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Abstract

Background: Recent advances in sequencing- and microarray-based technologies for genome and
epigenome profiling have created an urgent need to assess their analytical performance, technological
maturity, and potential clinical utility. We therefore evaluated short-read 5-base sequencing, long-read
Oxford Nanopore Technologies (ONT) sequencing, and EPICv2 microarrays using brain tumor samples as
a clinically relevant benchmark.

Methods: The study included 5-base sequencing and EPICv2 microarray data generated for 16 brain tumor
samples initially diagnosed as glioblastoma (GBM), together with ONT sequencing data available for 10 of
16 samples. Data were processed using technology-specific workflows, including DRAGEN somatic,
EPI2ME wf-somatic-variation, and sesame R package for 5-base, ONT and microarray data respectively.
The platforms were compared in terms of sequencing yield, basecalling quality, coverage of CpG sites and
known problematic genomic regions, DNA methylation quantification, detection of genomic alterations
in GBM-associated genes, and finally applicability to haplotype reconstruction.

Results: 5-base sequencing provided flexible sequencing yield, highest basecalling quality and CpG
coverage, supporting scalable and accurate genomic and epigenomic profiling, whereas ONT sequencing
allowed for uniform coverage of problematic genomic regions and variants phasing. Both sequencing
platforms showed high concordance with EPICv2 methylation measurements, with Pearson correlation
coefficient 95% Cl of 0.95-0.96 for 5-base and 0.94-0.95 for ONT. Measurement discrepancies were
greater at intermediately methylated CpG sites and generally decreased with increasing sequencing
depth. In genomic analyses, 5-base sequencing, due to substantially higher yield-to-cost ratio,
outperformed ONT in somatic small variant detection. At the same time, ONT long reads enabled uniform
sequencing of problematic genomic regions as well as effective haplotype reconstruction and detection
of allele-specific MGMT promoter methylation. Finally, integration of 5-base and ONT data further

improved phasing performance.
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Conclusions: The evaluated sequencing platforms provide complementary capabilities for genomic and
epigenomic profiling. 5-base offers sequencing scalability, high basecalling accuracy, and broad
methylome coverage, whereas ONT improves interrogation of problematic genomic regions and enables
haplotype-resolved methylation analysis. EPICv2 microarrays provide cost-effective, scalable and highly

consistent methylation measurements but remain restricted to predefined CpG loci.

Keywords: 5-base, EPICv2, Oxford Nanopore Technologies, MGMT, DNA methylation
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Background

Recent advances in short-read sequencing (SRS) and microarray technologies have enabled high-
throughput molecular profiling across various levels of cell biology including: genome, epigenome,
transcriptome and recently proteome (1,2). These technologies facilitate not only exploration of cancer
biology but also open unprecedented opportunities to improve clinical cancer management (3,4). With
wide availability of molecular profiling platforms, the detection of genomic alterations underlying cancer
pathology has already become central to precision oncology, supporting cancer diagnosis, prognosis,
disease monitoring, and therapeutic decision-making (5,6). In parallel to progress in genetic biomarkers
research, the applicability of cancer-related DNA methylation alterations as biomarkers is being
increasingly demonstrated. A prominent application of DNA methylation profiling is the classification of
central nervous system (CNS) tumors, enabling more precise molecular subtyping and improved diagnostic
resolution beyond conventional histopathological assessment (7,8). Also, our recent work demonstrated
remarkable accuracy of machine-learning models based on DNA methylation biomarkers for primary
tumors and metastases classification (9).

SRS and microarray-based technologies dominate genetic and epigenetic profiling in both research and
diagnostics however, they are facing important technical limitations. In particular, SRS has limited utility
for haplotype phasing. It also shows reduced accuracy for variant detection in problematic genomic
regions (PGRs), especially those characterized by low sequence complexity or high sequence homology
(10,11). Finally, the detection of short tandem repeats (STRs) and structural variants (SVs) using SRS
remains challenging (12,13).

In epigenomic applications, specifically DNA methylation assessment, SRS-based approaches typically rely
on bisulfite conversion, which 1) dilutes nucleotide diversity forcing increased PhiX spike-in (14), and 2)

fragments DNA (15), both effects reduce sequence complexity leading to lowered mapping efficiency and
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in consequence increased costs (16,17). At the same time, microarrays, while accurate and cost-effective,
are limited to interrogating only a predefined subset of CpG sites in the genome (18,19).

The limitations of SRS have recently been at least partly addressed by improvements in library preparation
chemistry and data processing algorithms. The incorporation of unique molecular identifiers (UMI) into
libraries enable the grouping of reads derived from individual DNA molecules and generation of consensus
sequences, thereby reducing PCR- and sequencing-derived errors (20). Moreover, recent progress in the
field of pangenome references (21), as well as proximity-mapped reads technology improves mapping
accuracy of short-reads in challenging genomic regions (22).

In DNA methylation research, the recent development of enzymatic, conversion-based 5-base sequencing
has provided an alternative to standard SRS approaches, including whole-genome bisulfite sequencing
(WGBS) and enzymatic methyl-seq (EM-seq). The key advantage of 5-base sequencing over WGBS and EM-
seq is the preservation of library diversity, including both nucleotide diversity and insert integrity. By
avoiding bisulfite-induced DNA degradation and
retaining predominantly unmethylated cytosines in the human genome, 5-base sequencing enables more
efficient and uniform genome-wide methylation profiling.

Importantly, the limitations of SRS and microarrays have, at least to some extent, been overcome by long-
read sequencing (LRS) technologies, such as Pacific Biosciences (PacBio) and Oxford Nanopore
Technologies (ONT). Especially ONT, after the introduction of a new generation of R10 nanopores and v14
chemistry, has been increasingly adopted in molecular studies due to superior accuracy in comparison to
R9 nanopores (23), simplified workflows (24), real-time basecalling (25), the ability to detect various
covalent DNA/RNA modifications (26), and growing bioinformatics ecosystem, centered around EPI2ME
repository. Importantly, both PacBio and ONT enable sequencing of native DNA molecules, thereby
reducing sample preparation related biases. Furthermore, sequencing of long DNA fragments significantly

improves haplotypes assembly, which is particularly important for interpretation of the molecular
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consequences of genomic alterations as well as for assessment of allele-specific DNA methylation.
Nevertheless, LRS platforms remain limited by low sequencing yield, higher costs, and lower basecalling
accuracy compared with SRS platforms (27).

Recent comparisons of short- and long-reads technologies for genetic variant assessment have shown that
while short-read platforms remain highly accurate for small variant detection in vast majority of genomic
regions, long-read technologies provide superior efficiency for variant calling in PGRs as well as for
structural variant detection (28). Similar assessment of newest 5-base protocol based on short-reads, and
long-reads technology for parallel genomic and epigenomic profiling of tumor samples has not been
performed.

Therefore, in this study, we systematically evaluated SRS and LRS technologies for integrated genomic and
epigenomic profiling of tumor DNA. We then benchmarked 5mC estimates generated by ONT and 5-base
sequencing against EPICv2 microarrays, recognized as gold standard methylation screening platform
(18,29). Importantly, technological benchmarking studies are often performed using deeply characterized
reference cell lines (30,31). Although this strategy is well suited for assessing analytical parameters such
as variant-calling sensitivity and specificity, it does not reflect the impact of sample heterogeneity as well
as variability in input DNA quality and quantity.

Therefore, to provide a clinically relevant assessment of SRS and LRS performance, we decided to focus
our study on 16 brain tumor samples initially diagnosed as glioblastoma (GBM), a highly heterogeneous

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

Results

EPICv2 microarrays provide highly accurate DNA methylation profiles

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

of its cost-efficiency, scalability (up to 3 024 samples per week on one instrument, according to the
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manufacturer), reproducibility, and precision comparable to WGBS performed at approximately 100x
coverage (18,29). This technology has been recognized as a robust source of DNA methylation profiling
data not only for basic research, but also for the training and validation of machine-learning models, which

have already demonstrated high accuracy in cancer detection and classification (7,9,34).

For these reasons, we used EPICv2 microarrays as the reference technology for head-to-head comparison
with the 5-base and ONT sequencing platforms. Nonetheless, microarrays also suffer from technical
limitations, including susceptibility to technical noise arising from minor differences in sample processing
as well as slide and reagent lots, collectively referred to as batch effect. Therefore, to ensure the quality of
DNA methylation data that we benchmarked both 5-base and ONT technologies against, we first assessed
parameters characterizing microarray data quality including: fraction of probes passing filtering, signal
intensity metrics as well as beta-values distribution for each of the samples processed in our study. Overall,
all 16 microarrays (2 slides, eight microarrays each) used in this experiment provided methylation level
measurements at uniform number of CpG sites, exceeding 94% of all CpG sites targeted by EPICv2 (Fig.
1A). Distributions of red-to-green channel intensity ratios (Fig. 1B) as well as distortion metric for the
informative probes (Fig. 1C) were comparable (p-value > 0.05, Mann-Whitney-U test) between the two
slides used in the experiment, indicating balanced signal acquisition across dye channels. These metrics
confirm uniform signal properties and no detectable slide- or microarray-specific technical bias. To further
evaluate the quality of methylation levels measurements generated by microarrays, we assessed the
association between probes intensities transformed into methylation levels (B-values) and log2-
transformed probes intensity (Tl). This analysis showed consistent B-values to Tl ratio across, both slides
used in our experiment (Fig. 1D-E) and no visible slide-specific artifacts. The B-value distributions across
all samples in the experiment displayed a characteristic bimodal pattern, with peaks corresponding to low
-, and high-methylation levels (Fig. 1F). We also used multidimensional scaling (MDS) data decomposition

method to assess global similarity of generated 16 DNA methylation profiles. The projection of B-values
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from each sample in two-dimensional space using MDS and standardized Euclidean distance metric
showed uniform distribution of methylation profiles, with no evidence of clustering suggesting the

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

Finally, we used our recently published OPP platform for machine-learning—based cancer classification (9)
to confirm the initial GBM diagnoses and determine the molecular subtypes of the tumors included in our
study. The CNS tumor classifier v1.0 classified 14 of 16 samples as GBMs, one as a low-grade
ganglioglioma, and one as a pituitary adenoma (Fig. 1H). To investigate the two discordant classifications,
we reviewed the corresponding sample collection records and found that the specimen classified as a
pituitary adenoma had been incorrectly labeled as GBM during sample collection. For the second
discordant sample, we could not identify any procedural or labeling issue. Importantly, these two

discordantly classified samples were excluded from subsequent GBM-specific analyses.
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Figure 1. Results of quality assessment of DNA methylation data generated using two EPICv2 slides. Fig.
1A-C: Violin plot describing distribution of the fraction of detected probes (panel A), red-to-green channel
intensity ratios (panel B), red-to-green channel intensity distortion metric (panel C) across samples
stratified by slide. Fig. 1D-E: Two-dimensional density plot describing average association between -
values and log2-transformed probes intensity for slide 1 (panel D) and slide 2 (panel E). Fig. 1F: Kernel
density plot describing distribution of B-values across samples. Fig. 1G: Scatter plot describing multi-

dimensional scaling analysis of methylation profiles projected onto the first two components. Fig. 1H:
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Sankey plot showing flow between reference diagnosis, model prediction, and final classification status,

with color scale representing prediction probability.

Head-to-head comparison of DNA methylation profiles generated using 5-base, ONT and EPICv2
microarrays

Sequencing platforms differ in terms of 5mC quantification precision (35,36), which can mainly be
attributed to varying sequencing depth (37), coverage uniformity (35), reaction efficacy under specific
experimental conditions (38) for conversion-based assays including 5-base solution, or in case of ONT
basecalling model accuracy (39).

Thus, we began assessment of quality of 5mC quantification between 16 samples sequenced with 5-base
and 10 samples sequenced with ONT technologies from comparison of general sequencing performance
metrics including sequencing yield expressed as the number of sequenced base pairs, basecalling quality
measured by Phred scores and mapping efficacy in problematic genomic regions (PGRs) defined by The
Genome in a Bottle consortium (40). As expected, 5-base technology in combination with 10B 300C
flowcell, provided median > 200 Gbp yield per sample with average sequencing depth at the level of 56
(95% Cl: 53-59), while ONT with PromethION P2 flowcells gave median yield of > 50 Gbp per sample and
average depth of 23 (95% Cl: 17-28) (Fig. 2A). The analysis of basecalling quality, using Phred scores (Q-
score) representing the negative log-transformed probability of basecalling error, revealed substantial
differences between the two technologies. With 5-base sequencing data consistently achieving high Q-
score approaching Q40 (95% Cl: 39.13—39.16) across all sequenced samples, and ONT showing lower, and
more variable Q-score, with a mean value of Q19.3 (95% Cl: 18.86—-19.77) (Fig. 2B).

Next, we assessed read-mapping efficiency in known PGRs, including regions characterized by low
sequence complexity, high homology, or duplicated segments. In this analysis we compared sequencing

depth estimated globally at genome-wide level and for specific PGRs, next we defined mapping efficacy as
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a ratio of PGRs sequencing depth to average genome-wide sequencing depth, assuming that values close
to 1 reflect lack of systematic bias in reads mapping effectiveness for PGRs. The analysis confirmed that
ONT provided more uniform coverage of problematic regions, with depth ratios close to 1. At the same
time, 5-base sequencing showed reduced mapping efficacy in PGRs, which is consistent with known
limitations of SRS (Fig. 2C).

To benchmark the sequencing-based approaches against the microarray, we first restricted the analysis to
CpG sites uniformly assessed across all available samples for each platform, comprising 16 samples for 5-
base and EPICv2 as well as 10 samples for ONT. Overall, 5-base, ONT, and EPICv2 enabled uniform
methylation quantification at approximately 28 million, 8 million, and 788 138 CpG sites, respectively (Fig.
2D).

Subsequently, we focused on the intersection of 189 430 CpG sites uniformly quantified by all three
platforms and compared the estimated [B-value distributions. This analysis showed that all three
technologies generated methylation profiles with the expected bimodal distribution, reflecting the
predominance of hypo- and hypermethylated CpG sites in the human genome (Fig. 2E). Interestingly, ONT
data showed a slightly broader B-value distribution, which may be related to the direct detection of DNA
methylation without bisulfite or enzymatic conversion.

We also compared average DNA methylation levels across the analyzed subset of CpG sites between each
of the technologies using multi-dimensional scaling (MDS) analysis. Interestingly, MDS revealed clustering
driven by both sample and the type of technology (Fig. 2F). These findings suggest that platform-specific
measurement and preprocessing effects contribute to the observed clustering, while the overall
methylation signal remains broadly concordant. Notably, EPICv2-derived profiles showed the lowest
variability of estimated methylation levels, whereas sample-to-sample variability increased in case of 5-

base-, and ONT-derived methylation profiles (Fig. 2F).
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Finally, we assessed concordance between 5-base and EPICv2 methylation profiles as well as ONT and
EPICv2 profiles within previously described set of common CpG sites. This analysis was based on the linear
association between data generated by the compared technologies, expressed as the Pearson correlation
coefficient (r), and on Bland—Altman plots describing the association between mean methylation levels
and differences in methylation levels measured by each of technologies. Across 10 matched samples and
189 430 common CpG sites, DNA methylation profiles generated by 5-base and ONT sequencing were
highly concordant with EPICv2 microarray data, achieving Pearson correlation 95% Cl: 0.95-0.96 for 5-base
and 95% Cl: 0.94-0.95 for ONT as well as absolute difference 95% Cl: 0.075-0.083 for 5-base and 95% Cl:
0.087-0.093 for ONT (per sample, pairwise-oriented analyses based on all CpG sites available for specific
comparison are available in Supplementary Figures 1-16). Despite the overall concordance between
platforms, these results are likely influenced by the abundance of hypo- and hypermethylated CpG sites in
the human genome. Moreover, this analysis does not account for sequencing depth, which may affect
measurement quality and consequently inter-platform concordance.

Therefore, we aimed to assess whether differences in B-values measured with 5-base and EPICv2, as well
as with ONT and EPICv2, are uniform across the entire B-value range, and if any potential differences in 8-
values measured between platforms are sequencing depth-dependent. This analysis clearly showed that,
for both 5-base (Fig. 3A) and ONT (Fig. 3B), the absolute differences between measurements generated
by sequencing platforms and EPICv2 were relatively low for the most frequent hypo- and hypermethylated
CpG sites, but increased in intermediately methylated regions. At the same time, analysis of the
association between the absolute differences in methylation measurements obtained with EPICv2 and 5-
base and sequencing depth showed that observed differences progressively decreased with increasing
depth (Fig. 3C). A similar trend was observed for ONT, with differences decreasing up to approximately x30
coverage. However, beyond this point, the trend was no longer apparent, most likely due to the decreasing

number of CpG sites passing the corresponding depth thresholds (Fig. 3D).
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Figure 2: Assessment of concordance of DNA methylation profiles for 189 430 CpG sites common between
EPICv2, 5-base and ONT platforms. Fig. 2A: Scatter plot describing distribution of sequencing yield (Gb)
across samples stratified by sequencing platform. Fig. 2B: Scatter plot describing distribution of Phred
scores across samples stratified by sequencing platform. Fig. 2C: Scatter plot showing ratio of problematic
genomic regions depth to genome-wide depth stratified by sequencing platform. Fig. 2D: Venn diagram
describing overlap of CpG sites quantified across 5-base, ONT and EPICv2 platforms, based on their
genomic coordinates. Fig. 2E: Kernel-density estimation plot based on average methylation profiles
generated with different platforms, showing expected bimodal distributions with peaks corresponding to
hypo- and hypermethylated states. Fig. 2F: Scatter plot displaying similarity analysis, based on multi-
dimensional scaling algorithm, of methylation profiles across distinct technological platforms. Each point
represents single methylation profile, colors represent the origin of the sample and symbols platform used

to generate data.
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Figure 3. Methylation-level- and sequencing-depth-dependent differences between EPICv2 and
sequencing-based DNA methylation measurements. Fig. 3A-B: Association between the absolute
differences in B-values between EPICv2 and 5-base (panel A) as well as EPICv2 and ONT (panel B) across
the binned B-value range. Box plots show the distribution of absolute differences for specific B-value
intervals (bins), while the orange line represents the number of CpG sites in each interval, shown on the
secondary y-axis. Fig. 3C-D: Association between sequencing depth and absolute differences in B-values

between EPICv2 and 5-base (panel C) as well as EPICv2 and ONT (panel D). Box plots show the distribution
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of absolute differences as a function of sequencing-depth, while the orange line represents the number

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

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

In parallel to epigenome assessment, we also aimed to compare the performance of 5-base and ONT
sequencing for genomic profiling. However, a direct comparison of variant-calling accuracy between the
two platforms was not possible because the true genetic background of the analyzed tumors was
unknown. In addition, insufficient sequencing depth limited the sensitivity and reliability of somatic variant
calling. Moreover, the absence of matched germline profiles, although representative of a realistic clinical
setting, further complicated the interpretation and comparison of somatic variants.

Despite these limitations, we aimed to characterize the genomic profiles generated by both platforms and
assess their consistency with the expected glioblastoma-specific mutational landscape. Firstly, we
compared the overall characteristics of the somatic variant profiles called within coding regions generated
by the two technologies. We observed that ONT yielded over 2x more somatic variants per sample than
5-base sequencing, with a mean of 183 variants (95% Cl: 157-209) and 85 variants (95% Cl: 75-95) for ONT
and 5-base respectively. However, subsequent analysis of called variants, based on the Genome
Aggregation Database (gnomAD) revealed that variants classified as somatic by the 5-base workflow were
predominantly rare in population databases. In contrast, the set of variants identified with ONT and
classified as somatic contained a substantial fraction of relatively common, therefore potentially
misclassified germline variants (Fig. 4A).

After restricting the analysis to variants with gnomAD allele frequency below 0.001, we observed further
differences in the composition of the putative somatic profiles. Although missense substitutions were the
most frequent variant class for both technologies, somatic profiles obtained with 5-base sequencing were

substantially more diverse, with non-missense variant classes collectively accounting for approximately
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33-62% of detected variants across individual samples (Fig. 4B). In parallel, ONT-derived somatic profiles
were dominated by missense substitutions, with non-missense variants comprising only approximately 6-
17% of detected variants (Fig. 4C). The platforms also differed substantially in the distribution of variant
allele frequencies (VAF). Across matched samples, somatic variants called by ONT had a median VAF of
approximately 0.5, whereas the corresponding median for 5-base sequencing was approximately 0.2 (Fig.
4D). Consistent with this observation, MATH scores, reflecting the dispersion of VAFs within individual
tumors and commonly used as a proxy for intratumoral heterogeneity (41,42), were significantly lower for
ONT than for 5-base sequencing, with mean values of 27.9 and 39.6, respectively (Fig. 4E, p-value < 0.05,
Wilcoxon test). Notably, the mean MATH score calculated based on VAF obtained with 5-base sequencing
was consistent with values previously reported for GBM based on whole-exome sequencing (46.86 *
16.13) (42).

We next evaluated concordance between the two platforms using the Jaccard similarity index (JSI). Overall,
JSI between putative somatic variant sets identified by each of the technologies was low, with JSI values
ranging from 0 to 0.14. In contrast, when germline variants were analyzed using the same approach,
concordance increased substantially, with JSI values ranging from 0.41 to 0.69 across assessed samples.
Importantly, JSI values for both germline and somatic variant sets increased with increasing ONT
sequencing depth (Fig. 4F), whereas a similar trend was not detectable in case of 5-base data (Fig. 4G).
This association suggests that the lower ONT sequencing depth contributed substantially to the observed
inter-platform discordance.

To determine whether observed differences between platforms affected detection of potentially clinically
relevant alterations, we subsequently focused our analysis on 43 genes associated with GBM (43) and
analyzed nine samples with a confirmed GBM diagnosis that had been sequenced using both technologies.
ONT identified 15 somatic variants distributed across six out of nine samples, whereas 5-base sequencing

identified 10 variants, also distributed across six out of nine samples (Fig. 4H). Only six variants were
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concordantly classified as somatic by both technologies: EGFR.1934C>G (p.Ser645Cys) in sample NEURO-
115, PTPN11.179G>T (p.Gly60Val) and TP53.530C>G (p.Prol77Arg) in NEURO-101, PIK3CA.1097C>G
(p.Pro366Arg) in NEURO-99, PTEN.259C>T (p.GIn87Ter) in NEURO-96, and PIK3CA.1624G>A (p.Glu542Lys)
in NEURO-123. The four variants detected exclusively by 5-base had relatively low VAFs, ranging from 0.04
to 0.19, supporting insufficient ONT sequencing depth as a potential explanation for their absence from
the ONT calls. In parallel, the nine ONT-only somatic variants had substantially higher VAFs, ranging from
0.21 to 0.96. Importantly, all of these variants were also detected by 5-base but classified as germline,
therefore excluded from the final 5-base somatic calls.

Finally, we assessed GBM-associated copy-number variations (CNVs), including focal EGFR amplification,
chromosome 7 gain and chromosome 10 loss (44), using sequencing data generated for 14 and 9 samples
with a confirmed GBM diagnosis for 5-base and ONT data, respectively. These results were subsequently
compared with CNV profiles inferred from EPICv2 methylation-array data using conumee 2.0 (45) within
the OPP (9) workflow (links to classification reports including CNV profiles are available in Supplementary
Table 1). Visual inspection of the CNV profiles (Supplementary Table 2, Supplementary Figures 17-30)
showed that the three approaches were broadly consistent and enabled the detection of at least one

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

platform/CNV type EGFR focal amplification ch7 gain chrl0 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

and ONT platforms.
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Figure 4: Comparison of genomic profiles generated using 5-base and ONT platforms.
Fig. 4A: Distribution of gnomAD allele frequencies (gnomAD AF) for putative somatic variants identified by
5-base and ONT. Fig. 4B-C: Relative distribution of variant classes across samples for 5-base (panel B) and
ONT (panel C). Fig. 4D: Distribution of variant allele frequencies (VAFs) for somatic variants detected by 5-

base and ONT across assessed samples. Fig. 4E: Mutant-allele tumor heterogeneity (MATH) scores
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calculated from somatic VAF distributions for each sample and sequencing platform. Dashed lines indicate
the mean + SD MATH score previously reported for GBM based on whole-exome sequencing. Fig. 4F-G:
Association between sequencing depth and concordance of variant detection between platforms,
qguantified using the Jaccard similarity index, separately for germline and somatic variants. Concordance
between platforms is shown as a function of median ONT sequencing depth (panel F) and median 5-base
sequencing depth (panel G). Fig. 4H: Somatic variants identified within 43 selected GBM-associated genes
in nine samples with a confirmed GBM diagnosis sequenced using both platforms. Symbols indicate

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

Combination of short- and long-reads allows for effective haplotype-resolved DNA methylation profiling
Reads phasing, also referred to as haplotype assembly, is the process of reconstructing the allelic
configuration of genetic variants at individual homologous chromosomes by assigning genomic alterations
to their respective parental or even subclonal haplotypes. Phasing enables the analysis of variants
inherited together, providing additional biological and clinically relevant context (46) as well as
identification of allele-specific DNA methylation patterns (47).

Applicability of phasing based on short-read sequencing platforms is inherently limited, as haplotype
reconstruction requires sequencing reads to span heterozygous variants, which is less likely for reads
composed of up to 600 bp. In contrast, ONT sequencing can generate reads reaching even megabase-scale
lengths, substantially increasing the probability of capturing multiple heterozygous loci within a single
sequenced molecule. However, reliable haplotype assembly also requires highly accurate genotype calls,
and as we have shown ONT-derived data are characterized by lower diversity of variant categories as well
as overall basecalling accuracy compared with SRS. Therefore, following recommendations described in

technical documentation of WhatsHap (48), we investigated whether combining 5-base genotype calls
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with long ONT reads could improve haplotype reconstruction and enable more robust haplotype-resolved
DNA methylation analysis.

An obvious limitation of this analysis was limited ONT ability for the assessment of somatic variants and
therefore somatic haplotypes. Therefore, we restricted the analysis to biallelic heterozygous variants with
allele fractions between 0.30 and 0.70, representing informative sites suitable for subsequent germline
haplotypes assembly.

To assess the applicability of phasing based on combined 5-base and ONT data, we first performed
haplotypes assembly solely based on ONT data, and heterozygous variants sequenced at a depth > 10. We
then repeated the analysis using long ONT-reads and variants identified from 5-base sequencing with a
depth greater than 30. To compare these two phasing strategies, we calculated performance metrics for
both approaches, including the number of identified haplotype blocks, median block length, maximum
block length, and block contiguity expressed as the N50 metric (Fig. 5A-D). Overall, the number of blocks
decreased significantly (p-value < 0.05, Wilcoxon test) in case of hybrid approach, while remaining metrics
did not change in terms of median values (p-value > 0.05, Wilcoxon test). However, the third-quartile and
maximum values for median block length (Fig. 5B), maximum block length (Fig. 5C), and block N50 (Fig.
5D) were substantially higher with the hybrid approach. These results clearly show that ONT data, even at
limited sequencing depth, is sufficient for effective haplotype assembly. Nevertheless, integration of long-
, and short-reads can further improve overall efficacy of haplotype reconstruction.

Finally, we investigated whether assigning DNA methylation status to specific alleles can have potential
clinical implications. We performed this analysis for MGMT promoter, a clinically relevant biomarker used
to predict response to temozolomide (TMZ) chemotherapy in glioblastoma (49). Initial analysis of average
methylation levels at MGMT promoter in 14 GBMs included in our study (Supplementary Figure 31) using
5-base data, indicated that in the majority of the samples MGMT promoter was either methylated (n=4)

or not methylated (n=9). Interestingly, one sample (NEURO-99) displayed average methylation levels
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indicative of partial (intermediate) methylation, which could reflect allele-specific 5mC patterns. The
phasing based on combined 5-base and ONT strategy for this sample, clearly demonstrated that all reads
assigned to one haplotype (HP1) were fully unmethylated, whereas only a subset of reads assigned to the
second haplotype (HP2) carried methylated cytosines within the MGMT promoter region (Fig. 5E). These
findings suggest that the unmethylated haplotype may retain the potential for MGMT expression, and
consequently resistance of tumor cells to TMZ, although this needs to be confirmed with allele-specific

expression and protein-level analyses.
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Figure 5. Integration of short- and long-read sequencing improves phasing efficacy and enables haplotype-
oriented assessment of 5mC. Fig. 5A-D: Comparison of phasing efficacy metrics obtained using ONT and a
hybrid (ONT + 5-base) approach, including the number of haplotype blocks (panel A), median block size
(panel B), maximum block size (panel C), and block continuity expressed as N50 (panel D). Fig.
5E: Representative genomic region centered on the MGMT promoter for NEURO-99 sample. Tracks (in
order from top to bottom) show genomic coordinates and gene annotation, CpG island position, global
DNA methylation levels estimated from 5-base sequencing, phased genomic variants from 5-base, and
ONT long reads assigned to haplotype 1 (HP1) and haplotype 2 (HP2). CpG methylation status in individual

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

Study limitations

Our study has several major limitations that should be considered when interpreting the results. First, ONT
sequencing was performed for only 10 of the 16 samples, limiting the sample size and completeness of
the cross-platform comparison for this technology. Second, only 2 of the 10 ONT flow cells (NEURO-91 and
NEURO-202) generated sufficient data to achieve a mean genome-wide coverage exceeding x30. The lower
sequencing depth obtained for the remaining samples reduced the precision and sensitivity of
downstream analyses, especially in case of somatic variant detection, where adequate depth is critical for
identifying low-VAF variants. Third, although EPICv2 microarrays were used as a reference for DNA
methylation quantification, they interrogate only a predefined subset of CpG loci. Consequently, cross-
platform methylation concordance was assessed only based on a fraction of CpG sites spanning human
genome. Finally, our study did not include technical replicates and therefore does not address the technical
reproducibility of the evaluated platforms. Such assessment of intra-platform reproducibility remains
particularly important in the context of potential clinical implementation and compliance with CE-IVD

requirements.
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Discussion

Simultaneous assessment of the genome and epigenome within a single assay offers several benefits. First,
it reduces experimental time and costs by enabling both molecular modalities to be characterized from
the same sample, in exactly the same biological context, and within a unified analytical workflow. Second,
combining genetic and epigenetic information substantially increases the dimensionality of molecular
information available for downstream analyses, which may be particularly valuable not only for biological
interpretation but also for machine-learning-based solutions.

Over the last years, substantial progress has been made in the development of high-throughput molecular
technologies. Nevertheless, many platforms, particularly recently introduced, remain insufficiently
evaluated in clinically relevant settings. Therefore, systematic evaluation of emerging omics platforms in
clinically relevant settings is essential to determine their practical utility, identify technology-specific
limitations, and define the applications for which a particular platform is best suited.

In this study, we systematically evaluated the new 5-base solution and compared it with ONT sequencing
as well as EPICv2 microarrays using glioblastoma specimens, which constitute challenging and clinically
relevant material characterized by substantial biological heterogeneity.

Our results demonstrated that both sequencing platforms have distinct strengths and limitations. Their
suitability should therefore be considered in the context of the intended application, taking into account
DNA quality and availability, required sequencing depth, genomic variant classes of interest, CpG coverage,
and the need for long-range information.

Specifically, in our analyses, the 5-base platform provided flexible sequencing yield, higher base-calling
accuracy, more uniform genome-wide CpG coverage, and the highest concordance of 5mC profiles with
EPICv2 microarrays. Nevertheless, 5-base sequencing remains subject to the inherent limitations of short-
read technologies, particularly, reduced mapping efficiency in complex genomic regions (50) and limited

suitability for fully haplotype-resolved analyses (51).
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At the same time, ONT provided more efficient mapping in challenging genomic regions. In addition, ONT-
based 5mC quantification showed high concordance with results generated using EPICv2 microarrays.
Importantly, from both biological and clinical perspectives, ONT long reads enable haplotype-oriented
genomic and epigenomic analyses by providing long-range information that is limited in conventional
short-read sequencing. However, our results, together with previous studies, indicate that the platform is
characterized by lower basecalling quality scores, typically below Q30 (52), as well as limited precision and
recall for somatic indels in tumor-only mode (53). Furthermore, under our one-flow-cell-per-sample
design, the lower per-sample coverage achieved with ONT constrained the sensitive detection of low-VAF
variants and makes high-depth tumor WGS less efficient (50).

In this study, as a reference for human methylome assessment, we used EPICv2 microarrays, which
interrogate a predefined set of CpG loci spanning regulatory regions across the human genome. Our results
confirmed that EPICv2 generates methylation profiles highly comparable to deep sequencing-based
approaches (29), while remaining cost- and time-efficient particularly in large-scale studies.

Interestingly, based on previously described recommendations (48), we also confirmed that combining
high-quality genotypes derived from 5-base sequencing with long-read ONT data provides an effective
hybrid framework for integrated, haplotype-aware genomic and epigenomic analyses. In this approach, 5-
base data provide reliable genotype calls and high-quality 5mC quantification, whereas ONT reads enable
long-range phasing and haplotype-resolved 5mC profiling. Using this hybrid approach, we were able to
identify an allele-specific MGMT promoter methylation pattern that would remain inaccessible using
conventional bulk methylation analyses. These findings highlight the potential biological and clinical value
of integrating short- and long-read sequencing technologies in future precision oncology workflows,

although this approach requires further validation.



479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

Overall, our study suggests that 5-base sequencing offers the most balanced performance for genome-
wide integrated genomic and epigenomic profiling, while ONT adds complementary long-range

information that is particularly valuable for challenging genomic regions and haplotype-resolved analyses.

Conclusions

Our findings demonstrate that 5-base and ONT sequencing offer complementary strengths for
simultaneous genomic and epigenomic profiling. Both platforms showed high concordance with EPICv2
microarrays in DNA methylation quantification, although differences were observed at intermediately
methylated CpG sites and were influenced by sequencing depth. Under the evaluated experimental
conditions, 5-base sequencing provided substantially greater sequencing yield, broader CpG coverage,
higher basecalling accuracy, and more reliable somatic small variants profiling. In parallel, ONT
demonstrated more uniform coverage of problematic genomic regions and enabled haplotype-aware
analyses. Importantly, combining 5-base-derived genotypes with ONT long reads improved selected
phasing metrics and enabled haplotype-resolved assessment of MGMT promoter methylation. Together,
these results support 5-base sequencing as a scalable approach for comprehensive molecular profiling,
with ONT providing complementary capabilities for investigating complex genomic regions and allele-

specific epigenetic alterations.

Materials and Methods

Cohort characteristics

The study cohort comprised 16 patients initially diagnosed as glioblastomas (after data interrogation two
samples were reassigned, for details see: EPICv2 microarrays provide highly accurate DNA methylation
profiles section), including 8 females (50%) and 8 males (50%). At the time of study, 11 patients (68.8%)

were deceased and 5 (31.2%) were alive. Methylation status of the MGMT promoter was assessed using
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a PCR-based assay with promoter methylation confirmed in 8 of 15 samples (53.3%). Necrosis was
observed in 14 of 16 tumors, anaplastic features in all 14 cases for which this information was available,
and endothelial proliferation in 8 evaluable cases. Polymorphic cells were reported in 11 tumors, while
hypercellularity was documented in 3 cases. Ki-67 proliferation indices were available for 14 tumors and

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

Sample collection procedure
Brain tumor specimens were collected during routine neurosurgical resections performed at the University
Clinical Hospital No. 1, Szczecin, Poland, as a part of treatment. Tissue fragments intended for molecular

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

DNA extraction, quantification and quality control

A total of 25 mg of tissue collected from multiple regions of the tumor mass was used to ensure
representative contribution of spatially distinct tumor areas to the extracted DNA. High molecular weight
(HMW) DNA was isolated using the MagAttract® HMW DNA Kit (Qiagen, cat. no. 67563). DNA
concentration was measured using the Quantifiler™ Trio DNA Quantification Kit (Thermo Fisher Scientific,
cat. no. 4482910) on a QuantStudio™ 5 Real-Time PCR System (Thermo Fisher Scientific). The DNA purity
was assessed using BioTek Synergy H1 microplate reader (BioTek Instruments) according to the standard
recommendations by calculating the ratios of corrected absorbance at 260/280 nm and 260/230 nm.
Additionally, DNA integrity was evaluated using the Genomic DNA ScreenTape Assay (Agilent Technologies,
cat. no. 5067-5365, 5067-5366) on a 4150 TapeStation System (Agilent Technologies) and expressed as the
DNA Integrity Number (DIN). The DNA degradation was also assessed using the Quantifiler™ Trio DNA

Quantification Kit (Thermo Fisher Scientific, cat. no. 4482910), which provides a ratio of short-to-long DNA
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fragments expressed as Degradation Index (DI). All collected parameters, describing DNA concentration,

purity, and integrity are available in Supplementary Table 1.

EPICv2 data generation and preprocessing

All samples were processed directly following the manufacturer’s recommendations. Briefly, 550 ng of
genomic DNA dissolved in 20 pl was used for bisulfite conversion using the EZ-96 DNA Methylation-
Lightning™ MagPrep Kit (Zymo Research, cat. no. D5046). The Infinium Methylation EPIC v2.0 Kit (Illumina,
cat. no. 20087707) was used for bisulfite-treated DNA methylation profiling using an automated liquid
handling system - Infinium RoMa platform (Tecan). Raw IDAT files were generated using the iScan™ System
(Illumina). IDAT files were processed using the sesame (54) R package with settings recommended for
EPICv2 and subsequently annotated using lllumina EPICv2 A2 v2 manifest. Probes previously identified by
(19), that do not map to their target location as well as probes not uniformly available across all samples
used in this experiment were removed from analysis. All metrics describing EPIC v2 data quality are

available in Supplementary Table 1.

5-base data generation and preprocessing

All samples were processed directly following the manufacturer’s recommendations. Briefly, 100 ng of
genomic DNA in a volume of 55 pl was fragmented using a Covaris M220 Focused-ultrasonicator (Covaris)
at a setpoint temperature of 20°C, with an average incident power of 10W, peak incident power of 50W,
20% duty factor, 200 cycles per burst, and 50 seconds of treatment time. After sonication, DNA fragment
size distribution was assessed using the 4150 TapeStation System (Agilent Technologies) with the High
Sensitivity D1000 ScreenTape Assay (Agilent Technologies, cat. no. 5067-5584, 5067-5585), and fragment
size of approximately 450 bp was confirmed for all the DNA samples. Subsequently, library preparation

was performed according to the manufacturer’s instructions using the Illumina 5-base DNA Prep (lllumina,
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cat. no. 20140364) and the dedicated protocol (lllumina, cat. no. 200073497 v00), with Illumina Unique
Dual Indexes LT (lllumina, cat. no. 20083060). Library concentration and quality were assessed
fluorometrically using Qubit™ Flex Fluorometers (Thermo Fisher Scientific) and Qubit™ dsDNA Broad
Range (BR) Assay Kit (Thermo Fisher Scientific, cat. no. Q32850) and by automated electrophoresis on a
4150 TapeStation System (Agilent Technologies) using the D1000 ScreenTape Assay (Agilent Technologies,
cat. no. 5067-5582, 5067-5583). Libraries were normalized to 2 nM and pooled to generate a library pool.
Subsequently, libraries were diluted to 90 pM and sequenced on a MiSeq i100 Plus Platform (lllumina)
using a 5M 300-cycle flow cell for quality control and re-pooling calculations. Finally, libraries were
repooled according to the obtained results, re-quantified using the Qubit™ dsDNA High Sensitivity (HS)
Assay Kit (Thermo Fisher Scientific, cat. no. Q32854) and sequenced on a NovaSeq X Plus platform
(Ilumina) using a 10B 300-cycle flow cell at a loading concentration of 130 pM and a 151x10x10x151
(U7N1Y143) cycles configuration. All subsequent data preprocessing steps, including alighnment to
multigenome hg38 reference, variant calling as well as 5mC quantification were performed using DRAGEN
SOMATIC v4.4.6 within Illumina Connected Analytics platform. All metrics describing sequencing quality

and efficacy are available in Supplementary Table 1.

Oxford Nanopore Sequencing data generation and preprocessing

Libraries were prepared using Ligation Sequencing Kit (Oxford Nanopore Sequencing, cat. no. SQK-LSK114)
and protocol GDE_9161 v114 revAC 24Sep2025 with NEBNext Companion Module v2 for Oxford
Nanopore Technologies Ligation Sequencing (New England Biolabs, cat. no. E7672S) according to the
manufacturer’s recommendation. 1000 ng of gDNA was used as an input for library preparation, after
repeated quantification using Qubit dsDNA HS Assay Kit (Q32854, Thermo Fisher Scientific), as suggested

by the manufacturer. Each library was sequenced on a single PromethlON flow cell - FLO-PRO114M (Oxford



573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

Nanopore Sequencing) for 72h using a maximum of 300 ng of the prepared library as an input for the flow
cell (loaded DNA amount varied across libraries from 83 ng to 300 ng).

For the real-time quality control of the sequencing, initial basecalling was performed with the MinKNOW
platform (Promethion 2 release), using the HAC (high accuracy) Dorado model version 5.2.0 with modified
bases calling on 5mC cytosines in CG motifs. The HAC delivered data was also used to report preliminary
findings and plan the further analysis.

The basecalling with the use of SUP (super accuracy) Dorado models, was guided by the limitations of the
EPI2ME wf-somatic-variation v1.5.1 which allowed us to use only version 4.2.0 (with 5mC calling in CG
motifs) and took place on the PromethlON 2 Integrated, using its Tesla A100 GPU.

Basecalling employed the super-accurate model (dna_r10.4.1_e8.2_400bps_sup@v4.2.0). All subsequent
data preprocessing steps, including alignment to hg38 reference, variant calling as well as 5mC
guantification were performed using wf-somatic-variation v1.5.1 from EPI2ME repository. Finally, all

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

Molecular diagnosis confirmation and estimation based on EPICv2 microarrays

We used our algorithms implemented in the OPP platform (9) to confirm histopathological diagnosis and
estimate copy number variation (CNV) for each sample. Specifically, raw IDAT files were uploaded through
the OPP web application (www.opp.pum.edu.pl), and the tumor class for each sample was predicted using
the “CNS Tumors Classifier v1.0” model. CNV profiles were generated using conumee 2.0 (45) as a part of
inference pipeline. Finally, GBM-specific CNVs, including chromosome 7 gain, focal EGFR amplification, and
chromosome 10 loss were assessed by visual inspection of the CNV plots generated by the platform. Links

to classification reports are available in Supplementary Table 1.
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DNA methylation data processing

All datasets generated with sequencing platforms were converted to beta-value scale and represented
using 1-based, unstranded genomic notation to ensure comparability with EPICv2 microarrays. All
subsequent analyses were conducted using common libraries for data processing, analysis and

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

Genomic data processing

VCF files generated using either the EPI2ZME wf-somatic-variation v1.5.1 or the DRAGEN somatic v4.4.6
pipeline were filtered with bcftools (55) to retain variants that passed the workflow-specific quality filters
and were supported by a minimum sequencing depth of 30x for 5-base or 10x for ONT data.

For 5-base sequencing, germline and somatic variants were distinguished based on
the “GermlineStatus” INFO field. Variants annotated as “Somatic”, “Somatic Putative CH”, or “Somatic
Hotspot” were classified as somatic, whereas all remaining variants were categorized as germline.
Importantly, because the analysis was performed in tumor-only mode, this classification was inferred
primarily from population-level reference databases, including gnomAD and the 1000 Genomes Project,
rather than from a matched healthy sample. For ONT data, variant stratification was based on
the “NonSomatic” FILTER status. Variants marked as “NonSomatic” were classified as germline, reflecting
a non-somatic prediction derived from the reference resources incorporated into the EPI2ME workflow,
including gnomAD, dbSNP, and the 1000 Genomes Project.

Prefiltered VCF files were subsequently annotated with the Variant Effect Predictor - VEP (56) against the
GRCh38 reference genome using VEP cache version 115, restricted to canonical transcripts, and converted
to Mutation Annotation Format (MAF). The MAF files were subsequently analyzed using the maftools R
package (57). Copy-number variation profiles were generated based on data from DRAGEN somatic v4.4.6

for the 5-base sequencing data and SAVANA v1.3.8 (58) for ONT sequencing. For each sample, bin-level
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log2-normalized copy-ratio values as well as segmented copy-ratio estimates were assessed. Analyses
were restricted to chromosomes 1-22, X, and Y. Segment mean values, reported on a linear copy-ratio
scale, were transformed to the log, scale. Genomic bins were annotated using gene coordinates from the
Ensembl GRCh38 release 115 GTF file. A bin was assigned to a gene when at least 25% of bin overlapped
the gene coordinates. When multiple bins overlapped the same gene, the gene-level copy-ratio signal was
summarized as the median log2-normalized ratio across all overlapping bins, thereby reducing the
influence of individual extreme bin-level measurements. Finally, the status (gain or loss) of specific CNVs

was assigned by visual inspection of the CNV plots.

Haplotype assembly

Haplotype assembly was performed using WhatsHap (48). Briefly, VCF files were filtered with bcftools (55)
to retain autosomal, biallelic heterozygous SNV marked as “PASS” (in case of 5-base) or “NonSomatic” (in
case of ONT), with a minimum sequencing depth of x30 (5-base) and x10 (ONT), with variant allele fraction
between 0.30 and 0.70. The selected variants were then phased using the corresponding alignment files

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

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

List of abbreviations

5mC: 5-methylcytosine, AF: Allele frequency, BR: Broad range, CE-IVD: CE-marked in vitro diagnostic, Cl:
Confidence interval, CNS: Central nervous system, CNV: Copy-number variation, CpG: Cytosine—
phosphate-guanine dinucleotide, DI: Degradation index, DIN: DNA integrity number, DNA:
Deoxyribonucleic acid, DRAGEN: Dynamic Read Analysis for GENomics, EM-seq: Enzymatic methyl-seq,
EPICv2: Infinium MethylationEPIC v2.0 BeadChip, GBM: Glioblastoma, GEO: Gene Expression Omnibus,
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file, JSI: Jaccard similarity index, LRS: Long-read sequencing, MAF: Mutation Annotation Format, MATH:
Mutant-allele tumor heterogeneity, MDS: Multidimensional scaling, ONT: Oxford Nanopore Technologies,
PacBio: Pacific Biosciences, PGR: Problematic genomic region, Q-score: Phred quality score, SD: Standard
deviation, SNV: Single-nucleotide variant, SRS: Short-read sequencing, STR: Short tandem repeat, SUP:
Super accuracy, SV: Structural variant, Tl: Log,-transformed probe intensity, TMZ: Temozolomide, UMI:
Unique molecular identifier, VAF: Variant allele frequency, VCF: Variant Call Format, VEP: Variant Effect

Predictor, WGBS: Whole-genome bisulfite sequencing, WGS: Whole-genome sequencing.
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