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ABSTRACT 
 
 

INTEGRATING GENOMIC SELECTION AND ACCELERATED GENERATION 
ADVANCEMENT TO IMPROVE GENETIC GAIN IN A WINTER WHEAT BREEDING 

PROGRAM 
 
 

Alexandra Michelle Ficht    Advisor(s):  

University of Guelph, 2021    Dr. Istvan Rajcan, Advisor 
       Dr. Curtis Pozniak, Co-Advisor 

       Dr. Alireza Navabi, Deceased 2019 
 

Winter wheat (Triticum aestivum L.) is a cold-hardy crop with higher yield 

potential compared to spring wheat, making it more desirable to Ontario farmers. The 

economic importance of winter wheat makes it imperative that innovative breeding tools, 

including genomic selection (GS) and accelerated generation advancement (AGA) 

protocols, are introduced to allow for the rapid generation and selection of value-added 

traits for cultivar development. Development of improved cultivars is limited by the rate 

of genetic gain. Genetic gain can be optimized by increasing selection accuracy and 

decreasing generation time. The objectives of the research presented in this thesis were 

to examine the feasibility of integrating GS and an AGA protocol in a winter wheat 

breeding program by, (1) determining the accuracy of predicting the performance of 

optimal breeding lines for advancement through the program; (2) evaluating the effects 

of maximized photoperiod on generation time; and (3) providing recommendations for 

the optimization and integration of new breeding tools into the program. Genotypes in 

the advanced and elite yield trials were used to train GS models to predict performance 

of the genotypes in a testing population for a number of agronomic and disease-related 

traits resulting in a prediction accuracy (r) for grain yield (r = 0.34) and Fusarium head 



 

 

blight (FHB) incidence (r = 0.59). The inclusion of genotype-by-environment interaction 

effects in the Elite University of Guelph Winter Wheat Breeding Program (Elite-

UGWWBP) population showed its importance as a covariate in GS models. Genetic 

gain through the reduction of cycle time using an AGA protocol was also tested. The 

lengthening photoperiod while controlling temperature and total light received, daily light 

integral, led to a 7% decrease in generation time, indicating that temperature or light 

levels may be more important for accelerating maturation rate than previously reported. 

A cost-benefit analysis is necessary before determining if AGA is viable on a program 

basis. The ability to increase selection accuracy and decrease generation time will lead 

to increased rates of genetic gain annually, an increase in program efficiency and the 

development of successful winter wheat cultivars.   
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1    General Introduction 

 Wheat (Triticum sp.) is one of the most important cereal crops grown worldwide. 

Most wheat that is grown can be divided into two species by use and ploidy level: 

hexaploid bread wheat (T. aestivum) with 2n = 6x = 42 and tetraploid durum wheat (T. 

durum), with 2n = 4x = 28. Wheat is valued for its high yield potential and unique ability 

to form a viscoelastic dough (Arendt and Zannini 2013). Common bread wheat accounts 

for approximately 95% of global wheat production and is used to create breads, noodles 

and processed food products (Shewry 2009). Durum wheat accounts for the remaining 

5% of global wheat production and is most commonly used in pasta production. Some 

‘heirloom’ Triticum species, such as einkorn, have also gained popularity in specialty food 

markets (Shewry 2009).  

 The principal use of wheat; however, is for flour production. The end product is 

dictated by characteristics associated with flour quality and functionality. Wheat cultivars 

are commonly grouped into market classes based on grain hardness (hard or soft), grain 

colour (red, white or amber) and growth habit (spring or winter) (Carver 2009; Pasha et 

al. 2011). Market classes are further subdivided into grades, which are representative of 

grain purity and cleanliness. These classifications are used to adjust the market price of 

wheat, as premiums and penalties are applied based on both grade and market class 

(Carver 2009). As a result, farmers are compensated based on grain quality in addition 

to grain yield. 

 As the global population has continued to increase over the past century, the 

availability of food has not matched this significant, upward trend. This increased demand, 

coupled with inevitable environmental variation, dictate the instability associated with 
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current and future wheat improvement and production (Godfray et al. 2010; Lobell et al. 

2011; Asseng et al. 2015). The continued efforts of wheat breeders have leveled off in 

the past decades, resulting in a low rate of genetic gain. In order to meet rising demand 

and quality parameters, new selection methods must be developed and implemented to 

allow for increased gain from selections leading to the development of better and more 

productive cultivars in the future. The wheat crop faces a number of challenges for the 

future, including changing environments and biotic and abiotic stresses. Yield losses can 

be attributed to these stresses, with the majority due to winterkill events and diseases 

including Fusarium head blight (FHB).  

 The introduction of prediction models for key agronomic and disease traits have 

become a staple in both animal and plant breeding programs around the world. A number 

of selection methods have been utilized by breeders, including marker-assisted selection 

(MAS), to manipulate qualitative traits successfully. However, MAS becomes an issue 

when dealing with highly quantitative traits, controlled by many small-effect loci (Bernardo 

2008; Heffner et al. 2009; Sweeney et al. 2019). The development and implementation of 

genomic selection (GS) has been introduced and has shown promise in a range of crop 

breeding scenarios. 

 To further increase the rate of genetic gain in breeding programs, speed breeding 

protocols have been developed in a number of crops, including spring wheat. The ability 

to decrease the cycle time allows for a higher number of generations per year, and 

increased efficiency within the program. Currently, there is no known speed breeding 

protocol that has been implemented in winter crops, where a vernalization period is the 

rate limiting factor. This thesis reports the findings of an accelerated generation 
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advancement (AGA) when applied to vernalized winter wheat cultivars. Further, the 

effects of photoperiod, when light intensity and temperature are controlled, are evaluated 

in terms of its ability to decrease days to anthesis. 

 This thesis provides an overview for the development and feasibility of 

implementing GS and AGA protocols in a working winter wheat breeding program 

established at the University of Guelph. Furthermore, improvements to the breeding 

program in order to accommodate new selection strategies are suggested that will guide 

breeding programs when developing and improving winter wheat cultivars for a number 

of key traits for the Ontario market. 
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2    Literature Review 
2.1 Domestication of wheat 

Wheat, as it is known today, is the result of thousands of years of domestication. 

The purpose of domestication has been shown through history as a means of selection 

for increased adaptation of a species to cultivation and use by humans (Brown 2010). 

Domestication is an evolutionary process, in which both adaptation and speciation occur 

(Darwin 1905). Hexaploid wheat was domesticated approximately 10,000 years ago in 

the Fertile Crescent and has since spread out to be a globally important cereal crop (Heun 

et al. 1997; Lev-Yadun et al. 2000; Dubcovsky and Dvorak 2007). The early cultivation of 

wild diploid wheat species (Aegilops and Triticum species) was pivotal in the 

domestication of polyploid wheat cultivars (Salamini et al. 2002; Riehl et al. 2013). 

The current hexaploid bread wheat arose as a result of polyploidization conditioned 

by two separate natural hybridizations followed by chromosome duplication events 

(Brenchley et al. 2012). The three subgenomes, A, B and D, have been analyzed to 

determine their relatedness and have been shown to arise from three diploid (2n = 14) 

species (Marcussen et al. 2014). The first hybridization event occurred approximately 

800,000 years ago between the diploid einkhorn wheat, T. urartu (AA), and an unknown 

diploid species (BB) which resulted in tetraploid emmer wheat, T. diococcoides, (AABB; 

Marcussen et al. 2014). The second hybridization event occurred approximately 400,000 

years ago between tetraploid emmer wheat (AABB) and diploid goat grass, Aegilops 

tauschii (DD) and resulted in what is known as Triticum aestivum L. or hexaploid wheat 

(AABBDD) today (Marcussen et al. 2014).  
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Chromosomal segregation of hexaploid wheat follows that of a diploid species. 

Among plant species, hexaploid wheat has the largest genome, ~17Gpb, with common 

homeologous genes between the three genomes. This results in a shared number of 

genes present on two or more chromosomes (Borril et al. 2015). 

 

2.2 Global importance of wheat  

 Cereals crops (including maize, rice, wheat, barley, rye, oats and millet) are 

considered to be the most important contributor to the global food supply chain and wheat 

alone accounts for approximately 21% of this annual global food production (Enghiad et 

al. 2017). Wheat ranks among the top three cereal crops in terms of production, with an 

average global production of approximately 709 million tonnes (2008 to 2017; FAO 2019). 

By comparison, the average global production of rice and maize was approximately 729 

million tonnes and 961 million tonnes, respectively (2008-2017; FAO, 2019). From an 

economic standpoint, the annual global gross production value of wheat was 

approximately USD172 billion (2007 to 2016; FAO 2019).   

 More than 120 countries cultivate wheat, with a total global wheat production 

occupying approximately 219 million hectares in 2017 (1.63% of global agricultural land; 

FAO 2019). China is the leading global producer of wheat, with a total of 113 million 

tonnes (15.9%) of wheat produced annually (2008-2017; FAO 2019). The top 10 wheat 

producing countries grow 68.1% of the average annual wheat production (2008-2017), 

and include: India (12.5%), Russia (8.4%), the United States (8.3%), France (5.3%), 

Canada (4.2%), Germany (3.5%), Pakistan (3.5%), Australia (3.4%) and the Ukraine 

(3.2%; FAO 2019). Global wheat productivity has also increased due to the improvement 
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of cultivars and management practices, with average yields increasing from 1.49 tonnes 

ha-1 in 1970 to 3.22 tonnes ha-1 in 2017 (Dixon 2007; FAO 2019). 

 

2.3 Canadian wheat production  

 Canada is the sixth largest global wheat producer, with an average annual 

production of approximately 29.6 million tonnes grown on 9.38 million hectares (2008-

2017; FAO 2019). Saskatchewan is the leading Canadian wheat producer (39.5%), 

followed by Alberta (35.5%), Manitoba (18.0%), Ontario (5.5%) and Quebec (1.0%). 

Smaller wheat producing regions are also found in British Columbia and the Maritimes 

(0.5%; Statistics Canada 2019).   

 The majority of Canadian wheat (75.7%; 20.03 million tonnes in 2019) was marketed 

under the Canada Western Red Spring (CWRS) market class, while total winter wheat 

production accounted for 9.5% (2.5 million tonnes in 2019) of the Canadian wheat 

production (Statistics Canada 2019). Spring wheat is predominantly grown in western 

Canada due to the severity of winter climatic conditions and the truncation of the crop 

production season in regions at higher latitudes. 

 From 2018 to 2019, the majority of Canadian wheat production was exported 

(74.7%), while the remainder was used for domestic food (12.5%) and feed (13.1%) 

production (Statistics Canada 2019). With average sale prices of CAD 245 per tonne, the 

gross production value of Canadian wheat reached approximately CAD 6.48 billion 

(excluding durum wheat production; Statistics Canada 2019). 
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2.4 Ontario wheat production  

 Over 90% of the annual Ontario wheat harvested is winter wheat, with the most 

prevalent class being Canada Eastern Soft Red Winter (CESRW) wheat. Ontario is also 

the largest producer of winter wheat in Canada, accounting for 82.7% of the Canadian 

winter wheat production in 2018 (Statistics Canada 2018). From 2004 to 2019, the 

average cash price for Ontario winter wheat was CAD 213.09 per tonne (OMAFRA 2019). 

In 2019, the annual gross production value of Ontario winter wheat was approximately 

CAD 443.1 million.  

 Ontario wheat production is subdivided into four geographic areas, Area I – 

Southern Ontario; Area II – Central Ontario; Area III – Eastern Ontario; Area V – Northern 

Ontario (Figure 2.1; OMAFRA 2019). Approximately 2.08 million tonnes of winter wheat 

and 120,500 tonnes of spring wheat are produced annually in Ontario (2004-2018; 

OMAFRA 2019). The majority of Ontario winter wheat production occurs in Area I (44.0%) 

and Area II (51.6%), with minor winter wheat production in Area III (3.2%) and Area V 

(1.2%; OMAFRA 2019). Ontario spring wheat production is largely centered in Area II 

(30.5%), Area III (33.5%) and Area V (32.6%; OMAFRA 2019).   

 The production of winter wheat in Ontario has been promoted for many years. Winter 

wheat is an integral component of Ontario cropping systems, often used as a cover crop, 

a component of crop rotation strategies, or as a manure management option for livestock 

operations (OMAFRA 2019). Spring wheat is less popular due to environmental limits on 

yield potential and increased susceptibility to common Ontario pathogens, including 

Fusarium head blight (Fusarium graminearum), compared to winter wheat cultivars 

(Stoskopf et al. 1978; OMAFRA 2019).   
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2.5 Important traits in winter wheat breeding 

Currently, the University of Guelph Winter Wheat Breeding Program (UGWWBP) 

is focused on breeding for many traits that are important for the development of successful 

cultivars such as grain quality, disease resistance and agronomic traits including yield. 

New germplasm is introduced to increase genetic diversity and aid in the development of 

new and improved cultivars. This thesis focused on increasing the efficiency of the 

UGWWBP by implementing accelerated generation advancement (AGA) breeding 

protocols and GS at different points of the pipeline. Currently, the UGWWBP produces 

2000 to 3000 genotypes in 2.5 generations per year via the use of the single seed descent 

(SSD) method and shuttle breeding. The implementation of an AGA protocol was used to 

accelerate the growth rate and decrease the generation time per cycle. GS focused on 

utilizing the highly homozygous genotypes from the Preliminary Yield Trials (PYT), 

Advanced Yield Trials (AYT), Elite Yield Trials (EYT) and the Ontario Cereal Crop 

Committee (OCCC) Pastry and Bread Orthogonal Trials (PAOR and BROR, respectively), 

all of which were grown and evaluated for the aforementioned traits, to increase the 

selection accuracy within the program.  

 

2.6 Agronomic traits in winter wheat 

2.6.1 Grain yield and thousand-kernel weight 

Breeders are generally interested in breeding for a number of traits; however, the 

top priority is generally yield. This is the basis for cultivar development, as producers are 

reliant on growing high-yielding cultivars resulting in high returns on investment.  
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Although GY is an important trait, it is difficult to breed for because it is quantitative 

in nature and is controlled by many genes with small effects. When all components of GY 

are considered, the heritability has been shown to be relatively low, ranging between 0.30 

and 0.40 (Teich 1984). However, this has the potential to increase if breeders focus on 

the individual components as discussed below (Teich 1984).  

Grafius (1956) showed that GY is a product of a number of components including 

tiller number per unit area, kernel weight and kernels per spike. The culmination of these 

components results in GY indicating that there are complex interactions at play (Grafius 

1956). This was explored further by Sidwell et al. (1976), who characterized these 

differences in winter wheat. Sidwell et al. (1976) discussed that breeding for yield 

components, rather than overall GY would translate to an increase in yield potential. 

Component breeding has the capability of increasing GY if the individual components are 

highly heritable, are genetically independent or positively correlated and unrelated 

physiologically (Sidwell et al. 1976). However, there are many physiological and 

environmental components of GY that are not fully elucidated. In order to be able to 

increase the rate of genetic gain for GY potential, all of its components must be well 

understood.  

Independent of the complex nature of GY, there have been many studies that show 

the interactions of GY with other important agronomic traits. These traits include variability 

in days to heading, days to maturity, plant height and lodging (Fischer and Stapper 1987; 

Flintham et al. 1997; Quarrie et al. 2005; Kuchel et al. 2007; Addison et al. 2016; Juliana 

et al. 2018a). This reinforces the idea that GY itself is complex to breed for, influenced by 

many other important traits that have an overall effect on total GY.  
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Grain weight, like many other traits, is a contributor to GY. Previous research has 

shown that there is a significant positive correlation between high thousand-kernel weight 

(TKW) and GY (Uddin et al. 1997). The heritability estimate for TKW has also been shown 

to be high at approximately 0.98 (Teich 1984; Uddin et al. 1997), which can be used to 

infer the reliability and predictability of this trait with respect to GY. It is, however, 

important to note that many researchers have also reported that the environment plays a 

large role in the determination of TKW, including temperature and nitrogen availability in 

the soil (Wardlaw and Wrigley 1994; Daniel and Triboï 2000).  

 

2.6.2 Plant height 

Plant height is an important agronomic trait because it is related to many factors 

including plant architecture, lodging resistance and yield potential (Wang et al. 2017; Gao 

et al. 2020). Plant height can be controlled through the Reduced height (Rht) dwarfing 

genes, which were introduced during the Green Revolution (Hedden 2003; Würschum et 

al. 2017).  The Rht-B1b and Rht-D1b loci control the height of the plant by limiting the 

response to gibberellin (Peng et al. 1999). The mutant genes, Rht-B1b and Rht-D1b, 

confer a dwarf phenotype due to a single nucleotide change in the DELLA proteins that 

are responsible for stopping gibberellin sensitivity thereby altering plant height (Lou et al. 

2016).  

Plant height has been shown to be highly heritable in nature, with a broad-sense 

heritability of approximately 96%, which should translate to higher predictive accuracy 

when implementing GS (Zečević et al. 2004).  
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2.6.3 Days to anthesis  

Wheat is unique in that it has the inherent ability to control time to flowering so that 

it occurs under favourable environmental conditions. This is a testament to its adaptability 

and translates to higher yield potential under a range of environments. Flowering time is 

controlled by the photoperiod regulator (Ppd-D1, Ppd-A1 and Ppd-B1) genes. At the Ppd-

1 locus, the dominant a allele confers photoperiod sensitivity; whereas, the recessive b 

allele represents insensitivity (Pérez-Gianmarco et al. 2020). Ppd-D1 is the main 

photoperiod gene that controls flowering time and accounts for approximately 58% of the 

genetic variance with Ppd-A1 and Ppd-B1 contributing to a much lesser extent (Langer 

et al. 2014). The heritability for flowering time is also high with a broad-sense heritability 

of approximately 93% (Langer et al. 2014).  

 

2.7 Disease traits in winter wheat 

2.7.1 Fusarium head blight 

Fusarium head blight (FHB) is a fungal disease, caused by the infection of one of 

three Fusarium pathogens: (i) Fusarium graminearum, (ii) F. culmorum or (iii) F. 

avenaceum, however, F. graminearum is the most common causal agent in North 

America. This particular pathogen species has been shown able to tolerate a wide range 

of temperatures and moisture conditions, leading to successful infection (Osborne and 

Stein 2007). 

 FHB infection affects the wheat spike, causing losses in grain yield and a 

reduction in both seed and end-use quality (Buerstmayr et al. 2009). Infected kernels that 

are processed and used as seed in the following growing season possess the capacity to 
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result in seedling blight, leading to an overall lower yielding plant (Yu et al. 2006). 

Although FHB infection has major effects on yield and end-use quality of wheat, 

contamination by mycotoxins produced by the fungus are particularly problematic. These 

mycotoxins include Deoxynivalenol (DON) and Nivalenol (NIV) and are toxic to animals 

and humans, and can cause health problems if consumed (Pestka 2010). 

Plant breeding efforts are heavily focused on developing cultivars that are stable, 

high-yielding and have adequate FHB resistance based on the negative impact of 

Fusarium infection. Currently, there is a large amount of genetic variation present for FHB 

resistance; however, the majority of stable and regionally adapted cultivars are highly 

susceptible to FHB. Over the past few decades, there has been considerable progress in 

breeding for FHB resistance through conventional selection upon exposing it to FHB 

through disease-induced (inoculated) trials. However, FHB resistance is quantitative and 

has low heritability making resistance a difficult trait to introduce and maintain 

(Buerstmayr et al. 2009).  

 Yield losses in wheat due to FHB infection have been widely reported (Buck et al. 

2007). Significant losses have been described since the 1950s, on a global scale, 

including China, Japan, Argentina, Paraguay and the United States (Nganje et al. 2001). 

The wheat yield losses in the United States alone translated to an economic loss of 

approximately 1 billion USD between 1998 and 2000 (Nganje et al. 2001). Due to the 

overwhelming effect of FHB infection on wheat crops, overall wheat production has 

significantly decreased in North America (Wilson et al. 2018). FHB infection has been 

shown to affect both the cropping system as a whole and post-harvest activities, which in 

turn, affects overall quality (McMullen et al. 2012).  
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 Testing DON levels in order to combat the processing of FHB infected kernels is 

time consuming and costly for breeding programs. Significant strides need to be made in 

order to predict the pattern of FHB infection on genotypes used in a program alongside 

historical environment data to identify patterns. The identification of patterns in FHB 

infection will lead to increased efficiency in the breeding program, and a decrease in 

overall time and costs associated with quality testing. 

 

2.7.2 Septoria tritici blotch 

Septoria tritici blotch (STB) is a major foliar disease of wheat, caused by the fungus 

Zymoseptoria tritici (Hardwick et al. 2001; Shaw et al. 2008; Arraiano and Brown 2017). 

Spores are blown onto wheat seedlings, where a primary infection is established. disease 

is characterized by the presence of small, black or dark brown coloured lesions that 

contain pycnidia (Goodwin 2007). Symptoms usually appear within 14-21 days after initial 

infection (Goodwin 2007). The expression and severity of symptoms is a function of host 

susceptibility, fungal pathogenicity and the environment (Shipton et al. 1971; Hess and 

Shaner 1986). Septoria thrives in humid, temperate areas, such as Southwestern Ontario 

(Goodwin 2007). Temperature and moisture content are important for all stages of the 

disease cycle, including the rate of disease development and disease severity (Chungu 

et al. 2001).  

Globally, STB is the leading cause of yield declines. Losses attributed to STB can 

range between 30 to 50% under optimal conditions (Hess and Shaner 1986; Chungu et 

al. 2001). STB infection can occur during all stages of wheat development; however, flag 

leaf infections cause the most severe losses, characterized by reduced thousand-kernel 
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weight (Paveley 1999; Raman and Milgate 2012). Moreover, year to year analysis of STB 

is difficult to measure, especially under artificial conditions (Chungu et al. 2001).  

A number of genetic studies have suggested that resistance to STB is complex, 

due to a mixture of qualitative and quantitative genes (Arraiano et al. 2001; Brading et al. 

2002; Arraiano and Brown 2006; Raman and Milgate 2012). Furthermore, QTL analysis 

has uncovered Stb genes that confer degrees of resistance, as well as QTL associated 

with plant height (Eriksen et al. 2003). The complex nature of STB infection may benefit 

from the integration of multiple genomics tools, including GS. 

 

2.7.3 Stripe rust 

Stripe rust was first described by Gadd in 1777 (Eriksson and Henning 1896) and 

is caused by the fungus Puccinia striiformis f. sp. tritici. The pathogen acts by infecting 

the green tissue of cereal crops and grasses, any time between the one-leaf stage to 

early maturity (provided there is still green tissue) (Chen 2005). Symptoms show as small 

yellow to orange coloured rust pustules, known as uredia, and appear one week post 

infection. As the plant ages, primarily after stem elongation, stripes or uredia or necrosis 

form and are able to be identified (Chen 2005). This particular pathogen utilizes available 

water and nutrients from the host plant, thereby weakening it (Chen 2005). 

Similar to other diseases, the environment has a major impact on the prevalence 

and persistence of stripe rust. The development of stripe rust is highly dependent on 

climatic conditions, mainly moisture, temperature and wind, when the inoculum comes 

into contact with the host plant (Chen 2005). Moisture content affects the germination, 

infection and survival of spores. Regions with frequent dew formation during the growing 
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season provide optimal conditions for stripe rust (Rapilly 1979; Chen 2005). Temperature 

affects the germination, infection, latency period and survival of spores, as well as host 

resistance (Chen 2005). P. striiformis thrives in cool climates, and occurs primarily in 

temperate regions and tropical regions at high elevations (Chen 2005). Finally, wind 

affects the pathogen by drying the urediniospores, reducing their germination and 

infection; however, it also increases the length of spore viability (Chen 2005). 

The devastating effects of disease can be quantified through yield losses and 

decreases in quality traits, both of which can be affected by the presence of stripe rust. 

Seed produced from diseased plants maintain low vigour, and thus, poor germination 

(Chen 2005). Although stripe rust is not as prevalent in Ontario compared to FHB, there 

have been instances in the last five years (2016, 2017 and 2019) where it has resulted in 

significant yield losses for producers who opted to not apply foliar fungicides (OMAFRA 

2021).   

 The development of rust resistant wheat cultivars can be facilitated through 

genomics tools, such as genome-wide association studies (GWAS) and QTL-Seq (Arora 

et al. 2019; Jamil et al. 2020). A number of novel stripe rust resistance QTLs have been 

identified using GWAS (Ye et al. 2019; Singh et al. 2019; Cheng et al. 2020; Kumar et al. 

2020), which have contributed to the success of marker-assisted selection, and show 

promise for the introduction of novel selection methods, including genomic selection. 

 

2.7.4 Powdery mildew 

Powdery mildew is a devastating disease affecting wheat production around the 

world (Friebe et al. 1996; Shi et al. 1998; Draz et al. 2019). It is caused by the fungus 
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Blumeria graminis DC. E.O. Speer f. sp. tritici Em. Marchal. The pathogen acts to reduce 

the supply of photosynthesis on leaves, decrease leaf assimilation index and decreases 

grain yield (Bowen et al. 1991; Henry and Kettlewell 1996; Samobor et al. 2005).  

Although infection can occur during the majority of the growing cycle, its presence 

during tillering, stem elongation and booting has the greatest negative impact on yield by 

decreasing kernel weight (Bowen et al. 1991; Draz et al. 2019). Losses associated with 

powdery mildew infection have been reported as high as 40%, especially when the 

infection occurs at anthesis and the flag leaf is affected (Alam et al. 2013; Draz et al. 

2019). 

Optimal conditions for infection are dictated by host susceptibility and 

environmental factors (Jarvis et al. 2002). The pathogen has adapted to a wide range of 

temperatures (5ºC to 30ºC), but high humidity and temperatures between 15ºC and 20ºC 

are favoured (Draz et al. 2019). The fungus spreads rapidly, and if exposed to the right 

conditions, can complete a cycle in seven to ten days, resulting in the development and 

spread of new races (Esmail and Draz 2017).  

 

2.8 Effects of the environment on traits in winter wheat 

Many traits in wheat have been shown to be influenced by environmental effects, 

including grain yield and FHB resistance. Tapley et al. (2013) showed up to 80% of the 

variance components for grain yield in winter wheat were due to an interaction between 

year and location effects, confirming the importance of the environment on grain yield. 

Previous studies have also shown the drastic environmental effects on grain yield due to 

changes in soil fertility, temperature and total precipitation (Vázquez et al. 2012).  
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The environment has also demonstrated significant effects on the severity of FHB 

in wheat through genotype-by-environment interactions (GEI) (Bai and Shaner 2004; 

Buerstmayr et al. 2008; Lado et al. 2016). This was highlighted by Buerstmayr et al. 

(2008), who indicated that the environment in which the wheat cultivars were grown 

influenced disease establishment. Furthermore, the highly resistant genotypes showed 

little variation across environments, whereas highly susceptible genotypes showed 

increased GEI (Buerstmayr et al. 2008; Lado et al. 2016).  

 

2.9 Selection methods in cereal breeding 

Plant breeding has evolved over time based on several selection strategies. The 

end-goal of advancing material through the initial stages of a breeding pipeline is to reach 

homozygosity for further evaluation in variable environments (Bos and Cagliari 2008). A 

key selection method, single seed descent (SSD), was introduced in 1970 and has since 

been widely used in cereal breeding (Bos and Cagliari 2008). The basis for this method 

was founded on the ability to advance a single seed from each plant (F2 and later 

generations) without any selection, which could bias the populations genetically (Bos and 

Cagliari 2008). As only a single seed is required, the generations can be grown in quick 

succession, allowing three to four generations for spring cereals to be grown per annum 

and therefore, require less time and space than other selection methods (Bos and Cagliari 

2008). 

Although SSD has been a useful strategy to advance genotypes through the early 

stages of the breeding program, new selection methods are needed for use in the latter 

stages of the pipeline to increase efficiency. Currently, there is a need for a 60% increase 
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in wheat production by the year 2050 (Tester and Langridge 2010). This increase in 

production is directly correlated to the increasing global population and its attainability is 

dependent on the efficiency and rate of genetic gain (e.g., the number of genotypes that 

can be cycled through the pipeline each year) in breeding programs.  

 

2.10 The breeder’s equation 

The need to harness and utilize the tools available to breeders is necessary for the 

improvement of all crop plants, including wheat. Genetic gain is defined as the increase 

in genetic value of offspring compared to its parents. The current rate of genetic gain in 

wheat has plateaued at <1%; however, a rate of genetic gain of at least 2% is needed to 

achieve the rising production demands (Tester and Langridge 2010). 

 Genetic gain, defined as ∆𝐺, is represented by the breeder’s equation below,  

 

[2.1]  ∆𝐺	 = 	 !"#!
$

 

 

where 𝑖 represents selection intensity, r is the accuracy of selection, 𝜎% is the genetic 

variance and L is the cycle time.  

 

2.10.1 Manipulation of cycle time (L) 

Arguably, the simplest way to increase the rate of genetic gain in a breeding 

program is to decrease the cycle time, without affecting the growth and development of 

the plant. It takes an average of ten years from the initial cross to the circulation of 

commercial wheat cultivars (Atlin et al. 2017). The long process of commercialization 
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results in a reduction of genetic gain; therefore, hindering breeding programs from 

garnering large gains in traits of interest.  

 Winter wheat is unique in that it requires a vernalization period to enter the 

reproductive growth phase. Although this period adds length to the cycle time of winter 

wheat, previous research has shown that after exposure to cold temperatures for a period 

of time, prolonged photoperiod can be used to accelerate its growth (Davidson et al. 1985; 

Evans 1987). The ability to use extended photoperiod as a technique to speed up the 

growing cycle has been well-documented by Watson et al. (2018) and is explored further 

in Chapter 4. 

 

2.10.2  Manipulation of intensity (i) and accuracy of selection (r) 

              Previous work reviewed by Heslot et al. (2012) has shown that the rate of genetic 

gain can also be increased when GS is introduced compared to the use of conventional 

selection methods. The implementation of GS in breeding programs allows for the 

manipulation of variables in the numerator of the breeder’s equation. Moreover, the 

increased ability to screen greater numbers of genotypes compared to conventional 

selections allows for an increase in overall selection intensity (i), resulting in a higher rate 

of genetic gain and the means to increase the accuracy of selection (r) in a quantifiable 

manner. The proper manipulation of both i and r offers the potential to increase the overall 

rate of genetic gain in a breeding program, although not to the same extent as decreasing 

cycle time (L).   
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2.11 Genotyping methods 

The use of molecular markers for genotyping individuals has become routine in 

plant breeding programs. A molecular marker is defined as a genomic region that is easily 

identified, highly polymorphic in nature and abundant within the genome. Historically, a 

number of molecular genotyping methods have been used, including restriction fragment 

length polymorphism (RFLP), amplified fragment length polymorphism (AFLP) and single 

sequence repeat (SSR) markers (Mohan et al. 1997). Collectively, these markers were 

utilized due to their suitability for characterizing germplasm in species, in the absence of 

a whole genome reference sequence (Mohan et al. 1997).  

RFLPs were popular in the late 1980s because they were reproducible and 

codominant; however, they were costly and time-consuming, rendering them obsolete in 

time (Lander and Botstein 1989). The advent of automation also led to the decline in 

usage of RFLPs (Mammadov et al. 2012). The invention of polymerase chain reaction 

(PCR) technology and its applicability for quick detection of polymorphisms provided the 

foundation for PCR-based markers including AFLPs and SSRs. However, AFLPs, like 

RFLPs, are labour-intensive and not designed for automation (Mammadov et al. 2012). 

The use of SSR markers became popular, given that they were able to overcome both 

the time-consuming nature of previous marker types and allowed for the integration of 

automation to maximize volume and minimize time required (Powell et al. 1996; 

Mammadov et al. 2012). 

The evolution of molecular markers has been dictated by the cost and level of 

reproducibility (Bernardo 2008; Mammadov et al. 2012). Over time, single nucleotide 

polymorphisms (SNPs) have become the most predominantly used marker type. SNPs 
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are defined as a substitution at an exact position within the genome, that is present in a 

high proportion. The key benefit to SNP genotyping is their abundance in the genome, 

their ubiquity and ability to be integrated into high-throughput automation (Mammadov et 

al. 2012). Moreover, they provide a higher degree of coverage contributing to a better 

understanding of the genetic architecture of complex, quantitative traits.  

Throughout past decades, the cost of genotyping has decreased and continues to 

decrease. New methods, including genotyping-by-sequencing (GBS), have been 

employed to identify QTL with higher degrees of accuracy. For selection methods like 

genomic selection (GS), a genotyping method that includes the presence of SNPs either 

in genic or intergenic regions has been shown to be adequate (Abed et al. 2018). 

Furthermore, researchers have also shown that the degree of marker density for GS 

plateaus so that methods such as GBS, that provide a high degree of density, are not 

required (Abed et al. 2018). The development of alternative genotyping methods like 

repeat amplification sequencing (rAmpSeq), which makes use of repetitive sequences to 

identify polymorphisms, has provided less expensive options suitable for GS modeling 

(Buckler et al. 2016). These advancements in next-generation sequencing technology 

have allowed for the integration of GS into cereal crop breeding, including wheat (Poland 

et al. 2012; Dawson et al. 2013; Arruda et al. 2015; Lado et al. 2018; Berro et al. 2019; 

Sarinelli et al. 2019; Bhatta et al. 2020). 

 

2.12 Marker-assisted selection 

Marker-assisted selection (MAS) has been a widely used method in crop breeding 

programs, and has contributed significantly to the development and improvement of 
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genotypes (Paterson et al. 1991; Dubcovsky 2004). Compared to earlier forms of 

selection such as phenotypic selection (PS), MAS has resulted in an overall higher rate 

of genetic gain (Miedaner et al. 2009). The use of molecular markers as a tool for selection 

has many advantages over traditional, phenotypic markers, including the capability of 

providing a molecular basis for selection that is linked to a trait of interest (Mohan et al. 

1997). Moreover, the ability to select based on the presence of a marker also eliminated 

the variable environmental effects that were a previous hindrance to breeders (Mohan et 

al. 1997).  

The utility of MAS has been shown to be beneficial in situations where screening for 

combinations of traits would otherwise be both time and labour intensive and in breeding 

for quantitative traits (Dekkers and Hospital 2002; Heffner et al. 2009). 

 

2.13 Genomic selection 

In the past, cereal breeding programs have utilized both PS and MAS. Both 

methods have allowed for the development of improved cereal cultivars, but their utility 

has plateaued with respect to the improvement of quantitative traits in recent years 

(Meuwissen et al. 2001). As the global population continues to rise, the demand for food 

production, and therefore, wheat production also increases. This translates to an overall 

increase in the amount of breeding material that needs to be passed through breeding 

pipelines, therefore, an increase in both time and costs associated with phenotyping the 

increased volume of genotypes. The implementation of improved selection methods (e.g., 

GS) in conjunction with traditional methods, can aid in overcoming this bottleneck in 

breeding pipelines. 
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The first study that introduced the introgression of marker data with Best Linear 

Unbiased Prediction (BLUP) phenotypic information was Fernando and Grossman 

(1989). Further exploration of this data by Meuwissen and Goddard (1996) showed that 

the combination of marker and phenotypic data had the potential to increase genetic gain 

at a rate between 8 and 30%. The latter method was coined GS and was first introduced 

by Meuwissen et al. (2001). GS was described as a selection method based upon the 

idea that information from markers distributed throughout the genome can be used to 

capture variation in traits of interest. GS is a form of MAS that assumes QTL are in linkage 

disequilibrium (LD) with at least one marker and simultaneously estimates all marker 

effects across the genome in order to calculate genomic estimated breeding values 

(GEBVs; Meuwissen et al. 2001). GEBVs are the sum of predicted marker effects across 

the genome, and these predicted GEBVs can then be used to select individual genotypes 

that are expected to perform better for traits of interest to the breeder (Meuwissen et al. 

2001). This process allows for poor genotypes to be discarded prior to rigorous 

phenotyping, resulting in savings with respect to both time and money.  

The development of a genomic prediction model uses a training population of 

individuals, whose genotypic and phenotypic information is readily available. This model 

is then used to develop GEBVs for a testing population, for which only genotypic 

information is available. A GEBV is assigned to each genotype in the testing population, 

which can then be used for selection in the breeding pipeline to enhance the rate of 

genetic gain by: (i) improving the accuracy of selection (ii) manipulating the selection 

intensity and (iii) increasing the efficiency of the pipeline (Meuwissen et al. 2001). As 

breeding materials are passed through the pipeline, the training population can be 
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updated, becoming a dynamic entity; wherefore, the continual updating of material should 

improve the prediction models. This improvement has been well described in both plant 

and animal breeding programs (Battenfield et al. 2016; Vallejo et al. 2017). Therefore, the 

implementation of GS in breeding programs shifts the focus from phenotyping for 

advancement through the pipeline to assembling overarching training populations and 

applying them to models that are capable of predicting the best genotypes. 

The overall accuracy of a genomic prediction model can be estimated by r, 

measured as the correlation between the predicted GEBV and the observed phenotypic 

values from the validation population (Guo et al. 2014). 

 

2.14 Marker-assisted selection versus genomic selection 

Conventional breeding methods, which often include the application of MAS, have 

allowed for the development of numerous commercial wheat cultivars with significant 

genetic gain over years, worldwide. However, the demand for food is growing and 

breeding programs will need to improve the rate of genetic gain to be able to catch up 

with the increasing production demand (Mondal et al. 2016). Therefore, two common 

selection strategies employed in breeding programs for the prediction of agronomic traits 

include both MAS and GS. Both strategies are reliant on statistical analyses of genetic 

markers that explain the relative contribution of each marker to observed phenotypic 

variability (Bernardo 2010). A noticeable difference between MAS and GS lies in the 

comparison of the number of markers each method uses to predict these trait values.  

MAS has shown to be better suited for detecting QTL related to traits that are 

controlled by few (two to three) major-effect genes (Dekkers and Hospital 2002; Heffner 
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et al. 2009). This particular method is, therefore, good at detecting QTL for many simply 

inherited disease resistance traits, but falls short when dealing with complex, polygenic 

traits. Qualitative disease resistance is characterized by being controlled by few, large-

effect genes. This can be explained by their involvement in ubiquitous common response 

pathways with upstream signaling components that allow for the recognition of infection 

in a general manner (Huard-Chauveau et al. 2013; Corwin and Kliebenstein 2017). By 

contrast, quantitative traits are far more complex as they are controlled by many QTL with 

small effects and require multi-location testing and extensive phenotyping to develop an 

understanding of the underlying genetics (Moreau et al. 2004).  

The current MAS methods have two limiting factors that hinder their ability to 

characterize gene pools and their application in breeding programs: (i) MAS often makes 

use of small population sizes, leading to limited statistical power reducing the ability to 

detect significance using conventional statistical methods; and (ii) the inability to infer the 

epistatic gene-by-gene interactions (G×G) and gene-by-environment (G×E) interactions 

and their quantitative trait loci (QTL) estimate effects on the population among different 

environments (Heffner et al. 2011). GS is believed to have the ability to overcome both 

the preceding limitations as described (Meuwissen et al. 2001; Heffner et al. 2011). The 

limitation of statistical power is addressed through the use of a random-effects approach, 

in order to estimate both small and large effect QTL (Meuwissen et al. 2001; Heffner et 

al. 2011). The epistatic G×G and G×E interactions limitation is overcome by a continuous 

re-estimation of marker effects on phenotypic traits for desirable populations across key 

(representative) environments to capture changes in both G×G and G×E (Podlich et al. 

2004; Breseghello and Sorrells 2006; Heffner et al. 2011). Estimation of both small and 
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large effect QTL allows for a more suitable choice of parental combinations in crosses 

that lead to the development of vigorous new cultivars. 

 

2.15 Considerations for GS model selection 

In order to satisfy the conditions of a genomic prediction model, sufficient genotypic 

information must be available for both the training and testing populations. A common 

problem faced in the design of training populations is related to the large p, small n effect. 

This describes the relationship between the number of SNPs (marker predictors; p) 

versus the number of observations (predictions; n). The makeup of training populations 

in crop breeding usually comprises hundreds of individuals. This is in contrast to the 

thousands of SNPs required per genotype. The imbalance between the number of marker 

predictors, p, and the number of predictions, n, leads to computational difficulty. The 

overarching mathematical problem that comes to fruition with the resulting large p, small 

n, results in high multicollinearity, coupled with the inability to estimate marker effects by 

fitting multiple linear regression models (Piepho 2009; Crossa et al. 2010; Jannink et al. 

2010).   

 A second issue related to the design and optimization of models becomes evident 

when used for prediction in a testing set. Overfitting occurs as a result of excess noise 

generated during the fine tuning of the training set. This causes poor performance with 

respect to the model, leading to lower prediction accuracy on the validation set. To 

counteract these issues, penalized regression parameters have been applied to models, 

including Ridge Regression Best Linear Unbiased Predictor (rrBLUP), and reproducing 

kernel Hilbert space (RKHS) which will be discussed below (Meuwissen et al. 2001). 
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 Furthermore, a reduction in overfitting can be attained through x-fold cross-

validation, where the dataset is split into several, distinct folds, and each fold is iteratively 

used as the testing population and the remaining folds are used as the training population 

(Poland et al. 2012; Sarinelli et al. 2019). Previous studies have shown that by analyzing 

traits using a two-step approach, where the trait is adjusted using multi-environment data, 

cross-validation methods are able to use repeated sampling for the creation of both the 

testing and training populations, leading to a further reduction in overfitting (Arruda et al. 

2015; He et al. 2016). These types of issues can be addressed using least squares 

regression, but also require a regularization penalty in addition to the least-squares loss 

function that is employed to select between potential solutions.  

 There are many types of regularization that can be applied to mitigate the problems 

described above. Perhaps the most well-known is L2 regularization, in which large 

regression coefficients are penalized in least-squares regression problems (Tibshirani 

1996). Due to the way in which L2 regularization penalizes the squares of the model 

coefficients, solutions that introduce small coefficients on input features produce a lower 

value associated with the model’s loss function compared to a model with equivalent 

accuracy but uses large coefficients on fewer input features. This results in trained models 

that places a smaller coefficient on input features. A GS model that employs L2 

regularized ordinary least squares regression is rrBLUP.  

 Another common regularization method is L1 regularization, which works to 

penalize the sum of the regression coefficients in least squares regression problems 

(Tibshirani 1996). This results in solutions that set input feature coefficients to zero, 

resulting in a lower total loss value compared to alternative methods with equivalent 
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accuracy that use a larger volume of input features. A GS model that employs L1 

regularized ordinary least squares regression is least absolute shrinkage and selection 

operator (LASSO). Both L1 and L2 regularization can be applied to the weights 

associated with nodes in a neural network model, described below. 

 

2.16 Genomic selection models 

2.16.1 Ridge regression best linear unbiased predictor (rrBLUP) models 

The BLUP model, including rrBLUP and genomic BLUP (GBLUP), has been the 

most widely used parametric model for genomic enabled prediction (VanRaden et al. 

2008; Habier et al. 2013; Juliana et al. 2018b). It can be applied in situations where there 

are more predicted effects than available data points (Meuwissen et al. 2001). This is 

possible because the BLUP model assumes that all loci explain a priori an equal amount 

of variance, (e.g., &!
'

, where Vg = total genetic variance and n = the number of loci), leaving 

only one variance parameter for estimation (Meuwissen et al. 2001). Moreover, when the 

rrBLUP model uses the K matrix, it is fitting a GBLUP model (Habier et al 2009; de los 

Campos et al. 2013). The rrBLUP and GBLUP models in this case are therefore 

equivalent, and should not produce any differences in predictive ability, other than 

stochastic differences (Habier et al. 2007). 

 

2.16.2 Reproducing kernel Hilbert space (RKHS) models 

Semi-parametric prediction models, and more specifically the RKHS model, are 

advantageous in that they do not require explicit assumptions and allow for general 

variable effects (Gianola and van Kaam 2008; Yang et al. 2016). This is important 
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because previous models, including BLUP, rely on the validity of the linear model 

assumption. The linear model assumption is comprised of four main points: (i) linearity, 

meaning that the relationship between the variables (X and Y) is, in fact, linear, (ii) 

homoscedasticity, meaning the variance of the residual is the same for all values of X, 

(iii) independence, meaning the observations are independent of one another, and (iv) 

normality, for any value of X, the corresponding Y value is normally distributed (James et 

al. 2013). Simply, it is assumed that, to rely on the linear model assumptions, means that 

the variability in response does not increase as the predictor increases. The RKHS model 

is an attempt to extend already available variable selection models in a semi-parametric 

regression context (Yang et al. 2016).  

The semi-parametric method operates under the assumption that such models 

possess the capability to capture signals from higher-order interaction (Pérez-Rodríguez 

et al. 2012). Simply, RKHS models extend the search space before and during the fitting 

process for potential models, compared to previous models, including rrBLUP (Berk 2008; 

Morota and Gianola 2014). RKHS regression begins by searching for a reasonable 

function and using the residual sum of squares as a loss function, and assigns the 

squared norm of g (true genetic signal) under a Hilbert space (𝓗) as a penalty (Morota 

and Gianola 2014). This penalty is applied so as to hinder the potentiality of overfitting 

the model. The objective function is then minimized with respect to g, 

 

[2.2]  𝓵(𝐠|𝛌) = 	 ‖𝐲 − 𝐠‖𝟐 + 𝛌‖𝐠‖𝓗𝟐 , 
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where 𝛌 represents a regularization parameter and 𝓗 represents the Hilbert space 

(containing a class of functions). Due to the assumption that the optimal function is 

present in the span of functions characterized in the Hilbert space, Equation 2.2 is 

reduced to a linear function represented by 𝚱𝛂, where 𝚱 denotes an n × n kernel 

representing the observed data and 𝛂 denotes an n × 1 vector of regression coefficients 

to be implied. This is done by minimizing the following function 

 

[2.3] 𝓵(𝛂|𝛌) = (𝐲 − 	𝚱𝛂)*(𝐲 − 	𝚱𝛂) + 𝛌𝛂*𝚱𝛂, 

 

by setting it to 0 and taking its derivative to obtain: 

 

[2.4] 𝜶6 = (𝚱 + 𝛌𝚰)+𝟏𝐲, 

 

where the predicted genetic value is represented by 𝐠8 = 𝚱𝜶6, requiring 𝛌 to be known. 

This regression is known as a kernel ridge regression and was first explored by Gianola 

et al. (2006) and Gianola and van Kaam (2008).  

 

2.16.3 Neural networks 

The final group of GS models include a branch of machine learning called deep 

learning, comprised of models including neural networks (NN). The foundation of deep 

learning is based upon the representation of data and learned patterns for the continued 

use of prediction using future datasets (Najafabadi et al. 2015). The makeup of the 

dataset contributes to the utility of the model, as poor data representation leads to a 
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reduction in overall performance no matter how complex the model is (Najafabadi et al. 

2015).  

The learned hierarchy of concepts required by deep learning, therefore, requires 

a hierarchy of functions. Unlike the simple function, 𝑦	 = 	𝑓(𝑥),	where parameters are 

learned from a single function like a simple linear regression, researchers are interested 

in applying a predictive model based on the composition of many functions, e.g., 𝑦	 =

	𝑓(ℎ-(ℎ.(𝑥))).	 The basis of a NN is that it is a deep learning model composed of multiple 

layers: (1) an input layer (2) multiple layers of hidden units (which will be discovered 

during the learning phase), and (3) an output layer (Figure 2.2) (Hastie et al. 2009). 

The origin of NNs stems from a comparison to the weak model of biological 

neurons; however, modern neural network architecture is hardly classified as such 

(Goodfellow et al. 2016). NNs consist of sets of neurons, denoted nodes, and synapses, 

weighted edges between nodes (Goodfellow et al. 2016). The unique weight assigned to 

each synapse signifies the strength of the connection between the joined nodes 

(Goodfellow et al. 2016). In general, an input (e.g., a signal or a set of covariates) is 

presented to the NN model, which performs a series of calculations by propagating the 

input along the synapses until it reaches the response (output) layer (Goodfellow et al. 

2016). 

Much like the spiking model action of biological neurons, a nonlinear activation 

function is applied to nodes along the NN pathway that are present in hidden layers and 

the response layer (Goodfellow et al. 2016). A hidden layer is a vector of nodes that are 

not present in the output from the NN model. The hidden nodes learn important properties 

relating to the input that lead to better results in the response layer. The advent of big 



 

 32 

data and increased computational power has resulted in an uptick of NN development for 

genomic prediction (Goodfellow et al. 2016). 

The understanding of NNs is complicit with the understanding of the mechanics of 

multilayer perceptrons (MLP), also known as feedforward NNs. The objective of a MLP is 

to approximate some nonlinear function, and map an input, x, to some category, y 

(Goodfellow et al. 2016). This function, e.g., 𝒚 = 𝒇(𝒙; 𝜽), learns the values of the model 

parameters, 𝜽, that delivers the most appropriate function approximation (Goodfellow et 

al. 2016). 

 

2.17 Genomic selection in the literature 

To counteract inefficiencies related to MAS, GS was introduced as a method that 

was able to use all available information and simultaneously estimate marker effects 

across an entire genome. A number of studies have looked at the feasibility of 

implementing GS models in a variety of crops. Meuwissen et al. (2001) first explored the 

accuracy of stepwise regression (SR), BLUP and Bayesian models on a simulated 

dataset. The researchers concluded that SR led to low GEBV accuracy as a result of 

limited QTL detection; however, rrBLUP and Bayesian models (BayesA and BayesB) had 

increased accuracy (Meuwissen et al. 2001). It was found that the rrBLUP model resulted 

in a GEBV accuracy of 0.732 – a 41% increase in accuracy when compared to SR 

(Meuwissen et al. 2001). Both BayesA and BayesB had higher accuracies than both SR 

and rrBLUP, with a GEBV accuracy of 0.798 and 0.848, respectively (Meuwissen et al. 

2001). This initial study paved the way for the integration of GS into animal and plant 

breeding programs around the world. 
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Xu et al. (2003) also applied the SR and BayesA models to a population of doubled 

haploid barley (Hordeum vulgare L.) consisting of 145 genotypes with 127 SNP markers 

spanning 1500 cM of the barley genome for a number of agronomic traits. Researchers 

found that both prediction models were capable of detecting large effect QTL, but BayesA 

was able to provide better QTL and marker effect estimates when compared to SR (Xu 

et al. 2003). This result was repeated by ter Braak et al. (2005), who used the same 

datasets as Meuwissen et al. (2001) and Xu et al. (2003) and too found that BayesA gave 

more accurate estimates of marker effects. The high predictive ability related to the 

implementation of GS in simulated datasets was key for exploring its efficiency using real 

life data. 

 GS was first made popular in animal breeding programs. Bayesian modeling has 

also been applied to a single chromosome in dairy cattle with 32 markers, including a 

known causal mutation for fat percentage (de Roos et al. 2007). Bayesian GS and 

traditional BLUP models were compared, with GS being superior (a GEBV accuracy of 

0.752) to BLUP (an estimated breeding value, EBV, of 0.508) (de Roos et al. 2007). The 

results of this study showed researchers that the robustness of the GEBV accuracies infer 

the effectiveness of GS as a selection strategy even in the absence of the discovery of a 

QTL (de Roos et al. 2007; Heffner et al. 2009). 

 Advances in GS have led to its use in crop and animal breeding programs around 

the world, including wheat. The research done on simulation studies paved the way for 

the forward thinking that increases in genetic progress associated with GS would translate 

to increases genetic gain in plant breeding programs (Crossa et al. 2010). This was further 

emphasized by Heffner et al. (2009) who showed there was a high correlation between 
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true breeding values and estimated breeding values in the simulated studies described 

above.  

The implementation of GS in wheat populations has largely been evaluated for 

wheat yield and disease resistance, among other agronomic traits (Arruda et al. 2015; 

Berro et al. 2019; Crossa et al. 2010, 2014; Dawson et al. 2013; Heffner et al. 2009, 2011; 

Lado et al. 2016). Crossa et al. (2010) investigated the potential implementation of GS in 

the International Maize and Wheat Improvement Center’s (CIMMYT) wheat and maize 

breeding programs, with populations of 599 and 300 genotypes, respectively. Initial 

findings suggested that, although GS was promising using simulated data, fine tuning 

was required in order to understand the feasibility of these models with respect to real life 

breeding line data (Crossa et al. 2010). Further studies by Crossa et al. (2014) aimed to 

deduce the components of predictive ability using the same CIMMYT maize and wheat 

data from the previous research paper. The importance of this research established the 

foundation for the importance of covariates in GS models to enhance predictive ability, 

and more importantly, it was determined that population structure and therefore 

relatedness, accounted for a large proportion of prediction accuracy (Crossa et al. 2014).  

Heffner et al. (2011) explored the possibility of using rrBLUP and different 

Bayesian models for genomic prediction of yield and end-use quality traits in a population 

of 374 soft winter wheat varieties and advanced genotypes from the Cornell University 

Wheat Breeding Program (Ithaca, NY). It was concluded that prediction accuracy from 

GS far surpassed that of MAS by approximately 28% (0.59 for GS and 0.46 for MAS) 

(Heffner et al. 2011). However, it was noted that the average prediction accuracy (r) 
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between GS models for all traits ranged from 0.58 to 0.60, noting similarities in model 

performance across the board (Heffner et al. 2011). 

Given previous research supporting GS in both simulated and real-life datasets, 

Dawson et al. (2013) aimed to look at the impact of unbalanced breeding trials on 

prediction accuracies in a global breeding program. The importance of understanding how 

unbalanced datasets affect predictive ability on a per annum basis is vital, as there can 

be a large genotype-by-environment effects in small-scale breeding programs. Dawson 

et al. (2013) found that there was no advantage to including the genotype-by-environment 

model when using GS on a global scale; however, it was noted that with limited data 

availability (locations and years), the genotype-by-environment information may be 

advantageous. Recently, Lado et al. (2016) explored the inclusion of genotype-by-

environment interaction effects as a covariate in genomic prediction models in the context 

of a wheat breeding program. The group evaluated 1,477 advanced wheat breeding 

genotypes and found that the addition of this covariate resulted in a prediction accuracy 

of 0.5 for yield across 35 year-location combinations (Lado et al. 2016). The optimization 

of training populations has also become a popular topic with respect to the utility of GS in 

the context of breeding programs. Berro et al. (2019) compared different optimization 

strategies and their effects on prediction accuracies for grain yield. It was found that 

optimization strategies that considering population structure and the relationship between 

the training and testing populations was key for optimal predictive ability (Berro et al. 

2019). 

Genomic prediction has been used for traits related to disease resistance traits, 

including FHB, as conveyed by Arruda et al. (2015). The authors used a panel of 273 
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genotypes derived from 233 crosses based primarily out of the University of Illinois soft 

red winter wheat program (Arruda et al. 2015). A comparison of GS models, including 

rrBLUP, were used for the prediction of traits related to FHB resistance (Arruda et al. 

2015). It was concluded that all GS models demonstrated moderate to high predictive 

ability for traits related to FHB resistance, including DON level, Fusarium-damaged 

kernels (FDK) and severity (Arruda et al. 2015). Historically, breeders used phenotypic 

data available to make selections related to disease resistance; however, these results 

showed that GS is a suitable tool to use as a breeding strategy for FHB resistance. 

End-use quality and processing traits are also imperative to evaluate for both bread 

and pastry wheat cultivars. Battenfield et al. (2016) looked at the effectiveness of 

implementing GS in the CIMMYT spring bread wheat breeding program. A total of 5520 

genotypes that had been subjected to yield trials from 2009 to 2015 were used to 

determine the forward prediction accuracy of processing and end-quality traits 

(Battenfield et al. 2016). It was reported that prediction accuracies (r) ranged from 0.32 

(grain hardness) to 0.62 (mixing time), and were trait-dependent (Battenfield et al. 2016). 

This study differed from previous GS studies with respect to the way in which prediction 

accuracy was measured – previous studies relied on cross-validation of the training 

population whereas Battenfield et al. (2016) used forward prediction methods to estimate 

accuracy. Lado et al. (2018) explored the use of single and multi-trait genomic prediction 

models with respect to eight highly correlated baking quality traits in bread wheat. The 

researchers evaluated 495 advanced wheat genotypes and found that the size of the 

training population could be reduced by 30% when using one to three correlated traits in 
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prediction models, which led to decreases in phenotyping costs for the breeding program 

(Lado et al. 2018).   

Recently, CIMMYT researchers sought to understand the utility of GS in a large-

scale model of their wheat breeding program based out of Mexico (Juliana et al. 2020). 

The authors assembled a panel of 420 populations, environments, cycles and model 

combinations to determine the utility of GS for predicting yield potential in advanced yield 

testing lines (Juliana et al. 2020). It was determined that the addition of genomic 

relationships as a covariate did not add significantly to their model accuracy due to the 

nature of small family size within the populations (Juliana et al. 2020). Prediction accuracy 

for yield potential showed moderate predictive ability and ranged from 0.31 to 0.41, 

maintaining consistent results from previous literature (Juliana et al. 2020). 

Recent efforts to explore the utility of GS in breeding programs have culminated in 

combined efforts to determine the efficiency of different models and their impacts in both 

plant and animal breeding programs. The predictive ability of GS models in populations 

of breeding programs has been studied, as described above; however, the utility of GS 

and its impact on genetic gain in a diverse and dynamic breeding pipeline is yet to be fully 

elucidated. 

 

2.18 The use genomic selection in breeding pipelines 

The AYT, EYT, PAOR and BROR trials are largely unbalanced due to the nature 

of the breeding program. Genotypes are constantly being introduced and removed each 

year (Lado et al. 2016). Due to the high volume of genotypes moving through the pipeline, 

entries are evaluated in multi-environment trials (Lado et al. 2016). The poor performing 
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genotypes are then removed prior to rigorous testing in later stages of the breeding cycle 

and are therefore, replaced going forward. As a result, certain entries may be present for 

a short time before being removed from the program completely. 

The benefit of using the UGWWBP population data for GS is the availability and 

depth of data available; however, the data is unbalanced, and may result in missing data 

that is not random. A previous study carried out by Piepho and Möhring (2007) showed 

that the high level of selection in breeding programs can be ignored for GS, as long as all 

available data is used. Mixed models were developed for the use and analysis of 

unbalanced, multi-environment data, including breeding program data. 

The evaluation of genotype performance in multi-environment trials is of utmost 

importance to breeders. The ability to predict trait performance of genotypes in 

subsequent years and compare between all environments is important for determining 

the utility of these genotypes in the future. The use of BLUPs, in which the genotypes are 

treated as random effects, are superior to Best Linear Unbiased Estimators (BLUEs), in 

which the genotypes are treated as fixed effects. BLUPs are able to provide a reliable 

estimate of genotype performance with respect to regression towards the mean (Smith et 

al. 2001; Piepho et al. 2008). Moreover, BLUPs are able to account for relatedness with 

respect to predicted entry performance. 
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2.19 Hypotheses and objectives 

Hypotheses: 

I. Semi-parametric models result in a higher prediction accuracy for quantitative 

traits compared to nonlinear, deep learning models. 

II. Using a GEI effect as a covariate increases the accuracy of GS prediction 

models. 

III. Maximized photoperiod results in an accelerated maturation rate, and 

decreased days to anthesis. 

 

Objectives: 

The objective of this research was to take a comprehensive look at conventional 

phenotypic selection as compared to GS, with the goal of improving the efficiency of GS 

and potentially integrating it into the already-available accelerated generation 

advancement pipeline in the University of Guelph Winter Wheat Breeding Program 

(UGWWBP). This will allow the breeding program to: (1) determine relatedness, structure 

and phenotypic indices for preliminary and advanced yield trial lines; (2) identify which 

GS prediction models, if any, would benefit the UGWWBP;  (3) integrate and accelerated 

breeding protocol in the early stages of the program to decrease the time to anthesis and, 

(4) provide recommendations for the integration and implementation of GS and 

accelerated breeding for the UGWWBP in the future.  
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Figure 2.1 Map of Ontario winter wheat growing regions (OCCC 2020). Ontario wheat 
production is subdivided into four geographic areas: Area I – Southern Ontario; Area II – 
Central Ontario; Area III – Eastern Ontario and Area V – Northern Ontario. 
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Figure 2.2 A schematic of a basic feedforward neural network based on a figure from 
Ayyadevara (2019). The input layer, represented by in, ranges from 1 to any number of 
layers, n. Hidden layers are present after the input layer but before the output layer and 
may range from 1 to any number k layers. The output layer, represented by on, from 1 to 
the same number of layers as the input, n. 
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3 Genomic selection for agronomic traits in a winter wheat  
breeding program 

 

3.1 Abstract 
 Genomic selection (GS) is an effective strategy to employ in a breeding program 

that focuses on optimizing quantitative traits, which results in the ability for breeders to 

select the best genotypes. GS was implemented on a breeding program scale to 

determine the potential for implementation on an annual basis for selecting optimal 

parents and decreasing the time and costs associated with phenotyping large numbers 

of genotypes. A total of 1,870 winter wheat genotypes were phenotyped and genotyped 

using repeat Amplification Sequencing (rAmpSeq). The optimization of training to testing 

population size showed that the 70:30 ratio provided the most consistent prediction 

accuracy. Three GS models were tested, rrBLUP, RKHS and feed-forward neural 

networks using the University of Guelph Winter Wheat Breeding Program (UGWWBP) 

and the Elite-UGWWBP populations. The models performed equally well for both 

populations and did not differ in prediction accuracy (r) for most agronomic traits, except 

for yield, in which RKHS performed the best with an r = 0.34 and 0.39, respectively. The 

ability to operate a breeding program under the use of multiple selection strategies, 

including GS, will lead to higher efficiency in the program overall, and ultimately lead to a 

higher rate of genetic gain. 
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3.2 Introduction  

Cereal crops including maize, rice and wheat, are responsible for 50% of human 

food consumption through direct use or animal feed, with wheat contributing 21% of the 

annual global food supply (Tweeten and Thompson 2008; Fischer and Edmeades 2010). 

As the global population continues to increase, the demand for wheat follows the same 

trend. Over the last several decades, the rate of yield change for wheat on a global scale 

has been approximately ± 25 kg ha-1 yr-1 (Fischer and Edmeades 2010), with no indication 

of exponential growth. In fact, the relative rate of yield increase for most cereal crops, 

including wheat, is declining; however, this is not the case for maize in some regions of 

the world (Fischer and Edmeades 2010). The ability to meet this increasing demand is a 

function of numerous parameters, including the selection strategies employed in the 

breeding program, and the volume of breeding material that is progressed through the 

program on an annual basis. Therefore, understanding important traits, including those 

that contribute to yield, and developing methods to breed for them in an efficient manner 

is vital for continued yield gains from plant breeding strategies. 

Increased efficiency, and therefore increased genetic gain, can be achieved 

through the manipulation of the breeder’s equation, 

 

[3.1] ∆𝐺 = 	 !"#!
$

, 

 

where ∆𝐺 represents the rate of genetic gain, 𝑖 is in the intensity of selection, 𝑟 is the 

accuracy of selection, 𝜎% represents genetic variance and 𝐿 is cycle time per generation. 
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Although there are several strategies that can be employed to increase the rate of genetic 

gain, this chapter seeks to explore the ability to increase 𝑟 through the use of genomic 

prediction. 

A central idea in quantitative genetics is the ability to link genotypic and phenotypic 

information through the genetic relatedness of individuals, e.g., covariance between 

individuals in a related panel (Wright 1921; Morota and Gianola 2014). The foundational 

selection methods in crop breeding are traditionally based on measured phenotypic 

information of individuals and their close relatives. The phenotypic data provides the basis 

for determining estimated breeding values, calculated by best linear unbiased predictors 

(BLUPs) (Henderson 1984). Although the use of phenotypic information is relevant to 

breeders, it is expected that the use of genotypic information may lead to faster genetic 

gain than that achieved by phenotypic data alone (Meuwissen et al. 2001).  

Statistical modeling is often used to represent variation in DNA sequences and its 

subsequent effects on observed phenotypic variation of important quantitative traits, 

rather than understanding the biological pathways that influence the genes of interest 

(Morota and Gianola 2014). Genomic selection (GS) represents a subfield of quantitative 

genetics that aims to predict genetic values by means of phenotypic regression on 

measures of genetic resemblance from DNA based genomic sequences (Morota and 

Gianola 2014). The objective of GS is to predict responses in individuals using additive 

genetic effects that may indicate their applicability as parents in the next generation 

(Morota and Gianola 2014). A number of papers have addressed this methodology and 

applied it to specific populations, as discussed in the previous chapter (Gianola et al. 

2009; Calus 2010; de los Campos et al. 2013; Gianola 2013; Meuwissen et al. 2013). 
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Early research on GS began in the 1980s (Fernando and Grossman 1989; Lande 

and Thompson 1990); however, implementation of these methods was delayed due to 

gaps in the ability to gather adequate molecular information. Meuwissen et al. (2001) and 

Gianola et al. (2003) were the first to test the applicability of GS on simulated datasets 

and researchers have since been able to apply GS strategies to a variety of quantitative 

traits in animal (Hayes et al. 2009; VanRaden et al. 2009) and plant breeding programs 

(Heffner et al. 2011; Crossa et al. 2014; Arruda et al. 2015; Battenfield et al. 2016). 

Lorenzana and Bernardo (2009) used biparental populations to show that the predictive 

ability of the ridge regression best linear unbiased prediction (rrBLUP) and empirical 

Bayes (E-Bayes) [Xu 2007] models are similar. Crossa et al. (2010) used wheat and 

maize breeding populations to evaluate the predictive ability of Bayesian Lasso (BL) and 

reproducing kernel Hilbert space (RKHS) models for crop improvement. A comparative 

study of several GS models was carried out in a multi-parental wheat population by 

Heffner et al. (2011), who reported that all models performed about the same across 13 

traits, with the exception of some highly heritable traits.  

 

3.2.1 Defining kinship and PCA for genomic prediction 

 A key proponent of the ability to implement a selection strategy like GS at the 

population or breeding program level is the complete understanding of the relationships 

between the genotypes being used for the analysis. Kinship (K) is often used as a key 

measure when analyzing genetic data for the determination of underlying relatedness and 

population structure (Wang et al. 2017). To further understand the variation within the 

UGWWBP population, a principal component analysis (PCA) was analyzed. PCA is a 
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statistical method that, when applied to genotypic data, allows for the detection of any 

underlying structure (Jolliffe and Cadima 2016). 

 The availability of genome-wide single nucleotide polymorphism (SNP) data for all 

genotypes used in predictive modeling allows for the estimation of realized kinship in an 

accurate manner, without the availability of a pedigree (Wang et al. 2017). The inferred 

pairwise K matrix is therefore able to be used as a measure of genomic similarity and as 

a kernel in a GS model, as explained by Gianola and van Kaam (2008) and de los 

Campos et al. (2010). 

 

3.2.2 Accommodating GEI in GS 

Genotype × environment interaction (GEI) effects are commonly evaluated in plant 

breeding programs (Cooper and Hammer 1996). Unlike animal breeding programs that 

largely ignore the GEI effect, variable environmental conditions have a significant impact 

on the performance of genotypes (Cooper and Delacy 1994; Mathews et al. 2008; Lado 

et al. 2016). Animal breeding programs are able to ignore these effects because they 

have the luxury of removing environmental impacts on their herds through management 

practices and the use of controlled environments (Mulder 2016). GEIs represent the 

differential response of individual genotypes in variable environments, which has the 

potential to result in a changing the rank of the individual genotypes tested. This tends to 

complicate the selection of stable individuals that perform well across test environments. 

GS allows for the incorporation of historical phenotypic data to aid in the selection 

of optimal individuals, based on collected information from a broad set of environments 

compared to what is normally available for conventional selection methods (Heffner et al. 

2009). This increases the ability for breeders to predict the stability of certain genotypes 
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in environments where they may not have been tested, but a close relative has. Due to 

the nature of GS as a selection strategy, it provides an opportunity for breeders to 

integrate environmental covariates (e.g., climate data) to better predict GEI deviations in 

environments for which there is no available data (Heslot et al. 2013). The assumption is 

that the inclusion of GEI as a covariate in GS models will allow for the prediction of stable, 

optimal individuals and the identification of important stresses in a range of environments 

(Podlich et al. 1999). 

 To explore the applicability of GS in an average-sized winter wheat breeding 

program, predictive ability for agronomic traits, including yield and its components, was 

evaluated. The objectives of this study were to: (i) determine the applicability of GS on a 

breeding program scale, (ii) identify the optimal ratio of training to testing population size 

for the use of GS on a breeding pipeline scale, (iii) determine if there are significant 

differences between the choice in GS models for a number of agronomic traits, and (iv) 

explore the addition of covariates, including GEI effects, on the outcome of predictive 

ability. 

 

3.3 Materials and methods 

3.3.1 Plant materials 

 Breeding materials from the University of Guelph’s Winter Wheat Breeding 

program were used to test the predictive ability of GS models in a pipeline setting. The 

Preliminary Yield Trials (PYT), Advanced Yield Trials (AYT), Elite Yield Trials (EYT) and 

Ontario Cereal Crop Committee (OCCC) Orthogonal genotypes were used. The 

description of each type of trials is provided below. The OCCC Orthogonal genotypes 

were split into two populations: Bread (BROR) and Pastry (PAOR). A total of 1,870 winter 
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wheat genotypes, including checks, were used, with the majority of the genotypes derived 

from crosses made at the University of Guelph, as well as genotypes originating from the 

University of Hohenheim (Germany), CIMMYT (Mexico) and Limagrain company. 

 

3.3.2 Experimental design 

The PYTs were grown over two years (2018 and 2019) at the Elora Research 

Station (ERS) located in Elora, Ontario (43°38'29'' N, 80°24'20.1'' W). The PYTs are 

designed as a single replication, single location augmented design with a fluctuating 

number of genotypes per year, dependent on the amount of material that is progressed 

through the earlier stages of the breeding program. The AYT, split into AYTA and AYTB, 

were set up as randomized complete block designs with three replicates from 2017 to 

2019. The tests were grown at two locations in 2017 and 2018, the ERS in Elora, Ontario 

and the Woodstock Research Station (WRS) in Woodstock, Ontario (43°08'42.2" N, 

80°47'07.7" W). Both AYTA and AYTB were grown only at the ERS in 2019. The EYT 

was set up as a randomized complete block design with three replicates in 2018 and 

2019. The tests were grown at the ERS for both years. The OCCC PAOR and BROR 

trials were grown in four locations, the ERS, Palmerston, ON (43°52'28.9"N 

80°50'10.1"W), Ottawa, ON (45°22'47"N 75°42'31"W), and Woodslee, ON (42°12'48.5"N 

82°44'50.4"W) from 2017 to 2019. Both tests were set up as RCBDs with four replicates 

for each year. Both Ottawa and Palmerston 2017 and 2018 locations did not record days 

to maturity and were, therefore, excluded as locations for determining BLUP values for 

each genotype.  

The plots at each site were managed using conventional standard tillage, pest and 

weed management practices. All plots were four metres in length and six rows wide with 
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17.8 cm row spacing. The planting and harvest dates for each environment are provided 

in Table 2.1.  

 

3.3.3 Phenotypic data collection and analysis 

 The panel was phenotyped for the following traits: (i) Julian days to maturity 

(maturity) at which 70% of the plot was fully matured, (ii) plant height (averaged over three 

measurements per plot) prior to harvest, (iii) yield (collected from the combine in 

tonnes/hectare), and (iv) post-harvest thousand-kernel weight (TKW), averaged over 

three measurements, in grams (g). 

 The Preliminary, Advanced, Elite, Bread and Pastry Yield Trials (PYT, AYT, EYT, 

PAOR and BROR) were analyzed across years as a-lattice designs, and therefore the 

following model was used to predict genotypic means for each entry: 

 

[3.2] 𝜸𝒊𝒌𝒍 = 𝝁 + 𝒈𝒊 + 𝒓𝒌 + 𝒃𝒍(𝒌) + 𝜺𝒊𝒌𝒍, 

 

where 𝝁 is the overall mean, 𝒈𝒊 is the random effect of the 𝒊th genotype, 𝒓𝒌 is the random 

effect of the 𝒌th replicate, 𝒃𝒍(𝒌) is the random effect of the 𝒍th incomplete block in the 𝒌th 

replicate and 𝜺𝒊𝒌𝒍 is the residual error for the 𝒊th genotype in the 𝒍th incomplete block 

within the	𝒌th replicate. 

Data was analyzed using RStudio v1.4.1103 (R Development Core Team 2021). 

Both lme4 (Bates et al. 2015) and dplyr (Wickham et al. 2020) packages were used to 

calculate best linear unbiased predictors (BLUPs) for each genotype per trait.  

 Broad-sense heritability (𝑯𝐂𝐮𝐥𝐥𝐢𝐬
𝟐 ) was calculated using genotypic BLUPs and was 

based on the following equation (Cullis et al. 2006; Schmidt et al. 2019): 
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[3.3] 𝑯𝐂𝐮𝐥𝐥𝐢𝐬
𝟐 = 	𝟏 − 𝒗:∆

𝐁𝐋𝐔𝐏

𝟐𝝈𝐠𝟐
, 

 

where 𝝈𝐠𝟐 is the genotypic variance and 𝒗S∆𝐁𝐋𝐔𝐏 is the mean variance of a difference in the 

two genotypic BLUP values. 

 

3.3.4 Genotypic data collection and analysis 

 Leaf tissue was extracted for each genotype from the ERS for DNA extraction from 

2017 to 2019. Tissue was freeze dried and sent to the National Research Council (NRC; 

Saskatoon, Canada) for DNA extraction. DNA extraction was carried out using a DNeasy 

Plant Mini Kit (Qiagen, Hilden, Germany) and was used for genotyping by means of repeat 

Amplification Sequencing (rAmpSeq) (Buckler et al. 2016).  

The SNP calling pipeline was carried out for all genotypes under a Conda virtual 

environment (Anaconda Inc. 2017). Raw reads were trimmed to remove contamination 

and low-quality reads with Trimmomatic-0.38 (Bolger et al. 2014) and read pair quality 

before and after trimming with FastQC v0.11.8 (Andrews et al. 2012). The reads were 

mapped to a wheat reference genome v1.0 (IWGSC 2018) with Burrows-Wheeler 

Alignment (BWA) v0.7.17-r1188 (Li and Durbin 2009). The mapped reads were filtered 

with a customized Perl script for the "best" one for multiple alignment of the same reads. 

The "best" alignment of each read pair was used for SNP calling after duplicates were 

removed with Picard-2.18.12 (Broad Institute 2019). Both the GATK4 (McKenna et al. 

2010) pipeline and VCFtools (Danecek et al. 2011) pipelines were used for SNP calling 

for comparison. SNP calling with GATK4 v4.1.0.0 (McKenna et al. 2010) was done with 

two steps: (i) per-sample SNP calling for individual samples to create a list of candidate 
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SNPs and (ii) the candidate SNPs were used to calculate a two-round base quality score 

recalibration (BQSR). Joint SNP calling was used for all 1,156 and 895 samples from 

2018 and 2019 respectively using the original (89,827 SNPs in total) and the transformed 

files. SNP calling was also used with SAMtools v1.7 (Li et al. 2009) in two steps: (i) per-

sample SNP calling for individual samples to create a list of candidate SNPs, (ii) joint SNP 

calling for all 1,156 and 895 samples based on the candidate SNPs from the first step. 

The original raw VCF file resulted in 82,939 SNPs in total and was used in conjunction 

with the transformed genotype file. The GATK4 (McKenna et al. 2010) pipeline was used 

for further analysis. 

 The 2017/2018 (1,156) genotypes and 2019 (895) genotypes were merged using 

VCFtools (Danecek et al. 2011). The SNPs were filtered for only those present in 

amplicon regions. SNPs supported by less than four reads and indels were also removed 

from the dataset. The file was further filtered for missing data (60% missing data was 

allowed) and heterozygosity (SNPs with more than 20% heterozygosity were removed). 

Both polymorphic and biallelic SNPs were kept in the file. Lastly, missing data was 

imputed using Beagle v5.1 (Browning et al. 2018).  

After imputation and filtering, the merged SNP file had a total of 4,754 SNPs. SNP 

distribution was analyzed in Trait Analysis by aSSociation Evolution and Linkage TASSEL 

v5.0 (Bradbury et al. 2007) to determine the number of SNPs per genome and per 

chromosome. Linkage disequilibrium (LD) decay was explored using PopLDdecay 

(Zhang et al. 2019). The variant call format (VCF) file was imported to calculate LD decay 

to 50% of the maximum by physical position for each chromosome. 
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3.3.5 Principal component analysis and realized kinship estimation 

PCA was run on the 4,754 SNP data for all 1,870 genotypes to determine the 

underlying structure in the breeding program. This analysis was carried out using 

TASSEL v5.0 (Bradbury et al. 2007) with the following parameters: a minimum eigenvalue 

of 0.0, total variance of 0.5 and a limit of five components. A PCA analysis was conducted 

in RStudio v1.4.1103 (R Development Core Team 2021) to determine the presence of 

subpopulations for the comparison of prediction accuracy (r) using three GS models.  

Realized kinship (K) was estimated for all genotypes using TASSEL v5.0 

(Bradbury et al. 2007) using the same parameters. A matrix was generated in RStudio 

v1.4.1103 (R Development Core Team 2021) for its use as a kernel in GS models. Both 

processes were also carried out for the Elite-UGWWBP population consisting of AYT, 

PAOR and BROR genotypes. 

 

3.3.6 GEI analysis 

 All genotypes were classified by year-location within each trial. The individual 

RCBD year-location combinations were treated as blocks combined through the use of 

related genotypes (including checks) repeated in each environment into an 𝛼-lattice 

design (Piepho et al. 2006).  

All phenotypic information for each genotype was run through PROC MIXED in 

SAS v9.4 (Yan et al. 2007) to obtain entry least square means (LSmeans) per 

environment, with genotype set as the fixed effect. Combined environment LSmeans 

were also obtained as an average entry GEI effect across all environments.  

 GGE biplot analysis was based on the Sites Regression (SREG) linear-bilinear 

(multiplicative) model (Cornelius et al. 1996), represented by, 
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[3.4] 𝒚S𝒊𝒋 −	𝝁𝒋 =	∑ 𝝀𝒌𝜶𝒊𝒌𝜸𝒋𝒌 + 𝜺W𝒊𝒋𝒕
𝒌D𝟏 , 

 

where 𝒚S𝒊𝒋 represents the mean of genotype 𝒊 in environment 𝒋; 𝒊 = 1, … 𝒈 (where 𝒈 is the 

number of genotypes); 𝒋 = 1, … 𝒆 (where 𝒆 is the number of environments); 𝒕 represents 

the number of principal components retained in the model, [𝒕 ≤ 𝐦𝐢𝐧(𝒆, 𝒈 − 𝟏)]; and 𝝁𝒋 is 

the empirical mean for the 𝒋th environment. The multiplicative model is subject to 𝝀𝟏	 ≥

	𝝀𝟐		 ≥	… 	𝝀𝒕 ≥ 	𝟎 constraints, which are in place to allow for orthonormality constraints to 

be applied to the 𝜶𝒊𝒌 and 𝜸𝒋𝒌 scores (Yan et al. 2007). The genotype effect of the 𝒊th 

genotype for the 𝒌th principal component is represented by 𝜶𝒊𝒌, while the environment 

effect for the 𝒋th environment for the 𝒌th principal component is represented by 𝜸𝒋𝒌, and 

𝜺W is the residual error (Yan et al. 2007). SREG analysis was carried out in SAS 9.4 (SAS 

Institute Inc., Cary, NC) using coding adapted from Dr. Jose Crossa at the CIMMYT 

Biometrics Group. 

 The GEI effect was estimated per genotype in each environment and was set up 

as a genotype by genotype-by-environment matrix. The matrix was used as a covariate 

for the GS models through the use of the Kronecker product between the realized 

relationship (K) matrix and the estimated GEI effect matrix. 

 

3.3.7 Selection of GS models 

 Three GS models were used for comparison and the estimation of the genetic 

value of current genotypes maintained in the UGWWBP. The models employed were 

rrBLUP, RKHS and a neural network (multi-layer perceptron). All model testing was 

carried out in RStudio v1.4.1103 (R Development Team, 2021). The rrBLUP (Endelmann 
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2011), BGLR (Perez and de los Campos 2014) and neuralnet (Fritsch et al. 2019) 

packages were used in the R environment (PBC 2021) to generate the models. 

 

3.3.7.1 rrBLUP models 

The basic rrBLUP model is, 

 

[3.5] 𝒚 = 𝑾𝑮𝒖 + 	𝜺, 

 

where 𝒖 ~ N(0, Is𝒖𝟐) is a vector of marker effects, 𝑮 is the genotype matrix (marker allelic 

states for each marker for each genotype) and 𝑾 is the design matrix relating individual 

genotypes to their respective observations (𝒚) (Endelman 2011). This model remains 

stable, even in situations in which the number of observations is lower than the number 

of available markers used for modeling (small p, large n). 

 

3.3.7.2 RKHS models 

 The RKHS model, laid out by de los Campos et al. (2009) is represented by the 

following equation, 

 

[3.6] 𝐲 = 𝐗𝜷 + 	𝐈𝜶 + 	𝛜 

 

where 𝐲 is the response variable, 𝐗 represents an incidence matrix linked to some 

nuisance parameter, 𝜷 and 𝜶 are regression coefficients and 𝛜 represents residual error 

(including unaccounted for error due to environmental effects and model 

misspecification).  
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3.3.7.3 Multi-layer perceptron models 

 Neural network models contain three layers, the input layer, hidden layers and the 

output layer. The basic feed-forward model, described by Fine (2006) is represented 

below, 

 

[3.7]  𝒊𝒏𝒑𝒖𝒕𝒊 =	∑l𝒘𝒊𝒋 ×	𝒐𝒖𝒕𝒑𝒖𝒕𝒋o +	𝒖𝒊 

 

where,  𝒘𝒊𝒋 are weights connecting two nodes (i and j), 𝒐𝒖𝒕𝒑𝒖𝒕𝒋 represents the output 

from node j and 𝒖𝒊 is a threshold value for node i. The threshold value represents a 

baseline input to any node, n, in the absence of other inputs. The weights, 𝒘𝒊𝒋, can be 

either negative (inhibitory) or positive (excitatory). 

 

3.3.8 Training and testing population set-up 

 Due to limitations in computation time, the rrBLUP model was employed to test five 

different training to testing populations size ratios. The ratios used were the following, 

where the percentage of genotypes making up the training set appears first in the ratio: 

85:15, 80:20, 75:25, 70:30, 60:40 and 50:50. These ratios translated to training population 

sizes of: 1,590, 1,496, 1,403, 1,309, 1,122, and 935, with respect to the breeding program. 

The optimal ratio was validated using five-fold cross validation for all agronomic traits and 

repeated for 5,000 iterations.  
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3.4 Results 

3.4.1 Phenotypic records 

 Each trial-year-location combination was phenotyped for four agronomic traits, 

plant height, maturity, yield and thousand-kernel weight. A total of 32 environments were 

included in this study, encompassing five trials (PYT, AYT, EYT, PAOR and BROR), 

planted in one of five locations (Elora, ON; Ottawa, ON; Palmerston, ON; Woodstock, 

ON; Woodslee, ON) from 2017 to 2019. A full list of environments is provided in Table 

3.2. The means, minimums and maximums at each environment are presented in Table 

3.3. As a result of selections performed within the program between 2017 and 2019, a 

number of genotypes were removed to prevent the allocation of the same genotypes in 

both the training and testing populations. 

 Broad-sense heritability (H2) was calculated using Equation [3.2] for each of the 

four agronomic traits. The H2 values are displayed in Table 3.4. As expected, TKW, plant 

height and days to maturity all showed high heritability, 0.97, 0.85, 0.98, respectively, 

whereas yield showed low heritability, 0.13 (Table 3.4). 

   

3.4.2 Phenotypic trends in the University of Guelph Winter Wheat Breeding Program 

(UGWWBP) and the Elite-UGWWBP populations 

 All agronomic traits were plotted as histograms using both the UGWWBP and Elite-

UGWWBP populations to determine the relative distributions of the traits and to identify 

any skewness in the data (Figures 3.1 and 3.3). All traits were relatively normal in both 

the UGWWBP and Elite-UGWWBP populations, as displayed in Figures 3.1 and 3.3.  

 PCA was explored to emphasize variation and identify any underlying structure 

present within the UGWWBP population and the Elite-UGWWBP. Within the UGWWBP 
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population, principal component 1 (PC1) accounted for 10.6% and PC2 accounted for 

7.9% (Figure 3.2). In the Elite-UGWWBP population, PC1 accounted for 10.7% and PC2 

accounted for 7.2% (Figure 3.4). Confidence ellipses were formatted around each trial, 

showing the variation among genotypes within each trial (Figures 3.2 and 3.4). Wider 

ellipses account for a higher degree of variation; whereas skinnier ellipses account for a 

lower degree of variation. As you move along the breeding program steps, e.g., from PYT 

to BROR and PAOR, the ellipse size decreases, indicating that the degree of variation 

decreases and relative relatedness increases (Figures 3.2 and 3.4).   

A GEI effect was measured for each genotype in the Elite-UGWWBP population 

(containing the AYTA, AYTB, PAOR and BROR trials). These trials had multiple year-

location combinations and allowed for adequate estimation of GEI contribution for each 

agronomic trait. 

 

3.4.3 SNP characterization 

  After filtering and imputation, a total of 4,754 SNPs were called for 1,870 winter 

wheat genotypes for GS modeling. The number of SNPs called on the A genome were 

greater than in both the B and D genomes (Figure 3.5). The distribution of SNPs across 

chromosomes is displayed in Figure 3.5, with a total of 1,813, 1,716 and 1,133 SNPs on 

each of the A, B and D genomes, respectively. The number of SNPs per chromosome 

ranged from 62 (chromosome 4D) to 401 (chromosome 4A). SNP density was 

concentrated on either end of the chromosomes and is displayed in Figure 3.7.   
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3.4.4 GS model selection 

The predictive ability of a range of training to testing population ratios from 50:50 

to 85:15 were explored and presented in Table 3.5. The respective r values and range in 

variation, as captured by the upper and lower tails of the confidence interval are also 

included (Table 3.5). The general trend across all four traits show an increase in prediction 

accuracy from 50:50 to 70:30 and a slight decrease for yield and TKW above 70:30 (Table 

3.5). The 70:30 ratio provided consistently high r values, 0.32, 0.38, 0.56 and 0.43, for 

yield, TKW, plant height and days to maturity, respectively, and was therefore used in all 

further analyses. 

Each of the three GS models were tested to determine changes in predictive ability 

based on the presence of a covariate (or lack thereof) and the defined kinship (K) kernel. 

Models with no added covariates, but differing in their use of the K kernel, as well as those 

with GEI effects as a covariate were carried out. The prediction accuracies (r) for rrBLUP, 

RKHS and a feedforward neural network (multi-layer perceptron) model, as well as their 

upper and lower confidence interval limits are presented in Tables 3.6 and 3.7.  

Within the Elite-UGWWBP population, the base models of rrBLUP and RKHS were 

comparable, with no distinct relationship between the trait and its corresponding 

prediction accuracy (Table 3.7). The inclusion of a K kernel did not improve the r values; 

however, the addition of GEI as a covariate improved the rrBLUP model for all four 

agronomic traits (Table 3.7). The increase in prediction accuracy associated with 

incorporating GEI resulted in increases from 0.35 to 0.43 for grain yield, 0.40 to 0.53 for 

TKW and 0.32 to 0.36 for days to maturity (Table 3.7). The prediction accuracy for plant 

height remained the same (r = 0.62) for the rrBLUP model with no covariates and the 

model with GEI (Table 3.7). The RKHS model performed well for yield (r = 0.38); however, 
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did not show an improvement for the other traits (Table 3.7). Due to computational 

restraints, the RKHS models were run with no covariates and two defined K kernels (K = 

NULL and K = KVg) only, as described by Heslot et al. (2015). The NULL definition of K 

implies that all of the genotypes are independent of one another; whereas the second 

definition represents the covariance matrix of pedigree and marker effects (Endelman et 

al. 2011). The MLP models consistently underperformed when compared to rrBLUP and 

RKHS (Tables 3.6 and 3.7).  

The UGWWBP population’s GS models are a representation of a major scale up 

compared to the Elite-UGWWBP population. The rrBLUP and RKHS models conferred 

the highest r, with rrBLUP outperforming the other models with respect to plant height 

and RKHS outperforming the other models with respect to yield, TKW and days to 

maturity (Table 3.6). The RKHS models had an r of 0.34, 0.39 and 0.41 for yield, TKW 

and days to maturity, respectively (Table 3.6); whereas the rrBLUP model had an r of 

0.56 for plant height (Table 3.6). With respect to the UGWWBP population, the difference 

in r between the base rrBLUP and RKHS models for yield was only 2% and only 3% for 

days to maturity. The largest difference in r was observed in thousand-kernel weight 

(+4%) for rrBLUP over RKHS (Table 3.6). 

 

3.5 Discussion  

 Genomic selection (GS) has been introduced as a relatively new strategy in both 

animal and plant breeding programs for its ability to predict optimal genotypes based on 

traits of interest. The implementation of GS possesses the capability to increase the 

efficiency of a breeding program through its ability to select desirable parents, as well as 

reduce the time and costs associated with phenotyping the large volume of genotypes 
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that are progressed through breeding pipelines each year. This chapter sought to utilize 

both genotypic and phenotypic information on preliminary and advanced yield trial winter 

wheat genotypes to demonstrate its potential for selecting optimal parents for agronomic 

traits of interest in a breeding program setting. An in-depth examination of factors 

affecting the outcome of GS models included determining the optimal ratio of training 

population to testing population size, the choice in model applied for GS at a breeding 

program level and an in-depth analysis on the increase in predictive ability with the 

addition of defining a kinship kernel and the inclusion of GEI effects as a covariate. The 

results of this chapter demonstrate the intricacies related to implementing GS in a 

dynamic breeding program, the basis for the development of a sound model for the 

prediction of quantitative traits and a comparison of GS models between all of the 

genotypes encompassed in the UGWWBP population and an Elite-UGWWBP population. 

The PCA that was constructed for the UGWWBP population (Figure 3.2) was 

analyzed and split up by trial to look at variation between steps of the breeding program. 

The little variation explained by principal component 1 (PC1) and PC2 suggest the low 

level of relatedness between the genotypes grown at different stages of yield trials (Figure 

3.2). This was not unexpected, as the inclusion of genotypes from a number of sources 

has been routine in previous years for potential introgression into the program in the 

future. 

The ellipses drawn around each of the trials in the PCA represent confidence 

ellipses, which allow for the interpretation of the variance in each trial. The PYT, as 

hypothesized, represents the most diverse group of genotypes in the breeding program 

yield trials, confirmed by the presence of the largest ellipse (Figure 3.2). Higher variance 
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among the genotypes is indicative of low relatedness, which presents itself as an issue 

when implementing GS, as discussed by Meuwissen et al. (2001) and Heffner et al. 

(2011). The general trend is that as the genotypes progress through the pipeline, the 

variance becomes smaller and therefore, the genotypes become more highly related 

(Figure 3.2).  

The breeding program genotypes possessed underlying population structure; 

therefore, a UGWWBP population and an Elite-UGWWBP population were evaluated. 

The UGWWBP genotypes are derived from a number of sources, resulting in a diverse 

program with relatively low relatedness. The complexity of the program results in a high 

number of genotypes that are only somewhat related. The implications of this semi-

relatedness in terms of GS translates to potentially lower predictive ability (Meuwissen et 

al. 2001; Heffner et al. 2011), especially with the availability of only three years of 

genotypic and phenotypic data. Due to the underlying structure within the program, five-

fold cross validation was implemented, in which the dataset was split into five folds and 

each used as the testing population once. A total of 5,000 iterations were carried out to 

ensure that all genotypes were included and to evaluate the models. 

The Elite-UGWWBP population structure, containing only genotypes derived from 

the Advanced Yield Trials (AYTA, AYTB), Bread (BROR) and Pastry (PAOR) Orthogonal 

Trials, showed a relatively large confidence ellipse around the AYTs, which can be 

attributed to the young age of the UGWWBP. As the program becomes more established, 

the degree of relatedness between genotypes will increase, therefore, decreasing the 

variance in each of the data trials. Increased relatedness, to a degree that will not result 

in greatly reduced genetic variability within the program, will strengthen the link between 
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the training and testing populations, thereby increasing the predictive ability of the GS 

models. 

The realized K matrix supports the findings of the PCA, in which the degree of 

relatedness between the genotypes in the training and testing populations is below what 

is considered acceptable for meaningful predictive ability. This can be addressed in the 

future by ensuring that the program maintains a training population of genotypes related 

to the crosses made each year in the program, which in turn, will ensure greater prediction 

accuracy. 

Prior to rigorous model testing, it was necessary to determine the optimal ratio of 

training to testing population size. Previous studies have shown that as the training 

population increases in size, the predictive ability also increases (Akdemir et al. 2015; 

Spindel et al. 2015). As more phenotypic and genotypic data become available, the 

optimal ratio to use for training to testing population size should remain at 70:30. This was 

validated through five-fold cross validation. The availability of different ways to optimize 

the training population will also affect the predictive ability of GS models (Berro et al. 

2019). 

 The comparison of GS models, including rrBLUP, RKHS and MLP, was 

implemented to determine differences in predictive ability for four agronomic traits. The 

computing time for each of the model types was vastly different. Both RKHS and MLP 

models took longer, and as the training population size increases, will continue to require 

more computational power (Canziani et al. 2016).  

 Three GS models were used to determine differences in predictive ability for four 

agronomic traits in two populations: (i) UGWWBP, and (ii) Elite-UGWWBP. Comparison 
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of GS models was based on previous research carried out in a number of species and on 

a number of populations by Heslot et al. (2012).  

The first GS model that was tested was rrBLUP, a relatively conservative 

parametric method. It has been employed in a number of studies on smaller populations, 

and as such was determined to be a good starting point for the analysis of GS on a larger 

scale (Heffner et al. 2011; Heslot et al. 2012; Ali et al. 2020). A benefit to using rrBLUP is 

that it remains stable even in the presence of the common small n large p dilemma, in 

which the number of phenotypic observations is lower than the number of genotypic 

markers used for GS (Piepho 2009; Crossa et al. 2010; Jannink et al. 2010).  

The second model employed was RKHS, a semi-parametric model, that has been 

shown to have a higher predictive accuracy for highly quantitative traits (Pérez-Rodríguez 

et al. 2012). The RKHS models took significantly more time per run and required higher 

computing power compared to rrBLUP; however, the benefit to using this model is that 

they have been shown to account for epistatic effects (Gianola and van Kaam 2008; He 

et al. 2016).  

The third model that was tested was a neural network, and more specifically, multi-

layer perceptron (MLP) model, in which the number of hidden layers was conditional on 

the inputs. This branch of machine learning has become popular in the last few years, 

and as such was added to look at the performance compared to rrBLUP and RKHS. Much 

like RKHS, the MLP took longer and required higher computing power (Canziani et al. 

2016). 

 In general, the best GS method was dependent on the population within which they 

were employed and the trait being predicted. The semi-parametric method, RKHS, 



 

 64 

performed the best in general for all agronomic traits within the UGWWBP population, 

with r ranging from 0.34 to 0.40 (Table 3.6). The worst performing GS model at the 

UGWWBP and Elite-UGWWBP populations was the MLP, with r ranging from 0.20 to 

0.30 (Table 3.6). Within the Elite-UGWWBP, rrBLUP and RKHS both performed generally 

well across all agronomic traits (Table 3.7). The results were not as expected, as rrBLUP, 

a model that uses only L2 normalization (least-squares), performed best for plant height 

in the UGWWBP population and thousand-kernel weight and plant height in the Elite-

UGWWBP population (Tables 3.6 and 3.7). Furthermore, the similar prediction accuracies 

between the Elite-UGWWBP and the UGWWBP populations are likely a function of the 

smaller training population size in the Elite-UGWWBP, as well as the potential limitation 

of predictive ability due also in part to the decreased range in variation for the traits of 

interest in the Elite-UGWWBP training population. 

Despite only three years of data, the models were able to accurately predict the 

aforementioned traits at comparable levels to other studies (Heslot et al. 2012; He et al. 

2016); however, the addition of more years of data would allow the program to train a 

sufficiently large training population that adequately reflects the range in variation within 

the program over time. This will also allow the program to capture variation in 

environmental data (GEI effects) over an adequate amount of time. The recommendation 

is to use RKHS for quantitative traits, including grain yield in the future, coupled with a 

more well-rounded training population based upon reliably collected phenotypic and 

climatic data. 

 Contrary to expectations, there was no consistent relationship between the top 

performing models and the trait evaluated in the UGWWBP population or the Elite-
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UGWWBP population; however, the MLP was never a top performer for any of the four 

agronomic traits. These results agree with the conclusion that regularization parameters 

are required to achieve optimal predictive ability in neural network models, and that these 

parameters are both population and trait specific (Girosi et al. 1995). This also alludes to 

the idea that nonlinear models are better suited to training inputs which can be trained 

using a binary (yes or no) system.  

 The definition of the K kernel and the addition of GEI as a covariate to each of the 

GS models was assessed on a per-trait basis. It was evident that the implementation of 

different K kernels, either absent or as the covariance between pedigree and marker 

effects, did not improve the predictive ability of the models, with the exception of RKHS 

when predicting yield, but only in the Elite-UGWWBP population (Table 3.7). This finding 

is similar to other studies, in which the specification of K reduced the predictive ability of 

GS models based on the training population makeup and the trait of interest (Heffner et 

al. 2011). 

 The inclusion of GEI as a covariate in GS models was shown to increase the 

prediction accuracy in the Elite-UGWWBP population, corroborating results from Lado et 

al. (2016), in which the addition of GEI increased r when predicting yield. The increase in 

r associated with the inclusion of GEI in a GS model highlights its importance in plant 

breeding. The ability to incorporate GEI as a covariate in GS models is dependent on the 

availability of multiple testing locations, which should be implemented in the future if GS 

is to be considered for use in a breeding program. 

Quite often, breeding programs are designed with features optimized for traditional 

breeding methods, which have been shown as highly reliable. These features include 
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experimental designs set up for phenotypic selection (PS). The ability to use PS for highly 

heritable traits, like thousand-kernel weight, plant height and days to maturity is 

recommended, as the costs associated with phenotyping a high number of genotypes for 

traits that are traceable are redundant for the program. A single measurement per 

genotype for highly heritable traits is sufficient for future data collection. 

 Unlike PS, the advent of big data and genomics has opened the door to new 

selection strategies, including GS. The features necessary to implement GS in a breeding 

program are quite different from those required for PS, which introduces complexities that 

must be considered. The uniqueness of applying GS to a breeding program becomes 

apparent as more data is collected across environments. The nature of a breeding 

program is dependent on the evaluation of a relatively high number of genotypes per year, 

allowing breeders to select optimal individuals to advance through the breeding pipeline 

and/or become potential parents for future crosses. This dynamic nature results in the 

manipulation of a continually challenging dataset, primarily due to the unbalanced nature 

of multi-environment trials (METs) (Lado et al. 2016). This set-up also leads to changes 

in both the variation of the genotypes grown and the relatedness of these individuals 

within the program.  

A key credential for GS to operate in an appropriate manner is the level of 

relatedness of individuals between the training and testing populations (Meuwissen et al. 

2001). This study has emphasized the need to have a thorough understanding of the 

genotypes in the breeding program, as well as those that will be introduced into the gene 

pool as possible parents in the future. In order to properly implement GS on a breeding 

program scale, there must be a link between the genotypes used to train the training 
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population and those included in the testing population. Without this link, the predictive 

ability is constrained and does not contribute meaningful information for the future 

selection of parental types from within the program. It is also important to remember that 

as selections are continually made, the genetic diversity within the program has the 

potential to decrease, which, if achieved will have a negative effect on predictive ability. 

In order to counteract this loss in diversity, training populations should encompass 

genotypes that range in their performance with respect to traits of interest to the breeder 

(He et al. 2016). 

Another point of consideration regarding the implementation of GS in the 

UGWWBP population is the availability of robust phenotypic data. The way in which BLUP 

values are calculated relies heavily on the availability of multiple replications of data 

(Piepho et al. 2008). Therefore, breeding programs that are interested in implementing 

GS need to focus on designing METs that provide the opportunity to measure multiple 

replications of traits of interest in order to satisfy the conditions for increased predictive 

ability.  

Although GS harbours many advantages over alternative selection strategies, GS 

on its own is not sufficient for the selection of optimal individuals in a breeding program. 

The ability to accurately train and predict the performance of genotypes in a breeding 

program is reliant on features highlighted through the use of PS, including the 

maintenance of stable genotypes that possess a range in variation for traits of interest. 

Therefore, to maximize the rate of genetic gain in a breeding program, breeders should 

focus on integrating multiple selection strategies, including PS and GS (Meuwissen et al. 

2001).  
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3.6 Conclusion 

 This study exemplified the utility of GS as an additional selection strategy for 

breeding programs. A key advantage of GS is its ability to account for small-effect QTL 

for quantitative traits and is further highlighted by its ability to increase the rate of genetic 

gain in a breeding program. In this study, the optimization of GS models and the use of 

covariates became apparent for key agronomic traits of interest. The ratio of training to 

testing population (70:30), the model chosen (rrBLUP, RKHS or MLP), the K kernel 

definition (absent or pedigree ´ marker), and the covariate (GEI) employed represent 

some of the factors that are important to consider when employing this selection method 

to predict GEBVs in a breeding program. The addition of GEIs is key in increasing 

predictive ability; however, this study highlights that METs with replications and at least 

five to seven years of data are necessary for future implementation of GS. While the 

optimization of GS models is of utmost importance, the foundation of GS models are 

reliant on the robustness of available phenotypic data and a clear and defined 

understanding of the genotypes in the breeding program. It is anticipated that the 

integration of GS into the winter wheat breeding program in tandem with PS will contribute 

to an increase in overall genetic gain and the development of improved cultivars. 
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Table 3.1 Summary of trials, locations, years and genotypes used for genomic selection 
within the University of Guelph Winter Wheat Breeding Program (UGWWBP) population 
from 2017 to 2019. Location codes are as follows: EA – Elora, ON; OA – Ottawa, ON; PN 
– Palmerston, ON; WE – Woodslee, ON; WK – Woodstock, ON. 
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Table 3.2 List of environments and their respective planting and harvest dates spanning 
from 2016 to 2019. The following location codes were used: EA – Elora, ON; OA – Ottawa, 
ON; PN – Palmerston, ON; WE – Woodslee, ON; WK – Woodstock, ON. The 2019 Bread 
(BROR) and Pastry (PAOR) Orthogonal Trials were only analyzed using EA data due to 
severe winterkill. 

 

 

 

 

 

 
 

Table 3.2  List of environments and their respective planting and harvest dates from 
2016 to 2019. The following location codes were used: EA – Elora, ON; OA – Ottawa, 
ON; PN – Palmerston, ON; WE – Woodslee, ON; WK – Woodstock, ON. The 2019 
PAOR and BROR trials in other locations were removed due to severe winterkill. 
Test Year Location Planting Date Harvest Date 
AYT-A 2017 EA October 10, 2016 July 28, 2017 
  WK October 18, 2016 August 1, 2017 
 2018 EA October 19, 2017 July 29, 2018 
  WK November 1, 2017 August 10, 2018 
 2019 EA October 12, 2018 August 7-9, 2019 
AYT-B 2017 EA October 11, 2016 August 2, 2017 
  WK October 18, 2016 August 1, 2017 
 2018 EA October 19, 2017 July 29, 2018 
  WK November 1, 2017 August 10, 2018 
 2019 EA October 12, 2018 August 7-9, 2018 
EYT 2018 EA October 19, 2017 July 31, 2018 
 2019 EA October 12, 2018 August 3, 2019 
PAOR 2017 EA October 12, 2016 August 8. 2017 
  OA   
  PN   
  WE   
 2018 EA October 19, 2017 July 30, 2018 
  OA   
  PN   
  WE   
 2019 EA October 13, 2018 August 10-12, 2019 
BROR 2017 EA October 15, 2016 August 16, 2017 
  OA   
  PN   
  WE   
 2018 EA October 20, 2017 July 30-31, 2018 
  OA   
  PN   
  WE   
 2019 EA October 12, 2018 August 2-3, 2019 
PYT 2018 EA October 27, 2017 August 3-4, 2018 
 2019 EA October 24, 2018 August 13, 2019 
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Table 3.3 Summary of phenotypic observations by trial and location on 1,870 winter 
wheat genotypes grown at the Elora Research Station (EA), Agriculture and Agri-Food 
Canada Ottawa (OA), Palmerston, ON (PN), Woodstock Research Station (WK) and 
Woodslee, Ontario (WE) from 2017 to 2019. The trial codes are as follows: Preliminary 
Yield Trials (PYT), Advanced Yield Trials A and B (AYTA and AYTB, respectively), Elite 
Yield Trials (EYT) and the Bread (BROR) and Pastry (PAOR) Orthogonal Trials. Means 
represented with minimums and maximums followed in brackets. 

 

 
 
 

Test Trait 
Yield TKW Maturity Height 

PYT     
EA18 6.31 (1.23, 9.11) 34.1 (22.5, 48.3) 207 (198, 213) 76.9 (45.0, 109) 
EA19 4.13 (0.28, 7.88) 34.4 (22.6, 46.2) 211 (200, 215) 74.9 (51.2, 102) 
AYT-A     
EA17 6.18 (1.05, 9.69) 36.7 (21.2, 45.8) 200 (194, 210) 81.7 (54.0, 106) 
EA18 6.30 (1.06, 9.22) 44.7 (29.8, 54.7) 196 (192, 204) 72.7 (51.0, 95.8) 
EA19 6.75 (3.17, 9.46) 36.8 (26.3, 51.1) 207 (204, 209) 96.0 (64.0, 122) 
WK17 5.26 (1.88, 9.60) 34.3 (20.3, 52.8) 193 (189, 200) 76.7 (54.0, 106) 
WK18 5.66 (1.71, 8.91) 44.3 (30.9, 55.2) 192 (187, 201) 70.2 (55.0, 102) 
AYT-B     
EA17 6.74 (3.79, 9.25) 34.2 (23.8, 44.3) 199 (195, 206) 83.5 (58.7, 100) 
EA18 6.61 (3.96, 9.66) 46.5 (26.3, 58.1) 197 (192, 205) 76.4 (55.0, 109) 
EA19 7.21 (3.34, 9.81) 34.6 (25.3, 42.2) 208 (204, 215) 83.0 (63.0, 113) 
WK17 5.63 (1.18, 12.0) 34.2 (24.2, 42.6) 192 (189, 198) 80.9 (68.0, 103) 
WK18 5.88 (1.05, 9.17) 45.9 (37.0, 58.6) 192 (189, 198) 71.3 (51.0, 92.0) 
EYT     
EA18 7.64 (4.51, 10.1) 38.0 (27.7, 50.5) 200 (194, 206) 83.5 (60.3, 103) 
EA19 7.58 (2.76, 9.71) 41.4 (27.7, 55.6) 210 (205, 213) 79.1 (62.0, 91.8) 
PAOR     
EA17 7.37 (4.33, 10.2) 37.6 (26.2, 50.8) 199 (195, 208) 88.5 (72.0, 127) 
EA18 6.98 (2.11, 11.2) 36.3 (24.5, 54.7) 197 (193, 203) 86.7 (61.0, 102) 
EA19 8.01 (3.34, 11.2) 37.7 (27.7, 51.4) 208 (204, 213) 88.1 (72.0, 108) 
OA17 7.02 (2.71, 10.3) 36.5 (23.3, 48.5) --- 87.1 (11.0, 125) 
OA18 7.61 (3.66, 10.3) 40.7 (24.5, 54.7) --- 80.7 (58.8, 108) 
PN17 7.28 (2.82, 10.0) 37.5 (23.3, 51.0) --- 93.5 (75.0, 119) 
PN18 7.00 (4.67, 9.85) 37.6 (18.9, 49.1) --- 88.8 (71.8, 105) 
WE17 5.95 (3.05, 10.1) 36.2 (27.6, 51.2) 187 (184, 190) 87.8 (60.5, 108) 
WE18 5.85 (3.23, 9.79) 32.9 (23.1, 48.8) 189 (185, 193) 82.4 (60.6, 123) 
BROR     
EA17 6.70 (3.43, 9.07) 40.2 (27.8, 50.7) 200 (195, 205) 95.5 (71.0, 132) 
EA18 6.90 (4.08, 11.2) 42.1 (25.3, 54.9) 198 (192, 205) 86.5 (61.0, 116) 
EA19 7.08 (4.75, 9.81) 38.9 (25.7, 42.2) 203 (200, 215) 91.7 (71.0, 113) 
OA17 6.57 (3.68, 9.43) 40.5 (25.8, 53.4) --- 92.5 (70.0, 117) 
OA18 6.33 (4.41, 9.23) 39.9 (25.4, 54.3) --- 91.4 (65.0, 121) 
PN17 6.12 (2.99, 9.76) 41.8 (25.7, 55.9) --- 94.7 (70.0, 120) 
PN18 6.35 (3.59, 8.88) 41.9 (22.8, 54.3) --- 92.6 (70.0, 117) 
WE17 6.27 (2.57, 8.63) 40.0 (24.7, 58.2) 188 (184, 191) 88.1 (60.0, 109) 
WE18 5.29 (3.20, 11.2) 36.2 (22.4, 57.0) 190 (185, 193) 83.1 (60.0, 123) 
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Table 3.4 Broad-sense heritabilities (H2) for four agronomic traits based on BLUP values 
from all trials in the University of Guelph Winter Wheat Breeding Program (UGWWBP) 
from 2017 to 2019 as described by Cullis et al. (2006). 
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Table 3.5 Determination of optimal ratio of training to testing population size for genomic 
prediction. Prediction accuracies (r) followed by upper and lower confidence interval limits 
were determined using an rrBLUP model validated through five-fold cross validation for 
four agronomic traits using the University of Guelph Winter Wheat Breeding Program 
(UGWWBP) population genotypes grown from 2017 to 2019. Bolded numbers represent 
those that had the highest r. 
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Table 3.6 Prediction accuracies (r) for four agronomic traits using 1,870 winter wheat 
genotypes from the University of Guelph Winter Wheat Breeding Program (UGWWBP) 
grown from 2017 to 2019. The ratio of training to testing population was 70:30. All models 
were compared, including the base model (no covariates and kinship (K) ignored) and a 
model using a K by marker effect kernel. Bolded numbers are those that had the highest 
accuracy (r). 
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Table 3.7 Prediction accuracies (r) for four agronomic traits using the Elite University of 
Guelph Winter Wheat Breeding Program (Elite-UGWWBP) population consisting of 310 
winter wheat genotypes grown from 2017 to 2019. The Elite-UGWWBP population 
consists of genotypes from the Advanced Yield Trials (AYTA and AYTB) and Bread 
(BROR) and Pastry (PAOR) Orthogonal Trials. The ratio of training to testing population 
implemented was 70:30. All models were compared, including the base model (no 
covariates and kinship (K) ignored), a model using a K by marker effect kernel and a 
model with the genotype-by-environment interaction (GEI) effect as a covariate. Bolded 
numbers are those with the highest accuracy (r). 
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Figure 3.1 Histograms of four agronomic traits used for genomic selection on 1,870 
winter wheat genotypes from the University of Guelph Winter Wheat Breeding Program 
(UGWWBP). (A) depicts the distribution of plant height (cm). (B) depicts the distribution 
of thousand-kernel weight (g). (C) depicts the distribution of yield (Kg/Ha). (D) depicts 
the distribution for days to maturity. 
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Figure 3.2 Principal component analysis (PCA) of 1,870 winter wheat genotypes from 
the University of Guelph Winter Wheat Breeding Program (UGWWBP). The following 
abbreviations represent the trials grown: Advanced Yield Trials A (AYTA), Advanced 
Yield Trials B (AYTB), Bread  (BROR) and Pastry (PAOR) Orthogonal Trials, Elite Yield 
Trials (EYT) and the Preliminary Yield Trials (PYT). 
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Figure 3.3 Histograms of four agronomic traits used for genomic selection using the 
Elite University of Guelph Winter Wheat Breeding Program population consisting of 310 
winter wheat genotypes from the Advanced Yield Trials (AYTA and AYTB), Bread 
(BROR) and Pastry (PAOR) Orthogonal Trials. (A) depicts the distribution of plant 
height (cm). (B) depicts the distribution of thousand-kernel weight (g). (C) depicts the 
distribution of yield (Kg/Ha). (D) depicts the distribution for days to maturity. 
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Figure 3.4 Principal component analysis (PCA) of the Elite University of Guelph Winter 
Wheat Breeding Program population consisting of 310 winter wheat genotypes from the 
Advanced Yield Trials (AYTA and AYTB), Bread (BROR) and Pastry (PAOR) 
Orthogonal Trials. Ellipses represent confidence ellipses. 
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Figure 3.5 (A) The distribution of SNPs across the A, B and D genomes in wheat, (B) the 
distribution of SNPs across each of the 21 chromosomes and (C) the relationship 
between chromosome size and the number of SNPs.   
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Figure 3.6 Linkage disequilibrium (LD) decay (r2 versus physical distance between two 
markers in kilobasepairs) across the wheat genome in the University of Guelph Winter 
Wheat Breeding Program (UGWWBP) yield trial lines. 
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Figure 3.7 Genome SNP coverage showing SNP numbers within a 1Mb window size. 
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4      The use of genomic selection for predicting disease- 
related traits in a winter wheat breeding program 

 

4.1 Abstract 

 To respond to the growing need for increased food production, the introduction of 

new selection strategies in plant breeding is necessary. Genomic selection (GS) is an 

effective tool for the selection of optimal winter wheat genotypes for traits of interest to 

breeders. This study evaluated the potential of GS for predicting response to disease 

incidence and severity in the University of Guelph Winter Wheat Breeding Program 

(UGWWBP) from 2017 to 2019. Three GS models were used to determine the predictive 

ability using a panel of 1,864 winter wheat genotypes grown in 32 environments for seven 

disease-related traits in the breeding program. A 70:30 ratio of training to testing set size 

was used to train GS models and identify suitable prediction accuracies (r) with a small 

range in variance that still allowed for acceptable selection criteria for breeders. Days to 

anthesis and Septoria infection had the highest r (0.79 and 0.69, respectively) among all 

traits, highlighting the applicability of GS in the UGWWBP population. The increased 

accuracy of selection will lead to increased rates of genetic gain and play a vital role in 

wheat breeding for improved disease resistance in the future. 
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4.2 Introduction 

Breeding for disease resistance has been a focus for crop breeding programs, as 

the development of successful cultivars is dependent on traits such as high yield, reliable 

disease resistance, and improved agronomic and end-use quality traits. Advancements 

in breeding for disease resistance have been highlighted, especially in the last few 

decades, as a result of both cultivar improvement and updated management practices 

(Silvey 1986; Mackay et al. 2011; Summers and Brown 2013). Producers depend on 

these varietal improvements coupled with the use of systemic fungicides to maximize 

yield potential each growing season. Continual advances in yield potential are the primary 

driver for cultivar improvement and development. Current breeding challenges arise from 

the ability to understand the interaction between selection for disease resistant genes and 

the variable effects of the environment on disease prevalence and persistence. 

The genetic architecture of a trait is represented by the number of genes controlling 

it, its genomic location and corresponding allele substitution effect, gene expression and 

its heritability (h2) (Mackay 2001; Poland and Rutkoski 2016). Agronomic traits including 

yield are considered to possess complex, quantitative genetic architecture, meaning that 

they are controlled by many genes, each contributing a small effect. Due to complexities 

related to breeding for increased yield, there has been an increased focus on biotic and 

abiotic stresses that exist in the environment and lead to decreased yield and end-use 

quality.  

In Ontario, numerous diseases have the potential to decrease yield. The ability to 

develop cultivars that maintain stable resistance to diseases is desirable over the 

excessive use of fungicides to control disease. Two of the major diseases that affect 
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winter wheat production are Fusarium head blight (FHB), caused by Fusarium 

graminearum, F. culmorum and other Fusarium species and Septoria tritici blotch (STB), 

caused by Zymoseptoria tritici (Quaedvlieg et al. 2011). These diseases contribute to 

losses in grain quality and yield (Buck et al. 2007). FHB infected kernels, if used as seed, 

may result in stunted growth and low yielding plants (Yu et al. 2006). Furthermore, the 

use of infected grains poses a health risk to animals and humans due to mycotoxins 

produced by the fungus such as Deoxynivalenol (DON). The severity of STB infection has 

been shown to be highly correlated with yield losses in both spring and winter wheat, 

demonstrating the importance of meaningful selection and breeding strategies for disease 

resistance in future cultivar development (Hardwick et al. 2001; Ghaffary et al. 2018). 

Other diseases, including stripe rust and powdery mildew can significantly impact 

winter wheat in Ontario. Stripe rust (Puccinia striiformis f. sp. tritici) (PST) has been a 

destructive disease of wheat for many decades (Chen et al. 2002; Line 2002; Milus et al. 

2006; Hao et al. 2011). Previous evaluation of yield decreases due to stripe rust have 

shown decreases ranging from 10 to 70 percent, depending on the cultivar, the timing of 

initial infection, the severity of the infection and the duration of its presence (Chen 2005; 

Hao et al. 2011). Powdery mildew (Blumeria graminis DC. E.O. Speer f. sp. tritici Em. 

Marchal) is also detrimental to wheat (Friebe et al. 1996; Shi et al. 1998; Draz et al. 2019), 

by reducing the supply of photosynthesis on the leaves and decreasing the leaf 

assimilation index (Bowen et al. 1991; Henry and Kettlewell 1996; Samobor et al. 2005; 

Draz et al. 2019). The prevalence of disease is highly determined by environmental 

conditions, with infections appearing during days with higher temperatures and humidity. 

The unique combination of climatic characteristics in the Great Lakes Basin provide an 
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ideal environment for disease outbreaks. Therefore, improved disease resistance is a 

major breeding goal for the University of Guelph Winter Wheat Breeding Program 

(UGWWBP).  

Breeding for disease resistance, when employed as a selection objective, is often 

carried out in early generations of the program. In a typical single seed descent (SSD) 

strategy, lines are generated via the selection of a single seed and then phenotyped for 

disease resistance and other traits of interest to the breeder prior to selection (Poland 

and Rutkoski 2016). Other selection strategies, including marker-assisted selection 

(MAS) have been implemented to stack major resistance genes (gene pyramids) for more 

durable resistance, as multiple genes that are effective against particular pathogen 

isolates are able to be combined into a single breeding line, in a matter that would be 

impossible through phenotypic selection (PS) alone (Poland and Rutkoski 2016). 

However, new and innovative strategies, combined with PS and MAS, that provide yet 

greater improvements to disease resistance, have become an important research area. 

The implementation of new selection strategies, including genomic selection (GS) 

has shown to be reasonably successful in both animal and crop breeding programs 

(Jonas and de Koning 2015). GS is a well-described selection approach, in which 

breeding values are predicted based upon obtained genome-wide genetic markers 

(Bernardo 1994; Meuwissen et al. 2001). Previous studies at the population level have 

also been explored and successful in both animal (VanRaden et al. 2009; Goddard and 

Hayes 2007; Wolc et al. 2011; Duchemin et al. 2012) and plant breeding (Rutkoski et al. 

2011, 2012, 2014, 2015; Resende et al. 2012; Zhao et al. 2012; Würschum et al. 2014, 
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2017; Arruda et al. 2016; Spindel et al. 2016; Herter et al. 2018, 2019) and provided an 

alternative selection method for breeders to use along with PS and MAS.  

GS is dependent on the availability of robust phenotypic data and genome-wide 

molecular markers for each of the genotypes that will be trained as part of the training 

population (Meuwissen et al. 2001). The broader the phenotypic range for traits of 

interest, the more suitable the training population will be, which results in higher prediction 

accuracies (r). GS models are used to predict genomic estimated breeding values 

(GEBVs) for genotypes contained in the testing population, for which phenotypic 

information has not been collected (Meuwissen et al. 2001). These GEBVs drive selection 

decisions for breeding programs based on traits of interest to the breeders, bypassing the 

bottleneck of phenotyping large numbers of lines. Researchers have demonstrated that 

the continual addition of genotypes to the training population each year has improved 

prediction accuracies as reported in animal (Vallejo et al. 2017) and plant breeding 

programs (Battenfield et al. 2016). 

Efficiency in breeding programs has the potential to allow for a higher rate of 

genetic gain per year (Atlin et al. 2017). In order to capture the rate of genetic gain in a 

program, plant and animal breeders often make use of the breeder’s equation, highlighted 

below: 

 

[4.1] ∆𝐺 = 	 !"#!
$

, 

 

where ∆𝐺 represents the rate of genetic gain, 𝑖 is in the intensity of selection, 𝑟 is the 

accuracy of selection, 𝜎% represents genetic variance and 𝐿 is cycle time per generation. 
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GS presents an opportunity for breeders to increase the accuracy of selection (r), 

resulting in higher rates of genetic gain, which is explored further below (Meuwissen et 

al. 2001).  

Wheat is one of the staple food crops globally, and accounts for approximately 

60% of human food consumption (Tilman et al. 2002; Jonas and de Koning 2016). The 

potential of GS for wheat breeding has been researched thoroughly, largely in the area 

of specific subpopulations for traits of interest (Bassi et al. 2016; Heffner et al. 2011; 

Poland et al. 2012). As discussed, yield losses in wheat have been largely attributed to 

disease presence, and currently known resistance markers are unable to provide long-

term disease resistance for cultivar development (Jonas and de Koning 2016; Kumar et 

al. 2012; Miedaner and Korzun 2012; Zechendorf 1999). Unlike many MAS studies, GS 

has focused largely on agronomic and quality traits such as yield and protein 

concentration (Ornella et al. 2012; Rutkoski et al. 2011; Rutkoski et al. 2012; Lado et al. 

2016; Lado et al. 2018; Bhatta et al. 2020). However, approaches for disease resistance 

have become available for capturing and predicting genetic variation for quantitative 

disease resistance (Poland and Rutkoski 2016). Prediction accuracies (r) have been 

shown to be high when the ability to phenotype is clear (Ornella et al. 2012); however, 

the way in which disease traits are phenotyped is highly subjective in nature (Rutkoski et 

al. 2011). 

 As GS algorithms are trait-dependent, and prediction accuracies are a reflection 

of the breeding program properties, the overall goal of this study was to explore the 

potential of GS for improving resistance of powdery mildew, stripe rust, STB and FHB 

infection using the UGWWBP population and an Elite-UGWWBP population. The 
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objectives were to, (i) determine the GS algorithm that resulted in high predictive accuracy 

and reliability for each disease trait, (ii) determine the effects of covariates on predictive 

ability in GS models and, (iii) determine the implications of GS models as they are applied 

in a breeding program. 

 

4.3 Materials and methods 

4.3.1 Plant materials 

 Genotypes from the UGWWBP were used to test the predictive ability of GS 

models in the UGWWBP population and the Elite-UGWWBP population. The genotypes 

used were grown in at least one of the following trials in the breeding program, (i) 

Preliminary Yield Trials (PYT), (ii) Advanced Yield Trials A and B (AYTA and AYTB, 

respectively), (iii) Elite Yield Trials (EYT) and, (iv) Ontario Cereal Crop Committee 

(OCCC) Orthogonal Trials, which were split up into two independent tests, (i) bread 

(BROR) and, (ii) pastry (PAOR), representing different classes of Ontario winter wheat. 

A total of 1,864 winter wheat genotypes were grown and evaluated from 2017 to 2019, 

including common check cultivars (Table S1). The Elite-UGWWBP population that was 

used to compare prediction accuracies is identical to that described in Chapter 3. A total 

of 310 winter wheat genotypes were used due to increased relatedness among genotypes 

compared to the UGWWBP population.  

 

4.3.2 Experimental design 

The PYTs were grown over two years (2018 and 2019) at the Elora Research 

Station (ERS) located in Elora, Ontario (43°38'29'' N, 80°24'20.1'' W). The PYTs were 
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designed as unbalanced, single replication augmented designs, dependent on the 

number of genotypes that were progressed through the earlier stages of the breeding 

program. Both AYTA and AYTB were designed as randomized complete block designs 

with three replicates from 2017 to 2019. The trials were grown at two locations in 2017 

and 2018, the ERS in Elora, Ontario and the Woodstock Research Station (WRS) in 

Woodstock, Ontario (43°08'42.2" N, 80°47'07.7" W). Both AYTA and AYTB were grown 

at the ERS only in 2019. The EYTs were set up as randomized complete block designs 

with three replicates in 2018 and 2019. The tests were grown at three locations, CÉRÉLA 

(45°49'54.8" N, 72°49'52.8" W), CÉROM (43°35'01.5"N 73°14'26.4"W) and the ERS for 

2018 and only at the ERS in 2019 due to a severe winterkill event in Eastern Ontario. The 

PAOR and BROR trials were grown in four locations, the ERS, Palmerston, ON 

(43°52'28.9"N 80°50'10.1"W), Ottawa, ON (45°22'47"N 75°42'31"W), Ridgetown, ON 

(42°26’55.8"N 81°52'59.7"W), and Woodslee, ON (42°12'48.5"N 82°44'50.4"W) from 

2017 to 2019. Both the BROR and PAOR trials were set up as RCBDs with four replicates 

each year. The BROR and PAOR locations, excluding the ERS, were used to generate 

best linear unbiased predictors (BLUPs) for powdery mildew, stripe rust and Septoria 

infections.  

The plots at each site were managed using conventional standard tillage, pest and 

weed management practices. All plots were four metres in length and six rows wide, with 

17.8 cm row spacing.  
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4.3.3 Phenotypic data collection and analysis 

The panel was phenotyped for (i) Julian days to anthesis (anthesis) at which 70% 

of the plot was flowering, (ii) powdery mildew incidence (using a scale of 0 to 9), (iii) stripe 

rust incidence (using a scale of 0 to 9), (iv) STB infection (using a scale of zero to nine), 

(v) FHB incidence characterized by bleaching of the wheat head 21 days post anthesis 

(using a scale of 0 to 100), (vi) FHB severity, representing the percentage of severity 

among diseased heads (using a scale of 0 to 100), and (vii) FHB index (disease incidence 

´ disease severity / 100). All phenotyping was carried out for natural infection incidence 

and severity, due to limitations related to the size of the program. 

The PYTs, AYTs, EYTs, PAOR and BROR trials were analyzed as a-lattice 

designs across years, and therefore the following model was used to predict phenotypic 

means for each entry. 

 

[4.2] 𝜸𝒊𝒌𝒍 = 𝝁 + 𝒈𝒊 + 𝒓𝒌 + 𝒃𝒍(𝒌) + 𝜺𝒊𝒌𝒍, 

 

where 𝝁 is the overall mean, 𝒈𝒊 is the random effect of the 𝒊th genotype, 𝒓𝒌 is the random 

effect of the 𝒌th replicate, 𝒃𝒍(𝒌) is the random effect of the 𝒍th incomplete block in the 𝒌th 

replicate and 𝜺𝒊𝒌𝒍 is the residual error for the 𝒊th genotype in the 𝒍th incomplete block 

within the	𝒌th replicate. The a-lattice design model was chosen due to the presence of 

common breeding lines between years and tests. A list of common checks used in the 

University of Guelph Winter Wheat Breeding Program can be found in Table S1. 

All phenotypic data was analyzed using RStudio v1.4.1103 (R Development Core 

Team 2021). The raw data was used to determine normality using the Shapiro-Wilk test 
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and transformed if needed. Correlation coefficients between all disease traits were 

calculated using the ggplot2 and ggcorrplot packages in R (R Development Core Team 

2021). The raw data was then used with the lme4 (Bates et al. 2015) and dplyr (Wickham 

et al. 2020) packages to calculate a single best linear unbiased predictor (BLUP) per trait 

for each breeding line in an R environment.  

Weather data was collected for all environments from 2017 to 2019 through 

Government of Canada weather stations (Government of Canada, 2021). The average 

daily temperature (°C), relative humidity (%) and total precipitation (mm) was recorded to 

determine trends with disease presence and environmental variation (Figures S1 to S7).  

 

4.3.4 Genotypic data collection and analysis 

Leaf tissue was extracted for each genotype from the ERS for DNA extraction from 

2017 to 2019. Freeze dried tissues samples were sent to the National Research Council 

(NRC; Saskatoon, CA) for DNA extraction and genotyping. DNA extraction was carried 

out using a DNeasy Plant Mini Kit (Qiagen, Hilden, Germany) and was used for 

genotyping using the repeat Amplification Sequencing (rAmpSeq) method (Buckler et al. 

2016).  

The SNP calling pipeline was carried out in the same manner for all breeding lines 

from 2017 to 2019 using a Conda virtual environment (Anaconda Inc. 2017). The methods 

for genotyping are identical to those previously described in Chapter 3.  

Raw genotypic data resulted in 82939 SNPs in total, which were used for further 

filtering and imputation in VCFtools (Danecek et al. 2011) and Beagle v5.1 (Browning et 

al. 2018). All winter wheat breeding lines were merged using VCFtools (Danecek et al. 
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2011). The raw genotypic file was further filtered for missing data (lines with greater than 

60% missing data were removed) and heterozygosity (SNPs with more than 20% 

heterozygosity were removed). Finally, missing data was imputed using Beagle v5.1 

(Browning et al. 2018). After imputation and filtering, the merged SNP file had a total of 

4754 SNPs. 

 

4.3.5 Principal components analysis and realized kinship estimation 

PCA was run on the genome-wide 4,754 SNP data using the UGWWBP population 

(1,864 genotypes) and the Elite-UGWWBP population (310 genotypes) to determine any 

underlying structure within the populations. This analysis was carried out using Trait 

Analysis by aSSociation Evolution and Linkage TASSEL v5.0 (Bradbury et al. 2007) using 

a minimum eigenvalue of 0.0, a total variance of 0.5 and a limit of five principal 

components. The PCA matrix was used in RStudio v1.4.1103 (R Development Core 

Team 2021) as the input layers for the neural network, multi-layer perceptron (MLP), 

model.  

A realized kinship (K) matrix was estimated for all genotypes in both populations 

using TASSEL v5.0 (Bradbury et al. 2007) with the same parameters described above for 

PCA. The matrix was used in RStudio v1.4.1103 (R Development Core Team 2021) as a 

kernel in rrBLUP and RKHS GS models for both populations. 

 

4.3.6 Selection of GS models 

Three GS models, identical to those described in Chapter 3, were used for the 

comparison and estimation of genetic values of current genotypes in the UGWWBP 
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population. The models used included the parametric model, rrBLUP, the semi-

parametric model, RKHS, and a non-linear, feed-forward neural network MLP (multi-layer 

perceptron) model. All model training and testing was performed using RStudio v1.4.1103 

(R Development Team, 2021). The rrBLUP (Endelmann 2011), BGLR (Perez and de los 

Campos 2014) and neuralnet (Fritsch et al. 2019) packages were used in an R 

environment (PBC 2021) to generate the GEBVs and prediction accuracies. 

 

4.3.6.1 rrBLUP models 

The basic rrBLUP model is, 

[4.3] 𝒚 = 𝑾𝑮𝒖 + 	𝜺, 

where 𝒖 ~ N(0, Is𝒖𝟐) is a vector of marker effects, 𝑮 is the genotype matrix and 𝑾 is the 

design matrix relating individual lines to their respective observations (𝒚) (Endelman 

2011).  

 
4.3.6.2 RKHS models 

 The RKHS model, explained by de los Campos et al. (2009), is represented below, 

[4.4] 𝐲 = 𝐗𝜷 + 	𝐈𝜶 + 	𝛜 

where 𝐲 is the response variable, 𝐗 represents an incidence matrix linked to some 

nuisance parameter, 𝜷 and 𝜶 are regression coefficients and 𝛜 represents residual error 

(including unaccounted for error due to environmental effects and model 

misspecification).  
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4.3.6.3 Feed forward neural networks (multi-layer perceptron models) 

 Feed-forward neural networks contain three layers, any n number of input layers, 

any number of k hidden layers and n output layers. The basic model, explained by Fine 

(2006), is shown below, 

[4.5]  𝒊𝒏𝒑𝒖𝒕𝒊 =	∑l𝒘𝒊𝒋 ×	𝒐𝒖𝒕𝒑𝒖𝒕𝒋o +	𝒖𝒊 

where,  𝒘𝒊𝒋 are weights connecting two nodes (i and j), 𝒐𝒖𝒕𝒑𝒖𝒕𝒋 represents the output 

from node j and 𝒖𝒊 is a threshold value for node i. The threshold value represents a 

baseline input to any node, n, in the absence of other inputs. The weights, 𝒘𝒊𝒋, can be 

either negative (inhibitory) or positive (excitatory). 

 

4.4 Results 
4.4.1 Phenotypic records 
 Each trial-year-location combination was phenotyped for seven disease traits, 

including days to anthesis (related to disease incidence), powdery mildew rating, stripe 

rust rating, STB rating, FHB incidence, FHB severity and FHB index. The means, 

minimums and maximums for anthesis, powdery mildew, stripe rust and STB for each 

trial-year-location combination are presented in Table 4.1 and for each FHB-related trait 

in Table 4.2. A total of 32 environments were included in this study, comprised of five 

tests, planted in one of eight locations, Céréla at St-Hugues, Quebec, Cérom at Beloeil, 

Quebec, Elora, Ontario, Ottawa, Ontario, Palmerston, Ontario, Ridgetown, Ontario, 

Woodslee, Ontario and Woodstock, Ontario (CE, CR, EA, OA, PN, RN, WE and WK) for 

three years, 2017 to 2019.  

 Due to a severe winterkill event and insufficient disease data collection, six 

breeding lines were removed from the original 1,870 UGWWBP population in Chapter 3, 
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resulting in 1,864 lines for genomic prediction of disease-related traits. A list of the 

genoypes that were removed is presented in Table S2. 

 

4.4.2 Phenotypic trends in the University of Guelph Winter Wheat Breeding Program 

(UGWWBP) and the Elite-UGWWBP populations  

 All disease traits were plotted as histograms to determine the distribution of traits 

from 2017 to 2019 for both the UGWWBP and Elite-UGWWBP populations (Figures 4.1, 

4.2, 4.3 and 4.4). Days to anthesis showed a normal distribution (Figure 4.1). Due to the 

nature of the remaining disease traits and the way in which data is collected, the 

histograms represent the disease score ratings, which demonstrate the highly dependent 

nature of disease on the surrounding environment. A summary of the traits in each test-

year-location is displayed in Table 4.1 and 4.2. Disease presence and severity was 

highest across all locations in 2019, followed by 2017 and then 2018 (Tables 4.1 and 4.2). 

 Correlation coefficients were calculated to explore the relationship between the 

disease traits studied (Figure 4.5). All correlations were positive, with the relationships 

between FHB incidence and FHB index and FHB severity and FHB index having the 

highest r values at 0.75 and 0.71, respectively. A positive relationship between FHB 

severity and days to anthesis, FHB incidence and FHB severity and days to anthesis and 

STB rating were also found, 0.48, 0.44 and 0.46, respectively (Figure 4.4). 

 A PCA was calculated to emphasize the presence of variation across trials and 

identify underlying structure in the UGWWBP and Elite-UGWWBP populations. This was 

slightly different than the PCA calculated in Chapter 3 due to the removal of some 

genotypes (Figure 4.6). The first principal component accounted for 10.5% variation and 
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the second principal component accounted for 7.9% at the program level (Figure 4.6). 

The PCA and confidence ellipses surrounding each test group highlight the increased 

diversity in the PYTs and its eventual decline as genotypes are progressed through the 

steps of the program. The PCA also highlights the selection of different wheat classes for 

different end uses, including bread and pastry genotypes. 

 Realized kinship (K) matrices were also estimated to show genomic similarity, and 

represented the identity by descent (IBD) relationship between the genotypes in both the 

UGWWBP and Elite-UGWWBP populations. The K matrices highlighted a degree of 

unrelatedness of the genotypes in the UGWWBP population, attributed in some part to 

its young age and the introgression of exotic material in recent years. These matrices 

were used as kernels (Gianola and van Kaam 2008) in the GS models to determine their 

effect on predictive ability.  

 

4.4.3 GS model selection 

 All three proposed GS models, including rrBLUP, RKHS and an MLP, were carried 

out for each of the seven disease traits using the UGWWBP and Elite-UGWWBP 

populations. The training to testing population ratio used was 70:30, as identified as the 

best model in Chapter 3. Each GS model was repeated and the displayed prediction 

accuracies (r) represent the average of 5,000 iterations. The r values and their upper and 

lower confidence limits are displayed in Tables 4.3, 4.4, 4.5 and 4.6. Computation time 

was significantly increased for both the RKHS and MLP models compared to rrBLUP 

(data not presented). 
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4.4.4 Prediction accuracies (r) for disease traits 

 Accuracies were calculated for each trait and model combination. The r values for 

all models combined in the UGWWBP population ranged from 0.16 to 0.79. The lowest r 

value (0.16) was observed using the MLP model for both the stripe rust and FHB severity 

ratings traits (Tables 4.3 and 4.4). The highest r values were 0.79 and 0.69 for days to 

anthesis and Septoria rating, respectively (Tables 4.3 and 4.4). The rrBLUP model 

showed to be fairly consistent across traits, with the exception of FHB incidence, in which 

the RKHS model outperformed rrBLUP. The MLP model performed the worst across all 

traits.  

The Elite-UGWWBP population was also evaluated using all three models and for 

all traits. The range in r values for the Elite-UGWWBP population was from 0.12 to 0.56. 

The rrBLUP model performed consistently the best compared to the RKHS and MLP 

models. The lowest r value (r = 0.12) was observed for stripe rust, which mirrors what 

was found at the program level (Table 4.6). The highest r value (r = 0.56) was observed 

for days to anthesis. The highest r values across all models for each trait have been 

bolded and highlighted in red.  

 The inclusion of K as a kernel in the GS models did not result in a gain in r for 

some of the disease traits, including powdery mildew, STB and FHB incidence in the 

UGWWBP and Elite-UGWWBP populations (Tables 4.3 to 4.6). This highlights the degree 

of unrelatedness among genotypes in the program, leading to lower prediction accuracies 

for certain traits, and was therefore not included as a kernel for the MLP model, due in 

part, to computational restraints.  
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4.5 Discussion 

 The use of GS in crop breeding programs is becoming more popular, as the costs 

associated with genotyping continue to decrease (Sousa et al. 2019). The application of 

GS in a breeding program poses advantages in reducing large-scale, labour-intensive 

phenotyping, as well as costs (both labour and production) associated with phenotyping. 

This cross-validation study was designed to evaluate the efficacy of implementing GS on 

a breeding program scale, and determine its ability to select optimal individuals to: (i) 

progress through the breeding pipeline and (ii) act as potential parents for future crosses. 

Factors associated with increased prediction accuracies, including the ratio of the number 

of genotypes for the training and testing populations was explored in the previous chapter. 

The focus on choice of the model and use of kinship kernels was studied in relation to 

disease-specific traits to the UGWWBP breeding goals. This study continues to highlight 

the importance of knowing and understanding the germplasm present in the breeding 

program, and the relationships between the breeding lines that are grown at various 

stages of the breeding program.  

For a breeding program to facilitate the use of GS, one of two approaches is 

considered appropriate: (i) to incorporate the training population in the disease nursery 

evaluation or, (ii) to rely on natural infection phenotypic measurements for GS predictions. 

Reliance on natural infection must be coupled with enough years of data to account for 

variation in the environment, reflected in the incidence and severity of each disease. The 

goals of the breeding program, as well as the desire to implement GS should drive the 

decision making regarding the use of a disease nursery on a program level. 
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 The use of different GS algorithms is important in determining the best to use. 

Computational time is a limiting factor, dependent on the number of genotypes that are 

being used in the training population, as well as the specific GS algorithm being employed 

(Bi and Zhou 2020). Relatively simple GS algorithms, including rrBLUP, were not as 

computationally intensive, which allowed for a high number of iterations in a reasonable 

amount of time (Tan et al. 2017). This is in contrast to the RKHS and neural network 

(multi-layer perceptron) models, in which each SNP accounted for an independent input 

layer, leading to computational times of hours to days. 

Previous GS studies have made use of both the best linear unbiased estimators 

(BLUEs) and BLUP values as calculated phenotypic values for genomic prediction 

purposes (Poland et al. 2012), although they have not been used widely in crop breeding 

(Jonas and de Koning 2016). This thesis made use of BLUP values for genomic 

prediction, as they eliminate the bias introduced by location and allow for direct 

comparison between trials due to common genotypes (Bernardo, 2008). A recent study 

sought to compare prediction accuracies of 16 unique genomic prediction algorithms with 

both BLUEs and BLUPs as phenotypic inputs (Badji et al. 2021). The researchers found 

that the prediction accuracies stayed relatively similar across different models, but were 

higher when BLUPs were used compared to BLUEs (Badji et al. 2021). This paper 

corroborates the use of BLUP values for GS compared to BLUEs; therefore, the use of 

BLUPs is justified for this chapter. 

The UGWWBP is relatively young (established in 2014) and contains a wide 

diversity of genotypes. This is the result of introgression of exotic material from a number 

of sources, which has led to a high degree of unrelatedness among the lines. The 
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incorporation of genotypes at both extremes in the training population is constrained due 

to the experimental design of the PYTs, in which only a single replication in a single 

location is available. This limits the inclusion of PYT lines in the training population, and 

the elimination of lines at the lower extreme, as they are thrown out prior to the advanced 

trial stages. Due to this, a five-fold cross validation approach was used, in which a new 

training set was generated per repetition of each algorithm for each trait. The algorithms 

were run for 5,000 iterations to ensure diversity in the training population and the 

generation of a reliable prediction accuracy value per trait per model. The literature has 

shown that the components of the training population dictate the utility of GS models and 

their reliability (Asoro et al. 2011; Jonas and de Koning 2016). The incorporation of historic 

cultivars and modern-elite cultivars, which show a range in mean values for the traits of 

interest, coupled with a relatively close genetic relationship between individuals in the 

training and validation populations has been suggested for higher prediction accuracies 

(Asoro et al. 2011; Jonas and de Koning 2016).   

 The comparison of GS models has been explored widely in both simulated 

datasets (Ceron-Rojas et al. 2015; Meuwissen et al. 2001) and real-world data (He et al. 

2016; Heffner et al. 2011a; Poland et al. 2012). In this study, three different algorithms 

were used, both on their own and with a defined K kernel and a GEI effect as a covariate 

in both the UGWWBP and Elite-UGWWBP populations. The models employed 

represented parametric (rrBLUP), semi-parametric (RKHS) and non-linear (neural 

network) models. The best model(s) were largely trait-dependent, although rrBLUP 

appeared to remain relatively consistent across traits compared to both RKHS and the 

MLP models. This is corroborated by the previous chapter and published GS studies, in 
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which different models were tested and no clear pattern was found between the algorithm 

used and the prediction accuracy obtained (Heffner et al. 2011a).  

 Neural network models have become popular in recent years, showing promise in 

pattern recognition (Jurafsky and Martin 2018); however, the use of MLP models for GS 

in plant breeding programs has yet to be fully elucidated. The consistently low r values 

reflected in this study are a function of the specifications of neural network models; 

specifically, the fact that the input and output layers are known, but the internal 

parameters (hidden layers) remain hidden (Oleinik 2019). The lack of transparency 

related to MLPs complicates the ability to understand the limits of the models themselves 

and ideal parameter settings in relation to specific datasets (Oleinik 2019). 

Furthermore, GS prediction accuracies were higher for the UGWWBP population 

compared to the Elite-UGWWBP population. These findings may be the result of the low 

number of genotypes in the training population, which in turn lead to low variance in the 

disease traits that were studied. Training populations show the greatest degree of 

predictive ability when they encompass both the low and high extremes for the traits of 

interest. Furthermore, the genotypes in the Elite-UGWWBP population showed a higher 

degree of relatedness; however, studies have shown no improvement in r, likely due to 

differences in linkage disequilibrium and QTL segregation (Lorenz et al. 2012). 

The implementation of GS in a breeding program has shown promise; however, 

the ability to use GS for disease traits is limited due to costs associated with genotyping 

and phenotyping large numbers of genotypes in a program setting (Jonas and de Koning 

2016). GS has resulted in the improvement in selection for disease resistant genotypes 

compared to traditional pedigree or MAS selection methods (Burgueño et al. 2012), have 
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shown higher predictive ability (Crossa et al. 2010; 2011) and higher genetic gain per unit 

time and cost (Heffner et al. 2011a; Heffner et al. 2011b). Artificial disease nurseries have 

shown higher prediction accuracies compared to natural infection (Mirdita et al. 2015). 

Currently, the UGWWBP utilizes an artificial disease nursery to evaluate FHB traits; 

however, the nursery design precludes its use in GS. The artificial nursery has been 

limited to approximately 320 genotypes in a triplicate design, representing some AYTs 

and EYTs as well as the BROR and PAOR trials, rather than the entire breeding program. 

It is possible that the disease nursery could be designed and used as the training 

population (instead of the entire UGWWBP population) in a multi-trait genomic prediction 

model for FHB-related traits in the future (Bhatta et al. 2020). However, the latter poses 

a potential problem for GS, as not all genotypes included in the training population are 

evaluated in the disease nursery. Expanding the disease nursery to include all genotypes 

in the training population may be cost prohibitive.  

Breeding programs need to prioritize their most economically damaging diseases, 

as it is unfeasible to evaluate multiple diseases in a single nursery. In Ontario, FHB is the 

most economically damaging disease. In our study, phenotyping was based on natural 

infection and the prediction accuracy for FHB severity was 0.21, which is low compared 

to other studies that utilized artificial inoculation (Arruda et al. 2015). It may be beneficial 

in the future to evaluate if the prediction accuracy for FHB-related traits can be increased 

by using artificially inoculated FHB nurseries to confirm whether the expansion of the 

disease nursery is justifiable.  

For diseases of lesser economic importance, including stripe rust, powdery mildew 

and Septoria, GS must rely on natural infection due to resource allocation. To maximize 
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the prediction accuracy under natural conditions, the evaluation of the training population 

must be carried out in environments that satisfy the conditions of each particular disease. 

Therefore, testing environments must be selected in regions that are conducive for 

infection.  

In the natural environments, the quality of disease notes is of utmost importance. 

Robust phenotypic data must be collected across environments for all genotypes. This is 

required, not only to generate a BLUP value, but also to incorporate GEI effects across a 

range of environments as a covariate in GS models. Previous studies have shown that 

the incorporation of GEI in GS models has led to increased predictive ability, which is 

imperative due to the lower prediction accuracies associated with natural infection 

(Burgueño et al. 2012). Variation in disease presence and the availability of data was 

apparent across locations and years in our study, therefore, locations that had low 

incidence of disease were omitted from the dataset. It is common practice to record one 

to two replications of disease data, rather than the entire trial. This is because disease 

resistance is often heritable; however, it would be interesting to investigate whether GEI 

effects are significantly different if all replications were included in the calculation of the 

GEI effects in each environment. It is hypothesized that the more replications that are 

included, the more reliable the GEI effect would be. This may ultimately lead to higher 

prediction accuracies but requires further evaluation. 

Another factor that influences the accuracy of GS for disease-related traits is the 

subjective nature of notetaking. Disease notes are often qualitative, rather than 

quantitative in nature, and are highly dependent on the personnel recording the data. It 

would be beneficial to have a single person taking disease notes across trials and 
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locations or ensure that each person is trained in the same manner. It would also be 

beneficial if a visual reference such as a disease scoring card, or key, was to be provided 

to each location to maintain consistency. Among the disease traits, days to anthesis and 

Septoria (STB) and FHB incidence showed the greatest r values (0.79, 0.69 and 0.59, 

respectively); whereas stripe rust and FHB severity (0.20 and 0.21, respectively) showed 

two of the lowest. Differences in prediction accuracy can be attributed to a number of 

factors, due in large part to subjective field measurements and the difficulty in scoring 

certain diseases consistently.  

  

4.6 Conclusion 

 GS has shown its trait-dependent utility in a breeding program setting, compared 

to both PS and MAS. Its ability to increase the rate of genetic gain and account for minor 

effect QTL has become an important tool for breeding for quantitative traits. The use of 

GS in a breeding program should be coupled with strategies already employed, including 

PS and MAS. This study has demonstrated the utility of GS for predicting disease traits 

at a breeding program level. The understanding of the genotypes and diversity that make 

up the training population have once again shown its importance for increasing the 

predictive ability of GS models on a trait-by-trait basis. Observed prediction accuracies 

based on natural infection suggest that the use of artificial infection to study disease in 

breeding lines would result in increased prediction accuracies. In order to best capture 

GEI effects, multi-environment trials are necessary and have previously been shown to 

increase r (Chapter 3). While the optimization of GS models is important, the availability 

of replicated, robust phenotypic data is critical for optimal use for selection purposes. 
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Prediction accuracies for disease related traits, including days to anthesis (r =0.79) and 

STB infection (r = 0.69) were among the highest across all traits that were studied in this 

thesis. Investigation into the use artificial infection for future implementation of GS should 

be explored based on the goals of the breeding program. 
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Table 4.1 Summary of phenotypic observations for anthesis and disease traits across 
trials and locations for 1,864 winter wheat genotypes from the University of Guelph 
Winter Wheat Breeding Program (UGWWBP) population. The genotypes were grown at 
Céréla, Quebec (CE), Cérom, Quebec (CR), Elora Research Station (EA), Ontario, 
Agriculture and Agri-Food Canada Ottawa, Ontario (OA), Palmerston, Ontario (PN), 
Ridgetown, Ontario (RN), Woodstock Research Station, Ontario (WK) and Woodslee, 
Ontario (WE) from 2017 to 2019. The trial codes used are as follows: Preliminary Yield 
Trials (PYT), Advanced Yield Trials A and B (AYTA and AYTB, respectively), Elite Yield 
Trials (EYT) and Bread (BROR) and Pastry (PAOR) Orthogonal Trials. Means 
represented with minimums and maximums followed in brackets. 
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Table 4.2 Summary of phenotypic observations for FHB-related traits by trial and 
location for 1,864 winter wheat genotypes from the University of Guelph Winter Wheat 
Breeding Program (UGWWBP) population. The genotypes were grown at Céréla, 
Quebec (CE), Cérom, Quebec (CR), Elora Research Station (EA), Agriculture and Agri-
Food Canada Ottawa, Ontario (OA), Palmerston, Ontario (PN), Ridgetown, Ontario 
(RN), Woodstock Research Station, Ontario (WK) and Woodslee, Ontario (WE) from 
2017 to 2019. The trial codes used are as follows: Preliminary Yield Trials (PYT), 
Advanced Yield Trials A and B (AYTA and AYTB, respectively), Elite Yield Trials (EYT) 
and Bread (BROR) and Pastry (PAOR) Orthogonal Trials. Means represented with 
minimums and maximums followed in brackets. 
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Table 4.3 Prediction accuracies (r) for four disease traits using 1,864 winter wheat 
genotypes from the University of Guelph Winter Wheat Breeding Program grown from 
2017 to 2019. The ratio of training to testing population used was 70:30. All models were 
compared, including the base model (no covariates and kinship ignored) and a model 
with kinship (K) included as a covariance matrix with marker effects. Bolded numbers are 
those that had the highest accuracy (r). 
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Table 4.4 Prediction accuracies (r) for three FHB-related disease traits using 1,864 
winter wheat genotypes from the University of Guelph Winter Wheat Breeding Program 
grown from 2017 to 2019. The ratio of training to testing population used was 70:30. All 
models were compared, including the base model (no covariates and kinship ignored) 
and a model with kinship (K) included as a covariance matrix with marker effects. 
Bolded numbers are those that had the highest accuracy (r). 
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Table 4.5 Prediction accuracies (r) for four disease-related traits using a subpopulation 
of 310 winter wheat genotypes from the University of Guelph Winter Wheat Breeding 
Program grown from 2017 to 2019. The subpopulation consists of lines from the 
Advanced Yield Trials (AYTA and AYTB), Pastry Orthogonals (PAOR) and Bread 
Orthogonals (BROR). The ratio of training to testing population implemented was 70:30. 
All models were compared, including the base model (no covariates and kinship 
ignored) and a model with kinship (K) included as a covariance matrix with marker 
effects. Bolded numbers are those with the highest accuracy (r). 
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Table 4.6 Prediction accuracies (r) for four FHB-related traits using the Elite University 
of Guelph Winter Wheat Breeding Program (Elite-UGWWBP) population of 310 winter 
wheat genotypes grown from 2017 to 2019. The Elite-UGWWBP population contains 
genotypes from the Advanced Yield Trials (AYTA and AYTB), Pastry (PAOR) and Bread 
Orthogonals (BROR). The ratio of training to testing population implemented was 70:30. 
All models were compared, including the base model (no covariates and kinship 
ignored) and a model with kinship (K) included as a covariance matrix with marker 
effects. Bolded numbers are those with the highest accuracy (r). 
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Figure 4.1 Histograms of four disease-related traits used for genomic selection on 
1,864 winter wheat genotypes from the University of Guelph Winter Wheat Breeding 
Program (UGWWBP) population. (A) depicts the Julian days to anthesis. (B) depicts the 
distribution of powdery mildew incidence (rating of 0 to 9). (C) depicts the distribution of 
stripe rust incidence (rating of 0 to 9). (D) depicts the distribution of Septoria incidence 
(rating of 0 to 9). 
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Figure 4.2 Histograms of three FHB-related traits used for genomic selection on 1,864 
winter wheat genotypes from the University of Guelph Winter Wheat Breeding Program 
(UGWWBP) population. (A) depicts the distribution of FHB incidence, measured on a 
scale of 0 to 100 percent. (B) depicts the distribution of FHB severity, measured on a 
scale of 0 to 100 percent. (C) depicts the distribution of FHB Index, measured as the 
(FHB Incidence * FHB Severity)/100.  
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Figure 4.3 Histograms of four disease-related traits used for genomic selection in the 
Elite University of Guelph Winter Wheat Breeding Program (Elite-UGWWBP) population 
consisting of 310 winter wheat genotypes from the Advanced Yield Trials and Pastry 
and Bread Orthogonal Trials. (A) depicts the Julian days to anthesis. (B) depicts the 
distribution of powdery mildew incidence (rating of 0 to 9). (C) depicts the distribution of 
stripe rust incidence (rating of 0 to 9). (D) depicts the distribution of Septoria incidence 
(rating of 0 to 9). 
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Figure 4.4 Histograms of three FHB-related traits used for genomic selection on the 
Elite University of Guelph Winter Wheat Breeding Program (Elite-UGWWBP) population 
composed of 310 winter wheat genotypes from the Advanced Yield Trials (AYTs) and 
the Pastry (PAOR) and Bread (BROR) Orthogonal Trials. (A) depicts the distribution of 
FHB incidence, measured on a scale of 0 to 100 percent. (B) depicts the distribution of 
FHB severity, measured on a scale of 0 to 100 percent. (C) depicts the distribution of 
FHB Index, measured as the (FHB Incidence ´ FHB Severity)/100.  
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Figure 4.5 Correlation matrix of seven disease-related traits based on 1,864 winter 
wheat genotypes from the University of Guelph Winter Wheat Breeding Program 
(UGWWBP) population. The degree of redness corresponds to a higher degree of 
correlation between traits.  
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Figure 4.6 Principal component analysis (PCA) of 1,864 winter wheat genotypes from 
the University of Guelph Winter Wheat Breeding Program (UGWWBP) population. The 
following abbreviations represent the trials grown: Advanced Yield Trials (AYTA and 
AYTB) Bread (BROR) and Pastry (PAOR) Orthogonal Trials, Elite Yield Trials (EYT) 
and the Preliminary Yield Trials (PYT).  
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5      Evaluation of the impact of photoperiod and light     
intensity on decreasing days to anthesis in winter wheat 

 

5.1 Abstract 
The development and improvement of crop cultivars is necessary to meet the 

demands of the growing global population. Understanding the way in which maximized 

photoperiod affects the maturation rate of these crops, including winter wheat (Triticum 

aestivum L.), is required for decreasing generation time in breeding programs. The ability 

to decrease the generation time for winter wheat is imperative for breeders to achieve 

higher rates of genetic gain. The effects of prolonged photoperiod and light intensity on 

winter wheat generation time was studied to determine if photoperiod may contribute to 

a shortened cycle time. Three winter wheat cultivars (Branson, CFBA1401 and Norstar) 

and one spring wheat cultivar (AC Carberry) were exposed to four treatments, based on 

the daily light integral: high light (HL) or low light (LL), and photoperiod: 22 hours of light 

and 2 hours of dark (22:2) or 16 hours of light and 8 hours of dark (16:8). Generation time, 

as measured by days to anthesis in the HL22:2 treatment, resulted in a decrease of 8 

days or 7% of the total generation time, compared to the control HL16:8 treatment. 

Photoperiod itself had a minimal effect on generation time when daily light integral and 

temperature were controlled. In order to implement an appropriate accelerated generation 

advancement (AGA) protocol in the University of Guelph Winter Wheat Breeding 

Program, an improved understanding of the effects of photoperiod, thermal time and daily 

light integral must be better understood.  

  

 

 



 

 120 

5.2 Introduction 
Plant breeders must be able to develop cultivars that are able to adapt to variable 

environmental conditions. The ability for public breeding programs to maintain increased 

rates of genetic gain is rare, and rates have been reported to be well below 1% (Lopes et 

al. 2012; Masuka et al. 2017). The breeder’s equation, 

 

[5.1]  ∆𝐺	 = 	 !"#!
$

 

 

where ∆𝐺 represents the rate of genetic gain, 𝑖 represents selection intensity, r is the 

accuracy of selection, 𝜎% is the genetic variance and L is the cycle time, breaks up the 

components of genetic gain in a way that allows breeders to exploit and integrate 

improved breeding and selection methods that result in increased rates of genetic gain in 

their programs. The cycle time per generation variable (L) is by far the most 

straightforward means by which breeders can increase the rate of genetic gain and is the 

target of accelerated breeding (speed breeding) protocols (Watson et al. 2018).  

For many field crops, including winter wheat, the breeding of new or improved 

cultivars can take, on average, 10 years from the initial cross to commercialization (Atlin 

et al. 2017). Many breeding programs use single seed descent (SSD) to reach 

approximately 98.4% homozygosity, fixed for traits of interest prior to yield testing (Knott 

and Kumar 1975). After the initial cross, six generations of selfing are required, which, at 

a rate of two generations per year with the use of shuttle breeding, would take three years 

to complete. The long process of commercializing a winter wheat cultivar results in a 

reduction of genetic gain resulting in a decrease in the ability to continually improve traits 
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of interest to meet rising demands for food production. By increasing the maturation rate 

of plants and decreasing the overall cycle time per generation, breeders are able to 

optimize the number of genotypes and crosses that are progressed through their breeding 

pipeline per year.  

Accelerated generation advancement (AGA) is important for decreasing the cycle 

time of crops (Watson et al. 2018). In winter wheat, the ability to decrease the cycle time 

is dependent on the amount of time needed for vernalization and the ability to increase 

the maturation rate post-vernalization. As a result, winter wheat breeding programs are 

often limited to 1 to 2 generations per year. Although there is a time-dependent 

vernalization requirement for winter wheat, it may be possible to streamline post-

vernalization time to maturity by manipulating photoperiod length and daily light integral 

(DLI) (Davidson et al. 1985). The ability to implement an AGA protocol in a winter wheat 

breeding program would result in decreased days to anthesis and a shorter cycle time, 

translating to more generations per year.  

Prolonged photoperiod for optimal plant growth has been used to decrease 

generation time in spring cereals for many years (Sysoeva et al. 2010; Ghosh et al. 2018; 

Watson et al. 2018). The switch from vegetative to reproductive growth that is necessary 

for heading is governed by the floral transition pathway (Baurle and Dean 2006; Imaizumi 

and Kay 2006; Turck et al. 2008; Colasanti and Coneva 2009). The sequence of events 

that causes this shift in growth begins with the perception of signals that promote 

flowering, such as photoperiod and temperature (Colasanti and Coneva 2009). 

Environmental signals are perceived by unique parts of the plant; for example, 

photoperiod is perceived by the leaves of the plant; whereas temperature is perceived by 
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the shoot apical meristem (SAM) (Bernier 1988; Li and Dubcovsky 2008). The ability of 

cereal species to induce flowering requires a combination of functionally conserved 

mechanisms and novel machinery, as characterized by gene families identified in 

Arabidopsis and rice (Colasanti and Coneva 2009). 

The ability to control flowering is imperative for both the survival and reproductive 

success of the plant (Li and Dubcovsky 2008). Flowering time in wheat is dependent on 

the complex interaction between a number of genes that control growth habit and 

earliness (Figure 1; Li and Dubcovsky 2008). Previous research in Arabidopsis and rice 

has shown that the FLOWERING LOCUS T (FT) acts as the primary flowering signal 

(Corbesier et al. 2007; Jaeger and Wigge 2007; Lin et al. 2007; Mathieu et al. 2007; 

Tamaki et al. 2007; Li and Dubcovsky 2008). Researchers have further demonstrated 

that overexpression of the FT protein results in earlier flowering in a number of species, 

leading to the conclusion that it possesses a highly conserved function in the plant world 

(Kardailsky et al. 1999; Kobayashi et al. 1999; Kojima et al. 2002; Böhlenius et al. 2006; 

Lifschitz et al. 2006; Yan et al. 2006; Lin et al. 2007). The FT protein is the main target of 

the CONSTANS (CO) protein, which plays a central role in the photoperiod pathway 

(Putterill et al. 1995; Robson et al. 2001; Wigge et al. 2005; Li and Dubcovsky 2008). 

Under exposure to long days (LD), CO activates FT, which allows FT to move towards 

the SAM where it interacts with a transcription factor called FD to activate the expression 

of APETALA 1 (AP1) (Abe et al. 2005; An et al. 2004; Corbesier et al. 2007; Wigge et al. 

2005). This pathway shows that FD acts as a recognition site for DNA and acts together 

with FT to transcriptionally activate AP1 (Li and Dubcovsky 2008; Wigge et al. 2005).  
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The elucidation of the floral transition pathway in Arabidopsis and rice has been 

mirrored in cereal crops and was described by Li and Dubcovsky (2008) (Figure 5.1). 

Overexpression of the FT homologue in cereal species, TaFT (T. aestivum L.), has also 

been shown to accelerate flowering, suggesting conservation of this mechanism across 

species (Li and Dubcovsky 2008; Yan et al. 2006). The correlation of transcript levels of 

TaFT and VRN1 transcript levels was also shown; specifically, overexpression of TaFT 

led to increased transcript levels of TaFT and VRN1, inferring that TaFT is a limiting factor 

in the activation or repression of VRN1 (Li and Dubcovksy 2008). Furthermore, the TaFT-

TaFDL2-VRN1 interactions observed in temperate cereals have been shown to act 

similarly to that of the FT-FD-AP1 interactions previously demonstrated in Arabidopsis 

and rice (Li and Dubcovsky 2008).  

A major gene family that is responsible for photoperiod sensitivity is the 

Photoperiod Responsive (Ppd) gene family (Distelfeld et al. 2009). Photoperiod 

insensitivity is the result of a deletion mutation in the genomic region involved in plant 

response to varying environmental cues (Yan et al. 2004; Beales et al. 2007; Santra et 

al. 2009; Kamran et al. 2013). The ability to test maximized daylength on photoperiod 

sensitive and insensitive genotypes is important to elucidate the functionality of this 

deletion. Previous research has shown that once winter wheat undergoes its vernalization 

requirement, an extended photoperiod can be used to accelerate plant growth (Davidson 

et al. 1985; Evans 1987; Bhatta et al. 2021).  

Previous research on accelerated breeding techniques has been well documented 

(Watson et al. 2018). Watson et al. (2018) explored the use of prolonged photoperiod as 

a breeding tool to accelerate the growth rate of many grass species, including spring 
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wheat (T. aestivum), durum wheat (T. durum), barley (Hordeum vulgare) and the model 

grass species, Brachypodium distachyon. A photoperiod of 22:2 light:dark ratio was used 

to maximize daylength and maintain circadian clock genes (Deng et al. 2015; Watson et 

al. 2018). A decreased time to anthesis was recorded for all species, with B. distachyon 

reaching the anthesis stage in 26 days (50% decrease), barley in 37 to 38 days (52% 

decrease) and spring wheat in 35 to 39 days (53% decrease) (Watson et al. 2018). A 

constant temperature regime of 22°C/17°C was reported; however, it was not clear 

whether temperature was monitored regularly in the glass house under the lights 

throughout the experiment to determine if the temperature was a confounding variable in 

their speed breeding protocol (Watson et al. 2018). Seed viability was also determined to 

ensure that the protocol would not result in the production of sterile seeds (Watson et al. 

2018). Furthermore, crosses made between lines that were grown under the same 

accelerated protocols also produced viable seeds (Watson et al. 2018). Viability was 

measured using seeds that were harvested two weeks post anthesis with 80% viability 

and those harvested four weeks post anthesis having 100% viability (Watson et al. 2018).  

As discussed previously (2.5), SSD is a widely used breeding strategy to advance 

lines through to the F6 stage of the breeding program. Accelerated breeding techniques 

are imperative to reduce cycle time in SSD to increase the rate of genetic gain. The use 

of an accelerated breeding protocol in the initial generations of a winter wheat breeding 

program was evaluated to determine if SSD generation time can be further reduced in 

winter wheat. The objective of this study was to determine if there was a significant 

decrease in days to flowering by manipulating photoperiod length and daily light integral 

(DLI). The methods outlined were adapted from the speed breeding protocols in Watson 
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et al. (2018). The hypothesis that the increasing daylength and DLI would decrease 

flowering time and could be implemented as part of an accelerated breeding protocol was 

examined. There is a strong need for the establishment and introduction of novel 

technologies to accelerate breeding program pipelines. The implementation of AGA has 

the potential to reduce generation time for SSD, which would be useful for reaching the 

required level of homozygosity more rapidly than would otherwise be possible through 

the use of traditional SSD methods and shuttle breeding. This would result in a decreased 

time to commercialization and a subsequent increase in genetic gain. 

 

5.3 Materials and methods 

5.3.1 Growth chamber design 

Three large (1.3-m wide x 2.5-m long x 1.6-m tall) walk-in Conviron growth cabinets 

(Conviron, Winnipeg, MB, Canada) were used to maintain temperature and humidity 

during all stages of the experiment. The cabinets were retrofitted with adjustable output 

light emitting diode (LED) arrays from Hyperikon (Hyperikon Inc., San Diego, CA, USA). 

These arrays contained a 1:2 ratio of 2700K (warm white LED) and 4000K (daylight LED), 

providing broad-spectrum emissions with an 8:1 red to far-red ratio, similar to the existing 

growth facilities retrofitted to LEDs. Light arrays were kept 1.1-m to the pot surface 

throughout the experiment.  

Double layered white-black silage tarp (with both white sides out and taped to the 

floor, but not limiting upward air movement) created four equal photoperiod exclusion 

zones within each cabinet. Black plastic trays were placed above the lights to further 

reduce light bleed between treatments resulting in <5 µmol of light bleed at the pot 
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surface. Perforations in the plastic trays allowed for adequate air movement. Day to night 

photoperiods were controlled by one timer per zone, with a Woods Outdoor 24-hour 

Mechanical Timer (Woods Home Products, Carrollton, GA, USA). 

Four treatments of varying light intensity and photoperiod were utilized in this 

experiment (HL16:8, HL22:2, LL16:8, LL22:2; Table 5.2). High-light (HL) and low-light 

(LL) treatments correspond to the instantaneous photosynthetic flux value. The 

instantaneous flux, photoperiod and DLI for each treatment is presented in Table 5.2. DLI 

was the same for the HL treatments (both 22:2 and 16:8) and the LL treatments, to be 

able to look at the effects of photoperiod independent of total radiation. Treatments were 

randomly assigned to each of the four divisions within each cabinet. All treatments were 

kept at 22°C (constant), with a relative humidity ranging from 60-65%. The DLI was 

calculated using the following equation, 

 

[5.2] 𝐷𝐿𝐼 = 	 G(HI)(HI)(J)
.IIIIII

, 

 

where 𝑥 is the instantaneous flux (𝜇mol m-2 sec-1) and 𝑦 is the number of daylight hours. 

 

5.3.2 Spectral acquisition  

A FLAME mini-spectrometer (Flame-S-XR1) (Ocean Optics Inc, Florida, USA) with 

Oceanview software was used to measure spectral data. The coupled fiber optic cable 

was equipped with a cosine corrector diffuser (CC-3-UV-S) to allow for light to pass in 

and out.  
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A Deuterium-Tungsten calibration lamp was used (DH2000 UV-Vis) for absolute 

irradiance (µW cm-2 nm-1) including UV at 280nm. Absolute irradiance (µW cm-2 nm-1) 

was converted to spectral photon flux density (µmol m-2 s-1 nm-1; measurement of the 

number of photons passing through a particular area each second).  

 

5.3.3 Plant material and experimental design 

Three winter wheat cultivars (Branson, CFBA1401 and Norstar) and one spring 

wheat cultivar (AC Carberry) were chosen based on photoperiod sensitivity (Table 5.3). 

AC Carberry and Norstar were used as daylength sensitive cultivars and Branson and 

CFBA1401 were used as daylength insensitive cultivars. Plants were grown in a 

controlled environment growth room for initial growth and then transferred to environment 

controlled growth chambers. All seeds were planted in 18-cell trays containing a 1:1 ratio 

of #4 Sunshine Mix (Sungro, Agawam, MA, USA) to Turface® substrate (Turface® 

Athletics Co., Buffalo, IL, USA). Each cell was planted with 0.8g of 13-13-13 slow release 

fertilizer. All plants were planted on October 16, 2019. 

During the initial growth period, plants were placed randomly (and rotated once) in 

a standard growth room with a 16-hour photoperiod and 22ºC day and 18ºC night ambient 

temperatures. Relative humidity was maintained between 60-65%. Instantaneous 

photosynthetic flux during initial growth was 280 µmol m-2 sec-1.  

Plants were transferred to a vernalization chamber at the three-leaf stage (October 

30, 2019) for 9 weeks. The vernalization chamber was maintained at 4ºC (constant) with 

a 12-hour photoperiod and relative humidity ranged from 60-65%. Trays of 18 random 
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plants were moved and rotated within the cabinet every 14 days. Instantaneous 

photosynthetic flux during vernalization was 100 µmol m-2 sec-1. 

Vernalized plants were grown in a randomized complete block design (RCBD) 

embedded within a four treatment by four genotype factorial design with three 

replications. A single plant was grown in each pot, which represented a single 

experimental unit. A total of five experimental units per treatment per chamber were used 

for all replications. Plants were randomized into their respective treatments following 

vernalization and transferred to one of three modified growth chambers (described above) 

on January 3, 2020. At this time, another 0.8g of 13-13-13 slow-release fertilizer was 

added to each individual plant.  

 

5.3.4 Temperature and spectral data 

Temperature data was recorded in the modified growth chambers to ensure that 

temperature was not a confounding factor in the observed differences between 

treatments. WatchDog B100 2K temperature loggers (Spectrum Technologies, Inc. 2020) 

were placed at soil level in each treatment and recorded a temperature every thirty 

minutes. Canopy temperatures were also recorded every thirty minutes in each treatment 

using a WatchDog 1400 Micro Station with four external ports (Spectrum Technologies, 

Inc. 2020) equipped with four temperature microsensors (Spectrum Technologies, Inc. 

2020). Temperature data was exported from the micro station and each individual soil 

probe. One soil probe was launched incorrectly after the first retrieval of temperature data 

and did not record soil temperature data for the last three weeks of the experiment. 
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 Spectral data was included to show the characteristics of the LEDs used in the 

experiment (Figure 5.2). The photon flux density showed that the LEDs implemented in 

this experiment have an 8:1 red to far-red ratio (Figure 5.2). 

 

5.3.5 Phenotypic trait measurement 

 Plants were monitored every other day until the onset of heading, then plants were 

observed daily. The number of days to anthesis was recorded as the day in which anthers 

were visible on the heads of the wheat plant.  

 Plant height was recorded every 20 days starting with the transfer from 

vernalization, resulting in four independent measurements per plant per treatment. The 

plants were measured from the base of the plant (soil height) to the tallest point on the 

plant while holding up the leaves. 

 Post-harvest dry mass weights were determined by taking an average of five 

destructive measurements of above-ground plant tissue for each plant in each treatment 

after the plants were dried down. All experimental units were used for biomass 

measurements for each genotype within each treatment across replications. 

 

5.3.6 Statistical analyses 

 Analyses of variance (ANOVA) of dry matter and days to anthesis were partitioned 

into fixed and random effects. A mixed model where cultivar, treatment and cultivar ´ 

treatment were used as fixed effects and block was used as the random effect using the 

PROC GLIMMIX procedure from Statistical Analysis Systems (SAS) v9.4 (SAS Institute 

Inc., Cary, NC, USA) for a randomized complete block design (RCBD) embedded in a 
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factorial design. The PROC GLIMMIX procedure is a generalized linear mixed model that 

assumes normal random effects and was used for all further analyses (SAS Institute Inc., 

Cary, NC, USA). Least square means (LSMeans) were calculated across replications. 

Means comparisons were conducted 4 using a Tukey procedure. Paired t-tests were 

carried out to determine differences between the extended photoperiod lengths (16:8 and 

22:2) as well as the difference between light intensity treatments (LL and HL). 

 

5.4 Results 

5.4.1 Temperature data 

 The average soil and canopy temperatures (ºC) ± standard error (SE) for the 

different treatments were very similar, the LL16:8 treatment was 22.1 ± 0.015 and 22.1 ± 

0.0089 respectively, the LL22:2 treatment was 22.5 ± 0.017 and 22.3 ± 0.0046, 

respectively, the HL16:8 treatment was 22.5 ± 0.025 and 22.4 ± 0.0039, respectively and 

the HL22:2 treatment was 22.6 ± 0.014 and 22.6 ± 0.0061, respectively (Table 5.1). 

Consistent temperatures amongst treatments show that temperature was not a 

confounding variable for the observed differences in time to anthesis between the 

treatments. 

 

5.4.2 Phenotypic trait analysis 

 Phenotypic variation was observed between the four cultivars for dry matter 

(Table 5.4). Dry matter ranged from 3.2g to 15.5g, with significant differences observed 

between cultivars. 
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The highest yielding cultivar was CFBA1401 with an average dry matter of 9.89 ± 

0.639g and the lowest yielding cultivar was Norstar with an average dry matter yield of 

6.56 ± 0.639g (Table 5.4). There was no significant difference in dry matter between AC 

Carberry and CFBA1401; however, there were significant differences between AC 

Carberry and Branson and Norstar (Table 5.4). There were no differences in total dry 

matter between photoperiod treatments based on Tukey’s HSD test (Table 5.5).  

An analysis of variance for dry matter demonstrated that both cultivar and cultivar 

×	treatment had a significant effect on the variation observed in dry matter (Table 5.6). 

The cultivar ×	treatment interaction effect was due to photoperiod, as DLI was controlled 

for between the 22:2 and 16:8 photoperiods. Block and treatment were not significant 

(Table 5.6). The cultivar × treatment interaction effect showed differences in days to 

anthesis between treatments for each of the four cultivars; however, both Branson and 

CFBA1401 showed significant responses in generation time for all four photoperiod 

treatments, whereas AC Carberry and Norstar both showed decreases in generation time 

only under the HL22:2 treatments (Figure 5.3). 

Phenotypic variation was observed for all four cultivars for days to anthesis. Across 

cultivars, days to anthesis ranged from 107 to 129 days for all three replications. The 

fastest time to flowering was observed in AC Carberry, a spring wheat cultivar, with an 

average of 109 days and the slowest time to flowering was observed in Norstar, a winter 

wheat cultivar, with an average of 126 days (Table 5.7). There was no significant 

difference in days to anthesis between Branson and CFBA1401; however, there were 

significant differences between those cultivars and both AC Carberry and Norstar (Table 

5.7).  
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An analysis of variance for days to anthesis is presented in Table 5.8. Cultivar, 

treatment and cultivar × treatment were all significant; however, block was non-significant 

(Table 5.8). Paired comparisons of treatments showed differences between all treatment 

pairs except for HL16:8 and LL22:2 (Table 5.8).  

Plant height was plotted with respect to accumulated light units (µmol/m2), to 

ensure that the correction for DLI resulted in consistent growth within the HL or LL 

treatments (Figure 5.4). For all cultivars, plant height was not different within DLI 

treatment (HL versus LL), although all cultivars were taller under the LL regime (Figure 

5.4). 

 

5.5 Discussion 

 Accelerated breeding protocols that translate to decreased time to anthesis and, 

therefore, decreased cycle time overall, are important to meeting rising global food 

demands (Ghosh et al. 2018). Decreased generation time will lead to increased rates of 

genetic gain by reducing time to homozygosity through SSD and increased efficiency in 

breeding programs. Manipulating photoperiod has been used in crop breeding since the 

early 1900s for the purposes of accelerating the growth cycle of a number of crops 

(Sysoeva et al. 2010). The ability to manipulate photoperiod for winter wheat would allow 

breeders to manipulate the maturation rate, which could allow breeding programs to grow 

a higher number of generations per year. Previous studies have shown that increased 

photoperiod has significantly decreased the days to anthesis, without sacrificing overall 

yield and seed viability in spring wheat (Watson et al. 2018). The experiment presented 

here was designed to control for both the DLI and temperature, in order to evaluate the 
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effects of photoperiod alone on decreased generation time and sought to explore the 

effects of maximized photoperiod on the cycle time of winter wheat, when it is applied to 

vernalized winter wheat plants.  

Differences in dry matter were observed between the four cultivars grown in this 

experiment; however, when analyzed on a treatment basis, it was evident that different 

photoperiod lengths did not result in significant differences in overall biomass. This is 

important for breeders that are interested in implementing an AGA protocol in their 

program, as the maximized photoperiod did not result in decreased biomass at anthesis. 

The non-significant differences in biomass across treatments in this experiment have 

corroborated earlier published work (Watson et al. 2018). Significant differences noted 

across cultivars is a function of their growth type, stature, and ability to grow in indoor, 

controlled environments. Further studies should look at the biomass accumulated across 

a higher density of each cultivar grown, perhaps in a growth room or greenhouse setting.  

The observed differences due to photoperiod in days to anthesis, although shown 

to be significantly different across cultivars and treatments, had no effect on reducing the 

overall generation time in winter wheat. Implementing this AGA protocol may have failed 

to reach its full potential due of the vernalization requirement of winter wheat (Brule-Babel 

and Fowler 1988; Li and Dubcovsky 2008; Colasanti and Coneva 2009). Future 

experiments should explore the potential for reducing or removing the vernalization period 

in order to maximize the AGA protocol. On average, the University of Guelph Winter 

Wheat Breeding Program lines take approximately 21 weeks to reach maturity, including 

a vernalization period of nine weeks. Previous results from Watson et al. (2018) showed 

that wheat seeds had 100% viability four weeks post anthesis. Given this assumption, 
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even including the required nine-week vernalization period for this experiment, it is 

possible that viable seed is harvestable approximately eight days earlier (a 7% decrease 

in time) compared to the currently implemented growing protocols. This decrease can be 

achieved when the HL22:2 treatment is implemented; however, an additional two weeks 

(given two generations per year) may not be a prudent investment for a program given 

the costs associated with having lights on for 22 hours a day. Further studies should 

evaluate the effects of increased daytime temperature (thermal time) and its effect on the 

generation time of winter wheat, and the potential additive or synergistic effects (if any) 

of combining maximized photoperiod with increased daily temperature. 

Thermal time (heat units) characterizes the relationship between temperature and 

developmental rate in crops, and is often expressed as growing degree-days (GDD) 

(Reamur 1735; McMaster and Moragues 2019). It has long been known that temperature 

is a key factor affecting the rate of plant development and has been a focus of physiology 

work in the past. Research published by Hatfield and Prueger (2015) has shown that 

increased temperature results in accelerated growth rate with no negative impact on leaf 

area or vegetative biomass. This was corroborated by Sadras and Monzon (2006) and 

Aslam et al. (2017), who reported decreased days to maturity due to increased 

temperatures. The speed breeding protocol put forth by Watson et al. (2018) combines 

maximized photoperiod and fluctuations in DLI and most likely temperature (evident in 

the glass house treatment), which does not allow us to make conclusions about which 

factor had the largest impact on accelerating maturation rate despite their conclusions 

that daylength was the driving factor. The results of this experiment explored the feasibility 

and applicability of AGA protocols in winter wheat and corroborated aspects of the 
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Watson et al. (2018) paper, but were much less pronounced due to the strict control of 

DLI and temperature. The differences observed in time to anthesis in this experiment 

compared to Watson et al. (2018) may indicate that thermal time has a larger impact on 

the acceleration of growth rate, and therefore decreased generation time, compared to 

photoperiod.  

 To the best of our knowledge, there have been no published studies on the 

implementation of accelerated generation advancement in a winter wheat breeding 

program. Previous work on accelerated breeding protocols have been explored; however, 

they have been focused on spring cereals and pulses (Ghosh et al. 2018; Watson et al. 

2018). Therefore, further studies exploring the effects of photoperiod length and light 

intensity on decreasing generation time in winter wheat could allow for the development 

of a more robust protocol. Furthermore, once developed, an AGA protocol, coupled with 

new selection methods such as genomic selection, would allow breeders to decrease 

generation time and increase overall genetic gain. Exploring the effectiveness and 

efficiency of genomic selection are discussed in the previous two chapters (Chapters 3 

and 4). 

 

5.6 Conclusion 

Four wheat cultivars (three winter and one spring) were used to identify the effects 

of extended photoperiod and increased DLIs on days to flowering for the purposes of 

accelerating the F1 to F6 generations in a winter wheat breeding program. Although there 

were observed differences in days to anthesis, the effect of maximized photoperiod on 

reducing overall cycle time showed only a 7% decrease with the most intensive treatment. 
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Therefore, this protocol was unable to decrease generation time in winter wheat or in the 

spring wheat cultivar, AC Carberry. The inability to manipulate cycle time in winter wheat 

is also tied to the vernalization period, responsible for the shift from vegetative to 

reproductive growth (Brule-Babel & Fowler 1988; Li and Dubcovsky 2008; Colasanti and 

Coneva 2009). Future studies should consider the effects of higher DLI at extended 

photoperiods on time to anthesis as well as increased daily temperature. The 

development of a sound protocol for decreasing the time to anthesis in a winter wheat 

breeding program would allow for increased efficiency in the beginning stages of the 

pipeline, as well as contribute to increased rates of genetic gain in the breeding program.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 137 

Table 5.1 Post-vernalization average soil and canopy temperatures (°C) ± standard error 
per treatment in a four-cultivar photoperiod experiment at the University of Guelph in 
Guelph, Ontario from 2019 to 2020. 
Treatment Average soil temperature (°C) (± se)a Average canopy temperature (°C) (± se)a 
LL16:8 22.1 ± 0.015 22.1 ± 0.0089 
LL22:2 22.5 ± 0.017 22.3 ± 0.0046 
HL16:8 22.5 ± 0.025 22.4 ± 0.0039 
HL22:2 22.6 ± 0.014 22.6 ± 0.0061 

a se = standard error 
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Table 5.2 Photoperiod intervals and light intensity treatments used. The treatments are 
based on 𝜇mol per hour in a four-cultivar photoperiod experiment at the University of 
Guelph in Guelph, Ontario from 2019 to 2020. Letter groups correspond to Tukey’s HSD 
test. 

Treatment Instantaneous flux 
(𝝁mol) 

Daily light integral 
(mol m-2 day-1) 

LL16:8 360 20.74 
LL22:2 260 20.59 
HL16:8 500 28.80 
HL22:2 360 28.51 
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Table 5.3 Cultivars, growth type and photoperiod sensitivity used in the controlled 
environment accelerated generation advancement experiment at the University of Guelph 
in Guelph, ON from 2019 to 2020. 
Cultivar Growth type Photoperiod sensitivity 
AC Carberry Spring Sensitive 
Norstar Winter Sensitive 
Branson Winter Insensitive 
CFBA1401 Winter Insensitive 
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Table 5.4 Least significant means for dry matter for four wheat cultivars grown in 
controlled environment chambers at the University of Guelph in Guelph, ON from 2019 to 
2020. Letter groups correspond to Tukey’s HSD test. 

 Estimate Standard 
error 

Letter 
groupa 

HL16:8    
AC Carberry 9.64 0.43 a 
Branson 7.63 0.39 b 
CFBA1401 11.2 0.69 c 
Norstar 5.67 0.61 d 
HL22:2    
AC Carberry 7.54 0.50 b 
Branson 8.27 0.49 e 
CFBA1401 9.29 0.73 a 
Norstar 6.78 0.68 f 
LL16:8    
AC Carberry 7.77 0.29 b 
Branson 7.64 0.22 b 
CFBA1401 8.78 0.41 e 
Norstar 7.01 0.54 f 
LL22:2    
AC Carberry 8.33 0.47 e 
Branson 8.08 0.23 e 
CFBA1401 10.3 0.40 g 
Norstar 6.64 0.68 f 

       a letter group corresponds to Tukey’s HSD test 
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Table 5.5 Dry matter analysis of variance for four cultivars grown in controlled 
environment chambers at the University of Guelph in Guelph, ON from 2019 to 2020. 
Random effect Estimate Standard errora Z value Pr > Z 
Block 1.0517 1.0950 0.96 0.1684 
Residual 3.4588 0.3283 10.54 <.0001 
     
Fixed effect Numerator df Denominator df F Value Pr > F 
Treatment 3 222 2.26 0.0824 
Variety 3 222 33.11 <.0001 
Treatment*Variety 9 222 2.80 0.0039 

a 𝛼 = 0.05 
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Table 5.6 Least significant means for days to anthesis for four wheat cultivars grown in 
controlled environment chambers at the University of Guelph in Guelph, ON from 2019 to 
2020. Letter groups correspond to Tukey’s HSD test. 

 Estimate Standard 
error 

Letter 
groupa 

HL16:8    
AC Carberry 109.2 0.775 a 
Branson 117.9 0.799 d 
CFBA1401 117.5 0.640 d 
Norstar 126.2 0.775 g 
HL22:2    
AC Carberry 108.2 0.775 b 
Branson 109.7 0.704 a 
CFBA1401 110.3 0.976 a 
Norstar 124.5 0.640 h 
LL16:8    
AC Carberry 110.3 0.724 c 
Branson 119.9 0.915 e 
CFBA1401 119.3 0.961 e 
Norstar 128.2 0.775 g 
LL22:2    
AC Carberry 109.6 0.828 a 
Branson 117.5 0.743 f 
CFBA1401 117.5 0.743 f 
Norstar 126.4 0.632 g 

       a letter group corresponds to Tukey’s HSD test 
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Table 5.7 Days to anthesis analysis of variance for four cultivars grown in a controlled 
environment experiment at the University of Guelph in Guelph, ON from 2019 to 2020. 
Random effect Estimate Standard errora Z value Pr > Z 
Block 0.0081 0.0156 0.52 0.3033 
Residual 0.6056 0.0575 10.54 <.0001 
     
Fixed effect Numerator df Denominator df F Value Pr > F 
Treatment 3 222 708.74 <.0001 
Variety 3 222 4850.63 <.0001 
Treatment*Variety 9 222 84.13 <.0001 

a 𝛼 = 0.05 
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Table 5.8 A paired t-test for multiple groups representing differences in days to flowering 
for four treatments used in a controlled environment experiment at the University of 
Guelph in Guelph, ON from 2019 to 2020. 
Treatment 1 Treatment 2 Estimate df p-value 
HL16:8 HL22:2 10.2 59 <.0001 
HL16:8 LL16:8 -12.2 59 <.0001 
HL16:8 LL22:2 -0.42 59 0.9850 
HL22:2 LL16:8 -13.5 59 <.0001 
HL22:2 LL22:2 -11.2 59 <.0001 
LL16:8 LL22:2 9.85 59 <.0001 
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Figure 5.1 A schematic for the regulation of flowering time in cereal species based off of 
a figure from Li and Dubcovsky (2008). The promoter of VRN1 is represented by the 
dotted line and its eight exons are represented by the black vertical bars. The TaFDL2 
protein is represented by the white oval, interacting with the G-box (grey rectangle) in the 
VRN1 promoter and the TaFT protein (grey circle). Arrows represent induction, whereas 
lines ending with a bar indicate repression.   
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Figure 5.2. Photon flux density for narrow range LEDs in a growth chamber at the 
University of Guelph, Guelph, ON in 2019. 
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Figure 5.3 Average days to anthesis by treatment for four cultivars grown in controlled 
environment chambers at the University of Guelph in Guelph, ON from 2019 to 2020. 
Letters assigned to treatments show significance as per Tukey’s HSD test at an a = 
0.05. 
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Figure 5.4 Average plant height measurements (cm) over accumulated light units 
(µmol/m2) for four cultivars in a growth chamber experiment at the University of Guelph, 
Guelph, ON. Error bars represent the standard error at a = 0.05. A. AC Carberry (spring 
wheat). B. Norstar (winter wheat) C. CFBA1401 (winter wheat). D. Branson (winter 
wheat). 
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6      General discussion and conclusions 

6.1 General discussion 

This thesis focused on finding ways to increase the rate of genetic gain in the 

University of Guelph Winter Wheat (UGWW) Breeding Program through the use of 

genomic selection (GS) and an accelerated generation advancement (AGA) protocol. 

Three individual studies were carried out to address the objectives outlined above. The 

first two studies looked at the implementation of GS and the training of GS models on a 

program and subpopulation scale, specific to the UGWW breeding program for agronomic 

and disease-related traits, separately. Each study included different kinship definitions 

(kernels) between the breeding lines at both levels to determine and include levels of 

relatedness and the inclusion of genotype-by-environment interaction (GEI) effects at the 

subpopulation level. The introduction of GS showed promise as a potential selection 

strategy, when used in conjunction with phenotypic selection (PS) and marker-assisted 

selection (MAS) at the breeding program level. The third study examined the potentiality 

of introducing an AGA protocol in winter wheat, similar to what has been explored in its 

spring counterpart and other crops. The implementation of prolonged photoperiod has 

shown a decrease of six days on average across cultivars, compared to the normal 

growing guidelines within the program. 

Breeding goals are identified based on the breeder in charge and economically 

driven traits, including yield and disease resistance. Many of these traits are quantitative, 

resulting in challenging situations that require multiple breeding strategies to make 

meaningful advances with respect to cultivar development. Yield and disease responses, 

like Fusarium head blight (FHB) reveal their complex nature, as they are controlled by 
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many genes and are highly impacted by GEI effects. This results in limited genetic gains, 

and highlights the need for the integration of multiple breeding tools in order to exploit it. 

GS has demonstrated clear advantages over other selection strategies in the 

context of a breeding program. The use of MAS for highly quantitative traits, such as FHB 

resistance, can be costly in both time and resources. It was found that GS possesses the 

potential to increase selection accuracy based on traits of interest, especially those that 

are quantitative in nature. Prediction accuracies for key traits were comparable to those 

reported in the literature (Heffner et al. 2011a) and have the potential to be influenced by 

a wide range of factors including the environment, phenotyping techniques, and variation 

due to harvest. Breeders need to be cognizant of environmental patterns that may arise 

across years in order to maximize the utility of GS. Important agronomic traits, such as 

yield, and disease-related traits, such as FHB incidence and severity could be good 

candidates for GS in the future. The ability to increase selection accuracy will result in 

increased genetic gains annually, and the development of improved winter wheat 

cultivars. 

Exploiting the genotype-by-environment interaction (GEI) effect as a covariate in 

GS models was explored with respect to agronomic traits at the subpopulation level. The 

inclusion of GEI as a covariate increased predictive ability for all four agronomic traits by 

a minimum of 4%, highlighting its importance for the future use of GS in a breeding 

program. These results corroborate earlier findings that the inclusion of GEI effects in a 

GS model are associated with increased prediction accuracies (Lado et al. 2016). 

Replicated data is necessary for generating meaningful BLUP values and GEI 

effects for GS model training. The experimental designs used in a breeding program vary 
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and are dependent on the crop, the head breeder and the selection strategies employed. 

The UGWW Breeding Program currently implements a single replication, single location 

augmented design for the Preliminary Yield Trials (PYTs). This experimental design has 

worked well for selection strategies in the past; however, the implementation of GS 

requires consistency across trials to allow for the inclusion of a wide range of breeding 

lines in the training population. It is simple to calculate BLUP values across years and 

locations for a large number of individuals, but heavily unbalanced data, e.g., lines 

missing in three out of four years, for example, generates poor prediction accuracy. Other 

wheat breeding programs have implemented replicated PYT designs, as noted in Lado 

et al. (2016) and in the Wheat Breeding Program at Michigan State University (MSU) (Eric 

Olson, personal communication). In the future, it is recommended that the program 

considers a replicated experimental design for the PYTs, even if that means reducing the 

number of entries in the PYTs, so as to ensure that genotypes at both the low and high 

extreme of the distribution are be included in the training population. The latter may result 

in higher rates of genetic gain for the program on an annual basis.  

To further increase the rate of genetic gain, the removal of the head row/hill plot 

stage of the breeding program would allow for the implementation of GS for the 

advancement of F6 inbreds from early generations into yield testing. This is currently being 

used at MSU and has shown promising results for GS on a large scale (Eric Olson, 

personal communication).  

The foundation of this thesis was to explore methods to increase the rate of genetic 

gain and the efficiency of the UGWWBP. The use of an AGA protocol was explored for 

the purpose of decreasing the cycle time. The research, which controlled for both 
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temperature and daily light integral (DLI), showed that maximizing photoperiod does not 

decrease the days to anthesis and, therefore, the harvest of viable seeds four weeks post-

anthesis in winter wheat. This is in contrast to reports on spring wheat, where the days to 

anthesis decreased by 53% on average when subjected to their speed breeding protocol 

(Watson et al. 2018). These results highlight the fact that photoperiod may have very little 

to do with decreasing days to anthesis and, therefore decreasing cycle time, compared 

to thermal time and potentially DLI. The understanding of how plants react to prolonged 

photoperiod, increased DLI and increased temperature will allow for the development of 

an AGA protocol that works in winter wheat. 

  

6.2 Limitations 

The UGWWBP can be classified as a relatively young breeding program. In recent 

years, the introgression of exotic material has been noted on multiple occasions, leading 

to highly diversified program germplasm. The high degree of variation in the program led 

to higher-than-expected degrees of unrelatedness, which impacted the predictive ability 

of GS for all traits examined. As the program matures, it is expected that the prediction 

accuracy for traits of interest will increase as well. 

Genotyping was done using the rAmpSeq platform, which was sufficient for these 

experiments. However, it sacrifices three strengths that are addressed with genotyping-

by-sequencing (GBS), (1) GBS provides much denser coverage, resulting in a larger 

number of SNPs across the genome, (2) knowledge of the reference genome is 

necessary to design an appropriate assay, and (3) GBS markers are focused near genes, 

while rAmpSeq targets intergenic regions. 
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Phenotyping on a program level scale is a labour-intensive task. Both agronomic 

and disease-related traits require trained personnel to maintain consistency across trials, 

years and locations. GS also relies on replicated data, both within and across 

environments. Due to inconsistencies, a number of environments had to be dropped, 

which did not allow for accurate estimation of GEI effects at the program level, or among 

disease-related traits. 

 With respect to disease-related traits, including FHB, it is qualitative and time 

sensitive. Wheat plants are highly susceptible at anthesis, and therefore accurate 

phenotyping must occur around and just after that growth stage. The environment also 

plays a large role in the prevalence of disease, especially when the program is reliant on 

natural infection. It is best to choose one or two of the most damaging disease-traits and 

subject them to artificial inoculation, or to collect at least five years of environmental and 

natural infection disease trait data in order to capture the appropriate amount of variation. 

This would also allow for the estimation and inclusion of GEI effects in GS models. 

 

6.3 Future directions 

As highlighted above, GS is dependent on the availability of robust, reliable, 

phenotypic data. Phenotyping carried out on both field and post-harvest traits must be 

improved. GS requires multiple replications in order to generate meaningful predicted 

means and should be streamlined across trial-year-locations. This is especially important 

for disease-related traits that are based on natural infection; it was apparent that across 

years and locations, disease traits were not recorded if there was no prevalence of the 

disease. In order to allow for the inclusion of GEI effects in GS models, a score of zero 

would suffice in year-location combinations where the disease is not present. 
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Furthermore, the use of GS for disease-related traits should be studied in the context of 

a disease nursery for traits of economic importance, including FHB. The observed 

differences in disease presence across years due to natural infection was apparent, but 

may not show enough variation on a per-year basis to serve its function in GS. 

Increases in genetic gain may also be achieved through the introduction of 

phenomics, which has grown in popularity over the last decade. Recent advances in 

imaging technology and analysis could be used for key agronomic and disease traits in 

field plots. The ability to implement high throughput phenotyping for disease traits could 

remove some of the bias associated with qualitative phenotyping, and the use of imaging 

has the ability to capture multiple disease notes at a single time, decreasing the labour-

intensive aspect of phenotyping multiple traits for a large number of genotypes. 

The use of rAmpSeq for genotyping purposes was successful in these 

experiments; however, genotyping-by-sequencing (GBS) poses particular advantages, 

as described above. The genotyping method should be considered prior to implementing 

GS, as the number of SNPs and the quality of the SNPs affect the predictive ability of the 

models. 

The absence of using GS to predict quality traits was due to insufficient data 

availability; however, GS for cereal quality should be considered in the future as end-use 

quality is highly important for wheat breeding programs. A common published method, 

and the method that the UGWWBP uses, for measuring protein concentration is through 

the use of a near-infrared reflectance (NIR) spectrometer (Heffner et al. 2011a), as it is a 

non-destructive method. However, the Canadian Grain Commission (CGC) standards 

outline that protein concentration is determined by the means of combustion nitrogen 
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analysis (CNA) on ground up kernels (Canadian Grain Commission 2021). To obtain 

reliable measurements for protein concentration, the NIR method needs to be compared 

to the industry standard CNA method. The importance of good data is imperative with 

respect to predictive modeling, as the prediction accuracy is largely reflected by the 

quality of data that is fed into the model. The recommendation for future evaluation of GS 

with respect to quality traits is to provide a comparison of the two methods to determine 

that previously recorded measurements are in fact reliable to train a model for the training 

population. This will result in more reliable prediction accuracies, which will increase the 

rate of genetic gain in the breeding program. 

The use of a working AGA protocol would highly benefit the UGWWBP. Future 

experiments should look to control photoperiod and evaluate the effects of thermal time 

and DLI with respect to days to anthesis. It is likely that the elucidation of how winter 

wheat cultivars respond to increased light intensity and temperature will allow for the 

integration of an appropriate AGA protocol, without sacrificing seed viability. 

 

6.4 Conclusion 

 Although these results show promise for the implementation of GS on a large 

scale, it will take time to be adopted fully by breeding programs. The contribution of this 

thesis for the UGWWBP is that it was able to dissect the stages of the breeding program 

that would be necessary for proper use of GS and AGA protocols in the future. The 

reported prediction accuracies for both agronomic and disease-related traits showed the 

utility of GS on a program scale, and should be considered for use in the program in the 

future. The inclusion of GEI effects has shown increased predictive ability, and should be 
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a focus for data collection in the future. Furthermore, the choice of a model is highly trait 

dependent and should be selected on a by-trait basis, which emphasizes the importance 

of the optimization of modeling parameters. Improvements in data collection and 

experimental design will pave the way for its integration in the program in the future, and 

be utilized as an effective selection strategy to address challenges in breeding for 

quantitative traits in winter wheat. 
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APPENDIX 

Table S1 Check varieties used across trials and years in the University of Guelph 
Winter Wheat Breeding Program (UGWWBP) from 2017 to 2019. Wheat classes belong 
to one of three types: (1) soft red winter [SRW], (2) hard red winter [HRW] and, (3) soft 
white winter [SWW]. Trial codes are as follows: (1) Advanced Yield Trials A (AYTA), (2) 
Advanced Yield Trials B (AYTB), (3) Bread Orthogonals (BROR), (4) Elite Yield Trials 
(EYT), (4) Pastry Orthogonals (PAOR), and (5) Preliminary Yield Trials (PYT). 

 

 

 

 

 

 

 

 

 

 

 

 

Cultivar Wheat class Test 
25R40 SRW AYTA, AYTB, EYT 
AC Morley HRW BROR, PAOR 
Ava SWW AYTA, AYTB, PAOR 
Branson SRW AYTA, AYTB, EYT, PAOR, PYT 
Cruze SRW PYT 
Gallus HRW BROR, EYT, PYT 
Priesley HRW BROR 
Secord SRW EYT, PYT 
Venture SWW AYTA, AYTB, PAOR 
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Table S2 Wheat class and allele at two Ppd genes for four wheat cultivars (three winter 
and one spring) grown in a controlled environment accelerated generation advancement 
protocol at the University of Guelph, Guelph, ON from 2019 to 2020. 

 

 

 

 

 

 

 

 

  

Cultivar Wheat class Ppd-D1 Ppd-A1 
Branson SRW a a 
CFBA1401 SRW a b  
Norstar HRW b b 
AC Carberry Spring b - 
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Figure S1 Weather data for Cérela (CE), Quebec and Cérom (CR), Quebec from 2018. 
The scatterplot represents the average daily relative humidity (%), the line graph 
represents the average daily temperature (°C), and the bar graph represents total 
precipitation (mm). (A) CE18, (B) CR18. 
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Figure S2 Weather data for Elora (EA), Ontario from 2017 to 2019. The scatterplot 
represents the average daily relative humidity (%), the line graph represents the 
average daily temperature (°C), and the bar graph represents total precipitation (mm). 
(A) EA17, (B) EA18, (C) EA19. 
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Figure S3 Weather data for Ottawa (OA), Ontario from 2017 to 2018. The scatterplot 
represents the average daily relative humidity (%), the line graph represents the 
average daily temperature (°C), and the bar graph represents total precipitation (mm). 
(A) OA17, (B) OA18. 
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Figure S4 Weather data for Palmerston (PN), Ontario from 2017 to 2018. The 
scatterplot represents the average daily relative humidity (%), the line graph represents 
the average daily temperature (°C), and the bar graph represents total precipitation 
(mm). (A) PN17, (B) PN18. 
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Figure S5 Weather data for Ridgetown (RN), Ontario from 2017. The scatterplot 
represents the average daily relative humidity (%), the line graph represents the 
average daily temperature (°C), and the bar graph represents total precipitation (mm). 
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Figure S6 Weather data for Woodslee (WE), Ontario from 2017 to 2018. The 
scatterplot represents the average daily relative humidity (%), the line graph represents 
the average daily temperature (°C), and the bar graph represents total precipitation 
(mm). (A) WE17, (B) WE18. 
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Figure S7 Weather data for Woodstock (WK), Ontario from 2017 to 2018. The line 
graph represents the average daily temperature (°C), and the bar graph represents total 
precipitation (mm). Note that the daily average relative humidity was not recorded at 
Woodstock, ON. (A) WK17, (B) WK18. 
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Figure S8 A visual scale for the estimation of Fusarium head blight (FHB) ratings in 
wheat, as published in the North Dakota State University Extension Publication by Stack 
and McMullen (1998). This scale was used for phenotypic collection of FHB severity in 
the University of Guelph Winter Wheat Breeding Program (UGWWBP) population and 
the Elite-UGWWBP population from 2017 to 2019. 

 

 

 

 

 

 


