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Summary
Arabidopsis thaliana exhibits tremendous phenotypic and genotypic variation while having a

rather small, mostly homozygous genome. It was the first plant where a sequenced genome

became available in 2000. However, this reference genome has its limitations especially

when it comes to highly repetitive regions which currently are not well resolved. Moreover, it

is widely recognized that the full spectrum of genetic diversity of a species cannot be

represented by a single reference genome. Besides fundamental research, A. thaliana is

also used to tackle questions that are relevant to plant breeding. Two important fields here

are plant immune (R) genes and heterosis in F1 hybrids.

Plant immune genes often encode intracellular nucleotide-binding leucine-rich repeat

receptors (NLRs) that enable the plant to directly or indirectly sense the presence of a

pathogen via its effector proteins. Thus, knowing the NLR gene repertoire of a species is key

to breed novel, more pathogen resistant plants. However, NLR genes are highly diverse

even within a species, they can exhibit extensive presence-absence or copy number

variation, and are often located in repetitive clusters. These three factors make it unlikely that

this gene family can be assessed using a single reference genome that in addition has a

lower resolution in highly repetitive regions. In the first part of my work I established a robust

workflow for processing the latest PacBio HiFi long-read data. This enabled me to generate

high quality genome assemblies for 18 differential A. thaliana lines with a high resolution in

repetitive regions. I found that the genomes differ in size which I can explain with length

variation in highly repetitive centromeric regions that are absent in the current gold-standard

reference. In these 18 differential lines I annotated genes with a focus on NLRs. I found

variation in the NLR gene repertoire of the 18 lines. Moreover, I annotated NLR genes that

were not present in the current reference genome of A. thaliana.

The crossing of two inbred parents leads to the generation of F1 hybrids. Heterosis, a

phenomenon where multiple explanations were proposed, describes the superiority of such

hybrids compared to their parents. In contrast to this, there are inferior hybrid phenotypes

such as hybrid necrosis. Biomass heterosis of F1 hybrids is widely exploited in agriculture.

When analyzing transcriptomes of F1 hybrids one can compare their gene expression levels

to the mean of both parents (Mid-parent value; MPV). Identifying genes that deviate from the

MPV can give insights into the molecular basis of heterosis. However, F1 hybrid genomes

are composed of two parental inbred genomes. Thus, having only a single reference

genome available impedes hybrid transcriptome analysis. In the second part of my work I

utilized full genome information of two A. thaliana inbred parents in order to analyze

corresponding F1 hybrid transcriptomes. I established a computational workflow that enabled
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the identification of genes with significant deviation from the MPV. Moreover, for these genes

I demonstrated that the degree of deviation from the MPV correlates with expression

divergence between the two parents.

Together the results of this thesis give an insight into intraspecies genomic and NLR gene

variation of Arabidopsis thaliana while providing a large dataset for future research projects.
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Zusammenfassung
Arabidopsis thaliana verfügt über ein enormes Spektrum an phäno- sowie genotypischer

Variation und hat ein kleines und weitgehend homozygotes Genom. Sie war die erste

Pflanzenart, für welche ein komplett sequenziertes Referenzgenom verfügbar war. Dieses

Referenzgenom hat jedoch eine niedrige Auflösung in hoch repetitiven Bereichen des

Genoms. Auch kann ein einzelnes Referenzgenome die genotypische Variation einer Art

nicht repräsentieren. Neben der Grundlagenforschung werden die in A. thaliana gewonnen

Erkenntnisse auch dazu genutzt, Fragestellungen aus dem Bereich der Pflanzenzucht zu

untersuchen. Zwei besonders relevante Bereiche sind die Variation von Resistenzgenen,

welche für die Abwehr von Pathogenen wichtig sind, sowie Aspekte der Heterosis in F1

Hybriden.

Häufig kodieren Resistenzgene nukleotid-bindende Rezeptoren mit Leucin-reichen

repetitiven Sequenzen (nucleotide-binding leucine-rich repeat receptor; NLR). Diese NLRs

ermöglichen es der Pflanze ,Pathogene wahrzunehmen. Das Repertoire an NLRs einer

Spezies zu kennen ist von großer Bedeutung, um resistente Pflanzen gezielt zu züchten.

NLR-Gene sind jedoch variabel bezüglich ihrer Sequenz. Zudem sind NLR-Gene oft

spezifisch für eine bestimmte Population, weshalb sich das NLR Repertoire verschiedener

Individuen stark voneinander unterscheiden kann. Diese Faktoren machen es

unwahrscheinlich, dass die Vielfalt an NLR-Genen einer Spezies mit einem einzelnen

Referenzgenom zu erfassen ist. Im Rahmen meiner Arbeit habe ich einen Arbeitsablauf

etabliert, der es ermöglicht, mit Hilfe moderner Sequenziertechnik lange DNA Sequenzen

(long-reads) zu erfassen und daraus 18 qualitativ hochwertige A. thaliana Referenzgenome

zu erzeugen. Diese neu assemblierten Genome verfügen über eine sehr hohe Auflösung in

hoch repetitiven Bereichen. Anhand dieser 18 Genome konnte ich zeigen, dass

Unterschiede in der Genomlänge weitestgehend durch unterschiedlich lange hoch-repetitive

Centromer Sequenzen erklärbar sind, welche im Referenzgenom, das mit anderer

Sequenziertechnologie erstellt worden ist, fehlen. Im weiteren Verlauf habe ich Unterschiede

im NLR Repertoire zwischen den 18 Genomen aufgedeckt.

Der Begriff Heterosis beschreibt das Phänomen, dass diese F1 Hybride ‘besser’ als ihre

Eltern sind, was für die Pflanzenzucht relevant ist. Hierbei spielt Genexpression eine große

Rolle. Das Genom eines F1 Hybriden besteht zu je einer Hälfte aus beiden elterlichen

Genomen. Genexpressionsanalysen in F1 Hybriden werden daher erschwert, wenn nur ein

elterliches Referenzgenom verfügbar ist. Ich habe hierfür einen Arbeitsablauf etabliert, in

dem zwei A. thaliana genome miteinander verknüpft werden, um so das Transkriptom von F1

Hybriden zu analysieren. So konnte ich Gene identifizieren, deren Expression signifikant
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vom elterlichen Mittelwert abweicht. Außerdem konnte ich für diese Gene zeigen, dass der

Grad der Abweichung vom Mittelwert damit korreliert, wie unterschiedlich die beiden Eltern

diese Gene jeweils exprimieren.

Die Ergebnisse meiner Arbeit geben Einblick in die genomische Variation von Arabidopsis

thaliana. Außerdem stellen die hier geschaffenen Datensätze und Arbeitsabläufe eine

wertvolle Ressource für zukünftige Forschungsprojekte dar.
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1. Introduction
Evolutionary processes such as mutation, selection, recombination and genetic drift shape

the architecture of genomes. The term ‘genome architecture’ encompasses characteristics

such as karyotype, genome size, gene number, transposable element (TE) density or gene

order (Gaut et al. 2007). Despite the fact that the gene number remains relatively stable over

millions of years of evolution, plant genomes show a greater plasticity compared to animal

genomes. Whereas genomes of various mammalian species differ in size by a factor of five

(Gregory, T.R. 2005), plant genome sizes can vary by a factor of 2,000 (Pellicer and Leitch

2020). The individual genomes of sexually reproducing species are usually highly collinear,

meaning that their orthologous loci are located on the same chromosome and in the same

order (H. Tang et al. 2008). Genome collinearity enables the physical exchange of alleles

during meiosis, a process that is crucial not only for generating diversity but also for the

purging of deleterious alleles (McDonald, Rice, and Desai 2016). However, full collinearity

between two genomes is compromised by the existence of large-scale genomic

rearrangements, so-called structural variation. This structural variation is particularly

interesting to study in plant immune genes, which are known to vary tremendously both

between and within species, and for which processes like illegitimate recombination have

been described as molecular mechanisms of evolution (Van de Weyer et al. 2019). Our

limited knowledge is mostly attributable to the fact that many species only have a single

full-length reference genome available, or their reference genomes are not available as

chromosome-level assemblies.

This introduction will give an overview of former technical limitations in the detection of large

scale structural variation, the annotation of plant immunity genes, the analysis of F1 hybrid

transcriptomes and the most recent technological innovations that were used for this doctoral

research project. Subsequently, I will propose how to use these new technologies in order to

overcome former limitations.

1.1 Arabidopsis thaliana as a model organism
Arabidopsis thaliana (L.), also known as thale cress, is a self-compatible flowering plant in

the Brassicaceae (Detlef Weigel and Mott 2009). It is an annual weed that is found all across

the northern hemisphere, mostly in temperate regions ranging from the Arctic Circle to North

Africa (Sharbel, Haubold, and Mitchell-Olds 2000) and exhibiting great genetic as well as

phenotypic diversity (Detlef Weigel and Mott 2009). Recently, it has been recognized that the

species has a long history in Africa (Durvasula et al. 2017). The progeny of an A. thaliana

individual that has been collected from the wild is referred to as an accession.
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Because A. thaliana outcrossing rates in nature can be around 10% (Bomblies et al. 2010),

the genomes of A. thaliana accessions can initially be quite heterozygous. However,

inbreeding for multiple generations results in a mostly homozygous genome (Mauch-Mani

and Slusarenko 1993).

Even though it has no economic value, A. thaliana has become one of the most popular

model species in plant research (Somerville and Koornneef 2002), contributing to our

fundamental understanding of genetics, epigenetics, cell biology, molecular plant

development, physiology, metabolism and adaptation (Krämer 2015). The ascent of A.

thaliana as a model organism can be further attributed to the characteristics that make it a

great candidate for basic plant research: A. thaliana has a diploid genome with five

chromosomes and a total length of only 125 to 150 Megabases (Mb), and less than 30,000

protein-coding genes (Somerville and Koornneef 2002). Another advantage of A. thaliana as

a model species is its relatively short generation time and its large number of offspring,

making it possible to complete a full life cycle in six to eight weeks (Krämer 2015). Moreover,

flowering plants emerged only around 100 million years ago, making them evolutionarily

recent and relatively closely related. Consequently, fundamental processes such as the

regulation of flowering time are conserved between A. thaliana and its economically more

important relatives such as rice, rapeseed and maize (Kobayashi and Weigel 2007).

Arabidopsis thaliana is also well-suited for functional studies since specific genotypes can be

ordered from seed stock centers, and knock-out mutant lines are widely available (Koornneef

and Meinke 2010). Arabidopsis thaliana is adapted to many different environments, and

accessions can vary dramatically in key traits such as flowering, germination, as well as

biotic or abiotic stress tolerance, and pest resistance (D. Weigel 2012).

Given the above advantages, it is not surprising that A. thaliana became the first plant

species to have its genome sequenced in 2000. The initially published genome of the A.

thaliana accession Columbia-0 (Col-0) was high-quality, with the 120 Mb sequence

represented as chromosome arm scale contigs (Arabidopsis Genome Initiative 2000). The

published sequence of Col-0 quickly became the gold standard reference genome for the A.

thaliana species. This reference genome is referred to as TAIR10. However, centromeres,

telomeres, and ribosomal DNA repeats had remained unassembled (Arabidopsis Genome

Initiative 2000), because these genomic regions are highly repetitive and thus difficult to

assemble. These shortcomings will be described in more detail later during this introduction.

In addition, as will also be explained later, it became evident that there is no such thing as

‘the' reference genome of an entire species, as variation is commonplace, including

presence/ absence variation of a large fraction of genes (Detlef Weigel and Mott 2009;

Hirsch et al. 2014; Y.-H. Li et al. 2014; Danilevicz et al. 2020; Torkamaneh, Lemay, and
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Belzile 2021).

1.2 Intraspecific genome variation
Genetic variation between the genomes of individuals can occur on different scales

encompassing point mutations on a single nucleotide as well as alterations of whole

chromosome arms (Figure 1).

Generally one can differentiate between small variations such as single nucleotide

polymorphisms or small insertions/ deletions (indels) and large structural variation. A

structural variant (SV) is often defined as a large genomic alteration longer than 50 bp, while

smaller variants are commonly called indels polymorphisms. This differentiates SVs thm from

other types of variations such as single nucleotide polymorphisms (SNPs) (Mahmoud et al.

2019). Structural variants can be further classified into deletions, duplications, translocations,

inversions, and insertions (Sudmant et al. 2015; Sedlazeck et al. 2018; Alkan, Coe, and

Eichler 2011). Another structural variant type is copy number variation (CNV) (Carvalho and

Lupski 2016). Furthermore, one can differentiate between balanced and imbalanced forms of

SVs. Balanced forms of SVs, such as inversions and translocations, do not change the

overall size of the genome. In contrast to this, deletions, duplications, and copy number

variations are imbalanced SV forms, since they do alter the genome size (Kosugi et al.

2019).

Structural variants are particularly likely to impact phenotypic variation in a species (Yuan et

al. 2021). For example, CNVs significantly contribute to traits such as grain size and blast

resistance in rice (Xu et al. 2006; Shomura et al. 2008; Deng et al. 2017), resistance to

nematodes and increased yield in soybean (Cook et al. 2012; Lu et al. 2017), adaptation to

cold environments (Knox et al. 2010), enhanced aluminum tolerance in maize (Maron et al.

2013), and herbicide resistance in Amaranthus palmeri (Fernández-Escalada et al. 2017).

CNVs have further been involved in the domestication of maize (Hufford et al. 2012) as well

as of livestock (Lye and Purugganan 2019).
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Figure 1: Structural (upper panel) and sequence (lower panel) level variation between two
genomes. Inversions are shown in red, translocations in green, and duplications in blue. Moreover, a
genome specific insertion is shown in turquoise. Within syntenic regions (shown in gray) there can be
variation on the sequence level such as single-nucleotide polymorphisms (SNPs), deletions or
insertions (orange), copy gain (blue) and copy loss (green). Highly divergent regions are marked in
yellow. Figure source: Jiao and Schneeberger 2020.

1.3 Immunity genes
A class of genes that is particularly prone to presence/ absence variation and other types of

SVs are immune genes. Plants rely on a complex immune system to defend themselves

against a wide range of enemies (J. L. Dangl and Jones 2001; Ausubel 2005; Chisholm et al.

2006). Plants use two strategies to detect pathogens. The first strategy results in pathogen

associated molecular pattern (PAMP) triggered immunity (PTI), while the second strategy

results in effector-triggered immunity (ETI) (Figure 2) (Jones and Dangl 2006; Chisholm et

al. 2006). Both strategies will be introduced in this section.

The PAMP-triggered immunity involves cell surface pattern-recognition receptors (PRRs) that

can recognize two different classes of patterns: (i) microbe-associated molecular patterns

(MAMPs), and (ii) damage-associated molecular patterns (DAMPs). Once recognized by a

PRR on the cell surface, both MAMPS and DAMPs trigger a signal cascade, resulting in
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cellular changes summarized under the term pattern-triggered immunity (PTI) (Couto and

Zipfel 2016). Microbe-associated molecular patterns are slowly evolving structures that are

typical for a whole class of microbes (Boller and Felix 2009; Jones and Dangl 2006). A well

characterized MAMP is an epitope of bacterial flagellin, which is perceived by the plant

receptor FLAGELLIN-SENSING 2 (FLS2). The MAMP recognition in this case depends on

the binding of a 22 amino acid stretch of the N-terminus of bacterial flagellin, flg22 (Chinchilla

et al. 2006). Orthologs of FLS2 have been identified in A. thaliana, tomato, grapevine, and

rice (Chinchilla et al. 2006; Robatzek et al. 2007; Takai et al. 2008; Trdá et al. 2014; Hann

and Rathjen 2007). In contrast to MAMPs, the DAMP-triggered immunity does not recognize

the pathogen itself. Instead, host-derived molecules that are associated with cell damage as

a consequence of pathogen attack are detected. Many different DAMPs have been

described, such as cytosolic proteins, nucleotides or cell-wall polysaccharides (Hou et al.

2019). Oligogalacturonide (OG) release from the plant cell wall can be caused by pathogen

attack. A prominent example of an A. thaliana DAMP receptor is wall associated kinase 1

(WKA1) that triggers immune responses upon detection of OGs (Brutus et al. 2010). Such

cell surface localized PRRs can be further grouped into two distinct classes. The receptor

kinases (RLK) have an ectodomain for ligand binding, a single pass transmembrane domain,

and a cytoplasmic kinase domain. In contrast to that, the receptor-like proteins (RLPs) are

lacking the kinase domain while having a short cytoplasmic tail instead (Couto and Zipfel

2016). The most common extracellular domain of plant PRRs are leucine-rich repeats

(LRRs) that are involved in PAMP binding and co-receptor association (Shiu and Bleecker

2001). In A. thaliana LRR-RLKs and RLP-RLKs constitute a large gene family with 223 and

57 members, respectively (Snoeck et al. 2022).
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Figure 2: Cartoon showing the plant immune response to pathogen infection. Different
pathogens and their PAMPs are color coded. (1) MAMPs and DAMPs are recognized via extracellular
PRRs resulting in pattern triggered immunity (PTI). (2) The pathogen releases virulence effectors into
the plant cell. (3) Virulence effectors can suppress PTI. (4) Intracellular NLR receptors can perceive
effectors in three different ways: (4a) Direct interaction between NLR receptor and ligand, (4b) by
mimicking an effector target (decoy strategy), and (4c) by detecting effector-caused alterations of host
virulence targets. (5) NLR activation leads to effector triggered immunity (ETI). Figure source: Jeffery
L. Dangl, Horvath, and Staskawicz 2013.

However, some pathogens have evolved mechanisms to overcome this first layer of the plant

immune system. Such adapted pathogens can evade the PTI by secreting their own effector

molecules into the host cell. This is referred to as effector-triggered susceptibility (Jones and

Dangl 2006). There are examples of such effectors that allow for successful infection of the

plant by either inhibiting or by mimicking eukaryotic cellular functions (Abramovitch,

Anderson, and Martin 2006). These effectors are mostly specific to certain pathogens (Boller

and Felix 2009). Thus, natural selection has led to a wide range of diversified effector

proteins. However, the release of such effectors can be recognized by intracellular host

receptors, leading to the so-called effector triggered immunity (ETI). In this case pathogen

effectors are recognized by resistance proteins. The majority of these resistance proteins are

nucleotide-binding leucine rich repeat (NLR) proteins.

NLRs can detect pathogen effectors by any of the following three strategies: (i) indirectly, by

using guardees to detect how the host cell is modified, (ii) directly, through the interaction of

the effector and the NLR domains or (iii) directly, via interaction with an integrated domain

that mimics an effector target (Kourelis and van der Hoorn 2018). Such detection can trigger
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resistance responses such as hypersensitive response (HR), leading to rapid localized cell

death and inhibiting further pathogen spread (Morel and Dangl 1997). The majority of plant

NLRs contain a central nucleotide-binding domain (NB) and either a coiled-coil (CC) domain

or a Toll/interleukin-1 receptor (TIR) at the N-terminus (Monteiro and Nishimura 2018). The

number of NLR genes greatly varies between different species, ranging from less than a

hundred to more than a thousand (Xia et al. 2015; Yue et al. 2012; Baggs et al. 2020). Even

within a species the size of the repertoire of NLR genes can vary (Van de Weyer et al. 2019).

Despite their great importance, the study of NLRs remains challenging. One reason is the

extraordinarily high diversity in this gene family. The evolutionary forces resulting in such

high diversity are explained by Flor’s gene-for-gene hypothesis. It states that disease

resistance is caused by the interaction of a resistance (R) gene product of the plant with a

specific avirulence (Avr) gene product derived from the pathogen (Flor 1971). Thus,

pathogens are under constant evolutionary pressure to evolve a diverse set of effectors that

do not trigger the interaction with the host R gene product. Therefore the pathogen effector

repertoire is highly dynamic. This on the other hand results in high allelic diversity at plant R

gene loci (Jeffery L. Dangl and McDowell 2006). Another challenge is presence-absence

variation of NLRs that can occur even between closely related individuals (Van de Weyer et

al. 2019; Bakker et al. 2008). The high diversity and the extensive presence-absence

variation limit the use of a single reference genome for studying NLR genes (Van de Weyer

et al. 2019; Christopoulou et al. 2015). Another complication of analyzing NLR genes is the

fact that many of them occur in gene clusters with copy number variation (Chae et al. 2014;

B. C. Meyers et al. 1998; Leister et al. 1998). However, these gene clusters of tandem NLR

repeats are of great interest since they are considered to be hotspots of diversification and

generation of novel NLR genes (Michelmore and Meyers 1998; van Wersch and Li 2019;

Jiao and Schneeberger 2020). In A. thaliana it has been reported that NLR gene clusters can

vary in size. Some clusters can span many tens or even hundreds of kilobases (kb) in length,

such as the RPP4/RPP5 cluster, others, like the B5 cluster, consist of 11 genes, while the

smallest cluster only harbors two NLR genes (Narusaka et al. 2009; Holub 2001; Blake C.

Meyers et al. 2003). However, it has been reported that cluster loci with more than two

members are less likely to undergo crossing-over events (Rowan et al. 2019). The lack of

exchange with the same clusters from different lineages increases the possibility of

accumulating mutations. This increases the risk of clusters from different lineages becoming

incompatible with each other when combined in a hybrid, resulting in an autoimmune

syndrome known as hybrid necrosis (L. Li and Weigel 2021). Despite their great importance

for plant breeding and their role in hybrid necrosis, there is only a limited number of studies

that assess NLR gene diversity in the context of fully resolved clusters. This is attributable to
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the short-read DNA sequencing technology that has so far mostly been used for the analysis

of NLR genes (Van de Weyer et al. 2019). The limitation of short-reads for assembling

repetitive regions such as NLR gene clusters will be explained in the DNA sequencing

chapter of this introduction.

1.4 Heterosis in F1 hybrids
The crossing of two inbred parents leads to the generation of F1 hybrids. This F1 generation

can show a great variety of non-parental hybrid phenotypes such as hybrid inferiority or

hybrid superiority. Both terms describe the deviation of the F1 hybrids from the parental mean

for a given trait. This deviation from the parental mean is also referred to as a non-additive

phenotype. Hybrid inferiority can range from mild developmental abnormalities to lethality

(Lisa M. Smith, Bomblies, and Weigel 2011; Bomblies et al. 2007; Chae et al. 2014). In A.

thaliana such F1 hybrid incompatibilities are observed in 2% of all intraspecific crosses

(Bomblies et al. 2007). Many of these incompatibility cases in A. thaliana and other species

such as rice and tomato involve the interaction of disease resistance (R) gene alleles with

other loci in the genome resulting in autoimmunity (Bomblies et al. 2007; Yamamoto et al.

2010; Krüger et al. 2002; Barragan et al. 2021; Chae et al. 2014). This autoimmunity is

described by the term hybrid necrosis. Hybrid necrosis can often be explained by the fact

that individuals of the same species show a great diversity at R gene loci which makes these

loci more likely to cause problems when combined in a hybrid genome (Clark et al. 2007;

Jorgensen and Emerson 2008). In contrast to hybrid inferiority, non parental phenotypes can

also be superior to their parents. The term heterosis describes the superiority of F1 hybrid

offspring compared to their inbred parents (George H. Shull 1908). It has first been described

in the scientific literature by Darwin who noticed, while studying cross-fertilization in plants,

that the offspring was often more vigorous (Darwin 1877). Later on George Shull (Shull

1914) introduced the term heterosis for this phenomenon that he observed independently of

Edward East in F1 hybrids of maize. Today heterosis is widely exploited in modern hybrid

breeding programs, for example with elite F1 hybrids in maize having led to a substantial

increase in yield over the past century (Duvick 2001; Schnable and Springer 2013).

Heterosis is being exploited more and more in other crops important for food and bioenergy

production (Longin et al. 2012). Despite the great economic importance of this phenomenon,

its molecular basis remains under debate. However, it is widely acknowledged that there is

likely not a single explanation and that various genetic mechanisms can be involved in the

manifestation of heterosis (Schnable and Springer 2013; Zhai et al. 2013; Birchler et al.

2010). For a given trait, heterosis can either be quantified as the deviation of the progeny

from the phenotypic mean of the parental plants (‘mid-parent heterosis’), or, more relevant
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for agriculture, as the degree of superiority relative to the better parent (‘best-parent

heterosis’). In either case, heterosis cannot be explained by the addition of the parental trait

values (Falconer 1996). At least three non mutually exclusive genetic theories have been

proposed to explain such non-additive phenotypes. The dominance theory, first postulated in

1908, argues that dominant alleles from one inbred parent can complement slightly

deleterious, recessive alleles from the other parent in the F1 hybrid (Davenport 1908; Bruce

1910). The overdominance theory, on the other hand, suggests that heterozygosity at an

individual locus in the F1 hybrid gives rise to superiority compared to both homozygous

parents. Overdominance was found to be causal for different heterosis phenotypes in

Arabidopsis thaliana (Rédei 1962), Solanum lycopersicum (Vrebalov et al. 2002; Krieger,

Lippman, and Zamir 2010), and Zea mays (Hollick and Chandler 1998). Lastly, the epistasis

model hypothesizes that the interaction between different unlinked parental genes in the

hybrid can give rise to hybrid vigor (Williams 1959).

A positive correlation between the genetic divergence and the extent of heterosis has been

reported, implying an underlying mechanism that enables hybrids to exploit genetic

divergence between the parents to promote heterosis (Chen 2013; Troyer 2006; Birchler et

al. 2010). Differences in gene expression between the parents can reflect such genetic

divergence (Miller et al. 2015). Gene expression is a phenotype. Thus, the expression of a

given gene in the F1 hybrid can be additive if it follows the mid-parent value or non-additive if

it is higher or lower than the parental expression mean (Figure 3). Moreover, expression of a
given gene in the hybrid can be lower compared to the ‘low parent’ or higher compared to

the ‘high parent’. Therefore, the degree of non-additivity can be calculated by comparing the

expression level of a gene in the F1 hybrid vs its average parental expression level (Chen

2013). RNA sequencing (RNA-seq) offers a great opportunity to analyze additive vs

non-additive gene expression. Numerous transcriptome studies have shown genome wide

expression changes in intraspecific hybrids of rice (He et al. 2010), wheat (Pumphrey et al.

2009), maize (Stupar et al. 2008; Jahnke et al. 2010; Swanson-Wagner et al. 2006; Hu et al.

2016), and A. thaliana (Miller et al. 2015; Fujimoto et al. 2012; Meyer et al. 2012). In A.

thaliana it was possible to link superior hybrid performance in biomass accumulation to

transcriptomic mitigation of defense growth tradeoffs (Miller et al. 2015). However, all of the

aforementioned RNA-seq studies in F1 hybrids were carried without having full genome

information of both parents. How transcriptome analyses can be performed by the use of

telomere-to-telomere genome assemblies for both inbred parents will be introduced in

section 4.2.
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Figure 3: Schematic overview of potential parental (A) and F1 hybrid (B) expression patterns. A
given gene can be additively (orange) or non-additively (green) expressed. Dashed black line
represents the mid-parent value (MPV). All potential expression patterns deviating from the MPV are
considered to be non-additive.

1.5 DNA sequencing
Genome sequencing is a suite of methods that aim at determining the order of nucleotides in

the chromosomes of an individual (Shendure et al. 2017). The technologies used in order to

sequence genomes have evolved over time. Therefore, I will give a brief overview of the

different approaches as well as their limitations. Moreover, I will describe recent technical

advances and how they can be used in order to overcome these (former) limitations.

1.5.1 First and next-generation Sequencing
The three-dimensional structure of the DNA was discovered by Watson and Crick in 1953

(Watson and Crick 1953). However, technologies for actually ‘reading’ a DNA sequence were

not available for some time. At the beginning of nucleotide sequencing researchers focused

on single-stranded RNA bacteriophages as well as on ribosomal or transfer RNA.

Furthermore it was only possible to determine nucleotide composition but not their order

(Robert W. Holley et al. 1961). In 1964 Holley and colleagues described a new method for

determining the sequence of oligonucleotides. Their approach used an exonuclease that
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degrades an oligonucleotide in a stepwise manner starting from the 3’-end. The smaller

degradation products were separated using chromatography (Robert W. Holley, Madison,

and Zamir 1964). One year later, the alanine tRNA of Saccharomyces cerevisiae became the

first oligonucleotide to be fully sequenced (R. W. Holley et al. 1965).

The first DNA genome, that of PhiX174, has been sequenced in 1977 (Sanger et al. 1977).

During the same year, the so-called Sanger method was developed. The method uses

electrophoresis and chain-terminating dideoxynucleotides that are randomly incorporated

during in vitro DNA replication. Therefore, these and similar technologies are referred to as

chain-termination methods. A chain-termination approach uses a single-stranded DNA

template, a DNA polymerase, a primer, deoxynucleotide triphosphates (dNTPs), and

modified di-deoxynucleotide triphosphates (ddNTPs). These ddNTPs lack a 3’-OH group that

causes the DNA polymerase to stop strand elongation after ddNTP incorporation. The target

DNA is divided into four separate reactions, each containing all four standard dNTPs (dATP,

dCTP, dGTP, or dTTP). Moreover, each reaction contains one of the four chain-terminating

ddNTPs (ddATP, ddCTP, ddGTP, or ddTTP). After several cycles of template DNA extension

the resulting DNA fragments are denatured and size-separated using gel electrophoresis.

Once visualized, the DNA bands can be used to determine the nucleotide order of the DNA

template (Sanger, Nicklen, and Coulson 1977). Using radioactively-labeled ddNTPs, this

method allowed the sequencing of DNA fragments of different lengths (Sanger, Nicklen, and

Coulson 1977). Several improvements such as the replacement of radiolabeling with

fluorometric labeling as well as capillary based gel-electrophoresis allowed for an increased

automation (W. Ansorge et al. 1986; Luckey et al. 1990). As early as 1979 it was proposed to

amplify randomly sampled DNA fragments in bacterial vectors in order to enable the

assembly of a genome by finding overlaps between those random sequences (Staden

1979). Because of the random fragmentation of the input DNA, this approach is also referred

to as ‘shotgun sequencing’ (Anderson 1981). However, such approaches were not feasible

until fluorescence-based and automated sequencing machines with a higher throughput

were developed. These machines enabled the sequencing of approximately 1000 base pairs

(bp) per day per reaction (Lloyd M. Smith et al. 1985; L. M. Smith et al. 1986).

Commercialized DNA sequencers that allowed sequencing of hundreds of samples in

parallel enabled the completion of the first two human reference genomes in 2001 (W. J.

Ansorge 2009; Lander et al. 2001; Venter et al. 2001). All of the aforementioned sequencing

technologies are referred to as ‘first-generation sequencing’ since they rely on a

chain-termination approach. Application of first-generation sequencing technologies enabled

researchers to generate the first A. thaliana reference genome in 2000 (Arabidopsis Genome

Initiative 2000).

22

https://paperpile.com/c/JuqkIf/muCxM
https://paperpile.com/c/JuqkIf/muCxM
https://paperpile.com/c/JuqkIf/tGw2x
https://paperpile.com/c/JuqkIf/Fd7XS
https://paperpile.com/c/JuqkIf/Knfy2
https://paperpile.com/c/JuqkIf/Knfy2
https://paperpile.com/c/JuqkIf/Knfy2
https://paperpile.com/c/JuqkIf/YzOJK+PkoA
https://paperpile.com/c/JuqkIf/PdcnX
https://paperpile.com/c/JuqkIf/PdcnX
https://paperpile.com/c/JuqkIf/cd3ti
https://paperpile.com/c/JuqkIf/PeboC+vk9i
https://paperpile.com/c/JuqkIf/IevoG+ZYLU+5Mz0
https://paperpile.com/c/JuqkIf/IevoG+ZYLU+5Mz0
https://paperpile.com/c/JuqkIf/PCxY4
https://paperpile.com/c/JuqkIf/PCxY4


Subsequently, a new approach, not relying on chain-termination and electrophoresis, was

developed. Instead, luminescence that gets released upon nucleotide incorporation is

monitored during DNA synthesis. First, the single stranded DNA template is immobilized.

Now the four dNTPs are sequentially added to and removed from the reaction.

Luminescence is released if a nucleotide gets incorporated into the complementary strand.

This allows one to determine the sequence of the single stranded template DNA (Nyrén and

Lundin 1985; Hyman 1988). This so-called pyrosequencing method was later

commercialized by Roche. It marked the first ‘next-generation sequencing’ technology since

it is a sequencing by synthesis approach that does not rely on chain-termination technology

anymore. Moreover, it allowed parallelizing sequencing reactions and thereby increasing the

overall sequence output (Margulies et al. 2005). Later on, new even more massively parallel

sequencing technologies such as the Solexa method were developed. In this method the

upfront adaptor labeled DNA fragments are ligated to complementary adaptor sequences

that are bound to a glass slide (flow cell). Subsequently, a solid phase PCR is performed on

the flow cell in order to amplify each DNA fragment in place. Thereby, local clusters of

amplified DNA originating from the same molecule are formed that can afterwards be imaged

during DNA synthesis. Moreover, the use of highly parallel imaging of the incorporation of

fluorescently labeled nucleotides led to an increase in sequencing output (Fedurco et al.

2006; Bentley et al. 2008). This method was commercialized in the form of the Solexa, then

Illumina Genome Analyzer that supported sequencing of 1 Gigabase (Gb) of relatively

low-error reads with a length of 36 bp (Quail et al. 2012). The number of reactions that could

be analyzed on a single flow cell was rapidly increased, and the length of DNA sequencing

reads was increased to 150 bp. These innovations led to a rapid decrease in sequencing

costs per base (Heather and Chain 2016). Illumina became a leading manufacturer of

next-generation sequencing by synthesis instruments. Current Illumina sequencing

instruments are capable of producing up to 20 billion reads in less than 45 hours (Pervez et

al. 2022). Illumina short-read sequencing quickly replaced alternative methods for population

scale analysis of genome diversity, resulting in the ‘1000 Genomes Project’ for humans

(1000 Genomes Project Consortium et al. 2015) and the ‘1001 Genomes Project’ for A.

thaliana (Detlef Weigel and Mott 2009). The efforts in A. thaliana were soon followed by

efforts in other species, especially maize and rice (Q. Long et al. 2013; Clark et al. 2007; Cao

et al. 2011; Ossowski et al. 2008; Hirsch et al. 2016; Schatz et al. 2014).

All of the aforementioned genome sequencing technologies, the first as well as the

second-generation, rely on breaking down genomic DNA into fairly small fragments as well

as sample amplification prior to the actual sequencing process (Shendure et al. 2017).

Moreover, the massively parallel sequencing technologies such as Illumina HiSeq are only
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capable of producing relatively short-reads with a maximum of 300 bases (Quail et al. 2012).

However, these short-reads have a high accuracy. This makes them powerful in the

detection of single-nucleotide variants and small indels (1001 Genomes Consortium 2016;

1000 Genomes Project Consortium et al. 2015). On the other hand, certain sequencing

applications such as de novo genome assembly or the assembly of repetitive regions remain

challenging when using short-reads (Ho, Urban, and Mills 2020; Mahmoud et al. 2019; Naish

et al. 2021).

1.5.2 The need for longer sequencing reads
In this next section, I want to briefly explain the underlying problem of reconstructing

repetitive regions of the genome from short-reads. Ideally a sequencing read would be as

long as the chromosome that one wants to assemble. However, as mentioned before, the

read length of next-generation sequencing platforms is limited to about 300 bp (Quail et al.

2012). Thus the genome must be assembled from millions of fragments. The assembly from

sequencing reads is based on the premise that highly similar sequences originate from the

same region of the genome. By finding overlaps, reads are further connected to larger

sequence blocks (contigs). Reads from repetitive sequences complicate the assembly, since

they may erroneously collapse into a single contig due to their high similarity (Baptista et al.

2018). Therefore, the resulting de novo genome assemblies are often fragmented and

incomplete when it comes to highly repetitive sequences (Schmid et al. 2018). As mentioned

in the chapter ‘1.3 Immunity genes’, it is known that many genes that are particularly

important for plants, including NLR genes, occur in repeat clusters. It was reported that half

of the NLR genes are organized in clusters (Blake C. Meyers et al. 2003; Van de Weyer et al.

2019). Moreover, large scale genomic rearrangements such as those described in chapter

1.2 are difficult to detect when the sequencing reads are too short to span the structural

variant (Sedlazeck et al. 2018). Thus, the usage of short-reads can confound genome

assembly as well as read mapping when investigating genome variation.

In order to overcome the aforementioned limitations, new sequencing methods were

developed, such as Pacific Bioscience’s (PacBio) single molecule real time (SMRT) or

Oxford Nanopore Technologies (ONT) nanopore sequencing, capable of producing long

sequencing reads of over 10 kilobases (kb) (Eid et al. 2009; Mikheyev and Tin 2014). This

third-generation of sequencing differs from the previously mentioned NGS technologies by

no longer relying on the amplification of highly fragmented DNA. Instead, long, single DNA

molecules are analyzed in real time (Eid et al. 2009). The disadvantage of analyzing single

molecules is much more noise in the measurement, greatly decreasing the accuracy at

single nucleotides, from over 99% to under 90%. In the following section, I want to focus on

24

https://paperpile.com/c/JuqkIf/ikREW+lzGI8
https://paperpile.com/c/JuqkIf/ikREW+lzGI8
https://paperpile.com/c/JuqkIf/ajZrD+ngFWG+2GlP
https://paperpile.com/c/JuqkIf/ajZrD+ngFWG+2GlP
https://paperpile.com/c/JuqkIf/Apg6q
https://paperpile.com/c/JuqkIf/Apg6q
https://paperpile.com/c/JuqkIf/XqKJ0
https://paperpile.com/c/JuqkIf/XqKJ0
https://paperpile.com/c/JuqkIf/8XgzB
https://paperpile.com/c/JuqkIf/Cugy+mns7H
https://paperpile.com/c/JuqkIf/Cugy+mns7H
https://paperpile.com/c/JuqkIf/yd0T
https://paperpile.com/c/JuqkIf/BNrtK+tIRR
https://paperpile.com/c/JuqkIf/BNrtK


the SMRT sequencing technology developed by PacBio, since that is the sequencing

platform that was mostly used for this thesis.

1.5.3 PacBio long-read sequencing
Similar to other sequencing methods, PacBio gathers sequence information while the target

molecule is replicated. In the case of PacBio’s long-read sequencing, this template molecule

is called a SMRTbell (Travers et al. 2010). First, each DNA template is ligated to hairpin

adapters (SMRTbell templates) which allow for annealing of the sequencing primer in the

next step. Subsequently, a DNA polymerase is bound to the primer. This so-called ‘bound

complex’ is then loaded on a SMRTcell (PacBio Template Preparation and Sequencing

Guide; 2014). This SMRTcell consists of small sequencing reactors called zero-mode

waveguides (ZMWs). These ZMWs are nanophotonic devices that confine light to a small

volume for detection (PacBio Glossary of Terms, v10, April 2019). Such small reaction

volumes allow for single-fluorophore detection (Eid et al. 2009). The latest generation of

SMRTcells (SMRT Cell 8M) holds up to eight million ZMWs. Each ZMW hold a volume of

10-21 liters. Ideally only a single bound complex is captured per ZMW (Figure 4). Now, the
four different phospholinked dNTPs are added to enable the sequencing-by-synthesis

reaction. A fluorescence pulse is generated each time the polymerase retains a nucleotide

including its color coded fluorophore in the detection region of the ZMW. This retention time

in the detection zone of the ZMW is longer compared to the time that one could expect from

diffusion rates. This allows to differentiate between fluorescence caused by the correct

incorporation of a nucleotide and background fluorescence from the labeled dNTPs. The

light pulse is captured in real time. The fluorophore is released after nucleotide incorporation

and diffuses out of the detection zone. The polymerase will now start incorporation of the

next nucleotide. The recording of sequential light pulses is then transformed into base calls

that produce the continuous long-read (CLR) of the template DNA sequence (Eid et al.

2009). Thus, as with other sequencing-by-synthesis methods, PacBio SMRT sequencing

relies on the detection of a fluorescence signal upon nucleotide incorporation. However, in

contrast to other methods, it does not use base-linked fluorescent nucleotides, since these

are not suited for real-time sequencing. Instead the fluorophore is linked to the terminal

phosphate moiety, resulting in the release of the fluorophore via phosphodiester bond

formation that is catalyzed by the polymerase upon nucleotide incorporation. Therefore, the

synthesized DNA itself does not emit any fluorescence signal (Eid et al. 2009).
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Figure 4: Scheme of single-molecule real-time DNA sequencing using PacBio SMRT
sequencing technology. (A) A single DNA molecule, attached to a DNA polymerase, is bound to the
bottom of the zero molecule waveguide (ZMW). The ZMW is illuminated using laser light. The small
confinement of the ZMW (10-21 liter) allows for the detection of individual phospholinked nucleotides
while they are incorporated into the DNA strand by the polymerase. (B) The upper panel depicts the
incorporation of a phospholinked nucleotide while the lower panel shows the corresponding time trace
on the x-axis and fluorescence intensity on the y-axis. First a phospholinked nucleotide binds to the
template in the active site of the polymerase. A fluorescence pulse can be detected while the
phospholinked nucleotide is retained in the active site of the polymerase. Information about which
nucleotide was incorporated is inferred from the color channel. Subsequently, the fluorophore is
released from the active site ending the light pulse. The polymerase now shifts to the next position
allowing for the next phospholinked nucleotide to bind to the active site. Figure source: Eid et al. 2009.

The great advantage of PacBio SMRT (and Oxford Nanopore) sequencing is the tremendous

increase in read length. PacBio CLRs can have a length of up to 100 kb compared to 100 to

300 bases in standard short-read sequencing approaches (Hon et al. 2020). This makes

CLRs well suited for de novo genome assembly and especially for resolving highly repetitive

regions (Chin et al. 2013; Koren et al. 2017). However, long-reads typically have a much

higher error rate as compared to short-read sequencing data (Eid et al. 2009). Moreover, it

has been shown that continuous long-reads are not accurate enough to assemble

centromeres in A. thaliana (Rabanal et al. 2022). Several methods for error correction have

been developed to offset these limitations. These methods combine either multiple

independent long-reads or error-prone long and highly accurate short-reads (Chin et al.

2013; Koren et al. 2017).

1.5.4 PacBio circular consensus sequencing
In 2018 PacBio released the new Sequel II platform that allows for so-called High Fidelity

(HiFi) sequencing. This technology improves on the final error rate by reducing effective read

length through a process called Circular Consensus Sequencing (CCS). For CCS, a circular

DNA template is generated and then sequenced multiple times. The length of the DNA

molecule must be a fraction of the maximum read length of the polymerase, so that the same

DNA template can be read multiple times. Every instance of the DNA polymerase reading

through the entire circular molecule is referred to as a full pass. This generates the so-called

subreads (Figure 5). Noisy and error-prone, the subreads can then be combined into a
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single and more accurate CCS read (Travers et al. 2010; Wenger et al. 2019). Since

sequencing errors are randomly distributed, multiple passes and subsequent overlaying of

the subreads can reduce the total number of errors. Thus, the accuracy of the consensus

read increases with an increasing number of full passes (Wenger et al. 2019). The new HiFi

sequencing technology now offers the possibility to sequence medium size DNA inserts with

a length of approximately 20 kilobases and an accuracy of up to 99.9 % (Rabanal et al.

2022; Wenger et al. 2019). A recent comparison of CLR vs HiFi sequencing has shown that

medium sized but highly accurate reads are superior to longer but noisier reads when it

comes to genome assembly (Rabanal et al. 2022). Moreover, Hifi sequencing has proven to

perform well on highly-repetitive regions such as centromeres, in some cases allowing for

telomere-to-telomere de novo genome assemblies (Rabanal et al. 2022; Hon et al. 2020;

Naish et al. 2021; Wenger et al. 2019). Thus, PacBio HiFi sequencing offers a great

possibility to overcome the limitations of short-read sequencing for the analyses of repetitive

regions such as NLR gene clusters without compromising on read accuracy as it is the case

for continuous long-reads.
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Figure 5: Generating highly accurate long-reads using circular consensus sequencing (CCS).
Adaptors are ligated to both ends of the double stranded DNA molecule allowing for the ligation of
primers that in turn enable the DNA polymerase to bind. Multiple subreads of the same DNA molecule
are generated since the polymerase will pass through the circular structure multiple times. These
individual subreads are subsequently overlayed to correct potential sequencing errors before
generating a consensus read. Figure source: Wenger et al. 2019.

1.6 Genome assembly
The word genome refers to the combined DNA sequence of all chromosomes of a cell or an

individual. The term genome assembly describes both the process and result of

reconstructing a genome from DNA sequencing reads. Ideally, a sequencing read would be

as long as each chromosome that is the target of the sequencing project. However, as

described before, next-generation sequencing technologies are not capable of generating
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long-reads beyond a few hundred base pairs (Quail et al. 2012). Even more recent long-read

sequencing technologies are not yet capable of reading an entire chromosome in one go.

The fact that genomes of various species can encompass more than a hundred megabases

(e.g. A. thaliana) to multiple gigabases (e.g. human) points to a key challenge in genome

assembly when using current sequencing methods (Arabidopsis Genome Initiative 2000;

Lander et al. 2001): The chromosomes making up a genome cannot be read in one go.

Instead, one needs to reconstruct the genome from millions of fragmented DNA sequences

by finding overlaps between these reads. Solving this puzzle is the most challenging part of

performing a genome assembly (J. R. Miller, Koren, and Sutton 2010; Compeau, Pevzner,

and Tesler 2011; Nagarajan and Pop 2013).

The fundamental strategy of genome assemblies can be broken down into two major steps:

(1) contig assembly and (2) scaffolding (Paszkiewicz and Studholme 2010). This process is

independent of the sequencing strategy and the assembly algorithm that is applied. During

the first step, the assembly algorithm tries to find overlaps between the DNA fragments that

were sequenced. If reads overlap with each other, a consensus sequence is built and the

reads are connected to a contig (El-Metwally et al. 2013). In the second step, the scaffolding,

these unconnected contigs are further ordered by comparing them to a known reference and

thereby obtaining information on the sequence order. Contigs can also be scaffolded through

the use of additional sequencing data spanning the gaps (Sohn and Nam 2018; Simpson

and Pop 2015). There are two approaches for performing a whole genome assembly: (1) the

de novo approach and (2) the comparative approach (El-Metwally et al. 2013). The

comparative assembly strategy, also known as reference-based assembly, is relying on the

availability of a reference genome from the same species or a closely related one. The

reference genome is used as a map to guide the assembly process by aligning the

sequencing reads (Pop et al. 2004). In contrast to this, de novo genome assembly is

performed without the additional guidance of a reference (Martin and Wang 2011).

Different computational tools have been employed to perform genome assemblies. However,

most of these tools rely on one of the following algorithms: (a) the overlap-layout-consensus

and (b) the de Bruijn graphs dependent algorithms (Paszkiewicz and Studholme 2010).

Overlap-layout-consensus-based assemblers try to find overlaps between all possible pairs

of reads in a given sequencing dataset. This makes them computationally expensive, since

the number of possible combinations increases with the number of sequencing reads (Z. Li

et al. 2012). In contrast to this, de Bruijn graph based methods, named after the Dutch

mathematician Nicolaas de Bruijn, use a different strategy. First all reads are broken into

substrings of length k (kmers). The assembly tool then builds a de Bruijn graph by using

these kmers as nodes. An edge (k-1-mer) is assigned to two nodes if the sequence of the
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two kmers (nodes) overlaps. The algorithm can now reconstruct the initial sequence by

finding the way through the graph that traverses each edge once (Compeau, Pevzner, and

Tesler 2011).

1.7 Genome annotation
The DNA sequence of a genome alone is of limited use if the encoded information is not

deciphered (Mudge and Harrow 2016). The process of decoding the sequence patterns and

associating them with features such as transposable elements (TEs), repeat structures or

protein-coding genes is referred to as genome annotation (Ejigu and Jung 2020). Repeats

and TEs are usually annotated and masked prior to gene annotation (Yandell and Ence

2012). Many different annotation approaches have been developed. The applied methods for

both repeat and gene annotation rely on two different types of data: (i) intrinsic information

such as ab initio predictions from the sequence itself, and (ii) extrinsic information such as

transcript or protein alignments (Ejigu and Jung 2020).

1.7.1 Transposable element and repeat detection
The first step in genome annotation usually is the identification and the masking of repeat

sequences. In this case, the term repeat summarizes both transposable elements (TEs) and

low complexity sequences such as centromeres (Yandell and Ence 2012).

Transposable elements, also known as ‘jumping genes’ are sequences that move from one

position in the genome to another. These sequences were initially discovered in maize by

Barbara McClintock (McClintock 1950). TEs have the capacity to duplicate or delete genes,

to affect gene expression, to delete genes, or to combine genes from different locations into

new fusion genes. Thus, transposable elements play an important role in plant genome

evolution. TEs are found in almost all eukaryotic genomes that were analyzed so far with

prominent examples being maize, rize, Drosophila, human, and Arabidopsis thaliana

(McClintock 1950; International Rice Genome Sequencing Project 2005; Adams et al. 2000;

Lander et al. 2001; Arabidopsis Genome Initiative 2000). TEs can be further grouped into

two distinct classes based on their replication and insertion strategy (Finnegan 1989). The

retrotransposons (Class 1 elements), also known as ‘copy-and-paste’ TEs, are mobilized via

a RNA intermediate that is reverse-transcribed into cDNA before re-inserting at a different

genomic location (Boeke et al. 1985). Class 2 elements (DNA transposons) are mobilized via

a DNA intermediate using a ‘cut-and-paste’ mechanism (Greenblatt and Alexander Brink

1963). Within both classes of TEs there are autonomous and non-autonomous elements.

Autonomous elements have open reading frames encoding the proteins that are necessary

for transposition. In contrast to that, non-autonomous TEs do not encode transposition
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proteins. However, they are able to transpose since they carry the cis sequence necessary

for transposition. Almost all TEs cause the duplication of short genomic sequences, so called

target site duplication (TSD), when integrating into the genome (Feschotte, Jiang, and

Wessler 2002). Class 1 TEs can be further grouped into long terminal repeat (LTR) and

non-LTR retrotransposons based on their structure and transposition mechanism. As

indicated by their name, LTR retrotransposons have a long terminal repeat in direct

orientation. Autonomous LTR retrotransposons carry the gag gene that encodes a

capsid-like protein as well as the pol gene encoding a polyprotein that is responsible for

protease, reverse transcriptase, RNAse and integrase catalytic activity. In contrast to this, the

non-autonomous LTR retrotransposons lack most or all of the coding sequence (Jin and

Bennetzen 1989; N. Jiang et al. 2002; Feschotte, Jiang, and Wessler 2002). Non LTR

retrotransposons can be further grouped into short interspersed elements (SINEs), which are

non-autonomous, and long interspersed elements (LINEs) which are autonomous.

Integration of both, SINEs and LINEs, is reached via a process called target-primed reverse

transcription (Luan et al. 1993). LINEs and SINEs end with a simple repeat sequence. As

mentioned before, Class 2 DNA transposons mobilize via a DNA intermediate in a

‘cut-and-paste’ or in case of helitrons in a ‘peel-and-paste’ manner (Greenblatt and

Alexander Brink 1963; Grabundzija et al. 2016). DNA transposons have a terminal inverted

repeat in direct orientation. TE subclasses can be further divided into subgroups or

superfamilies. These superfamilies can be found across a wide range of different species

while having a monophyletic origin. Thus, the two major LTR retrotransposon superfamilies,

Ty1/copia and Ty3/gypsy, are found in a wide range of eukaryotic genomes (Malik and

Eickbush 2001).

Another fraction of repetitive sequences in plants are centromeric repeats. Centromeres play

an important role since they are necessary for cohesion of sister chromatids and for binding

of spindle fibers during cell division. Centromeres are organized in large scale tandem repeat

arrays (J. Jiang et al. 2003). These repeats have been described to vary in length between

150 bp and 180 bp in most plant species that were studied so far (Oliveira and Torres 2018).

However, there are exceptions such as potatoes where repeat monomer length can range

from 979 bp to 5.4 kb (Gong et al. 2012). The most abundant satellite repeat in A. thaliana is

the 178 bp long CEN180 repeat (Martínez-Zapater, Estelle, and Somerville 1986). More

recently it was reported that CEN180 can be present with 11,800 to 15,600 copies per

chromosome. Thus, these satellite repeats form large tandem arrays (Naish et al. 2021).

Such long and repetitive genomic regions often remain unassembled when using

short-reads. In A. thaliana the estimated genome size is about 135 Mb while the total length

of the reference genome TAIR10 is only about 119 Mb (Garcia-Hernandez et al. 2002). This
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difference between both size estimates is attributable to centromeric regions that remained

unassembled in TAIR10 (Arabidopsis Genome Initiative 2000).

Large fractions of eukaryotic genomes can consist of repeat sequences, with transposable

elements and other repeats constituting, for example, 80% of the genome of elite maize

breeding lines (Springer et al. 2018; S. Sun et al. 2018; Hufford et al. 2021). Similarly,

approximately 50% of the human genome consists of repetitive sequences (de Koning et al.

2011; 1000 Genomes Project Consortium et al. 2015). In A. thaliana it has been reported that

the genome can contain between 10 % (Leutwiler et al. 1984) and 19% repeat sequences

(Jiao and Schneeberger 2020). Although many repeats were thought to be non-functional,

others have played important roles in generating genetic and phenotypic diversity during

evolution (Feschotte and Pritham 2007; Stitzer et al. 2021). Besides studying transposable

elements or other repetitive sequences, there is a need to identify such elements since they

bias downstream gene annotation (Yandell and Ence 2012). However, the identification and

especially correct classification of repetitive elements remains a challenging task (Ou et al.

2019; Flynn et al. 2020). Most tools developed for this task are either de novo, homology, or

structure-based, although some pipelines also combine different approaches (Han and

Wessler 2010; Price, Jones, and Pevzner 2005; Flynn et al. 2020; Ou et al. 2019).

De novo annotation tools aim to identify transposable elements and repeats without prior

knowledge about their structure. Many of these tools identify such elements by detecting

pairs of similar sequences that are located at different positions in the genome, or by

identifying overrepresented sequences. After identification, the overrepresented sequences

are clustered into repeat families. However, most of these methods are limited in

distinguishing between low complexity repeats and transposable elements. Moreover,

low-copy number TEs are often missed (Bergman and Quesneville 2007).

In contrast to de novo methods, homology-based approaches rely on extrinsic information

about TE protein coding sequences. Thus, these methods are quick and precise in

identifying sequences that are similar to already known TEs. In addition, they can be used to

accurately identify known repeat motifs such as centromeres (Naish et al. 2021; Rabanal et

al. 2022). Moreover, they have better performance in clustering the TEs into families (Ou et

al. 2019). However, homology based TE detection can be biased towards identifying known

repeats while missing previously unknown or genotype specific ones (Bell et al. 2022).

Structure-based methods (also known as motif based approaches) are relying on prior

knowledge about the structure of transposons. Thus, they annotate TEs by identifying

combinations of typical TE patterns (Rho and Tang 2009). However, structure-based
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methods often have a high false discovery rate. Moreover they may fail in identifying TEs

with a weak signature (Flutre, Permal, and Quesneville 2012).

All three, de novo, structure, and homology-based TE and repeat annotation approaches

have specific strengths and weaknesses. Therefore, computational pipelines that combine

these methods have been developed (Ou et al. 2019). All annotated transposable elements

and repeats are masked prior to gene annotation. Masking converts nucleotides into either

lower case letters or into ‘N’. This allows downstream gene annotation tools to recognize and

ignore these sequences. Repeat masking is a crucial step, since transposon open reading

frames could erroneously be annotated as protein coding genes (Yandell and Ence 2012).

1.7.2 Gene annotation
One can distinguish between de novo gene annotation approaches and those methods that

use extrinsic data such as transcript or protein alignments. In addition, many de novo gene

prediction tools such as Augustus or SNAP can additionally utilize extrinsic evidence (Stanke

and Waack 2003; Johnson et al. 2008).

De novo gene annotation is also referred to as ab initio gene prediction since these tools rely

on mathematical models of genic features rather than on extrinsic evidence. Such features

can be intron and exon length, promoter sequences, terminator sequences or nucleotide

composition (Salzberg et al. 1999; Huang, Chen, and Deng 2016). Different widely used

tools predict genes by employing a hidden Markov model (Mahood, Kruse, and Moghe

2020). On one hand, this is an advantage since these approaches can also be used in

non-model species with a lack of external information. On the other hand, stand-alone ab

initio gene prediction has inherent weaknesses. Gene prediction tools are generally not able

to annotate alternatively spliced transcripts and untranslated regions. Moreover, these tools

still rely on extrinsic data, since the underlying model has assumptions about parameters

such as codon frequency or intron and exon length (Yandell and Ence 2012). However,

parameters for training a species-specific prediction model in order to annotate a de novo

genome assembly can be obtained computationally (Simão et al. 2015).

Evidence-based methods can use extrinsic information such as expressed sequence tags

(ESTs). ESTs are unedited, short, and randomly selected single pass sequence reads from

such a cDNA library. These ESTs give information about transcribed genes in the target

tissue or organism (Putney, Herlihy, and Schimmel 1983). Computational tools such as

BLAST (Altschul et al. 1990) can be used to identify regions of similarity between features of

the query genome and proteins or ESTs (Camacho et al. 2009). Messenger RNA (mRNA)

sequences represent the entirety of all expressed genes in a cell. Since RNA cannot be
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sequenced directly, it first needs to be reversely transcribed into double stranded cDNA.

More recent approaches can utilize protein sequences and RNA-seq reads instead of ESTs

in order to guide gene annotation. RNA-seq data can be used in two different ways. The

reads can either be directly aligned to the query genome or they can be used to first

assemble transcripts de novo. These are then processed similarly to ESTs. Generally, the

use of RNA-seq data improves the annotation of alternatively spliced exons, splice sites and

intron-exon boundaries (Yandell and Ence 2012). However, RNA-seq data have the limitation

that they rely on the gene to be expressed in the sequenced sample in order to be

annotated.

Other evidence-based annotation approaches such as Liftoff (Shumate and Salzberg 2020b)

can utilize pre-existing gene annotations from closely related species. In this case, known

gene sequences are aligned to the query genome. Exons are then annotated using

sequence identity while preserving the transcript and gene structure (Shumate and Salzberg

2020a).

There are tools such as EvidenceModeler that can combine the gene models obtained by

the different annotation approaches (Haas et al. 2008). However, even annotations derived

from a combination of different sources may still require manual curation (Lewis et al. 2002;

Rutherford et al. 2000). Albeit a laborious approach, manual curation is especially useful

when annotating complex gene families such as NLRs (Van de Weyer et al. 2019). More

recently, deep learning algorithms such as DeepAnnotator have been introduced to the field

(Amin et al. 2018). These algorithms can be classified into supervised and unsupervised

approaches. Such deep learning algorithms benefit from the increasing amount of sequence

data that is generated for all kinds of organisms. Different machine learning methods have

been proposed in order to predict sequence features (Yang et al. 2020). There are reports

suggesting that supervised machine learning algorithms can outperform traditional HMM

based methods when it comes to the prediction of splice or transcript start and stop sites

(Sonnenburg et al. 2007; Ben-Hur et al. 2008). However, the availability of high quality

training datasets is still a limiting factor when it comes to the application of machine learning

algorithms in genome annotation (Mahood, Kruse, and Moghe 2020).

1.8 Limitations in assessing structural and NLR gene diversity
As pointed out in the sections before, there are two major limitations that have so far been

hindering the analyses of large-scale structural variants and of NLR gene diversity. I want to

give some examples of these limitations before proposing how to use the latest sequencing

technology in order to tackle these challenges.
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1.8.1 Limitations of evidence from short-read DNA sequencing
Ideally, a sequencing read would be as long as the chromosome that one wants to

assemble. However, as mentioned before, the read lengths of next-generation sequencing

platforms are limited to about 300 bases (Quail et al. 2012). Therefore, short-reads today are

mostly used for the detection of single-nucleotide variants as well as small insertions or

deletions by mapping them to known genomes. Even the Sanger sequencing based A.

thaliana reference genome released in 2000, which is still considered the ‘gold standard’

today, contains 117 gaps, 29 large mis-assemblies, and misses approximately 25 Mb of

repeat sequence (Kawakatsu et al. 2016; Q. Long et al. 2013). The advent of

high-throughput next-generation sequencing technologies has led to numerous

resequencing efforts trying to assess the genomic diversity of different A. thaliana

accessions using short-reads (Q. Long et al. 2013; 1001 Genomes Consortium 2016; Clark

et al. 2007; Cao et al. 2011; Ossowski et al. 2008). Most of these studies were based on the

original A. thaliana reference genome and were limited in terms of the detection of

large-scale structural variation (Michael et al. 2018). Moreover, multiple studies either

performed a reference-guided or a de novo genome assembly of A. thaliana using

short-reads (Schneeberger et al. 2011; Gan et al. 2011). While short-read assemblies are

capable of reconstructing genes reasonably well, most of these studies were unable to

accurately resolve large-scale structural variations and highly repetitive regions (Michael et

al. 2018; B. Wang et al. 2021; Naish et al. 2021; Jiao and Schneeberger 2020; Alkan,

Sajjadian, and Eichler 2011). Similar problems were encountered when attempting to de

novo assemble other species’ genomes (such as human or maize ) from short-reads (Alkan,

Sajjadian, and Eichler 2011; Chaisson et al. 2019; Schnable et al. 2009). Most of these

limitations are attributable to the limited read length of short-reads, which is approximately

300 bp (Quail et al. 2012). These reads are too short to span relevant repeat regions and are

therefore not suited for assembling centromeres, telomeres, highly repetitive immunity gene

clusters, and large structural variants (Rhoads and Au 2015; Hon et al. 2020; Naish et al.

2021). As a consequence, such genomic regions have remained mostly unassembled and

therefore understudied (Michael et al. 2018).

1.8.2 Usage of a single reference genome
An increasing number of publications indicates that the full spectrum of genetic diversity

within a species cannot be grasped by a single reference genome, also not when

re-sequencing hundreds of accessions. For instance, the use of only a single reference

genome for an entire species limits the possibility of identifying genetic variants, especially

presence-absence variation (PAV), large-scale structural variation (SV), and copy number
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variation (CNV), simply because one can only detect or miss what is already described in the

reference (Scherer et al. 2007; R. Li et al. 2010; Hirsch et al. 2014; Lin et al. 2014; Saxena,

Edwards, and Varshney 2014; Yao et al. 2015; Golicz, Batley, and Edwards 2016; Zhou et al.

2017; Wensheng Wang et al. 2018). As a result, it has remained very difficult to describe

CNVs in spite of their great importance for the adaptation of wild species as well as

agronomically favorable traits (Liu et al. 2020). The diversity of NLR genes makes it unlikely

that this gene family can be assessed using a single reference genome (Van de Weyer et al.

2019). Moreover, as mentioned in section 1.4, it is challenging to analyze F1 hybrid

transcriptomes while only having genome information of one parent available.
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2. Aims of the dissertation
In my PhD project I aimed to generate multiple reference genomes from different A. thaliana

accessions. In order to do so, I applied PacBio HiFi sequencing. This highly accurate

long-read sequencing technology solves many of the problems in de novo genome assembly

that are associated with either short-reads or with error-prone continuous long-reads. By

doing so, I wanted to overcome (a) the former problems of only a single reference genome

being available and of (b) the reference genome being fragmented into highly repetitive

regions.

During my doctoral research I strived to characterize differences in genomic architecture of

eighteen natural A. thaliana accessions from genomes assembled following long-read

sequencing. I investigated gene content, transposable element density, large scale structural

variation, and NLR genes to describe variation not previously visible from short-read

sequencing data. Moreover, I used the power of full genome information to examine

non-additive gene expression in F1 hybrids.

2.1 Eighteen differential Arabidopsis thaliana lines
For my main project, the characterization of differences in genomic architecture of eighteen

different accessions, I used a set of A. thaliana accessions that were previously compiled

from different locations within Europe by Dr. Gautam Shirsekar, a postdoc in the lab. He

chose those 18 accessions in order to investigate the different responses of the lines when

being inoculated with the obligate biotroph oomycete Hyaloperonospora arabidopsidis. Thus,

one of my key motivations in using exactly these 18 accessions was to provide Dr.

Shiresekar’s project with a broader data foundation about the genomic architecture as well

as the NLR gene diversity within this set. In order to do so, I set out to address the following

objectives:

a) Assemble and annotate eighteen diverse accessions from PacBio HiFi long-read

sequencing data.

b) Determine the number of genes found in (almost) all accessions.

c) Identify number and prevalence of NLR genes among accessions.
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2.2 Differential gene expression in A. thaliana F1 hybrids
In the course of the second project I aimed to answer the following questions by making use

of the availability of two full-length genome assemblies:

a) Can parental gene expression predict the magnitude of non-additive gene expression

in F1 hybrids?

b) Does the number of non-additively expressed genes change during plant

development?
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3. Material & Methods

3.1 Eighteen differential Arabidopsis thaliana lines

3.1.1 Accession selection and plant growth
The A. thaliana accessions used in the presented work were obtained from the Weigel

laboratory at the Max Planck Institute for Biology, Tübingen. Accessions were chosen by Dr.

Gautam Shirsekar based on the premise of covering a wide range of genetic diversity. All

seeds were surface-sterilized by soaking them in 70% EtOH for 5-10 minutes followed by a

wash with 90% EtOH for one minute. Stratification was done by keeping the surface

sterilized seeds in 0.1% (w/v) agarose (Sigma Aldrich) at 4 °C for 7 days in darkness. About

5-10 seeds were sown per pot. Plants were kept in a growth chamber in short day conditions

(8 h light) under 110-140 µmol m-2 s-1 light using Philips GreenPower TLED modules (Philips

Lighting GmbH, Hamburg, Germany). Ambient temperature was set to 23 °C with a

maximum humidity of 65%. Plants were grown under the above described conditions for

approximately 30 days. Plant trays were covered in order to keep the plants in darkness for

32 h prior to harvesting the samples. This was done in order to reduce starch content. Plant

tissue was harvested and immediately frozen in liquid nitrogen. All samples were stored at

-80 °C in order to prevent degradation of the DNA.

3.1.2 High-molecular weight DNA extraction
The high-molecular weight (HMW) DNA extraction approach performed for this study

included two steps. First, the plant tissue was lysed in order to extract nuclei while removing

organellar DNA. High-molecular-weight DNA was extracted from these nuclei in the second

part of the procedure.

Frozen plant material was ground in liquid nitrogen using a pre-cooled mortar and pestle.

Finely-ground powder was immediately transferred back into centrifugation tubes and kept

on liquid nitrogen until further use. 20 g of frozen plant tissue powder were used per

extraction reaction. The powder was transferred into freshly prepared ice-cold Nuclei

Isolation Buffer (NIB) and kept on a magnetic stirrer set to low speed for 15 min in a 4°C cold

room. The nuclei isolation buffer contains 1 mM Tris (pH 8) (Carl Roth GmbH, Karlsruhe,

Germany), 0.1 M KCl (Carl Roth GmbH, Karlsruhe, Germany), 10 mM EDTA (pH 8) (Carl

Roth GmbH, Karlsruhe, Germany), 0.5 M sucrose (Carl Roth GmbH, Karlsruhe, Germany), 4

mM spermidine (Sigma-Aldrich, St. Louis, USA), and 1 mM Spermine-4HCl (Sigma-Aldrich,

St. Louis, USA). After incubation the nuclei containing solution was filtered through four

layers of Miracloth (Merck). Pellets were squeezed in order to allow for maximum recovery of
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nuclei-containing solution. Subsequently, another 10 mL of NIB containing 20% (v/v)

Triton-X-100 (Sigma-Aldrich, St. Louis, USA) were added to the nuclei solution prior to

another 15 min of incubation at 4°C on a magnetic stirrer set to low speed. Nuclei solution

was distributed into multiple 50 mL centrifuge tubes. Samples were centrifuged at 3250 rpm

for 15 min in a tabletop centrifuge set to 4°C. Supernatant was carefully discarded while the

nuclei pellets of multiple tubes were combined into a single 50 mL centrifuge tube. Empty

tubes were subjected to two serial washes using 17 mL of NIB additionally containing 1% of

Triton-X-100. The washing solution was added to the previously collected nuclei.

Subsequently, nuclei were again collected by centrifugation with the same conditions as

before.

Having isolated intact nuclei, the HMW DNA needed to be released. Therefore, the

previously isolated nuclei were lysed in 20 mL of pre-warmed (37°C) G2 lysis buffer (Qiagen,

Hilden, Germany). Potential RNA contamination was removed by adding 100 µL (20mg/mL)

of RNase A and subsequent incubation for 30 min at 37 °C. Afterwards, 500 µL of proteinase

K (20 mg/mL) (AppliChem, Darmstadt, Germany) were added in order to inactivate RNase A

(Qiagen, Hilden, Germany) and to degrade proteins. Proteinase K treatment was performed

for 3 h at 5 °C while gently inverting the reaction tubes every 30 min. Subsequently, the

samples were centrifuged at 8000 rpm for 15 min at 4°C. The DNA-containing supernatant

was kept and carefully poured onto a QIAGEN genomic tip100 in order to perform further

washing steps. Genomic tip was equilibrated with4 mL QBT buffer (Qiagen, Hilden,

Germany) before use. After the DNA containing solution passed through the tip, a total of

two washing steps was performed, each using 7.5 mL of QC buffer (Qiagen, Hilden,

Germany). High-molecular-weight DNA was eluted using a 5 mL QF buffer (Qiagen, Hilden,

Germany) pre-warmed to 50°C. Subsequent DNA precipitation was performed by adding 3.5

mL isopropanol (Carl Roth GmbH, Karlsruhe, Germany). The tube was gently inverted until

visible strings of DNA formed that were subsequently transferred to a 1.5 mL DNA low-bind

reaction tube containing 300 uL of EB (Qiagen, Hilden, Germany). In order to allow the DNA

to fully dissolve, the tubes were incubated without shaking at 4°C for 3-7 days. DNA

concentration was measured using the Qubit Fluorometer dsDNA-High-Sensitivity Kit while

following the manufacturer's instruction manual.

3.1.3 Library preparation and sequencing
Library preparation and sequencing were done by Dr. Christa Lanz and Theresa Schlegel.

Therefore, I will just give an overview about the key steps in this process that differed from

the PacBio protocol. Megaruptor 2 (Diagenode s.a., Liege, Belgium) was used with long

hydropores in order to shear the HMW DNA to an average size of 15-20 kb. Subsequently,
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the sheared DNA was concentrated and further purified using AMPure PB beads (Pacific

Biosciences, California, USA). Fragment size was checked using the Femto Pulse System

(Agilent, Santa Barbara, USA). DNA concentration was measured using Qubit fluorometer

(Thermo Fisher Scientific, Waltham, USA). At least 10 µg of the sheared and quality checked

DNA was further processed following the PacBioⓇ Procedure & Checklist - Preparing HiFi

SMRTbellⓇ Libraries using SMRTbellⓇ Express Template Prep Kit 2.0 (PN101-853-100

Version 01 (September 2019)). Another bead clean up was performed after finishing the

library preparation protocol. Subsequently, a size selection for fragments >15 kb was carried

out using the BluePippin System (Sage Science, Beverly, USA). The SMRT Link Sample

Setup (Pacific Biosciences, California, USA) was used in order to determine exact

concentrations of all reagents for each sample individually, based on its size and library

concentration. Libraries were loaded onto the instrument via diffusion loading following the

manufacturers recommendations and using concentrations ranging from 40 pmol to 55 pmol.

A movie time of 30 h with a two hour pre-extension period was used. All sequencing runs

were carried out using v2 of the PacBio chemistry bundle.

3.1.4 CCS calling
PacBio fastq read files were filtered for CCS reads with an average of >Q20 read quality,

similarly to (Wenger et al. 2019) by using PacBio Circular Consensus Sequencing tool

(v6.0.0) with --minrq 0.99 and --chunk 10. Fastq files were split into ten files

(chunks) during CCS calling in order to increase speed. The resulting chunked BAM files

were merged using pbmerge (v0.23.0) prior to demultiplexing and/ or conversion to FASTA

format using bam2fasta (v1.3.0). Both, pbmerge and bam2fasta are supplied with the PacBio

SMRTtools.

3.1.5 Evaluation of assembly strategies
Although the results of the assembly tool evaluation led to my decision to use hifiasm (H.

Cheng et al. 2021) for the final assemblies in this thesis, I used the Falcon-unzip2 (Chin et

al. 2016) assemblies to test the impact of sequencing coverage or contig correction on the

de novo assembly. This is due to the fact that Falcon-unzip2 was the first tool enabling the

assembly of PacBio HiFi read data while hifiasm was released later during the course of the

experiments presented in this thesis. Thus, certain tests were only performed using

Falcon-unzip2. The manual correction of chimeric contigs was only performed for

Falcon-Unzip2 assemblies, since no such errors were observed in the hifiasm contigs.

Parameters used to obtain either Falcon-Unzip2 or hifiasm assemblies are listed in the

following section.
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Assembly tools

I assessed the performance of two different de novo genome assembly tools. I assembled all

genomes using Falcon-Unzip2 (Chin et al. 2016) and hifiasm (H. Cheng et al. 2021). All tools

were used applying the default parameters unless mentioned otherwise. Genomes

assemblies with Falcon-Unzip2 (v1.8.1) were performed while applying

genome_size=140000000, input_type=preads, and

overlap_filtering_setting=--min-idt 99.9. De novo assembly of each genome

was also performed using hifiasm (v0.15.4-r343) (H. Cheng et al. 2021) with -l0 (purge

level = 0) and -f0 (number of bits for bloom filter). Contiguity, largest

contig, and total assembly length of the primary genome assemblies were compared among

the two assembly tools using quast.

Assessing minimum genome coverage

In order to assess the minimum sequencing coverage that allows for de novo assembly

using Falcon-Unzip2 without compromising on assembly quality, I subsampled the Q20 read

files of AT9900, AT9847, AT9830, AT9104 and AT9503 to 150x, 125x, 75x, 50x, and 25x

using seqtk sample. Genome assembly was performed with Falcon-Unzip2 using the

parameters described in the assembly section of this thesis.

Manual correction of chimeric contigs

Primary contigs were aligned to the A. thaliana reference genome TAIR10 (Arabidopsis

Genome Initiative 2000) using minimap2 (v2.11-r797) (H. Li 2018). Contig alignments were

visualized using minidot from the miniasm pipeline (v0.2-r168-dirty) (H. Li 2016) and

inspected manually. Contigs that mapped to more than one target chromosome were further

inspected by mapping Q20 CCS reads to the respective assembly. Contigs were then

checked for regions with low coverage using Integrated Genome Browser (IGV) software

(v2.9.4) (Robinson et al. 2011). Contigs were manually broken if only a single read supported

a suspicious junction.

The final assembly strategy

The final genome assemblies that were used for this thesis were generated after the above

described method evaluation. Hifiasm was used while applying the previously mentioned

parameters. Query genome coverage was calculated based on the accumulated length of

Q20 filtered subreads. Primary contigs below 100 kb length were removed from the

assembly prior to genome scaffolding. Scaffolding was performed by aligning the size-filtered

primary contigs of each de novo assembly to the Bionano map of AT9852 using ragtag
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scaffold (v2.0.1) (Alonge et al. 2022) with -q 60 (mapping quality), -f 30,000

(minimum unique alignment length, --remove-small (remove unique

alignments shorter than -f 30,000 bp), and -i 0.5 (minimum grouping

confidence score). Gaps in the resulting scaffolds were filled by adding stretches of

100 Ns in order to connect contigs.

3.1.6 Completeness assessment
The completeness of each de novo assembly was assessed with BUSCO (v4.0.6) (Simão et

al. 2015) using -m genome and the odb10_embryophyta database (Zdobnov et al. 2021).

Continuity, GC content, overall assembly length and reference coverage of assembled

contigs was checked using Quast (v5.0.2) (Gurevich et al. 2013). Structural variation calling

among the scaffolded genome assemblies and the A. thaliana reference genome TAIR10

was performed using the Synteni and Rearrangement Identifier (SyRi v1.3) (Goel et al.

2019).

3.1.7 Analysis of an outlier sample
During quality assessment I noticed that one assembly differed substantially in almost all

quality metrics. Thus, I suspected that the assembly contains genomic reads from more than

a single genotype. Thus, kmer counting was performed using jellyfish (v.2.2.8) with count

-C, -m 21, and -s 1000000000. The resulting jellyfish output file was converted using

jellyfish histo prior to visualization with genomeScope (Ranallo-Benavidez, Jaron,

and Schatz 2020).

3.1.8 Contamination removal
Primary contigs of all assemblies were screened for potential contamination with viral or

bacterial DNA sequences. Firstly, Q20 CCS reads were mapped against their corresponding

de novo assembly using minimap2 (v2.17-r941) (H. Li 2018). Resulting SAM files were

converted to BAM format and sorted using samtools (v1.9) (H. Li et al. 2009). Secondly, all

primary contigs were mapped against a metagenomics database using diamond blastx

(v2.0.7) (Buchfink, Xie, and Huson 2014) with --top 10, -b 10, -c 1,

--sensitive, and -f 102. Read mappings and diamond results were afterwards

combined and visualized using Blobtools (v1.1.1) (Laetsch and Blaxter 2017). Primary

contigs that were flagged as ‘Viruses’ or ‘Bacteria’ were removed from any downstream

analyses using seqtk (v1.0).
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3.1.9 TE and repeat annotation
TEs were identified and annotated using EDTA (v1.9.1) with --anno 1 (Ou et al.

2019). Moreover, the --sensitive 1 setting allowed for the identification of remaining

TEs. Additionally, the coding sequences of the A. thaliana reference Araport11 (C.-Y. Cheng

et al. 2017) were used via the --cds option in order to prevent the false annotation and

masking of known protein coding genes.

Repetitive elements such as centromeres, telomeres, 5s rDNA, and 45s rDNA were

annotated with RepeatMasker (v4.1.0) (Smit, Hubley, and Green 2015) with -nolow and

-gff. A custom repeat library containing centromere and rDNA sequences was specified

with -lib. Centromeric 178 bp sequence motif as well as telomere and rDNA sequences

were obtained from publicly available resources (Maheshwari et al. 2017; Rabanal et al.

2017).

Redundant repeat annotations were removed by cross-referencing the TE annotation

obtained from EDTA with the centromere, telomere, and rDNA annotation from

RepeatMasker. Transposable element entries from EDTA were removed from the annotation

if they exhibited a positional intersection with centromere, rDNA or telomere sequences.

3.1.10 Annotation of protein coding genes
Previously annotated TEs were softmasked using bedtools (v2.26.0) (Quinlan and Hall 2010)

maskfasta -soft prior to the annotation of protein coding genes. Gene annotation was

performed using Augustus (v3.3.3) (Stanke and Waack 2003). Specific retraining parameters

for the internal Augustus gene prediction model were obtained by using BUSCO (v4.0.1)

(Simão et al. 2015) with the -m genome setting. Moreover, Liftoff (v1.5.1) (Shumate and

Salzberg 2020b) was used to project the A. thaliana TAIR10 reference genome annotation

onto each of the here presented de novo assemblies with the settings -exclude partial

and -copies in order to generate transmap hints for the subsequent Augustus-based gene

annotation. Augustus was used with the following parameters deviating from the default

settings: --softmasking 1, --species=BUSCO_retraining, --gff3=on,

--extrinsicCfgFile=Custom_Config, and --hintsfile=Liftoff_hints.

Subsequently, sequences in the resulting GFF3 files were translated into amino acid

sequences using the Augustus provided script getAnno.pl. Amino acid fasta files were

subsetted to only represent the primary isoform of each locus using

agat_sp_keep_longest_isoform.pl from the AGAT toolkit (v0.2.3) (Dainat 2020) in order to

enable subsequent analysis of homologous genes. Subseqently, homologs of the
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newly-annotated A. thaliana genomes and the publicly available reference annotation

TAIR10 were assigned using Orthofinder (v2.2.6) (Emms and Kelly 2019) with -S diamond.

3.1.11 Figure generation
All figure panels were generated using R studio (v4.1.0) (RStudio Team 2015), unless stated

otherwise. Applied packages included but were not limited to ggplot2 (v3.3.5) (Hadley

Wickham 2009), reshape (v4.1.0) (H. Wickham 2007), UpSetR (v1.4.0) (Conway, Lex, and

Gehlenborg 2017), and pheatmap (v1.0.12) (Kolde and Others 2012).

3.2 Differential gene expression in F1hybrids

3.2.1 Plant material and growth conditions
Arabidopsis thaliana accessions Columbia-0 (Col-0) (CS76778; Ecotype ID 6909) and

Landsberg erecta (Ler-0) (CS77020; Ecotype ID 7213) were used as parental lines. F1 hybrid

seeds were obtained by hand pollination. Ler-0 served as the maternal line while Col-0 was

used as the paternal line. All seeds were surface sterilized using EtOH and frozen at -80°C

overnight in order to kill any insect eggs. Seeds were stratified in darkness at 4°C for five

days before sowing. All plants were grown in a randomized incomplete block design with an

ambient temperature of 23°C and a 16/8 hour light/dark cycle. Calcined clay was used as a

substrate. Nutrients were supplied once a week by watering with nutrient solution as

described in Conn et al. 2013. Samples from parents and F1 hybrids were taken at three

different timepoints after germination. Whole seedlings were harvested 3 DAG (days after

germination), while roots and shoots were sampled separately at 10 DAG. Finally, at 21

DAG, root, shoot, and flower samples were obtained. All samples were immediately snap

frozen in liquid nitrogen and stored at -80°C until further usage.

3.2.2 RNA preparation and sequencing
Total RNA was extracted following the procedure described in Yaffe et al. 2012. RNA

integrity was checked using gel electrophoresis. The NEB Next magnetic isolation module

(New England Biolabs, Ipswich, USA) was used to enrich for polyA+ mRNA. Sequencing

libraries were prepared using NEB Next Ultra II RNA library kit following the manufacturer's

protocol. A total of three Illumina HiSeq3000 (Illumina Inc., San Diego, USA) lanes with 18

samples each were sequenced in 150 bp paired-end mode. For each sample I sequenced

three biological replicates.

3.2.3 Custom hybrid reference and RNA-seq read mapping
A Ler-0 x Col-0 F1 hybrid reference was generated by combining full length genome
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information of TAIR10 (Arabidopsis Genome Initiative 2000) with an inhouse generated

reference for Ler-0. Existing TAIR10 annotation was lifted over onto the newly generated

Ler-0 genome. RNA sequencing data were used to provide additional evidence for Augustus

de novo gene prediction (Stanke et al. 2004). Orthologs were assigned in both references

using the Comparative Annotation Toolkit software (Fiddes et al. 2017). A combination of

Bowtie2 (Langmead and Salzberg 2012) and RSEM (B. Li and Dewey 2011) was applied for

read mapping and transcript abundance estimation. Bowtie2 indices for the custom hybrid

reference were generated using rsem-prepare-reference with default settings while

additionally setting --gff3 parameters and --allele-to-gene-map.

3.2.4 In silico hybrids
Mid-parent gene expression levels were obtained by generating in silico hybrids. All parental

read files were first normalized according to sequencing depth and were subsequently

subsampled by randomly drawing 50% of the reads from each file using Seqtk toolkit

(https://github.com/lh3/seqtk). Subsampled read files of both parents were combined

afterwards in order to obtain in silico hybrid read files containing equal numbers of total

reads from both of the inbreds. All possible in silico hybrid combinations from the three

parental replicates have been generated. This process was done iteratively 5 times by using

5 randomly generated seeds when subsetting the read files. A set of three files per tissue

and time point has been randomly selected for further mid-parent value analyses. Principal

component analysis of parental samples and in silico hybrids were performed to check for

intermediate transcriptome composition.

3.2.5 Bioinformatic analyses
All statistical analyses for this chapter were done in Rstudio (version 3.4) (RStudio Team

2015). Expected counts obtained from RSEM were imported into R using the tximport

package (Soneson, Love, and Robinson 2015). Significantly differentially expressed genes

were identified using the R package DESeq2 (Love, Huber, and Anders 2014) while applying

the filtering parameters described in (M. Miller et al. 2015) (padj < 0.05; log2 fold change >

|0.5|). Gene ontology analyses were performed using the agriGO online tool (Z. Du et al.

2010). Hypergeometric tests, relative to the genome background of A. thaliana, were applied

to identify significantly (FDR adjusted P value <0.05) enriched GO terms. All plots were

generated using the R package ggplot2 (Hadley Wickham 2009).
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4. Results
The results obtained from the two proposed projects will be presented separately during the

course of this section.

4.1 Eighteen differential A. thaliana lines
As described in the above method section, Dr. Gautam Shirsekar chose these 18 A. thaliana

lines in order to investigate their differential response when being inoculated with the obligate

biotroph oomycete Hyaloperonospora arabidopsidis (Hpa). My motivation in using exactly

this set of accessions for my doctoral research is to provide Dr. Shirsekar’s project with a

broad data foundation that enables the analysis of NLR gene diversity in the context of Hpa

infection and that provides insights into the A. thaliana pan-NLRome. Thus, it is crucial to

generate high quality genome assemblies and sophisticated genome annotations. In this

chapter I will present the results that were obtained from long-read sequencing of different A.

thaliana accessions. I will start with the origin of the sequenced accessions and with

describing the raw sequencing data. Moreover I will show how the assembly method was

optimized using only a subset of five out of the eighteen accessions. Afterwards I will present

the final results from applying my assembly approach beginning with basic quality control

followed by genome assembly, annotation, and the analyses of NLR genes as well as

structural variants. Moreover, I will show why two out of the initially chosen A. thaliana

accessions were not further pursued during the course of this work.

4.1.1 Accession selection
The A. thaliana accessions used in the presented study cover a broad geographical range

(Figure 6) and were selected by Dr. Gautam Shirsekar from the 1001 genomes resource

(1001 Genomes Consortium 2016) to best represent the genetic diversity of the species as

known at the time. Most accessions (eight out of twenty) were originally collected in Spain.

AT9336, an accession from Sweden, is the most northern accession while AT9830

represents the most southern accession. Accessions from Tajikistan (AT6929), Georgia

(AT9104), and Romania (AT9744) were analyzed in addition to the ones from central Europe

(Appendix: Table S1).
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Figure 6: Origins of the 20 differential A. thaliana lines. Genotypes (black dots) used for this work
cover a broad geographical range within Europe. Most A. thaliana lines originated from Spain. The
most northern accession was collected in Sweden while the most eastern accession originated from
Tajikistan.

4.1.2 Sequencing and CCS calling
Theresa Schlegel performed most of the DNA extractions, and prepared the PacBio

sequencing libraries together with Dr. Christa Lanz. Each accession, except for two

multiplexed samples, was analyzed on individual SMRT cells, with output of 155 to 555 Gb of

raw sequencing data per SMRT cell (Figure 7). The average yield per run was 385 Gb. A

subread is defined as a single pass of a polymerase on a single strand of an insert with no

adaptor sequence within a SMRTbell template (PacBio Glossary of Terms; PN000-710;

version 10; April 2019). The subread N50, describing the minimum length of at least half of

all subreads, ranged from 15.3 to 21.3 kb, with an average of 17.5 kb. The mean polymerase

read length, defined as the mean number of bases produced from a single ZMW, varied from

59.9 to 99.9 kb. On average, mean polymerase read length was 83.1 kb (Figure 7). After
sequencing it was necessary to perform CCS calling, to generate high quality reads, defined

as those that exceed 99% (Q20) accuracy. During CCS calling, circular reads are linearized

and the number of adapter occurrences in the linearized molecule are counted, since this

number corresponds to the number of full polymerase passes. Reads with ≥5 full polymerase

passes meet the quality threshold of Q20 (Wenger et al. 2019). The observation that only a

fraction of the initially obtained total sequencing yield is kept for downstream analysis is

attributable to the fact that not all CCS reads meet the filtering criteria of Q20 base quality.

Moreover, the bases in a read are sequenced several times. Therefore, the total yield is

reduced during CCS calling when multiple full passes are combined into a single subread.
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Downstream of the CCS calling and filtering for >Q20, I retained between 26.8% (AT9897) and

46.2% (AT9338) of the initial read data (Figure 7).

Figure 7: Raw sequencing output statistics of the 20 genomes. Dashed red lines indicate average
values. (A) Yield of raw bases in gigabases (Gb). (B) Mean polymerase read length in kilobases (kb).
(C) Subread N50 shows that on average 50 % of all bases in the assemblies come from subreads
longer than 17.5 kb (dashed red line). (D) Percent of CCS reads with Q >= 20.
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Sequencing coverage of the A. thaliana genome was calculated based on the reads kept

after >Q20 filtering while ignoring the presence of organellar reads that may have a higher

coverage and by using the estimated genome size of 135 Mb. The achieved sequencing

coverage ranged from 24x (AT6137) to up to 252x (AT9104) (Figure 8). Accessions AT6137
and AT6923 were multiplexed on a single SMRT cell, resulting in a lower coverage per

genome.

Figure 8: A. thaliana genome coverage after Q20 filtering. Fold genome coverage was calculated
based on the estimated A. thaliana genome size of 135 Mb (Arabidopsis Genome Initiative 2000). The
average coverage of 139 fold is indicated by the dashed red line.

The maximum number of full passes for a given circular DNA molecule depends on its length

as well as on the maximum read length capability of the polymerase. Thus, at a given

maximum polymerase read length, circular DNA molecules with shorter insert sizes have

more full DNA polymerase passes, resulting in a higher read accuracy. I observed a

moderate negative correlation (R = -0.5, p = 0.023) between the fraction of > Q20 reads and

the subread N50 (Figure 9). Further analyses revealed, as expected, a strong positive

correlation (R = 0.95, p = 3.2e-10) between the mean polymerase read length and the

fraction of reads that match > Q20 (Figure 9).
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Figure 9: Dependency between the fraction of Q20 CCS reads and two sequencing quality
metrics. (A) Longer mean polymerase read length is positively correlated (R = 0.95, p = 3.2e-10) with
greater read fraction passing Q20 filtering. (B) A negative correlation (R = -0.5, p = 0.023) between
subread N50 and percent of reads with >Q20 shows that longer insert size results in fewer reads with
>Q20.

4.1.3 Assembly method optimization
To perform long-read sequencing and subsequent assembly in an optimized way, I first

tested different parameters and assembly strategies. The main measurement for assessing

the quality of de novo genome assembly is contiguity. At the beginning I wanted to address

the question of how many A. thaliana genomes can be sequenced in one run without

compromising assembly quality at the end. This matters since each PacBio HiFi run is cost

intense. Thus, pooling (multiplexing) several samples into a single sequencing run could

reduce future sequencing costs. As mentioned in chapter ‘4.1.2 Sequencing and CCS

calling’, there is a strong correlation between the number of full passes and final read

accuracy. Therefore, it is tempting to use shorter DNA inserts in order to increase the

accuracy of the final CCS reads. However, this is a trade-off between increasing read quality

and losing the advantages of long-read sequencing. Moreover, I examined what is the

optimum quality threshold for filtering the CCS reads. Filtering the initial raw reads reduces

the total number of reads. Thus, I wanted to avoid unnecessary filtering and waste of data.

After having assessed these prerequisites, I evaluated the differences in assembly contiguity
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between state-of-the-art assemblers. Moreover, the impact of an additional correction step

after de novo assembly was tested.

For the assembly method optimization it is important to note that investigation of multiplexing

and optimum DNA insert sizes are meant to enhance the performance of future sequencing

runs. In contrast to this, insights from the optimization of quality filtering, the selection of the

better assembler as well as the testing of a contig correction tool were directly used here in

order to improve the results of this research project. Since many of the following analyses

are computationally expensive, I performed method optimization on a subset of five of the

eighteen accessions. Only the comparison of two different assembly tools as well as the

contig correction were performed on the full set of accessions.

Effect of coverage on assembly contiguity

Although sequencing costs have decreased over the past years, PacBio long-read

sequencing remains costly. The latest PacBio sequencing platform, Sequel II, allows

multiplexing of up to eight samples in a single run. Thus, reducing the sequencing costs per

sample. However, combining multiple samples in the same sequencing run results in lower

coverage per sample. Thus, I wanted to investigate the minimum sequencing coverage

necessary for obtaining an A. thaliana de novo assembly without compromising on contiguity.

Five accessions (AT9900, AT9847, AT9830, AT9104 and AT9503) were chosen for this

analysis, as all of them have been sequenced at nominal genome coverages exceeding

150x. Q20 filtered CCS reads were subjected to a downsampling approach in which random

reads were drawn from the full set in order to reduce the coverage to 150x, 100x, 75x, 70x,

60x, 50x, 40x, 30x, 25x, 20x, and 10x. Subset read files were used to perform de novo

genome assembly using Falcon-Unzip2 (Chin et al. 2016) as described above. Afterwards,

Quast (Gurevich et al. 2013) was used to measure basic quality metrics. The NG50 value

describes that contigs of length ≥ NG50 cover 50% of the length of the reference genome. In

contrast to that N50 is the length where contigs ≥ N50 produce half of the assembly. Thus,

the NG50 value is normalized to the genome size of the target organism. Figure 10 shows

that in three out of five assemblies, the NG50 value did not change when varying the

coverage to levels beyond 75x. In the case of AT9900, the NG50 was further improved when

using 150x instead of 100x sequencing coverage. However, increasing the sequencing

coverage of AT9830 caused the NG50 value to decrease again beyond 100x coverage. The

contiguity of all assemblies decreased when genome coverage was below 40x. Collectively,

these findings suggest that up to three A. thaliana samples can be pooled in a single

sequencing run without compromising on assembly contiguity. It is noteworthy that this

analysis suffers from the fact that read subsetting is purely based on coverage. Since reads

52

https://paperpile.com/c/JuqkIf/BUMTr
https://paperpile.com/c/JuqkIf/qtps0


were randomly drawn from the initial read file, some of the differences observed here can be

caused by the fact that the read input sets do not only differ in coverage but also in subread

N50.

Figure 10: Effect of sequencing coverage on assembly contiguity. Five read sets were subsetted
to different fold genome coverages. De novo genome assemblies were generated based on the
subsetted read files. Subsequent analysis of genome contiguity as measured in NG50 revealed that
coverages beyond 75 fold did not improve assembly contiguity any further.

Impact of different input read length distributions on assembly contiguity

Results from the above coverage downsampling showed that sequencing coverages higher

than 40x do not necessarily improve assembly contiguity. Therefore, I compared the effect of

different input read length distributions. The initial read files of AT9900, AT9104, AT9503,

AT9847, and AT9830 were subset to read N25, read N50, and read N75. For example in the

case of N75 this means that all reads were sorted by length in a descending manner.

Starting from the longest read I then took all reads until 75% of the bases were included in

this set. Thus, the average read length of N75 reads is shorter compared to N50 and N25.

However, the total number of reads increases from N25 over N50 to N75. Thus, this

experiment aims at finding the sweet spot of read length vs sequencing depth. I then

performed de novo genome assembly and subsequent contig NG50 calculation on each of

the datasets. Figure 11 shows that filtering the input read files for longer reads did not

improve the assembly. In all five datasets, the most contiguous assembly was obtained when
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using the full dataset rather than filtering out shorter reads prior to genome assembly. In the

case of AT9830, the overall assembly contiguity did not improve when using the full dataset

compared to only using N25, N50 or N75-filtered reads. Instead very similar NG50 values

were obtained when using the different read subsets for assembly.

Figure 11: Finding the compromise between read length and sequencing depth. Reads were
sorted according to their length. Subsequently, the longest reads representing 25 % (N25), 50 %
(N50), and 75 % (N75) of the full set were used for genome assembly. Thus, the average length of
reads in the N25 sets is higher compared to the other sets.

Effect of different CCS quality values on assembly statistics

Genome coverage from PacBio HiFi sequencing data not only depends on the amount of

obtained sequencing reads, but also on how many CCS reads pass the Q20-filtering

criterion. Filtering the initial raw read files for a given Q value represents a trade-off between

keeping a larger fraction of erroneous reads vs. only keeping a very small fraction of high

quality reads. I investigated how the quality threshold influences the fraction of reads that are

kept for downstream assembly and how this affects basic quality metrics of the final genome

assembly. Therefore, I performed CCS calling using Q10, Q20, and Q30 as filtering

thresholds. Figure 12 shows the percentage of CCS reads matching a given Q value. In all

but one dataset, the fraction of reads that were kept after filtering became smaller with an

increasing Q value. The highest fraction of CCS reads was retained when filtering with a Q10

threshold. In the case of AT9900, almost 50% of the initial reads were kept when filtering with

54



Q10, but this proportion decreased to ~20% when filtering with Q30. These differences were

even clearer for AT9847, where an increase from Q10 to Q30 led to a reduction in CCS

reads from >45% to < 20%.

Figure 12: Impact of read quality filtering on fraction of kept reads (A) and on assembly
contiguity (B). (A) Using a higher quality threshold for read filtering resulted in a lower percentage of
reads that were kept. (B) Negative effects on assembly contiguity when using either reads with Q10 or
with Q30. However, in case of reads with Q30 this can be attributable to a lower sequencing
coverage.

After CCS calling, all filtered read files were used as input data for de novo genome

assembly using Falcon-Unzip2 (Chin et al. 2016). In all cases except for AT9503, the highest

assembly contiguity was obtained when filtering for Q20 CCS reads (Figure 12). Notably,
Q30-filtered CCS reads generated more contiguous assemblies compared to Q10-filtered

reads, confirming that not only coverage but also read quality impacts the N50 of de novo

assemblies. Based on these results, all HiFi read sets were filtered for Q20 CCS reads prior

to the de novo genome assembly.

Manual correction of chimeric contigs in Falcon-Unzip2 assemblies

To identify potential translocations relative to the Col-0 TAIR10 reference genome, or to

correct mis-assemblies during the above-described processes, I aligned primary contigs

assembled with Falcon-Unzip2 against the A. thaliana reference genome TAIR10. In the

case of AT8285, a single contig (000000F) partially aligned to the reference chromosomes
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one and three (Figure 13).

Figure 13: Alignment between the five longest primary Falcon-Unzip2 contigs of AT8285 and
the A. thaliana reference TAIR10. A single contig (000000F) of AT8285 partially aligns to
chromosomes one and three of TAIR10

In order to check this potential translocation, I mapped the Q20-filtered CCS reads against

the primary assembly of AT8285. Visualization of the resulting alignments using the

Integrated Genome Browser (IGV) revealed that only a single read of 19.492 bp connects

both contigs (Figure 14). In addition, the read introduced a 124 bp insertion between both

contigs. Furthermore, the reads from the ‘right side’ of the potentially misjoined contigs are

soft clipped at the position where the two contigs are joined. The clipped part of those reads

maps to TAIR10 chromosome three. Softclipped reads have a mapping quality of zero and

are therefore indicated as transparent arrows in figure 14. The above findings show that the

contig 000000F of the assembly of AT8285 is almost certainly an artifact of the assembly,

rather than a chromosomal translocation. Taking into account these results, I decided to

manually ‘break’ and correct this contig at position 14,807,291 bp. Afterwards, the manually

corrected contig was scaffolded together with the remaining contigs using RagTag scaffold

(Alonge et al. 2022). A similar phenomenon was observed in AT6137 where a single contig

(000000F) aligned to chromosomes one and five in the reference genome TAIR10.

Subsequent read mapping again revealed that the chimeric contig was generated by

connecting two contigs with a single read spanning the junction. Therefore, the

corresponding contig 000000F was manually corrected at position 8,934,255 bp.
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Figure 14: Visualization of Q20 reads mapped to the chimeric contig 000000F. Only a single read
spans the junction between the two contigs.

Comparison of assembly tools: Falcon-unzip2 vs Hifiasm

New tools with the ability to assemble genomes from PacBio HiFi read data emerged during

the course of this work. Although most of the previously described assembly method

optimization was done using Falcon-unzip2 (Chin et al. 2016), which was the only available

assembler when the project was initiated, I decided to test Hifiasm, a more recent de novo

assembler (H. Cheng et al. 2021). Thus, genome assemblies for all eighteen accessions

were performed using Falcon-unzip2 and Hifiasm in order to compare their performance on

the datasets presented in this study. Subsequently, N50, NG50, and the total number of

contigs as a basic quality metric for assembly contiguity were determined using Quast

(Gurevich et al. 2013). Additionally, I compared the total length of the resulting genome

assemblies between the two assembly tools. Contig N50 in Falcon-unzip2 derived

assemblies varied between 4.71 Mb (AT9503) and 15.38 Mb (AT9852), with an average of

9.07 Mb (Figure 15). The average contig N50 obtained when using Hifiasm was only slightly

lower, at 8.85 Mb. However, Hifiasm performed better in datasets where Falcon-unzip2

generated more fragmented assemblies and vice versa. The contig N50 of AT9879 achieved

with Falcon-unzip2 was 5.18 Mb, compared to 11.93 Mb when using Hifiasm. In the case of

AT9900, the opposite trend was true. The Hifiasm assembly was more fragmented (6.96 Mb)

compared to the Falcon-unzip2 de novo assembly (10.98 Mb). Twelve out of eighteen

assemblies showed higher contig N50 values when assembled with Falcon-unzip2.
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However, comparing the N50 of primary contigs between the two assemblers did not reveal

any clear trend (Figure 15).

The number of contigs generated by each of the assemblers from the eighteen datasets is

shown in figure 15B. When using Falcon-unzip2, the number of primary contigs varied

between 71 (AT9762) and 1426 (AT9503). The average number of primary contigs in

Falcon-unzip2-derived assemblies was 324. The total number of primary contigs in Hifiasm

assemblies ranged from 182 (AT9879) to 2410 (AT9900), with an average of 1111 contigs

per assembly. In all cases, a Hifiasm-derived assembly had more contigs compared to its

corresponding Falcon-unzip2-derived assembly.

The comparison of contig N50 may be biased by differences in the overall assembly length,

as well as by the total number of contigs (Figure 15). As described above, Hifiasm

assemblies invariably had more contigs compared to Falcon-unzip2 assemblies. Therefore, I

chose to also compare the NG50 of primary contigs, since this value describes the contiguity

of an assembly normalized to a given reference (Gurevich et al. 2013). Hence, the NG50

value is less prone to distortion by the number of primary contigs or by the total assembly

length. In this case, the contig NG50 was calculated relative to the A. thaliana reference

genome TAIR10, and as such it describes the minimum length of contigs that cover half of

the reference genome. In the case of Falcon-unzip2, the calculated contig NG50 values

ranged from 6.5 Mb (AT9503) to 15.38 Mb (AT9852). The average contig NG50 of

Falcon-unzip2 derived genome assemblies was 10.29 Mb. Conversely, the NG50 values in

Hifiasm-generated assemblies varied from 7.72 Mb (AT9847) to 19.7 Mb (AT8285), with an

average of 11.92 Mb. Based on these results I decided to use Hifiasm for generating the final

genome assemblies.
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Figure 15: Comparison of de novo genome assembly quality metrics between Hifiasm (purple bars)
and Falcon-unzip2 (green bars). Comparison of (A) contig N50, (B) number of primary contigs, (C) contig
NG50, and (D) total assembly length.
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Evaluation of contig correction

Large structural mis-assemblies are often found in draft genome assemblies. Thus,

depending on the sequencing method it may be necessary to correct such errors by

comparing the de novo assembly to a reference genome. However, it is crucial to distinguish

potential mis-assemblies from true biological variation between the reference genome and

the query assembly (Rhie et al. 2021). Putative mis-assemblies are further evaluated by

mapping Q20 CCS reads to the corresponding region. Contigs are ‘broken’ if no read spans

the region of the potential mis-assembly. RagTag Correct (Alonge et al. 2021) was tested in

order to identify and confirm such mis-assemblies.

The correction of such errors is a trade-off between overcorrecting the input assembly while

making it more similar to the reference, and the carry-over of real mis-assemblies. Thus, it is

necessary to evaluate the correction step as well as the impact of using different references

for correction. Therefore, an optical map of AT9852 as well as the reference genome TAIR10

were used as references for the correction of all de novo genome assemblies. The optical

map of AT9852 was generated by the service provider Bionano Genomics (Bionano

Genomics, San Diego, CA) following their in house protocols. In short, the Bionano Saphyr

instrument was used in combination with the Direct Label and Stain (DLS) kit (Bionano

Genomics Catalog 80005) in order to generate chromosome-level scaffolds. Optical mapping

works by labeling high molecular weight DNA with a fluorescent dye that binds to a specific

sequence motif. Subsequently, the linearized and labeled DNA molecules are passed

through a channel with a detector. Thereby it is possible to determine the distance between

the fluorescently labeled sequence motifs. Since the sequence motifs that the dye binds to

are known one can further use this information in order to align an assembled genome

against the optical map and thereby ordering the contigs (Lam et al. 2012; Chan et al. 2018).

Such optical data are powerful since they can improve assembly contiguity (Michael et al.

2018; Belser et al. 2018). The number of contig breaks introduced by correcting with either

TAIR10 or the Bionano map was counted afterwards. When correcting the draft assembly of

AT9852 with Bionano data originating from the same accession, a total of two contig breaks

were introduced, but the same assembly was corrected at 13 different positions when using

TAIR10 as a reference (Table 1). In all but one assembly (AT9830), I observed that the

number of corrected contigs differed between the two references. Using TAIR10 for

scaffolding introduced more contig breaks in 14 out of 18 assemblies. For further evaluation

of the two different reference genomes, I compared, firstly, which contigs were corrected and

how often, and secondly, at which positions they were corrected. Table 1 shows in how

many cases both references corrected the same contig and in how many cases the same

contig was corrected at the exact same position. Usage of the different references led not

60

https://paperpile.com/c/JuqkIf/0b24
https://paperpile.com/c/JuqkIf/Amq13
https://paperpile.com/c/JuqkIf/995gD+sDs0
https://paperpile.com/c/JuqkIf/oeOWm+qR5Q
https://paperpile.com/c/JuqkIf/oeOWm+qR5Q


only to the correction of a different number of contigs but also to the correction of different

sets of contigs (Table 1). In all but one assembly (AT9852), the set of corrected contigs

partially overlapped between the two references. However, comparing the exact positions

that were corrected revealed that using either TAIR10 or the optical map for contig correction

introduced breaks, not only at the same positions but also at different positions within the

same contig. Taking these findings into consideration, I decided not to use the Ragtag

Correct module, and proceeded directly to scaffolding of the contigs.
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Table 1: Comparing how many contig breaks were introduced at which contigs and at which
position by RagTag correct when using either the Bionano data from AT9852 or TAIR10 as a
reference.

Genotype Bionano TAIR10 Corrections on same
contig

Corrections at same
position

AT6137 6 6 2 2

AT6923 9 11 6 1

AT6929 21 25 17 9

AT7143 10 8 4 1

AT8285 11 14 6 8

AT9104 13 15 9 3

AT9336 10 11 4 3

AT9503 17 16 10 6

AT9578 10 11 5 2

AT9744 16 18 9 4

AT9762 9 13 7 3

AT9806 11 15 9 4

AT9830 23 20 14 11

AT9847 12 12 7 4

AT9852 2 8 0 0

AT9879 14 17 9 7

AT9883 11 14 5 4

AT9900 6 14 6 2

4.1.4 Quality control
Sequencing data can be negatively impacted by various artifacts occurring during DNA

extraction, library preparation, and sequencing (Trivedi et al. 2014). Therefore, after having

optimized the assembly strategy, it is important to perform basic quality control before further

analysis. Thus, in this section I am presenting the results obtained from quality control of the

sequencing data.
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Identification of heterozygous samples

As a selfing species, most inbred A. thaliana accessions should have very few, if any,

heterozygous sites in the genome. Settings of downstream analysis tools (such as the

assembly pipeline) depend on prior assumptions regarding an organism's genome, such as

expected genome size or outcrossing vs. inbreeding. Hence, it was necessary to ensure that

all accessions chosen for this study were inbred. Moreover, it is of great importance to

confirm that the sequenced pool of plants did not comprise more than one genotype.

Kmer counting and frequency analyses were performed in order to assess heterozygosity

level and potential contamination with DNA from other accessions. A kmer is a DNA

sequence unit of length k. In inbred organisms such as A. thaliana, it is expected that the

vast majority of kmers is observed at the depth that the sample has been sequenced at. If

the sequenced organism was diploid and heterozygous, it is expected that many kmers of

lower frequency are observed at exactly half the sequencing coverage.

All Q20 filtered CCS reads were ‘cut’ into 21 nucleotide-long sequences (kmers) before

counting and plotting their frequency spectra against their coverage. Kmer frequency spectra

for all twenty accessions are shown in appendix figure S1. From comparing kmer frequency

plots of all twenty accessions, it is evident that AT6961 has an unexpectedly high level of

heterozygosity, resulting in two distinct peaks, with the main peak at the sequencing

coverage and the second at exactly half the coverage of the main peak (Figure 16). This
becomes more evident when compared to kmer spectra of the remaining accessions such as

the example of AT9104 in figure 16. Moreover, the estimated heterozygosity of AT6961

ranges from 0.3% to 0.31% (Appendix: Table S2). However, the estimated heterozygosity of
all other samples varied between 0.01% and 0.04%, with an average minimum

heterozygosity of 0.02% and an average maximum heterozygosity of 0.03%. Thus, AT6961

is on average 10-15 times more heterozygous compared to all other accessions analyzed in

this study. Hence, the AT6961 sample was likely not fully inbred, or may even have been

contaminated with DNA from a different A. thaliana genotype. Therefore, I decided to remove

the AT6961 dataset from all downstream analyses.
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Figure 16: Kmer frequency analyses of AT9104 (A) and AT6961 (B). Due to the homozygous nature of
the A. thaliana genome it is expected that the vast majority of kmers is observed at the approximate
sequencing coverage of the sample. Kmers originating from heterozygous alleles will be observed with half
the coverage of the sample. (A) Kmer frequency spectrum of AT9104 showing a single peak with an
estimated heterozygosity level of < 0.013 %. (B) Kmer frequency spectrum of AT6961 shows two distinct
peaks. The level of heterozygosity was estimated to be 0.304 %.
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Removal of bacterial contamination

Based on the optimization steps described in detail above, I proceeded to generate de novo

genome assemblies for the nineteen accessions that did not appear to be heterozygous or

problematic in other ways using Hifiasm (H. Cheng et al. 2021). Primary contigs were first

screened for potential bacterial, viral or fungal contamination by aligning them against a

metagenomic database and visualizing the results using Blobtools (Laetsch and Blaxter

2017). Moreover, I mapped all Q20 filtered CCS reads against the original, primary contigs to

detect contigs with abnormal mapping coverage. Ten out of nineteen assemblies were

contaminated with bacterial sequences (Figure 17). The total length of contaminated

sequences varied from 16.2 kb in AT9852 to 34.78 Mb in AT9104. Most of the bacterial

sequences that could be classified originated from Pseudomonas as shown for AT9900 in

figure 18. However, even in this case, the vast majority of input sequences grouped closely

together and matched the expected sequencing coverage as well as the GC content. These

reads were identified as plant derived (Figure 18). Contigs that aligned to bacterial, fungal or
viral sequences were removed from each dataset and excluded from all downstream

analyses.

Figure 17: Cumulative length of target (clean) and contaminated sequence per assembly. Ten
out of nineteen assemblies were contaminated with non-plant contigs. The contaminated sequence
length varied from 16 kb to 34 Mb.

65

https://paperpile.com/c/JuqkIf/2Wdo9
https://paperpile.com/c/JuqkIf/qGvl
https://paperpile.com/c/JuqkIf/qGvl


Figure 18: Alignment of primary contigs from AT9900 against a metagenomic database and
subsequent separation by GC content and coverage. The vast majority of sequences grouped
closely together and could be assigned to ‘Arabidopsis’ or ‘Brassicaceae-undef.’ However, 7.85 Mb of
the AT9900 primary assembly were classified as ‘Pseudomonas’. Moreover, these contaminated
contigs showed a very distinct GC proportion and coverage.

4.1.5 Genome assembly
In this chapter I will present the results that were obtained from de novo assembly and

quality control of the nineteen accessions using the optimized assembly strategy described

before. This chapter starts with the assessment of basic quality metrics such as contiguity

and completeness of the eighteen assemblies based on Hifiasm. Moreover, I will present

results justifying the removal of another accession from the dataset leaving me with a total of

eighteen accessions. Subsequently, I will show that in multiple genomes individual

chromosomes were assembled telomere-to-telomere and that it was possible to reconstruct
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highly repetitive centromeric regions. Furthermore, I characterized contigs that remained

unplaced after scaffolding the assemblies to chromosome level.

Assembly statistics

In the section ‘Assembly completeness’ I will show why one more dataset had to be removed

from downstream analysis. Even though I removed that dataset after assessing the quality

metrics described in this section, I will not show these results for the removed dataset.

Median and average quality metrics would be biased if the outlier sample was included.

Thus, in this section I am only going to present quality metrics for the eighteen accessions

that were of sufficient quality for all downstream analyses. Quality metrics describing the

contiguity and length of the assemblies were assessed after contamination and outlier

sample removal. The total number of primary contigs varied from 182 (AT6137) to 2410

(AT9900). The median number of primary contigs was 925.5.

Contig N50, describing the minimum length of contigs that represent > 50% of the

sequenced bases, was calculated in order to assess assembly contiguity. The lowest

contiguity was found for AT9879, with a contig N50 of 5,848,806 bp. In contrast, the most

contiguous assembly, AT9852, has a contig N50 of 13,274,449 bp. Four out of the eighteen

genomes had N50 values > 10 Mb. The mean contig N50 of all assemblies was 8,847,880

bp.

Subsequently, I aligned all contigs against TAIR10 and compared the median length of

contigs that cover 50% of the reference sequence. This is summarized in the NG50 value.

Thus, the NG50 represents the N50 value normalized to the reference genome. The most

fragmented assembly (AT9879) had an NG50 of 7,730,948 bp, whereas in the most

contiguous assembly (AT9852), 50% of the TAIR10 reference sequence are covered by

contigs of the size ≥ 19,696,172 bp. Notably, it was possible to assemble fourteen out of

eighteen genomes with NG50 values exceeding 10 Mb.

Another metric describing contiguity in assemblies is the LG50 value, which indicates how

many contigs with length > NG50 can be found in a given assembly, or how many contigs

are needed to represent 50% of the given TAIR10 reference sequence. In the case of

AT9852 and AT9900, I observed LG50 values of three, meaning that three contigs represent

half of the reference genome. This is consistent with these three assemblies having one

chromosome-length telomere-to-telomere contig each. The worst LG50 values were still only

six (AT1904 & AT9879), and the average was 4.2.

Moreover, I compared the length of the longest contig between the different de novo
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assemblies. The largest contig with a length of > 30 Mb was found in the assembly of

AT9900, but all assemblies had at least one contig with a length of >15 Mb. Twelve of the

eighteen genome assemblies had one contig > 19 Mb. The median size of the longest contig

was 19.84 Mb. Further details on assembly contiguity will be presented in section

‘Scaffolding’.

The overall length of each assembly was determined after having assessed assembly

contiguity, contig numbers, and largest contigs. The longest assembly was the one obtained

for AT9900, with a total length of 214,520,093 bp, while the shortest assembly, with a size of

142,588,945 bp, was found in the AT6137 dataset. The mean assembly length was 172.7

Mb.
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Figure 19: Basic quality metrics of 18 de novo genome assemblies. Barplots are showing (A) the total
number of contigs, (B) contig N50 (C), contig NG50, (D) contig LG50, (E) length of the largest contig, and
(F) the total assembly length.
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Assembly completeness

BUSCO (Simão et al. 2015) was used in order to estimate the completeness of each

assembly. In this approach, completeness is assessed using an orthologous group of genes

that are found as single-copy genes in ~90% of the species in the group. Thus, the presence

of these conserved genes can be used as a proxy to infer the overall completeness of the

genome assembly (Simão et al. 2015). Assembly completeness is shown in figure 20.
Completeness levels varied between 99.5%, as observed for the assemblies of AT6929,

AT9847, and AT9104, and 99.2%, as observed for the assemblies of AT7143, AT6923,

AT9883, and AT9830. The average completeness level was 99.3%. However, the overall

completeness is measured as the sum of single-copy and duplicated BUSCO genes.

Therefore, I checked how many of the 1614 BUSCO genes are found as single-copy genes

and how many are marked as duplicates. On average assemblies had 97.4% single-copy

BUSCO genes. However, AT6035 had an exceptionally low-single copy BUSCO

completeness level of 76%, with 234% of the 1614 BUSCO genes marked as duplicated.

Taking these findings into consideration, I chose to remove the assembly of AT6035 from any

downstream analyses. Thus, all values in the rest of this section were calculated without

AT6035.

The highest number of complete single-copy BUSCO genes (1595; 98.8%) was found in the

assemblies of AT6137, AT6929, and AT9847. The primary contigs of AT9744 and AT9830

showed the lowest number of complete single-copy BUSCO genes (1588; 98.4%). On

average, the assemblies showed BUSCO duplication scores of 0.73%. The highest

duplication level (0.9%) was now detected in AT9104, AT9762, and AT9744. Duplication

rates of 0.6%, as observed for AT6137 and AT7143, were the lowest among the eighteen

assemblies. Four assemblies had two fragmented BUSCO genes while the remaining

fourteen assemblies had one fragmented BUSCO gene. Of the 1614 BUSCO genes, only

8-10 were not detectable in any of the eighteen assemblies. This means that accessions

were rather lacking the same BUSCOs than each missing different BUSCOs. Indeed, six out

of these thirteen missing BUSCO genes were absent in all assemblies. Only one BUSCO

gene was exclusively missing in one of the assemblies. Thus, all genome assemblies,

except for AT6035, were of sufficient completeness for further processing and downstream

analysis.
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Figure 20: Completeness of 19 de novo assemblies before outlier removal. Completeness was
inferred by scanning the assemblies for the presence of a set of conserved genes (BUSCOs). AT6035
was removed from downstream analyses due to the high level of duplicated BUSCOs. All other
assemblies show completeness levels beyond 99.2 %.

Scaffolding

Contigs of each assembly were further connected into pseudo-chromosomes using RagTag

Scaffold (Alonge et al. 2022), with the aforementioned optical map of AT9852 serving as the

backbone. Between sixteen (AT7143, AT9830, and AT9852) and 34 (AT9879) contigs per

assembly were scaffolded into pseudo-chromosomes (Table 2). On average, I could place

21 contigs per assembly, and all but two assemblies could be scaffolded with fewer than 25

contigs. Moreover it was possible to assemble three different chromosomes in three different

accessions with just a single contig each. This reflects the high contiguity of the primary

assemblies (Figure 21).
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Figure 21: Chromosome-level assemblies of 18 A. thaliana genomes. The final scaffold for each
chromosome is depicted by the gray bar. Red blocks indicate centromere sequences. Contigs that
were placed in order to generate the scaffold are shown as blue bars. Telomere-to-telomere level
assemblies were obtained for chromosome 2 of AT9336, chromosome 4 of AT9587, and chromosome
5 of AT9900. Centromeres were often assembled from a single contig while showing variation in size
and position among accessions.
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Table 2 shows that the N50 value of placed contigs varied from 5.94 Mb (AT9879) to 18.6

Mb (AT9852). In eight of eighteen assemblies, N50 values higher than 10 Mb were observed

for placed contigs. The average N50 of placed contigs was 10.71 Mb.

Table 2: Overview the number and N50 of placed contigs per assembly.

Genotype Number of placed
contigs Placed contig N50 (bp)

AT6137 24 11,929,018

AT6923 22 8,441,029

AT6929 22 12,825,298

AT7143 16 15,287,920

AT8285 23 9,821,434

AT9104 19 9,864,348

AT9336 17 9,714,618

AT9503 21 8,569,625

AT9578 19 9,045,768

AT9744 20 11,178,775

AT9762 30 8,488,419

AT9806 20 11,466,786

AT9830 16 9,782,689

AT9847 24 9,625,350

AT9852 16 18,613,550

AT9879 34 5,951,611

AT9883 21 11,516,797

AT9900 18 10,981,064

Subsequently, I compared the cumulative length of placed sequences, which averaged 135

Mb. However, comparing the length of scaffolded contigs among the assemblies revealed

that the cumulative length of placed contigs varied by 8 Mb (Figure 22). The shortest

scaffold, with 133 Mb, was observed for AT9830, while the longest scaffold (placed

sequence) had a length of 141 Mb and was observed in AT9879. In addition, the length of

unplaced sequences varied greatly, from 7.8 Mb (AT6137) to over 60 Mb (AT6929 and
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AT9900). The median cumulative length of unplaced contigs was 28 Mb. The substantial

amount of additional, yet unplaced contigs will be examined later in the thesis.

Figure 22: Total assembly length vs length of scaffolded sequences. The cumulative length of
scaffolded sequence varied by 8 Mb with an average of 135 Mb (black line). In contrast to this, the
length of unplaced sequence was highly variable among the eighteen assemblies.

Next, I assessed the length of all five chromosomes and compared them among the different

accessions used in this study (Table 3). The overall length of chromosome 1 varied by 3 Mb.
The shortest chromosome 1 was found in AT6923 (31.6 Mb), while chromosome 1 of

AT9762 was the longest at 34.9 Mb. The average was 33.3 Mb. For chromosome 2, the

average length was 22.6 Mb. Its length ranged from 20.8 Mb, in the assembly of AT9744, to

24.8 Mb, in the assembly of AT9879. Chromosome 3 was on average 27.2 Mb long. AT6929

had the shortest chromosome 3 with 25.6 Mb, while the longest chromosome 3 was found in

AT6923 (28.6). The overall length of chromosome 4 varied between 21.1 Mb in AT6923 and

24.1 Mb in AT9852, with an average of 22.6 Mb. Chromosome five had an average length of

30.6 Mb. With 29 Mb, the shortest chromosome five was observed in the assembly of

AT9806, while the longest chromosome five was found in the AT9762, with 31.5 Mb. All de

novo assembled and scaffolded chromosomes were longer than in the reference genome

TAIR10. However, highly repetitive regions such as centromeres and rDNA repeat regions

are mostly unassembled in the current reference genome (Arabidopsis Genome Initiative
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2000). Therefore, overall scaffold length, the size differences of chromosomes among

accessions as well as between accessions and the reference genome TAIR10 will be further

examined in the annotation chapter.

Figure 23: Gaps in scaffolded chromosomes. The gaps per chromosome were counted for each
assembly in order to assess contiguity per chromosome after scaffolding. Colored stacks represent
the number of gaps per chromosome. AT9336 (chr. 2), AT9578 (chr. 4), and AT9900 (chr. 5) are
missing one stack due to one telomere-to-telomere contig each.

Figure 23 shows that the scaffolded assembly of AT9879 had the highest number of gaps

(28), while AT9852, AT9830, and AT7143 were the most contiguous (11 gaps). The average

number of gaps per assembly was 16. All chromosomes in all assemblies were scaffolded

with ≤ 9 gaps (Figure 23). Chromosome 2 in AT9336, chromosome 4 in AT9578, and

chromosome 5 in AT9900 were assembled from telomere-to-telomere, making further

scaffolding unnecessary. Scaffolded chromosome 1 contained between one (AT8285,

AT9806, and AT9852) and five gaps (AT9900, and AT9879) with an average of 2.8 gaps. The

number of gaps in the scaffolds of chromosome 2 ranged from zero (AT9336) to nine

(AT9879) with an average of 3.7 gaps. The mean number of gaps in the scaffolds of

chromosome 3 was 3.5, with one being the lowest gap count (AT9336) and seven being the

highest gap count (AT6137). The scaffolds of chromosome 4 had between zero (AT9578)

and eight (AT9762) gaps. Chromosome 4 scaffolds had 3.1 gaps on average. The lowest

average number of gaps, 2.5, was observed in the scaffolds of chromosome 5. The highest

number of gaps, five, was again found in the assembly of AT9879, while AT9900 had zero
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gaps in the scaffold of chromosome 5. In total three chromosomes from three different

assemblies were assembled telomere-to-telomere.

Figure 24: Radar plots of scaffolding confidence scores per assembly. The most outer dashed
line indicates a confidence score of 100 %. The next dashed line shows a confidence of 50 % while
the center of the circle represents zero. Grouping (G) confidence is the certainty of the given contig to
be placed on the correct chromosome. Moreover, location (L) confidence describes the certainty of the
contig to be placed at the correct position within the chromosome. Finally the orientation (O) score
indicates how likely it is that the contig was placed in the correct orientation. Colored lines connecting
grouping, location, and orientation are representing individual contigs.
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Grouping confidence (Alonge et al. 2021) describes the likelihood of a given contig to be

placed on the correct chromosome. Median contig grouping confidence was > 99% in all

assemblies (Figure 24). Additionally, the median location confidence, which indicates how

likely a contig is to be placed at the correct position on the chromosome, exceeded 99% in

all but one assembly (AT7143). All assemblies had median orientation confidence scores

above 99%. However, individual contigs of a given assembly may have lower scores (Figure
24). The only assembly that did not include such outlier contigs was AT9852, where

accession-specific bionano optical map data had guided the scaffolding process.

In summary, I demonstrated that the scaffolds assembled in this study were highly

contiguous and that the incorporated contigs were placed with high confidence. Although

being longer, all eighteen assemblies met the expectations in terms of chromosome length

and overall length as compared to the A. thaliana reference genome TAIR10. Thus, all

eighteen assemblies are highly suitable for further comparative analyses.
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Table 3: Scaffolded chromosome length in base pairs (bp) of the 18 accessions and the current
A. thaliana reference genome TAIR10.

Genotype Chromosome 1 Chromosome 2 Chromosome 3 Chromosome 4 Chromosome 5

TAIR10 30,427,671 19,698,289 23,459,830 18,585,056 26,975,502

AT6137 32,271,270 22,775,491 26,194,750 22,667,791 30,926,001

AT6923 31,749,057 21,980,435 28,738,137 21,225,719 30,405,250

AT6929 32,573,738 22,781,885 25,712,594 23,584,199 31,033,573

AT7143 33,668,152 21,027,966 26,044,309 21,422,025 30,876,513

AT8285 34,650,672 23,046,220 26,796,854 22,897,587 30,525,389

AT9104 32,656,548 23,453,113 27,458,818 21,384,833 30,867,744

AT9336 34,071,237 22,870,034 27,060,997 23,254,149 31,130,234

AT9503 32,192,683 22,299,778 28,010,412 22,845,789 30,634,581

AT9578 33,401,629 21,734,620 26,348,032 23,817,584 30,154,809

AT9744 33,001,351 20,772,390 27,175,644 23,477,951 31,338,815

AT9762 34,863,657 22,978,411 27,262,250 23,502,266 31,489,441

AT9806 34,678,793 22,206,001 27,369,393 22,962,254 28,968,011

AT9830 33,113,414 21,730,182 27,041,555 21,387,555 29,547,016

AT9847 31,771,136 22,850,951 28,044,082 22,152,542 29,957,574

AT9852 33,329,944 23,396,451 26,358,531 24,203,097 31,304,789

AT9879 34,155,544 24,779,077 27,173,682 23,300,978 31,396,706

AT9883 33,747,718 23,266,240 26,028,663 23,936,058 29,492,918

AT9900 33,376,575 22,160,010 27,314,136 21,468,527 30,011,449

Collapsed regions

Repetitive or paralogous regions are challenging to assemble. It is possible that the

assembler collapses and thereby underestimates the total length of such regions. In case of

a perfect assembly one would not expect to call any SNPs when mapping the initial reads

back to the de novo assembly. However, especially repetitive regions may be collapsed

during assembly. Since these repeats may differ from each other by single nucleotides one

would expect to call heterozygous SNPs when mapping the initial reads onto a collapsed

region (H. Cheng et al. 2021).
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Thus, all scaffolded assemblies were checked for collapsed mis-assemblies by first mapping

the Q20 filtered HiFi reads to the corresponding assembly. Average genome coverage was

calculated based on these mappings. Subsequently, the genome assembly was binned into

5 kb windows. Heterozygous single nucleotide polymorphisms (SNPs) were called. These

heterozygous SNPs were further reduced to positions that are supported by n reads, where

n was set to 75% of the average sequencing coverage of the given genome. Regions with

>= 5 SNPs per 5 kb window are referred to as collapsed mis-assemblies. The cumulative

length of all mis-assemblies in a given dataset was estimated based on the average

coverage in that 5 kb window compared to the sequencing coverage of the whole assembly.

Collapsed regions were detected in all assemblies (Table 4). However, the number of

mis-assemblies, the number of SNPs per 5 kb window, and the deviation from the average

coverage all varied greatly between assemblies. The highest number of collapsed regions

(50) was detected in the assemblies of AT6137 and AT9936. The lowest number of such

mis-assemblies was found in the scaffolds of AT7143 (2) and AT9883 (4). The average

number of collapsed regions per assembly was 24. The estimated cumulative size of

mis-assemblies varied between 12.3 kb (AT7143) and 919.7 kb (AT6137). The average

cumulative size per assembly was 331 kb. Notably, in the case of AT6137, a total of nine

collapsed regions accounted for 578 kb of the total length of all mis-assemblies. Similarly,

more than half (504 kb) of the cumulative size of collapsed regions in the assembly of

AT9336 was caused by only ten mis-assemblies. The median length of the detected

collapsed regions ranged from 4 kb (AT9883) to 23 kb (AT9879). An overlap between

collapsed regions and highly repetitive sequences such as centromeres, telomeres, 45S

rDNA and 5S rDNA clusters was observed in all assemblies. The collapsed regions

intersecting with repetitive sequences accounted for 0.57 Mb in the assembly of AT9336

(Table 4). More than half (330,869 bp) of the cumulative size of the mis-assemblies in the

scaffolds of AT9806 intersected with such highly complex regions. All potentially collapsed

regions were flagged but kept.

79



Table 4: Overview about potentially collapsed regions in the 18 genome assemblies. Positions
of collapsed regions were intersected with highly repetitive regions such as centromeres, 45S rDNA,
and 5S rDNA clusters.

Genotype
Collapsed regions

Number Cumulative length (bp) Median length (bp) Number in repeat
regions

AT6137 50 919,666 8,677 24

AT6923 29 464,336 7,119 6

AT6929 13 158,150 7,196 3

AT7143 2 12,448 6,224 1

AT8285 10 175,384 13,890.5 1

AT9104 10 80,687 8,093 3

AT9336 50 812,903 6,779.5 33

AT9503 20 219,642 6,503.5 11

AT9578 27 279,487 9,672 20

AT9744 36 529,202 8,906.5 16

AT9762 40 595,757 7,054.5 15

AT9806 19 434,706 8,872 6

AT9830 12 146,015 6,024 3

AT9847 24 204,110 7,188.5 8

AT9852 28 331,044 10,477 14

AT9879 31 773,270 23,283 8

AT9883 4 17,762 4,143.5 4

AT9900 21 310,600 8,141 2
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Centromere annotation

Centromeres play a vital role since they are necessary for cohesion of sister chromatids and

for binding of spindle fibers during cell division. Centromeres are characterized by large

scale tandem repeat arrays (J. Jiang et al. 2003). In many of the so far studied plant species,

these satellite repeat monomers are usually between 150 bp and 180 bp long (Oliveira and

Torres 2018). In A. thaliana the most abundant satellite repeat (CEN180) is known to be 178

bp long (Martínez-Zapater, Estelle, and Somerville 1986). Recently it was reported that

CEN180 can be present with 11,800 to 15,600 copies per chromosome. Thus, these satellite

repeats form large tandem arrays (Naish et al. 2021). As mentioned in the introduction

chapter, these long and repetitive genomic regions often remain unassembled when using

short-reads. In A. thaliana the estimated genome size is about 135 Mb while the total length

of the reference genome TAIR10 is only about 119 Mb. This difference between both size

estimates is attributable to highly repetitive centromeric regions that remained unassembled

in the current reference genome (Arabidopsis Genome Initiative 2000). In the scaffolding

section of this chapter I have shown that the eighteen scaffolded assemblies have a length of

approximately 135 Mb (Figure 22). To test if the difference in length between the eighteen

assemblies and TAIR10 is attributable to assembled centromere sequences, as it has been

observed in other long-read assemblies (Naish et al. 2021; Rabanal et al. 2022) I performed

annotation of these repeats. Centromeres were annotated by searching for the 178 bp

sequence motif using RepeatMasker. Centromeric repeats were detected in the scaffolds of

all chromosomes in all eighteen assemblies. It was possible to place all centromeric contigs

in ten out of eighteen assemblies (Figure 25). Moreover, in multiple assemblies the

centromere repeat units were reconstructed without contig breaks (Figure 21). The length of
unplaced centromeric sequences varied between 7.7 kb (AT9879) and 1.4 Mb (AT6137 and

AT9104). The total length of placed centromeric repeats varied by 6.5 Mb among

accessions. Thus, it was possible to annotate between 11 Mb (AT9830 and AT7143) and 17

Mb (AT9762 and AT9852) of centromeric sequence. The assemblies contained on average

14.4 Mb of centromeric repeats, with centromere content differing among the five

chromosomes. The lowest centromere content on chromosome 1 was found in AT6923 (1.4

Mb). Conversely, chromosome 1 of AT9762 had almost 4.9 Mb of centromeric sequence.

The average centromere length of chromosome 1 was 3 Mb. The centromere of

chromosome 2 was on average 600 kb shorter as compared to chromosome 1. The shortest

chromosome 2 centromere with 1 Mb was observed in the assembly of AT9744. In contrast,

the length of the longest chromosome 2 centromere was 4.1 Mb, in the assembly of AT9879.

The centromere of chromosome 2 was on average 2.8 Mb long. AT7143 had the shortest

centromere (1.5 Mb) when comparing chromosome 3 assemblies, while the longest
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chromosome 3 centromere was found in the assembly of AT6923 (4.2 Mb). The centromere

length of chromosome 4 ranged from 1.8 Mb in AT9104 to 5 Mb in AT9852. The average

centromere length of chromosome 4 was 2.8 Mb. A similar average centromere length was

observed for chromosome 5 (2.9 Mb). Centromere length of chromosome 5 varied between

1.8 Mb in AT9806 and 3.9 Mb in AT9104. It must be noted that centromere length estimation

is less accurate in assemblies which have either contig breaks within the centromere or

unplaced centromeric contigs (Figure 21; Figure 25).

Figure 25: Cumulative length of centromere sequences in the 18 genome assemblies. Different
color stacks are indicating the cumulative length of centromere sequence per chromosome.
Centromere sequences that remained unplaced after scaffolding are shown in yellow.

Annotation of rDNA repeats

Ribosomal RNAs (rRNAs) are fundamental for maintaining basic cellular functions. The 45S

rRNA genes of eukaryotic genomes are arranged in clusters. These clusters are referred to

as nucleolus organizer regions (NOR). The 5S rRNA is encoded by a separate gene (E. O.

Long and Dawid 1980). A primary transcript of the 45S rRNA gene is generated by

transcription via RNA polymerase I. Subsequently, the primary transcript is processed into

18S, 5.8S, and 25S rRNAs. Together with the 5S rRNA they build the catalytic core of

ribosomes (Chambon 1975). In A. thaliana 5S rDNA is characterized by a 497 bp long repeat

unit (Campell et al. 1992).
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It is known that the 45S rRNA gene of A. thaliana is over 10 kb long. Moreover, the genome

contains hundreds of copies of these genes arranged in tandem arrays at the top of

chromosome two and four (Copenhaver et al. 1995; Copenhaver and Pikaard 1996).

Moreover, it has been demonstrated that variation in genome size between different A.

thaliana accessions is partially attributable to differences in rRNA gene copy numbers. From

short-read NGS data it was estimated that the 45S ribosomal DNA (rDNA) repeats can span

up to 40 Mb of the A. thaliana genome (Q. Long et al. 2013).

Both 5S rDNA and 45S rDNA repeats were annotated by searching for previously published

(Simon et al. 2018; Rabanal et al. 2017) tandem repeats using RepeatMasker.

Figure 26: Cumulative length of 45S rDNA repeats per assembly. Purple stacks are showing the
45S rDNA sequences that were annotated on placed contigs whereas green stacks represent 45S
rDNA sequences found on unplaced contigs.

I annotated between 3.4 Mb (AT6137) and 18.6 Mb (AT6929) of 45S rDNA sequences

(Figure 26). The median length of annotated 45S rDNA repeats was 6.3 Mb, but most of the

annotated 45S rDNA repeats were located on unplaced contigs. Hence, only between 1.3%

(AT9900) and 18% (AT9879) of the total 45S rDNA sequences were annotated on scaffolds.

On average, less than 6% of all 45S rDNA clusters were found on scaffolds. Calculating the

median length of the annotated 45S rDNA clusters of all accessions per chromosome

revealed that most such repeats were, as expected from the literature (Copenhaver and

Pikaard 1996) located on chromosome 2 (160 kb) and chromosome 4 (143 kb). The median
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length of 45S rDNA sequences across accessions was 3.8 kb on chromosome 1, 2.1 kb on

chromosome 3, and 1.2 kb on chromosome 5.

Figure 27: Cumulative length of annotated 5S rDNA repeats. Purple stacks are showing the length
of 5S rDNA sequences that were annotated on placed contigs whereas green stacks represent 5S
rDNA sequences found on contigs that remained unplaced after scaffolding.

Between 1.1 Mb (AT9900) and 4.1 Mb (AT9879) of 5S rDNA repeats were annotated. The

average length of annotated 5S rDNA sequences was 2.3 Mb per assembly. In contrast to

the aforementioned 45S rDNA clusters, most of the annotated 5S rDNA sequences were

found on scaffolds rather than on unplaced contigs (Figure 27). The average length of 5S

rDNA clusters found on scaffolds was 1.6 Mb, and on unplaced contigs was 0.9 Mb, although

in AT9879 all annotated 5S rDNA clusters were on scaffolds. On average 69% of the

annotated 5S rDNA sequences were located on scaffolds.

Chromosome 4 contained between 168 kb (AT7143) and 1.6 Mb (AT9879) of 5S rDNA

sequences, with a median length of 598 kb (Figure 28). The annotated length on

chromosome 5 ranged from 174 kb in the assembly of AT8285 to up to 1.2 Mb in the

assembly of AT6929. The median cumulative length of 5S rDNA on chromosome 5 was 743

kb. The other three chromosomes had very small amounts of 5S rDNA sequences. Whether

these are assembly or annotation artifacts remains unclear. The total length of 5S rDNA

sequences on chromosome 1 varied between 3.3 kb (AT9336) and 5.3 kb (AT9104) (average

4.3 kb). Cumulative 5S rDNA length on chromosome 2 varied between 1.4 kb (AT9852) and
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2.7 kb (AT9104) (average 2.3 kb). The cumulative length of 5S rDNA on chromosome 3

varied from 1.1 kb (AT6137) to 451 kb (AT9806) (average 33 kb).

Figure 28: Location and cumulative length of 5S rDNA repeats. The color of the stacks represents
the chromosome where the 5S rDNA sequence was annotated.

Differences in chromosome length explained by centromeres

As mentioned before, chromosome length differences across accessions varied from 2.5 Mb

for chromosome 5 to 4 Mb for chromosome 2 (Table 3). The length of placed centromeric

sequences varied by up to 6.5 Mb between genotypes (Figure 25). Thus, average

chromosome lengths and standard deviations were calculated with and without the

centromeric sequences. Table 5 shows that a substantial part of the variation in

chromosome length among the eighteen assemblies can be explained by variation in

centromere length. Unsurprisingly, the average chromosome length decreased in all cases

when subtracting centromeres. More importantly, the standard deviation among the eighteen

assemblies decreased when centromeres were excluded. This indicates that a significant

proportion of the variation in length observed before can in fact be explained by differences

in centromere length among the eighteen accessions. Moreover, the difference between the

mean length of the eighteen assemblies and the chromosome length expected from TAIR10

decreases when centromeres are subtracted. This can be attributed to the fact that

centromeres are poorly resolved in the current version of the A. thaliana reference genome
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Arabidopsis Genome Initiative 2000. These results will be discussed later in the context of

recent studies that used similar sequencing technology to assemble centromeres (Rabanal

et al. 2022; Naish et al. 2021).

Table 5: Comparison of median assembly length per chromosome with and without centromere
sequences. Mean length and standard deviation were calculated based on all 18 assemblies. The A.
thaliana reference genome TAIR10 is listed for comparison with the de novo assemblies.

Chromosome
Including centromeres Excluding centromeres

Length in TAIR10
(bp)

Mean length (bp) Standard
deviation (bp) Mean length (bp) Standard

deviation (bp)

1 33,292,951 968,386.5 30,168,059 224,354.6 30,427,671

2 22,561,625 945,879.5 20,014,323 309,997.5 19,698,289

3 27,007,380 795,300.9 24,181,964 377,593.2 23,459,830

4 22,749,495 996,942.0 19,910,384 572,969.2 18,585,056

5 30,558,934 734,102.3 27,626,451 393,508.4 26,975,502

Characterization of unplaced contigs

As mentioned previously, all assemblies are markedly longer compared to the estimated

genome size of A. thaliana. However, most of the additional sequence remained unplaced

after scaffolding. The cumulative length of unplaced sequences was highly variable and

ranged from 7.8 Mb (AT6137) to up to 64 Mb (AT9900) (Figure 22). Proceeding with such a
variable length of unplaced sequence would complicate downstream comparison of the

eighteen genomes. However, simply removing unplaced contigs runs the risk of losing

potentially valuable information. Therefore, I characterized these unplaced contigs further in

order to find criteria for filtering them, such as length or sequence composition.
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Figure 29: Comparison of N50 values between placed (purple bars) and unplaced (green bars)
contigs.

Unplaced contig N50 ranged from 27.8 kb (AT9806) to 44.55 kb (AT6137) (Figure 29).
Unplaced contigs of all eighteen assemblies were smaller than 1 Mb, with the exception of a

single unplaced contig in the assembly of AT6137 (1.43 Mb). Comparison of all assemblies

revealed that contig N50 of placed contigs was generally much higher compared to the

sequences that remained unplaced after scaffolding (Figure 29). The average N50 of placed
contigs was 10.6 Mb. Thus, placed contigs were on average 337 times longer compared to

unplaced contigs.

Subsequent annotation of unplaced contigs revealed that large fractions of the unplaced

contigs are mainly composed of 45S rDNA and chloroplast sequences (Figure 30). Between
13% (AT6137) and 39% (AT9900) of the unplaced sequences were chloroplasts, with an

average of 28%. The fraction of 45S rDNA sequences varied between 9% (AT9830) and

51% (AT9744). Unplaced contigs contained 24% 45S rDNA sequences on average. In

contrast, mitochondrial sequences only accounted for 0.35% (AT6929) to up to 4.5%

(AT6137) of the unplaced contigs. Moreover, I found that between 5% (AT6137 and AT6923)

and 11% (AT9830 and AT9883) of the unplaced sequences were transposable elements.

Between 0% (AT9578) and 11% were 5S rDNA repeats. The fraction of unplaced contigs that

could not be classified further (unknown) ranged from 19% (AT9744) to 63% (AT9578).

87



Notably, in the case of these sequences it was not possible to unambiguously assign them to

only one of the aforementioned repeat types. Thus, using different combinations of repeat

libraries led to different classification results. Therefore, I classified these sequences as

‘unknown’.

Figure 30: Classification of unplaced sequences. Different color stacks are representing 45S
rDNA, 4S rDNA, chloroplast, mitochondria, transposable element, or unknown sequences.

In the next step I investigated if short-reads from previously published experiments can be

confidentially mapped to these unplaced contigs. Dr. Kevin Murray, a postdoc in the lab,

mapped 135 publicly available short-read datasets onto all assemblies, including unplaced

contigs. My subsequent analysis of the average mapping quality of the 135 datasets per

contig or scaffold revealed differences not only between unplaced contigs and scaffolds but

also among the unplaced contigs (example in Figure 31). The majority of mappings on

unplaced contigs resulted in a mapping quality of zero meaning that the read mapped to 10

or more positions on the contig (shown in figure 31 for unplaced contigs of AT9852). This

indicates that the majority of unplaced contigs consisted of highly repetitive sequences.
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Figure 31: Mapping quality of 135 short-read datasets mapped to unplaced contigs of AT9852.
Each dot represents the median mapping quality of one of the 135 readsets. The dashed red line
indicates Q30 mapping quality. Contigs are plotted on the x-axis.

In contrast to this, all 135 short-read datasets were aligned to the scaffolded chromosomes

with a mapping quality beyond 30 (Figure 32).
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Figure 32: Mapping quality of 135 short-read datasets mapped to the chromosomes of all 18 de
novo assemblies. Each dot represents the median mapping quality of one of the datasets. The
dashed red line indicates the Q30 quality cutoff.
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Contig filtering

Taking all these findings from before into account, I decided to filter the unplaced contigs

according to the following three criteria: (1) organellar sequence content of less than 20%,

(b) a total length above 50 kb, and (c) short-read mapping quality above 30 for at least one

of the 135 datasets. When applying these filtering criteria, the number of unplaced contigs

decreased drastically (Table 6). Before filtering, each assembly had between 163 (AT6137)

and 2131 (AT9900) unplaced contigs. The median number of unplaced contigs per assembly

was 908. After applying all three filtering criteria, the assemblies had between zero (AT8285,

AT9852, and AT9879) and fourteen (AT9336) unplaced contigs, with a median of two

unplaced contigs per assembly. The cumulative length of unplaced contigs after filtering

ranged from 0 bp (AT8285, AT9852, and AT9879) to 1 Mb (AT9336). The median cumulative

length of unplaced contigs after filtering was 28 kb. Thus, the total assembly length of

scaffolds, including unplaced contigs, varied between 133 Mb (AT9830) and 140 Mb

(AT9879 and AT9762). The median assembly length of the eighteen assemblies was 136

Mb. After applying the above filtering criteria, assembly completeness evaluation revealed

that the main change was the reduction of the number of duplicated or fragmented BUSCO

genes. Overall, single-copy BUSCO completeness was not significantly affected. Thus, I

decided to proceed with the filtered assemblies for further analyses.
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Table 6: Assembly statistics before and after filtering of unplaced contigs. Contigs were kept
when matching the following three criteria: (1) < 20 % organellar content, (2) total length > 50 kb, and
(C) median short-read mapping quality above Q30 for at least one out of 135 short-read datasets.

Genotype
Unplaced contigs

Total assembly length
after filtering (bp)Number before

filtering Number after filtering Cumulative length
(bp)

AT6137 163 1 92,208 134,927,511

AT6923 794 2 193,201 134,291,799

AT6929 2,017 6 361,568 136,047,557

AT7143 799 2 219,338 133,258,303

AT8285 732 0 0 137,916,722

AT9104 906 1 409,807 136,230,863

AT9336 422 14 1,043,640 139,430,291

AT9503 1,645 2 424,722 136,407,965

AT9578 911 1 267,603 135,724,277

AT9744 369 1 445,061 136,211,212

AT9762 370 3 372,397 140,468,422

AT9806 1,261 2 409,427 136,593,879

AT9830 1,683 3 224,020 133,043,742

AT9847 1,348 1 56,128 134,832,413

AT9852 909 0 0 138,592,812

AT9879 439 0 0 140,805,987

AT9883 1,196 2 293,805 136,765,402

AT9900 2,131 4 349,617 134,680,314
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4.1.6 Structural variation
As described in the introduction, there are various examples of large-scale genomic

rearrangements affecting economically relevant traits such as grain size and blast resistance

in rice (Xu et al. 2006; Deng et al. 2017). As pointed out, the analysis of large structural

variants is often limited by short sequencing read length. Since the genomes assembled

here are based on highly accurate long-reads, I chose to use them for the detection of such

large-scale genomic rearrangements.

Large scale structural variation compared to TAIR10

Large-scale structural variation (SV) was assessed by first aligning the five

pseudo-chromosomes of each assembly to the reference genome TAIR10. Subsequently,

SyRi (Goel et al. 2019) was used to measure the lengths of syntenic regions, translocations,

duplications, inversions and non-reference sequence blocks. Unplaced contigs were not

considered for the SV analysis. All eighteen accessions had a large inversion relative to

TAIR10 at the tip of chromosome four as shown for AT9852 in figure 33. This inversion has
previously been described for other accessions (Jiao and Schneeberger 2020).
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Figure 33: Alignment of AT9852 (query: red) and TAIR10 (reference: blue). Different types of
structural variation are color coded in orange (inversion), gray (syntenic), green (translocation), and
blue (duplication). SyRi was used for visualization (Goel et al. 2019).

Syntenic regions accounted for the by far largest sequence fraction in all assemblies (Figure
34). The total length of sequences that were syntenic compared to TAIR10 varied between

102 Mb in AT9879 and 108 Mb in AT8285, with an average of 105 Mb. Thus, between 85%

and 90% of the TAIR10 reference genome were syntenic when compared to the eighteen de

novo assemblies. Unaligned sequences accounted for the second biggest portion of

non-syntenic regions. The accumulated length of unaligned sequences ranged from 18.6 Mb

in AT9847 to 28 Mb in AT9879. On average, each assembly contained 21.8 Mb of sequence

that could not be aligned to TAIR10. The accumulated length of inverted sequences varied

between 3.6 Mb in AT8285 and 9.7 Mb in AT9806. On average, I identified 5.5 Mb of inverted

sequences in each of the eighteen de novo assemblies. The greatest accumulated length of

duplicated sequence was identified in AT9879 with 4.1 Mb. In contrast, AT9578 had only 2.4

Mb of duplicated sequences with respect to TAIR10. The average total length of duplicated

sequences was 3.2 Mb. Translocations accounted for the smallest portion of non-syntenic
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sequences. Their total length varied between 1 Mb in AT6137 and 7.1 Mb in AT9879. All but

AT9879 had less than 2 Mb of translocated sequences.

Figure 34: Cumulative length of syntenic (purple) and non-syntenic regions when comparing
the 18 assemblies with the A. thaliana reference TAIR10. Non-syntenic regions can be either
translocated, duplicated, inverted, or unaligned.

Subsequently, I calculated the length of inversions, translocations, and duplications in all

eighteen de novo assemblies (Figure 35). The greatest variation in length was observed for

inversions relative to TAIR10. The length of inverted sequence blocks varied between 234 bp

and 3.4 Mb. The median length of inversions found in all analyzed assemblies was 5,281 bp.

The average length of translocations was 2,321 bp. Translocation length varied between 230

bp and 298,296 bp. However, only three translocations were found to be longer than 80 kb.

The length of duplicated sequences ranged from 199 bp to 92,524 bp with a median of 1,658

bp.
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Figure 35: Violin plot showing the length of different structural variants (SV) in all 18
assemblies. Black bars in box plots represent the median value for the given SV type.

Next, I compared how many inversions, translocations, and duplications could be found in

each accession (Table 7). I assessed the median length of these events in each of the

assemblies separately. The highest number of inversions, 39, was detected in AT9744 and

AT9762, while AT9900 had the fewest, 27 inversions, and the average was 33. The median

length of inverted sequence blocks varied between 1,755 bp in AT9503 and 11,933 bp in

AT9806. In contrast, the number of detected translocations ranged from 132 in AT7143 up to

238 in AT9879. On average, 175 translocations were identified per assembly. Their median

length varied between 2,004 bp in AT9104 and 2,853 bp in AT9336. Moreover, I found an

average of 688 duplication events per assembly. The lowest number, 505, of duplications

was found in AT7143, and the highest, 1,100, in AT9336. The median length of duplication

events varied between 625 bp in AT9336 and 2,913 bp in AT9830.
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Table 7: Frequency and median length of different structural variants. All SVs were identified
based on a whole genome alignment of the 18 assemblies against TAIR10.

Genotype
Inversions Translocations Duplications

Count Median (bp) Count Length (bp) Count Median (bp)

AT6137 30 2,842 162 2,095 709 2,208.5

AT6923 35 6,881 203 2,500.5 664 2,224

AT6929 32 10,449 165 2,285 632 2,487

AT7143 36 2,506 132 2,656 505 1,614

AT8285 34 7,336 142 2,120 827 2,109

AT9104 29 3,853.5 183 2,004.5 689 2,082

AT9336 32 10,391 179 2,853.5 1100 625

AT9503 29 1,755 173 2,194.5 595 1,803

AT9578 30 1,855 191 2,215.5 621 1,326

AT9744 39 10,810 156 2,332 604 1,920

AT9762 39 5,112.5 200 2,059 755 1,317.5

AT9806 33 11,933 157 2,476.5 609 1,626

AT9830 36 10,395 192 2,362 603 2,913.5

AT9847 31 4,942 158 2,272 636 2,326

AT9852 33 6,465.5 171 2,380 704 1,688

AT9879 32 5,259 238 2,148 823 1,127

AT9883 33 8,703.5 196 2,287 624 1,462

AT9900 27 8,648.5 158 2,324 704 2,178
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Location of unaligned sequence blocks

Figure 34 shows that each assembly contains sequences that cannot be aligned to the A.

thaliana reference genome TAIR10. The accumulated length of sequence blocks that

remained unaligned varied between 18.6 Mb in AT9847 and 28 Mb in AT9879. On average,

each assembly contained 21.8 Mb of sequence that could not be aligned to TAIR10. Thus, I

analyzed where these unaligned sequence blocks occurred in the de novo assembled

genomes. To do this, I divided each chromosome of the reference genome into 1-Mb

windows with positions counted relative to TAIR10. Subsequently, the number of unaligned

sequence blocks per window was counted. Thus, in cases where the query genome had an

inserted sequence between two flanking regions that could be aligned to the reference,

these inserted and therefore unaligned sequences were counted. Figure 36 shows that the

highest number of unaligned sequence blocks was located in or near the centromeres. This

is also visualized for AT9852 in figure 33.
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Figure 36: Frequency of unaligned sequence blocks in 1 Mb windows along the chromosomes of
the reference TAIR10. Positions are counted relative to TAIR10. Unaligned sequence blocks were
identified using SyRi. Colored lines are indicating the number of unaligned sequence blocks per 1 Mb
window for a given genome assembly.
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4.1.7 Transposable element and gene annotation
Transposable element (TE) annotation was performed prior to the gene annotation in order

to avoid the false positive annotation of TEs as genes. TE annotation was done without

distinguishing between centromeric and non-centromeric regions.

Figure 37: Barplot showing the cumulative length of transposable element sequences. Colored
stacks represent cumulative length of class 1 TEs, class 2 TEs, and others. Sequences from the
category ‘others’ were not further classifiable.

Input sequences were categorized into class I retrotransposons and class II DNA

transposons using EDTA (Ou et al. 2019). Repeat sequences that could not be assigned to

either class were instead labeled as ‘other repeats’. The cumulative length of both TE

classes and other repeats varied from 23 Mb in the genome of AT9503 to >35 Mb in the

assembly of AT9744 (Figure 37). Thus, the total TE and repeat content accounted for 15%

to 25% of the total genome size. TEs and other repeat sequences on average occupied 25

Mb per genome, which corresponded to an average 18% of the genome size. Class I and

class II TEs each accounted for approximately 6.5% of the total genome size. Thus, class I

cumulative length ranged from 8.3 Mb in the genome of AT9900 to 9.9 Mb in AT9879. Class

II TEs occupied between 7.7 Mb in AT9883 and 11.3 Mb in AT9879 (Figure 37). This
corresponded to a median cumulative length of 8.9 Mb for each of the TE classes per

assembly.

100

https://paperpile.com/c/JuqkIf/REAip


Figure 38: Cumulative length of transposable element families. Sequences from the category
‘repeat region’ were not further classifiable

Class I retrotransposons were further classified, if possible. Of the known class I

retrotransposons, Copia LTRs, Gypsy LTRs and LINEs were detected. In addition, not further

classifiable LTR retrotransposons were found. The total length of Copia LTR

retrotransposons ranged from 1.3 Mb in AT9847 to 1.9 Mb in the genome of AT6137 (Figure
38). The median length of Copia LTR retrotransposons was 1.5 Mb. In contrast, the Gypsy

LTR retrotransposons accounted for a median length of 6 Mb per assembly. The lowest

content of Gypsy LTR retrotransposons was observed in the genome of AT9900 (5.4 Mb),

while the highest content of such TEs was found in the assembly of AT8285 (6.7 Mb).

Furthermore, I detected LINE retrotransposons that could not be assigned to a superfamily,

as well as a small fraction of not further classifiable LTR retrotransposons. The cumulative

length of LINE elements varied between 0.03 Mb in the genome of AT6923 and 0.4 Mb in the

genome of A9762. LTR retrotransposons that could not be assigned to a superfamily

accounted for 0.64 Mb (AT9852) to 1.9 Mb (AT9879) of sequence. The median total length of

these not further classifiable retrotransposons was 0.9 Mb. Moreover, the cumulative length

of additional LTRs ranged from 0.3 Mb in the genome of AT9830 to up to 0.5 Mb in the

genome of AT8285.

Moreover I identified class II DNA transposons, such as Tc1-Mariner Terminal Inverted
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Repeat (TIR), hAT TIRs, Mutator TIRs, PIF-Harbinger, CACTA TIR, and Helitrons (Figure
38). Tc1 Mariner TIR DNA transposons occupied between 0.03 Mb (AT9852) and 0.1 Mb

(AT9879) of the sequence. The median cumulative length of Tc1 Mariner elements was 0.05

Mb per genome. The content of hAT TIR DNA transposons ranged from 0.3 Mb (AT9503) to

up to 0.5 Mb (AT9762). In the eighteen genome assemblies, I detected between 0.7 Mb

(AT9503) and 3 Mb (AT9879) of Mutator TIR transposon sequences (median 1 Mb). TEs in

the PIF-Harbinger superfamily exhibited cumulative lengths between 0.01 Mb (AT9744) and

0.28 Mb (AT8285). The total length of CACTA TIR elements varied between 0.7 Mb in

AT9762 and 1.2 Mb in AT8285. The median length of these elements was 0.9 Mb per

assembly. By far the most abundant class II DNA transposons detected in the eighteen

genome assemblies were Helitrons. Their cumulative length varied between 5.1 Mb in

AT9883 and 7.1 Mb in AT9879. The median total length of Helitron elements was 6.5 Mb

(Figure 38).

In addition to class I and class II TEs, other repeats were detected that could not be

assigned to one or the other TE class. The genome fraction taken up by repeats belonging to

neither of the two TE classes was more variable compared to the class I and class II TEs.

Their cumulative length ranged from 5 Mb in AT9503 (3.6%) to 18 Mb in AT9744 (13.6%). It

is noteworthy that ‘other repeats’ accounted for more than 9.5 Mb in three assemblies

(AT9830, AT9806, and AT9744) (Figure 37). These other repeats were further classified into
repeat region, long terminal repeat (LTR), and target site duplication (Figure 38). The
accession AT8285 exhibited the greatest cumulative length of long terminal repeats at 0.5

Mb, while AT9830 had 0.3 Mb of LTR sequences. Target site duplications that were not

already part of an annotated TE were the rarest class of repeat sequences identified in this

analysis. They occupied between 1.8 kb in AT9806 and 2.4 kb in AT8285. Variation in the

cumulative length of repeat regions among the eighteen accessions turned out to be the

main contributor to the overall variation in repeat and TE content. Such repeat-rich regions

constituted the most variable fraction of repeats annotated in this section. Their cumulative

length varied by 13 Mb. The cumulative length of such repeat sequences varied between 2.6

Mb in AT9503 and 15.9 Mb in AT9744 (Figure 38). The median length of repeat-rich regions
per genome was 4.6 Mb.
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Figure 39: Violin plot showing the length distribution of different TE families in the 18
assemblies. Annotated TEs were not filtered for completeness. Black bars in boxplots represent the
median length of the given TE family.

In addition to the total length occupied by a given TE, I also assessed the median length of

the three most abundant TE families in all eighteen assemblies (Figure 39). TEs were not

filtered for being intact since the major goal here was to mask all sequences of TEs prior to

the gene annotation. Therefore, the TE length is likely to be underestimated. The

comparison of all eighteen genotypes revealed that the median length of Gypsy elements

ranged from 507 bp (AT9744) to 668 bp (AT7143) (Table 8). Copia elements were shorter

compared to Gypsy elements. Their median length varied between 196 bp in AT9883 and

407 bp in AT9847. Helitron elements were even shorter, and their median length ranged from

227 bp in AT9744 to 249 bp in AT9852. Thus, Helitrons varied the least in length among the

genotypes in this study. The median length of detected Gypsy elements across all

accessions was 547 bp, of Copia elements 347 bp and Helitrons only 237 bp (Figure 39).

How the TE annotation results could be improved will be part of the discussion chapter.

However, the main purpose at this point was to mask all TE sequences independent of the

TE being intact. Thus, all TEs were masked prior to subsequent gene annotation.
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Table 8: Median length (in bp) of different transposable element (TE) families. TEs annotated
here are not necessarily intact.

Genotype
Median length (bp)

Copia Gypsy Helitron

AT6137 321 594 240

AT6923 326 642 235

AT6929 387 541 237

AT7143 337 668 231

AT8285 398 592 241

AT9104 368 612 239

AT9336 354 521 237

AT9503 350 650 237

AT9578 342 583 237

AT9744 339 507 227

AT9762 399 517 237

AT9806 353 512 227

AT9830 364 580 235

AT9847 407 573 244

AT9852 368 563 249

AT9879 376 517 243

AT9883 196 574 237

AT9900 357 616 233

4.1.8 Annotation of protein coding genes
The genome sequence of a species alone is of limited use if the encoded information is not

deciphered (Mudge and Harrow 2016). Therefore, I performed independent whole genome

annotation for all eighteen de novo assemblies. The ab initio gene predictions were done

with accession-specific training parameters for Augustus (Stanke and Waack 2003) gene

models as well as using a reference guided transmap (Shumate and Salzberg 2020a) as

extrinsic evidence.
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Transmap as extrinsic evidence for gene annotation

The transmap was generated by mapping the reference annotation TAIR10, which comprises

28,775 genes, onto each of the eighteen query assemblies. Results are shown in figure 40.
The number of mapped genes, excluding multi-copies, ranged from 27,784 in AT9852 to up

to 28,025 genes in AT9744. Thus, the number of unmapped genes only varied by 241 genes

between the accession with the highest and the one with the lowest number of unmapped

genes. On average it was possible to map 27,899 genes per assembly. The mapped genes

were used as extrinsic evidence in the subsequent gene annotation approach.

Figure 40: Number of reference genes that were used to generate the transmap evidence for
subsequent gene annotation. Hints for annotations were only generated from mapped genes.

Augustus based gene prediction

Subsequent Augustus ab initio gene predictions were made using gene models generated

for each assembly individually, while taking into account information obtained from the above

described annotation liftover. The highest number of genes (32,798) was annotated in

AT9336 (Figure 41), while the lowest number of genes was found to be 31,642 in AT9852.

Thus, the total number of genes only varied by 1,156 between the accession with the lowest

and the accession with the highest number of genes. The gene number in all assemblies

was higher compared to the number of genes found in the reference genome annotation

TAIR10 (Lamesch et al. 2012). However, in none of the assemblies was it possible to

105

https://paperpile.com/c/JuqkIf/D1bfJ


annotate as many genes as there are annotated in the more recent reference annotation

Araport11 (33,341). This is most likely attributable to the fact that 113 RNA-seq datasets

were used to generate 11 tissue specific transcriptome assemblies that were then further

processed in order to build Araport11 (C.-Y. Cheng et al. 2017). In contrast to this my

annotations were generated without RNA-seq evidence. An average of 32,154 genes was

identified per accession. The average number of genes annotated on unplaced contigs was

101 per assembly (Figure 41). Thus, 99.7% of all annotated genes were located on one of

the five pseudo-chromosomes. On average, most genes were annotated on chromosome

one (7,182), followed by chromosome five (7,107) and three (6,632). The average number of

genes found on chromosomes four (5,280) and two (5,257) were almost identical.

Figure 41: Final number of annotated genes per assembly. Colored stacks are representing
chromosomes as well as unplaced contigs. The dashed black line shows the number of genes in the
most recent A. thaliana reference annotation Araport11.

Chromosome 1 harbored between 7,693 genes in AT9503 and 7,868 genes in the assembly

of AT9879. Thus, the accessions with the lowest and highest number only differ by 175

genes. In contrast, I found that the number of genes annotated on chromosome 2 varied

between 5,088 in AT7143 and 5,548 in AT9879. The total number of genes detected on

chromosome 3 differed by 402. Most genes on chromosome three were found in AT7143

(6,770) while the lowest number was detected in AT6137 (6,368). Chromosome 4 in the

assembly of AT9852 had the lowest number of annotated genes, at 5,069. The same
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chromosome of AT9883 had 425 additional genes. Chromosome 5 harbored between 6,933

genes in AT9806 and 7,282 in AT9336. Thus, chromosome 2 was the most variable in terms

of the detected number of genes whereas chromosome 1 showed the lowest variation in

gene content among the eighteen accessions. The number of genes that was annotated on

unplaced contigs showed even greater variation. Three out of eighteen assemblies did not

have unplaced contigs. In the remaining fifteen assemblies, I annotated between nine

(AT6137) and 572 genes (AT9336) on unplaced contigs. However, it is noteworthy that only

six out of the eighteen assemblies had over 100 genes on unplaced contigs (AT9104,

AT9503, AT9744, AT9806, AT6929, and AT9336).

The vast majority of all annotated genes is located on chromosomes rather than unplaced

contigs (Figure 41). The total number of genes only varied by 1,156 genes between

accessions. It was possible to annotate more genes as compared to the reference

annotation TAIR10 (Lamesch et al. 2012) while not reaching the number of genes from the

most recent A. thaliana reference annotation Araport11 (C.-Y. Cheng et al. 2017).

Annotation completeness

Similarly to the assembly completeness, I assessed annotation quality by using conserved

protein coding genes. Annotation completeness was assessed by comparing all

protein-coding genes to a BUSCO database of 1,614 conserved protein sequences (Seppey,

Manni, and Zdobnov 2019). Thus, these BUSCO genes were used as a proxy to estimate

the completeness of an annotation, the duplication rate, the rate of fragmented genes as well

as the fraction of missing genes. The fraction of single copy BUSCO genes was equal to or

above 98.4% in all annotations, with an average of 98.6%. Duplication levels varied between

0.8% in AT9900 and 1.1% in AT9336 and AT9879, respectively. The average duplication rate

was 0.95%. The portion of fragmented BUSCO genes ranged from 0.1% (AT9762 and

AT9852) to 0.4% (AT9503 and AT9578). On average, I found that 0.2% of the 1,614 BUSCO

genes were fragmented. The highest rate of missing BUSCO genes was detected in AT9847

(0.4%), whereas in six accessions only 0.2% of all BUSCO genes were missing (AT8285,

AT9336, AT9503, AT9578, AT9744, and AT9900).
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Figure 42: Completeness of protein coding gene annotation. Completeness was inferred by
scanning the assemblies for the presence of a set of conserved genes (BUSCOs). All samples exhibit
completeness levels beyond 98 %.

Next I wanted to investigate if the same set of BUSCO genes is missing, duplicated or

fragmented in multiple accessions (Table 9). On average, the eighteen annotations were

missing 0.26% of all BUSCO genes. Thus, the total number of different BUSCO genes that

were missing in any eighteen annotations was only seven. Four out of these seven missing

BUSCO genes were not detected in any of the annotations, while three BUSCOs were only

absent in one to three of the annotations. Thus, all annotations showed sufficient

completeness for further downstream analyses.
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Table 9: Summary of duplicated, fragmented, or missing BUSCO genes. The number of affected
accessions shows in how many of the annotations the given BUSCO was found to be duplicated,
fragmented, or missing.

BUSCO ID Status No. of affected accessions

103418at3193 duplicated 15

103458at3193 duplicated 18

145760at3193 duplicated 12

147386at3193 duplicated 18

161537at3193 duplicated 16

167028at3193 duplicated 9

183573at3193 duplicated 15

189672at3193 duplicated 1

202147at3193 duplicated 18

212908at3193 duplicated 17

217208at3193 duplicated 16

25535at3193 duplicated 17

35121at3193 duplicated 15

40592at3193 duplicated 1

4115at3193 duplicated 10

44817at3193 duplicated 2

49808at3193 duplicated 1

56690at3193 duplicated 1

58451at3193 duplicated 3

59251at3193 duplicated 1

60794at3193 duplicated 4

69847at3193 duplicated 17

7552at3193 duplicated 4

85636at3193 duplicated 18

87297at3193 duplicated 12

92128at3193 duplicated 1

9250at3193 duplicated 14

152036at3193 fragmented 2

159342at3193 fragmented 15

167289at3193 fragmented 3

168457at3193 fragmented 18

174147at3193 fragmented 18

174618at3193 fragmented 1

200083at3193 fragmented 6

28151at3193 fragmented 1

45227at3193 fragmented 1

87393at3193 fragmented 1

111086at3193 missing 18

136033at3193 missing 18

14163at3193 missing 18

180289at3193 missing 3

186149at3193 missing 2

66400at3193 missing 1

79at3193 missing 18
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Ortholog assignment

For downstream analysis such as copy number variation of NLR genes, it is relevant to know

whether any of the de novo assemblies has orthologs in the TAIR10 reference annotation.

Therefore, all putative genes were translated into protein sequences in silico. The longest

predicted protein sequence was chosen for each locus. Orthofinder (Emms and Kelly 2019)

was used to assign into orthogroups the genes of all eighteen accessions, as well as those

of the reference genome TAIR10 and a previously published Arabidopsis arenosa annotation

(Barragan et al. 2021).

99.5% of all genes (including TAIR10 and A. arenosa) were assigned to a total number of

31,839 orthogroups. The median orthogroup size was 20, while the average orthogroup size

was 19.7. This means that genes from 20 genomes (18 assemblies + TAIR10 + A. arenosa)

were found in at least half of the orthogroups. Moreover, I found 14,750 single copy

orthogroups, meaning that each genotype contributed exactly one gene to the respective

orthogroup. Figure 43 shows that the majority of all orthogroups was composed of genes

from all twenty input annotations. A total of 17,400 orthogroups contained at least one gene

from each of the input annotations. Moreover, 5,006 orthogroups contained genes from

nineteen input annotations, while 1,378 orthogroups comprised genes from eighteen

accessions. In contrast, 446 orthogroups contained genes from a single input annotation. A.

arenosa served as an outgroup in the orthofinder analyses. Therefore, the A. arenosa

annotation was not taken into account for downstream analyses such as private gene counts

or NLR copy number variation.
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Figure 43: Number of orthogroups that contained genes from a given number of different input
genomes (species). A. arenosa was used as an outgroup. Moreover, the TAIR10 annotation has
been included in addition to the 18 differential lines.

Private genes in the eighteen assemblies

Having assessed how many genes are shared among the different input assemblies, I was

able to count the number of genes that can only be found in a single genome. I will be

subsequently referring to these genes as private genes.

The number of private genes varied greatly. The lowest number was observed in AT6923

(39), but 310 private genes in AT9336, with a median of 74, and only four accessions having

more than 100 private genes (Figure 44).
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Figure 44: Variation in the number of private genes. Genes were considered as ‘private’ if no
orthologs were found in any of the other input genomes.

Subsequently, I compared the amino acid length of private genes with the length of genes

that are shared among all eighteen accessions and the reference annotation TAIR10 (Figure
45). This showed that the median length of private genes differed from the length of genes

shared among all input annotations. The median length of genes that could be detected in all

annotations was 343 amino acids. In contrast, the median amino acid length of private genes

was 134. Thus, private genes were generally shorter compared to shared genes. It could be

that these genes are either artifacts or novel genes. However, this is going to be the subject

of the discussion chapter.
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Figure 45: Comparison of the length distribution of all shared genes vs private genes in the 18
annotations. Boxplots are indicating the median value for the given gene type. Genes were
considered private if they were only annotated in a single accession while shared genes were found in
all 18 genomes.

In the next step, I subjected all genes to a blastp (Altschul et al. 1990) search against a

database I generated by using all A. thaliana genes known from TAIR10. Subsequently, the

distribution of e-values as well as the median e-value were compared between private and

shared genes (Figure 46). The median e-value of genes shared among all eighteen

accessions and TAIR10 was 0 (average 0.0049). In contrast, for genes only found in a single

accession, a median e-value of 0.14 (average 1.23) was observed. Thus, the vast majority of

private genes did not have a significant hit in the reference annotation TAIR10, and can

therefore truly be considered to be private genes.
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Figure 46: Violin plot showing the distribution of expected (e) values after a blastp analysis of
private and shared genes. Boxplots are indicating the median value obtained from the 18
annotations.

Z-scores of orthogroup sizes

Calculating the z-score of a given trait is a simple way to get an overview of which values are

‘typical’ for a dataset and which ones are not. Therefore, z-scores of gene copy numbers

were calculated for all orthogroups in order to gain an insight into how variable orthogroups

can be among all eighteen accessions (Figure 47). An orthogroup in this case is defined as

the set of genes from multiple species descended from a single gene in the last common

ancestor of that species (Emms and Kelly 2019).
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Figure 47: Heatmap showing the z-scores of orthogroups sizes for the 18 accessions and the
reference TAIR10. Colors are indicating if an accession has a higher (bright colors) or a lower (dark
colors) gene copy number in a given orthogroup.

The z-score analysis revealed that there are orthogroups which are strongly enriched for

TAIR10 reference genes (Figure 47; bright yellow) while other orthogroups have a lower

number of reference genes (dark blue).

Thus, I filtered out all orthogroups where the z-score of TAIR10 was ≥ | ±4 |. In total there

were 530 orthogroups where the z-score observed for TAIR10 was greater than or equal to

4, while 451 orthogroups had a TAIR10 z-score below or equal to -4. Subsequently, it was

analyzed if genes that are underrepresented in the 18 annotations are associated with

specific functions. Therefore, TAIR10 gene names from these filtered orthogroups were used

in a gene ontology (GO) analysis (Z. Du et al. 2010) with the TAIR10 reference as a

background.
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Figure 48: Gene ontology analysis of genes that were underrepresented in the 18 accessions
as compared to TAIR10.

GO analysis revealed that orthogroups with TAIR10 z-scores of above or equal to four were

significantly enriched for cellular functions associated with ribosomes, respiratory chain,

mitochondria, and chloroplasts (Figure 48). Next I used only those genes that are

overrepresented in TAIR10 compared to the eighteen annotations (z-score > 4). A total of 59

significantly enriched GO terms was identified. Thirteen out of these are associated with

'ribosome' while another thirteen are associated with 'mitochondrium' and 'respiratory chain'.

Given the fact that I did not assemble chloroplast or mitochondrial genomes and that I

masked rDNA sequences prior to gene annotation, it is likely that these genes are

underrepresented in the annotations of the eighteen accessions. Genes that were found in

the eighteen accessions but absent from TAIR10 could not be subjected to GO enrichment,

since there were no TAIR10 gene identifiers. However, many of these genes were rather

short, indicating that they are split genes or annotation artifacts. Further explanation will

follow in the discussion section.

Gene copy number variation compared to TAIR10

After orthogroup assignment, I set out to analyze variation in gene copy number between

each of the eighteen assemblies and the reference TAIR10 individually.
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Figure 49: Gene copy number variation between the 18 accessions and TAIR10. Orthogroups
(OG) were considered ‘conserved’ when the OG contained equal numbers of genes from both TAIR10
and the given input assembly. Gain means ‘TAIR10 < input assembly’ while loss was considered when
‘TAIR10 > input assembly’.

First, I filtered for orthogroups that contained at least one gene from the reference annotation

TAIR10. Subsequently, for each of these orthogroups the number of genes from TAIR10 was

compared to the number of genes of a given input assembly assigned to the same

orthogroup (Figure 49). Orthogroups were then categorized into loss (TAIR10 > input

assembly), gain (TAIR10 < input assembly), and conserved (TAIR10 = input assembly). The

highest number of 'gain' orthogroups was observed in AT9879 with a total of 1,573 genes.

On average, every accession had 1,490 orthogroups with gene copy loss. The number of

orthogroups with a gain in gene copy number was generally lower compared to those with

gene loss. On average, each accession had 296 orthogroups with a copy number gain. The

lowest number of such orthogroups was observed for the assembly of AT9806 (242), while

AT9336 had the highest number of orthogroups with a gain in gene copy number (420).

However, the vast majority of orthogroups showed a conserved number of genes as

compared to TAIR10. The number of these conserved orthogroups varied between 22,213

(AT9879) and 22,442 (AT9744) with an average of 22,371. In summary, most TAIR10

orthologs were present in a conserved copy number, and there were more orthogroups with

copy number loss than with copy number gain.

117



NLR copy number variation in the 18 accessions

After ortholog assignment, I set out to gain insight into copy number variation of the NLR

genes known from the TAIR10 reference. Therefore, the size of each orthogroup containing

one of the 160 known (Baggs et al. 2020) NLR genes from TAIR10 was compared among all

eighteen annotations and TAIR10. 128 out of the 160 known resistance genes were found in

at least two assemblies (Figure 50). Genes were further categorized according to their

domain structure as coiled-coil nucleotide-binding site NLRs (CC-NBS), nucleotide-binding

site leucine-rich repeat NLRs (NBS-LRR), coiled-coil nucleotide-binding site leucine-rich

repeat NLR (CC-NBS-LRR), toll-interleukin receptor NBS-LRR (TIR-NBS-LRR), and

RPW8-NBS-LRR (Van de Weyer et al. 2019; Blake C. Meyers, Morgante, and Michelmore

2002).

Five of the six CC-NBS genes were found as single-copy genes in all eighteen input

assemblies (Figure 50A). Only AT9762 lacked an ortholog of the CC-NBS NLR AT1G50180

(CAR1).

In contrast, the 24 known CC-NBS-LRR NLR genes were more variable in their copy number

(Figure 50B). RFL1 (AT1G12210) had a conserved copy number of one in all but three

genomes. AT9900, AT9762, and AT9744 had three copies of RFL1 each. The copy number

of AT1G12220 (RESISTANT TO P. SYRINGAE 5; RPS5) varied between five (AT6137,

AT8285, AT9847, and AT9852) and nine in AT9503. In former studies such presence

absence variation has been reported for RPS5 (Gao, Roux, and Bergelson 2009). The

following CC-NBS-LRR NLR genes had a conserved copy number of one in all eighteen

genomes, as well as TAIR10: AT1G12280 (Suppressor of MKK1 MKK2 2; SUMM2),

AT1G51480 (RESISTANCE SILENCED GENE 1; RSG1), AT1G53350, AT3G14470

(LEUCINE RICH REPEAT PROTEIN 1, LRR4), AT3G50950 (HOPZ-ACTIVATED

RESISTANCE 1; ZAR1), and AT5G47250. All other CC-NBS-LRR NLR genes exhibited copy

number variation among the eighteen assemblies and/ or TAIR10. AT1G15890 (L3) was

present in two copies in all but four genomes (TAIR10: 1; AT6929: 1; AT9503: 1; AT9578: 1).

AT1G58390 was present in two copies in all but five genomes. TAIR10, AT6929, and AT8285

had three copies while AT7143 and AT9744 had one copy of AT1G58390. Copy numbers of

AT1G58602 (RECOGNITION OF PERONOSPORA PARASITICA 7; RPP7) varied between

one and five. Similarly, AT1G59780 copy numbers ranged from one to four with a median of

one per assembly. In contrast, AT1G61190 was only detected in three of the eighteen

accessions (AT8285, AT9762, and AT9847) with one copy each, and in TAIR10 with one

copy as well. AT1G62630 was detected in all genomes. However, its copy number ranged

from one to five (AT9744), with a median of three. AT1G63350 was only found in seven
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genomes (TAIR10, AT6929, AT8285, AT9503, AT9762, AT9806, and AT9883). All of these

genomes had exactly one copy of the gene, except for AT9883, which had three copies.

Eight of the genomes had two copies of AT3G46730, while all other genomes, including

TAIR10, only had one copy of the gene. In the case of AT4G26090 (RESISTANT TO P.

SYRINGAE 2; RPS2) the gene was found to have a conserved copy number of one in all

assemblies except for AT9900, which had two copies. Similarly, all genomes had one copy of

AT4G27190, except for AT9879 and AT9762, which had two copies each. AT4G27220 was

only detected in AT6923, AT7143, AT9104, AT9336, AT9578, AT9744, AT9762, AT9806,

AT9847, AT9852, and TAIR10. In these genomes, I annotated exactly one copy of

AT4G27220. Similarly, AT5G05400 was only found in ten out of the eighteen accessions.

When present, there was only one copy. AT5G35450 was annotated in all eighteen

genomes. Its copy number varied between three and five, with a median of four. The

RESISTANCE SILENCED GENE 2 (RSG2; AT5G43730) was found in all assemblies in

either one or two copies. The copy number of AT5G47260 was observed to be the same

among all accessions except for AT9762 where it had two copies instead of one. Similarly,

SUT1 (SUPPRESSOR OF TOPP4-1; AT5G63020), had a copy number in all but two

assemblies. In AT9578 and AT9744, two copies of AT5G63020 were annotated each.
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Figure 50: Stacked bar plots showing copy number variation of different NLRs. Copy number of
reference (A) CC-NBS NLRs, (B) CC-NBS-LRR NLRs, (C) NBS-LRR NLRs, (D) RPW8-NBS-LRRs,
(E) TIR-NBS-LRR NLRs, and (F) TIR-NBS NLRs is plotted on the y-axis. Colored stacks represent the
18 annotations.
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All but two (AT3G07040, and AT4G09360) of the known NBS-LRR NLR genes were

detected in all eighteen assemblies (Figure 50C). For AT1G61190 I annotated one copy

each in the assemblies of AT8285, AT9762, and AT9847. In contrast, AT3G07040

(RESISTANCE TO P. SYRINGAE MACULICOLA 1; RPM1) was detected in fifteen

assemblies with a conserved copy number of one per genome. RPM1 was absent in the

annotations of AT7143, AT9762, and AT9830. In the case of RPM1, such presence absence

variation (PAV) has been described before (Grant et al. 1998). AT4G09360 was found in

thirteen assemblies and TAIR10 with a copy number ranging from one to five. Four

assemblies had more than one copy. The assemblies of AT9503 and AT9852 had two copies

each, while AT9847 had three copies. AT9900 had five copies of AT4G09360. The copy

number of AT1G05400 varied between one and four with a median of two. The following

NBS-LRR NLR genes had a conserved copy number of one in all eighteen assemblies:

AT3G44480 (RPP1-WsA), AT1G63750, AT3G14460 (LEUCINE-RICH REPEAT PROTEIN 1;

LRRAC1), and AT5G38350. In contrast, the copy number of AT4G12020 (WRKY19) varied

between one and two. Four accessions (AT7143, AT9744, AT9847, and AT9852) had two

copies ofWRKY19.

Most RPW8-NBS-LRR NLR genes were found in all eighteen assemblies: AT4G33300

(ADR1-L1), AT5G04720 (ADR1-L2), AT5G66900 (N REQUIREMENT GENE 1.1; NRG1.1),

and AT5G66910 (NRG1.2). ADR1 (ACTIVATED DISEASE RESISTANCE 1; AT1G33560)

was absent in the assembly of AT9762 (Figure 50D).

Out of the 67 known TIR-NBS-LRR genes, 46 were found in all eighteen accessions (Figure
50E). The following TIR-NBS-LRR genes were detected in all assemblies with a conserved

copy number of one: AT1G17600 (SOC3), AT1G27170, AT1G56540, AT1G63730,

AT1G63740, AT1G65850, AT1G69550, AT2G14080, AT2G16870, AT2G17060, AT3G04220,

AT3G25510, AT4G11170 (RESISTANCE METHYLATED GENE 1; RMG1), AT4G12010

(DOMINANT SUPPRESSOR OF CAMTA3; DSC1), AT4G14370, AT4G19500, AT4G19510

(RPP2B), AT4G19520, AT4G19530, AT4G36140, AT4G36150, AT5G11250 (BURNOUT1),

AT5G17880 (CONSTITUTIVE SHADE AVOIDANCE 1; CSA1), AT5G17890 (CHILLING

SENSITIVE 3; CHS3), AT5G18360 (HOPB-ACTIVATED RESISTANCE1; BAR1),

AT5G18370 (DOMINANT SUPPRESSOR OF CAMTA2; DSC2), AT5G38340, AT5G40100,

AT5G44510 (TARGET OF AVRB OPERATION; TAO1), AT5G45060, AT5G45210, and

AT5G45220. In contrast, sixteen out of the 67 TIR-NBS-LRR genes were found in all

assemblies but with variable copy numbers. The gene AT1G31540 had between seven and

ten copies per assembly, with eight copies on average. AT1G63870 copy numbers ranged

from one to three with a median of three. RLM1 (RESISTANCE TO LEPTOSPHAERIA

MACULANS 1; AT1G64070) had a copy number of one in all assemblies except for AT7143,
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which had two copies. The median number of detected copies of AT3G44400 was seven.

The lowest number of copies was found in the assembly of AT9979 (three), while four other

assemblies had ten copies each (AT7143, AT9336, AT9578, and AT9830). Every assembly

had one copy of AT3G51560, except for AT9852 which had two copies. Similarly,

AT3G51570 had a conserved copy number of one in all but one assembly. In the genome of

AT6929 I annotated two copies of the gene. The number of AT4G16860 (RECOGNITION OF

PERONOSPORA PARASITICA 4; RPP4) copies ranged from one (TAIR10) to eleven

(AT9104), with a median of five. In the case of AT9806, two copies of AT5G17680 were

detected. In contrast, the other seventeen assemblies had one copy of the gene. Similarly,

AT5G22690 had a conserved copy number of one in all assemblies except for AT9830,

where two copies were observed. MIST1 (MICRORNA-SILENCED TNL1; AT5G38850) was

annotated with one copy per genome in all but two assemblies. In the genomes of AT9744

and AT9900, it was possible to detect two copies of the gene. AT5G40910 was found in all

eighteen assemblies. In five assemblies (AT6923, AT6929, AT7143, AT9847, and AT9900) I

annotated two copies each, while the remaining assemblies each had one copy of the gene.

Copy numbers of AT5G41540 varied between three and five in the eighteen assemblies.

TAIR10 has one copy of AT5G41540. The median copy number of AT5G41540 was four per

genome. In contrast, WRK16 (AT5G45050) had a conserved copy number of one in all

assemblies except for AT6929, which had two copies. Similarly to that, AT5G45200 had a

copy number of one in all but one (AT9104; two copies) of the eighteen assemblies.

Likewise, I detected one copy of AT5G58120 (DANGEROUS MIX 10; DM10) in each of the

assemblies with the exception of AT6923, where two copies of the gene were annotated. The

TIR-NBS-LRR gene AT1G27180 was found to have one copy each in the assemblies of

AT6923, AT8285, AT9336, AT9503, AT9744, AT9847, AT9852, AT9879, AT9883, and

AT9900, but was absent in the other eight assemblies. Similarly, AT1G56510 (ACTIVATED

DISEASE RESISTANCE 2; ADR2) was detected with one copy per assembly and was

absent in the assemblies of AT8285, AT9104, AT9578, and AT9806. Both AT1G56510 and

AT1G56520 were absent in the annotations of AT8285, AT9104, AT9578, and AT9806. In the

case of AT1G63860, copy numbers ranged from one to three. However, AT1G63860 was

absent in the assemblies of AT9744 and AT9830. TNL40 (AT1G72840) copy numbers varied

between one and four while the gene was absent in AT9104 (Figure 50E). In contrast,

TNL60 (AT1G72860) could only be detected in the assemblies of AT9104, AT9744, AT9762,

AT9852, AT9879, and AT9883. It had a conserved copy number of one in these six

genomes. AT2G17050 was observed to have one copy in all assemblies except for AT9503

and AT6923, where it was not detectable. Moreover, the assemblies of AT9336, AT9830, and

AT9900 lacked the TIR-NBS-LRR gene AT4G16900. In the other assemblies I annotated

between one and four copies of the gene. The median copy number of AT4G16900 was one
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per genome. SIKIC1 (SIDEKICK SNC1 1; AT4G16940) was absent in the assemblies of

AT7143, AT8285, AT9806, and AT9830. SIKIC1 copy numbers ranged from one to six in the

assembly of AT9104. However, the median copy number was two. Furthermore, the gene

was not detected in the annotations of AT7143, AT8285, AT9806, and AT9830. AT5G17970

had a conserved copy number of one but was absent in the assemblies of AT7143, AT9104,

AT9830, AT9879, and AT9900. Copy numbers of the gene AT5G18350 varied between one

and two in thirteen assemblies. In contrast, AT5G36930 was only found in four assemblies

and TAIR10 (AT9104, AT9762, AT9806, and AT9852) with a copy number of one. TTR1

(TOLERANCE TO TOBACCO RINGSPOT VIRUS 1; AT5G44870) was not detected in

AT9900, but had a conserved copy number of one in all other assemblies. Unlike TTR1,

AT5G45230 was only observed in the genomes of AT9830 and AT9883. Likewise,

AT5G45240 was absent in all assemblies except for AT9830 and AT9883. Both AT5G45230

and AT5G45240 had a copy number of one in the aforementioned genomes. In contrast,

RPS4 (RESISTANT TO P. SYRINGAE 4; AT5G45250) was found in every assembly except

for AT9900 with a conserved copy number of one. Likewise, RPS6 (RESISTANT TO P.

SYRINGAE 6; AT5G46470) had one copy in each assembly, with the exception of A9879,

where it was not detected. Similarly, AT5G45260 (RESISTANT TO RALSTONIA

SOLANACEARUM 1; RRS1-R) exhibited a copy number of one in every assembly except for

AT9900 and AT9879 where the gene was absent. AT5G49140 was found in twelve out of

eighteen assemblies, where it had one copy per genome. Similarly, AT5G51630 had one

copy in twelve assemblies while being absent in the remaining six accessions.

All known TIR-NBS NLR genes were detected in at least five out of eighteen accessions

(Figure 50F). The following TIR-NBS NLR genes were found to have a conserved copy

number of one in all eighteen assemblies: AT1G17615 (TIR-NBS 2; TN2), AT1G66090

(TIR-NBS 3; TN3), AT1G72950 (TIR-NBS 12; TN12), and AT3G04210 (TIR-NBS 13; TN13).

In contrast to the aforementioned genes, I could identify three other TIR-NBS-LRRs with

copy number variation in all eighteen assemblies (AT1G17610, AT1G72890, and

AT5G40090). In the case of AT1G17610 and TN18 (TIR-NBS 18; AT5G40090), all genomes

had one copy, while two copies of each gene were detected in the assembly of AT9883. TN6

(TIR-NBS 6; AT1G72890) had one copy per genome, with the exception of AT6923 and

AT9847, where two copies were annotated. TN4 (TIR-NBS 4; AT1G72850) had one copy in

fifteen assemblies, but was absent in the genomes of AT6929, AT9104, and AT9503. In

contrast, TN5 (TIR-NBS 5; AT1G72870) was only detected in six accessions (AT9104,

AT9744, AT9762, AT9852, AT9879, and AT9883). However, TN7 (TIR-NBS 7; AT1G72900)

was present in all assemblies except for AT9503. Three accessions (AT6923, AT7143, and

AT9847) had two TN7 copies, while all others had only one copy of the gene. In contrast,
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TN8 (TIR-NBS 8; AT1G72910) was only detected in ten out of eighteen assemblies, with a

conserved copy number of one. TIR-NBS 9 (TN9; AT1G72920) was only detected in the

genomes of AT6137, AT6929, AT9503, AT9806, AT9830, and AT9900. In contrast, it was

possible to detect TN10 (TIR-NBS 10; AT1G72930) in all but two assemblies (AT8285 and

AT9883), with a copy number of one. Similarly, one copy of TN11 (TIR-NBS 11; AT1G72940)

was annotated in all genomes except for AT9578. Analyzing TN15 (TIR-NBS 15;

AT4G09420) revealed one copy of the gene in all but four genomes (AT9104, AT9762,

AT9830, and AT9879). Similarly, one copy of TN16 (TIR-NBS 16; AT4G16990) was detected

in all genomes except for AT9503 and AT9900, where the gene was absent. In contrast,

TN20 (TIR-NBS 20; AT5G48780) was only detected in the genomes of AT8285, AT9503,

AT9744, AT9830, and AT9883. In these assemblies TN20 had a conserved copy number of

one.

In summary, the analysis of NLR orthologs revealed that CC-NBS and RPW8-NBS-LRR

genes are less variable in copy number among the eighteen accessions compared to the

other analyzed NLR gene families. Further analyses will be required in order to investigate if

NLRs from clusters are more likely to exhibit copy number variation.

NLRome liftoff

A special focus of this work was NLR gene diversity. Thus, in addition to the aforementioned

transmap-guided ab initio whole genome annotation followed by ortholog assignment,

resistance genes were annotated additionally using a previously published set of A. thaliana

NLR genes from 64 accessions (Van de Weyer et al. 2019). Two accessions (AT9762 and

AT9879) out of the 18 lines had also been part of the Van de Weyer et al. study. Thus, I

benchmarked the NLR liftover approach with these two overlapping accessions. Due to the

fact that full genome information was not available in the Van de Weyer et al. study, I

expected that the NLR liftover approach presented here should yield at least as many, if not

more, annotated NLR genes. Van de Weyer et al. reported a total of 216 NLR genes for

AT9762 and a total of 213 genes for AT9879. I annotated 17 additional NLR genes in

AT9762, and 9 additional NLR genes in AT9879. All additionally annotated NLR genes were

part of the NLR catalog from van de Weyer et al.. However, these genes were either not

annotated in the two aforementioned accessions by van de Weyer or they had lower copy

numbers. The approach presented here yielded a slightly higher number of NLR genes.

Therefore, I used the NLR gene liftover approach for confidently annotating NLR genes.
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Figure 51: Number of NLR genes from the pan NLRome that were successfully mapped onto
the 18 genome assemblies. Colored stacks are representing unplaced contigs and the five
chromosomes.

The number of NLR genes annotated by liftover (Shumate and Salzberg 2020a) varied

between 207 (AT6929) and 255 (AT6923 and AT9578) as shown in figure 51, with an

average of 238 NLR genes per genome. Most NLR genes were located on chromosomes

one (72) and five (70), while the lowest average was observed on chromosome two (13).

These findings are in agreement with previous studies on NLR gene clusters of

chromosomes one and five in A. thaliana (Chae et al. 2014). Chromosome three had 38 NLR

genes on average whereas chromosome four had 44 NLR genes. The number of NLR genes

annotated on chromosome one ranged from 64 in the assembly of AT6929 to 80 in AT6923.

In contrast, the number of NLR genes annotated on chromosome two only varied between

eleven (AT6137, AT9336, AT9744, and AT9806) and sixteen (AT9104 and AT9578). On

chromosome three I detected between 27 (AT6929 and AT9806) and 54 NLR genes.

Similarly, NLR gene numbers on chromosome four ranged from 30 in the assembly of

AT9879 to 61 in AT9578. Between 63 (AT9900) and 78 (AT9847) NLR genes were annotated

on chromosome five. Former studies have shown that chromosomes one, three, four, and

five each have NLR gene clusters (Chae et al. 2014). Chromosomes with the most NLR

genes were also the most variable in terms of the total number of NLRs. Thus, the greatest

variation in terms of the number of annotated NLR genes was observed on chromosomes
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three and four, where the maximum number of NLRs was almost twice as high as compared

to the assembly with the lowest number of such genes. It is noteworthy that no NLR genes were

annotated on unplaced contigs.

Figure 52: Heatmap of NLR gene densities along chromosomes of the reference Col-0. Darker
colors indicate a higher NLR density while gray indicates the absence of NLRs in a given window.
Figure adopted from Chae et al. 2014.

As mentioned in the introduction, NLR genes often occur within clusters (Figure 52) (Chae
et al. 2014; B. C. Meyers et al. 1998; Leister et al. 1998). For further analysis I used a

definition of NLR clusters as genes that are less than 200 kb away from each other in the

genome (Holub 2001). Following this definition, while calculating the NLR distances,

revealed that between 66 % (in AT6929) and 72 % (in AT9762) of the annotated NLRs are

located within clusters. This is comparable to Van de Weyer et al. 2019 who reported that 47

% to 71 % of all NLRs can be found in clusters. In order to assess where these clusters are

located I separated each chromosome into 100 equally long windows. Subsequently, all

NLRs being located in one window (bin) were counted. The counts per bin are visualized for

all eighteen assemblies in figure 53. When comparing the distribution of all genes vs the

distribution of NLR genes it became evident that NLR genes are much more unevenly

distributed compared to other genes. This is expected from literature (Chae et al. 2014). This

analysis showed that the known NLR clusters on chromosomes one, three, four, and five

were recovered by the aforementioned lift over approach. In all assemblies a high density of

NLR genes was observed in the region of chromosome 1 where the RPP7 cluster is located
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in the reference (Figure 52 and figure 53). Based on the heatmaps shown in figure 53 it

became evident that presence absence variation of NLRs is common in all assemblies which

is in agreement with my previous findings (Figure 50). However, further effort will be required
in order to investigate if NLRs located in clusters have a higher likelihood of exhibiting

presence absence variation.
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Figure 53: Heatmap of NLR gene densities along chromosomes of the eighteen assemblies.
Each chromosome was divided into 100 bins. NLRs from the Van de Weyer 2019 dataset were
counted. Brighter colors indicate a lower NLR density while gray regions do not bear any NLRs.
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Having assessed the number of annotated NLR genes, I addressed the question of how the

NLR types are distributed in the eighteen genomes of this study. The NLR genes were

therefore grouped into the four classes TIR-NLR (TNL), CC-NLR (CNL), CCR-NLR (RNL),

and NB-and-LRR-only proteins (NL), as described in Van de Weyer et al. 2019.

Subsequently, the occurrences of genes from these four classes were counted in each

accession (Figure 54). In each of the eighteen accessions, TNLs accounted for the vast

majority of NLR gene types. The number of annotated TNL genes varied between 130 in the

assembly of AT9879 and 162 in AT9578, with an average of 146. The number of detected NL

genes ranged from 34 in AT6929 to 58 in the assemblies of AT7143 and AT9847. The

average number of annotated NL genes was 47 per genome. The average number of CNLs

was 28 per assembly with a minimum of 22 in AT9830 and a maximum of 34 in AT9744.

CCR-NLRs represented the rarest class of NLR genes. On average each accession had

sixteen such genes. The total number of RNLs varied between nine in AT9806 and 28 in

AT9830.

Figure 54: Pirate plot showing the number of NLR genes from a given class that were
successfully lifted over from the Van de Weyer 2019 dataset. Each dot represents a single
accession.

From the NLR liftover approach it can be summarized that the total number of annotated

NLR genes differed by up to 48 between the accession with the highest and lowest number.

Moreover, it became evident that most NLR genes were located on chromosomes one, four,

and five. Additionally, it can be noted that TNLs represented the most abundant class of NLR

genes in the eighteen accessions analyzed in this study and that the majority of NLRs were

located in clusters. In conclusion, using the NLRome data from the pan NLRome study (Van

de Weyer et al. 2019) it was possible to discover NLR genes in the eighteen accessions that
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would have been missed when only relying on assignment of orthologous genes with the

reference TAIR10. Moreover, I have demonstrated that the usage of a de novo whole

genome assembly helps to identify more NLR genes as compared to using bait capture

based methods.
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4.2 Differential gene expression in A. thaliana F1 hybrids
As stated in the introductory section of this thesis I set out to assess if F1 hybrids of Col-0

and Ler-0 show non-additive gene expression. Thus, RNA sequencing (RNA-seq) was used

in order to compare the transcriptomes of Ler-0xCol-0 F1 hybrids to their inbred parents.

Gene expression in hybrids and parents was assessed in different tissues and at different

time points. Instead of mapping the RNA-seq reads to a single reference genome I wanted to

make use of recently in house generated PacBio long-read assemblies. These high quality

genome assemblies of Col-0 and Ler-0 were used in order to generate a custom hybrid

reference that contains full genome information of both inbred parents. Subsequently, the

RNA sequencing reads were mapped to that custom reference in order to assess differences

in gene expression between hybrids and inbred parents.

4.2.1 Custom reference and short-read mapping
The custom hybrid reference was generated using in house generated PacBio long-read

genome assemblies from Col-0 and Ler-0. In the following sections and figures I will refer to

Col-0 as ‘Parent 1’ while Ler-0 will be referred to as ‘Parent 2’. Both parental genomes were

annotated separately using the comparative annotation toolkit (CAT) (Fiddes et al. 2017) with

TAIR10 (Lamesch et al. 2012) as the reference. Subsequently, the information from both, the

reference as well as the newly annotated genomes were combined by assigning orthologs

using Orthofinder (Emms and Kelly 2015). In the parental genome annotations it was

possible to recover 96% of all protein coding genes annotated in TAIR10. Moreover, a total of

1545 genes have been de novo annotated using AugustusCGP (Stanke and Waack 2003).

The ortholog assignment enabled generating a transmap for the hybrid. This map holds the

information of which two parental alleles belong to which gene. RNA-seq reads from all

genotypes, tissues, and timepoints were mapped against the custom hybrid reference

containing full length transcriptome information of Col-0 and Ler-0 with mapping rates

ranging from 69% to >90% and an average of 83.43% reads mapped. The number of reads

being filtered due to too many alignments was zero in all samples. For comparison I mapped

all RNA-seq samples against the public A. thaliana reference TAIR10. Comparison between

the custom and the public reference did not reveal any significant differences (paired t-test)

with regard to the number of aligned (p value > 0.6), unaligned (p value > 0.6) or filtered

reads (p value = n/a). Thus, using the custom reference did not improve or worsen the

overall number of aligned RNA-seq reads. Subsequently, the fraction of aligned reads was

divided into unique, multiple, and uncertain alignments. Between 91 % and 94 % of the

reads were uniquely aligned when using the custom reference. Thus, between 5 % to 9 % of

the reads aligned to multiple positions. In contrast to this, the fraction of reads aligning to
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multiple positions ranged from 6 % to 21 % when using TAIR10 as a reference. Thus, the

number of uniquely aligned reads was significantly higher (paired t-test; p val < 2.18e-13)

when using the custom reference. However, in this case multi-mapped reads also include

isoform-level multi-mappings. The annotation of multiple isoforms was not done for the

custom hybrid reference. Thus, these differences in multiple mappings are most likely

explained by the lack of more isoforms in the custom reference. Moreover, RSEM, the tool

that was used for downstream processing of the read alignments, is capable of correcting for

multiple mappings while estimating the abundance of each transcript (B. Li and Dewey

2011). Having demonstrated that using the custom reference resulted in higher numbers of

uniquely aligned reads while not affecting overall mapping rates I decided to perform further

downstream analyses using the custom hybrid reference. RSEM was used to estimate the

abundance of each transcript from the previously generated alignments. In case of the

custom reference the expression level of a given gene is calculated by taking into account

the reads that are mapped to the two parental alleles. Estimated transcript abundances were

subsequently used to compare the transcriptomes from the different genotypes, tissues, and

time points among each other.

4.2.2 Tissue as main driver of variance
A principal component analysis (PCA) was performed on all samples of the presented

dataset in order to visualize key differences among the transcriptomes. Transcriptomic

differences among tissues can explain much of the overall variance in the dataset (Figure
55A), indicated by tight clustering according to samples by tissue of origin. The first principal

component, explaining 52% of the variance, separates the four tissue types, with the

greatest distance between flowers and roots, and seedlings 3 days after germination (3DAG)

in between. PC2 groups roots, seedlings, and shoots closer together while further separating

flower samples from the other tissues. In sum, PC1 and PC2 explain 72 % of the overall

variance among the transcriptomes of the dataset. Principal component three separates the

three genotypes from each other while explaining 8 % of the overall variance (Figure 55B).
These findings show that transcriptomic differences among tissue types are the main driver

of variance in this dataset rather than genotypes or tissue age.
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Figure 55: Principal component analyses of the transcriptomes of all samples. Shapes are
indicating different tissues and time points while colors are representing the three genotypes. (A)
Principal components 1 and 2, (B) principal components 3 and 4.
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To explore how parents and hybrids compared to each other, I performed PCA on samples

with the same tissue of origin, which separated the three genotypes from each other and

placed the hybrid transcriptomes between the two parents. This pattern (Figure 56), hybrids
being in between the inbred parents was observed for all tissues and timepoints. Differences

among the three genotypes explained between 45 % and 63 % of the overall variation within

one tissue and at one time point. Moreover, in seedling and flower samples, it was observed

that the second principal component grouped the inbred parents and separated them from

the F1 hybrid samples while explaining between 11 % (seedlings) (example in figure 56) and
21 % (flowers) of the variation. However, no such clear grouping in the second PC was

observed for root and shoot samples.

Figure 56: Principal component analysis of the transcriptomes of seedlings 3 days after
germination. Colors are representing the three genotypes.

It can be summarized that transcriptomic differences among tissues are greater as compared

to differences among genotypes or timepoints. However, when investigating samples from

the same tissue, the first principal component always separated the three genotypes from

each other with the F1 hybrid samples clustering in- between the parental transcriptomes.

Moreover, in seedling and flower samples, it was observed that the second principal

component grouped the inbred parents and separated them from the F1 hybrid samples.

4.2.3 Non-additive effects in principal component analysis
Non-additive hybrid phenotypes are such phenotypes that deviate from the mean of their

inbred parents for a given trait (Figure 3). In order to measure such non-additive effects one
has to calculate the mean of both parents, the so-called mid-parent value (MPV). The above

described results from the PCA of 3 DAG seedlings and 21 DAG flowers grouped the inbred

parents while separating them from the F1 hybrids in the second PC. In order to investigate if
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this separation of inbred parents and F1 hybrid offspring indicates non-additive effects, I

created in silico hybrids. These in silico hybrids comprise 50% read data from each parent.

Thus, if there were no non-additive effects it would be expected that in silico hybrids and F1

hybrids cluster together in the second principal component.

Figure 57: Principal component analyses of the transcriptomes of (A) seedlings 3 and (B)
flowers 21 days after germination including in silico hybrids. Colors are representing the four
genotypes.

Randomly selected in silico samples from seedlings 3 DAG formed a cluster with F1 hybrids

samples in the first principal component while clustering with inbred parents in the second

principal component (Figure 57A). Likewise, the in silico hybrids from flower samples

clustered with the F1 hybrids in the first principle component while being grouped with the

inbred parents in the second principle component (Figure 57B). These findings indicate that
the separation of parents and F1 hybrids in the second principle component is due to

non-additive gene expression that cannot be explained by simply mixing parental read data.
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Thus, the next section describes how expression of those genes, that separate F1 hybrids

from the parents and the in silico hybrids, was quantified.

4.2.4 Non-additive gene expression in F1 hybrids
I determined differentially expressed genes (DEGs) among the three different genotypes for

each tissue and time point individually using DESeq2 (Love, Huber, and Anders 2014)2014).

Mid parent values (MPV) for gene expression of each gene was calculated computationally

based on parental values. Hybrid transcriptomes were compared to each of the parents as

well as to the MPV. Moreover, differences in gene expression between both inbred parents

were examined. A gene was considered to be significantly differentially expressed when

showing a log2 fold-change of > 0.5 and padj < 0.01. The number of genes that showed

significant expression changes as compared to the MPV, was counted. This expression

pattern is referred to as mid-parent heterosis (MPH). Moreover, the number of genes

exceeding the best-parent (best-parent heterosis; BPH) or being below the expression level

of the low-parent was examined (low-parent heterosis; LPH). These two expression patterns

are summarized as best parent heterosis (BPH). Thus, genes showing BPH are also

included in the MPH gene set. However, genes showing MPH do not necessarily also show

BPH.

The number of non-additively expressed genes differed among the different tissues and time

points is shown in table 10. The highest number of genes showing MPH expression patterns

was observed in 21 DAG flower samples (1,999) while the lowest number of MPH genes

was detected in 3 DAG seedlings (422). In all samples it was observed that the majority of

non-additively expressed genes was upregulated compared to the MPV. The portion of

genes showing not only MPH but also BPH ranged from 29 % (124) in 3 DAG seedlings to

81 % (1,627) in 21 DAG flowers. Between 15 % (52 in 3 DAG seedling) to 70 % (859 in 21

DAG flowers) of the genes being upregulated compared to MPV also exceed the better

parent value.
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Table 10: Overview on differentially expressed genes (log2FC > |0.5| && padj < 0.01).
Non-additively expressed genes were further separated into mid-parent and best or low parent
heterosis.

Sample

Parent 1 (P1) vs Parent 2
(P2)

Non-additively expressed genes

Mid parent heterosis Best parent (BP) & low
parent (LP) heterosis

P1 > P2 P1 < P2 Sum F1 >
MPV

F1 <
MPV Sum F1 > BP F1 < LP Sum

3 DAG seedling 1387 1715 3102 347 74 422 52 72 124

10 DAG root 2773 3097 5870 478 27 505 119 25 144

10 DAG shoot 2265 2101 4366 525 238 763 206 211 417

21 DAG root 2110 2497 4607 434 55 489 97 48 145

21 DAG shoot 1865 1924 3789 706 591 1297 350 561 911

21 DAG flower 1506 1866 3372 1210 789 1999 859 768 1627

In contrast to that, it was observed in all but one sample (21 DAG root) that between 89 % to

97 % of the genes being expressed below the MPV were also expressed below the lower

parent. In three samples (3 DAG seedling, 10 DAG shoot, and 21 DAG shoot) more BPH

genes were expressed below the value of the lower parent while fewer BPH genes were

exceeding the better parent. In the remaining two samples the opposite was observed.

However, positive as well as negative fitness consequences can result from both, lower and

higher expression compared to MPV. In addition, shoot samples from both time points

showed a higher number of MPH and BPH genes when compared to the corresponding root

samples. Comparing parental transcriptomes with each other led to the detection of 3,102 (3

DAG seedling) to 5,870 (10 DAG root) differentially expressed genes (Table 10). Thus, the
differences in non-additively expressed genes between the different tissues and time points

did not correlate with the number of genes that are differentially expressed between the

inbred parents. As mentioned before, most non-additively expressed genes were

upregulated as compared to the MPV. In contrast to this, the number of up- and

down-regulated genes was more balanced when comparing the parental transcriptomes

(Table 10; see example figure 58). Thus, between 42 % (21 DAG root) and 52 % (10 DAG

shoot) of the differentially expressed genes were upregulated in parent 1 when compared to

parent 2. If non-additively expressed genes are also differentially expressed between the

inbred parents will be examined in a later section of this thesis.
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Figure 58: Volcano plot showing gene expression changes in 3 DAG seedlings. Blue dots are
representing significantly differentially expressed genes while red dots represent genes with padj >
0.01 && log2FC < |0.5|. Black vertical bars are marking log2FC of 0.5. Left panel: Differentially
expressed genes when comparing parent 1 and parent 2. Right panel: Differentially expressed genes
when comparing the F1 hybrid to the mid-parent value.

It can be summarized that the number of non-additively expressed genes increased during

plant development (Table 10; Figure 59). Therefore, I examined if the change in the number
of non-additively expressed genes during plant development could be explained by variation

in the number of expressed genes in general.
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Figure 59: Increase in the number of non-additively expressed genes in F1 hybrids. Colored
stacks are indicating the number of up- and down regulated genes.

The number of genes expressed in each genotype, tissue, and time point was calculated.

The total number of expressed genes varied between timepoints and tissues (Figure 60).
However, the variation in the number of expressed genes did not correlate with the number

of non-additively expressed genes.

Figure 60: Total number of expressed genes in all samples. Error bars are indicating the standard
deviation calculated from the three RNA sequencing replicates.

In summary, the here conducted analyses showed that the number of non-additively

expressed genes increased during plant development. Most non-additively expressed genes

were up-regulated compared to the mid parent value. Furthermore, in each tissue and at all

timepoints, the greatest number of significantly differentially expressed genes was identified

when comparing the parental genotypes to each other.
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4.2.5 Overlap in non-additively expressed genes
After identifying varying numbers of non-additively expressed genes in different

developmental stages and tissues, I tested how many of these MPH genes were shared

among samples from different tissues or time points.

Figure 61: Venn diagram showing the intersection of non-additively expressed genes between
root and shoot samples 10 days after germination.

Intersection analysis of root and shoot samples from plants 10 days after germination

showed that 18.6 % (199) of the non-additively expressed genes were shared between both

tissues (Figure 61).

Moreover, when intersecting the gene lists from hybrid root, shoot, and flower samples

harvested 21 days after germination, I observed that only 3.3 % of these genes showed

non-additive gene expression in all three tissue types (Figure 62). Flower samples had 1612
non additively expressed genes that were not shared with any of the other two sets. In

contrast, in the root samples only 8.1 % of the non-additively expressed genes were not

shared with either shoot or flower samples. Moreover, less than five percent of the MPH

genes were shared between root and shoot samples at 21 days after germination.
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Figure 62: Venn diagram showing the intersection of non-additively expressed genes between
root, shoot, and flower samples 21 days after germination.

Next, I intersected the non-additively expressed genes of roots at ten and twenty-one days

after germination (Figure 63). Here it was observed that 39.8 % (283) of the genes were

shared between root samples of both time points.

Figure 63: Venn diagram showing the intersection of non-additively expressed genes between
root samples.
A similar analysis of shoot samples from ten and twenty-one days after germination showed

that shoot samples from both time points only shared 13.3% (242) of the non-additively

expressed genes (Figure 64).
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Figure 64: Venn diagram showing the intersection of non-additively expressed genes between
shoot samples.

Further intersection analyses revealed that 81 were expressed in a non-additive manner in

all analyzed tissues and timepoints. Therefore, it can be summarized that tissues of different

time points shared a higher fraction of non-additively expressed genes compared to different

tissues from the same time point. This indicates that the genes which are expressed in a

non-additive manner are not specific to a certain time point but rather tissue dependent.

Moreover, it became evident that there is only a small number of genes exhibiting

non-additive expression patterns in all tissues and time points. These genes will be further

analyzed in the next section.

4.2.6 Gene ontology analysis of non-additively expressed genes
After having assessed the number of non-additively expressed genes for all tissues and time

points I set out to investigate if these MPH genes can be associated with certain biological

functions. Therefore, gene ontology (GO) analysis has been applied to the MPH gene lists of

all tissues and timepoints. The GO analysis is used in order to identify biological processes,

molecular functions, and cellular locations of gene products. The gene ontology consists of

two main elements. First there is a collection of biological terms that are put in a hierarchical

relationship. Second, there is an annotation that links genes and their corresponding gene

products to specific terms. Thus, a GO enrichment analysis allows one to detect if certain

biological processes are overrepresented in a given set of genes (Ashburner et al. 2000).

GO analysis of MPH genes has been performed using Panther (v17.0) (Mi et al. 2019). The

first GO analysis has been performed on each MPH gene list separately. Between 29 (3

DAG seedling and 10 DAG root) and 150 (21 DAG shoot) biological processes were

overrepresented when using Fisher’s exact test with p < 0.05. The terms 'defense response',
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'defense response to other organism', 'response to biotic stimulus', 'response to external

biotic stimulus', 'response to external stimulus', 'response to other organism', 'response to

stimulus', and 'response to stress' were significantly enriched in the MPH genes of all tissues

and time points when performing the GO analysis.

Figure 65: Gene ontology analysis of genes with non-additive expression patterns in all
tissues and timepoints.

Subsequently, I performed GO analyses on those 81 genes where the before described

intersection analysis showed that they have non-additive expression patterns in all tissues

and time points. As expected from the GO analyzes on the individual samples, the

categories 'defense response' and 'response to stimulus' were overrepresented. Next GO

analysis was performed on the combination of all genes that were expressed at MPH in at

least one sample. A subset of the significantly enriched GO terms is visualized using AgriGO

(v2) (Z. Du et al. 2010) (Figure 65). Again, GO terms related to 'response to stimulus',

'defense response', or 'immune response' were significantly enriched. In summary, I have

shown that the number of significantly enriched GO terms differed among the MPH genes of

the various samples. Moreover, I showed that a handful of GO terms, mostly related to

'response to stimulus' and ‘defense response’ are enriched in all tissues and time points.
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4.2.7 Parental expression divergence correlates with deviation from MPV
It has been described before that heterosis in F1 hybrids can be correlated with genetic

divergence of the corresponding inbred parents (Birchler et al. 2010; Troyer 2006).

Therefore, I checked if non-additively expressed genes are also more likely to be

differentially expressed between the inbred parents. All samples showed a significant overlap

(hypergeometric test for overrepresentation; p <0.01) among genes exhibiting differential

expression between parents and genes with non-additive expression levels in hybrids.

Between 30% and 80% of the non-additively expressed genes were also differentially

expressed when comparing both inbred parents to each other (Figure 66). In maize it was

also observed that there is a significant overlap between genes being differentially expressed

between parents while showing non-additive expression in F1 hybrids (Paschold et al. 2012).

Figure 66: Overlap of non-additively expressed genes with genes that were differentially
expressed between the inbred parents.
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Figure 67: Dot plots showing the correlation between parental expression divergence and
deviation from the mid-parent value (MPV) in F1 hybrids. Blues lines are representing the fitted
linear model. (A) 3 DAG seedling, (B) 10 DAG root, (C) 10 DAG shoot, (D) 21 DAG root, (E) 21 DAG
shoot, and (F) 21 DAG flower.
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After having observed this significant overlap I set out to investigate if the degree of

expression divergence between parents correlates with the degree of deviation from the

MPV in F1 hybrids. All genes that were differentially expressed between parents while

showing MPH in the F1 hybrids were analyzed further. For each gene the |log2 fold change|

between parents was compared to the |log 2 fold change| of the F1 hybrid vs the mid-parent

value. Pearson’s correlation test was performed to determine statistically significant

correlations (P < 0.01) among absolute values of log2 fold change Parent1 vs Parent2 and

the obtained log2 fold change of F1 hybrids vs MPV. Both variables were positively correlated

in all analyzed samples with correlation coefficients (R) ranging from 0.62 in shoot

transcriptomes 21 DAG and 0.85 in shoot transcriptomes 10 DAG. Thus, the magnitude of

expression divergence between parental genotypes was significantly correlated with F1

hybrid expression deviation from the mid parent value. It has been reported that expression

deviation from the MPV in maize hybrids is correlated with expression divergence between

parents (Stupar et al. 2008). From this I conclude that the results from this set of A. thaliana

F1 hybrids are in agreement with previous findings. If parental expression divergence

between parents can be used to predict non-additive gene expression in hybrids will be

discussed later in this thesis.
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5. Discussion
The goal of my dissertation was to exploit state-of-the-art long-read sequencing technologies

to overcome some of the limitations of former studies that relied on short-read data. In

chapter 4.1, I showed that PacBio Hifi sequencing allowed for the robust generation of

eighteen highly contiguous de novo genome assemblies with very similar characteristics. In

addition I have explained that two of the initially twenty datasets had to be removed from

downstream analyses due to low quality or contamination. Moreover, I demonstrated that

these eighteen genomes can be used to study regions of the genome that were inaccessible

even in the current gold-standard reference genome of A. thaliana. The de novo genome

assemblies allowed me to confidently assess and compare gene numbers between

accessions, with a focus on detection of non-reference NLR genes. In chapter 4.2, I

demonstrated how such long-read de novo genome assemblies can be used in the analysis

of non-additive gene expression of F1 hybrids from A. thaliana. My PhD project will serve as

the basis for upcoming projects focusing on the manual annotation and characterization of

NLR gene diversity among the eighteen accessions that were the subject of this study. My

part of that project has mostly centered on the assembly of high-quality chromosome-scale

genomes that had become possible at the start of my PhD, as technological advances

became available in-house at the institute. As this was not yet standardized, during the

course of my work I undertook several comparisons and some optimization on the way, and

the workflow I have described in the results section has now become a standard workflow

that others can apply. The biological material I studied is part of a larger project in which

genomic diversity at disease resistance loci is particularly interesting, and with the data I

generated at hand, in-depth comparisons as well as experimental studies can now take

place.

The following chapter discusses the methods and results of this thesis. For the first project of

18 differential lines, issues and decisions related to quality control and the genome assembly

workflow are discussed. For the project of differential gene expression in hybrids I will

discuss the use of a custom hybrid reference genome for the analyses of non-additive gene

expression in hybrids with regards to parental expression divergence.
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5.1 Eighteen differential A. thaliana lines

5.1.1 Quality control
Performing de novo genome assembly requires upfront knowledge of certain properties of

the target species’ genome such as genome size, ploidy, and heterozygosity

(Ranallo-Benavidez, Jaron, and Schatz 2020). Arabidopsis thaliana has a diploid genome

and a haploid size of approximately 135 Mb (Arabidopsis Genome Initiative 2000). When

working with inbred accessions, as it was the case for the work presented here, one can

assume that the genome is mostly homozygous (Mauch-Mani and Slusarenko 1993).

Moreover, parameters of the assembly tool I used require assumptions on the level of

heterozygosity of the genome (H. Cheng et al. 2021). Therefore, it was necessary to ensure

that the accessions used for this study were mostly homozygous. Various tools have been

developed in order to estimate genome size and heterozygosity directly from sequencing

reads, making additional up-front steps unnecessary. One approach relies on counting the

frequency of kmers (Chikhi and Medvedev 2013; Melsted and Halldórsson 2014; H. Sun et

al. 2017; Ranallo-Benavidez, Jaron, and Schatz 2020). One accession (AT6961) appeared

not to be fully homozygous (Figure 16). Thus, I decided to remove AT6961 from the dataset.

Non-target contaminants in whole-genome sequencing datasets can impact downstream

analyses (Goig et al. 2020). In some cases even published genomes that are deposited in

public databases have been found to contain sequences of non-target organisms (Lu and

Salzberg 2018; L. Tang 2020). Moreover, it has been described that in the worst-case

scenario, such contamination can result in drawing false conclusions about the dataset of

interest. One such example is a study on Bdelloid genomes where an unusually high number

of genes from non-metazoan species was reported and interpreted as horizontal gene

transfer (Debortoli et al. 2016). These results were later questioned as reanalyses of the

dataset revealed a contamination with non-target DNA (Wilson, Nowell, and Barraclough

2018). In addition, contaminations in the draft of the human genome have led to false

conclusions about potential horizontal gene transfer events (Lander et al. 2001; Willerslev et

al. 2002). Another example is a de novo assembled cow genome (Bos taurus) where further

investigation showed that the assembly contained 173 contigs derived from bacterial

contamination (Zimin et al. 2009; Merchant, Wood, and Salzberg 2014). Other researchers

studying ancient DNA from amber fossil bees found that the analyzed 18S rRNA sequences

were actually contaminants (Walden and Robertson 1997). Apart from mostly bacterial

contamination, a large study also identified in published genomes 154 assemblies with

human DNA contamination (Kryukov and Imanishi 2016). What these examples have in

common is that contamination during sample preparation or during the sequencing process
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lead to false conclusions, highlighting the need for thorough contamination screenings in

genome sequencing projects. Therefore, I screened all datasets for potential contaminants.

This screening revealed that ten of the generated datasets contained bacterial, mostly

Pseudomonas spec., sequences. The extent of contamination was highly variable (Figure
17). This indicates a non-systematic contamination of the sequenced samples. It has been

reported that contaminations with Pseudomonas are ubiquitous in DNA sample preparation

(Salter et al. 2014), and in our case likely originated during plant growth, as plants were

raised in non-sterile conditions in growth chambers on soil. The contaminant contigs were

removed in order to avoid false conclusions during downstream analyses.

5.1.2 Assembly method optimization
The PacBio Sequel II platform allows for multiplexing of different samples on the same

SMRT cell. Given the high costs of SMRT cell sequencing, it was important to determine the

minimum sequencing coverage that can be used in order to balance assembly quality and

sequencing costs. Genome coverage of de novo assembly projects in A. thaliana, published

after I had undertaken similar comparative analyses, are highly variable. For example, Wang

and colleagues (B. Wang et al. 2021) achieved a highly contiguous de novo assembly with

388x coverage, while Rabanal and colleagues (Rabanal et al. 2022) produced a high quality

assembly with 133x coverage. However, Rabanal and colleagues (Rabanal et al. 2022) also

showed that the impact of sequencing coverage on assembly quality as measured by

contiguity depends on the assembler. For Falcon-Unzip2, the assembler that I used to

determine the minimum sequencing coverage, they reported a drop in assembly contiguity

below 50x. Moreover they also observed that the contiguity of Falcon-Unzip2 based

assemblies is variable at coverages beyond 50x which is very similar to the observations that

I made (Figure 10). My comprehensive analyses indicate that a total of three A. thaliana

samples can be pooled on a single SMRT cell without compromising assembly contiguity.

However, since the total base yield per SMRT cell differed substantially between different

runs, we decided to not multiplex more then two samples in a single run.

It was unsurprising that increasing the quality threshold during CCS calling led to a lower

percentage of CCS reads that were kept for genome assembly. Moreover, I could show that

filtering for >Q20 reads resulted in a higher assembly contiguity compared to Q10 or Q30

filtered reads. This indicates that assembly contiguity is not only affected by genome

coverage but also by read quality. If the assembly contiguity was only affected by coverage it

would have been expected that using Q10 filtered reads results in a more contiguous

assembly since the total number of available reads is higher compared to Q20 or even Q30.

This is in agreement with PacBio company-provided protocols and former research articles
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that recommend filtering HiFi raw reads with a threshold of Q20 (Wenger et al. 2019; Naish

et al. 2021).

Using reads with different lengths as an input for performing de novo assemblies had a minor

impact on contiguity. This observation is in agreement with the findings reported by Rabanal

et al. 2022. Furthermore, they also observed the generation of chimeric contigs when using

Falcon-Unzip2, similar to what I have described (Figure 13 & 14).

Choosing the appropriate assembly tool can impact the quality of the de novo genome

assembly (H. Cheng et al. 2021). In general, one can differentiate between assembly tools

based on a greedy algorithm and graph based tools (Z. Li et al. 2012). At the moment, there

are four commonly used tools for performing de novo genome assembly from PacBio HiFi

reads: Falcon-Unzip2 (Chin et al. 2016), HiCanu (Nurk et al. 2020), Hifiasm (H. Cheng et al.

2021), and Improved Phased Assembler (IPA) (Pbipa: Improved Phased Assembler).

Therefore, I compared the performance of Falcon-Unzip2 and Hifiasm, both of which are

graph based assemblers (Chin et al. 2016; H. Cheng et al. 2021). I observed that Hifiasm

produced more contiguous genome assemblies as measured by the NG50 value (Figure
15). Moreover, it outperformed Falcon-Unzip2 when comparing the longest contig of each

assembly. Similar findings were reported for the model organisms A. thaliana (Rabanal et al.

2022) and Drosophila melanogaster (Gavrielatos et al. 2021). In addition, there is an

increasing number of studies describing the superiority of Hifiasm for performing de novo

genome assembly of complex non-model species such as human, Zea mays, Fragaria x

ananassa, Manihot esculenta, Dugesia tigrina, and Sminthurides aquaticus (Gavrielatos et

al. 2021; Garg et al. 2021; Qi et al. 2021; Schneider et al. 2021; H. Cheng et al. 2021).

Interestingly, Hifiasm assemblies were longer on average and had more contigs compared to

Falcon-Unzip2 based de novo assemblies (Figure 15). These observations are again in

agreement with the findings reported by Rabanal and colleagues (Rabanal et al. 2022) and

Gavrielatos and colleagues (Gavrielatos et al. 2021). In Rabanal et al. 2022, it was observed

that these differences in accumulated contig length between Falcon-Unzip2 and

Hifiasm-based assemblies can be attributed to organellar contigs as well as 5S rDNA

containing contigs. I made similar observations.

Large structural mis-assemblies at the level of chromosome ‘fusions’ and megabase-scale

translocations are often observed in draft genome assemblies (Rhie et al. 2021; Howe et al.

2021; Alonge et al. 2022). However, it is crucial to distinguish potential mis-assemblies from

true biological variation, usually by looking at differences between a gold standard reference

genome and the query assembly. I therefore tested RagTag 'correct' (Alonge et al. 2021), a

contig correction tool that aligns the query contigs to a given reference genome. In order to
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benchmark the performance of the RagTag correction module, I corrected all primary

assemblies using either the published A. thaliana genome TAIR10 or the optical map of

AT9852 as a reference. The number of contigs that were broken (corrected) was counted

afterwards. Since I also assembled AT9852 de novo it would be expected that in case of a

perfect assembly, no contig would be corrected. However, even when correcting the de novo

assembly of AT9852 with the optical map of the same accession two break points were

introduced. In contrast to this, using TAIR10 for the correction of AT9852 caused more than

ten contig breaks. This strongly indicates that the outcome of the RagTag correction step is

heavily dependent on the reference genome, and that the contig correction step tends to

make the query contigs more similar to the reference. Also in the other assemblies it was

observed that the number of introduced breakpoints varied between the two references

(Table 1). In many cases, contig breaks were introduced at completely different positions,

again indicating that overcorrection of the query contigs may occur. I therefore decided to not

use an automated contig correction tool.

5.1.3 Genome assembly
Common aims of performing a de novo genome assembly are gaining insights into the

sequences of all genes and other sequence features as a basis for functional studies as well

as generating a ‘reference’ genome that can be compared to other individuals of the species

(Rice and Green 2019). Producing a genome assembly is usually a two stage process that

starts with the assembly of contigs from the sequencing reads. Subsequently, these contigs

are placed onto scaffolds resulting in the generation of pseudo-chromosomes (Hunt et al.

2014).

Choosing an appropriate sequencing technology is important since it affects downstream

analyses (Goodwin, McPherson, and McCombie 2016). The use of long-read sequencing

technologies is, compared to short-reads, especially well suited for producing contiguous de

novo genome assemblies (Burgess 2018; Hon et al. 2020), as repetitive sequences can be

spanned by individual sequencing reads, and thus resolved. However, long-reads typically

suffer from a higher error rate compared to short-reads (Adewale 2020). The higher error

rate of stand-alone long-read applications can be compensated by error correction methods

or by combining data from long and short-read sequencing platforms (Chin et al. 2013;

Koren et al. 2017). The PacBio HiFi sequencing technology used here allows for a

compromise since it enables the generation of medium length reads (up to ~25 kb) with a

base level precision of >99.8% (Hon et al. 2020; Lang et al. 2020; Wenger et al. 2019). The

use of such highly accurate long-reads, as described in several studies, improves the quality

of genome assemblies (Nurk et al. 2020; Shumate et al. 2020; Porubsky et al. 2021; Garg et
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al. 2021; Rabanal et al. 2022). A recent comparison of continuous long-read and circular

consensus sequencing (CCS) of the same A. thaliana accession has shown that assembly

contiguity is improved when using CCS reads (Rabanal et al. 2022). Compared to recent

PacBio CLR genome assemblies of A. thaliana it was therefore expected to reach a slightly

higher contiguity. The assemblies generated during the course of this thesis are meeting

these expectations with contig N50 values of up to 13.2 Mb (Figure 19) compared to a

maximum contig N50 value of 11.2 in the recent CLR assemblies (Jiao and Schneeberger

2020).

Metrics such as N50, cumulative length or NG50 only describe basic assembly properties

without assessing the completeness of the assembled sequence (Simão et al. 2015).

Therefore, it has been proposed to use a core set of highly conserved eukaryotic genes as a

proxy (Parra et al. 2009; Seppey, Manni, and Zdobnov 2019). The completeness of these

near-universal single-copy orthologs (BUSCO genes) is then used in order to infer the

completeness of the query assembly (Simão et al. 2015). This approach is usually robust for

widely studied species. However, a potential disadvantage of these methods is that the

newly assembled query genome may contain true copy number variation or even sequence

variants that were unknown at the time the core gene set was defined (Rhie et al. 2020).

Since A. thaliana is a heavily studied model organism it is appropriate to use the

new-universal single-copy orthologs as a proxy for completeness. All but one of the de novo

assembled A. thaliana genomes were highly complete. The assembly of AT6035 had an

exceptionally high rate of duplicated BUSCO genes compared to all other assemblies of this

study. A potential explanation could be a higher level of heterozygosity or a sample

contamination. However, kmer analysis of AT6035 did not indicate an increased number of

heterozygous sites. In addition, the completeness assessment has been performed after

contamination removal. Thus, heterozygosity and sample contamination in this case do not

explain the increase in the number of duplicated BUSCO genes. Since the cause of the

observed phenomenon remained unclear, I decided to exclude AT6035 from downstream

analyses.

As mentioned before, the second step after assembling sequencing reads into contigs is to

place those contigs on scaffolds in order to build pseudo-chromosomes. There are different

approaches for scaffolding contigs (Rice and Green 2019). Proximity ligation protocols such

as Hi-C are one option for scaffolding primary contigs into pseudo-chromosomes

(Lieberman-Aiden et al. 2009). Another scaffolding approach is the use of optical maps (Shi

et al. 2016; Seo et al. 2016) such as the commercially available Bionano protocol. that

makes use of a nicking endonuclease that nicks long DNA fragments. Subsequently, these

cutting sites are fluorescently labeled. The labeled DNA strands are then passed through an
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array of nanochannels that allows to determine the size of the fragment as well as the

position of the fluorescent tag. Afterwards, these data are processed to a genome map that

can be used for scaffolding contigs (Mak et al. 2016). A third scaffolding approach makes

use of synteny between the query contigs and a given reference genome, ideally from the

same species or from a closely related one. By aligning the contigs to a reference,

information about contig position within a chromosome as well as contig orientation are

inferred (Kolmogorov et al. 2014). In contrast to Hi-C or optical maps the synteny based

methods do not require additional data. However, the disadvantage of these approaches is

that they rely on a reference genome that needs to be assembled on the chromosome level.

Furthermore it can be challenging when scaffolding the genomes of species with more

structural variation (Rice and Green 2019). The scaffolds obtained here were highly

contiguous (Figure 21) with fewer gaps compared to the current gold-standard A. thaliana

reference genome TAIR10 (Berardini et al. 2015). Contigs were placed with high confidence

scores (Figure 24). It is noteworthy that three contigs were assembled from

telomere-to-telomere from the start, making further scaffolding obsolete. With the recent

advent of long-read sequencing technologies such as the here applied PacBio Hifi or Oxford

Nanopore there is an increasing number of studies reporting telomere-to-telomere

assemblies. The higher eukaryotic species where individual chromosomes were assembled

gap-free encompass human (Miga et al. 2020), fish (Xue et al. 2021), rice (Song et al. 2021),

banana (Belser et al. 2021), and a marine diatom (Phaeodactylum tricornutum) (Giguere et

al. 2021). Other researchers working with A. thaliana also reported telomere-to-telomere

assemblies (Naish et al. 2021; Rabanal et al. 2022; B. Wang et al. 2021) when using similar

technology. However, in contrast to my work, these studies either used longer insert sizes

(Rabanal et al. 2022) or they used a combination of CSS and CLR sequencing (B. Wang et

al. 2021). The experiments conducted by Rabanal et al. 2022 showed that insert sizes of

PacBio HiFi reads beyond 21 kb increase assembly contiguity. Since the insert lengths used

for this thesis are shorter, it was expected to obtain a slightly less contiguous assembly. The

scaffolded portion of the de novo assemblies matched the estimated A. thaliana genome size

(Figure 22) of ~135 Mb (Somerville and Koornneef 2002). However, all scaffolded genomes

exceeded the 119 Mb length of the reference genome TAIR10, which does not contain

centromeres (Arabidopsis Genome Initiative 2000). I have demonstrated that most of the

variation in total assembly length can be explained by the successful assembly and

scaffolding of centromeric repeats that accounted for up to 17 Mb of additional sequence

(Figure 25; Table 5). This is in agreement with recent studies reporting that PacBio Hifi

sequencing enables centromere assembly thus resulting in longer overall assemblies

(Rabanal et al. 2022; B. Wang et al. 2021; Naish et al. 2021). In contrast to Rabanal et al.

2022 it was not in all cases possible to scaffold all centromere repeats. This could again be
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an effect of the shorter insert sizes used in my experiments.

A study dealing with the human genome showed that a large number of segmental

duplications had been erroneously collapsed (She et al. 2004). In general it has been

reported that highly repetitive regions of a genome may be collapsed in the final assembly

(Peona et al. 2021; Tørresen et al. 2019; Vollger et al. 2019; Guiglielmoni et al. 2021;

Phillippy, Schatz, and Pop 2008; Alkan, Sajjadian, and Eichler 2011). A special purpose of

the here generated genome assemblies is to gain insights into NLR genes diversity among

the eighteen accessions. However, in other species such as zebrafish it has been observed

that some of the NLR genes were collapsed in the initial assembly due to their location in

repetitive clusters (Howe et al. 2016). In all assemblies I found potentially collapsed regions.

Their median length ranged from 6 to 23 kilobases. Moreover I showed that a large fraction

of these collapsed sequences are found in highly repetitive regions such as centromeres,

telomeres, and rDNA clusters (Table 4). However, compared to another recent study that

used PacBio CLR sequencing for de novo assembly of six A. thaliana accessions I had

fewer collapsed regions in the eighteen de novo assemblies (Jiao and Schneeberger 2020).

All potentially collapsed regions were cataloged so that this information can be taken into

account in future analyses.

Assembling highly repetitive regions remains challenging (H. Du and Liang 2019). As

mentioned before it was possible to assemble and scaffold complete or nearly complete

centromeres in all eighteen assemblies. In addition to the centromeric repeats I annotated

45S and 5S rDNAs. The cumulative length of the annotated 5S rDNA sequences ranged

from 1.1 to 4.1 Mb (Figure 27). Compared to the assembly of Rabanal et al. 2022,

encompassing 1.68 Mb, my assemblies contained longer 5S rDNA sequences (Rabanal et

al. 2022). Similarly to the aforementioned study it was possible to scaffold the majority of 5S

rDNA contigs.

The contigs containing 45S rDNA repeats accounted for up to 18 Mb. Their cumulative

length was observed to be highly variable among the eighteen genomes. This is in

agreement with previous reports (Q. Long et al. 2013). Most of these 45S rDNA contigs

remained unplaced after scaffolding (Figure 26). This is again in agreement with previous

findings (Rabanal et al. 2022). The lack of non-repetitive sequences at the edges of these

45S rDNA contigs makes it impossible to correctly anchor them to the scaffolded parts of the

assembly (Rabanal et al. 2022). I have shown that HiFi sequencing enables the assembly of

highly repetitive rDNA clusters. However, correct scaffolding of these repeats requires

additional effort and could be achieved by leveraging different sequencing technologies such

as Hi-C in combination with the use of specialized algorithms (Burton et al. 2013; H. Du and
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Liang 2019).

As in most genome assembly adventures, several contigs remained unplaced after the

scaffolding process. Recent studies (Rabanal et al. 2022) have shown that the choice of the

assembly tools has an impact not only on the total assembly length but also on the

cumulative length of contigs that cannot be scaffolded with the here used approach. In fact

Rabanal et al. reported almost 50 Mb of unplaced contigs which is in agreement with my

findings (7.8 to 64 Mb). I demonstrated that the vast majority of unplaced contigs share the

following three characteristics: (i) low N50 values (Figure 29), (ii) high percentage of

organellar or 45S rDNA sequences (Figure 30), and (iii) low quality of short-read mappings

(Figure 31). Mapping of short-read data obtained from the 1001 Genomes project (1001

Genomes Consortium 2016) showed that most of the unplaced contigs are not informative in

terms of mapping quality and they were thus removed. However, additional efforts on

assembly method optimization could be made in order to avoid the excessive assembly of

highly repetitive contigs from the beginning on.

5.1.4 Structural variation
Differences between genomes can range from single nucleotide polymorphisms to

large-scale structural rearrangements such as insertions, deletions, inversions,

translocations, and duplications. Such genomic differences are typically assessed by

comparing a query genome to a reference (Goel et al. 2019). Genomic regions without

structural differences are referred to as syntenic or collinear. The comparison between the

eighteen genome assemblies and the A. thaliana reference genome TAIR10 revealed that

the genomes are, as expected, mostly syntenic (Figure 34). In fact, the cumulative length of
collinear sequences varied between 102 and 105 Mb which is almost identical to the values

reported by a previous report that used PacBio CLR sequencing technology to assemble A.

thaliana genomes (Jiao and Schneeberger 2020). Comparing the median length of different

types of structural variants revealed that inversions were longer compared to translocations

and duplications. These findings are again in agreement with previous reports using similar

computational approaches (Jiao and Schneeberger 2020). However, the amount of

sequences that could not be aligned to TAIR10 was higher in my assemblies. I have

demonstrated that the vast majority of these unaligned sequence blocks are located around

or in the centromeres (Figure 36). This is mostly due to the fact that centromeric regions are
not well resolved in the current A. thaliana reference genome TAIR10 (Naish et al. 2021).

Moreover, it has been shown that the continuous long-read sequencing technology is not

well suited for disentangling centromeres (Rabanal et al. 2022). Their highly repetitive nature

makes these sequences particularly challenging to assemble (Jain et al. 2018; B. Wang et al.
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2021; Perumal et al. 2020). However, there is an increasing number of studies

demonstrating the ability of accurate long-reads for assembling even such highly repetitive

regions (Naish et al. 2021; B. Wang et al. 2021; Song et al. 2021; Rabanal et al. 2022; Miga

et al. 2020; Xue et al. 2021; Giguere et al. 2021; Belser et al. 2021). Thus, the fact that I

observed more unaligned sequence blocks compared to the study of Jiao and Schneeberger

(Jiao and Schneeberger 2020) is likely due to the different sequencing technologies that

were used.

5.1.5 Genome annotation
The broad application of Next-Generation-Sequencing technologies has lowered the costs

for generating genome assemblies from various species (Mardis 2008). However, the

genome sequence alone is of limited use if the encoded information is not deciphered

(Mudge and Harrow 2016). The process of decoding the sequence patterns and associating

them with protein coding genes is referred to as genome annotation (Ejigu and Jung 2020).

However, prior to gene annotation it is necessary to identify and mask transposable

elements (Yandell and Ence 2012).

Bursts of transposable element proliferation have contributed to genome size expansion in

maize, cotton, rice, and legumes (Mun et al. 2009). TEs account for approximately 85% of

the maize and wheat genome (Schnable et al. 2009; Null et al. 2018). Moreover, TEs occupy

almost half of the sequence of the human genome (Mills et al. 2007). Different studies have

reported that TEs account for approximately 21 Mb (18% to 20%) of the A. thaliana genome

(Buisine, Quesneville, and Colot 2008; Jiao and Schneeberger 2020). I have shown that the

TE content of the eighteen genomes assembled for this thesis varied between 12% and 25%

with an average of 18%, although most of this was due to repeats that could not be attributed

to known TE classes (Figure 37). Another recent study reported that approximately eight

percent of their assemblies were made up of class I transposons while class II transposons

accounted for almost five percent (Jiao and Schneeberger 2020). Using the before described

TE identification pipeline I found that the eighteen genomes on average comprised 6.5% of

class I and almost 6.5% of class II TEs. However, each of the assemblies contained between

2.8 Mb and 16 Mb of repeat sequences that could not be classified any further. This could be

due to the complex nested structures of TEs that makes them challenging to annotate (Ou et

al. 2019). The unexpected short cumulative lengths of the here identified TEs could also be

an effect of not only annotating intact but also incomplete TEs. Obtaining a high quality TE

annotation including a robust family assignment has been demonstrated to require extensive

manual curation and community effort (Ou et al. 2019). However, the main purpose of

performing transposable element annotation here was to mask these highly repetitive
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sequences rather than studying different TE families. Unmasked TE sequences can lead to

an overestimation of the number of genes. Thus, the here produced repeat and TE

annotations were sufficient to mask these sequences in all eighteen assemblies prior to gene

annotation.

Many different annotation approaches have been developed. The applied methods rely on

two different types of data: (i) intrinsic information such as ab initio predictions from the

sequence itself or (ii) extrinsic information such as transcript or protein alignments (Ejigu and

Jung 2020). Thus, for this thesis I have made use of both intrinsic ab initio predictions and

extrinsic gene mapping information. The latter has been obtained by lifting all genes from the

A. thaliana reference annotation TAIR10 onto the eighteen genome assemblies. This

process, the mapping of genes from a previously annotated reference genome, is referred to

as ‘lift over’ (Shumate and Salzberg 2020a). It was possible to lift over 97% of the known

reference genes onto the eighteen query assemblies (Figure 40). The here obtained

information was used as extrinsic evidence in the subsequent genome annotation. Ab initio

gene predictions were made using a hidden Markov model employed by the annotation tool.

Augustus (Stanke and Waack 2003) has been used to make the ab initio predictions and to

combine them with the extrinsic lift over data. Thereby, it was possible to annotate

approximately 32,100 genes per accession (Figure 41). This value is higher compared to the
reference annotation TAIR10 (Lamesch et al. 2012) but lower when compared to the more

recent, RNA-seq guided reference annotation Araport11 (C.-Y. Cheng et al. 2017). This

points out that the result of a genome annotation process can be variable and depending on

different factors such as the availability and quality of extrinsic information. However, from

studies dealing with the annotation of maize it is known that up to 5% of all predicted gene

models can be so called split-gene misannotations (Monnahan et al. 2020). In such cases

one gene is incorrectly split and thereby annotated as two distinct genes (Denton et al.

2014). Such cases of mis-annotations have also been observed in the annotations I made.

Thus, it is likely that the number of genes is slightly over-estimated. However, resolving such

cases either requires extensive manual curation or additional extrinsic information such as

transcript mappings (McDonnell, Strasser, and Tsang 2018; Hosmani et al. 2019; Monnahan

et al. 2020). Thus, instead of only counting the number of genes, I assessed the

completeness of each of the eighteen annotations. The applied procedure is similar to the

before described assessment of assembly completeness (Seppey, Manni, and Zdobnov

2019). Here I used a set of known genes in order to infer annotation completeness. The

potential of such approaches for assessing completeness has been described in other

species as well (Mende et al. 2013; Parra et al. 2009). Thereby, it was possible to

demonstrate that all eighteen annotations were highly complete (Figure 42). The outcome of
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performing a whole genome annotation is depending on the quality of the input assembly

(Ejigu and Jung 2020). All eighteen assemblies were highly contiguous (Figure 23) and
showed high completeness levels (Figure 20) as assessed by using universal

single-copy-orthologs. Thus, it was expected that the quality of the genome assemblies is

also reflected by the completeness of the genome annotations.

A key challenge in comparative genomics is determining phylogenetic relationships between

genes of different species or in the case of this thesis to assess phylogenetic relationships

between genes of different A. thaliana accessions (Emms and Kelly 2019). Moreover, the

inference of homology relationships between genes allows for the extrapolation of biological

knowledge between the eighteen input accessions and the reference TAIR10 (Emms and

Kelly 2015). There are different computational methods to infer such relationships

(Kristensen et al. 2011; Altenhoff et al. 2016; Nichio, Marchaukoski, and Raittz 2017). Most

of these tools rely on the analyses of pairwise sequence similarity scores obtained by BLAST

(Altschul et al. 1990) or DIAMOND (Camacho et al. 2009; Buchfink, Xie, and Huson 2014).

The here applied approach that uses sequence similarity scores obtained by DIAMOND lead

to 95% of all genes being assigned to orthogroups. An orthogroup in this case is defined as

the set of genes from multiple species descended from a single gene in the last common

ancestor of that species (Emms and Kelly 2019). Moreover, I have shown that the vast

majority of annotated genes have a conserved copy number. Similar findings for A. thaliana

were reported recently (Jiao and Schneeberger 2020). The median protein length of genes

that are shared among all eighteen accessions and the reference TAIR10 matched the

expected length for A. thaliana (Lamesch et al. 2012). Furthermore, the median number of

accession specific or private genes in the eighteen assemblies was 74 genes, which is again

in agreement with the published data (Jiao and Schneeberger 2020). Moreover, I have

shown that the median length of these private genes differs from the length of genes that are

found in all input assemblies (Figure 45). There are three different potential explanations for
the origin of these seemingly private genes. One possibility is that the accession-specific

genes are ‘generated’ by the annotation pipeline that has been used for this thesis. As

discussed before, split gene mis-annotations can occur. Such mis-annotated genes should

have the following characteristics: (i) low sequence similarity with known TAIR10 genes and

(ii) short overall length. Indeed, many of the private genes were shorter compared to shared

genes. The second potential way of interpreting the accession-specific genes is that these

genes are novel. In the literature, there are reports showing a relationship between

evolutionary age and gene length (Carvunis et al. 2012; Palmieri, Kosiol, and Schlötterer

2014; Albà and Castresana 2004; Choi and Kim 2006). For example in yeast

(Saccharomyces cerevisiae), it has been demonstrated that younger genes are significantly
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shorter compared to evolutionary older ones (Capra, Pollard, and Singh 2010). The third

interpretation of these private genes is that they were incorrectly marked as private during

the orthofinder analyses. In order to exclude this possibility, I used blast to search for hits in a

TAIR10 based database. Most private genes had e-values much higher than the genes that

were shared among multiple accessions (Figure 46). Thus, an incorrect classification is

unlikely. Therefore, it is more likely that these accession-specific genes are either

mis-annotated split genes or novel genes. As already discussed before, it is hard to

disentangle potentially mis-annotated split genes. However, the use of RNA sequencing

could shed light on the question if these genes are really novel or just artifacts, since some

of the novel genes should be supported by evidence from transcripts (Durand et al. 2019;

Witt et al. 2019; Neme and Tautz 2016; Nagalakshmi et al. 2008; Kapranov and St Laurent

2012). Besides annotating the accession specific genes, I calculated z-scores of orthogroups

sizes in order to identify genes that are present in the reference annotation TAIR10 while

being absent in the eighteen accessions (Figure 47). Hereby, it was possible to show that

the list of reference genes which are absent from the de novo assemblies was highly

enriched for organellar genes (Figure 48). This result is unsurprising given that organellar

genomes were not assembled as part of my work.

The presented work is embedded in a larger research effort focussing on the diversity of

plant immune genes within a species and on how this diversity impacts the interaction of A.

thaliana and its obligate biotrophic pathogen Hyaloperonospora arabidopsidis (Koch and

Slusarenko 1990; Mauch-Mani and Slusarenko 1993). The plant immune system relies on

immunity receptors that can activate immune signaling upon pathogen contact. These

receptors can be grouped into (i) cell-surface proteins that detect microbe associated

molecular patterns and (ii) intracellular receptors that recognize pathogen effectors (Jones

and Dangl 2006). Many of these intracellular receptors are nucleotide-binding leucine-rich

repeat receptors (NLRs) which are encoded by genes with high intraspecific variation

(Jones, Vance, and Dangl 2016; Monteiro and Nishimura 2018). This genetic repertoire of

NLR genes represents a valuable resource for breeding more disease resistant crops.

However, the annotation of such immune genes remains challenging mostly due to their

genetic diversity combined with their repetitive structure and the fact that NLR genes often

occur in clusters (Zhang 2020; Q. Li, Jiang, and Shao 2021). In A. thaliana for example it has

been reported that more than half of the known NLR genes are located in clusters (Blake C.

Meyers et al. 2003; Van de Weyer et al. 2019). During the course of this thesis I have

therefore applied different strategies in order to provide a basis for studying NLR gene

diversity among the eighteen accessions. First, I determined the presence of each NLR gene

known from the reference TAIR10. Subsequently, an independent lift-over approach, using a
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set of NLR genes that has been described in a recent A. thaliana pan-NLRome project, has

been applied (Van de Weyer et al. 2019).

The first approach, assigning NLR orthologs between the eighteen genomes and TAIR10,

showed that almost all of the 166 reference NLR genes from the Col-0 accession were

detected in at least two out of the eighteen input genomes. Moreover, I have demonstrated

that the annotated NLR genes can be highly variable in terms of copy numbers (Figure 50).
This is in agreement with other studies reporting that many of the A. thaliana NLRs exhibit

copy number variation (Van de Weyer et al. 2019; Lee and Chae 2020; MacQueen et al.

2019). Massive variation in copy numbers of NLR genes has also been described in other,

agriculturally relevant, plant species such as soybean, rice, sorghum or maize (Weidong

Wang et al. 2021; Hufford et al. 2021; Schatz et al. 2014; Yu et al. 2011; Read et al. 2020;

Zheng et al. 2011). Such gene copies are thought to serve as reservoirs for generating novel

resistances by mutation or intergenic recombination (Michelmore and Meyers 1998; Ohno

1970). The more copies of a gene are present the more likely it becomes that beneficial

mutations arise since multiple copies constitute a larger target for mutations compared to a

single copy (Barragan and Weigel 2021). However, the copy number estimation for the

eighteen assemblies could partially be an effect of mis-annotated split genes. In cases where

an existing NLR is wrongly split into two distinct genes, both of these genes would be

considered to be copies. Thus, further manual curation as it has been done for the A.

thaliana pan NLRome study will be required for disentangling such cases (Van de Weyer et

al. 2019).

For the second, independent NLR annotation approach, the NLR genes annotated by Van de

Weyer et al. 2019 were lifted over onto the eighteen assemblies. This approach enabled the

detection of up to 255 NLR genes in a single accession (Figure 51). Van de Weyer et al.

2019 annotated NLR genes in 64 accessions. Per accession, they detected between 167 to

251 NLR genes. Although being slightly higher, the presented numbers in this thesis are in

agreement with the findings of the A. thaliana pan NLRome project. The slightly higher

number of NLR genes in the eighteen accessions is likely an effect of the different

sequencing approaches between the eighteen genome assemblies and the pan NLRome

project. The pan NLRome project, although being based on long-read sequencing data,

relied on NLR-specific baits that were created to hybridize with more than 730 NLR genes

from different Brassicaceae (Van de Weyer et al. 2019). Thus, only those NLR genes that

show sequence similarity to any of the known NLR genes were annotated. In contrast, NLR

genes in the eighteen accessions were annotated on a whole genome level. Thus, it is

conceivable that this may lead to the identification of a higher number of NLRs. This

hypothesis is indeed supported by the benchmarking that I performed for this thesis. In short,
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two genomes of accessions that were part of the pan NLRome project were sequenced for

this study. When lifting over the pan NLRome genes onto these two genomes, it was

observed that the number of NLR genes obtained when using the full genome information

was slightly higher compared to the numbers reported by Van de Weyer et al. 2019. This

again points out the benefit of having the additional information provided by whole genome

assemblies in contrast to the bait approach of Van de Weyer et al. 2019. Counting the

occurrences of the different NLR gene families revealed that TNLs represent the most

abundant family in the eighteen accessions (Figure 54). This observation is again in

agreement with the (Van de Weyer et al. 2019).

It can be summarized that using the eighteen de novo assemblies for NLR gene annotation

allowed for the identification of non-reference NLR genes. Moreover, I demonstrated that the

majority of NLR genes are located in clusters. In addition, I showed that copy number

variation as well as presence-absence variation are common phenomena when dealing with

A. thaliana NLR genes. Thus, the here generated dataset provides a robust foundation for

studying NLR gene diversity in the eighteen differential lines.
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5.2 Differential gene expression in A. thaliana F1 hybrids

5.2.1 Custom F1hybrid reference based on long-read assemblies
In order to make use of the availability of full genome information from both parents (Ler-0

and Col-0), I combined the parental genome sequences into one ‘hybrid genome’.

Afterwards I assessed mapping rates between the standard approach of short-read mapping

to a single reference genome and short-read mapping to the ‘hybrid genome’. Overall

mapping rates did only differ slightly between the two references, indicating that the effect of

using the 'hybrid genome' is neglectable in this case. A recent study, comparing the

genomes of Ler-0 and Col-0 showed that there are only 40 genes specific to Ler-0 and 60

genes specific to Col-0 (Zapata et al. 2016). Thus, the here presented approach might be

more powerful when working with more divergent genotypes.

5.2.2 Tissue type explains most of the transcriptomic variation
I demonstrated that transcriptomic differences between tissues are the main driver of

variance in the dataset. The observed variation was stronger compared to the effect of

different genotypes or timepoints (Figure 55). The transcriptomes of flower samples showed
the greatest difference when being compared to any other tissue in this dataset. These

findings are in agreement with other studies investigating tissue-specific gene expression in

plants, birds and mammals (Apelt et al. 2022; Breschi et al. 2016; Laine et al. 2019; Lenz et

al. 2016). Another study dealing with the impact of a high sugar diet on gene expression in

different drosophila tissues also reported the origin of tissue as the main contributor to

variance in the dataset (Ng’oma et al. 2020). Moreover, a study comparing expression

patterns of different tissues between mouse and human showed that samples from similar

tissues are more similar between the two species compared to samples from different

tissues of the same species (Zheng-Bradley et al. 2010). The fact that a strong separation

between flower and all other transcriptomes was observed may reflect the heterogeneity of

flower tissue in this experiment. Thus, separate RNA-seq of the different flower organs could

increase the resolution of the aforementioned analysis. The impact of these findings is

increasingly reflected by the growing number of studies that apply single-cell RNA

sequencing that aim at compensating for heterogeneity not only among different tissues but

also among individual cells of the same tissue (Hwang, Lee, and Bang 2018).

5.2.3 Non-additive gene expression in F1hybrids
The crossing of two inbred parents leads to the generation of F1 hybrids which can exhibit a

great variety of non-parental phenotypes. Such non-additive phenotypes deviate from the

mean of the parents for a given trait. I focused on identifying genes in a Ler-0xCol-0 hybrid

162

https://paperpile.com/c/JuqkIf/UY90C
https://paperpile.com/c/JuqkIf/PVJ56+H5Cw+hBda+24qz
https://paperpile.com/c/JuqkIf/PVJ56+H5Cw+hBda+24qz
https://paperpile.com/c/JuqkIf/Rhj9v
https://paperpile.com/c/JuqkIf/Pcp1i


that are expressed in a non-additive manner meaning that their expression levels

significantly deviated from the mid-parent value. With this study, I showed that the number of

non-additively expressed genes varies among different tissues and time points with flowers

showing the highest number of such genes (Table 10). However, this could be an effect of

flowers containing more different tissues as compared to roots or leaves. Moreover, it was

observed that the majority of non-additively expressed genes was upregulated compared to

the respective mid-parent value. Furthermore, I demonstrated that the differences in the

number of non-additively expressed genes among the different samples cannot be explained

by an overall change in the number of expressed genes. Various studies have already

compared parental transcriptomes to the transcriptomes of their corresponding F1 hybrid

offspring (Ryo Fujimoto et al. 2018). In maize hybrids, the transcriptomes of roots, embryos,

immature ears, and seedlings were analyzed and compared to their corresponding parents

(Hu et al. 2016; Jahnke et al. 2010; Paschold et al. 2012; Stupar et al. 2008;

Swanson-Wagner et al. 2006). The findings reported in these studies are mostly in

agreement with the results that I obtained during my experiments. First, it was reported that

in all tissues and at all time points, the number of genes expressed in an additive manner

was higher compared to the number of non-additively expressed genes. In samples from all

tissues and time points that were analyzed for this thesis, I also found that the majority of

genes in F1 hybrids were exhibiting additive expression levels. Moreover, it was reported in

maize and rice that non-additively expressed genes often are specific to a certain tissue or a

certain developmental stage (Jahnke et al. 2010; Wei et al. 2009; Meyer et al. 2004). In the

case of the here analyzed A. thaliana F1 hybrids it was observed that the number of

non-additively expressed genes greatly varies between the different tissues and timepoints

(Figure 59).

Moreover, I found that only a small number of the non-additively expressed genes were

shared among all tissues and timepoints. In addition, it was observed that most of the

non-additively expressed genes were upregulated compared to the mid-parent value rather

than downregulated. This is also in agreement with the findings that were obtained from a

transcriptome analysis of A. thaliana Col-0xC24 hybrids (R. Fujimoto et al. 2012). However,

the enrichment of non-additively expressed genes with photosynthesis related genes was

not observed in the hybrids used for my experiments. Instead, non-additively expressed

genes were significantly enriched for terms related to ‘defense response’ (Figure 65). These
differences could explain the lack of biomass heterosis in the Ler-0xCol-0 hybrids compared

to Col-0xC24 hybrids.
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5.2.4 Parental expression divergence correlates with deviation from MPV
I reported that the list of genes that were significantly differentially expressed between the

parents was enriched for genes where F1 hybrids showed non-additive expression patterns

(Figure 66). Subsequent analyses revealed that the degree of expression variation among

the inbred parents was positively correlated with the deviation of hybrid expression levels

from the mid-parent value (Figure 67). Thus, greater deviation from the mid-parent value in

the hybrids was associated with greater expression divergence among the parental lines.

The overlap of genes that are differentially expressed between the parents while also

deviating from the mid parent value in hybrid transcriptomes has also been described in

maize (Paschold et al. 2012). Moreover, other studies dealing with maize hybrids have

reported that the extent of differential gene expression in maize is positively correlated with

genetic distance (Stupar et al. 2008). In addition there are two reports that describe a

correlation of parental gene expression and hybrid vigor suggesting that parental

transcriptomes could be used in order to predict hybrid performance in maize (Frisch et al.

2010; Thiemann et al. 2010).
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6. Conclusion & Outlook
For the first part of my work, ‘18 differential A. thaliana’ lines it can be summarized, that the

initially proposed research questions were answered during the course of this thesis. I

produced 18 highly contiguous de novo genome assemblies including transposable element

and gene annotations. With further analyses I demonstrated that PacBio HiFi sequencing

enables the assembly of highly repetitive regions such as centromeres. Moreover, I used

these de novo assemblies to assess the number and prevalence of different NLR genes

among the 18 accessions. As mentioned before, the work presented here is embedded in a

larger research effort focussing on the diversity of plant immune genes within the species

and on how this diversity impacts the interaction of A. thaliana and its obligate biotrophic

pathogen Hyaloperonospora arabidopsidis. The genome assemblies that I generated will

serve as the basis for upcoming projects focusing on the manual annotation and

characterization of NLR gene diversity among the eighteen lines. With the data I generated

at hand, in-depth comparisons as well as experimental studies can now take place. The NLR

gene annotations as well as the genome assemblies will certainly be a valuable resource for

these upcoming projects. The next step for further characterization of NLR gene diversity

among the eighteen lines could be to improve the annotations I produced. This could be

achieved by generating accession specific long- and short-read RNA sequencing data. Such

expression data would allow to refine annotations and to also assess potential isoforms of

the NLR genes.

The part of my thesis, dealing with non-additive gene expression in F1 hybrids of A. thaliana

confirmed observations that were also made in hybrid offspring of other species such as

maize or rice. In addition I demonstrated that in the case of non-additively expressed genes,

the extent of parental expression divergence correlated with the deviation from the

mid-parent expression value in the F1 hybrid offspring. Moreover, I proposed a computational

approach that allowed me to combine full length genome information from two inbred parents

in order to analyze the transcriptomes of F1 hybrids. Although not being a game changer in

terms of overall statistics in my dataset, it would be interesting to test this approach in F1

hybrids that exhibit more extreme phenotypes such as hybrid necrosis or biomass heterosis.

In summary the main outcomes of this thesis are high quality genome assemblies and

annotations of 18 differential accessions, as well as a computational approach that allows us

to utilize such resources in order to analyze heterosis in F1 hybrids. The data resources

generated here will certainly aid in future research dealing with genetic variation in

Arabidopsis thaliana.
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7. Appendix

7.1 Additional figures

Figure S1: Kmer frequency analyses of the 20 differential lines.
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7.2 Additional Tables
Table S1: Origin of the 18 differential lines.
Accession Country Long Lat

AT6035 SWE 13.74 56.1

AT6137 SWE 13.5603 55.9419

AT6923 UK -0.6383 51.4083

AT6929 TJK 68.49 38.48

AT6961 ESP -3.53333 38.3333

AT7143 NED 5.86667 51.0167

AT8285 CZE 16.2815 49.4112

AT9104 GEO 46.2831 41.8296

AT9336 SWE 18.4473 62.8794

AT9503 UK -3.21072 55.8877

AT9578 ESP -6.7 42.13

AT9744 ROU 27.59 47.16

AT9762 ITA 14.98 37.69

AT9806 GER 9.16 48.56

AT9830 ESP -3.28 36.97

AT9847 ESP -5.7 43.31

AT9852 ESP -3.75 40.46

AT9879 ESP -1.12 37.6

AT9883 ESP -2.56 42.1

AT9900 ESP -6.01 37.38
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Table S2: Kmer based estimation of minimum and maximum heterozygosity levels of primary
assemblies of the initially 20 differential lines.
Genotype Min. heterozygosity Max. heterozygosity

AT6035 0.03% 0.03%

AT6137 0.03% 0.04%

AT6923 0.02% 0.03%

AT6929 0.01% 0.02%

AT6961 0.30% 0.31%

AT7143 0.02% 0.03%

AT8285 0.03% 0.03%

AT9336 0.02% 0.02%

AT9503 0.01% 0.02%

AT9578 0.02% 0.03%

AT9744 0.02% 0.03%

AT9762 0.02% 0.03%

AT9806 0.02% 0.03%

AT9830 0.01% 0.02%

AT9847 0.01% 0.02%

AT9852 0.02% 0.03%

AT9879 0.04% 0.04%

AT9883 0.02% 0.03%

AT9900 0.01% 0.03%
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Table S3: Assembly completeness before and after filtering and removal of unplaced contigs.

Genotype

Single (%) Duplicated (%) Fragmented (%) Missing (%)

Before
filtering

After
filtering

Before
filtering

After
filtering

Before
filtering

After
filtering

Before
filtering

After
filtering

AT6137 98.8 98.8 0.4 0.6 0.1 0.1 0.7 0.5

AT6923 98.6 98.5 0.6 0.7 0.1 0.2 0.7 0.6

AT6929 98.8 98.8 0.5 0.7 0.1 0.1 0.6 0.4

AT7143 98.7 98.6 0.4 0.6 0.2 0.1 0.7 0.7

AT8285 98.8 98.6 0.5 0.7 0.1 0.2 0.6 0.5

AT9104 98.7 98.6 0.6 0.9 0.1 0.1 0.6 0.4

AT9336 98.6 98.6 0.6 0.8 0.2 0.1 0.6 0.5

AT9503 98.6 98.6 0.5 0.7 0.2 0.2 0.7 0.5

AT9578 98.7 98.6 0.6 0.7 0.1 0.1 0.6 0.6

AT9744 98.6 98.4 0.7 0.9 0.1 0.1 0.6 0.6

AT9762 98.3 98.5 0.9 0.9 0.1 0.1 0.7 0.5

AT9806 98.6 98.6 0.6 0.7 0.1 0.1 0.7 0.6

AT9830 98.6 98.4 0.6 0.8 0.2 0.2 0.6 0.6

AT9847 98.9 98.8 0.4 0.7 0.1 0.1 0.6 0.4

AT9852 98.6 98.6 0.6 0.7 0.1 0.1 0.7 0.6

AT9879 98.7 98.7 0.5 0.7 0.1 0.1 0.7 0.5

AT9883 98.7 98.5 0.5 0.7 0.1 0.1 0.7 0.7

AT9900 98.8 98.6 0.5 0.7 0.1 0.1 0.6 0.6
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