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Chapter 1

Introduction

1.1 The Omic Sciences

In the last few decades, the advent of increasingly accurate, reliable, and cost-

effective technologies for biological analyses has revolutionized our ability to

investigate complex biological systems. This shift has led to the emergence

of the omic sciences, a family of disciplines, including genomics, epigenomics,

proteomics and transcriptomics, that aim to study entire classes of molecules

(DNA, RNA, proteins) or molecular features (regulatory states) rather than

isolated elements. This systems-level perspective has transformed modern

biology, moving beyond the reductionist paradigm to a holistic understand-

ing of how molecular layers interact to orchestrate the dynamic organization

of living systems.

1.1.1 Genomics

Genomics is the branch of the omic sciences concerned with the study of the

entire set of DNA molecules within an organism, not only in terms of se-

quence but also from a structural and functional point of view. Specifically,

the subject of genomic studies is not only related to coding DNA sequences,

but also non-coding regions, as well as regulatory elements that modulate

gene activity and the interactions among them. From this perspective, ge-

nomics seeks to understand how alterations in the genome shape phenotypes

and contribute to both physiological diversity and disease.

Genomic variability refers to the spectrum of differences that can occur

1



2 Introduction

within the DNA sequence of individuals or populations, spanning from sin-

gle nucleotide changes to large chromosomal rearrangements. Broadly, these

variations are categorized into small-scale and large-scale events. The former

includes single nucleotide variants (SNVs) and small insertions or deletions

(InDels), while the latter comprises structural variants (SVs), which affect re-

gions larger than 50 base pairs and include deletions, duplications, insertions,

inversions, and translocations, as well as more complex rearrangements. To-

gether, these forms of variation contribute to the unique genomic landscape

of every individual.

From a physiological standpoint, genomic variability is the foundation

of biological diversity and evolutionary adaptation. Neutral variants, which

do not affect gene function, contribute to population-level heterogeneity and

serve as invaluable markers for studies on ancestry, demography, and evo-

lution [1]. Other variants can directly modulate gene expression, protein

structure, or regulatory interactions, generating phenotypic diversity in traits

such as metabolism, height, or pigmentation.

Genomic variability also plays a crucial role in the onset and progression

of disease. Highly penetrant rare mutations can directly cause phenotypes

known as monogenic disorders, such as cystic fibrosis or sickle-cell anemia. In

contrast, combinations of common variants that have little or no effect when

isolated, can contribute to polygenic and multifactorial conditions, includ-

ing diabetes, cardiovascular disease, and psychiatric disorders. Structural

alterations can modify gene dosage, disrupt regulatory domains, or gener-

ate fusion transcripts, mechanisms that are particularly relevant in cancer

genomics.

For these reasons, the comprehensive study of genomic variability has

become one of the cornerstones of modern biomedical research. The advent

of high-throughput DNA sequencing technologies has dramatically expanded

our ability to detect and characterize the entire spectrum of genomic variants,

leading to large-scale initiatives such as the 1000 Genomes Project [1]. NGS

enabled the discovery of millions of SNVs and InDels across populations,

paving the way for genome-wide association studies (GWAS) linking genetic

variants to phenotypic traits. More recently, long-read sequencing technolo-

gies, such as those developed by Oxford Nanopore Technologies (ONT) and

Pacific Biosciences (PacBio), have provided the means to resolve complex

genomic regions with unprecedented accuracy [2], [3], revealing layers of

variation that were previously inaccessible.
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In summary, genomic variability constitutes both the blueprint of human

diversity and a key driver of disease. Its characterization requires technolo-

gies capable of spanning the full spectrum of variant sizes and complexities,

making DNA sequencing and methods for data analysis an indispensable

tool for modern biology.

1.1.2 Epigenomics

Epigenomics refers to the comprehensive study of heritable molecular mech-

anisms that regulate gene activity without altering the underlying DNA se-

quence. These mechanisms include DNA methylation, histone modifications,

chromatin remodeling, and the action of non-coding RNAs. Together, they

define the epigenetic landscape of the cell, which determines its transcrip-

tional identity and plasticity. Epigenomic regulation is essential for em-

bryonic development, genomic imprinting, and cell differentiation, allowing

genetically identical cells to acquire distinct functional identities. Moreover,

epigenetic marks are dynamically regulated in response to environmental fac-

tors such as diet, aging, and stress, thereby integrating intrinsic and extrinsic

cues into gene regulation [4].

Alterations in the epigenome play a major role in the pathogenesis of nu-

merous diseases. In cancer, aberrant DNA methylation or histone modifica-

tion patterns can lead to the silencing of tumor suppressor genes or activation

of oncogenes [5]. Dysregulated chromatin states have also been associated

with neurological, autoimmune, metabolic disorders and others [6]–[8]. Cru-

cially, unlike genetic mutations, many epigenetic alterations are reversible,

making them attractive targets for therapeutic intervention through so-called

epigenetic drugs [9].

DNA methylation

DNA methylation is one of the most studied and biologically significant

epigenetic modifications. It involves the covalent addition of a methyl group

to the 5’ position of cytosine residues, primarily within CpG dinucleotides,

forming 5-methylcytosine (5mC) [10]. In mammals, CpG sites are generally

sparse and methylated throughout the genome, except within CpG islands

(CGIs), which are often located at gene promoters and remain unmethylated

in normal conditions to allow transcriptional activation [11]. CpG shores
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and shelves surrounding these islands exhibit more variable, tissue-specific

methylation, contributing to regulatory diversity.

Functionally, DNA methylation exerts its effects primarily by influencing

chromatin structure and DNA accessibility to transcription factors (TFs).

Promoter methylation typically represses gene expression, whereas gene body

methylation can promote transcriptional elongation and reduce spurious

initiation [12]. Methylated CpGs are recognized by methyl-CpG-binding

domain (MBD) proteins, which recruit chromatin remodelers and histone-

modifying enzymes, establishing stable repressive states [13].

The establishment and maintenance of methylation patterns are tightly

regulated. DNMT1 primarily maintains methylation fidelity during DNA

replication, while DNMT3A and DNMT3B mediate de novo methylation,

establishing new methylation marks during embryogenesis, cell differentia-

tion, and cellular reprogramming [14]. Active DNA demethylation, is instead

mainly catalyzed by the TET family of enzymes [15]. The dynamic balance

between these opposing enzymatic systems allows cells to maintain epige-

netic stability while preserving the plasticity required for developmental and

environmental adaptation.

Physiologically, DNA methylation regulates several processes including

embryonic development, genomic imprinting and X-chromosome inactiva-

tion, and is critical for maintaining cellular identity. Aberrant DNA methy-

lation patterns are, however, a hallmark of various human diseases. Global

hypomethylation can lead to genomic instability, loss of imprinting, and ac-

tivation of repetitive or transposable elements, contributing to chromosomal

rearrangements and oncogenic transformation [16]. Conversely, hypermethy-

lation of promoter CpG islands is a frequent mechanism for the silencing of

tumor suppressor genes in cancer, while altered gene body methylation has

been implicated in inappropriate transcriptional activation of oncogenes [17].

Beyond cancer, dysregulated methylation landscapes have been associated

with a wide spectrum of disorders, including neurodevelopmental and neu-

rodegenerative diseases, autoimmune disorders, imprinting syndromes, and

metabolic and cardiovascular pathologies [18], [19].

Because methylation integrates both genetic and environmental influ-

ences and is reversible, it serves as both a mediator of phenotypic plas-

ticity and a valuable biomarker for diagnosis, prognosis, and therapeutic

monitoring. Recent advances in long-read sequencing have further enabled
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single-molecule, base-level methylation profiling in native DNA, opening new

perspectives for integrative epigenomic analyses [20], [21].

1.1.3 Transcriptomics

Transcriptomics is the large-scale study of the transcriptome, defined as the

complete set of RNA molecules expressed in a cell, tissue, or organism at

a given time. Unlike the genome, which remains largely static, the tran-

scriptome is highly dynamic, reflecting the real-time functional state of a

biological system. By quantifying the abundance, diversity, and structure of

RNA transcripts, transcriptomics provides critical insights into gene regula-

tion, differentiation, and disease mechanisms.

Initially, transcriptome analysis relied on hybridization-based approaches

such as microarrays, which provided global but probe-limited and semi-

quantitative views of gene expression. The introduction of RNA sequencing

(RNA-seq) revolutionized transcriptomics by enabling unbiased, genome-

wide quantification of transcripts [22], [23]. RNA-seq workflows combine

experimental and computational steps to map reads to reference genomes,

quantify expression levels, and identify differentially expressed genes and

transcript isoforms. This approach has become the gold standard due to its

sensitivity, accuracy, and scalability [24].

Modern transcriptomics extends far beyond gene expression quantifi-

cation. Alternative splicing can be systematically characterized, revealing

how individual genes give rise to multiple isoforms with distinct functions.

Strand-specific sequencing allows the detection of antisense transcription and

non-coding RNAs, while ribosome profiling captures actively translated re-

gions of the transcriptome, providing a direct readout of protein synthesis.

Epitranscriptomics

Similarly to DNA, RNA molecules can undergo various chemical modifica-

tions, collectively known as epitranscriptomic marks, including N6-methyladenosine

(m6A), 5-methylcytosine (m5C), and pseudouridylation, among others. These

modifications influence RNA stability, localization, splicing, and translation

efficiency, thereby playing pivotal roles in regulating gene expression. How-

ever, despite their recognized importance, the systematic study of epitran-

scriptomics remains limited, largely due to technological constraints [25].
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In this context, transcriptomics still represents a cornerstone of modern

biology, enabling the exploration of gene regulation at multiple levels. At

the same time, the emerging field of epitranscriptomics highlights how much

remains to be discovered about RNA biology, and points to the need for novel

experimental and computational strategies capable of capturing not only the

sequence and abundance of transcripts but also their chemical modifications

and functional states.

1.2 DNA sequencing evolution

The investigation of genomic and epigenomic variation has become a central

challenge of modern biology and medicine. As discussed in previous sec-

tions, both genetic diversity (ranging from single-nucleotide polymorphisms

to large-scale structural rearrangements) and epigenetic modifications (such

as DNA methylation and histone remodeling) play pivotal roles in shap-

ing cellular identity, developmental processes, and disease. Unraveling these

multilayered mechanisms requires technologies capable of detecting not only

the primary DNA sequence, but also subtle modifications and structural

changes with high precision.

In this context, DNA sequencing represents the most powerful and ver-

satile approach to interrogate biological systems at the molecular level. From

its earliest implementations, it has provided unprecedented insight into genome

organization and function, enabling the systematic characterization of ge-

netic and epigenetic variability. Over the past five decades, sequencing

technologies have evolved through successive generations, which dramati-

cally improved accuracy, throughput, read length and cost-efficiency, trans-

forming genomics from a specialized discipline into a cornerstone of modern

biomedicine.

1.2.1 First-Generation Sequencing

The first generation of DNA sequencing technologies was introduced in the

late 1970s with the development of two landmark methods: the Maxam-

Gilbert chemical degradation approach and the Sanger chain-termination

method [26], [27]. The latter, in particular, became the dominant technique

and remained the standard for over two decades. Sanger sequencing is based

on enzymatic chain termination during DNA synthesis: a DNA polymerase
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extends a primer using a mixture of normal deoxynucleotides (dNTPs) and

labeled dideoxynucleotides (ddNTPs), which lack the 3’-hydroxyl group re-

quired for elongation. Incorporation of a ddNTP irreversibly terminates the

nascent strand, generating fragments of varying length that all share a com-

mon primer.

The automation of this process in the 1980s and 1990s through fluores-

cent labeling, laser detection, and multi-capillary electrophoresis greatly im-

proved throughput and reproducibility, leading to the first large-scale genome

sequencing projects, including the Human Genome Project [28].

Sanger sequencing remains one of the most accurate technologies avail-

able, with per-base error rates below 0.01% and read lengths of up to 1000 bp.

However, it comes with several limitations involving throughput, scalability

and cost. Each reaction produces only a single read, and even multi-capillary

systems cannot achieve the throughput required for large-scale experimental

designs such as whole-genome sequencing (WGS) or whole-exome sequenc-

ing (WES), which today represent the most common applications of DNA

sequencing in research. Moreover, the cost per base is relatively high com-

pared to more recent technologies, restricting the feasibility of genome-wide

explorative analyses. For these reasons, Sanger sequencing usage is currently

mainly limited to validation purposes, where the goal is reaching extremely

high accuracy on one or few genomic positions.

1.2.2 Massively Parallel Sequencing

The advent of second-generation sequencing (also referred to as next-generation

sequencing, NGS) in the mid-2000s represented a turning point in the history

of genomics. These new platforms introduced the concept of massively paral-

lel sequencing, allowing to generate millions to billions of reads in a single run

and reducing the cost per base by several orders of magnitude. This shift

transformed DNA sequencing from a specialized, resource-intensive tech-

nique into a routine tool capable of supporting large-scale genomic projects

[29], [30].

NGS technologies all rely on a common principle: DNA is fragmented, lig-

ated to platform-specific adapters, and clonally amplified on a solid support

to generate spatially separated clusters of identical molecules. This amplifi-

cation step ensures that the signal produced during sequencing is detected

in parallel across the entire flow cell or plate.
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Different platforms implement this principle with distinct chemistries.

The Roche 454 system introduced pyrosequencing [31], in which nucleotide

incorporation triggers a cascade of enzymatic reactions producing light; al-

though capable of relatively long reads for its time, it suffers from miscalls

in homopolymeric regions. Illumina’s sequencing-by-synthesis [32] rapidly

became the dominant technology: fluorescently labeled reversible termina-

tors are incorporated one base at a time, imaged, and chemically cleaved

to allow the next cycle. This method enables highly accurate short reads,

typically 100-300 bp, with low error rates and remarkable scalability. Lastly,

the Applied Biosystems SOLiD platform adopted a sequencing-by-ligation

approach, interrogating dinucleotide combinations through a series of liga-

tion events, achieving very high accuracy at the cost of shorter reads and a

complex workflow.

The advantages of NGS technologies are substantial. They provide mas-

sive throughput, generating gigabases to terabases of sequence data per run,

enabling large-scale projects such as WGS, WES and RNA-seq, while also

ensuring high base accuracy (∼ 99.9%). Furthermore, the same platforms

can be adapted to several applications, including whole-genome and whole-

exome sequencing in large cohorts, transcriptome profiling through RNA-seq

and genome-wide regulatory mapping (ChIP-seq, ATAC-seq) [33]. These ap-

proaches profoundly reshaped the study of gene regulation, genome variabil-

ity, and disease mechanisms, laying the foundation for modern population

genomics and precision medicine.

Despite these transformative advances, NGS platforms remain inherently

constrained by their short read lengths. Reads of only few hundred base

pairs struggle to resolve long repetitive regions, span structural variants,

or reconstruct complex haplotypes, and amplification biases can introduce

uneven coverage or allele dropout [34]. Moreover, because standard NGS

workflows cannot directly detect DNA modifications or long-range chromatin

features, additional experimental steps are required to study methylation or

higher-order regulatory architecture [35].

Although part of these limitations have been overcome by the advent

of long-read and single-molecule sequencing technologies (discussed in the

following section), second-generation sequencing has remained the dominant

platform especially for clinical applications because of its high accuracy, re-

producibility and availability of standardized analysis workflows.
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1.2.3 Long-Read Sequencing

Third-generation sequencing (TGS) emerged in the 2010s to address the key

shortcomings of NGS: the inability to span complex genomic regions, assem-

ble genomes de novo with high contiguity, or detect epigenetic modifications

directly. In contrast to previous generations, TGS platforms sequence in-

dividual DNA or RNA molecules without prior amplification, in real time,

and with read lengths extending from tens to hundreds of kilobases. This

shift enables a comprehensive view of genomic architecture and long-range

interactions. The two leading TGS platforms are PacBio’s Single-Molecule

Real-Time (SMRT) sequencing and ONT’s nanopore sequencing.

SMRT sequencing is based on the use of zero-mode waveguides (ZMWs),

nanostructures that confine the observation volume to the zeptoliter scale.

Within each ZMW, a single DNA polymerase is immobilized at the bot-

tom of the chamber and continuously supplied with fluorescently labeled

nucleotides. Each of the four nucleotides carries a distinct dye attached

to its terminal phosphate group. When the polymerase incorporates a nu-

cleotide into the nascent DNA strand, the fluorophore remains transiently

associated with the active site, generating a base-specific fluorescent pulse

that is recorded in real time. Following incorporation, the labeled phos-

phate is cleaved and rapidly diffuses out of the detection zone, ensuring that

background fluorescence does not accumulate and allowing the process to

continue seamlessly. This continuous, real-time detection enables the gener-

ation of long reads, with average lengths exceeding 10−20 kb and maximum

reads surpassing 100 kb [36].

SMRT sequencing can operate in two main modes [37], which reflect a

trade-off between read length and accuracy. In the Continuous Long Read

(CLR) mode, the polymerase extends along a linear template, producing

uninterrupted reads that often exceed tens of kilobases. This configuration

is particularly powerful for de novo genome assembly and structural variant

discovery, as the extended read length allows coverage of repetitive regions

and complex rearrangements. However, because each nucleotide is read only

once, raw CLR data exhibit relatively high error rates, typically in the range

of 10− 15%, with errors dominated by false insertions and deletions. These

errors can be mitigated by increasing sequencing depth and applying con-

sensus correction across multiple reads, but they limit the direct application

of CLR data in contexts where per-base accuracy is critical.

The alternative configuration, known as Circular Consensus Sequencing
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(CCS) or High-Fidelity (HiFi), relies on the use of SMRTbell templates, in

which double-stranded DNA fragments are ligated to hairpin adapters to

create closed circular molecules [38]. When such a template is loaded into a

ZMW, the polymerase can traverse the circular molecule repeatedly, generat-

ing multiple subreads of the same DNA fragment within a single sequencing

run. These redundant readings are then computationally combined to pro-

duce a highly accurate consensus sequence, commonly referred to as a HiFi

read. HiFi reads typically reach accuracies above 99% while still maintaining

substantial lengths, often 10−15 kb, thereby combining the benefits of long-

read sequencing with the accuracy traditionally associated with short-read

technologies.

The choice between CLR and HiFi depends on the scientific question,

although HiFi is largely more used. CLR data maximize read length and

genome contiguity but require higher coverage and careful error correction,

whereas CCS data offer superior base-level accuracy, making them highly

suitable for applications such as variant detection, haplotype phasing, and

clinical genomics. Together, these two operational modes illustrate the flex-

ibility of SMRT sequencing in balancing throughput, read length, and accu-

racy to meet diverse research needs.

Nanopore sequencing represents a fundamentally distinct approach to

nucleic acid analysis, relying on the direct measurement of biophysical sig-

nals rather than synthesis or labeling chemistries [39], [40]. In this method,

individual DNA or RNA molecules are driven through nanoscopic pores em-

bedded in an artificial membrane under the influence of an applied voltage,

which serves a dual role: it establishes an ionic current across the mem-

brane, which provides the measurable signal, and it simultaneously exerts

an electrophoretic force on the negatively charged nucleic acid backbone,

thereby inducing its translocation through the pore. As the nucleic acid

traverses, the bases that occupy the pore at a given time partially obstruct

the ionic current flowing through it. Each combination of nucleotides gen-

erates a characteristic disruption in current intensity, producing a complex

signal that encodes the underlying sequence. These raw electrical traces are

subsequently decoded by computational basecalling algorithms, which apply

statistical modeling and, more recently, deep learning methods to translate

the current patterns into nucleotide sequences with base-level resolution.

A defining feature of nanopore sequencing is its ability to read a nucleic

acid molecule continuously from end to end. In practice, ONT platforms
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often produce reads of hundreds of kilobases and ultra-long reads of over

two megabases have been reported.

Additionally, ONT sequencing is very versatile thanks to the range of

available devices, from the portable MinION, designed for field-based ap-

plications, to high-throughput instruments such as the PromethION, which

can deliver hundreds of gigabases of sequence data in a single run.

The advantages of TGS are considerable. Long-read sequencing resolves

repetitive regions, segmental duplications, and structural variants that are

inaccessible to short-read technologies. It allows for accurate assembly of

complex genomes de novo, haplotype phasing across long distances, and the

comprehensive characterization of isoform diversity in transcriptomics. Fur-

thermore, the ability to interrogate nucleic acids in their native state offers

unique opportunities for integrative analyses of genome regulation, making

TGS particularly powerful in functional epigenomics. In clinical contexts,

the ability to detect structural rearrangements and long-range variants has

opened avenues in oncology, rare disease diagnosis, and infectious disease

surveillance [41].

However, TGS technologies also present several challenges. Early im-

plementations of both SMRT and nanopore sequencing exhibited raw error

rates in the range of 10− 15%, substantially higher than those of NGS. Al-

though the introduction of HiFi reads for PacBio and the rapid advances in

ONT sequencing chemistry and basecalling have markedly improved accu-

racy, long-read data still display greater variability than Illumina sequencing,

particularly in repetitive or homopolymeric regions. Throughput and cost

per base have steadily improved but remain higher than those of second-

generation platforms in many contexts. Nanopore sequencing further re-

lies on complex signal processing and machine learning-based basecalling,

whose performance depends strongly on the chemistry, pore design, and flow

cell quality, leading to variability in accuracy and yield across experiments.

PacBio SMRT sequencing, while capable of generating highly accurate HiFi

reads, is constrained by reduced read length in HiFi mode and requires sub-

stantial investment in specialized instrumentation. Despite the high base-

level accuracy achieved by PacBio HiFi reads, important limitations remain

for epigenomic and epitranscriptomic applications. In particular, although

recent methods for single-molecule methylation detection from CCS data

represent significant progress, reported accuracies remain below 85% [42],

[43]. Moreover, with the exception of a few specialized protocols [44], direct
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RNA sequencing is currently feasible only with nanopore technology.

In summary, third-generation sequencing represents a paradigm shift in

genomics, enabling single-molecule, long-read, and epigenetically informative

sequencing. While technical challenges remain, continuous improvements in

chemistry, instrumentation, and computational methods have made TGS

indispensable for applications where long-range genomic information is crit-

ical. Together with the scalability of second-generation technologies, TGS

platforms contribute to an increasingly diverse sequencing landscape that

is driving forward both fundamental research and clinical translation in the

omics era.



Chapter 2

Aim of the Thesis

TGS technologies have reshaped genomics by enabling the direct sequencing

of individual DNA or RNA molecules without PCR amplification. Plat-

forms such as ONT and PacBio generate long reads that can span entire

genes, transcripts, and structural variants, allowing the reconstruction of

genomic regions that are difficult or impossible to resolve with short-read

approaches. Beyond their extended read length, these technologies also en-

able the direct detection of nucleotide modifications, integrating structural,

epigenetic, and transcriptomic information within a single assay. As a re-

sult, long-read sequencing provides a unified framework for multiple layers

of genome regulation: from the accurate characterization of large structural

variants, to the profiling of DNA methylation without chemical conversion,

and the sequencing of native RNA molecules while preserving their modifi-

cations.

Despite the rapid technological progress and the unique advantages of-

fered by long-read sequencing, several technical and practical challenges still

limit its widespread adoption and have so far prevented it from replacing

NGS as the standard technology in most genomic applications. In clinical

and diagnostic settings, short-read sequencing remains the preferred method

due to its robustness, standardization and regulatory maturity.

From a technological standpoint, long-read platforms still exhibit higher

error rates than short-read technologies, although accuracy has improved

substantially in recent years, particularly for ONT-based approaches. This

intrinsic noise complicates the detection of small variants and the quanti-

tative analysis of DNA or RNA base modifications, especially in repetitive

13
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regions or in loci with limited coverage. Throughput and cost also remain

important considerations. PacBio sequencing is fundamentally constrained

by the fixed number of ZMWs available on each SMRT Cell, which limits

the total number of simultaneously observable polymerase complexes and

therefore the achievable yield. In contrast, ONT devices offer higher po-

tential throughput but suffer from substantial run-to-run variability, as the

number of active pores and their stability over time can vary widely across

experiments. These factors make sequencing output less predictable and can

complicate study design, especially for large cohorts.

From a computational perspective, the field is evolving rapidly, with an

increasing demand for robust, efficient, and interpretable algorithms designed

specifically for long-read data. Many existing tools originated as adaptations

of short-read methods, whose underlying assumptions do not always align

with the error profiles, read lengths, or signal characteristics of nanopore

and SMRT sequencing. Developing analytical frameworks that fully exploit

the unique properties of long-read technologies is therefore a key step toward

enabling their reliable use in research, diagnostics, and precision medicine.

Within this framework, the research presented in this thesis focuses on the

design and implementation of computational methods aimed at enhancing

the analysis and interpretation of long-read sequencing data across multiple

genomic and epigenomic applications.

The work conducted for this thesis is structured around three main re-

search directions, each addressing a distinct analytical challenge and lever-

aging the strengths of long-read sequencing:

1. Structural variant detection. I contributed to the development of

a novel computational method for the detection of structural variants

from nanopore sequencing data. The proposed approach integrates

read-level evidence with local assembly-based refinement, significantly

improving accuracy in breakpoint localization and reducing the rate of

false positives compared to widely used SV callers. This work demon-

strates how long-read information can be used not only to detect com-

plex rearrangements with higher confidence, but also to reconstruct

the precise architecture of variant haplotypes.

2. Differential DNA methylation detection. I developed an inno-

vative computational framework for the identification of differentially

methylated regions (DMRs) from nanopore sequencing data. The
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method, implemented in the PoreMeth2 package, introduces a bivariate

segmentation model that simultaneously analyzes changes in methyla-

tion frequency and in epiallelic entropy, enabling the distinction be-

tween DMRs generated by stochastic epigenetic drift and those arising

from clonal epiallelic selection. This approach provides a more compre-

hensive view of methylation dynamics, uncovering both the direction-

ality and the internal variability of methylation changes, and offering

new insights into the functional consequences of epigenetic remodeling.

3. Direct RNA sequencing and detection of RNA modifications.

Finally, I conducted a preliminary investigation into the signal pro-

cessing challenges associated with Nanopore Direct RNA sequencing.

Rather than developing a finalized detection workflow, this section of

the thesis presents an exploratory analysis focused on the stability of

raw signal extraction. By comparing basecaller-guided segmentation

against explicit signal re-alignment, I assessed the impact of differ-

ent alignment strategies on signal reproducibility. The observations

suggest that while re-alignment appears necessary to mitigate model-

dependent variability, read-guided alignment warrants further investi-

gation as a potential strategy for characterizing k-mer variance. These

initial findings offer a partial basis for future research into unsuper-

vised, control-free frameworks for epitranscriptomic analysis.

Collectively, this thesis aims to advance the computational maturity of

long-read sequencing technologies. By introducing novel algorithmic frame-

works for structural and epigenetic profiling, and by assessing emerging capa-

bilities in direct RNA analysis, this work strives to translate raw technologi-

cal potential into actionable biological insights. The overarching objective is

to facilitate the transition of long-read sequencing from a specialized research

tool to a cornerstone of routine genomic and diagnostic medicine.
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Chapter 3

Structural Variant detection

SV discovery represents one of the primary applications of long-

read sequencing, where the extended read length offers unique

advantages for resolving large and complex genomic rearrange-

ments. Despite significant progress, the accurate and comprehen-

sive detection of SVs from nanopore data remains a challeng-

ing task, due to high sequencing error rates, signal noise, and

the difficulty of distinguishing true events from alignment arti-

facts. In this chapter, we present GASOLINE, a novel computa-

tional method for SV detection from Oxford Nanopore sequencing

data. GASOLINE introduces an alternative clustering strategy

designed to improve breakpoint precision and reduce redundant

calls, while also providing a dedicated framework for identify-

ing somatic structural variants through comparative analysis of

matched sample pairs. 1

1This chapter has been published as ”GASOLINE: detecting germline and somatic

structural variants from long-reads data” in Scientific Reports, 2023 [45]

17
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3.1 Background

Structural Variants (SVs) are genomic alterations that involve segments of

DNA typically larger than 50 base pairs. They represent one of the most ex-

tensive and functionally significant forms of genomic variation, encompassing

diverse rearrangement types such as:

• Copy Number Alterations (CNAs), referring to the gain (dupli-

cation) or loss (deletion) of one or more copies of a genomic segment

or, in extreme cases, entire chromosomes (aneuploidies);

• Insertions, which introduce novel DNA sequences not present in the

reference genome, often originating from mobile elements, tandem re-

peats, or exogenous integrations;

• Inversions, where a DNA segment is excised and reinserted in reverse

orientation, potentially disrupting coding regions or altering the three-

dimensional chromatin context of regulatory elements;

• Translocations, involving the exchange of genomic material between

non-homologous chromosomes, which may be either balanced (with-

out net gain or loss of DNA) or unbalanced (leading to copy number

changes);

• Complex rearrangements, comprising multiple concurrent events

(e.g., chromothripsis, chromoplexy, templated insertions) that result

in highly rearranged and mosaic genome architectures.

Although SVs are a natural component of inter-individual genomic diver-

sity and contribute to adaptive evolution, their occurrence can have profound

pathological consequences. Depending on their type, size, and genomic lo-

cation, SVs may disrupt coding sequences, alter gene dosage, or perturb

long-range regulatory interactions. They have been implicated in a broad

spectrum of human diseases, including congenital malformations, neurode-

velopmental and neuropsychiatric disorders, and various cancers [46]–[49].

3.1.1 Cytogenetics and Hybridization-based techniques

The study of SVs has evolved alongside technological advances in genomics.

The earliest insights into large-scale chromosomal rearrangements arose from

classical cytogenetics: conventional karyotyping, based on Giemsa-stained

metaphase chromosomes, enabled the visualization of aneuploidies, translo-

cations, inversions, and large deletions or duplications. Despite being a

cornerstone of cytogenetics, this approach offers limited resolution (several
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megabases), requires cell culture, and fails to detect sub-microscopic rear-

rangements [50].

The advent of molecular cytogenetics provided more refined methods,

based on sequence hybridization, that improved the detection of CNVs down

to a resolution of tens of kilobases. Specifically, fluorescence in situ hybridiza-

tion (FISH) [51] partially overcame the limitations of standard karyotype

by employing fluorescently labeled DNA probes to complementary genomic

regions. FISH markedly improved sensitivity but remained locus-specific,

requiring prior knowledge of the target sequence and thus unsuitable for

genome-wide screening.

The development of microarray-based techniques, particularly chromoso-

mal microarray analysis (CMA) and array comparative genomic hybridiza-

tion (aCGH) [52], represented a substantial advancement. By hybridizing

differentially labeled test and reference DNA to genomic probe arrays, these

methods could detect CNVs at increasingly fine resolutions (down to tens

of kilobases in optimal conditions). However, they remained blind to bal-

anced SVs, such as inversions and translocations, and had limited breakpoint

precision.

3.1.2 NGS-based SV detection

The advent of NGS technologies marked a fundamental shift in SV discovery,

enabling genome-wide detection with nucleotide-level resolution. Unlike pre-

vious cytogenetic methods, NGS-based SV detection relies on three primary

computational approaches:

• Paired-end mapping: This strategy infers structural changes from

deviations in the expected alignment of forward and reverse read pairs,

specifically analyzing discrepancies in their mapping distance (insert

size) or relative orientation. It is versatile and can potentially detect

any type of SV.

• Split-read mapping: This approach aligns separate portions of a

single read to distinct genomic loci, allowing for the identification of

breakpoints with base-pair precision, which is particularly effective for

smaller events.

• Read-depth analysis: Also known as coverage-based methods, these

algorithms quantify local fluctuations in sequencing depth to identify

Copy Number Alterations (CNAs), such as deletions and duplications.
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While integrating these signals significantly expanded the dynamic range

of SV detection [53], the use of short-read sequencing imposes intrinsic lim-

itations on SV discovery. Primarily, the reconstruction of structural rear-

rangements is an indirect process inferred from mapping signatures rather

than directly observed in the data. Insertions larger than the read or frag-

ment length (typically 300-600 bp for paired-end sequencing) cannot be fully

captured, since they do not appear as continuous inserts within individual

reads. As a consequence, large novel insertions or mobile element inser-

tions are often invisible to short-read approaches, unless represented in the

reference genome or captured by assembly-based strategies.

Similarly, split-read mapping, which is essential for resolving breakpoints

at base-pair resolution, becomes unreliable in repetitive or low-mappability

regions. When reads are only 100-150 bases long, even small repeats or par-

alogous sequences can generate multiple equally valid alignments, preventing

the unique placement of split fragments and leading to ambiguous breakpoint

predictions. These limitations are exacerbated in regions rich in segmental

duplications or tandem repeats, where short reads fail to span the full extent

of the rearrangement.

As a result, short-read based methods often produce fragmented or in-

complete reconstructions of complex or nested structural variants, and are

biased toward the detection of deletions and small duplications. The in-

ability to directly observe rearrangements within single reads fundamentally

constrains the resolution and completeness of SV detection achievable with

short-read sequencing technologies. While these downsides can be partially

mitigated by assembly-based strategies, generating contiguous and correctly

phased haplotypes from short reads remains technically challenging, partic-

ularly in structurally complex regions, where assembly errors and gaps are

frequent.

3.1.3 TGS-based SV detection

The introduction of long-read sequencing, first through PacBio’s SMRT tech-

nology and later through ONT, profoundly changed this landscape. By gen-

erating reads spanning up to hundreds of thousands of base pairs, these plat-

forms enable direct observation of structural rearrangements, often within

single reads.

Studies leveraging PacBio data demonstrated that up to 80% of SVs

identified by long reads were missed by short-read approaches [2], [54], [55],
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underscoring the importance of read length for comprehensive variant dis-

covery. Long reads drastically enhance breakpoint precision, facilitate phas-

ing of compound variants, and allow characterization of repetitive or highly

polymorphic genomic regions previously inaccessible to NGS.

Despite these strengths, challenges remain in terms of per-base accu-

racy, computational costs, and the design of specialized algorithms able to

exploit the full potential of long-read data. The next section provides an

overview of existing computational methods for structural variant detection

from nanopore sequencing and introduces GASOLINE, a novel algorithm

designed to improve accuracy and reduce false positives in SV calling.

Figure 3.1: The figure represents standard approaches for SV detection from NGS

data, mainly categorized in assembly-based (D) and alignment-based (A, B, C),

which can be further subcategorized in read-depth based (A), read-pair based (B)

and split-read based (C). [50]
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3.2 State of the art

The advent of long-read sequencing technologies has profoundly transformed

SV discovery, enabling direct observation of large-scale genomic rearrange-

ments with a resolution that was previously unattainable with short-read

data. Over the past few years, a growing number of computational tools

have been developed to exploit the unique properties of long-read sequenc-

ing and capacity to span repetitive elements and complex breakpoints within

individual reads. Despite sharing the same goal, these methods differ sub-

stantially in their analytical strategies, the types of SVs they target, and

their computational performance [56].

Broadly, SV detection algorithms for long-read data can be grouped into

two main paradigms: alignment-based and assembly-based approaches (Fig-

ure 3.2, [57]).

Alignment-based methods rely on mapping individual reads to a reference

genome to identify characteristic mapping signatures indicative of structural

rearrangements. These include split alignments (where a read aligns to dis-

joint genomic loci), supplementary alignments, and significant soft-clipped

bases or intra-read gaps relative to the reference. Once such signatures are

collected, reads supporting the same event are clustered, and a consensus

SV call is generated. This approach is computationally efficient and scal-

able; however, its sensitivity relies heavily on the accuracy of the aligner and

may decline in highly repetitive regions or when resolving large insertions

that exceed the read length or are entirely absent from the reference.

Assembly-based methods, in contrast, reconstruct contiguous genomic

sequences (or contigs) from long reads, either through de novo or reference-

guided assembly, and subsequently align them to the reference to identify

structural divergences. This strategy is powerful for detecting large novel

insertions and resolving complex, nested rearrangements that are difficult to

infer from read alignments alone. However, it entails significant trade-offs.

Assembly is computationally intensive and typically requires high sequenc-

ing coverage to be reliable. Furthermore, while modern ”diploid-aware” as-

semblers strive to separate haplotypes, correctly phasing structural variants

across long genomic distances remains challenging without auxiliary data

(e.g., parental genomes or Hi-C), often leading to haplotype switching er-

rors or chimeric contigs. Crucially, assembly approaches generally aim to

reconstruct the dominant sequences in a sample, making them suboptimal
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for detecting low-frequency somatic variants in heterogeneous samples, such

as tumor tissues. In these contexts, identifying subclonal rearrangements

requires the sensitivity of read-level alignment approaches, which preserve

the information contained in individual molecules representing rare cell pop-

ulations.

Figure 3.2: Summary of the workflow of standard approaches for SV detection

from TGS aligned reads (left) and assembled contigs (rigth) [57].

To balance sensitivity and accuracy, some modern SV callers adopt a

hybrid strategy, combining alignment-derived signatures for initial detection
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with local reassembly or consensus refinement around candidate breakpoints.

This paradigm is implemented in several state-of-the-art tools for ONT and

PacBio data: Sniffles2 (which is also included in automated pipelines for

both technologies) [58], cuteSV [59] and SVIM [60] follow this paradigm and

are widely considered as standard methods for SV detection in ONT and

PacBio datasets.

However, these tools still face challenges in achieving consistent accuracy

across variant classes and sequencing conditions. Benchmark studies have

shown that even the best-performing algorithms can differ markedly in their

detection sensitivity, particularly for insertions, complex rearrangements, or

events in repetitive regions, and that their performance is often highly depen-

dent on the aligner used to map reads [61]. Moreover, breakpoint precision

remains an active area of improvement as the high error rates cause signature

coordinates from the same SV to be imprecise, often spanning even tens of

base pairs [62], [63].

Importantly, only a very limited number of existing tools provide dedi-

cated functionality for the detection of somatic structural variants. Among

those that do, most are not among the best-performing or most widely

adopted SV callers, often lacking the accuracy or robustness required for

reliable use in heterogeneous or cancer-derived samples. For instance, while

Sniffles2 implements a somatic mode, this function does not rely on direct

comparison between matched sample pairs (e.g., tumor versus normal), but

instead infers putative somatic variants from deviations in allelic fraction

within a single sample. As a result, it provides only an approximate esti-

mate of somatic events rather than a true pairwise comparison. The absence

of accurate and efficient algorithms specifically designed for long-read based

somatic SV discovery thus remains a major limitation in current computa-

tional genomics pipelines.

Within this evolving landscape, we developed GASOLINE to address

some of these outstanding challenges and specifically, to enhance the reso-

lution and reliability of SV detection while preserving information on allelic

composition. By combining robust clustering of split-read signatures with

localized sequence reconstruction, GASOLINE bridges the gap between raw

read evidence and the accurate structural representation of genomic rear-

rangements, ultimately extending the interpretive power of long-read se-

quencing in both research and clinical genomics.
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3.3 GASOLINE

Despite the remarkable progress in SV discovery enabled by long-read se-

quencing technologies, the accurate identification and characterization of

genomic rearrangements remain challenging. Current algorithms typically

rely on interpreting a combination of read alignment signatures to infer the

presence of structural changes and to delimit their breakpoints. While these

methods have greatly expanded our ability to interrogate genomic architec-

ture, their performance is still limited by several intrinsic factors, includ-

ing alignment errors, coverage heterogeneity, and the presence of repetitive

or low-mappability regions. These sources of uncertainty often result in

redundant or fragmented calls, low breakpoint precision, and poor agree-

ment among tools. Within this context, we developed GASOLINE (Ge-

nomic structural variant Assembly, Sensing and OverLap-based INferencE),

a computational framework designed to enhance the detection, clustering,

and classification of structural variants from ONT sequencing data.

Similarly to other alignment-based strategies, the rationale underlying

GASOLINE is that each long read aligned to a reference genome encodes

local signals of potential rearrangements, which can be extracted and sys-

tematically integrated across multiple reads. These signals are represented

as candidate breakpoints, derived from abrupt changes in alignment coordi-

nates, strand orientation, or mapping quality. Unlike conventional cluster-

ing strategies that rely on fixed genomic distance thresholds to group these

breakpoints, GASOLINE introduces a similarity metric called Normalized

Reciprocal Overlap (NRO), which quantifies the degree of overlap between

two genomic intervals in a scale-independent manner. This metric allows for

an adaptive grouping of breakpoints even in the presence of mapping im-

precision or read-to-read variability, a common issue in nanopore data. The

NRO between two intervals i and j is defined as:

NROij = 2 · Overlap

Li+ Lj
− NOi +NOj

NONorm

where:

• Li and Lj denote the lengths of the two intervals;

• Overlap the size of their intersection;

• NOi and NOj the size of the non-overlapping regions of i and j.
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The first term corresponds to the classical reciprocal overlap, capturing

the proportion of shared bases between the two intervals. The second term

is a correction factor that penalizes large discrepancies in size between inter-

vals, normalized by a constant parameter NOnorm, empirically determined

to balance the two contributions. This correction prevents the erroneous

clustering of regions that exhibit minimal overlap but substantial length dif-

ferences, a common issue in conventional reciprocal overlap schemes.

By combining both spatial proximity and size similarity, the NRO yields

a normalized score ranging from 0 (no correspondence) to 1 (perfect match),

enabling GASOLINE to achieve highly accurate and robust clustering of

breakpoint signals across reads. In contrast to widely used tools such as

Sniffles2, cuteSV, and SVIM, which employ standard distance-based rules or

heuristic clustering windows, the NRO metric inherently accounts for local

variability in breakpoint precision and alignment uncertainty. This design

improves the detection of variants in repetitive regions or areas of complex

genomic organization, where small shifts in alignment can otherwise lead

to multiple spurious calls representing the same event. During the cluster-

ing phase, GASOLINE merges intervals with an NRO above a user-defined

threshold (Thr, ideally between 0.6 and 0.7), ensuring that only spatially

coherent and well-supported signals are retained. This adaptive measure

replaces rigid coordinate-based distance rules, improving the sensitivity and

robustness of clustering across genomic contexts.

3.3.1 Workflow

The general workflow of GASOLINE proceeds through three main stages

(Figure 3.3).

1. In the first stage, reads are scanned to identify alignment patterns in-

dicative of structural variation: SV singnatures (gaps, soft-clipped seg-

ments and orientation switches) are extracted from the CIGAR string

in alignment files and interpreted as potential breakpoints. Each de-

tected signal is encoded in a standardized representation that retains

its genomic coordinates, event type, alignment score, and supporting

read. For each overlapping pair of signatures ij, NROij is calculated

and all NRO values are then used to build an adjacency matrix for

the whole signature group.
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2. The second step consist in NRO-based clustering, in which the adja-

cency matrix is used to build an undirected graph where each signature

is a node and edges are NRO values between node pairs, and only ex-

ist if NRO ≥ Thr. In the clustering step, GASOLINE employes the

Eppstein-Löffler-Strash algorithm [64] to select a subset of reads such

that every node is linked with all the others (fully connected nodes).

3. Lastly, each candidate variant is genotyped by means of a maximum-

likelihood Bayesian classification algorithm based on the fraction of

reads showing variant signatures [65].

Figure 3.3: The figure represents the workflow behind GASOLINE germline (pan-

els a, b) and somatic (panel c) SV calling.

3.3.2 Somatic SV calling

Another relevant advancement of GASOLINE with respect to other meth-

ods, is the possibility to identify somatic SVs from sample pairs. This is a

particularly challenging task especially in cancer genomes, as variants are

often subclonal with variable allelic fractions, and embedded in highly rear-

ranged genomic contexts. Traditional germline-oriented SV callers are not
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optimized for such conditions, as they generally assume uniform zygosity

and lack dedicated modules for paired-sample analysis.

The somatic module of GASOLINE addresses these limitations by lever-

aging the NRO metric to compare SV signatures detected in tumor and

matched-normal samples. Somatic SV discovery is performed by first apply-

ing the germline detection module to the tumor dataset (test), generating a

comprehensive list of candidate SV signatures. These clusters are then cross-

referenced with signatures extracted from the normal sample (control), and

their degree of overlap is quantified through the NRO: candidate events ex-

hibiting an NRO ≥ Thr are classified as shared between the two datasets

and are therefore filtered out, while those below the threshold are retained

as tumor-specific candidates.

Finally, the statistical significance of each putative somatic SV is evalu-

ated by comparing the relative abundance of supporting and reference reads

in the tumor and control samples through a Fisher’s exact test. Variants

with a p-value below the significance threshold are classified as bona fide

somatic events. This statistical filtering step allows the removal of spurious

candidates arising from sequencing noise or stochastic fluctuations in read

coverage, ensuring that only confidently tumor-specific rearrangements are

retained and therefore reducing false positive calls.

3.4 Results

3.4.1 Germline variants

To evaluate the accuracy and robustness of GASOLINE in the detection and

genotyping of germline SVs, we performed several tests on both synthetic

and real long-read datasets. These experiments were designed to assess the

method’s ability to detect all SV subtypes (deletions, insertions, inversions,

duplications, and translocations) across a wide range of sequencing coverages

and error conditions.

We first generated synthetic datasets using PBSIM2 [66], simulating long-

read data with average read length of ∼ 10 kb and a global accuracy of 90%,

therefore resembling the characteristics of both PacBio and ONT reads.

Reads were generated to produce different datasets with coverage ranging

from 5x to 30x. Deletions, insertions, duplications, inversions, and translo-

cations were simulated in both homozygous and heterozygous states, with
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sizes ranging from ∼ 50 bp to ∼ 5 kb by producing simulated reads using a

modified version of the hg19 reference genome (see Methods). Synthetic rads

were then aligned to the reference genome using two different read aligners

(minimap2 [67] and NGML [68]) to also evaluate the robustness of GASO-

LINE across different mapping strategies.

To investigate the influence of the NRO threshold on clustering perfor-

mance, GASOLINE was tested using different NRO cutoffs (0.5, 0.6, 0.7,

0.8, and 0.9), and precision and recall were computed following standard

definitions (see Figure 3.4). These analyses demonstrated that varying the

NRO threshold has only a marginal effect on overall performance. However,

optimal values depended on the alignment algorithm: NGMLR alignments

performed best with lower thresholds (0.5-0.7), while minimap2 alignments

achieved the best scores with higher thresholds (0.8-0.9), particularly for

deletions. These findings demonstrated that GASOLINE’s NRO-based clus-

tering procedure maintains stable accuracy across a broad range of parameter

settings.

We benchmarked GASOLINE (with a NRO threshold 0.8) against the

three aforementioned state-of-the-art SV callers, Sniffles2, cuteSV, and SVIM.

To this aim we employed real ONT and PacBio sequencing data of the well-

characterized NA24385 individual (Ashkenazi trio) released by the Genome

in a Bottle (GIAB) Consortium, for which a gold-standard set of high-

confidence germline insertions and deletions has been released [69]. However,

since other SV classes are not represented in this set, we complemented it

with synthetic inversions, duplications, and translocations simulated with

SURVIVOR [70] (see Methods). Both ONT and PacBio reads were down-

sampled to simulate coverage levels from 5x to 30x and aligned using both

minimap2 and NGMLR. We then compared GASOLINE’s performance with

that of Sniffles2, cuteSV, and SVIM by computing precision, recall, and F1-

score as a function of the number of supporting reads per variant and of SV

size.

Concerning simulated variants, across both ONT and PacBio data, GASO-

LINE and Sniffles2 consistently achieved the highest F1-scores, especially at

lower sequencing coverages (5-10x), indicating that its NRO-based clustering

can effectively group noisy and imprecise signatures derived from long-read

alignments (Figure 3.5, panels a-f). Increasing coverage beyond 15x resulted

in only marginal improvements, in agreement with previous reports that

long-read SV detection saturates in performance above this level [61].
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Figure 3.4: The figure shows the performance of GASOLINE with dfferent NRO

threshold values on synthetic data as a function of sequencing coverage. F1-scores

are shown for different SV classes (deletions, panels a-b; insertions, panels c-d;

duplications, panels e-f; translocations, panels g-h), different sequencing coverages

(5x, 10x, 15x, 20x, 25x, 30x) and different read aligners (minimap2, panels a, c, e,

g, i; NGMLR panels b, d, f, h, j). GASOLINE was tested for different NRO values

thresholds (0.5, 0.6, 0.7, 0.8, 0.9, see color legend).
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For large insertions and deletions (> 500 bp), all methods showed compa-

rable results. However, for small SVs (< 500 bp), GASOLINE significantly

outperformed all competitors, achieving the highest precision at compara-

ble recall across all coverages, sequencing technologies, and aligners. This

result highlights the effectiveness of the NRO-based clustering in discrimi-

nating true signatures from alignment noise in all ranges of SV sizes, while

standard RO is less effective for small-sized variants (Figure 3.5, panels g-j).

As a last evaluation, we examined the genotyping performance of GASO-

LINE by stratifying SVs into heterozygous and homozygous classes. As

observed for variant detection, for large variants all tools performed sim-

ilarly, while for small SVs, GASOLINE consistently achieved the highest

F1-measures across all datasets and coverage levels (Figure 3.5, panels k-n).

3.4.2 Somatic variants

To evaluate the ability of GASOLINE to identify somatic SVs, we first tested

the algorithm on a real cancer dataset with matched normal control. For this

purpose, we used the long-read sequencing data of the COLO829 melanoma

cell line and its corresponding normal counterpart COLO829BL, which rep-

resent one of the few publicly available benchmarks for somatic SV detection.

These datasets have been extensively characterized by multiple technologies,

including Illumina short reads, PacBio and ONT long reads, and Bionano

optical mapping, thus providing a reliable reference set of somatic rearrange-

ments [71].

Both COLO829 and COLO829BL ONT and PacBio reads, obtained from

EGA (see Methods), were aligned to the hg19 version of the human reference

genome using both minimap2 and NGMLR achieving a mean coverage of

approximately 60x for ONT and 50x for PacBio. We then performed somatic

variant calling with GASOLINE and compared the results with those of the

three tools used by Valle-Inclan et al. We observed that, by only retaining

statistically significant variants (with different p thresholds), we strongly

reduced the amount of false positive calls and increased precision (in the

range of 0.6-0.8 for different SV types) while only slightly reducing recall,

obtaining an overall better performance compared to the other state-of-the-

art methods (Figure 3.6, panels e-o).

More importantly, with a threshold of p < 0.001 GASOLINE identified
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Figure 3.5: Performance of GASOLINE benchmarked against the other three tools

for the detection of synthetic and real germline SVs. Panels a-f report F1-scores

obtained for the identification of simulated inversions (panels a, d), duplications

(panels b, e) and translocations (panels c, f) for both ONT (panels a-c) and PacBio

(panels d-e) synthetic reads aligned with minimap2. In panels (g–j) we report

precision and recall scores for each tool in the detection of insertions and deletions

from the NA24385 dataset. Results are reported separately for small (< 500 bp;

panels g, h) and large SVs (> 500 bp; panels i, j), from both ONT (panels g, i)

and PacBio (panels h, j) data as a function of number of supporting reads, with

precision and recall calculated including SVs with decreasing number of supporting

reads. Panels k-n display F1-scores obtained by the four tools for the genotype

assignment of small (panels k-l) and large SVs (panels m-n) with ONT (panels k,

m) and PacBio (panels l, n) datasets at different sequencing coverages.



3.4 Results 33

Figure 3.6: The figure shows the performance of GASOLINE in the identification

of synthetic and real somatic variants. Panels a-d display F1-scores obtained by

GASOLINE, Sniffles2, cuteSV and SVIM for the detection of small (< 500 bp,

panels a-b) and large (> 500 bp, panels c-d) insertions and deletions from ONT

(panels a, c) and PacBio (panels b, d) data. Panels e-o show F1-scores obtained

by the same tools in the detection of different SV subtypes (deletions, panels

e, j; insertions, panels f, l; duplications, panels g, m; inversions, panels h, n;

translocations, panels i, o) from ONT (panels e-i) and PacBio (panels j-o) data as

a function of p-value threshold used to filter out non significant variants (see color

legend).
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49 SVs of different types, 6 of which (1 deletion, 1 insertions, 1 duplication

and 3 inversions) were classified as false positive as they were not reported by

any of the other tools. However, we confirmed the somatic signatures with

visual inspection of aligned reads with Samplot [72], and the same signatures

were also supported by PacBio and NGS data for the same samples (Figure

3.7).

These results demonstrate the capability of GASOLINE to detect somatic

SVs with high sensitivity and precision, even in complex genomic contexts.

Nonetheless, despite the robustness of the COLO829 benchmark, it is impor-

tant to note that this dataset still presents some limitations mostly ascribed

to low representation of some SV types (e.g. only three insertions are re-

ported in the truth set) and sizes, as the majority of variants are over 50 kb.

For these reasons, we complemented the real data analysis with a controlled

evaluation based on simulated datasets.

To this end, we selected 330 variants (insertions and deletions of sizes in

the ranging from 50 bp to 5 kb) from the truth set for sample NA24385 and

splitted ONT and PacBio reads with and without variant signatures in two

separate alignment files to simulate somatic and germline samples respec-

tively. We obtained sequencing data of ∼ 30x for both ONT and PacBio,

which we aligned to the hg19 reference genome with both minimap2 and

NGMLR and subsampled to obtain coverages ranging from 5x to 30x. We

applied GASOLINE somatic mode on these synthetic sample pairs and com-

pared its performance with Sniffles2, cuteSV and SVIM, (we applied these

tools to each sample separately and only kept SVs with no supporting reads

in the control sample). For every sequencing coverage, p-value threshold,

aligner and variant size, GASOLINE performed better than the other meth-

ods which obtained higher amounts of false positive calls and therefore lower

precision (Figure 3.6, panels a-d).

Taken together, these results demonstrate that GASOLINE enables ac-

curate detection of somatic SVs from long-read sequencing data, achieving

reliable performance across different sequencing technologies, coverage lev-

els, and variant classes. By integrating read-level clustering, statistical test-

ing, and matched-sample comparison, the method provides a robust and

reproducible framework for the identification of tumor-specific structural re-

arrangements, even in heterogeneous or subclonal cancer genomes.
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Figure 3.7: The figure shows alignment tracks overlapping one somatic deletion in

the COLO829 dataset identified by GASOLINE and uncalled by other tools. The

samplots show sequencing reads from ONT, PacBio and Illumina for COLO829

and COLO829BL, which support a somatic, subclonal loss of coverage missed by

other methods.
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3.5 Materials and Methods

3.5.1 Simulation of synthetic datasets with PBSIM2

We generated synthetic long-read sequencing datasets using PBSIM2, a sim-

ulator that generates reads by randomly sampling from a reference sequence

and introducing substitutions, insertions, and deletions with a user-defined

frequency to mimic long-read data error rates, while also allowing control

over the read length distribution and total sequencing coverage.

We simulated datasets with an average length of 10 kb and error rate

of 10% to replicate the characteristics of ONT and PacBio reads, with total

coverages ranging from 5x to 30x (specifically 5x, 10x, 15x, 20x, 25x, and

30x). All major SV subtypes (deletions, insertions, duplications, inversions,

and translocations) were simulated in both homozygous and heterozygous

states. To this end, we modified a 5 Mb region of chromosome 1 of the

hg19 reference genome (coordinates 1:5,000,001–10,000,000) by introducing

variants deletions, insertions, duplications and inversions of increasing size,

ranging from 50 b to 5 kb (50, 100, 200, 300, 400, 500, 1000, 2000, 3000,

4000, and 5000 b).

Translocations were simulated by generating two distinct reference se-

quences from chromosome 1 (regions 1:5,000,001–10,000,000 and 1:10,000,001–15,000,000)

and applying PBSIM2 to both. All simulated reads were aligned to the cor-

responding 5 Mb reference using two long-read mappers, minimap2 and

NGMLR.

To extend the benchmarking to more complex rearrangements, we addi-

tionally simulated 3000 rearrangements (inversions, duplications, and translo-

cations) in the 500 b - 30 kb range with SURVIVOR [70] by creating a

modified reference genome. Synthetic ONT and PacBio reads were then

produced from both the modified and unmodified reference genomes at se-

quencing depths of 2.5x, 5x, 7.5x, 10x, 12.5x, and 15x using PBSIM2. To

simulate heterozygosity, reads from the modified and unmodified genomes

were mixed prior to alignment with minimap2 and NGMLR.

3.5.2 Comparison with existing SV detection tools

For germline variant analyses, Sniffles2 and SVIM were used with their de-

fault settings, while cuteSV was run with the parameters recommended by

the developers for ONT data :
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(--max cluster bias INS=100, --diff ratio merging INS=0.3,

--max cluster bias DEL=100, --diff ratio merging DEL=0.3)

and for PacBio data

(--max cluster bias INS=100, --diff ratio merging INS=0.3,

--max cluster bias DEL=200, --diff ratio merging DEL=0.5).

Somatic variant calling was performed on paired test-control datasets by

running each tool independently on both samples and removing all SVs that

showed support in the control. The presence of supporting signatures was

evaluated using a reciprocal overlap greater than 0.5.

Precision (or Positive Predictive Value), recall (or True Positive Rate),

and F1-score were computed as follows:

• Precision = TP
TP+FP

• Recall = TP
TP+FN

• F1 = 2× Precision×Recall
Precision+Recall

where TP, FP, and FN indicate true positives, false positives, and false

negatives, respectively. Results were further stratified by variant size (< 500

b and > 500 b) and/or genotype (heterozygous vs. homozygous). An SV was

considered a true positive when its reciprocal overlap with a validated event

was ≥ 50%. In the somatic context, statistical significance was evaluated

using Fisher’s exact test.

3.5.3 NA24385 dataset (GIAB)

Long-read sequencing data for the Ashkenazim individual NA24385 were re-

trieved from the Genome in a Bottle (GIAB) repository (https://ftp-trace.

ncbi.nlm.nih.gov/giab/ftp/data/AshkenazimTrio/HG002_NA24385_son/).

ONT reads (FASTQ format) and PacBio reads (FASTA format) were aligned

to the hg19 human reference genome with minimap2 and NGMLR and down-

sampled with seqtk (https://github.com/lh3/seqtk) to generate 5x, 10x,

15x, 20x, 25x, and 30x subsets.

The GIAB consortium provided a high-confidence benchmark of germline

SVs for NA24385, integrating results from short-, linked-, and long-read se-

quencing together with optical mapping. This reference callset comprises

12,745 variants, including 7,281 insertions and 5,464 deletions. The val-

idated dataset was downloaded from https://ftp-trace.ncbi.nlm.nih.

https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/AshkenazimTrio/HG002_NA24385_son/
https://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/AshkenazimTrio/HG002_NA24385_son/
https://github.com/lh3/seqtk
https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/AshkenazimTrio/analysis/NIST_SVs_Integration_v0.6/
https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/AshkenazimTrio/analysis/NIST_SVs_Integration_v0.6/
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gov/ReferenceSamples/giab/data/AshkenazimTrio/analysis/NIST_SVs_

Integration_v0.6/.

3.5.4 COLO829 dataset

The COLO829 melanoma cell line and its matched normal counterpart COLO829BL

were used to assess GASOLINE’s capability to detect somatic SVs. Both

lines were previously characterized by Valle-Inclan et al. using a combina-

tion of Illumina HiSeq XTen, ONT, PacBio, 10x Genomics, and Bionano

optical mapping. From these multi-technology data, a validated somatic SV

truth set was compiled, including 68 high-confidence events (38 deletions, 3

insertions, 7 duplications, 7 inversions, and 13 translocations), available at

https://doi.org/10.5281/zenodo.3988185.

Whole-genome sequencing data for COLO829 and COLO829BL were

downloaded from EGA project PRJEB27698 (https://www.ebi.ac.uk/ena/

browser/view/PRJEB27698). ONT and PacBio reads (FASTQ format) were

aligned to the hg19 reference genome using minimap2, obtaining mean cov-

erages of approximately 60x and 50x, respectively.

3.6 Conclusions

The work presented in this chapter describes the development and valida-

tion of GASOLINE, a novel computational tool for the identification of SVs

from long-read sequencing data. The motivation behind GASOLINE arises

from the limitations that still affect gold-standard approaches for this task:

existing algorithms often struggle to achieve high accuracy and breakpoint

precision across different SV classes, particularly in the presence of sequenc-

ing noise, alignment uncertainty, or low coverage conditions. Our approach

introduces a refined clustering framework based on the concept of NRO,

designed to improve the grouping of SV signatures and reduce both frag-

mentation and redundancy in variant detection.

A first extensive validation was carried out using synthetic datasets for

all major SV classes over a wide range of sizes (50 bp - 5 kb) and sequenc-

ing depths (5x-30x), under both homozygous and heterozygous conditions.

The results demonstrated that GASOLINE maintains stable performance

across coverage levels and sequencing technologies, showing particularly high

precision in clustering true variant signatures, even in noisy or low-depth

https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/AshkenazimTrio/analysis/NIST_SVs_Integration_v0.6/
https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/AshkenazimTrio/analysis/NIST_SVs_Integration_v0.6/
https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/AshkenazimTrio/analysis/NIST_SVs_Integration_v0.6/
https://doi.org/10.5281/zenodo.3988185
https://www.ebi.ac.uk/ena/browser/view/PRJEB27698
https://www.ebi.ac.uk/ena/browser/view/PRJEB27698
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datasets. When benchmarked against state-of-the-art SV callers such as

Sniffles2, cuteSV, and SVIM, our tool achieved comparable or superior per-

formance, especially for inversions, duplications, and translocations, variants

that are tipically difficult to resolve. These findings support the robustness

of the NRO-based clustering strategy as a general approach for long-read SV

discovery.

The analysis of real data further confirmed the potential of GASOLINE.

Using the well-characterized GIAB dataset for the NA24385 sample, we

demonstrated that our method accurately identifies germline insertions and

deletions across a broad spectrum of variant sizes, achieving the highest F1-

scores for smaller events (< 500 bp), where alignment ambiguity and read

errors typically have a stronger impact. Importantly, these results were con-

sistent across both ONT and PacBio data and independent of the aligner

used, highlighting the general applicability of the algorithm.

Beyond germline analysis, GASOLINE was designed to handle the de-

tection of somatic variants from matched sample pairs a feature rarely avail-

able in existing long-read SV callers. In cancer genomics and other mosaic

contexts, somatic SV detection requires distinguishing true tumor-specific

rearrangements from germline background events. To this end, GASOLINE

first applies the germline detection module to the tumor (or test) sample and

then searches for corresponding signatures in the matched normal sample,

quantifying their similarity through the NRO metric. SVs lacking support

in the control are statistically tested using Fisher’s exact test to assess the

significance of the imbalance in supporting reads between the two conditions.

This framework provides a principled way to identify somatic rearrangements

while accounting for sequencing depth and allelic fraction.

We assessed this functionality using the COLO829 melanoma cell-line

dataset and its normal counterpart COLO829BL, a gold-standard resource

for somatic SV benchmarking. GASOLINE accurately recovered the ma-

jority of validated somatic events, demonstrating high concordance with the

established truth set and confirming its suitability for complex genomic sam-

ples such as tumors. The method also detected additional rearrangements

supported by ONT reads but absent from short-read or optical mapping

callsets, reflecting the increased sensitivity of long-read sequencing for low-

frequency or repetitive-region variants.

Taken together, these results highlight the versatility and reliability of

GASOLINE as a tool for comprehensive SV discovery from long-read se-



40 Structural Variant detection

quencing data. The introduction of the NRO-based clustering approach sub-

stantially improves the consistency and precision of variant detection, par-

ticularly for complex and heterogenous genomic rearrangements. Moreover,

the integration of a dedicated somatic-calling module extends its applicabil-

ity beyond germline genomics, enabling the exploration of tumor evolution,

mosaicism, and other dynamic genomic processes.

3.6.1 Future developments

After publication, we have been working on additional functionalities and

performance improvements for GASOLINE. Specifically, we are evaluating

modifications to the clustering algorithm in order to concurrently analyze

signatures for different SV types and improve accuracy in highly rearranged

or complex regions, which are often uncalled with standard approaches.

Moreover, we integrated an annotation module that enables the direct

identification of genes affected by each structural variant, thereby facilitating

the evaluation of their potential functional impact. Specifically, for each

SV, the annotation reports genes involved in copy number gains, losses, or

truncations, and provides a pathogenicity score derived from the ACMG

guideline criteria.



Chapter 4

Differential Methylation

detection

DNA methylation is a dynamic regulator of genome function, yet

standard analytical frameworks often reduce this complex land-

scape to simple average methylation levels (β-values), thereby dis-

carding the rich information contained in cell-to-cell variability.

Nanopore sequencing, by detecting methylation states along single

native DNA molecules, offers the unique opportunity to resolve

epialleles. In this chapter we describe PoreMeth2, our novel com-

putational method specifically designed for the detection of Differ-

entially Methylated Regions between evolutionarily related sample

pairs, such as longitudinal time-points or matched healthy-cancer

tissues. Unlike conventional tools that rely solely on mean methy-

lation differences, PoreMeth2 introduces a bivariate segmenta-

tion approach that simultaneously integrates changes in methyla-

tion frequency (∆β) with changes in differential epiallelic entropy

(∆S). By coupling these two dimensions, PoreMeth2 can pro-

vide a deeper, mechanistic understanding of epigenetic variation,

revealing regulatory dynamics that remain invisible to standard

univariate analyses. 1

1This chapter has been published as ”PoreMeth2 for decoding the evolution of methy-

lome alterations with nanopore sequencing” in Genome Research, 2025 [73]

41
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4.1 Background

The study of DNA methylation has been a central focus of epigenetics for

several decades, given its pivotal role in regulating gene expression, main-

taining genome integrity, and driving both physiological and pathological

processes.

4.1.1 Early assays for methylation detection

Historically, the first experimental strategies to investigate DNA methylation

patterns were based on the use of methylation-sensitive restriction enzymes

(MSREs), which enabled indirect detection of methylated cytosines at spe-

cific recognition sites. Enzymes such as HpaII and MspI, which recognize

the same palindromic sequence (CCGG) but differ in their sensitivity to

methylation, were widely employed to assess the methylation status of dis-

crete genomic regions. In these assays, genomic DNA is digested with one

or both enzymes and analyzed via Southern blot or PCR amplification to

infer methylation at the enzyme’s recognition sites [74], [75]. The differential

cleavage patterns provided the first functional readout of methylation vari-

ability between samples. While these early approaches laid the foundation

for epigenetic analysis, they were inherently limited by their restriction-site

dependence, confining methylation profiling to a small subset of CpGs within

enzyme recognition motifs and preventing genome-wide characterization.

To expand upon these locus-specific methods, several hybrid strategies

were later developed to combine restriction enzyme digestion with higher-

throughput detection technologies. Methylation-sensitive amplified polymor-

phism (MSAP) and methylation-sensitive restriction fingerprinting (MSRF),

for instance, enabled the analysis of methylation polymorphisms across hun-

dreds of loci by coupling restriction digestion to PCR and gel electrophoresis.

More recently, methylation-sensitive restriction enzyme sequencing (MRE-

seq) adapted this principle to next-generation sequencing (NGS) platforms,

allowing genome-wide profiling of unmethylated CpG sites. In MRE-seq,

DNA is digested with a panel of methylation-sensitive restriction enzymes,

and the resulting fragments are sequenced to identify hypomethylated regions

with base-pair precision [76]. However, even this advancement remained in-

herently biased toward enzyme recognition sites and could not detect fully

methylated or non-CpG methylated regions, thus providing an incomplete
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picture of the methylome.

In parallel, antibody- or affinity-based enrichment methods emerged as

alternative strategies for global methylation profiling. Techniques such as

methylated DNA immunoprecipitation (MeDIP) and methyl-CpG binding

domain-based capture (MBD-seq) exploit the ability of antibodies or methyl-

binding proteins to selectively bind methylated DNA fragments, which are

subsequently purified and analyzed by microarray or sequencing [77], [78].

These methods offered the first truly genome-wide view of methylation land-

scapes, but their resolution was constrained by fragment size (typically 100-

500 bp) and by the semi-quantitative nature of enrichment signals, which

precluded precise estimation of methylation levels at single CpG resolution.

Moreover, enrichment-based approaches exhibit preferential capture of CpG-

rich regions, thereby underrepresenting sparsely methylated or non-CpG con-

texts.

Collectively, these early enzymatic and affinity-based techniques repre-

sented critical milestones in the evolution of epigenomic research. They

transformed DNA methylation from a locus-specific curiosity into a genome-

wide phenomenon, setting the stage for the advent of bisulfite conversion-

based technologies that would later enable single-base resolution and quan-

titative methylation profiling across entire genomes.

4.1.2 Bisulfite-based methylation sequencing

The advent of bisulfite sequencing in the 1990s represented a transformative

step, allowing single-base resolution analysis of DNA methylation. Sodium

bisulfite treatment converts unmethylated cytosines into uracil while leaving

methylated cytosines unchanged; after PCR and sequencing these uracils are

read as thymine, allowing direct inference of methylation at single cytosines

[79]. This technique laid the foundation for gold-standard methods such

as whole-genome bisulfite sequencing (WGBS) and reduced representation

bisulfite sequencing (RRBS), which have been extensively applied to profile

DNA methylation across diverse biological systems.

WGBS applies bisulfite conversion to fragmented genomic DNA followed

by high-throughput sequencing, yielding genome-wide, base-level methyla-

tion maps. The approach provides the most comprehensive and unbiased

methylome profiles possible with bisulfite chemistry and was instrumental

in revealing previously unappreciated features of mammalian methylomes,
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including extensive cell-type specific patterns and non-CpG methylation in

embryonic stem cells [80].

RRBS was developed as a cost-effective compromise that enriches for

CpG-dense regions while retaining base resolution. RRBS uses methylation-

insensitive restriction enzymes (commonly MspI) and size selection to gen-

erate a reproducible subset of the genome highly enriched for promoters and

CpG islands; these fragments are then treated with bisulfite conversion and

sequencing. RRBS interrogates only a fraction of all CpGs (typically focused

on promoters, CpG islands and other CpG-rich elements), but at a markedly

reduced sequencing cost compared to WGBS, making it an attractive option

for studies where promoter-centric methylation is of primary interest [81].

Despite their widespread use, bisulfite-based methods suffer from several

drawbacks, including harsh chemical treatment leading to DNA degradation

[82], high sequencing costs due to the need for deep coverage [83], and the

inability to distinguish between different cytosine modifications, such as 5-

methylcytosine and 5-hydroxymethylcytosine [84].

4.1.3 Methylation Arrays

In parallel, array-based platforms such as Illumina Infinium arrays and EPIC

arrays offered a cost-effective alternative for large-scale methylation stud-

ies, enabling standardized, high-throughput interrogation of hundreds of

thousands of CpG sites across the genome, and became widely adopted in

population-scale and clinical studies.

The Infinium technology is based on site-specific hybridization of bisulfite-

converted DNA to oligonucleotide probes immobilized on microscopic beads.

Each probe is designed to target a single CpG site and to discriminate

between the methylated and unmethylated forms of the cytosine through

single-base extension and fluorescent labeling. In the most widely used de-

signs, two distinct probe architectures are implemented: Infinium I, which

uses two separate probes per CpG site (one recognizing the methylated and

one the unmethylated sequence), and Infinium II, which relies on a single

probe and differentiates methylation states by color-channel detection after

a single-base extension step. These two probe architectures allow precise

quantification of methylation levels, expressed as a β-value ranging from 0

(fully unmethylated) to 1 (fully methylated) [85].
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The first commercial version of the array, the Infinium HumanMethyla-

tion27 BeadChip, quantified approximately 27,000 CpG sites mainly located

in promoter-associated CpG islands of ∼ 14,000 genes [86]. Its successor,

the HumanMethylation450 BeadChip, released in 2011, expanded coverage

to over 485,000 CpG sites, including promoter, gene body, intergenic, and

enhancer-associated loci [85]. The platform was later upgraded to the In-

finium MethylationEPIC BeadChip (EPIC v1), covering over 850,000 CpGs

by incorporating enhancer elements identified in the ENCODE and FAN-

TOM5 projects [87]. Recently, the newest iteration, the EPIC v2 array, has

further extended this coverage to over 935,000 CpG sites, improving the rep-

resentation of distal regulatory regions and addressing technical dropouts

present in earlier designs noguera2023validation.

The strengths of array-based methylation assays lie in their high repro-

ducibility, low per-sample cost, and compatibility with degraded DNA, such

as that derived from formalin-fixed paraffin-embedded (FFPE) clinical sam-

ples. However, the probe-based nature of arrays introduces certain limi-

tations. Coverage is inherently restricted to the CpG sites represented on

the chip, which, despite being genome-wide in distribution, cover less than

3-5% of all CpGs in the human genome. Moreover, probe cross-reactivity,

polymorphisms within probe-binding regions, and sequence context effects

can lead to spurious signals or reduced accuracy, particularly in repetitive

regions or CpG-poor contexts. Furthermore, because they rely on bisulfite

conversion, arrays share the same chemical limitations as sequencing-based

bisulfite methods.

4.1.4 Direct long-read sequencing

More recently, the advent of long-read sequencing technologies has funda-

mentally transformed the field of epigenetic analysis by enabling the direct

detection of base modifications from native DNA without chemical conver-

sion or amplification. As described in section 1.2.3, these platforms read

individual DNA molecules in real time, capturing not only the sequence in-

formation but also modification-dependent signals (ionic current shifts in

ONT sequencing or altered interpulse durations in PacBio’s SMRT sequenc-

ing). As a result, methylation and other epigenetic modifications can be

profiled simultaneously with nucleotide sequences on the same molecule [88],

[89].
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The ability to analyze native, unamplified DNA confers several major

advantages over bisulfite-based methods. First, the chemical integrity of

DNA is preserved, avoiding the degradation and coverage bias introduced by

bisulfite treatment, which is particularly detrimental in GC-rich or repetitive

regions. Second, long continuous reads, often exceeding tens or hundreds of

kilobases, enable the direct measurement of methylation patterns across large

genomic domains, spanning entire promoters, enhancers, or even complete

gene loci. This continuity allows to study the relationship between neigh-

boring CpGs along the same molecule, and facilitates the reconstruction of

haplotype-resolved methylomes [90].

Furthermore, the single-molecule nature of long-read data provides access

to epiallelic heterogeneity, allowing the identification of mixed methylation

states that reflect underlying clonal diversity or subpopulation-specific reg-

ulation, features that are averaged out in conventional short-read or array-

based approaches. This capability is particularly relevant in complex sys-

tems such as tumors, where the coexistence of genetically and epigenetically

distinct subclones underlies disease progression and treatment resistance.

From a technical standpoint, long-read platforms also expand the range of

detectable base modifications. Unlike bisulfite conversion, which confounds

5-methylcytosine (5mC) with 5-hydroxymethylcytosine (5hmC), signal-based

detection preserves the native chemical identity of the base and can, in prin-

ciple, distinguish multiple cytosine and adenine modifications (e.g., 5mC,

5hmC, 6mA) when appropriate machine-learning models are applied to the

raw signal [88].

Finally, despite the tipically higher error rates with respect to short-read

sequencing technologies, continuous advances in sequencing chemistry and

basecalling algorithms have progressively enhanced the quantitative accu-

racy and throughput of methylation detection, making it feasible to perform

whole-genome methylation profiling at population or clinical scale. These

developments have positioned long-read sequencing as the most comprehen-

sive approach currently available for the integrated characterization of the

epigenome.

4.2 State of the art

One of the main goals of DNA methylation analysis is the identification

of differentially methylated regions (DMRs), contiguous genomic segments
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Table 4.1: Summary of the main currently used methods for DNA methyla-

tion profiling
Method Principle Strengths Limitations

Bisulfite sequencing

(WGBS, RRBS)

Sodium bisulfite converts

unmethylated cytosines to

uracil; sequencing reveals

methylation status at

single-base resolution

Base-pair resolution,

genome-wide profiling

DNA degradation, high

sequencing cost, inabil-

ity to distinguish 5mC vs

5hmC

Microarrays (e.g.

450K, EPIC)

Hybridization of bisulfite-

treated DNA to arrays

with CpG-specific probes

High-throughput, cost-

effective, standardized

platforms

Limited to predefined

CpG sites, incomplete

genome coverage

Long-read sequenc-

ing (PacBio, ONT)

Direct detection of base

modifications in native

DNA molecules during se-

quencing

Single-molecule reso-

lution, allele-specific

methylation, long-range

phasing, no chemical

conversion needed

Higher error rates, special-

ized computational tools

required, still costlier than

arrays

that exhibit significant differences in methylation levels between two biolog-

ical conditions. These regions may serve as molecular signatures of altered

epigenetic regulation, often reflecting changes in gene expression, chromatin

accessibility, or broader cellular states. DMR analysis thus represents a

cornerstone in both fundamental and translational epigenomics, providing

insights into mechanisms of development, differentiation, environmental re-

sponse, and disease pathogenesis.

In nanopore sequencing, methylation is directly inferred from devia-

tions in the ionic current signal produced as DNA translocates through the

nanopore. Several tools such as Nanopolish [91], Tombo [92], DeepSignal [93]

in addition to ONT proprietary tools such as Guppy and the more recent

Dorado implement statistical or machine learning models to convert these

current deviations into per-read base modification calls (typically reported

in BAM or BEDMethyl format). These programs therefore represent the

first analytical step in Nanopore-based methylation workflows, producing

base-level estimates of methylation probability or frequency at CpG sites.

In PacBio SMRT sequencing, methylation is detected by monitoring the

kinetics of the DNA polymerase during single-molecule real-time synthe-

sis. The presence of epigenetic marks, such as 5-methylcytosine (5mC),

induces characteristic pauses or delays in the enzyme’s translocation speed,

primarily measurable as alterations in the Interpulse Duration (IPD)—the

time interval between consecutive fluorescent pulses. To decode these ki-

netic signatures, specialized tools such as Primrose [42] and Jasmine, as well
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as open-source alternatives like ccsmeth [43], employ deep learning mod-

els trained on HiFi reads. These algorithms generate per-read methylation

probabilities that are embedded directly within the sequence alignment files,

thereby providing the foundational single-molecule epigenetic data required

for downstream DMR analysis.

However, few methods for the identification of DMRs from long read data

have been developed, and they are mainly adaptations of algorithms designed

for short-read sequencing data. For instance, NanoMethPhase [94] includes

a function for DMR detection that is a wrapper of the short-read based

DSS library [95]. Other methods newly developed for nanopore sequencing

data include the Modkit (https://github.com/nanoporetech/modkit) DMR

function and PycoMeth’s [96] Meth Comp, which however simply compare

methylation frequency levels across samples without taking long range epi-

allelic information into account. Moreover, PycoMeth reports differential

methylation frequency on user-provided query regions, rather than at whole

genome level, and it does not include segmentation steps for DMR identifi-

cation, while Modkit provides Hidden Markov Model (HMM) based segmen-

tation.

Similarly, the library PoreMeth released by our laboratory in 2023 [97]

performs differential methylation frequency segmentation by means of a

Shifting Level Model (SLM) [98]. One of the main motivations behind this

development was the recognition that long-read methylation data exhibit

a markedly different CpG organization compared to short-read bisulfite se-

quencing datasets. In conventional WGBS, CpG sites are densely sampled,

and DMRs are typically detected as contiguous stretches of CpGs displaying

consistent methylation shifts, obtained through segmentation of ∆β values

along spatially ordered cytosines.

However, this assumption does not hold for long-read data, which natu-

rally encompass extended genomic intervals with very few CpG sites, inter-

spersed with short CpG-rich regions such as CGIs. Methods developed for

WGBS thus tend to over-segment sparse regions or miss extended low-density

DMRs, leading to an inaccurate representation of methylation changes in

long-read datasets.

The SLM implemented in PoreMeth explicitly incorporates inter-CpG

genomic distances into its likelihood formulation. By doing so, the model

dynamically adapts to local CpG density, merging sparse CpG signals into

coherent regions when appropriate and maintaining fine-scale resolution in



4.3 Results 49

CpG-rich contexts. This distance-aware formulation provides a more faithful

reconstruction of the methylation landscape captured by long reads, effec-

tively extending DMR detection to genomic territories that were previously

inaccessible to short-read methods.

Despite these improvements, PoreMeth (as most existing tools) was pri-

marily focused on differences in methylation frequency (∆β) between exper-

imental conditions, without explicitly accounting for other sources of epige-

netic variability that can be captured through long-read sequencing. In par-

ticular, it did not model within-sample heterogeneity or epiallelic diversity,

which may provide complementary insights into the regulatory and clonal

dynamics underlying methylation changes.

To address these aspects, we developed PoreMeth2 [73], an extension of

the original framework that incorporates methylation entropy (S) as an ad-

ditional parameter alongside methylation frequency. This quantity reflects

the degree of variability in methylation states among individual reads within

a region and can therefore capture alterations in the distribution and orga-

nization of epialleles, rather than only in their mean methylation levels. In

PoreMeth2, these two complementary dimensions are integrated within a Bi-

variate Shifting Level Model (BiSLM), which allows the joint segmentation

of ∆β and ∆S signals across the genome.

4.3 Results

4.3.1 Methylation Entropy

Classical frequency-based approaches reduce methylation to a proportion

(the fraction of methylated CpGs within a genomic region), and they im-

plicitly assume that all reads contribute equally to this average and that the

underlying population is uniform. For instance, for a region with β = 0.8,

such a value may arise from two entirely different scenarios: one in which each

molecule is approximately 80% methylated, and another in which half the

molecules are completely methylated and the other half completely unmethy-

lated. Both yield the same mean frequency but correspond to profoundly

different biological states (one homogeneous, the other heterogeneous).

The central innovation introduced by PoreMeth2 is the explicit integra-

tion of methylation entropy as a quantitative descriptor of epigenetic hetero-

geneity. The concept of entropy originates from information theory, where it
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represents a measure of uncertainty or disorder within a system. Applied to

DNA methylation, it quantifies the diversity of methylation states observed

across single molecules (and therefore different cells in the sequenced sam-

ple) in a given genomic region. Intuitively, entropy captures how variable

or consistent the methylation landscape is across the population of DNA

molecules sequenced.

Formally, methylation entropy (S) for a region can be computed using

Shannon’s definition [99]:

S =
e

b

∑
(−ni

N
Log

ni

N
) (4.1)

where:

• N is the number of reads covering the region;

• ni represents the probability of observing a specific epiallelic pattern

(i.e., a unique binary configuration of methylated and unmethylated

sites along a read) among all reads covering that region;

• e is entropy for code bit;

• b is the number of CpGs in the region.

For the computation of methylation entropy, a sliding window approach

is applied across the ordered CpG positions. Starting from the first group of

b consecutive CpGs, S is calculated and the window is then shifted by one

CpG at a time to evaluate the next interval. For each CpG position j, S is

thus computed on the set of epialleles spanning from CpGj to CpGj+b−1.

Reads containing uncalled methylation states within the considered b-CpG

window are excluded from the entropy estimation for that specific interval.

S can take value between 0 and 1: specifically, when the probability dis-

tribution is dominated by a single configuration (e.g., all reads share the

same pattern) S is close to 0; when multiple configurations coexist with

comparable frequencies, S increases (Figure 4.1A). This property makes en-

tropy a powerful measure to assess the internal organization of the epigenome

beyond simple averages.

This metric effectively translates the combinatorial complexity of methy-

lation states into a single numerical value, enabling statistical comparison be-

tween samples. When compared between two conditions, changes in entropy
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(∆S) provide insight into the underlying dynamics of epigenetic regulation

beyond mean methylation shifts (∆β).

A decrease in entropy (∆S < 0) reflects a reduction in epiallelic diversity,

indicating that one specific methylation pattern has become predominant

within the population of molecules. This condition can be interpreted as

a form of epiallelic selection, where a particular methylation configuration

(either hypermethylated or hypomethylated) confers a selective advantage

or becomes fixed as a consequence of clonal expansion. Such patterns are

often observed in stable or differentiated cellular states, or in tumors where

selective pressure favors the emergence of dominant epigenetic clones.

Conversely, an increase in entropy (∆S > 0) denotes a gain in epiallelic

diversity, suggesting the appearance of new or heterogeneous methylation

configurations within the region. This condition may reflect stochastic or

environmentally induced changes, where methylation patterns become more

variable due to partial remodeling, transient deregulation, or stress-related

epigenetic instability. By jointly considering both ∆β and ∆S, it becomes

possible to discriminate between directed and selective methylation changes

(low-entropy, high-consistency shifts) and random or unstable alterations

(high-entropy, heterogeneous shifts). This dual perspective provides a more

complete and biologically meaningful view of differential methylation, cap-

turing not only the direction of change but also the degree of order or disorder

underlying it.

Specifically, with our method DMRs are categorized as one of six possible

changes based on the combination of ∆β and ∆S (Figure 4.1B):

• ∆β > 0 and ∆S > 0: random hypermethylation (Figure 4.1A1)

• ∆β < 0 and ∆S < 0: selective hypomethylation (Figure 4.1A2)

• ∆β > 0 and ∆S ∼ 0: hypermethylation with no entropy change (Fig-

ure 4.1A3)

• ∆β < 0 and ∆S ∼ 0: hypomethylation with no entropy change (Figure

4.1A4)

• ∆β > 0 and ∆S < 0: selective hypermethylation (Figure 4.1A5)

• ∆β < 0 and ∆S > 0: random hypomethylation (Figure 4.1A6)
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Figure 4.1: Panels A and B display the possible combinations of ∆β and ∆S

values, defining the six DMR categories described in section 4.3.1. Panel C shows

the scheme behind our annotation and prioritization framework, underlining the

complexity of possible overlaps among genic and regulatory elements. Panel D

exemplifies the tabular output structure of the annotation scheme, with one or

multiple rows for each DMR (one for every overlapping genic element).
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4.3.2 BiSLM

In order to perform the co-segmentation of ∆β and ∆S, we introduced in

PoreMeth2 the Bivariate Shifting Level Model (BiSLM). BiSLM builds on

the mathematical foundation of Hidden Markov Models (HMMs), which are

widely used in computational biology for problems where observed data are

generated by underlying hidden states with probabilistic transitions. The key

intuition behind BiSLM is to model methylation as a bivariate signal, where

one dimension corresponds to ∆β and the second dimension represents ∆S.

The ”shifting level” component reflects the fact that the underlying methyla-

tion distribution can change across genomic coordinates, and the algorithm

is structured to detect such changes by transitioning between latent states

representing different methylation regimes.

From a technical perspective, BiSLM operates by analyzing the methyla-

tion calls of individual reads aligned to a reference genome and segmenting

the genome into candidate regions. For each window, two complementary

statistics are computed:

• Methylation frequency difference (∆β) between two samples, repre-

senting the classical measure used by most DMR callers. This captures

whether the proportion of methylated CpGs significantly differs across

conditions.

• Methylation entropy difference (∆S), which quantifies the diversity of

methylation patterns observed across molecules within each group. En-

tropy is calculated according to Shannon’s information theory, where

higher entropy indicates greater variability in epiallelic states. By com-

paring entropy across groups, BiSLM detects not only shifts in average

methylation but also reorganizations in epigenetic heterogeneity.

The HMM structure of BiSLM enables the algorithm to model dependen-

cies between adjacent CpG sites and to account for the fact that methylation

states along a DNA molecule are not independent but exhibit local correla-

tion. This makes the model sensitive to the detection of contiguous regions

rather than isolated sites, improving robustness to noise and sequencing

errors. Moreover, the probabilistic framework allows BiSLM to explicitly

estimate the likelihood that a given region belongs to a differentially methy-

lated state versus a background state, which provides a natural mechanism

for statistical testing.



54 Differential Methylation detection

From a biological perspective, the introduction of entropy into DMR

analysis provides a formal way to capture epigenetic heterogeneity. In de-

velopment, changes in entropy can reflect processes of lineage commitment

and the homogenization of epigenetic states within differentiating cell pop-

ulations. In disease, particularly in cancer, entropy often increases as a

consequence of genomic instability and the coexistence of multiple tumor

subclones. Thus, methylation entropy represents a biologically meaningful

dimension that complements traditional analysis.

Finally, by integrating entropy into a statistically rigorous HMM frame-

work, BiSLM provides a powerful approach that is both sensitive and bio-

logically interpretable. The method bridges the gap between single-molecule

information provided by nanopore sequencing and population-level compar-

isons required for biological interpretation. It thereby positions PoreMeth2

as an advance over existing tools, enabling researchers to exploit the full

informational content of long-read epigenomic data.

With several tests on simulated methylation data we showed that BiSLM

is able to accurately detect DMRs with size spanning from 5 to 50 CpGs

with high boundary precision with a coverage of 20x or higher. The same

simulated data was analyzed with two other methods for DMR detection,

Modkit (natively developed for nanopore data) and BSsmooth (adapted from

a bisulfite-sequencing based pipeline), and BiSLM performed better than

both algorithms in the identification of DMR boundaries (Figure 4.2), while

also integrating ∆S information [73].

Model Description

The algorithm models the bivariate signals x = (x1, .., xi, .., xN ), where xi =

(∆βi,∆Si) for N CpG sites, as the sum of an underlying state process and

a site-independent error term:

xi = mi + ϵi (4.2)

where:

• xi is the bivariate observation vector (the measured ∆β and ∆S data)

at site i.

• mi = (mi1,mi2) is the unobserved latent vector representing the true

mean level of the signal (the hidden state) at site i.
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Figure 4.2: Comparative assessment of BiSLM, Modkit, and BSmooth perfor-

mance on synthetic methylation datasets. Panels A-C show F-measure scores

(harmonic mean of precision and recall) for synthetic DMR detection evaluated

at reciprocal overlap thresholds of 0.1 (A), 0.5 (B), and 0.9 (C). Panel D displays

F-measures obtained by the three methods, plotted as a function of sequencing

coverage for varying DMR sizes. The radar plot in E illustrates the Correct Classi-

fication Rate (CCR) achieved by the bivariate SLM model in categorizing epiallelic

shifts across different coverage depths.
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• ϵi is the error vector, capturing measurement noise and unmodeled

biological variance. This error term is independent across CpG site

and it is assumed to follow a bivariate Normal distribution with a zero

mean and covariance matrix Σϵ (i.e., ϵi ∼ N(0,Σϵ)).

The variation of the true mean level mi from one CpG site to the next

is governed by a stochastic process that defines the ”shifts” in level:

mi = (1− zi−1) ·mi−1 + zi−1 · (µ+ δi) (4.3)

where:

• zi is a Bernoulli random variable (zi ∈ {0, 1}) acting as a switch. The

probability of a shift is defined as η = Pr(zi = 1), and the probability

of ”no-shift” is (1− η) = Pr(zi = 0).

• µ = (µ∆β , µ∆S) is the global mean vector of the levels.

• δi is a random vector drawn from a bivariate Normal distribution

N(0,Σµ), which introduces variability between different segments.

Conceptually, if zi−1 = 0 (no shift), the true state remains identical to

the previous one (mi = mi−1), indicating the continuation of a segment.

If zi−1 = 1 (a shift occurs), the state mi is re-sampled from a N(µ,Σµ)

distribution, independently of the previous state, thus marking the beginning

of a new segment.

The total observed covariance in the data, Cov(xi) = Σ, is the sum of

the covariances from the two processes:

Cov(xi) = Σ = Σµ +Σϵ (4.4)

The algorithm introduces a parametrization via the parameter ω ∈ [0, 1],

which balances the impact of these two variance sources:

• Σµ = ω · Σ (the between-segment variance)

• Σϵ = (1–ω) · Σ (the within-segment variance, or noise)

The ω parameter acts as a sensitivity control: high ω values imply low-noise

data and favor the detection of more segments, whereas low values are suited

for noisier data and result in a more conservative segmentation.
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A fundamental assumption of the BiSLM is that while the ∆β and ∆S

signals are considered independent at both the noise level (Σϵ) and the mean

level (Σµ), they are correlated by the synchronous switching process zi. This

construct allows the model to identify common shifts, genomic positions

where both signals simultaneously change their mean state.

This model, defined with a continuous latent state mi, poses computa-

tional challenges. To overcome this, the BiSLM is formulated as a HMM by

discretizing the state space. A Markovian process si is introduced, taking

values from a finite set of K states, S = {1, 2, ...,K}. Each discrete state k is

associated with a bivariate mean vector µk = (µk1, µk2), which approximates

the continuous variable mi.

The HMM is then defined by its two main components:

1. Emission Probability (fk(x)): The probability of observing the data

xi, given the hidden state is k. As ∆β and ∆S values are bounded in

the range [-1, 1], a truncated bivariate Normal distribution is used:

fk(x) =
1√
2πσϵ

exp

[
−1

2

(
x− µk

σϵ

)2
]
· 1

Φ( 1−µk

σϵ
)− Φ(−1−µk

σϵ
)

(4.5)

where Φ is the standard Normal cumulative distribution function.

2. Transition Matrix (Pjk): The probability of transitioning from state j

to state k. This matrix encodes the logic of the zi switching process

(with shift probability η):

Pjk =

{
(1− η) + η · gjk if j = k

η · gjk if j ̸= k
(4.6)

where gjk represents the probability of reaching the state k following

a shift.

Finally, to identify the most likely sequence of hidden states (s1, ..., sN )

that generated the observed data (x1, ..., xN ), the algorithm employs the

Viterbi algorithm.

The segment boundaries are subsequently identified at the positions i

where the optimal state sequence changes (i.e., si ̸= si−1). The algorithm’s

primary tuning parameters are ω (balancing noise vs. signal) and η (which

regulates the shift probability).
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4.3.3 Annotation

Another key innovation of PoreMeth2 with respect to PoreMeth and other

available methods for DMR detection, is the integration of an annotation

module designed to provide biological and functional interpretation of the

detected regions. CpG methylation exerts its regulatory influence in a highly

context-dependent manner. Methylation changes occurring in intergenic or

repetitive sequences may reflect large-scale chromatin remodeling or trans-

poson silencing, while those overlapping gene promoters, enhancers, or CpG

islands can directly affect transcriptional activity and cellular phenotype.

Numerous studies have demonstrated that promoter-associated CpG sites

typically display an inverse relationship between methylation and transcrip-

tion, where hypermethylation represses gene expression by inhibiting tran-

scription factor binding and promoting chromatin compaction. Conversely,

gene body methylation is often positively correlated with transcriptional ac-

tivity, possibly contributing to alternative splicing regulation or suppression

of cryptic promoters [12].

In summary, the functional outcome of a methylation event depends not

only on its absolute level, but also on its genomic location, the local CpG

density, and the regulatory role of the affected element. For this reason,

the annotation module of PoreMeth2 was conceived not as a simple post-

processing step, but as an essential component of the analytical workflow,

aimed at providing a mean for both statistical detection and functional in-

terpretation.

Importantly, genomic and regulatory annotations do not represent dis-

crete, non-overlapping segments along a linear genome, but rather a complex

and interlaced landscape of elements that can coexist or partially overlap

(Figure 4.1C). A single DMR can intersect one or multiple genic features

(such as exons, introns, or promoter regions) belonging to one or even sev-

eral adjacent genes, while at the same time overlapping regulatory motifs

including CpG islands (CGIs), enhancers, transcription factor binding sites

(TFBS), or DNase I hypersensitive sites (DHS).

This multilayered organization highlights that functional interpretation

of methylation changes cannot rely solely on positional information with re-

spect to gene boundaries, but must instead integrate both structural and

regulatory genomic contexts. While a few methods for the annotation of

genomic regions to genic and regulatory elements have been developed (such

as GoldMine [100], HOMER [101], GenomicDistributios [102], and annotatr
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[103]), they do not capture this complex organization. For this reason, the

annotation module of PoreMeth2 was designed to perform comprehensive

multi-level intersection analyses, providing a unified framework that simul-

taneously considers genic architecture and regulatory elements. Specifically,

for each DMR identified by the BiSLM algorithm, the overlap with individ-

ual genic features (such as introns, exons, and promoters) is first computed;

for each of these genic elements, the corresponding overlap with different

classes of regulatory elements (CGIs, enhancers, TFBSs and DHSs) is then

assessed and reported (Figure 4.1D).

In addition to the multilayered genomic and regulatory annotation, PoreMeth2

implements a gene-centered classification strategy based on a feature priority

scheme. In this framework, each gene affected by at least one DMR is catego-

rized according to the most functionally relevant genomic feature overlapped

by the region. Specifically, genes are assigned to one of three categories: 5

regulatory regions (5’Reg), when the DMR overlaps promoters, 5’UTRs, or

first exons; gene bodies (GB), when the overlap occurs within internal in-

trons or exons but excludes 5’Reg and 3’UTR elements; and 3’ untranslated

regions (3’UTR), when the DMR overlaps the last exon without intersecting

upstream regulatory regions.

This hierarchical prioritization reflects the widely accepted central regu-

latory importance of promoter methylation. According to classical epigenetic

models, methylation within promoter-associated CpG islands inhibits tran-

scription factor binding and reduces chromatin accessibility, thus repressing

transcriptional initiation. In contrast, unmethylated promoters facilitate

the recruitment of transcription factors and RNA polymerase II, enabling

active transcription. By assigning precedence to 5Reg regions when a DMR

spans multiple genic elements, the annotation procedure ensures that the

most likely regulatory consequence of methylation is captured, emphasizing

functionally relevant events over structurally neutral ones. Importantly, this

feature-priority scheme retains information on the co-occurring overlap with

regulatory motifs.

4.3.4 Acute Myeloid Leukemia

To assess the performance and biological relevance of PoreMeth2, we applied

it to a set of three Acute Myeloid Leukemia (AML) patients (UD5, UD10 and

AML2), sequenced at diagnosis and at relapse after chemotherapy. These
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datasets were previously investigated in [97], to test the previous version

of PoreMeth2 (PoreMeth), which provided a valuable framework to capture

known methylation dynamics associated with chemoresistance. In that ear-

lier study, we showed that relapsed AML samples display widespread gene

body hypermethylation at sparse CpG sites, with preferential enrichment

in oncogenes, tumor suppressors, and cancer-related signaling pathways. In

this work, our aim was instead to establish whether the methylation en-

tropy measure introduced in PoreMeth2 could actually provide insights on

the selective nature, and therefore on the functional impact, of the detected

DMRs.

For each sample, we calculated β and methylation entropy S (with b = 3)

on all CpGs throughout the genome and subsequently applied the PoreMeth2

segmentation algorithm to each pair to identify DMRs. The resulting regions

were classified according to their methylation frequency change (∆β) and en-

tropy variation (∆S) in the six categories described in section 4.3.1. Specifi-

cally, DMRs were categorized as hypermethylated (∆β > 0.2) or hypomethy-

lated (∆β < −0.2), and further subdivided into hyperentropic (∆S > 0.1),

isoentropic (−0.1 < ∆S < 0.1), or hypoentropic (∆S < −0.1).

Our analysis identified 3102, 2825, and 2874 DMRs in UD5, UD10, and

AML2, respectively, corresponding to approximately 3 Mb of the genome

per sample pair (3.18, 3.07 and 3.18). Importantly, the ability of PoreMeth2

to capture subtle methylation and entropy shifts allowed us to extend dif-

ferential methylation analysis beyond dense CpG regions, such as CpG is-

lands, to include sparsely methylated genomic segments (Figure 4.3B). As

also observed in [97], the number of hypermethylated DMRs markedly the

hypomethylated in all the samples (1999 vs 1103 for UD5; 2292 vs 533 for

UD10; 2575 vs 299 for AML2), indicating a global shift toward hyperme-

thylation at relapse. Both hyper- and hypomethylated DMRs were evenly

distributed among the three ∆S classes, suggesting that epiallelic diversity

changes occur across the full spectrum of methylation dynamics rather than

being confined to specific regions.

To investigate the potential functional implications of the identified re-

gions, DMRs were annotated using the dedicated module of PoreMeth2, in-

tegrating both genic and regulatory annotations. Across the three patients,

the majority of DMRs overlapped annotated protein-coding genes (62-67%),

while approximately 10% mapped to noncoding genes and 30% were located

in intergenic regions (Figure 4.3A). Concerning regulatory elements, 90-93%
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of DMRs intersected DNase hypersensitive sites (DHSs) and transcription

factor binding sites (TFBSs), while a smaller fraction (12-13%) overlapped

enhancers. Lastly, as expected based on CpG density distribution, between

18% and 44% of DMRs overlapped CpG islands (CGIs), whereas the remain-

der were located in low-CpG-density regions, demonstrating that PoreMeth2

can effectively detect methylation differences even in sparsely methylated ge-

nomic contexts (Figure 4.3A).

Using the feature-priority gene annotation scheme implemented in PoreMeth2,

we further classified protein-coding genes harboring at least one DMR (dif-

ferentially methylated genes, DMGs) into three major functional categories

5Reg, GB, and 3UTR (based on the criteria explained in the ’Annotation’

section). The DMGs identified for each patient were 1779, 1655 and 1873

respectively, most of which were hypermethylated (70-93%). Among these,

25-40% were classified as 5Reg, 60-80% as GB, and approximately 5% as

3UTR in all the sample pairs. Hypermethylated DMGs in 5Reg predom-

inantly overlapped CpG islands (71-86%), while those within gene bodies

mainly involved sparse CpG regions (about 55%). In contrast, hypomethy-

lated genes were almost entirely associated with DMRs in low CpG density

regions (∼ 90%), independent of their genic position (Figure 4.3C).

When considering epiallelic diversity, most DMGs exhibited hypoentropic

(∆S < −0.1) or isoentropic (−0.1 < ∆S < 0.1) changes, which are indicative

of selective processes leading to the dominance of specific epialleles, rather

than random methylation fluctuations. The only notable exception was rep-

resented by genes with hypermethylated DMRs in promoter-associated CpG

islands, where a predominance of hyperentropic (∆S > 0.1) changes was

observed, suggesting increased heterogeneity at regulatory loci undergoing

transcriptional repression (Figure 4.3D).

To further investigate the functional impact of methylation changes, we

integrated the DMRs identified by PoreMeth2 with transcriptomic data ob-

tained from RNA-seq experiments performed in triplicate for all six AML

samples. We performed differential gene expression analysis between diag-

nosis and relapse, resulting in the identification of 3997, 4677, and 1759

differentially expressed genes (DEGs) for patients UD10, UD5, and AML2,

respectively. These gene sets revealed heterogeneous expression patterns,

with variable proportions of up- and downregulated genes across patients,

consistent with the strong interindividual variability typically observed in

relapsed AML.
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Figure 4.3: Characterization of DMRs in three AML sample pairs. The heatmap

in panel A displays the count of DMRs detected by BiSLM, categorized by methyla-

tion change (∆β) and entropy variation (∆S). Rows correspond to DMRs overlap-

ping specific genomic features (coding/non-coding genes, intergenic regions, CGIs,

Enhancers, DHSs, and TFBS) or lacking such overlaps (prefix ’No-’). Color inten-

sity indicates the proportional distribution of DMR categories within each sample.

Panel B shows CpG density distribution of detected DMRs. Vertical lines mark

the resolution limits for WGBS (solid; ≤ 2 CpG/100 bp) and RRBS (dotted; ≤ 3

CpG/100 bp), with adjacent text reporting the count and percentage of DMRs

falling below these thresholds. The table in panel C summarizes the number of

DMGs harboring DMRs in 5’Reg, GB or 3’UTR, stratified by CGI overlap. Panel

D shows a barplot of epiallelic shifts, classified as hyperentropic, hypoentropic or

isoentropic, within hyper- and hypomethylated genes. Numbers above bars indi-

cate the percentage of hypo- and isoentropic DM genes, while horizontal brackets

denote the average percentages across the three samples.
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We then assessed the relationship between DNA methylation alterations

and gene expression changes by identifying DMGs that also displayed sig-

nificant expression variation (DM-DEGs). Across the three patients, the

majority of DM-DEGs were associated with DMRs exhibiting hypoentropic

or isoentropic profiles (∆S < 0.1), while only a small fraction corresponded

to hyperentropic regions (∆S > 0.1). This pattern suggests that the most

transcriptionally relevant methylation changes occur in regions where epi-

allelic diversity decreases or remains stable, reflecting the clonal selection

of specific methylation states rather than random stochastic variation. In

contrast, hyperentropic DMRs tended to show weaker or no correspondence

with expression changes, implying that they may represent transient or noise-

driven epigenetic fluctuations rather than stable regulatory alterations (Fig-

ure 4.4A).

When stratifying DMGs according to their genomic context, we observed

that genes harboring hypermethylated DMRs within gene bodies and lo-

cated in sparse CpG regions were significantly enriched for DEGs across

all three AML cases (Figure 4.4B). These DMRs were characterized by tu-

mor β values exceeding 0.2 at diagnosis and approaching full methylation

(βRel = 0.7− 1.0) at relapse, consistent with a model in which clonal expan-

sion favors cells carrying a dominant, fully methylated epiallele. Conversely,

hyperentropic DMRs generally corresponded to loci transitioning from un-

methylated to partially methylated states (βTum = 0−0.2, βRel = 0.2−0.5),

indicating the coexistence of multiple methylation configurations within the

tumor population.

We next examined whether the presence and type of DMRs within spe-

cific genic features (5 regulatory regions, gene bodies, or 3 UTRs) influenced

transcriptional behavior. Hypermethylated DMRs in 5 regulatory regions

(particularly those overlapping CGIs) were predominantly associated with

transcriptional repression, whereas hypermethylation within gene bodies cor-

related with either stable or increased expression, in agreement with the dual

role of methylation depending on its genomic location. Notably, genes with

DMRs in gene bodies at sparse CpG regions, coupled with hypo- or isoen-

tropic changes, displayed the strongest enrichment among DEGs, underscor-

ing the regulatory relevance of these less CpG-dense domains in modulating

transcriptional output.

To explore the biological significance of these DM-DEGs, we performed

over-representation analyses (ORA) against curated gene sets representing
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major cancer-related categories, including oncogenes and tumor suppres-

sors (COSMIC [104]), transcription factors (TFs; [105]), chemoresistance-

associated genes (GEAR [106]), and canonical signaling pathways (KEGG

[107]). The ORA results revealed a clear functional stratification accord-

ing to the epiallelic change category. DM-DEGs with hyperentropic DMRs

or with DMRs overlapping CpG islands showed limited enrichment in any

cancer-related category, regardless of methylation direction or expression

change. In contrast, hypermethylated DMGs exhibiting low or stable entropy

variation (∆S < 0.1) and located within gene bodies at sparse CpG regions

were significantly enriched for transcription factors and cancer-related path-

ways in all three patients (Figure 4.4C). These included genes involved in

cellular proliferation, apoptosis resistance and DNA damage response, hall-

marks of therapy-resistant AML phenotypes.

Taken together, these findings support the notion that entropy variation

provides a valuable dimension for interpreting the functional consequences

of DNA methylation changes. Specifically, DMRs characterized by negative

or near-zero ∆S values appear to mark regions where selective clonal ex-

pansion has led to the fixation of particular epiallelic configurations, thereby

exerting a measurable influence on transcription. Conversely, positive ∆S

values may represent epigenetic diversification or plasticity, which, while in-

dicative of heterogeneity, do not necessarily correspond to stable regulatory

shifts. In this framework, the combination of ∆β and ∆S implemented in

PoreMeth2 enables the discrimination between epiallelic selection and ran-

dom methylation drift, enhancing our ability to link methylation dynamics

with functional outcomes in cancer evolution and relapse.

4.3.5 Human Peripheral Glial Cells

To further assess the versatility of PoreMeth2 across different biological and

experimental contexts, we applied the tool to a model system of Human

Peripheral Glial Cells (HPGCs) subjected to pharmacological stimulation.

This dataset was specifically designed to capture short-term methylation

dynamics rather than long-term clonal selection, allowing us to evaluate the

capacity of our approach to detect subtle regulatory alterations over limited

time scales. HPGC cultures were sequenced at baseline (T0) and after 48

hours (T48) of exposure to a G protein-coupled receptor (GPCR) agonist.

Each condition was sequenced with high coverage (20–30x) using ONT’s

PromethION2 Solo ensuring sufficient read depth and length for reliable
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Figure 4.4: Association between DMRs and Differential Expression. Panel A

shows the proportion of DM-DEGs characterized by hyperentropic versus iso/hy-

poentropic DMRs. Data are stratified by methylation status (∆β > 0 or ∆β < 0)

and CGI overlap (CGI vs. NoCGI). Textured bars specifically denote iso/hypoen-

tropic cases. Results of Over-Representation Analysis of DM-DEGs are shown in

panel B: the analysis stratifies genes by DMR genomic location (5’Reg, GB, 3’UTR)

and CGI status. The correlation plot categorizes DMRs based on combinatorial

shifts in methylation and entropy (e.g., hypermethylated/hyperentropic). Color

intensity represents statistical significance (according to Fisher’s exact test) rela-

tive to background gene sets (DMGs, DEGs, and total RNA-seq targets). In panel

C we show results of ORA specifically for underexpressed DM-DEGs, following the

stratification in panel B. Cells display the count of DM-DEGs, with color intensity

indicating significance across cancer-related pathways (KEGG), transcription fac-

tors, tumor suppressors, and oncogenes (COSMIC, GEAR).
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quantification of both β and entropy S.

Following methylation calling, we applied the BiSLM segmentation algo-

rithm to detect DMRs between T0 and T48. As described in previous anal-

yses, DMRs were categorized into the six classes previously described based

on combined ∆β (hypermethylation or hypomethylation) and ∆S (hyperen-

tropic, isoentropic or hypoentropic) variations.

BiSLM identified a total of 636 DMRs, of which the vast majority (616)

were hypermethylated, while only 20 showed hypomethylation. Hyperme-

thylated DMRs were also predominant in terms of cumulative genomic size

(Figure 4.5A). When classified by entropy variation, most DMRs (approxi-

mately 80% of hypermethylated and 95% of hypomethylated) exhibited ei-

ther isoentropic or hypoentropic profiles, indicating that epiallelic changes

were predominantly associated with stable or reduced heterogeneity rather

than increased disorder (Figure 4.5A). The overall size distribution of DMRs

spanned from a few hundred base pairs to several kilobases, consistent with

the resolution achieved in the AML dataset.

Annotation of DMRs using the PoreMeth2 functional module revealed

that approximately half (52%) overlapped protein-coding genes (332 DMRs),

while 8% were located within noncoding transcripts (including pseudogenes

and lncRNAs) and 40% in intergenic regions. As observed in the AML anal-

ysis, the majority of DMRs localized in open chromatin and transcriptional

regulatory sites, overlapping DNase hypersensitive sites (88%) and transcrip-

tion factor binding sites (86%), whereas enhancer regions were involved in

only a minor fraction (16%). Regarding CpG context, 34% of the DMRs

overlapped CpG islands, while the remaining 66% were found in low CpG

density regions (Figure 4.5A), further supporting the ability of long-read

data to capture methylation variation in sparsely CpG-distributed genomic

domains.

When focusing on DMGs, PoreMeth2’s feature-priority annotation clas-

sified 305 genes across the three functional categories 5Reg, GB, 3UTR.

The large majority of DMGs harbored hypermethylated DMRs located ei-

ther within gene bodies (211 genes) or in 5 regulatory regions (86 genes),

whereas only a minimal fraction mapped to 3UTRs (Figure 4.5B). Among

5Reg DMGs, most DMRs overlapped CpG islands (62 in CGIs vs 24 in

non-CGIs), whereas hypermethylated DMRs within gene bodies primarily

involved sparse CpG regions (131 in non-CGIs vs 80 in CGIs). Across all cat-

egories, the predominant epiallelic signature corresponded to hypoentropic
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(∆S < −0.1) or isoentropic (−0.1 < ∆S < 0.1) DMRs, particularly within

gene bodies located in low CpG density regions, where nearly 80% displayed

a negative ∆S value (Figure 4.5C). These results indicate that the treatment-

induced methylation changes were mostly accompanied by decreased epial-

lelic variability, consistent with selective stabilization of specific epiallelic

configurations.

To evaluate the transcriptional consequences of these methylation alter-

ations, we performed quadruplicate RNA-seq experiments on T0 and T48

samples using ONT sequencing and conducted differential expression anal-

ysis. Integration of transcriptomic and methylation data revealed only a

small amount of DM-DEGs, and all of these were associated with hyperme-

thylated DMRs. Interestingly, nearly all DM-DEGs exhibited hypoentropic

or isoentropic methylation profiles (∆S < 0.1, Figure 4.5D), reinforcing the

observation that transcriptionally relevant methylation events correspond to

decreased or stabilized epiallelic diversity rather than random fluctuations.

We next examined the proportion of DM-DEGs relative to the total set

of DEGs, stratifying them according to genomic context and CpG density.

Significant enrichment of DM-DEGs was observed specifically for genes har-

boring DMRs in 5 regulatory regions overlapping CpG islands, and in gene

bodies located within low CpG density regions (Figure 4.5E). This suggests

that both promoter-associated methylation in CGIs and gene-body methy-

lation in sparse CpG domains can exert measurable transcriptional effects

when accompanied by coherent, entropy-reducing epiallelic changes. Con-

versely, DMRs with positive ∆S values did not correlate with transcriptional

modulation, implying that they likely represent transient or non-functional

methylation shifts.

Collectively, these findings confirm that the dual-metric approach imple-

mented in PoreMeth2, integrating methylation frequency and entropy varia-

tion, enables the discrimination between biologically meaningful and stochas-

tic methylation events. In the HPGC system, this capability allowed us to

identify methylation changes associated with stable regulatory responses to

GPCR stimulation, highlighting the generalizability of PoreMeth2 across

both cancer-related and physiological models of epigenetic remodeling.
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Figure 4.5: Characterization of DMRs in HPGC samples. The heatmap in panel

A displays DMR counts across six categories defined by methylation (∆β) and en-

tropy (∆S) shifts. Rows represent overlaps with specific genic (coding, non-coding,

intergenic) and regulatory (CGI, Enhancer, DHS, TFBS) elements for each cate-

gory; color intensity indicates the proportional contribution of each category to the

total DMR set. Panel B shows the count of DMGs associated with hypermethy-

lated (∆β > 0) or hypomethylated (∆β < 0) DMRs, stratified by genomic feature

(5’Reg, Gene Body, 3’UTR) and CpG island context. The stratification of the

DMGs from Panel B into hyperentropic, isoentropic and hypoentropic classes is

shown in panel C. Panel D represents the proportion of DM-DEGs exhibiting hy-

perentropic versus iso/hypoentropic patterns, grouped by methylation status and

CGI overlap. Panel R shows the results of the Over-Representation Analysis of

DM-DEGs, analyzed separately for genes affected by DMRs in 5’ regulatory re-

gions, gene bodies, and 3’UTRs, inside or outside CGIs. The plot displays results

for four DMR classes defined by combinations of and S. Cell numbers represent

the total DM-DEG count per category, while color intensity reflects statistical sig-

nificance.
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4.4 Materials and Methods

4.4.1 AML samples: sequencing and data preparation

DNA from three pairs of matched acute myeloid leukemia (AML) samples,

collected at diagnosis and relapse, was sequenced and processed as described

in [97]. Basecalling and alignment were performed against the human ref-

erence genome (hg19), chosen for consistency with previous analyses and

because the minor differences in CpG content between hg19 and newer as-

semblies do not substantially affect methylation-related analyses. 5mC were

inferred using Nanopolish (v0.8.5) [91], applying log-likelihood ratio thresh-

olds of < −2 and > 2 as recommended in the official documentation.

DMRs were identified using the PoreMeth2 pipeline, which integrates

methylation frequency and entropy signals through the BiSLM algorithm.

The resulting DMRs were further annotated according to genic and regula-

tory features as described in the main text.

For transcriptomic profiling, total RNA from the same AML pairs was

sequenced on the Illumina NovaSeq 6000 platform as previously reported

in [97]. Read quantification was performed using Salmon (v0.14.1) [108]

against the GRCh37 Ensembl reference transcriptome. Normalization and

differential expression analyses were conducted with DESeq2 (v1.30.1) [109].

Genes were considered differentially expressed if they exhibited an adjusted

p-value < 0.05 (Benjamini-Hochberg correction) and an absolute log2 fold

change > 0.5.

4.4.2 HPGC samples: sequencing and data preparation

DNA extracted from HPGC cultures was sequenced before (T0) and after

48 hours (T48) of treatment with a GPCR agonist. Each library was se-

quenced on ONT r9.4.1 flow cells using a P2 Solo instrument with a 72-hour

acquisition time per run.

Basecalling and modified-base calling were performed using Guppy (v6.5.7)

with the super high accuracy (sup) model. Alignment to the human reference

genome (hg19, for consistency with AML samples) was executed through the

integrated minimap2 aligner (v2.24) [67]. Sex chromosomes were excluded

from the analysis. Read-level 5mC likelihoods were extracted using Mod-

kit (v0.4.1; https://github.com/nanoporetech/modkit), and methylation

calls were filtered following the official guidelines provided in the Modkit

https://github.com/nanoporetech/modkit
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documentation.

For transcriptomic analysis, RNA was extracted from both T0 and T48

cultures (quadruplicate biological replicates) and sequenced on the same

ONT platform. Basecalling and alignment were again performed with Guppy

(v6.5.7), and read quantification was carried out using the featureCounts

function from the Bioconductor Rsubread package (v2.12.3) [110]. Normal-

ization and differential expression analysis were performed using DESeq2,

with DEGs defined as those with adjusted p-value < 0.05 and absolute log2
fold change > 0.5.

4.4.3 Over-Representation Analysis

ORA were performed to identify enrichment of DM-DEGs within known

cancer-related pathways and gene sets. The analysis included pathways from

the “Pathways in Cancer” collection of the KEGG database [107], and onco-

genic signaling pathways from The Cancer Genome Atlas (TCGA). Gene

lists were retrieved from the following sources:

• KEGG (https://www.kegg.jp/kegg/download/),

• COSMIC (https://cancer.sanger.ac.uk/cosmic/file_download),

• GEAR (http://gear.comp-sysbio.org),

• TFs from RegNetwork (http://regnetworkweb.org/). ORA was con-

ducted using Fisher’s exact test, with the complete set of UCSC-

annotated genes used as the background population.

4.5 Conclusion

In this chapter I reported PoreMeth2, the computational framework devel-

oped by our laboratory for the detection and interpretation of DMRs from

long-read methylation data. The method is designed for pairs of evolutionar-

ily related samples such as tumor versus normal tissues or pre- versus post-

treatment conditions, where epigenetic alterations arise through progressive

selection or remodeling rather than random fluctuation.

PoreMeth2 introduces a bivariate segmentation strategy that jointly mod-

els changes in methylation frequency (∆β) and methylation entropy (∆S).

While ∆β measures directional methylation shifts, ∆S captures alterations

https://www.kegg.jp/kegg/download/
https://cancer.sanger.ac.uk/cosmic/file_download
http://gear.comp-sysbio.org
http://regnetworkweb.org/
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in the epiallelic composition, distinguishing selective from stochastic pro-

cesses. These two layers are integrated through the BiSLM algorithm, an

HMM-based approach that segments the genome into coordinated regions of

methylation and entropy change. Simulations showed that BiSLM detects

DMRs with high accuracy at coverage ≥ 20x, resolving events involving as

few as five CpGs even in sparse regions.

Implemented as an R package, PoreMeth2 also provides a multilayered

annotation module intersecting DMRs with genic and regulatory elements,

thereby supporting both statistical detection and functional interpretation.

We evaluated PoreMeth2 on two sets of evolutionarily related samples

(AML and HPGC) and the results demonstrated that BiSLM is able to cor-

rectly identify DMRs also in low CpG density regions by integrating ∆β and

∆S, expanding resolution beyond short-read bisulfite approaches. Moreover,

regions with ∆S < 0.1 correlated most strongly with transcriptional modu-

lation, indicating that entropy variation discriminates functionally relevant

from random methylation changes.

Together, these results establish PoreMeth2 as a robust and biologically

meaningful tool for long-read methylation analysis. By combining methy-

lation frequency and entropy, it distinguishes selective epigenetic fixation

from random methylation drift, offering deeper insight into the functional

consequences of methylation changes.

4.5.1 Future developments

Future developments will focus on extending PoreMeth2 to broaden its ap-

plicability. In particular, we plan on introducing a new module to perform

differential methylation analyses across groups of samples reflecting differ-

ent experimental conditions (e.g., case versus control sets). In this context,

methylation entropy will not be employed, as it is both computationally

demanding and conceptually unsuitable for comparisons between unrelated

samples, where the goal is not to capture evolutionary epigenetic remodeling

but rather to identify stable marker regions. To date, the only available tool

offering a similar functionality on Nanopore data are PycoMeth and Modkit.

However, PycoMeth does not perform DMR discovery but evaluates ∆β val-

ues over user-defined genomic regions, and Modkit’s segmentation algorithm

is outperformed by PoreMeth2 even on sample pair analysis.

Additionally, we plan to include dedicated visualization modules to facil-

itate graphical exploration of DMR distributions, methylation–entropy rela-
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tionships, and gene-level annotations, moving toward a comprehensive and

user-friendly platform for integrative long-read epigenomic analysis.



Chapter 5

Epitranscriptomics

Nanopore direct RNA sequencing offers the unique capability to

detect post-transcriptional modifications on native molecules. How-

ever, the accurate decoding of the raw ionic current remains a

significant computational challenge, currently constrained by the

reliance on supervised models with high false discovery rates or

the experimental burden of comparative case-control designs. In

this chapter, we present a preliminary exploratory analysis fo-

cused on the stability of signal extraction strategies, a critical

prerequisite for robust modification detection. By systematically

comparing the signal segmentation provided by standard basecall-

ing models against explicit Dynamic Time Warping re-alignment,

we assess the reproducibility of the physical measurement. Our

observations suggest that the basecaller’s intrinsic segmentation

is highly model-dependent and insufficient for quantitative anal-

ysis, whereas explicit re-alignment appears necessary to ensure

signal consistency. Furthermore, we provide initial evidence sup-

porting the potential of read-guided (self) alignment strategies.

These preliminary findings offer a methodological basis for future

investigations into unsupervised, control-free frameworks capable

of characterizing epitranscriptomic marks through the analysis of

internal signal anomalies. 1

1This work was conducted while the author was a visiting PhD student at the Ger-

man Cancer Research Center (DKFZ), Heidelberg (Germany), from March to June 2025,

working with the Division of Immune Diversity (D150) lead by Prof. Nina Papavasiliou.

73
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5.1 Introduction

5.1.1 RNA Editing and the Epitranscriptome

Historically, transcriptomic analyses were largely limited to the quantifica-

tion of transcript abundance for gene expression profiling. However, the

advent of high-sensitivity technologies has facilitated a shift towards the

multidimensional characterization of RNA: current methodologies allow for

the simultaneous detection of sequence, structure, and chemical modifica-

tions, thereby capturing the functional heterogeneity of the transcriptome

at the post-transcriptional level.

While the primary sequence of RNA is transcribed from DNA, its final

functional state is determined by multiple tiers of post-transcriptional pro-

cessing. Within this broader regulatory landscape, which includes alternative

splicing and non-coding RNA-mediated regulation, the epitranscriptome rep-

resents a distinct layer of chemical complexity. This specific regulatory level

encompasses both RNA editing, which alters the nucleotide sequence, and

reversible chemical modifications, which decorate RNA bases without chang-

ing the underlying code. Together, these alterations fine-tune RNA structure

and interaction potential, thereby modulating the fate and function of both

coding and non-coding transcripts in response to cellular cues.

RNA Editing

RNA editing represents a unique form of post-transcriptional processing

where the nucleotide identity of a transcript is changed after transcription.

In mammals, this phenomenon is primarily orchestrated by two enzymatic

families: the AID/APOBEC proteins, which catalyze cytidine-to-uridine (C-

to-U) deamination, and the ADAR proteins, responsible for adenosine-to-

inosine (A-to-I) conversion. A-to-I editing is the most prevalent modification

in the human transcriptome [111], [112], while C-to-U editing is essential

for fewer specific physiological functions (most notably in regulating lipid

metabolism through the site-specific Apolipoprotein B mRNA truncation

[113]).

A-to-I editing involves the hydrolytic deamination of adenosine, prefer-

entially on double-stranded RNA regions (dsRNA). Crucially, the cellular

machinery, including the translation apparatus and the spliceosome, inter-

prets inosine as guanosine (G) due to their similar base-pairing properties
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with cytidine. As a consequence, this conversion functions effectively as a

post-transcriptional A-to-G mutation [114].

The function and biological impact of this recoding varies profoundly

depending on the genomic context. In protein-coding regions, particularly

within the central nervous system, A-to-I editing can drive site-specific amino

acid substitutions and therefore alter protein function. For instance, A-to-I

editing of the GRIA2 transcript (which encodes a subunit of the AMPA glu-

tamate receptor) causes a glutamine to arginine substitution in the translated

protein. This single modification is essential for the regulation of synaptic

plasticity and neurotransmission in neurons [115].

However, the vast majority of editing events occur outside coding regions,

specifically within Alu repetitive elements that tend to form long dsRNA

structures. In this context, ADAR1 serves a critical immunoprotective role:

by introducing mismatches into these dsRNA molecules, editing destabilizes

the structure and prevents it from being recognized as viral genetic material

by cytosolic immune sensors like MDA5. This self-masking mechanism is

essential for maintaining immune homeostasis and the failure of this process

triggers aberrant interferon responses, linking ADAR dysfunction to severe

autoinflammatory disorders, neurodegeneration and cancer [116]–[118].

Chemical modifications of RNA

In parallel with RNA editing, RNA molecules are subject to over 170 dis-

crete chemical modifications that do not alter the sequence but profoundly

influence RNA structure, stability, and function [119]. These modifications

are prevalent across all types of RNA, but one of the most extensively stud-

ied in messenger RNA is N6-methyladenosine (m6A), which affects multiple

aspects of RNA metabolism, including splicing, translation, localization, and

decay [120], [121].

Other modifications (such as 5-methylcytosine (m5C), pseudouridine (Ψ),

and 2’-O-methylation (Nm))contribute to the structural stability of RNA

and regulate translation and immune responses [122]. Although the roles

of many of these marks are still being elucidated, it is increasingly clear

that the epitranscriptome represents a key layer of post-transcriptional gene

regulation.

RNA editing and RNA modifications are now recognized as integral com-

ponents of the post-transcriptional regulatory landscape, expanding the func-

tional capacity of the transcriptome beyond genomic encoding. Editing can
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influence methylation patterns and vice versa, as recent studies suggest a

crosstalk between these processes that impacts RNA secondary structure,

processing, and fate [123], [124]. Together, these mechanisms leverage the

plasticity of RNA to enable dynamic and context-specific gene regulation.

5.1.2 Evolution of Detection Methodologies

Biochemical Assays and NGS

Given their pivotal role in regulating cellular functions, the detection of RNA

modifications has been a core objective of molecular biology for decades.

Consequently, the technological landscape in this field has undergone a dra-

matic transformation, evolving from low-throughput biochemical assays to

high-throughput transcriptomic mapping.

Historically, detection relied on low-throughput biochemical assays (such

as Thin Layer Chromatography and Mass Spectrometry) or laborious site-

specific protocols like SCARLET [125], [126]. While chemically precise, these

methods lacked the scalability required for transcriptome-wide mapping, ef-

fectively limiting the field to the study of isolated targets rather than global

regulatory networks.

The advent of NGS represented a first revolution in the field of epitran-

scriptomics, enabling the first transcriptome-wide maps of RNA modifica-

tions. However, because standard reverse transcriptases cannot distinguish

most modified bases from canonical ones, NGS-based approaches also rely

on indirect detection strategies that convert the modification status into a

readable signal before sequencing.

A pioneering strategy involved the use of specific antibodies to immuno-

precipitate RNA fragments containing the modification of interest, a tech-

nique best exemplified by MeRIP-Seq (or m6A-seq) [127]. While this ap-

proach effectively allowed to generate the first global modification maps,

it is inherently limited by low spatial resolution, identifying broad 100-200

nucleotide regions (or peaks) rather than single bases, precluding the pre-

cise determination of modification stoichiometry at specific sites.. Moreover,

these methods are constrained by high input material requirements and po-

tential antibody cross-reactivity.

To achieve single-nucleotide resolution, strategies based on chemical con-

version (originally established for DNA analysis) have been adapted to tran-

scriptome analyses. These methods leverage specific chemical reactions to
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alter the base-pairing properties of modified nucleotides, translating epige-

netic marks into readable sequence changes or reverse transcription stops.

Prominent examples include bisulfite sequencing applied to RNA (BS-

RNA-seq), which allows for the precise mapping of 5-methylcytosine (m5C)

[128], [129], and carbodiimide (CMC) derivatization, which is the gold stan-

dard for detecting Pseudouridine (Ψ) [130], [131]. Similarly, Inosine Chem-

ical Erasing (ICE-seq) exploits acrylonitrile treatment to selectively cya-

noethylate Inosine residues, distinguishing genuine A-to-I editing events from

sequencing errors [132].

However, while these techniques overcome the resolution limits of antibody-

based assays, they rely on harsh chemical treatments that are often incom-

patible with the labile nature of RNA. For instance, the high temperatures

and acidic pH required for efficient bisulfite conversion, while tolerable for

DNA, cause severe hydrolysis of the phosphodiester bonds in RNA. This

degradation leads to fragmented libraries, loss of complexity, and a bias to-

wards highly abundant or shorter transcripts, ultimately complicating the

quantification of modification stoichiometry.

Crucially, both approaches share a fundamental bottleneck: the reliance

on cDNA conversion and PCR amplification, which eliminate modifications

on the native molecule. Therefore, an intrinsic limitation of NGS-based

approaches is the loss of information about combinatorial patterns (phasing)

of modifications on the same strand and the introduction of amplification

biases.

The Paradigm Shift: Direct Native RNA Sequencing

As previously described in Chapter 1, ONT currently provides the only

commercially available platform for the direct sequencing of native RNA

molecules (dRNA) [133]. By bypassing the reverse transcription and ampli-

fication steps required by short-read technologies, this approach preserves

the chemical structure of ribonucleotides during data acquisition [134]. Con-

sequently, the ionic current signal inherently contains information regarding

both the primary nucleotide sequence and the presence of post-transcriptional

modifications, enabling, in principle, the study of modification stoichiometry

and phasing on single molecules [135].

However, as the application of Nanopore sensing to native RNA is a

relatively recent development, its analytical reliability has not yet reached

the maturity of DNA sequencing standards.
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A primary limitation lies in the signal fidelity of the current dRNA chem-

istry. The translocation of RNA strands through the motor protein and the

pore exhibits higher velocity and irregularity compared to DNA, resulting in

reduced signal-to-noise ratios [136]. Consequently, the raw read accuracy of

dRNA typically ranges between 90% and 93%, which is significantly lower

than the >99% accuracy routinely achievable with modern DNA chemistries

(e.g., Q20+) [137]. This error profile, characterized by a high frequency of in-

sertions and deletions (indels), raises a challenge in the alignment of reads to

reference genomes. Since modification calling algorithms rely on the precise

registration of raw signal events to genomic coordinates (a process known as

signal-to-reference alignment or ”resquiggling”), mapping errors can lead to

signal misalignment and the subsequent generation of artifacts in modifica-

tion detection [138].

Furthermore, the diversity of the epitranscriptome presents a significant

hurdle for signal decoding. While DNA methylation analysis is primarily re-

stricted to 5-methylcytosine, RNA molecules harbor over 170 distinct chem-

ical modifications [119]. Many of these modifications share similar chemical

structures (e.g., stereoisomers) or induce subtle signal shifts that are indis-

tinguishable from canonical bases or random signal fluctuations using cur-

rent sensor technology [139]. Additionally, the propensity of RNA to fold

into stable secondary structures can induce stalling or variable translocation

speeds during sequencing; these dwell-time anomalies can be confounded

with modification-induced signal delays, further complicating the classifica-

tion tasks [140].

Finally, the development of supervised machine learning models for mod-

ification calling is constrained by the scarcity of ”ground truth” datasets.

Unlike DNA, where PCR amplification can generate strictly unmodified con-

trols, producing reference RNA datasets with known modification patterns is

methodologically challenging [141]. While In Vitro Transcription (IVT) can

generate unmodified transcripts, the synthesis of long RNA molecules con-

taining specific modifications at 100% stoichiometry (necessary for training

neural networks) remains difficult for most modification types [142]. This

lack of labeled training data forces many computational tools to rely on com-

parative strategies (e.g., detecting signal differences between IVT and native

samples) rather than direct classification, thereby limiting their ability to

identify modifications in isolation or within complex mixtures.
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5.2 State of the Art

While the physical principle of Nanopore sequencing theoretically allows for

the sensing of any RNA modification, the computational decoding of these

signals represents a significant bioinformatics challenge. The raw output

of the sequencer is a continuous measurement of ionic current (squiggle)

sampled at high frequency. When a modified base passes through the pore,

it induces a signal deviation compared to canonical nucleotides. However,

this deviation is highly complex, dependent not only on the modification

itself but also on the surrounding sequence context (k-mer).

To navigate this complexity, the computational landscape has diversified

into three primary methodological categories:

• Supervised Classification Models

This category encompasses methods that rely on machine learning al-

gorithms trained on labeled datasets to recognize modification signa-

tures. The current industry standard, promoted by ONT, employs

Deep Learning models integrated directly into the basecalling process.

The state-of-the-art implementation is Dorado, which can output prob-

ability scores for modifications alongside the base sequence (often via

the post-hoc module Remora). These ”black box” algorithms offer high

usability and speed but are strictly bound to the quality and diversity

of their training data, often suffering from high False Discovery Rates

(FDR) in underrepresented sequence contexts [143], [144].

A distinct approach within this category is represented by EpiNano

[145], [146]. Unlike the end-to-end deep learning models of basecallers,

EpiNano adopts a feature-engineering strategy rooted in the observa-

tion that chemical modifications induce systematic basecalling errors.

By extracting specific metrics from the aligned reads (such as mismatch

frequency, insertion/deletion rates, and current intensity), it employs a

classical Support Vector Machine (SVM) to distinguish modified from

unmodified bases. While this approach offers greater interpretability

than deep neural networks, it remains dependent on the availability of

high-quality training sets to learn the specific error profiles associated

with each modification type.

• Comparative Analysis (Sample vs. Control)
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To mitigate the biases of pre-trained models, the field has widely

adopted Comparative Analysis as a robust standard for validation.

These methods do not attempt to classify the modification directly

but instead detect statistical differences in the raw signal features be-

tween a target native sample and an unmodified control (IVT).

Approaches in this category include tools such as Nanocompore [141],

xPore [137], and Eligos [142]. These pipelines typically align the sig-

nal to the reference and perform statistical tests (e.g., Kolmogorov-

Smirnov, G-test, or Student’s t-test) to identify genomic positions

where the current intensity or dwell time distribution of the native

sample diverges significantly from the control.

• Unsupervised and Model-Free Approaches

More recently, a third category has emerged aiming to bypass both

the rigidity of supervised labels and the cost of control samples. These

Model-Free approaches rely on anomaly detection algorithms (e.g., Iso-

lation Forests, Autoencoders) to identify signal segments that deviate

from the expected canonical distribution based solely on internal signal

consistency [147]. By treating modifications as ”anomalies” within the

ionic current trace, these methods offer a theoretical framework for

identifying novel or rare modifications without prior training. How-

ever, their efficacy is contingent upon the precise isolation of the raw

signal segments corresponding to each nucleotide, a task that remains

computationally non-trivial.

It is worth noting that the practical application of these methods is of-

ten hindered by complex installation and execution requirements. Tools like

MasterOfPores [148], [149] have been developed to mitigate these barriers

by providing a unified, Nextflow-based interface. This pipeline orchestrates

the execution of established detection algorithms within a reproducible envi-

ronment, handling the necessary preprocessing steps in a standardized and

automated manner.

5.2.1 Resquiggling

While supervised models like Dorado perform an implicit alignment of the

signal during the inference process, encoded in the move tag of the align-

ment file, this representation is inherently coarse-grained, as it results from
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a strided and highly compressed mapping of the raw signal to the nucleotide

sequence (as documented in the Dorado documentation [150]). As a conse-

quence, move tables substantially reduce the temporal resolution and vari-

ability of the signal, making them insufficiently precise for downstream analy-

ses that require fine-grained signal-to-sequence correspondence.Comparative

and Model-Free approaches therefore require an explicit additional step of

signal-to-reference alignment (also referred to as resquiggling). This pro-

cess involves the precise extraction and mapping of the raw ionic current

segments to specific genomic positions.

The raw output files (originally FAST5, now evolved into the more ef-

ficient POD5 format) contain the continuous ionic trace, but this data is

not intrinsically mapped to the genomic sequence: to bridge this gap, the

raw signal events must be realigned to the basecalled sequence. Methods

developed to perform this operation include Tombo [92], which pioneered

the resquiggling approach, and aligners like Nanopolish [91] (and its high-

performance implementation f5c [151]) that employ a HMM-based algorithm

called Adaptive Banded Event Alignment (ABEA).

While these established frameworks defined the standards for signal anal-

ysis derived from earlier RNA chemistries (RNA002), most of them have

either been officially deprecated or currently lack the specific pore models

required to process the complex signal topology of the latest RNA004 flow

cells.

Consequently, the landscape of tools capable of performing this task on

modern datasets is sparse. Currently, the only two methods providing pore

models compatible with RNA004 chemistry are uncalled4 [152] and f5c [151],

which rely on fundamentally different algorithmic strategies to solve the

signal-to-reference alignment problem.

f5c employs the ABEA algorithm, originally developed for Nanopolish.

ABEA operates within a HMM framework, where the reference sequence

determines the emission probabilities (based on the expected current levels

for each k-mer). The algorithm seeks the most likely path of events through

the k-mer sequence. To ensure computational tractability, the search space

is restricted to an adaptive ”band” around the optimal alignment diagonal,

dynamically adjusting the constraints based on the alignment score.

In contrast, uncalled4 is based on Dynamic TimeWarping (DTW). Unlike

the probabilistic HMM approach, DTW treats the alignment as a non-linear

optimization problem, aiming to minimize the cumulative distance between
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the observed raw signal trace and the synthetic trace predicted by the pore

model. By locally compressing or expanding the time axis, DTW effectively

handles the stochastic variation in polymer translocation speed (dwell time)

without requiring the strict state transitions of an HMM.

This alignment precision comes at a steep computational cost, which is

particularly relevant considering that detection methods are based on either

comparative experimental designs (requiring negative control samples) or

model-free approaches that rely on constructing a large ”corpus of truth”

from unmodified samples.

In light of these challenges, the results presented in this chapter focus on a

comparative analysis of signal extraction strategies. Specifically, we evaluate

the consistency and fidelity of raw signals extracted directly from basecaller

move tables (using a custom implementation) against those obtained via

explicit realignment algorithms (Uncalled4 and f5c).

5.3 Results

5.3.1 Signal Extraction and Realignment Assessment

The primary objective of this study was to evaluate the fidelity and stability

of different signal extraction pipelines for dRNA sequencing data. Accurate

signal segmentation is the foundational step for any downstream epitran-

scriptomic inference, particularly for model-free detection methods that rely

on deviations from a baseline corpus of truth. To isolate technical variability

from biological noise such as naturally occurring post-transcriptional modi-

fications, we employed an IVT RNA dataset. Since IVT RNA is synthesized

using canonical nucleotides, any observed variance in the signal distribution

can be attributed to the sequencing chemistry, the basecalling model, or the

signal extraction algorithm itself.

We designed a comparative framework to evaluate two state-of-the-art

realignment tools, Uncalled4 and f5c, against the native output provided

by the Dorado basecaller. The analysis was conducted using the Dorado

basecaller with the three available models with varying accuracy: fast, HAC

and SUP. This multi-model approach allowed us to quantify the dependency

of signal extraction quality on the underlying sequence accuracy.

We implemented three distinct extraction pipelines, by means of custom

Python scripts to standardize the output formats:
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1. Dorado Raw Alignment: Signals were extracted directly according to

the move table generated by Dorado. This dataset represents the raw

assignment of current samples to sequence bases as determined by the

basecaller’s neural network, without any post-hoc realignment. We

developed a custom parser to map these move indices to genomic co-

ordinates based on the BAM alignment.

2. Uncalled4 (DTW): We processed the raw POD5 files using the un-

called4 align function, which employs DTW to align raw signal events

to the reference sequence. The resulting alignment layers were parsed

to extract the mean current and dwell time for every reference position.

3. f5c (ABEA): The dataset was processed using the f5c eventalign func-

tion, based on the ABEA algorithm. As for uncalled4 output, a dedi-

cated script was written to parse the eventalign output and map event

means to their corresponding genomic indices.

To evaluate biological coherence, we aggregated the extracted signals by

genomic position. For each nucleotide in the reference genome, we calculated

the median ionic current and the standard deviation (SD) across all covering

reads. These metrics serve as proxies for the stability of the signal level and

the precision of the alignment, respectively.

The visual inspection of the signal traces (Figure 5.1) on an example

genomic region reveals a significant divergence between the raw basecaller

output and the realignment tools, with the Dorado raw alignment exhibit-

ing high-frequency stochastic fluctuations. While this preserves the instan-

taneous nature of the sensor readings, it introduces substantial noise that

complicates the definition of a stable baseline. In contrast, both Uncalled4

and f5c produce congruent smoothed median current profiles, indicating that

while realignment is a critical step for filtering technical noise and standard-

izing signal distributions, DTW and ABEA provide globally comparable re-

sults.

Quantitatively, we assessed the robustness of these methods by calcu-

lating the correlation of signal features extracted using the Fast model ver-

sus the SUP model, to determine the impact of basecalling accuracy on

each pipeline (Figure 5.2). Our analysis indicates that reference-guided re-

alignment tools maintain high correlation (R ∼ 0.95) among models across

genomic positions, implying that the realignment step effectively mitigates
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Figure 5.1: Comparison of median ionic current profiles across extraction frame-

works on an example genomic region. Results are shown for the Fast (A), HAC (B)

and SUP (C) basecalling models. Realignment tools (Uncalled4 and f5c) demon-

strate significantly higher signal coherence compared to the raw basecaller output

and show comparable profiles among basecalling models.
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inaccuracies introduced during basecalling by anchoring the signal to the ex-

pected reference k-mer rather than to the basecalled sequence. This suggests

that both uncalled4 and f5c are largely robust to basecalling errors when op-

erated in a reference-guided setting. Conversely, raw extraction showed a

significantly lowe correlation (R ∼ 0.55), highlighting its susceptibility to

basecalling errors.

Figure 5.2: The figure shows the correlation between signals extracted from reads

basecalled with the Fast (least accurate and SUP (most accurate) models for raw

aligned data (extracted via the move table), uncalled4 and f5c.

To rigorously validate the reproducibility of the extracted signals, we per-

formed an internal consistency test. Genomic positions sharing the same ref-

erence k-mer were randomly partitioned into two independent subsets (Sub-

set A and Subset B), and the mean signal was computed for each genomic

position. We then assessed the correlation between the aggregated signals

of the two subsets. This correlation reflects the extent to which identical

k-mers exhibit consistent signal profiles across distinct genomic contexts,

thereby providing a quantitative measure of the reproducibility of the ex-

traction method and of the influence of broader sequence context on k-mer-

associated signals.

As shown in Figure 5.3, data extracted according to the Dorado move ta-

ble shows a relatively low correlation between subsets (R ∼ 0.68), confirming

that raw Dorado alignment is too noisy for generating a reliable consensus

without secondary processing. Conversely, both Uncalled4 and f5c exhibited

robust internal consistency (R ∼ 0.96).
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Figure 5.3: The figure shows the Internal consistency assessment of random sub-

sets of genomic positions exhibiting identical k-mer sequence. The high correlation

observed in realigned data validates the biological significance of signal extracted

after resquiggling, also confirming the similar performance obtained by uncalled4

and f5c. Conversely, as expected, raw signal alignment provides biologically less

coherent values, resulting in a lower correlation between subsets.

5.3.2 Self-Alignment

Standard reference-guided alignment is based on forcing the raw signal to

match the expected sequence provided by a reference genome. While this

approach standardizes the data coordinates and allows to correct basecalling

inaccuracies, it may introduce errors due to the reference bias. If the actual

RNA molecule contains a variant or a biologically edited base that differs

from the reference, the alignment algorithm may force-fit the signal segments

to the wrong k-mer model, resulting in distorted current distributions.

To mitigate this bias, both f5c and uncalled4 offer an alternative Self-

Alignment mode: in this mode, the signal is aligned not to the external

genome, but to the read’s own basecalled sequence. This read-based ap-

proach hypothesizes that the basecalled sequence, although potentially con-

taining errors, is a more faithful representation of the physical molecule

passing through the pore than a theoretical reference.

To test this strategy we developed an custom Python pipeline. Since Self-

Alignment produces data indexed by the read’s internal coordinates rather

than genomic positions, we created a mapping framework that:

1. Extracts the signal events aligned to the read sequence (Self-Alignment).

2. Projects the signal events from the read-space to the genome-space
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(according to read alignment).

3. Calculates signal median and standard deviation from all the events

mapped to each reference position.

It is crucial to note that although the final metrics are reported per ge-

nomic position, the underlying signal segmentation is fundamentally different

from the Reference-Guided approach. In Reference-Guided mode, the align-

ment algorithm is constrained by the reference k-mers; in Self-Alignment,

the segmentation follows the raw basecalls.

As a first step, we evaluated the impact of the basecalling model accuracy

on the extracted. As expected, self-realignment shows a higher dependency

on basecalling model, with a lower global correlation (R ∼ 0.54 for both un-

called4 and f5c) of median signal between fast and SUP basecalling compared

to Reference-Guided realignment (see Figure 5.4).
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Figure 5.4: The figure shows the correlation between signals extracted in Self-

Alignment mode from reads basecalled with the Fast (least accurate and SUP

(most accurate) models for uncalled4 and f5c. The lower correlation (compared

to the one observed for both methods with the standard Reference-Realignment

mode) confirms the higher dependency of Self-Realignment on sequence accuracy,

and the lower ability to bypass basecalling errors.

Despite this increased dependency on basecalling accuracy, self-aligned

signals retain high internal consistency when evaluated through subset cor-

relation analyses (R ∼ 0.9, Figure 5.5) both for uncalled4 and f5c, also
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for the Fast (less accurate) basecalling model. This results suggest that

self-alignment represents a viable strategy for reference construction when

minimizing reference-induced bias is a priority.

5.3.3 K-mer based aggregation

A major bottleneck in developing model-free epitranscriptomic methods is

the requirement for extremely high coverage at every genomic position to

build statistically significant signal distributions. Constructing a Corpus

of Truth solely based on genomic coordinates is often inefficient, as many

regions of the transcriptome are naturally low-expressed, leading to sparse

data and unreliable baselines for detecting modifications.

To overcome this limitation, we proposed and evaluated an alternative

aggregation strategy: pooling signal events based on k-mer identity rather

than their unique genomic position. The underlying hypothesis is that the

physicochemical properties of a k-mer (e.g., the ionic current blockade level)

are largely determined by its local sequence context, regardless of its specific

location in the genome. By aggregating all instances of a specific k-mer across

the entire transcriptome, we aim to artificially increase the effective coverage

by orders of magnitude, thereby generating robust signal distributions even

from standard sequencing depths.

To validate this strategy, we processed the Self-Aligned dataset gener-

ated using Uncalled4 (as described in the previous section), grouping signal

segments by their 9-mer sequence identity instead of their genomic coordi-

nate. Global statistics, including median current and standard deviation,

were then calculated for each of the observed 9-mers to construct a global

k-mer reference. For simplicity and consistency, this analysis focused on

the output from Uncalled4, which demonstrated high reliability in previous

self-alignment tests.

As a first metric of success, we quantified the increase in data density

achieved by aggregating on k-mer sequence. In our IVT dataset, the average

positional coverage was approximately 5 reads per genomic site. In sharp

contrast, the k-mer-based aggregation yielded a mean effective coverage of

approximately 83,000 observations per k-mer. Here, an ”observation” is

defined as the product of the number of reads covering a given position

and the number of genomic loci where that specific k-mer occurs. This

substantial increase in coverage enables the construction of robust baseline

signal distributions from standard whole-transcriptome sequencing data.
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Figure 5.5: The figure shows the Internal consistency assessment of random sub-

sets of genomic positions exhibiting identical k-mer sequence after Self-Alignment

with uncalled4 and f5c on reads basecalled with the Fast and SUP models.
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We next evaluated whether pooling signals from diverse genomic contexts

introduced excessive noise, which would undermine the precision of the ref-

erence model. We compared the distribution of signal standard deviations

for events aggregated by k-mer identity against those aggregated by single

genomic positions.

As shown in Figure 5.6, the signal distributions for global k-mers exhibit a

mean standard deviation comparable to that of site-specific signals (ranging

from ∼ 7.7 to ∼ 8.4 pA). The overlapping density curves suggest that the

local k-mer sequence is indeed the primary determinant of the ionic current,

and that distal genomic context exerts a negligible effect on signal variance.

This finding supports the use of a global k-mer model as a stable Corpus of

Truth.
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Figure 5.6: The figure shows the comparison of standard deviation from the

median signal of each event (k-mer or genomic positions) for k-mer based and

position-based signal aggregation. Results are shown for Fast (green), HAC (blue)

and SUP (orange) basecalling models.

To rigorously validate the biological accuracy of the global k-mer model,

we assessed the correlation between the signal values derived from this new

aggregation method and the ”ground truth” values obtained from position-

specific genomic aggregation.

First, we verified the technical stability of the method by repeating the

same comparative analysis performed in previous sections: correlating the

global k-mer medians obtained from reads basecalled with the Fast model

against those from the SUP model. This analysis yielded an extremely high

correlation (R = 0.995, Figure 5.7), significantly surpassing the values ob-

served in site-specific analysis. This high stability confirms that the k-mer

aggregation strategy is robust to basecalling errors and produces highly con-
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sistent signal estimates across different accuracy models, a result likely driven

by the massive increase in observations per event which effectively neutralizes

stochastic noise.
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Figure 5.7: The figure shows the correlation of median signals after k-mer based

signal aggregation performed on reads basecalled with the Fast and SUP basecalling

models. The extremely high correlation confirms the stabilization of the signal

when substantially increasing the number of observations.

Lastly, we calculated the correlation between the median signal assigned

to each global k-mer and the median signal of genomic positions charac-

terized by the same k-mer sequence. This analysis revealed a high degree

of biological coherence, with Pearson correlation coefficients of R = 0.893

for the Fast model and R = 0.909 for the SUP model (Figure 5.8). This

strong linear relationship further indicates that the average signal of a k-

mer collected across the transcriptome is a statistically accurate predictor

of the signal at any specific genomic locus, thereby legitimizing the use of a

transcriptome-wide corpus of truth for detecting local anomalies.

5.4 Materials and Methods

5.4.1 Data Preparation and Processing

The dataset analyzed in this study consists of direct mRNA sequencing reads

derived from murine macrophages. Specifically, we utilized the In Vitro

Transcribed (IVT) dataset generated by Lemercier et al. [147]. The choice
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Figure 5.8: The figure shows the correlation between the median signal of each

k-mer and the median signal of genomic positions exhibiting by the same k-mer

sequence. Results are shown Fast (green), HAC (blue) and SUP (orange) basecall-

ing models.

of IVT RNA was crucial to establish a modification-free baseline, allowing

us to isolate signal variability originating solely from sequence context and

technical factors.

Raw sequencing data (POD5 files) were processed using the ONT base-

caller Dorado (v.0.8.1). In order to evaluate the impact of basecalling model

complexity on signal segmentation accuracy, we performed basecalling using

three distinct models provided by ONT: Fast, HAC and SUP. All basecall-

ing runs were executed with the --emit-moves flag to preserve the move

table within the output BAM files, enabling the downstream mapping of

raw signal strides to basecalled nucleotides.

Prior to signal extraction, the alignment files were filtered to ensure high-

quality data. We retained only primary alignments with a Mapping Quality

score (MAPQ) greater than 10.

5.4.2 Signal Extraction and Realignment Pipelines

To compare different signal processing strategies, we implemented three dis-

tinct extraction pipelines. Custom Python scripts were developed to parse

the outputs of each tool and standardize the signal metrics (median current,

standard deviation) into a unified format for statistical analysis.

Signal-to-Reference realignment was performed using two tools:

• Uncalled4: The uncalled4 align (version 4.1.0) subcommand was

executed with default parameters in --eventalign-out mode. This
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generated an eventalign-like TSV file containing the mapping between

reference k-mers and signal events. We then employed a custom Python

script to parse this output, converting the standardized current levels

back to raw picoampere (pA) values using the read-specific scaling

parameters (scale, shift) extracted from the POD5 files.

• f5c: The f5c eventalign (version 1.6) subcommand was used with

default options, adding the --print-read-names --samples flags to

obtain calibrated signal values for each read position. Prior to exe-

cution, POD5 files were converted to the BLOW5 format using pod5

convert to fast5 and slow5tools f2s, and sequencing reads were

indexed using f5c index. A dedicated parser was written to map the

event means to genomic indices.

Signal-to-Read realignment (Self-Alignment) was performed using un-

called4 and f5c using the following settings:

• Uncalled4 Self-Alignment: The uncalled4 align subcommand

was used in --self mode. This produced an alignment of signal events

to the read’s k-mers. Our custom post-processing script then matched

these ”read k-mers” to the corresponding reference genomic positions

based on the read’s alignment (BAM), allowing us to compare self-

aligned signals in a genomic context.

• f5c Self-Alignment: The f5c resquiggle command was used to

align signals to the basecalled sequence. Similar to the Uncalled4

pipeline, we extracted the signal indices per read position and mapped

the corresponding calibrated signal values to reference positions using

the alignment information.

5.4.3 Custom Signal Extraction Pipelines

To standardize the signal data obtained from different sources and realign-

ment strategies, we developed a group of custom Python scripts. These

pipelines were designed to parse the raw outputs from Dorado, Uncalled4,

and f5c, and to perform two distinct types of data aggregation: by genomic

position and by k-mer sequence.

For the raw extraction method, signals were segmented directly according

to the move table generated by Dorado during basecalling. We developed a

custom Python code to parse the move table along with additional relevant
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tags (ts, ns) and maps them to the raw signal array in the corresponding

POD5 file. Raw signal segment are then assigned to each base called by the

network and mapped to genomic coordinates based on the BAM alignment

CIGAR string. This pipeline represents the ”native” signal assignment as

determined by the basecaller’s neural network, without any post-hoc refine-

ment.

For Uncalled4 and f5c outputs, which provide signal data in standardized

TSV formats (eventalign or similar), our scripts parse the event tables to

extract the mean current and standard deviation for each event (k-mer or

genomic position). Raw current values are calibrated using the read-specific

scaling parameters (scale, shift) extracted from the POD5 files to ensure

comparability across reads.

Aggregation by Genomic Position

For position-based analyses, extracted signal events are mapped to reference

coordinates using the read alignment information (BAM/CIGAR string).

Our pipeline groups all signal events covering a specific genomic coordinate

and calculates the median current and standard deviation across all covering

reads. This approach constructs a site-specific signal profile.

Transcriptome-wide K-mer Aggregation

To implement the k-mer-based strategy, we developed a specialized pipeline

that aggregates signals based on sequence identity rather than position. This

pipeline processes the output of Self-Aligned reads and groups signal events

based on their 9-mer sequence (observed on the read), effectively decoupling

the signal from its genomic coordinate. As a last step, the global median

current, variance, and observation count for each of the unique k-mers found

in the transcriptome is calculated.

5.4.4 Statistical Analysis and Performance Metrics

To quantitatively evaluate the stability, accuracy, and biological validity of

the signal extraction methods, we employed the following statistical metrics.

To assess the robustness of signal extraction against basecalling errors,

we performed a Pearson correlation analysis (R) between the signal profiles

obtained from the Fast basecalling model and the SUP basecalling model. A
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high correlation coefficient indicates that the extraction pipeline is consistent

regardless of the basecalling model’s complexity.

To assess the biological validity of the extracted signals, we developed

an internal consistency metric based on k-mer identity. Genomic positions

were grouped by their reference 9-mer sequence. For each unique k-mer with

sufficient occurrences (N > 50), the associated genomic loci were randomly

split into two subsets (Subset A and Subset B). The mean signal was calcu-

lated for each subset, and a linear regression was performed between Subset

A and Subset B. The Pearson correlation coefficient of this regression serves

as a proxy for signal precision.

To validate the accuracy of the k-mer aggregation strategy, we calculated

the Pearson correlation between the global median signal of a k-mer (derived

from the Transcriptome-wide aggregation) and the median signal of specific

genomic positions containing that same k-mer. This metric assesses whether

the global average is a reliable predictor of local signal behavior.

5.5 Conclusion

The comparative analysis presented in the previous chapter demonstrated

that, in terms of raw signal reconstruction accuracy, uncalled4 (DTW) and

f5c (ABEA) are functionally equivalent. Both algorithms converge on a

nearly identical physical topology of the ionic current traces, validating the

reliability of either approach for standard reference-based realignment. How-

ever, beyond pure signal fidelity, the choice between these two tools involves

critical operational trade-offs regarding workflow integration, computational

efficiency, and software maturity.

A major distinction lies in data handling and pipeline integration. un-

called4 is inherently designed for the modern Nanopore ecosystem: it na-

tively supports the efficient POD5 raw data format and interacts directly

with standard BAM alignment files. This allows for a streamlined pipeline

where the rich metadata embedded in the BAM (such as methylation tags

or movement tables) is preserved and utilized without redundancy.

In contrast, f5c remains anchored to legacy file structures. Currently, it

does not support the direct processing of POD5 files, necessitating a manda-

tory conversion step to the older FAST5 format or the community-standard

SLOW5/BLOW5 formats. This conversion introduces a significant overhead

in terms of storage management and processing time. Furthermore, f5c re-
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quires both the mapping file (BAM) and the primary sequence file (FASTQ)

as inputs. In modern pipelines (e.g., Dorado), the FASTQ format is of-

ten bypassed in favor of uBAM (unaligned BAM) to prevent metadata loss,

making f5c’s requirement an architectural bottleneck that complicates the

analysis workflow.

From a computational perspective, f5c maintains a clear advantage. Built

as a high-performance adaptation of Nanopolish, it is highly optimized for

parallel processing and, crucially, offers full GPU acceleration. This makes

it the superior choice for large-scale population studies where throughput is

the limiting factor. The HMM-based ABEA algorithm, confined to a narrow

adaptive band, is computationally less expensive than the global optimiza-

tion required by Dynamic Time Warping. Consequently, while uncalled4

is computationally tractable for transcriptomic datasets, it incurs a higher

CPU cost per read, which may scale poorly for high-depth sequencing with-

out dedicated optimization.

Furthermore, the ”readiness” level of the software packages must be con-

sidered. f5c benefits from years of community testing and optimization, re-

sulting in a highly stable codebase that is robust to edge cases. Conversely,

uncalled4, being a more recent development aimed at bridging the gap for

RNA004 chemistry, is currently in an active phase of evolution. While it

introduces innovative features like Signal-to-Read (self) alignment, our anal-

ysis highlighted that these experimental modes currently exhibit variable

stability. We encountered intermittent runtime exceptions and inconsisten-

cies when processing complex alignment scenarios, which is characteristic of

software that has not yet reached full maturity. While these limitations are

expected to be resolved in future updates, they currently necessitate careful

supervision of the pipeline, whereas f5c offers ”production-grade” reliability

for standard reference-based tasks.

Finally, our analysis suggests a promising alternative for the construction

of baseline reference models. We demonstrated that aggregating signals by

k-mer identity across the entire transcriptome yields a massive increase in

effective coverage without sacrificing signal precision or biological accuracy.

This strategy leverages the redundancy of k-mers in the transcriptome to

generate statistically robust signal distributions even for rare motifs or low-

abundance transcripts. By decoupling the signal model from specific genomic

coordinates, this approach overcomes the coverage bottlenecks inherent in
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standard RNA-seq, paving the way for more sensitive and comprehensive

model-free detection of epitranscriptomic modifications.
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Chapter 6

Conclusion

6.1 Summary of contribution

The work presented in this thesis explores the development of computational

strategies for the analysis of long-read sequencing data, with a particular fo-

cus on structural variation and DNA methylation profiling. In recent years,

third-generation sequencing technologies have deeply transformed genomics

by enabling the direct interrogation of native DNA molecules at unprece-

dented resolution. Yet, their full potential still depends critically on the

availability of analytical methods capable of overcoming intrinsic challenges

such as elevated error rates, alignment uncertainty, and signal-level vari-

ability. Within this context, this thesis contributes novel methodological

frameworks that enhance robustness, interpretability, and biological insight

across distinct layers of genome regulation.

The first major contribution of this work is the development of GASO-

LINE, a computational method for the detection and characterization of

structural variants from Oxford Nanopore sequencing data. By introducing

the Normalized Reciprocal Overlap metric and leveraging a graph-theoretic

clustering approach, GASOLINE addresses one of the persistent limitations

of existing SV callers: the imprecision and redundancy of breakpoint predic-

tions caused by the noise inherent to long-read alignments. Through exten-

sive benchmarking on both synthetic and real datasets, GASOLINE demon-

strated competitive or superior performance compared to state-of-the-art

tools, with particular advantages in breakpoint accuracy, clustering stabil-

ity, and detection of events at low coverage. A second key component of the
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method is the implementation of a dedicated somatic SV module, which fills

an important gap in current computational genomics pipelines. By explicitly

comparing matched tumor-normal sample pairs through an NRO-based simi-

larity measure and a statistical significance test, GASOLINE enables reliable

detection of somatic rearrangements, even in heterogeneous and subclonal

cancer genomes. Collectively, this work establishes GASOLINE as a versatile

and accurate solution for both germline and somatic SV discovery, demon-

strating how long-read data can be used not only to detect rearrangements

but also to reconstruct their underlying haplotypic structure.

The second main contribution of the thesis concerns the detection and in-

terpretation of differential DNA methylation from nanopore reads. Existing

approaches for DMR calling are typically derived from bisulfite sequencing

methodologies and rely almost exclusively on differences in average methy-

lation levels. However, direct long-read methylation enables a far richer rep-

resentation, capturing the epiallelic composition of each genomic region and

revealing whether methylation changes occur uniformly across molecules or

arise from clonal selection, epigenetic drift, or shifts in cell-type composition.

To exploit this unique feature of long-read data, we developed PoreMeth2,

a bivariate segmentation method that integrates changes in methylation fre-

quency (∆β) with changes in epiallelic entropy (∆S). This joint modeling

strategy allows the discrimination between homogeneous and heterogeneous

methylation alterations, which would remain indistinguishable under con-

ventional univariate frameworks. Applications to both AML datasets and

human peripheral glial cells confirmed that the combined analysis of ∆β and

∆S provides a more nuanced and biologically meaningful interpretation of

epigenetic remodeling, highlighting cases where methylation changes reflect

selective expansion of pre-existing epiallelic states rather than coordinated

regulation. PoreMeth2 thus introduces a conceptual and methodological

advance by reframing DMR detection in terms of the internal diversity of

methylation patterns rather than solely their mean levels.

Finally, the scope of this research extended to a preliminary exploration

of the epitranscriptomic landscape. Unlike the relatively well-established

frameworks for DNA analysis, the direct detection of RNA modifications via

Nanopore sequencing remains a developing frontier. Our work focused on

exploring different computational strategies to address the complexities of

signal segmentation in direct RNA sequencing. Our comparative assessment

indicated that realignment tools, such as uncalled4 and f5c, provide a stable
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reconstruction of ionic current traces compared to raw basecaller outputs,

effectively reducing technical noise. Building on this observation, we inves-

tigated the potential of a Transcriptome-wide K-mer Aggregation strategy

as a means to overcome the coverage limitations inherent in standard RNA-

seq data. Our preliminary analysis suggests that pooling signals based on

sequence identity allows for a substantial increase in effective observation

counts while maintaining signal coherence. This finding points towards the

possibility of constructing an internal reference baseline directly from the

experimental dataset, a methodological direction that, if further developed

and validated, could help mitigate the dependency on external controls in

model-free modification detection.

Taken together, the developments presented in this thesis demonstrate

how long-read sequencing can serve as a unifying platform for structural,

epigenetic, and epitranscriptomic genomics, and how novel computational

methods are essential for unlocking the full richness of the signal. While the

epitranscriptomic analysis remains exploratory, GASOLINE and PoreMeth2

contribute distinct, mature perspectives: the former reconstructs the large-

scale structural changes that reshape genome architecture; the latter quan-

tifies the fine-grained epigenetic dynamics that regulate gene activity and

cellular identity. Both methods illustrate how moving beyond traditional

short-read paradigms enables new biological questions to be addressed with

higher resolution and interpretability.
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doi: 10.1038/s41598-023-48285-0.

• G. Mattei et al., “Poremeth2 for decoding the evolution of methylome alter-

ations with nanopore sequencing”, Genome Research, vol. 35, no. 11, pp.

2501-2512, 2025, doi: 10.1101/gr.280259.124. (Co-first author)
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