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Abstract

Variation graphs provide a powerful solution to overcome the limitations of linear reference
genomes, especially in representing the diversity and structural complexity within species.
As genome sequencing becomes more accessible and datasets grow in both quality and
scope, it is increasingly clear that traditional reference-based analyses fall short in capturing
large-scale variation, population structure, and genomic complexity. However, the practical
interpretation and use of genome graphs remains an open challenge. Both graph construction
and downstream analysis require new tools that can operate at scale, preserve biological
interpretability, and offer meaningful metrics to describe the underlying structure.

In this thesis, I present a set of tools developed to address key challenges in variation
graph analysis. The core contribution is gretl, a fast and flexible framework for computing
graph- and path-based statistics. It enables systematic comparisons across parameter settings
and graph construction methods, and has been used to analyze graphs built from multiple
species, including a yeast dataset and the 1001 Genomes Arabidopsis pangenome. The
framework reveals how parameters such as segment length and alignment thresholds strongly
affect graph structure and interpretability. I also introduce gfa2bin, a graph-to-GWAS
bridge that supports association testing directly from graph node coverage. This method
demonstrates the potential of graph-based GWAS to detect both known and novel signals
of trait associations. In addition, I develop a novel variation detection approach based on
bifurcation events between paths, offering a complementary alternative to standard bubble
detection algorithms.

Together, these tools enable direct statistical exploration and biological analysis of
genome graphs at both global and sample-specific levels. Applied to the Arabidopsis dataset,
they reveal population structure, patterns of pangenome expansion, and the role of private and
structural variation across diverse accessions. While challenges remain in variant extraction,
graph augmentation, and performance scaling, this work demonstrates that genome graphs
can be used not only to store variation, but also to interpret and analyze it in meaningful
ways. The tools and methods presented here are a step toward more flexible, interpretable,
and biologically aware graph-based genomics.






Zusammenfassung

Die Analyse genetischer Variation ist ein zentrales Thema der modernen Genomforschung.
Klassische, lineare Referenzgenome stolen dabei zunehmend an ihre Grenzen, insbesondere,
wenn es um die Darstellung struktureller Vielfalt innerhalb einer Art geht. Variationsgraphen
bieten hier einen innovativen Ansatz: Sie ermdglichen eine umfassendere Reprisentation
genetischer Diversitét und erlauben die direkte Modellierung komplexer struktureller Vari-
anten.

Mit dem Zugang zu hochwertigen Sequenzierungsdaten gewinnt dieses zunehmend Mod-
ell an Bedeutung. Gleichzeitig fehlen jedoch oft geeignete Tools, um solche Graphstrukturen
systematisch zu analysieren und biologisch zu interpretieren.

In dieser Arbeit wurden mehrere Methoden entwickelt, die zentrale Herausforderungen
bei der Analyse von Variationsgraphen adressieren. Das Tool gretl bietet eine flexible
Plattform zur Berechnung verschiedener struktur- und pfadbasierter Metriken und erlaubt den
Vergleich unterschiedlicher Parameter und Konstruktionsmethoden. Es wurde unter anderem
auf einem Saccharomyces cerevisiae-Datenset sowie auf dem 1001-Genomes-Pangenom von
Arabidopsis thaliana angewendet. Dabei zeigte sich, dass Parameter wie Segmentlinge die
Topologie und Interpretierbarkeit der resultierenden Graphen mafigeblich beeinflussen.

Mit gfa2bin wurde dariiber hinaus ein Tool fiir graphbasierte Assoziationsanalysen
(GWAS) entwickelt. Es verwendet knotenbasierte Coverage-Werte als Grundlage fiir die
Genotypisierung, die anschlieend fiir statistische Tests herangezogen werden. Dabei konnten
sowohl bekannte als auch potenziell neue Assoziationen identifiziert werden. Ergénzt wird
das Methodenset durch einen neuartigen Ansatz zur Variantendetektion, der auf Verzweigun-
gen zwischen Pfaden basiert und klassische Bubble-Erkennungsverfahren gezielt erweitert.

Die vorgestellten Methoden ermdglichen neue Einblicke in die Struktur, Variation und
funktionellen Zusammenhinge von Genomgraphen. Am Beispiel von Arabidopsis thaliana
lassen sich sowohl Populationsstrukturen als auch das Wachstum des Pangenoms detailliert
nachvollziehen. Trotz bestehender Herausforderungen, etwa bei der effizienten Varianten-
erkennung, der Integration neuer Daten in bestehende Graphen oder dem Umgang mit groflen
Datensitzen, zeigen die Ergebnisse deutlich: Variationsgraphen haben das Potenzial, nicht



nur als Reprisentation, sondern als aktives Werkzeug zur Analyse genetischer Variation

etabliert zu werden.
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Chapter 1
Introduction

Deoxyribonucleic acid (DNA) is the fundamental hereditary material in all known living
organisms. It serves as the primary repository of genetic information, encoding the instruc-
tions necessary for growth, development, function, and reproduction of cells. The specific
sequence of nucleotide bases, adenine (A), thymine (T), cytosine (C), and guanine (G), con-
stitutes the genetic code, which directs the synthesis of proteins and regulates the expression
of genes. As such, DNA plays a central role in maintaining the integrity and continuity of
life across generations.

A foundational framework for understanding the flow of genetic information is articulated
by the Central Dogma of Molecular Biology, a concept first proposed by Francis Crick in
1958 [22]. This principle describes the flow of genetic information as proceeding from DNA
to RNA to protein, and fundamentally excludes the possibility of information transfer from
protein back to nucleic acids. The process begins with transcription, in which a specific DNA
sequence is transcribed into messenger RNA (mRNA). This mRNA then serves as a template
for translation, during which ribosomes synthesize proteins by decoding the mRNA sequence
into a corresponding chain of amino acids.

The vast majority of enzymatic reactions, including many steps of signal transduction as
well as biosynthesis of metabolites is carried out by proteins. The accurate transmission
of information from DNA to protein is therefore essential for normal cellular function and
organismal development.

Thus, the Central Dogma provides not only a molecular framework for gene expression
but also a mechanistic link between genotype and phenotype, an essential connection for
interpreting evolutionary processes at the population level. It forms the bridge between
molecular biology and evolutionary theory, enabling an integrated understanding of how
genetic information translates into observable traits subject to evolutionary change.

In this context, the ability to sequence DNA across individuals and populations has be-



2 Introduction

come a foundation of modern biological research. The development of high-throughput and
cost-efficient sequencing technologies has transformed what was once a laborious and expen-
sive task into a routine and scalable approach for exploring genetic diversity, evolutionary
dynamics, and the molecular basis of complex traits.

1.1 DNA

The molecular story of DNA began in 1869, when Swiss biochemist Friedrich Miescher,
working at the University of Tiibingen, first isolated a substance from the nuclei of white
blood cells, which he termed “nuclein” [93]. Although Miescher identified this material
as chemically distinct, its role in heredity remained unknown. For decades, proteins were
believed to be the likely carriers of genetic information due to their structural complexity.
This assumption was challenged in 1944, when Oswald Avery, along with Colin MacLeod
and Maclyn McCarty, demonstrated that DNA, not protein, was the “transforming principle”
responsible for heredity in bacteria [8]. Their work provided the first strong evidence that
DNA carried genetic information. A decisive breakthrough came in 1953, when James
Watson and Francis Crick, drawing on crucial X-ray crystallography data from Rosalind
Franklin, proposed the double-helix structure of DNA [139]. This model elegantly explained

how DNA could be replicated and how genetic information is encoded in base sequences.

1.2 History of DNA sequencing

The history of DNA sequencing began with slow and technically demanding methods that
relied on radioactive labeling and manual gel electrophoresis. Early efforts produced only
short sequences, often requiring years of work to resolve fragments of a few dozen base
pairs. A major breakthrough came in the late 1970s with the introduction of the Sanger
sequencing method, which used chain-terminating nucleotides [120]. This approach, later
automated and refined with fluorescent detection, enabled the first large-scale sequencing
projects, including the Human Genome Project, though at great cost and effort [72, 136]. The
development of next-generation sequencing (NGS) in the early 2000s marked a turning point
[92]. By massively parallelizing sequencing reactions and reducing reagent volumes, NGS
technologies dramatically increased throughput and lowered costs. This made whole-genome
sequencing accessible and routine across many fields.

More recently, third-generation sequencing technologies have enabled real-time sequenc-
ing of single DNA molecules, producing much longer reads and offering new insights into

structural variation and complex regions of the genome [31, 95]. While these methods can
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have higher error rates, they are continually improving and are increasingly supported by

complementary computational and experimental techniques [123].

1.3 Early approaches

Early methods focused on RNA viruses [34]. The first complete protein-coding gene gene
sequences was published by Walter Fiers and colleagues, who used enzymatic digestion and
two-dimensional gel electrophoresis to determine the RNA sequence of the bacteriophage
MS2 [34]. These methods were technically complex, slow, and limited to short fragments, but
demonstrated that nucleotide sequences could be resolved experimentally with biochemical
tools.

A more scalable approach was introduced by Ray Wu, who developed a technique based
on DNA polymerase extension from a known primer, incorporating radiolabeled nucleotides
[144]. This marked a conceptual shift toward synthesis-based sequencing and laid the
groundwork for the first broadly adopted DNA sequencing method.

In 1977, Frederick Sanger published the chain-termination method, which became the
foundation of first-generation sequencing. This technique used dideoxynucleotides (ddNTPs)
to terminate DNA synthesis at specific bases [120]. By performing four parallel reactions,
one for each nucleotide, and separating the resulting fragments by polyacrylamide gel
electrophoresis, it became possible to infer DNA sequences from the banding pattern. Later
adaptations using fluorescently labeled terminators enabled automated detection and formed
the basis of sequencing systems developed in the 1980s and 1990s [131].

Sanger sequencing proved highly accurate, with typical read lengths of 500—1000 base
pairs, and remained the dominant technique in molecular biology for nearly three decades.
However, it required clonal input DNA, typically generated through bacterial transformation.
To sequence larger genomic regions, methods such as bacterial artificial chromosomes
(BACs) and yeast artificial chromosomes (YACs) were developed to propagate long inserts
[13, 106, 128].

Sanger sequencing played a central role in early large-scale genome projects, including
the Human Genome Project [72, 136]. However, its low throughput and high cost made
it unsuitable for sequencing many genomes or analyzing large populations efficiently. Its
reliance on gel-based separation and single-fragment workflows limited scalability and speed,
particularly as researchers sought to sequence entire genomes across a diverse range of
species. High-profile projects such as the Arabidopsis thaliana genome [6], the first fully
sequenced plant genome, and the Drosophila melanogaster genome [5], a model for animal

genetics, also relied on Sanger-based approaches. Similar strategies were used to complete
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the rice genome (Oryza sativa) [44, 145], a major milestone in crop genomics. These and
other efforts made clear the need for faster, more scalable sequencing technologies, ultimately
motivating the development of high-throughput sequencing platforms in the early 2000s.
Nevertheless, Sanger sequencing remains widely used today for targeted sequencing and
validation, valued for its reliability and interpretability [87]. It also serves as a benchmark

for assessing the accuracy of newer sequencing methods [126].

1.4 Next-Generation Sequencing

The limitations of first generation sequencing, particularly its low throughput and high cost,
motivated the development of fundamentally new approaches to DNA sequencing [87, 92].
Around the turn of the 21st century, a range of technologies emerged that collectively came to
be known as next generation sequencing (NGS). These methods introduced several important
innovations: the ability to perform massively parallel sequencing reactions, the use of
clonally amplified DNA fragments immobilised on solid supports, and real-time monitoring
of sequencing-by-synthesis or related chemistries [127]. The result was a significant reduction
in sequencing costs, a dramatic increase in output, and the establishment of a new standard
in genomic research [126].

A key conceptual advance came from the work of George Church and colleagues, who
demonstrated that DNA sequences could be read directly from spatially resolved DNA
colonies, referred to as polonies, embedded in a polyacrylamide gel [97]. In parallel,
advances in fluorescence microscopy, combined with increasingly high-resolution sensors,
enabled the detection of base incorporation events. This early demonstration of parallelised
sequencing-by-synthesis established the foundational principles for later developments in the
field. Around the same time, Balasubramanian and Klenerman, through Solexa, a company
later acquired by Illumina, introduced a more scalable sequencing implementation based on
bridge amplification and reversible terminator chemistry [118, 11]. In this system, short DNA
fragments ligated to surface-bound adapters are clonally amplified to form dense clusters
on a flow cell. During sequencing, a DNA polymerase incorporates fluorescently labelled
and chemically blocked nucleotides one at a time. After imaging, the blocking groups are
removed, and the process repeats. This approach allowed millions of DNA fragments to be
sequenced simultaneously with high accuracy and has since become the dominant platform
for short-read sequencing [48].

Several other sequencing systems were developed in parallel. The pyrosequencing
approach commercialised by 454 Life Sciences detected pyrophosphate release during nu-

cleotide incorporation using a luciferase-based light detection system [88]. It was among the
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first methods to produce longer sequencing reads but suffered from errors in homopolymeric
regions and high costs. Ion semiconductor sequencing, developed by lon Torrent, used
pH sensors to detect hydrogen ions released during nucleotide incorporation. Although
this method reduced reagent cost and increased speed, its accuracy and consistency did not
match that of Illumina-based systems [118]. Helicos Biosciences pursued single-molecule
sequencing using fluorescence detection, which avoided amplification entirely but faced
technical challenges and limited commercial success [48].

The success of Illumina’s platform is attributed to its combination of low per-base error
rates, a relatively uniform error profile, and compatibility with a wide range of applications
[11]. Despite these advantages, the technology is constrained by short read lengths, typically
between 100 and 250 base pairs. This limits its ability to resolve structural variants, repetitive
regions, and long-range haplotypes. In response, several experimental and computational
strategies have been developed to extend the utility of short-read data. These include mate-
pair libraries and synthetic long-read technologies such as Moleculo and 10X Genomics,
which associate barcodes with long DNA fragments prior to fragmentation [147]. This
enables the reconstruction of long-range information from short sequencing reads. Other
strategies include strand-specific techniques such as strand-seq, which isolates DNA from
individual chromatids [33], and proximity ligation methods such as Hi-C, which provide
structural information by capturing spatial interactions between DNA regions [82]. These
methods have supported improved haplotype resolution, structural variant detection, and
genome assembly, especially in complex or previously uncharacterised genomes.

Next generation sequencing has had a profound impact on biological research. It en-
abled large-scale studies in genomics, transcriptomics, and metagenomics, and made high-
throughput DNA sequencing accessible to a broad scientific community. Although subsequent
technologies have addressed some of the limitations of short-read sequencing directly, next
generation sequencing remains a widely used and continually evolving platform due to its

scalability, accuracy, and adaptability.

1.5 "Third generation' sequencing

While second generation sequencing brought high-throughput and cost-effective DNA anal-
ysis, it is limited by its reliance on short reads and the observation of pooled molecules.
Amplification, which is used to enhance signal, introduces potential biases and errors, and
stepwise synthesis reactions are subject to de-phasing effects that restrict the length and
fidelity of reads. In contrast, third generation sequencing aims to observe single DNA

molecules in real time, avoiding amplification and enabling much longer reads. Two com-
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mercially successful platforms exemplify this approach: Pacific Biosciences (PacBio) and
Oxford Nanopore Technologies (ONT).

PacBio’s technology is based on single-molecule real-time (SMRT) sequencing performed
in zero-mode waveguides (ZMWs). These nanophotonic chambers enable the observation of
individual DNA polymerases incorporating fluorescently labeled nucleotides [31]. Initially,
the platform produced continuous long reads (CLR), which could exceed tens of kilobases
in length. However, CLR reads had relatively high raw error rates, often above 10 percent,
primarily due to insertions and missed events. While the errors were largely random and
could be reduced by high coverage and consensus methods, they posed limitations for certain
applications [117].

To address the need for higher accuracy, PacBio introduced circular consensus sequencing
(CCS), which enables the generation of high-fidelity (HiFi) reads. In this method, a single
circularised DNA molecule is sequenced multiple times by the polymerase, producing
multiple subreads from which a consensus is calculated [140]. This trade-off reduces
maximum read length compared to CLR, typically yielding HiFi reads in the range of 10 to
25 kilobases, but with accuracy exceeding 99.9 percent (Q30 or higher). HiFi reads combine
the advantages of long-read context with the precision typically associated with short-read
platforms, making them highly effective for applications such as variant detection, haplotype
phasing, de novo assembly, and full-length transcript isoform analysis [140, 102].

HiFi sequencing has also become central to efforts aiming to generate high-quality,
gapless reference genomes, such as those from the Telomere-to-Telomere (T2T) and Human
Pangenome Reference Consortium (HPRC) projects [102, 108].

ONT sequencing operates using a different mechanism, based on the electrophoretic
translocation of DNA through a protein nanopore embedded in a membrane. As the DNA
strand moves through the pore, the nucleotide sequence influences the ionic current in a
characteristic, though highly context-dependent, manner [67, 20]. This signal is decoded into
nucleotide sequences using trained basecalling algorithms. Nanopore sequencing supports
read lengths of hundreds of kilobases, with some individual reads exceeding one megabase
[62]. Although early nanopore data were associated with high raw error rates (often greater
than 15 percent), recent advances in basecalling algorithms, pore chemistry, and signal
processing have led to substantial improvements in both read quality and yield [141]. The
platform also offers the capacity for real-time, portable sequencing, with applications in
clinical diagnostics, outbreak response, and environmental genomics [115].

Together, these third generation technologies enable a real time selection of reads that
contain a desired sequence, access to structural variants, complex genomic regions, and

full-length haplotypes that are difficult to resolve using short-read methods. Their capacity for
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long, accurate reads is increasingly being used in hybrid sequencing strategies and standalone
genome projects aiming to achieve chromosome-level completeness [94, 102].

These innovations have also been transformative in plant genomics, where genome size,
ploidy, and high repeat content often hinder assembly using short reads alone. In recent years,
long-read sequencing has enabled the generation of telomere-to-telomere assemblies in plants
such as Arabidopsis thaliana [101], Oryza sativa (rice) [149], and Zea mays (maize) [77].
These assemblies have revealed large structural rearrangements, centromeric complexity, and
previously missing gene content, contributing significantly to our understanding of genome
architecture, evolution, and functional diversity in crops. In polyploid species such as wheat
(Triticum aestivum) and canola (Brassica napus), high-fidelity long reads have been crucial
for resolving homoeologous regions and assigning haplotypes across subgenomes.

Moreover, in pan-genome studies, long-read sequencing has helped identify presence—absence
variation and structural polymorphisms in diverse collections, refining our understanding
of gene content diversity, domestication, and adaptation. As these technologies continue to
improve, they are expected to play a central role in both fundamental plant genomics and
applied breeding.

1.6 Assemblies and reference genomes

The process of sequence assembly involves reconstructing longer contiguous sequences from
overlapping fragments of DNA. This approach has a long history and was originally applied
to smaller genomic regions, such as bacterial artificial chromosomes (BACs) or individual
genes. As sequencing technologies have evolved, so have assembly strategies, shifting from
clone-based and low-throughput methods to highly automated, high-resolution approaches.
A central concept in this field is the reference genome, a curated genome assembly used
as a standard for downstream analyses, including variant calling, gene annotation, and
comparative genomics.

Due to technical limits that are unlikely to ever be fully eliminated, individual DNA
sequence reads are rarely able to cover the entire genome of an organism. In an ideal scenario,
a single sequencing read would span an entire DNA molecule, either a complete circular
genome, as found in many prokaryotes, or an entire linear chromosome in eukaryotes. While
this may become feasible in the future, current sequencing technologies still produce reads
that are substantially shorter than these targets, even in the case of long-read platforms. This
means that in most cases, the best sequencing data possible is a set of random reads sampled
from fragments of the genome. In whole-genome “shotgun” sequencing, the genome is

fragmented, often by sonication or enzymatic digestion, and the resulting fragments are
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sequenced and reassembled computationally. This reconstructive step, known as assembly,
has been an essential process since the first whole-genome sequence of bacteriophage X174
in 1977 [119].

Early sequencing efforts used primer walking, a targeted approach in which new se-
quencing reads were generated sequentially based on known regions of previously obtained
sequences [1]. This method allowed for the gradual extension of sequences without re-
lying on random fragmentation, and simplified the overlap-layout task during assembly.
As genome projects scaled up, particularly for large and complex genomes, hierarchical
shotgun sequencing became the preferred strategy. In this approach, the genome was first
fragmented into large segments (typically 100-300 kb), which were cloned into bacterial
artificial chromosomes (BACs). These BACs were physically mapped to determine their
order and location before sequencing, and the resulting local assemblies were then combined
into a full genome. This method, while time- and resource-intensive, enabled accurate as-
semblies for early reference genomes, including human (2001) [72, 136], rice (Oryza sativa,
2002)[44, 145], and Arabidopsis thaliana, the first plant genome (2000) [6].

During this time, overlap-layout-consensus (OLC) algorithms became the dominant
assembly method. These algorithms work in three phases: first, establishing overlaps
between reads (a computationally expensive problem with approximate O(N 2) complexity),
then arranging those overlaps into a consistent order (layout), and finally deriving a consensus
sequence. Early OLC assemblers, such as TIGR [134], GigAssembler [68], and the Celera
assembler [99], were critical to the success of landmark projects like the Human Genome
Project. However, they often required substantial manual “finishing,” especially in repetitive
regions.

To reduce computational burden and improve tractability, some OLC methods introduced
heuristic overlap detection and repeat masking strategies. The Celera assembler, for example,
pioneered the integration of repeat masking and quality scoring into the assembly pipeline,
setting a foundation that continues to influence modern long-read assemblers such as Canu
[70] and FALCON [18].

The whole-genome shotgun (WGS) approach bypassed BAC-based mapping by directly
fragmenting and sequencing the entire genome. With the advent of second-generation
(short-read) sequencing, WGS became the dominant method [99, 11]. However, short reads
(100-300 bp) from platforms like Illumina made it difficult to resolve repetitive regions, a
challenge especially prominent in plant genomes. For instance, assembling the maize genome
(Zea mays), which is over 80% repetitive, required paired-end reads, mate-pair libraries, and
extensive scaffolding [121].
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The repeat problem was also tackled through the use of de Bruijn graphs (DBGs), which
fragment input reads into k-mers and connect them through k-1 overlaps. DBGs enabled
memory-efficient assemblies for short-read datasets, and formed the core of tools like Velvet
[146], ABySS [129], and SOAPdenovo [79]. They provided a scalable alternative to OLC,
particularly for [llumina data. However, DBGs struggle with high-error data (like long reads)
and reduce contiguity by discarding non-exact matches, an issue that modern assemblers try
to mitigate through hybrid and graph-aware approaches [28].

Short-read assemblies often resulted in fragmented draft genomes, useful for gene-level
studies but limited at the chromosomal scale. A key limitation of short-read sequencing is its
inability to resolve repetitive regions, which leads to collapsed or misassembled sequences
and gaps in assembly. To improve assembly continuity, scaffolding techniques such as optical
mapping, Hi-C, and linkage mapping were used. These approaches were instrumental in the
assembly of polyploid or large genomes such as wheat (Triticum aestivum), soybean (Glycine
max), and grapevine (Vitis vinifera).

The emergence of third-generation sequencing technologies such as PacBio and ONT
revolutionized genome assembly. Their long reads span repeats and structural variants, reduc-
ing the need for scaffolding and manual finishing. PacBio’s HiFi reads, generated through
circular consensus sequencing, combine high base accuracy with long-range continuity, ideal
for complex plant genomes [140].

Assemblers like Canu [70] and FALCON [18] use the principles established in OLC and
extend them to high-error, long-read data, relying on efficient string-graph constructions
and repeat-aware heuristics. These tools have produced complete or near-complete genomes
without human finishing, including tomato, barley, amaranth, and others [90, 55, 83, 89].

A reference genome is typically a high-quality assembly derived from a single individual
or clone and serves as a coordinate system for annotation and variant analysis. However, no
single genome captures the full genetic diversity of a species. This limitation is particularly
acute in plants, where presence—absence variation, structural polymorphism, and transposable

elements are common [54].

1.7 Resequencing

Given the high cost and complexity of assembling complete, error-free genomes for every
individual, it is standard practice to use a high-quality genome assembly as a common
coordinate system for comparative analysis. In resequencing studies, DNA from additional
individuals of the same species is sequenced using shotgun sequencing libraries and then

aligned directly to this reference genome. This approach enables the identification of genetic
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variation without the need to perform de novo assembly for each sample. The process is
known as resequencing, to distinguish it from whole genome sequencing and assembly. As
an extension of this method, a hybrid approach has been developed in which reads that do
not align to the reference are assembled separately and then anchored back to the reference
genome [107].

Resequencing generally involves two analytical phases. In the first, sequencing reads
from each individual or population are aligned to the reference genome using sequence
alignment algorithms. In the second phase, these aligned reads are analysed locus by locus to
identify allelic variants relative to the reference, including single nucleotide polymorphisms
(SNPs), small insertions and deletions (indels), and other structural variants.

When applied to natural populations, resequencing allows for the systematic characteri-
sation of genome-wide diversity. It provides insights into population structure, admixture,
demographic history, and adaptive evolution. Genome-wide resequencing has been instru-
mental in uncovering patterns of selection, gene flow, and domestication in a variety of
species. For example, resequencing datasets from wild and cultivated accessions of rice,
maize, barley, and tomato have revealed loci associated with environmental adaptation and
human-mediated selection.

Several large-scale population resequencing initiatives across diverse organisms have
fundamentally shaped our understanding of genome-wide variation and evolution. In Homo
sapiens, projects such as the 1000 Genomes Project [2] and the UK Biobank [14] have
produced deeply sampled genomic datasets for tens to hundreds of thousands of individuals,
providing insight into human genetic diversity, demographic history, and medically relevant
variation. In Saccharomyces cerevisiae, population-scale studies have examined global col-
lections of wild and industrial strains, illuminating domestication events, structural variation,
and metabolic adaptation [111].

Comparable efforts in model and crop plants have similarly transformed evolutionary
and functional genomics. Notably, the Arabidopsis 1001 Genomes Project provided whole-
genome resequencing data for over 1,100 natural accessions, revealing detailed population
structure, local adaptation, and extensive presence—absence variation [3]. The 3,000 Rice
Genomes Project enabled the characterization of genomic diversity in a globally important
crop, supporting trait mapping and the development of a rice pangenome [4]. Similarly, the
10+ Wheat Genomes Project has facilitated the analysis of complex polyploid genomes and
expanded the available reference space [138].

Together, these initiatives demonstrate the power of resequencing to build population-

scale genomic resources, enabling genome-wide association studies, pangenome devel-
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opment, and comparative population genetics beyond the constraints of single-reference

models.

1.8 Alignments and variant calling

Read alignment and variant calling are central steps in the analysis of resequencing data, and
both are deeply rooted in algorithmic and probabilistic frameworks. During alignment, the
goal is to determine the most likely genomic origin of each sequencing read with respect
to a reference genome. Short-read aligners such as BWA [76] and Bowtie2 [73] employ
compressed data structures based on the Burrows—Wheeler Transform (BWT) and the FM-
index to perform fast and memory-efficient approximate string matching. These algorithms
enable rapid location of candidate alignment sites while allowing for mismatches and small
gaps, typically using a seed-and-extend approach. The alignment process results in a mapping
quality score (MAPQ) that reflects the confidence in the placement of each read, taking into
account uniqueness and potential alternative alignments. Reads mapping to repetitive regions
or shared sequences, such as paralogous genes or transposons, often receive lower scores or
are ambiguously mapped, which can impact downstream analyses [76].

In the context of long-read sequencing technologies, which exhibit higher per-base error
rates but provide longer sequence context, aligners like Minimap2 have been developed.
These tools use minimizer-based indexing, a strategy that selects representative k-mers within
a read to reduce computational load while maintaining sensitivity to sequence similarity over
large spans [75]. This method is particularly suited to noisy but structurally informative reads
from technologies like Oxford Nanopore and PacBio.

Once reads are aligned, variant calling algorithms are applied to detect genomic differ-
ences between the sample and the reference. These differences can include single nucleotide
polymorphisms (SNPs), small insertions and deletions (indels), and, in some cases, larger
structural rearrangements. Variant callers operate by estimating the likelihood of each possi-
ble genotype at a given locus, given the aligned read data, sequencing error profiles, and prior
assumptions about allele frequencies. Tools like GATK HaplotypeCaller [91] perform local
de novo assembly within regions of interest to account for complex variation and realign
reads to a set of candidate haplotypes. They also incorporate population-level information,
such as known variant sites or joint genotyping across samples, to increase confidence in
genotype calls. FreeBayes uses a similar haplotype-based Bayesian model but processes
alleles jointly across individuals when used in population mode [40]. More recently, deep
learning approaches such as Deep Variant have emerged, converting aligned reads into image-
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like representations and using convolutional neural networks to infer genotypes directly from
base-level data [113].

The output of these tools is typically stored in the Variant Call Format (VCF), which
includes not only the position and identity of each variant but also associated metadata such as
genotype likelihoods, read depth, allele balance, and predicted impact [24]. These annotations
are critical for downstream filtering, prioritization, and interpretation. While this framework
is robust for the detection of common variant types in well-mapped regions, it remains
limited by its dependence on a single linear reference genome. Highly divergent haplotypes,
structurally complex loci, or sequences absent from the reference may go undetected or
be misrepresented. Such limitations have prompted the development of alternative models,
including graph-based genome representations and multiple-reference strategies, which aim
to improve variant discovery in structurally variable or highly polymorphic populations
[110, 41].

1.9 Reference bias

While reference-based resequencing offers an efficient framework for variant discovery and
comparative genomics, it also introduces a well-documented limitation known as reference
bias [25]. This bias arises from the reliance on a single reference genome during read
alignment and variant calling. Because the reference represents only one haplotype, often
derived from a single individual or a composite of few individuals, it fails to capture the full
spectrum of genetic diversity present within a population or species [9].

Reference bias affects both the alignment and variant detection phases. Most short-read
aligners attempt to find the best possible match of a sequencing read to a linear reference
genome. However, true biological variants, particularly insertions, deletions, or rearrange-
ments that are not represented in the reference, can significantly reduce the mapping quality
or even cause reads to fail to align [133]. In such cases, the reference allele may be preferen-
tially observed, while the non-reference variant may be underrepresented or misinterpreted.
This effect extends even to single nucleotide polymorphisms (SNPs), where subtle biases in
read alignment can skew allele balance estimates [132].

The consequences of reference bias are particularly pronounced in structurally complex or
highly polymorphic regions, and in individuals or populations that are genetically distant from
the reference genome. In downstream analyses, this can lead to systematic underestimation of
nucleotide diversity, misestimation of population structure, and distortion of selection signals
[12]. In experimental contexts that rely on accurate allele, these distortions can introduce

serious artifacts [148].
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In plant species, which often contain extensive structural variation and complex genome
architectures, reference bias is particularly relevant. In Arabidopsis thaliana for example, the
reference genome TAIR10 is based on the Col-0 accession, which is genetically distant from
many globally distributed natural accessions. Studies such as the 1001 Genomes Project have
shown that accessions more closely related to Col-0 tend to yield more confident alignments
and fewer detected variants, whereas divergent accessions like Cvi-0 or Sha exhibit increased
rates of unmapped reads, lower variant sensitivity, and inflated reference allele calls [3, 64].
This issue is especially pronounced in structurally variable regions, transposable element-rich
intervals, and gene presence—absence polymorphisms common in plants [45].

Although improvements in sequencing technology, particularly long-read platforms, can
help resolve some types of reference bias by spanning repetitive or structurally variable
regions, they do not eliminate the fundamental problem. As long as reads are interpreted
relative to a single linear reference, any variant or haplotype absent from that reference
will be incompletely represented [15]. Furthermore, the cost and throughput advantages of
short-read sequencing continue to make it the dominant approach in large-scale population
resequencing, where reference bias remains a persistent concern. Particularly in population-
scale projects using short reads, such as in many plant breeding or diversity studies, reference
bias continues to pose a major challenge for accurate variant discovery and downstream

interpretation.

1.10 Pangenomes

The pangenome can be defined as the complete collection of genomic sequences present
within a species, encompassing both core sequences shared by all individuals and accessory
or variable sequences found only in subsets of the population. It represents an idealized
view of a species’ full genetic diversity, rather than the genomes of a small or arbitrary
set of individuals. As such, the pangenome serves as a conceptual framework for studying
intraspecies variation, and has motivated the development of various formal models for its
representation.

The increasing recognition that single reference genomes fail to capture the full extent of
genetic variation within a species has led to the development of pangenome representations
[9, 45]. These aim to model not only the shared (core) genome, but also the variable
(accessory) and unique sequences found among individuals. Several strategies have been
proposed to represent pangenomes, ranging from simple linear models to complex graph-
based structures that support multi-genome analysis and alignment.
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In early pangenome studies, variation was often described in terms of presence—absence
matrices or reference-anchored alignments [135]. In this approach, genomic or gene-level
sequences from multiple individuals are aligned to a single linear reference genome, and
differences are recorded in tabular form. While these models are easy to interpret and
integrate with conventional analysis pipelines, they introduce reference bias and do not
allow for the direct representation of complex structural variants or rearranged haplotypes.
Additionally, reads that originate from sequences absent in the reference may not align
accurately or at all, leading to an underestimation of diversity.

To address these limitations, graph-based pangenome models have become increasingly
common [110, 41]. In graph representations, genomes are encoded as networks of nodes
and edges, where each node represents a DNA sequence segment, and edges describe the
allowed connections between sequences. This allows for multiple sequence paths through
the graph, each corresponding to a different haplotype or genome. Such models naturally
incorporate single nucleotide variants, insertions and deletions, inversions, duplications, and
presence—absence variation within a unified framework.

Several types of graphs are used in practice. Sequence graphs, often constructed from
whole-genome alignments, represent contigs or chromosomes from multiple genomes as
paths through a graph. These models are implemented in tools such as Minigraph-Cactus
[78, 53] and PGGB [39], which support efficient indexing, navigation, and visualization
of multi-genome structures. Variation graphs, as used in the VG toolkit [41], are designed
to represent small and large variants in a directed graph structure, enabling accurate read
mapping and variant calling across diverse haplotypes. Another approach, rooted in genome
assembly, uses de Bruijn graphs to represent shared and divergent k-mer content across
genomes. While computationally efficient and scalable, de Bruijn graphs are less suited
for the analysis of long-range structural variants and may be more difficult to interpret
biologically. Colored graphs, which annotate each node with information on which genomes
contain the sequence, provide a way to track core and accessory elements across individuals
or populations [59].

Graph-based pangenomes offer several advantages over linear references. They reduce
reference bias in read mapping, improve variant detection in structurally complex regions,
and enable comparative analysis across a wider range of genotypes [130, 41]. They are
particularly powerful in plant species, where high levels of structural variation and gene
presence—absence are common [63]. However, these models also present challenges. Graph
construction and manipulation require significant computational resources, and the majority

of bioinformatic tools and file formats are still designed around linear references. Moreover,
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new strategies are needed to annotate and interpret biological features within graph structures,

including genes and regulatory elements.

1.11 Applications with pangenomes

Pangenomes have become indispensable resources in genomics, offering a more comprehen-
sive and unbiased representation of genetic diversity compared to traditional linear reference
genomes. By incorporating polymorphisms, structural variants (SVs), and alternative hap-
lotypes into a unified graph structure, pangenomes, especially those encoded as variation
graphs, enable a wide array of genomic analyses.

Traditional short-read aligners, such as BWA and Bowtie2, map sequencing reads to a
linear reference genome, which can result in mismatches or alignment failures in regions
with structural variants or divergent haplotypes. Graph-based mappers, including VG map,
Giraffe, and GraphAligner, allow reads to align against all known variant paths simultane-
ously. This approach reduces reference bias and improves alignment accuracy, particularly in
genetically diverse populations or species with complex genomic architectures [41, 130, 116].

Once reads are mapped to a variation graph, variant calling can be performed using graph-
aware tools. The VG toolkit supports genotyping by traversing paths in the variation graph
and estimating the likelihood of alternative alleles. This method enhances the detection of
SNPs, indels, and large structural variants, which are often missed by linear reference-based
methods [38].

Pangenomes facilitate genome inference and genotype imputation across populations.
Tools like Graphtyper and PanGenie leverage graph-based haplotype panels to impute missing
genotypes, improving accuracy over linear reference panels, especially in underrepresented
populations [29, 30].

Variation graphs allow for fine-scale comparison of multiple genomes by encoding
multiple assemblies or haplotypes as paths within the graph. This capability enables the
efficient identification of conserved and divergent regions, which is particularly valuable
in species like maize, wheat, and brassicas, where traditional pairwise alignments may not
capture the full extent of genomic diversity and rearrangement patterns [110, 32].

Pangenomes serve as foundational structures for building graph-based indexes, facilitating
rapid retrieval of genomic features and variants across samples. Tools such as ODGI support
visualization and navigation of these graphs, aiding in the generation of reference coordinate
systems that remain consistent across versions and assemblies. This consistency enhances

reproducibility, portability, and scalability in genomic workflows [46].
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The adoption of pangenomes, particularly variation graph-based models, is transforming
the representation, analysis, and interpretation of genomic diversity. By integrating the
full spectrum of variation directly into the reference structure, these models reduce biases,
improve accuracy, and enable more inclusive and representative studies in both basic and

applied genomics.

1.12 Variation graph construction

The construction of pangenome graphs is a critical step in representing the full (known)
spectrum of genomic variation within a species. Among the most prominent tools for this
purpose are PGGB (Pangenome Graph Builder) [39] and Minigraph-Cactus (MC) [53],
each represent distinct philosophies and technical approaches. Both aim to encode genome-
scale variation into graph structures that can be used for read mapping, variant calling, and
comparative analysis, but they differ significantly in methodology and applications.

Minigraph-Cactus is a hybrid framework developed by the Human Pangenome Reference
Consortium (HPRC) to efficiently build reference-based pangenomes from large numbers
of high-quality assemblies [53]. First, Minigraph constructs a coarse variation graph by
aligning new genome assemblies against a linear reference backbone using minimizer-based
indexing [80]. This results in a draft graph capturing major structural differences such as
insertions, deletions, and duplications. In the second phase, the Cactus aligner refines the
graph by performing reference-free multiple whole-genome alignment [7]. This step captures
more complex and nested structural variants, including inversions and rearrangements, and
improves the accuracy of the graph structure. The resulting graph retains a reference-like
coordinate space while supporting accurate variant representation across diverse haplotypes.
Minigraph-Cactus has been used to generate human reference pangenomes and is particularly
well suited for scaling to hundreds of assemblies with relatively conserved synteny.

In contrast, PGGB (Pangenome Graph Builder) offers a fully reference-free approach
[39]. Rather than anchoring to a linear reference genome, PGGB aligns all genome sequences
to each other using homology-based methods and constructs a variation graph from these
dense alignments [32]. The workflow involves three major components: wfmash for pairwise
whole-genome alignment, seqwish for graph induction from the alignments, and smoothxg
for graph normalization and path sorting. The final product is a highly detailed graph where
all sequence variation is represented symmetrically, and no single genome is privileged as a
coordinate system. This makes PGGB particularly useful in contexts where structural diver-
gence is high, or where a reliable reference genome is lacking. However, the computational
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demands of this approach are significantly greater than those of Minigraph-Cactus, especially
for large datasets.

The choice between Minigraph-Cactus and PGGB depends on the nature of the study
system and analytical goals. Minigraph-Cactus is favored for large-scale projects involving
closely related genomes and requiring scalability, while PGGB excels in capturing fine-
grained variation in highly diverse or poorly referenced species. Both methods contribute to
the growing toolkit of graph-based genome analysis and represent important steps toward

comprehensive and unbiased representations of genomic diversity.

1.13 Overview and Objectives

Genome graphs offer a more comprehensive representation of genomic variation than linear
reference genomes by integrating multiple assemblies into a single, unified structure. They
allow for the inclusion of structural variants and population-level diversity, making them
increasingly relevant for comparative and population genomics. However, despite their
potential, variation graphs remain difficult to analyze and interpret in practice. Current
methods are often limited in flexibility, scalability, or biological interpretability, particularly
when applied to large and complex datasets.

This thesis addresses these challenges by developing new tools and methods for analyzing
and interpreting genome graphs. A central focus is the implementation of gret1, a statistical
framework designed to extract structural and path-based metrics from variation graphs. This
enables detailed comparison of graph construction parameters and methods. In addition,
the tool gfa2bin was developed to support graph-based genome-wide association studies
(GWAS) using node-level coverage derived from short-read alignments. To further enable the
study of variation, a novel algorithm was introduced that detects bifurcation-based structures,
offering an alternative to classical bubble models.

All methods were applied to real-world datasets, with a focus on the 1001 Genomes
Arabidopsis thaliana collection. The overall objective of this thesis is to improve the usability,
scalability, and biological interpretability of genome graphs through modular, graph-native
analysis tools.






Chapter 2
Evaluating variation graphs

This chapter is based on the publication gretl — Variation Graph Evaluation TooLkit, available on Bioinformat-

ics - Application notes at https://academic.oup.com/bioinformatics/article/41/1/btae755/7932228.

2.1 Gretl - Graph evaluation toolkit

Advances in short-read based resequencing have greatly improved our understanding of
genomic variation in many different species ([3, 111, 2]. More recently, long reads have
made it possible to assemble complete genomes with remarkable speed and precision. Moving
from variant inventories to complete genomes facilitates much more comprehensive analysis
and genome-wide comparison between samples. As an example, in the plant A. thaliana,
the level of detail provided by (nearly) complete genomes has already led to new insights
into conservation of synteny and to much more accurate description of single nucleotide
polymorphisms (SNPs), copy number variants (CNVs), and structural rearrangements [65,
43].

To mitigate the biases associated with a single reference genome, pangenomes built
from diverse sample collections are being created from increasingly complex genomes
[81, 125]. A crucial tool for efficient storage and comprehensive analysis of genetic variations
within diverse and intricate genomic regions is the variation graph, which condenses similar
sequences into nodes and captures variations in a reference-free manner. Graph shape and
structure depend on the choice of construction method and parameter set, requiring tuning
and adjustment based on the genome complexity [74] and the research question, highlighting
the need for a comprehensive evaluation tool.

Genome graphs are typically stored in GFA (Graphical Fragment Assembly) format, a
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standardized data format, which is also the main input for gretl, the tool introduced here.
Nodes in the graph represent DNA segments, connected by edges and each node has an
associated DNA sequence and a unique identifier. GFA can store additional information like
allele frequency, quality scores, or annotations, if needed. The format ensures interoperability
among software tools, facilitating collaboration and analysis development. Gretl fully
supports GFAv] files', ensuring interoperability across a wide range of graph tools. Adopting
GFAV2 is an option for the future, as more upstream graph tools migrate to GFAv2.
Several tools for genome graph analysis are available and being actively developed, including
odgi [46], vg [41] and gfastats [35]. While odgi and vg offer powerful platforms for modifying
and analyzing genome graphs, there is still a need for tools that can rapidly compute an
overview of a large number of statistical features for evaluation of variation graphs. Although
gfastats is designed for statistics, its primary focus lies in assembly graphs, which have, in
comparison with whole-genome graphs, distinct characteristics. While it does provide several
useful statistics for genome graphs, its main function remains an overall toolkit for modifying
GFA files and delivering high quality single individual genomes. In our benchmarking
and comparison between the different methods, we excluded gfastats, because the run did
not finish within a reasonable amount of time. One of the primary motivations behind our
work was to provide a fast and efficient tool for the initial evaluation of newly constructed
graphs. Building genome graphs is a complex process, and one often needs to rapidly assess
their quality. gretl aims to address this need by offering an all-in-one tool that evaluates
graph structure and composition. With gretl, researchers can evaluate the graph using a
variety of quantitative metrics and identify potential areas that require further investigation or
refinement. As an example, graphs with high average depth are most likely highly collapsed,
merging duplicated segments such as TEs into a single structure, which in turn makes it
harder to align sequences or sequencing reads to graphs, but it helps to understand the nature
of transposed DNA segments or copy-number variation (CNV). Moreover, one can generate
statistics on genome-growth, pangenome distribution and/or for specific paths, a feature used
in the subsequent analyses in this work (Figure 3.6). This preliminary information can guide
subsequent analyses and describe properties of different speciespangenomes, providing a
solid foundation for further investigations.

gretl offers valuable insights into genome graphs constructed using PGGB [39] and
Minigraph-Cactus [53], as well as other graphs in GFA format. The only requirement is
the availability of numeric node IDs, which can, if not already present, be converted from
non-numeric node IDs via the gretl node2int subcommand. gretl provides several

subcommands that offer comprehensive graph analysis, covering aspects such as graph

'http://gta-spec.github.io/GFA-spec/GFA1.html
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complexity, interconnectedness, and node degree. We provide Python scripts and follow-
along markdowns that can be used for post-processing and visualization of the output similar
to the plots shown in the figures here, allowing further exploration and interpretation of the

results.

2.2 Materials and Methods

2.2.1 Materials

Arabidopsis thaliana genomes were from [143], while S. cerevisiae genomes were from
[103]. An available PGGB-built human genome graph [81]% was used. Chromosomes 14, 18,
19, 21, 22 were downloaded from the AWS HPRC repository>.

2.2.2 Methods

Graph construction

To illustrate the capabilities of gretl for graph evaluation, we used pangenome graphs
constructed from chromosomes of H. sapiens (n=48 for Chr 14, 18, 19, 21, 22), S. cerevisiae
(n=30 for Chr 1, 3, 5, 9, 10) and A. thaliana (n=67 for Chr 1-5). Details about the datasets
[81, 103, 143] and graph construction are given in Table 2.1 and Table 2.2.

The A. thaliana and S. cerevisiae graphs were constructed using the PGGB pipeline
[39] for each chromosome individually. We used the following parameter to construct the S.
cerevisiae graph for the species comparison experiment: -p 90; -k 31, -n 30 -s 5000 -asm10.
Arabidopsis thaliana graphs were constructed with the following parameters: -p 90 -s 10000
-G 2000 -n 67 -t 32 -k 49 -P asm5 -O 0.001 -G 700,900,1000. Parameter comparisons were
conducted using S. cerevisiae genomes with various parameter combinations. The parameters
we modified included -s (2k, 5k, 10k), -p (80, 90, 95), -k (19, 31), -n (15, 30, 60), and -P (asmS5,
asm20). The PGGB workflow was executed with wfmash (v0.10.2-2-gb310bd1), seqwish
(v0.7.8-3-gd9e7ab5), odgi (v0.8.2-92-gbfae0b3), and smoothxg (v0.6.8-31-g06bbf35).

We used BandageNG* (version: v2022.09), a fork of the original Bandage?, for visual-

ization of variation graphs.

Zhttps://github.com/human-pangenomics/hpp_pangenome_resources

https://s3-us-west-2.amazonaws.com/human-pangenomics/index.html?prefix=
pangenomes/freeze/freeze1/pggb/chroms/

“https://github.com/asl/BandageNG

Shttps://github.com/rrwick/Bandage


https://github.com/human-pangenomics/hpp_pangenome_resources
https://s3-us-west-2.amazonaws.com/human-pangenomics/index.html?prefix=pangenomes/freeze/freeze1/pggb/chroms/
https://s3-us-west-2.amazonaws.com/human-pangenomics/index.html?prefix=pangenomes/freeze/freeze1/pggb/chroms/
https://github.com/asl/BandageNG
https://github.com/rrwick/Bandage
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Table 2.1 Data sets used in our experiments. Arabidopsis thaliana® and Saccharomyces
cerevisiae' are telomere-to-telomere assemblies, wheras the human® genomes consist of
multiple contigs. For A. thaliana and S. cerevisiae, we utilized the genome to construct new
graphs for several experiments.

A. thaliana | S. cerevisiae | Homo sapiens
Paths 66 30 1,072-3,029
Samples 66 30 49
Ploidy In In 2n
Chrosmosomes 5 16 23
Reference length [Mbp] 130 12 3,200

Table 2.2 gretl - Information on the genome graphs.
*Parameter set -p 90, -n 30, -s 5000, -k 31. **Parameter set: -p 90 -s 10000 -G 2000 -n 67 -t
32 -k 49 -P asm5 -O 0.001 -G 700,900,1000.

Edges | Average

Organism Chr | Sequences | Samples | Nodes [x1000] [x1000] | node size [bp]
14 1,882 48 4,155 5,790 65.7
18 1,270 48 2,832 3,980 86.2
Homo sapiens 19 1,072 48 3,021 4,215 96.2
21 | 3,029 48 2,761 3,883 99.2
22 1,757 48 3,760 5,224 123.4
I 30 30 52 76 9.3
Saccharomyces I | 30 30 53 73 11.4
cerevisiae™ \Y% 30 30 125 171 15.9
IX |30 30 67 93 11.8
X 30 30 74 101 11.7
1 67 67 6,891 9,741 17.0
Arabidopsis 2 67 67 4,927 6,979 15.5
thaliana®™* 3 67 67 5,977 8,520 15.4
4 67 67 4,747 6,789 18.2
5 67 67 5,657 7,984 19.6
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Table 2.3 Parameter sets used in the grid earch experiment.
For additional details, please refer to https://github.com/pangenome/PGGB.
Setting | Meaning Value
80
p percent identity in the wfmash step 90
95
. o 19
k percent identity in the wfmash step 3
15
n number of mappings to retain for each segment 30
60
2000
S segment length for mapping 5000
10000
asm smoothxg alignment parameters (sequence divergence between sequences) asmgo
asm

Parameter studies

For the comparison between different parameters, we used the following parameter combina-

tions using 30 genomes of Saccharomyces cerevisiae.

Correlation Analysis

We evaluated the linear relationship between the parameter p and other numerical features
using Pearson correlation. Correlations were computed with scipy.stats.pearsonr, and
only features with P values below 0.05 were considered significant. Significant features were
separated into positively and negatively correlated groups, sorted by correlation strength, and

visualized using a horizontal bar plot.

2.2.3 Implementation

gretl has been implemented in the Rust programming language. It incorporates several
Rust crates to enhance performance and enable multithreading. Furthermore, a new GFA
format reader is provided as a library. In addition to handling the GFAv1 format utilized by

gretl, this reader can interpret GFAv2 as well and it can be used by other tools.


https://github.com/pangenome/PGGB

24 Evaluating variation graphs

Relationship between samples and path/walks

Genomes can contain multiple chromosomes. Depending on genome complexity and size,
individual chromosomes may be represented in whole-genome assemblies as single or
multiple contigs. To link multiple contigs and/or chromosomes to the same sample, we use
PanSN-spec’. Similar to GFA walks, sample names are separated by haplotype ID and contig
or scaffold name. Walks and paths are interchangeable using PanSN-spec. We work around
these samples, which can be thought of as collections of multiple paths or walks drawn from
the same assembly. The number of paths in a single graph is therefore at least as large as the

number of samples.

Comparison with other tools

We compared gretl with vg and odgi. We ran vg version v1.54.0 "Parafada" and odgi
version v0.8 (commit: v0.8.2-92-gbfae0b3). VG was run with the following flags: -z -1 -L
-s -H -T. We decided to exclude additional flags, since they report features of the graph that
might be out of scope for a statistical view of the graph. Detecting and reporting bubbles
(variation) of the graph is important, but it does cover an additional layer of the graph, which
is out of scope for a fast and accessible statistical check. For odgi, we used the “-m” flag,
which internally runs (-S, -W, -L, -b, -1, -g, -s, -f, -d, -p, -N).

Pangenome classification

We utilized the characteristics of the graph to classify different levels of relatedness for S.
cerevisiae genomes. Nodes present in all accessions were annotated as core, nodes that were
only traversed by one accession as private, and all other nodes (>1 and <30 traversals) were
classified as soft (shell).

2.2.4 Evaluation

gretl facilitates in-depth comparison of specific graphs using a wide range of metrics. This
analysis can be performed at both the graph level and the path level, providing researchers

with comprehensive insights.

More detailed information for some statistics

Similarity/depth We define similarity by the number of samples traversing a single node.
Depth counts the total amount of traversals, regardless of whether it is traversed by a single

*https://github.com/pangenome/PanSN-spec


https://github.com/pangenome/PanSN-spec
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sample multiple times or different samples. Similarity and depth can be normalized by

sample number.

Jumps Links or edges are jumps from one node to another node. Where node IDs are
consecutive integers, we can calculate the difference (in node ID) between two nodes. Large
differences normally reflect a link/edge that is not in pan-genomic order and therefore
represents an indel. If the node IDs in the path are linearly increasing, there is a high
probability that the graph structure is linear too. Node IDs are not required to be in consecutive
order, except for jump related statistics, which require a sorted graph. To this end, the
command “odgi sort” can be used, which sorts node IDs in pangenomic order!©.

Node degree Node degree defines the number of edges linking to a single node. We
calculate this statistic for all nodes in the graph and compute average, median and standard
deviation. Since links/edges are directed in GFA files, we also report “incoming” and

“outgoing” node degree separately.

Graph-centric

Graph-centric statistics refer to metrics that can be computed independently of specific
path information within the graph. These include general structural properties such as node
degree distributions, graph density, and connectivity measures. These features are generally

not specific to sequence graphs and are often well-established in general graph theory.

10Learn more about sorting variation graphs here: https://academic.oup.com/bioinformatics/article/
40/7/btae363/7705520


https://academic.oup.com/bioinformatics/article/40/7/btae363/7705520
https://academic.oup.com/bioinformatics/article/40/7/btae363/7705520

Table 2.4 Graph-centric statistics reported by gretl stats.
Types of values and metric types reported. Green: Reported by other tools. Orange: Can be computed by math operations. Red: Not
reported by other tools.

Name Metric type Unit Range of values | Description vg | odgi

Paths Single integer Dimensionless | All positive Number of P and W lines in the file

Samples Single integer Dimensionless | All positive Number of samples. Samples are collections of P/W-lines that are defined
by PanSN-spec

Nodes Single integer Dimensionless | All positive Number of nodes

Edges Single integer Dimensionless | All positive Number of edges

NJE ratio Single number Dimensionless | All positive Nodes divided by edges

Graph size Single integer bp All positive Total amount of sequence in the graph (um of all nodes) in bp

Input genome size Single integer bp All positive Sum of sizes of all input genomes of the graph

Compression Single number Dimensionless | All positive Graph size divided by input genome size

Node length Average, median bp All positive Node length in bp

Node length top 5% Average, median bp All positive Average node length of the top 5 % nodes (sorted by size) in bp

Bin Single integer Dimensionless | All positive Number of nodes in each bin. Bin can be modified by user input

Similarity Average, median, std | Dimensionless | All positive Average similarity of the entire graph

Similarity (normalized) Average, median, std | Dimensionless | 0-1 Similarity divided by number of samples

Depth Average, median, std | Dimensionless | All positive Average depth of the whole graph

Depth (normalized) Average, median, std | Dimensionless | 0-1 Depth divided by number of samples

Node degree Average, median, std | Dimensionless | All positive Average node degree. Average number of edges linking to one node
(total).

Inverted edges (normalized) | Average, median Dimensionless | 0-1 Number of edges that change their direction (from + to - or from - to +).
Normalized by the total number of edges.

Negative edges (normalized) | Average, median Dimensionless | 0-1 Number of negative edges. Here, a negative edge is defined to be from
“-” to “-”. Normalized by the total number of edges.

Self edges (normalized) Raw, normalized Dimensionless | 0-1 Number of self edges. Self edges are edges starting and ending at the
same node. Normalized by the total number of edges.

Graph density Single number Dimensionless | All positive Proportion of observed edges and nodes relative to the number of all

possible edges. Calculation: Edges / ((Nodes * (Nodes - 1))/2)
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Path-centric

Path-centric statistics are derived from the traversal paths embedded within a graph structure.
In this context, they are based on the path (P) and walk (W) lines as defined in the GFA
format. These statistics are particularly informative when the graph has been constructed
from whole-genome assemblies or when a high-quality pangenome representation (PanSN)
is available. Path-centric features encompass both metrics specific to individual paths and
statistics computed on the subgraphs induced by the traversal of a particular path or walk.
Conceptually, they represent graph-centric statistics constrained to the subset of the graph
visited by a given path.

Hybrid statistics

Any metric calculated at the path level can be summarized comprehensively across all paths
in the graph. For example, we take path lengths and calculate the average and standard
deviation graph-wide. The average indicates typical path length while standard deviation
shows variability, revealing if paths are relatively consistent or contain outliers. High standard
deviation may warrant further path-specific investigation. Where applicable, we also report
total and maximum values for a metric across all paths to provide additional insights.

2.2.5 Analysis

The analysis of a specific graph is a crucial step for extracting information from a cho-
sen graph structure. We provide a range of advanced analysis methods for individual
graphs, including pangenome classification, complexity analysis using sliding windows, and
bootstrapping-based approaches.

Sliding window analysis

For each path, we implement a node- or sequence based sliding window approach to highlight
graph regions exhibiting extreme characteristics, whether highly divergent areas or large
structural variations. The analysis can incorporate similarity, node size, depth, or other
metrics within each window. Visualizing the sliding window data as a heatmap reveals path

regions arising from the same graph loci and clarifies differences.

Bootstrapping

We have implemented a bootstrapping approach to estimate genome graph growth when
adding more samples. Our method takes the full graph and randomly removes subsets of
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Table 2.5 Path-centric statistics reported by gretl stats.

Descriptions for each value and which metric type is reported when run in the default mode.
Each value is calculated for the individual path independently and then summarized by the
reported metric. Using the “-p” flag reports the independent values for each path separately.

Name Metric type | Unit Range of values | Description

Sequence average, std | bp All positive Total amount of sequence in the path
Covered average, std Dimensionless | All positive Sequence [bp] / Graph size [bp]
Nodes average, std | Dimensionless | All positive Number of nodes in the path

Unique edges average, std | Dimensionless | All positive Number of unique nodes

Directed nodes average, std | Dimensionless | All positive Number of different directed nodes
Edges average, std | Dimensionless | All positive Number of edges

Unique Edges average, std | Dimensionless | All positive Number of unique edges

Unique nodes average, std Dimensionless | All positive Number of unique nodes

Unique nodes average, std | bp All positive Amount of sequence of unique nodes
Unique nodes (normalized) average, std | Dimensionless | 0-1 Unique nodes / Nodes

Unique nodes (normalized) average, std | Dimensionless | 0-1 Unique nodes [bp] / Sequence [bp]
Unique edges (normalized) average, std | Dimensionless | 0-1 Unique Edges / Edges

Inverted nodes average, std | Dimensionless | All positive Number of inverted nodes

Inverted nodes average, std | bp All positive Amount of sequence of all inverted nodes
Inverted nodes (normalized) average, std Dimensionless | 0-1 Inverted nodes / Nodes

Inverted nodes (normalized) average, std Dimensionless | 0-1 Inverted nodes [bp] / Sequence [bp]
Jumps total average, std | Dimensionless | All positive Total number of of jumps

Jumps total (normalized) average, std | Dimensionless | All positive Jumps total / Edges

Jumps larger than X average, std | Dimensionless | All positive Number of jumps larger than X
Jumps larger than X (normalized) | average, std Dimensionless | 0-1 Jumps larger than X / Edges

Node size average average, std | Dimensionless | All positive Average node size

Node size median average, std | Dimensionless | All positive Median node size

Node size std average, std | Dimensionless | All positive Standard deviation of node size
Depth average average, std | Dimensionless | All positive Average depth

Depth median average, std | Dimensionless | All positive Median depth

Depth std average, std Dimensionless | All positive Standard deviation of depth

Depth average (normalized) average, std | Dimensionless | All positive Depth average / Number of samples
Depth median (normalized) average, std | Dimensionless | All positive Depth median / Number of samples
Depth std (normalized) average, std Dimensionless | All positive Depth std / Number of samples
Similarity average average, std | Dimensionless | All positive Average similarity

Similarity median average, std | Dimensionless | All positive Median similarity

Similarity std average, std | Dimensionless | All positive Standard deviation of similarity
Similarity average (normalized) average, std | Dimensionless | 0-1 Similarity average/ Number of samples
Similarity median (normalized) average, std | Dimensionless | 0-1 Similarity median / Number of samples
Similarity std (normalized) average, std | Dimensionless | 0-1 Similarity std / Number of samples
Degree average average, std | Dimensionless | All positive Average node degree

Degree median average, std Dimensionless | All positive Median node degree
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samples, recalculating statistics on the reduced graphs. This bootstrapping process is repeated
N times with different random sample subsets to assess graph metrics across a range of
sizes. While computationally intensive, this approach accounts for effects of extreme outlier

samples unlike faster approximations.

Core-Pan analysis

Of general interest is the analysis of pan-core-private parts of the genome in regards on whole
populations. Similar to allele frequencies, we can calculate for each node the number of
samples covering this node. From that statistics we can classify the nodes into pan-core and

private parts of the graph.

Feature list and adding new statistics

Gretl can be utilized to report several statistics within a features list — for each node, edge, or
directed node, dependent on user input. Since gretl is open-source, it can can be modified
and extended with new measures by forking the code on GitHub and submitting a pull

request.

Complexity

Node or edge complexity was measured by analyzing either the entirety of nodes in the graph
or a selected subset, depending on user input. For each node, we performed a breadth-first
traversal up to N steps away (where N is user-defined), and accumulated statistics such as the
number of nodes visited, the total sequence amount, or the distance from the original node.
These values can then be visualized using scatter plots to highlight regions of interest, such

as areas of high complexity, indicated by a dense concentration of nodes.
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2.3 Results
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Fig. 2.1 Gretl overview.

(A) Genome graph construction workflow: Genome graph properties are influenced by
various factors, including parameter selection, sample curation, and methodology, all of
which impact the layout and structure of the resulting genome graph. For evaluation pur-
poses, multiple graphs can be simultaneously generated and compared to identify an optimal
representation for a specific task. The selected graph can then be analyzed with gretl. (B)
Visualization of gretl output: Left, graphs can be clustered based on multiple statistics,
grouping similar species or construction parameters (shown here, with normalized values).
Right, scatter plot depicting two selected statistics across various graphs, facilitating compar-
isons between different species. (C) In-depth analysis of a selected genome graph (example
from yeast): Left, path-centric sliding window analysis of the S. cerevisiae genome graph,
highlighting regions of high similarity. Right, pan-genomic analysis of the genome graph.
Sequences found only in a single sample are separated and each block represents one path of
the graph.

The provided statistics enable evaluation of graphs built with different parameters from the
same dataset (Figure 2.1B). Statistics generated by gretl (Figure 2.1) can guide subsequent
analyses and describe the properties of different species’ pangenomes.

Additionally, these values facilitate the evaluation and comparison of graphs from differ-
ent methods or organisms, enabling insights into the complexity and structure of the genome
(Table 2.2, Figure 2.8). It is important to note that some of these statistics may exhibit
similar behavior and display high correlation due to their interconnected nature (Figure 2.11).

Researchers can explore the impact of varying parameters during graph construction on the
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same dataset or analyze different species by comparing or clustering their genome graphs by
statistical features.

In general, gretl offers more comprehensive information about the graph than other
tools. The tabular output format provides an easy overview as well as seamless integration
with scripting languages such as R and Python for post-processing.

gretl facilitates in-depth comparison of specific graphs using a wide range of metrics.
This analysis can be performed at both the graph level and the path level, providing re-
searchers with comprehensive insights. At the graph level, various metrics and statistics can
be explored to identify regions of interest, which can be further investigated in subsequent
studies (Figure 2.1C, 2.12, 2.13). Sliding window analyses on sequence or node level give
powerful insight into local complexity or distant sequence similarities (Figure 2.10). This
could be, for example, useful to demonstrate the local complexity of possible QTL hits [96].

The path-centric analyses allow for computation of independent statistics and metrics
for specific paths within the graph (Table 2.5). This approach enables comparisons between
different samples or populations, helping in the identification of path-specific differences
within the pangenome gretl - Variation Graph Evaluation TooLkit (Figure 2.1C, Figure
2.9). Furthermore, it enables the identification of samples that display isolated or otherwise
distinctive representations in the graph (Figure 2.6). By carefully examining the paths within
the graph, researchers can uncover structural patterns, variations, and potential functional
significance embedded within the genome. This comprehensive analysis of paths should
contribute to a deeper understanding of the genome’s complexities and provide valuable
insights for further research. A table of reported statistics including the name, description

and availability in other tools can be found in Tables 2.4 and 2.5.

2.3.1 Benchmark

During testing on a 3.2 GHz AMD Epyc 64 core machine using chromosome 19 of the
PGGB-built HPRC graph [81], which consisted of 48 samples (96 haplotypes, 1,072 paths)
with 3.02 million nodes and 4.21 million edges, our evaluation tool demonstrated a level of
performance that should greatly encourage its adoption for any genome graph construction
workflow. It computed simple summary statistics from GFA files twice as fast as other
approaches in under five minutes, utilizing 2.91 GB of memory (Figure 2.3). We observed

almost linear scaling properties (Figure 2.2).
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Fig. 2.2 Scaling properties.

(A) Based on increasing number of paths. (B) Based on increasing number of nodes/edges.
The analyses are based on chromosome V of yeast with 30 paths. The number of paths in (A)
was increased in every step by adding all paths from the base graph. For B, we repeatedly
(indicated by the multiplier) added the nodes and edges of the base graph to the evaluated
graphs. The constant time complexity (A, left) of the vg tool (on native format) is likely due
to not processing path-related information.
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Fig. 2.3 Run-time and memory benchmarking for gretl, vg stats and odgi stats in
relation to vg stats.
We added benchmarks for odgi and vg using their exclusive data formats as inputs. vg’s (gfa)
runtime and memory consumption are indicated in brackets at the bottom.
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2.3.2 Comparing different parameters

Initially, gretl was developed for graph comparison within a grid search of parameter
settings to identify the "best’ configuration.

When using the same base/input sequence (e.g. a set of genomes), it becomes straight-
forward to analyze the resulting graphs, as the genomic background of the input sequence
can be entirely ignored. In our experiment, we focused on 30x Saccharomyces cerevisiae
datasets, which represent ’simple’ genomic backgrounds with manageable genome sizes. We
conducted a representative experiment using the PGGB workflow, in which we adjusted the
most critical parameters within the pipeline (Table 2.3). In total, we generated graphs by
modifying five different parameters, resulting in 108 possible combinations.

Since we extract multiple statistics from one graph, a good visualization is a heat-map
which can represent all computed features and all graphs at the same time. However, since the
color grading value range in heatmaps is consistent for all displayed values, it is necessary to
normalize the dataset. Hierarchical clustering was employed to identify graphs with similar
statistical profiles. We recommend performing scaling by the maximum value per feature,
resulting in values ranging from O to 1 (Figure 2.4). To represent the different graphs, an
additional heatmap was included below, displaying the various parameter settings. Three
colors were selected to indicate high (red), medium (blue), and low (green) parameter values
(Table 2.3).

The most prominent parameter exhibiting a clear pattern is ’s’, which adjusts the segment
length during the initial wfmash alignment step. Based on the clustering, which treats all
statistics equally, features measuring "inverted nodes/edges" in any form are particularly
influenced by the parameter ’s’. Notably, the "inverted" feature shows a strong negative
correlation with ’s’, with a Pearson correlation coefficient close to -0.8 (Figure 2.5). Positive
correlations were generally weaker. However, a clear trend was observed whereby higher ’s’
values corresponded to higher overall similarity.

Another particularly relevant parameter is ’p’, which controls the mash threshold between
two segments in wfimash (Table 2.3). While detectable in the heatmap, the effects of "p’ are
even more apparent through direct correlation analysis. A very high correlation was found
for "Path node size" in base pairs, affecting both the standard deviation and average values.
General graph statistics are also influenced: "Node size" exhibits the highest correlation
with ’p’, along with overall graph size in base pairs. This is consistent with theoretical
expectations: a higher 'p’ threshold reduces the number of alignments, resulting in a less
condensed graph with larger nodes. Negatively correlated features include those related to

"compression" and node count. As nodes grow larger, fewer are needed to represent the
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graph, and thus compression decreases; the input sequence remains constant while the overall
graph size expands.

The parameters 'n’ (number of secondary alignments) and "k’ (seqwish initial seed hits)
were also found to influence graph structure. Although these were not investigated in detail
here, distinct patterns can be observed in the heatmap. The parameter asm’ (alignment
settings) appeared to have no substantial effect on graph structure.
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Fig. 2.4 Graph statistics across yeast graphs.

This heatmap visualizes graph statistics for each yeast graph constructed using different
parameter sets. Rows and columns are hierarchically clustered. Colors at the bottom of the
plot show different parameter settings, each row represents one parameter. High values of
the parameter are in red, middle in blue and low in green.
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Fig. 2.5 Correlation between PGGB parameters and graph statistics.
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significantly affected by the parameter (P < 0.05) are presented.
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For a more detailed perspective, a scatter plot (2D) representation can be employed

(Figure 2.6). This approach facilitates the identification of the effects of parameter choices

and enables the examination of parameter-specific statistical patterns more effectively. Using

different colors or markers the user can highlight certain parameters for better identification of

the right one. In this case, we used node degree and average node length (in base pairs), with

the 'n’ (number of secondary alignments) and ’p’ (mash threshold) parameters represented by

color and marker symbol, respectively. Even by eye, we can observe that graphs constructed

with a strict/high ’p’ parameter generally exhibit a low node degree and a high average node

length. The number of secondary alignments (’n’) typically has little effect on the overall

structure of the graphs, as such alignments are present throughout. However, lower values of

'n’ appear to result in graphs with a generally low node degree.



38 Evaluating variation graphs

3.05
n
e 15
3.00 -
o ® 30
® 60
2.95 - p
®
® 80
®
] ’o % 90
S 2.90 -
% ° m 95
w ®
©
S 2.85 ® o g% =
© G5 m
e ® © i
| [}
2.80 1 & .'3333 3 % o
W, g s
(4]
2.75 - s &8 & =
7.5 8.0 8.5 9.0 9.5

Average node length [bp]

Fig. 2.6 Relationship between node degree and the average node length in base pairs for
all graphs built with different combinations of parameters.

The different colors highlight the “percent identity” in the wfmash step ('p’), the different
shapes the (secondary) n-mappings ('n’) of PGGB. Graphs are based on chromosome IX
from 30 S. cerevisiae genomes. Graphs built with different ’p’ can easily be distinguished
and this parameter seems to have a strong influence on the graph.

2.3.3 Comparing different organisms

Using gretl it is also possible to compare variation graphs from different species or popula-
tions. Unlike comparisons within the same dataset, such as parameter optimization or method
selection, these graphs originate from distinct genomic backgrounds, and these differences
should be reflected in their graph properties. Whether the goal is to identify these distinctions
at the graph level or create uniform graph structures for comparing basic statistics, this is an
integral part of the parameter selection process.

Nevertheless, the genomic architecture of a species is influenced by a multitude of factors.
These factors can include genetic drift, mutations, genetic bottlenecks, or natural selection, all
of which impact the genetic architecture of the species. Furthermore, different chromosomes
within a species may have undergone distinct evolutionary processes and could originate
from different ancestries.
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Differences extend not only to the complexity of the genomes themselves but also to
variations between individual populations. For instance, many bacterial genomes (strains)
exhibit high collinearity and minimal differences between them. In eukaryotes, particularly
in plants, transposable elements and other genomic processes can lead to intricate rearrange-
ments, duplications of transposable elements, and gene capture events. These complexities
pose new challenges in terms of comparison and alignment. When comparing graphs from
different species using gretl, it is recommended to exclude all non-normalized statistics to
reduce inflation or false representation of features. Nevertheless it is helpful to have a look
on non-normalized features, if genomic input is very similar.

As previously mentioned, this experiment employed graphs from Arabidopsis thaliana,
Saccharomyces cerevisiae, and Homo sapiens to facilitate a species-level comparison at the
graph level. Each species is represented by five chromosomes, each with varying quantities
of samples and paths (Table 2.1).

To emphasize the comparison rather than the absolute (normalized) values, we standard-
ized all measurements as ratios relative to the highest observed value for each specific statistic.
This results in a shifted representation where individual values are portrayed as one (100%),
even if their original absolute values are substantially lower. The clades within the resulting
dendrogram accurately reflect species associations. When selecting two specific statistics,
such as average node length and node degree, and visualizing them in a two-dimensional scat-
terplot, distinct species-specific patterns become apparent, highlighting structural differences
in the underlying genomes (Figure 2.7).
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Fig. 2.7 Species-wide comparison

Scatter plot showing two selected statistics (node degree and average node length [bp] across
multiple graphs, enabling comparisons between different species. Distinct patterns can be
observed not only between species but also among individual chromosomes, highlighting
species- and chromosome-specific graph characteristics.

2.3.4 Minigraph - PGGB

In this study, a comparative analysis was conducted on genome graphs published as part of
the Human Genome Draft Pangenome [53]. These graphs were generated using the same set

of human samples but were constructed through distinct methodological approaches.

As outlined previously, the two graph construction methods are based on fundamentally

different principles. Nonetheless, both yield fully resolved structures that represent the input

genomic data.



2.3 Results 41

Notably, the graphs tended to cluster according to the construction method rather than by
chromosome, indicating that methodological differences are of greater influence on graph
structure than chromosomal origin.

A prominent distinction between the two graph construction approaches is observed in
metrics such as average node length, inverted edges, and overall graph compression. MC
graphs generally exhibit lower average node lengths, particularly in the top 5% percentile, but
in contrast, show a higher number of inverted edges and reduced compression. MC graphs
also tend to display higher similarity values; however, this comes with increased standard
deviation, indicating less consistency across the graph.

In contrast, PGGB graphs contain almost no inverted edges, making this a distinguishing
feature of the MC method. One notable exception is PGGB’s chromosome 22 graph, which
differs substantially from all others by showing a high number of negative edges, extremely
long node lengths, and the highest count of self-edges. This makes chromosome 22 a
consistent outlier, particularly in the PGGB set. The behavior of chromosome 22 as an outlier
suggests that certain genomic regions, possibly due to structural complexity or repetitive
content, are more sensitive to graph construction parameters.

Despite these differences, both graph types maintain a similar ratio of nodes to edges and
share an almost identical median node length, likely reflecting the prevalence of SNPs, the
dominant form of variation in the dataset. While many statistics are broadly comparable, the
mentioned differences underscore method-specific biases.

Interestingly, MC graphs appear more internally consistent across chromosomes, as
reflected in their tighter clustering in the dendrogram. This consistency may make MC
graphs more suitable for comparative studies where reproducibility across chromosomes is
important. By contrast, PGGB graphs, largely due to the outlier behavior of chromosome 22,
show greater variability, resulting in divergent subclusters even within the same construction
method.
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Fig. 2.8 gretl stats - comparison of different methods.

Individual graphs cluster by method and not by chromosome. Only normalized metrics are
shown here. In addition, values were scaled by maximum for each feature (rows). Maximum
values shown in brackets.

2.3.5 In-depth analysis

Analyzing a genome graph can be challenging, especially when the features of interest are
not easily detectable. Most analyses provided by this tool focus on the pangenome, including
its classification and localization. Additionally, the tool enables the identification of regions
with varying levels of complexity within the graph, allowing users to pinpoint and link
regions of interest. To demonstrate these capabilities, we performed several analyses on the
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Saccharomyces cerevisiae (yeast) and the human genome, as shown below. A more detailed
examination of our methods is presented in Chapter 3, which focuses on the analysis of
variation graphs constructed from 28 genomes obtained from Arabidopsis thaliana. Selected,
specific analyses are highlighted in this section.

Path-level comparison of human variation graph

In this study, we used gretl to analyze the PGGB graph of H. sapiens Chromosome 18, con-
structed from 48 individual samples annotated by their respective superpopulations. While
each superpopulation exhibits statistically distinct graph profiles, the samples are broadly dis-
tributed, particularly those from the African (AFR) group. However, this analysis is intended
as a representative example rather than a comprehensive population-level comparison. Due
to the limited and uneven sample sizes across groups, no definitive biological conclusions

should be drawn from this dataset alone.
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Fig. 2.9 Relationship between average node size and the number of inverted nodes of
each path in the H. sapiens chromosome 18 (hprc) graph.

The path names are annotated to their superpopulation: AMR: Admixed American, AFR:
African, EAS: East Asian, SAS: South Asian.
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Complexity analysis in Saccharomyces cerevisiae
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Fig. 2.10 gret1l nwindow - Detection of regions of high local variability.

Graph-based window approach iterating over each node in the graph and capturing all nodes
in up to 10 steps away. Each window is summarized by amount of sequence (top), number of
nodes (middle), or summary of node ID distance (bottom) from the starting node.
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Correlation

Our tool provides several statistical measures designed to identify nuances between different
graphs. However, in many cases, these statistics reflect the same underlying feature in the
variation graph. As such, they may be aggregated into a single value or, at the very least,
interpreted as related metrics that describe the same aspect of the graph structure.

To do so, we examined how other parameters affect individual graph statistics and
identified the major driving factors. We focused on the statistics themselves, specifically,
which statistics correlate with each other. Using our previously described parameter dataset
in yeast, we analyzed the correlations among these statistics, specifically looking for strong
(anti-)correlations between different measures when comparing graphs from the same dataset.
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Fig. 2.11 Correlation Analysis of Yeast and Arabidopsis graph statistics.

This heatmap presents the correlation coefficients derived from various graph statistics, which
were calculated through the analysis of a yeast variation graph. The visualization highlights
the interrelationships among different metrics, revealing significant associations between
them.

Hierarchical clustering based on correlation was used to identify clades of similar features.
While multiple clade groupings could have been defined, determining an optimal threshold
proved challenging. Ultimately, we selected a threshold that resulted in four distinct clades.
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2.3.6 Workflow

We also provided an example on how to use a combination of our new graph analyses.
This example had the goal to “Identify highly variable regions based on genome graphs”
(Figure 2.12). The target is a specific statistical profile that limits possible candidates for
highly variable regions to a reasonable number. After finding the optimal graph (yellow), we
continue with several analysis steps (orange). Finally, the regions of interest can be compared
to existing annotations, e.g., by BLAST, or the subgraph can be extracted and investigated in
detail. A combination of both might be the optimal approach (green). Here, we identified
a double loop structure caused by presence-absence polymorphism resulting in a highly
variable region in close proximity to the bifurcation/merging point (Figure 2.12).

Example Workflow

Parameter grid search for a linear/low complexity graph
- Heatmap
- Scatterplot of important features

Fig. 2.12 Example workflow: ''Identify highly variable regions based on genome graphs"'
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Fig. 2.13 Example results.
(A) Based on the nwindow analysis, nodes with an ID at 23850 showed a dense pattern
with no significant increase in sequence. (B) The nodes were identified to be in the middle
of a double loop structure close to a SNP array, which caused the high number of nodes.
(C) We are not able to comment about the origin of the highly variable region, but from a
sequence similarity search with the loop sequence to the reference annotation, we found an
autonomously replicating sequence bordered by a regulatory and a signal transduction gene.

Close
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2.4 Discussion

Our parameter study demonstrated that evaluating graphs built with different parameter
settings is crucial. Among the tested parameters, ’s’, which defines the segment length during
the initial wfmash alignment step, was especially influential. This parameter plays a critical
role because alignment forms the foundation for graph construction via seqwish. Longer
segments reduce the likelihood of spurious or repetitive alignments, leading to graphs with
fewer cycles and a more linear structure. In contrast, shorter segments increase the resolution
and enable the alignment of repetitive or mobile elements such as transposable elements,
motifs, or even genes. However, shorter segments also increase the chance of redundant or
ambiguous alignments, contributing to graph complexity and collapsed structures.

The effect of ’s’ is strongly dependent on its interplay with parameter 'p’, which sets
the mash similarity threshold. Only segments surpassing this threshold are aligned. A
combination of low ’s’ and low ’p’ increases sensitivity but can lead to over-collapsed graphs,
as shown in our results. In contrast, using high values for both parameters yields more linear,
conservative graphs with fewer complex features. Interestingly, *p’ alone can have a similar
simplifying effect on graph structure by limiting the number of accepted alignments, thereby
increasing node size and reducing graph density and compression.

The parameter 'n’, which defines the number of secondary alignments per segment,
was expected to have a larger effect. While we did not observe a strong correlation, we
hypothesize that 'n”’s influence is reduced due to the all-vs-all alignment approach and
the way seqwish merges overlapping alignments into the graph. Lower 'n’ values may
omit certain alignments, but in densely connected regions, indirect alignment links likely
compensate. Higher 'n’ values may only matter when a segment appears in multiple divergent
regions, more common for short segments, again highlighting the indirect dependence on ’s’
and 'p’.

Parameters "k’ (the minimum seed size in seqwish) and asm (alignment parameter) had
minimal impact. The former was expected to promote graph linearity by filtering out weak
alignments, but this effect was not observed. The latter, surprisingly, showed no measurable
influence in our current setting. While asm’ controls high-level alignment behavior in the
normalzing stage (smoothxg), it may only affect graph structure under specific conditions,
such as complex genomes or poorly tuned alignment parameters. Previous versions of PGGB
have shown that default asm’ values can cause fragmentation, SNP arrays, or large unaligned
regions, but such behavior was not evident in our yeast-based test case.

In summary, parameters ’s” and 'p’ exert the strongest and most consistent influence on
graph structure. Their effects are both independent and combinatorial, shaping key features
such as size and graph linearity. The remaining parameters contribute marginally or under
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more specific conditions, reinforcing the idea that careful assessment of alignment-related
settings is essential for producing interpretable and stable graph topologies. We expect
that in more complex genomes, the effects of parameter variation would be even more
pronounced than those observed in our experiments. Although the full parameter space and
their combinations are not yet systematically defined, the parameters discussed here are
considered among the most influential by developers and users alike.

Complementing our parameter study, we also observed substantial differences in graph
construction between Minigraph-Cactus (MC) and PGGB. Notably, even when using iden-
tical input sequences, the resulting graph structures varied considerably depending on the
construction tool. These tool-specific differences far exceeded the effects of parameter
variation alone, suggesting that aligning graph outputs across tools may not be feasible, even
with extensive parameter tuning.

A key reason for these discrepancies is the way MC handles sequence divergence. Unlike
PGGB, MC does not construct graphs at base-pair resolution. In regions of high divergence,
the MC algorithm tends to omit non-reference sequences, retaining only the reference
backbone. In some cases, entire divergent segments are removed or samples are split,
aligning only the most similar regions. This results in a more linear graph structure but at the
cost of losing detailed variation in complex or repetitive regions.

This discrepancy may also reflect the inherently more linear architecture of MC graphs,
potentially coupled with a greater abundance of repeat elements in PGGB graphs that reduce
node similarity. Indeed, similarity was generally higher in MC graphs, though accompanied
by greater variability. These structural differences may have practical consequences for
downstream applications, including read alignment, variant calling, and functional annotation,
where graph topology directly influences mapping accuracy and interpretability.

Interestingly, PGGB graphs contained almost no inverted edges, highlighting the distinct
design principles behind each approach. While MC was originally optimized for human
genome graphs, its default settings may not generalize well to more complex plant genomes.
Nevertheless, in gene-rich regions with low transposable element activity, MC and PGGB
graphs are expected to exhibit more similar structures.

These findings underscore the variability inherent in genome graph representations and
highlight the critical importance of method selection in producing accurate and interpretable
genomic models. The choice of graph construction method not only affects the structural
properties of the graph itself but may also determine its suitability for specific analytical
tasks. As graph-based genomics continues to expand, careful consideration of tool design

and domain specificity will be essential for robust and reproducible analyses.
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We contribute gretl, a fast, efficient, and user-friendly stand-alone tool for generating a
wide range of statistics and insights into the structure and composition of genome graphs,
complemented with a set of user-friendly Python scripts for downstream analyses. gretl
generates 108 different metrics for a single variation graph. We highlight path-centric statis-
tics and analyses especially designed for genome graphs that have not yet been implemented
by other tools. It is important to note that the quality of the genome assemblies used to
generate the genome graph can significantly affect the accuracy and completeness of the
generated metrics and subsequent downstream analyses. As such, it is essential to carefully
evaluate and validate assembly quality before using gretl. In our experience, the building of
graphs from complex genomes such as those of plants is highly affected by parameter choice.
While gretl can process any graph which adheres to the GFAv1 specification, it is required
that node IDs are numeric, and a sorted ID space is necessary for all “Jump”-related statistics.
We recommend using path-guided 1D SGD ordering, which can be achieved effectively using
the odgi sort -Y’ functionality during the preprocessing stage [46, 51]. gretl is unique in
that it provides both graph-based and path-based statistics, allowing users to gain insights
into both the overall structure of the genome graph and the specific paths/samples through
the graph that correspond to genetic variation. Finally, gretl is designed to be modular and

extensible, allowing for the future addition of new features and statistics.



Chapter 3

Application of genome graphs —
Pangenomic analysis of the 1001G+
dataset

Parts of this chapter have been published in Towards an unbiased characterization of genetic polymorphism,

available on bioRxiv at https://doi.org/10.1101/2024.05.30.596703.

3.1 Introduction

In the upcoming chapter, several tools mentioned earlier have been utilized, with a particular
focus on analyzing the 1001 Genomes Plus (1001G+) graph. The 1001G+ project is a succes-
sor of the original 1001 Genomes project [3], but is now including only a few accessions from
each of the eight admixture groups. In addition, we added ecotypes from recently published
papers, which included samples from China, Madeira, and Africa [27]. The genomes have
been sequenced using Complete Long Reads (CLR) technology by the Max Plank Institute
for Biology Tiibingen and the Gregor Mendel Institute of Molecular Plant Biology Vienna.
Scaffoldings of several accessions have been supported by manual curation and optical maps
from Corteva resulting in chromosome-scale assemblies. Subsequently, we constructed
genome graphs in a chromosome-wise way to reduce complexity and remove unnecessary
linkage between chromosomes. Our genome graphs were constructed with PGGB, a robust
and reference-free approach developed by Erik Garrison and Andrea Guarracino [39]. In
total, we generated five graphs with 28 paths, 17.47 M nodes and 24.12 M edges (s. Table
3.1.)

Our goal was to perform a reference-free analysis of the selected samples and a comparison
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of graph-based structural variation analysis to Pannagram, a newly developed SV detection
method [57]. We took efforts to remove reference bias in the graph analysis, and perform
reference-free scaffolding, annotation and expression analysis. However, in many aspects, the
usage of a reference could not be avoided since many state-of-the-art workflows and methods
require one. Nevertheless, our analysis aimed to show that reference-free approaches are on
par with traditional workflows and that analysis on whole-genome level gives better insights

into genomic regions which were not feasible before.
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3.2 Materials and Methods

3.2.1 Materials

Summary statistics of the generated chromosome-level genome graphs are shown in Table 3.1.

The ecotypes used to generated the graphs are described in Table 3.2.

Table 3.1 Summary of the genome graphs.

This table provides a summary statistics of the constructed graphs, including number of nodes
and edges, graph size and compression. Each row corresponds to a distinct chromosome,
while each column denotes a different attribute of the graph. Notably, all graphs feature 28
paths.

Chromosome | Nodes Edges Graph size [bp] | Compression
1 4,106,249 | 5,674,167 | 56,137,656 14.78
2 3,038,951 | 4,203,135 | 39,014,019 14.25
3 3,612,943 | 4,991,585 | 49,333,666 13.43
4 2,970,954 | 4,115,126 | 38,878,631 13.89
5 3,739,478 | 5,172,232 | 51,273,660 14.73




Table 3.2 Table of the 1001G+ accessions.

This table provides a summary of the ecotypes of the 1001G+ study, including identifier, sequence origin, country of origin, ADMIXTURE
group and the indication of optical maps support. Each row is representing a different accession and each column corresponds to
different feature of the accession.

Stock ID# | Identifier Accession Sequenced by | Seq. PCR_free Country Admixture Optical_map
Tech. Group
CS78969 1741 KBS-Mac-74 MPI CLR yes USA germany six_refs
CS76864 6024 Fly2-2 GMI CLR yes_GMI SWE south_sweden
CS77137 6069 Nyl-7 GMI CLR yes_GMI SWE north_sweden Corteva
CS77309 6124 T690 GMI CLR yes_GMI SWE south_sweden
CS77384 6244 TRA 01 GMI CLR yes_GMI SWE north_sweden
CS76778 6909 Col-0 MPI CLR yes USA germany Kawakatsu_2016;six_refs
CS77266 6966 Sqg-1 GMI CLR yes_GMI UK western_europe Corteva
CS76941 8236 HSm GMI CLR yes_GMI CZE central_europe Corteva
CS77023 9075 Lerik1-4 GMI CLR yes_GMI AZE italy_balkan_caucasus
CS76787 9537 IP-Cum-1 MPI CLR yes_MPI; YES ESP spain Kawakatsu_2016
CS76886 9543 IP-Gra-0 GMI CLR yes_MPI ESP relict
CS77133 9638 Noveg-3 GMI CLR yes_GMI RUS asia Corteva
CS77279 9728 Stiav-1 GMI CLR yes_GMI SVK central_europe
CS76581 9764 Qar-8a MPI CLR yes LBN admixed Corteva
CS77197 9888 IP-Pva-1 GMI CLR yes_GMI ESP spain
CS78840 9905 Ven-0 GMI CLR yes_MPI ESP relict
CS76366 9981 Angit-1 MPI CLR YES ITA italy_balkan_caucasus
CS76405 10002 TueWal-2 MPI CLR YES GER western_europe
CS929 10015 Sha MPI CLR yes_MPI; YES TIK asia
CS77369 10024 Tnz-1 MPI CLR YES TZA africa Corteva
22001 85-3 CAS CLR yes CHN china Corteva
22002 35-1 CAS CLR yes CHN china
CS799913 22003 Taz-0 MPI CLR YES MAR africa
CS799925 22004 Elh-2 MPI CLR YES MAR africa
CS2107642 22005 Rabacal-1 MPI CLR YES POR madeira
635AV 22006 Areeiro-1 MPI CLR YES POR madeira Corteva
22007 ET-86.4 MPI CLR YES ETH africa
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3.2.2 Methods

Modifying accession 22001

Initially, we discovered a very large reciprocal translocation in accession 22001 (alternative
name 85-3) from the Yangtze River region, which swapped the distal portions of chromo-
somes 3 and 5 (Figure 3.1). We validated the translocation by PCR with two sets of primer
pairs designed to either amplify the standard arrangement of chromosomes 3 and 5 of Col-0,
or the two translocation junction regions in accession 22001. This rearrangement, which
would presumably lead to decreased fertility in heterozygotes, appears to be quite rare as we
did not identify other examples in a sample of 117 accessions sequenced with Illumina short
reads from the same region [151]. For the purposes of this study, we manually rearranged this
genome to match the ancestral organization. To identify the exact breakpoints, we aligned
chromosome 3 of 22001 to all other sequences of chromosome 3 with minimap2 (-x asmb).
After filtering the alignments to retain those longer than 50 kb (fpa drop -1 50000), we
removed the sequence from the start to the first position of alignment and added the reverse

complement to the end of chromosome 5. A collection of the scripts can be found at GitHub'.

22001 _init 220011
22001_Chrt 22001_Chr2 22001_Chr3 | 22001 Chrd |  22001_Chr5 220011_Chrt | 220011.Ch2 | 220011_Chr3 | 220011_Chrd | 220011_Chr5

B

>

SHYOTOIHIVL
I
SIOTOMHIVL

I
oL |

|
vgoomvL |

/

110" 0LHIVL
S0 0IHIVL
IE7I40"01HIYL

| 2w omvL ( S0 OHIVL

| ooy |

/

| | | | | | | | 1 1 | | | | | | |
12M 239M  359M  478M  598M  717M  837M  956M  107.6M 12M 289M  359M  478M  598M  717M  837M  956M  107.6M

19M  288M  357M  477M  596M  715M  834M  953M  107.2M
I

19M  288M  357M  477M  596M  715M  834M  953M  107.2M
I 1

LY 0kYIVL
HUOTOMIVL

Fig. 3.1 Reciprocal translocation in accession 22001.

Dot plot of the original assembly 22001 (A) and of the modified assembly 22001 m against
(B) accession 22002. The translocation is readily seen at the beginning of chromosome 3 and
the end of 5. Dot plots were created with D-GENIES.

thttps://github.com/Gregor-Mendel- Institute/1001Gplus_paper/tree/main/02_analysis/
11_mod_genome
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Divergence Estimation

We utilized mash [104] to estimate the typical level of divergence among the accessions in
our dataset. For this purpose, the mash triangle command was used to generate a lower
triangular distance matrix. This matrix was subsequently visualized in Python using the
matplotlib library. Due to our prior experience, where we observed that Mash distance
tended to underestimate the actual divergence, we decided to conduct additional experiments
involving SyRI and DeepVariant [43, 113]. SyRI was utilized for general structural variation
(SV) detection among the various accessions, while DeepVariant was employed for SNP-
based estimations. Specifically, SyRI was executed using the minimap2 alignment algorithm
with the default parameters, as specified at https://schneebergerlab.github.io/syri/pipeline.
html. DeepVariant was run with the default parameters, utilizing the bwa mem input alignment
[76]. Principle component analysis (PCA) was performed with presence-absence data of
our merged genome graph using gfa2bin graph on nodes. The PCA was made with the
Python package SciPy and later plotted with matplotlib.

Graph statistics

All graph-based statistics presented in this chapter were computed using the gretl tool
described in chapter 2. This framework enabled us to perform robust and consistent analysis
across the five chromosome graphs, providing both general graph statistics and detailed
pangenomic insights. Specifically, we used the following modules: gretl stats for basic
graph-level statistics, gretl ps for path-related pangenome features, gretl core for core
and accessory genome analysis, gretl window for local pangenomic complexity profiling,
and gretl bootstrap to assess pangenome saturation. Saturation analysis with annotation
was conducted using a custom Python script, which linked each graph node to one or more
genomic features, including exons, genes, mRNAs, and intergenic regions. All visualizations

were created using the matplotlib and seaborn libraries in Python 3.7.

3.2.3 Variation detection
Deconstructing the graph

Since the Bifurcation-Variation-Detection tool (BVD, see Outlook) was still under devel-
opment as this analysis was done, the variation data was based on vg deconstruct. To
achieve full perspective and cover all bubbles in the graph, vg deconstruct was run multi-
ple times with each accession reference path once (vg deconstruct -a -e). Subsequently,
the reported VCF files were converted to a BED file with information relevant to the anal-


https://schneebergerlab.github.io/syri/pipeline.html
https://schneebergerlab.github.io/syri/pipeline.html
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yses provided. In addition, each chromosome was merged and genotype information was
concluded and added. Bubbles were identified by start and end position, also reporting all
traversals within these bubbles. To make it comparable to the provided data from Pannagram,
structural variation bubbles have been categorized into single and multiple events (see below).

Bubble statistics

As described above, statistics for each bubble were collected based on their unique start and
end positions. The resulting dataset included all traversals, represented by their respective
node and edge sequences, as well as the number of distinct paths passing through each bubble.
In an additional analysis step, we computed the size of each traversal by summing the lengths
of the nodes it comprised, using their node IDs and associated sequence lengths. From this
data, we extracted key metrics including the number of traversals per bubble, the number of
paths, the maximum bubble size (i.e., the longest allele), and the bubble size ratio between

alleles.

Pannagram

Pannagram is a whole-genome multiple-alignment pipeline? that produces an intuitive rep-
resentation for genome-browser visualization [57]. This approach can be considered an
extension of pairwise-alignment methods [43] to handle multiple genomes in a reference-free
manner. We derived a pangenome coordinate system based on the resulting alignment and
anchored it to the TAIR10 reference genome. It was run by our collaboration partner in
Vienna.

The comparison between the two approaches was conducted using all structural variant
(SV) data. Both datasets were filtered to retain only variants with at least one allele of size
bigger than 14 bp. Additionally, SVs larger than 100 kb were removed to avoid technical
artifacts and because such large variants could not be reliably post-processed. This filtering
step primarily affected SVs detected in the graph-based dataset.

The filtered datasets, formatted as BED files, were then compared using bedtools
multiIntersectBed. The resulting overlap file was analyzed using custom Python scripts.
All scripts, input files, and intermediate results are available in the associated GitHub

repository>.

Zhttps://github.com/iganna/pannagram
Shttps://github.com/Gregor-Mendel-Institute/1001Gplus_paper/tree/main/02_analysis/
12_graph
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Definition - Single and multiple events structural variation

In order to identify insertion-deletion (InDel) events, the detected structural variations were
classified into two categories. The first category, Single Event Variation (SEV), reflects
simple InDels and consists of one large and one small allele. The small allele is limited
to a maximum size of 5 % of the size of the large allele, and the large allele can contain
multiple traversals as long as they are highly similar to each other (at least 95 %). The second
category, Multiple Event Variation (MEV), covers all structural variation bubbles that do not
fit the criteria for a single event. Structural variation bubbles are defined as bubbles with a
traversal size of at least 15 base pairs, regardless of the other traversal sizes. It is important
to note that this definition only applies to SV bubbles.
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3.3 Results

3.3.1 Divergence estimate

Within our dataset, Mash distance analysis revealed two distinct clades, as can be observed
in Figure 3.2A. One clade consists primarily of samples from Europe and Asia, forming
the core of the dataset derived from the original 1001G study. Within this clade, accessions
of Asian origin, including several Chinese samples form a small, well-defined subcluster
located in the upper left of the distance matrix.

Notably, the two assemblies of the Col-0 accession, TAIR10 and our in-house resequenced
version (6909), show an exceptionally small Mash distance, confirming their near-identical
sequence composition. In addition, several closely related accession pairs were identified,
suggesting highly similar genetic content. For instance, accessions 6069 and 6244, as well as
22005 and 22006, display strong similarity, likely attributable to their geographic proximity.

The second major clade predominantly consists of African, Madeiran, and so-called
"relict" accessions. Within this group, clear subclades can be identified: one containing
Madeiran and relict samples such as 22005, 22006, 9543, and 9905, and others comprising
closely related African sample pairs such as (10024, 22007) and (22003, 22004).

Since Mash distance can sometimes underestimate divergence in complex genomes,
we also conducted experiments using SyRI and Deep Variant to evaluate syntenic sequence
coverage and SNP counts, respectively. These two measures assess different aspects of
genome comparison, thereby highlighting distinct underlying mechanisms. As shown in
Figure 3.2B, similar patterns and clusters can be observed across all methods, supporting the
consistency of our findings.

Another approach to infer common ancestry or to cluster samples is Principal Component
Analysis (PCA). PCA is a dimensionality reduction technique that identifies key components
explaining the greatest variance in the dataset, allowing samples to be projected into a lower-
dimensional space while preserving important structural information. In our analysis, we
observe a similar clustering pattern to what was seen in previous analyses (Figure 3.3). For
example, TAIR10 and accession 6909 are positioned in close proximity.

The clusters described earlier are also evident in the PCA plot, which displays the first
and second principal components. Most samples are distributed along the first principal
component (PCAT), while only a few, namely accessions 22001, 22002, 10015, and 6938,
show clear separation along the second component (PCA2). Interestingly, genomes not
originating from Central Europe are generally more dispersed in the PCA space, whereas
Central European accessions tend to cluster more tightly, suggesting shared ancestry or

reduced genomic diversity within that geographic region.
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Fig. 3.2 Divergence estimates of the 1001G+ genomes.
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Fig. 3.3 PCA based on node presence-absence.

3.3.2 Graph statistics
Pangenome classification

The level of similarity between genomes offers an initial measure of genomic complexity
in Arabidopsis thaliana. In our pangenome graph, total sequence content consists of 31.8%
core, 25.4% private, and 41.7% soft-core regions. However, when considering node count,
the distribution shifts: 67.2% of nodes are classified as soft, while only 17.1% and 15.2% are
core and private, respectively. Despite the large total volume of private sequence, it accounts
for only 1.8% of each accession on average, since private regions are specific to individual
genomes and not shared. Conversely, core sequence, while comprising a smaller portion of
the graph overall, represents 64.3% of each individual genome due to its presence across all
accessions. These patterns underscore the asymmetry between collective genome content
and its per-accession representation, reflecting how shared and unique regions contribute
differently to graph complexity and individual genome structure.

When comparing the different accessions, the overall genomic variation appears relatively

low. As shown in Figure 3.4, most genomes are not only similar in size but also contain
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Fig. 3.4 Composition of the pangenome in Arabidopsis thaliana.

(A) The amount of core, soft and private sequence for each accession. (B) Composition of
the pangenome visualized by a histogram. Data displays the summarized amount of sequence
found for each similarity (number of path in the node). (C) Fraction of core, soft and private
nodes in the whole graph (right) and sequence in each genome (middle) and total sequence
(left).

comparable proportions of private and soft-core pangenome content. However, accessions
such as 9905 and 22003 stand out with unusually high levels of private sequence. At
the same time, these accessions exhibit notably low soft-core content, suggesting that a
significant portion of their unique sequence may, in fact, be shared with other accessions
but remains unaligned due to structural complexity, assembly differences, or divergence
beyond alignment thresholds. This observation highlights the limitations of alignment-based
classification and suggests that private sequence content can be inflated in genomes with
lower-quality alignments or increased structural variation.

One possible explanation is that these private sequences originate from centromeric or
other highly repetitive regions, which are inherently difficult to assemble and align. Given
the sequencing technologies used, it is likely that these regions were only partially captured



3.3 Results 65

or incompletely assembled, limiting accurate placement within the graph. This technical
limitation may lead to the erroneous classification of repetitive or poorly aligned sequences
as private, when in fact they may be shared across multiple accessions but remain unresolved
in the current dataset.

The distribution of shared sequence across the 28 accessions reveals a U-shaped pattern
(Figure 3.4B, with most sequences being either private (found in only one sample) or core
(present in all samples). Intermediate levels of similarity are less frequent, indicating that
much of the genome is either highly conserved or highly individual-specific. This distribution
suggests a stable genomic background common to all samples, alongside a considerable
amount of accession-specific content. The large proportion of private sequences may reflect
true biological variation, unalignable regions, such as centromeres, or potential assembly

artifacts, particularly in repetitive or structurally complex regions.

Regional similarity

We compared complexity patterns across accessions and observed that nearly all exhibit
a consistent structure of alternating low- and high-complexity regions. Chromosomes
are primarily composed of sequence shared across all accessions, particularly along the
chromosome arms, which are known to be gene-rich. In contrast, sequence similarity
decreases sharply near centromeric regions. Although the exact positions of centromeres vary
between chromosomes, they are consistently identifiable across accessions. Minor positional
shifts are due assembly length introduced by the use of CLR sequencing technology.
Notably, even pericentromeric regions, located approximately 2—4 Mbp from the cen-
tromere, show an early decline in similarity. This pattern suggests a more dynamic and
structurally variable genomic landscape, likely influenced by increased transposable element
(TE) activity and rearrangements that disrupt conserved gene content or synteny. These
complexity patterns are visually marked with black arrows in the corresponding figures for

clarity (Figure 3.5).

Arabidopsis thaliana saturation

In our dataset, we observed that the pangenome did not appear to be saturating even after the
inclusion of 28 genomes, which indicates that new sequences are continuously being added
to the pangenome (Figure 3.6A). Interestingly, the behavior of the core genome, as opposed
to the soft and private sequences, appears to plateau after several accessions and remains
relatively stable thereafter. These findings suggest that the impact of new sequences on the

pangenome is largely driven by the addition of private sequence.
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Fig. 3.5 Sliding window similarity plots.

These heatmaps display the similarity level along the chromosome for each of the 5 chro-
mosomes, with the x-axis showing the chromosome position and the y-axis showing the
accession used in this analysis. Windows are 500 kbp in size and are represented as color-
coded single value (arithmetic mean). Blue indicates high similarity and yellow indicates low
similarity. Black arrows mark centromeres and green arrows indicate chromosome fusion
sites. For better visualization, similarity values are cut by 15 and every window with lower
values is shown as yellow.

Expanding on the previous analysis, we also included annotation data. By using the same

approach, we can determine how much new information is added to each category of genes
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Fig. 3.6 Arabidopsis thaliana saturation.

and their respective parts, such as introns and exons. When overlapping the analysis with
annotation data, we have found that most of the new sequence accumulates in the intergenic
regions, which are located between genes. In contrast, the genes, mRNA, and exon parts of
the genome seem to accumulate new sequences much more slowly than intergenic regions,
and show much less variation within each bootstrapping approach (Figure 3.6B).
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Notably, the increase ratio of the intron, mRNA, and exon sequences seems to be the
same, indicating that these categories have the same limitations/mechanism in terms of

accumulating new sequences.

3.3.3 Bubble statistics

To compare our graph in terms of variation with other approaches, we decomposed it into
distinct bubble structures. Bubbles are defined by distinct start and end positions, which we
use as unique identifiers to accumulate statistics across our graph set. Each bubble contains
at least two traversals from the start to the end node and is not connected to other bubbles,
except at these boundary nodes. Additionally, bubbles can be nested within larger bubbles if
they are fully enclosed. Most of the subsequent analyses were conducted using SV bubbles,
containing at least one allele/traversal longer than 14 base pairs. Across our five chromosome
graphs, we detected a total of 5,468,158 bubbles. The median bubble size was 1 bp, while the
average bubble size was 32.1 bp. The largest bubble observed reached a size of 8,253,189 bp.

When focusing on SV-related bubbles, we observed a general (exponential) decrease in
bubble size, with most bubbles being relatively small (Figure 3.7C). An interesting deviation
from this trend is a local peak at approximately 5,000 base pairs, which likely reflects a
specific structural feature or recurring larger-scale variant.

Overall, most SV bubbles are traversed by all samples in the graph (Figure 3.7B). This is
expected, given the high-resolution chromosome-scale assemblies and the relatively uniform
distribution of genome complexity in the dataset. Nevertheless, bubbles traversed by fewer
samples are also common, forming a U-shaped distribution. Particularly notable is the
presence of bubbles traversed by only a single path, indicating the existence of sample-
specific variation.

As shown in Figure 3.7A, most bubbles consist of exactly two distinct traversals. Fur-
thermore, the number of bubbles decreases rapidly with an increasing number of traversals.
It is important to note that traversals can originate from different samples or from repeated
segments within the same sample. While bubbles with more than 25 distinct traversals are
rare, they may occur in a complex and collapsed graph context.

Finally, we analyzed the size differences between the alternative traversals (alleles) within
each bubble. The resulting distribution shows a U-shape, reflecting two dominant classes
of bubble structure (Figure 3.7D). Bubbles with a size ratio of 1.0, exhibiting a peak on the
right, are particularly prominent, representing cases where the smallest and largest alleles
are approximately the same size. On the left, we observe InDels of varying types, including
insertions where one allele is zero base pairs in length. These may also include larger

insertions or cases where one allele represents an extended insertion and the other a nearly
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absent deletion. Such cases may explain the plateau observed near the 0.0 ratio. In graphs,
indels often lack clearly defined boundaries, sometimes introducing sequence at the deletion
site, which may not perfectly reflect the biological truth. Nevertheless, these structures are

identifiable with our analysis.
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Fig. 3.7 Statistics of variation from genome graphs.

(A) Number of different traversals (alleles) within each bubble. (B) Number of different
accessions in each bubble. (C) Histogram displaying the maximum bubble size for each
bubble found in the graphs. (D) Bubble ratio (minimum allele size divided by maximum
allele) histogram.

3.3.4 Structural variation comparison with Pannagram

Obvious large-scale rearrangements aside, a comprehensive characterization of structural
variants (SVs, by which we mean any alteration that causes variation in length, orientation, or
local context of sequence) remains difficult. While SVs, along with SNPs, can be identified
in genome alignments, the characterization of SVs is a fundamentally different problem
from SNP-calling. The latter can be viewed as a technical issue—how to distinguish single-

nucleotide polymorphisms from sequencing errors—but SV-calling is challenging even with
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flawless chromosomal sequences. The reason is that the SVs identified between genomes
depend on the alignment method and parameters used, and there is no obvious ground truth.
Given these uncertainties, we pursued two complementary approaches. The resulting object
is computationally efficient for genotyping, but is also highly complex, with neither nodes
nor bubbles having an obvious biological interpretation.

Comparing the SVs identified by the two conceptually different approaches was not
straightforward. SVs identified by Pannagram were typically covered by PGGB variants,
which included nearly twice as much sequences, especially in highly polymorphic pericen-
tromeric regions (Figure 3.8). The overall overlap between the two methods was 52% without
any prior filtering. In this unfiltered comparison, Pannagram contributed almost no additional
sequences classified as SVs. In contrast, the graph-based approach annotated approximately
40% more sequences as SVs (Figure 3.8A). Further analysis revealed that many of the SVs
identified by the graph spanned regions with poor or no reliable alignment, often extending
several kilobases. This was especially common in pericentromeric and centromeric regions
(Figure 3.8C). By removing SVs larger than 100 kbp from the comparison, the overall overlap
increased, and both graph-specific and Pannagram-specific SVs added modest amounts of
sequences (Figure 3.8A).

Chromosome-level analysis (Figure 3.8C) showed that the ratio between shared, graph-
specific, and Pannagram-specific SVs was nearly consistent across all chromosomes. This in-
dicates that the differences between the two methods are systematic rather than chromosome-
specific.

When analysing the genomic distribution of SVs, we observed that SV counts were gen-
erally similar on chromosome arms. However, the graph still identified approximately 40%
more sequence in these regions. The largest discrepancies were found in the pericentromeric
regions, where the majority of SVs were located. Both graph and Pannagram detected
increased numbers of SVs in these regions, although the rise in Pannagram was moderate. In
the centromeric regions, Pannagram internally filtered out most SVs, resulting in SV calls
only from the graph-based approach. The size and structure of the pericentromeric regions
varied between chromosomes, which did not significantly affect the overall statistics but
is visually present in our analysis (Figure 3.8C). Additionally, Pannagram reported a few
unique SVs in these regions, though their total contribution was low.

A trivial reason for this difference is that Pannagram masked centromeric regions full
of tandem repeat arrays , but we also identified several less obvious causes. Details and
examples are shown in Figures 3.9-3.12.
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Fig. 3.8 Comparing SVs from Pannagram and PGGB graphs. (A) Scatter plot of overlap
and method-specific SVs as a function of eliminating SVs above a certain length-cutoff.
Overall, the overlap between the two methods is 50%, but the overlap can be increased
by removing large SVs (demonstrating that disagreement is disproportionally due to large
SVs. (B) Comparison of Pannagram and graph-based SVs across chromosomes (average
per accession), demonstrating that there are no major differences between chromosomes.
SVs shorter than 15 bp were not included in this figure. (C) Position of overlapping and
method-specific SVs for each chromosome of accession 6909 (Col-0). Large discrepancies
are more pronounced close to the centromeres (there is no overlap inside centromeres, as
these are masked by Pannagram). Each dot represents a 100 kb window, using a moving
average of five windows.
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Fig. 3.9 Cartoons illustrating cases where graph SVs are longer than Pannagram SVs.
(A) Two genomes (red and blue) differ by a single simple SV (Figure 3.10), which can be
represented as a gap in the alignment, or a loop in the graph. Pannagram and the graph give
the same result and the length of SV (indicated in grey) is identical. (B) However, if SNPs,
represented by dots, are linked to the SV, causing imperfect alignment in the flanking regions
around the SV, PGGB may recognize longer haplotypes, resulting in an arrangement that
resembles a hat. In this case, the graph SV is not merely a presence-absence variant, but
a complex SV with two alleles. The entire region affected (in grey) is longer than the SV
recognized by Pannagram (still the same as in A). (C) When the SV is formed by a tandem
duplication, the graph representation of the SV is topologically similar to scenario A, but the
SV covers both the original sequence and its duplicated copy (grey region), while the SV
identified by Pannagram is still the same as in A.

Fig. 3.10 Simple and complex length variants. Cartoons illustrating our classification
of length variants into simple and complex structural variants (SVs) in the whole-genome
alignment and graph representations.
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Fig. 3.11 An example of how Pannagram and the PGGB graph each handle closely
linked duplications. The region depicted corresponds to coordinates 285,000-310,000 bp on
chromosome 1 in accession 1741. The Pannagram alignment (panel A) identifies four simple
SVs, with the two longest ones being due to duplicated sequences in accession 9543 (panel
B) and accession 10002 (panel C). The PGGB graph representation of this region is shown
on the right, along with paths corresponding to three different haplotypes. Panel D shows the
path taken by accession 0 (TAIR10), which carries the majority haplotype. Panel E shows
the path of accession 9543, which carries a duplication, and hence goes around the small
loop twice. Panel F shows the path of accession 10002, which has the longest duplication,
and hence goes around the big central loop twice. Thus, while Pannagram identifies four
simple SVs (the longest one being 18.6 kb long), the PGGB graph SVs involve all accessions
and cover almost the entire region shown. Note that, as in the cartoon example (Figure 3.9),
similar PGGB graph topologies may result from very different types of sequence differences
between accessions.
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Fig. 3.12 Another example of how Pannagram and the PGGB graph each handle
regions that are difficult to align. (A) Pannagram alignment of a highly polymorphic region
corresponding to coordinates 21,956,400-21,958,060 bp on chromosome 1 in accession 1741.
Pannagram identifies a complex SV covering most of the region. (B) The PGGB graph also
recognizes these SVs, but merges them with flanking SNP variation, resulting in two nested
hat-like structures (cf. Figure 3.9B). As a result, the sequence covered by SVs is longer. (C)
Pannagram alignment of the region corresponding to coordinates 1,183,130-1,186,590 bp on
chromosome 1 in accession 0 (TAIR10). Pannagram identifies several, mostly simple SVs
separated by short alignable regions. (D) The PGGB graph does not align these regions, and
merges most variants into two longer haplotypes. In this case as well, the graph SVs cover
more sequence than the Pannagram SVs.
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3.4 Discussion

The clear separation of accessions into two major clades based on Mash distance highlights
the strong population structure within the Arabidopsis dataset, reflecting both geographic
origin and historical lineage. The clustering of European and Asian samples, especially the
tight grouping of Chinese accessions, is consistent with expectations from earlier genomic
studies [3]. The identification of highly similar pairs such as 22005/22006 and 6069/6244
confirms the presence of near-identical genotypes within the dataset, likely due to sampling
from closely related populations.

The second clade, consisting largely of African, Madeiran, and relict accessions, rein-
forces the distinct evolutionary trajectories of these groups. Their separation from the core
European/Asian cluster supports previous hypotheses about their status as deeply diverged or
ancestral lineages within Arabidopsis. Interestingly, the presence of clear subclades within
this group, particularly among relict and Madeiran samples, suggests a finer-scale structure
that merits further phylogeographic analysis.

While Mash is well-suited for identifying global sequence similarity, its limitations in
resolving complex genomic rearrangements prompted the use of SyRI and DeepVariant.
That both of these complementary methods reproduced similar clustering patterns adds
confidence to the inferred genetic structure and highlights the robustness of our observations
across distinct methods. Together, these results suggest that both point mutations and large-
scale structural differences contribute to population differentiation in Arabidopsis, and that
integrative approaches combining alignment-free and alignment-based tools are essential for
a comprehensive view of genome variation.

The PCA results reinforce the population structure identified through distance analyses,
confirming clear clustering of Central European accessions and greater dispersion among
non-European genomes. This pattern likely reflects reduced genetic diversity in European
accessions due to shared ancestry or demographic history, while broader variance in acces-
sions like 22001, 22002, 10015, and 6938 may indicate ancestral divergence or geographic
isolation. The close proximity of TAIR10 and 6909 further validates the method, highlighting
PCA’s effectiveness in capturing both broad and fine-scale genomic relationships. It is impor-
tant to note that our PCA approach included all nodes without any pre-filtering. Removing
high-depth nodes could potentially improve population structure resolution, as these often
represent repetitive or less-informative regions. However, our method currently assigns equal
weight to all nodes, regardless of size or complexity. As a result, large insertions and small
SNPs contribute equally to the analysis, despite representing different scales of variation.

To better capture structural and contextual variation, we also suggest exploring the use of
edges. Unlike nodes, edges not only carry sequence information (via their connected nodes)
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but also encode local topology and positional context within the graph. This could offer
a richer representation of genomic variation and might be a promising direction for future
analyses.

Furthermore, the binary presence/absence matrix derived from graph features could
potentially serve as a kinship matrix for downstream applications such as GWAS, provided
a sufficient number of accessions are included in the graph. However, it is important to
acknowledge that current SNP-based GWAS approaches, which rely on curated and polished
variant datasets, offer higher resolution and reliability. Therefore, future efforts should focus
on developing methods to polish and filter graph-derived data to extract high-confidence
variation that is suitable for quantitative trait analysis.

Our analysis demonstrates the utility of genome graphs in capturing population-level
variation and structural complexity in Arabidopsis thaliana. Over 60% of the sequence is
shared among all accessions, highlighting a relatively conserved genome. However, this
estimate excludes unresolved alignments, shared-but-non-core sequences, and many small
variants. Private sequence content is often inflated in accessions lacking close relatives in
the dataset, while accessions with nearby genetic neighbors show a higher proportion of
’soft” pangenome. With the current dataset, our selection remains relatively unique, as the
original 1001 Genomes (1001G) project includes a large number of genetically closely related
accessions. Nevertheless, careful sample selection is crucial for understanding the full extent
of differences between accessions within the pangenome space. The close similarity between
TAIR10 and accession 6909 confirms the completeness of our assemblies, while differences
in centromeric and repeat-rich regions likely reflect sequencing limitations. CLR-based
assemblies, though widely used, often fail to resolve highly repetitive sequences, leading to
unaligned or misclassified regions. Modern long-read technologies like HiFi and Nanopore
offer greater resolution and throughput, which will improve representation of such complex
loci in future pangenome graphs.

At the chromosomal level, regions of low similarity consistently align with centromeres
and other repetitive elements, reflecting both biological divergence and technical constraints
in graph construction. Some low-complexity regions correspond to known fusion events
derived from Arabidopsis lyrata, though others are harder to detect without prior knowledge
[47, 86, 56]. Combining similarity data with depth information helps distinguish biologically
meaningful variation from assembly artifacts, regions with both low similarity and high depth
are likely hotspots of structural complexity and warrant targeted investigation.

Pangenome saturation analysis further reveals that while the core genome quickly stabi-
lizes, soft and private regions continue to expand linearly with the addition of new accessions.

Much of this new sequence arises from intergenic regions, which can accumulate varia-
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tion without functional impact. In contrast, coding regions remain highly constrained, as
mutations in essential genes are typically purged from the population. This suggests that
functional constraints shape the structure and evolutionary dynamics of the Arabidopsis
genome, with new variation largely restricted to non-coding regions.

This finding highlights the importance of studying not only the sequence composition
of an organism but also the annotation data, as both can provide valuable insights into the
underlying genetic mechanisms of an organism. Overall, the saturation analysis approach
provides a powerful tool for exploring the complexity of an organism’s genome and for
identifying the main drivers behind the growth of its pangenome.

While similarity scores across accessions offer a broad overview of genome conservation,
bubble structures in the graph provide a more detailed and localized perspective on genomic
complexity. Most bubbles in our analysis were small and low in complexity, typically
representing SNPs, simple insertions or deletions.

In more complex regions, bubbles become highly nested and structurally difficult to
interpret. These regions often contain overlapping paths, long insertions, and alternate paths
with shared nodes, complicating interpretation. While some of these structures reflect true
biological variation, others may result from technical artifacts during graph construction
or sequence alignment errors. Distinguishing between these cases remains a challenge,
especially in the absence of supporting functional annotations or experimental validation.

The observed exponential decline in bubble size, along with the local peak at approxi-
mately 5,000 bp, suggests the presence of recurring structural patterns or conserved long
insertions, possibly associated with specific functional or repetitive elements. Another possi-
ble explanation is the presence of technical artifacts, particularly during the normalization
step of smoothxg, where graph regions are re-aligned to produce a base-resolution graph
structure. These re-alignment windows are typically around 5 kb in size, depending on node
length and count. If a region fails to align within one window, it may be incorrectly left
alone and only successfully aligned in the following window, potentially creating artificial
fragmentation and inflated private SVs.

The traversal profiles of SV bubbles further highlight key features of genome diversity.
The predominance of bubbles traversed by all accessions indicates shared variation, con-
sistent with the high-quality, chromosome-scale assemblies used. However, the U-shaped
distribution, particularly the presence of bubbles unique to single samples, reveals the extent
of accession-specific events, which may arise from unique duplications, TE insertions, or
assembly artifacts.

Structurally, most bubbles consist of exactly two traversals, underscoring the dominance

of biallelic variation within the population. Bubbles with many traversals are rare and often
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more difficult to interpret biologically, as they may arise from complex or repetitive regions.
Given that genome graphs are cyclic by nature and tend to collapse distant but similar regions
in areas of high repetitiveness, it is possible that densely connected subgraphs are formed
without clear biological relevance. Depending on parameter settings, such collapsed regions
may simply represent common sequence motifs, e.g., domains shared across many proteins,
without conveying functional or evolutionary significance beyond local sequence similarity.

Ratios are distributed as expected, but the plateau near a size ratio of 0.0 may reflect
structural complexities in how insertions and deletions are represented in the graph, especially
in regions where alignment boundaries are ambiguous (Figure 3.12). This pattern suggests
that some insertions may span poorly resolved regions or include additional sequence context,
making it difficult to cleanly define the variant boundaries and potentially inflating the
apparent allele size imbalance.

Overall, bubble statistics offer a powerful means of capturing and quantifying structural
variation in pangenome graphs. While small biallelic events dominate, the identification of
sample-specific and complex multi-allelic bubbles provides a window into accession-level
uniqueness and graph complexity. Further refinement of classification methods, particularly
with respect to traversal diversity and size asymmetry, will be key to improving interpretation
and comparative analyses across tools and datasets.

In the context of comparing graph-based SV analysis to results of Pannagram, the presence
of physically distant but closely related sequences (e.g., reflecting recent TE activity) can
lead to large loops in the PGGB graph that do not reflect actual SVs. Masking repetitive
sequences will reduce this problem, but requires good repeat annotation—and would also
make it impossible to study genome-variation comprehensively. Even in the case of tandem
duplications, the graph combines duplicated sequences into a single node and hence counts all
these sequences as part of SVs, even if not all of them are variable. PGGB and Pannagram rely
on different alignment parameters. The A. thaliana genome contains many highly diverged
regions [21], and these tend to be treated by PGGB as long SVs, whereas Pannagram often
finds short alignments, resulting in local clusters of shorter variants. Whether Pannagram
or PGGB results are more biologically relevant ultimately depends on the question and the
cause of high divergence. The differences between two algorithms designed to do different

things should not be interpreted as bias, and that, as noted above, there is no ground truth.



Chapter 4

Graph GWAS - Gfa2bin and applications

This chapter is based on the publication Gfa2bin enables graph-based GWAS by converting genome graphs
to pangenomic genotypes, available on bioRXiv at https://doi.org/10.1101/2024.12.05.626966 and

currently in the process of publishing in a journal.

4.1 Introduction

The advent of long-read sequencing technologies has revolutionized the field of genomics,
enabling the generation of more comprehensive and accurate genome information from multi-
ple members of a species at a reasonable cost. These long-read datasets can be assembled into
complete genomes, enabling more accurate determination of genome differences than was
possible with short-read data [69, 85, 17]. The transition to long-read sequencing and com-
plete genomes is overcoming the limitations of fragmented and incomplete representations,
and is beginning to provide a more comprehensive view of genomic variation, including
better haplotype information. Variation graphs have emerged as a promising alternative to
traditional linear reference genomes, which often fail to capture the full spectrum of genetic
variation present within and across populations or species [81].

By encoding non-reference alleles that include structural variants and complex genomic
features, variation graphs offer a less biased representation of genetic diversity compared to a
collection of linear genomes that have been aligned to a single reference genome [41, 39, 53].
This graph-based representation facilitates a wide range of analyses, such as genotyping,
variant calling, and population genetics studies across diverse organisms [130, 52, 84].

The emergence of variation graphs presents an exciting opportunity to more fully exploit
genomic data. As stated above, graphs offer a more comprehensive depiction of genetic
diversity by themselves, but can also be used as a variation-aware reference for aligning
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short- or long-read data sets. New approaches have been implemented for sequence-to-graph
alignments, increasing mapping accuracy and sensitivity in complex regions [41]. Such
an advanced data structure, either directly or with additional alignment, enables principled
genome-wide association studies (GWAS) that go considerably beyond single nucleotide
polymorphisms (SNPs) or variants linked to SNPs, thereby furthering the understanding of
the entire spectrum of genetic differences responsible for phenotypic variation in a popula-
tion.

It is intuitive that integrating variation graphs with GWAS should allow for a more thorough
exploration of the genotype-phenotype map, and thus support the discovery of associations
between DNA sequence variants and traits of interest that are not detectable with SNP-
centric analyses. Detailed genotype information coupled with the capacity to represent a
wide range of genomic features in variation graphs therefore promises to offer insights that
were previously not easily accessible, such as understanding the functional consequences of
multi-allelic and complex structural variants.

Conventional GWAS approaches typically rely on genetic variants inferred with the help of
linear reference genomes to identify trait associations. This approach has several limitations,
particularly when there is a high level of sequence differences between the reference genome
and the samples being analyzed. In particular, this can lead to reference bias and the failure to
identify causal genetic variations. A powerful alternative is being offered by genome graphs.
So far, these were often constructed by anchoring them to a linear reference genome and
incorporating known variants identified from reference-based methods, following a paradigm
established already 15 years ago [122]. For example, Liu and colleagues derived a genome
graph for soybeans (Glycine max) by detecting structural variants with the MUMmer toolkit
using a single reference, and then genotyping almost 3,000 soybean accessions with the
vg toolkit [84]. The efficacy of this approach was demonstrated through the identification
of a specific structural variant on chromosome 15 that had not been previously linked to
seed luster variation by GWAS or other means. Similarly, He and colleagues developed a
pangenome graph for Sefaria italica by aligning 112 genomes to a reference and identifying
variants with Syri [43, 50]. Nearly 2,000 S. italica accessions were then genotyped with this
graph and the variants were used in GWAS on 68 traits. Zhou et al used a most complex
two-step approach to create a tomato genome graph [150]. Initially, they constructed a
structural variation graph using HiFi long reads aligned against a reference genome. This
graph was expanded by integrating additional variants identified from 706 tomato accessions
using DeepVariant for calling indels and SNPs [113], and Paragraph for SV genotyping [16].
Unlike the other two studies, this method integrated all variants into a unified genome graph,

capturing a broader spectrum of genetic diversity and missing heritability [150]. Impressive
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as they were, these studies still had inherent limitations such as relying on reference-based
approaches and the potential introduction of bias through variant representation in the VCF
format. Additionally, the accuracy of genotyping using short-read alignment often falls short
of the precision required for comprehensive variant detection [26].

As alternatives to graph-based approaches, several methods have emerged that completely
eliminate the need for linear references. DBGWAS [61, 60] is one such method, using
an alignment-free, k-mer based approach with compact de Bruijn graphs (cDBG). These
represent overlaps between k-mers, removing redundancy, and capturing genetic variations
in nodes and edges. Another approach, k-mer GWAS [49, 137, 42], determines the presence
or absence of k-mers without relying on reference genomes. To avoid excessive computation
for association of all k-mers, which are much more numerous that SNPs, Voichek and Weigel
implemented a prefiltering step that greatly reduces the number of required association tests
[137]. While elegant, a major disadvantage of k-mer-based methods is that they are very
sensitive to sequencing errors, requiring careful filtering. Additionally, it is difficult to inter-
pret the results without broader genomic context for the detected associations. To facilitate
the incorporation of variation graphs into existing GWAS workflows, we created the tool
gfa2bin, which converts genome graphs from GFA (Graphical Fragment Assembly) format
into a graph-based genotype matrix suitable for GWAS analyses. For seamless integration
with existing bioinformatics pipelines, we offer outputs in two different formats: the widely
used PLINK format and the more versatile BIMBAM format [114, 124], and we provide a
complete Snakemake [100] pipeline of the GWAS alignment-based workflow in the Github
repository of gfa2bin. Using Arabidopsis thaliana as an example, we show that GWAS with
variation graphs compares favorably to traditional reference-based approaches, although the
best results are obtained when combining multiple methods. It offers unique benefits such as

mitigation of reference bias and providing genomic context on the graph structure.
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4.2 Implementation

Gfa2bin converts data from genome graphs and/or sequence-to-graph alignments into pre-
dominantly binary formats, which can subsequently serve as inputs for traditional GWAS
methods (Figure 4.1. It does not introduce any new genome-wide association methods itself,
but rather provides an easy-to-use tool for converting and modifying genotype matrices
related to graphs.

The tool is implemented in the programming language Rust, incorporating several Rust
repositories to enhance performance and enable multithreading. An additional tool, packing,
for reducing storage of coverage files was developed in parallel. Packing can be used for
compression and/or normalisation of coverage information (Appendix B.2).
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Fig. 4.1 Schematic representation of the workflow in gfa2bin.

Graphs can be converted to the binary matrix either by using the graph directly and reflecting
features of the graph or from coverage information (shown here). Matrix can either be binary
or value based and later be converted into multiple GWAs data types.

4.2.1 Data structures

The main data structure is a sample-by-feature matrix, holding bits or floating values depen-
dent on output. We populate this matrix by either the data from the graph itself, or coverage
information from a sequence-to-graph alignments.

The features are mostly nodes, but in specific cases, can also represent directed nodes or
edges.
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Edges, in comparison to nodes, indicate the genomic position and order of the sequences in
the samples. Directed nodes can also be used as possible features, which represent nodes that
enforce a specific direction, but mirror nodes-based representation in most cases (see GFA
definition! for more information). Another feature, only available in our coverage method
(gfa2bin cov), is the sequence (base pair) level.

The bit-wise matrix representation is realized using a low-level bit-vector implementation,
reducing storage in comparison to a standard boolean vector representations. The matrix itself
is feature-major (SNP-major in PLINK context), representing each feature as a distinct vector
for fast and efficient computation and writing. SNP-major representations are generally better
for computations on genotype level and output, but perform poorly for read-in operations,
since almost all inputs come sample-major (e.g. one path per line or one sample-specific
coverage vector).

It is important to note that the samples represented in our matrix, can be either (1) paths or
samples of the graph itself (when running gfa2bin graph) or (2) the names of each aligned
read set (gfa2bin cov). The second approach uses the graph as a variation-aware reference,
which is reflected in the coverage itself and only indirectly in the resulting matrix.

Our bit-wise matrix is interchangeable with the PLINK (v1.9) representation of genotypes
(BED and BIM format), which can be output by our conversion methods, or used as an input

for post-processing or modifying (see below).

4.2.2 Data inputs

In gfa2bin our commands can be classified into two groups, (1) converting graph-related
data to genotypes and (2) modifying or post-processing resulting PLINK files. In the

following we listed all possible input formats.

Graph fragment assembly (GFA) format and Pan-SN spec

The GFA format is a tab-delimited text format for genome graphs, including their segments,
edges (with optional overlap information) and sample information (e.g. paths and walks). In
multiple iterations (version 1.1, 1.2 and 2.0), the format has been incrementally extended to
cover other, specific features which can be represented by a graph structure.

The usage of Pan-SN spec assists to group multiple paths to a single sample, which can be
helpful in the context if assemblies are of contig level because of organism complexity or
assembly method. Other GFA construction tools use "walks" instead of paths in the context

of pangenome graphs.

Thttps://gta-spec.github.io/GFA-spec/GFA 1.html
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Graph coverage

The coverage obtained by sequence-to-graph alignments is normally calculated on a base
level, summarizing the number of all mapped reads at certain position. Our tool has a broad
range of possible inputs, including plain-text formats or highly compressed binary files.

Pack files are tab-separated files with all necessary information needed to track down the
exact position of the covered sequence. The positional information is shown as node id
("node.id") and the offset ("off.set") that represented the relative position on the specific node.
In addition, the overall position in the graph ("seq.pos") is stated. Nodes are numerically
sorted by identifier, starting at the smallest at the top and ranging to the smallest at the bottom
of the file. This file can easily be generated by several methods (see below) and offers the

user a fast way to display the coverage and corresponding position.

Packing tool

The packing tool was designed during the work on the projects of this thesis to reduce
the storage demands of pack files. One very straight-forward solution was to remove the
redundant positional information at the beginning of each line, since it is the same for each
coverage file derived from the same graph. Therefore, we created a simple index structure,
only holding the "node" column of the original pack file (Appendix B.2). We can cross-
compute the sequence position and offset using this data alone.

The coverage itself is also represented in a single vector, each value converted to 4 bytes
(unsigned 32-bit integer), and then compressed with zstd. We also offer several methods
to directly scale or threshold the input coverage information to other data formats. These
methods are mainly used for pre-computation of coverage files, which can number in the
ten-thousands in some experiments. The tool was developed in Rust and is available at
https://github.com/MoinSebi/packing.

PLINK

PLINK, a widely used tool in bioinformatics, employs specific file formats for efficient
genetic data analysis [114]. The primary formats are the PED and MAP files. The PED
file encompasses genotype and phenotype data for each individual, detailing familial and
individual identifiers alongside a comprehensive set of genotypes for all studied markers.
The MAP file complements the PED file by providing detailed information about genetic
markers, including their chromosomal positions and unique identifiers.

Additionally, to enhance processing speed, PLINK supports binary file formats: the BED file
stores binary genotype data, the BIM file contains marker details paralleling the MAP file,
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and the FAM file records demographic and phenotypic data similar to the initial sections of
the PED file.

These file formats are crucial for conducting efficient genome-wide association studies and
other genetic analyses, enabling researchers to handle large-scale data effectively and advance

the field of genetic research.

4.2.3 Sequence-to-graph alignments
Short-read data

Although long-read sequencing made tremendous advances in the last few years, short-read
data in GWAS remains valuable in direct comparison. Short-read technologies offer higher
accuracy and throughput, making them reliable for variant calling. They are also cost-
effective, allowing larger sample sizes within a budget. Furthermore, existing frameworks
and analysis pipelines, are primarily based on short-read data. Additionally, the extensive
use of short-read data in large-scale GWAS studies has resulted in established associations
and reference panels. Overall, short-read data’s accuracy, cost-effectiveness, compatibility,
and established use make it still relevant and practical for GWAS.

Mapping to graphs

Mapping short-read data sets remains a challenging task and is an active area of development
within the field of genome graphs. While several approaches have been published, internal
testing have shown that these methods primarily rely on simple graph structures from tools
like VG or Minigraph-Cactus (MC). Moreover, the examples provided in these studies were
predominantly based on human genomes, which are less complex compared to other eukary-
otic genomes such as plants.

Nevertheless, the obvious way to do it is by directly align the sequences to the graph, mostly
to an index representation of all the sequences. Of particular interest are the mapping
algorithms implemented in the VG framework, including vg map, vg multimap and vg
giraffe. Those methods have shown to provide good results when working with linear
graphs. Another well-established method is called GraphAligner, which is adapted to handle
long-read data.
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Mapping workaround with ''super genome"'

Following discussions with Erik Garrison, an alternative alignment approach was proposed,
which involves using established aligners like BWA instead of graph-based methods. The
suggested pipeline incorporates a workaround by utilizing a concatenated super-genome
built with the same samples used to construct the graph. In the next step, a super genome is
employed for read alignment, utilizing tools like BWA mem. Reads are aligned to the "best"
location in the super-genome, mitigating reference bias by selecting the optimal alignment
within the set of individuals. The resulting SAM files can be converted to GAM format using
VG’s inject subcommand, effectively connecting the graph and super-genome alignments
(s. Figure 4.2).

However, it is important to note that such alignments will always be specific to each sample,
preventing the mappings of multipath alignments between different samples. Additionally,
this method is sensitive to the number of secondary alignments, which may result in an
inflated coverage in specific regions unless specific measures are implemented to address

this concern.

Available tools:
- VG MAP
- Giraffe

“Graph mapping” . Graph aligner

— Binary matrix

Fig. 4.2 Schematic representation of the workflow for mapping sequence reads to
genome graphs. Reads are aligned with reference short-read aligner (e.g. BWA mem) to the
concatenated super-genome. The resulting SAM/BAM file, can be converted to GAM with
VG inject, since both approaches are based on the same genomes. Later, coverage is emitted
by vg pack.
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Snakemake workflow

We have added a Snakemake worflow that covers all steps used in our experiments (Figure
4.3). The workflow starts by validating input files and aligning the sequence reads to the graph.
As stated above, we use a work-around since direct sequence-to-graph alignment can be
unstable dependent on genome complexity and graph construction technique. The resulting
linear alignments are then converted to the graph (inject), the coverage is summarized and
everything is converted to a single PLINK file. This is later used in a GWAS, including the
passed kinship matrix and phenotypes (validated in the first step). We report the (graph-
)position and P values in a tab-separated table (output of GEMMA) and multiple plots from
our custom plotting scripts.

4.2.4 Output data formats and copy number variation

This converter produces various output files, primarily in PLINK data formats, as they are
widely used in established GWAS methods. The PLINK data format is based on a binary data
structure. Therefore, the value-based matrix will be thresholded to obtain a presence-absence
matrix, which can then be converted (s. Figure 4.1). This conversion and any other filtering
can be performed using different subcommand flags. Additionally, it is possible to generate a
BIM file that was originally used for imputed genotypes. This format assigns values ranging
from O to 2, representing reference or alternative alleles (homozygotes) or any imputed value
in-between. We can utilize this measure to accommodate copy number variations by scaling
the maximum copy number to 2. Different scaling methods can be applied to reflect values

between zero and two.
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Fig. 4.3 Diagram of the graph-based workflow as implemented in the provided pipeline.
Sequences can be aligned linearly to all genomes simultaneously, with linear alignments
translated into graph terms using the graph structure itself. This conversion facilitates the
calculation of coverage by the graph alignment. Alternatively, externally generated pack files
can be processed.
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4.2.5 Method overview

Here, we present a selection of commands of gfa2bin. This documentation is also available
at the Github repository of gfa2bin?, where it is kept up-to-date.

Graph - Converting from graphs directly

Convert a graph in gfa format to a PLINK or BIMBAM format. You are able to specify
which feature (-f) you want to use to genotype. We support nodes (1), edges (1+2+), and
directed nodes (1+). Paths can be merged to samples using the PanSN-spec, which is highly
recommended. We count occurrences of each feature in each path/sample in the graph and
use them as genotypes.

We are able to provide information about ploidy based on the PanSN-spec (PanSN must
be used). In PLINK files, ploidy can easily be represented by 11, 01, 10, 00. In a BIM file,
we use the average of both "scaled" haplotypes.

Subpath - Include neighboring information

In contrast to the "graph" subcommand, this subcommand is able to include neighboring
information for a node and convert it. In general, we iterate over each node in the graph,
extract the subpaths (+/- X steps away from the origin) traversing this node, and collect all

subpaths. Subpath-groups (same subpath found in different paths) are then used as genotypes.

Cov - Using graph coverage

Convert coverage information from sequence-to-graph alignments to genotypes. Either can
use plain-text pack files (also zstd compressed) directly or use one of the custom coverage
file formats from packing repository as input. The packing repository helps to reduce storage
and can perform pre-processing on sample level. Comparable to the graph subcommand, we

offer additional normalization on sample-level.

Find - Extract the exact position of a genotype

Extract the genomic positions of a given list of genotypes. This methods outputs a BED
file of those paths, where such genotypes can be found. If users might need more than just
the exact position, additional -1length information can be added, which will return also the
region "neighboring" the node, adding the additional length to each site.

Zhttps://github.com/MoinSebi/gfa2bin



https://github.com/MoinSebi/gfa2bin

90 Graph GWAS - Gfa2bin and applications

Nearest - Position on a reference path

Linking nodes to the closest node of a reference path. Requested node must be part of any
other path. A reference node is the closest node which can be found on any given reference

path. The result does additionally return the reference position of this node.

Other commands

We also offer a range of commands to modify PLINK files. This can be done either by
filtering based on allele frequencies and missing-rates, or remove certain genotypes and
samples entirely. To control the genotypes, users can also explore the plain-text vcf-like file

using gfa2bin view, or split and merge multiple files for better performance.

4.3 Materials and Methods

4.3.1 Datasets

The datasets were sourced from published resources. Arabidopsis thaliana assemblies for
graph construction were obtained from the 1001 Genomes Plus project [58]. Short reads
were from the 1001 Genomes Project [3] and corresponding phenotypes from multiple
publications, collected and curated as previously published by Voichek and Weigel [137].

4.3.2 Kinship matrix

To facilitate the comparison between SNP-, k-mer and graph node-based GWAS, we used
the same kinship matrix for all three. The kinship matrix was originally calculated on SNP
data using the method from EMMA [66, 137].

4.3.3 Genome graph building

The A. thaliana graph was constructed with pggb [39]. The pggb workflow was executed with
wfmash (v0.10.2-2-gb310bd1), seqwish (v0.7.8-3-gd9e7ab5), odgi (v0.8.2-92-gbfae0b3),
and smoothxg (v0.6.8-31-g06bbf35). Our parameter set was -s 10000 -k 79 -n 27 -p 90 -P
asm10.
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4.3.4 Converting nodes to reference positions

We anchored all nodes tested in GWAS using gfa2bin nearest to specific locations on
the TAIR10 reference genome. Specifically, we identified the shortest path (in base pairs) to
any reference node and recorded the distance in base pairs. To denote the proximity to the
respective anchor node in the reference, different markers or colors can be used in Manhattan
plots (Figure 4.8).

4.3.5 Visualization

Manhattan plots were generated using the Python matplotlib library. To enhance clarity, we
excluded all hits falling above a threshold of log;,(—2). Graphs were represented in two
dimensions (“2D”) using Bandage NG [142, 71]. The graph layouts show the significant
node and its 50 neighboring nodes. For a linear (“1D”) representation of the FLC region
in the graph, odgi viz was employed. We extracted a subgraph using Bandage NG and
manually added the represented path to facilitate detailed visualization.

4.3.6 Effect size

For effect size computation we used Point-Biserial Correlation. We selected this correlation
technique to highlight extent and direction (positive or negative) of the relationship and get

insights into whether two groups differ in terms of their average outcome.

4.3.7 GWAS validation

To compare the results from different GWAS inputs, we followed a published workflow
[137]. This includes ranking nodes by their initial scoring, then using the 10,000 top
ranked genotypes to calculate the exact P values, for which a permutation-based threshold
is calculated. This process is repeated until all hits are in the top half of the initial ranking,
passing more entries with each repetition.

SNP and k-mer hits for the set of phenotypes examined have been published [137]. Among
the shared associations, we filtered out traits with fewer than 40 phenotyped accessions, or
where there was a difference between SNP GWAS and a uniform distribution (Kolmogorow-
Smirnow test, p < 0.05; adapted from [137]).



92 Graph GWAS - Gfa2bin and applications

4.4 Results

In our A. thaliana case study, we first aligned 1,008 short-read datasets [3] to a genome
variation graph containing 28 genomes [58]. We included 1,695 traits with multiple testing
correction using hundredfold permutation for each trait. With the graph nodes, we found
significant associations for 637 traits, compared to 668 traits with k-mers, and 594 traits with
SNPs. The largest class comprised the 398 traits that had significant associations with all
three inputs (Figure 4.4A). The largest overlap between exactly two inputs was observed for
k-mers and graph nodes, 129, while SNPs had the highest number of unique hits, 88.

4.4.1 GWAS validation

In a direct comparison to SNPs, the use of graph nodes as input identified a greater number
of significant hits in shared associations, along with a higher incidence of hits unique to the
graph methodology (Figure 4.4C). Additionally, these graph node-based hits had on average
lower P values, particularly when focusing on the top hit for each trait (Figures 4.4B and
4.4D). The high correlation and the positive long-tailed distribution of the ratios between P
values from graph nodes and SNPs (see Figures 4.4B and 4.4D) validated our approach and
the robustness of the underlying graph mapping for GWAS. In traits common to both inputs,

we did not detect any exceptional outliers.

4.4.2 Flowering time

For a more in-depth validation, we used flowering time, which is a thoroughly investigated
trait in A. thaliana [19]. Our graph node approach successfully re-identified several known
associations [3], including with the loci FLOWERING LOCUS T (FT), FLOWERING LOCUS
C (FLC), DELAY OF GERMINATION 1 (DOG1) and VERNALIZATION INSENSITIVE 3
(VIN3) (Figure 4.4A). Direct visualization and re-annotation revealed an insertion in FLC,
depicted as a loop in the graph representation of genome sequences, as being responsible
for the detected association with flowering time in our dataset (Figure 4.4B). The linear
representation of genome sequences in Figure 4.4C confirmed the indel nature of the poly-
morphism, which is absent from the majority of our 28 reference genomes, including the
original TAIR10 reference genome. The paths traversing the loop, which correspond to four

of our 28 reference genomes in Figure 4.4C, are associated with later flowering (Table 4.1).
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Fig. 4.4 Comparison of SNP-, k-mer-, and graph node-based GWAS on 1,695 A. thaliana
phenotypes.

(A) Overlap between phenotypes with SNP, k-mer and graph node hits. (B) Ratio between
top P values (expressed as —log;) for graph node and SNP hits. (C) Correlation of numbers
of significant graph nodes versus SNPs. (D) Correlation of P values of top nodes with SNPs
(r=20.91).

4.4.3 Effect size

We calculated the effect size of presence/absence of nodes on flowering time at 10°C (FT10)
without kinship correction. While the significant GWAS hits did not necessarily have the
largest effect sizes — indicating the importance of kinship correction (Figure 4.4B), it was

noteworthy that significant nodes at a locus included ones with opposite effects, indicating
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that our approach identifies what appear to be "alternative" alleles. A similar bubble-like
structure was also observed for the FT locus (Figure 4.4C). Even though the nodes along the
whole structure were associated with elevated P values, the most significant graph node was
found in one of the alleles with a size of 1 bp, indicating a short indel polymorphism. The
DOG1 locus showed a linear structure, with the most significant node representing a single
SNP, comparable to traditional SNP-based GWAS (Figure 4.4D).

4.4.4 New associations

We visualized subgraphs for exemplary types of associations detected with graph nodes but
not with SNPs (supplementary loci table available online?), to highlight the range of possible
explanations. One example represents what is likely one of the most common causes, a
complex region of the genome, with multiple loops in the graph, which would interfere with
accurate mapping of short reads (Figure 4.6A). In another example, the causal variant was an
indel, with two SNP alternative alleles. Interestingly, while not detectable with short-read
based SNPs, this association was detectable with markers called from array hybridization
[37], (Figure 4.6B). A third example represents likely another common case, where the
association is with a SNP, but in a TE-rich complex region (Figure 4.6C). In agreement, there
is a statistically significant difference in the number of TE hits between SNP-only and graph
node-only hits (Figure 4.5).

Shttp://ftp.tuebingen.mpg.de/ebio/ibezrukov2/vorbrugg2025/GFA2BIN.supplemenatry_
table.nodes_snps.xlsx
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Fig. 4.4 (Previous page.) Interpretation of node-based GWAS.

(A) Associations of graph nodes with flowering time at 10°C (FT10) as trait, shown on a
linear representation after conversion to the TAIR10 standard reference. Nodes present in
the reference are denoted by X. Nodes that are absent from the reference are denoted by
"0". They were linked to the reference by finding the closest reference node, as described
in the Methods. (B) Effect size of each node (linked to TAIR10 position) computed by
point-biserial correlation and without kinship correction. Significant hits are highlighted
with black outlines. (C) Subgraph visualization for associations with F7 (4912 bp shown),
FLC (2355 bp shown) and DOG1 (1336 bp shown). Note the loop structure at FLC, which
identifies sequences absent from the TAIR10 reference. (D) Representation of the FLC
subgraph on a linear (graph node) scale.
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Fig. 4.5 Differences in loci count for SNP-only and node-only associations based on
annotation type.

Each locus was counted only once. Differences for TE as well as for Gene/Other are
statistically significant (asterisk, Fisher’s exact test). Computed from supplementary loci
table, with SNP locus 3 filtered out due to an excessive number of hits in a pericentromeric
region.
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Annotation Type
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Fig. 4.6 Subgraph visualization for selected associations where phenotypes were detected
with node-based but not with SNP GWAS. (A) An association in direct neighborhood
to a gene in TAIR10, with a complex structure containing multiple loops. Ten of the 28
long-read genomes have the node, including 6966 (Sq-1), which well supported sporulation
of Hyaloperonospora arabidopsidis Cala-23. Col-0 (TAIR10) lacks the node and did not
support sporulation. (B) An association in a direct neighborhood to a gene in TAIR10. While
this hit was not detected with SNPs called from short reads, it was detectable with SNP
array data. (C) An association close to a transposable element in a very complex region
with multiple loop structures. While the hit lies on a 1-bp long node, the surrounding region

contains nodes almost 1 kb long.
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(A) SNP-exclusive GWAS hits, transferred to the graph-coordinate system (nodes). (B)
Shared SNP- and graph node-based hits. SNP-specific hits are mostly found in longer nodes
with a median of 11 bp compared to 1 bp in the shared dataset.
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results are similar, underscoring the robustness of the approach.
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4.5 Discussion

We have shown the gfa2bin tool to be an effective and versatile solution for converting
variation graphs to GWAS-ready formats. Starting from alignment of short reads to a graph
that captures most common structural variants in the global A. thaliana population, we repro-
duced many associations that were identified before using conventional GWAS approaches
with a single linear reference genome [3]. Going beyond SNP-based GWAS, graph-based
GWAS identified more associations with greater statistical significance, but there were also
associations that were identified only with SNPs or only with k-mers. This indicates that the
improved representation of genetic diversity through variation graphs enhances the scope and
effectiveness of GWAS, but that the best results are obtained by combining multiple methods.
Our workflow allows for straightforward interpretation of graph node hits in the context of
a standard reference genome, which in turn facilitate integration of results with those from
SNP-based approaches. A drawback of k-mers is that k-mers not present in the standard
reference genome can be difficult to interpret [137]. In principle, it should be possible to link
k-mer hits to graph node-based hits by mapping k-mers to the genome graph.

Associations found only with SNPs can at least in some cases be traced back to graph

nodes containing long sequences (Figure 4.7). We interpret this as the causal SNP not being
captured in our set of 28 genomes used to construct the graph. If a single SNP is found in a
longer node, this would only marginally reduce coverage of the node by the sampled short
reads, and we would score the node as present regardless of the SNP. Conversely, multiple
alternative alleles nor represented at a node in the graph, might all be scored as zero coverage.
This would reduce power in association testing, if only some of these alternative alleles lead
to phenotypic differences.
Our tool supports genotyping at base pair level, which, while computationally intensive,
would aid in uncovering more associations and mitigating the effects of averaging factors. In
addition, a larger number of diverse genomes to build the initial graph for short read mapping
should provide for a greater set of nodes that can be tested for association with different
phenotypes.

We not only provided a framework for coverage and node-based GWAS in variation
graphs, but also support the usage of complex pggb graphs, which have not yet been used for
mapping-based GWAS approaches. These graphs are designed to incorporate alignments of
all input sequences and do not rely on pre-computed variation.

In the long term, to fully exploit all of genomic complexity, a more sophisticated representa-
tion of variants in graphs might be necessary. This would include the ability to represent and
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identify both simple and complex structures, or combining multiple nodes into, e.g., bubbles
with different alleles. Additionally, at the alignment level, a more nuanced representation of
potential alternative alleles (variants), which may or may not be artifacts of the alignments,
could enhance the identification of associations. It is crucial to recognize that, as in traditional
SNP-based GWAS workflows, input quality is a primary determinant of ability to detect
associations. As with SNP-based workflows, coverage depths and error rates in the short read
data set used to call variants on the graph are one such determinant. In addition, the quality
of the variation graph used for mapping will significantly influence the GWAS results. On
the one hand, quality is determined by the number and accuracy of complete input genomes
for building the graph. On the other hand, choices made when building the graph must be
carefully considered, because the optimal graph will depend on the extent of variation present
in the input genomes [39].

In future, instead of mapping short reads to a graph, one could use completely assembled
genomes to genotype the paths in the graph. This would not only obviate the need for
arbitrary thresholds to call node presence and absence, but would also allow for the use of
copy number variants, inferred from the number of times a specific genome path visits the
same node, in GWAS. In anticipation of this bright future, we have already implemented

commands that could accommodate such analyses.
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Table 4.1 Geographic and flowering time of accessions used for graph construction.
This table presents the geographic coordinates (longitude and latitude) and flowering time
data for the A. thaliana accessions used to build the graph [58]. Orange highlights accessions
with the FLC insertion shown in Figure 4.4

Accession ID Flowering time Longitude Latitude Country
1741 - -85.398 42.405 US
6024 106.75 13.37 55.75 Sweden
6069 107.25 18.28 62.95 Sweden
6124 129.50 13.31 55.84 Sweden
6244 90.75 18.47 62.92 Sweden
6909 70.50 -92.30 38.30 [N}
6966 62.25 -0.64 51.41  United Kingdom
8236 74.00 15.76 49.33 Czech Republic
9075 93.25 48.61 38.74 Azerbaijan
9537 64.25 -6.66 38.07 Spain
9543 94.33 -5.39 36.77 Spain
9638 88.25 80.86 51.73 Russia
9728 77.50 18.90 48.46 Slovakia
9764 69.75 35.84 34.10 Lebanon
9888 86.25 -3.31 40.93 Spain
9905 89.75 -4.01 40.76 Spain
9981 69.25 16.24 38.76 Italy
10002 61.00 9.04 48.53 Germany
10015 69.75 71.30 37.29 Afghanistan
10024 - 36.21 -2.87 Tanzania
22001 - 115.06 32.14 China
22002 - 108.61 27.94 China
22003 - -4.10 34.09 Morocco
22004 - -7.41 31.47 Morocco
22005 - -17.13 32.75 Portugal
22006 - -16.93 32.74 Portugal

22007 - 38.06 13.24 Ethiopia



Chapter 5

Conclusion & Outlook

5.1 Conclusion

Graphs have emerged as fundamental data structures in bioinformatics over the past several
decades [112]. Their utility spans a wide range of applications, depending on the structure of
the graph, the underlying data, and the algorithms applied. Despite these differences, their
core objective is often similar: to represent entities with high similarity or direct relationships
as connected nodes, while dissimilar entities are typically positioned further apart, often
lacking direct connections.

One of the earliest uses of graph-based representations in biology was in modeling
protein-protein interaction networks and metabolic pathways [36, 10]. As biological data
volumes grew, especially with the advent of high-throughput sequencing, graphs became
increasingly important for tasks such as genome assembly, where structures like De Bruijn
graphs (DBGs) and overlap-consensus graphs are used to reconstruct genomes from short or
long reads by identifying a “golden path” through overlapping sequences [98, 112].

When reference genomes are available, graphs can be used to represent splicing variability
(e.g., splice graphs) and structural or small-scale variation across individuals (e.g., variation
graphs) [41]. These allow a more comprehensive view of population-level diversity and
support the construction of graph-based references, a major shift from traditional linear
genome models.

In recent years, pangenome graphs have gained prominence, particularly in projects such
as the Human Pangenome Reference Consortium (HPRC) [81]. These graphs aim to unify
the genomic diversity of multiple individuals into a single, non-linear reference structure,

improving accuracy in downstream analyses such as variant calling and genotyping.
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Tools like VG, ODGI, and minigraph have been developed to construct and manipulate
genome graphs, with data formats such as GFA (Graphical Fragment Assembly) and GAF
(Graph Alignment Format) serving as emerging standards for interoperability [41, 46, 53].

Despite their promise, graph-based approaches come with challenges. They remain com-
putationally intensive, require specialized algorithms, and pose difficulties in visualization,
storage, and interpretability, especially for non-expert users. Addressing these issues will be
critical for broadening the adoption of genome graphs and realizing their full potential in
genomics research.

The methods and findings presented in this thesis build upon this context, investigating
both the technical challenges and practical opportunities of genome graph analysis through a

series of novel algorithms and applied case studies.

This thesis explores the structure and interpretability of genome graphs through the
development of novel tools and methods. It focused on how graph topology is influenced by
parameter and method choices, the extraction and interpretation of structural metrics, and
the application of graph-based GWAS, leveraging internal variation or using the graph as
variation-aware reference for variation calling.

Gretl was developed as a statistical toolkit to evaluate and compare genome graphs in
a standardized, scalable way. It computes a wide range of graph- and path-based metrics,
allowing for structured analysis across different graphs, parameter settings, and construc-
tion methods. Within this thesis, gretl served as the core analytical method for multiple
investigations.

A key application was the systematic exploration of parameter sensitivity in the PGGB
workflow using yeast genomes. Here, gretl revealed that graph structure is highly sensitive
to the segment length (’s’) and alignment threshold ("p’) parameters. These two settings
were found to influence fundamental features such as node size, compression, and overall
complexity. Other parameters like 'n’, ’k’, and asm’ showed less consistent effects in our
dataset. However, even when individual parameters appear to have limited impact, the right
combination of settings can lead to substantial changes in graph topology, especially when
aiming to generate extreme or edge-case graph structures. This demonstrated that even
subtle parameter changes, when combined, can significantly reshape the resulting graph,
particularly in repetitive or compact genomes.

In addition to parameter testing, gretl enabled a detailed comparison between graphs
built using PGGB and Minigraph-Cactus (MC) [39, 53]. Despite using the same input
sequences, the two tools produced markedly different graphs, with PGGB retaining more

local variation and structural complexity, while MC generated more linear and conservative
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graphs by omitting highly divergent regions. Metrics derived by gretl, such as similarity,
node length, and edge inversion, made these differences both quantifiable and interpretable.

Notably, gretl also supports the integration of graph annotations, allowing users to link
structural metrics with external features such as gene models or functional regions (Appendix
B.1 for examples). This makes it possible to explore the biological relevance of structural
differences in a more targeted and informative manner.

Overall, gretl provided the statistical foundation for identifying how both parameter
choices and construction algorithms affect genome graph topology. Its ability to reduce
complex structures into interpretable summaries makes it a valuable tool for graph-based
genome research and an important step toward reproducible, comparative, and biologically

meaningful graph analysis.

The analysis of the 1001G+ Arabidopsis thaliana graph revealed clear population struc-
ture, with two major clades corresponding to European/Asian and African/Madeiran/relict
accessions. These clusters were consistent across multiple approaches, including Mash
distance, PCA, and structural variant detection, and SNPs, reinforcing the robustness of
the observed patterns. The presence of substructure, especially among relict and Madeiran
accessions, highlights the strength of the selected dataset. The inclusion of newly added
genomes provides a clearer and more detailed picture of the historically ambiguous relict
groups, helping to resolve their phylogeographic value and evolutionary distinctiveness.

We showed that the core pangenome constitutes approximately 60% of the total genome
size, with most of the remaining sequence also shared across multiple accessions. Never-
theless, less-shared regions were primarily located on chromosomes, highlighting technical
limitations such as the influence of repetitive elements and under-resolved centromeric re-
gions in CLR-based assemblies. A closer analysis of pangenome distribution and growth
revealed that most newly added sequences are private and tend to occur in intergenic re-
gions. The lack of saturation suggests that each newly added genome contributes unique
sequences, with more genetically distinct accessions contributing disproportionately more to
the expanding pangenome.

Bubble statistics provided a finer-grained view of variation, revealing a landscape domi-
nated by small, biallelic bubbles but punctuated by larger, complex and often nested structures.
Many sample-specific bubbles likely reflect real duplications or TE insertions, though some
may result from normalization artifacts or alignment ambiguity. The exponential decline in
bubble size and U-shaped traversal distribution underscore the coexistence of shared and

highly individual variants within the population.
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Finally, a comparison with Pannagram illustrated the challenges of distinguishing true
variation from alignment- or repeat-induced artifacts. While PGGB tends to represent diver-
gence as long SVs, Pannagram fragments these into clusters of short events. The divergence
in results between these tools reflects underlying algorithmic differences, reinforcing the
need to align methods with biological questions rather than seeking a single “correct” output.

Overall, the Arabidopsis graph analysis demonstrates the power of genome graphs to
reveal both broad and fine-scale population structure, while also exposing the methodological
challenges of interpreting complex variation.

Building on graph-derived statistics, we explored graph-based genome-wide associa-
tion studies (GWAS) using the gfa2bin tool. By mapping short reads to a variation graph
constructed from 28 A. thaliana genomes, we were able to reproduce known SNP-based asso-
ciations and identify additional signals with greater statistical significance. This demonstrates
the enhanced sensitivity of graph-based GWAS for capturing structural and presence/absence
variation that is often missed in linear reference-based approaches.

In our analysis, we also identified a promising novel association, though its biological
relevance remains to be confirmed. Importantly, the power and resolution of graph-based
GWAS are expected to increase as more genomes are incorporated into the graph. A more
diverse and complete graph reduces reference bias by incorporating a broader range of large
variants that are not missing in linear references, ensuring they are directly represented rather
than indirectly inferred or missed entirely.

Our method supports mapping-based genotyping on PGGB graphs and allows direct inte-
gration with standard reference coordinates, facilitating downstream interpretation. However,
some limitations remain. Long nodes containing uncaptured SNPs can reduce association
power, and variants absent from the input graph but present in newly aligned samples are not
represented. This restricts the ability to detect alternative alleles not encoded in the original
graph.

While edge-based GWAS is a potential extension, it sacrifices base-pair resolution and
operates only at the level of node connectivity, preventing direct base-level coverage analysis.
Due to time constraints, we were unable to implement this in the current study. Similarly,
approaches that call variants directly (vg call) from the graph and produce VCFs may offer
better support for allele-specific analyses, but they are more complex and computationally
intensive.

Despite these challenges, our method offers a practical and scalable solution, particularly
suited for large cohorts, demonstrated here on over 800 samples. Its relative simplicity,

combined with the ability to capture structural variation, makes it a compelling alternative
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to traditional pipelines. Ultimately, the goal is to perform GWAS directly within the graph
itself, without relying on external variant calling or re-sequencing. However, this requires
graphs that are sufficiently complete: (1) capturing the majority of relevant variation, and (2)
providing adequate sample representation for each variant to support meaningful association
testing. Until these conditions are met, re-sequencing-based approaches, whether using
gfa2bin or graph-derived variant calls, will continue to serve as necessary intermediates
toward fully graph-native GWAS.
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5.2 Bubble detection — Limitations of current graph-based

approaches and strategies for overcoming them

The accurate detection and interpretation of structural variation in genome graphs is a central
challenge in pangenome research [110, 52]. As genome graphs become increasingly used
to represent genetic diversity across populations, the need for methods that can extract
meaningful biological variation directly from the graph becomes more urgent [41, 77].
Traditional bubble detection approaches, such as those implemented in the VG toolkit or
BubbleGun, are often limited by strict assumptions, such as acyclicity or lack of directionality,
that do not hold in complex, real-world graphs [105, 23]. Furthermore, most existing tools
offer limited insight into how variation relates to individual samples or paths in the graph
[109].

Motivated by these limitations, this work investigated a new approach to bubble detection
that leverages bifurcation patterns between paths. Rather than relying solely on topological
definitions of bubbles, this method identifies regions where paths diverge and later reconverge,
capturing variation in a way that is both intuitive and biologically grounded. The key idea is
that a bubble begins when two or more paths split from a common node and ends when they
meet again, making bifurcation a natural indicator of genomic variation (Appendix B.3).

To implement this concept, the algorithm systematically compares all pairs of paths
and identifies shared nodes where such bifurcations occur (Appendix B.3.3). A central
feature of the method is its ability to detect nested bubbles, cases where smaller variants are
contained within larger, structurally more complex regions, thus offering a hierarchical view
of genome variation. In addition, the method supports output formats that can be easily used
for downstream analyses, such as BED-based interval annotation and traversal statistics.

The advantages of this approach are several: it is path-aware, scalable through paral-
lelization, and applicable to a wide range of graph structures, including those with cycles and
complex repeat regions. It also produces outputs that are easy to interpret in the context of
sample-level variation.

Nonetheless, the algorithm also faces bottlenecks. The all-versus-all comparison of paths
introduces quadratic scaling, which can become computationally intensive in large graphs. A
more serious challenge lies in handling highly repetitive regions, such as centromeres, where
repeated nodes and complex edge patterns create vast amounts of redundant data. While
technical improvements, such as replacing hash-based data structures with compact vectors,
have significantly improved performance, further optimization is needed to reduce memory

usage and runtime.
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In summary, this bifurcation-based bubble detection strategy offers a biologically mo-
tivated and practically useful alternative to existing approaches, enabling a more nuanced
understanding of structural variation in genome graphs. The current proof-of-concept im-
plementation and algorithm may lay the groundwork for future tools that integrate graph
topology with sample-specific variation in a scalable and interpretable manner.

The BVD bubble detection algorithm developed in this thesis introduces a novel, path-
aware approach to identifying variation structures in genome graphs. In contrast to traditional
superbubble definitions based on acyclic subgraphs, our method leverages bifurcation events,
defined by divergence and reconvergence of paths, to detect candidate variation regions. This
path-centric design allows the algorithm to operate directly on pairwise path comparisons,
capturing fine-scale variation missed by global, topology-only methods.

While highly parallelizable, the approach faces challenges in terms of scalability, particu-
larly due to its quadratic complexity with respect to the number of paths. Highly repetitive
nodes, especially in centromeric regions, lead to large indexes and inflated output, posing
both performance and interpretability issues. Nevertheless, the algorithm handles a wide
range of variation types, from simple SNPs to complex nested structures, and supports
downstream analysis through additional features like nestedness detection.

Future improvements could include smarter path sampling, filtering of repetitive regions,
and graph-aware optimizations. As the method is still under development, current evaluations
are based on selected examples, which have helped identify key bottlenecks and guide
further refinement. Despite these limitations, BVD lays a strong foundation for flexible and
biologically meaningful variation detection in genome graphs. A public open-source release

is planned to support broader adoption and continued development.
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5.3 Outlook

As genome graphs continue to gain traction in genomics, several key challenges and future
directions have become clear [77]. Rather than choosing between two competing strategies,
expanding pangenome graphs to incorporate increasing numbers of genomes, or maintaining
high-quality reference graphs for ongoing resequencing, both approaches can coexist, as they
serve distinct purposes. However, each strategy requires fundamentally different graph struc-
tures: large, inclusive pangenomes demand highly scalable, variation-rich representations,
while stable reference graphs prioritize consistency, interpretability, and efficient mapping. In
both cases, improved methods for graph alignment are essential, as current tools still struggle
with accuracy in complex or repetitive regions [41, 116].

Coverage-based analysis and variation calling on genome graphs offer a promising alter-
native to traditional SNP-based approaches, but current pipelines are still under development
and show variability in performance, particularly in complex or repetitive regions [46]. While
these methods can efficiently leverage mapping data to detect presence/absence and structural
variation, they often fall short in capturing finer-scale variation with high confidence.

For now, resequencing-based strategies remain the more robust and widely applicable
solution. This is largely due to the limited availability of chromosome-scale assemblies
needed to construct comprehensive, fully representative pangenome graphs. In this context,
accurate short-read alignment and reliable post-processing steps remain critical. As assembly
quality and graph frameworks improve, coverage-based methods are likely to become more
powerful, but for the time being, resequencing continues to provide a necessary backbone for
graph-based analysis.

One major limitation in current graph frameworks is the lack of robust support for adding
new sequences or genomes to existing graphs. Most tools are designed for static, one-time
construction, requiring complete reassembly when new data is introduced. This limitation
poses a significant barrier for population-scale studies, where continuous sampling and
integration of new genomes are common.

Early versions of the VG toolkit included preliminary functionality for graph augmenta-
tion based on called variants, allowing incremental updates without full reconstruction [41].
However, this approach appears to be outdated and is no longer actively supported. While it
may work well for integrating small, localized variation, adding larger structural variants re-
mains a major challenge. Placement of such variants requires contextual understanding of the
surrounding graph topology, and naive insertion may disrupt existing paths or misrepresent
variant relationships.

Moreover, sequential integration of genomes introduces bias, as the graph structure
becomes dependent on the order in which samples are added [53]. A more ideal solution
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would involve an all-vs-all comparison framework for graph extension, which ensures that
new variation is incorporated symmetrically and without topological distortion. However,
implementing such a system poses significant technical challenges and would require new
data structures and alignment strategies. Nonetheless, the ability to modularly update graphs
remains a critical need for making genome graphs scalable and usable in real-time population
genomics.

A potential strategy to improve both scalability and interpretability is to construct smaller,
functionally annotated subgraphs, such as gene- or locus-specific regions, which can later be
concatenated into a unified graph. Using genome annotation to guide this segmentation would
reduce complexity and focus computation on biologically relevant regions. In particular,
prioritizing low-complexity regions can significantly simplify graph construction and improve
the clarity of downstream analyses.

This modular approach also opens the door to using different graph construction pa-
rameters for different regions of the genome. For instance, highly repetitive or structurally
complex loci could be processed with more stringent settings, while more conserved regions
may benefit from relaxed thresholds to retain fine-scale variation. To enable such workflows,
preliminary steps, such as scanning input genomes or building a lightweight "dummy" graph,
could be used to preidentify regions of high complexity. These insights would then inform
region-specific parameter choices during the main graph construction process, offering a
flexible and adaptive pipeline tailored to genomic architecture.

Altogether, addressing these limitations and scaling strategies will be essential to fully
realize the potential of genome graphs as reference structures for comparative and population

genomics.

In summary, this thesis contributes both tools and insights that advance the interpretation
and application of genome graphs. From statistical profiling with gretl, to graph-based
GWAS with gfa2bin, and novel approaches to variation detection, each component addresses
a key challenge in making genome graphs more accessible, analyzable, and biologically
informative. By applying these tools to real datasets like the 1001G+ project, we demonstrate
that graph-based methods can provide meaningful and sometimes unique perspectives on
genome variation and structure.

At the same time, this work highlights current limitations, particularly in scaling, variant
extraction, and graph extension, and the need for continued development of methods that
bridge algorithmic efficiency with biological relevance. The tools and ideas presented here
are intended to be made available to the community and may serve as building blocks for

future improvements in graph-based genomics.
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As genome graphs evolve beyond prototypes into widely adopted frameworks, the
integration of flexible, modular tools will be critical. The contributions presented here aim to
support that transition, and we hope they will contribute to establishing graph-based methods
as a practical and robust foundation for the next generation of genome research.
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Abbreviations & Glossary

Bubble

Core

Edge

GFA

GO

GWAS

Node

Path
Pangenome
PAV

Private

Soft

A closed subgraph structure with upstream and downstream anchor nodes
and intermediate nodes representing sequence variation. A broader form
of this is called a snarl (Paten et al., 2018).

The portion of a pangenome common to most or all included accessions.
A connection in a genome graph that links nodes and determines their
order.

Graphical Fragment Assembly — a human-readable file format for repre-
senting genome graphs (GFA, 2022).

Gene Ontology — a framework for the standardized representation of gene
and gene product attributes across species, describing their functions,
biological processes, and cellular locations.

Genome-Wide Association Study — a method used to identify genetic
variants associated with traits by scanning markers across the genomes
of many individuals.

A basic unit in a genome graph that stores a DNA sequence.

A color-coded route through a genome graph, representing an individual
genome’s sequence.

The complete set of genomic sequences from multiple individuals repre-
senting a population.

Presence-Absence Variation — a type of structural variation where se-
quences are either present or missing.

Genomic content found in only one or very few individuals in a
pangenome.

Genomic elements in a pangenome that are neither core nor private.
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SNP Single-Nucleotide Polymorphism — a single base change between two
DNA sequences.

SV Structural Variation — large-scale genome changes such as deletions,
duplications, and translocations.

TE Transposable Element — a mobile DNA sequence capable of copying and
inserting itself elsewhere in the genome.

Traversal A specific path through a genome graph from a start to an end node.



Appendix B

Additional tools and technical
background

B.1 Gfa-annotate — Connecting graph statistics with anno-

tation

Variation graphs are data structures designed to represent sequences and are often constructed
with the specific goal of capturing diversity across populations or species. However, as with
reference-based approaches, meaningful biological interpretation requires knowing which
genomic regions are represented by specific nodes in the graph. Therefore, linking graph
nodes to functional annotations or reference coordinates is a critical step. This enables
researchers, especially those without specialized training, to apply graph-based methods to
real biological questions in a practical and interpretable manner.

To this end, we developed a lightweight tool called gfa-annotate!, designed to link flat
reference-based annotations to graph-based sequence representations. The tool processes
standard annotation files (gff) and overlaps them with graph paths, assigning relevant annota-
tion information to each graph node. The output is a plain-text file, with one node per line and
annotation data in the second column. This annotation can include feature types/categories
(e.g., mRNA, gene) or gene names and IDs, effectively serving as a dictionary that can be
parsed by downstream workflows.

Internally, gfa-annotate uses genomic ranges to identify overlaps between graph path
intervals and annotated reference features. In addition to basic annotation mapping, the tool
can quantify the proportion of each node covered by annotation, a critical metric in large,

complex graph regions where individual nodes may span multiple features or functional

'https://github.com/MoinSebi/gfa_annotate
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elements. This annotation linkage enables more accessible interpretation and utility of graph-
based genomic data for researchers without deep specialization in graph bioinformatics. To
demonstrate the utility of our tool gfa-annotate, and its compatibility with downstream
tools such as gretl, we conducted a small experiment. The objective was to identify rare
gene groups, those that are not present in all accessions but are associated with potentially
interesting biological functions.

We used gfa-annotate to annotate all graph nodes with manually curated Araportl1
annotations. This was feasible because the underlying genome (TAIR10), which Araportl11
is based on, was included in the 1001+ genomes graph. For each gene, we extracted all
corresponding graph nodes that the gene path traversed (e.g., AT1G23430 — nodel, node2,
node3).

Next, we applied gretl to compute node-specific statistics, such as average node length,
similarity, depth, and the number of nodes. We intersected these node-level statistics with
gene paths, resulting in a gene-wise summary table where each row corresponds to a gene
and each column represents a graph-derived statistic.

This summary enabled downstream exploratory analysis, such as identifying genes with
unusual graph (population) characteristics. In a further step, we aimed to pinpoint genes
that may be under selection pressure, i.e., those found in nearly all accessions or in only a
few. This could indicate either essential genes or novel gene candidates (e.g., orthologs or
paralogs).

To better understand the functional relevance of these genes, and remove technical
artifacts, we summarized genes in their Gene Ontology(GO) groups. Our results showed
that several GO terms exhibited 100% sequence similarity across all accessions (Figure B.1).
These terms were associated with essential biological functions, whose loss would likely be
lethal to the organism. In contrast, terms with low similarity often corresponded to sparsely
represented genes, possibly reflecting lineage-specific or conditionally expressed functions
(Figure B.2).

While some approaches encode annotations directly as paths within graph files (e.g.,
in the GFA format), such methods are often inflexible and difficult to use for downstream
analysis, especially when dealing with large, diverse annotations or requiring custom filtering
and statistics. Our approach decouples annotation from graph structure while preserving a
clear and accessible link between the two.

Ultimately, by combining graph-aware statistics, functional annotation, and comparative
analyses across accessions, this framework enables the discovery of novel genetic variation,

insights into evolutionary dynamics, and a deeper understanding of gene function in popula-
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tion contexts. As genome graphs become more widespread, such tools will be essential for
realizing their full potential.

B.2 Packing tool

Resequencing remains a important part of population genetics, now focusing on long-reads
instead of short-reads, making it essential to develop methods capable of comparing newly
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(1) Output - Node-based

Node Category Gene
2 Gene,CDS AT1G67270 . .
3 Gene AT1G67270 Pc_n55|ble measures:

Average node size (1)
Core level - number of
accessions (1)
Inverted nodes (2)
Tension (2)

Similarity (2)

(2) Output - Path-based

Entry Start Stop Gene Path
1741 Chrl 1244 1460 AT1G67270 45+,46+,48+
6909 Chrl 1686 1999 AT1G67270 45+,47+,48+

Fig. B.3 gfa-annotate schematic overview.

sequenced genomes against existing genome graphs. Whether through direct alignment or
alternative strategies, the future direction of genome graph development will depend heavily
on how effectively new sequences can be integrated and analyzed.

Currently, alignments to genome graphs are typically stored in the Graph Alignment
Format (GAF), a plain-text format similar to PAF. These alignments can be used for a range
of downstream analyses, with variant calling being one of the most prominent applications
in population genomics. While detecting novel variation remains a major goal, methods for
incorporating these variants directly into graphs are not yet standardized.

To address challenges in alignment-based graph analysis, we developed packing, a
tool that enables efficient storage of coverage profiles derived from GAF alignments. Our
format uses compact coverage vectors tailored to a specific genome graph and alignment.
By implementing a custom binary structure, we achieve up to 95% reduction in storage size
compared to gzip-compressed text formats.

Each coverage vector file is graph-specific and reflects the alignment strategy used.
Together with a graph-specific index, this format allows nearly lossless representation of
per-node coverage, supporting values up to 65,536. We also provide normalization and
thresholding techniques to adapt to different coverage profiles.

Unlike reference-based approaches, many nodes in a genome graph may remain unaligned
due to the presence of more similar alternative paths. As a result, graph-based coverage
profiles often contain many zeros and exhibit a sharper signal compared to traditional
reference-based coverage.

In summary, tools like packing offer an efficient and scalable solution for storing

alignment-derived coverage data in graph-based pangenomes. As constructing graphs from
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hundreds or thousands of genomes remains computationally intensive, therefore alignment-
based variant discovery is likely to remain central for the near future, making efficient

coverage storage a critical requirement.
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B.3 BVD - Bifurcation variation detection

B.3.1 Introduction

When genome graphs are build with samples from the same species, they represent genetic
variation segregating in a population. These pangenomes yield a comprehensive, variation-
aware representation that might replace existing traditional linear references in the future. In
addition, genome graphs can serve not only as references but also as data structures for direct
variation detection, independent of a traditional linear reference. Extracting variation from
the graph itself, rather than relative to a reference, is crucial for understanding the genomic
dynamics and relationships among the samples used to construct the graph.

These variations are commonly referred to as bubbles, and are typically anchored by a
unique pair of start and end nodes that define the boundaries of the variant region. In our
variation graph, however, these identifiers must include not only the node 1Ds but also the
respective orientations, as directionality is an essential property in bidirected genome graphs.

Bubbles are inherently difficult to identify, as their structures range from simple variants
such as SNPs or small indels to more complex forms, including repetitive regions, inversions,
or intricate intron—exon arrangements. Depending on the graph construction method, even
similar but distantly located genomic sequences may be merged, resulting in large-scale
bubbles spanning megabase-sized regions. Moreover, complex bubbles are often non-linear,
may involve multiple cycles, and can exhibit internal nesting, depending on the definition
applied. These structural complexities make automated detection and interpretation of
bubbles a challenging but essential task for understanding genome variation in graph-based
representations.

Simplifying path information to single values or bitvectors proved to be ineffective
for capturing complex variation structures. To address this limitation, a new algorithm
was developed that leverages bifurcation information. This method interprets each variant
region as a bifurcation point, where two or more paths (or subpaths from the same sample)
diverge within the graph. The algorithm tracks these points of divergence and subsequent
reconvergence, identifying the corresponding start and end nodes. The approach operates by
iterating over all pairwise path combinations, enabling a comprehensive assessment of the

graph’s structure and the variation it encodes.

B.3.2 Indexing

The method begins by constructing an index structure that stores the path index for each

node. While an initial implementation utilized a HashMap, this was later replaced by a
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1. Variation graphs
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6. Bifurcation
e |terate over the combination index
e Everyindex opens a bubble
e  Open bubbles are closed, when a new
element is bigger in both index
e  Exception: If it +1 in both elements, open

bubble is updated

Fig. B.4 Schema of the BVD algorithm.

vector-based lookup table. The improved structure leverages sorted and compacted node
identifiers, resulting in enhanced runtime performance and reduced memory usage.

The core of the indexing algorithm involves processing a pair of paths to identify all nodes
shared between them. For each shared node, the corresponding path indices are retrieved
from the preconstructed lookup table for both paths. All possible combinations of these index
pairs are then generated and stored in a vector, hereafter referred to as the combination index

or comb-index.

Once the comb-index has been populated for all shared nodes, it is sorted based on one

of the path indices. This sorting step facilitates efficient downstream operations, optimizing

the process of path comparison and structural analysis within the graph.
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B.3.3 Bubble detection

The algorithm operates on the previously constructed comb-vector as input, iterating over
each entry sequentially. During this process, a temporary data structure is maintained to store
open bubbles, bifurcation that have been initiated but are awaiting closure. At each iteration
step, the algorithm evaluates whether the current path indices exceed those of any open
bubble. If this condition is satisfied for both paths, the corresponding bubble is complete,
and the node identifiers marking the start and end of the bubble are recorded.

A special case arises when both path indices increment by exactly one, indicating that the
paths traverse consecutive nodes. In such instances, no divergence occurs, and a new bubble
is not formed.

In general, each new index pair is added to the open bubble collection and is either closed
or updated in subsequent steps. It is important to note that tips, segments located at the
beginning or end of a path that are not shared, are explicitly excluded from bubble reporting
1.

B.3.4 Genomic information and statistics

Although bubble information alone may not always be meaningful, we report genomic
intervals (ranges) in the standard BED format. For each interval, we include both the bubble
ID and the traversal ID. Traversals refer to the distinct subpaths within a bubble, starting at
the initial node and concluding at the terminal node.

In addition, we compile a comprehensive set of statistics for each bubble. This includes the
number of traversals and intervals, along with the average, minimum, and maximum lengths
of the traversals. We also calculate and report several other features to provide a detailed
characterization of each bubble.

B.3.5 Nestedness

Nestedness information is valuable for classifying bubbles based on their structural impor-
tance or functional relevance. Although the core algorithm does not inherently support nested
relationship detection, these relationships are identified in a post-processing step using path
index ranges (intervals). This analysis is performed independently for each path, and the
resulting data are subsequently merged.

Within a given path, each interval corresponds to a single bubble. When a bubble occurs
multiple times across genomes, it may be represented by multiple intervals. The focus of
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this step is to determine the direct nesting relationships, specifically identifying bubbles
that are closest to the start and end positions of a given bubble while also fully enclosing it.
The objective is to construct a tree-like hierarchy representing the nesting structure among
bubbles.

To accomplish this, the algorithm begins by iterating through the sorted set of intervals,
discarding those that fall outside the range of interest. For the remaining intervals, it checks
whether they encompass the current interval, identifying and recording the nearest enclosing
bubble. As disjoint intervals may also exist that partially or fully overlap with the current
interval, the process continues until either all candidates have been evaluated or a disjoint
enclosing interval is found.

Finally, results from all paths are aggregated into a HashSet, producing a unified repre-

sentation of bubble relationships across the entire graph.

B.3.6 Implementation

The range-based hierarchical overlap detection developed in this work constitutes a standalone
component that can be reused in other projects requiring internal nesting logic for overlapping
intervals. The approach is built entirely on start and end indices of detected variations and
operates independently on each path, making it highly suitable for parallel execution in
a multi-threaded environment. The algorithm iterates over sorted ranges and evaluates
whether any currently "open" intervals fully enclose the new range. This enables efficient
identification of nested structures and supports the construction of tree-like hierarchies within

path-specific variation data.

Pseudocode - Bubble detection based on Combination Vector

B.3.7 Parallelism

All processing steps described in this workflow are highly parallelizable, and parallel execu-
tion was facilitated using the rayon crate in Rust. Path indexing is performed independently
for each path, while detection of shared nodes, construction of the comb-index, and bi-
furcation identification are carried out independently for each pair of paths. Additionally,
genomic data extraction and statistical computations are processed in parallel over data
chunks. Nestedness relationships can also be precomputed on a per-sample basis, further
improving computational efficiency.

Despite these optimizations, empirical observations reveal a high degree of redundancy

in the output. For example, when comparing 200 path pairs, it becomes evident that after
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Algorithm 1 Bubble detection based on Combination Vector
function DETECTBUBBLES(input_list)
Input: Sorted index pairs and bubble IDs:

[(iluylabl)v (i27y27b2)7 ey (lnuynubn)]
Output: List of bubble ID pairs (bod, bnew)

1:
2
3
4:
5: open_list <— empty list
6
7
8
9

bubbles <— empty list

for each new_entry in input_list do
(new_il,new_i2,new_id) < new_entry
for each old_entry in temp_list do

10: (old_il,0ld_i2,0ld_id) < old_entry

11: if new_il > old_il and new_i2 > old_i2 then

12: if not (new_il = old_il +1 and new_i2 = old_i2 + 1) then
13: Add (old_id,new_id) to bubbles

14: end if

15: > Do not add old_entry to updated_temp
16: end if

17: end for

18: Add new_entry to open_list

19: end for

20: return bubbles

21: end function
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approximately 150 comparisons, only minimal novel variation is discovered. Although
this redundancy is acknowledged, executing the full pipeline remains essential to ensure
comprehensive coverage and to capture the complete spectrum of structural variation present
within the dataset.

B.3.8 Complexity

The complexity of our approach primarily depends on the number of paths and nodes in-
volved. We experience quadratic scaling with respect to the number of paths, rendering this

method impractical for graphs that contain thousands of paths.

B.3.9 Used data structures

In the initial stages of development, many steps involved the use of hashmaps. However, 1
restructured all methods and core data structures into a vector-like format. This transition
encompassed the index and comb-index structures, as well as an alternative implementation of
nodes within our specially developed GFA-reader. The shift to vectors proved advantageous,
reducing memory usage, enhancing local data proximity, and consequently improving overall
performance.

Our bubble detection algorithm operates exclusively on directed nodes (nodes in combination
with their direction). Given that nodes can have two ’outlets’ — one positive and one negative
— we sought to optimize vector indexing and further minimize memory usage. To achieve
this, we combined the direction and node ID into a single u32 integer. This approach allows
each integer to represent both attributes using a primitive data type, thereby enhancing the
efficiency of our path-index. Nevertheless, we are only allowed to have a maximum count of

node IDs of 2.1 billion, which should normally be fine for all present genomes.

B.3.10 Advantages

A major advantages of our algorithm lies in its comprehensive reporting capabilities. We
capture and report all types of bubbles present in the graph, ranging from simple small single-
nucleotide polymorphisms (SNPs) to more complex structures such as cycles or extensive
bubbles that span thousands of base pairs. Additionally, the statistics we generate from this
analysis are straightforward and user-friendly. Furthermore, the sequences from the traversals

can be easily extracted and compared, thanks to our BED format output, facilitating a more
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in-depth and efficient analysis.

B.3.11 Bottleneck

Initially, I had thought that the quadratic complexity was our primary bottleneck, but it turned
out to be just a relatively minor issue. With a graph containing 1,011 paths, the workflow
requires processing 510,555 pairs. If each run takes 200 ms on a single core, the total
computation time amounts to approximately 1.15 days (or 28 hours). While multithreading
could potentially reduce this to a matter of minutes, the resources would still be considerable.
However, the more significant challenge lay in the creation of the comb-index and the bi-
furcation algorithm itself. I had initially underestimated the complexity inherent in genome
graphs, especially when dealing with highly repeated nodes connected by thousands of
different edges. In a benchmarking run with the pan-centromere graph of Chromosome 1, I
encountered nodes repeated over 50,000 times. Constructing a comb-index from just two
such nodes results in an index size of approximately 1,249,975,000 entries.

A major issue is the prevalence of these highly repeated nodes. They often appear repeatedly
in other paths as well, leading to the creation of enormous indexes. This pattern also signifi-
cantly impacts the generation of genomic intervals, resulting in the creation of millions or
even billions of traversals. Calculating relationships becomes impractical with such extensive
data.

B.3.12 Optimization strategies

The most substantial performance improvement was achieved by replacing nested HashMap
structures with vector-based representations. The original double-layered HashMap layout
was flattened, and each traversal was reported individually within a vector. This change
increased memory usage, as both the accession index and bubble identifier had to be stored
with each entry. However, the trade-off significantly improved access times and simplified
data handling.

Additional optimizations included improving the performance of the GFA parser and
introducing multiple layers of multithreading to parallelize I/O and computation more
effectively. Looking ahead, further optimizations could involve eliminating the comb-index
entirely and performing indexing dynamically during bubble detection. While this would
reduce memory consumption, it may introduce a runtime penalty, an important consideration

given that execution time is already a primary bottleneck.
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A potential optimization strategy to address the mentioned redundancy involves applying
stringent filtering to exclude entire ranges of highly repetitive nodes, such as those commonly
found in centromeric regions. However, this approach may impose limitations on the types of
input graphs that can be processed effectively. In particular, it may reduce generalizability or

introduce bias when applied to graphs with varying repeat content or structural complexity.
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