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Abstract

Background

The advent of Next Generation Sequencing (NGS) made molecular markers, such
as Single Nucleotide Polymorphisms (SNPs) more commonly used. However,
detection of SNPs in polyploid genomes may be challenging i.e. due to higher
volumes of repetitive DNA. This project aims to create a computational pipeline for

variant detection in the polyploid genome of Brassica Napus.

Results

A total of 304 Single Nucleotide Polymorphisms (SNPs) and 16 Insertions or
Deletions (INDELS) were detected across 6 genes. For sequencing, 4 SNPs and 2
INDELs were selected. Despite the latter variation not passing the penultimate

filter, sequencing data did reveal a 4bp deletion at position 153 of the FAE1 gene.

Conclusion

The presence of variation, which was computationally filtered out, indicates that
too stringent filters were used. However, we demonstrated that our pipeline was
able to accurately discard low-quality variants. To mitigate the effects of lenient
filtering methods, we suggest further separating the pipeline into independent SNPs
and INDELs pipelines to apply variation-specific filters. Moreover, we showed that
FASTA clusters could be used as an effective tool to gain insights into complex

genomes.
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1.Introduction

1.1. The Need for Accelerated Crop Improvement

Since 2014 global undernourishment has been on the rise. It is estimated that
between 720 and 811 million people globally faced hunger in 2020 (FAO 2021).
Approximately one in three persons are affected by malnutrition, such as
undernutrition, micronutrient deficiencies and/or obesity (FAO 2018). The 2030
Agenda for Sustainable Development set the goal (Sustainable Development Goal
(SDG) #2) to end hunger and malnutrition by 2030 globally. However, given the
current trends, this goal seems unattainable: All forms of malnutrition are expected
to increase to one in two persons by 2030 worldwide (FAO 2018). The Global
Hunger Index suggests that even a low global level of hunger will be impossible to

achieve (von Grebmer et al. 2021).

Different factors are contributing towards food security. The FAO highlighted 4 key
issues impacting global food security: Conflict, climate variability and extremes,
economic slowdowns and downturns and the unaffordability of healthy diets. Three
of these factors are exacerbated by poverty and inequality (FAO 2021). Lenaerts
et al. (2019) addressed population growth and climate change as key issues: Due

torising population levels, the demand for food and land is rising (Nations 2015).

Both reports mentioned climate change as a contributing factor towards food
insecurity. Adverse effects of climate change may manifest in increasing levels of
CO2 (Peng et al. 2004) and pests and diseases (Newton et al. 2011). Extreme
weather events, such as floods and droughts, are also exaggerated by climate
change (Hay et al. 2016). Altogether, climate change is likely to negatively impact

crop production globally (Lobell and Gourdji 2012).

With various factors pressuring food security, there is a need for food production to
be both resilient and sustainable (Smith 2013). While it is necessary to elevate
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levels of food production, future demand for cereal plants may not be met, even with
an increase in productivity (Ray et al. 2013). In this light, a transformation of the
current food system is required. As such, food production needs to become more
efficient and productive. Food productivity relies on the development of new
technologies, such as new crop varieties. However, plant breeding is a time
consuming process. Generally, developing and releasing a new rice variety takes
at least 10 years (Acquaah 2012). Conventional breeding methods will not be

sufficient to meet future demands of crop production (Lenaerts et al. 2019).

Since the domestication of plant crops, plant breeding contributed towards the
development of new cultivars. Pre-genomic breeding led to the development of new
cultivars, which successfully improved the yield of most major crops in the 20th
century. This success is due to the usage of natural and mutant induced genetic
variation and the efficient selection of favourable traits. While plant breeding in the
20th century relied on the evaluation and identification of genetic variation based
mostly on the phenotype, genetics has been revolutionising plant breeding of the
21st century (Pérez-de-Castro et al. 2012). New tools and techniques allow the
study of the genotype and its relationship with the phenotype (Tester and Langridge
2010).

New breeding techniques are under the control of biotechnology, the study and use
of DNA markers. Utilising molecular markers accelerates the development of new
cultivars, as linked agronomic traits can be identified and used during the selection
process in breeding programmes (Xia et al. 2019; Senthilvel et al. 2019). DNA
markers have been used for a variety of crops, such as rice (Oryza sativa; Mackill
et al. 1999), corn (Zea mays; Ortiz 2010), wheat (Triticum aestivum; Suwarno et

al. 2015), and tomatoes (Lycopersicon esculentum; Landjeva et al. 2007).
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1.2. Development of Marker-Assisted Technologies

With several factors pushing for more efficient food production, the need for new
technologies is urgent. Genetic markers are one such technology: They can be
utilised to select favourable genotypes and traits, which are difficult to measure
using phenotype assays, and to eliminate linkage drag in backcrossing (Appleby et
al. 2009). Further, they are also used to link diseases associated with certain
mutations, paternity assessments and forensics (Collins et al. 2004). Lastly, they
are crucial in the development of genome maps and haplotypes for regions of
interest (Rafalski 2002).

Hedrich describes genetic markers as “specific DNA sequences with a known
location on a chromosome” (Hedrich 2012). Genetic polymorphisms are directly
impacting the availability of genetic markers. Polymorphisms are changes in the
DNA sequence with a frequency greater than 1% (Hedrich 2012). However, such
variation is often not visible on a phenotypic level. Therefore, several marker
systems have been developed to exploit and analyse genetic markers (Lateef 2015;
Appleby et al. 2009).

1.2.1. First Generation Markers

One of the first markers developed were termed Restriction Fragment Length
Polymorphisms (RFLPs). Botstein et al. (1980) showed how cloned pieces of DNA
could be used as genetic markers and so, RFLPs became widely used in the 1980s
and 1990s (Lateef 2015). RFLPs utilise restriction enzymes, which cut DNA at
specific sites. Changes in the DNA interferes with restriction enzymes, resulting in
differently sized DNA fragments. Both single nucleotide changes and
insertions/deletions can be detected with RFLPs. Some advantages of RFLPs are
their co-dominance, easy reproducibility and high locus-specificity (Kochert 1991;
Lateef 2015). Further, the variety of restriction enzymes allows adjustment to the
experiment’s conditions and needs (length, symmetry, AT or GC bias, methylation-

10
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sensitivity). For instance, choosing methylation-sensitive restriction enzymes avoids

cutting repetitive sequences in plants (Davey et al. 2011).

However, RFLPs usage has been declining over the past decade. Newer
techniques have been established, which are less time consuming, require less
amounts of pure DNA and have simpler procedures (Kochert 1991; Lateef 2015).

1.2.2. Second Generation Markers

The development of new markers is tightly linked to the progression of sequencing
technology. The advent of Next Generation Sequencing (NGS) led to an
improvement of sequencing technologies. DNA Sequencing over the years has
become less expensive, less laborious and more efficient. The abundance of
genomic data and sequencing technologies revolutionised agricultural genomics,
including complex plant species with limited public resources. While more
sequencing data is being collected, new and improved techniques are required to
analyse such data (Davey et al. 2011; Deschamps et al. 2012; Chung et al. 2017).

The second generation of markers has been developed with the increasing
popularity of second generational sequencing methodology. The previous
generation, Sanger sequencing (Sanger and Coulson 1975), utilised radioactive
agents and slab gels and was slow by NGS standards. The second generation of
sequencing allows to run multiple reactions in parallel, dramatically reducing the
cost of sequencing. Although different second generation sequencing methods
differ from each other, Sequencing by Synthesis (SBS), for instance, has a higher
error rate compared to Sanger sequencing and produces much shorter reads (300-
500 bases; Slatko et al. 2018).

Some of such second generational markers include Simple Sequence Repeats
(SSRs) and Expressed Sequence Tags (ESTs). The former, also known as
microsatellites, became a widely used marker in the 1990s. Long before the advent

of SSRs, it was known that eukaryotic DNA contains a large number of repeating
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sequences (Britten and Kohne 1968). SSRs exploit such tandem repeats: They are
short sequences (2-6 bp) of di-, tri- and tetra-nucleotide repeats (for instance (GT)n,
(GTA)n and (GATA)n). These repeats often surround highly conserved DNA
sequences, which is why primer specificity is a crucial requirement of SSRs.
However, their resulting loci show high levels of allelic variation, making them
valuable markers. SSRs markers are easily analysed by PCR and detected in high-
resolution electrophoresis systems (eg. PAGE or AGE; Jiang 2013).
Polymorphisms in SSRs are detected by varying number of repeats in different
genotypes, hence making penta- and tetra-nucleotide more robust systems, as
variation is easier to detect in longer repeats (Ellegren 2000; Koelling et al. 2012,
Lateef 2015).

Advantages of SSRs markers include their hyper-variability, co-dominance, locus-
specificity and reproducibility. Further, they only require small amounts of DNA
samples (~100ng) and are low-priced for manual assays. However, SSRs marker
development itself is laborious and expensive for large-scale, automated methods
(Mir et al. 2013; Jiang 2013).

Due to the availability of Expressed Sequence Tags (ESTs), SSRs markers can be
developed in silicio for many plant species. Sequencing data from EST sequencing
projects are available online and can be used to scan for SSRs (Varshney et al.
2005; Rudd 2003). The resulting markers (EST-SSR or genic microsatellites) are
inexpensive, as they are virtually by-products of publicly available ESTs sequencing
data (Varshney et al. 2005).

ESTs are “fragments of mMRNA sequences derived through single sequencing
reactions performed on randomly selected clones from cDNA libraries” (Parkinson
and Blaxter 2009). The first use of ESTs was recorded in the 80s, when Putney and
colleagues sequenced inserts from rabbit muscle (Putney et al. 1983). With
advancements in sequencing technology, ESTs became a viable addition to
sequencing projects (Adams et al. 1991): As they represent the expressed region
of genomes, ESTs have been used for gene identification and validation of gene
predictions purposes. Further, they can be used as a cost-effective alternative to full

genome sequencing (Parkinson and Blaxter 2009).
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However, as ESTs only contain the expressed regions of a genome, information
about regulatory sequences within introns gets lost. Further, the presence or
absence of introns can greatly affect the quality of an EST: Introns interrupt the
coding sequence of a gene and therefore the resulting EST may differ from the

original gene (Jones et al. 2009).

1.2.3. Third Generation Markers

Further advancements in sequencing technology lead to a drop in the cost of
genome sequencing. This enabled more genomes to be sequenced and
resequenced for analysis of genomic diversity (Mardis 2008; Schatz et al. 2010).
With a wealth of genomic information, Single Nucleotide Polymorphisms (SNPs)

emerged as new markers.

According to the similarity with SNPs, markers can be classified into SNPs (due to
sequence variation, eg. RFLP) and non-SNPs (due to length variation, eg. SSRs;
Gupta et al. 2001; Jiang 2013).

1.3. Single Nucleotide Polymorphisms and INDELs

SNPs are the simplest form of polymorphisms: A single nucleotide change between
two DNA sequences in a specific location in the genome. Nucleotide bases can be
classified into one-ring pyrimidines (C and T) and two-ring purines (A and G).
Depending on the affected base and through mutation resulting change, SNPs can
be either transitions or transversions: Transitions are mutations that do not affect
the number of rings of the nucleotide base (C/T or G/A). Transversions occur
when the nucleotide type is changed from purine to pyrimidine, or vice versa
(CIG, AIT, C/A, or T/G; Edwards et al. 2007, Guo et al. 2017). If a variation occurs
at any given position, the two possible nucleotides are said to be alleles for this
position. Although 4 different variants could, in theory, be involved in a single SNP,
in practice they are usually biallelic. Despite this disadvantage over SSRs, SNPs

are abundant in many genomes: In humans, SNPs are one of the most common
13
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types of mutations, influencing protein coding, transcriptional regulation, alternative
splicing and non-coding RNA regulation (Xu et al. 2012). In plants SNPs are
estimated to appear every 100-300bp (Oraguzie et al.2007; Xu 2010).

Changes in the nucleotide sequence are inheritable, hence why SNPs are used as
genetic markers (Jiang 2013), in association genetics approaches, for creating
linkage maps and identification of linkage disequilibrium. Because SNPs are
evolutionary stable and therefore do not change much between generations, they
are ideal for understanding complex genetic traits (Syvanen 2001; Trick et al. 2009;
Appleby et al. 2009).

Further, SNPs do not require the use of restriction enzymes, which aids in
identification of variation in polymorphisms-dense sequences: Usage of restriction
enzymes in other techniques, such as Reduced-Representation Libraries (RRL),
may cause loss of markers due to changes in fragment distribution and exclusion of
size selection (Davey et al. 2011; Berthelot et al. 2014). RRL-approaches utilise
restriction enzymes to re-sample specific subsets of the genome across many
individuals with subsequent alignment to a reference sequence (Altshuler et al.,
2000). Such approaches allow simultaneous screening and sequencing of
thousands of SNPs. Despite its efficiency for non-model species, restriction
enzyme-based variant detection may not be suitable for highly repetitive and high
ploidy genomes: Only 48% of SNPs in rainbowtrout were validated using RRL. This
is due to the Whole-Genome Duplication (WGD) event, which resulted in doubling
of the entire genome (Davey et al. 2011; Berthelot et al. 2014; Graham et al.,
2020).

A different type of mutation commonly used in genetics are INDELs: The term
INDEL refers to INsertions and DELetions in genomic DNA (Mills 2006). Naturally
occurring INDELSs are considered polymorphisms and are less than 1kb in length.
Any insertions or deletions longer than 1kb are considered results of duplication or
DNA fusion events (Reams and Roth 2015; Sehn 2015). If an INDEL occurs in the
coding region of a gene and is divisible by 3, it is considered an “in-frame” mutation.
Such mutations may have little or no effect, depending on the structural properties
of the inserted/deleted amino acid residue. “Frameshift” polymorphisms are INDELs
which cause an alteration in the DNA reading code: Any insertion or deletion

(indivisible by 3) of DNA bases may shift the reading code and therefore produce
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nonsense or missense mutations or translation of a premature stop codon. While
missense mutations result in an amino acid change, nonsense mutations generate
a premature stop codon, preventing synthesis of the full-length protein (Minde et
al., 2011; Sharma, Keeling and Rowe, 2020). The latter may trigger the mRNA

degradation pathway and/or truncation of the protein (Brogna et al. 2016).

SNPs have become increasingly more popular and more widely used than
previously established genetic markers. One reason for this is the amount of
genomic information available: SNPs require sequence information, which became

more reliable and available with the advent of newer sequencing technologies

(Jones et al. 2009).

Table 1: Overview of presented markers. Adapted from (Jiang 2013).

Feature / RFLPs SSRs ESTs SNPs

Marker

Genomic High Moderate - Moderate Very High

Abundance High

Genomic Low copy Whole Expressed Whole

Coverage coding region | Genome Regions Genome

Type of Single base Changes in Single base Single base

Variation changes, length of changes, changes,
INDELs repeats INDELs INDELs

Technically Moderate Low Moderate - High

demanding High

Time High Low Low Low

demanding
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1.4. Brassica Napus

The family of Brassicaceae (or Cruciferae) includes 14 families and 4440 species
(Kiefer et al., 2014). One of its genus, Brassica, is economically important for its
wide use for nutrition, oil and bio fuel (Al-Shehbaz, 2012). Brassica napus is
especially popular worldwide: Being the second most cultivated oilseed species in
the world, B. napus is mainly used for human consumption and animal feed
purposes (Wittkop, Snowdon and Friedt, 2009; Hossain et al., 2018). B. napus
(AACC, 2n=38) is thought to be derived ~7500 years ago after an
hybridization event of two diploid genomes Brassica rapa (AA, 2n = 20; Wang et
al. 2011) and Brassica oleracea (CC, 2n = 18; Liu et al. 2014), followed by genome
doubling (Chalhoub et al. 2014). Although no wild B.napus species are known
(Gomez-Campo 1999), the “original” rapeseed is thought to be of winter type (Lu et
al. 2019).

The Triangle of U (Nagaharu 1935, see Fig. 1) describes the Brassica family and its
relationship with each other: Other allopolyploid Brassica species have different
combinations of the diploid genomes. Artificial fusion of both B. rapa and B. oleracea
genomes generates B. napus, although those forms are not very viable and show
reduced fertility (Olsson, 2010).

Comparison of the subgenomes of B. napus with its orthologues in B. oleracea and
B. nigra suggest formation of B. napus around 7500 years ago (Chalhoub et al.
2014). B. napus was first documented in Europe around 400 years ago as a winter
crop with a biennial life cycle and strong vernalization requirement. Around 100
years later, rapeseed was grown without vernalization (Gomez-Campo 1999). Later,
rapeseed was introduced to China in the 1930s as a semi-winter species with
moderate vernalization requirements and to Australia and Canada in 1960s and 70s
as a spring crop (Liu 1985; Chen et al. 2008; Wei et al. 2017). B. napus can be
further divided into three ecotypes, namely winter (requiring a prolonged cold
period), semi-winter (requiring a short cold period) and spring (no cold required; Lu
et al. 2019). Additionally, rapeseed can be categorised according to geographical
location, for instance, European winter and spring, Asian semi-winter, Australian

and Canadian (Zou et al. 2019).
16
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Figure 1: Triangle of U

Overview of the Brassica species. Hybridisation of two of three diploid ancestral
species Brassica rapa (AA, 2n = 20), Brassica nigra (BB, 2n = 16) and Brassica
oleracea (CC, 2n = 18) resulted in formation of the allopolyploid species Brassica
napus (AACC, 2n = 38), Brassica juncea (AABB, 2n = 36) and Brassica carinata
(BBCC, 2n = 34; Lu et al. 2019).

1.5. Genes of Interest

As the third largest oil crop, approximately 15% of human vegetable oil consumption
stems from B. napus crops (Kaur et al. 2020). With a percentage of 95,
Triacylglycerols (TAGs) are the main component of B. napus oil. TAGs contain a
glycerol backbone and three fatty acid chains: These fatty acids (FAs) differ in
carbon length and saturation (Lu et al. 2019). Examples of common FAs in plants
include palmitic (C16:0), stearic (C18:0), oleic (C18:1), linoleic (C18:2), linolenic
(C18:3), eicosenoic (C20:1) and erucic acid (C22:1; Knutzon et al. 1992b)

The composition of fatty acids in seeds has been a focus in research for several
years (Micha and Mozaffarian 2009; Gillingham, Harris-Janz, and Jones 2011).

Oleic, erucic and linolenic acid have been of our particular interest (see Fig. 2):
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Figure 2: Oleic Acid Pathway.

Oleic acid can undergo two different pathways: Firstly, the conversion to Linolenic
acid, catalysed by FAD2 and FAD3. Secondly, the elongation to Erucic acid,
catalysed by FAE1 in multiple cycles.

1.5.1. Fatty Acid Desaturase 2 (FAD2)

Oils with high oleic acid levels (>75%) have several benefits, in comparison to low
oleic acid levels, such as decreasing the risk of cardiovascular diseases in humans
(Chang and Huang 1998) and prolonging the shelf life of the oil product, due to its
antioxidant properties (Lauridsen et al. 1999). Currently, most rapeseed cultivars
worldwide contain ~55-65% oleic acid (Long et al. 2018). Increasing oleic acid
content by detecting novel markers is therefore a big objective in rapeseed research
(Fu et al. 2021).

On the other hand, due to its oxidative properties, linolenic acid is an undesirable
fatty acid: Linolenic acid is highly unsaturated and can therefore be easily oxidised,

reducing the shelf life and causing off-flavour to the oil (Hu et al. 2006; Yang et al.
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2012). The average canola oil contains about 20% linoleic acid and 10% linolenic
acid (Hu et al. 2006). Reducing the linolenic acid content (<3%) of oils is therefore

beneficial for prolonging shelf life (Wittkop et al. 2009).

In plants, fatty acids are synthesised from acetyl-CoA in plastids and later exported
into the cytosol. Oil is synthesised in the endoplasmic reticulum (ER; Browse and
Somerville 1991). In the stroma of plastids, 30 enzymatic reactions produce C16-
and C18-carbon fatty acids, of which 75% are unsaturated (Ohlrogge and Browse
1995; Somerville 2000). Membrane-bound ER desaturases catalise the
desaturation of membrane-bound phospholipids. The integral ER-membrane
proteins FAD2 and FAD3 primarily desaturate additional chloroplast lipids (Los and
Murata 1998; Shanklin and Cahoon 1998).

The initial desaturation step is catalysed by stearoyl-acyl carrier protein desaturase
(SAD). SAD converts stearic acid (C18:0) to oleic acid (C18:1). FAD2 further
desaturates oleic acid into linoleic acid (C18:2) in the ER. Finally, the conversion
from linoleic acid to gamma-linolenic acid (C18:3) is catalysed by FAD3 in the ER
(Zhang et al. 2012; Bhunia et al. 2016; Dar et al. 2017).

1.5.2. Fatty Acyl Coa Elongase 1 (FAE1)

Two major seed-oil types are present within B. napus: Low-erucic (<2%) and high-
erucic acid types. Reducing erucic acid content has been the goal of several
rapeseed breeding programmes (Yan et al. 2015; Zhao et al. 2019). Although erucic
acid is an nutritionally unfavourable component (Badawy, Atta, and Ahmed 1994),
high erucic acid cultivars are important material for industrial applications (Hristov
et al. 2011). Erucic acid from high-erucic acid rapeseed can be processed into
biodiesel, lubricants, surfactants, pharmaceuticals, cosmetics, soaps, rubber and
nylon and has been in high demand to meet the needs for biodegradable and
environmentally safe oil products (Hristov et al. 2011; Konkol et al. 2019; Lu et al.
2019). B. napus contains around 45-55% of erucic acid. To minimise the cost of
purification, elevation of the 45% erucic acid content in B. napus would be an

desirable outcome (Mietkiewska et al. 2007).
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The membrane-bound Fatty Acyl Coa Elongase (FAE) complex catalyses the
formation of long-chain monounsaturated fatty acids in the ER. In B. napus, oleic
acid undergoes two cycles of elongation to form erucic acid (C22:1). The FAE
complex catalyses four reactions per cycle:

In the first step 3-ketoacyl-CoA is generated through a condensation reaction of
C18:1-CoA with malonyl-CoA. The resulting product is then reduced to a 3-
hydroxyacyl-CoA derivative, followed by sequential dehydration and reduction to
create the final acyl-CoA product (Katavic et al. 2002; Lu et al. 2019). FAE1
catalyses the first condensation reaction and is the rate-limiting step for erucic acid
synthesis in B.napus (Millar and Kunst 1997).

1.6. Common Mutagens in Variant Detection

The present study utilised gamma radiation to induce mutation in B. napus. While
gamma radiation panels are a commonly used methodology in the field of plant
sciences, a range of different mutagenesis-inducing techniques exist. Examples are

chemical mutagens and heavy-ion beams, which will be further discussed below.

1.6.1. Chemical Mutagens and Targeting Induced Local Lesions
in Genomes (TILLING)

One method that uses chemical mutagens is Targeting Induced Local Lesions In
Genomes (TILLING). TILLING is a reverse-genetics approach to identify mutations
by utilising chemical agents (Till et al. 2004). PCR amplification using fluorescently
labelled primers is followed by digestion by mismatch-specific enzymes. The
approximate position of the mutation within the amplicon is revealed by the size of
the fragments on polyacrylamide gels (Salgotra and Neal Stewart 2020; Gilchrist et
al. 2006). The chemical agent, ethylmethanesulfonate (EMS), induces a high
volume of mutations: Treatment with EMS results in ethylation of G residues,
leading to G/C — A/T transitions. Notably, the use of EMS or MNU mainly causes
point mutations (Harloff et al. 2012) and small INDELs (Till et al. 2004). While

TILLING is more cost-efficient than other SNPs detection methods and can be
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carried out without expensive machinery or complicated procedures, reproducibility
remains challenging. Data generated from TILLING is often not comparable, as
different methods have been used to calculate mutation frequencies. Harloff et al.
@012) suggested using the abundance of G nucleotides to calculate mutation

frequencies.

1.6.2. Gamma-rays and Heavy-ion beams

After the discovery that X-rays induce mutations by Muller (1927), ionising radiation
such as gamma-rays became established in plant genetics. Since the publication of
the first results of X-rays in maize (Stadler 1928), the field has been developing
rapidly, making gamma-radiation the most used method in plant mutation breeding
since the 1960s. Almost 50% of officially registered mutant cultivars on the
FAO/IAEA mutant variety database (http://mvgs.iaea.org) account for cultivars
obtained by gamma-ray radiation (Ahloowalia and Maluszynski 2001; Li et al. 2019).

In the past two decades a different approach, radiation by heavy-ion beams, has
been established as another efficient mutagenesis methodology. Both gamma-rays
and heavy-ion beams are ionising radiation, which cause lesions in the chemical
bonds of molecules. Those lesions are caused by the release or capture of
electrons. The resulting lesions include nucleotide base lesions and DNA single-
and double-bond breaks. Especially the latter lesion is of interest, as the pathways
involved in the repair of DNA double-bond breaks are error-prone, resulting in
substitutions, INDELs and chromosome rearrangements (Rodgers and McVey
2016; Li et al. 2019).

Depending on the ion being used for irradiation, heavy ion beams have unique
properties, such as the mass and electrical charge of the ion. Therefore, the Linear
Energy Transfer (LET) can vary from 22.5 to 4000 keV-um=1, whereas the LET for
gamma-rays is 0.2 keV-uym~. Studies (Yatagai 2004; Hagiwara et al. 2019) have
compared the effects of low and high LET radiation in mammalian cells: Low LET
irradiation cause randomly distributed DNA damage in the nucleus, whereas high
LET irradiation leads to chromosome breaks, translocations and large INDELs. The
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mutagenic effectiveness, an index to compare mutagenic agents, of heavy ion
beams is, due to the high-LET properties, higher than of gamma-radiation (Kazama
et al. 2017; Li et al. 2019; Yamaguchi et al. 2009).

A study by Li et al. (2019) compared the effects of C-ion beams and gamma-rays
irradiation in rice. Their findings showed a higher amount of SNPs and small INDELSs
(-4bp - +1bp) in gamma-radiated cultivars. These results agree with previous
studies: Gamma irradiation tends to cause smaller INDELs (1-2bp) than C-ion
radiation (>3bp) in Arabidopsis (Yoshihara et al. 2010).

Ultimately, the use of a specific mutagen depends on the experimental design and
aims. Gamma-radiation was found to be the most suitable mutagen for our
experiment: Although TILLING does cause mutations similar to those caused by
gamma-radiation, the majority of registered mutant cultivars were generated using
gamma-radiation. Therefore our data is comparable to a bigger number of cultivars.
Intermediate and large INDELs and SVs usually cannot be detected using NGS data
(Shigemizu et al. 2018), hence why heavy ion radiation would be unsuitable for the

present project.

However, heavy-ion beams can be utilised for future experiments: As INDELs are
difficult to computationally analyse, an approach to improve the INDEL-calling
pipeline could be using data from heavy-ion irradiated cultivars, as these are more
likely to show large INDELs and Structural Variants (SV; Li et al. 2019). Although
large INDELs and SVs can also be found in gamma-ray irradiated rice cultivars
(Morita et al. 2009), the number remains comparatively low (1 SV, 16.7% large
deletions (9.4 - 129.7kbp). With more INDEL-data available, the focus of such
experiments should be the accurate detection and validation of INDELSs to create an

efficient variant-calling pipeline.
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1.7. The field of Bioinformatics

While NGS technologies are facilitating sequencing projects, a new challenge arises
in analysing and interpreting the resulting information (Metzker 2010). Further,
genetic maps, genotypes and genomic expression need to be processed to acquire
the relevant biological information. The field of bioinformatics deals with such
challenges: The first sequence analysis dates back to the beginning of Sanger
sequencing and numerous genomes have been sequenced since. Now, more reads
of lower quality are being generated by NGS technologies. To efficiently analyse
such data, new approaches are needed to understand complex biological traits
(Horner et al. 2010; Pérez-de-Castro et al. 2012). This is what, among other things,

the field of bioinformatics deals with.

1.7.1. Challenges in Variant Detection

Despite all progress, SNP detection in plants remains challenging. Firstly, the
number of possible genotypes is increased due to a higher number of alleles and
resulting combinations. Secondly, the absence of physical linkage with
heterozygous alleles complicates determination of the exact number of present
alleles. The resulting low coverage per allele impedes detection of sequencing
errors: NGS data show higher error rates than traditional Sanger sequencing,
making sequence error detection a crucial step in the pipeline. This can be
overcome by deeper sequencing and therefore increasing the confidence in a called
SNP.

Further, NGS sequencing results in shorter reads than Sanger sequencing and
therefore an increased risk of aligning sequences to the wrong region. Previous
studies have suggested focusing on more accurate read mapping (Garrison et al.
2018) and usage of long-read sequences (Wenger et al. 2019) to increase the
accuracy in variant calling. Li et al. (2011) developed a model that suggested
sequencing more individuals at low depth (2-4x) was a viable alternative to
sequencing fewer individuals at high depth (>30x) in association studies. However,

this model cannot be applied to plants, as it assumes a diploid genome and many
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plant species are of polyploid nature (Wenger et al. 2019; Cooke et al.). Thus,
finding a trade-off between deeper sequencing and accounting for wrong

alignments remains a challenging task.

Similar challenges arise during INDEL detection. Although software specifically for
INDEL detection in NGS has been developed (eg. SOAP; Li et al. 2008), NGS
platform specific errors impede correct detection of INDELs. Most tools are able to
account for substitution errors only and those who do account for insertion or
deletion errors were found to be fairly inaccurate, showing in disagreement of
detected INDELSs. A proposed reason for inaccurate INDEL error handling is the fact
that error programs utilise high data coverage to account for errors. Although
various subcategories of error handling programs exist, which utilise different
parameters and methods, many programs struggle with similar challenges: reads
mapped to the wrong region in the genome, reads associated in low-covered
regions and reads with high error rates. Further, NGS platforms that produce long
reads, and therefore high quality assemblies, are especially prone to such errors
(Allam et al. 2015).

An example of limited concordance of detected INDELs has been pointed out by
(Ramakrishna et al. 2018). Their study researched INDELSs in cultivated soybeans
by whole genome resequencing. Despite showing Transition/Transversion (TS/TV)
ratios comparable to previous studies, the average densities for SNPs and INDELs
were found to be 79.04/Mb and 461.48 /Mb, respectively. Earlier experiments
(Yadav et al. 2015) showed lower SNPs/Mb and higher INDELs/Mb densities than
those found by (Ramakrishna et al. 2018).

Moreover, although INDELs were found to be the second most common type of
mutations in the human genome (1 INDEL per 7.2Kb; (Mills 2006), it is estimated
that a third of small INDELs in humans are undetected as per 2010 (Mullaney et al.
2010). Supporting this statement, a study (Jiang et al. 2015) analysing European
and Yoruban High-Throughput Sequencing (HTS) data estimated that only 55% of
INDELs in both genomes have been detected. The study assessed accuracy of
INDEL detection and suggested that a third of all INDELs occur in long
homopolymers, regions which impede INDEL detection. Further challenges in
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INDEL detection have been listed, namely presence of repeats, short interspersed
elements and homopolymers and dimers. Regions with a high number of repeats
are known to be prone to sequencing errors, however the results of the study
suggest that errors in INDEL detection in such regions are due to a fundamental

nature, which requires new technologies and techniques (Jiang et al. 2015).

These findings highlight the need for a more accurate and precise detection of
polymorphisms. Despite being common in all genomes and owning useful
properties for further genetic analysis, the detection of genetic markers remains
challenging in plants. (Lateef 2015) argues to detect as many SNPs as possible as
“It is very likely that improvement of complex traits will depend on the ability to
manipulate genes, which have minor effects, and show interaction with each other”
(Lateef 2015).
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1.8. Thesis Aims

Variant detection in polyploid organisms remains a challenging task. Variants often
remain undetected due to the wealth of genomic data. Further, many programmes
and algorithms are programmed for diploid genomes and therefore cannot be
applied to polyploid organisms. Therefore, the aim of this project is to create an
effective variant-detecting pipeline in B.napus. As such, we developed a pipeline to

analyse 584 mutant lines arising from gamma radiation.

The aims of this project can be categorised into two parts:

1. Development of a computational pipeline which accurately detects

variants.
Here we evaluated different methods to detect variants: Variant detection by
clustering of FASTA files and by calling and filtering from VCF files. While
the latter method is common practise in Bioinformatics, the aforementioned
challenges impede accurate detection. By evaluating different software and
commands we aim to establish a computational pipeline that filters out
sequencing noise but remains sensitive enough to detect true variants.

2. Validation of computationally detected variants by sequencing.
To confirm the presence of variants, we will analyse sequences from mutant
lines which have been detected by our pipeline. Here we utilise alignments
of DNA sequences to validate computationally detected variants. Finally, we

aim to confirm variants with sequencing data from selected mutational lines.
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2.Materials and Methods

2.1. Plant Material

For this project the DNA sequences of the rapeseed variety “Maplus”, a european
winter-habit type (low glucosinolate, high erucic acid type), was analysed. Seeds
were exposed to varying levels of gamma rays (6°Co), 750 Gy, 1500 Gy, 1750 Gy
and 2000 Gy, at the International Atomic Energy Agency (IAEA) in Austria. For
comparison, seeds of the same variety were treated with four different doses of fast
neurons (FN), 40 Gy, 60 Gy, 80 Gy and 100 Gy in the Budapest Research Reactor
(BRR) at HAS Centre for Energy Research (AEKI), Hungary. To compare the effects
of gamma irradiation and the corresponding FN dosages, 8 M1 selfed plants were
grown (M2). Seeds from M2 were harvested and prepared for DNA and RNA
extraction, according to (He et al., 2017). Following mRNA-Seq, performed by the
lllumina sequencing platform, 150 base PE reads have been obtained from the

HiSeq 4000 platform at Beijing Genomics Institute (BGI), China.

2.2. Computational Analysis

2.2.1. File Types

The following chapter introduces different file types used in this project. It will
elaborate on the reasoning for the creation and its function of each file format.
Further, the basic structure of each file format will be presented and its advantages
and disadvantages will be reviewed. Lastly, it will discuss why these particular file

formats have been chosen over different ones.
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2.2.1.1. Sequence Alignment/Map (SAM) format and Binary Alignment/Map
(BAM) format

The progress in sequencing and aligning technologies led to the development of
several programmes, which impeded downstream analysis due to changes in file
formats. With the start of the 1000 Genomes Project (1000 Genomes Project
Consortium et al,.2010), Li et al., (2009) developed the Sequence Alignment/Map
(SAM) format. SAM supports different types of sequences, single- and paired-end
reads and uniforms information about the quality of the sequence within one
format. The Binary Alignment/MAP (BAM) format is a binary and compressed

version of SAM which stores the same information.

Other file formats have emerged with the goal of standardising file formats.
Examples are the Sequencing Reads Format (SRF, http://srf.sourceforge.net/),
genotype likelihoods/posterior SNP probabilities (GLF;
http://maqg.sourceforge.net/glfProgs.shtml) and the Genome Variation Format
(GVF; Reese et al., 2010). Both SRF and GLF store variant information in non-

standardised tabular formats, hence why they are unsuitable for comparison
between genome analysis projects. GVF is an adaptation of the Generic Feature
Format version 3 (GFF3), which uses Sequence Ontology to detect variants (Reese
et al., 2010). Although the format is not suitable for storing variants from different
samples (Lorenc, 2015), GVF can be used for exchange of variant annotations
between different genomic databases (Cunningham et al., 2015). Lubin et al.,
(2017) suggested that another file type, the Variant Call Format (VCF) has more
options for file manipulation and a better application to clinical projects.

2.2.1.2. Variant Call Format (VCF)

After the standardisation of next-generation reads alignment by the SAM/BAM file
format, the Variant Call Format (VCF) was proposed by Danecek et al., (2011). The
development of VCF aimed to create a standardised format for storing variant
information, with rich annotations about the respective variant. As the GVF is not

applicable for storing information about multiple samples, the VCF was designed for
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usage in polyploid organisms and various contexts. Further, indexing allows fast

access to variations and easy data manipulation (Danecek et al., 2011)

2.2.1.2.1. Structure of the VCF

The VCF is a tab delimited text format, which stores all the information about a given
sequence in 10 columns. The file can be divided into 3 parts (EMBL-EBI, no date;
lan_Maurer, 2020):

- Meta Information: Multiple lines prefixed by ##
- Column Header: Single line prefixed by #

- Data Lines: Information about variants

The information included ranges from the position of the called variant to detailed
statistical information, which puts the identified site into context of the entire

sequence and genome.

2.2.1.2.1.1. Meta Information

The meta information is the first part of the VCF. Identifiable by the ##-prefix, the
meta information stores details about the content of the VCF. In the upper part of
the section, specifications about the VCF and the commands used to generate the
VCF file can be found. The middle section stores information about the sequences
of the specific genome. The length of chromosomes and genes can be found there.
The last part of the section describes abbreviations used in the INFO column of the
Column Header section (see Fig. 3 and Table 2 for details).
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##fileformat=vCFv4.2

HHUFILTER=<ID=PASS,Description="All filters passed”>

#tibcftoolsVersion=1.10.2+htslib-1.10.2

#HbcftoolsCommand=mpileup -f ../../../../..[../JGamma/reference/ref fa ../../..[../results/Bo3g168810.1/Radiation/bam/FNT100_1a.sub.sort.bam
#ureference=file://../../..J../../../Gamma/reference/ref fa

itHcontig=<iD=A01,length=33036635>

#titcontig=<ID=A02 length=34696008>

#Hcontig=<ID=A03 length=34700556>

##contig=<ID=A04 length=22708422>

(..

#HINFO=<ID=MQSB,Number=1,Type=Float,Description="Mann-Whitney U test of Mapping Quality vs Strand Bias (bigger is better)">
#HINFO=<ID=SGB,Number=1,Type=Float,Description="Segregation based metric.">
#HINFO=<ID=MQOF,Number=1,Type=Float,Description="Fraction of MQO reads (smaller is better)">
#HFORMAT=<ID=PL,Number=G,Type=Integer,Description="List of Phred-scaled genotype likelihoods">
#H#FORMAT=<ID=GT,Number=1,Type=String,Description="Genotype">
H#HINFO=<ID=I1CB,Number=1,Type=Float,Description="Inbreeding Coefficient Binomial test (bigger is better)">
H#HINFO=<ID=HOB,Number=1,Type=Float,Description="Bias in the number of HOMs number (smaller is better)">
#HINFO=<ID=AC,Number=A,Type=integer,Description="Allele count in genotypes for each ALT allele, in the same order as listed">
#HINFO=<ID=AN,Number=1,Type=Integer,Description="Total number of alleles in called genotypes">
#H#INFO=<ID=DP4,Number=4,Type=Integer,Description="Number of high-quality ref-forward , ref-reverse, alt-forward and alt-reverse bases">
#HINFO=<ID=MQ,Number=1,Type=Integer,Description="Average mapping quality">

#bcftools_callVersion=1.10.2+htslib-1.10.2

itibcftools callCommand=call -mv: Date=Tue Jul 609:17:37 2021

Figure 3: Example of the meta data in a VCF file.
The meta data section contains detailed information about file type specifications

and used commands.

Table 2: Explanation of the Abbreviations used in VCF files.

The following abbreviations are used in the INFO column of the data lines section.
The descriptions can be found in the meta data section and are presented down
below (Team, 2015).

Abbreviation VCF Description

IDV Maximum number of raw reads

supporting an indel

IMF Maximum fraction of raw reads

supporting an indel

DP Raw read depth
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VDB Variant Distance Bias for filtering splice-
site artefacts in RNA-seq data (bigger is
better)

RPB Mann-Whitney U test of Read Position
Bias (bigger is better)

MQB Mann-Whitney U test of Mapping Quality
Bias (bigger is better)

BQB Mann-Whitney U test of Base Quality
Bias (bigger is better)

MQSB Mann-Whitney U test of Mapping Quality
vs Strand Bias (bigger is better)

SGB Segregation based metric.

MQOF Fraction of MQO reads (smaller is better)

PL List of Phred-scaled genotype likelihoods

GT Genotype

ICB Inbreeding Coefficient Binomial test
(bigger is better)

HOB Bias in the number of HOMs number
(smaller is better)

AC Allele count in genotypes for each ALT
allele, in the same order as listed

AN Total number of alleles in called
genotypes

DP4 Number of high-quality ref-forward , ref-

reverse, alt-forward and alt-reverse

bases
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MQ Average mapping quality

2.2.1.2.1.2. Column Header and Data Lines

The remaining part of a VCF file consists of the column header and data lines. The
column header contains a single, #-prefixed line. Each line in the data lines section
represents a position in the genome and corresponds to the column header section.
Missing values in data lines are normally represented by a dot (see Fig. 4 and Table
3).

#CHROM POS 10 REF ALT QUAL FILTER INFO FORMAT FNT100_1a
co3 64359481 A C 999 DP=3907,VDB=9.07588e-11,5GB= GT:PL 1/1:43,0
148.582;RPB=0.274492;MQB=5.59632¢
11;MQ58=5.64983¢
28;BQB=0.943651;MQ0F=0.203481,AC=1
146,AN=1146,0P4=30,2,2641,623;MQ=1

Figure 4: Example of a SNP in a VCF file.

The variant shown was taken from Bo3g168810.1 (FAD2) of the B. napus genome.
Given the data presented here, the following information can be read about the
variant:

The detected variant is a A — C transition found at 64359481 on Chromosome 3 of
the C genome. The expected genotype is homozygous (alternative) and unphased.

The present SNP contains additional information about the phred-scaled genotype
likelihood (PL).
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Table 3: Explanation of the VCF Column Header.

The following abbreviations are found in the column header of a VCF file.

Abbreviation Definition

CHROM Chromosome

POS Position of the variant

ID Identifier

REF Reference Allele - Base(s) found on the
reference sequence

ALT Alternative Allele - Base(s) found on the
present sequence

QUAL Quality Score (out of 100)

FILTER Quality Filter - Indication which filter have
passed or failed (semicolon)

INFO Further Information - (see Table 1)

FORMAT Genotype (GT) - Some VCF versions

contain the additional information and its
corresponding values in this and the

following column, respectively.

Sample Data (optional)

GT values - Indicates which alleles are
phrased (|) or unphased (/). O represents

the reference, 1 the alternative allele.

Depending on the type of NGS mechanisms used, the resulting sequences may be

prone to different errors. For instance, the Illumina platform shows fairly high

misscall error rates at 1%. The SOLID platform utilises fluorescent dye colour, which

bias appears in later machine cycles. Further uncertainty can be introduced by high
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depth sequencing and alignment errors. Platform specific algorithms have been
developed to improve error rates by 5-20% and reduce false-positive SNP calls.
Examples for such are BayesCall for lllumina (Kao et al. 2009) and Rsolid for the
SoLiD platform (Wu et al. 2010; Nielsen et al. 2011).

However, SNP calling requires quantification that accounts for any errors that may
affect the accuracy and possibility of any called SNP. While some platforms
designed algorithms specific to their platforms, the Phred quality score remains the
standard measure of quality of sequences generated by DNA sequencing. The
following formula allows conversion from platform-specific to the Phred quality

score.

Q phred = 10 log10 P

Where P represents base-calling error probability (Ewing et al. 1998). A 1% error

rate in base calling conforms to a Phred score of 20.

The VCF was adapted by the 1000 Genomes Project as the standard file format for
variant scoring (Lorenc, 2015). However, Moore et al., (2012) argues that the VCF
lacks the option to store further information about a called variant, such as its
biological consequences. While the GVF possesses the infrastructure to store such
annotations, notably, this may be of relevance in the field of medicine and
healthcare. The annotations in the VCF are sufficient for this present project, as it
does not aim to investigate the biological impact from mutations. This project
focuses on improving a variant calling pipeline and identifying new variants. While
conversion to GVF is possible, this additional step lies beyond the scope of the
project. Future experiments may compare VCF and GVF pipeline to identify further

advantages and disadvantages of each format in B. napus.

2.2.1.3.  FASTA Format

The FASTA format was initially developed as an improvement to the FASTP
format by Pearson and Lipman (1988). Changes in the algorithm lead to increased
sensitivity and a more sophisticated alignment approach. However, the most

striking feature of the FASTA format is the ability to quickly search and compare
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DNA sequences in data bases. While amino acid sequences were still stored in
FASTP files, FASTA files are nowadays universally used to store DNA and amino
acid sequences. The simplicity of the format (see Fig. 5) allows easy processing
and manipulation with common programming and scripting languages. Later, the
FASTQ format emerged as an extension to FASTA: Additionally to DNA
sequences, the FASTQ file includes numeric quality scores corresponding to each

nucleotide (Cock et al., 2010).

»C3 dna:chromosome chromosome:BOL:C3:59494886:59495886:1
TAAGGAGAGAGACACGACACAATTACACAGTCATCAACTGGAAGTAGCTTATTTTCARAT
GAACTTTGTGTGAATTTTAAATTACATAAATGATAGAACTTGGGGTTTTAGTTGTTTGAT
TTAGGATATGACGTCATACTGTTAGGCGTTTATAAATTTCATGTAACTAAGAGATACATA
CATGTAAAACAATCAAATACT

Figure 5: Example a FASTA file.

The presented example is a 200bp excerpt from the C3 chromosome of the B.
oleracea (BOL) genome. A sequence in the FASTA file starts with a single-line
identifier, followed by sequence data. The identifier is distinguished from the actual
sequence by a greater-than (>) symbol at the beginning. Sequences are
represented in the standard IUPAC code for amino acids and nucleotide bases.
The identifier at the start describes the starting position of the sequence, as well

as, chromosome, gene ID and (optionally) species (BLAST TOPICS, no date).
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2.2.2. Development of a Variant Detecting Pipeline

The resulting lllumina sequencing reads were prepared for computational analysis.
An overview of the pipeline can be found at Fig. 9. The reads in FASTQ were
mapped to a reference genome using Borrows Wheeler Aligner (BWA-mem,
version 0.7.17; Li and Durbin 2009). The reference sequence used was the
Brassica pan-transcriptome developed by He et al. (2015). The resulting bam files
have been aligned to the same reference sequence, sorted and shortened for
variant calling. The shortened versions included regions of the genes of interest.
For bam files manipulation SAMTools (version 1.10-foss-2018b; Li et al. 2009) and
BCFTools (version 1.10.2-GCC-9.3.0; Li 2011), for subsequent variant calling
VCFTools (version 0.1.15-foss-2018b-Perl-5.26.1; Danecek et al. 2011) have been
used.

In the following steps VCF files have been processed to validate the reported
variants. Using BEDTools (version 2.30.0-GCC-11.2.0; Quinlan and Hall 2010),
variants which occurred in both control and “mutant” lines were removed. The
resulting VCF files were separated by variant types, namely SNPs and INDELS.
Next, SNPs which do not affect coding regions were removed. Filters were applied:
For both SNPs and INDELs a QUAL < 30 filter was applied. For SNPs, additionally,
a missing data < 50% was applied. The filters removed all variants with a quality
score below 30 and SNPs which have more than 50% of their data missing. Lastly,
utilising R, variants which occur more than 6 times across all samples were
removed. All computational work was undertaken on the Viking Cluster, which is a

high-performance compute facility provided by the University of York.

To prepare for Wet Lab validation, variants with mutant alleles which occurred at
least 60% of the time were chosen. This was done comparing the AD (number of
mutant alleles) and DP (total number of any alleles). Further, the mutant sequences
were aligned to a reference sequence to visualise the mutation. As such, the
following mutations and their lines have been selected to be validated (see Table
4):
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Table 4: Variants selected for sequencing.

AO5 25129372 733 G A FNT80-6

AO5 25129085 446 G A FNT80_1a, G2000-136a, G2000-419-1

Despite G2000-419-1 not showing any variation in the alignment, we wanted to test
the precision of variant detection utilising FASTA alignments. As the same mutation
was detected at a high rate (60% < occurrences) in 2 different lines, we

hypothesised that the same mutation will be visible in said mutational line.

2.2.3. Wet lab Validation

After detecting and analysing variants computationally, selected samples were
prepared to be validated by sequencing. In the following protocol, DNA samples

containing variants were amplified and prepared for sequencing.

2.2.3.1. Polymerase Chain Reaction (PCR)

The reactions were carried out in 0.5ml tubes containing:

7ul 1X Master Mix (Thermo Scientific), 1ul of forward and reverse primers each, 1pl
cDNA and 5ul water each. The sequences of primers used can be found in Table
5.

The PCR was set at the following protocol:

SNPs:
- 94°C for 5 minutes

- 29 cycles of:
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- 94°C for 30 seconds

- 57°C for 30 seconds
- 75°C for 1 minute
72°C for 10 minutes
Hold at 7°C

INDELSs:

95°C for 5 minutes
14 cycles of:
- 94°C for 30 seconds

- 63°C for 30 seconds (-1°C per cycle)

- 72°C for 1 minute
29 cycles of:
- 94°C for 30 seconds
- 53°C for 30 seconds
- 72°C for 1 minute
72°C for 15 minutes
Hold at 7°C

Table 5: Primers used.

FAD2.A5-F GTGTCTCCTCCCTCCAAA
FAD2.A5-R CCTCATAACTTATTGTTGTACCAG
FAE1.C3-F GCCGCTATTTTGCTCTCCAA
FAE1.C3-R CCAATCAATTCGGGAGCCAC
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2.2.3.2.  Primer Design

Various primers were designed to test their amplification properties in the FAD2
and FAE1 gene. For the FAD2 gene, one forward (“forward”) and four reverse
primers (R1-R4) were tested. Our aim was to test if the newly designed primers
would be able to detect the SNP at location 446 (see Table 6). The previously used
FAD2.A5 forward and reverse primers were utilised as control samples. For the
FAEL1l gene one forward (“Kati-F) and reverse primer (“Kati-R”) was designed.

Here we aimed to amplify the INDEL at location 153 (data not shown).

Table 6: Primers tested.

Forward GTCTCCTCCCTCCAAA

R1 TTGTGGAAGACCTTGTTC

R2 CCCGTTGACTATCAGAAG

R3 TGTAGATGGGAGCGTTAG
R4 TTGAAGGCTAAGTACAAAGG
Kati-F ACACGAGTCTCTGACTTAC
Kati-R GATTGATGTGCTAGAGAAGA
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ATGGGTGCAGGTGGRAGRATGCAAGT - - GTCTGARACCGACRAC 60

ATCARGCGCGTACCCTGCGAGACACCGCCCTTCACTGTCGGAGRRCTCARGRRAGCRATC 120
CCACCGCACTGTTTCARACGCTCGATCCCTCGCTCTTTCTCCTACCTCATCTGGGACATC 180
ATCATAGCCTCCTGCTTCTACTACGTCGCCACCACTTACTTCCCTCTCCTCCCTCACCCT 240
CTCTCCTACTTCGCCTGGCCTCTCTACTGGGCCTGCCAGGGCTGCGTCCTAACCGGCGTC 300
TGGGTCATAGCCCACGAGTGCGGCCACCACGCCTTCAGCGACTACCAGTGGCTGGACGAC 360
ACCGTCGGCCTCATCTTCCACTCCTTCCTCCTCGTCCCTTACTTCTCCTGGRAGTACAGT 420
CATCGACGCCACCATTCCARCACTGCTCCCTCGAGRAGAGACGRAGTGTTTGTCCCCAAG 480

AAGARGTCRAGACATCAAGTGGTACGGCAAGTACCTCRACRACCCTTTGGGACGCACCGTG 540

ATGTTRAACGGTTCAGTTCACTCTCGGCTGC OO - GTCTCGGGR 600

AGACCTTACGACGGCGGCTTCGCTTGCCATTTCCACCCYARCGCTCCCATCTACARCGAC ee0
CGTGAGCGTCTCCAGATATACATCTCCGRACGCTGGCATCCTCGCCGTCTGCTACGGTCTC 720
TACCGCTACGCTGCTGTCCRAGGAGTTGCCTCKATGGTCTGCTTCTACGGAGTYCCKEEE 780
T EATHETCARCGEEE T TCTTAGTTTTGATCACTTACT TGCAGCACACGCATCCTTCCCTG 840
CCTCACTAYGAYTCGTCTGAGTGGGATTGGTTGAGGGGAGCKTTGGCYACCGTTGACRAGA 900
GACTACGGRATCTTGAACAAGGTCTTCCACAATATCACGGACACGCACGTGGCGCATCAC 960
CTGTTCTCGACCATGCCGCATTATCAYGCGATGGRAGCTACSAAGGCGRATARAGCCGRATA 1020
CTGGGAGAGTATTATCAGTTCGATGGGACGCCGGTGGTTAAGGCGATGTGGAGGGAGGCG 1080
RAAGGAGTGTATCTATGTGGRACCGGACAGGCARGGTGAGRAAGRAAGGTGTGTTCTGGTAC 1140

ARCAATAAGTTATGA 1159

Figure 6: Visualisation of primer design.

Primers were designed to include the mutation (highlighted in red). The forward
primer is highlighted in red, the reverse primers R4, R3, R2 and R1 in magenta,
cyan, green and yellow, respectively.

2.2.3.3. Gel Electrophoresis

The length of PCR products was confirmed using Gel Electrophoresis in a 1%
Agarose gel (see Fig. 7). The gel was prepared with a 0.5X TBE buffer and 2pl of
ethidium bromide. Aliquots of 5ul of the PCR products were loaded onto the gel and
run for 30 minutes at 130V.
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Figure 7: Gel Electrophoresis confirms successful amplification of genes.
*: 10bp DNA ladder

A: The FAD2 gene of 4 mutational lines were amplified. (G2000-136A, G2000-
419-1, FNT80-6, FNT80-1a)

B: Amplification of FAE1 genes of 2 mutational lines. (G2000-119-1, FNT40-5)
All PCR products match with the expected length of their respective genes.
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2.2.3.4. Preparation of samples for sequencing

For each sample, 10yl of PCR product was mixed with 1yl SAP and 1pl
Exonuclease |. After mixing, the samples were amplified using the following

protocol:

- 37°C for 15 minutes
- 80°C for 15 minutes
- Hold at 7°C

After, 2ul of 10uM primers were added to the samples. For FAD2 samples the

forward, for FAE1 samples the reverse primer were used (see Table 5). Lastly,

water was added to reach a total volume of 15ul and sent to sequencing.
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3.Development of Variant Detecting

Methodologies

The aim of the present project is to develop variant calling pipelines for B. napus.
As such we investigated two different approaches, variant detection by clustering

and by computational analysis.

3.1. Variant detection by clustering

Firstly, we researched the possibilities to call variants with FASTA files. Utilising
whole genome sequencing data from gamma-radiation panels, we assembled
identical genomic sequences into clusters and compared them to each other using
logDet pairwise distances (phangorn R package; Schliep 2021). This allowed us to
plot said distances onto a phylogenetic tree (ggtree R package; Yu et al., 2017,
ggplot2 R package; Wickham, 2016) and to identify similar and dissimilar clusters.
Subsequently we analysed erucic acid content in relation to cluster similarity: We
identified sequences with high and low erucic acid content (either top or low 10%

of all samples) and compared them against similarity to other sequences.
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Figure 8: Comparison of sequence similarity in relation to erucic acid content.
A+B: Phylogenetic trees were plotted to compare similarity between FASTA
clusters. A total of 184 sequences were grouped into clusters with identical
sequences. Single Sequences were numbered from (R) 1-184. Clusters were then
plotted in relation to genomic distance from the reference cluster. Subsequently, 18
sequences (~10%) with the highest and lowest erucic acid content were identified

and highlighted in green and red, respectively. Clusters containing sequences with
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both high and low erucic acid content were highlighted only if sufficient sequences
for one trait (twice as many) were present. Remaining clusters were highlighted if
at least one top/bottom 10% sequence was found within the cluster. Genetic
distances (as dis.logDet values) were scaled as branch lengths. Nodes represent

branching points from sequence similarities (Baum, 2008; Yu et al., 2017).

While we were not able to identify any variants here, the FASTA clustering method
provided us with an overview of the variation of sequences (see Fig. 8). Using
clustering, we were able to see how many identical sequences were present: In both
A and B genome, the biggest cluster group included sequences identical to the
reference sequence. While more and bigger clusters are present in the A genome,
almost all sequences of the B genome fall under the same interior node. On the
contrary, the phylogenetic tree for genome A shows more nodes and branches of
varying length, indicating greater genomic variation. Given the number of clusters
with identical sequences, some common variants may be present in the sequences
of the A genome. Interestingly, the A genome implies that higher dissimilarity to the
reference sequence may result in decreased erucic acid content: Samples with high
erucic acid content were found in clusters most similar to the reference cluster. Such
a trend is not visible in the B genome, where samples with high erucic acid content
are present regardless of genetic distance. Notably, in both genomes, sequences
with the highest dissimilarity to the reference sequence all showed low erucic acid

content.

3.2. Variant detection by computational analysis

Secondly, we followed a more established approach by developing a variant calling
pipeline utilising bioinformatic software. The data used stems from the same
gamma-radiation panel as used as in the clustering method. A schematic overview
of the full pipeline can be found in Fig 9. Initially we mapped raw reads to the
reference sequence. The resulting BAM files were aligned to a reference sequence
to organise and locate sequences. Then, BAM files were shortened to include the
region of interest only to save processing power. After preparing BAM files for

variant calling we followed several steps to obtain variants of high quality: Firstly,
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variants which appeared in both control and mutant files were excluded to ensure
that called variants were actually caused by radiation. Samples from control files
were not treated with any mutagens. Next, we separated variants according to
their type, namely SNPs and INDELs. By doing so different filters can be applied
according to variant type. As variants in coding regions are more likely to impact
the phenotype, we excluded SNPs in non-coding regions. Subsequently filters
were applied to exclude low-quality variation, variation which is likely to be
sequencing noise (see Chapter 2.2.1.2.1.2.): A QUAL < 30 filter was applied to
both SNPs and INDELs, an additional missing-data < 50% was applied to SNP
variants. The application of filters is a standard step in variant calling pipelines to
exclude sequencing errors and low-quality variants. We decided to use the
missing-data < 50% filter for SNPs to further exclude poorly sequenced samples
and to ensure high quality of the dataset (Cercaet al. 2021).

Finally, we removed variants which occurred more than 6 times across all samples:
PCR duplicates can arise if the same DNA fragment is sequenced multiple times.
Because PCR duplicates can occur through PCR amplification bias, the presence
of many duplicates may lead to misidentification of these as true variants (Ebbert
et al. 2016). As our total sample size amounts to almost 600, we set a threshold of
1% to avoid any misidentification. Here we ran a R function that counts
occurrences (using information from VCF files) and outputs those with less than 6
occurrences in a separate file. Subsequently, the BCFTools -query - command
matched variants from said file to the previously filtered VCF files. Variation with

no matches were hereby removed.
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Figure 9: Schematic Overview of the Computational Pipeline.

The pipeline can be divided into initial data preparation and subsequent variant

filtering and calling. In the first half of the pipeline datasets were converted from

FASTQ to BAM files. Then, BAM files were prepared for subsequent variant calling.

In the second half filters were applied to ensure high quality of called variation.
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Figure 10: Overview of detected variation.
A: Number of SNPs and INDELSs present after each filtering step, for each gene.

B: TS/TV ratios after each filtering step.
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For each filtering step, the transition/transversion (TS/TV) ratio was calculated (see
Fig. 10). The ratio was calculated taking the number of transitions divided by the
number of transversions. If the TS/TV > 1, the number of transitions was greater
than the number of transversions. This would give us an overview of the present

variations and let us compare our pipeline to others.

A total number of 304 SNPs and 16 INDELs were detected. In the initial filtering
step, variation aligning with those in control lines were removed. This means, all
variation, which position and mutation (eg. A — G) matches to variation detected in
control lines, were removed. In the initial step 44 SNPs and 6 INDELs were
removed, leaving a total of 258 SNPs and 9 INDELs left for further filtering. The
number of transitions and transversions remained fairly consistent across all genes,
with FAD2.A1 showing the biggest difference in the TS/TV with -0.15. In the next
step, (113) SNPs, which occurred outside of coding regions, were filtered out.
Notably, this step filtered out all transitions in FAE1.C3 and reduced the number of
transitions in FAD2.C5, while more transversions were filtered out for the remaining
genes, except for FAD2.C1. Next, filters (QUAL < 30, missing-data < 50%) were
applied. This step filtered out the most variation, with 123 SNPs and 1 INDEL being
removed. Interestingly, more transversions were removed, with TS/TV ratios
increasing for every gene, except for FAD2.A1, which TS/TV ratio lowered from 1.8
to 0.5. A total of 33 SNPs and 8 INDELs were left for the last filtering step. Lastly,
variation which occurred in more than 6 mutant lines were removed. This step
filtered out all remaining INDELs and 11 SNPs, leaving 22 SNPs left for further

analysis.

3.3. Validation by Practical Work

After identification of variation by computational analysis, candidate mutations were
selected to be validated in labs. Variants were picked according to their
occurrences. While during computational analysis variants were filtered according
to their occurrences across all experimental lines, here mutations were selected if

they occurred more than 60% within a single experimental line. This is to ensure
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that the candidate variants arise enough times to be detected by wet lab
experiments. Hence, the aim of the following set of experiments is to validate the

mutations detected by the computational pipeline.

Firstly, FASTA sequences of the experimental lines were aligned to determine the
position of the variant. Secondly, sequencing data was analysed to confirm the

presence of the candidate mutations.

3.3.1. Primer Design

C C AAGCTCCCCTCAACCAATCCCACTCAGACGAGTCATAGTGAGGCAGGEAAGGATCCETGTGCTGCAAGTAAGTGATCAAAACTAAGAA

COMSEMSUS | = = = = - = oo s o o e o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e oo

} Contr._rimer TAGTCTCTGTCAACGGTBGCCARAGCTCCCCTCAACCAATCCCACTCAGACGAGTCATABTGAGGCAGBGAAGGATGCGTGTGCTGCAAGTAAGTGATCAAAACTAAGAA 330
PRI | oo CAACCTGTCCGGTGGCCAAGCTCCCCTCAACCAATCCCACTCAGACGAGTCATAGTGAGGCAGEGAAGGATGCETGTGCTGCAAGTAAGTGATCAAAACTAAGAA 105
P RZ | e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e
I | cocooocoscosscocoscoscooooacoosasoooEC0S00005050505 0050000000 00EE S0SE00SE 00055000 S 0005 SS0 0= 0005 00 0SESo0Sas o0
| cozooocsccozococzacosccoosacoscaoooocoosaoossaoos o comaooooooooos oo Sas ooeoooaas oo S SsoooESe S SsEo oo soscasaooos
CONSensUs | =------=--=---====-<=-======-====- AAICA SNNNCNNC 6 ACAGCAGCGTAGCGGTAGAGACCGTAGCAGACGGCGAGGATGCCAGCETCGE

} Contr._rimer CGCBTTGACAATCAGAAGAGGAACTCCGTAGAAGCAGACCATAGAGGCAACTCCTTBGACAGCAGCGTAGCGGTAGAGACCGTAGCAGACGGEGAGBATGCCAGCBTCGE 440
} R1 CCCBTTGACAATCAGAAGAGGAACTCCETAGAAGCAGACCATAGABGCAACTCCTTGGACAGCABCGTAGCGGTAGAGACCGTAGCABACGGCGAGBATGCCAGCBTCGE 215
» R2 ----CAAACAACTABAGGCAACTCECTTGEGAACABCABCGTAGCGGTAGAGACCGTAGCAGACGBCGAGGATGCCAGCGTCGE 50
b R3

b R4

Consensus AGATGTATATCTGGAGACGCTCACGGTCGTTGTAGATGGGAGCGTTGGGGTGGAAATGGCAAGCGAAGCCGECCOTCGTAAGGTCTCCCCGAGACGTTBAAGBCTAAGTAC

b Contr._rimer AGATGTATATCTGGAGACGCTCACGGTCOTTOTAGATGGGAGCGTTGGGGTGGAAATGGCAAGCGAAGCCGCCOTCGTAAGGTCTCCCCGAGACGTTGAAGBCTAAGTAC 550
» R1 AGATBTATATCTGBAGACGCTCACGGTCGTTGTAGATGGGAGCGTTBOGGTGGAAATGGCAAGCGAAGCCGCCOTCGTAAGGTCTCCCCGAGACGTTGAAGBCTAAGTAC 325
b R2 AGATGTATATCTGGAGACGCTCACOGTCOTTOTAGATGGGAGCOTTGOGGTGOAAATGOCAAGCOAAGCCOCCOTCOTAAGGTCTCCCCOAGACGTTBAAGBCTAAGTAC 190
L | = CCBTCGTAAGGTCTCCCCGAGACGTTGAAGGCTAAGTAC 39
L L s T e e T e
Consensus AAAGGCCAGCCGAGAGTBAACTGAACCGTTAACATCACGGTECGTCCCAAAGGGTTETTEAGETACTTGCCGTACCACTTGATETCTGACTTCTTCTTG666ACAAACAC

} Contr_rimer AAAGBCCABCCGAGAGTBAACTGAACCGTTAACATCACGGTBCGTCCCAAAGGGTTBTTGAGETACTTGCCGTACCACTTGATETCTBACTTCTTCTTGEGBACAAACAC 650
b R1 AAAGGCCAGCCGAGAGTGAACTGAACCGTTAACATCACGGTECGTCCCAAAGGGTTGTTGAGGTACTTGCCGTACCACTTGATETCTGACTTCTTCTTGGG6ACAAACAC 435
» R2 AAAGGCCAGCCGAGAGTGAACTGAACCGTTAACATCACGGTGCGTCCCAAAGGGTTGTTGAGGTACTTGCCGTACCACTTGATGTCTGACTTCTTCTTGGGEACAAACAC 300
» R3 AAAGBCCAGCCOAGAGTOAACTOAACCGTTAACATCACGGTGCOTCCCAAAGGGTTOTTOAGGTACTTOCCOTACCACTTGATETCTOACTTCTTCTTGGGBACAAACAC 149
PRE [ e TCACGGTECGTCCCAAAGGGTTGTTGAGGTACTTGCCGTACCACTTGATETCTGAGTTCTTCTTGGGBACAAACAC 76

Figure 11: The designed primers amplified the expected genomic region.
Primers were designed descending in length. Sequencing data confirmed that the

designed primers amplified the region of interest.

For amplification by PCR, one forward and four different reverse primers were
designed. The observed length corresponds with the expected length of PCR
products: The control primers resulted in a fragment length of 1113 bases, R1, R2,
R3 and R4 showed a length of 892, 757, 606 and 536, respectively (see Fig. 11
and 12).
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Further, we were able to confirm that the tested primers were allele-specific: Except

for a small region (see Fig. 12), all primers showed clean, single-peak amplification.

3.3.2. Selected Variants

The following variants and experimental lines were picked to be analysed through
practical work (see Table 7). After selection of variants with an occurrence of more
than 60% within a sample (see Fig. 9), 4 SNPs in the FAD2 gene remained. To
test INDEL detection in silico, we included 2 FAE1 INDELs. Due to occurring more
than 6 times, across all samples, the aforementioned INDELSs were discarded (see
Fig. 10). Including said INDELs allowed us to compare SNP to INDEL detection,
as well as variants in the FAD2 and FAEL gene. Further, the results would give an

indication of the effectiveness and accuracy of the last filter used.

Table 7: Overview of variants selected for further analysis.
A total of 6 variants, 4 SNPs and 2 INDELs, were selected to be sequenced. All
SNPs were identified in the FAD2 gene and both INDELs were detected in the FAE1

gene.
Experimental Line | Mutation Position Gene
FNT80-6 G—-A 733 FAD2
FNT80-1a G—-A 446 FAD2
G2000-136a G-oA 446 FAD2
G2000-419-1 G—-A 446 FAD2
G2000-119-1 4bp deletion 153 FAE1
FNT40-5 4bp deletion 153 FAE1
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Figure 12: Control and R1 primers showed slight discrepancies in sequencing.
A: Alignment of sequences showed some discrepancies for control and R1 primers.
B: Non-specific amplification from position 907-922.

C: Non-specific amplification from 682-709.

D-F: The remaining primers showed no signs of non-specific amplification for the
respective region.
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3.3.2.1. Variants in FAD2

For the FAD2 gene 4 SNPs were identified and picked for further analysis. Although
one SNP was not detected in the FASTA alignment, we decided to still sequence

the mutation line to determine the accuracy of variant detection using FASTA

alignments.
) Cab023705.1-Reference 701 TCGCCGTCTGCTACGGTCTCTACCGCTACGCTGCTGTCCAAGGAGTTGCC 750
CELLCTET P e bbb el
) FNT80-6 701 TCGCCGTCTGCTACGGTCTCTACCGCTACGCTRCTGTCCAAGGAGTTGCC 750
A
o FNT80-6.ab1 (1106 bases) — O ¥

File Edit View Enzymes Features Primers Actions Tools Window Help
Selected: 678 .. 678 = 1 base [E3] [+] 1106 bases
TCTGCTACGGTCTCTACCGCTACGCTGCTGTCCAAGGAGTTGCCTCGATGGTCTGCTTCT

ol g A /\w

690

|| ™

E Standard Autoscaled Raw Chromatogram Data [] show quality values I 1,0x

w

Figure 13: No variation was detected at position 733 in the FAD2 gene.

A: Alignment of the experimental line with the reference sequence showeda G — A
transition at position 733 of the FAD2 gene.

B: Sequencing data did not show a variation at the corresponding position within the
gene.
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ACTTCTCCTGGARGTACAGTCATCGACGCCACCATTCCAACACTGoCTCE

Consensus ACTTCTCCTGGAAGTACAGTCATCGACGCCACCATTCCAACACTG CTCC

p Cab023705.1-Reference ACTTCTCCTGGAAGTACAGTCATCGACGCCACCATTCCAACACTGGCTCC 450
) G2000-419-1 ACTTCTCCTGGAAGTACAGTCATCGACGCCACCATTCCAACACTGGCTCC 450
) G2000-136a ACTTCTCCTGGAAGTACAGTCATCGACGCCACCATTCCAACACTGRCTCC 450
) FNT80_1a ACTTCTCCTGGAAGTACAGTCATCGACGCCACCATTCCAACACTGRCTCC 450
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Figure 14: No variation was detected at position 446 in the FAD2 gene.

A: A G — A transition was detected in mutational lines FNT80-1a, G2000-136a and
G2000-419-1. The latter did not show the respective mutation in the corresponding
FASTA file.

B-D: Sequencing data shows a guanine, instead of an expected adenine nucleotide.

Therefore no mutation was present in the corresponding mutational lines.

Despite passing all quality filters and variation being present in the FASTA
alignments, we were not able to validate any SNPs in the FAD2 gene (see Fig. 13
and 14).

Although almost all FASTA alignments showed variation (except for G2000-419-1,
see Fig. 14), no SNPs were visible in the sequencing data corresponding to the

mutational lines.

During analysis of the alignments, we identified a possible SNP at position 697 in
the FAD2 gene (see Fig. 15). We sequenced the corresponding mutant line (G2000-
136a) to determine if an actual SNP was present. However, DNA sequencing

showed no variation.

TOGATGOTCTGCTTCTACGCAGT CC CTTCTGAT GTCARCGGOTTCTT

Consensus TCGATGGTCTGCTTCTACGGAGTYCCKCTTCTGATWGTCAACGGGTTCTT

) Cab023705.1-Reference TCGATGGTCTGCTTCTACGGAGTCCCGCTTCTGATAGTCAACGGGTTCTT 800
) G2000-419-1 TCGATGGTCTGCTTCTACGGAGTYCCKCTTCTGATWGTCAACGGGTTCTT 800
) G2000-136a TCKATGGTCTGCTTCTACGGAGTYCCKCTTCTGATWGTCAACGGGTTCTT 800
) FNT80 1a TCGATGGTCTGCTTCTACGGAGTYCCKCTTCTGATWGTCAACGGGTTCTT 800
A
LGEDDD—'IBSa.ab'I (1104 bases) - O X
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Figure 15: The computational pipeline correctly discarded control variation.
A: A G — T transversion was identified in the G2000-136a in the alignment.

B: While DNA sequencing did show the mutation identified in the alignment, the
variant was filtered out during the first step of the variant analysis process, as the

same SNP occurred in the control line (data not shown).

3.3.2.2. Variants in FAE1

For the FAE1l gene, 2 INDELs was chosen to be sequenced. Both FASTA
alignment and sequencing data showed the presence of a 4bp deletion (see Fig.
16). The respective variation was discarded in the last filtering step, due to

occurring more than 6 times. However, our sequencing data indicates said INDEL

to be a true variant.

C  CCCTAAAGCAATCTGCCAAACTTTATTACCTTTCTTCATCCTTC

Consensus GC----CCCTAAAGCAATCTGCCAAACTTTATTACCTTTCTTCATCCTTC

) Bo3g168810.1-Reference GCCTGACCCTAAAGCAATCTGCCAAACTTTATTACCTTTCTTCATCCTTC 200

P FNT40-5 GC----CCCTAAAGCAATCTGCCAAACTTTATTACCTTTCTTCATCCTTC 196
GC----CCCTAAAGCAATCTGCCAAACTTTATTACCTTTCTTCATCCTTC 196
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- O X

Selected: 352 .. 353 = 2 bases 892 bases
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ottt bt ol
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Figure 16: A 4bp deletion was detected at position 153 of the FAE1 gene.

A: In the alignment a 4bp deletion was visible at position 153 in mutant lines FNT40-

5 and G2000-119-1.
B+C: In the sequencing data for both mutant lines, a 4bp deletion was detected.
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4.Discussion

4.1. Computational Pipeline

4.1.1. Variant Detection by Clustering

In the initial step for this project we developed clusters to test variant detection using
FASTA sequences. This method was found to be not as precise as variant detection
using VCF files, as no information about the quality of the variants is included in
FASTA files. However, sequence clustering allowed us to gain an insight into mutant
lines with high and low erucic acid content: We found that sequences most dissimilar
to the reference showed low erucic acid content. Contrary, sequences identical to
the reference sequence showed high erucic acid content. However, high
dissimilarity to the reference sequence does not necessarily result in decreased
erucic acid content. As seen in the B genome (see Fig. 8), lines with high erucic
acid content were identified, despite showing great dissimilarity to the reference
sequence. Further, samples with low erucic acid content were found regardless of
high similarity to the reference sequence.

Interestingly, samples in the A genome imply a relationship between similarity and
erucic acid content: Out of 7 clusters, with sequences highly similar or identical to

the reference sequence, 5 clusters contained lines with high erucic acid content.

Unfortunately, our data is not conclusive enough to indicate a relationship between
erucic acid content and FASTA clusters. One approach to gather more significant
data could be to further divide clusters according to their erucic acid content (eg. in
upper and lower 10%, 20%, etc.). By doing so, all of the available data would be
utilised, which could make any detected trends more conclusive. We decided to
highlight only those clusters with sequences with erucic acid content in the upper

and lower 10%.
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Notably, we found sequences with low and high erucic acid content in the same
clusters. Such clusters were not coloured. These findings show a need for more
precision. While further division by erucic acid content may increase discrepancies
within clusters, it may indicate a tendency towards high or low erucic acid content
within the cluster. An explanation for the discrepancies within single clusters may
be the combined effect of all mutations: Our clusters were separated by
subgenomes, however, some mutations in a different subgenome may have an

impact big enough to influence the alignment analysis of the other genome.

Masood and Khan (2015) describe clustering as “an unsupervised data mining
technique which is used to place individual artifacts into relevant groups without
prior knowledge of distinct group properties to explore structure in the data.”
(Masood and Khan 2015). Biologists have been utilising clustering for exploring
genomes and orthologues (Zou et al. 2020): Orthologues for the FAEL1 gene have
been found across members of Brassicaceae using sequence clustering (Singh et
al. 2017). Further, Li et al. (2014) used SNP clustering according to genotype, to
identify SNPs relating to glucosinolate content in Arabidopsis thaliana. Then,
paralogues of the affected gene (HAG1) were compared to “pseudomolecules”
(representative of 19 B.napus chromosomes): As a result, four paralogues in

B.napus were identified.

Clustering approaches can also be utilised to identify rare variants: By clustering
individuals into subgroups according to phenotypic distance from the control group,
the number of true positives was increased by 17% in comparison to a non-

clustering approach (Sun et al. 2016).

The aforementioned studies demonstrated that clustering of various genetic
information can be used to explore genomes and identify key-regulating loci. While
we also based our clustering on genetic distance, we were not able to identify any
SNPs. To identify SNPs, future experiments may take the average erucic acid
content of each cluster and map it against genetic distance. Mutations and loci that
impact erucic acid content have been discovered: Two (out of six) isoforms of FAE1
are known to regulate erucic acid content in seeds (Lu et al. 2019). Moreover, a 2bp
deletion was found to stop erucic acid production (Wu et al. 2015). Utilising this
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information in combination with genetic distance could help to better understand
genetic distances themselves and allow us to draw conclusions about variants.
Notably, in our experiments we defined genetic distance as sequence similarity to
the reference sequence: Future experiments may find other definitions and

approaches more suitable, such as clustering by genotype.

Because of the nature of clustering approaches we used for our experiments, we
were not able to identify the exact loci accounting for genetic distance (and therefore

sequence similarity).

While we separated sequences based on their position in the genome, a possible
next step in the development of FASTA clusters could be to cluster the sequences
for FAD2 and FAEl genes separately. By doing so, the precision would be
increased and the results could provide a better understanding of sequence
similarity and its relationship to erucic acid content. Further, as FAD2 and FAE1l
have orthologues in both A and B genome, the results could help pinpoint relevant
loci in each genome. Clusters with high or low content could then be easily analysed

and their sequences further investigated to detect variation.

4.1.1.1. Reference Genomes and Alignment-free Methods

One main advantage of FASTA clusters is that there is no requirement for a
reference sequence. Alignment of sequences requires a high-quality reference
genome to effectively call SNPs and genotypes (Chen et al. 2013). While we did
utilise the available reference sequence to identify identical sequences, this is
purely optional. This step allowed us to filter out sequences with no variation

present.

Although reference genomes for many species have been published, new and
improved versions are being continuously released. In B. napus, the latest Darmor-
bzh reference genome was assembled using long-read sequences and nanopore
technology (Rousseau-Gueutin et al. 2020). However, Song et al. (2020) claims that

most reference genomes still lack accuracy and completeness, impeding the
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detection of structural variants (SVs). Pan-genomes are proposed to aid
identification of SVs: Per definition, pan-genomes represent core genes and
dispensable genes of a species (Tettelin et al. 2005). In the human genome pan-
genomes were found to improve variant calling in highly polymorphic regions
significantly (Valenzuela et al. 2018). These results are promising for polyploid
species: Polyploids often include large genomes and high similarity between
duplicated chromosomes (Paape et al. 2018). Further, the use of short sequences
may lead to the break of contigs in polymorphic regions (Claros et al. 2012). Pan-
genomes overcome such challenges in variant detection. Additionally, pan-
genomes aid in understanding the global complexity of polyploid genomes
(Morgante et al. 2007). However, assembly of a pan-genome for large genomes is
both computationally demanding and costly, hence why transcriptomes are a viable
option for larger genomes. Transcriptomes model the expressed genes of a species
using pan-genome data (Contreras-Moreira et al. 2017). The used transcriptome for
this project was developed by He et al. (2015) and uses coding DNA sequences
(CDS) of Brassica A and C genomes. Combining gene models from B. oleracea
TO100 and B. napus Darmor-bzh resulted in increased collinearity, especially in
comparison to Darmor-bzh resources. Therefore, the present transcriptome is a

suitable reference data for our project.

Alignment of sequences of polyploid species is especially challenging: Polyploid
species require twice the depth as diploid species to ensure full genome coverage,
resulting in increased cost to reach the sufficient depth required. Moreover, the use
of short read sequencing technologies further impedes the ability to appropriately
call variants. A high Minor Allele Frequency (MAF) threshold distinguishes between
heterozygotes from sequencing errors in diploid genomes, but it cannot be applied
to polyploid species: Low MAFs often indicate variation on rare alleles. This
challenge is worsened by the low availability of high-quality polyploid genomes
(VanWallendael and Alvarez 2022).

One way to bypass these obstacles is to utilise alignment-free variant calling
techniques. Here, k-mers, subsamples of sequences with length k, are being
calculated. Analyses which utilise k-mers were found to be more flexible and
computing power-efficient than their alignment-based counterparts (Leimeister et
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al. 2014; Vinga and Almeida 2003). Studies (Ranallo-Benavidez et al. 2020) in

polyploid species also successfully integrated k-mers based methods.

So far, there is little research available on alignment-free methodologies in polyploid
species. However, the current data suggests a great potential for such analyses:
Until high-quality genomes from long read NGS are assembled, alignment-free
methods can detect variation from short read sequences (Voichek and Weigel
2020). Notably, alignment-free methods analyse the entire sequencing set, whereas
established variant-calling pipelines normally consider only loci with a high depth
coverage. As a result, poorly sequenced samples show higher similarity to each
other. VanWallendael and Alvarez (2022) suggests normalisation by library size to

mitigate the influence of poorly sequenced reads.

For our studies on variant detection by alignment, the use of k-mers may add the
flexibility required to analyse polyploid sequences: We used the dist.logDet
command from the phangorn R package (Schliep 2021) to calculate pairwise
distances. Sequences have been converted to a phyDat object prior. We decided
to use the phangorn package because its algorithms were the most sensitive:
Different packages, nor other commands within the package, were not able to detect
any differences between the sequences. The used command, dis.logDet, is based
on the calculations of (Lockhart et al. 1994). While this algorithm mitigates the
effects of base composition bias among sequences (Kaltenpoth et al. 2012),
Jermiin et al. (2009) argues the simplicity of the calculations may lead to false

results due to homology of sites in alignments being inappropriately accounted for.

41.2. Software Used

The present study developed a computational pipeline to detect SNPs and INDELs
in B.napus. The computational analysis was carried out using, among others,
SAMTools and VCFTools. While SAMTools is a commonly used tool in the field of
bioinformatics, the Genome Analysis Toolkit (GATK; McKenna et al. 2010) is yet

another popular software. GATK’s HaplotypeCaller command is frequently used to
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call SNPs. Further, for INDELs GATK offers the IndelRealigner command, which
corrects mapping errors and makes INDEL containing regions more consistent.
However, we decided to use SAMTools for this projects due to multiple reasons:
Firstly, as SAMTools is widely used, plenty of resources are available online.
Secondly, the initial alignment has been carried out with BWA-mem, making
SAMTools the most compatible variant calling tool, which could have been used: A
study (Yao et al. 2020) researched the precision of different alignment tools and the
ability of various variant calling tools to accurately detect variation downstream. This
research concluded that for polyploid organisms, BWA-mem and SAMTools are the
most accurate tools to call variants with. GATK showed, next to SAMTools and
FreeBayes, the lowest number of missed calls among all mapping tools. As
previously mentioned, SAMTools was found to be the most precise tool with BWA-
mem, whereas GATK showed less missed calls in Bowtie2.

4.1.3. Transitions and Transversions in Brassica Napus

To classify the detected variants and to compare our results to those from similar
studies, we calculated the TS/TV ratio for each gene after application of filters (see
Fig. 10). The overall amount of transitions and transversions detected in this study
matches with those present in other studies: In the raw dataset we observed 55,6%
transitions (48% A/G, 52% T/V) and 44,4% transversions (33% A/C, 18% A/T, 26%
G/C, 23% GI/T), resulting in a TS/TV of 1.25. Using Restriction-site Associated DNA
(RAD) sequencing, Bus et al. (2012) reported 58,2% transitions (49,7% A/G, 50,3%
C/T) and 41,8% transversions (26,5% A/C, 29,7% A/T, 17% G/C and 26,8 G/T),
totalling to a TS/TV ratio of 1.39. Another study (Barchi et al. 2011) utilising RAD
sequencing in eggplants reported an even higher TS/TV ratio of 1.65. However, in
a genome-wide study on polymorphisms in B. rapa (Park et al. 2010), over 21,000
SNPs were detected and a TS/TV ratio of 1.03 was reported. Therefore we can
conclude that our observed ratio fits into the range of ratios reported by other
studies. Notably, Park et al. (2010) reported a TS/TV ratio of 1.03 in both exon and
introns. After filtering, a ratio of 1.63 in exons only was observed. This aligns with

our observations: For SNPs in coding regions only, we report a TS/TV ratio of 1.5,
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61% transitions (54% A/G, 46% T/C) and 39% transversions (47% A/C, 13% A/T,
21% G/C and 19% G/T). Bus et al. (2012) observed a higher TS/TV ratio (1.6) as

well.

These findings give rise to the question why more transitions are found in coding
regions than in introns. Park et al. (2010) reports a higher frequency of transitions
in exon regions (61.9%) compared to intron regions (52.7%). The study further
analysed the ratio of nonsynonymous to synonymous SNP rates per site (Ka/Ks),
as selection pressure is variable across loci in B.rapa. Genes with a mean Ka/Ks
lower than 0.1 include protein and nucleic acid binding proteins, meaning those sites
are subject to high selective pressure. This study reported an average Ka/Ks ratio

of 0.18, indicating strong natural selection in B.rapa.

Although TS/TV ratios are only an approximate measure of quality (Carson et al.
2014), high quality datasets are expected to have TS/TV ratios between 2.8 and 3
(DePristo et al. 2011). However, the authors were analysing human NGS data;
Research in other polyploid plants observed lower TS/TV ratios. It is therefore

unclear if the proposed ideal ratio is applicable to polyploid species.

4.2. Validation by Practical Work

4.2.1. Variant Detection by Alignment

A total of 4 SNPs and 2 INDELSs were identified and chosen to be sequenced. These
variants passed all filters of the computational pipeline. Although one SNP was not
detected in the FASTA alignment (G2000-419-1, see Fig. 14, we decided to still
sequence the mutation line to determine the accuracy of using FASTA alignments
for variant detection. The same SNP was detected in other mutant lines and in the
VCF file for the corresponding mutant line, hence why we decided to still sequence
the mutation. This would also show an indication of the accuracy of FASTA

alignments for variant detection. Further, a SNP was identified during alignment of
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FASTA sequences (see Fig. 14). The resulting sequencing data did show a SNP at
the corresponding site. However, after manual inspection, the in the FASTA
alignment detected SNP was found in the VCF for control lines. This indicates that
our pipeline successfully filtered out control variation.

For our project we used sequencing data from cultivars, which were not treated with
radiation. As such, we were able to identify variation which was not induced by
gamma-radiation and therefore discarded. However, variant detection by alignment
of FASTA sequences impedes this distinction: FASTA files include no information
about variants, therefore variants can only be detected by alignment. While
removing control variation with FASTA files is computationally possible, it would
require a much higher effort to achieve this. As previously shown, the detected
variation does not necessarily equal true variation. Further sequencing information
is required to confirm the presence of a true variant — information which is stored in
VCF files. We can therefore conclude that alignment of DNA sequences is too
imprecise to be used for variant detection. However, this approach can be used to

confirm previously detected mutations.

Notably, the used FASTA sequences did include ambiguity codes. Ambiguity codes
are used if at any given position more than one allele was observed. However, the
difference needs to be recorded sufficient times for it to be included in the sequence
(through the ambiguity code). For a more stringent variant calling approach, the
ambiguity code could be altered utilising the information present in FASTQ and BAM
files. Various R packages and scripts are already available to disambiguate FASTA
files. Using the sequencing information available, the threshold to include or exclude
variant alleles could be changed. For instance, the ambiguity code could be
completely left out and a variant allele could be called if the respective variant occurs
in more than 70% of observations. As a result, variation detected by sequence
alignment would more likely be actual variation detectable by sequencing. While
this approach would reduce the number of detected variants, the ones present are
more likely to be true variants.

A less stringent approach could be to reduce the number of filters used, which would
shift the focus onto detection by sequencing. This approach increases the
laboratory work, however, it may lead to detection of variation, which would have

been discarded otherwise.
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We aimed to develop a rather stringent pipeline: While similar filters were used in
other experiments (QUAL > 20; Bus et al. 2012, QUAL > 30, depth > 5; Yu et al.
2021), we further filtered variation out according to their occurrences across all
mutational lines and within a single mutational line. Firstly, we filtered out all
variations occurring more than 6 times across all sequences: Because we were
using roughly 600 mutational lines, we set a threshold of 1% to avoid identifying
false positives. As seen as in Fig. 16, we identified one INDEL in the FAE1 gene,
however, the said variation was discarded due to high occurrence. This raises the
guestion of whether our pipelines used too stringent filters: Ebbert et al. (2016)
demonstrated that PCR duplicate removal did not have a significant effect on the
accuracy of variant datasets. Notably, their findings are based on human Whole
Genome Sequencing (WGS) data, so far there is no data supporting their claims in
polyploid species. Still, our results do indicate that PCR duplicate removal is not a
necessary step in our variant calling pipeline: None of the SNPs that passed all
filters were proven to be true variants, yet one INDEL that was filtered out was
found in sequenced DNA. Therefore, we recommend following a less stringent
approach, as usage of too many or stringent filters leads to removal of true
variation. One way to bypass PCR amplification bias is the incorporation of unique
molecular identifiers (UMIs): Because molecules in the starting pool are barcoded
with a uniqgue UMI, reads with the same UMI must be PCR duplicates (Fu et al.
2018). Hereby a less stringent approach can be accurately used, while reducing

the number of false positive variation.

We also sequenced variation which was only present in the respective FASTA
sequence (see Fig. 14) to test whether variant detection by alignment was a
considerable alternative to established pipelines. While the confirmed INDEL was
present in FASTA alignments, so were SNPs. This indicates that variant detection
by alignment of sequences was too imprecise to be used for our experiment:
Although sequence alignments and clusters can be usefulin gaining an overview of
the data, the FASTA file type lacks the information to ensure a certain standard of
guality is met. Further, as the file format does not include any details about the
sequences, its usage is restricted to sequence alignments. Contrarily, the
parameters present in VCF files can be utlised for a range of different
experiments. For instance, a Genome-Wide Association Study (GWAS; Wang et
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al. 2018) used a Minor Allele Frequency (MAF) > 0.05 filter to collect variation

relevant to their type of study.

Interestingly, Jones et al. (2009) states that alignment of sequences was the
simplest way to detect SNPs. Jones argues that alignments can also be used to
detect SNPs in non-coding genomic regions. However, this holds true for variant
detection by VCF as well. In fact, we had to include a filtering step to exclude
variants in non-coding regions, due to the scope of the experiment. Certainly,
detection of variants in introns is crucial in understanding the relationship between
genes and their cis- and trans-regulatory elements. Investigating polymorphisms in
non-coding regions is particularly important for the detection of INDELs and
understanding their effects:

One motivation to research polymorphisms is the development of genetic markers.
Although both SNPs and INDELSs can be used as such, it is suggested that INDELs
may be stronger genetic markers, due to their bigger impact on protein structure
and function than SNPs (Rokas and Holland 2000). Moreover, the resulting
conformational changes in the protein's structure may also lead to significant
changes in a trait's expression, as seen in mitochondrial genes. Lastly, depending
on the secondary structure of the protein, INDELs can have a varying effect on the
overall protein structure. INDELs within a-helices and 3-sheets can have a bigger
effect on protein structure than those occurring in loops and turns (Kim and Guo
2010).

4.3. Limitations and Future Work

Although the present computational pipeline does differ in filtering of SNPs and
INDELSs, further differentiation may improve INDEL calling. While applying the same
quality filters for both SNPs and INDELs is a common approach (Li et al. 2019; Yao
et al. 2020), more INDEL-specific filters could be applied to improve detection of
INDELs. For instance, GATK offers a local realignment step which removes
frameshifts and therefore reduces the number of false-positive calls (Polyanovsky
et al. 2011). Moreover, GATK includes a variant quality score recalibration (VQSR),
which further helps differentiating between true variants and sequencing noise

(McKenna et al. 2010; Clevenger et al. 2015).
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As mentioned in Chapter 4.1.2, we used BWA-mem and SAMTools for reference
mapping and variant calling, respectively. This was because the combination of said
software was found to be the most precise for variant calling (Yao et al. 2020).
Although BWA-mem performed better than Bowtie2 (Clevenger et al. 2015; Yao et
al. 2020), Bowtie2 showed better handling of INDELS. Further, GATK was found to
perform best when used in combination with Bowtie2. Therefore, future INDEL-
detecting pipelines should utilise GATKs INDEL-specific commands in combination

with Bowtie2.

Future studies might follow a less stringent approach and filter variants by their
predicted effect: Software, such as the Ensembl Variant Effect Predictor (VEP;
McLaren et al. 2016), predict the impact variants may have on the protein sequence
of a gene. VEP, for instance, is available as a downloadable Perl script and can be
easily implemented into any variant detecting pipeline. Including this step may draw
a connection between FASTA clusters and variant calling: By selecting variants with
great impact on the protein and identifying those in clusters, more conclusive results
may arise. Further, by separating variants according to genome, clusters of the
respective subgenomes and their relationships with orthologues may be better
understood. Finally, VEP data may confirm the presence of the identified INDEL in

FAE1l and simulate the effect said variation has on the oleic acid pathway.
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5.Conclusion

The present project researched variant detection in the allopolyploid species
B.napus. As, due to the wealth of genomic data, variant detection in polyploid
species remains challenging, this project aimed to develop a pipeline to call variants
with. Our pipline was able to filter false-positive variants out, yet 2 INDELs, which
were present in sequencing data, were discarded as well. With adjustments in
filtering methods, we can conclude that the present variant calling pipeline offers a

basis for future pipelines.

Depending on the expectations of following experiments, the present pipeline can
be developed to be less or more stringent: A more stringent approach may reduce
the amount of detected SNPs but increases the likelihood of detecting true SNPs.
On the other hand, a less stringent procedure increases the number of variants and
therefore laboratory efforts to validate variations. However, the latter approach may
give rise to variations which would have been discarded otherwise. Given our
results, we recommend using less stringent filters to minimize the risk of
discarding true variants. UMIs and INDEL-specific commands may mitigate the
effects usage of more lenient filters have on data quality and accuracy.

We showed that FASTA clustering offers a simple but valuable insight into sequence
variation. While this approach may not be precise enough to detect exact loci of
variants, we suggest combining clustering with variant effect information. Other
clustering approaches, such as clustering by genotype or separation by
subgenome, may help in understanding orthologues and loci that impact erucic acid

content.
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