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ABSTRACT

Overarching goals of rapeseed (Brassica napus L.) breeding efforts include the improvement of
yield- and seed-quality-related traits to meet the evolving demands of a growing population.
Genome-wide association studies (GWAS) and genomic selection (GS) are methods that provide
the potential to improve selection efficiency, facilitating responses to agronomic and quality
challenges while enhancing the sustainability of plant breeding programs. We applied these
biotechnologies to B. napus L. in pursuance of three main objectives: 1) GWAS to identify
quantitative trait loci (QTL) for five seed quality traits (overall oil content, erucic, oleic, linoleic,
and linolenic acids); 2) evaluating GS prediction accuracy for hybrid seed quality traits; and 3)
evaluating the GWAS-guided GS method proposed to improve GS prediction accuracy. We
analyzed 454 B. napus L. genotypes (92 parents, 362 hybrids) across 48 site-years in the three
Canadian prairie provinces. FarmCPU GWAS analyses identified 89 peak QTL, including 14 QTL
for oil content. Several QTL coincide with candidate genes identified in previous studies, while
novel QTL warrant further candidate gene investigation. GS prediction accuracies were compared
across 135 unique GS analyses for each trait, evaluating responses to factors including model
choice (nine regression models), population (five training/validation population designs), and
marker density (three marker sets containing low, intermediate, and high densities). Prediction
accuracies (represented by Pearson’s correlation coefficient () for the relationship between
predicted and actual phenotypes) ranged from negative values (oil content) to 0.89 (linoleic acid
content); however all five traits could be predicted with » > 0.70 depending on the combination of
aforementioned factors. Prediction accuracies exhibited negative responses to increasing trait
complexity, positive responses to increasing training population size and degree of
training/validation population relatedness, and no significant differences among marker densities
or parametric models. Machine learning models performed either equivalent to or worse than
common parametric models. GWAS-guided GS exhibited slight numeric improvements relative to
conventional GS accuracies for the same traits. Although improvements were not statistically
significant, the consistency of extremely low-density marker sets is conducive to reducing
genotyping density while maintaining or improving genetic gains. The promising accuracy of GS
techniques in this study supports their potential implementation in future Brassica breeding

programs.



FOREWORD

This thesis has been written in the grouped manuscript style and follows the format guidelines
outlined by the Faculty of Graduate Studies at the University of Manitoba. The thesis includes a
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1. GENERAL INTRODUCTION

The first canola-quality Brassica napus L. cultivar, Tower, was released by the University of
Manitoba in 1974, setting in motion fifty years of plant breeding achievements which have
established B. napus as the most widely sown species on Canadian acreage (Daun 2011; Statistics
Canada 2024; Stefansson and Kondra 1975). The value of B. napus is derived by separating its
high-quality oil from nutritional seed meal. In 2023, Canada exported over 6.6 million metric
tonnes of seed and 2.8 million metric tonnes of oil after canola farmers harvested 18.3 million
metric tonnes (Canadian Oilseed Processors Association 2023; Canola Council of Canada 2024b;
Statistics Canada 2024). Canada leads the international B. napus market — between 2004 to 2016,
approximately 70 % of total international canola exports were Canadian (Barthet 2016). The rising
demand for B. napus can be attributed to its diverse range of applications including healthy cooking
oils, livestock feed, biofuels, biodegradable plastics, and household products such as cleaners and

cosmetics (Aoki et al. 2015; Aukema et al. 2011; Leonard 1992; Wang et al. 2022; Wolinetz 2017).

Using conventional breeding methods, B. napus was transformed from an inedible oilseed suitable
only for industrial uses to a cornerstone of Canadian food, feed, fibre, and renewable energy
industries. For example, Tower and its respective low-erucic-acid and low-glucosinolate
progenitors, Oro and Bronowski, were all produced through conventional pedigree selection
methods (McVetty et al. 2009; Stefansson et al. 1961; Stefansson and Downey 1995; Stefansson
and Kondra 1975). Alongside canola, the improvement of rapeseed and high erucic acid rapeseed
(HEAR) (low glucosinolates with erucic acid contents over 50 %) focuses on increasing yield,
erucic acid content, and oil content, while reducing glucosinolate content, days to maturity, and
plant height (McVetty et al. 2009). Several HEAR cultivars have been developed using
conventional breeding methods, including the “Millenium” series which incorporated blackleg

resistance (McVetty et al. 2009).

Further improvements to canola yield and pest resistance were achieved through biotechnological
advancement in the 1990s and 2000s. The development of mutagenesis, transgenics, and
cytoplasmic male sterility (CMS) systems gave rise to high-yielding herbicide-tolerant hybrid
cultivars (Morrison 2016). Similarly, as blackleg and clubroot became a rising threat to canola

farmers, resistant cultivars were widely adopted to protect yield (Canola Council of Canada 2024c).



More recent contributors to B. napus improvement include marker-assisted selection (MAS) and

high-throughput genotyping techniques.

The development of hybrid canola cultivars, which have constituted more than 95 % of canola
acreage in the Canadian prairies since their introduction, is facilitated by MAS. Hybrid breeding
utilizes MAS to select for sterility and restorer genes in CMS systems (Hansen et al. 1997; Liu et
al. 2005, Huang et al. 2012). Relative to conventional (phenotypic) selection, MAS enhances
breeding efficiency by facilitating selections based on linkage between causative genes and
sequence polymorphisms (e.g. markers linked to sterility genes) (Collard et al. 2005). The broad
applications of molecular markers stimulated their adoption for B. napus improvement and other
important crop species (Moose and Mumm 2008; Nadeem et al. 2017). In addition to CMS systems,
MAS has also been used to improve agronomic and pest resistance traits in B. napus including
overall oil content, fatty acid profile (oleic, erucic, linoleic acid), seed coat colour, lodging
resistance, and resistance to clubroot, blackleg, and white rust. (Cheung et al. 1998; Hirani et al.
2016; Jourdren et al. 1996a; Jourdren et al. 1996b; Kawasaki et al. 2021; Liu et al. 2005; Li and
Du 2023; Rahman et al. 2014; Rakow et al. 1999; Somers et al. 1999; Spasibionek et al. 2010).
When combined with high-throughput genotyping data such as the popular and cost-effective
Brassica 60K Illumina Infinium™ SNP array, recent B. napus genome assemblies also provide
reliable alignment and gene annotation for downstream research including MAS (Mason et al.

2017; Rousseau-Gueutin et al. 2020).

The increasing availability and quality of genome-wide marker data realizes the potential of
genome-wide association studies (GWAS) (Wainschtein et al. 2019; Young 2019). The main
objective of GWAS is the identification of markers which are significantly associated to traits of
interest, known as quantitative trait loci (QTL) (Uffelmann et al. 2021). With large and diverse
populations, GWAS can provide high resolution for QTL identification (Lander and Schork 1994;
Risch and Merikangas 1996). Numerous studies have utilized GWAS to investigate B. napus traits
including yield, flowering time, height, oil content, fatty acid profile, germination, clubroot
resistance, and blackleg resistance (Cantila et al. 2023; Dakouri et al. 2021; Gacek et al. 2017,
Hatzig et al. 2015; Helal et al. 2021; Huang et al. 2021; Korber et al. 2016; Li et al. 2016; Liu et
al. 2022; Luo et al. 2021; Pal et al. 2021; Qin et al. 2022; Qu et al. 2017; Raman et al. 2019;
Schiessl et al. 2015; Tang et al. 2021; Xiang et al. 2023; Xue et al. 2018; Yang et al. 2023; Zhang
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et al. 2023). Results from GWAS are often implemented to MAS, but are also used in linkage
mapping, investigating candidate gene function, genomic selection, transgenics, and other
applications (Deng et al. 2017; Liu et al. 2019; Bian and Holland 2017; Fiedler et al. 2017; Zhu et
al. 2011; Tsai et al. 2020; Wang et al. 2016).

Plant breeders have turned their attention to other methods of marker-based selection to drive
genetic gain towards future populations’ demand. Genomic selection (GS) has become highly
attractive to breeders by capturing extensive genotypic variation, detecting small-effect genes for
the prediction of complex traits (Heftner et al. 2010; Jubair and Domaratzki 2023; Krishnappa et
al. 2021; Varshney et al. 2017). By combining phenotypic and genotypic data from a training
population (e.g. parental genotypes) with only the genotypic data from a breeder’s testing
population (e.g. hybrid lines), GS models produce phenotypic predictions known as genomic
estimated breeding values (GEBVs) (Habier et al. 2007; Jannink et al. 2010). These GEBVs, based
on genotypic data collected at the seedling stage, are valuable criteria to inform selections within
a breeder’s population (represented by a validation population (VP) in cross-validation methods
evaluating GS performance). Informing the removal of undesirable germplasm with GEBVs
(which would otherwise require multiple generations of phenotypic data to inform) is a significant
benefit to plant breeders, facilitating the allocation of resources to desirable germplasm more likely
to contribute to the final cultivar. This lessens the volume of required phenotyping, improving
genetic gain per unit time while reducing costs per breeding cycle and (potentially) the overall

number of breeding cycles (Hickey et al. 2014).

Identifying an “optimal” GS method is highly subjective — currently, no methods are known to be
effective in all circumstances (Werner et al. 2020; Zhang et al. 2023). The subjectivity of GS
accuracy can be attributed to factors which inherently differ among breeding programs. Factors
such as trait architecture, marker density, population design, and choice of GS model produce wide
variations in prediction accuracy. This subjectivity contributes to the notion regarding GS

methodology: there is no “one size fits all” (Lorenz et al. 2011).

Studies on B. napus have utilized GS to predict yield traits, seed-quality traits, morphology, and
disease resistance (Derbyshire et al. 2021; Fikere et al. 2020; Hu et al. 2021a; Koscielny et al.
2020; Luo et al. 2017; Roy et al. 2021; Zou et al. 2016). These studies demonstrate the predictive
power achievable with GS, but also its highly subjective nature among traits, population designs,
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and models. One technique, known as GWAS-guided GS, has been proposed to improve GS
accuracy by focusing model training on informative markers from GWAS results (Spindel et al.
2016; Werner et al. 2018; Zhang et al. 2023). GWAS-guided GS remains largely unexplored,
having only been applied to B. napus by Werner et al. (2017), Werner et al. (2018), and Sun (2021).

This following research included three experiments to evaluate GWAS, GS, and GWAS-guided
GS in application to five seed quality traits in B. napus: overall oil content (OIL), erucic acid
content (ERU), linoleic acid content (LLE), linolenic acid content (LLN), and oleic acid content
(OLE). We analyzed a breeding population of 454 high-erucic acid rapeseed (HEAR) genotypes
phenotyped across 48 site years in the Canadian prairie provinces. Each accession was genotyped
using the Brassica 60K SNP array. The main objective of the first study (Chapter 3) was to identify
seed quality QTL for potential implementation to HEAR breeding. The first study also aimed to
demonstrate how population structure, marker set density, and choice of model affect QTL
discovery. The second study (Chapter 4) evaluated GS in B. napus by observing an extensive range
of potential seed quality breeding scenarios. For each trait, 135 unique analyses were conducted,
demonstrating prediction accuracy’s response to GS model (nine regression models), population
(five training/validation population designs), and marker density (three marker sets containing low,
intermediate, and high densities). The objectives of the final study (Chapter 5) were to predict seed
quality traits with GWAS-guided GS, utilizing a similar array of analyses to compare accuracy to

conventional GS from Chapter 4.

The overall objective of this research was to demonstrate the effectiveness of GWAS and GS in
application to seed quality improvement in B. napus. Plant breeders may also observe the
responses in QTL discovery and GS prediction accuracy to inform their decisions on factors
(population design, genotyping density, choice of model, etc.) according to their goals and

available resources.



2. LITERATURE REVIEW

2.1 History of Brassica napus L.

Brassica napus L. (rapeseed) is an economically important crop worldwide. Behind only soybeans
(Glycine max L.), B. napus is the second-largest oilseed commodity worldwide, producing 84.34
million metric tons in 2022 (USDA 2023). Alongside B. napus, the Brassicaceae family contains
338 genera and over 3,700 other species, many of which are also important agricultural species
(Petruzello 2023). Crops such as broccoli (Brassica oleracea v. italica L.), cabbage (Brassica
oleracea v. capitata L.), bok choy (Brassica rapa, v. chinensis L.), radish (Raphanus sativus L.),
kale (Brassica oleracea v. acephala L.), and more comprise economically significant members of
the Brassicaceae tamily (Petruzello 2023). The Brassica genus hosts the most closely related crops

to the model species Arabidopsis thaliana L. (Yang et al. 1999).

On an evolutionary scale, B. napus crops are relatively “young” considering the domestication of
other important crops before it such as wheat (7riticum aestivum L.) (~10,000 years ago) and
soybean (~5,000 years ago) (Eckardt 2010; Jeong et al. 2019). Debate surrounds the origin of B.
napus, however one leading theory suggests that approximately 7,500 years ago, a hybridization
event (or series of hybridization events) occurred between B. rapa (genome AA, 2n = 20) and B.
oleracea (genome CC, 2n = 18), forming the allopolyploid B. napus (genome AACC, 2n = 38)
(Chalhoub et al. 2014). The Brassica “Triangle of U” (Figure 2.1), which includes several
important Brassica crops, illustrates the origination of allotetraploid Brassica species through the
hybridization of diploid Brassicas (Rakow 2004). The centre of origin for B. napus is also debated
to have occurred in Mediterranean Europe or Asia (Downey and Rimmer 1993; Friedt and
Snowdon 2009; McNaughton 1976). The earliest record of Brassica cultivation (probably B. rapa)
is in India as early as 4000 BC, before its spread through Europe from 2000 BC to approximately
the 13" century (Friedt and Snowdon 2009). European domestication of B. napus is thought to
have occurred in 16™ century Netherlands (Daun 2011; Friedt and Snowdon 2009; Gémez-Campo
1999; McNaughton 1976; OECD 1997). In the following period, rapeseed oil was used primarily
as lamp oil or, in some cultures, as an edible oil (Freidt and Snowdon 2009; OECD 1997).
Cultivation spread eastward and northward into Scandinavia, Russia, and Poland by the 19

century (Bell 1982; Kroll 1994; Kimber and McGregor 1995; Friedt and Snowdon 2009).
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Figure 2.1 Triangle of U, representing the relationship between three diploid Brassica species and

their hybridizations giving rise to three allopolyploid Brassica species. Adapted from U, 1935.



Canadian soils first grew rapeseed in 1936 when Fred Solvonik, an immigrant farming in
Shellbrook, Saskatchewan, received B. rapa seeds from his native Poland (Bell 1982). Rapeseed
oil production increased significantly during World War II for use as a lubricant in naval and
merchant ship engines (Daun 2011; Canola Council of Canada 2024c). To supplement the
production of rapeseed oil while seed imports from Europe could not be made during World War
II, the government of Canada imported B. napus from Argentina (Daun 2011). These original
sources of B. rapa and B. napus gave rise to the common names of the two species in Canada as
Polish and Argentine rapeseed, respectively (Daun 2011). Brassica oilseed varieties developed
from the original B. rapa and B. napus sources showed excellent adaptation to the Canadian
prairies and became established as significant crops in the 20 years following World War II,
meeting demand as a domestic commodity as well as export commodity, especially to Japan (Daun
2011). Up to this period, rapeseed oil contained high levels of a fatty acid known as erucic acid
while its seed meal contained compounds known as glucosinolates. Following reports of erucic
acid’s negative effects to heart health and reports of livestock feed containing glucosinolates
exhibiting toxicity, breeders turned their efforts to producing a Brassica whose oilseeds could fit
this industrial niche (Daun 2011). “Canola” was developed through artificial selection of rapeseed
wherein the low-erucic acid rapeseed (LEAR) cultivar “Liho” and low-glucosinolate cultivar
“Bronowski” were crossed and subsequently backcrossed with the popular cultivar “Turret,”
creating a cultivar whose oil contains low amounts of both erucic acid and glucosinolates (AgMRC
2022; Stefansson and Kondra 1975). At the University of Manitoba, Dr. Baldur Stefansson released
the first “canola-quality” B. napus cultivar named “Tower” in 1974 (Daun 2011). The term “canola”
describes seeds of the genus Brassica (B. napus, B. rapa, or B. juncea) of which the oil is “double-
low,” more specifically, “contains less than 2 % erucic acid in its fatty acid profile and the solid
component shall contain less than 30 micromoles of any one or any mixture of 3-butenyl
glucosinolate, 4-pentenyl glucosinolate, 2-hydroxy-3 butenyl glucosinolate, and 2-hydroxy- 4-

pentenyl glucosinolate per gram of air-dry, oil-free solid” (Canola Council of Canada 2024c).
2.2 Market for Brassica napus L.

The significance of canola oil in food and feed industries can be attributed to a combination of
desirable qualities. Canola oil contains no trans fats, while its saturated fatty acid content is also

very low relative to other vegetable oils (Canolalnfo n.d.). Canola oil also contains a source of
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omega-6 and omega-3 fatty acids, constituted by its polyunsaturated fat content (Canadian Grains
Commission 2022). Finally, monounsaturated fatty acid composes the largest proportion of the
canola oil profile (Canadian Grains Commission 2022). These qualities represent an edible oil
which aids in cardiovascular health, immune system, diabetes, and cancer (Stricker et al. 2008;
Iggman et al. 2011; Risérus et al. 2009; Ren et al. 2010; Granado-Casas and Mauricio 2019; Gnoni
et al. 2010; Raboanatahiry et al. 2021). Three main fatty acids constitute canola oil: oleic acid
(18:1), linoleic acid (18:2) and linolenic acid (18:3), along with a small proportion of saturated
fatty acids and other trace monounsaturated and polyunsaturated fatty acids (Canadian Grains
Commission 2022; Przyblyski and Eskin 2011). Oleic acid (OLE) is an omega-9 fatty acid with an
18:1 backbone (18 carbons, monounsaturated) (Gnoni et al. 2010). Importantly, OLE is a precursor
in the biosynthesis of linoleic, linolenic, and erucic acids (Figure 2.2) (Kaur et al. 2019). Linoleic
acid (LLE) is an omega-6 polyunsaturated fatty acid with an 18:2 backbone that serves as an
essential component in the human diet — it is regarded as the most consumed polyunsaturated fatty
acid worldwide (Whelan and Fritsche 2013). In the human diet, LLE is responsible for several
bodily functions including sources of energy, precursors to membrane lipids, and families of
signaling molecules (Smith and Borgeat 1985; Whelan and Fritsche 2013). Linolenic acid (LLN)
is an omega-3 polyunsaturated fatty acid with an 18:3 backbone derived from LLE (Whelan and
Fritsche 2013). Along with LLE, LLN is also considered an essential dietary fatty acid, however,
the number of double bonds in LLN impair frying quality (lower thermal stability) and shorten
shelf life relative to other monounsaturated oils (Browse et al. 1998; Tanhuanpédéd and Schulman
2002; Fitzpatrick and Scarth 1998). Significant plant breeding efforts have been applied to
“specialty oil profiles” — oilseed cultivars whose oils contain proportions of fatty acids conducive
to certain goals. One of the earliest objectives for canola specialty oil profiles was the reduction of
LLN. The world’s first low-LLN cultivar “Stellar,” developed at the University of Manitoba,
contained less than 3 % LLN (Scarth et al. 1987). Since then, several competitively yielding low-
LLN canola cultivars have been released to fulfill this niche market (McVetty et al. 2009). In 2022—
2023, canola oil consumption reached 29.8 million metric tonnes worldwide (Hameed 2023).
Canadian farmers harvested 18.3 million metric tonnes of canola seed in 2023, of which, 7.9
million metric tonnes were crushed in Canada to produce 3.3 million metric tonnes of oil (Statistics
Canada 2024; Canadian Oilseed Processors Association 2023). A large proportion of harvested

canola seed is exported internationally — over 6.6 million metric tonnes of seed and 2.8
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million metric tonnes of oil were exported in 2023 (Canola Council of Canada 2024b). Between
2004 to 2016, approximately 70 % of total international canola exports were Canadian (Barthet
2016). Overall, the canola industry generated an average of $43.7 billion to the Canadian economy
between 2020 and 2023, employing approximately 206,000 Canadians over that time (Canola
Council of Canada 2024a; GlobalData 2024).

While canola is distinguished as B. napus genotypes whose seeds are “double-low,” high erucic
acid rapeseed (HEAR) is distinguished as B. napus genotypes whose seeds contain the same
standard of low glucosinolates but typically 50 % or more erucic acid (ERU) in the fatty acid
profile (Sanyal et al. 2015). The HEAR fatty acid profile is very similar to canola’s in that it also
contains OLE, LLE, and LLN, however ERU constitutes a significant proportion of the total oil
profile, accompanied by a reduction in other fatty acids relative to canola. ERU is a
monounsaturated omega-9 fatty acid with a 22:1 backbone (U.S. National Library of Medicine
2004). Through various processes, ERU can be converted to several forms with broad industrial
applications. Several methods have been implemented for the production of biodiesel using B.
napus oil, a renewable fuel capable of reducing millions of tonnes of greenhouse gas emissions
relative to fossil fuels. (Wang et al. 2022; Wolinetz 2017). Through hydrogenation, ERU can
produce behenic acid: a compound useful in lubricants, plasticizers, and stabilizers in plastic,
pharmaceutical, and food industries (Bdhrle-Rapp 2007; Wang et al. 2022). Oxidation reactions
convert ERU to tridecanedioic acid or nonanoic acid used in the production of nylon, fragrances,
and low-temperature plasticizers (Wang et al. 2022). Other forms of ERU can act as emulsifiers or
emollients used in cosmetic products, silver behenate used in photography, and pharmaceutical
compounds such as behenyl alcohol, the antiviral agent in Abreva® (Aukema et al. 2011; Leonard
1992; Aoki et al. 2015). Alongside canola, approximately 56,000 metric tonnes of HEAR oil are
consumed per year (USDA 1996). The United States is the largest consumer of HEAR oil,
importing most of the 18,000 metric tonnes consumed domestically per year (Bhardwaj and
Hamama 2000). Europe and Japan are among the other major importers of HEAR oil (Bhardwaj
and Hamama 2000). Of its wide range of industrial applications, HEAR oil is used mainly in the
production of lubricants, slip agents, and biofuels. B. napus oil constituted approximately 45 % of

EU biodiesel consumption in 2016 (Dusser 2019).
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23 Plant breeding progress in Brassica napus L.

Since the release of Tower, fifty years of advancement have propelled B. napus to the single most
widely cultivated species on Canadian acreage (Statistics Canada 2024). Herbicide tolerance was
first introduced to the industry in 1984 with the release of “OAC Triton”, a triazine-tolerant B.
napus cultivar produced through classical breeding with B. campestris (Beversdorf and Kott 1987).
The canola industry of the 1990s was marked by a massive spike in herbicide-tolerant cultivar
development. In 1995, the first imidazolinone-tolerant B. napus cultivar “45A71” was registered,
whose tolerance was imparted through a mutagenesis-induced trait (Swanson et al. 1989;
Government of Canada 2016). In the same year, a major milestone was achieved with the
registration of two herbicide resistant cultivars produced through transgenics: “Quest,” resistant to
glyphosate herbicides, and “Innovator,” resistant to glufosinate herbicides (Canola Council of
Canada 2024c; Harker et al. 2000). The University of Manitoba also developed multiple
bromoxynil-resistant cultivars beginning in the 1990s (McVetty et al. 2001). Between 1995 to 2001,
over 100 herbicide tolerant Brassica cultivars received registration recommendation (Canola

Council of Canada 2023).

Also of significance was the implementation and popularization of hybrids. The discovery of a B.
napus cytoplasmic male sterile (CMS) system brought the production of the first canola hybrid
“Hyola 40 in 1989 (Canola Council of Canada 2024c; Canadian Food Inspection Agency 1989).
The “Ogura” CMS system has been widely implemented by Brassica breeders due to its practical
transferability and full pollen abortion for use in hybrid cultivar production (Ren et al. 2022). Since
their introduction, more than 95 % of seeded canola acreage in the Canadian Prairies has been
constituted by herbicide tolerant hybrid canola cultivars (Morrison 2016). It is estimated that, from
2000-2013, the adoption of herbicide tolerant hybrid cultivars contributed to approximately 32 of
the 54kgha! year!' yield gain observed throughout that period (Morrison 2016). The
popularization of herbicide tolerant hybrids could be attributed to their high yields, excellent weed
control achieved with lesser herbicide applications, and the resultant increase in profits compared

to traditional B. napus (O’Donovan et al. 2006).

Improvements in B. napus cultivation have also adapted to disease pests, most notably blackleg
and clubroot, each capable of decimating crop yields once established in soils. Since its discovery
in Saskatchewan in 1975, the rising threat of blackleg disease in Canada saw yield losses ranging
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from 30-50 %, prompting Canadian breeders to develop blackleg-resistant varieties by the early
1990s (McGee and Petrie 1978; Wang et al. 2023; Hall et al. 1993; Barbetti and Khangura 2001;
Kutcher et al. 2010). Similarly, after its discovery in Canada in 1997, clubroot quickly became a
serious concern for Canadian farmers, contributing to yield losses as great as 91 % in susceptible
varieties (Pageau et al. 2006). The first clubroot-resistant canola cultivar for the Canadian market
was registered in 2009 (Hwang et al. 2017). Nearly all cultivars registered now are resistant or
moderately resistant to both blackleg and clubroot, however, the emergence of new virulent
isolates has caused significant erosion of resistance in previously resistant cultivars (Canola
Council of Canada 2024¢; Hwang et al. 2016). The breakdown of disease resistance highlights the

importance of continued investigation into new and improved modes of resistance.
24 Brassica napus L. genome

The B. napus genome is an allotetraploid, consisting of two copies of the “A” genome (Brassica
rapa, 10 chromosomes) and two copies of the “C” genome (Brassica oleracea, 9 chromosomes),
otherwise denoted AACC, or 2n =4x =38 (Hu et al. 2021a). As an allopolyploid whose ancestors
themselves are polyploids, many B. napus genes exist as copies across its respective Brassica

genomes (Mason et al. 2017).

Several B. napus genome assemblies have been created by cataloguing sequence data. The first of
these genome assemblies as was called “Darmor-bzh,” based on the European winter rapeseed
cultivar with the same name (Chalhoub et al. 2014). The Darmor-bzh genome assembly is
extremely significant for B. napus development, with wide applications to plant breeding and

genetics research.

At the time of writing, there are three versions of Darmor-bzh: the original by Chalhoub et al.
(2014), an updated version by Bayer et al. (2017), and the most recent assembly by Rousseau-
Gueutin et al. created using long-read sequencing technology (2020). Relative to the original
Darmor-bzh assembly, Rousseau-Gueutin et al. achieved significant improvements in several
important metrics of genome assembly quality. Most notably, long-read sequencing technology
produced an extremely contiguous assembly with N50 = 11,486,274 bases (i.e. 50 % of the
assembly’s contigs were sequences longer than the N50), relative to the original whose N50 =

37,644 bases (Rousseau-Gueutin et al. 2020). Also compared to the original Darmor-bzh assembly
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which was overall 850 Mb, with 645 Mb confidently anchored, and only 80 % of 101,040 genes
located on specific chromosomes, the recent long-read assembly is 924 Mb in length, containing

867 Mb anchored, and 98.8 % of 108,190 genes located on chromosomes (Rousseau-Gueutin et
al. 2020).

High-quality B. napus genome assemblies allow the investigation of polyploidy’s effect on
structural and the functional activity of duplicated genes and their connection to important
agronomic traits. These resources also allow insights into many of the phenomena instilled by B.
napus’ polyploidy genome, including changes in gene and protein expression, transposon

activation, epigenetics, and alternative splicing (Rousseau-Gueutin et al. 2020).
2.5 Conventional breeding

“Relative fitness”, a factor in population genetics which describes the probability of certain
genotypes to survive, reproduce, and pass their alleles to the next generation, is the basis of
evolution through natural selection (Orr 2009). For example, genotypes exhibiting the greatest
seed yield constitute larger portions of subsequent generations. Similarly, genotypes with certain
qualities such as flavour, milling ability, or oil content were selected and sown by farmers,
contributing their alleles to next generations. In practice, the relative fitness of these genotypes is
imposed by a farmer’s selection — "favourable” alleles in the gene pool are influenced not by
natural selection, but instead “artificial” selection — this is the basis of plant improvement and

conventional plant breeding.

The domestication of B. napus is an example of conventional breeding. Preliminary goals of
Canadian B. napus breeding were the improvement of yield, seed quality, and environmental
adaptation, which included earlier maturity, plant height, and uniformity (Stefansson and Downey
1995). Conventional breeding methods carried B. napus from an un-adapted crop species with
inedible oil suited only for industrial use to an established cornerstone of Canadian food, feed, and
fuel industries. The first Canadian-bred B. napus cultivar, “Golden”, was registered in 1954
(Canola Council of Canada 2024d). Breeders at Agriculture and Agri-Food Canada produced the
first ever low ERU B. napus cultivar, Oro, in 1968, utilizing pedigree selection of progeny from
Liho (low ERU B. napus accession) and Nugget (high ERU B. napus cultivar released in 1961)
(McVetty et al. 2009; Stefansson et al. 1961). Similarly, using pedigree selection methods, “Tower”
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(first canola-quality B. napus cultivar) was registered in 1974 (McVetty et al. 2009; Stefansson
and Kondra 1975). The oil content of “Tower” was approximately 41 % and yielded equally to its
check variety in cooperative tests with 784 kg/ac (Stefansson and Kondra 1975). The oil content
of “Hyola 4017, the highly popular successor to the first canola hybrid “Hyola 40,” contained 43.7 %

oil content, toting an average yield of 962 kg/ac in a variety trial (Minnesota Canola Council 1998).

Before canola-quality B. napus was developed, the ERU content of oil generally ranged from 40
to 50 % (McVetty et al. 2009; Wang et al. 2022). Concurrent to the canola breeding program, a
HEAR breeding program was established at the University of Manitoba whose objectives focused
on increasing ERU content, oil content, and yield while reducing glucosinolates, days to maturity,
and plant height (McVetty et al. 2009). Canada’s first high ERU, low glucosinolate cultivar, Reston,
contained 40-45 % ERU and was widely successful among Canadian farmers as it competed
strongly with the foremost canola cultivar of the time, exhibiting 3 % higher oil content and 1 %
higher yield (Stefansson and Downey 1995). Following Reston, several HEAR cultivars were
developed using conventional breeding methods, including the “Millenium” series of cultivars
which focused on blackleg resistance (McVetty et al. 2009). Throughout the many cultivars from
Reston to Mill03, significant improvements were achieved including yield increase from
approximately 930 kg/ac to nearly 1214 kg/ac, oil content increase from approximately 46 % to

over 48 %, and ERU content increase from 40-50 % to 50-55 % (McVetty et al. 2009).

HEAR breeders have investigated the development of super-high-erucic acid, low-glucosinolate
rapeseed (SHEAR) which surpasses the theoretical maximum ERU concentration of 66 %
(McVetty et al. 2009). Pedigree selection methods have been applied to resynthesized B. napus
genotypes to develop SHEAR, resulting in a maximum erucic acid content as high as 64 %
(McVetty et al. 2009). The accomplishments in conventional HEAR breeding have been significant,
however transgenic molecular approaches have achieved greater ERU levels as high as 72 %

(Wang et al. 2022; Nath et al. 2008).

Phenotypic improvement through plant breeding has often been summarized through the breeder’s
equation (Equation 1), wherein AG represents genetic improvement regarding a trait of interest
(Fehr 1987). The genetic improvement (4G) is a function of the phenotypic variability of the
population (op), the heritability of the trait (4%), the selection intensity/accuracy (i), and the time
required for one selection cycle (L) (Moose and Mumm 2008). Essentially, by increasing any of

14



the phenotypic variability, trait heritability, or selection intensity/accuracy, or reducing the time
per breeding cycle, a breeder can expect greater genetic improvements within their germplasm.
Functioning within these principles, conventional breeding has been effective for thousands of
years, however certain limitations have been highlighted in light of future agricultural demands.
Conventional plant breeding relies on “phenotypic selection” — choosing parents based on
observed phenotypic variation within generations (Moose and Mumm 2008; Ahmar et al. 2020).
Phenotypic selection is a major limiter regarding selection accuracy, and thus genetic improvement.
For many important agronomic traits, accurately measuring phenotypes can be difficult, time
consuming, and expensive. Significant inaccuracies and inefficiencies may also be introduced
through environmental effect, genotype by environment interaction, data collection dependent on
certain environmental conditions and stages of development, and measurements requiring the
destruction of breeding material (Moose and Mumm 2008). Overall, phenotypic selection is
effective in selecting major-effect alleles, however, polymorphism in minor-effect alleles is
relatively poorly selected for (Prohens 2011). Underlying minor-effect alleles are not actively
selected, and many are likely lost during early-stage selections (Raboanatahiry et al. 2021). All of
these factors contribute to overall reduction in selection accuracy, limiting potential genetic gain,

and increasing the number of breeding cycles required to achieve breeding goals.

These limitations have emphasized the inadequacy of conventional breeding methods in their
ability to meet the future demands of agriculture. Mounting evidence shows that modern breeding
methods are not only an option to approach the future demand, but a necessity (Collard and Mackill

2008; Voss-Fels et al. 2019).

2 "
AG = h* X Op X1 [1] (adapted from Moose and Mumm 2008)
L
Where: AG = genetic gain in a breeder’s population
h? = trait heritability
op = phenotypic variability in the population

i = selection intensity (proportion of population selected for production of next
generation)

L = length of cycle interval (usually 1 generation)
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2.6 Marker-assisted selection

Several forms of molecular markers have been developed for use in a wide array of plant breeding
applications. In general, markers are used as “flags”, performing on the principle of genetic linkage
to flag the presence or absence of a closely linked gene of interest (Collard et al. 2005). During the
rise of plant biotechnology in the 1980s, molecular marker systems were developed to facilitate
the introgression of desired traits and reduction of linkage drag (Moose and Mumm 2008).
Important molecular markers utilized in modern plant breeding include restriction fragment length
polymorphisms (RFLPs), simple sequence repeats (SSRs), retrotransposons, and single nucleotide

polymorphisms (SNP) (Nadeem et al. 2017).

Details regarding development and application of molecular markers and marker-assisted selection
(MAS) are available in reviews (Collard et al. 2005; Ribaut and Hoisington 1998; Francia et al.
2005; Xu and Crouch 2008). In essence, molecular markers provide researchers with tools to more
efficiently and accurately analyze and manipulate the genetic variation among individuals (Collard
et al. 2005). These variations occur as genetic differences (sequence polymorphisms) in genetic
regions linked to genes of interest — not polymorphism in genes of interest themselves (Collard et

al. 2005).

The use of MAS in plant breeding requires heavy preliminary research to ensure the reliability of
markers. Marker development begins with the creation of a population which possesses a
significant degree of variation (allelic segregation) in one or several traits of interest (Collard et al.
2005; Young 1994). From the members of this segregating population, DNA is extracted, and
mapping software analyzes markers for polymorphism, producing a linkage map of the markers
based on their segregation relative to one another (Collard et al. 2005). By extracting both
phenotypic and genotypic data from the original population, polymorphisms in molecular markers
can be associated with variation in traits of interest, allowing identification of Quantitative Trait
Loci (QTL) (Nadeem et al. 2017; Bernardo et al. 2015). Once QTL are identified in the original
mapping population, their locations must be validated to assure reliability in further applications.
Marker validation is achieved through additional QTL mapping procedures upon germplasm
genetically unique from the original mapping population (Collard and Mackill 2008; Melchinger
et al. 1998; Langridge et al. 2001). Markers which are validated as strongly linked to QTL and
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capable of reliably predicting phenotypes are then deemed viable for use as markers in MAS

(Collard and Mackill 2008).

The broad applications of molecular markers stimulated their widespread adoption and rapid
development. A shortlist of the significant uses for molecular markers in plant breeding includes
phylogenetics, QTL mapping, assessing genetic diversity, investigating heterosis, and MAS
(Nadeem et al. 2017). MAS has been adopted as standard practice for cultivar development in
many crops (Moose and Mumm 2008).

The SNP is the most commonly utilized molecular marker in plant genetics, largely due to their
prevalence on chromosomes of all plant species, presence in coding (genic) and non-coding
(intergenic) regions, high stability, and reproducibility (Nadeem et al. 2018; Xu 2010; Syvanen
2001). As high-throughput, long-read sequencing technologies have become more cost-effective,
researchers are able to easily produce high-density linkage maps based on SNPs (Bernardo et al.
2015; Ahmar et al. 2020). Long-read sequencing is also complimentary to SNP marker use, thus
SNPs are currently regarded as the ideal molecular marker for plant genetics studies (Song et al.

2013; Bernardo et al. 2015; Ahmar et al. 2020; Tian et al. 2022).
2.6.1 Advantages and limitations of marker-assisted selection

The incorporation of MAS in plant breeding strategies may offer significant advantages over
phenotypic (conventional) selection. These advantages to genetic gain are generally through
improved breeding efficiency. For instance, differentiation between heterozygous and
homozygous individuals facilitated MAS backcrossing methods for rapid trait introgression and
reduction of linkage drag by selecting individuals which contain introgression targets (e.g.
transgenes) and greater proportions of favorable alleles from the recurrent parent (Collard and
Mackill 2008; Moose and Mumm 2008). MAS is highly advantageous for traits which are
expensive or laborious to phenotype or traits which occur in later developmental stages since
selection can be imposed at the seedling stage (Collard and Mackill 2008). Individual plants may
be screened based on their genotype, as compared to conventional breeding where single-plant
selection can be unreliable, requiring the growth of entire families for trait screening (Collard and
Mackill 2008). Relative to phenotypic selection, MAS provides improved selection accuracy and

greater selection pressure, improving genetic gains by more efficiently selecting against
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undesirable germplasm, lessening phenotyping costs, and appropriately allocating plant growth

resources.

Utilizing MAS has proven effective for qualitative traits controlled by one or very few major genes,
however the major limitation of MAS is its ineffectiveness in selecting for complex traits
controlled by several minor genes (Bhat et al. 2016). Traditional phenotypic selection may even
provide superior genetic gains for complex quantitative traits relative to MAS (Bhat et al. 2016;
Zhao et al. 2014). In broad terms, QTL used for MAS are only as effective as the genes to which
they are linked to. Genetic gain through MAS is restricted to the amount of genetic variance that
QTL can explain, which can often be limited or unreliable (Desta and Ortiz 2014). This relates to
another limitation: QTL validity is not certain between distant germplasm and one’s own
germplasm. Breeders must often perform validation procedures to re-estimate the effect of QTL in
their own germplasm, ensuring that traits truly exhibit association to loci that facilitate MAS
(Heffner et al. 2009). The above limitations are inherent to MAS’ design as an indirect selection

method.
2.6.2  Marker-assisted selection in Brassica napus L.

The discovery and use of genetic markers for Brassica began with the development of RFLP
linkage maps in B. napus, B. oleracea, and B. rapa (Landry et al. 1991; Slocum et al. 1990; Song
et al. 1991). Since then, numerous genetic mapping studies have investigated important traits in
Brassicas, identifying various forms of markers with the potential for use in MAS. Despite the
rapid discovery of MAS-capable markers in Brassicas, there is a disparity in the incorporation of

such markers into actual MAS breeding strategies.

Some examples of MAS in Brassica breeding include molecular markers identified by Rahman et
al. (2008) for the two major erucic acid-controlling genes. These markers were implemented to the
University of Manitoba HEAR breeding program to improve the efficiency of backcrossing
schemes which included canola-quality rapeseed (McVetty et al. 2009). Breeding for other seed
quality traits, such as oleic acid, linoleic acid, overall oil content, and yellow seed coat, have also
incorporated MAS (Cheung et al. 1998; Jourdren et al. 1996a; Jourdren et al. 1996b; Rakow et al.
1999; Somers et al. 1999; Spasibionek et al. 2010; Liu et al. 2005). Hybrid breeding has

implemented MAS to select for sterility and restorer genes in cytoplasmic male sterility systems
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(Hansen et al. 1997; Liu et al. 2005, Huang et al. 2012). Markers for determinant inflorescence
were used to select genotypes with superior lodging resistance (Li and Du 2023). Resistance traits
for diseases such as clubroot, blackleg, and white rust have also been selected for using MAS
(Kawasaki et al. 2021; Cheung et al. 1998; Somers et al. 1999; Hirani et al. 2016; Rahman et al.
2014).

The application of MAS to generally less complex traits in Brassicas is demonstrative of its limited

ability to select for traits besides those controlled by one or very few genes.
2.7  High-throughput genotyping

Several SNP arrays are produced by Illumina Infinium™ (CA, USA) for a wide range of plant
species including wheat, maize, and Brassicas, as well as animals including bovines, canines,
humans, and more (Illumina n.d.). Of current high-throughput genotyping methods, the Brassica
60K and 90K Illumina Infinium SNP arrays are among the most extensively utilized in Brassica
breeding and genetics research (Scheben et al. 2018). On any specific array, for example the
Brassica 60K, there are 52,157 SNP-specific primers bound to the microarray flowcell (Clarke et
al. 2016). DNA samples are amplified and fragmented, fragments hybridize to the SNP-specific
primers on the microarray, followed by a single-base extension via labelled bases whose

nucleotide-specific fluorescence represents SNP reads (Mason et al. 2017).

Genotyping with the Brassica 60K Illumina Infinium™ SNP array provides several important
benefits. With a relatively simple DNA preparation protocol that is cost-effective for large
populations, researchers receive easily interpretable and highly informational data with genome-
wide distribution which includes physical position, indel variation, presence-absence variation,
and more (Mason et al. 2017). Furthermore, SNP array data is highly reproducible, wherein fixed
subsets of SNPs allow for direct comparison amongst populations (Mason et al. 2017). Relative to
GBS, SNP arrays can be considered more reproducible and efficient for procedures such as
comparative QTL mapping, however “reproducibility” (via an array’s subset of specific SNP
markers) is a two-sided coin, such that the analysis of genetic diversity is restricted only to the
SNPs present in the array (Mason et al. 2017). The choice of genotyping platform relies on a
researcher’s goals, however, the Brassica 60K array remains a highly flexible tool for application

to a wide range of applications in plant breeding and genetics research.
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The Brassica 60K array has been used for mapping traits such as seed weight and quality (Li et al.
2014), seed number per silique (Xin et al. 2023), seed glucosinolate content (Qu et al. 2015), fatty
acid content (Liu and Li 2014; Guan et al. 2019), flowering time (Xu et al. 2016), Sclerotinia
resistance (Wei et al. 2016), root system architecture (Xu et al. 2022; Fletcher et al. 2014), and
drought tolerance (Zhang et al. 2015). Additionally, it has been applied to dissecting meiotic
recombination patterns (Yan et al. 2023) and homoeologous exchanges (Higgins et al. 2018; Stein
et al. 2017) as well as input to genomic selection (Werner et al. 2017; Werner et al. 2020; Jan et al.

2016).
2.8 Genome-wide association study

The term “genome-wide association study” (GWAS) describes a wide range of methodologies in
genetics research which use computer modelling to identify genetic regions that are associated
with phenotypic variation in traits of interest (Cortes et al. 2021). Most GWAS assess genetic
variation in the form of SNPs (Uffelmann et al. 2021). The main objective of GWAS is the
identification of genome-wide QTL, and therefore is considered an important technique for
understanding complex traits and implementation to plant improvement strategies (Uffelmann et
al. 2021). The function of GWAS relies on genetic linkage to identify markers that are significantly
associated with candidate genes, rather than directly identifying genic regions themselves. The
first application of GWAS was in 2002 to identify genetic associations to human heart attacks
(Ozaki et al. 2002). The first non-human application of GWAS was in Arabidopsis to investigate

flowering time and pathogen resistance (Aranzana et al. 2005).

Results from GWAS are often implemented in subsequent MAS strategies; however, they are also
used in validation of loci identified in other studies, linkage mapping, investigating candidate gene
function, genomic selection, implementation to transgenics, and other uses (Deng et al. 2017; Liu
et al. 2019; Bian and Holland 2017; Fiedler et al. 2017; Zhu et al. 2011; Tsai et al. 2020; Wang et
al. 2016).

The general workflow for GWAS begins with assembling a variable population. Researchers can
utilize several different population types for GWAS, including preexisting breeding populations,
bi-parental mapping populations, nested association mapping (NAM) populations, multi-parental

advanced generation intercross (MAGIC) populations, and others (Gupta et al. 2014; Cavanagh et
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al. 2008). The composition of any assembled population must be considered as it inherently
introduces unequal relationships among individuals, in turn introducing false-positive associations
between predominant phenotypes and highly frequent SNPs within subpopulations (Cortes et al.
2021). The earliest GWAS models are considered “naive” as they did not consider relatedness
among individuals. Several models and statistical methods have since been developed to account

for false positives and false negatives (Cortes et al. 2021).

DNA extraction and genotyping are performed upon individuals in the assembled population,
followed by genotypic data quality control. Data quality filters are applied with thresholds upon
sample call rate (proportion of successful genotype calls within individuals’ DNA samples) and
marker call rate (proportion of successful genotype calls for each marker across all individuals)
(Uffelmann et al. 2021; Yao et al. 2020; Qu et al. 2017; Zou et al. 2016). Additionally, most GWAS
studies filter markers whose minor allele frequency (MAF) is below 5 % due to supposed low

statistical power of such variants (Uffelmann et al. 2021; Cortes et al. 2021; Turner et al. 2011).
2.8.1 Advantages and limitations of genome-wide association study

The advantages of GWAS are relative to earlier linkage mapping methods which are considered
the precursors to GWAS (Cortes et al. 2021). Linkage mapping typically analyzes cosegregation
of QTL using biparental cross progeny. Such progeny limits the diversity of segregation, exhibiting
large linkage blocks and therefore lower resolution regions for subsequent candidate gene
investigation (Cortes et al. 2021). Using large and highly diverse populations, GWAS detects
cosegregation in small linkage blocks, thereby providing high resolution and the power to detect
small-effect genes for complex traits (Lander and Schork 1994; Risch and Merikangas 1996).
Improvements in high-throughput genotyping have facilitated cost-effective, high-density, pan-
genome markers which expand the potential of GWAS to access wider sources of heritability in

complex traits (Wainschtein et al. 2019; Young 2019).

A major limitation of GWAS is the inherent risk of false positives. The shortcomings of naive
models led to their replacement by methods which effectively control false positives. Mixed linear
models have become commonplace for GWAS as they account for relatedness within the
population by considering both a fixed effect of population structure (Q) and random effect by
kinship (K) (Yu et al. 2005). Multi-locus models, such as FarmCPU and MLMM, improve on other
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MLM models by providing high statistical power and computation speed while maintaining

control over population relatedness factors (Cortes et al. 2021; Liu et al. 2016; Segura et al. 2012).

Multiple linear regression introduces another factor towards the risk of false positives in GWAS,
stemming from the fact that each analyzed SNP is an individual test (Brzyski et al. 2017). With the
conventional significance threshold set at 0.05, and considering the number of markers assessed
in GWAS (ranging from hundreds to millions) the likelihood of encountering false positives
increases due to the sheer volume of individual tests (Brzyski et al. 2017). Two correction methods
for multiple linear regression have been widely adopted to further control the occurrence of false

positives: corrected false discovery rate (FDR) or using a Bonferroni correction (Cortes et al. 2021).

The practice of omitting “rare variants” with low MAF (<5 %) may also be considered a limitation
in GWAS analyses. Although GWAS studies have discovered many QTL for complex traits using
common variants, it is considered that rare variants could significantly contribute to proportions
of heritability which are not yet explained (Manolio et al. 2009). Improvements in sequencing
methods have facilitated more comprehensive sequencing of rare variants, and statistical designs
have emerged to more effectively analyze the effect of these variants (Lasky-Su 2017; Lee et al.
2014). These designs allow analysis upon rare variants often by aggregating and evaluating their

combined significance (Lee et al. 2014; Cortes et al. 2021).
2.8.2 Use of GWAS in Brassica napus L.

As with many crop species, GWAS has become a common tool in genetic research and
improvement of B. napus. A wide range of QTL and candidate genes have been identified for
important traits affecting yield, seed quality, physiology, disease resistance, abiotic stress

resistance, and more.

The genetic control of B. napus yield has been investigated using GWAS (Pal et al. 2021; Zhang
et al. 2023; Liu et al. 2022; Xiang et al. 2023; Schiessl et al. 2015). Other yield-related traits have
been investigated using GWAS including flowering time (Helal et al. 2021; Zhang et al. 2023;
Huang et al. 2021; Raman et al. 2019; Korber et al. 2016), pod and seed characteristics such as
seeds per pod, pods per plant, pod length, and thousand kernel weight (Pal et al. 2021; Zhang et al.
2023; Yang et al. 2023; Xiang et al. 2023), plant height and architecture (Dong et al. 2022; Zhang
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et al. 2023; Liu et al. 2021; Xiang et al. 2023), harvest index (Qin et al. 2022; Lu et al. 2016), and
lodging coefficient (Li et al. 2018).

Seed quality traits such as oil content (Zhao et al. 2022; Tang et al. 2021; Wang et al. 2021; Pal et
al. 2021; Yao et al. 2021; Li et al. 2014; Xiao et al. 2019), erucic acid content (Xiang et al. 2023;
Korber et al. 2016; Wang et al. 2018a; Li et al. 2014), oleic acid content (Xiang et al. 2023; Zhao
et al. 2019), fatty acid composition (Gacek et al. 2017; Qu et al. 2017; Xue et al. 2018),
glucosinolate content (Tan et al. 2021; Tang et al. 2023; Bhinder et al. 2022; Xiang et al. 2023),
fibre content (Gacek et al. 2021), and seed coat colour (Wang et al. 2017a) have also been
investigated using GWAS.

Researchers have also identified QTL and candidate genes associated with physiological traits such
as seed germination (Luo et al. 2021; Hatzig et al. 2015), root architecture (Ibrahim et al. 2021;
Ahmad et al. 2022 ; Duan et al. 2021; Wang et al. 2017b), calcium accumulation (Alcock et al.
2017; Chen et al. 2018), and magnesium accumulation (Alcock et al. 2017).

Traits for which QTL have been identified relating to biotic resistance include clubroot resistance
(Dakouri et al. 2021; Li et al. 2016), blackleg resistance (Cantila et al. 2023; Raman et al. 2016),
and sclerotinia stem rot (Roy et al. 2021; Wei et al. 2016; Wu et al. 2016). Abiotic stress resistance
has been investigated with GWAS for freezing tolerance (Chao et al. 2021), salt tolerance (Wassan
et al. 2021; Zhang et al. 2022), and aluminum tolerance (Zhou et al. 2022; Du et al. 2022).

2.9 Genomic selection

Genomic Selection (GS) is a technique implemented to enhance genetic gains in breeding
programs. Originally designed for livestock, GS has been widely studied for its effectiveness in
plant breeding (Budhlakot et al. 2022; Meuwissen et al. 2001). A multitude of GS methods have
been developed and applied to a wide range of crops, traits, environments, population types, and
more (Budhlakot et al. 2022). In general, GS employs trained regression models to produce
genomic estimated breeding values (GEBVs) — phenotypic predictions which inform a breeder’s
selections and lessen reliance on repeated phenotyping over multiple generations (Combs and
Bernardo 2013; Habier et al. 2007). Approaches used by GS methods are considered advantageous
relative to the very limited genetic variation captured by MAS, which utilizes only major-effect

QTL requiring prior identification, mapping, and diverse germplasm validation (Collard and
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Mackill 2008; Kaler et al. 2022; Krishnappa et al. 2021). In combination with next generation
sequencing and high-throughput phenotyping methods, GS has become highly attractive to
breeders by capturing extensive genotypic and phenotypic variation, reducing costs through
optimized resource allocation, and shortening the overall breeding cycle (Heftner et al. 2010;

Jubair and Domaratzki 2023; Krishnappa et al. 2021; Varshney et al. 2017).

To evaluate the accuracy of GS, researchers may use “cross validation” procedures, which imitate
the workflow of GS in practical applications (Figure 2.3). The practical GS workflow includes two
populations: a training population (TP) and a test population (represented by a validation
population (VP) in cross validation procedures). The TP (e.g. parental genotypes, preliminary
hybrids) is sown, phenotypic and genotypic data are collected, and these data are used to “train” a
GS model. As opposed to MAS, which informs selections based on a small number of major-effect
markers, the training of GS models estimates the additive effects of all markers in a genome-wide
marker set (Bernardo 2008; Budhlakot et al. 2022). The trained GS model is then capable of
producing GEBVs. The test population (e.g. hybrids derived from TP parental genotypes, siblings
of preliminary hybrids) is sown and DNA samples are collected. The test population’s genotypic
data are input to the trained GS model, which produces GEBVs through whole-genome regression
(WGR) (summing effects of all genome-wide markers) (Budhlakot et al. 2022). Selection can be
conducted including each genotype’s GEBV as a criterion (Xu et al. 2012). To evaluate GS
prediction accuracy using cross validation, prediction accuracy is calculated as Pearson’s
correlation between the VP’s observed phenotypes and model-generated GEBVs (Werner et al.
2020). Using reliable GS models, breeders may minimize the amount of germplasm required for
phenotyping and continue selection in off-season nurseries or other non-target environments,
effectively reducing phenotyping costs and the time required to achieve breeding goals (Lorenz

and Nice 2017; Krishnappa et al. 2021).

Several strategies are available for plant breeders looking to incorporate GS within their program.
These include parametric and non-parametric models, machine learning and deep learning models,
uni-trait and multi-trait approaches, multi-trait multi-environment approaches, GWAS-guided GS,

and more (Budhlakoti et al. 2022; Emmert-Streib et al. 2020; Jubair and Domratzki 2023). To
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Figure 2.3 General workflow of genomic selection for crop improvement. Adapted from Bhat et

al. (2016). Abbreviations: GEBV: Genomic estimated breeding value; GS: Genomic selection.
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minimize TP phenotyping costs and maximize prediction accuracy for the VP, breeders can also
consider a wide array of population designs depending on the objective(s) of their program.
Population designs are available for recurrent crosses and selection, selection within a biparental
family, selection within diverse accession germplasm, and other breeding populations (Lorenz and
Nice 2017; Windhausen et al. 2012). Depending on breeding program structure, GS can be used
to effectively address components in the breeder's equation. Selection intensity, selection accuracy,
and especially breeding cycle time can be directly addressed to enhance genetic gain per unit of

time (Hickey et al. 2017; Werner et al. 2020).
2.9.1 Factors affecting accuracy of genomic selection

Currently, there are no GS methods that provide high prediction accuracies in all circumstances,
therefore, identifying an “optimal method” is a highly subjective process which requires
comparisons using the data at hand (Werner et al. 2020; Zhang et al. 2023). Many factors affect
the accuracy and overall effectiveness of GS. These factors are inherent in all breeding programs
and vary widely among species, and even among traits within the same species (Figure 2.4). Given
its subjectivity, the general notion regarding GS methodology is that there is no “one size fits all”

(Lorenz et al. 2011).

The effectiveness of GS does not only depend on the availability of software, but also an
understanding of GS’ role within the context of multi-stage selection breeding programs (Figure
2.5) (Werner et al. 2020). The goal of increased genetic gain per unit time without increased costs
is much easier said than done (Crossa et al. 2017). Effective implementation of GS requires the
breeder to quantify the potential benefits and limitations associated with GS when compared to

alternative methods for long-term breeding programs (Heslot et al. 2015).
2.9.1.1 Training population and validation population design

The accuracy of marker effect estimates by GS models is a function of the allelic variation provided
within their TP. The TP should include wide phenotypic and genotypic variation to extensively
capture haplotype combinations and their effects on traits of interest (Calus 2010; Werner et al.
2020). The “quality” of TP design is subjective to the VP (or test population in practical
applications) upon which the trained models predict GEBVs. Specifically, GEBV accuracy is
subjective to the genetic relationship between the TP and the VP (Calus 2010; Lorenz and Nice
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2017). Within a single population, linkage disequilibrium (LD) patterns between markers and
QTLs exhibit homogeneity which is known to be disrupted when considering stratified populations
(de Roos et al. 2009; Rio et al. 2022). These disruptions in LD patterns may lead to differences in
estimated markers effects, impacting accuracy when one population is used to predict another
(Hayes et al. 2009; de Roos et al. 2009; Rio et al. 2022). Designs which include high genetic
relatedness between TP and VP enhance GS accuracy by ensuring linkage phase between markers
and QTL is similar for model training and model application (Werner et al. 2020). By including
similar population structure in TP and VP, population structure has been demonstrated as a
significant contributor to GS prediction accuracy (Clark et al. 2011; Makowsky et al. 2011;
Bastiaansen et al. 2012; Werner et al. 2020). In addition to genetic relatedness, TP size is a
significant factor when evaluating genomic heritability and genomic prediction in real and
simulated breeding populations (Guo et al. 2014; Neyhart et al. 2017). Increasing TP size more
extensively captures genotypic and phenotypic variation for GS model training, increasing
prediction accuracy (Daetwyler et al. 2008; Desta and Ortiz 2014; Edwards et al. 2019; Hickey et
al. 2014; Zhang et al. 2017). Although it would be ideal for plant breeders to capture as much
variation as possible within the TP (e.g. large collections of highly exotic or resynthesized
germplasm), it is not practical (Calus 2010). Plant breeders are prompted to achieve balance
between minimizing TP phenotyping/genotyping costs, while maximizing genetic relatedness to
targeted VPs to which GS models will be applied (Lorenz and Nice 2017). An important
consideration regarding cross validation procedures is that accuracies measured within a specific
TP/VP design are not necessarily representative of GS effectiveness in any application (Werner et

al. 2020).
2.9.1.2 Marker densities

Similar to TP design, the choice of optimal marker density for GS requires a consideration of
balance. Providing a GS model with low marker density can be considered underfitting
(Montesinos-Lopez et al. 2022b). An underfit model is one which is insufficiently adapted to
understand marker effects due to low marker coverage, suffering a similar disadvantage as MAS
wherein many important minor/major effect markers are not considered (Montesinos-Lopez et al.
2022b). Alternatively, while high density marker sets provide a GS model with extensive genic

and non-genic coverage, they may be vulnerable to overfitting, wherein marker effects are adapted

29



from non-genetic effects (e.g. environment) and noise (random marker variation) from the TP such
that it decreases predictive power when applied to VPs which exhibit independent non-genetic
effects (Hickey et al. 2014; Montesinos-Lopez 2022b). The phenomenon known as the “large p
small n problem” arises when the number of markers (p) greatly exceeds the number of samples
(n), causing model overfitting (Schmidt et al. 2016; Crossa et al. 2017). For practicality, a breeder
may not want to maximize marker density for the sake of genotyping cost and computational
resources, while also considering that the predictive ability of GS models tends to reach a plateau
when increasing marker density (Combs and Bernardo 2013; Onogi et al. 2015). It may be
beneficial, however, to have such dense genotypic markers available for long-term breeding cycles
as they may be utilized to buffer LD disruption caused by recombination over cycles (DoVale et

al. 2022).

Optimal marker density is considered a function of LD decay distance (Desta and Ortiz 2014;
Kaler et al. 2022). As an indirect selection method, GS accuracy relies on marker linkage to causal
genes. As such, it is not simply “marker density” but instead the maximum distance/distribution
of markers to causal genes. For example, in a potato breeding population whose LD block size is
estimated 1 Mb, the presence of markers within a maximum 500 kb span on either side of causal
genes can be considered a reliable marker density (Aalborg et al. 2024; Vos et al. 2017). In a study
comparing GS accuracy among maize, rice, and soybean using LD-filtered marker sets, maize
exhibited the shortest LD decay, thus requiring the highest-density marker set, followed by rice
and soybean (Kaler et al. 2022). The plateau effect on GS prediction accuracy was demonstrated
by Kaler et al. (2022) whose LD-filtered marker set contained less than half the markers of its
complete marker set, yet produced statistically indistinguishable prediction accuracies for 6 traits
of varying heritability in soybean. In summary, the minimum required marker density for GS
training to appropriately capture causal polymorphisms is dependent on LD decay, wherein shorter

LD decay distance requires greater minimum marker density and vice versa.

The significance of LD intersects the effects of marker density and population relatedness, as
closely related genotypes share common (larger) LD blocks, whereas more distant genotypes
exhibit uncommon (smaller) LD blocks (Hickey et al. 2014). To compensate for uncommon LD
blocks in distantly related TP and VPs, prediction accuracy may be improved by increasing marker

set density (Norman et al. 2018).
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2.9.1.3 Trait complexity

Complex traits are often controlled by a combination of additive and non-additive (e.g.
dominant/recessive, epistatic etc.) allele effects, which are characterized by many small-effect
QTL and environmental effects (Korte and Farlow 2013). Furthermore, the ratio of additive to non-
additive genetic variance may differ even for highly correlated traits (Farooq et al. 2023). Although
GS is considered clearly advantageous to MAS for the improvement of complex traits, the
heritability of specific traits remains a significant factor affecting GS prediction accuracy. The
many minor additive and non-additive effects within complex traits makes genomic prediction
difficult; i.e., low heritability traits often lead to reduced prediction accuracy (Farooq et al. 2023;

Heftner et al. 2009; Jannink et al. 2010; Kaler et al. 2022).

The effect of trait on prediction accuracy also intersects with the effects of several factors including
TP size, TP relatedness to VP, and the quality/quantity of phenotypic data available for each
genotype (Habier et al. 2007; Daetwyler et al. 2008; Goddard 2009; Hickey et al. 2014; Heslot et
al. 2015; Werner et al. 2020). The trait of interest also affects the minimum marker density required
to reach a prediction accuracy plateau. Compared to high-heritability traits, which exhibited
maximum prediction accuracy plateaus with marker sets containing ~1,000 markers, Aalborg et al.
(2024) observed improved accuracy for low-heritability traits (yield, senescence) when using
several increasingly large marker sets over 10,000 markers. Norman et al. (2018) observed a
similar response in GS accuracy for low-heritability traits when using increasingly high-density

marker sets.
2.9.1.4 Genomic selection models

The effectiveness of GS relies on accurate estimations of GEBVs using computer models which
perform whole-genome regression (WGR). Many of these models have been developed; however,
each contains different assumptions providing their own respective advantages and disadvantages
(Table 2.1). The notion regarding GS is emphasized: no singular model can be considered “best.”

(Lorenz et al. 2011).

The earliest GS model proposed by Meuwissen et al. (2001) was the linear least squares regression.
As opposed to common GS models today, linear least squares regression is not classified as a WGR

model, as it first performs regression on individual chromosome segments separately, subsequently
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only utilizing the chromosomal segments containing significant marker effects. (Howard et al.
2022). Since their proposal, Meuwissen et al. (2001) and many other researchers have aimed to
enhance the accuracy, computational efficiency, and applicability of GS models for their

implementation in breeding programs.

These GS approaches can be considered in different classifications, such as parametric and non-
parametric models, machine learning and deep learning models, single-trait and multi-trait models,
multi-trait-multi-environment models, GWAS-guided GS, and more. (Budhlakoti et al. 2022;
Emmert-Streib et al. 2020; Jubair and Domratzki 2023). Each of these GS approaches contain
unique parameters to consider population structure, epistasis, missing data, environmental effects,
and optimizing computational efficiency with large datasets. The accuracy of different models
varies with the genetic architecture of traits due to their assumptions and treatment of marker

effects (Larkin et al. 2019).
29.14.1 Parametric models

Best linear unbiased prediction (BLUP) is one of the most implemented methods for GS in plant
science, using mixed model-based WGR approaches to estimate marker effects (Habier et al.
2013). Common variants of BLUP include ridge regression BLUP (rrBLUP) and genomic BLUP
(GBLUP) (Endelman 2011; VanRaden 2008). Both rrfBLUP and GBLUP are considered
computationally unelaborate and perform relatively similarly, each assuming that marker effects
are homogeneously distributed across the genome, contributing to genetic variance with at least a
small but non-zero effect (Clark et al. 2011; Goddard et al. 2009; Tan et al. 2017; Whittaker et al.
2000; Wiirschum et al. 2014). The assumptions of rrfBLUP and GBLUP exemplify their
classification as parametric models. The rrBLUP model assumes that all markers have equal
variances and small but non-zero effects, whereas GBLUP uses a genomic relationship matrix (G
matrix) to predict phenotypes (Endelman 2011). Parametric model assumptions imply a certain
relationship between the trait of interest (response variable) and the amount of genetic variance
that can explain the trait, limiting their predictive ability to additive effects (Clark et al. 2011;
Pérez-Rodriguez et al. 2012; Tan et al. 2017). Several parametric models are considered
advantageous to basic linear models which often suffer from overfitting resulting from the “large
p small n” problem (Endelman 2011; Neves et al. 2012). The assumptions of parametric models,
however, cause difficulty in recognizing high-order effects such as epistasis (Howard et al. 2022).
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Other commonly used parametric models include the least absolute shrinkage and selector operator
(LASSO), reproducing kernels Hilbert spaces regression (RKHS), and an array of models
classified as the “Bayesian alphabet” (Desta and Ortiz 2014; Habier et al. 2011).

In contrast to BLUP models, Bayesian methods are constructed to induce different variances
among markers and to perform marker selection, shrinkage of the marker effects, or both (Habier
etal. 2011; Howard et al. 2022). The prior density (i.e. the type of probability distribution assigned
to parameters of priorly understood genotypic/phenotypic relationships) determines the magnitude
and type of shrinkage to be induced, acting as a distinguishing factor amongst particular Bayesian
models (Howard et al. 2022). Meuwissen et al. (2001) introduced two Bayesian methods (BayesA
and BayesB) which enabled genomic regions containing larger-effect markers to be assigned
greater importance. BayesA assumes that all markers contribute effects, but the effects are drawn
from a scaled-t distribution controlling the degree of shrinkage towards zero effect (Howard et al.
2022; Meuwissen et al. 2001). BayesB builds upon BayesA by incorporating a mixed prior, where
some markers have effects drawn from a scaled-t distribution with shrinkage, while others have
zero effects with a prior probability drawn from a beta distribution (Howard et al. 2022; Meuwissen
et al. 2001). Several Bayesian models containing variants of prior distributions have been
developed, including BayesC, BayesCn, Bayesian LASSO (BL), and Bayesian ridge regression
(BRR) (Hoerl and Kennard 2000; de los Campos et al. 2009; Pérez et al. 2010).

2.9.1.4.2 Non-parametric models

Machine learning (ML) models are becoming increasingly popular for WGR. Methods include
both semiparametric and non-parametric models (Reinoso-Peldez et al. 2022). These models differ
from parametric models in that ML models do not require an explicit or implicit distribution of the
data to be characterized (Reinoso-Peldez et al. 2022). The design of ML models intends to capture
signals from high-order interactions such as epistasis (Pérez-Rodriguez et al. 2012). Proponents of
ML suggest that many limitations in parametric WGR can, in principle, be resolved with ML

(Reinoso-Pelaez et al. 2022).

Gianola et al. (20006) first proposed a nonparametric treatment of SNPs with the reproducing kernel
Hilbert spaces (RKHS) method, which combines a classical additive genetic model with a kernel

function. Kernel methods utilize no assumptions of linearity, providing great flexibility in
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simultaneously capturing nonadditive effects of all kinds (Howard et al. 2022). Other common
non-parametric models include random forest (RF), support vector machine (SVM), and artificial

neural networks (ANN) (De los Campos et al. 2010; Reinoso-Pelaez et al. 2022)

Relative to parametric approaches, ML is said to be advantageous regarding three main limitations:
the “large p small n” problem, high-order genetic interactions, and non-normal input data. Section

2.9.2 explores these concepts further.

Chapter 4 of this research investigates two decision tree-based methods: random forest (RF)
(Breiman 2001) and extreme gradient boosting (XGB) (Chen and Guestrin 2016; Friedman 2001).
Decision trees act as flowcharts based on binary decisions for single independent features (e.g.
SNP markers). The name RF represents its utilization of an “ensemble” of decision trees that are
created with a bootstrapping (AKA bagging) method, wherein random subsets of SNPs and
individuals are analyzed (Montesinos- Lopez et al. 2022a). By providing trees with different
portions of training data, bootstrapping allows the predictions to be combined (ensembled)
providing error compensation and therefore improved prediction generalization (Montesinos-
Lopez et al. 2022a). At each branch division (across x number of trees), RF randomly selects a
subset of SNPs, and the SNP which minimizes loss of function is chosen to split the observations
for the next branch (Reinoso-Peldez et al. 2022). By searching for the best independent variable
within a random subset (instead of the most important independent variables overall), RF generates

a wide heterogeneity that improves predictive power (Montesinos-Lopez et al. 2022a).

Gradient boosting (GB) also utilizes ensembled decision trees to inform regression (Farooq et al.
2023). However, contrasting RF’s ensemble of independent trees trained on bootstrapped subsets
of training data, GB builds decision trees in a sequential (dependent) manner, boosting predictive
power by training based on the results of previous trees (Farooq et al. 2023). Aiming to reduce the
residual error at each stage of training, GB calculates the gradient of the predictive loss of function
made by the current ensemble of trees, and the residuals are then adjusted for the next predictor

(Reinoso-Pelaez et al. 2022).

The research in Chapter 4 also investigates support vector machine (SVM) which is considered a
kernel method, similar to RKHS (Wahba 2002). Since its proposition by Cortes and Vapnik (1995),

SVM has performed especially well as a classification method but has also been implemented for
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Table 2.1 Classification of genomic selection models'

Parametric
regressions

Penalized
approach

Ridge regression best linear unbiased prediction
(rrBLUP)

Least absolute shrinkage and selector operator (LASSO)
Elastic net (EN)

Support vector regression (SVR)

Neural networks (NN)

Reproducing kernels Hilbert spaces regression (RKHS)
Genomic best linear unbiased prediction (GBLUP)

Bayesian
approach

Genomic best linear unbiased prediction (GBLUP)
Bayesian ridge regressions (BRR)

Bayesian LASSO (BL)

BayesA

BayesB

BayesC

Reproducing kernels hilbert space (RKHS)

Non-parametric
regressions

Ensemble

Boosting (BOOST)
Bagging (BAGQG)
Random Forest (RF)

Kernel

Reproducing kernels hilbert space (RKHS)
Support vector machine (SVM)

Deep learning

Bayesian neural network (BNN)
Artificial neural network (ANN)
Convolutional neural network (CNN)

'Adapted from Desta and Ortiz 2014; Reinoso-Pelaez et al. 2022
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Table 2.2 Main features of genomic selection models'

Model

Features

rrBLUP

Assumes that all markers have equal variances with small but non-zero
effect.

Applies homogeneous shrinkage of predictors towards zero but allows for
markers to have uneven effects.

Computed from a realized-relation matrix based on markers.

Some QTL are in LD to marker loci, whereas others are not.

LASSO

Combines both shrinkage and variable selection methods.
rrBLUP does not use variable selection but outsmarts LASSO when there is
multi-colinearity between the predictors.

BRR

Induces homogeneous shrinkage of all marker effects towards zero and
yields a Gaussian distribution of marker effects.
Similar to RR-BLUP, there is a problem of QTL linkages to the marker loci.

BL

Applies to both shrinkage and variable selection.

Has an exponential prior on marker variances resulting in a double
exponential (DE) distribution.

The DE distribution has a higher mass density at zero and heavier prior tails
compared with a Gaussian distribution.

BayesA

Utilizes an inverse chi-square (y2) on marker variances yielding a scaled t-

distribution for marker effects.

Similar to BL and in contrast to BRR, it shrinks tiny marker effects towards
zero and larger values survive.

Has a higher peak of mass density zero compared with the DE distribution.

BayesB

Similar to BayesA, uses an inverse y2 resulting in a scaled t-distribution.
Unlike BayesA, utilizes both shrinkage and variable selection methods.
When & = 0, then it is similar to BayesA.

BayesC

Applies both shrinkage and variable selection methods.
Characterized by a Gaussian distribution.
BayesB and BayesC consist of point of mass at zero in their slab priors.

Uses the regression model rooted in bootstrapping sample observations.
Takes the average of all tree nodes to find the best prediction model.
Captures the interactions between markers.

BOOST

Builds decision trees sequentially, "boosting" predictive power based on
previous trees.

RKHS

Based on genetic distance and a kernel function with a smoothing parameter
to regulate the distribution of QTL effects.
Effective for detecting nonadditive gene effects.

SVM

Uses non-linear kernel function to reclassify training data to high-
dimensional features, facilitating separability by hyperplane.

Combines linear regression with non-linear reclassification of training data
Highly capable of generalization.

! Adapted from Desta and Ortiz 2014; Farooq et al. 2023; Merrick and Carter 2021; Noble
2006; Awad and Khanna 2015



regression (i.e. support vector regression (SVR)) (Reinoso-Pelaez et al. 2022). SVR analyzes
genotypic and phenotypic training data to determine a hyperplane — a line that best fits phenotypic
variation by genotypic data, thereby creating a decision boundary based on many features (Noble
2006). Training data is reclassified to high-dimensional features using a non-linear kernel function,
thereby allowing separability in that higher dimensional space, followed by linear regression
within that feature space (Merrick and Carter 2021; Noble 2006). The main advantages of SVR
are its capability for generalization, allowing high prediction accuracy, while computational

complexity is not restricted to the dimensionality of the input data (Awad and Khanna 2015).
2.9.2 Advantages and limitations of genomic selection

The advantages of GS can be considered as improvements relative to its predecessor, MAS.
Breeders have implemented major-effect QTL to MAS for a wide variety of traits; however,
complex traits controlled by minor-effect QTL demonstrate the breakdown of MAS’ effectiveness
due to inconsistent QTL effect estimates (Bernardo 2008). Furthermore, QTL identification,
mapping, and inter-population validation are costly preparatory operations inherent to MAS which
precede any actual genetic gains (Collard and Mackill 2008; Kaler et al. 2022; Krishnappa et al.
2021). In contrast to MAS, GS follows a “black-box” approach, inputting genome-wide markers
and phenotypic data in a single analysis capable of implementing both major- and minor-effect
QTL in calculating predictions (Krishnappa et al. 2021). By providing GEBVs for genotypes from
which only genotypic data is required, GS provides a breeder with informed selections while
reducing the reliance on repeated phenotyping over multiple generations (Habier et al. 2007;
Jannink et al. 2010). The use of GEBVs to inform the removal of certain germplasm (which would
otherwise require generations of phenotypic data to inform) is a significant benefit to plant
breeders, facilitating the allocation of resources to desirable germplasm more likely to contribute
to the final cultivar. By optimizing the required volume of phenotypic data to inform selections,
GS therefore improves genetic gain per unit time while reducing costs per breeding cycle and
(potentially) the overall number of breeding cycles (Hickey et al. 2014). These advantages are
especially important regarding complex agronomic traits that are difficult/costly to phenotype and
for particular species that exhibit long generation times (Merrick and Carter 2021; Neyhart et al.

2017). For example, tree or perennial crop breeding (e.g. apple) can implement GS to inform
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selections that bypass several years of vegetative growth required to phenotype at sexual maturity

(Kumar et al. 2012).

Practical usage of GS has demonstrated its advantages over MAS and phenotypic selection
methods in several crop species. In maize and wheat, GS prediction accuracy (correlation) of only
0.53 provided multifold annual genetic gains relative to MAS and pedigree selection methods
(Heffner et al. 2010). In soft red winter wheat, yield increase was 10 % greater when combining
GS with phenotypic selection relative to solely phenotypic selection (Lozada et al. 2019b). When
predicting soybean seed weight, genomic selection accuracy was found to be 0.11 greater than
MAS at their respective peak performances (Zhang et al. 2016). In some scenarios, GS does not
significantly improve responses to genetic gain, however, the optimization of phenotyping
procedures allows breeders to achieve similar gains with significantly reduced costs, such as
observed by Beyene et al. (2019) whose hybrid maize breeding costs reduced by 32 % when
incorporating GS. The reduction of phenotyping volume across breeding cycles not only provides
economic benefits, but also environmental benefits when considering land, water, fossil fuel, and
crop input resources across long-term multi-environment field testing (Krishnappa et al. 2021).
Alongside GS, speed breeding (SB) techniques (implementing particular lighting and growth
conditions to significantly reduce crop plant generation time relative to normal field/greenhouse
conditions) have been integrated to produce “Speed GS” (Ceran et al. 2024; Krishnappa et al.
2021). Using Speed GS, genetic gains per unit time are compounded by both GS’ reduction in
number of breeding cycles and SB’s reduction of generation time (Krishnappa et al. 2021). Crops
with standardized SB procedures, such as wheat and tall fescue, have been investigated using
Speed GS, exhibiting significant improvements in breeding cycle efficiency and overall costs

relative to phenotypic selection methods and MAS (Jighly et al. 2019; Watson et al. 2019).

Despite the success of parametric approaches exampled above, advocates for ML-based WGR
suggest its advantages over parametric models regarding the “large p small n” problem, complex
traits controlled by high-order genomic interactions, and non-normal phenotypic data. The “large
p small n” problem (p: number of markers, n: sample size) is one which has arisen with improved
genotyping technologies (Gonzalez-Recio et al. 2014). Despite yielding extremely dense SNP data
at low costs, the inclination to utilize all available genotypic data may bring on costs to GS

effectiveness; overfitting causes decreases in prediction accuracy observed in many situations
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wherein p:n exceeds 50—100 (Gonzalez-Recio et al. 2014). Nonparametric models are purported
to provide great flexibility overcoming the large p small n problem by utilizing different forms of
regularization (Reinoso-Pelaez et al. 2022). For complex traits, nonparametric models are also
suggested to provide greater flexibility in recognizing both additive and nonadditive effects (e.g.
dominance, epistasis) simultaneously (Desta and Ortiz 2014; Howard et al. 2022; Varona et al.
2018). Improvements are highlighted when considering the assumptions of parametric models.
Some of these assumptions include the partitioning of genetic variance into additive, dominance,
additive x additive, and additive x dominance, which only hold under random mating of male and
female parents, no inbreeding, no assortative mating, and no (natural or artificial) selection — all
violated in practical plant breeding operations (Howard et al. 2014). Lastly, although parametric
models are known to provide acceptable goodness of fit when phenotypes exhibit normal
distributions, phenotypic distributions often deviate from normality in practice (e.g. environmental
effects), with which, the assumptions of parametric models may limit their effectiveness relative

to other approaches (Luaces et al. 2010).

The effectiveness of GS is also limited by a breeder’s foresight, considering that a target breeding
population should inform the design of the training population which precedes it (Lorenz and Nice
2017). To avoid poor prediction accuracies and wasted resources, breeders must consider a balance
between two goals: 1) minimizing costs for TP phenotyping/genotyping, and 2) maximizing
prediction accuracy for the target breeding population (Lorenz and Nice 2017). For example, a
training population may provide very high accuracies for a small target population containing
closely related individuals, however the overall costs of TP phenotyping/genotyping would then
merit only a small number of selection decisions (Hickey et al. 2014). As a breeder’s germplasm
develops over several cycles, novel LD patterns are also expected to develop as a result of
recombination, selection, and drift, causing declines in GS prediction accuracy (Lorenz et al. 2011;
Neyhart et al. 2017). To ensure the long-term effectiveness of GS, breeders must recognize the
need to update TP which effectively captures novel LD generated over breeding cycles. Neyhart
et al. (2017) evaluated several methods of updating TP, demonstrating that all methods of updating
TP exhibit similar long-term patterns of maintaining prediction accuracy and genetic gain,
meanwhile only a stagnant TP significantly damages long-term GS effectiveness. Other methods
of maintaining long-term effectiveness with GS should consider maintaining genetic diversity

throughout generations. To address the issue of some conventional GS methods which provide
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short-term gain at the cost of the long-term potential (reduction in genetic diversity), several
approaches have been developed, such as weighted genomic selection (WGS), optimal haploid
value (OHV) selection, genotype building (GB), and optimal population value (OPV) (Goiffon et
al. 2017; Moeinizade et al. 2019).

2.9.3 Use of genomic selection in plant breeding

The “no one size fits all” outlook regarding GS has stimulated wide research applications across
crop species and traits to consider the many variables which affect GS accuracy. These variables
have been investigated using both practical applications and simulation data from historical

germplasm.

Wheat has been a major subject of GS research. Many of the contributors to yield, such as thousand
kernel weight, weight per spike, heading date, days to maturity, and yield itself, have been
extensively investigated using GS (Lozada et al. 2019b; Song et al. 2017; Verges and Van Sanford
2020; Belamkar et al. 2018; Sun et al. 2019; Rife et al. 2018; Sandhu et al. 2021a; Sandhu et al.
2021b; Crain et al. 2018; Dunckel et al. 2017; Ward et al. 2019; Dreisigacker et al. 2023; Kehel et
al. 2020; Ibba et al. 2020; Guo et al. 2020; Herter et al. 2019; Montesinos-Lopez et al. 2023). Other
important agronomic traits predicted by GS include height and resistance to biotic and abiotic
stresses such as fusarium head blight, septoria tritici blotch, snow mold, winter hardiness, and frost
tolerance (Kehel et al. 2020; Borrenpohl et al. 2020; Jiang et al. 2017; Dong et al. 2018; Herter et
al. 2019; Lozada et al. 2019a; Beil et al. 2019; Michel et al. 2019). Considering the long catalogue
of important processing quality traits in wheat, GS has even been used to predict water uptake,
protein content, gluten content, flour yield, and many more (Gill et al. 2021; Zhang-Biehn et al.

2021; Tsai et al. 2020; Ibba et al. 2020; Michel et al. 2017; Veenstra et al. 2020).

The effectiveness of GS has also been exhibited in soybean research. Yield and its related traits
including seed weight, days to maturity, and pods per plant have shown varying degrees of
prediction accuracy (Ravelombola et al 2021; Stewart-Brown et al. 2019; Duhnen et al. 2017,
Yoosefzadeh-Najafabadi et al. 2022; Miller et al. 2023; Smallwood et al. 2019; Wen et al. 2015;
Matei et al. 2018). Other seed quality traits such as protein content, fatty acid composition, and
overall oil content have exemplified GS’ effectiveness in application to important oilseed traits

(Stewart-Brown et al. 2019; Duhnen et al. 2017; Miller et al. 2023; Smallwood et al. 2019; Wen et
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al. 2015). Responses to biotic and abiotic stresses, such as sudden death syndrome, cyst nematode,
and lodging, have also been investigated in soybean research using GS (Ravelombola et al. 2020;
Bao et al. 2015; Wen et al. 2015). Relative to phenotypic selection, Matei et al. (2018)
demonstrated a 123 % increase in selection efficiency for yield and 212 % increase in selection

efficiency for thousand kernel weight while reducing time from 6 years to 3 years.

Wiirschum et al. (2014) began exploring the potential of GS in B. napus breeding, observing high
accuracies by rrBLUP when predicting plant height, but low accuracies when predicting yield and
glucosinolate content. Since then, Wiirschum and many other researchers have investigated
genomic prediction for traits related to seed quality, yield, morphology, disease resistance, and
responses to environmental stresses, widely utilizing the Brassica 60K SNP array and other next-
generation sequencing methods (Fikere et al. 2018; Koscielny et al. 2020; Hu et al. 2021a Hu et
al. 2021b; Rajkumar and Panjabi 2022; Roy et al. 2021; Wang et al. 2021b; Werner et al. 2017;
Werner et al. 2018; Wiirschum et al. 2014; Zou et al. 2016). Prediction accuracy responses in B.
napus are shown to be consistent with previous studies in other crops, exhibiting negative
correlation to trait complexity while accuracies can be improved through the increase in TP size

and TP/VP relatedness (Rajkumar and Panjabi 2022).

A study by Hu et al. (2021b) explored the effectiveness of GS in B. napus hybrid
breeding/prebreeding with diverse germplasm containing exotic introgressions, attaining high
prediction accuracies for heterosis in traits including yield, yield-related traits, and seed quality
traits. Hu et al. (2021b) observed that trait complexity, TP size, TP/VP relatedness, exotic
introgression, and environments were significant factors affecting GS accuracy, but the choice of
GS model was not. Another study by Wang et al. (2021) also predicted heterosis in a diverse set of
B. napus with machine learning models, emphasizing GS’ ability to improve the efficiency of
heavily resource-dependent combining ability trials which precede hybrid breeding. Major QTL
for blackleg resistance analyzed by Fikere et al. (2018) explained less than 30 % of genetic
variance, however prediction accuracies attained in this study demonstrated GS’ ability to capture
minor-effect QTL, emphasizing improvement upon MAS and the feasibility for genomic breeding
in canola disease resistance. Furthermore, using low-density marker sets filtered by LD, Werner et
al. (2018) attained prediction accuracies that were comparable to those achieved by multifold

larger marker sets.
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Studies in B. napus have utilized GS to predict yield and yield-related traits such as seeds per pod,
silique number, thousand kernel weight, flowering time, maturation time, shattering, and more
(Fikere et al. 2020; Werner et al. 2017; Luo et al. 2017; Koscielny et al. 2020; Hu et al. 2021a).
Seed-quality traits including glucosinolates, protein content, oil content, and fatty acid profile
components (erucic, linoleic, linolenic, oleic, stearic) have also been predicted with GS (Fikere et
al. 2020; Werner et al. 2017; Werner et al. 2018; Koscielny et al. 2020; Hu et al. 2021a; Zou et al.
2016). The effectiveness of GS for disease resistance predictions, namely sclerotinia stem rot and

blackleg, have also been investigated (Derbyshire et al. 2021; Fikere et al. 2018; Roy et al. 2021).

Considering GS’ great potential to improve plant breeding, further advancements in WGR have
included the development of multi-trait models, multi-environment models, and incorporation of
high-throughput phenotyping (HTP) platforms (Bhatta et al. 2020; Jia and Jannink 2012; Jiang et
al. 2015; Lado et al. 2018; Sandhu et al. 2021a; Jubair and Domaratzki 2023). These advanced
WGR methods have demonstrated their potential to further improve genetic gains while reducing
resource dependence, particularly for traits of lower heritability that correlate with traits of higher
heritability (Guo et al. 2020). Multi-environment data (e.g. precipitation, temperature, soil fertility,
etc.) can be integrated to further improve GS accuracy (Khaki and Wang 2019; Washburn et al.
2021). Lado et al. (2018) suggested that a single correlated trait can be leveraged, providing a
resource-efficient method which achieves prediction accuracies that are only marginally different
than when incorporating multiple traits. Sandhu et al. (2021a) found that multi-trait GS models
outperformed uni-trait GS models in predicting grain yield and protein content. Comparing the
Bayesian multi-trait multi-environment model to other models, Guo et al. (2020) observed that
low heritability traits, such as grain yield, exhibited more significant advantages than higher
heritability traits, such as thousand kernel weight, achieving a 46 % prediction accuracy increase
for the former, compared to 11 % for the latter. The use of HTP platforms such as drone imaging
have also demonstrated their potential in enhancing breeding efficiency and effectiveness when
combined with GS. By accurately, efficiently, and cost-effectively capturing large-scale
phenotypic variation, the incorporation of HTP improves genetic gain by accelerating breeding
cycles, minimizing the loss of important alleles due to linkage drag, and capturing genotype-

environment associations (Jubair and Domaratzki 2023).
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2.10 Genome-wide association study-guided genomic selection

Since its proposal in 2001, genomic selection (GS) methodology has developed towards improving
the effectiveness of plant and animal breeding. The integration of next-generation sequencing and
high-throughput phenotyping techniques has made GS particularly attractive to breeders by
capturing extensive genotypic and phenotypic variation, optimizing resource allocation, reducing
costs, and shortening overall breeding cycles (Heffner et al. 2010; Jubair and Domaratzki 2023;
Krishnappa et al. 2021; Varshney et al. 2017). Despite being broadly evaluated in plant breeding
methodologies, GS can be considered as still in its early stages wherein the multitude of inherent
factors that influence GS prediction accuracy has thus far prevented a universal approach (i.e. no
“one size fits all”’) (Lorenz et al. 2011; Zhang et al. 2023). Although not a solution to the no “one
size fits all” problem, one method known as “GWAS-guided GS” has arisen as an option to

improve the accuracy and efficiency of GS.

The central concept of GWAS-guided GS is the selection of optimally predictive markers (based
on GWAS results) as inputs for GS model training and phenotypic predictions. The GWAS-guided
GS method differs from MAS which relies on only one or very few major-effect QTL requiring
prior identification, mapping, and diverse germplasm validation prior to implementation in plant
breeding programs (Collard and Mackill 2008; Kaler et al. 2022; Krishnappa et al. 2021). Werner
et al. (2018) describes the capacity of GWAS-guided GS as allowing fewer representative markers
selected in respect of linkage disequilibrium (LD) to capture the association between genomic
regions and a phenotypic trait. Low-density, GWAS-based marker sets enable GS prediction
accuracies in breeding populations comparable to those achieved with high-density genotyping
(Werner et al. 2018). Importantly, GWAS-guided GS mitigates model overfitting by systematically
excluding the bulk of non-causative markers from GS model training, thereby avoiding erroneous
identification of these random variations as causative for the trait of interest (Hickey et al. 2014;
Montesinos-Lopez et al. 2022b; Zhang et al. 2023). Simultaneously, although the marker subsets
are typically small, GWAS-guided GS mitigates underfitting by ensuring that the selected markers
provide sufficient effect information for the model to perform accurate phenotypic predictions

(Montesinos-Lopez et al. 2022b; Zhang et al. 2023).

The critical question arises though: how does one choose the subset of markers which provides
optimal predictability for a trait of interest? Several methods have been developed to answer this
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question. Zhang et al. (2014) proposed the use of preexisting GWAS results from public databases
to build trait-specific genomic relationship matrices for phenotypic predictions, later described as
“GS + historic GWAS”. Spindel et al. (2016) proposed the “GS + de novo GWAS” method which
inputs significant markers identified through GWAS within the specific training population of
interest (i.e. de novo) to train the GS models as fixed effects. More recently, Jeong et al. (2020)
developed a program known as “GMStool” which uses machine learning to select optimal marker

sets and optimal WGR models for phenotypic prediction (Jeong et al. 2020).

Using historic GWAS results to guide GS in a population of interest can be considered problematic
given the often population-structure-dependent nature of GWAS results, such that significant loci
identified within an independent population might not reflect the true genetic structure of traits in
the population of interest (Spindel et al. 2016). Alternatively, by implementing predictive markers
identified within the actual population of interest, de novo approaches should theoretically be more

effective than the GS + historical GWAS methods or conventional GS (Spindel et al. 2016).
2.10.1 Use of genome-wide association study-guided genomic selection in plant breeding

Several studies have investigated the benefit of incorporating GWAS results to training GS models.
These studies have compared a variety of GWAS models, marker subset methods, and GS models
in application to several species and traits. Rice, the first crop whose genome was sequenced, has
been a focus of GWAS-guided GS research, starting with the proposal of GS + historic GWAS by
Zhang et al. (2014). Spindel et al. (2016) proposed the GS + de novo GWAS method in rice,
observing that the combination of simple Multiple Linear Regression (MLR) GWAS results with
rrBLUP outperformed several other WGR models. Since then, the GS + de novo GWAS method
has been evaluated for rice breeding, investigating the predictive ability of GS models (including
GBLUP, rBLUP, RF, RKHS, BayesA, BayesB, BRR, Deep Neural Network (DNN), etc.) for
important agronomic and quality traits such as yield, panicle number, flowering time, plant height,
protein content, and more (Jeong et al. 2020; Zhang et al. 2023). Wheat has also been the subject
of GWAS-guided GS research wherein traits such as yield and septoria blotch resistance have been
predicted using rrBLUP and GBLUP (Odilbekov et al. 2019; Sehgal et al. 2020). Even Norway
spruce, an important tree for lumber and holiday celebrations (and the first gymnosperm with a
sequenced genome), has seen GWAS-guided GS predictions towards frost damage, wood density,
and budburst stage, comparing the accuracy of pedigree-based BLUP (PBLUP) and GBLUP (Chen
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et al. 2023; Nystedt et al. 2013). Brassica napus has also been the subject of GWAS-guided GS
research. Werner et al. (2017) utilized the method by Spindel et al. (2016), combining GWAS
results from GenABEL P+K to evaluate the ability of rBLUP, BayesB, and BRR to predict general
and specific combining ability in B. napus. Next, Werner et al (2018) used a similar method to
predict oil content, glucosinolate content, and plant height. More recently, a study by Sun (2021)
compared the prediction accuracies of conventional GS to GWAS-guided GS for several
agronomic and seed quality traits including yield, plant height, oil content, glucosinolate content,

and protein content.
2.11 Research objectives

In Canada, the demand for canola is projected to reach 26 million metric tonnes by 2025.
Fulfillment of this goal is driven not only by increasing seed yield, but also by filling seed quality
niches such as high protein meal and specialty oils. Conventional selection methods and MAS are
limited in their ability to meet these demands expeditiously or sustainably. The overall objective
of this research was to demonstrate the potential of two bioinformatics methods, GWAS and GS,
to streamline the development of B. napus cultivars that address both consumer needs and

agricultural challenges.

The primary objective of the first study (Chapter 3) was to identify seed quality QTL for potential
application in HEAR breeding while also examining the effects of population structure, marker
density, and model selection on QTL discovery. The second study (Chapter 4) assessed GS in
HEAR, exploring a broad range of potential breeding scenarios for seed quality traits. A total of
135 unique analyses were performed, evaluating prediction accuracy across nine regression
models, five population designs, and three marker densities. The third study (Chapter 5) evaluated
GWAS-guided GS, a method proposed to improve the accuracy of GS predictions, by applying a
similar range of analyses used in Chapter 4 to compare prediction accuracies with conventional
GS. Plant breeders may use this information regarding responses in QTL discovery and GS
prediction accuracy to inform decisions on factors (population design, genotyping density, choice

of model, etc.) to meet their breeding goals and optimize resource allocation.
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3. GENOME-WIDE ASSOCIATION STUDY FOR OIL AND FATTY ACID
PROFILE IN RAPESEED (Brassica napus L.)

3.1 Abstract

Genome-wide association studies (GWAS) have been widely implemented for Brassicas and other
crop species to investigate the genetic architecture of important agronomic and quality traits.
Significant marker trait associations (MTAs) identified by GWAS are often used for marker
assisted selection (MAS); however, they may also be helpful in molecular dissection of the trait in
question. This study examined a population of 454 high erucic acid rapeseed (HEAR) genotypes
(92 parents, 362 hybrids) by inputting various population designs, marker sets, and GWAS models
to discover QTL for five seed quality traits: erucic acid content (ERU), linoleic acid content (LLE),
linolenic acid content (LLN), oleic acid content (OLE), and overall oil content (OIL). FarmCPU
identified 89 peak QTL across the five traits. Several peak QTL identified in this study co-localize
with QTL described for the same traits in literature. Thirty previously discovered fatty acid
biosynthesis candidate genes coincide with significant loci identified in this study. One region on
chromosome C04 was highly significant to all three of ERU, OLE, and LLE, indicating a novel
candidate gene that warrants further research for oil profile improvement. This study demonstrated
the effects of population design, marker density, and choice of model specifically in application to
GWAS for Brassica napus L. fatty acid profiles. Significant effects were observed in population
design, choice of GWAS model, and (to a lesser extent) marker set density. Population design
especially highlighted performance differences among GWAS models, identifying FarmCPU as
the optimal model. This study emphasized the effectiveness of GWAS for investigating seed

quality traits in B. napus improvement.
3.2 Introduction

Brassica napus L. has surpassed wheat (7riticum aestivum L.) as Canada’s most widely sown
crop species (Statistics Canada 2024). B. napus crops represent the second-largest oilseed
commodity in the world, producing 84.34 million metric tons globally in 2022, second only to
soybeans (USDA 2023). The term “canola” describes seeds of the genus Brassica (B. napus, B.

rapa, or B. juncea) which are “double-low,” more specifically, contain less than 2% erucic acid
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in its fatty acid profile and less than 30 micromoles of any glucosinolate per gram of the oil-free
solid component (Canola Council of Canada 2024c¢). In 2023, canola was sown across 22.1
million acres, contributing an average of $43.7 billion to the Canadian economy between 2020
and 2023 while employing around 206,000 Canadians during that period (Canola Council of
Canada 2024a; GlobalData 2024; Statistics Canada 2024). Canada is the largest producer of
canola, accounting for over 20 % of worldwide production and 70 % of international exports
(AgMRC 2022). The value of canola is derived from separating its high-quality oil (primarily for

food industry) from the protein-rich meal (primarily for livestock feed).

While canola dominates the Canadian oilseed market, high erucic acid rapeseed (HEAR) grows
alongside it, contributing to a wide range of industries beyond food and feed. High erucic acid oil
is growing in demand for its use in biofuels, biodegradable plastics, industrial lubricants,
surfactants, cosmetics, and pharmaceuticals like behenyl alcohol, the antiviral agent in Abreva®
(Aoki et al. 2015; Aukema et al. 2011; Leonard 1992; Wang et al. 2022). The United States is the
largest consumer of HEAR oil, followed by the European Union and Japan (Bhardwaj and
Hamama 2000; USDA 1996). Predominantly used in biofuel production, rapeseed oil constituted
around 45 % of EU biodiesel consumption in 2016 (Dusser, 2019). Key goals for HEAR cultivar
improvements include enhancing yield, oil content, meal quality, erucic acid content, and disease

resistance (Zelmer and McVetty 2009).

Canola oil is mainly constituted by three fatty acids: oleic acid (18:1), linoleic acid (18:2), and
linolenic acid (18:3), along with small proportions of saturated and other trace monounsaturated
and polyunsaturated fatty acids (Barthet 2022; Przyblyski and Eskin 2011). The HEAR fatty acid
profile is very similar to that of canola in that it also contains oleic acid, linoleic acid, and linolenic
acid, however erucic acid constitutes a significant proportion of the total oil profile, accompanied
by a reduction in other fatty acids relative to canola (Przyblyski and Eskin 2011). The demand for
B. napus oil in food, feed, and industry has prompted breeders to develop specialty cultivars
providing improved shelf life, heat stability, and functional foods (high linoleic:linolenic ratio),
for higher-value meal in food and feed (increased protein quality and quantity) or biofuels and
other industrial uses (high erucic acid content) (Abbadi and Leckband 2011; Fitzpatrick and Scarth
1998; Nesi et al. 2008; Wittkop et al. 2009).
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Genome-wide association studies (GWAS) describe a range of methods that are widely
implemented in plant improvement to investigate the genetic architecture of important agronomic
and quality traits (Cortes et al. 2021). Results from GWAS are often implemented for marker-
assisted selection (MAS). Additionally, MTAs identified by GWAS can be used in linkage mapping,
investigating candidate gene function, genomic selection, and more (Bian and Holland 2017; Deng
etal. 2017; Fiedler et al. 2017; Liu et al. 2019; Tsai et al. 2020; Wang et al. 2016; Zhu et al. 2011).
The effectiveness of GWAS, however, is affected by several factors, including population size and
diversity, marker coverage, and the choice of GWAS model (Alqudah et al. 2020; Cortes et al.
2021; Khan et al. 2019; Lander and Schork 1994; Liu et al. 2016b; Purcell et al. 2003; Risch and
Merikangas 1996; Segura et al. 2012; Uffelmann et al. 2021; Visscher et al. 2012; Yu et al. 2005).
The power of GWAS analyses to detect small-effect genes in high resolution relies on sufficient
phenotypic and genotypic diversity provided by large and diverse populations (Lander and Schork
1994; Purcell et al. 2003; Risch and Merikangas 1996; Uffelmann et al. 2021; Visscher et al. 2012).
Sufficient marker coverage for GWAS is often determined by the LD decay rate, ensuring that
allelic segregation is captured across haplotype blocks (Alqudah et al. 2020). Single-locus GWAS
(SL-GWAS) models have become commonplace in GWAS research as they correct for population
structure and kinship using relatively simple computation (Yu et al. 2005). Multi-locus GWAS
(ML-GWAS) models, such as FarmCPU and MLMM, have been developed to improve on SL-
GWAS models, providing high statistical power and maintaining control of false positive and false
negative signals caused by population structure (Cortes et al. 2021; Khan et al. 2019; Liu et al.
2016; Segura et al. 2012).

Like many crop species, GWAS has become a common tool in genetic research and improvement
of B. napus cultivars. A wide range of QTL and candidate genes have been identified for important
traits affecting yield, physiology, disease resistance, abiotic stress resistance, and more. Seed
quality traits have been investigated using GWAS, revealing QTL and candidate genes for oil
content (Li et al. 2014; Pal et al. 2021; Tang et al. 2021; Wang et al. 2021a; Xiao et al. 2019; Yao
et al. 2021; Zhao et al. 2022), erucic acid content (Korber et al. 2016; Li et al. 2014; Wang et al.
2018a; Xiang et al. 2023), oleic acid content (Xiang et al. 2023; Zhao et al. 2019), glucosinolate
content (Bhinder et al. 2022; Tan et al. 2021; Tang et al. 2023a; Xiang et al. 2023), fiber content
(Gacek et al. 2021), and seed coat color (Wang et al. 2017a).
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The main objective of this study was to discover QTL for B. napus oil and fatty acid profile traits
by conducting an extensive range of GWAS analyses. This study also aims to highlight the effects
of population design, marker density, and choice of GWAS model by inputting various
combinations of these factors. Broadly, this study aims to demonstrate the benefits and drawbacks
granted to B. napus breeders as a consequence of the various materials and methods selected prior
to conducting GWAS. We hypothesize that several markers will be identified in significant
association with the traits of interest. We also hypothesize that population design, marker density,
and the choice of model will impose significant effects on GWAS’ ability to identify true marker-

trait associations.
33 Materials and Methods
3.3.1 Plant materials and phenotypic data

This study evaluated a total of 454 HEAR genotypes consisting of 31 females (B-lines) and 61
males (R-lines) which were crossed to develop 362 F; hybrid genotypes (H). Hybrids were
developed using the Ogu cytoplasmic male sterility (CMS) system (Ogura 1968) developed by the
Institute for Agricultural Research (INRA) (now National Research Institute for Agriculture, Food
and Environment, INREA). This population was previously analyzed by Sun (2021), from which
these materials and methods are summarized. Parents were evaluated in five site-years across
southern Manitoba, Canada (Supplementary S3.1). Each site-year contained three sub-experiments.
In each sub-experiment one third of the parental genotypes and control genotypes were tested using
a randomized complete block design (RCBD) with three replicates (blocks). Hybrids were
evaluated in 43 site-years across Alberta, Saskatchewan, and Manitoba, Canada (Supplementary
Table S3.2). Of the 362 hybrid genotypes, 279 were replicated five to nine times, 34 were
replicated ten to fifteen times, and 49 were replicated more than 15 times (unequal replications
due to selection in the HEAR breeding program, wherein favourable genotypes were selected for
further field experiments). All site-years were sown using 6 m x 1.6 m plots with six rows at 0.20

m row spacing (except Glenlea 2016, which used 3 m double-nursery rows at 0.40 m row spacing).

Edge® Granular Herbicide (5 %) (Gowman Canada, Winnipeg) was incorporated into the soil at
30.9 kg ha! in the fall before each field experiment. Soil tests were conducted in the fall to

determine appropriate fertilizer application rates to achieve a yield goal of 2.5 t ha™! based on the
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nutrient recommendations from the Canola Council of Canada (2020) (Table 3.1). Fertilizer
applications varied depending upon the year, but averaged 110 kg N, 44 kg P, 13 kg S and 18 kg
K per hectare.

All seeds were treated with HELIX XTra® (Syngenta Canada Inc., Calgary) at 15 mL kg-! seed
before seeding. Insecticides were applied five days after emergence followed by another
application one week later. When temperature at the time of application was below 25 °C, Decis®
(Bayer CropScience, Leverkusen, Germany) was applied at 0.2 L ha™! for control of flea beetles.
When temperature was above 25 °C, Matador® (Syngenta Canada Inc., Calgary) was applied at
0.08 L ha''. Herbicides were applied at the 2-4 leaf stages (BBCH 12-14). A mixture of Poast®
Ultra (BASF, Ludwigshafen, Germany), Muster® (DuPont Canada, Mississauga, ON), and
Lontrel™ 360 (Dow AgroSciences, Indianapolis, IN) were applied during BBCH 12-16 at 0.67 L
ha',4.9 gha'and 0.67 L ha™!, respectively, for grassy weed and broadleaf weed control. Fungicide
PROLINE® (Bayer CropScience, Leverkusen, Germany) was applied during flowering time
(BBCH 61-65) at 0.37 L ha'! for management of sclerotinia stem rot. When necessary, Pounce®
384EC insecticide was applied at 0.18 L ha™! for control of flea beetles prior to swathing.

50



Table 3.1 Canola nutrient requirements of N, P, S, K for a target yield of 2.5 t ha™!. Calculation

based on recommendations from Canola Council of Canada (2020).

Recommended rate forone ~ Recommended rate for target

Soil nutrient kg seed yield yield (kg ha™!)
Nitrogen (N) 0.13t0 0.88 100.80 to 151.20
Phosphate (P) 0.06 to 0.07 63.00 to 75.60
Sulphur (S) 0.02 to 0.04 25.20 to 40.30
Potassium (K) 0.10to 0.11 115.92 to 126.00
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Table 3.2 A summarized biologische bundesanstalt, bundessortenamt, and chemical industry

(BBCH) scale of Brassica napus'.

Stage BBCH code Description
Beginning of stage End of stage
0: Germination 00-09 Dry seed Emergence
Cotyledons completely
1: Leaf development 10-19 > 9 leaves
unfold
2: Formation of side shoots 20-29 No side shoots > 9 side shoots
. . > 9 visibly extended
3: Stem elongation 30-39 No internodes .
internodes
4: Development of
harvestable vegetative plant 40-49 N/A N/A
parts
First petals visible,
Flower buds present,
‘ flower buds still
5: Inflorescence emergence 50-59 yet still enclosed by
closed
leaves
6: Flowering 60-69 First flower open End of flowering
. 10 % of pods reach Nearly all pods
7: Development of fruit 70-79
final size reach final size
Seed green, filling pod  Nearly all pods ripe,
8: Ripening 80-89 '
cavity seeds black and hard
9: Senescence 90-99 Plants dead and dry Harvested product

! Adapted from Lancashire et al. (1991).
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Plots were swathed at growth stage BBCH 87 when the majority of seeds had reached
physiological maturity (30-35 % seed moisture). Plots were harvested by combining at growth
stage BBCH 99 (8-10 % seed moisture). Seeds from each plot were dried and cleaned manually.

Overall oil content (OIL) was measured using a FOSS NIR System (Model 6500, Foss NIR
Systems Inc., Maryland, USA) at the Canadian Grain Commission certified seed quality lab at the
University of Manitoba. Calibration of the NIR instrument was performed based on protocol by
DeClercq et al. (1998) and measurements were performed based on protocol by Elahi et al. (2016).
Fatty acid contents of erucic acid (ERU), linoleic acid (LLE), linolenic acid (LLN), and oleic acid
(OLE) were analyzed using gas chromatography (GC) (Varian, Walnut Creek USA) as documented
by Hougen and Bodo (1973).

Best linear unbiased predictions (BLUPs) were calculated from compiled site-year phenotypic data
of parental and hybrid genotypes using META-R (Alvarado et al. 2020). Phenotypic data across
experiments were analyzed as a Randomized Complete Block Design (RCBD) and environment

(site-year) was input as a random effect. All remaining settings were set to default.
3.3.2 Genotypic data

All genotypes were grown in the University of Manitoba Department of Plant Science greenhouse
facility (day temperature 25 °C; night temperature 22 °C; relative humidity 40-50 %; light cycle
16 h light, 8 h dark). From the first two true leaves on one plant of each genotype, a total of ~0.05
g leaf tissue was sampled and stored at -80 °C. Genomic DNA extraction was performed following
CTAB protocol (Porebski et al. 1997) with modifications that excluded the use of
polyvinylpyrrolidone and 2-mercaptoethanol, and the replacement of octanol with phenol. A
NanoDrop™ 2000 Spectrophotometer (Thermo Scientific, MA, USA) was used to check DNA
sample quality and quantify DNA. Isolated DNA samples were then adjusted to 50 ng/uL for
genotyping. All 454 lines were genotyped at Agriculture and Agri-Food Canada (AAFC)
Saskatoon (Dr. Isobel Parkin’s lab) using the Brassica 60K Illumina Infintum SNP array (Illumina
Inc., CA, USA) (Clarke et al. 2016). Raw intensity data files and a custom cluster file were
obtained from AAFC.

Three SNP marker sets were developed. Herein, all marker sets are denoted MS1 (high-density),
MS2 (intermediate-density), and MS3 (low-density). Genotypic data files were input to
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GenomeStudio (Illumina Inc., CA, USA), from which a full report of all markers and genotypes
was exported and rearranged to hapmap format. TASSEL 5 (Bradbury et al. 2007) converted the
full report from hapmap to PLINK format for import to PLINK v1.90b7 (Purcell et al. 2007). All

markers with call rate < 0.95 were filtered out.

All markers were blasted to the long-read assembly of the Darmor bzh reference genome by
Rousseau-Gueutin et al. (2020). Quality control was performed by filtering the hits with more than
70 percent coverage, 0 gaps, and 1 or less mismatches. The high-density MS1 contains all
coinciding makers that passed both the samples’ call-rate filter and the assembly’s quality control
filter. A total of 22,941 markers coincided to produce MS1, providing high confidence in both true
physical location and sample quality. The intermediate-density MS2 was produced by applying an
additional filter to the markers in MS1: all markers with minor allele frequency (MAF) < 0.05
were removed, producing MS2 with 14,699 markers. The low-density MS3 was produced by
applying the PLINK indep-pairwise filter to MS1 with parameters 50 5 0.2 (in a scanning window
of 50 markers and scanning interval of 5 markers, remove markers with LD above the r? threshold

of 0.2) producing a final marker set containing 1,098 markers.

The genome-wide density of all marker sets was visualized using the SNP Density plot function

in SRplot (Tang et al. 2023b).

The 454 B. napus genotypes were filtered for sample quality. All genotypes whose marker call rate
< 0.8 were removed, leaving 427 genotypes (91 parents, 336 hybrids).

3.3.3 Linkage disequilibrium

Linkage disequilibrium (LD) decay was calculated based on MS2 using the TASSEL linkage
disequilibrium function. The output of the LD function was exported and visualized in R Studio
using the method by Ali (2021), adapted from Remington et al. (2001). The threshold LD decay
distance was indicated as the distance at which the r? value between markers dropped below 0.2.
Threshold LD decay distance was calculated for each individual chromosome, the A subgenome,

the C subgenome, and the whole genome.
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3.3.4 Principal component analysis

Population structure was evaluated using PCA analysis. The LD-filtered MS3 was input to
TASSEL’s PCA analysis with parameters set to default and number of components set to 3, as
suggested by Sun (2021). The eigenvalues array was then exported and visualized in RStudio using

ggplot2 (Wickham 2016).
3.3.5 Genome-wide association study

Marker set files were subset to compare GWAS results based on population. Two populations were
compared: combined (all 427 genotypes) and parents (only 91 parent genotypes). Thus, four

marker set files were used: MS1 x combined, MS1 x parents, MS2 x combined, and MS2 x parents.

Three GWAS models were run through GAPIT V. 3.1 (Wang and Zhang 2020) including CMLM
(Compressing Mixed Linear Model), MLMM (Multi-Locus Mixed Linear Model), and FarmCPU
(Fixed and random model Circulating Probability Unification). Each GAPIT model was run with
total principal components set to 3. Two mixed linear models were run through TASSEL (Bradbury
et al. 2007) including Mixed Linear Model with Kinship (MLM+K) and Mixed Linear Model with
Kinship and Principal Component Analysis (MLM+K+PCA). Kinship analyses were run using
TASSEL defaults, while PCA analyses were run with all parameters set to default and number of
components set to 3. MLM models were run using optimum level compression and P3D variance
component estimation. Finally, GenABEL P+K (Aulchenko et al. 2007) was run through RStudio
V. 3.6.3 (RStudio Team 2020). Code shared in communication with Dr. Chakrabarty (2023) was
adapted to nullify marker data filters and run using 3 principal components. Four of these models
(MLM+K, MLM+K+PCA, CMLM, and GenABEL P+K) are classified as single-locus GWAS
(SL-GWAS) models. The remaining two models (FarmCPU and MLMM) are classified as multi-
locus GWAS (ML-GWAS) models.

Bonferroni thresholds were calculated for both marker sets using the equation shown in [1].
. a
Bonferroni — corrected p = —log ( ;) [1]

where o = p value, in this study, 0.05;

n = total number of markers, in this study, were either 22,941 (MS1) or 14,699 (MS2)
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The Bonferroni threshold significance values (-logio(p)) for MS1 and MS2 were calculated as
5.661642 and 5.468318, respectively.

Overall, 120 unique GWAS analyses were conducted by combining the various factors described
above (Figure 3.1). Results from all GWAS analyses were visualized in RStudio with Q-Q plots
using “CMplot” (Yin et al. 2021). Indicators of systematic bias (from stratified population structure,
model approach, genotyping errors, etc.) are visualized on Q-Q plots by visualizing the extent to
which the observed distribution of p-values follows the expected (null) distribution (Adkins and
Shabalin 2023). Early separation of the observed -logio(p) values above the expected line indicates
that many moderately significant p-values are more significant than expected with the null
hypothesis — that is, many p-values produced by the GWAS analysis are smaller (more significant)

than expected from chance alone (i.e., false positives) (Ehret 2010).

For each trait, significant SNPs that were identified within close proximity (within the
corresponding chromosomal LD decay threshold) by separate GWAS analyses were grouped as
“consensus groups”’, denoting significant markers which are likely associated to the same
candidate gene. Within consensus groups, the marker with the lowest p-value (greatest significance)
was identified as the peak QTL. Peak QTL also include significant SNPs that were not in consensus

with other significant SNPs from separate analyses.
3.3.6 Coinciding QTL and candidate genes in literature

Confidence intervals (ClIs) around each peak QTL were created based on chromosomal LD decay
thresholds. For each peak QTL, the CI was identified as the SNP marker’s position minus/plus the
corresponding chromosome’s LD decay distance. Coinciding QTL were considered as QTL
identified in literature which fall within the CI of peak QTL for the same seed quality trait
identified in this study. Coinciding candidate genes were denoted as oil and fatty acid biosynthesis
candidate genes identified in literature whose significant association regions align with peak QTL

CIs identified in this study.

Most candidate genes identified in literature were published using the AGI (Arabidopsis Genome
Initiative) or Darmor-bzh v5 naming conventions. For consistency, we have referenced those genes
with the Darmor-bzh v5 naming convention. Table S3.10 provides a conversion (based on

Rousseau-Gueutin et al. 2020) to convert gene IDs to the Darmor-bzh v10 naming convention.
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5 Traits X 2 Marker Sets X 2 Populations X GI\SIEO\ZQSS = 12(2‘3\;11;?16
analyses
Erucic MSI: 22,941 SNPs Parents: 91 parent CMLM
Linoleic MS2: 14,699 SNPs genotypes MLMM
Linolenic Combined: All 427 FarmCPU
Oleic genotypes MLM+K
o1l MLM+K+PCA
GenABEL P+K

Figure 3.1 Schematic summary of all GWAS analyses in this study. Abbreviations: MS: Marker
Set; SNP: Single Nucleotide Polymorphism; CMLM: Compressing Mixed Linear Model;
MLMM: Multi-Locus Mixed Linear Model; FarmCPU: Fixed and random model Circulating
Probability Unification; MLM + K: Mixed Linear Model with Kinship; MLM + K + PCA:
Mixed Linear Model with Kinship and Principal Component Analysis.
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34 Results
3.4.1 Phenotypic variation and correlation

According to Shapiro-Wilk tests of normality, raw phenotypic data across site-years exhibited
normal distributions for traits in both the parent and hybrid genotypes. Mean overall oil content
(OIL) across all site-years was 45.0 %, erucic acid (ERU) content mean was 51.1 %, linoleic acid
(LLE) content mean was 10.8 %, linolenic acid (LLN) content mean was 8.4 %. and oleic acid
(OLE) content mean was 14.0 %. Parent genotypes varied in OLE content from 9.7 % to 49.1 %
while hybrids varied from 10.4 % to 46.2 % across all site-years. The range of OIL varied from
32.7 % to 55.0 % in parents and from 37.0 % to 57.0 % in hybrids. A comprehensive summary of

the raw data across all site-years can be found in Table 3.3.

Summarization of site-year data by best linear unbiased predictions (BLUPs) takes into account
site-year effects and unequal replication numbers. A singular BLUP value is provided for the five
traits measured in each genotype (Table S3.3). Across all genotypes, BLUPs for OIL ranged from
36.85 % to 49.02 % with a mean of 45.05 %. Mean ERU content was 51.30 %, ranging in content
from 41.98 % to 58.86 %. Again, a comprehensive summary of BLUPs can be found in Table 3.4.

Herein, all discussion of phenotypic data refer to BLUP values rather than raw site-year data.

The seed quality traits in this study exhibited correlations amongst each other. All individual fatty
acids demonstrated significant correlations with one another, however interestingly, OIL did not
correlate significantly with any particular fatty acid (Figure 3.2). The strongest negative correlation
exhibited was -0.672 between ERU and LLE. Significant negative correlations were detected
between ERU and all three other fatty acids. Similarly, OLE was also negatively correlated with
all three other fatty acid traits. The only positive correlation found was between LLN and LLE at

0.258, exactly opposite to OLE’s correlation to LLE at -0.258.
3.4.2 Marker density

Mean SNP marker density was calculated for each chromosome, the A-subgenome, the C-
subgenome, and the whole genome. By expressing marker density as kb/marker, greater values
indicate greater genomic distances between SNP markers (low coverage), while smaller values
indicate shorter genomic distances between SNP markers (high coverage) (Table 3.5 and Figure

3.3).
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Table 3.3 Summary of raw site-year data from a Brassica napus L. population consisting of 31
B-lines, 60 R-lines, and 336 hybrids derived from parental genotypes. Data collected from 48

site-years across Canadian prairie provinces.

Genotypes  Statistic ERU! LLE*> LLN*® OLE* OIL’
Minimum 14.3 5.42 4.72 9.72 32.7
Maximum 60.6 15.87 11.27  49.18 57
" Mean 51.1 10.8 8.4 14.0 45.0

A

Median 51.5 10.9 8.45 13.6 44.7
genotypes

Standard deviation 33 1.2 0.9 1.9 3.2

Variance 11.2 1.5 0.7 3.7 10.5

Coefficient of variation (%)  6.55 11.12 1022 13.73 7.20

Minimum 14.3 5.4 4.7 9.7 32.7

Maximum 60.6 15.7 11.1 49.2 55.0

Mean 50.4 10.9 8.1 14.7 441
Parent

Median 50.8 11.21 8.14 14.3 443
genotypes

Standard deviation 4.2 1.8 1.0 24 3.3

Variance 18.0 3.2 1.0 5.9 10.9

Coefficient of variation (%) 8.41 16.37 1247 16.49 7.48

Minimum 16.0 7.8 6.4 10.4 37.0

Maximum 59.6 15.9 11.3 46.3 57.0

Mean 51.4 10.8 8.5 13.6 45.5
Hybrid

Median 51.7 10.9 8.6 13.4 44.9
genotypes

Standard deviation 2.7 0.8 0.7 1.5 3.1

Variance 7.5 0.6 0.5 2.1 9.7

Coefficient of variation (%) 5.32 7.12 8.48 10.70 6.84

! Erucic acid content (% of total fatty acid)

? Linoleic acid content (% of total fatty acid)
3 Linolenic acid content (% of total fatty acid)
* Oleic acid content (% of total fatty acid)

3 Overall oil content (% of dry mass)

59



Table 3.4 Summary of best linear unbiased predictions (BLUPs) from a Brassica napus L.

population consisting of 31 B-lines, 60 R-lines, and 336 hybrids derived from parental

genotypes. BLUPs summarize raw site-year data collected from 48 site-years.

Genotypes Statistic ERU! LLE®> LLN®* OLE* OIL>
Minimum 41.98 6.06 5.92 10.34 36.85
Maximum 58.86 13.42 10.19 19.24 49.02
I Mean 51.30 10.72 8.46 13.97 45.05
A
Median 51.47 10.85 8.52 13.86 45.11
genotypes
Standard deviation 2.68 1.05 0.59 1.18 1.26
Variance 7.18 1.11 0.35 1.40 1.60
Coefficient of variation (%) 5.22 9.84 6.98 8.48 2.81
Minimum 41.98 6.06 5.92 10.34 39.81
Maximum 58.86 1342 9.86 19.24 49.02
Mean 51.23 10.78 8.21 14.21 44.77
Parent
Median 51.38 11.30 8.24 14.25 44.42
genotypes
Standard deviation 3.79 1.82 0.84 1.85 2.01
Variance 14.39 3.31 0.71 3.44 4.02
Coefficient of variation (%) 7.40 16.88 10.28 13.05 4.48
Minimum 42.26 8.63 7.08 11.54 36.85
Maximum 57.10 12.40 10.19 17.64 47.99
Mean 51.32 10.71  8.53 13.90 45.13
Hybrid
Median 51.48 10.81 8.54 13.83 45.13
genotypes
Standard deviation 2.29 0.72 048 0.91 0.96
Variance 5.23 0.52 0.23 0.83 0.91
Coefficient of variation (%) 4.46 6.71 5.61 6.56 2.12

! Erucic acid content (% of total fatty acid)
? Linoleic acid content (% of total fatty acid)

3 Linolenic acid content (% of total fatty acid)

* Oleic acid content (% of total fatty acid)
3 Overall oil content (% of dry mass)
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Figure 3.2 Correlation matrix of seed quality traits based on best linear unbiased predictions
(BLUPs) for a Brassica napus L. population consisting of 31 B-lines, 60 R-lines, and 336 hybrids
(H). Level of significance is noted by asterisks. The diagonal graphs the distribution of BLUPs for
all traits. Abbreviations: OIL: overall oil content; ERU: erucic acid content; LLE: linoleic acid

content; LLN: linolenic acid content; OLE: oleic acid content
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Table 3.5 Marker density of three SNP marker sets (MS) on each Brassica napus L.

chromosome, subgenome, and whole genome in a population consisting of 31 B-lines, 60 R-

lines, and 336 hybrids developed from parental genotypes. Chromosome lengths based on the

Darmor-bzh assembly by Rousseau-Gueutin et al. (2020).

MSI

MS2

MS3

MSI

MS2

MS3

Mean marker density

Chromosome Length (kb) Total # markers (kb/marker)
Whole genome 866,916 22,941 14,699 1,098 | 37.8 59.0 789.5
A-subgenome 346,466 10,113 6,157 570 |343 563 6078
C-subgenome 520,450 12,828 8,542 528 |40.6 609 9857
A01 32,959 946 579 56 348 569  588.6
A02 33,433 782 355 41 428 942 8154
A03 39,686 1,350 990 86 29.4  40.1 461.5
A04 23,102 940 659 54 246 351 427.8
A05 42,112 1,044 586 68 403 719 6193
A06 45,146 912 604 56 49.5 747  806.2
A07 29,391 1,101 710 70 267 414 4199
A08 26,309 914 373 34 288 705  773.8
A09 53,550 1,099 452 54 48.7 118.5 991.7
Al0 20,778 1,025 849 51 203 245 4074
Co1 48,239 1,274 982 51 379 49.1 945.9
C02 62,297 1,629 1,343 55 382 464 1,132.7
Co03 73,670 1,848 1,466 83 39.9 503 887.6
Co4 65,838 2,846 2,134 80 23.1 309  823.0
Co5 56,383 815 313 43 69.2 180.1 1,311.2
C06 50,219 1,050 437 47 47.8 1149 1,068.5
Co7 55,657 1,604 1,082 70 347 514  795.1
Co8 41,682 985 374 49 423 1114 850.7
C09 66,465 777 411 50 85.5 161.7 1,329.3
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Figure 3.3 Marker density distribution in a Brassica napus L. population consisting of 31 B-lines,

60 R-lines, and 336 hybrids developed from parental genotypes. (A) Marker density based on MS1
(22,941 SNP markers); (B) marker density based on MS2 (14,699 SNP markers); (C) marker

density based on MS3 (1,098 SNP markers).
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Across the whole 866,916 kb genome, the high-density MS1 contains 37.8 kb/marker, whereas
MS?2 contains 59.0 kb/marker, and the low-density MS3 contains a significantly less dense 789.5
kb/marker. The shorter A-subgenome contained more dense SNP markers than the longer C-
subgenome across all three marker sets. Regarding specific chromosomes, the A10 chromosome
contained the most dense SNP markers across all marker sets, while the C09 chromosome

contained the least dense SNP markers for MS1 and MS3.

The MAF filter which produced MS2 from MS1 reduced the number of SNP markers from 22,941
to 14,699 — a 35.9 % reduction. Chromosome CO8 exhibited a reduction from 985 to 374 SNP
markers, indicating that over 62 % of markers on that chromosome exhibited MAF < 0.05.

Chromosome A10 exhibited only a 17.2 % reduction in markers.

The LD filter which produced MS3 from MS1 reduced the number of SNP markers from 22,941
to 1,098 —a 95.2 % reduction. All chromosomes exhibited SNP marker number decreases between
93.5 % to 97.2 %, indicating that most markers in the high-density marker set were in linkage

disequilibrium with each other.
3.4.3 Linkage disequilibrium

A threshold for linkage disequilibrium (LD) decay was calculated for each chromosome, the A-
subgenome, the C-subgenome, and the whole genome (Table 3.6). The A-subgenome LD decay
threshold was calculated as 1,827 kb, and its constituent chromosomes ranged from 716 kb (A07)
to 8,175 kb (A09). The C-subgenome LD decay threshold was calculated as 9,648 kb, much longer
than the A-subgenome. The C-subgenome’s constituent chromosomes ranged in LD decay

threshold from 1,138 kb (C08) to 11,618 kb (C04).
3.4.4 Population structure

A PCA analysis revealed that PC1, PC2 and PC3 explained 7.08 %, 5.29 %, and 4.72 % of total
genotypic variance, respectively. Together, the first three principal components explain 17.08 %
of the total genotypic variance, while the first fifteen principal components explained 38.07 %.
Figure 3.4 demonstrates that no clear clusters were formed based on the type of individuals (i.e.
B-lines, R-lines or hybrids), therefore, no clear stratification was present in the population. Figure
3.4 also demonstrates that the hybrid genotypes were evenly distributed among the parental

genotypes.
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Table 3.6 Linkage disequilibrium (LD) decay threshold of all chromosomes, both
subgenomes, and whole genome for a Brassica napus L. population consisting of 31 B-
lines, 60 R-lines, and 336 hybrids. LD decay threshold calculated based on MS2 (14,699
SNP markers). LD decay threshold identified as the point where LD 12 = 0.2

Chromosome LD decay threshold (kb)
A-subgenome 1,827
C-subgenome 9,648
Whole genome 5,235
A01 2,247
A02 1,819
A03 1,686
A04 1,434
A05 1,224
A06 798
A07 716
A08 7,578
A09 8,175
Al10 2,258
Co1 6,375
Co02 6,514
Co3 5,247
Co4 11,618
Co05 4,819
C06 1,696
Co7 11,387
Co8 1,138

C09 3,004
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Figure 3.4 Principal component analysis (PCA) on a Brassica napus L. population consisting of

31 B-lines, 60 R-lines and 336 hybrids based on the LD-filtered marker set MS3 (1,098 SNP
markers). (A) PC1 vs. PC2; (B) PC1 vs. PC3; (C) PC2 vs. PC3

67



3.4.5 Identification of QTL

Across all 120 GWAS analyses, a total of 1,400 significant SNPs were identified (using
corresponding Bonferroni thresholds). FarmCPU analyses identified 89 peak QTL for all traits,
producing Q-Q plots that exhibit the most consistent control of false negatives and false positives
among all models. Consensus groups (groups of multiple significant SNPs identified within close
physical distance by separate GWAS analyses, denoting significant markers which are likely
associated to the same candidate gene) contained 34 of 89 peak QTL, while the remaining 55 peak
QTL were not identified in consensus groups (Table 3.8 and Tables S3.4 — S3.6) (Bento 2024a).
The method of separating significant markers by LD decay and identifying peak QTL from
consensus groups promotes the representation of only distinct QTL corresponding to one
significant genomic region. The identical method of identifying consensus groups and peak QTL
was performed for significant SNPs identified by all 120 GWAS analyses, demonstrating
additional consensus with those QTL identified by FarmCPU (Tables S3.7 — S3.9) (Bento 2024b).

Consensus among separate FarmCPU GWAS analyses provides added assurance to the true
significance of a genomic region for a trait of interest (Table 3.8). Among the five seed quality
traits, peak QTL for OIL occurred within the greatest number of consensus groups, identified
across chromosomes AO1, A02, A04, A07, A09, CO1, CO5, C06, and C09. Peak QTL for ERU
occurred within five consensus groups identified on chromosomes A01, A02, A09, A10, and CO06.
Across all FarmCPU analyses, LLN and OLE exhibited the greatest number of total significant
SNPs and peak QTL. Peak QTL for LLN and OLE occurred in 9 and 7 consensus groups,
respectively, whereas LLE exhibited peak QTL in only 3 consensus groups. Large proportions of
phenotypic variance in oil and fatty acid traits could be explained by peak QTL effects. Peak QTL
identified by FarmCPU explained as much as 33.48 % of variance for OIL, 8.08 % for ERU, 40.10 %
for OLE, 68.86 % for LLE, and 27.17 % for LLN.

Furthermore, peak QTL were detected within the same genetic region for multiple seed quality
traits. For example, on chromosome A07, three peak QTL for OLE, LLN, and OIL occur less than
0.5 Mb apart, while on chromosome C04, three peak QTL for OLE, LLE, and ERU occur less than
0.4 Mb apart. There are twenty of these regions where peak QTL for two or more traits are
identified. These suggest fatty acid biosynthesis genes that contribute to the phenotypic expression
of multiple seed quality traits.
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Table 3.7 Summary of quantitative trait loci (QTL) for five seed quality traits in Brassica napus

L. identified by FarmCPU GWAS analyses. Two populations were input to FarmCPU: parents

(31 B-lines, 60 R-lines) and combined (parents, 336 hybrids). Two SNP marker sets were input

to FarmCPU: MS1 (22,941 markers) and MS2 (14,699 markers).

‘ o # peak QTL in
Trait Total significant SNPs # peak QTL
consensus groups

ERU' 23 16 5

LLE? 23 15 3

LLN? 31 22 9

OLE* 31 22 7

OIL? 25 14 10

Total 133 89 34

! Erucic acid content (% of total fatty acid)

2 Linoleic acid content (% of total fatty acid)
3 Linolenic acid content (% of total fatty acid)
4 Oleic acid content (% of total fatty acid)

3 Qverall oil content (% of dry mass)
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Table 3.8 Peak quantitative trait loci (QTL) for five seed quality traits in Brassica napus L.

identified by FarmCPU GWAS analyses. Two populations were input to FarmCPU: parents (31

B-lines, 60 R-lines) and combined (parents, 336 hybrids). Two marker sets were input to

FarmCPU: MS1 (22,941 SNP markers) and MS2 (14,699 SNP markers). Peak QTL denote the

most significant markers identified within genomic regions across all FarmCPU analyses.

QTL name Trait Chr**  Position (bp) Effect PVE %***  p-value

ERU.A02.1 Erucic A02 10,511,413* 1.14 1.07 1.06E-08
ERU.A03.1 Erucic A03 11,577,136* 0.69 2.60 3.48E-10
ERU.A03.2  Erucic A03 24,409,405 0.54 2.68 2.17E-08
ERU.A04.1 Erucic A04 8,514,267 0.75 5.26 4.47E-07
ERU.A07.1 Erucic A07 19,335,355 -0.78 0.23 1.41E-07
ERU.A10.1 Erucic A10 6,924,242 -0.62 1.07 6.21E-07
ERU.A10.2  Erucic A10 16,385,236 -0.57 1.14 5.87E-08
ERU.C02.1 Erucic C02 51,623,095 -0.78 3.95 1.09E-09
ERU.C04.1 Erucic Co04 7,564,979* -2.23 8.08 9.56E-23
ERU.CO05.1 Erucic Co05 4,643,372* 0.69 0.61 3.52E-11
ERU.CO06.1 Erucic Co6 20,477,079 -0.70 1.88 1.92E-07
ERU.C07.1 Erucic Cco7 55,261,373 -0.68 241 1.28E-09
ERU.CO08.1 Erucic Co8 15,214,319 -1.27 3.44 5.09E-11
ERU.C08.2 Erucic Co8 19,681,528 0.74 2.54 5.98E-11
ERU.C08.3 Erucic Co8 33,060,340 0.55 4.41 1.15E-06
ERU.C09.1 Erucic C09 53,083,082* -0.68 3.58 2.47E-07
LLE.A03.1 Linoleic A03 6,895,572 -0.43 0.90 1.91E-10
LLE.A05.1 Linoleic A0S 8,046,563 -0.48 6.24 2.10E-06
LLE.A05.2 Linoleic A0S 31,982,138* -0.29 1.63 2.74E-18
LLE.A06.1 Linoleic A06 10,130,705 -0.20 1.63 7.19E-07
LLE.A06.2 Linoleic A06 34,244,475 0.19 2.10 2.31E-07
LLE.A06.3 Linoleic A06 43,390,042* -0.33 2.46 3.41E-16
LLE.A07.1 Linoleic A07 14,181,792 0.18 0.78 6.46E-08
LLE.A07.2 Linoleic A07 15,321,915 0.21 1.88 1.19E-07
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LLE.COI.1
LLE.C03.1
LLE.C03.2
LLE.C03.3
LLE.C04.1
LLE.CO06.1
LLE.C08.1
LLN.A01.1
LLN.A02.1
LLN.A02.2
LLN.A03.1
LLN.A03.2
LLN.A04.1
LLN.A05.1
LLN.A05.2
LLN.A05.3
LLN.A06.1
LLN.A07.1
LLN.A07.2
LLN.A10.1
LLN.COI.1
LLN.CO01.2
LLN.C02.1
LLN.C02.2
LLN.C03.1
LLN.C03.2
LLN.C04.1
LLN.C07.1
LLN.C09.1
OLE.A01.1
OLE.A01.2

Linoleic
Linoleic
Linoleic
Linoleic
Linoleic
Linoleic
Linoleic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Linolenic
Oleic
Oleic

Co1
C03
C03
Co03
Co4
C06
Co08
A0l
A02
A02
A03
A03
A04
A05
A05
A05
A06
A07
A07
A10
Co1
Co1
C02
C02
Co03
Co03
Co4
Co7
C09
A01
A01

36,436,106
5,356,113
13,966,612
35,367,718
7,564,979*
36,690,496
30,359,844
9,484,245
2,756,523
28,656,592*
6,518,274
16,008,448
19,850,117
2,848,661*
7,273,735
34,635,187*
1,225,742*
854,890
12,247,869
15,889,091
10,249,055*
24,509,631*
21,767,429*
47,180,884*
9,530,072
38,347,210
55,668,135
53,007,499%*
59,191,666
1,004,440
10,018,954*

-0.59
-0.21
0.12
-0.34
1.94
0.28
-0.16
0.36
-0.17
0.31
0.37
-0.42
0.18
0.14
-0.25
-0.38
0.47
-0.12
0.20
0.18
0.14
0.31
-0.22
0.20
-0.24
0.15
0.35
0.17
-0.42
-0.30
0.37

4.97
0.36
0.93
14.63
68.86
0.66
0.90
22.09
9.45
7.53
27.17
8.22
3.93
0.89
2.56
8.67
0.00
7.19
3.23
3.34
3.78
12.63
13.69
9.78
9.47
8.14
21.34
1.73
6.68
1.27
1.63

6.00E-08
3.09E-08
1.56E-06
2.14E-08
1.22E-88
2.75E-07
7.89E-08
4.24E-07
2.08E-06
4.16E-09
9.87E-14
5.53E-08
4.34E-09
3.52E-07
1.92E-06
4.40E-13
8.46E-12
9.93E-08
5.02E-08
2.02E-13
4.34E-08
4.22E-24
1.20E-11
1.15E-12
4.44E-11
1.09E-09
7.80E-08
1.80E-08
1.25E-07
5.50E-10
6.67E-11
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OLE.A02.1
OLE.A04.1
OLE.A05.1
OLE.A06.1
OLE.A06.2
OLE.A06.3
OLE.A07.1
OLE.A07.2
OLE.A07.3
OLE.A09.1
OLE.C02.1
OLE.C03.1
OLE.C04.1
OLE.C04.2
OLE.CO05.1
OLE.CO06.1
OLE.C07.1
OLE.C08.1
OLE.C08.2
OLE.C09.1
OIL.A01.1
OIL.A01.2
OIL.A02.1
OIL.A04.1
OIL.A06.1
OIL.A07.1
OIL.A07.2
OIL.A09.1
OIL.CO1.1
OIL.C04.1
OIL.C05.1

Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oleic
Oil
Oil
Oil
Oil
Oil
Oil
Oil
Oil
Oil
Oil
Oil

A02
A04
A05
A06
A06
A06
A07
AQ07
AQ07
A09
C02
Co03
Co04
Co04
C05
C06
Co7
C08
Co08
C09
A0l
A0l
A02
A04
A06
A07
A07
A09
Co01
C04
C05

29,476,802
3,839,457
35,012,221
32,128,133
36,035,495*
40,428,199
854,890*
3,499,153
9,825,427
48,422,971
24,890,286*
3,503,806*
7,925,988
55,668,135
47,351
20,278,233
54,467,793
15,214,319*
19,698,597*
52,715,903
6,284,652*
13,219,631*
7,685,955*
7,761,689*
3,278,513
1,274,336*
8,815,064
1,353,329*
44,790,053*
48,978,218
54,732,137*

-0.24
0.42
-0.26
-0.32
1.77
-0.62
0.51
-0.43
-0.65
-0.25
0.52
0.55
0.32
-0.64
0.58
0.30
-0.42
0.64
0.35
0.56
-0.41
0.71
-0.65
-0.88
-0.43
0.41
0.31
-2.21
-0.55
-0.75
0.73

0.16
2.09
0.37
0.72
40.10
7.44
4.65
1.01
6.73
0.09
3.21
2.81
0.47
4.04
2.20
1.97
1.38
10.68
1.03
4.52
243
17.41
0.56
2.10
1.13
0.82
0.87
33.48
2.29
1.72
3.70

2.13E-06
2.16E-08
2.75E-06
2.94E-10
1.76E-15
6.55E-07
5.74E-13
8.14E-09
3.16E-06
9.41E-08
1.86E-14
7.25E-13
1.75E-09
3.91E-07
5.55E-07
2.13E-06
5.35E-12
1.38E-08
3.59E-08
1.79E-09
1.76E-09
8.41E-07
5.64E-08
3.13E-13
2.65E-06
2.30E-07
7.79E-07
6.89E-13
4.94E-08
1.11E-07
4.68E-09
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OIL.C06.1 Oil C06 6,241,025%* 0.67
OIL.C08.1 0Oil C08 7,028,186 -0.58
OIL.C09.1 0Oil C09 54,428,974* 0.56

4.82
6.12
7.61

1.92E-07
2.66E-06
6.95E-11

* Peak QTL found within consensus group
** Chromosome

*#%* 0% Phenotypic variance explained
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Figure 3.5 Manhattan plots produced by FarmCPU GWAS analyses for erucic acid content in
Brassica napus L. Two populations were input to GWAS: parents (31 B-lines, 60 R-lines) and
combined (parents, 336 hybrids). Two SNP marker sets were input to GWAS: (A) MS1 (22,941
markers); (B) MS2 (14,699 markers). Each “x” above the dotted line denotes a significant SNP.
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Figure 3.6 Manhattan plots produced by FarmCPU GWAS analyses for oil content in Brassica
napus L. Two populations were input to GWAS: parents (31 B-lines, 60 R-lines) and combined
(parents, 336 hybrids). Two SNP marker sets were input to GWAS: (A) MS1 (22,941 markers); (B)
MS2 (14,699 markers). Each “Xx” above the dotted line denotes a significant SNP.
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An obvious disparity can be observed when comparing GWAS results from the two populations.
Of 133 total significant SNPs identified by FarmCPU, 28 and 105 of them were identified in the
parent and combined populations, respectively. This disparity contributed to only 5 of 34

consensus groups containing peak QTL identified in both parent and combined populations.

Ofthose 133 significant SNPs, 62 and 71 of them were identified using MS1 and MS2, respectively.
Consensus between the two marker sets was prevalent: 33 of 34 consensus groups contained QTL
identified by both MS1 and MS2. Of the 36 peak QTL identified using MS1, 30 of them were SNP
markers whose MAF > 0.05 (that is, these 30 markers passed the MAF filter and were also present
in MS2). Two of the peak QTL whose MAF < 0.05 were still in consensus with a peak QTL
identified using MS2. The remaining four peak QTL identified by MS1 (ERU.A10.2, LLN.A03.1,
LLE.A03.1, and LLE.C03.3) exhibit MAF < 0.05 and do not signal a region in consensus with
another FarmCPU GWAS analysis.

3.4.6 Model comparison

By inputting two marker sets (MS1, MS2), two population designs (parents, combined), and six
GWAS models, 24 unique analyses were conducted to identify associations between SNP markers

and five seed quality traits. Different GWAS analyses were compared through Q-Q plots.

The Q-Q plots from all FarmCPU GWAS analyses of ERU and OIL are available in Figures 3.7
and 3.8, respectively (see Figures S3.6 — S3.10 for all Q-Q plots). These plots depict varying
control of false positives and false negatives. The most notable trend is that, in nearly all analyses
upon the combined population, the CMLM, MLM+K, and MLM+K+PCA models consistently
deviate early from the expected. The FarmCPU, MLMM, and GenABEL P+K models exhibited
consistent control of false positives across analyses of the combined population. Regarding GWAS
analyses upon the parent population, most models exhibited no noticeable early deviations above
the expected, however, some models (especially MLM+K and MLM+K+PCA) instead depicted

trends below the expected, indicating false negatives.

Comparing Q-Q plots between marker sets, the pattern of early deviation of observed from
expected is not affected by the use of MS1 as opposed to MS2. That is, analyses which tended to
exhibit early deviations (e.g. CMLM x combined population) and analyses which did not (e.g.

FarmCPU x combined population) exhibit those patterns regardless of marker set. The most
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notable difference between marker sets is that far more significant SNPs were identified in MS1
than MS2. This can most likely be attributed to the high density of MS1, i.e. a causal locus is likely
to have more markers in linkage than a lower-density marker set, resulting in more significant

markers per causal locus.
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Figure 3.7 Q-Q plots of GWAS results for erucic acid. Red “x” denotes significant SNP based on Bonferroni correction. Two SNP
marker sets were input to GWAS: MS1 (22,941 markers) and MS2 (14,699 markers). Two populations were input to GWAS: parents
(31 B-lines, 60 R-lines) and combined (parents, 336 hybrids). (A) MS1+combined; (B) MS2+combined; (C) MSl1+parents; (D)
MS2+parents. 73
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Figure 3.8 Q-Q plots of GWAS results for oil content. Red “x” denotes significant SNP based on Bonferroni correction. Two SNP
marker sets were input to GWAS: MS1 (22,941 markers) and MS2 (14,699 markers). Two populations were input to GWAS: parents
(31 B-lines, 60 R-lines) and combined (parents, 336 hybrids). (A) MS1+combined; (B) MS2+combined; (C) MSI-+parents; (D)

MS2-+parents.

Expected ~10gyo(p)

Expected ~logyo(p)

Expected -logs(p)

Expected ~l0gso(p)

Expected -logy(p)

79



3.5 Discussion

As the most widely grown crop species in Canada and the second-largest oilseed commodity in
the world, the improvement of B. napus oil quality remains a crucial objective for plant breeders
(Statistics Canada 2024; USDA 2023). The improvement of B. napus has continuously adapted to
rising populations and diversity of consumer demand, marked by the introduction of specialty
cultivars for improved shelf life, heat stability, and functional foods (high LLE:LLN ratio), for
higher-value meal in food and feed (increased protein storage), and for biofuels or other industrial
uses (high erucic acid) (Abbadi and Leckband 2011; Fitzpatrick and Scarth 1998; Nesi et al. 2008;
Wittkop et al. 2009). The Brassica 60K Illumina Infinium™ SNP array used in this study is an
example of advancements in biotechnology which facilitate plant breeders’ response to shifting
demands (Khan et al. 2021; Thomson 2014). The Brassica 60K has served as an extremely
effective, high-throughput, and low-cost genotyping method assisting in the discovery of markers
and candidate genes for important traits throughout an extensive catalogue of studies (Clarke et al.
2016; Kumar et al. 2017; Liu et al. 2022). In this study, all combinations of marker set, population
design, and GWAS model produced 24 unique analyses for each of the five seed quality traits.

Within this B. napus breeding population, seed quality traits exhibited strong relationships among
themselves (Figure 3.2). We detected significant negative correlations between OLE, ERU, and
LLE, demonstrating their direct association in fatty acid biosynthesis which has been observed in
other B. napus studies (Katavic et al. 2001; Sasongko et al. 2005; Tang et al. 2019). Strong negative
correlations between OLE and ERU indicate that genes which contribute to high ERU function at
the expense of desaturation to LLE and LLN (Sharafi et al. 2015). Interestingly, OIL was not
significantly correlated to proportions of any particular fatty acid in this study. That is, although
these four fatty acids constitute most of the fatty acid profile, overall OIL accumulation appears
more complex than the biosynthetic pathways which control the proportions of its main fatty acids
—most likely attributed to other minor-effect genes and genotype x environment interactions, while
other studies note significant correlations between OIL and particular fatty acids (Delourme et al.
2006; Jiang et al. 2014; Sharafi et al. 2015; Tang et al. 2019; Zhao et al. 2007). Later in this
discussion, we also identify a candidate gene known to alter the fatty acid profile as part of its

response to salt stress. Such relationships among traits identified in this study represent important
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considerations for B. napus breeders aiming to minimize linkage drag and introgression of

unwanted traits (e.g. abiotic stress intolerance) from distant accessions.

Our genotypic data quality control produced a total of 22,941 SNP markers with more than 70 %
coverage, 0 gaps, and 1 or less mismatches. These 22,941 SNPs, which constitute MS1, provide
an overall mean of 37.8 kb between each marker (Table 3.6). Many GWAS studies filter markers
whose minor allele frequency (MAF) is below 5% due to the supposedly low statistical power of
such variants (Cortes et al. 2021; Turner et al. 2011b; Uffelmann et al. 2021). Filtering MS1 on the
basis of MAF produced MS2, providing an overall mean of 59.0 kb between each marker. Required
marker densities for GWAS are often determined by LD decay: the distance at which LD between
loci declines below a certain threshold (typically when r? <0.2) (Alqudah et al. 2020). The
Brassica 60K array generates marker coverage above the required density indicated by B. napus’
overall LD decay rate, however LD decay has been shown to vary dramatically across the genome
(Liu et al. 2016a; Qian et al. 2014; Wang et al. 2014). In this study, LD decay was significantly
lower in the A-subgenome than the C-subgenome (1,827 kb and 9,648 kb, respectively), consistent
with observations of LD decay in other B. napus studies (Liu et al. 2016a; Qian et al. 2014; Wang
et al. 2014). Contrasting LD decays between A- and C-subgenomes in this population reflect some
of the main hypotheses driving these LD patterns such as the large selective bottlenecks during
early adaptation of canola-quality B. napus that produced extensive conserved haplotype blocks,
interspecific hybridizations between B. rapa and B. napus giving rise to genotypes exhibiting elite
agronomic and quality traits with greater recombination and shorter haplotype blocks in the A-
subgenome, and the C-subgenome’s high content of transposable elements which are known to
exhibit lower recombination rates (Chalhoub et al. 2014; Liu et al. 2016a; Qian et al. 2014; Wang
et al. 2014). The lowest density marker set developed in this study, MS3, contains only 1,098
markers, however was filtered to minimal marker density within scanning windows while
maintaining LD above the r> = 0.2 threshold. Therefore, each of the increasingly dense marker sets

(MS2 and MS1) provide sufficient marker coverage for GWAS.

The ability of GWAS to detect significant associations between traits and genotypes relies largely
on the allelic variation within the population of interest. Allelic variation is incorporated as
population size grows, with the required power of a GWAS experiment determining the population

size threshold above which true significant associations are likely to be detected (Purcell et al.
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2003; Uffelmann et al. 2021; Visscher et al. 2012). In addition to size, GWAS populations are
designed to incorporate diversity to avoid false positive or negative signals attributed to population
structure (Uffelmann et al. 2021). In the present study, no distinct clusters were formed based on
the type of individuals (i.e. B-lines, R-lines or hybrids), indicating no clear population stratification
while hybrid genotypes were evenly distributed among parental genotypes (Figure 3.4). The effects
of population design on QTL discovery are exemplified in this study by comparing a small “parent”
population (91 inbred parent genotypes) to the large and diverse “combined” population (427
genotypes, combining the parents and their 336 hybrid progeny). By including hybrid genotypes,
the larger and more diverse population offers greater power to detect significant associations, as
reflected in the results: of 133 total significant SNPs detected across FarmCPU GWAS analyses,
105 (79 %) were identified when inputting the combined population.

Peak QTL which directly coincide (occur within confidence intervals based on chromosome-
specific LD decay distance) with other previously identified QTL for the same traits were
identified across seven chromosomes in the A-subgenome and three chromosomes in the C-
subgenome (Table 3.9). Furthermore, 30 previously identified candidate genes involved in oil and
fatty acid biosynthesis coincide closely with significant loci detected by FarmCPU in this study
(Table 3.10). On chromosome C08, one marker (Bn-scaff 19242 1-p390109) induced the second-
greatest effect on ERU and a significant effect on OLE, simultaneously. In this same region of
chromosome CO08, two independent studies identified QTL which were simultaneously associated
to both ERU and OLE (Qu et al. 2017; Zhu et al. 2019). Zhu et al. (2019) indicated enoyl-CoA
hydratase domain-containing protein 3, mitochondrial-like (BnaC08g09570D) (controlling CoA
isomerase involved in unsaturated fatty acid degradation) as a candidate gene in this region (TAIR
2013). On chromosome A07, we identified a QTL for LLN which closely coincides with a QTL
identified by Korber et al. (2019) for the same trait. Korber et al. (2019) predicted phospholipase
A2-delta (BnaA07g01090D) as the candidate gene for this region. Around the 3 Mb region of
chromosome A09, in close proximity to our largest-effect QTL for OIL, two studies also identified
QTL (Qu et al. 2017; Wang et al. 2018a). These two studies subsequently both identified acyl-
CoA oxidase 2 (BnaA09g07080D) as a candidate gene (Qu et al. 2017; Wang et al. 2018a). ACP5
(acyl carrier protein 5) also lies in close proximity to OIL.A09.1 — the ACP gene family is
important to fatty acid chain elongation, but the overexpression of ACP5 in particular has been

shown to improve salt stress tolerance at the expense of altered fatty acid profile (Huang et al.
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2017). One of the most significant associations in this study, LLN.CO01.2, is present near WSD1
(O-acyltransferase family protein), encoding a bifunctional enzyme that catalyzes the synthesis of
both wax esters and triacylglycerols (TAGs). WSD1 was identified as a candidate gene in B. napus
fatty acid biosynthesis by Qu et al. (2017) and exhibits orthologous forms in Arabidopsis thaliana,
peanuts (4Arachis hypogaea), and oleaginous yeast (Li et al. 2008; Rani et al. 2013; Saha et al.
2006; Turchetto-Zolet et al. 2016). Finally, the most significant QTL detected in this study,
LLE.C04.1, was located on chromosome C04 in close proximity to highly significant QTL for two
other traits: OLE and ERU (ERU.C04.1 was also the third-most significant QTL detected in this
study). This region likely represents a single candidate gene which is very important in the
biosynthesis of all three fatty acids listed. To our knowledge, a candidate gene for fatty acid
biosynthesis has not yet been identified in this region of the B. napus C04 chromosome. This
region and many others described above represent significant contributors to seed quality traits.
These loci warrant further investigation towards potential applications in B. napus improvement.
By coinciding significant regions with literature, the QTL described in Tables 3.9 and 3.10 provide

assurance in the method’s ability to identify loci which are associated to seed quality phenotypes.

As a note, considering this study analyzed a HEAR breeding population, the major genes
controlling erucic acid production (two FAE1 copies located on A08 and C03) were fixed. The
absence of variation within these loci resulted in the absence of significant associations for ERU

on chromosomes A08 and C03.

The models used in this experiment can be distinguished by either single-locus GWAS (SL-GWAS)
(CMLM, MLM+K, MLM+K+PCA, and GenABEL P+K) or multi-locus GWAS (ML-GWAS)
(MLMM and FarmCPU). Comparing Q-Q plots amongst GWAS models, we observed patterns of
early deviations above the expected (often attributed to false positives from systematic biases
present within GWAS analyses) and below the expected (attributed to false negatives from models’
over-correction for multiple testing) (Ehret 2010; Kaler et al. 2020). It was the population design
which most clearly distinguished model performance (not marker set) since models that tended to
exhibit early deviations (e.g. CMLM x combined population) and analyses which did not (e.g.
FarmCPU x combined population) exhibited those patterns regardless of marker set. In both MS1
and MS2, the Q-Q plots for CMLM, MLM+K, and MLM+K+PCA demonstrate patterns of early
deviations from the expected (the fourth SL-GWAS model, GenABEL P+K, did not display such
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Table 3.9 Peak quantitative trait loci (QTL) identified in this study that coincide with

previously identified QTL for the same traits in Brassica napus L.

) o Reference

Trait Chr* QTL name QTL position Reference
QTL position

ERU! Al0 ERU.A10.2 16,385,236 15,381,881 Qu et al. (2017)
ERU Co8 ERU.C08.1 15,214,319 14,268,490 Quetal. (2017)
ERU Co8 ERU.C08.1 15,214,319 14,472,595 Zhu et al. (2019)
LLE? A06 LLE.A06.1 10,130,705 11,711,750 Zhu et al. (2019)
LLN? A02 LLN.A02.1 2,756,523 3,541,030 Qu et al. (2017)
LLN A05 LLN.A05.2 7,273,735 7,115,874 Quet al. (2017)
LLN A07 LLN.A07.1 854,890 278,027 Korber et al. (2016)
LLN Al0 LLN.A10.1 15,889,091 14,591,650 Zhu et al. (2019)
LLN C02 LLN.C02.2 47,180,884 44,856,112 Korber et al. (2016)
OLE* A01 OLE.AO0I.1 1,004,440 2,717,777 Korber et al. (2016)
OLE C02 OLE.C02.1 24,890,286 27,031,784 Quet al. (2017)
OLE Co8 OLE.C08.1 15,214,319 14,268,490 Qu et al. (2017)
OLE Co8 OLE.C08.1 15,214,319 14,472,595 Zhu et al. (2019)
OIL’ A01 OIL.AO01.1 6,284,652 6,244,998 Xiao et al. (2019)
OIL A02 OIL.A02.1 7,685,955 9,446,115 Sun et al. (2016)
OIL A09 OIL.A09.1 1,353,329 2,850,145 Wang et al. (2018a)
OIL C06 OIL.C06.1 6,241,025 7,620,296 Tang et al. (2021)
OIL Co08 OIL.C08.1 7,028,186 7,894,416 Zhao et al. (2022)

! Erucic acid content (% of total fatty acid)
? Linoleic acid content (% of total fatty acid)

3 Linolenic acid content (% of total fatty acid)

* Oleic acid content (% of total fatty acid)
> Overall oil content (% of dry mass)

* Chromosome
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Table 3.10 Candidate genes for fatty acid biosynthesis identified in previous Brassica napus L.

literature which coincide with peak quantitative trait loci (QTL) regions identified in this study.

Reference's associated

Chr Gene ID Description Reference
QTL position
Bifunctional inhibitor/lipid-
Xiao et al.
A01 6,244,998 BnaA01g12350D transfer protein/seed storage 2S (2019)
albumin superfamily protein
Wang et al.
A02 524,995 BnaA02g00830D SHN Transcription Factors
(2018a)
Uric acid degradation Tang et al.
A02 3,668,843 BnaA02g07780D _ .
bifunctional protein TTL (2021)
Yao et al.
A02 6,411,341 BnaA02g12050D Acyl carrier protein
(2020)
Beta-ketoacyl reductase 1 Qu et al.
A02 7,310,000 BnaA02g13310D
(KCR1) (2017)
Wang et al.
A03 15,727,479 BnaA03g32450D Dienoyl-CoA Reductase
(2018a)
Inositolphosphorylceramide Wang et al.
A04 3,064,696 BnaA04g04400D
synthase (2018a)
Immunophilin-like FK506 Wang et al.
A04 3,064,696 BnaA04g04410D
binding protein (2018a)
o ' Wang et al.
A04 3,064,696 BnaA04g04450D Lipid transfer protein
(2018a)
Korber et al.
A07 278,027 BnaA(07g01090D Phospholipase A2-delta
(2016)
' Tang et al.
A07 23,923,367 BnaA07g35680D Cyclin-A2-4
(2021)
Acyl carrier protein 5, Zhu et al.
A09 1,752,479 BnaA09g03610D
chloroplastic (2019)
Zhu et al.
A09 2,539,185 BnaA(09g04980D Probable carboxylesterase 18 2019)
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A09

A09

A09

A09

A09

A09

A09

Al0

Al0

Al0

Co1

Co01

Co1

C05

C06

2,539,185

2,640,000

2,850,145

2,949,845

3,030,000

3,329,514

3,460,000

6,648,809

14,591,650

15,598,961

24,624,245

24,624,245

24,624,245

5,886,965

7,620,296

BnaA09g05270D

BnaA09g05410D

BnaA09g06090D

BnaAnng14390D

BnaA09g06170D

BnaA09g07080D

BnaA09g07080D

BnaA10g08110D

BnaA10g21150D

BnaA10g23790D

BnaC01g25960D

BnaC01g26460D

BnaC01g26600D

BnaC05g10520D

BnaC06g07070D

Zeaxanthin epoxidase,
chloroplastic
TRANSPARENT TESTA16
(TT16)

MYB transcription factors

Fatty acyl-CoA reductase

Holocarboxylase synthase 1

(HCS1)

Acyl-CoA oxidase 2 (ACX2)

Acyl-CoA oxidase 2 (ACX2)

Putative U-box domain-
containing protein 53
Zeaxanthin epoxidase,

chloroplastic

Fatty acid amide hydrolase

O-acyltransferase (WSD1-like)

family protein

Fatty acid biosynthesis 1
(FABI1)

HXXXD-type acyl-transferase

family protein
Sphingoid base hydroxylase 2

Protein translation factor SUI1

homolog 2

Zhu et al.
(2019)
Quetal.
(2017)
Wang et al.
(2018a)
Korber et al.
(2016)

Qu et al.
(2017)
Wang et al.
(2018a)
Qu et al.
(2017)
Tang et al.
(2021)

Zhu et al.
(2019)
Wang et al.
(2018a)
Qu et al.
(2017)
Quetal.
(2017)

Qu et al.
(2017)
Xiao et al.
(2019)
Tang et al.
(2021)
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C06 7,620,296

C08 14,472,595

BnaC06g07070D

BnaC08g09570D

Protein translation factor SUI1
homolog 2

Enoyl-CoA hydratase domain-
containing protein 3,

mitochondrial-like

Tang et al.
(2021)

Zhu et al.
(2019)

* Chromosome
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distinct patterns) (Figures 3.7 and 3.8). In the parent population, most models either exhibited no
early deviations from the expected followed by a small upwards tail indicating true positives
(FarmCPU, MLMM, and GenABEL P+K) while other models exhibited trends below the expected
without significant signals, demonstrating model overcorrection and false negatives (especially
MLM+K and MLM+K+PCA). The combined population instead highlighted consistent early
deviations above the expected, indicating false positives in nearly all SL-GWAS analyses.
Meanwhile, FarmCPU, MLMM, and GenABEL P+K exhibited relatively consistent control of
false positives in the combined population. Regarding false negatives, SL-GWAS MLM models
(such as CMLM, MLM+K, and MLM+K+PCA) are known to perform overly stringent corrections
in some cases, failing to detect the significance of truly significant loci (Khan et al. 2021). One
possible explanation for the prevalence of false positives by SL-GWAS may be B. napus’ slow LD
decay rate: approaching marker-trait associations by calculating one marker at a time may falsely
detect significant associations to the hundreds of genes located within extremely large haplotype

blocks. (Kaler et al. 2020; Khan et al. 2021; Liu et al. 2022).

In contrast, the consistent control of false positives and false negatives demonstrated by FarmCPU
in both populations aligns with the findings of previous studies, prompting us to utilize FarmCPU’s
results for QTL reporting (Kaler et al. 2020; Liu et al. 2016b; Pal et al. 2021). In a study
investigating QTL for oil content in B. napus, Wang et al. (2013) also observed improved QTL
identification and more accurate QTL effect estimations when using larger, more diverse
populations like the combined population in this study. In an actual hybrid breeding program, even
if an appropriately large parent population could be assembled, a large hybrid population remains
more appropriate and powerful for GWAS in hybrid cultivar research given that GWAS on inbred
parents does not reveal the hidden variables contributing to the heterosis of their progeny (Wang
et al. 2017b). Several hybrid population designs exist which offer plant breeders great flexibility
and effectiveness for hybrid cultivar development, adding to the growing toolbox of population
designs to improve QTL discovery and lessen the spurious effects of population structure
(Dell'Acqua et al. 2015; Liu et al. 2022; Wang et al. 2017b; Xiao et al. 2017). FarmCPU’s
superiority is emphasized especially when comparing pooled results across all 120 GWAS analyses.
Despite making up only 133 of the 1400 significant SNPs overall, FarmCPU constituted nearly
half (78/161) of the peak QTL detected across all analyses (Tables S3.7 - S3.9) (Bento 2024b).

This demonstrates FarmCPU’s ability to identify singular and highly significant SNP closest to the
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causal locus (Kaler et al. 2020). FarmCPU’s outperformance of other models can likely be
attributed to its multi-locus (ML-GWAS) approach, simultaneously incorporating multiple
markers as covariates in a modified MLMM which iteratively conducts fixed effect and random
effect correction to remove the confounding between markers and kinship (Kaler et al. 2020; Liu
et al. 2016b). The other ML-GWAS model in this study, MLMM, also showed excellent control of
false positives and identified 23 significant QTL, however represented only 7 of the peak QTL

when compared in the pool of results from all GWAS analyses.

Marker density exhibits less of an effect on QTL discovery than population design (Liu et al. 2016a;
Long and Langley 1999; Zhu et al. 2008). Of 133 total significant SNPs identified by FarmCPU,
62 and 71 of them were identified using MS1 and MS2, respectively. Considering MS1’s marker
coverage was around double that of MS2 for each chromosome, it was expected that far more
significant SNPs are identified in MS1 as a consequence of additional markers in linkage to any
causal locus than a lower-density marker set. The discussion on marker set density’s effect on
GWAS intersects here with the choice of GWAS model. Four of the six GWAS models fulfilled
the above expectation regarding marker coverage: when using MS1 and MS2, respectively, 812
and 432 significant SNPs were detected for the five traits across all GWAS analyses by SL-GWAS
models (CMLM, MLM+K, MLM+K+PCA, and GenABEL P+K). The Q-Q plots for CMLM,
MLM+K, and MLM+K+PCA especially demonstrate a pattern of false positive signals and several
false negative signals (Figures 3.7 and 3.8). The prevalence of false positives in SL-GWAS cannot
simply be attributed to marker density nor rare variants when considering the overwhelming
proportions of markers which deviate above the expected in both MS2 (intermediate density,
containing no markers with MAF < 0.05) and MS1 (high density, containing markers with MAF
< 0.05). If rare variants were responsible for this behaviour, then such patterns would only be
visible in MS1 analyses. Similarly, early deviations due to extreme marker density would only

appear in MS1 analyses, but they are also prevalent in MS2 analyses.

Where ML-GWAS models are promising alternatives that provide the power to investigate
complex trait genetic architecture and flexible selection criteria to reduce false positive and
negative signals, SL-GWAS models also remain firmly established in GWAS research with proven
effectiveness in detecting major associations and controlling population structure bias using less

computationally demanding methods (Alseekh et al. 2021; Khan et al. 2019; Wang et al. 2016;
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Wen et al. 2018). By integrating both approaches, B. napus improvement may leverage the
strengths of SL-GWAS and ML-GWAS to enhance the reliability of GWAS results, thereby

offering more comprehensive understandings of genetic architecture (Khan et al. 2021).
3.6 Conclusion

This study identified 89 peak QTL for five important seed quality traits in a HEAR breeding
population. Many of these peak QTL align closely with other QTL and candidate genes identified
in literature. The identified loci offer potential future investigation and utilization in B. napus
improvement. Significant effects on GWAS results were observed in population design and choice
of GWAS model. Population design especially highlighted the major performance differences
among GWAS models. Marker set density and rare variants did not induce significant effects on

GWAS results.
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4. GENOMIC SELECTION FOR OILAND FATTY ACID PROFILE IN RAPESEED
(Brassica napus L.) USING PARAMETRIC AND MACHINE LEARNING METHODS

4.1 Abstract

Genomic selection (GS) describes a wide range of bioinformatics methods that produce phenotypic
predictions for plant breeders, potentially reducing the overall number of breeding cycles by
improving selection efficiency and lessening in-field phenotyping. Considering the highly
subjective nature of GS’ predictive ability, this study was prompted to demonstrate GS analyses in
application to B. napus oil and fatty acid profile traits (erucic acid (ERU), linoleic acid (LLE),
linolenic acid (LLN), oleic acid (OLE), and overall oil content (OIL)). The effects of
training/validation population design, marker set density, and choice of GS model on prediction
accuracy were observed across 675 unique GS analyses. Prediction accuracies (given as Pearson’s
r correlation between predictions and actual phenotypes) ranged from negative values to as high
as 0.89, exhibiting distinguishable trends that included prediction accuracies above 0.70 for all
five traits. ERU, LLE, and LLN generally exhibited the greatest prediction accuracies, whereas
OLE and OIL were generally lower. Prediction accuracies generally decreased in response to trait
complexity, increased in response to training population size and degree of training/validation
population relatedness, and exhibited no significant differences among marker densities or
parametric models. Machine learning (ML) models performed either equivalent to or poorer than
the relatively simple parametric models. The identification of highly accurate analyses for all five

seed quality traits supports the utility of GS in future Brassica breeding programs.
4.2 Introduction

Since its origin in livestock breeding, GS has been extensively applied to a variety of crops, traits,
environments, population types, and more (Budhlakoti et al. 2022; Meuwissen et al. 2001). In
contrast to traditional marker-assisted selection (MAS), which informs selections based on major-
effect QTL, GS estimates major- and minor-effect QTL across genome-wide marker sets to
calculate phenotypic predictions known as genomic estimated breeding values (GEBVs)
(Krishnappa et al. 2021). The use of GEBVs to inform selections (which would otherwise be

informed by phenotypic data collected over multiple years/locations) is a major benefit to plant
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breeders, facilitating the allocation of resources to desirable germplasm. By optimizing the
required amount of phenotypic data collection, GS therefore improves genetic gain per unit time
while reducing costs per breeding cycle and (potentially) the overall number of breeding cycles
(Hickey et al. 2014). These advantages are especially important regarding complex agronomic
traits that are difficult/costly to phenotype and for species that exhibit long generation times

(Merrick and Carter 2021; Neyhart et al. 2017).

Cross validation procedures are often used to simulate plant breeding methodology, evaluating GS’
effectiveness before practical applications. The practical GS workflow includes two populations:
a training population (TP) and a test population (represented by a validation population (VP) in
cross validation procedures). The TP (e.g. parent genotypes, preliminary hybrids) is sown,
phenotypic and genotypic data is collected, and this data is used to “train” a GS model (estimating
the effects of all markers in a genome-wide marker set) (Bernardo 2008; Budhlakoti et al. 2022).
The test population’s genotypic data is input to the trained GS model, producing GEBVs that
facilitate more efficient selections based on genotypic data rather than long-term multi-

environment field testing (Budhlakoti et al. 2022).

The effectiveness of GS methods is highly subjective to the unique factors inherent across breeding
programs, producing wide variations in accuracy even among traits within same species. Given its
subjectivity, the general notion regarding GS methodology is that there is no “one size fits all”
(Lorenz et al. 2011). An understanding of the factors which impact GS’ effectiveness within large-
scale plant breeding programs is crucial to achieve increased genetic gain per unit of time without
increased costs relative to conventional selection or MAS (Crossa et al. 2017; Hickey et al. 2017;
Werner et al. 2020). This study focuses on four major factors that are known to affect GS prediction

accuracy: trait complexity, TP/VP design, marker density, and choice of model.

Although GS is considered clearly advantageous to MAS for the improvement of complex traits,
the heritability of specific traits remains a significant factor affecting GS prediction accuracy. The
many minor additive and non-additive effects within complex traits makes genomic prediction
difficult. In general, highly complex traits controlled by minor-effect QTL cause reduced
prediction accuracy in GS models (Farooq et al. 2023; Heftner et al. 2009; Jannink et al. 2010;
Kaler et al. 2022).
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The accuracy of GS model marker effect estimation is strongly affected by the allelic variation
provided within the TP. An ideal TP should include wide phenotypic and genotypic variation to
effectively capture haplotype combinations and their effects on traits of interest (Calus 2010;
Werner et al. 2020). Furthermore, GEBV accuracy is subjective to the genetic relationship between
the TP and the test population (Calus 2010; Lorenz and Nice 2017). Designs which incorporate
greater genetic relatedness between TP and test population enhance GS accuracy by ensuring
linkage phase between markers and QTL is similar for model training and model application
(Werner et al. 2020). The inclusion of such relatedness between the TP and VP has been
demonstrated as a significant factor to GS prediction accuracy (Bastiaansen et al. 2012; Clark et
al. 2011; Makowsky et al. 2011; Werner et al. 2020). In addition to genetic relatedness, increasing
TP size more extensively captures genotypic and phenotypic variation for GS model training,
generally increasing prediction accuracy (Daetwyler et al. 2008; Desta and Ortiz 2014; Edwards
et al. 2019; Hickey et al. 2014; Zhang et al. 2017).

Optimal marker density for GS is largely dependent on linkage disequilibrium (LD) decay (Desta
and Ortiz 2014; Kaler et al. 2022). LD refers to the non-random association of alleles at different
loci within a population, while LD decay refers to the rate at which non-random association
“decays” over genetic distance (i.e. approaches random segregation, unlinked) (Vos et al. 2017).
As an indirect selection method, GS accuracy relies on marker linkage to causal genes. It is not
simply “marker density” but instead the maximum distance/distribution of markers to causal genes
which determines optimal marker coverage. For example, in a potato breeding population whose
LD block size is estimated 1 Mb, the presence of markers within a maximum 500 kb span on either
side of causal genes can be considered a reliable marker density (Aalborg et al. 2024; Vos et al.
2017). A plateau effect on GS prediction accuracy was demonstrated by Kaler et al. (2022) whose
LD-filtered marker set contained less than half the markers of its complete marker set, yet
produced statistically indistinguishable prediction accuracies for 6 traits of varying heritability in
soybean. In summary, the minimum required marker density for GS training to appropriately
capture causal polymorphisms is dependent on LD decay, wherein shorter LD decay distance

requires greater minimum marker density and vice versa.

No singular GS model is considered universally superior (Larkin et al. 2019). Early GS models,

such as linear least squares regression, have evolved into more sophisticated whole-genome
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regression (WGR) models, each with unique assumptions and parameters that affect their
performance (Budhlakoti et al. 2022; Emmert-Streib et al. 2020; Jubair and Domaratzki 2023).
The choice of parametric or non-parametric models, machine learning or deep learning approaches,
single-trait or multi-trait approaches, or other variants are guided by the goals and available
resources of a breeding program. By implementing current advancements in next-generation
sequencing and high-throughput phenotyping, breeders may also capture vast genotypic and
phenotypic variation, optimizing resource allocation and reducing the overall number of breeding
cycles (Heftner et al. 2010; Jubair and Domaratzki 2023; Krishnappa et al. 2021; Varshney et al.
2017).

For B. napus improvement, researchers have utilized GS to predict yield and yield-related traits
such as seeds per pod, silique number, thousand kernel weight, flowering time, maturation time,
shattering, and more (Fikere et al. 2020; Hu et al. 2021a; Koscielny et al. 2020; Luo et al. 2017;
Werner et al. 2017). Seed-quality traits including glucosinolates, protein content, overall oil
content, and specific fatty acid profile components (erucic, linoleic, linolenic, oleic, stearic) have
also been predicted with GS (Fikere et al. 2020; Hu et al. 2021a; Koscielny et al. 2020; Werner et
al. 2017; Werner et al. 2018; Zou et al. 2016). The effectiveness of GS for disease resistance
predictions, namely sclerotinia stem rot and blackleg, has also been investigated (Fikere et al. 2018;

Derbyshire et al. 2021; Roy et al. 2021).

The objective of this study is to investigate the potential effectiveness of GS across a wide range
of breeding scenarios for B. napus oil and fatty acid profile improvement. This array of unique GS
analyses is designed to demonstrate the effects of trait complexity, TP/VP design, marker density,
and choice of model on GS model accuracy. We hypothesize that trait complexity, TP/VP design,
and the choice of model will exhibit significant effects on GS prediction accuracy. Since the three
marker sets in this study are filtered for coverage above an LD decay threshold, we hypothesize

that marker set density will not play a significant role in GS prediction accuracy.
4.3 Materials and Methods
4.3.1 Plant materials, phenotypic data, and genotypic data

Details of phenotypic and genotypic data collection were described in section 3.3.1. Briefly, a

population of 454 high erucic acid rapeseed (HEAR) genotypes (91 parental genotypes and 345
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hybrid genotypes) were evaluated in 48 site-years across Manitoba, Saskatchewan and Alberta.
Field experiments for parental genotypes were performed using RCBD with three replicates per
site-year for five site-years. Hybrid genotypes were evaluated in 43 site-years, however due to the
nature of selection within the breeding program where only favoured genotypes were selected for
further field experiments, hybrid genotypes did not have an equal number of replicates.
Unbalanced phenotypic data replicates were corrected by calculating best linear unbiased
prediction (BLUP) values for all parent and hybrid genotypes. These BLUP values were used as
phenotypic data inputs for this study.

DNA samples of all genotypes were extracted following a modified CTAB protocol (Porebski et
al. 1997). Genotyping was performed using the Brassica 60K Illumina Infinium SNP array
(Illumina Inc., CA, USA) (Clarke et al. 2016). The same marker sets developed in Chapter 3 are
utilized here. Briefly, markers were mapped to the Darmor bzh reference genome by Rousseau-
Gueutin et al. (2020). High-density MS1 contains a total of 22,941 markers. Intermediate-density
MS2 was produced by applying an MAF < 0.05 filter to MS1, leaving 14,699 markers. The low
density MS3 was produced by a filter applied to MS1 which removes markers with LD above r?

threshold = 0.2, producing a final marker set of 1,098 markers.
4.3.2 Genomic selection analyses

This experiment investigates the effects of TP/VP design, marker density, and choice of model on
GS prediction accuracy. Overall, there were five TP/VP designs utilized in combination with three
marker sets and nine GS models, producing 135 unique analyses upon five seed-quality traits
(Figure 4.1). The nine GS models used in this study can be categorized as either parametric or non-

parametric (ML) models.

Parametric models included Ridge Regression Best Linear Unbiased Prediction (rrBLUP),
Genomic Best Linear Unbiased Prediction (GBLUP), BayesA, BayesB, BayesC, and Bayesian
Ridge Regression (BRR). All six parametric models were run through RStudio V. 4.3.0 (RStudio
Team 2023). The GBLUP and Bayesian models were run using default settings of the BGLR
package V. 1.1.0 (Perez and de los Campos 2022). The rrBLUP model was run using the rrBLUP
package V. 4.6.2 (Endelman 2011).
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5 Traits 3 Marker Sets 5 TP/VP designs 2GS
Models
Erucic MS1: 22,941 SNPs TP/VP I: BayesA
- > - - TP: 100% of parents :
Linoleic MS2: 14,699 SNPs VP: 20% of hybrids BayesB
Linolenic MS3: 1,098 SNPs TP/VP 2- BayesC
Oleic TP: 100% of parents BRR
VP: 60% of hybrids
Oil rrBLUP
TP/VP 3:
TP: 100% of parents GBLUP
VP: 100% hybrids RE
TP/VP 4:
TP: 20% of random SYR
VP: 80% of random XGB

TP/VP 5:
TP: 60% of random
VP: 40% of random

675 unique

= GS analyses

Figure 4.1 Schematic summary of all genomic selection (GS) analyses in this study. Abbreviations:

MS: Marker Set; SNP: Single Nucleotide Polymorphism; TP: Training Population; VP: Validation

Population; BRR: Bayesian Ridge Regression; rrBLUP: Ridge Regression Best Linear Unbiased

Prediction; GBLUP: Genomic Best Linear Unbiased Prediction; RF: Random Forest; SVR:

Support Vector Regression; XGB: XGBoost.
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For parametric models, missing marker data were imputed using the “A.mat” function in the
rrBLUP package which replaced missing data of a particular marker with its mean value across

the population.

The effect of TP/VP design was investigated by comparing prediction accuracy response to five
different splits of the 427 genotypes into TP and VP. These five TP/VP designs resemble different

potential scenarios in a rapeseed hybrid breeding program (Figure 4.1).

Bayesian and GBLUP model cross validation was performed by randomly sampling phenotypic
and genotypic data according to each TP/VP design. For each GS analysis (trait x marker set X
TP/VP design x model), the model training was iterated 12,000 times with burn-in set to 5,000
(first 5,000 samples discarded) followed by GEBV prediction. For each rrBLUP analysis (trait x
marker set x TP/VP design x rrBLUP), 500 iterations of cross validation were performed.
Prediction accuracy for each analysis is presented as the Pearson’s  correlation between GEBV

predictions and actual phenotypes.

The ML models used in this study included Random Forest (RF), Extreme Gradient Boosting
(XGBoost), and Support-Vector Regression (SVR). All hyperparameter tuning, training, and cross
validation was performed in Python V. 3.11.5 (Python Software Foundation 2023). The RF and
SVR models were imported from the Scikit learn package V. 1.3.1 (Pedregosa et al. 2011), while
XGB was imported from the XGBoost package V. 2.0.0 (Chen and Guestrin 2016).

For ML models, missing data for any particular marker was imputed with the most frequent value
for that marker using the “fillna” function in pandas V. 2.2.1 (The pandas development team 2024).
Following imputation, marker sets were then encoded with the OneHotEncoder function from
Scikit learn. Hyperparameter optimization was performed through the Optuna package V. 3.6.1
(Akiba et al. 2019). Hyperparameters for each model are specified in Table 4.1. For each TP/VP
design, 10 replicates of hyperparameter optimization trials and prediction correlation calculations
were performed. For each replicate, hyperparameter optimization included 100 trials performed
with Optuna’s “maximize” function, indicating the trial whose prediction accuracy was greatest
for the trait and saving that trial’s hyperparameters as the best parameters. GEBV predictions were
performed using best parameters, and prediction correlations were calculated. Prediction accuracy

was presented as the mean Pearson’s 7 correlation across the 10 replicates for each combination of

97



Table 4.1 Hyperparameters for optimization using three machine learning algorithms.

Machine learning algorithm

Hyperparameter

Range of values

Extreme Gradient Boosting

(XGBoost)

Random Forest (RF)

Support Vector Regression
(SVR)

Number of Trees
Maximum Depth of Tree
Learning Rate
Minimum child weight
Gamma

Subsample

Col sample

Number of Trees
Maximum Depth of Tree
RBF! Kernel - gamma
RBF! Kernel - C

100 — 400
5-15
104—-10"
1.0-10
10%8-1.0
0.5-1.0
0.5-1.0
100 — 400
5-15
2172
2—5 _ 216

! radial basis function
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trait X marker set X TP/VP design X model. Due to the heavy computational demand of
hyperparameter optimization and GEBV predictions through ML, the above procedure was run

through UM’s high-performance computing platform “Grex”.

Prediction accuracies were compared visually using the ggplot2 package V. 3.5.0 (Wickham 2016)
and statistically using Tukey’s Honestly Significant Difference (HSD) test in the stats package V.
4.3.0 (RStudio Team 2023). Tukey’s HSD calculates and compares the mean GS prediction
accuracies of all seed quality traits, TP/VP designs, marker sets, or models, then identifies

significant differences among all possible pairs within each aforementioned factor.
4.4 Results

This study compares the prediction accuracies (correlations between GEBVs and actual
phenotypes) of 135 unique GS analyses for five seed quality traits. The slate of unique GS analyses
was produced by each combination of 5 TP/VP designs, 3 marker sets, and 9 GS models. Prediction
accuracy results from all GS analyses are visualized in Figure 4.2 — as results are further discussed,
trends of prediction accuracy response to factors are emphasized. It is also important to keep in
mind when comparing GS analyses that prediction accuracies are presented as Pearson’s r
correlations which range only from 0 to 1, therefore the significance of differences are regarded as

the variation within that small range.

4.4.1 Prediction accuracy response among traits

The most distinguishable response in prediction accuracy was caused by trait. Figure 4.2
demonstrates how prediction accuracies for each trait appear tiered, a pattern which is visible
through all other factors. Using a Tukey’s HSD test to compare mean prediction accuracies of each
trait across all analyses, OIL exhibited significantly poorer prediction accuracies than the other
four traits. Alternatively, LLE exhibited significantly greater prediction accuracies than all traits
besides LLN. High prediction accuracies were also exhibited for ERU — significantly greater than
OLE and OIL, not significantly different than LLN, and only less than LLE by an average
difference of 0.056 (p =2.81e-3). That is, LLE outperformed all traits besides LLN, however ERU

prediction accuracies were also not significantly different than LLN (Figure 4.2).
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Figure 4.2 Genomic selection (GS) prediction accuracies (Pearson’s r correlation between

predictions and actual phenotypes) for five seed quality traits based on three marker sets (MS1:
22941 SNPs; MS2: 14,699 SNPs; MS3: 1,098 SNPs) and five training/validation population

designs (design 1: TP =100 % of parent genotypes, VP =20 % of hybrid genotypes; design 2: TP

=100 % of parent genotypes, VP = 60 % of hybrid genotypes; design 3: TP = 100 % of parent

genotypes, VP =100 % of hybrid genotypes; design 4: TP =20 % of random genotypes, VP =80 %
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of random genotypes; design 5: TP =60 % of random genotypes, VP =40 % of random genotypes).
Two categories of GS models were compared: (A) Six parametric GS models; (B) Three non-
parametric (machine learning) GS models. Abbreviations: BRR: Bayesian Ridge Regression;
GBLUP: Genomic Best Linear Unbiased Prediction; rrBLUP: Ridge Regression Best Linear
Unbiased Prediction; RF: Random Forest; SVR: Support Vector Regression; XGB: XGBoost.
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4.4.2 Prediction accuracy response among TP/VP designs

Some TP/VP designs exhibited similar prediction accuracies when their means were compared
pairwise. For example, TP/VP designs 2 and 3 (which input all parent genotypes as TP and 202 or
336 of the hybrid genotypes as VP, respectively) showed no significant differences. However,
TP/VP design 1, which had the same TP but a small VP of only 68, exhibited prediction accuracies

significantly worse than design 2.

In contrast to the aforementioned TP/VP designs, designs 4 and 5 included random samples of
both parents and hybrids in the TP and VP (thereby incorporating greater relatedness between TP
and VP). TP/VP design 5 exhibited significantly greater mean prediction accuracies than TP/VP
design 4. Both TP/VP designs 4 and 1, which respectively included a small TP (86) and a small
VP (68) exhibited mean prediction accuracies that were not significantly different from each other,
however were significantly poorer than all other TP/VP designs. Finally, TP/VP designs 2, 3, and
5 were not significantly different overall, however TP/VP design 5 exhibited the greatest overall

accuracy across four of five traits (and second-greatest in the remaining trait, OLE).

Figure 4.2 further emphasizes the significance of trait towards response in GS prediction accuracy.
Prediction accuracies are distinguishable by trait, however it is TP/VP design which most clearly
affects the increases or decreases in prediction accuracy within each trait. Each trait produces a
unique response to TP/VP regardless of marker set and choice of parametric model, meanwhile

ML models also exhibit similar patterns among themselves.

4.4.3 Prediction accuracy response among marker sets

Marker set induces the least significant response in prediction accuracies. Comparing prediction
accuracies among marker sets with Tukey’s HSD test, MS1, MS2 and MS3 show no significant
differences. Figure 4.2 demonstrates the similarity in response for all traits and models across all
three marker set densities. Herein, figures are simplified by displaying prediction accuracies only

from GS analyses which utilized MS2.

102



4.4.4 Prediction accuracy response among models

The response of prediction accuracy was different between parametric and ML models (Figure
4.3). Among the six parametric models, none performed significantly differently from one another.
Figure 4.2 emphasizes the near-indistinguishable performance of parametric models across all
marker sets and TP/VP designs. Given the parametric models’ similarity in performance and
rrBLUP’s consideration as one of the most common GS models in practice, rrBLUP can serve as
a representative of parametric models in the following comparisons (Habier et al. 2007; Howard

et al. 2022).

The three ML models in this study showed great variation in prediction accuracies, both among
themselves and compared to parametric models. Mean SVR prediction accuracies performed
significantly better than RF by 0.121 (p = 8.18e-4) and XGB by 0.094 (p = 0.026), meanwhile RF
and XGB models did not perform significantly differently from one another. Prediction accuracies
by rrfBLUP were greater than SVR, however a significant difference between the two was not
detected (p = 0.182). Furthermore, SVR prediction accuracies were not found to be significantly
different than any of the other five parametric models. Both RF and XGB performed significantly
poorer than parametric models, 0.195 and 0.169 lower than rrBLUP (p = <le-7 and p = <le-7)
means, respectively. The heat map in Figure 4.5 reemphasizes the trends observed in the scatterplot
in Figure 4.4 — ML models tend to exhibit prediction accuracies which are either similar or less
than those of parametric models while SVR tends to exhibit the greatest prediction accuracy among
the three ML models. Figure 4.5 also emphasizes how prediction accuracies of all three ML models

tend to be less than rrTBLUP when using TP/VP designs 4 and 5.
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Figure 4.3 Heat maps of genomic selection (GS) model prediction accuracies (Pearson’s r
correlation between predictions and actual phenotypes) for five seed quality traits based on 14,699
SNP markers and five training/validation population designs (design 1: TP = 100 % of parent
genotypes, VP =20 % of hybrid genotypes; design 2: TP = 100 % of parent genotypes, VP = 60 %
of hybrid genotypes; design 3: TP = 100 % of parent genotypes, VP = 100 % of hybrid genotypes;
design 4: TP =20 % of random genotypes, VP = 80 % of random genotypes; design 5: TP = 60 %
of random genotypes, VP =40 % of random genotypes). Six parametric models (BayesA, BayesB,
BayesC, BRR, GBLUP, rrBLUP) and three nonparametric models (RF, SVR, XGB) were
compared. Abbreviations: BRR: Bayesian Ridge Regression; GBLUP: Genomic Best Linear
Unbiased Prediction; rrBLUP: Ridge Regression Best Linear Unbiased Prediction; RF: Random
Forest; SVR: Support Vector Regression; XGB: XGBoost.
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Figure 4.4 Genomic selection (GS) model prediction accuracies (Pearson’s » correlation between
predictions and actual phenotypes) for five seed quality traits based on 14,699 SNP markers and
five training/validation population designs (design 1: TP = 100 % of parent genotypes, VP =

20 % of hybrid genotypes; design 2: TP = 100 % of parent genotypes, VP = 60 % of hybrid
genotypes; design 3: TP = 100 % of parent genotypes, VP = 100 % of hybrid genotypes; design
4: TP = 20 % of random genotypes, VP = 80 % of random genotypes; design 5: TP = 60 % of
random genotypes, VP = 40 % of random genotypes). Parametric models are represented by
rrBLUP for comparison to three nonparametric (machine learning) models. Abbreviations:
rrBLUP: Ridge Regression Best Linear Unbiased Prediction; RF: Random Forest; SVR: Support
Vector Regression; XGB: XGBoost.
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Figure 4.5 Heat maps of genomic selection (GS) model prediction accuracies (Pearson’s r
correlation between predictions and actual phenotypes) for five seed quality traits based on 14,699
SNP markers and five training/validation population designs (design 1: TP = 100 % of parent
genotypes, VP =20 % of hybrid genotypes; design 2: TP =100 % of parent genotypes, VP = 60 %
of hybrid genotypes; design 3: TP = 100 % of parent genotypes, VP = 100 % of hybrid genotypes;
design 4: TP =20 % of random genotypes, VP = 80 % of random genotypes; design 5: TP = 60 %
of random genotypes, VP = 40 % of random genotypes). Parametric models are represented by
rrBLUP for comparison to three nonparametric models. Abbreviations: rrBLUP: Ridge Regression
Best Linear Unbiased Prediction; RF: Random Forest; SVR: Support Vector Regression; XGB:
XGBoost.
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4.5 Discussion

For crop improvement, GS provides the potential to improve selection efficiency, thereby reducing
the overall number of breeding cycles and aiding in sustainability (Heftner et al. 2010). Despite its
introduction in 2001, GS is still considered in its early stages (Zhang et al. 2023). The notion
regarding GS methodology is that “no one size fits all” — the inherent differences among plant
breeding programs cause significant variations in predictive ability, prompting researchers to

evaluate GS in their own context (Lorenz et al. 2011; Zhang et al. 2023).

This study conducted an extensive range of 675 GS analyses to demonstrate the effects of TP/VP
design, marker set density, and choice of GS model on the prediction of five seed quality traits in
B. napus. Overall, we demonstrated that GS can provide highly accurate predictions of seed quality
traits, identifying analyses which consistently produce prediction accuracies above 0.70 for all five
traits. Considering that a prediction accuracy threshold above 0.50 can provide multifold
advantages in genetic gain and resource reduction compared to conventional selection or MAS,
the results of this study indicate that GS may fit well in the B. napus improvement toolset (Heffner
et al. 2010; Longin et al. 2015).

Prediction accuracies in this study were significantly impacted in response to trait complexity,
TP/VP design, and some GS models, however marker set density did not produce any significant
effects. Figure 4.2 emphasizes GS’ reduced predictive ability for more complex traits, as also
reported by Farooq et al. (2023), Heffner et al. (2009), and Hu et al. (2021b). Previous studies have
described the high complexity of OIL, controlled by a multitude of minor-effect QTL rather than
any reliable major-effect QTL (Delourme et al. 2006; Jiang et al. 2014; Zhao et al. 2007). Many
biosynthetic pathways are considered to contribute to the overall accumulation of OIL, which may
be further affected by environment (Delourme et al. 2006; Hu et al. 2021b; Koscielny et al. 2019).
This is consistent with Zou et al. (2016) who also observed generally lower prediction accuracies
for OIL than specific fatty acids including ERU. Furthermore, Figure 3.2 demonstrates that OIL is
not significantly correlated to proportions of any of the four fatty acids. That is, although these
four fatty acids constitute most of HEAR’s fatty acid profile, overall OIL accumulation appears
more complex than the biosynthetic pathways which control the proportions of its main fatty acids,
most likely attributed to other minor-effect genes and genotype X environment interactions.
Alternatively, OLE was significantly negatively correlated to each of the other three fatty acids in
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this study, consistent with its role as a source to those fatty acids (Kaur et al. 2019). Prediction
accuracy for OLE was generally greater than OIL but lower than the other fatty acids, perhaps
attributed to its complex sink-source relationship with LLE, LLN, and ERU through inter-
organelle transport (plastid to endoplasmic reticulum) split into two independent pathways
(desaturation to produce LLE and LLN or elongation to produce eicosenoic acid and ERU) (Kaur

et al. 2019).

Despite OLE and OIL typically exhibiting the lowest prediction accuracies among traits, several
analyses improved their prediction accuracy well above the 0.50 threshold. Prediction accuracies
responded most distinguishably by altering TP/VP designs, meanwhile marker set density induced
negligible differences (focusing on results only from MS2 facilitates clearer comparisons). The
observations here are consistent with previous GS studies in rapeseed and other crops where the
size and relatedness between TP and VP induce strong effects on prediction accuracy (Beukert et
al. 2017; Hu et al. 2021b; Jan et al. 2016; Reif et al. 2012; Technow et al. 2014; Werner et al. 2020;
Zhao et al 2015). Werner et al. (2020) suggested that incorporating greater relatedness between the
TP and VP helps to ensure similar linkage phase between markers and QTL in the training and
testing of GS models, meanwhile increasing population size and diversity ensures that many
different haplotypic combinations are captured in the TP. In this study, TP/VP design 5 (largest TP
size (257 lines) and high TP/VP relatedness (TP containing both parents and hybrids) produced the
greatest prediction accuracy across nearly all traits while utilizing a majority of the GS models.
Despite the fact TP/VP design 4 also incorporated high TP/VP relatedness, its small TP size
consistently produced poorer prediction accuracies than TP/VP design 5 across all traits and
models (especially ML models). The poorer performance of TP/VP design 4 demonstrates that
although TP/VP relatedness can improve prediction accuracy, TP size must also be sufficiently
large to capture the diversity of haplotypic combinations possible within parents and hybrids. Hu
et al. (2021b) noted that medium to high accuracy predictions can be made if both parental lines
were included in the TP, but observed significantly decreased prediction accuracies when only one
or neither parents were included. Although TP/VP designs 1-4 contained similarly small TP sizes,
TP/VP design 4 likely excluded one or both of a hybrid’s parents across many iterations of its
random sampling of parent and hybrid lines, incorporating poor relatedness between the TP and
VP, therefore poor predictive ability. Alternatively, TP/VP designs 1-3 included all 91 parents in

their TP, producing generally good prediction accuracies based on model training which
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considered both parents of all predicted hybrids. TP/VP design 5 either produced similar or
improved prediction accuracies — that is, although TP containing only parents can produce good
prediction accuracies, it is overall more reliable to include both hybrids and parents in model
training. Our results emphasize the importance of TP/VP design described in previous studies: the
predictive power of a GS model relies on the diversity of haplotypic combinations provided to it

and how closely those combinations resemble the VP whose phenotypes they will be predicting.

This study compared the prediction accuracy response to various marker densities in MS1, MS2,
and MS3 (22,941 SNPs, 14,699 SNPs, and 1,098 SNPs, respectively). In another GS study on B.
napus, Werner et al. (2018) observed effective prediction accuracies when utilizing low density
markers (a few hundred to a few thousand) which were comparable to prediction accuracies when
utilizing manyfold larger marker sets. Zou et al. (2016) observed insignificant differences when
predicting rapeseed traits with 1000, 5000, and 13,678 SNPs (while some traits even exhibited
similar prediction accuracies with only 100 SNPs). Similarly, predictive abilities did not
significantly increase or decrease for Kaler et al. (2022) or Poland et al. (2012) when comparing
full marker sets to several LD-filtered marker sets in corn, soybean, rice, and wheat. The similarity
among marker sets in Figure 4.2 illustrates how, as long as LD decay is accounted for, sufficient
linkage to causal loci is available to estimate marker effects in GS model training. Kaler et al.
(2022) described this as a haplotype block performing similar to a single marker, where adding
more markers does not improve accuracy but instead can increase error (overfitting). The ability
to produce reliable predictions with low-density marker sets may be advantageous to reduce both
genotyping costs and computational burden, however, the effect of marker density on GS
prediction accuracy can be nuanced. For example, when the TP and VP contain more distantly
related accessions, improved prediction accuracy has been observed by increasing marker density
(Norman et al. 2018). Alternatively, lower marker densities may provide sufficient information if
the VP is composed of TP progeny since the similar, larger haplotype blocks reduce the need for
extensive marker coverage (Meuwissen 2009; Hickey et al. 2014). Therefore, the decision of
optimal marker density for GS in rapeseed intersects with both LD decay and breeding population
design. With this in mind, breeders may elect to keep dense marker sets available to buffer the

effects of LD disruption from recombination over long-term breeding cycles (DoVale et al. 2022).
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All six parametric models in this study are designed with different assumptions and treatments of
marker effects. In practice, however, the parametric models exhibited statistically equivalent
prediction accuracies across TP/VP designs and marker sets when predicting respective seed
quality traits. Our results are supported by previous studies which demonstrate that these
parametric models can produce statistically equivalent accuracies for various traits in soybean,
barley, and wheat (Heslot et al. 2012; Howard et al. 2022; Lorenz et al. 2012; Merrick and Carter
2021; Rolling et al. 2020; Zou et al. 2016). For B. napus, Zou et al. (2016) observed very little
performance differences across a similar set of parametric models when predicting OIL, ERU, and
other seed quality traits. Hu et al. (2021b) compared several models with various parametric
marker effect treatments, observing that simple parametric models provide similarly effective
prediction accuracies for traits including OIL, OLE, ERU, and yield. These results both reflect and
contrast the relative performance of parametric models in other GS studies. Clearly, the inherent
differences in parametric model design are known to cause performance differences. For example,
Bayesian models are shown to outperform BLUP-based models when traits are controlled by fewer
QTLs, meanwhile rrTBLUP and GBLUP perform similarly or differently to one another and
Bayesian models across various traits in B. napus and other species (Bhering et al. 2015; Daetwyler
et al. 2010; Tan et al. 2017; Wang et al. 2015; Wang et al. 2018b; Zou et al. 2016). More than
anything, the contrasting relative performances of models emphasize the “no one size fits all”
notion of GS that prompted this study in application to B. napus oil quality (Larkin et al. 2019;
Lorenz et al. 2011). Bayesian models produced the highest prediction accuracy in four out of five
traits, however rrBLUP or GBLUP were always less than 0.03 below the highest accuracy.
Considering its historical popularity and overall consistency among other parametric models in
this study, rrBLUP served as an appropriate representative of parametric models in comparison to
the non-parametric (machine learning) models (Habier et al. 2007; Howard et al. 2022). Similar to
the parametric models, prediction accuracies by ML demonstrated distinguishable patterns across
TP/VP designs for each respective trait, regardless of marker set. SVR’s performance was
significantly greater than RF and XGB, however was not distinguishable from rrfBLUP or other
parametric models. For some traits and TP/VP designs, SVR was marginally more accurate than
rrBLUP, however rTBLUP outperformed SVR in all analyses which used TP/VP design 5 — the
optimal design in this study. Merrick and Carter (2021) described how ML models may provide

some slight improvements when using combined site-year data, however parametric models
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consistently performed better than ML on a year-to-year or environment-to-environment basis.
Our study emphasizes that, despite enormous interest in ML and deep learning, simpler parametric
GS models can provide accurate and reliable predictions for marker-based improvement of
complex seed quality traits (Hu et al. 2021b; Kaler et al. 2022; Merrick and Carter 2021; Zou et al.
2016). A potential explanation for the generally poor performance of ML in this study may be the
relatively small TP sizes for sufficient learning. To optimize ML predictions, Sandhu et al (2021b)
suggested increasing TP size (larger than their population of 666 lines). Despite the relatively poor
performance of ML in this study, other investigations of GS demonstrate some advantages of ML
for predicting agronomic and seed quality traits, especially those controlled by epistatic
interactions (Farooq et al. 2023; Howard et al. 2014; Sandhu et al. 2021a; Sandhu et al. 2021b). In
general, our results support the recommendation that both parametric and nonparametric GS

models provide viable options for the improvement of complex traits (Merrick and Carter 2021).
4.6 Conclusion

This study demonstrates that GS can be a useful tool for B. napus improvement — all five seed
quality traits exhibited prediction accuracies above a threshold that facilitates improved genetic
gains relative to conventional selection or MAS. Trait complexity was a major factor affecting
prediction accuracy, however the most complex trait, OIL, could still be predicted with accuracy
as high as 0.745, whereas simpler traits such as LLE exhibited prediction accuracies as high as
0.888. The TP/VP design imposed significant effects on prediction accuracy, producing
distinguishable responses among traits depending on TP size and relatedness to the VP. All six
parametric models performed similarly to one another, whereas ML models either performed
similarly to or poorer than parametric models. Marker density did not significantly affect

prediction accuracy.
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5. INTEGRATING GENOME-WIDE ASSOCIATION STUDY RESULTS TO
IMPROVE GENOMIC SELECTION FOR OIL AND FATTY ACID PROFILE IN
RAPESEED (Brassica napus L.)

5.1 Abstract

The advantage granted by GWAS-guided GS relies on selecting small subsets of informative
markers based on GWAS results. This method aims to exclude non-causative markers from GS
model training while ensuring that the selected markers provide sufficient effect information for
accurate phenotypic predictions — simultaneously mitigating model overfitting/underfitting and
lessening computational burden. This study evaluated GWAS-guided GS in Brassica napus L.
breeding scenarios by inputting three marker sets to GWAS of parent genotypes, selecting trait-
specific subsets of informative markers, and predicting five seed quality traits of hybrid genotypes
using six parametric GS models. We identified GWAS-guided GS analyses which slightly
outperformed conventional GS across all seed quality traits, however significant differences
between the two methods were not identified. Parametric GS models produced equivalent results
among themselves, similar to conventional GS applications for the same seed quality traits (erucic
acid content (ERU), linoleic acid content (LLE), linolenic acid content (LLN), oleic acid content
(OLE), and overall oil content (OIL)). Prediction accuracy response to individual traits was
consistent between conventional GS and GWAS-guided GS, suggesting that the marker subsetting
approach sufficiently captured the heritability of all five seed quality traits. Prediction accuracies
achieved in this study rose above thresholds in other studies that facilitated greater genetic gains
than conventional selection or MAS, demonstrating the potential of GWAS-guided GS to improve
B. napus breeding while simultaneously reducing genotyping and phenotyping costs in practical

applications.
5.2 Introduction

Despite being broadly evaluated in plant breeding applications, GS can still be considered in its
early stages — a universally acceptable approach has been prevented by several inherently different

factors among breeding programs (i.e. no “one size fits all”’) (Lorenz et al. 2011; Zhang et al. 2023).
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Although not a complete solution to this problem, GWAS-guided GS has been suggested as an

option to improve the accuracy and cost-efficiency of GS methodology.

The central concept of GWAS-guided GS is the selection of optimally informative markers (based
on GWAS results) as inputs for GS model training and phenotypic predictions. Werner et al. (2018)
describes the capacity of GWAS-guided GS to allow fewer representative markers selected to
capture sufficient association between genomic regions and a phenotypic trait. Low-density,
GWAS-based marker sets enable GS prediction accuracies comparable to those achieved with
high-density genotyping (Kaler et al. 2022; Werner et al. 2018). Importantly, GWAS-guided GS
mitigates model overfitting by systematically excluding non-causative markers from GS model
training, thereby avoiding erroneous identification of these random variations as causative for the
trait of interest (Hickey et al. 2014; Montesinos-Lopez et al. 2022b; Zhang et al. 2023).
Simultaneously, although the marker subsets are typically very small, GWAS-guided GS mitigates
underfitting by ensuring that the selected markers provide sufficient effect information for the
model to perform accurate phenotypic predictions (Montesinos-Lopez et al. 2022b; Zhang et al.

2023).

The critical question arises though: how does one select the subset of markers which provides
optimal trait predictability? Several methods have been developed to answer this question. Zhang
et al. (2014) proposed a method later described as “GS + historic GWAS” which used preexisting
GWAS results from public databases to build trait-specific matrices for phenotypic predictions.
Spindel et al. (2016) proposed the “GS + de novo GWAS” method to input significant markers
identified from GWAS within the training population of interest (i.e. de novo) to train the GS
models as fixed effects. More recently, Jeong et al. (2020) developed the “GMStool” program,
using machine learning to select optimal marker sets and optimal WGR models for phenotypic
prediction. Werner et al. (2018) and Kaler et al. (2022) compared GS accuracies when trained with

markers identified by GWAS results filtered at increasingly stringent levels of significance.

Several studies have evaluated GWAS-guided GS by comparing a variety of GWAS models, GS
models, and marker subsetting methods in application to several species and traits. Rice has been
a focus of GWAS-guided GS research, starting with the proposal of GS + historic GWAS by Zhang
et al. (2014). Spindel et al. (2016) proposed the GS + de novo GWAS method in rice, observing
that the combination of simple Multiple Linear Regression (MLR) GWAS results with rrBLUP
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outperformed several other WGR models. Since then, the GS + de novo GWAS method has been
evaluated for rice breeding, investigating the predictive ability of GS for important agronomic and
quality traits such as yield, panicle number, flowering time, plant height, protein content, and more
(Jeong et al. 2020; Zhang et al. 2023). Wheat has also been the subject of GWAS-guided GS
research wherein traits such as yield and septoria blotch resistance have been predicted with
rrBLUP and GBLUP (Odilbekov et al. 2019; Sehgal et al. 2020). Studies on forest tree breeding
have also implemented GWAS-guided GS methods, predicting wood quality, growth, and abiotic
stress resistance traits in Norway spruce and Eucalyptus (Chen et al. 2023; Tan and Ingvarsson
2022). B. napus has also been the subject of GWAS-guided GS research. Werner et al. (2017)
utilized the method by Spindel et al. (2016), combining GWAS results from GenABEL P+K to
evaluate the ability of rBLUP, BayesB, and BRR to predict general and specific combining ability
in B. napus. Werner et al. (2018) also used a similar method to predict oil content, glucosinolate

content, and plant height.

The objective of this study is to evaluate the potential of GWAS-guided GS to improve prediction
accuracy of B. napus seed quality traits as compared to conventional GS. This study conducted a
wide array of analyses which observed the effects of trait complexity, marker set density, and
choice of GS model in order to identify methods which may improve prediction accuracy. The
long-term objective of this study is to assess whether general implementation of GWAS-guided
GS methods could improve genetic gains and lower costs of B. napus breeding programs. We
hypothesize that trait complexity, marker set density, and the choice of GS model will significantly

affect GWAS-guided GS prediction accuracy relative to conventional GS.
5.3 Materials and methods
5.3.1 Plant materials, phenotypic data, and genotypic data

Details of phenotypic and genotypic data collection in this study were described in Chapter 3.3.1.
Briefly, this study investigates GWAS and GS by inputting phenotypic and genotypic data from a
population of 454 high erucic acid rapeseed (HEAR) genotypes (91 parental genotypes and 345
hybrid genotypes) evaluated across a total of 48 site-years. Unbalanced phenotypic data replicates
were corrected by calculating best linear unbiased prediction (BLUP) values for all parent and

hybrid genotypes. These values were used as phenotypic data inputs for GWAS and GS analyses.
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The DNA of all genotypes were extracted following a modified CTAB protocol (Porebski et al.
1997). Genotyping was performed using the Brassica 60K Illumina Infintum SNP array (Illumina
Inc., CA, USA) (Clarke et al. 2016). The 454 genotypes were filtered for genotypic data quality
by culling all with < 0.8 call rate, leaving 427 genotypes (91 parents, 336 hybrids). The same
marker sets developed in Chapter 3 are utilized here: high-density MS1 (22,941 SNP markers),
intermediate-density MS2 (14,699 SNP markers), and low-density MS3 (1,098 SNP markers).

5.3.2 GWAS-guided GS analyses

This experiment investigates the effects of trait, marker density, and model on the predictive ability
of GWAS-guided GS. To simulate a practical plant breeding scenario, informative SNP subsets
were selected based on the parent population’s GWAS results. Each of the five seed quality traits
were analyzed in the parent population by inputting MS1, MS2, and MS3 to FarmCPU, giving rise
to 15 GWAS results. Each of the 15 GWAS results were filtered to include the 200 most significant
markers for each trait (on the basis of p-value). Each GWAS-guided marker subset was
subsequently input to GS models for training and GEBV predictions. Six GS models were
employed in combination with the marker subsets using all 91 parents as the training population
and all 336 hybrids as the validation population, matching TP/VP design 3 utilized in Chapter 4.
The above factors produced 90 unique GWAS-guided GS analyses (18 for each seed quality trait)
(Figure 5.1).

The six parametric GS models used in this experiment are the same as used in Chapter 4, including
rBLUP, GBLUP, BayesA, BayesB, BayesC, and BRR. All six parametric models were run
through RStudio V. 4.3.0 (RStudio Team 2023). The GBLUP and Bayesian models were run using
default settings of the BGLR package V. 1.1.0 (Perez and de los Campos 2014). The rrBLUP model
was run using the rrBLUP package V. 4.6.2 (Endelman 2011). Missing marker data was imputed
using the “A.mat” function in the rrBLUP package which replaced missing data of a particular

marker with its mean value across the population.

For each GWAS-rrBLUP analysis (trait x marker set x rrBLUP), 500 iterations of cross validation
were performed. For each GWAS-guided GS analysis (trait X GWAS-guided marker subset x GS
model) besides GWAS-rrBLUP, the model training was iterated 12,000 times with burn-in set to
5,000 (first 5,000 samples discarded) followed by GEBV prediction. Prediction accuracy for each
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Figure 5.1 Schematic summary of all GWAS-guided genomic selection analyses in this study.
Abbreviations: MS: Marker Set; SNP: Single Nucleotide Polymorphism; FarmCPU: Fixed and
random model Circulating Probability Unification; BRR: Bayesian Ridge Regression; rrBLUP:
Ridge Regression Best Linear Unbiased Prediction; GBLUP: Genomic Best Linear Unbiased

Prediction.
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analysis is presented as the Pearson’s r correlation between GEBV predictions and actual
phenotypes. The prediction accuracies from GWAS-guided GS analyses were compared to their

corresponding conventional GS analyses from Chapter 4.

Prediction accuracies were compared visually using the ggplot2 package V. 3.5.0 (Wickham 2016)
and statistically using Tukey’s Honestly Significant Difference (HSD) test in the stats package V.
4.3.0 (RStudio Team 2023).

5.4 Results

This experiment performed 18 unique GWAS-guided GS analyses for each of the five seed quality
traits. The unique analyses were produced by each combination of 3 marker sets, 1 TP/VP design,
and 6 GS models (Figure 5.1). Trends in GS prediction accuracy were observed in both GWAS-
guided GS and conventional GS respectively, followed by direct comparisons of performance

between the two methods.

5.4.1 GWAS-guided GS prediction accuracy response among factors

As observed in Chapter 4 where GS prediction accuracy is clearly tiered by trait, the accuracies
produced by GWAS-guided GS also vary significantly by trait. The GWAS-guided GS prediction
accuracies exhibit the same tiering as seen in Figure 4.2 — that is, prediction accuracies for LLE
were the greatest among the four other traits, ranging from 0.791 to as high as 0.901 across all
models and marker sets. Below LLE, the overall prediction accuracies of LLN and ERU were
statistically indistinguishable and respectively ranged from 0.712 to 0.811 and from 0.701 and
0.804. Prediction accuracies for OIL were significantly poorer than all four other traits, ranging
from 0.323 to 0.463, while OLE was also significantly poorer than both LLN and ERU, ranging

from 0.513 to 0.692 across all models and marker sets.

Regarding the choice of prediction model, Figure 5.2 demonstrates how prediction accuracies
among the six parametric models are statistically equivalent. For any trait x marker set
combination, the prediction accuracies by all six parametric models varied little, often grouping

within the same ~0.05 range.
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Figure 5.2 GWAS-guided genomic selection (GWAS-guided GS) prediction accuracies (Pearson’s
r correlation between predictions and actual phenotypes) for five B. napus L. seed quality traits
based on three marker sets (MS1: 22,941 SNPs; MS2: 14,699 SNPs; MS3: 1,098 SNPs) predicted
by six parametric models. Training and validation populations consisted of 91 parental genotypes
and 336 hybrid genotypes, respectively. GWAS-guided GS analyses of each trait utilized the 200
most significant markers from respective FarmCPU GWAS results as unique informative marker
subsets. Abbreviations: BRR: Bayesian Ridge Regression, GBLUP: Genomic Best Linear
Unbiased Prediction; rrBLUP: Ridge Regression Best Linear Unbiased Prediction.
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In further consensus with the trends in Chapter 4, we also observe that GWAS-guided GS
prediction accuracy does not vary significantly across the three marker sets (Figure 5.2). That is,
when GWAS results from analyses using MS1, MS2, and MS3 (22,941 markers, 14,699 markers,
and 1,098 markers, respectively) were subset to small groups of 200 informative markers, GWAS-
guided GS performed statistically similarly across all marker sets. Of note, GWAS-guided GS
utilizing MS3 did exhibit slightly lower prediction accuracies than MS1 and MS2 on average,
however not significantly poorer than either — a Tukey’s HSD test indicated that MS3 prediction
accuracies were lower than those of MS1 on average by a difference of 0.087 (p =0.097) and lower

than MS2 by a difference of 0.088 (p = 0.090).

5.4.2 GWAS-guided GS versus conventional GS

For each trait, 18 GWAS-guided GS analyses were conducted by combining all choices of model
and marker set (Figure 5.1) and directly compared to corresponding conventional GS analyses (i.e.

those with the same combinations of above factors).

Figure 5.3 demonstrates how similarly GWAS-guided GS and conventional GS behave within
themselves. As detailed in 5.4.1, prediction accuracies by both methods exhibit similar prediction
accuracies on a trait-by-trait basis but vary little on the basis of marker set and model. Slight
differences arise when comparing the two GS methods directly. Figure 5.3 demonstrates some
distinguishable grouping among the two methods. GWAS-guided GS slightly outperformed
conventional GS for all traits and models when inputting both MS1 and MS2, however performed
slightly poorer than conventional GS when inputting MS3. That is, GWAS results from analyses
of MS1 and MS2 that were sorted to identify the 200 most informative markers (of 22,941 and
14,699 markers from MSI1 and MS2, respectively) for each trait provided slightly increased
prediction accuracies when used to guide GS, however, prediction accuracies slightly decreased
when guiding GS with the top 200 markers from GWAS analyses of MS3 (1,098 markers). Despite
being somewhat visually distinguishable in both Figure 5.3 and Figure 5.4, the overall performance
differences between GWAS-guided GS and conventional GS are small and not statistically

significant.
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Figure 5.3 Conventional genomic selection (GS) and GWAS-guided GS prediction accuracies
(Pearson’s r correlation between predictions and actual phenotypes) for five Brassica napus L.
seed quality traits based on three marker sets (MS1: 22,941 SNPs; MS2: 14,699 SNPs; MS3: 1,098
SNPs) predicted by six parametric models. Training and validation populations consisted of 91
parental genotypes and 336 hybrid genotypes, respectively. Conventional GS input all markers
within respective marker sets. GWAS-guided GS analyses of each trait utilized the 200 most
significant markers from respective FarmCPU GWAS results as unique informative marker
subsets. Abbreviations: BRR: Bayesian Ridge Regression; GBLUP: Genomic Best Linear
Unbiased Prediction; rrBLUP: Ridge Regression Best Linear Unbiased Prediction.
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Figure 5.4 Heatmap of conventional genomic selection (GS) and GWAS-guided GS model
prediction accuracies (Pearson’s 7 correlation between predictions and actual phenotypes) for five
Brassica napus L. seed quality traits based on MS2 (14,699 SNP markers) predicted by six
parametric models. Training and validation populations consisted of 91 parental genotypes and
336 hybrid genotypes, respectively. Conventional GS input all markers within respective marker
sets. GWAS-guided GS analyses of each trait utilized the 200 most significant markers from
respective FarmCPU GWAS results as unique informative marker subsets. Abbreviations: BRR:
Bayesian Ridge Regression; GBLUP: Genomic Best Linear Unbiased Prediction; rrBLUP: Ridge

Regression Best Linear Unbiased Prediction.
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5.5 Discussion

To investigate GWAS-guided GS methods for B. napus improvement, we predicted five seed
quality traits in hybrid genotypes using GS models trained by small subsets of informative markers.
These marker subsets were identified based on results from GWAS analyses of parent genotypes.
GWAS-guided GS approaches aim to improve prediction accuracy by excluding non-causative
markers from GS model training while ensuring that the included markers provide sufficient effect
information for accurate phenotypic predictions, simultaneously mitigating model overfitting and
underfitting while lessening computational burden (Hickey et al. 2014; Montesinos-Lopez et al.
2022b; Zhang et al. 2023). Although slight differences were observed in several analyses, our study
demonstrates that the predictive power of GWAS-guided GS does not outperform conventional

GS across these five seed quality traits.

The six parametric models did not exhibit any significant differences among themselves when
implemented to GWAS-guided GS, consistent with their behaviour in conventional GS (Figure
5.3). It was expected that drastic reductions in marker coverage would emphasize differences in
predictive ability across traits with different genetic architectures as these parametric models each
address marker variance and effect size uniquely. However, our results coincide with Zhang et al.
(2023) who also observed no significant differences in prediction accuracy among the same six
models in several GWAS-guided GS analyses. Considering the overall equivalent performance
among parametric models, rrTBLUP and GWAS-rrfBLUP serve as representative models for

conventional GS and GWAS-guided GS in the following comparisons.

Relative to conventional GS, the GWAS-guided GS analyses exhibited slightly (not significantly)
increased prediction accuracies for all traits when informative markers were subset from both MS1
and MS2. Similarly small increases were exhibited using both MS1 and MS2. These small numeric
differences may be attributed to the improved predictive power of GWAS-GS relative to
conventional GS (Hickey et al. 2014; Montesinos-Lopez et al. 2022b; Zhang et al. 2023). However,
considering the high accuracies achieved by conventional GS for ERU, LLE, and LLN (> 0.75),
the very small improvements exhibited with GWAS-guided GS may be attributed to the less

complex genetic architecture of these traits perhaps approaching a prediction accuracy plateau.
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When using MS3 for GWAS-GS analyses (i.e. top 200 most significant of 1,098 SNPs), nearly all
prediction accuracies were slightly (not significantly) lower than conventional GS (Figure 5.3).
This result was expected considering that GWAS-GS relies on capturing subsets of markers which
provide more predictive power for phenotypic variation than the majority of markers which are
unassociated to the trait (residing in unlinked haplotype blocks). In this example of a small marker
set filtered by LD, only a very small proportion of markers (many of which represent entire
haplotype blocks) would be considered in any way associated to a trait. Considering that the marker
subsets included nearly 1/5 of all SNPs in MS3, many of the SNPs in those subsets were likely
entirely unassociated to the traits. Thus, much of the noise excluded by subsets of MS1 and MS2
were not excluded with subsets of MS3 (Tan and Ingvarsson 2022). Again, the differences in
prediction accuracy were slight — only a reduction of 0.055 for ERU and 0.020 for OIL — not a
significant difference from conventional GS. However, as a credit to GWAS-GS, these prediction
accuracies were based on supposedly poor training data: extremely small subsets of markers whose
significance were determined by GWAS of only the inbred parent population, subsequently used
to predict phenotypes of their hybrids. Considering that GWAS of inbred parents does not reveal
hidden variables contributing to the heterosis of their progeny, the equivalently effective results
produced by GWAS-GS may be considered for its use in B. napus improvement (Wang et al.
2017b).

Instead of relying solely on significant markers determined by a Bonferroni threshold, we chose
to use the top 200 most significant markers from each GWAS analysis. This approach was taken
for two reasons. First, focusing exclusively on significant SNPs can fail to explain a sufficient
portion of genetic variation for a trait (i.e., the “missing heritability” problem) (Makowsky et al.
2011). This problem was especially prominent in preliminary tests for this study given that GWAS
of parent genotypes yielded five or less significant markers for any one trait, whereas relaxing the
significance threshold yielded wildly different numbers of markers for respective traits.
Interestingly, marker subset approaches similar to this study have been shown to explain larger
proportions of genetic variation than when using all SNPs, allowing improved prediction
accuracies (Tan and Ingvarsson, 2022). Using this approach, sufficient heritability could be
captured while also reducing noise and dimensionality. Second, this approach allowed prediction
of all traits with the same number of markers — a balance that would not be possible using a

significance threshold or percentage of markers from the different-sized marker sets.
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As is the nature of GS, the effects of certain methods are nuanced. To further investigate GWAS-
guided GS and move towards significant improvements, one might consider that Kaler et al. (2022)
observed increased prediction accuracy for six traits across maize, rice, and soybean as the
significance level of selected markers from GWAS became increasingly stringent to p <0.05, but
other studies in maize and Eucalyptus observe unimproved or reduced GS prediction accuracy
when using significantly associated SNPs (Gowda et al. 2015; Tan and Ingvarsson 2022; Wallace
et al. 2016). Kaler et al. (2022) suggests that significant markers should be selected up to a
significance level where sufficient genomic coverage is maintained, whereas others suggest that
the method of selecting markers depends largely on the trait of interest (Rice and Lipka 2019; Tan
and Invgarsson 2022).

When selecting markers identified by GWAS for subsequent cross validation in the same
population, the non-independence of experiments introduces significant bias, causing inflated
prediction accuracies (McGowan et al. 2021). This study replicated a practical breeding scenario
to demonstrate the true accuracy of GWAS-GS with minimal bias. Independence was maintained
by separating parental genotypes from hybrids for the selection of informative markers, assuring
uninflated results. The danger of biased approaches for plant breeders is similar to that of
overfitting: predictions appear ideal with high accuracy in the current cross validation; however,
such methods have not demonstrated their generalizability and may underperform relative to other

methods in practical applications (McGowan et al. 2021; Zhang et al. 2023).

The results of this study support both GS and GWAS-guided GS as methods to improve the
efficiency of practical breeding programs relative to conventional selection or MAS. Achieving
effective prediction accuracies, not only with genome-wide marker sets (ranging from ~1,000 to
20,000+ SNPs) but also extremely small subsets of only 200 informative markers, lessens reliance
on high-density genotyping. B. napus’ slow LD decay rate contributes to its compatibility with
lower marker coverage requirements in GS methodology (Desta and Ortiz 2014; Kaler et al. 2022).
In this study, GWAS-guided GS provided consistent accuracies above 0.50, a threshold which
represents potential advantages in genetic gain over conventional selection or MAS while
simultaneously reducing phenotyping and genotyping costs (Heftner et al. 2010; Longin et al.
2015). The use of GEBVs (in both conventional and GWAS-guided GS) to inform selections

against certain genotypes (which would otherwise require generations of phenotypic data) allows
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resources to be allocated to more promising genotypes, therefore improving genetic gain per unit
time, optimizing the volume of phenotyping/genotyping per breeding cycle, and potentially
reducing the overall number of breeding cycles relative to conventional breeding or MAS (Habier
et al. 2007; Heftner et al. 2010; Hickey et al. 2014; Jannink et al. 2010). However, when compared
to conventional GS, the practical benefits of GWAS-guided GS are likely minimized due to three
main reasons. Firstly, the identification of informative marker subsets based on GWAS still
requires field phenotyping and genome-wide genotyping of the training population. Therefore,
GWAS-guided GS provides no difference in cost-effectiveness regarding the training population.
Secondly, informative marker subsets from one training population are not practical in long-term
breeding programs. As LD blocks rearrange throughout breeding cycles and uncommon LD blocks
are introduced with distantly related accessions, the predictive power of previously identified
informative marker subsets decline, prompting the development of new training populations
(DoVale et al. 2022; Norman et al. 2018). Thirdly, developments in genotyping technologies (e.g.
Brassica 60K, PacBio, Oxford Nanopore) continually reduce the cost per marker, such that the
choice between genome-wide or low-density genotyping is insignificant compared to costs
associated with field phenotyping (Clarke et al. 2016; Magdy et al. 2020; Rhoads and Au 2015).
Although results indicate GWAS-guided GS could approach improved prediction accuracies, the
actual advantages (granted towards genetic gain, overall cost, environmental impact of field

seasons, etc.) are unclear when considering other practical implications of this method.
5.6 Conclusion

This study demonstrated that GWAS-guided GS is not likely to replace conventional GS methods.
By identifying small subsets of informative markers from GWAS of respective traits, several
GWAS-guided GS analyses exhibited slight differences in prediction accuracy relative to
conventional GS (models trained using genome-wide marker sets). Although numerically
distinguishable, accuracy improvements were not statistically significant when selecting small
subsets from MS1 or MS2 (high- or intermediate-density marker sets), meanwhile slight decreases
in accuracy were also not significantly different from conventional GS when using MS3 (low-
density, LD-filtered marker set). All six parametric models produced statistically equivalent results,
as was seen in conventional GS. Furthermore, prediction accuracy response to individual traits

followed an identical pattern in conventional GS and GWAS-guided GS, suggesting that the
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marker subsetting approach used in this study sufficiently captured the heritability of all five seed
quality traits. Barriers to general adoption of GWAS-guided GS (over conventional GS) include
insignificant prediction accuracy improvements, impracticality for long-term breeding programs
due to rearranging LD blocks, and the availability of cost-effective genotyping technologies which

minimize the benefit of low-density genotyping.
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6. GENERAL DISCUSSION

Rapeseed (Brassica napus L.) is now the second-largest oilseed commodity in the world, behind
only soybean (USDA 2023). Canada developed canola in the 1970s and continues to drive the
industry as principal producer and exporter of seed and oil (Barthet 2016; Canola Council of
Canada 2024b). Conventional selection and early advancements in MAS have been major
contributors to B. napus genetic improvements (Huang et al. 2012; Morrison 2016). However,
global food demand is projected to increase as production shifts towards sustainability, demanding
more from less. Canada’s demand for canola is estimated to be 26 million metric tonnes by 2025
(Canola Council of Canada 2014). This demand is more complex than just seed yield, as the
applications of B. napus have evolved to include niches in seed quality such as high protein meal,
low polyunsaturated fatty acid content, and high erucic acid rapeseed (HEAR). Simple
conventional selection and MAS will struggle to sustainably produce cultivars which promptly
respond to consumers’ demands and farmers’ production challenges, encouraging the adoption of
new selection methods. This research applied two bioinformatics methods, GWAS and GS, to

HEAR breeding scenarios, demonstrating their potential to enhance genetic gain.

Seed quality traits in this B. napus breeding population exhibited significant correlations between
OLE, ERU, and LLE, reflecting their involvement in biosynthetic pathways as described in
previous studies (Katavic et al. 2001; Sasongko et al. 2005; Tang et al. 2019). Interestingly, OIL
was not significantly correlated to proportions of any of the four specific fatty acids, demonstrating
the highly complex nature of oil accumulation which is influenced by many minor-effect genes
and genotype x environment interactions (Delourme et al. 2006; Jiang et al. 2014; Zhao et al. 2007).
These relationships are critical for plant breeders seeking to improve quality traits while
minimizing linkage drag and introgression of unwanted traits from distant accessions. A prime
example of such a relationship is the ACP5 gene: identified near a peak QTL for OIL, this gene is
known to alter the fatty acid profile in response to salt stress (Huang et al. 2017).

Several QTL identified in this study coincide with QTL for the same traits in previous studies
(Table 3.9). Furthermore, candidate genes for fatty acid biosynthesis identified in previous studies
also coincide with significant regions detected here (Table 3.10). These candidate genes were
identified across 11 B. napus chromosomes, including WSDI1: an enzyme synthesizing both wax
esters and triacylglycerols with orthologs in Arabidopsis thaliana, peanuts (Arachis hypogaea),
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and oleaginous yeast (Li et al. 2008; Rani et al. 2013; Saha et al. 2006; Turchetto-Zolet et al. 2016).
Accordance with QTL in literature provides added assurance to the significance of novel
associations. The most significant QTL detected in this study, LLE.C04.1, was located in close
proximity to two highly significant QTL for OLE and ERU (ERU.C04.1 was the third-most
significant QTL detected overall). A candidate gene for fatty acid biosynthesis has not yet been
identified in this region, warranting further investigation to dissect the genetic control of such

significant effects on these three important seed quality traits.

A total of 24 unique GWAS analyses for each of the five seed quality traits compared various
population designs, marker sets, and models. Across the five traits, 89 peak QTL were identified
by FarmCPU. The remaining GWAS models also detected significant SNPs; however, were not as
consistently reliable in controlling false positives and negatives. Population design most clearly
emphasized performance differences among models. Among all QTL identified by FarmCPU, 79 %
were identified in the larger combined population (Tables S3.4 - S3.6) (Bento 2024a). In another
study of B. napus oil content, Wang et al. (2013) observed improved QTL discovery and more
accurate effect estimations while using larger, more diverse populations like the combined
population in this study; the power to detect alleles with heterotic effects is greater in large hybrid
populations than populations of their more homozygous parents (Wang et al. 2017b). FarmCPU
was particularly effective in accurately identifying QTL while controlling false positives and
negatives. FarmCPU is classified as a multi-locus GWAS (ML-GWAS) model which is designed
to estimate all marker-effects simultaneously, providing higher statistical power and reliability
against false positive/negative signals than single-locus GWAS (SL-GWAS) models which
consider each marker as an individual test (Vikas et al. 2022; Wang et al. 2016). This study
compared two ML-GWAS models (FarmCPU, MLMM) and four SL-GWAS models (CMLM,
MLM+K, MLM+K+PCA, GenABEL P+K). In the parent population, SL-GWAS models (besides
GenABEL P+K) exhibited false negatives (Figures S3.6 - S3.10). Some SL-GWAS analyses are
known to perform overly stringent corrections, failing to detect truly significant loci (false
negatives) (Khan et al. 2021). Alternatively, consistent false positives were observed in SL-GWAS
analyses of the combined population, whereas ML-GWAS models and GenABEL P+K generally
exhibited consistent control. One possible explanation for the prevalence of false positives by SL-
GWAS may be B. napus’ slow LD decay rate: approaching marker-trait associations by calculating

one marker at a time may falsely detect significant associations to the hundreds of genes located
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within extremely large haplotype blocks, whereas this issue is mitigated by ML-GWAS (Kaler et
al. 2020; Khan et al. 2021; Liu et al. 2022). Our results especially emphasize FarmCPU’s
superiority when comparing pooled results across all 120 GWAS analyses. Despite making up only
133 of the 1400 significant SNPs overall, FarmCPU constituted nearly half (78/161) of the peak
QTL, demonstrating its ability to identify singular and highly significant SNPs closest to the causal
locus (Kaler et al. 2020).

The prevalence of false positives in SL-GWAS could not simply be attributed to marker density
nor rare variants present in MS1. Overwhelming proportions of markers deviated above the
expected in both MS2 (intermediate density, not containing markers with MAF < 0.05) and MS1
(high density, containing markers with MAF < 0.05). If rare variants were responsible for this
behaviour, then such patterns would only be appear in the MS1 analyses. Similarly, false positives
due to extreme marker density would only appear in MS1 analyses, but they are also prevalent in
MS?2 analyses. These observations (and simultaneously strong performance of ML-GWAS and
GenABEL P+K) indicate that poorly controlled false positives and negatives were not attributed

to marker density or population composition, but instead SL-GWAS models themselves.

ML-GWAS approaches provide flexible selection criteria to reduce false positive and negative
signals while investigating complex traits. However, SL-GWAS approaches show proven
effectiveness in detecting major associations with less computationally demanding correction
(Alseekh et al. 2021; Khan et al. 2019; Wang et al. 2016; Wen et al. 2017). By leveraging both
approaches, GWAS for B. napus improvement could benefit from identifying consensus among
results, thereby more comprehensive understandings of genetic architecture (Khan et al. 2021).
Additionally, several population designs exist for plant breeders to improve QTL discovery and
lessen the spurious effects of population structure (Liu et al. 2022; Dell'Acqua et al. 2015; Wang
et al. 2017b; Xiao et al. 2017).

The findings from Chapter 3 demonstrate how marker-based models rely strongly on the allelic
variation provided to them. This variety may be achieved by increasing population size/diversity;
however, no clear benefit arises by increasing marker density above the LD decay threshold. These
factors are crucial for a breeder’s consideration as they relate to phenotyping costs, genotyping

costs, and computational resources for both GWAS (Chapter 3) and GS (Chapter 4).

129



In contrast to traditional MAS, which informs selections based only on major-effect QTL, GS
estimates major- and minor-effect QTL to calculate GEBVs (Krishnappa et al. 2021). The use of
GEBVs to inform selections (which would otherwise require multi-year, multi-location phenotypic
data) is a major benefit to plant breeders, facilitating the allocation of resources to desirable
germplasm and potentially lessening the number of breeding cycles (Heffner et al. 2010; Jubair
and Domaratzki 2023; Krishnappa et al. 2021; Varshney et al. 2017). The application of GS in
Chapter 4 serves to evaluate its potential effectiveness for B. napus improvement. The broad
spectrum of analyses were designed to simulate practical breeding scenarios — a breeder may elect
to use any combination of training population or validation population (TP/VP) designs, marker
densities, or models surveyed in this experiment. Overall, we demonstrated that GS can provide
highly accurate predictions of seed quality traits, identifying analyses which accurately predicted
all five traits above 0.70 (i.e. correlation of predictions to actual phenotypes). Overall oil content
was considered the most complex trait in this study, difficult to predict as a consequence of many
minor-effect QTL potentially affected further by environment (Delourme et al. 2006; Hu et al.
2021b; Jiang et al. 2014; Koscielny et al. 2019; Zhao et al. 2007). By combining different TP/VP
designs and models, OIL prediction accuracy ranged from negative values to as high as 0.745
(TP/VP design 5 input to BayesC). It was TP/VP design which most clearly affected the increases
or decreases in OIL prediction accuracy. Each trait responded significantly to TP/VP design
regardless of marker set and choice of parametric model, meanwhile ML models exhibited similar

responses to TP/VP design among themselves.

This study compared the effects of 5 unique TP/VP designs on GS prediction accuracy, each
inputting different proportions of parent genotypes, hybrid genotypes, or random samples of all
genotypes (design 1: TP = 100 % of parent genotypes, VP = 20 % of hybrid genotypes; design 2:
TP =100 % of parent genotypes, VP = 60 % of hybrid genotypes; design 3: TP = 100 % of parent
genotypes, VP =100 % of hybrid genotypes; design 4: TP =20 % of random genotypes, VP =80 %
of random genotypes; and design 5: TP = 60 % of random genotypes, VP = 40 % of random
genotypes). Despite the similarity between designs 4 and 5 both incorporating parents and hybrids
in model training (incorporating relatedness between TP/VP), the larger TP in design 5 produced
the greatest prediction accuracy among nearly all traits and models, whereas the smaller TP in
TP/VP design 4 often produced poorer accuracies than other designs which only trained models

using parents. Incorporating TP/VP relatedness may improve prediction accuracy; however, TP
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size must also remain sufficiently large to capture the diversity of haplotypic combinations
possible within parents and hybrids (Daetwyler et al. 2008; Desta and Ortiz 2014; Werner et al.
2020). Although TP/VP designs 1-4 contained similarly small TP sizes, TP/VP design 4 likely
excluded one or both of a hybrid’s parents from the TP across many iterations of its random
sampling, demonstrating poor predictive ability. Hu et al. (2021b) also observed declines in
prediction accuracy when model training incorporated neither parent of B. napus hybrids versus
when incorporating one or both parents. Although TP/VP designs 1-3 did not incorporate any
hybrids in training, they incorporated both parents of all predicted hybrids, producing generally

good prediction accuracies.

Of the factors compared in this study, marker set density was least significant to GS prediction
accuracy. As long as marker set density is developed in accordance to LD blocks, sufficient linkage
to causal loci is available for GS models to estimate marker effects on traits (Figure 4.3). Kaler et
al. (2022) described this as a haplotype block performing similar to a single marker, where adding
more markers does not improve accuracy but instead can increase error (overfitting). The ability
to produce reliable predictions with low-density marker sets may be promising for plant breeders

looking to reduce genotyping costs and computational burden.

All six parametric models performed statistically equivalently, maintaining more reliable
prediction accuracies than the more computationally demanding ML models. The ML models used
in this study either performed similarly (SVR) or poorer (RF and XGB) to parametric models
(Figure 4.6). A potential explanation for the generally poor performance of ML in this study may
be TP sizes that are too small for sufficient machine learning (Montesinos-Lopez et al. 2021;
Sandhu et al. 2021b). Despite exponentially growing interest in ML and deep learning, our results
demonstrate how simpler parametric GS models can provide relatively accurate and reliable
predictions for marker-based improvement of complex seed quality traits (Hu et al. 2021b; Kaler

et al. 2022; Zou et al. 2016, Merrick and Carter 2021).

Breeders may also consider GWAS-guided GS, a technique proposed to improve GS accuracy by
training models on optimal selections of informative markers. These small marker subsets aim to
mitigate model overfitting and underfitting while reducing computational burden (Hickey et al.
2014; Montesinos-Lopez et al. 2022b; Zhang et al. 2023). Our application of GWAS-guided GS to
B. napus improvement did not exhibit significantly improved prediction accuracies relative to
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conventional GS. When 200 informative markers were subset from GWAS results of MS1 and
MS2, the GWAS-guided GS prediction accuracies for each trait only slightly increased numerically
relative to conventional GS. With MS3, small numeric decreases in prediction accuracy were
observed when using the top 200 markers of the low-density marker set. This difference among
marker sets could be expected considering that GWAS- guided GS relies on capturing informative
markers with more predictive power than the majority of markers which are unassociated to the
trait — the 200-marker subsets incorporated nearly 1/5 of SNPs in MS3, many of which were likely
unassociated to the traits. In Chapters 3 and 4, we discussed how GWAS of inbred parents has
difficulty in revealing hidden the variables which contribute to the heterosis of their progeny. As a
credit to the GWAS-guided GS method, effective prediction accuracies of hybrid traits were
achieved based on supposedly poor training data: extremely small subsets of markers whose
significance were determined by GWAS of only the inbred parental population (Hu et al. 2021b;
Wang et al. 2017b). This result demonstrates the potential benefits of GWAS-guided GS relative
to conventional breeding or MAS. While GWAS-guided GS offers theoretical advantages, its
practical benefits relative to conventional GS are limited by the continued need for costly
phenotyping and genotyping in new training populations, the declining predictive power of marker
subsets due to LD block rearrangements throughout breeding cycles, and advancements in
genotyping technologies that diminish cost differences between genome-wide and low-density
approaches (Clarke et al. 2016; DoVale et al. 2022; Magdy et al. 2020; Norman et al. 2018; Rhoads
and Au 2015). Broad integration of GWAS-guided GS in B. napus breeding is unlikely considering

it does not significantly outperform conventional GS in cost effectiveness or long-term practicality.

This research demonstrates the combined strengths of GWAS and GS. Informing genetic gains
while reducing reliance on field resources and genotypic data draws a direct connection to the
overarching objective in agriculture to produce more with less. Several QTL for each seed quality
trait were identified through GWAS, including novel QTL and those in accordance with previous
literature. Effective prediction accuracies were produced using both GS and GWAS-guided GS
methods, providing potential genetic gain advantages over conventional selection or MAS. These
results encourage the adoption and further development of selection methods to drive B. napus

improvement amidst future challenges.
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7. FUTURE RESEARCH RECOMMENDATIONS

While the results of this research are promising for the implementation of GWAS and GS in B.
napus improvement, they also demonstrate the subjectivity of marker-based modelling. Many
methods are available to improve GWAS and GS effectiveness; however, such methods remain
largely unexplored in application to B. napus. Further research may progress towards standard

operating procedures which are effective in most plant breeding scenarios.

Regarding GWAS analyses, greater genetic information could be extracted by conducting GWAS
based on next-generation sequencing data (e.g. including rare variants). Results from this study
also demonstrate how consensus among SL-GWAS and ML-GWAS models can improve the
reliability of GWAS results. Future research in B. napus improvement should integrate both
approaches, leveraging the strengths of SL-GWAS and ML-GWAS to enhance the reliability of
GWAS results, thereby offering more comprehensive understandings of genetic architecture.
Additionally, several QTL identified in Chapter 3 could be further investigated using BLAST,

transcriptomics, or gene knockout to understand their role in oil and fatty acid profile traits.

Given that each of the four fatty acids were significantly correlated with each other, leveraging
data from these traits could further improve their prediction accuracy. Follow-up research on B.
napus GS could explore multi-trait GS models to enhance prediction accuracy for complex traits
that are also correlated to seed quality traits. To buffer the effects of selection and drift on LD
between QTL throughout breeding cycles, additional research could investigate strategies of

updating TP data to maintain or improve GS accuracy throughout cycles of B. napus breeding.

Future applications of GWAS-guided GS should focus on simulating other practical B. napus
breeding scenarios. For example, including parents and preliminary hybrids in training, replicated
with both groups, only hybrids, or random proportions of either group for independent GWAS
analyses and marker subsetting. Future GWAS-guided GS research may also coincide with
conventional GS, incorporating methods such as multi-trait models, environmental data, high
throughput phenotyping, or advanced TP updating strategies to maintain GS prediction accuracy

while reducing costs for large-scale breeding programs.
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8.2

8.2.1

Appendices
List of abbreviations
AAFC

BBCH-scale

BayesA
BayesA
BayesC
BGLR
BLUP
bp
BRR
CI
CMLM
CMS
CoA
CTAB
Cv
CV%
DH
DNA
ERU

EU

Agriculture and Agri-Food Canada

Biologische bundesanstalt bundessortenamt und chemische

industrie scale

Bayesian A regression method
Bayesian B regression method
Bayesian C regression method
Bayesian generalized linear regression
Best linear unbiased prediction
Base pairs

Bayesian ridge regression
Confidence interval

Compression mixed linear model
Cytoplasmic male sterility
Coenzyme A

Cetyl methylammonium bromide
Cross validation

Coefficient of variation percentage
Doubled haploid
Deoxyribonucleic acid

Erucic acid content

European Union

181



FarmCPU
GAPIT
GC
GBLUP
GBS
GEBV
GS
GWAS
HEAR
INRA
Kb

kg ha’!
L ha!
LD
LLE
LLN
MAF
MAS
Mb

ML
ML-GWAS
MLM

MLM+K

Fixed and random model circulating probability unification
Genome association and prediction integrated tool
Gas chromatography

Genomic best linear unbiased prediction
Genotyping-by-sequencing

Genomic estimated breeding value

Genomic selection

Genome-wide association study

High erucic acid rapeseed

Institut National de la Recherche Agronomique
Kilobase pairs

Kilograms per hectare

Litres per hectare

Linkage disequilibrium

Linoleic acid content

Linolenic acid content

Minor allele frequency

Marker-assisted selection

Megabase pairs

Machine learning

Multi-locus genome-wide association study
Mixed linear model

Mixed linear models considering kinship
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MLM+K+PCA

MLMM
MS
MTA
ng/uL
NIR
OIL
OLE
PCA

QTL

RCBD

RDF

RFLP

RIL
rrBLUP
SB
SL-GWAS
SNP

SSR

SVR

Mixed linear models considering kinship and subpopulation

structure via principle component analyses
Multi-locus mixed model

Marker set

Marker-trait association

Nanograms per microlitre

Near infrared

Overall oil content

Oleic acid content

Principal component analysis

Quantitative trait loci

Quantile-quantile

Randomized complete block design
Radial basis function

Random forest

Restriction fragment length polymorphism
Recombinant inbred line

Ridge regression best linear unbiased prediction
Speed breeding

Single-locus genome-wide association study model
Single nucleotide polymorphism

Simple sequence repeat

Support vector regression
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tha'!
TASSEL
TAG

TP

VP
WGR

XGB

Tonnes per hectare

Trait analysis by association, evolution and linkage
Triacylglycerol

Training population

Validation population/test population
Whole-genome regression

Extreme gradient boosting
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8.2.2 Supplemental tables and figures

Table S3.1 Summary of locations and soil types of field experiments for 92 Brassica napus L.
parent genotypes tested across Manitoba in randomized complete block designs from 2016-
2018.

Site-year # Year Site Soil type

2016 Glenlea Rego black chemozem (typic hapludert) of
1 scantenbury series

2017 Carman Orthic blacks developed on sandy., coarse
2 loamy, fine loamy and clayey sediments

2017 Portage la Prairie Chernozemp with occurrence of regosolic
3 and gleysolic

2018 Glenlea Rego black chemozem (typic hapludert) of
4 scantenbury series

2018 Portage la Prairie Chernozemp with occurrence of regosolic
5 and gleysolic

Adapted from Sun, J. (2021) Genome-wide association and genomic selection in Brassica napus L.
University of Manitoba
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Table S3.2 Summary of locations and number of 362 Brassica napus L. hybrid genotypes
tested across Alberta, Saskatchewan, and Manitoba in 2014-2018.

Site-year#  Year Site Number of genotypes evaluated
1 2014 Bison (Winnipeg), MB 34
2 2014 Carman, MB 37
3 2015 Arboretum (Winnipeg), MB 31
4 2015 Bison (Winnipeg), MB 182
5 2015 Carman, MB 182
6 2015 Portage la Prairie, MB 182
7 2016 Arboretum (Winnipeg), MB 35
8 2016 Bison (Winnipeg), MB 198
9 2016 Carman, MB 236
10 2016 Holland, MB 3
11 2016 Killam, AB 3

12 2016 North Battleford, SK 3

13 2016 Pense, SK 3
14 2016 Portage la Prairie, MB 233
15 2016 Rosebank, MB 3
16 2016 Rosetown, SK 3
17 2016 Saint Albert, AB 3

18 2016 Thornhill, MB 3

19 2016 Wawanesa, MB 3
20 2016 Yellow Grass, SK 3
21 2017 Bison (Winnipeg), MB 35
22 2017 Carman, MB 45
23 2017 Holland, MB 10
24 2017 Killam, AB 10
25 2017 Lake Lenore, SK 10
26 2017 Marquis, SK 10
27 2017 Portage la Prairie, MB 35
28 2017 Rosebank, MB 10
29 2017 Rosetown, SK 10
30 2017 Saint Albert, AB 10
31 2017 Thornhill, MB 10
32 2017 Vanscoy, SK 10
33 2017 Watrous, SK 10
34 2018 Carman, MB 15
35 2018 Carstairs, AB 9
36 2018 Killam, AB 1

37 2018 Lake Lenore, SK 9
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38
39
40
41
42
43

2018
2018
2018
2018
2018
2018

Marquis, SK

Portage la Prairie, MB
Rosebank, MB

Saint Albert, AB
Vanscoy, SK
Watrous, SK

Adapted from Sun, J. (2021) Genome-wide association and genomic selection in Brassica napus L.

University of Manitoba
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Table S3.3 Best linear unbiased prediction (BLUP) values of five seed quality traits in a
population of 427 Brassica napus L. genotypes. BLUPs summarize raw site-year data
collected from 48 site-years.

Name Line ERU! LLE? LLN? OLE* OIL®
Pl R-line 46.04 12.43 7.86 15.08 45.61
P2 R-line 46.24 12.79 8.11 15.01 43.73
P3 R-line 44.56 11.85 7.44 17.65 44.05
P4 R-line 44.08 12.09 7.40 17.74 45.43
P5 R-line 42.62 11.21 7.91 18.75 46.13
P6 R-line 46.55 12.48 7.81 14.76 45.95
P7 R-line 44.90 12.92 7.27 16.70 43.44
P8 R-line 49.85 12.87 8.01 13.08 43.63
P9 R-line 41.98 12.28 7.47 19.24 44.32
P10 R-line 47.96 12.37 7.85 14.33 45.54
P11 R-line 45.06 12.03 7.89 15.82 44.78
P12 R-line 48.43 12.14 7.69 14.48 44.19
P13 R-line 47.23 11.54 8.33 14.59 46.18
P14 R-line 47.73 11.83 8.71 15.18 43.98
P15 R-line 53.75 11.70 7.53 12.78 46.78
P16 R-line 50.10 12.11 7.95 13.52 45.11
P17 R-line 49.88 11.84 8.83 12.58 43.14
P18 R-line 54.07 11.25 8.99 11.39 41.77
P19 R-line 52.01 12.23 8.47 12.37 41.07
P20 R-line 53.68 11.18 8.45 12.08 43.10
P21 R-line 49.94 12.30 9.72 11.60 41.18
P22 R-line 51.67 11.37 8.30 12.79 43.79
P23 R-line 52.37 10.89 8.76 12.71 43.44
P24 R-line 50.54 11.56 8.21 13.43 41.07
P25 R-line 50.58 11.72 8.58 12.88 45.40
P26 R-line 50.57 11.30 8.83 12.79 44.06
P27 R-line 50.55 11.91 8.90 12.71 4491
P28 R-line 51.49 11.33 9.05 12.30 45.22
P29 R-line 51.42 11.35 9.15 12.29 45.00
P30 R-line 53.70 11.70 8.93 11.57 42.37
P31 R-line 51.67 11.08 8.63 13.00 43.51
P32 R-line 50.44 10.65 8.21 14.14 44.42
P33 R-line 49.44 10.98 7.60 15.45 45.93
P34 R-line 48.90 11.24 8.24 15.29 43.73
P35 R-line 47.23 12.07 7.51 15.34 43.86
P36 R-line 47.42 13.42 6.84 15.15 42.97
P37 R-line 47.27 13.41 7.12 14.95 42.37
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P38
P39
P40
P41
P42
P44
P45
P46
P47
P48
P49
P50
P51
P52
P53
P54
P55
P56
P57
P58
P59
P60
P61
P62
P63
P64
P65
P66
P67
P68
P69
P70
P71
P72
P73
P74
P75
P76
P77
P78
P79

R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
R-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line
B-line

47.56
46.34
50.04
49.47
50.19
46.77
46.04
51.17
50.57
51.61
52.98
52.00
54.28
56.50
56.86
52.04
56.32
53.73
53.80
54.43
56.31
55.02
53.73
46.65
47.81
55.10
50.49
49.28
52.11
51.38
51.30
53.64
49.94
48.63
53.06
51.53
51.49
51.99
58.09
58.60
58.12

13.19
11.96
11.68
11.99
11.91
11.73
12.06
11.40
11.73
11.13
11.10
11.86
8.99

8.40

6.81

12.04
7.76

8.46

12.30
12.48
7.65

7.08

11.16
10.83
10.32
11.40
9.75

10.83
10.25
10.63
10.81
11.71
10.05
10.92
10.57
10.41
11.65
10.23
7.43

6.99

6.92

7.00
8.50
9.33
8.69
8.89
9.77
9.65
9.59
9.09
9.46
9.86
8.82
791
7.62
6.79
7.75
6.85
7.20
8.23
8.38
6.86
7.74
7.59
9.39
9.82
8.68
9.02
8.00
8.91
8.38
7.94
8.37
8.85
8.20
8.81
8.57
8.34
8.95
7.46
6.70
7.28

15.05
15.75
12.29
12.90
12.48
14.38
14.46
12.46
12.61
12.66
11.67
11.95
14.64
14.83
16.76
13.13
16.29
16.20
11.70
10.34
16.32
16.24
13.21
15.00
14.90
11.42
14.55
15.08
13.72
14.17
14.21
12.39
14.48
15.20
13.02
14.02
12.80
13.61
15.28
16.17
15.68

42.90
42.65
42.20
42.99
43.13
43.75
43.87
44.25
43.67
43.83
44.04
45.76
41.09
42.78
41.76
43.79
39.81
40.58
43.16
44.08
43.76
44.34
42.76
44.34
47.71
45.77
46.45
46.55
46.82
47.04
45.85
48.20
46.36
46.09
46.68
46.75
46.19
47.59
44.49
47.13
48.22
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P80 B-line 51.01 9.94 8.99 14.25 48.41
P81 B-line 49.43 10.27 9.39 14.28 47.96
P82 B-line 54.27 11.04 7.97 12.66 47.02
P83 B-line 52.11 11.27 8.52 13.03 47.50
P84 B-line 56.23 6.86 8.06 15.99 47.20
P85 B-line 58.86 6.12 6.04 17.63 47.04
P86 B-line 58.86 6.43 7.31 16.10 46.25
P87 B-line 57.80 7.34 7.87 15.03 47.20
P88 B-line 58.16 6.55 6.77 17.04 47.02
P89 B-line 55.47 6.06 5.92 19.16 46.56
P90 B-line 52.64 10.67 8.50 13.39 45.41
P91 B-line 53.64 11.00 7.74 13.38 49.02
P92 B-line 54.65 11.67 8.64 11.23 47.42
Hl Hybrid 51.59 10.99 9.78 12.30 46.10
H2 Hybrid 50.84 10.39 9.59 13.44 45.39
HS5 Hybrid 48.65 11.27 9.34 13.91 36.85
H6 Hybrid 47.82 10.89 9.22 14.93 46.84
H7 Hybrid 46.22 11.19 8.67 15.99 46.91
H8 Hybrid 45.13 10.54 8.67 16.90 46.03
H9 Hybrid 48.13 11.29 9.33 13.93 47.68
HI10 Hybrid 47.54 11.28 8.91 14.91 46.60
HI1 Hybrid 50.04 11.19 8.81 13.57 47.50
HI2 Hybrid 46.45 11.57 9.06 15.34 45.41
HI13 Hybrid 48.13 11.12 9.11 14.48 47.52
H14 Hybrid 45.61 11.02 8.63 16.01 45.45
Hl6 Hybrid 50.72 11.15 8.77 13.34 46.35
H17 Hybrid 49.15 10.77 8.80 14.40 46.10
HI8 Hybrid 50.11 11.14 8.92 13.20 46.06
HI19 Hybrid 48.13 10.79 9.06 14.43 45.82
H20 Hybrid 48.63 10.65 8.28 15.12 46.02
H21 Hybrid 51.92 11.15 8.27 13.16 46.62
H22 Hybrid 50.80 10.90 8.40 13.96 46.19
H23 Hybrid 48.52 11.87 7.90 14.70 46.73
H24 Hybrid 47.71 11.62 8.13 15.13 46.74
H25 Hybrid 44.63 11.94 8.25 16.50 45.32
H26 Hybrid 50.58 11.37 8.08 13.86 46.75
H27 Hybrid 49.67 11.72 8.00 13.76 47.15
H28 Hybrid 49.45 10.78 8.37 14.55 47.10
H29 Hybrid 50.34 11.00 8.11 14.35 46.32
H30 Hybrid 50.91 10.79 8.27 14.23 46.42
H31 Hybrid 49.08 11.22 8.12 14.71 46.35
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H32 Hybrid 48.10 11.90 7.96 15.08 46.98
H33 Hybrid 51.60 11.25 8.30 13.02 46.56
H34 Hybrid 50.74 10.91 8.47 13.79 45.33
H35 Hybrid 49.67 10.97 8.52 14.15 45.61
H36 Hybrid 50.54 11.56 8.54 13.37 44.46
H37 Hybrid 50.04 11.47 8.66 13.17 45.29
H42 Hybrid 53.10 10.84 8.33 13.09 44.41
H43 Hybrid 53.29 10.98 8.64 12.87 44.94
H44 Hybrid 52.29 10.85 8.65 13.09 45.33
H45 Hybrid 54.50 10.81 8.74 12.32 44.35
H46 Hybrid 53.05 10.74 8.33 13.24 45.33
H47 Hybrid 53.81 10.46 8.79 12.78 45.05
H48 Hybrid 53.26 10.72 8.66 12.96 45.26
H49 Hybrid 51.88 11.13 8.08 13.79 44.39
H50 Hybrid 51.99 11.34 8.37 13.45 44.59
H53 Hybrid 53.61 10.93 8.45 12.88 45.45
H54 Hybrid 51.70 11.31 8.10 13.57 45.29
H56 Hybrid 53.51 11.21 8.54 12.59 44.30
HS57 Hybrid 55.32 10.70 8.92 11.54 44.83
HS58 Hybrid 55.00 10.32 9.09 11.95 45.19
H59 Hybrid 5242 10.97 8.21 13.45 45.44
H60 Hybrid 50.86 10.74 9.04 13.47 44.17
H62 Hybrid 51.19 11.92 9.30 12.27 43.69
H66 Hybrid 52.63 10.05 8.90 13.39 45.44
H67 Hybrid 51.51 10.38 8.76 13.83 45.41
H68 Hybrid 51.33 10.08 9.14 13.66 45.45
H69 Hybrid 48.07 11.43 8.74 15.42 45.14
H71 Hybrid 52.43 10.48 9.17 13.01 46.16
H74 Hybrid 53.87 10.64 8.60 12.67 45.04
H76 Hybrid 52.51 10.85 8.97 12.69 45.28
H78 Hybrid 52.04 10.04 8.33 14.57 45.98
H79 Hybrid 52.12 10.02 8.11 14.50 42.74
H80 Hybrid 50.43 10.75 8.49 14.13 46.17
H81 Hybrid 53.68 11.09 8.30 12.84 45.27
H82 Hybrid 50.59 10.89 7.87 14.37 45.13
H83 Hybrid 50.69 11.03 7.97 14.26 45.34
H84 Hybrid 48.98 11.01 8.26 14.56 45.15
H85 Hybrid 51.13 11.62 8.07 13.59 45.36
H87 Hybrid 50.61 11.77 7.81 14.05 44.39
H88 Hybrid 49.85 11.90 7.99 14.04 4481
H90 Hybrid 50.37 11.56 7.76 14.23 45.02
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H91 Hybrid 50.61 11.21 7.99 14.21 44.87
H92 Hybrid 48.90 11.78 7.51 14.78 44.50
H93 Hybrid 52.16 11.88 7.75 13.23 44.99
H94 Hybrid 51.33 11.59 7.44 14.11 44.68
H95 Hybrid 50.99 11.51 7.67 14.26 45.19
H96 Hybrid 49.35 11.87 791 14.35 44.17
H97 Hybrid 51.45 12.40 7.68 13.39 4481
H98 Hybrid 49.37 10.79 8.56 14.75 44.89
H99 Hybrid 49.52 10.54 8.78 14.82 45.45
H100  Hybrid 47.87 10.85 8.70 15.10 45.44
H102  Hybrid 51.36 10.89 8.98 13.27 43.97
H103  Hybrid 52.10 11.05 9.06 12.50 44.66
H104  Hybrid 49.96 10.97 9.03 13.38 43.75
H106  Hybrid 51.48 11.02 8.74 13.06 45.36
H107  Hybrid 51.89 11.03 8.79 12.95 45.84
H109  Hybrid 49.20 11.43 8.52 14.29 45.77
H110  Hybrid 49.19 10.54 9.13 14.72 45.22
H111  Hybrid 50.14 10.74 9.03 14.05 45.23
H112  Hybrid 47.55 10.85 9.00 15.22 44.74
H113  Hybrid 49.36 10.85 9.04 14.85 45.93
H114  Hybrid 49.14 10.54 8.94 14.74 45.08
H115 Hybrid 49.68 10.87 9.17 14.09 44 .88
H116  Hybrid 47.44 11.00 9.12 14.87 44.45
H117  Hybrid 47.74 10.37 8.74 16.15 45.08
H118  Hybrid 45.53 10.85 7.79 17.64 44.37
H119  Hybrid 48.71 10.72 8.26 15.31 45.19
H120  Hybrid 46.02 11.05 7.99 16.67 45.14
H121  Hybrid 44.68 11.96 7.75 17.30 45.05
H122  Hybrid 52.22 10.35 8.61 13.47 44.66
H123  Hybrid 52.33 10.26 8.99 13.22 45.11
H124  Hybrid 51.47 11.15 8.17 13.70 45.25
H125  Hybrid 52.07 10.30 8.59 13.77 44.94
H126  Hybrid 51.90 10.30 8.65 13.54 44.94
H127  Hybrid 52.31 10.10 8.78 13.71 45.02
H128  Hybrid 51.98 10.76 8.32 13.62 44.76
H129  Hybrid 52.01 10.74 8.40 13.54 44.57
H130  Hybrid 52.31 10.53 8.29 13.66 44.86
H131  Hybrid 50.41 10.66 8.37 14.28 44.92
H132  Hybrid 51.70 10.58 8.31 13.92 45.29
H133  Hybrid 51.01 10.95 8.57 13.62 45.29
H134  Hybrid 52.61 10.62 8.33 13.52 45.35
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H135  Hybrid 52.62 10.95 8.57 13.01 45.10
H136  Hybrid 5241 10.30 8.73 13.36 45.69
H137  Hybrid 53.09 10.33 8.50 13.34 45.29
H138  Hybrid 52.44 10.54 9.00 13.08 44.41
H139  Hybrid 52.40 10.58 9.19 12.64 43.77
H140  Hybrid 51.61 11.49 8.49 12.99 44.72
H141  Hybrid 50.72 10.53 8.61 14.17 44.09
H142  Hybrid 49.72 10.53 8.89 14.36 44.52
H143  Hybrid 52.28 11.32 8.12 13.21 46.02
H144  Hybrid 52.03 10.22 8.80 13.59 43.80
H145 Hybrid 51.34 10.19 9.15 13.51 44.14
H146  Hybrid 52.21 11.18 8.41 13.31 45.09
H147  Hybrid 4891 10.76 8.54 14.90 43.56
H148  Hybrid 49.04 10.32 8.63 15.09 43.93
H149  Hybrid 49.57 11.43 8.36 14.10 44.58
H150 Hybrid 47.88 10.67 8.62 15.24 45.60
H151  Hybrid 49.90 10.72 8.65 14.05 45.71
H152  Hybrid 48.79 10.61 8.87 14.58 45.59
H153  Hybrid 49.91 11.49 8.51 13.90 46.00
H154  Hybrid 48.46 10.76 8.54 15.27 44 .82
H155 Hybrid 50.61 10.84 8.91 13.88 45.52
H156  Hybrid 47.40 10.82 8.87 15.42 45.16
H157  Hybrid 49.57 11.66 8.36 14.42 46.38
H158  Hybrid 51.74 10.93 8.16 13.67 46.38
H159  Hybrid 53.87 10.97 8.08 12.84 46.48
H160  Hybrid 51.36 10.77 8.27 13.83 45.78
H161  Hybrid 52.26 11.98 7.83 13.14 47.99
H162  Hybrid 49.84 10.72 8.23 14.54 45.53
H163  Hybrid 49.35 10.43 8.55 14.91 45.72
H164  Hybrid 49.67 10.47 8.79 14.29 44.97
H165  Hybrid 49.03 10.64 8.92 14.41 44.90
H166  Hybrid 53.77 10.71 8.85 12.51 45.21
H167  Hybrid 55.18 8.99 8.09 13.99 43.38
H168  Hybrid 55.95 8.91 7.79 13.99 45.53
H169  Hybrid 55.48 9.04 8.31 13.61 44.86
H170  Hybrid 53.77 10.99 9.23 11.85 44.15
H171  Hybrid 54.56 9.29 8.49 13.49 42.13
H172  Hybrid 55.95 9.13 7.95 13.62 45.31
H173  Hybrid 55.17 9.21 8.42 13.46 43.87
H174  Hybrid 52.95 10.91 8.80 12.60 45.02
H175  Hybrid 53.32 9.08 7.88 14.81 43.34
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H176  Hybrid 55.34 8.84 7.54 14.67 45.61
H177  Hybrid 53.89 9.73 8.20 13.85 44.33
H178  Hybrid 52.82 10.69 9.16 12.51 44.30
H179  Hybrid 54.39 8.68 8.15 14.43 42.17
H180  Hybrid 55.14 8.86 8.06 14.26 45.02
H181  Hybrid 54.53 9.13 8.53 13.89 43.83
H182  Hybrid 50.19 11.27 8.55 13.85 43.98
H185  Hybrid 52.73 9.73 8.04 14.47 42.87
H186  Hybrid 50.48 11.36 8.71 13.44 44.84
H187  Hybrid 52.43 9.12 8.03 14.93 44.14
H188  Hybrid 53.70 9.06 7.58 14.77 45.99
H189  Hybrid 51.92 9.44 8.09 14.94 45.71
H190  Hybrid 49.71 11.51 8.67 14.01 45.29
H191  Hybrid 52.47 9.37 8.04 14.89 43.66
H193  Hybrid 51.57 10.48 8.11 14.41 45.77
H194  Hybrid 50.25 10.85 8.87 13.45 45.08
H195  Hybrid 52.99 11.56 8.14 12.79 45.76
H196  Hybrid 54.76 9.40 7.32 14.60 44.07
H197  Hybrid 55.74 9.49 7.08 14.36 46.88
H198  Hybrid 54.34 9.71 7.54 14.45 44.54
H199  Hybrid 51.66 11.22 8.31 13.32 46.60
H200  Hybrid 54.21 9.35 7.77 14.47 43.78
H201  Hybrid 55.13 9.40 7.13 14.50 46.69
H202  Hybrid 53.65 9.40 7.57 14.73 46.09
H203  Hybrid 50.47 11.20 8.83 13.26 44.76
H204  Hybrid 53.66 9.16 8.04 14.40 43.49
H205  Hybrid 54.01 8.94 7.77 14.77 45.09
H206  Hybrid 52.47 9.70 8.17 14.39 44.04
H207  Hybrid 47.96 11.75 9.16 13.83 43.45
H208  Hybrid 49.26 11.90 8.79 13.26 43.57
H209  Hybrid 50.23 11.19 8.87 13.77 44.06
H210  Hybrid 51.54 11.11 9.03 13.15 44.49
H211  Hybrid 51.24 11.26 8.27 14.05 44.14
H212  Hybrid 51.47 10.60 8.29 14.09 44.23
H213  Hybrid 52.78 10.91 8.50 13.32 44.92
H214  Hybrid 50.98 10.25 8.55 14.25 45.27
H215  Hybrid 49.39 11.12 8.56 14.49 45.00
H216  Hybrid 48.79 10.74 8.52 15.09 45.19
H217  Hybrid 50.59 10.65 8.52 13.84 45.88
H218  Hybrid 51.19 10.44 8.68 14.13 45.56
H219  Hybrid 53.07 10.80 8.84 12.99 45.10
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H220  Hybrid 52.46 10.36 9.10 13.02 45.43
H221  Hybrid 49.95 11.32 8.84 13.87 44.70
H222  Hybrid 50.90 10.67 8.82 13.68 45.27
H223  Hybrid 50.72 10.97 8.89 13.32 45.20
H224  Hybrid 52.33 10.39 8.82 13.52 46.03
H225  Hybrid 53.70 10.57 9.07 12.71 46.13
H226  Hybrid 52.83 10.74 8.71 13.18 44.70
H227  Hybrid 52.40 11.29 8.55 13.25 45.39
H229  Hybrid 48.60 11.37 8.47 14.45 44.93
H230  Hybrid 55.02 10.83 8.80 12.31 45.11
H231  Hybrid 51.01 10.56 8.00 14.75 45.34
H232  Hybrid 48.96 11.45 8.14 15.03 45.27
H233  Hybrid 49.93 10.82 7.81 15.12 45.91
H234  Hybrid 49.29 11.10 7.78 14.98 45.37
H235  Hybrid 51.66 10.94 7.93 14.19 46.70
H236  Hybrid 51.48 10.82 8.78 13.37 45.42
H237  Hybrid 48.97 11.70 8.87 13.89 44.64
H238  Hybrid 47.41 11.21 8.40 15.47 45.52
H239  Hybrid 49.97 11.38 8.54 13.98 45.32
H240  Hybrid 50.86 10.99 8.81 13.16 46.22
H241  Hybrid 51.52 11.32 8.78 12.98 44.30
H242  Hybrid 50.63 11.46 7.93 14.13 45.21
H244  Hybrid 54.88 9.39 7.25 14.74 45.52
H245  Hybrid 53.24 9.46 7.48 14.87 46.01
H246  Hybrid 53.26 10.82 8.20 13.40 46.04
H247  Hybrid 51.03 11.61 7.78 14.00 46.13
H248  Hybrid 51.12 11.35 7.82 14.33 46.66
H249  Hybrid 51.49 11.70 7.89 13.38 46.06
H250  Hybrid 51.71 11.19 7.64 14.27 45.80
H251  Hybrid 53.73 10.90 7.62 13.66 47.36
H253  Hybrid 52.56 10.77 7.89 14.01 46.87
H255  Hybrid 51.48 10.70 8.27 14.07 45.13
H256  Hybrid 53.57 11.11 8.76 12.59 44.36
H257  Hybrid 5242 11.18 8.65 12.68 43.88
H258  Hybrid 52.82 10.75 8.62 13.23 44.83
H259  Hybrid 53.93 10.83 8.78 12.57 44.36
H260  Hybrid 50.95 11.14 8.28 14.12 45.03
H261  Hybrid 52.03 11.42 8.14 13.22 44.93
H262  Hybrid 51.85 10.28 8.53 13.91 45.79
H263  Hybrid 53.09 10.60 8.32 13.42 45.91
H264  Hybrid 52.30 10.90 8.52 13.46 44.57
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H265  Hybrid 5241 10.91 8.52 13.22 44.65
H266  Hybrid 52.57 10.26 8.90 13.39 45.09
H267  Hybrid 53.75 10.32 8.62 13.21 44 .82
H268  Hybrid 48.70 10.95 8.27 15.32 43.83
H269  Hybrid 49.47 10.91 8.08 14.93 43.55
H270  Hybrid 50.82 10.37 8.38 14.51 44.76
H271  Hybrid 51.08 10.52 8.39 14.33 44.09
H272  Hybrid 52.80 11.03 8.59 12.82 45.28
H273  Hybrid 51.76 10.74 8.90 13.24 45.44
H274  Hybrid 50.26 11.02 8.51 13.89 44.60
H275  Hybrid 48.68 11.34 8.65 14.50 44.73
H276  Hybrid 46.44 11.73 8.59 15.43 45.20
H277  Hybrid 48.12 11.63 8.38 14.88 45.09
H278  Hybrid 50.78 10.83 8.79 13.66 45.01
H279  Hybrid 51.81 11.28 8.64 12.94 44.83
H280  Hybrid 51.47 11.00 8.46 13.37 45.12
H281  Hybrid 49.50 10.95 8.78 14.04 44.19
H282  Hybrid 49.21 11.06 8.50 14.71 44.14
H283  Hybrid 50.82 10.92 8.60 13.56 45.51
H284  Hybrid 49.71 11.29 8.46 14.03 44.49
H285  Hybrid 49.59 10.74 8.90 14.08 44.83
H286  Hybrid 50.66 10.96 8.58 13.65 45.78
H287  Hybrid 52.00 10.79 8.37 13.63 45.40
H288  Hybrid 52.16 10.64 8.68 13.32 45.29
H289  Hybrid 49.65 10.69 8.54 14.47 4481
H290  Hybrid 49.68 11.37 8.47 14.28 44.68
H291  Hybrid 51.71 11.02 8.44 13.44 45.92
H292  Hybrid 50.95 11.26 8.43 13.44 45.61
H293  Hybrid 51.19 10.85 8.41 13.88 45.04
H294  Hybrid 51.95 10.83 8.51 13.59 44.83
H296  Hybrid 52.01 10.68 8.87 13.25 45.67
H297  Hybrid 50.53 10.51 8.64 14.26 45.51
H299  Hybrid 51.19 10.68 8.25 14.07 45.59
H300 Hybrid 50.92 10.96 8.14 13.99 45.51
H301  Hybrid 51.21 10.93 8.55 13.81 45.45
H302  Hybrid 52.16 10.65 8.67 13.55 45.85
H303  Hybrid 51.99 11.10 8.89 12.89 45.11
H304  Hybrid 51.47 10.86 8.97 13.39 45.11
H305  Hybrid 50.37 11.12 8.76 13.74 44.89
H306  Hybrid 49.79 11.57 8.55 14.31 44.43
H307  Hybrid 42.26 12.01 9.08 17.64 44.79
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H308  Hybrid 46.88 11.95 8.70 14.72 44.89
H309  Hybrid 51.65 10.95 8.76 13.31 46.31
H310  Hybrid 51.74 11.19 8.73 13.15 45.06
H311  Hybrid 52.62 10.51 8.24 13.52 45.66
H312  Hybrid 51.60 10.29 8.26 14.23 44.63
H313  Hybrid 48.15 10.59 8.29 15.65 44.63
H314  Hybrid 49.09 10.77 8.35 15.06 44.47
H315 Hybrid 46.06 11.18 8.35 16.14 44.78
H316  Hybrid 49.89 10.68 8.14 14.87 44.98
H317  Hybrid 51.72 10.13 8.50 14.10 45.79
H318  Hybrid 51.87 10.40 8.18 14.19 45.16
H319  Hybrid 51.88 10.64 8.42 14.04 44.84
H320  Hybrid 51.27 10.49 8.60 14.20 45.09
H321  Hybrid 49.44 10.66 8.54 14.87 45.09
H322  Hybrid 49.58 10.75 8.33 15.28 4481
H323  Hybrid 45.59 11.64 8.17 16.13 44.56
H325 Hybrid 50.94 10.59 8.63 14.12 45.58
H326  Hybrid 51.87 10.83 8.61 13.79 45.16
H327  Hybrid 52.76 10.60 8.48 13.44 44.34
H329  Hybrid 50.60 10.47 9.35 13.63 45.46
H331  Hybrid 55.76 8.95 8.29 13.98 45.53
H332  Hybrid 54.90 8.63 8.19 14.42 45.47
H333  Hybrid 50.21 10.27 8.87 14.29 45.15
H334  Hybrid 51.43 10.91 8.48 13.75 45.48
H335  Hybrid 52.13 10.10 8.91 13.68 46.07
H337  Hybrid 52.76 10.90 8.82 12.83 45.21
H339  Hybrid 51.17 10.51 9.43 13.19 45.65
H340  Hybrid 56.10 8.84 8.23 13.96 44.78
H341  Hybrid 55.07 9.00 8.16 13.99 45.22
H342  Hybrid 50.44 10.81 8.57 14.10 45.32
H343  Hybrid 51.57 10.98 8.66 13.32 45.35
H344  Hybrid 51.75 10.35 9.02 13.48 46.22
H345  Hybrid 52.89 10.44 8.85 13.10 45.23
H346  Hybrid 52.32 10.99 8.61 13.47 44.34
H347  Hybrid 50.92 10.73 9.21 13.64 44.50
H348  Hybrid 52.36 10.57 10.06 12.25 45.00
H350  Hybrid 56.62 8.76 8.10 14.09 44.96
H351  Hybrid 55.44 9.28 8.37 13.51 44.09
H352  Hybrid 51.40 10.32 8.81 13.89 45.58
H353  Hybrid 52.74 11.20 8.71 12.91 44.38
H356  Hybrid 54.57 10.46 9.43 12.04 44.41

197



H358  Hybrid 52.21 10.42 10.19 12.35 44.76
H360  Hybrid 56.89 8.79 8.21 13.67 45.43
H361  Hybrid 55.60 8.89 8.53 13.70 44.25
H362  Hybrid 51.92 10.15 9.30 13.45 45.33
H363  Hybrid 52.59 11.01 8.93 12.96 44.96
H364  Hybrid 52.60 10.10 9.47 13.18 45.52
H365  Hybrid 53.05 10.29 9.05 13.32 45.06
H366  Hybrid 54.38 10.65 9.57 11.92 44.45
H368  Hybrid 52.18 10.52 10.01 12.47 44.94
H369  Hybrid 57.10 8.77 8.07 13.77 45.33
H370  Hybrid 55.55 9.10 8.56 13.49 43.91
H371  Hybrid 51.21 10.40 9.22 13.69 4481
H372  Hybrid 51.98 10.91 9.09 13.05 44.77
H373  Hybrid 52.21 10.26 9.45 13.30 44.99
H374  Hybrid 53.09 10.37 8.99 13.27 45.11
H375  Hybrid 53.75 10.75 9.49 12.16 44.05
H377  Hybrid 51.01 10.47 9.85 13.19 44.45
H378  Hybrid 56.46 8.72 8.45 13.77 45.03
H379  Hybrid 55.92 8.95 8.42 13.64 45.10
H381  Hybrid 53.07 11.07 8.95 12.54 45.36
H383  Hybrid 52.63 10.48 8.81 13.38 45.55

! Erucic acid content (% of total fatty acid)

2 Linoleic acid content (% of total fatty acid)

3 Linolenic acid content (% of total fatty acid)

* Oleic acid content (% of total fatty acid)

> Overall oil content (% of dry mass)
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Table S3.10 Gene ID conversions for fatty acid biosynthesis candidate genes identified in

previous Brassica napus L. literature which coincide with peak quantitative trait loci (QTL)
regions identified in this study. Conversion based on the method by Rousseau-Gueutin et al.

(2020).

Darmor v5 gene ID

Darmor v10 gene ID

BnaA01g12350D
BnaA02g00830D
BnaA02g07780D
BnaA02g12050D
BnaA02g13310D
BnaA03g32450D
BnaA04g04400D
BnaA04g04410D
BnaA04g04450D
BnaA07g01090D
BnaA07g35680D
BnaA09g03610D
BnaA09g04980D
BnaA09g05270D
BnaA09g05410D
BnaA09g06090D
BnaAnng14390D
BnaA09g06170D
BnaA09g07080D
BnaA09g07080D
BnaA10g08110D
BnaA10g21150D
BnaA10g23790D
BnaC01g25960D
BnaC01g26460D
BnaC01g26600D
BnaC05g10520D
BnaC06g07070D
BnaC06g07070D

A01p13900.1 BnaDAR
A02p00830.1 BnaDAR
A02p07860.1 BnaDAR
A02p13160.1 BnaDAR
A02p14430.1 BnaDAR
A03p37810.1 BnaDAR
A04p05770.1 BnaDAR
A04p05770.1 BnaDAR
A04p05800.1 BnaDAR
A07p01040.1 BnaDAR
A07p45290.1 BnaDAR
A09p05160.1 BnaDAR
A09p06590.1 BnaDAR
A09p06910.1 BnaDAR
A09p07040.1 BnaDAR
A09p07690.1 BnaDAR
A09p49530.1 BnaDAR
A09p07790.1 BnaDAR
A09p08920.1 BnaDAR
A09p08920.1 BnaDAR
A10p09050.1 BnaDAR
A10p26400.1 BnaDAR
A10p29110.1 BnaDAR
C01p31110.1 BnaDAR
C01p30220.1 BnaDAR
C01p29930.1 BnaDAR
C05p12040.1 BnaDAR
C06p10040.1 BnaDAR
C06p10040.1 BnaDAR
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Figure S3.1 Manhattan plots produced by FarmCPU GWAS analyses for erucic acid content in
Brassica napus L. Two populations were input to GWAS: parents (31 B-lines, 60 R-lines) and
combined (parents, 336 hybrids). Two SNP marker sets were input to GWAS: (A) MS1 (22,941
markers); (B) MS2 (14,699 markers). Each “x” above the dotted line denotes a significant SNP.
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Figure S3.2 Manhattan plots produced by FarmCPU GWAS analyses for linoleic acid content in
Brassica napus L. Two populations were input to GWAS: parents (31 B-lines, 60 R-lines) and
combined (parents, 336 hybrids). Two SNP marker sets were input to GWAS: (A) MS1 (22,941
markers); (B) MS2 (14,699 markers). Each “x” above the dotted line denotes a significant SNP.
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Figure S3.3 Manhattan plots produced by FarmCPU GWAS analyses for linolenic acid content in

Brassica napus L. Two populations were input to GWAS: parents (31 B-lines, 60 R-lines) and

combined (parents, 336 hybrids). Two SNP marker sets were input to GWAS: (A) MS1 (22,941

markers); (B) MS2 (14,699 markers). Each “x” above the dotted line denotes a significant SNP.
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Figure S3.4 Manhattan plots produced by FarmCPU GWAS analyses for oleic acid content in
Brassica napus L. Two populations were input to GWAS: parents (31 B-lines, 60 R-lines) and
combined (parents, 336 hybrids). Two SNP marker sets were input to GWAS: (A) MS1 (22,941
markers); (B) MS2 (14,699 markers). Each “x” above the dotted line denotes a significant SNP.
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Figure S3.5 Manhattan plots produced by FarmCPU GWAS analyses for oil content in Brassica
napus L. Two populations were input to GWAS: parents (31 B-lines, 60 R-lines) and combined
(parents, 336 hybrids). Two SNP marker sets were input to GWAS: (A) MS1 (22,941 markers); (B)
MS2 (14,699 markers). Each “Xx” above the dotted line denotes a significant SNP.
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Figure S3.6 Q-Q plots of GWAS results for erucic acid content. Red “x” denotes significant SNP based on Bonferroni correction.
Two SNP marker sets were input to GWAS: MS1 (22,941 markers) and MS2 (14,699 markers). Two populations were input to
GWAS: parents (31 B-lines, 60 R-lines) and combined (parents, 336 hybrids). (A) MS1+combined; (B) MS2+combined; (C)

Observed -logso(p)

Observed -logo(p)

Observed -logo(p)

Observed -logyq(p)

MS I+parents; (D) MS2+parents.
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Figure S3.7 Q-Q plots of GWAS results for linoleic acid content. Red “x” denotes significant SNP based on Bonferroni correction.
Two SNP marker sets were input to GWAS: MS1 (22,941 markers) and MS2 (14,699 markers). Two populations were input to
GWAS: parents (31 B-lines, 60 R-lines) and combined (parents, 336 hybrids). (A) MS1+combined; (B) MS2+combined; (C)
MS1+parents; (D) MS2+parents. 206
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Figure S3.8 Q-Q plots of GWAS results for linolenic acid content. Red “x” denotes significant SNP based on Bonferroni correction.
Two SNP marker sets were input to GWAS: MS1 (22,941 markers) and MS2 (14,699 markers). Two populations were input to
GWAS: parents (31 B-lines, 60 R-lines) and combined (parents, 336 hybrids). (A) MS1+combined; (B) MS2+combined; (C)
MS1+parents; (D) MS2+parents.
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Figure S3.9 Q-Q plots of GWAS results for oleic acid content. Red “x” denotes significant SNP based on Bonferroni correction. Two
SNP marker sets were input to GWAS: MS1 (22,941 markers) and MS2 (14,699 markers). Two populations were input to GWAS:
parents (31 B-lines, 60 R-lines) and combined (parents, 336 hybrids). (A) MS1+combined; (B) MS2+combined; (C) MS1+parents;
(D) MS2+parents. 708
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Figure S3.10 Q-Q plots of GWAS results for oil content. Red “x” denotes significant SNP based on Bonferroni correction. Two SNP
marker sets were input to GWAS: MS1 (22,941 markers) and MS2 (14,699 markers). Two populations were input to GWAS: parents
(31 B-lines, 60 R-lines) and combined (parents, 336 hybrids). (A) MS1+combined; (B) MS2+combined; (C) MSI+parents; (D)

MS2+parents.
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