proĮles generated by 5-base and ONT sequencing were 239 

highly concordant with EPICv2 microarray data, achieving Pearson correlaƟon 95% CI: 0.95-0.96 for 5-base 240 

and 95% CI: 0.94-0.95 for ONT as well as absolute diīerence 95% CI: 0.075-0.083 for 5-base and 95% CI: 241 

0.087-0.093 for ONT (per sample, pairwise-oriented analyses based on all CpG sites available for speciĮc 242 

comparison are available in Supplementary Figures 1-16). Despite the overall concordance between 243 

plaƞorms, these results are likely inŇuenced by the abundance of hypo- and hypermethylated CpG sites in 244 

the human genome. Moreover, this analysis does not account for sequencing depth, which may aīect 245 

measurement quality and consequently inter-plaƞorm concordance. 246 

Therefore, we aimed to assess whether diīerences in β-values measured with 5-base and EPICv2, as well 247 

as with ONT and EPICv2, are uniform across the enƟre β-value range, and if any potenƟal diīerences in β-248 

values measured between plaƞorms are sequencing depth-dependent. This analysis clearly showed that, 249 

for both 5-base (Fig. 3A) and ONT (Fig. 3B), the absolute diīerences between measurements generated 250 

by sequencing plaƞorms and EPICv2 were relaƟvely low for the most frequent hypo- and hypermethylated 251 

CpG sites, but increased in intermediately methylated regions. At the same Ɵme, analysis of the 252 

associaƟon between the absolute diīerences in methylaƟon measurements obtained with EPICv2 and 5-253 

base and sequencing depth showed that observed diīerences progressively decreased with increasing 254 

depth (Fig. 3C). A similar trend was observed for ONT, with diīerences decreasing up to approximately x30 255 

coverage. However, beyond this point, the trend was no longer apparent, most likely due to the decreasing 256 

number of CpG sites passing the corresponding depth thresholds (Fig. 3D). 257 



 258 

 259 



Figure 2: Assessment of concordance of DNA methylaƟon proĮles for 189 430 CpG sites common between 260 

EPICv2, 5-base and ONT plaƞorms. Fig. 2A: ScaƩer plot describing distribuƟon of sequencing yield (Gb) 261 

across samples straƟĮed by sequencing plaƞorm. Fig. 2B: ScaƩer plot describing distribuƟon of Phred 262 

scores across samples straƟĮed by sequencing plaƞorm. Fig. 2C: ScaƩer plot showing raƟo of problemaƟc 263 

genomic regions depth to genome-wide depth straƟĮed by sequencing plaƞorm. Fig. 2D: Venn diagram 264 

describing overlap of CpG sites quanƟĮed across 5-base, ONT and EPICv2 plaƞorms, based on their 265 

genomic coordinates. Fig. 2E: Kernel-density esƟmaƟon plot based on average methylaƟon proĮles 266 

generated with diīerent plaƞorms, showing expected bimodal distribuƟons with peaks corresponding to 267 

hypo- and hypermethylated states. Fig. 2F: ScaƩer plot displaying similarity analysis, based on mulƟ-268 

dimensional scaling algorithm, of methylaƟon proĮles across disƟnct technological plaƞorms. Each point 269 

represents single methylaƟon proĮle, colors represent the origin of the sample and symbols plaƞorm used 270 

to generate data.  271 

 272 



 273 

Figure 3. MethylaƟon-level- and sequencing-depth-dependent diīerences between EPICv2 and 274 

sequencing-based DNA methylaƟon measurements. Fig. 3A-B: AssociaƟon between the absolute 275 

diīerences in β-values between EPICv2 and 5-base (panel A) as well as EPICv2 and ONT (panel B) across 276 

the binned β-value range. Box plots show the distribuƟon of absolute diīerences for speciĮc β-value 277 

intervals (bins), while the orange line represents the number of CpG sites in each interval, shown on the 278 

secondary y-axis. Fig. 3C-D: AssociaƟon between sequencing depth and absolute diīerences in β-values 279 

between EPICv2 and 5-base (panel C) as well as EPICv2 and ONT (panel D). Box plots show the distribuƟon 280 



of absolute diīerences as a funcƟon of sequencing-depth, while the orange line represents the number 281 

of CpG passing depth threshold, shown on the secondary y-axis.  282 

 283 

Head-to-head comparison of genomic proĮles generated using ONT and 5-base sequencing 284 

In parallel to epigenome assessment, we also aimed to compare the performance of 5-base and ONT 285 

sequencing for genomic proĮling. However, a direct comparison of variant-calling accuracy between the 286 

two plaƞorms was not possible because the true geneƟc background of the analyzed tumors was 287 

unknown. In addiƟon, insuĸcient sequencing depth limited the sensiƟvity and reliability of somaƟc variant 288 

calling. Moreover, the absence of matched germline proĮles, although representaƟve of a realisƟc clinical 289 

seƫng, further complicated the interpretaƟon and comparison of somaƟc variants. 290 

Despite these limitaƟons, we aimed to characterize the genomic proĮles generated by both plaƞorms and 291 

assess their consistency with the expected glioblastoma-speciĮc mutaƟonal landscape. Firstly, we 292 

compared the overall characterisƟcs of the somaƟc variant proĮles called within coding regions generated 293 

by the two technologies. We observed that ONT yielded over 2x more somaƟc variants per sample than 294 

5-base sequencing, with a mean of 183 variants (95% CI: 157-209) and 85 variants (95% CI: 75-95) for ONT 295 

and 5-base respecƟvely. However, subsequent analysis of called variants, based on the Genome 296 

AggregaƟon Database (gnomAD) revealed that variants classiĮed as somaƟc by the 5-base workŇow were 297 

predominantly rare in populaƟon databases. In contrast, the set of variants idenƟĮed with ONT and 298 

classiĮed as somaƟc contained a substanƟal fracƟon of relaƟvely common, therefore potenƟally 299 

misclassiĮed germline variants (Fig. 4A). 300 

AŌer restricƟng the analysis to variants with gnomAD allele frequency below 0.001, we observed further 301 

diīerences in the composiƟon of the putaƟve somaƟc proĮles. Although missense subsƟtuƟons were the 302 

most frequent variant class for both technologies, somaƟc proĮles obtained with 5-base sequencing were 303 

substanƟally more diverse, with non-missense variant classes collecƟvely accounƟng for approximately 304 



33-62% of detected variants across individual samples (Fig. 4B). In parallel, ONT-derived somaƟc proĮles 305 

were dominated by missense subsƟtuƟons, with non-missense variants comprising only approximately 6-306 

17% of detected variants (Fig. 4C). The plaƞorms also diīered substanƟally in the distribuƟon of variant 307 

allele frequencies (VAF). Across matched samples, somaƟc variants called by ONT had a median VAF of 308 

approximately 0.5, whereas the corresponding median for 5-base sequencing was approximately 0.2 (Fig. 309 

4D). Consistent with this observaƟon, MATH scores, reŇecƟng the dispersion of VAFs within individual 310 

tumors and commonly used as a proxy for intratumoral heterogeneity (41,42), were signiĮcantly lower for 311 

ONT than for 5-base sequencing, with mean values of 27.9 and 39.6, respecƟvely (Fig. 4E, p-value ≤ 0.05, 312 

Wilcoxon test). Notably, the mean MATH score calculated based on VAF obtained with 5-base sequencing 313 

was consistent with values previously reported for GBM based on whole-exome sequencing (46.86 ± 314 

16.13) (42). 315 

We next evaluated concordance between the two plaƞorms using the Jaccard similarity index (JSI). Overall, 316 

JSI between putaƟve somaƟc variant sets idenƟĮed by each of the technologies was low, with JSI values 317 

ranging from 0 to 0.14. In contrast, when germline variants were analyzed using the same approach, 318 

concordance increased substanƟally, with JSI values ranging from 0.41 to 0.69 across assessed samples. 319 

Importantly, JSI values for both germline and somaƟc variant sets increased with increasing ONT 320 

sequencing depth (Fig. 4F), whereas a similar trend was not detectable in case of 5-base data (Fig. 4G). 321 

This associaƟon suggests that the lower ONT sequencing depth contributed substanƟally to the observed 322 

inter-plaƞorm discordance. 323 

To determine whether observed diīerences between plaƞorms aīected detecƟon of potenƟally clinically 324 

relevant alteraƟons, we subsequently focused our analysis on 43 genes associated with GBM (43) and 325 

analyzed nine samples with a conĮrmed GBM diagnosis that had been sequenced using both technologies. 326 

ONT idenƟĮed 15 somaƟc variants distributed across six out of nine samples, whereas 5-base sequencing 327 

idenƟĮed 10 variants, also distributed across six out of nine samples (Fig. 4H). Only six variants were 328 



concordantly classiĮed as somaƟc by both technologies: EGFR.1934C>G (p.Ser645Cys) in sample NEURO-329 

115, PTPN11.179G>T (p.Gly60Val) and TP53.530C>G (p.Pro177Arg) in NEURO-101, PIK3CA.1097C>G 330 

(p.Pro366Arg) in NEURO-99, PTEN.259C>T (p.Gln87Ter) in NEURO-96, and PIK3CA.1624G>A (p.Glu542Lys) 331 

in NEURO-123. The four variants detected exclusively by 5-base had relaƟvely low VAFs, ranging from 0.04 332 

to 0.19, supporƟng insuĸcient ONT sequencing depth as a potenƟal explanaƟon for their absence from 333 

the ONT calls. In parallel, the nine ONT-only somaƟc variants had substanƟally higher VAFs, ranging from 334 

0.21 to 0.96. Importantly, all of these variants were also detected by 5-base but classiĮed as germline, 335 

therefore excluded from the Įnal 5-base somaƟc calls.  336 

Finally, we assessed GBM-associated copy-number variaƟons (CNVs), including focal EGFR ampliĮcaƟon, 337 

chromosome 7 gain and chromosome 10 loss (44), using sequencing data generated for 14 and 9 samples 338 

with a conĮrmed GBM diagnosis for 5-base and ONT data, respecƟvely. These results were subsequently 339 

compared with CNV proĮles inferred from EPICv2 methylaƟon-array data using conumee 2.0 (45) within 340 

the OPP (9) workŇow (links to classiĮcaƟon reports including CNV proĮles are available in Supplementary 341 

Table 1). Visual inspecƟon of the CNV proĮles (Supplementary Table 2, Supplementary Figures 17-30) 342 

showed that the three approaches were broadly consistent and enabled the detecƟon of at least one 343 

GBM-associated CNV category in the majority of assessed samples (Table 1).  344 

platform/CNV type EGFR focal amplification ch7 gain chr10 loss 

5-base 5/14 (36%) 10/14 (71%) 11/14 (79%) 

EPICv2 7/14 (50%) 12/14 (86%) 11/14 (79%) 

ONT 4/9 (44%) 8/9 (89%) 6/9 (67%) 

Table 1: Comparison of the frequency of selected GBM-associated CNVs detected using 5-base, EPICv2 345 

and ONT plaƞorms. 346 

 347 



 348 

Figure 4: Comparison of genomic proĮles generated using 5-base and ONT plaƞorms. 349 

Fig. 4A: DistribuƟon of gnomAD allele frequencies (gnomAD AF) for putaƟve somaƟc variants idenƟĮed by 350 

5-base and ONT. Fig. 4B-C: RelaƟve distribuƟon of variant classes across samples for 5-base (panel B) and 351 

ONT (panel C). Fig. 4D: DistribuƟon of variant allele frequencies (VAFs) for somaƟc variants detected by 5-352 

base and ONT across assessed samples. Fig. 4E: Mutant-allele tumor heterogeneity (MATH) scores 353 



calculated from somaƟc VAF distribuƟons for each sample and sequencing plaƞorm. Dashed lines indicate 354 

the mean ± SD MATH score previously reported for GBM based on whole-exome sequencing. Fig. 4F-G: 355 

AssociaƟon between sequencing depth and concordance of variant detecƟon between plaƞorms, 356 

quanƟĮed using the Jaccard similarity index, separately for germline and somaƟc variants. Concordance 357 

between plaƞorms is shown as a funcƟon of median ONT sequencing depth (panel F) and median 5-base 358 

sequencing depth (panel G). Fig. 4H: SomaƟc variants idenƟĮed within 43 selected GBM-associated genes 359 

in nine samples with a conĮrmed GBM diagnosis sequenced using both plaƞorms. Symbols indicate 360 

variants detected exclusively by 5-base sequencing, exclusively by ONT, or by both technologies. 361 

 362 

CombinaƟon of short- and long-reads allows for eīecƟve haplotype-resolved DNA methylaƟon proĮling  363 

Reads phasing, also referred to as haplotype assembly, is the process of reconstrucƟng the allelic 364 

conĮguraƟon of geneƟc variants at individual homologous chromosomes by assigning genomic alteraƟons 365 

to their respecƟve parental or even subclonal haplotypes. Phasing enables the analysis of variants 366 

inherited together, providing addiƟonal biological and clinically relevant context (46) as well as 367 

idenƟĮcaƟon of allele-speciĮc DNA methylaƟon paƩerns (47). 368 

Applicability of phasing based on short-read sequencing plaƞorms is inherently limited, as haplotype 369 

reconstrucƟon requires sequencing reads to span heterozygous variants, which is less likely for reads 370 

composed of up to 600 bp. In contrast, ONT sequencing can generate reads reaching even megabase-scale 371 

lengths, substanƟally increasing the probability of capturing mulƟple heterozygous loci within a single 372 

sequenced molecule. However, reliable haplotype assembly also requires highly accurate genotype calls, 373 

and as we have shown ONT-derived data are characterized by lower diversity of variant categories as well 374 

as overall basecalling accuracy compared with SRS. Therefore, following recommendaƟons described in 375 

technical documentaƟon of WhatsHap (48), we invesƟgated whether combining 5-base genotype calls 376 



with long ONT reads could improve haplotype reconstrucƟon and enable more robust haplotype-resolved 377 

DNA methylaƟon analysis. 378 

An obvious limitaƟon of this analysis was limited ONT ability for the assessment of somaƟc variants and 379 

therefore somaƟc haplotypes. Therefore, we restricted the analysis to biallelic heterozygous variants with 380 

allele fracƟons between 0.30 and 0.70, represenƟng informaƟve sites suitable for subsequent germline 381 

haplotypes assembly. 382 

To assess the applicability of phasing based on combined 5-base and ONT data, we Įrst performed 383 

haplotypes assembly solely based on ONT data, and heterozygous variants sequenced at a depth  10. We 384 

then repeated the analysis using long ONT-reads and variants idenƟĮed from 5-base sequencing with a 385 

depth greater than 30. To compare these two phasing strategies, we calculated performance metrics for 386 

both approaches, including the number of idenƟĮed haplotype blocks, median block length, maximum 387 

block length, and block conƟguity expressed as the N50 metric (Fig. 5A-D). Overall, the number of blocks 388 

decreased signiĮcantly (p-value  0.05, Wilcoxon test) in case of hybrid approach, while remaining metrics 389 

did not change in terms of median values (p-value > 0.05, Wilcoxon test). However, the third-quarƟle and 390 

maximum values for median block length (Fig. 5B), maximum block length (Fig. 5C), and block N50 (Fig. 391 

5D) were substanƟally higher with the hybrid approach. These results clearly show that ONT data, even at 392 

limited sequencing depth, is suĸcient for eīecƟve haplotype assembly. Nevertheless, integraƟon of long-393 

, and short-reads can further improve overall eĸcacy of haplotype reconstrucƟon. 394 

Finally, we invesƟgated whether assigning DNA methylaƟon status to speciĮc alleles can have potenƟal 395 

clinical implicaƟons. We performed this analysis for MGMT promoter, a clinically relevant biomarker used 396 

to predict response to temozolomide (TMZ) chemotherapy in glioblastoma (49). IniƟal analysis of average 397 

methylaƟon levels at MGMT promoter in 14 GBMs included in our study (Supplementary Figure 31) using 398 

5-base data, indicated that in the majority of the samples MGMT promoter was either methylated (n=4) 399 

or not methylated (n=9). InteresƟngly, one sample (NEURO-99) displayed average methylaƟon levels 400 



indicaƟve of parƟal (intermediate) methylaƟon, which could reŇect allele-speciĮc 5mC paƩerns. The 401 

phasing based on combined 5-base and ONT strategy for this sample, clearly demonstrated that all reads 402 

assigned to one haplotype (HP1) were fully unmethylated, whereas only a subset of reads assigned to the 403 

second haplotype (HP2) carried methylated cytosines within the MGMT promoter region (Fig. 5E). These 404 

Įndings suggest that the unmethylated haplotype may retain the potenƟal for MGMT expression, and 405 

consequently resistance of tumor cells to TMZ, although this needs to be conĮrmed with allele-speciĮc 406 

expression and protein-level analyses.  407 

 408 



Figure 5. IntegraƟon of short- and long-read sequencing improves phasing eĸcacy and enables haplotype-409 

oriented assessment of 5mC. Fig. 5A-D: Comparison of phasing eĸcacy metrics obtained using ONT and a 410 

hybrid (ONT + 5-base) approach, including the number of haplotype blocks (panel A), median block size 411 

(panel B), maximum block size (panel C), and block conƟnuity expressed as N50 (panel D). Fig. 412 

5E: RepresentaƟve genomic region centered on the MGMT promoter for NEURO-99 sample. Tracks (in 413 

order from top to boƩom) show genomic coordinates and gene annotaƟon, CpG island posiƟon, global 414 

DNA methylaƟon levels esƟmated from 5-base sequencing, phased genomic variants from 5-base, and 415 

ONT long reads assigned to haplotype 1 (HP1) and haplotype 2 (HP2). CpG methylaƟon status in individual 416 

ONT reads is shown as blue for unmethylated CpG sites and red for methylated CpG sites.  417 

 418 

Study limitaƟons 419 

Our study has several major limitaƟons that should be considered when interpreƟng the results. First, ONT 420 

sequencing was performed for only 10 of the 16 samples, limiƟng the sample size and completeness of 421 

the cross-plaƞorm comparison for this technology. Second, only 2 of the 10 ONT Ňow cells (NEURO-91 and 422 

NEURO-202) generated suĸcient data to achieve a mean genome-wide coverage exceeding x30. The lower 423 

sequencing depth obtained for the remaining samples reduced the precision and sensiƟvity of 424 

downstream analyses, especially in case of somaƟc variant detecƟon, where adequate depth is criƟcal for 425 

idenƟfying low-VAF variants. Third, although EPICv2 microarrays were used as a reference for DNA 426 

methylaƟon quanƟĮcaƟon, they interrogate only a predeĮned subset of CpG loci. Consequently, cross-427 

plaƞorm methylaƟon concordance was assessed only based on a fracƟon of CpG sites spanning human 428 

genome. Finally, our study did not include technical replicates and therefore does not address the technical 429 

reproducibility of the evaluated plaƞorms. Such assessment of intra-plaƞorm reproducibility remains 430 

parƟcularly important in the context of potenƟal clinical implementaƟon and compliance with CE-IVD 431 

requirements. 432 



Discussion 433 

Simultaneous assessment of the genome and epigenome within a single assay oīers several beneĮts. First, 434 

it reduces experimental Ɵme and costs by enabling both molecular modaliƟes to be characterized from 435 

the same sample, in exactly the same biological context, and within a uniĮed analyƟcal workŇow. Second, 436 

combining geneƟc and epigeneƟc informaƟon substanƟally increases the dimensionality of molecular 437 

informaƟon available for downstream analyses, which may be parƟcularly valuable not only for biological 438 

interpretaƟon but also for machine-learning-based soluƟons. 439 

Over the last years, substanƟal progress has been made in the development of high-throughput molecular 440 

technologies. Nevertheless, many plaƞorms, parƟcularly recently introduced, remain insuĸciently 441 

evaluated in clinically relevant seƫngs. Therefore, systemaƟc evaluaƟon of emerging omics plaƞorms in 442 

clinically relevant seƫngs is essenƟal to determine their pracƟcal uƟlity, idenƟfy technology-speciĮc 443 

limitaƟons, and deĮne the applicaƟons for which a parƟcular plaƞorm is best suited. 444 

In this study, we systemaƟcally evaluated the new 5-base soluƟon and compared it with ONT sequencing 445 

as well as EPICv2 microarrays using glioblastoma specimens, which consƟtute challenging and clinically 446 

relevant material characterized by substanƟal biological heterogeneity. 447 

Our results demonstrated that both sequencing plaƞorms have disƟnct strengths and limitaƟons. Their 448 

suitability should therefore be considered in the context of the intended applicaƟon, taking into account 449 

DNA quality and availability, required sequencing depth, genomic variant classes of interest, CpG coverage, 450 

and the need for long-range informaƟon. 451 

SpeciĮcally, in our analyses, the 5-base plaƞorm provided Ňexible sequencing yield, higher base-calling 452 

accuracy, more uniform genome-wide CpG coverage, and the highest concordance of 5mC proĮles with 453 

EPICv2 microarrays. Nevertheless, 5-base sequencing remains subject to the inherent limitaƟons of short-454 

read technologies, parƟcularly, reduced mapping eĸciency in complex genomic regions (50) and limited 455 

suitability for fully haplotype-resolved analyses (51).  456 



At the same Ɵme, ONT provided more eĸcient mapping in challenging genomic regions. In addiƟon, ONT-457 

based 5mC quanƟĮcaƟon showed high concordance with results generated using EPICv2 microarrays. 458 

Importantly, from both biological and clinical perspecƟves, ONT long reads enable haplotype-oriented 459 

genomic and epigenomic analyses by providing long-range informaƟon that is limited in convenƟonal 460 

short-read sequencing. However, our results, together with previous studies, indicate that the plaƞorm is 461 

characterized by lower basecalling quality scores, typically below Q30 (52), as well as limited precision and 462 

recall for somaƟc indels in tumor-only mode (53). Furthermore, under our one-Ňow-cell-per-sample 463 

design, the lower per-sample coverage achieved with ONT constrained the sensiƟve detecƟon of low-VAF 464 

variants and makes high-depth tumor WGS less eĸcient (50). 465 

In this study, as a reference for human methylome assessment, we used EPICv2 microarrays, which 466 

interrogate a predeĮned set of CpG loci spanning regulatory regions across the human genome. Our results 467 

conĮrmed that EPICv2 generates methylaƟon proĮles highly comparable to deep sequencing-based 468 

approaches (29), while remaining cost- and Ɵme-eĸcient parƟcularly in large-scale studies.  469 

InteresƟngly, based on previously described recommendaƟons (48), we also conĮrmed that combining 470 

high-quality genotypes derived from 5-base sequencing with long-read ONT data provides an eīecƟve 471 

hybrid framework for integrated, haplotype-aware genomic and epigenomic analyses. In this approach, 5-472 

base data provide reliable genotype calls and high-quality 5mC quanƟĮcaƟon, whereas ONT reads enable 473 

long-range phasing and haplotype-resolved 5mC proĮling. Using this hybrid approach, we were able to 474 

idenƟfy an allele-speciĮc MGMT promoter methylaƟon paƩern that would remain inaccessible using 475 

convenƟonal bulk methylaƟon analyses. These Įndings highlight the potenƟal biological and clinical value 476 

of integraƟng short- and long-read sequencing technologies in future precision oncology workŇows, 477 

although this approach requires further validaƟon. 478 



Overall, our study suggests that 5-base sequencing oīers the most balanced performance for genome-479 

wide integrated genomic and epigenomic proĮling, while ONT adds complementary long-range 480 

informaƟon that is parƟcularly valuable for challenging genomic regions and haplotype-resolved analyses. 481 

 482 

Conclusions 483 

Our Įndings demonstrate that 5-base and ONT sequencing oīer complementary strengths for 484 

simultaneous genomic and epigenomic proĮling. Both plaƞorms showed high concordance with EPICv2 485 

microarrays in DNA methylaƟon quanƟĮcaƟon, although diīerences were observed at intermediately 486 

methylated CpG sites and were inŇuenced by sequencing depth. Under the evaluated experimental 487 

condiƟons, 5-base sequencing provided substanƟally greater sequencing yield, broader CpG coverage, 488 

higher basecalling accuracy, and more reliable somaƟc small variants proĮling. In parallel, ONT 489 

demonstrated more uniform coverage of problemaƟc genomic regions and enabled haplotype-aware 490 

analyses. Importantly, combining 5-base-derived genotypes with ONT long reads improved selected 491 

phasing metrics and enabled haplotype-resolved assessment of MGMT promoter methylaƟon. Together, 492 

these results support 5-base sequencing as a scalable approach for comprehensive molecular proĮling, 493 

with ONT providing complementary capabiliƟes for invesƟgaƟng complex genomic regions and allele-494 

speciĮc epigeneƟc alteraƟons. 495 

 496 

Materials and Methods 497 

Cohort characterisƟcs 498 

The study cohort comprised 16 paƟents iniƟally diagnosed as glioblastomas (aŌer data interrogaƟon two 499 

samples were reassigned, for details see: EPICv2 microarrays provide highly accurate DNA methylaƟon 500 

proĮles secƟon), including 8 females (50%) and 8 males (50%). At the Ɵme of study, 11 paƟents (68.8%) 501 

were deceased and 5 (31.2%) were alive. MethylaƟon status of the MGMT promoter was assessed using 502 



a PCR-based assay with promoter methylaƟon conĮrmed in 8 of 15 samples (53.3%). Necrosis was 503 

observed in 14 of 16 tumors, anaplasƟc features in all 14 cases for which this informaƟon was available, 504 

and endothelial proliferaƟon in 8 evaluable cases. Polymorphic cells were reported in 11 tumors, while 505 

hypercellularity was documented in 3 cases. Ki-67 proliferaƟon indices were available for 14 tumors and 506 

ranged from 10% to 90%. Detailed characterisƟcs of the cohort are provided in Supplementary Table 1. 507 

 508 

Sample collecƟon procedure 509 

Brain tumor specimens were collected during rouƟne neurosurgical resecƟons performed at the University 510 

Clinical Hospital No. 1, Szczecin, Poland, as a part of treatment. Tissue fragments intended for molecular 511 

analyses were frozen at −80°C within 2 hours from the surgery.  512 

 513 

DNA extracƟon, quanƟĮcaƟon and quality control 514 

A total of 25 mg of Ɵssue collected from mulƟple regions of the tumor mass was used to ensure 515 

representaƟve contribuƟon of spaƟally disƟnct tumor areas to the extracted DNA. High molecular weight 516 

(HMW) DNA was isolated using the MagAƩract® HMW DNA Kit (Qiagen, cat. no. 67563). DNA 517 

concentraƟon was measured using the QuanƟĮler™ Trio DNA QuanƟĮcaƟon Kit (Thermo Fisher ScienƟĮc, 518 

cat. no. 4482910) on a QuantStudio™ 5 Real-Time PCR System (Thermo Fisher ScienƟĮc). The DNA purity 519 

was assessed using BioTek Synergy H1 microplate reader (BioTek Instruments) according to the standard 520 

recommendaƟons by calculaƟng the raƟos of corrected absorbance at 260/280 nm and 260/230 nm. 521 

AddiƟonally, DNA integrity was evaluated using the Genomic DNA ScreenTape Assay (Agilent Technologies, 522 

cat. no. 5067-5365, 5067-5366) on a 4150 TapeStaƟon System (Agilent Technologies) and expressed as the 523 

DNA Integrity Number (DIN). The DNA degradaƟon was also assessed using the QuanƟĮler™ Trio DNA 524 

QuanƟĮcaƟon Kit (Thermo Fisher ScienƟĮc, cat. no. 4482910), which provides a raƟo of short-to-long DNA 525 



fragments expressed as DegradaƟon Index (DI). All collected parameters, describing DNA concentraƟon, 526 

purity, and integrity are available in Supplementary Table 1. 527 

 528 

EPICv2 data generaƟon and preprocessing  529 

All samples were processed directly following the manufacturer’s recommendaƟons. BrieŇy, 550 ng of 530 

genomic DNA dissolved in 20 µl was used for bisulĮte conversion using the EZ-96 DNA MethylaƟon-531 

Lightning™ MagPrep Kit (Zymo Research, cat. no. D5046). The InĮnium MethylaƟon EPIC v2.0 Kit (Illumina, 532 

cat. no. 20087707) was used for bisulĮte-treated DNA methylaƟon proĮling using an automated liquid 533 

handling system - InĮnium RoMa plaƞorm (Tecan). Raw IDAT Įles were generated using the iScan™ System 534 

(Illumina). IDAT Įles were processed using the sesame (54) R package with seƫngs recommended for 535 

EPICv2 and subsequently annotated using Illumina EPICv2 A2 v2 manifest. Probes previously idenƟĮed by 536 

(19), that do not map to their target locaƟon as well as probes not uniformly available across all samples 537 

used in this experiment were removed from analysis. All metrics describing EPIC v2 data quality are 538 

available in Supplementary Table 1.  539 

 540 

5-base data generaƟon and preprocessing 541 

All samples were processed directly following the manufacturer’s recommendaƟons. BrieŇy, 100 ng of 542 

genomic DNA in a volume of 55 µl was fragmented using a Covaris M220 Focused-ultrasonicator (Covaris) 543 

at a setpoint temperature of 20°C, with an average incident power of 10W, peak incident power of 50W, 544 

20% duty factor, 200 cycles per burst, and 50 seconds of treatment Ɵme. AŌer sonicaƟon, DNA fragment 545 

size distribuƟon was assessed using the 4150 TapeStaƟon System (Agilent Technologies) with the High 546 

SensiƟvity D1000 ScreenTape Assay (Agilent Technologies, cat. no. 5067-5584, 5067-5585), and fragment 547 

size of approximately 450 bp was conĮrmed for all the DNA samples. Subsequently, library preparaƟon 548 

was performed according to the manufacturer’s instrucƟons using the Illumina 5-base DNA Prep (Illumina, 549 



cat. no. 20140364) and the dedicated protocol (Illumina, cat. no. 200073497 v00), with Illumina Unique 550 

Dual Indexes LT (Illumina, cat. no. 20083060). Library concentraƟon and quality were assessed 551 

Ňuorometrically using Qubit™ Flex Fluorometers (Thermo Fisher ScienƟĮc) and Qubit™ dsDNA Broad 552 

Range (BR) Assay Kit (Thermo Fisher ScienƟĮc, cat. no. Q32850) and by automated electrophoresis on a 553 

4150 TapeStaƟon System (Agilent Technologies) using the D1000 ScreenTape Assay (Agilent Technologies, 554 

cat. no. 5067-5582, 5067-5583). Libraries were normalized to 2 nM and pooled to generate a library pool. 555 

Subsequently, libraries were diluted to 90 pM and sequenced on a MiSeq i100 Plus Plaƞorm (Illumina) 556 

using a 5M 300-cycle Ňow cell for quality control and re-pooling calculaƟons. Finally, libraries were 557 

repooled according to the obtained results, re-quanƟĮed using the Qubit™ dsDNA High SensiƟvity (HS) 558 

Assay Kit (Thermo Fisher ScienƟĮc, cat. no. Q32854) and sequenced on a NovaSeq X Plus plaƞorm 559 

(Illumina) using a 10B 300-cycle Ňow cell at a loading concentraƟon of 130 pM and a 151×10×10×151 560 

(U7N1Y143) cycles conĮguraƟon. All subsequent data preprocessing steps, including alignment to 561 

mulƟgenome hg38 reference, variant calling as well as 5mC quanƟĮcaƟon were performed using DRAGEN 562 

SOMATIC v4.4.6 within Illumina Connected AnalyƟcs plaƞorm. All metrics describing sequencing quality 563 

and eĸcacy are available in Supplementary Table 1.  564 

 565 

Oxford Nanopore Sequencing data generaƟon and preprocessing 566 

Libraries were prepared using LigaƟon Sequencing Kit (Oxford Nanopore Sequencing, cat. no. SQK-LSK114) 567 

and protocol GDE_9161_v114_revAC_24Sep2025 with NEBNext Companion Module v2 for Oxford 568 

Nanopore Technologies LigaƟon Sequencing (New England Biolabs, cat. no. E7672S) according to the 569 

manufacturer’s recommendaƟon. 1000 ng of gDNA was used as an input for library preparaƟon, aŌer 570 

repeated quanƟĮcaƟon using Qubit dsDNA HS Assay Kit (Q32854, Thermo Fisher ScienƟĮc), as suggested 571 

by the manufacturer. Each library was sequenced on a single PromethION Ňow cell - FLO-PRO114M (Oxford 572 



Nanopore Sequencing) for 72h using a maximum of 300 ng of the prepared library as an input for the Ňow 573 

cell (loaded DNA amount varied across libraries from 83 ng to 300 ng). 574 

For the real-Ɵme quality control of the sequencing, iniƟal basecalling was performed with the MinKNOW 575 

plaƞorm (Promethion 2 release), using the HAC (high accuracy) Dorado model version 5.2.0 with modiĮed 576 

bases calling on 5mC cytosines in CG moƟfs. The HAC delivered data was also used to report preliminary 577 

Įndings and plan the further analysis. 578 

The basecalling with the use of SUP (super accuracy) Dorado models, was guided by the limitaƟons of the 579 

EPI2ME wf-somaƟc-variaƟon v1.5.1 which allowed us to use only version 4.2.0 (with 5mC calling in CG 580 

moƟfs) and took place on the PromethION 2 Integrated, using its Tesla A100 GPU. 581 

Basecalling employed the super-accurate model (dna_r10.4.1_e8.2_400bps_sup@v4.2.0). All subsequent 582 

data preprocessing steps, including alignment to hg38 reference, variant calling as well as 5mC 583 

quanƟĮcaƟon were performed using wf-somaƟc-variaƟon v1.5.1 from EPI2ME repository. Finally, all 584 

metrics describing sequencing quality and eĸcacy are available in Supplementary Table 1.  585 

 586 

Molecular diagnosis conĮrmaƟon and esƟmaƟon based on EPICv2 microarrays 587 

We used our algorithms implemented in the OPP plaƞorm (9) to conĮrm histopathological diagnosis and 588 

esƟmate copy number variaƟon (CNV) for each sample. SpeciĮcally, raw IDAT Įles were uploaded through 589 

the OPP web applicaƟon (www.opp.pum.edu.pl), and the tumor class for each sample was predicted using 590 

the “CNS Tumors ClassiĮer v1.0” model. CNV proĮles were generated using conumee 2.0 (45) as a part of 591 

inference pipeline. Finally, GBM-speciĮc CNVs, including chromosome 7 gain, focal EGFR ampliĮcaƟon, and 592 

chromosome 10 loss were assessed by visual inspecƟon of the CNV plots generated by the plaƞorm. Links 593 

to classiĮcaƟon reports are available in Supplementary Table 1. 594 

 595 

 596 



DNA methylaƟon data processing 597 

All datasets generated with sequencing plaƞorms were converted to beta-value scale and represented 598 

using 1-based, unstranded genomic notaƟon to ensure comparability with EPICv2 microarrays. All 599 

subsequent analyses were conducted using common libraries for data processing, analysis and 600 

visualizaƟon including polars, pandas, numpy, scipy and plotly within Python 3.11 environment. 601 

 602 

Genomic data processing  603 

VCF Įles generated using either the EPI2ME wf-somaƟc-variaƟon v1.5.1 or the DRAGEN somaƟc v4.4.6 604 

pipeline were Įltered with bcŌools (55) to retain variants that passed the workŇow-speciĮc quality Įlters 605 

and were supported by a minimum sequencing depth of 30× for 5-base or 10× for ONT data.  606 

For 5-base sequencing, germline and somaƟc variants were disƟnguished based on 607 

the “GermlineStatus” INFO Įeld. Variants annotated as “SomaƟc”, “SomaƟc PutaƟve CH”, or “SomaƟc 608 

Hotspot” were classiĮed as somaƟc, whereas all remaining variants were categorized as germline. 609 

Importantly, because the analysis was performed in tumor-only mode, this classiĮcaƟon was inferred 610 

primarily from populaƟon-level reference databases, including gnomAD and the 1000 Genomes Project, 611 

rather than from a matched healthy sample. For ONT data, variant straƟĮcaƟon was based on 612 

the “NonSomaƟc” FILTER status. Variants marked as “NonSomaƟc” were classiĮed as germline, reŇecƟng 613 

a non-somaƟc predicƟon derived from the reference resources incorporated into the EPI2ME workŇow, 614 

including gnomAD, dbSNP, and the 1000 Genomes Project.  615 

PreĮltered VCF Įles were subsequently annotated with the Variant Eīect Predictor - VEP (56) against the 616 

GRCh38 reference genome using VEP cache version 115, restricted to canonical transcripts, and converted 617 

to MutaƟon AnnotaƟon Format (MAF). The MAF Įles were subsequently analyzed using the maŌools R 618 

package (57). Copy-number variaƟon proĮles were generated based on data from DRAGEN somaƟc v4.4.6 619 

for the 5-base sequencing data and SAVANA v1.3.8 (58) for ONT sequencing. For each sample, bin-level 620 



log2-normalized copy-raƟo values as well as segmented copy-raƟo esƟmates were assessed. Analyses 621 

were restricted to chromosomes 1–22, X, and Y. Segment mean values, reported on a linear copy-raƟo 622 

scale, were transformed to the log2 scale. Genomic bins were annotated using gene coordinates from the 623 

Ensembl GRCh38 release 115 GTF Įle. A bin was assigned to a gene when at least 25% of bin overlapped 624 

the gene coordinates. When mulƟple bins overlapped the same gene, the gene-level copy-raƟo signal was 625 

summarized as the median log2-normalized raƟo across all overlapping bins, thereby reducing the 626 

inŇuence of individual extreme bin-level measurements. Finally, the status (gain or loss) of speciĮc CNVs 627 

was assigned by visual inspecƟon of the CNV plots. 628 

 629 

Haplotype assembly  630 

Haplotype assembly was performed using WhatsHap (48). BrieŇy, VCF Įles were Įltered with bcŌools (55) 631 

to retain autosomal, biallelic heterozygous SNV marked as “PASS” (in case of 5-base) or “NonSomaƟc” (in 632 

case of ONT), with a minimum sequencing depth of x30 (5-base) and x10 (ONT), with variant allele fracƟon 633 

between 0.30 and 0.70. The selected variants were then phased using the corresponding alignment Įles 634 

and reference genome, with “--merge-reads”, “--ignore-read-groups” and “--distrust-genotypes” Ňags. 635 

Finally, sequencing reads were assigned to the reconstructed “HP1” or “HP2” haplotypes.  636 

 637 

List of abbreviaƟons 638 

5mC: 5-methylcytosine, AF: Allele frequency, BR: Broad range, CE-IVD: CE-marked in vitro diagnosƟc, CI: 639 

ConĮdence interval, CNS: Central nervous system, CNV: Copy-number variaƟon, CpG: Cytosine–640 

phosphate-guanine dinucleoƟde, DI: DegradaƟon index, DIN: DNA integrity number, DNA: 641 

Deoxyribonucleic acid, DRAGEN: Dynamic Read Analysis for GENomics, EM-seq: EnzymaƟc methyl-seq, 642 

EPICv2: InĮnium MethylaƟonEPIC v2.0 BeadChip, GBM: Glioblastoma, GEO: Gene Expression Omnibus, 643 

gnomAD: Genome AggregaƟon Database, GPU: Graphics processing unit, HAC: High accuracy, HMW: High-644 



molecular-weight, HP1/HP2: Haplotype 1/Haplotype 2, HS: High sensiƟvity, IDAT: Illumina intensity data 645 

Įle, JSI: Jaccard similarity index, LRS: Long-read sequencing, MAF: MutaƟon AnnotaƟon Format, MATH: 646 

Mutant-allele tumor heterogeneity, MDS: MulƟdimensional scaling, ONT: Oxford Nanopore Technologies, 647 

PacBio: PaciĮc Biosciences, PGR: ProblemaƟc genomic region, Q-score: Phred quality score, SD: Standard 648 

deviaƟon, SNV: Single-nucleoƟde variant, SRS: Short-read sequencing, STR: Short tandem repeat, SUP: 649 

Super accuracy, SV: Structural variant, TI: Log₂-transformed probe intensity, TMZ: Temozolomide, UMI: 650 

Unique molecular idenƟĮer, VAF: Variant allele frequency, VCF: Variant Call Format, VEP: Variant Eīect 651 

Predictor, WGBS: Whole-genome bisulĮte sequencing, WGS: Whole-genome sequencing. 652 
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