
DISSERTATION 

 

GENOME-WIDE ASSOCIATION STUDY AND GENOMIC PREDICTION FOR END-USE 

QUALITIES IN HARD WINTER WHEAT 

 

 

Submitted by 

Meseret A. Wondifraw 

Department of Soil and Crop Sciences  

 

 

In partial fulfillment of the requirements 

 For the Degree of Doctor of Philosophy  

Colorado State University  

Fort Collins, Colorado 

Spring, 2024 

 

Doctoral Committee:  

  Advisor: R. Esten Mason 

  Co-Advisor: Scott D. Haley 

  

   Davina Rhodes  
  Kevin Dorn 
 

 



 

 

 

 

 

 

 

 

 

Copyright by Meseret Wondifraw 2024 

All Rights Reserved 

 



ii 
 

ABSTRACT 

GENOME-WIDE ASSOCIATION STUDY AND GENOMIC PREDICTION FOR END-USE 

QUALITIES IN HRAD WINTER WHEAT 

 

Wheat (Triticum aestivum L.) is a widely cultivated crop used primarily for human food, 

animal feed, and industrial products. Numerous wheat-based products have unique nutritional and 

functional requirements. In the global market, wheat quality is one of the determining factors of 

wheat's price and baked product characteristics. Thus, after grain yield, improving these qualities 

is one of the major breeding objectives in wheat. 

 Chapter One: This chapter outlines wheat's origins and global production. It explores major 

quality traits like water absorption and dough rheological properties, plus their measurement 

methods. Factors impacting wheat quality and pertinent genes are discussed. Finally, key 

challenges and opportunities around breeding for improved wheat quality are addressed. 

 Chapter Two: This chapter presents a genome-wide association study of water absorption 

capacity in hard winter wheat. Lines were phenotyped using the solvent retention capacity test and 

genotyped via genotyping-by-sequencing. Forty-three marker-trait associations were identified 

across 17 chromosomes, especially on chromosome 1B, indicating polygenic influence. Co-

localization between identified marker-trait associations and the genes that have effects on water 

absorption was done, and some quantitative trait nucleotides (QTNs) were located near gluten 

glutenin, gliadin, and glycosyltransferase genes, confirming water absorption is a complex trait 

affected by different flour components. 

 Chapter Three: This chapter presents genome-wide prediction models to predict water 

absorption capacity using a training population of 497 hard winter wheat genotypes. Univariate 
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models were compared to multivariate genomic prediction models using two validation approaches 

- cross-validation with 100 permutations and a 20-80 split and forward validation utilizing three 

years of data (2019-2021) from the CSU ELITE Trial. Multivariate genomic prediction models 

integrating highly correlated traits like break flour yield or all traits as covariates showed improved 

accuracy compared to univariate models in both validation approaches, demonstrating that 

incorporating related phenotypic traits as covariates in multivariate models can substantially 

improve the accuracy of predicting water absorption capacity. 

 Chapter Four: This chapter evaluates genomic prediction models for bread-baking quality 

traits in 790 wheat genotypes over the 2014-2022 growing seasons. Marker-trait associations 

identified via genome-wide association study (GWAS) were incorporated as fixed effects. Three 

models were compared using cross-validation and forward validation: a model without fixed 

effect, with Glu-B1al allele (Bx7OE + 8 subunit) kompetitive allele-specific PCR (KASP) marker 

data as a fixed effect, and with GWAS-identified markers as fixed effects. Overall, the model with 

GWAS-identified markers as fixed effects showed the highest prediction accuracy. However, 

prediction accuracy decreased for bake loaf volume prediction specifically, suggesting that trait-

specific tuning is needed to optimize genomic prediction models for different baking quality traits. 

 These chapters reinforce the genetic complexity of water absorption capacity and baking 

quality traits in wheat. Polygenic inheritance was revealed for water absorption capacity. Genomic 

prediction that incorporates phenotypic covariates and GWAS-derived markers is the best 

approach to selecting water absorption and baking traits.  
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CHAPTER 1- INTRODUCTION 

 

 

1.1 Wheat’s Origin and Importance 

Common wheat (Triticum aestivum L., 2n = 6x = 42, genomes AABBDD), a key member 

of the genus Triticum and the family Poaceae, has roots tracing back approximately 12,000 years 

to the Neolithic era, positioning it as a principal founder crop in early agriculture. Its domestication 

is believed to have started in the Fertile Crescent of Central Asia (Eckardt, 2010). 

Wheat has been marked by its complex hexaploid genome due to hybridization events 

among three related Triticum species. Specifically, Triticum monococcum hybridized with Triticum 

searsii, forming the tetraploid Triticum turgidum, which was subsequently domesticated into 

Emmer wheat. A later hybridization between Triticum turgidum and Aeglopes tauschii led to the 

creation of the hexaploid Triticum aestivum (Dvorak et al., 2006; Dvorak et al., 1993; Dvorak et 

al., 1988).  

Modern wheat cultivars primarily emerged from this hexaploid species, with durum wheat 

originating from tetraploid Triticum turgidum (Dubcovsky and Dvorak, 2007; McFadden and 

Sears, 1946). This series of ancestral hybridizations combined the genetic material of three grass 

genomes, giving birth to the wheat that presently serves as an essential dietary staple for over 2.5 

billion individuals, contributing approximately 20% of the global caloric intake (Erenstein et al., 

2022; Juliana et al., 2019). 
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1.2 Wheat Production 

1.2.1 Global production 

In 2022, global wheat production reached 781.31 million metric tons, an increase of 1.98 

million MT or 0.25% compared to 2021 (World Economic Forum, 2022). China dominated as the 

top wheat producer with 138 million MT, followed closely by the European Union with 134.3 

million MT, India with 103 million MT, and Russia with 91 million MT; the United States was not 

far behind. Positioned as the fifth-leading producer, the U.S. achieved a harvest of 44.9 million 

MT. 

The world's average wheat production is approximately 3.5 t ha-1. However, regional 

variances do exist. For instance, while Africa records an average yield of 2.6 t ha-1, South Asia 

achieves around 3 t ha-1, and peak yields are observed in East Asia and the European Union, 

ranging between 4.3 to 5.3 t ha-1. Factors like crop management, technological adoption in 

agriculture, and regional agroecological characteristics play a significant role in these disparities 

(Grote et al., 2021).  

1.2.2 U.S. production  

According to data from the United States Department of Agriculture (USDA, 2023), wheat 

production in the United States for the 2022/23 season was 44.9 million MT. This is a slight 

increase of 100,000 metric tons compared to the 2021/22 season. However, the 2022/23 wheat 

production is 9 percent below the 5-year average. The average yield for all wheat varieties grown 

in the U.S. is 3.13 metric tons per hectare for 2022/23, which is 5 percent higher than the yield 

obtained in the 2021/22 season. The total harvested wheat area in the U.S. for 2022/23 is 14.4 

million hectares, which is a record low (USDA Economic Research Service, 2023).  
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Wheat production varies widely among US states, with the Central Plains states of North 

Dakota (primarily spring wheat) and Kansas (primarily winter wheat) leading the country in 

production for 2022. Specifically, North Dakota produced the most wheat of any state at 7.8 million 

MT (USDA Economic Research Service, 2023). Kansas came in second, producing 6.3 million 

MT. Other top-producing states include Washington at 3.7 million MT, Montana at 3.6 million MT, 

and Idaho at 2.4 million MT. Additional wheat leaders were Minnesota (1.9 million MT), South 

Dakota (1.9 million MT), and Oklahoma (1.8 million MT).  

In summary, while wheat is grown across much of the US, production is concentrated 

heavily in the Great Plains, led by North Dakota and Kansas. Together, they contributed 12.7 

million MT, representing over a quarter of total US wheat production in 2022. Production drops 

substantially outside of the top two states, with the remaining top producers ranging between 1.8 

to 3.7 million MT in 2022. However, Kansas has seen declining yields, with its 2022 output the 

lowest in almost 60 years. Meanwhile, states like Texas are expected to expand wheat production 

in 2023 based on the forecasts (USDA Economic Research Service, 2023). 

1.2.3 Colorado wheat 

Tracing back the history of wheat cultivation in Colorado, we find that as the earliest 

settlers ventured into the Central Plains, regions now known as Kansas, Colorado, and Nebraska, 

they prioritized wheat as a primary crop. By 1869, Colorado marked its inaugural documented 

wheat harvest, with initial yields being modest compared to the standards of today. The state's 

journey through the wheat production ranks has been quite dynamic, experiencing highs and lows. 

In 2010, Colorado claimed the fifth position in the US, only to experience fluctuations due to 

environmental challenges like droughts, freezes, and high-temperature events. However, by 2022, 
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the state exhibited resilience by climbing to the thirteenth position nationally, producing an 

impressive 1.05 million MT, representing 2.33% of the U.S.'s total wheat production. 

1.3 Overview of Different Wheat Market Classes 

Wheat grown in the United States is classified into six market classes categorized by 

hardness, color, and growing season: hard red winter, hard red spring, hard white, soft white, soft 

red winter, and durum (US Wheat Associates, 2023). Winter wheat varieties are planted in the fall 

and emerge before going into dormancy when the winter arrives. They exit winter dormancy in 

spring and reach maturity in the summertime. Winter wheat has vernalization requirements, 

meaning a specified amount of time in the cold to bolt, flower, and produce seed. In contrast, spring 

wheat doesn't require vernalization to flower. 

On average, winter wheat covers 70% of the total wheat production in the United States 

(U.S.), while spring wheat constitutes approximately 25% of the total U.S. wheat production 

(USDA Economic Research Service, 2022). Durum wheat accounts for the smallest share (2-5%) 

of U.S. wheat production. Hard red winter wheat is grown mainly in the Great Plains (Montana to 

northern Texas) and accounts for about 40% of U.S. wheat production. Hard red spring wheat 

covers about 25% of the total production and mainly grows in the Northern Great Plains, including 

Montana, Minnesota, and North and South Dakota. The third major wheat class in the United States 

is soft red winter, which accounts for about 15% of the total production. It is grown in states along 

the East Coast, the Midwest, and the South of the United States. Soft white wheat, which includes 

both spring and winter types, accounts for about 15% of U.S. production. They grow in different 

states, including Washington, Oregon, Idaho, Michigan, and New York (USDA Economic Service, 

2022). Durum is the smallest wheat class and only accounts for 2-5% of the total wheat production, 

primarily grown in Montana and North Dakota.  
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The flour from hard red winter and hard red spring wheat is used to make pan bread and 

other leavened bread products. The flour from hard red spring wheat is known for its high protein 

concentration and is suitable for blending with low-protein flour. Soft red winter wheat is used to 

make cakes, cookies, and crackers. Both winter and spring white wheat are used to make noodle 

products, cookies, crackers, and crusted white breads, whereas durum wheat is used to produce 

pasta (US Wheat Associates, 2022). 

1.4 Definition of Wheat Quality and Some Quality Traits  

Wheat quality refers to the inherent characteristics of wheat grains that define their 

appropriateness for specific applications. End-use quality relates to how well wheat meets the 

requirements of its intended purpose, such as baking, milling, or other processing methods 

(Guzman et al., 2016).  

Wheat quality is multilayered, determined by a wide array of traits that are essential for its 

processing and end-use. These traits are categorized into physical, chemical, nutritional, and 

functional properties. Physical traits include grain hardness, which influences milling properties 

and end-product texture; size and shape, affecting milling yield and efficiency; and color, 

impacting the aesthetic appeal of flour and its products (Hoseney, 1994;). Chemical traits 

encompass protein content, crucial for gluten development and baking quality, and starch 

composition, affecting product texture (Pomeranz,1968). Nutritional traits involve the content of 

fiber, vitamins, and minerals, contributing to the health benefits of wheat (Shwery et al., 2015; 

Šramková et al., 2009). Functional traits include water absorption, which dictates dough 

consistency; mixing time and tolerance, indicating dough's resilience and handling properties; and 

loaf volume, a critical quality indicator for bread, reflecting the dough's ability to rise and maintain 

structure (Khatkar et al., 2002).  
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1.4.1 Water absorption capacity 

The water absorption capacity (WAC) of wheat flour is critically important for dough 

properties and baked product quality. Water absorption capacity refers to the amount of water flour 

can absorb during dough mixing (Kweon et al., 2011). For baked goods using hard winter wheat, 

like bread and pizza, higher WAC enables optimal dough strength and loaf volume (Buckley, 

2013). Excessive WAC causes overly slack dough, while insufficient WAC results in a stiff, 

resilient dough that restricts fermentation rise. Both are problematic in commercial bakeries 

(Linlaud and Ferrero, 2009).  

Water absorption capacity also has economic implications. Bakers require flour to meet 

optimum WAC to achieve the desired dough consistency and quality. Millers aim to meet these 

targets while optimizing flour extraction rates. If millers' wheat varieties yield flour below WAC 

specifications, adding vital gluten or higher protein wheat can raise WAC but adds costs. This 

demonstrates the importance of selecting optimal wheat varieties to balance dough quality and 

extraction efficiency for millers and bakers. 

1.4.2 Bake Mixing time and Mixograph tolerance 

Bake mixing time (BakeMT) and Mixograph tolerance (MixoT) are two other crucial 

quality parameters in wheat, influencing its dough properties and bread-making potential. BakeMT 

refers to the duration required to mix wheat dough to its optimal development, resulting in the best 

possible bread structure and texture. It's an indicator of the wheat flour's suitability for bread-

making; some flours might require longer mixing times while others might form the desired dough 

consistency quicker (Huebner and Wall, 1976; Khalid et al., 2022). The optimal mixing time 

ensures that the gluten in the wheat flour is sufficiently developed to retain gases during 

fermentation, contributing to good loaf volume and texture (Decock and Cappelle, 2005; 
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Dobraszczyk and Morgenstern, 2003). Mixing time can be estimated using a Mixograph or 

Farinograph (AACC International, 2010), which plots the resistance of the dough to mixing over 

time and thus allows for the identification of the optimal mixing duration. 

MixoT refers to how the dough responds to extended mixing beyond its optimal mixing 

time. If the dough starts to break down or weaken quickly after reaching its peak, it's said to have 

poor MixoT. On the other hand, a dough that maintains its consistency and doesn't deteriorate 

rapidly exhibits good MixoT. MixoT is vital to wheat flour quality because, in large-scale baking 

operations, slight overmixing can occur. Wheat flour with a good MixoT provides a safety net, 

ensuring that the dough remains usable even if mixed a bit longer than intended (Fowler and 

Kovacs, 2004; Gil-Humanes et al., 2012). 

1.4.3 Bake loaf volume 

Bake loaf volume refers to the volume occupied by a loaf of bread after baking, and it is a 

critical indicator of the bread's quality and the functional properties of the wheat flour used. A 

greater Bake loaf volume generally denotes a bread that has risen well (He and Hoseney, 1992) 

and possesses a desirable light and airy texture, often attributed to good quality wheat with suitable 

protein concentration and gluten properties (Kaukab et al., 2022; Whitley, 2009). The bake loaf 

volume holds significant importance in the wheat product market as consumers often prefer bread 

with good volume and texture (Nadimi et al., 2023; Osman et al., 2016). 

1.5 Phenotyping Methods for Quality Traits 

1.5.1 Water absorption capacity  

Various methods are available for the determination of flour water absorption, including 

Mixograph, Farinograph, or doughLAB and the solvent retention capacity test (AACC 

International, 2010). However, evaluating the water absorption capacity using a Mixograph, 
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Farinograph, or doughLAB may not be convenient since the latter is very slow and time-

consuming, and the former is too subjective for reliable estimation of water absorption. Rapid, 

low-cost, and reliable tests are needed to select genotypes with essential end-use quality traits, 

especially in the late segregating and early advanced breeding process stages (Li et al., 2015). To 

fulfill this need, Yamazaki (1953) developed the alkaline water-retention capacity method 

(AWRC), which has been widely used to measure flour's water-absorption capacity, resulting from 

the cumulative contributions of all functional flour components. Later, Slade and Levine (1994) 

developed the solvent retention capacity (SRC) test (AACC International, 2010).  

The SRC test is a test employed on hard and soft wheat flours to determine their end-use, 

baking quality, and hydration performance during mixing (Navrotskyi et al., 2020). The SRC uses 

different solvents to address the relative contributions to each flour component's water absorption 

(gluten, damaged starch, and pentosans). It enables prediction and a better understanding of each 

flour component's functional contribution to the overall flour functionality and the quality of the 

finished product (Guzman et al., 2015). 

 In the SRC test, the absorption and retention of different solvents are used to assess water 

absorption (water as solvent), gluten strength (lactic acid as solvent), damaged starch (sodium 

carbonate as solvent), and pentosans (sucrose as solvent) (Kweon et al., 2011; Navrotskyi et al., 

2020). The water, sodium carbonate, and sucrose solvents, individually and collectively, can 

provide information on water absorption, while lactic acid provides information on dough 

rheological properties (Kweon et al., 2011). From the total water absorption of a standard wheat 

flour sample, gluten can hold 2.8 g of water per gram of dry gluten, starch 0.3 – 0.45 g of water 

per gram of dry starch, 1.5 g of water per gram of dry, damaged starch, 10 g of water per gram of 

pentosans (arabinoxylans) (Kweon et al., 2011). 
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1.5.2 Bake mixing time, Mixograph tolerance, and bake loaf volume 

Both BakeMT and MixoT are evaluated through a graphical representation generated by a 

Mixograph, a farinograph, or a doughLAB during the mixing of the dough. The point at which the 

graph peaks denotes the mixing time in minutes, representing when the dough has reached its ideal 

consistency. MixoT, indicating the dough's resilience, is scored by observing the variations in the 

graph and assigning a value on a scale of 0-6. On the other hand, bake loaf volume is determined 

after the baking process using canola seed or rape seed displacement by placing the baked loaf in 

a vessel filled with the seeds; the volume of the displaced seeds is then measured, providing insight 

into the loaf's rise and texture, and thereby, its quality. 

1.6 Genetic Factors Influencing Wheat Quality 

1.6.1 Genes associated with quality traits 

The genetics underlying wheat grain quality encompasses numerous known genes and 

quantitative trait loci (QTLs) that are distributed across all 21 chromosomes and impact diverse 

biochemical pathways and physiological processes determining end-use functionality (Li et al., 

2023; Naraghi et al., 2019) 

 Grain color in wheat is determined primarily by anthocyanin content and other flavonoid 

pigments that are under genetic control. The red grain color is controlled by the R-A1, R-B1, and 

R-D1 genes located on chromosomes 3A, 3B, and 3D, respectively, while the recessive allele (r-1 

null) occurs at all three loci, resulting in white wheat (Flintham and Gale, 1982; Himi et al., 2011; 

Himi and Noda, 2005). Purple grain color is conferred by the Pp genes (Pp1, Pp3b, and Pp3), 

though their chromosomal locations are still unclear (Arbuzova and Maystrenko, 2000). Blue 

aleurone color is controlled by the Ba genes (Qualset et al., 2005), while yellow endosperm color 

(in durum wheat) is determined by Psy1 and Psy2 genes on chromosome groups five and seven 
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(Pozniak et al., 2007). Differences in grain color arise from the specific anthocyanin pigments 

produced through the flavonoid biosynthesis pathway, which is regulated by both structural genes 

(CHS, F3H, DFR) and transcription factors (R2R3-MYB, bHLH, WD40) (Khlestkina et al., 2015; 

Khlestkina, 2013). 

 Grain characteristics, including grain shape, size, hardness, and weight, significantly 

impact grain quality and marketability. Major genes influencing grain morphology include TaGW8 

controlling grain width on chromosome 7A (Chen et al., 2019), TGW6 regulating grain weight on 

chromosome 6A (Hanif et al., 2016), and GL7 determining grain length on chromosome 7A (Wang 

et al., 2012). In addition, numerous QTLs associated with grain shape and size have been identified 

across all chromosomes. The Hardness (Ha) locus on chromosome 5D, including the Puroindoline 

a (Pina) and Puroindoline b (Pinb) genes, determines wheat grain hardness. Mutations in these 

genes influence milling properties and end-use quality. This relationship was first described by 

Morris et al. (2002). 

 Pre-harvest sprouting tolerance is vital for maintaining functional grain quality in the field 

under variable environmental conditions prior to harvest. Major sprouting resistance genes include 

Phs-A1 located on chromosome arm 4A (Torada et al., 2005), Phs-B1 and Phs-D1 on chromosome 

arms 4B and 4D (Kulwal et al., 2012), and additional dormancy regulators such as TaMFT on 

homoeologous chromosome arms 3A and 3B (Lei et al., 2013). Over 40 QTLs associated with pre-

harvest sprouting tolerance have been identified, spanning all wheat chromosomes, with a high 

density on chromosome group four (Kulwal et al., 2012). 

 Starch composition, including the proportion of amylose and amylopectin fractions, 

significantly impacts flour functionality. Amylose content is primarily controlled by “waxy” (Wx) 

proteins encoded by the Wx-A1, Wx-B1, and Wx-D1 genes located on chromosomes 7A, 4A, and 
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7D (Graybosch, 1998). Numerous starch synthase and starch branching enzyme isoforms on 

homoeologous chromosome groups 3, 4, and 7 influence amylopectin structure and starch 

physicochemical properties (Yamamori et al., 2000; Regina et al., 2006). In addition, starch-

characteristic QTLs have been identified across all chromosomes, with some clustered in specific 

chromosomal regions.  

 Dietary fiber composition, particularly arabinoxylans, impacts digestion properties. Major 

arabinoxylan synthesis genes include TaGT43 glycosyltransferase on chromosome arm 1A (Zeng 

et al., 2010) and the TaXAT1 and TaXAT2 acetyltransferase genes on chromosomes 4A and 7D 

(Anders et al., 2012). Numerous QTLs influencing fiber concentration and arabinoxylan levels 

have been identified on 10 chromosome arms, including 1A, 1B, 2B, 3A, 3B, 4A, 4B, 6A, 6B, 7A, 

and 7B (Gao et al., 2013; Tohver et al., 2015).  

 Gluten genes refer to the genes responsible for coding the proteins found in gluten, 

primarily gliadins and glutenins. These proteins are the main constituents of gluten, a protein 

complex found in wheat and several other cereals. Glutenin genes in bread wheat (Triticum 

aestivum) are divided into two types: high-molecular-weight (HMW) and low-molecular-weight 

(LMW) glutenins. HMW glutenin subunits are located on the long arms of group one 

chromosomes (1A, 1B, 1D) at the Glu-A1, Glu-B1, and Glu-D1 loci. At the same time, LMW 

subunits are found on both the short arms of group one chromosome and chromosome six at loci 

such as Glu-A3, Glu-B3, and Glu-D3 on the group one chromosome, and Glu-A2, Glu-B2, Glu-

D2 on chromosome six (Payne et al., 1983; Shewry et al., 2002). Gliadins are encoded by genes 

located on the short arms of the chromosome one group, specifically at the Gli-A1, Gli-B1, and 

Gli-D1 loci on chromosomes 1AS, 1BS, and 1DS. Meanwhile, α-gliadins are located on 

chromosome six at the Gli-A2, Gli-B2, and Gli-D2 loci on chromosomes 6AS, 6BS, and 6DS. 
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Additionally, the Gli-2 locus, also encoding α-type gliadins, is situated on the short arm of the 

group six chromosomes (Shewry et al., 2003). The Grain Protein Content (GPC) genes, especially 

the Gpc-B1 gene, play a critical role in determining grain protein concentration (Uauy et al., 2006). 

Notably, the Gpc-B1 gene is located on the short arm of chromosome 6B in bread wheat 

and was initially identified from a wild relative, Triticum turgidum ssp. Dicoccoides (Uauy et al., 

2006). This gene has implications not just for grain protein concentration but also for increasing 

grain zinc and iron content (Uauy et al., 2006). Collectively, the understanding of these genes has 

significant implications for wheat breeding, focusing on both yield and quality improvement of 

wheat products. 

Apart from known genes, numerous loci have been identified to be associated with wheat 

quality tarts. Quantitative trait locus mapping in bi-parental populations has been widely utilized 

for dissecting the genetic architecture of complex wheat grain and flour quality attributes. Recent 

studies employing high-resolution genetic maps have uncovered valuable QTLs associated with 

key end-use quality parameters. Li et al. (2020) constructed a high-density linkage map using a 

recombinant inbred line population and identified 30 total QTLs for grain hardness, protein 

concentration, and falling number across three diverse environments. A major QTL on 

chromosome 5D accounted for up to 48% of phenotypic variation in grain hardness, likely 

corresponding to the puroindoline genes regulating endosperm texture. However, the most 

consistent and largest effect QTL mapped to chromosome 3D, explaining up to 26% of the 

variation in falling number, which is a measure of grain sprouting tolerance. 

 Guo et al. (2020) performed QTL analysis in a bi-parental population across three years 

and uncovered 106 QTLs associated with an array of grain protein and starch quality traits. Twelve 

consistent QTL clusters were detected, including genomic regions harboring loci specifically 
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affecting protein parameters, starch characteristics, or both. Numerous QTL markers showed 

homology to potential candidate genes, meriting further validation and characterization. 

 Additional QTL studies have dissected genetic architecture underlying grain protein 

concentration, dough rheology, pre-harvest sprouting tolerance, and diverse other quality attributes 

(Semagn et al., 2021; Yang et al., 2021). Meta-QTL analysis has also integrated results from 

multiple mapping studies to define consensus chromosome regions regulating wheat quality (Li et 

al., 2023).  

 Collectively, these efforts highlight the utility of QTL mapping for elucidating the 

polygenic control of complex wheat quality traits. Validated major-effect QTLs provide valuable 

targets for fine-mapping and marker-assisted breeding to improve grain composition and end-use 

functionality. Ongoing QTL discovery and characterization will enable more customized quality 

improvement and tailored development of elite varieties for diverse end-product applications. 

1.6.2 Abiotic stress tolerance genes affecting wheat quality 

In wheat, the interplay between abiotic stress resistance and grain quality is underscored 

by a series of genes whose roles in stress responses impact grain attributes. The Dreb1/DREB2 

genes, predominantly associated with drought response and located on group 1 and 5 chromosomes 

(Xiao et al., 2008), influence grain size and protein concentration through water availability 

modulation during grain development. TaHKT, which plays a pivotal role in salinity tolerance by 

maintaining Na+ and K+ balance (Munns et al., 2012), can indirectly affect grain development and 

protein deposition under saline conditions.  

 The photoperiod (Ppd) genes, which regulate flowering based on photoperiodic cues, are 

chiefly found on group two chromosomes (Beales et al., 2007). The Ppd genes play a key role in 

determining grain-filling duration, and this impacts grain size, weight, and yield. Distresses in the 



14 

 

TaSnRK2 signaling pathway, located on group 3 chromosomes (Zhang et al., 2016), due to drought 

or salinity, especially during grain filling, can induce changes in grain morphology and quality. 

  The vernalization (Vrn) genes, determining flowering in response to cold and positioned 

on groups 5 and 7 chromosomes (Yan et al., 2003), affect the grain-filling phase. Moreover, the 

TaLEA genes, recognized for desiccation tolerance and present on group 6 chromosomes (Gao et 

al., 2013), potentially affect grain moisture retention. These interconnected genetic roles 

accentuate the intricacies of breeding for stress resilience without unintentionally compromising 

grain quality in wheat. 

1.7 Genome-Wide Association Studies for Quality Traits 

Wheat grain and flour quality attributes like hardness, protein concentration, dough 

rheology, nutritional composition, and end-product functionality are major quality traits that are 

targeted in the breeding for quality. Over the two decades, genome-wide association studies 

(GWAS) have become a powerful approach for elucidating the intricate genetic architecture 

underlying these traits.  

Genome-wide association studies exploit historical recombination and linkage 

disequilibrium in diverse germplasm panels or breeding populations to detect statistical 

associations between high-density DNA markers, typically single nucleotide polymorphisms 

(SNPs), and traits of interest. Genome-wide association study has been extensively applied in 

wheat for dissecting quality genetics and accelerating marker-assisted breeding. A growing body 

of GWAS research has uncovered numerous marker-trait associations providing insights into the 

genes, chromosomes, and genomic regions regulating vital wheat quality parameters. 

Grain hardness significantly impacts wheat milling, processing, and end-use quality.  

Genome-wide association study has uncovered SNP markers associated with hardness on 
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chromosomes 1B, 2B, 3A, 5A, 5B, 5D, 6B, and 7A, including multiple studies validating the role 

of puroindoline and grain softness protein (GSP) genes known to control grain texture located on 

group 5 chromosomes (Aoun et al., 2021; Wurschum et al., 2017). A 1.3 centi Morgan (cM) 

haplotype block on 5DS harboring Pinb was found to be the major determinant of grain hardness 

through GWAS in U.S. winter wheat (Aoun et al., 2021). Additionally, GWASs have been utilized 

in the discovery of novel marker-trait associations (MTA) for grain hardness on chromosomes 2B, 

3A, 3B, and 6B without known grain texture genes, highlighting new candidate regions for 

understanding endosperm hardness (Aoun et al., 2021).  

Grain protein concentration, which strongly influences nutritional quality, dough rheology, 

and processing functionality, has been widely investigated through GWAS. A plethora of protein 

concentration-associated MTA has been revealed across all 21 wheat chromosomes. Key loci have 

been uncovered on chromosome arms 1A, 1B, 2B, 3B, 6A, 6B, 7A, and 7B, including several 

GWAS validating a highly consistent major QTL on 6B corresponding to the NAM-B1 gene 

regulating grain nutrient remobilization and accumulation (Sukumaran et al. 2018; Wurschum et 

al. 2017). Genome-wide association studies using a North American breeding population found 

NAM-B1 SNP markers on 6BS that explained up to 12.3% of the variation in grain protein 

concentration (Fiedler et al., 2017).  

In addition to individual loci, a 2.2 Mega base pair (MBp) haplotype region on the short of 

chromosome 4B harboring the ubiquitin protease gene TaUBP24 was found to have major effects 

on wheat grain protein concentration through GWAS integrated with transcriptome analysis (Liu 

et al., 2018). A genome-wide association study has also uncovered MTAs enabling simultaneous 

improvement of protein concentration and yield. Conditional GWAS uncovered grain protein QTL 
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on chromosomes 3D and 6D independent of yield (Liu et al., 2018). Overall, GWAS has greatly 

expanded knowledge of genetic factors modulating wheat grain protein concentration. 

Multiple studies have revealed major QTL clusters on group 1 and 7 chromosomes 

harboring Glu-1 and Glu-3 gluten protein loci known to regulate dough properties (Battenfield et 

al., 2018; Fiedler et al., 2017). The Glu-D1 locus on 1DS significantly impacted dough resistance, 

extensibility, and mix time in U.S. winter wheat, with individual SNPs explaining up to 10.4% of 

the total phenotypic variation (Aoun et al., 2021).  

A genome-wide association study in European elite germplasm revealed markers on 1DS 

corresponding to the glutenin macropolymer gene, which strengthens dough through 

polymerization (Wurschum et al. 2017). Thus, GWAS has validated the essential role of major 

gluten protein loci in conferring dough rheology while also uncovering novel QTL like 

chromosome 5B harboring a cell wall invertase gene influencing starch structure and dough 

behavior (Fiedler et al., 2017). 

Grain appearance traits, including color, shape, size, density, and morphology, have been 

investigated through GWAS to understand regulators of wheat grain quality and market classes. 

Markers associated with grain pigmentation have been uncovered on chromosomes 1B, 2B, 3B, 

and 7B, corresponding to known genes controlling anthocyanins and carotenoids like R-1, Ppr-1, 

and Zds (Fiedler et al., 2017; Sukumaran et al., 2018; Talini et al., 2020). Loci affecting grain size 

and shape have been found across all chromosome groups. A major stable QTL for kernel weight 

mapped to chromosome 1B at 8.3 cM in U.S. winter wheat (Aoun et al., 2021). SNPs linked to 

grain dimensions have been uncovered on the chromosomes 2A, 3A, 4A, 5A, 6A, 7A, 1D, 2D, 3D, 

5DL, 6D, and 7D through GWAS in European elite material (Wurschum et al. 2017). Markers 

provide tools to tailor wheat grain morphology for specific end-uses. 
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Milling properties, including flour yield, bran particle size, and coarseness, are critical 

quality parameters. GWAS uncovered flour yield QTL on 1B, 2A, 4A, 5A, and 5B in U.S. winter 

wheat (Aoun et al., 2021). The Bx7OE+8 gene region on chromosome 1BL in wheat is linked to a 

reduced number of flour specks and its white color (Fiedler et al., 2017). Thus, GWAS enables the 

selection of alleles, improving flour purity and extraction. Quantitative trait loci for bran traits 

have been revealed on chromosomes 2B, 4D, and 6D through GWAS of milling performance 

(Fiedler et al., 2017). 

Nutritional and biofortification traits have also been elucidated through GWAS. Markers 

linked to grain zinc, iron, magnesium, and calcium concentrations have been uncovered across all 

chromosome groups (Fiedler et al., 2017; Sukumaran et al., 2018). Major stable QTL for zinc and 

iron mapped to chromosomes 5A, 6B, and 7A, corresponding to known nutrient homeostasis genes 

like NAM-A1 (Sukumaran et al. 2018; Fiedler et al. 2017). A genome-wide association study also 

identified single nucleotide polymorphisms (SNPs) associated with fiber components like 

arabinoxylan, carotenoid, flavonoid, and folate levels in grain (Fiedler et al., 2017; Talini et al., 

2020). Thus, GWAS elucidates genetic factors modulating wheat nutrient bioavailability. 

In summary, the multitude of GWAS studies over the past decade greatly accelerated the 

discovery of genetic factors controlling diverse wheat grain and flour quality traits, validating 

known genes and uncovering novel QTL. However, to complement GWAS, meta-analysis 

integrates results across studies to define consensus chromosome regions regulating complex 

quality parameters. Meta-GWAS of multi-year, unbalanced breeding trial data has proven effective 

in boosting the discovery power of modest individual mapping populations (Battenfield et al., 

2018).  
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1.8 Genomic Selection for Quality Traits 

Genomic selection leverages genome-wide marker data rather than individual genes to 

predict breeding values for quantitatively inherited traits through statistical models trained on 

phenotyped and genotyped populations (Heffner et al., 2009, 2011). Machine learning algorithms 

like random forest and neural networks implemented for genomic selection modeling have 

achieved promising prediction accuracies for diverse quality parameters (Jubair and Domaratzki, 

2019). Continued optimization of training populations and model algorithms and incorporating 

multi-omics data into models will enable genomic selection to overcome prohibitive phenotyping 

costs and complexity barriers facing quality improvement (Li et al., 2019). 

1.9 Overview of Genomic Selection Models and Their Assumptions 

1.9.1 Ridge regression best linear unbiased prediction 

 Ridge regression best linear unbiased prediction (rrBLUP) was one of the earliest and is 

still one of the most widely utilized genomic selection models. It employs ridge regression to 

shrink the effects of all markers towards zero, which avoids extreme effect estimates (Endelman, 

2011; Heffner et al., 2009). It then uses the best linear unbiased prediction (BLUP) methodology 

to derive genomic estimated breeding values (GEBVs).  

 The rrBLUP model assumes that all marker effects are normally distributed with an equal 

variance. While easy to implement, rrBLUP is less accurate than variable selection models for 

traits with major effect QTLs (Bernardo, 2021; Wang et al., 2015). For traits controlled by many 

small-effect QTLs (polygenic inheritance), linear models like rrBLUP tend to perform well and 

offer a good balance of speed and accuracy. The equal variance assumption approximates the 

underlying biology decently. 



19 

 

 In summary, aligning genomic selection models with trait genetic architecture, data 

characteristics, and desired interpretability versus pure predictive power is key for optimizing 

accuracy and training efficiency. A suite of flexible modeling approaches is advantageous to cater 

to diverse datasets and breeding targets. 

1.9.2 Genomic best linear unbiased prediction 

Genomic best linear unbiased prediction (GBLUP) is another popular genomic selection 

method. While rrBLUP assumes all marker effects are independently and identically distributed, 

GBLUP models marker effects as correlated based on their genomic relationships (Bernardo, 

1994). It uses a genomic relationship matrix (GRM) constructed from markers to capture 

relationships between individuals. The GRM contains pairwise relatedness measures for all 

samples.  

 In the mixed model, the GRM represents the variance-covariance structure for random 

genetic effects. Marker effects are not estimated directly. Instead, GBLUP fits individuals' total 

genomic breeding values as random effects, which are predicted using BLUP methodology, 

allowing borrowing information across the whole sample population based on genomic 

relationships (Bernardo, 1994; Gao et al., 2012). 

 Compared to rrBLUP, GBLUP better accounts for linkage disequilibrium between markers 

and underlying QTLs by modeling marker correlations (Merrick and Carter, 2021). It provides 

more accurate predictions, especially for traits affected by family relatedness and population 

structure. In general, GBLUP is computationally efficient, especially for large numbers of markers, 

as its complexity becomes independent of marker number after constructing the genomic 

relationship matrix (GRM), making it more scalable for high-density genotyping datasets 

compared to rrBLUP.  
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1.9.3 Bayesian ridge regression  

Bayesian Ridge Regression (BRR) places a normal (Gaussian) prior marker effect to shrink 

the breeding values towards zero, similar to ordinary ridge regression but within a Bayesian 

framework (Gianola et al., 2006). Computationally, BRR is very efficient, even for models with 

hundreds of thousands of markers, as the marker effects can be integrated analytically. The key 

assumption of BRR is that all markers contribute some small non-zero effect to the overall genetic 

variance. By leveraging Bayesian priors, it estimates marker effects using both the data and this 

prior shrinkage and prevents overfitting, which is useful in high-dimensional genomic data where 

there are many more markers than samples (Gianola et al., 2006).  

A major advantage of BRR is the ability to estimate many small effects across markers 

without overfitting. However, it lacks any variable selection, so all markers remain in the model. 

It also cannot capture outliers or major gene effects well, as the normal distribution prior limits 

large individual marker effects. Overall, BRR serves as a fast baseline or exploratory method when 

marker effects are suspected to be widely distributed with small individual effects. It is a simple 

yet efficient approach when genetic architecture is largely unknown. However, BRR makes strong 

assumptions on the homogeneity of marker variances (Gianola et al., 2006). It is outperformed by 

mixture models like BayesB or BayesCπ that can better handle traits shaped by both major genes 

and small effect loci. 

1.9.4 Bayesian Lasso 

The Bayesian Lasso is an adaptation of Lasso regression within a Bayesian framework, 

placing a Laplace prior to the regression coefficients to induce sparsity (Park and Casella, 2008). 

This double exponential prior shrinks coefficients strongly towards zero, setting many marker 

effects to exactly zero for variable selection. By zeroing out markers, Bayesian Lasso focuses on 
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identifying the most influential markers for trait prediction, which works well in high-dimensional 

contexts where only a subset of markers affects the trait (Park and Casella, 2008). Computationally, 

Bayesian Lasso remains efficient and scalable.  

The major downside is that the Lasso prior lacks the flexibility to model moderate to large 

effects, so it risks underestimating their sizes or excluding relevant markers. Additionally, tuning 

the prior is crucial but challenging to optimize sparsity and avoid overfitting effects (Park and 

Casella, 2008). Overall, Bayesian Lasso excels in very sparse architectures where a few markers 

dominate. But mixture models like BayesB may outperform in complex genetic landscapes shaped 

by both major genes with large effects and polygenes with small effects. 

1.9.5 Bayes A 

BayesA is a Bayesian linear regression model that, unlike Bayesian Ridge Regression 

(BRR), introduces individual variances for each marker effect. It uses a scaled inverse chi-square 

prior for these variances, allowing different markers to influence the trait to varying degrees 

(Meuwissen et al., 2001; Hayes et al., 2009). By accommodating heterogeneous effects across the 

genome, BayesA was developed to capture genetic architectures shaped by both major genes and 

polygenes. The potential of BayesA lies in modeling markers with disproportionately large effects, 

which BRR cannot handle well. However, the downside is significantly higher computational 

demand relative to BRR due to estimating marker-specific parameters. BayesA is best suited for 

situations where prior evidence suggests markers have highly variable effects on the trait (De Los 

Campos et al., 2013; Hayes et al., 2009). This heterogeneous variance assumption makes it 

advantageous over BRR for traits involving both major and minor effect QTLs, such as in whole 

genome selection. 
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1.9.6 BayesB 

BayesB is a Bayesian sparse linear regression model that assumes that only a subset of 

markers affects the trait. It uses a mixture prior with a point mass at zero and a slab following a 

scaled inverse chi-square distribution (Habier et al., 2011; Meuwissen et al., 2001). The non-zero 

effects are assumed to arise from a relatively small number of influential markers/QTLs. By 

zeroing out the majority of marker effects, BayesB performs variable selection to focus model 

capacity on markers with the largest effects (De Roos et al., 2009). However, the marker-specific 

parameter estimation substantially increases computational demands compared to the simpler 

BayesA model. BayesB is best suited for traits shaped by a handful of major effect QTLs alongside 

numerous smaller background effects. However, it requires reasonable marker density around 

causative loci to zero out nonimportant markers successfully. 

1.10 Comparison of Univariate and Multivariate models 

1.10.1 Univariate and multivariate models 

The univariate genomic prediction method uses genomic information to analyze a single 

trait at a time (Meuwissen et al., 2001). This approach assumes that the genomic data available 

directly influences the target trait. The main strength of the univariate method is its simplicity, 

which allows for straightforward interpretation of results and easy integration into breeding 

programs (Heffner et al., 2009; Meuwissen et al., 2001). 

Additionally, it can often be more computationally efficient than multivariate methods. 

However, its downside is that it does not account for potential correlations between multiple traits, 

which could provide additional insights and improve prediction accuracy (Heslot et al., 2015). It 

is especially suitable when a particular trait is of prime importance or when computational 

resources are limited. 
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1.10.2 Multivariate genomic prediction models 

Multivariate genomic prediction considers multiple traits simultaneously. This approach 

assumes that there might be genetic correlations between different traits, which can be harnessed 

to enhance predictive accuracy (Jia and Jannink, 2012). The primary advantage of multivariate 

methods is that they can provide more comprehensive insights into complex genetic architectures, 

where multiple traits influence one another. They can also be more efficient regarding data usage, 

as information from one trait can inform predictions about another (Montesinos-López et al., 

2016).  

 However, they can be computationally intensive and require a more complex model setup. 

Additionally, they might not always result in better predictions for all traits in a given study. This 

method is best employed when traits are believed to be genetically correlated or when the goal is 

to gain a holistic understanding of an organism's genomic architecture (Guo et al., 2020). 

1.10.3 Cross and forward validations 

Cross-validation relies on sub-setting and iterative training and testing on data from the 

same population rather than temporal splitting (Meuwissen et al., 2001). In k-fold cross-validation, 

the available data are divided into k distinct subsets or folds. The model is then trained on k-1 folds 

and validated on the held-out fold in each iteration, which is repeated until all folds have served as 

the validation set. Cross-validation provides a more robust accuracy estimation compared to a 

single train-test split, as each observation is tested as part of an independent hold-out fold. The 

multiple test sets reduce overfitting risks and provide k-fold accuracy estimates that can be 

aggregated to reduce variance. However, cross-validation evaluations assume that samples are 

representative of the target population, which may not always be true (Wong et al., 2019).  
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 Forward validation, on the other hand, is a valuable approach for evaluating the 

transportability and accuracy of a genomic selection model over time. In forward validation, a 

model is initially developed and trained using data from a set of individuals who were genotyped 

and phenotyped and then tested on data from subsequent years. The performance of this model is 

then tested by using it to predict the genetic merit or breeding values of new individuals that are 

genotyped and phenotyped in a subsequent year or season, which mimics the real-world 

application of genomic selection, where models developed on available data are deployed to 

predict the performance of future individuals not previously seen by the model (Hjorth and Hjort, 

1982).  

 Forward validation provides a one-time estimate of predictive accuracy based on this 

temporal separation between training and validation data (Dawson et al., 2013). However, a 

limitation is that accuracy estimates can be inflated if the individuals genotyped in the later year 

are highly related to or descended from the original training set, reducing diversity. Therefore, 

forward validation is best suited for evaluating models that will be applied to related populations 

over time. 

 Cross-validation is well-suited for a more rigorous comparison of alternative models during 

development and parameter tuning based on their generalization ability before final assessment 

using forward validation. The complementary strengths of forward validation and cross-validation 

provide comprehensive safeguards against overfitting and overestimation that bolster confidence 

in deploying the best genomic selection model. 

1.11 Studies Implementing Genomic Predictions for Additional Fixed Effects 

Integrating known markers, including those identified through GWAS, as fixed effects in 

genomic selection models has emerged as an influential strategy to improve prediction accuracy. 
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Studies over the past several years have demonstrated that incorporating significant SNPs or 

genetic markers associated with major effect genes as fixed effects in genomic selection models 

can improve prediction accuracy for various traits in multiple crop species, including wheat, barley 

(Hordeum vulgare), and chili peppers (Capsicum annuum) (Sukumaran et al., 2017; Tsai et al., 

2020; Kim et al., 2022). Wheat research has shown that integrating markers linked to genes 

controlling vernalization, photoperiod, disease resistance, yield, and other agronomic traits as fixed 

effects enhances prediction accuracy for those respective traits, compared to standard genomic 

selection models without fixed effects (Alemu et al., 2023; Odilbekov et al., 2019; Sarinelli et al., 

2019; Sehgal et al., 2020; Sukumaran et al., 2017).  

 In a study of Nordic winter wheat landraces, Odilbekov et al. (2019) pinpointed ten markers 

associated with resistance to Septoria tritici blotch. Incorporating these markers into genomic 

selection models led to a significant increase in prediction accuracy. Similarly, Alemu et al. (2021) 

reported improved prediction accuracy for Septoria and powdery mildew resistance (Blumeria 

graminis Tritici.) by integrating GWAS-identified markers. For barley, Tsai et al. (2020) 

demonstrated the Bayesian Lasso model's superiority over the conventional ridge regression 

BLUP, particularly when evaluating traits linked to powdery mildew resistance. Moreover, Kim et 

al. (2022) applied this approach to chili peppers (Capsicum annuum), focusing on capsaicinoid 

concentration vital for its pungency. Their work illustrated the broader applicability of the strategy, 

which dramatically boosted prediction accuracies when integrated into genomic selection models.  

 Overall, the cumulative research on genomic selection over recent years demonstrates the 

potential for improved prediction accuracy by leveraging GWAS to identify major effect loci and 

incorporating these as fixed effects in genomic prediction models. 
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1.12 Challenges in Quality Improvement 

1.12.1 Genetic complexity of quality traits 

Wheat grain quality traits like flour water absorption capacity, dough rheology, nutritional 

composition, and end-product functionality are governed by highly complex genetic architectures 

involving many genes across the allohexaploid wheat genome. Most economically important 

quality parameters such as protein and mineral concentration, milling properties, and baking 

performance follow quantitative inheritance controlled by numerous small-effect loci interacting 

in complex molecular networks rather than single genes with large phenotypic effects (Battenfield 

et al., 2018).  

 This polygenic nature poses significant challenges for elucidating the specific contributions 

of individual genes to quality phenotypes. Quality traits are influenced by intricate molecular 

interactions between protein-coding genes and non-coding regulatory elements across the A, B, 

and D sub-genomes (Barnard, 2002). Epistasis, pleiotropy, and genetic linkages further confound, 

explaining the effects of specific loci, as a single gene may impact multiple traits or several genes 

may collaboratively influence one trait (Mackay et al., 2009). Environmental factors and 

management practices also modulate genetic expression, complicating genotype-phenotype 

associations (Blake et al., 2009). 

1.12.2 Phenotyping limitation 

The process of phenotyping quality traits in hard winter wheat presents several notable 

limitations. Firstly, the time-consuming nature of tests such as break flour and total flour, water 

absorption, BakeMT, and MixoT poses a significant challenge. From the initial sample preparation 

to the completion of these tests, the duration is extensive, often conflicting with the short interval 

between harvesting and the next planting season, typically not exceeding a month. This time 
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constraint hampers the timely gathering and analysis of phenotypic data crucial for breeding 

decisions. Moreover, the expertise required for these phenotyping processes adds another layer of 

complexity. Certain tests demand experienced personnel for accurate execution and data 

interpretation, where subjective judgment can play a role, necessitating skilled evaluators.  

Another critical bottleneck is the sample size requirement for these tests. While the actual 

tests like solvent retention capacity do not require large flour samples, the milling process to 

produce these samples demands significantly larger grain quantities. This is similarly true for tests 

such as the Mixograph and baking tests, which require a minimum of 10 grams of grain to produce 

sufficient flour. In early line development trials, such as head rows, obtaining adequate grain 

samples for these assessments is often unfeasible, leading to delays in phenotypic evaluation until 

later stages of line development. This constraint can impede the timely selection and advancement 

of superior wheat lines, affecting the overall efficiency and effectiveness of the breeding process. 

1.12.3 Environmental variability and genotype by environment interactions 

With rising temperatures, altered precipitation patterns, and increased frequency of extreme 

weather events, climate change profoundly affects wheat breeding to enhance quality traits 

(Fradgley et al., 2023; De Vita and Taranto, 2019). Elevated temperatures can lead to accelerated 

grain filling, potentially shriveled grain but increased grain protein concentration, thus impacting 

end-use qualities like baking and pasta-making. Changes in precipitation patterns can induce plant 

stress, affecting grain filling and influencing traits like grain size, hardness, and protein 

composition. Moreover, the unpredictability associated with climate change complicates field 

trials, making evaluations of potential varieties for quality traits inconsistent (Fradgley et al., 

2023). Increased pests and diseases due to changing climate conditions further compound the 

challenges, as breeders may need to prioritize resistance traits over quality traits. In essence, the 
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changing climate adds layers of complexity to wheat breeding, demanding more dynamic and 

adaptable strategies to ensure the grain's quality amidst evolving environmental challenges. 

 These challenges are compounded by the highly variable and changing environmental 

contexts in which new wheat varieties must perform. The diverse agro-ecological contexts 

spanning the global wheat canvas, from the heat of North Africa to the bitter cold of the Canadian 

prairies, means that a variety tailored for one set of environmental conditions may completely fail 

just a few hundred kilometers away under contrasting conditions (Bux et al., 2012; NAWG, 2023). 

Breeding programs thus face the monumental challenge of ensuring stable performance for key 

traits across an array of dynamic and unpredictable environmental conditions while also breeding 

specialized varieties tailored to excel in target environments. 

1.13 Opportunities for Quality Improvement 

1.13.1 Genomic tools enabling selection 

Advancements in genotyping, omics technologies, and bioinformatics are significantly 

enhancing the precision and efficiency of breeding for wheat quality (Cobb et al., 2013; Taranto et 

al., 2018; Yang et al., 2021). High-density genotyping platforms, notably the 90K iSelect SNP 

arrays and genotype-by-sequencing (GBS) methods, have facilitated in-depth genomic profiling, 

uncovering population structure, diversity, and linkage disequilibrium patterns (Sukumaran et al., 

2015; Crossa et al., 2016). Automated phenomics tools provide rapid and accurate assessments of 

quality parameters (Pratap et al., 2019).  

 Integrating genomics with transcriptomics, proteomics, and metabolomics has elucidated 

regulatory networks underpinning complex quality traits. The reduction in sequencing costs is 

indicative of a shift towards sequence-based genotyping enhancing genomic selection (GS) 

accuracy than what was possible based on pedigree-based GRM only. Genomic data promote the 
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use of marker-assisted recurrent selection and GS, which presents advantages over phenotypic 

selection by enabling earlier generation screening and improved genotype heritability (Heffner et 

al., 2011; Battenfield et al., 2016). Marker-assisted stacking of quality genes can lead to additive 

allelic effects or favorable epistatic interactions (Gupta et al., 2022; Tyagi et al., 2014).  

 For the traits controlled by known major genes translating the genes and quantitative trait 

loci influencing wheat quality into functional markers for breeding. Platforms like kompetitive 

allele-specific PCR (KASP) based SNPs can facilitate high-throughput marker-assisted quality 

screening (Gupta et al., 2011; Pandurangan et al., 2021). Effective utilization of these genomic 

tools necessitates focused trait targeting, standardized phenotyping, and integration into breeding 

pipelines to optimize quality enhancement in wheat breeding programs. 

1.13.2 Precision phenomics enabling genomic selection 

Precision phenomics refers to the high-throughput, quantitative characterization of 

complex traits like grain quality using emerging digital and automation technologies combined 

with statistical analytics and machine learning (Araus and Kefauver, 2018). It involves precisely 

measuring phenotypic parameters like grain composition, morphology, and end-use properties in 

structured breeding populations using tools such as near-infrared spectroscopy, digital imaging, 

metabolite profiling, and automated rheology on thousands of samples (Mir et al., 2019). It 

generates extensive phenotypic datasets to uncover genotype-trait associations through genome-

wide marker mapping and genomic selection models. By accelerating precise phenotyping, 

predictions of genotype performance and breeding values can be made early in the breeding 

process, enabling more rapid selection cycles. Additionally, the vast phenotypic data improve 

genomic prediction accuracy by providing larger training populations to optimize models.  
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 The improved phenotypic and genomic predictions enabled by scaling up precision 

phenotyping can foster the acceleration of genetic gains in multi-year breeding programs by 

increasing selection intensity, reducing cycle times, and increasing selection accuracy. However, 

to achieve these potential improvements in breeding efficiency for complex quality traits, tight 

integration of phenomics data with genotyping, multi-environment field testing, and tailored data 

analytical methods is essential. 

The reviewed literature underscores the intricate nature of wheat genetics, revealing the 

challenges inherent in their manipulation. Key genes and QTLs have been identified as both 

directly and indirectly influencing wheat quality traits. Despite the challenges, there are advanced 

genetic and statistical tools, such as GWAS, which help to dissect genetic complexity and serve as 

precise guides to pinpoint genetic markers tied to desired traits. Genome-wide association study 

and GS refine the selection processes, optimizing genetic gains and ensuring that resulting wheat 

genotypes align more closely with consumer and market demands. 
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Chapter 2- Genome-Wide Association Study of Water Absorption Capacity in Hard Winter 

Wheat 

 

 

2.1 Summary 

Water absorption capacity (WAC) influences various aspects of bread making, such as loaf 

volume, bread yield, and shelf life. Despite its importance in the baking process and end-product 

quality, its genetic determinants are less explored. To address this limitation, a genome-wide 

association study was conducted on 337 hard wheat genotypes evaluated over five years in multi-

environmental trials. Phenotyping was done using the solvent retention capacity (SRC) test with 

water (SRC-water), Sucrose (SRC-sucrose), lactic acid (SRC-lactic acid), and sodium carbonate 

(SRC-carbonate) as solvents. Individuals were genotyped using genotyping-by-sequencing to 

detect single nucleotide polymorphisms across the wheat genome. To detect the genomic regions 

that underline the SRCs and gluten performance index (GPI), a genome-wide association study 

was performed using six multi-locus models using the mrMLM package in R. Adjusted means for 

SRC-water ranged from 54.1% to 66.5%, while SRC-carbonate exhibited a narrow range from 

84.9 % to 93.9 %. Moderate to high genomic heritability values were observed for SRCs and GPI, 

ranging from h2 = 0.61 to 0.88. The GWAS identified a total of 42 quantitative trait nucleotides 

(QTNs), of which five explained over 10% of the phenotypic variation (R² ≥10%). Most of the 

QTNs were detected on chromosomes 1A, 1B, 3B, and 5B. Few QTNs, such as S1A_5190318, 

S1B_3282665, S4D_472908721, and S7A_37433960, were located near gliadin, glutenin starch 

synthesis, galactosyltransferase genes. Overall, these results show WAC to be under polygenic 

genetic control, with genes involved in the synthesis of key flour components influencing overall 

water absorption.  
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2.2 Introduction 

The bread-baking quality of wheat (Triticum aestivum L.) is a primary determinant of the 

market price of the grain (Diriba et al., 2020). Water absorption capacity (WAC), which is a critical 

factor in the baking performance of wheat flour, refers to the amount of water a wheat flour can 

absorb to achieve optimum dough consistency for a desired baked product (Kweon et al., 2011). 

For hard winter wheat, a preferred wheat class to make bread and pizza dough, the WAC of flour 

influences bread production, both in terms of the bread's characteristics (Bushuk and Békés, 2002; 

Zghal et al., 2001) and the economy of its production (Bushuk and Békés, 2002; Pyler, 1979; Zghal 

et al., 2001). When flour has a high WAC, it can absorb more water, which provides two significant 

benefits for bakers. First, high WAC flour creates a larger volume of dough or bread per unit of 

flour, increasing bread yield. Bread yield can be maximized by increasing the amount of water in 

the formula without compromising bread quality and preventing water loss during baking (Puhr 

and D'Appolonia, 1992). Secondly, the use of high WAC flour may reduce the need for additional 

ingredients, which increases the costs of bread production. 

The WAC of wheat flour is a complex trait that depends on various components present in 

the flour, including protein concentration, the degree of damaged starch, and 

pentosan/arabinoxylan concentration (Jelaca and Hlynka, 1971; Preston et al., 2001; Primo-Martin 

et al., 2003; Rakszegi et al., 2014; Tipples et al., 1978). Other factors, such as grain size (Morgan 

et al., 2000) and grain hardness, can also affect WAC since they are related to the degree of 

damaged starch that occurs during the milling process (Pasha et al., 2010; Tipples et al., 1978). 

Harder grains are more resistant to milling, which results in more damaged starch. High levels of 

damaged starch and pentosan concentration lead to higher flour WAC (Kweon et al., 2011; Zghal 

et al., 2001).  
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The WAC of flour can be measured using methods such as the Farinograph and Mixograph 

tests (AACC International, 2010). However, these procedures are time-intensive and require 

substantial sample sizes. Furthermore, the Mixograph offers only a subjective measure of WAC 

(Ram et al., 2005). An efficient alternative is the solvent retention capacity (SRC) test. The SRC 

test uses four solvents, namely, water, lactic acid, sodium carbonate, and sucrose, to assess the 

functional contributions of flour components to overall product quality. The SRC test is faster and 

more efficient for determining a flour's WAC and understanding the roles of its components. 

Genome-wide association study (GWAS) is a genetic association mapping tool for 

identifying genomic regions related to complex traits in crops (Brachi et al., 2011; Zhao et al., 

2011). Genome-wide association studies identify quantitative trait nucleotides, which can be used 

to elucidate the genetic architecture of a trait and to facilitate marker-assisted selection (MAS). 

Previously, a few quantitative trait loci (QTLs) mappings and genome-wide association studies 

have reported genomic regions that control wheat dough rheological and baking traits, including 

WAC. For instance, Ma et al. (2007) conducted a QTL mapping analysis on 92 doubled haploid 

populations of Australian wheat. The peak for water absorption capacity was located on 

chromosome 5A. Fox et al. (2013) conducted a QTL analysis for water absorption and flour yield 

using a doubled haploid population of 162 hard wheat individuals, and they reported QTLs on 

chromosome 4D. Similarly, Tsilo et al. (2013) performed composite interval mapping for 

farinograph water absorption and dough rheological properties using 139 hard red spring 

recombinant inbred lines (RILs). Six QTL on chromosomes 1A, 1B, 4B, 4D, and 5A were detected 

for farinograph water absorption. Campbell et al. (2001) reported several QTLs associated with 

damaged starch, alkaline water retention capacity (AWRC), and dough water absorption in a study 

using 78 RILs from a soft-hard wheat cross. For dough water absorption capacity, QTLs were 
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identified on chromosomes 5A, 5B, and 5D for damaged starch and AWRC on chromosomes 4B, 

4D, 5A, 5B, and 5D.  

In addition, Xiao‐ling et al. (2023), using linkage mapping and association mapping in a 

recombinant inbred line population consisting of 173 lines and an association panel of 205 

common wheat varieties, identified 31 QTLs associated with SRC traits consisting of 57 QTNs, 

with two common chromosomal regions on chromosomes 1B and 4B found across both mapping 

populations. Similarly, Lou et al. (2021) conducted GWAS on 486 common wheat genotypes and 

reported 14 QTNs associated with water absorption capacity on chromosomes 2D, 3A, 3D, 5A, 

5D, and 7A. Lastly, Navrotskyi et al. (2020) identified two single nucleotide polymorphisms 

(SNPs) on chromosome 4A associated with water absorption capacity in a study of 299 hard red 

winter wheat genotypes. Significant QTNs have been consistently reported on groups one, four, 

and five chromosomes across studies (Lou et al., 2021; Campbell et al., 2001; Navrotskyi et al., 

2020), highlighting the crucial role of these chromosomes. 

Despite WAC being a vital determinant of end-use quality in hard wheat, most of the 

previous GWAS studies were on soft wheat classes, and studies are still limited to hard winter 

wheat. Therefore, this study was conducted to: 1) elucidate the genetic architecture underlying 

WAC in hard winter wheat using multi-locus GWAS models, which offer higher power to detect 

marker-trait associations compared to previously reported single locus models; 2) to identify 

candidate genes involved in WAC and related pathways, thereby providing valuable insights into 

the genetic mechanisms governing this trait in hard wheat, and 3) Evaluate the impact of favorable 

allele combinations of significant marker-trait associations on each SRC trait which will help to 

determine the potential use in the breeding program. 
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2.3 Materials and Methods 

2.3.1 Plant materials and experimental designs 

Three hundred and thirty-seven genotypes generated by the Colorado State University 

(CSU) wheat breeding program were used in this study. Hereafter, the term 'genotype' will refer to 

both unreleased experimental lines and released cultivars. Genotypes were evaluated over a period 

of five years (2017-2021) in three independent breeding trials, namely the CSU Elite Trial (ELITE) 

and the Advanced Yield Nursery for conventionally derived genotypes (AYN) and doubled 

haploid-derived genotypes (AYND). Trials were carried out at CSU wheat breeding locations in 

the Great Plains wheat growing region of eastern Colorado, USA. All trials were grown in farmer's 

fields, except for trials conducted at the Agriculture Research, Development, and Educational 

Center (ARDEC) in Fort Collins, CO, and the United States Department of Agriculture Research 

Service Central Great Plains Center in Akron, CO. As such, the agronomic and crop management 

practices mirrored those used by the grower cooperators and varied according to the standard 

practices at each location. 

Trials were arranged in resolvable, latinized row-column designs with partial replication 

following the methodology of John and Williams (1995) and Williams et al. (2011). In the CSU 

Elite trial, within a given location, half of the entries were replicated twice, and the other half were 

replicated once. A similar approach was used for the AYN and AYND, with approximately one-

seventh of the entries having a second replicate at any given location. Each plot was six rows, 1.5 

m wide and 3.7 m long, seeded at approximately 1.73 million seeds ha-1. The grain was harvested 

from all six rows of each plot. A detailed description of the number of genotypes in each year-trial 

combination is given in Table 2.1. 
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2.3.2 Phenotyping  

To obtain white flour samples for SRC tests, 50 g grain samples from each genotype were 

processed by tempering to 14% moisture and milled using a Quadrumat Junior or modified 

Quadrumat Senior experimental mill from Brabender (South Hackensack, NJ, USA). Flour 

moisture and protein concentration were determined using near-infrared reflectance spectroscopy 

(NIR) (Foss DS2500TM Feed and Forage analyzer, Foss North America, Eden Prairie, MN).  

Solvent retention capacity (SRC) tests were conducted on the milled flour samples. Two 

mL microcentrifuge tubes for each sample were labeled and pre-weighed. To conduct the SRC 

tests, 200 +/- 10 mg of flour from each sample was placed in each tube, and each of the four 

solvents (water, sucrose, lactic acid, sodium carbonate) was used, according to AACC International 

(2010). A 50% weight/volume (w/v) sucrose solution was prepared by dissolving one part of 

sucrose crystals in one part of double-distilled water, whereas the sodium carbonate and lactic acid 

solutions were prepared as 5% w/v. The flour and the solvent were vigorously mixed for 5 sec to 

suspend the flour. The mixtures were then shaken for 20 min on a rotator, allowing the flour to mix 

well. Samples were then immediately centrifuged for 15 min at room temperature. After removal 

from the centrifuge, the supernatant was decanted, and the remaining pellet was left to dry for 10 

min before weighing. To obtain the pellet weight, the initial tube weight was subtracted from the 

subsequent weight of the tube with the pellet. The SRC value (%) for each solvent was determined 

using the following formula: 

𝑆𝑅𝐶(%) = [(𝑝𝑒𝑙𝑙𝑒𝑡 𝑤𝑒𝑖𝑔ℎ𝑡(𝑔)(𝑓𝑙𝑜𝑢𝑟 𝑤𝑒𝑖𝑔ℎ𝑡(𝑔) − 1] 𝑥 [ (86)(100 − 𝑚𝑜𝑖𝑠𝑡𝑢𝑟𝑒(%) ] 𝑥 100 

where moisture (%) is the NIR-determined moisture of the flour. The SRC test produced four SRC 

values for each sample, corresponding to the four solvents used. Gluten performance index (GPI), 

a more comprehensive measurement of the overall performance of flour glutenin in the context of 
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other modulating networks of flour polymers (Kweon et al., 2011), was calculated according to 

Zhang et al. (2007) using the following formula: 𝐺𝑃𝐼 = (𝑆𝑅𝐶– 𝑙𝑎𝑐𝑡𝑖𝑐 𝑎𝑐𝑖𝑑)/(𝑆𝑅𝐶– 𝑠𝑢𝑐𝑟𝑜𝑠𝑒 +  𝑆𝑅𝐶– 𝑐𝑎𝑟𝑏𝑜𝑛𝑎𝑡𝑒) 

2.3.3 Phenotypic data analysis 

All phenotypic data were analyzed using code and packages written in R statistical coding 

language (R Core Team, 2023). Across locations, best linear unbiased estimates (BLUEs) were 

calculated in a one-step analysis using ASREML-R (Butler et al., 2009). The following mixed linear 

model was used to estimate BLUEs for each genotype: 𝑦𝑖𝑗𝑘 = 𝜇 + 𝐺𝑖 + 𝑒: 𝑟𝑗 + 𝑒: 𝑐𝑘 + 𝜀𝑖𝑗𝑘 

Where Yijk is the response variable for ith level of genotype, in the jth level of the row, in the kth 

level of the column; µ is the overall mean; 𝐺𝑖 is the fixed genotype effect; e:𝑟𝑗 is the random row 

within the trial (𝑟𝑗~𝑁(0, 𝜎𝑗2), e:𝑐𝑘 is the random column within the trial (𝑐𝑘~𝑁(0, 𝜎𝑘2) and 𝜀𝑖𝑗𝑘 is 

the residual error term 𝜀𝑖𝑗𝑘~𝑁(0, 𝜎𝜀2). Summary statistics (minimum, maximum, and average 

values) for SRCs and GPI were also calculated. Pearson correlation among pairs of BLUEs was 

done and visualized using the psych package in R ( Revelle and Revelle, 2017). 

To estimate variance components and calculate genomic heritability, genotypes were 

assigned as a random effect and analyzed with a mixed linear model using ASREML-R (Butler et 

al., 2009). The following mixed linear model was used: 𝑦 = 𝑋𝑏 + 𝑍𝑢 + 𝑒 

where X and Z are known design matrices; b is a vector of fixed effects; u is a vector of random 

genetic effects with distribution 𝑢~𝑁(0, 𝜎𝑔2𝐾) where 𝐾 is the kinship matrix and 𝜎𝑔2 is the genetic 

variance; e is a vector of random residuals with distribution 𝑒~𝑁(0, 𝜎𝑒2𝐼) where 𝜎𝑒2 is the residual 
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variance, and I is the identity matrix. Genomic heritability was then calculated using the following 

formula:  

ℎ2 = σ𝑔2σ𝑔2 + 𝜎e2 

where 𝜎𝑔2 is the genetic variance and 𝜎𝜀2 is the residual error associated with the trait. 

2.3.4 Genotyping and quality control  

Genomic DNA was extracted from one-week-old leaves in a 96-well format using the 

MagMAX™ Plant DNA Isolation kit (Thermo Fisher Scientific, MA, USA), optimized for use with 

the KingFisher Flex magnetic particle processor equipped with a 96DW (96-well-deep well 

setting) particle head. DNA concentration was determined using PicoGreen (Thermo Fisher 

Scientific, MA, USA), which allowed normalizing DNA concentration to 20 ng µL-1 for library 

construction. Libraries were created using the PstI-MspI restriction enzyme combination (Poland 

et al., 2012) and pooled together at a 384-plex level.   

 Sequencing was performed on an Illumina HiSeq 2500 system at a core lab at the 

University of Illinois. Single nucleotide polymorphism (SNP) calling was performed using 

TASSEL GBSv2 pipeline (Glaubitz et al., 2014), with a 64-base k-mer length and a minimum k-

mer count of five. The Burrows-Wheeler aligner version 0.7.10 (Li and Durbin, 2009) was used to 

align reads to the International Wheat Genome Sequencing Consortium (IWGSC) RefSeq v1.0' 

Chinese Spring' wheat reference genome (Appels et al., 2018).  

The raw SNP data obtained from TASSEL GBSv2 underwent a series of quality control 

steps. Initially, genotypes with over 50% missing calls and over 30% heterozygosity were filtered 

out. The filtration criteria were further tightened to retain only biallelic SNPs with a minor allelic 

frequency exceeding 5%, missing calls below 10%, and a maximum heterozygosity of 10%. 

Unaligned SNPs were discarded in the subsequent quality control phase. Imputation was then 
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performed on the pruned dataset using the Beagle algorithm (Browning et al., 2018), resulting in 

a final set of 23,130 high-quality SNPs for downstream analyses. The marker data used in this 

study represents a marker density of approximately 1.36 SNPs per 1 megabase. On average, the 

SNP distribution over 21 chromosomes was 1,101 polymorphic SNPs per chromosome, but the 

distribution was non-uniform, with a minimum of 264 SNPs for chromosome 4D and a maximum 

of 1,955 SNPs for chromosome 2B (Figure 2.1).  

2.3.5 Population Structure and Linkage Disequilibrium  

For purposes of GWAS analysis, both the Q-matrix and Kinship matrix were considered in 

the GWAS analysis to control the confounding effects of population stratification and individual 

relatedness on the associations between genetic markers and traits. To ascertain population 

structure, the optimal number of subpopulations (denoted as "K") was determined using the 

entropy criterion. This method identifies the "K" value with the least cross-validation error, as 

detailed by Alexander and Lange (2011) and Frichot et al. (2014). By testing a range of 1 to 20 

potential populations and iterating each ten times, the sNMF algorithm (implemented in the LEA 

v 2.2.0 package in R) was employed. The outcome of this procedure was the ancestral coefficient 

(Q) for each genotype, based on the defined "K". Additionally, the genetic relationship between 

individuals (kinship) was calculated using TASSEL (Bradbury et al., 2007).  

Additionally, as an alternative to the ancestral coefficient matrix (Q-matrix), principal 

component analysis (PCA) was performed using the raw marker data via the prcomp function in 

base R to analyze population structure (R Core Team, 2013). The optimal number of clusters 

(appropriate number of populations = K) was assigned based on the assumption of the majority 

rule from the NbClust package in R (Charrad et al., 2014). To support the population structure 

analyses, a neighbor-joining (NJ) phylogenetic tree was constructed using TASSEL 5.2 (Bradbury 
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et al., 2007) and visualized using interactive Tree of Life (iTOL) v3, an online tool for display 

annotation and management of phylogenetic tree (Letunic and Bork, 2016). 

To estimate linkage disequilibrium (LD) among the markers, which further helps to 

delineate the size of the region influenced by GWAS-detected markers, pairwise LD values (r2) 

were computed in TASSEL and plotted against physical distance (bp) in base R. The pattern of LD 

decay was determined as the distance where LD values are reduced to half of their maximum value 

(Remington et al., 2001). 

2.3.6 Genome-Wide Association Study 

To capture the genetic bases underlying WAC and contributing flour components, genome-

wide association analysis was performed for each of the four SRC traits and GPI based on six 

different multi-locus GWAS models: Iterative Modified-Sure Independence Screening EM-

Bayesian Lasso (ISIS EM-BLASSO) (Tamba et al., 2017); Multi-locus Random-SNP-Effect Mixed 

Linear Model (mrMLM) (Wang et al., 2016); Fast Multi-locus Random-SNP-Effect Efficient 

Mixed-Model Association (FASTmrEMMA) (Wen et al., 2018); Integration of Kruskal-Wallis Test 

with Empirical Bayes under polygenic background control (pKWmEB) (Ren et al., 2018); 

Integration of Least Angle Regression with Empirical Bayes (pLARmEB) (Zhang et al., 2017); and 

Fast Multi-locus Random-SNP-Effect Mixed Linear Model (FASTmrMLM) (Tamba and Zhang, 

2018). All GWAS models were implemented using the mrMLM package in R (Wang et al., 2016). 

P-values were adjusted according to the Benjamini-Hochberg (1995) procedure, and those below 

0.05 were considered significant.  

Genotypes carrying one to six favorable alleles of significant MTAs were visualized using 

box plots to evaluate the effect of different combinations of favorable alleles. In addition, a 

stepwise linear regression analysis was conducted using the top six significant MTAs to understand 
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the nature of their effects on the associated traits. Each quantitative trait nucleotide (QTN) was 

modeled independently to assess its additive effect. Subsequently, interaction terms were 

introduced to the model to identify potential non-additive effects, such as epistasis. The analysis 

utilized linear regression models, with the significance of QTNs and their interactions determined 

based on t-values and p-values. If individual QTNs show a significant p-value at a critical value 

of α < 0.05, then the effect is considered additive. If the interaction terms are significant, it suggests 

the presence of non-additive effects.  

2.3.7 Co-localization of QTNs and relevant genes for water absorption capacity 

A co-localization analysis was done to reveal how closely significant QTNs were linked to 

genes previously reported to affect WAC either directly or indirectly through the synthesis of flour 

components such as gluten protein, starch, and arabinoxylans. The positions of the annotated genes 

involved in the synthesis of flour components and grain characteristics were retrieved from 

Ensemble Plants (https://plants.ensembl.org) with the International Wheat Genome Sequencing 

Consortium (IWGSC) RefSeq v1.0' Chinese Spring' (Appels et al., 2018). In addition, the 

KnetMiner (https://knetminer.com/cereals) wheat database was also used. Then, the positions of 

the genes were cross-referenced with the positions of the significant MTAs identified in this study.  

Using the calculated LD decay values of r2 = 0.3 as a threshold as a guideline (Figure 2.2), 

genes that are up to 4 Mb away from the significant QTNs were included as colocalized genes. To 

validate the associations between the identified genes and the QTNs within the specified search 

windows, an LD-block analysis was performed using the gpart package in R (Kim et al., 2019). 

This analysis aimed to confirm the robustness of the genetic associations uncovered in the GWAS 

results. 
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2.3 Results 

2.3.1 Phenotypic evaluations and correlations 

Summary statistics and heritability for SRCs and GPI are presented in Table 2.2. The SRC-

water ranged from 54.1% to 66.5%, with a mean of 59.0%. SRC-sucrose ranged from 74.5 to 

99.3%, with a mean of 87.6%. SRC-lactic acid ranged from 93.9% to 123.2%, with a mean of 

111.0%. GPI had a mean of 0.70 and ranged from 0.60 to 0.90. All SRCs and GPI showed moderate 

to high heritability (Table 2.2), with the lowest heritability (h² = 0.69 ± 0.04) recorded for SRC-

water and the highest heritability (h² = 0.88 ± 0.2) observed for SRC-sucrose. 

Pearson's correlation coefficients ranged from r = -0.62 to r = 0.83; all identified 

correlations were highly significant (p < 0.001) (Figure 2.3). A strong positive correlation (r = 

0.83; p < 0.001) was observed between SRC-water, which is the overall WAC, and SRC-carbonate, 

a proxy for the degree of damaged starch. Likewise, SRC-lactic acid, which is a measure of flour 

gluten strength, had a positive correlation (r = 0.38; p < 0.001) with SRC-sucrose, a measure of 

flour pentosan (arabinoxylan) concentration. 

 A negative correlation was observed between SRC-water and GPI (r = -0.62, p < 0.001). 

Strong positive correlations were observed among SRC-water, SRC-sucrose, and SRC-carbonate, 

with each correlation coefficient being above 0.70 (p < 0.001). Moderate correlations were 

observed between GPI and SRC-water (r = -0.45; p < 0.001), SRC-sucrose (r = 0.55; p < 

0.001), and SRC-lactic acid, as well as between SRC-lactic acid and SRC-water (r = 0.29; p < 

0.001) and SRC-sucrose (r = 0.38; p < 0.001). SRC-lactic acid and SRC-carbonate had a lower 

correlation (r = 0.22; p < 0.001).  
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2.3.2. Population structure  

Principal component analysis (PCA) was conducted to discern and account for population 

stratification. The first three principal components explained a combined 22.94% of the genetic 

variance (Figure 2.4, A and B). In the PCA plot (A) PC1 vs. PC2, three distinct clusters were 

evident. The clustering might be attributed to the genetic backgrounds of the genotypes from the 

three main parent varieties in the CSU wheat breeding program. Cluster one, mainly encompassing 

'Byrd' (PI 664257; Haley et al., 2012) and its derivatives, was positioned toward the higher end of 

PC2 and across PC1. Cluster two, consisting largely of 'Denali' (PI 664256; Haley et al., 2012) and 

its derivatives, fell at lower values on both PC1 and PC2. Cluster three, predominantly including 

'Snowmass' (PI 658597; Haley et al., 2011) and 'Snowmass 2.0' (PI 691605) and their derivatives 

genotypes, occurred at the upper end of both PC1 and PC2. However, some genotypes did not 

align closely with any primary cluster, suggesting mixed genetic backgrounds. In PCA plot (B), 

PC1 vs. PC3, genotypes from clusters one and three maintained positions similar to plot (A). 

However, cluster two genotypes displayed a more dispersed pattern, merging somewhat with the 

other clusters.  

To further elucidate the population structure, a Neighbor-Joining phylogenetic tree was 

constructed. Similar groupings were revealed among genotypes, with three major clades exhibiting 

substantial overlap and shared ancestral backgrounds (Figure 2.4 and Figure 2.5). The PCA and 

phylogenetic analyses provided clear visual representations of the genetic diversity and 

stratification within the studied genotypes. As such, a Q-matrix and a kinship matrix were included 

in the GWAS models to minimize spurious genotype-phenotype associations due to population 

substructure. 
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2.3.3 Genome-wide association study 

Considering each of the four SRCs and GPI, a total of 42 QTNs across 17 chromosomes 

were identified using six GWAS models, some of which were associated with multiple traits (Table 

2.3, Table 2.4; Figure 2.6). Chromosome 1B had the highest number of QTNs (11), with 

associations for each of the four SRCs and GPI. Chromosome 3B had five QTNs associated with 

SRC-sucrose and SRC-lactic acid. Chromosome 1A had four QTNs, three associated with SRC-

sucrose and one associated with both SRC-lactic acid and GPI. Chromosomes 5B, 6B, and 7A each 

had three QTNs associated with specific SRC phenotypes. Chromosomes 2D and 4D each had two 

QTNs associated with different SRCs, and the remaining chromosomes had a single QTN, while 

chromosomes 1D, 3D, 5D, and 7D had no significant associations. The highest number of QTNs 

were associated with SRC-sucrose and SRC-lactic acid (14 for each). Nine QTNs were associated 

with SRC-water, seven were associated with SRC-carbonate, and four were associated with GPI.  

The most significant QTN was S4D_39790394, identified by five different models with -

log10(p) values ranging from 8.36 to 12.16, which were associated with SRC-water and SRC-

carbonate. Another significant QTN was S1B_6922434, with -log10(p) values ranging from 6.93 

to 11.90, which was associated with both SRC-water and SRC-sucrose. A third significant QTN 

was S1B_591353377, which was associated with both SRC-sucrose with -log10(p) of 10.02 and 

SRC-lactic acid, with -log10(p) value of 11.60. with MAF of 0.41 

The proportion of phenotypic variance explained (R2) by individual QTNs ranged from 

1.58% to 13.15%, indicating small to moderate effects of individual QTNs (Table 2.3). The highest 

R2 value was observed for QTN S1B_8678756, which was associated with SRC-carbonate 

(explaining 13.15% phenotypic variance), while the minimum R2 value was for QTN 
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S1B_3282665 (1.58%), which was associated with SRC-water. Five QTNs (S1B_8678756, 

S4B_535089330, S1B_6922434, S4D_39790394 and S4D_472908721) exhibited ≥ 10% R2. 

Several QTNs were associated with more than one solvent retention capacity trait. Two 

QTNs, S1B_591353377 (R2 = 3.24% - 5.32%) and S6B_147637875 (R2 = 3.13% - 3.81%) were 

shared by SRC-sucrose and SRC-lactic acid. At the same time, S4B_535089330 (R2 = 3.77% - 

10.38%) and S4D_39790394 (R2 = 6.56% - 7.73%) were shared by SRC-water and SRC-

carbonate. Similarly, S1A_5190318 (R2 = 3.85% - 6.41%) was shared by SRC-lactic acid and GPI, 

while S1B_6922434 (R2 = 4.97% - 11.18%) was shared by SRC-water and SRC-sucrose.  

Some of the QTNs identified in this study, such as S2A_787541163 and S1B_3767944, 

both associated with SRC-lactic acid, were rare in the population with minor allele frequencies 

(MAFs) of 0.06 and 0.07, respectively. Other QTNs, like S4B_535089330 with 0.08 MAF and 

S4D_39790394 with 0.20 MAF, both associated with SRC-water and SRC-carbonate, also had low 

frequencies. In contrast, QTNs such as S1B_595397803 (SRC-lactic acid), S1B_649243794 

(SRC-carbonate), S5B_477143477, and S7A_3966595 (both SRC-water) were found at much 

higher frequencies, with MAFs of 0.49. The remaining significant QTNs were observed at 

moderate frequencies within the range between the highest and lowest MAFs observed. 

 In this study, several QTNs were captured by more than one model. Out of the 43 QTNs 

identified, 18 were captured by more than one model: eleven by two models, three by three models, 

three by four models, and one by five different models (Table 2.3, Table 2.4). The other 24 QTNs 

were identified by only one model. For instance, QTN S1B_649243794 was identified by the 

FASTmrEMMA, FASTmrMLM, ISISEM-BLASSO, mrMLM, and pKWmEB models, demonstrating 

associations with SRC-water and SRC-carbonate. Overall, both the FASTmrMLM and ISISEM-
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Bayesian Lasso models detected QTNs associated with each trait, whereas the pKWmEB model 

did not detect any QTN for SRC-water or GPI.  

Genotypes were grouped based on the favorable alleles of the significant marker-trait 

associations (MTAs) they carried to see the combined effects of the top six QTNs for each SRC 

trait. In general, with an increase in the number of favorable alleles present, the value of associated 

SRC traits also gradually increased (Figure 2.7). Genotypes carrying six favorable alleles for each 

SRC trait demonstrated a higher median value compared to genotypes carrying fewer than six 

QTNs. For all SRC traits, QTNs exhibited a more incremental additive effect with only small 

changes observed.  

Stepwise linear regression analysis of all SRC traits showed that individual QTNs were 

significant (α < 0.05), confirming that traits were affected by the associated QTNs in an additive 

manner. Analysis revealed no epistatic interactions among the markers, as evidenced by non-

significant interaction terms (Table 2.6). 

2.3.4 Co-localization of QTNs and relevant genes for water absorption capacity 

To validate the relevance of newly identified QTNs and to understand their relationship 

with established genetic markers, co-localization with known genes was investigated. Genes 

affecting WAC both directly and indirectly through flour components such as gluten, arabinoxylan, 

and damaged starch, as well as through grain hardness, were considered. Forty-three annotated 

genes colocalized with 15 of the 42 significant QTNs identified in this study (Table 2.7), with key 

genes like LMW-GS, gliadins, GT, and SS located near the significant QTNs. 

Some QTNs, such as S1B_3282665, S1B_3767944, S1B_6922434, S1B_7235112, and 

S1B_8678756, were located 1.72 Mb away from TraesCS1B02G010600, which encodes the Delta 

gliadin-B1 (Gli-B1-1) gene, and 1.68 Mb away from TraesCS1B02G010400, which encodes the 
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Gamma-gliadin-3 (Gli-B1-3) gene. These genes and the QTN 1B_3767944 are in strong LD, as 

evidenced in Figure 2.8 (d). Similarly, S1A_5190318 (associated with SRC-sucrose and SRC-

lactic acid) was located near TraesCS1A02G007405 (1.14 Mb), TraesCS1A02G007400 (1.15 Mb), 

TraesCS1A02G007300 (1.34 Mb), and TraesCS1A02G007700 (1.13 Mb), all encoding Gamma 

gliadin-A3 (Gli-A1-3) genes. S1A_5190318 is again located near TRITD1Av1G002790 (0.96 Mb), 

TRITD1Av1G002360 (0.14 Mb), and TRITD1Av1G002310 (0.24 Mb), known for encoding Low 

molecular weight glutenin genes (Glu-B3). LD block analysis in this region revealed that the QTN 

and the genes are in strong linkage disequilibrium (~ r2 = 0.9) (Figure 2.8 (a)). Additionally, on 

chromosome 1B, QTNs including S1B_3282665, S1B_3767944, S1B_6922434, S1B_7235112, 

and S1B_8678756, associated with various SRC traits, were found near TraesCS1B02G010600, 

TraesCS1B02G010500, TraesCS1B02G010400, and TraesCS1B02G011000, (1.56 Mb -1.89 Mb) 

which also encode gliadins.  

Other QTNs associated with all SRC traits and GPI, found on chromosomes 1B, 3B, 4D, 

6A, 6B, and 7A, were located near genes encoding the glycosyltransferase (GT) gene family. For 

example, S1B_66284969 (associated with GPI) on chromosome 1B is situated 0.73 Mb away from 

TraesCS1B02G083100, which encodes GT genes. Similarly, S1B_3282665 (associated with SRC-

water) is 1.59 Mb from TraesCS1B02G002100, which encodes GT genes. Additionally, QTNs such 

as S3B_576577312 (associated with SRC-lactic acid) is located near TraesCS3B02G313900 (2.23 

Mb), and S4D_472908721 (associated with SRC-water) is near TraesCS4D02G306800 (2.01 Mb), 

both encoding glycosyltransferase genes. S4D_472908721 is in strong LD with 

TraesCS4D02G306800 (~r2 = 0.9) (Figure 2.8 (e)).  

Likewise, S6A_6869286 (associated with SRC-lactic acid) is near TraesCS6A02G018000 

(1.92 Mb), S6B_147637875 (associated with SRC-sucrose and SRC-lactic acid) is near 
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TraesCS6B02G144400 (3.85 Mb), and S7A_31213757 (associated with SRC-sucrose) is near 

TraesCS7A02G057400 (3.60 Mb), all encoding GT genes. The LD-block analysis on 

chromosomes 1B and 7A showed that S1A_5190318 and S7A_31213757 are in strong LD 

(approximately r2 = 0.9) with the GT genes (Figure 2.8 (a) and (f), respectively). Moreover, two 

QTNs, S1B_595397803 (associated with GPI) located near TraesCS1B02G368500 (3.48 Mb) and 

S7A_37433960 (associated with SRC-sucrose) near TraesCS7A02G070100 (1.66 Mb), encode for 

starch synthase (SS) and chloroplastic/amyloplastic genes. 

2.4 Discussion 

Hard winter wheat is a preferred class for bread making due to its higher protein and gluten 

concentration, as well as its higher water absorption capacity (Mallory et al., 2012; Sapirstein et 

al., 2018). Genotypes included in this study exhibited lower average SRC-water values (59%), 

which is low for bread-making. SRC-water measures the overall water absorption capacity of the 

flour and is influenced by various flour components, such as damaged starch, pentosans, and gluten 

proteins. Reduced levels of SRC-water could be attributed to the absence of favorable alleles 

controlling these traits or, if present, to their low expression levels. Environmental stressors, which 

are common in the U.S. Great Plains, including drought and extreme temperatures, can 

significantly impact the expression of genes associated with end-use quality (Alsamman et al., 

2021; Pandey et al., 2022). These stressors also affect the synthesis of glutenin proteins (Ronga et 

al., 2020; Wan et al., 2022) and arabinoxylans (Henry et al., 1986; Tremmel-Bede et al., 2020). 

Each of the evaluated SRC traits and GPI showed moderate to high heritability, in 

agreement with previous reports (Cabrera et al., 2015; Smith et al., 2011). High heritability 

suggests that the greater portion of the variation in these traits is due to genetic factors, and 

selection can result in genetic improvements (Bernardo, 2014). The strong positive correlation 
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observed between SRC-sucrose and SRC-carbonate and the weak correlation observed between 

SRC-carbonate and SRC-lactic acid is consistent with other studies (Guttieri et al., 2001; Guzman 

et al., 2015). Furthermore, the strong positive correlation observed between SRC-water and both 

SRC-sucrose and SRC-carbonate indicates that the higher the pentosans and damaged starch in the 

flour, the higher the overall WAC, consistent with previous reports (Colombo et al., 2008; 

Duyvejonck et al., 2011; Gaines, 2000; Guttieri et al., 2001; Guzman et al., 2015).  

In this study, the observed sharing of QTNs among SRC traits and GPI, particularly 

between SRC-lactic acid and SRC-sucrose, SRC-lactic acid and GPI, and SRC-water and SRC-

carbonate, matches the observed phenotypic correlations between these traits. This alignment 

supports the previous findings of Guzman et al. (2015) and Jiang et al. (2017), reinforcing the 

genetic interconnectedness of these traits. Additionally, it suggests that the genes responsible for 

these traits could reside in the same region, or the same genes might affect both traits in a 

pleiotropic manner. 

The genotypes, grouped based on the favorable alleles from the top six QTNs, showed an 

increase in the associated trait value as the number of alleles increased. In the stepwise regression 

analysis, the individual QTNs were significant, while the interaction terms were non-significant, 

suggesting that the marker effects predominantly reflect additive genetic influences and the 

absence of non-additive effects. This additive effect indicates that each favorable allele contributes 

directly and independently to the phenotypic expression of SRC traits. This finding suggests that 

selecting these specific alleles in breeding programs would lead to improvements in SRC traits. 

Significant QTNs identified in this study were distributed across 17 chromosomes. 

Chromosomes 1A, 1B, and 3B are significant hubs harboring many QTNs (20 out of 42) that are 

associated with all SRCs and GPI, suggesting these chromosomes are the crucial regions for WAC 
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and flour components associated with WAC. Previous studies reported that significant QTNs and 

QTLs on chromosomes 1A and 1B are associated with WAC, grain hardness, grain weight, and 

milling traits (Aoun et al., 2022; Gaire et al., 2019; Garcia-Santamaria et al., 2018; Ibba et al., 

2021). At the same time, other studies have reported important QTLs in these regions for protein 

concentration, gluten concentration, starch concentration, and thousand kernel weight in both hard 

and soft wheat (Goel et al., 2019; Kerfal et al., 2010; McCartney et al., 2006; Pu et al., 2020). 

Current and previous studies suggest that, apart from the well-known gluten genes, there may be 

additional genes on chromosomes 1A and 1B that play a significant role in regulating the end-use 

quality of wheat. 

The proximity of some QTNs on chromosomes 1A and 1B to the glutenin (Glu-B3) and 

gliadin genes (Gli-A1-3, Gli-B1-1, Gli-B1-9, and Gli-B1-3) suggests their influence on wheat's 

water absorption capacity. The HMW glutenin genes are located on chromosomes 1A, 1B, and 1D 

at the Glu-A1, Glu-B1, and Glu-D1 loci, whereas LMW glutenin genes are located on the short 

arms of these chromosomes at the Glu-A3, Glu-B3, and Glu-D3 loci (Payne et al., 1980; Shewry 

et al., 2003). Gliadin genes are primarily located on the short arms of group 1 chromosomes (1A, 

1B, and 1D) at the Gli-A1, Gli-B1, and Gli-D1 loci. These loci encode gamma, delta, and omega 

gliadins. Additionally, the Gli-A2, Gli-B2, and Gli-D2 loci on the short arms of chromosomes 6A, 

6B, and 6D encode for alpha and beta gliadins (Branlard et al., 2001; Payne et al., 1984; Shewry, 

and Halford, 2002).  

The QTN S1A_5190318, which is associated with SRC-sucrose and SRC-lactic acid, was 

located near low molecular weight glutenin (Glu-B3) and gliadin (Gli-A1-3) genes. These genes 

were in strong LD (approximately r2 = 0.9) with S1A_5190318, suggesting the association between 

them is not random, and they can be inherited together. SRC-sucrose is the proxy for pentosan 
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(arabinoxylan) concentration and gliadin characteristics, while SRC-lactic acid is for glutenin 

characteristics, mainly gluten quality (Dubat et al., 2019; Labuschagne et al., 2021). The location 

of QTN S1A_5190318 near the glutenin and gliadin genes indicates its potential as a genetic 

marker. This marker could be instrumental in wheat breeding programs, especially for traits 

influenced by gluten proteins, such as water absorption capacity. 

Similarly, QTNs such as S1B_3282665, S1B_3767944, S1B_6922434, S1B_7235112, and 

S1B_8678756 were 0.14 Mb to 2.09 Mb away from the gliadin genes. These genes and the QTNs 

are in a strong LD (approximately r2 = 0.7) range, suggesting a non-random association between 

these QTNs and the gluten genes, indicating a strong likelihood of co-inheritance, implying that 

selecting gluten genes could enhance water absorption capacity in wheat.  

Arabinoxylans/pentosans are cell wall polysaccharides that make up 65–70% of the 

polysaccharide content in wheat and affect the water absorption capacity of the flour (Izydorczyk, 

2021; Kosik et al., 2017). Genes such as glycosyltransferase families, xyloglucan 

endotransglucosylase/ hydrolase (XTH) genes, and xylanases genes are reportedly involved in the 

regulation of pentosan synthesis and concentration (Lovegrove et al., 2013; Li et al., 2021). 

Glycosyltransferases are known for their involvement in the regulation of starchy and non-starch 

polysaccharides, including arabinoxylans (Li et al., 2021; Lovegrove et al., 2013). Some of the 

QTNs in this study, such as S1B_7235112 (SRC-carbonate), S1B_66284969 (GPI), 

S3B_576577312 (SRC-lactic acid), S4D_472908721(SRC-water) and S6B_147637875 (SRC-

sucrose and SRC-lactic acid) were located near the glycosyltransferase genes (GT) indicates that 

the crucial role of the GT genes in water absorption capacity of a wheat flour and synthesis of flour 

components such as arabinoxylans. Downregulating the expression of glycosyltransferase gene 
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families can reduce cell wall arabinoxylans in the endosperm by 40–50% (Izydorczyk, 2021; Kosik 

et al., 2017).  

In addition, QTNs from the current study, including S1B_649243794 (SRC-carbonate), 

S1B_648546585 (SRC-sucrose), and S1B_6922434 (SRC-water and SRC-sucrose) were 

colocalized with QTNs from previous reports such as S1B_642650411, S1B_651557718, and 

S1B_14665450 that are associated with total and water extractable arabinoxylans (Ibba et al., 

2021). Those QTNs from current and previous reports were located 2 Mb – 3 Mb away from each 

other. Given that the calculated LD decay (R2 = 0.3) is very long (3.7 Mb), the current result and 

previously reported QTNs are still in strong LD, and both likely carry the same underlying variant.  

Few QTNs, S1B_595397803 (associated with GPI) located near TraesCS1B02G368500 

(3.48 Mb) and S7A_37433960 (associated with SRC-sucrose) near TraesCS7A02G070100 (1.66 

Mb), encode for starch synthase (SS) and chloroplastic/amyloplastic genes. Starch synthase 

enzymes (SS) are responsible for the short chains of glucose polymers between branched clusters. 

These enzymes are important for the organization of the higher structure of starch granules (James 

et al., 2003). However, native starch (undamaged) absorbs relatively less water than damaged 

starch. In general, the proximal location of QTNs from the current study with annotated genes and 

previously reported QTNs and QTLs could be the conformation of the reliability of the marker-

trait associations in this study.  
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Chapter 2 Tables 

Table 2.1 Number of observations and unique genotypes used by trial and year. 

Year Trial 
Number of 
Locations 

Number of 
Observations Number of Unique Genotypes 

2017 AYNa 2 51 27 

 AYNDb 3 91 70 

 ELITEc 2 70 35 

2018 AYN 1 30 30 

 AYND 1 18 18 

 ELITE 4 155 50 

2019 ELITE 6 785 100 

2020 AYN 3 93 31 

 AYND 3 116 53 

 ELITE 4 600 100 

2021 ELITE 4 590 100 

 

 

Abbreviations are as follows: a Advanced Yield Nursery; b Advanced Yield Nursery of doubled 
haploid derived lines; c CSU Elite Trial. 
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Table 2.2 Summary of phenotypic variation and heritability of solvent retention capacity traits 
and gluten performance index.  

        Descriptive Statistics    Heritability 

Trait Mean       Minimum Maximum h2a Seb 

SRC-water (%) 59.0 54.1 66.5 0.69 0.04 

SRC-sucrose (%) 87.6 74.5 99.3 0.88 0.02 

SRC-lactic acid (%) 111.0 93.9 123.2 0.82 0.05 

SRC-carbonate (%) 84.9 74.1 93.9 0.80 0.04 

Gluten performance index 0.70 0.60 0.90 0.61 0.05 

  
 

Abbreviations: a broad sense heritability; b Standard error; SRC, solvent retention capacity. 
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Table 2.3 Significant quantitative trait nucleotides detected by each model based on the -log10(p) 
value. 

QTN Trait Model -log10(p) R2 (%) MAF 

S1A_353657879 SRC-S 3 6.04 2.75 0.42 

S1A_373624388 SRC-S 5 8.61 7.46 0.25 

S1A_377252109 SRC-S 6 6.09 2.65 0.21 

S1A_5190318 SRC-L, GPI 5,6 6.02, 7.18 3.85, 6.41 0.21 

S1B_3282665 SRC-W 3,4 6.28, 6.36 1.58, 4.32 0.22 

S1B_3767944 SRC-L 3 7.49 3.86 0.07 

S1B_432872392 SRC-S 4 6.79 5.28 0.20 

S1B_591353377 SRC-S, SRC-L 2,4 10.02, 11.60 3.24, 5.32 0.41 

S1B_595397803 SRC-L 6 7.47 4.01 0.49 

S1B_648546585 SRC-S 5,6 6.77, 9.53 5.34, 6.11 0.36 

S1B_649243794 SRC-C 2,3,4,5 6.65-8.23 3.17-5.25 0.49 

S1B_66284969 GPI 2 6.45 2.85 0.20 

S1B_6922434 SRC-W, SRC-S 1,2,5 6.93- 11.90 4.97-11.18 0.22 

S1B_7235112 SRC-C 5 7.71 9.51 0.22 

S1B_8678756 SRC-C 4,5,6 6.25-10.74 6.18-13.15 0.14 

S2A_787541163 SRC-L 4 7.54 2.79 0.06 

S2B_444557348 SRC-L 5 6.28 5.71 0.24 

S2D_18933955 SRC-C 3,6 5.85, 6.92 6.37, 8.37 0.10 

S2D_624600035 SRC-C 3 6.04 6.26 0.07 

S3A_741636006 SRC-L 1,2,4,6 5.81-9.58 2.13-5.53 0.42 

S3B_576577312 SRC-L 2,4 6.56, 8.82 4.56, 6.08 0.15 

S3B_609002613 SRC-S 3 7.69 3.59 0.22 

S3B_677739256 SRC-L 3,5 5.23, 7.53 5.62, 9.89 0.18 

S3B_772483971 SRC-L 6 6.96 3.16 0.19 

S3B_851549246 SRC-S 4,6 5.71, 6.53 2.62, 3.45 0.34 

S4A_698874476 SRC-S 2,3,4,6 5.93- 7.85 3.89-5.64 0.23 

S4B_535089330 SRC-W, SRC-C 2,4,6 5.87-8.63 3.77-10.38 0.08 

S4D_39790394 SRC-W, SRC-C 1,2,3,4,6 8.36-12.16 6.56-11.73 0.10 

S4D_472908721 SRC-W 3,5 8.67,11.41 6.53, 10.97 0.12 

S5A_551174071 SRC-S 6 6.75 2.37 0.29 

S5B_444994793 SRC-W 2 7.36 5.63 0.38 

S5B_444994802 SRC-W 4 6.54 7.19 0.38 

S5B_477143477 SRC-W 2 6.13 3.77 0.49 

S6A_6869286 SRC-L 6 7.63 3.5 0.35 

S6B_147637875 SRC-L, SRC-S 6 7.82 3.81 0.26 

S6B_163949211 GPI 3 6.46 3.32 0.13 

S6B_30806573 SRC-L 5 6.41 3.4 0.44 

S6D_49209864 SRC-L 3 6.13 2.48 0.25 

S7A_31213757 SRC-S 3,4 6.71, 7.77 2.70, 5.76 0.33 

S7A_37433960 SRC-S 5,6 7.14, 7.27 4.47, 7.41 0.34 

S7A_3966595 SRC-W 3 6.35 2.76 0.49 
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S7B_654488500 GPI 6 8.05 1.95 0.13 

 

 

Note: Numbers before and after the underscore indicate the chromosome and position of the QTN 
on the chromosome, respectively.  
Abbreviations: Model number 1, FASTmrEMMA; 2, FASTmrMLM; 3, ISISEM-BLASSO; 4, 
mrMLM[; 5, pKWmEB; 6, pLARmEB. Solvent retention capacity (SRC), SRC-W using water as a 
solvent, SRC-S using sucrose as a solvent, SRC-L using lactic acid as a solvent, SRC-C using 
sodium carbonate as a solvent; GPI, gluten performance index; QTN, quantitative trait nucleotide; 
LOD, logarithm of odds; R2, coefficient of determination indicating percent phenotypic variance 
explained; −log10p, −log of p-value; MAF, Minor allele frequency. 
  



77 

 

Table 2.4 Significant marker-trait associations identified in each chromosome. 

Chromosome QTN detected Traits  Models 

1A 4 SRCS-S, SRC-L 3,5,6 

1B 11 SRC-W, SRC-S, SRC-L, SRC-C, GPI 1,2,3,4,5,6 

2A 1 SRC-L 5 

2B 1 SRC-L 3,6 

2D 2 SRC-C 3 

3A 1 SRC-C 1,2,4,6 

3B 5 SRC-S, SRC-L 3,5,6 

4A 1 SRC-S 2,3,4,6 

4B 1 SRC-C 2,3 

4D 2 SRC-W, SRC-C 1,2,3,4,6 

5A 1 SRC-S 6 

5B 3 SEC-W 2,4 

6A 1 SRC-L 6 

6B 3 SRC-L, SRC-S, GPI 3,5,6 

6D 1 SRC-L 3 

7A 3 SRC-W, SRC-S 3,4,5,6 

7B 1 GPI 6 

 

 

Abbreviations: solvent retention capacity (SRC), SRC-water (SRC-W), SRC-sucrose (SRC-S), 
SRC-lactic acid (SRC-L), SRC-sodium carbonate (SRC-C), and gluten performance index (GPI). 
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      Table 2.5 The number of Significant marker-trait associations captured by each model. 

Model Number of QTNs detected Associated trait 
FASTmrEMMA 3 SRC-W, SRC-S, SRC-L, SRC-C 

FASTmrMLM 9 SRC-W, SRC-S, SRC-L, SRC-C, GPI 
ISIS EM-BLASSO 14 SRC-W, SRC-S, SRC-L, SRC-C, GPI 
mrMLM 12 SRC-W, SRC-S, SRC-L, SRC-C 

pKWmEB 11 SRC-S, SRC-L, SRC-C, GPI 
pLARmEB 16 SRC-W, SRC-S, SRC-L, SRC-C, GPI 
Total QTNs 65  

Unique QTNs 42  

QTNs identified by different models 22  

 

 

Abbreviations: SRC, solvent retention capacity; SRC-W, using water as a solvent; SRC-S, using sucrose as a solvent; SRC-L, using   
lactic acid as a solvent; SRC-C, using sodium carbonate as a solvent; GPI, gluten performance index. 
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Table 2.6 Summary results from stepwise linear regression of the top six quantitative trait 
nucleotides for each SRC traits         
 

 

 

 

 

 

 

Abbreviations: SRC solvent retention capacity, Std.Error, Standard error

Coefficients:(SRC-water)  Estimate  Std.Error  t value Pr(>|t|)  
Intercept 56.67 0.28 200.11 0.00E+00 

S1B_3282665 0.79 0.22 3.59 3.82E-04 

S4D_39790394  3.15 0.51 6.22 1.53E-09 

S5B_477143477  0.56 0.19 2.97 3.16E-03 

S7A_3966595  0.34 0.19 1.77 7.71E-02 

S1B_662659763  1.38 0.23 5.97 6.01E-09 

S4D_472908721  -0.25 0.48 -0.52 6.06E-01 

Interaction of all QTNs  0.51 0.77 0.67 5.05E-01 

Coefficients: (SRC-sucrose) Estimate Std.Error  t-value Pr(>|t|)  
Intercept 85.63 0.52 166.03 2.740681e-319 

S1A_373624388  -0.97 0.37 -2.67 8.04E-03 

S1B_6922434 0.74 0.84 0.87 3.83E-01 

S1B_432872392  1.76 0.88 2.00 4.59E-02 

S1B_648546585  -0.47 0.35 -1.37 1.71E-01 

S3B_609002613  2.40 0.43 5.52 6.91E-08 

S4A_698874476 2.31 0.44 5.26 2.55E-07 

Interaction of all QTNs 2.76 1.03 2.67 8.03E-03 

Coefficients:(SRC-lactic acid) Estimate  Std.Error  t-value Pr(>|t|)  
Intercept 108.76 0.42 257.39 0.00E+00 

S1B_3767944     3.84 0.95 4.04 6.56E-05 

S2A_787541163  3.18 1.05 3.02 2.73E-03 

S3A_741636006 1.84 0.47 3.88 1.25E-04 

S3B_576577312 0.61 0.69 0.89 3.76E-01 

S3B_677739256     3.75 0.61 6.09 3.10E-09 

S6A_6869286  0.37 0.47 0.79 4.31E-01 

Interaction of all QTNs -0.04 2.53 -0.02 9.88E-01 

Coefficients:(SRC-carbonate) Estimate  Std.Error  t-value Pr(>|t|)  
Intercept 68.68 0.69 99.447  2e-16  
S1B_7235112 1.63 0.38 4.31 2.13E-05 

S1B_649243794 1.70 0.36 4.71 3.71E-06 

S1B_654538334 0.23 0.41 0.56 0.017921 

S2D_18933955 1.89 0.45 4.16 4.15E-05 

S2D_624600035 1.47 0.49 2.98 0.00314 

S4D_39790394 4.96 0.61 8.10 1.09E-14 

Interaction of all QTNs 2.4108 1.6127 1.495 0.13589 
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Table 2.7 Summary of colocalized quantitative trait nucleotides identified in this study and annotated genes 

Gene-ID Chrom Significant QTNs Traits Distance Mbp Description 

TraesCS1A02G007405 1A S1A_5190318  SRC-L, GPI 1.14 Gamma gliadin-A3 

TraesCS1A02G007400 1A S1A_5190318  SRC-L, GPI 1.15 Gamma gliadin-A3 

TraesCS1A02G007300 1A S1A_5190318  SRC-L, GPI 1.34 Gliadin 

TraesCS1A02G007700 1A S1A_5190318  SRC-L, GPI 1.13 Gliadin 

TraesCS1B02G010600 1B S1B_3282665, S1B_3767944, 
S1B_6922434, S1B_7235112, 
 S1B_8678756 

All SRCs 1.72 Delta gliadin-B1 

TraesCS1B02G010500 1B S1B_3282665, S1B_3767944, 
S1B_6922434, S1B_7235112, 
 S1B_8678756 

All SRCs 1.7 Delta gliadin-B1 

TraesCS1B02G010400 1B S1B_3282665, S1B_3767944, 
S1B_6922434, S1B_7235112, 
S1B_8678756 

All SRCs 1.68 Gamma-gliadin 3 

TraesCS1B02G011000 1B S1B_3282665, S1B_3767944, 
S1B_6922434, S1B_7235112, 
S1B_8678756 

All SRCs 1.86 Gamma-gliadin B 

TraesCS1B02G011471 1B S1B_3282665, S1B_3767944, 
S1B_6922434, S1B_7235112, 
 S1B_8678756 

All SRCs 2.09 Gliadin 

TraesCS1B02G011300 1B S1B_3282665, S1B_3767944, 
S1B_6922434, 1B_7235112,  
S1B_8678756 

All SRCs 1.89 Gliadin 

TraesCS1B02G009877 1B S1B_3282665, S1B_3767944, 
S1B_6922434, S1B_7235112, 
 S1B_8678756 

All SRCs 1.56 Gliadin 

TRITD1Av1G002790 1A S1A_5190318  SRC-L/GPI 0.96 LMW-GS 

TRITD1Av1G002360 1A S1A_5190318 SRC-L/GPI 0.14 LMW-GS 

TRITD1Av1G002310 1A S1A_5190318 SRC-L/GPI 0.24 LMW-GS 

TraesCS1A02G196100 1A S1A_353657879 SRC-S 0.64 Glycosyltransferase2 

TraesCS1B02G023600 1B S1B_7235112, 1B_8678756, SRC-C 3.73, 2.29 Glycosyltransferase 

TraesCS1B02G023300   S1B_6922434, S1B7235112, 
 S1B_8678756  

SRC-W, SRC-S, 
SRC-C 

3.62,3.31,2.29 Glycosyltransferase 

TraesCS1B02G083100 1B S1B_66284969 GPI 0.73 Glycosyltransferase 

TraesCS1B02G023700 1B S1B_7235112, S1B_8678756 SRC-C 3.89, 2.45 Glycosyltransferase 

https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS1A02G007400;r=1A:4033339-4034196;t=TraesCS1A02G007400.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS1A02G007300;r=1A:3845783-3847150;t=TraesCS1A02G007300.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS1B02G009877;r=1B:4843142-4843762;t=TraesCS1B02G009877.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=1A:354294202-354300530;g=TraesCS1A02G196100;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS1B02G023600;r=1B:10973146-10975108;t=TraesCS1B02G023600.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=1B:67013640-67023156;g=TraesCS1B02G083100;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS1B02G023700;r=1B:11132536-11133051;t=TraesCS1B02G023700.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=1B:11132433-11133154;g=TraesCS1B02G023700;db=
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TraesCS1B02G080400 1B S1B_66284969 GPI 3.56 Glycosyltransferase 

TraesCS1B02G002100 1B S1B_3282665 SRC-W 1.59 Glycosyltransferase 

TraesCS2B02G312100 2B S2B_444557348 SRC-L 2.81 Glycosyltransferase 

TraesCS3B02G313900 3B S3B_576577312 SRC-L 2.23 Glycosyltransferase 

TraesCS3B02G465600 3B S3B_576577312 SRC-L 3.46 Glycosyltransferase 

TraesCS3B02G144500 3B S3B_576577312 SRC-L 2.73 Glycosyltransferase 

TraesCS3B02G144900 3B S3B_576577312 SRC-L 2.71 Glycosyltransferase 

TraesCS3B02G035000 3B S3B_576577312 SRC-L 1.89 Glycosyltransferase 

TraesCS3B02G143100 3B S3B_576577312 SRC-L 2.05 Glycosyltransferase 

TraesCS3B02G143300 3B S3B_576577312 SRC-L 2.19 Glycosyltransferase 

TraesCS4D02G307700 4D S4D_472908721 SRC-W 2.96 Glycosyltransferase 

TraesCS4D02G306800 4D S4D_472908721 SRC-W 2.01 Glycosyltransferase 

TraesCS4D02G307000 4D S4D_472908721 SRC-W 2.04 Glycosyltransferase 

TraesCS4D02G306900 4D S4D_472908721 SRC-W 2.03 Glycosyltransferase 

TraesCS4D02G307300 4D S4D_472908721 SRC-W 2.21 Xyloglucan 

TraesCS6A02G018200 6A S6A_6869286 SRC-L 1.99 Glycosyltransferase 

TraesCS6A02G017900 6A S6A_6869286 SRC-L 1.88 Glycosyltransferase 

TraesCS6A02G018000 6A S6A_6869286 SRC-L 1.92 Glycosyltransferase 

TraesCS6B02G144400 6B S6B_147637875 SRC-L, SRC-S 3.85 Glycosyltransferase 

TraesCS7A02G057400 7A S7A_31213757 SRC-S 3.6 Glycosyltransferase 

TraesCS7A02G002600 7A S7A_3966595 SRC-W 2.44 Glycosyltransferase 

TraesCS7A02G015900 7A S7A_3966595 SRC-W 2.83 Glycosyltransferase 

TraesCS1B02G368500 1B S1B_595397803 GPI 3.48 Starch synthase, 
amyloplastic 

TraesCS7A02G070100 7A S7A_37433960 SRC-S 1.66 Starch synthase, 
amyloplastic 

 

 

Abbreviations: Mbp, Mega base pair; SRC, solvent retention capacity; SRC-W, using water as a solvent; SRC-S, using sucrose as a 
solvent; SRC-L, using lactic acid as a solvent; SRC-C, using sodium carbonate as a solvent; GPI, gluten performance index; chrom, 
chromosome, LMW-GS, low molecular weight glutenin subunit. 

https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS1B02G080400;r=1B:62719857-62724509;t=TraesCS1B02G080400.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=1B:62718927-62725439;g=TraesCS1B02G080400;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS2B02G312100;r=2B:447361646-447368992;t=TraesCS2B02G312100.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=3B:504960134-504962438;g=TraesCS3B02G313900;db=
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=3B:504960134-504962438;g=TraesCS3B02G313900;db=
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=3B:504960134-504962438;g=TraesCS3B02G313900;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS3B02G144900;r=3B:133203593-133204114;t=TraesCS3B02G144900.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=3B:504960134-504962438;g=TraesCS3B02G313900;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS3B02G035000;r=3B:16983166-16984121;t=TraesCS3B02G035000.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=3B:504960134-504962438;g=TraesCS3B02G313900;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS3B02G143100;r=3B:132009718-132010732;t=TraesCS3B02G143100.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=3B:504960134-504962438;g=TraesCS3B02G313900;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS3B02G143300;r=3B:132089715-132091559;t=TraesCS3B02G143300.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=3B:504960134-504962438;g=TraesCS3B02G313900;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS4D02G307700;r=4D:475872512-475876443;t=TraesCS4D02G307700.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=4D:475871726-475877229;g=TraesCS4D02G307700;db=
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=4D:475871726-475877229;g=TraesCS4D02G307700;db=
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=4D:475871726-475877229;g=TraesCS4D02G307700;db=
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=4D:475871726-475877229;g=TraesCS4D02G307700;db=
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=4D:475871726-475877229;g=TraesCS4D02G307700;db=
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=6A:8866753-8869556;g=TraesCS6A02G018200;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS6A02G017900;r=6A:8753392-8755186;t=TraesCS6A02G017900.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=6A:8866753-8869556;g=TraesCS6A02G018200;db=
https://plants.ensembl.org/Triticum_aestivum/Location/View?r=6A:8866753-8869556;g=TraesCS6A02G018200;db=
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS7A02G057400;r=7A:27604540-27606596;t=TraesCS7A02G057400.1;db=core
https://plants.ensembl.org/Triticum_aestivum/Gene/Summary?g=TraesCS1B02G368500;r=1B:598877339-598884411;t=TraesCS1B02G368500.1;db=core
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Chapter 2 Figures 

 

 

      
 

 Figure 2.1 Distribution of Single Nucleotide Polymorphisms (SNPs) used in the current study 

      across Chromosomes 1A to 7D. 
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Figure 2.2 Scatterplot depicting Linkage Disequilibrium (LD) decay among 337 hard winter 
wheat genotypes. The plot shows the squared correlation coefficient (r2) against the genetic 
distance (in base pairs). The green line marks the threshold where LD drops to 50% of its 
maximum value. The LD decay value at this cutoff point is highlighted on the x-axis in green. 
This plot provides insights into the rate of LD decay, a crucial factor for genome-wide 
association studies in this population. 
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Figure 2.3 Pairwise correlation coefficients among traits studied in this study (SRCs and GPI) 
using best linear unbiased estimates (BLUEs) from across year-location analysis. The diagonal of 
the pair plot displays the frequency distribution for SRCs and GPI. The upper triangle shows 
Pearson's correlation coefficient (R) and the significance of the correlation for corresponding traits 
where *** Significant at the 0.001 probability level (p ≤ 0.001). The lower triangle displays 
bivariate scatterplots with fitted lines.  
Abbreviations: SRC, Solvent retention capacity, GPI, gluten performance index.  
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Figure 2.4 Scatter plot representing a) the first and second (PC1 and PC2) and b) the first and third (PC1 and PC3) principal 
components. The variance explained by each principal component is indicated in parentheses on each axis. Unique colors represent 
individual clusters. 
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Figure 2.5 The Neighbor-Joining phylogenetic tree visualized using the Interactive Tree of Life 
(iTOL) software. The tree was derived from the analysis of dataset X and shows the genetic 
relationships among the studied taxa. Each branch represents a taxon, and the length of the 
branches indicates the genetic distance between them. Branch points, or nodes, represent 
hypothetical common ancestors. 
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Figure 2.6 Manhattan plot illustrating -log10(p) values from a genome-wide association study 
(GWAS) of solvent retention capacity (SRC) traits, including SRC-water, SRC-sucrose, SRC-
lactic acid, SRC, carbonate, and gluten performance index (GPI) displayed with its -log10(p) 
value on the y-axis and its chromosomal position on the x-axis. The dashed horizontal line marks 
the genome-wide significance threshold of 5.8 (-log10(p). Points above this line highlight SNPs 
showing significant association with the traits under study. 
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Figure 2.7 The cumulative effects of the top six significant markers associated with each SRC trait. Each box represents the 
interquartile range of the distribution across locations, with the best linear unbiased estimates, with the median indicated by a 
horizontal line within the box. Data points outside the box are considered outliers. 

   Abbreviations: SRC, solvent retention capacity. 
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Figure 2.8 The LD (linkage disequilibrium) heatmap visualizes the strength of association between alleles at different loci on different wheat 
chromosomes. The color gradient, from red to yellow, indicates high to moderate linkage disequilibrium.  
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Chapter 3- Advancing Water Absorption Capacity in Hard Winter Wheat Using a Multivariate 

Genomic Prediction Approach  

 

3.1 Summary 

The water absorption capacity (WAC) of hard wheat flour affects end-use quality 

characteristics, including loaf volume, bread yield, and shelf life. Despite its importance, 

improving WAC through phenotypic selection is challenging. Phenotyping for WAC is time-

consuming and, as such, is often limited to evaluation in the latter stages of the breeding process, 

resulting in the retention of suboptimal lines longer than desired. This study investigates the 

potential of univariate and multivariate genomic predictions as an alternative to phenotypic 

selection for improving WAC. A total of 497 hard winter wheat genotypes were evaluated in multi-

environment advanced yield and elite trials over eight years (2014-2021). Phenotyping for WAC 

was done via the solvent retention capacity (SRC) using water as a solvent (SRC-W). Traits that 

exhibited a significant correlation (r ≥ 0.3) with SRC-W and were evaluated earlier than SRC-W 

were included in the multivariate genomic prediction models. Kernel hardness and diameter were 

obtained using the single kernel characterization system (SKCS), and break flour yield (B-Flour) 

and total flour yield (T-Flour) were included. Cross-validation showed the mean univariate 

genomic prediction accuracy of SRC to be r = 0.69 ± 0.01, while bivariate and multivariate models 

showed an improved prediction accuracy of r = 0.82 ± 0.00. Forward validation showed a 

prediction accuracy up to r = 0.81 ± 0.00 for a multivariate model that included SRC-W + All traits 

(SRC-W, Diameter, SKCS hardness and Diameter, F-Flour, and T-Flour). These results suggest 

that incorporating correlated traits into genomic prediction models can improve early-generation 

prediction accuracy. 
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3.2 Introduction 

The primary objective of wheat breeding programs is to improve grain yield to meet the 

increasing demand for wheat (Triticum aestivum L.) due to rapid population growth (Alahmad et 

al., 2022; Xiong et al., 2008). Population growth not only affects wheat quantity but also changes 

food preferences and consumption trends (Schneider et al., 2011; Xiong et al., 2008), driving the 

need to improve the milling, dough mixing, and baking quality required for a variety of wheat-

based foods like bread, noodles, crackers, cookies, pizza, and cereal bars.  

 The differences between hard and soft wheat classes are based on kernel texture, milling 

quality, protein strength, and water absorption (Bhave and Morris, 2008; Kiszonas et al., 2013; 

Souza et al., 2002).  Hard wheat is favored over soft wheat for bread and pizza doughs due to its 

higher protein concentration, higher water absorption, and stronger gluten (Katyal et al., 2017; 

Wieser, 2007). Water absorption capacity (WAC) influences dough characteristics such as dough 

extensibility, crumb texture, loaf volume (Zghal et al., 2001), bread yield (Puhr and D’Appolonia, 

1992), and shelf life (Pyler, 1979).  To optimize flour's WAC, one can use flour from a variety with 

a higher absorption capacity or add extracted gluten, though the latter is not cost-efficient. A variety 

with a higher WAC is preferable for its sustainability and cost-effectiveness. Developing such a 

variety is challenging, as important quantitative traits like grain yield and quality are influenced 

by environmental factors, such as weather conditions, soil fertility, and disease and insect pests, as 

indicated by Bilsborrow et al. (2013) and Hua et al. (2022). 

 The short time between harvesting and planting in winter wheat breeding programs often 

limits opportunities to collect WAC and other end-use quality data in a timely manner (Nelson et 

al., 2016). Phenotyping quality traits is time- and labor-intensive and may require larger grain 

samples that are often unavailable during early-stage line development (Jernigan et al., 2018; 
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Kiszonas et al., 2013; Sandhu et al., 2021). Consequently, selection for quality traits is often 

delayed, leading to advanced breeding lines or released varieties with desirable yields but 

suboptimal quality (Bassi et al., 2016; Jernigan et al., 2018).  

Genomic prediction is an indirect selection approach that enhances the accuracy of marker-

assisted selection (MAS) by using genome-wide markers to capture quantitative trait loci (QTL) 

with small to large effects (Bernardo, 2002; Hayes et al., 2009; Larkin et al., 2019; Meuwissen et 

al., 2001). It offers several key advantages over phenotypic selection, including early selection, 

enhanced accuracy through genomic data integration, and selection for traits that are difficult to 

measure. One of the critical improvements genomic prediction brings is in reducing cycle time and 

cost, particularly relevant in quality traits where delayed parental selection until quality data are 

available has traditionally been a bottleneck. By enabling earlier selection decisions, genomic 

prediction overcomes this limitation and increases the rate of genetic gain. Additionally, it provides 

more accurate predictions of genetic potential by leveraging genomic information. Lastly, genomic 

prediction enhances selection efficiency by considering multiple traits and markers, which leads 

to a more efficient and precise selection of genotypes with desirable quality traits (Shahi et al., 

2022). 

 The prediction accuracy of genomic prediction can be influenced by factors such as training 

population size, marker density, trait heritability, population structure, and relationship of the 

training population to selection candidates (Bassi et al., 2016; Larkin et al., 2019; Robertson et al., 

2019). Various approaches have been proposed to improve prediction accuracies, including 

reducing confounding factors like population structure, increasing training population size, and 

selecting appropriate models (Larkin et al., 2019; Sallam et al., 2020). These models may 

incorporate marker-trait association scores from genome-wide association studies (GWAS) 
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(Medina et al., 2021; Zhang et al., 2019), machine learning models (Jubair and Domaratzki, 2023; 

Zhang et al., 2019), multi-environment models (Guo et al., 2018; Tomar et al., 2021), and 

multivariate genomic prediction models that include correlated traits (Atanda et al., 2022; Guo et 

al., 2020; Montesinos-López et al., 2021; Winn, et al., 2023). Several studies have applied 

multivariate genomic prediction methods to quality traits (Azizinia et al., 2022; Ibba et al., 2020; 

Montesinos-López et al., 2021; Sandhu et al., 2021). While several studies (Battenfield et al., 2016; 

Guo et al., 2020; Sandhu et al., 2021) have reported genomic predictions for water absorption 

capacity (WAC) using and solvent retention capacity of water (SRC-W) for soft white winter 

wheat, literature focusing on genomic prediction of WAC and SRC-W in hard winter wheat appears 

to be lacking. 

 Forward prediction, which predicts future generations using previous generations' data as 

the training population, is often employed in breeding programs (Belamkar et al., 2018; Calvert et 

al., 2020; Jarquín et al., 2017). Forward prediction assesses the performance of genomic 

predictions for lines and environments not yet phenotyped (Haikka et al., 2020). Although previous 

studies have aimed to improve prediction accuracy by adjusting (filtering, cleaning, and using 

more balanced data) and cross-validating training populations (Combs and Bernardo, 2013; Hayes 

et al., 2009; Larkin et al., 2019), the true effectiveness of GS lies in its practical application in 

breeding programs and validating the performance of genomic predictions.  

 Water absorption capacity in hard winter wheat is an important breeding target. Despite the 

complex and time-consuming nature of phenotyping WAC, the use of genomic tools can efficiently 

enhance selection for WAC in generations where phenotyping is impractical or infeasible. To 

assess the potential of genomic prediction of WAC, the following objectives were addressed in the 

current study: (1) explore the association between WAC, flour yield traits, and early generation-
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applicable traits from the single kernel characterization system (SKCS), to determine their 

potential for inclusion in multivariate genomic prediction models; 2) to assess the accuracy of 

univariate and multivariate genomic prediction for WAC through cross-validation, and (3) 

determine the accuracy of genomic prediction in a breeding scenario through forward validation. 

3.3 Materials and Methods 

3.3.1 Germplasm 

A total of 497 hard winter wheat genotypes (experimental lines and check varieties) 

generated from the Colorado State University (CSU) wheat breeding program were utilized in this 

study. These genotypes were evaluated within their respective breeding cycles under different 

independent trials, including the CSU Elite Trial, the Advanced Yield Nursery (AYN), and the 

Advanced Yield Nursery comprised of doubled haploid lines (AYND). For a given nursery-year 

combination, genotypes phenotyped for quality traits may have been sampled from varying 

numbers of sites. A summary of the number of genotypes and observations in each nursery from 

2014 - 2021 is provided (Table 3.1). 

3.3.2 Experimental design and trait measurements 

The CSU Elite Trials were organized using resolvable, latinized row-column designs with 

partial replication, as per the methodologies outlined by John and Williams (1995) and Williams 

et al. (2011). Within the CSU Elite Trials, at a given location, half of the entries were replicated 

twice, and half were replicated once. In the AYNs, at a given location, roughly one-seventh of the 

entries were replicated twice, and the remaining entries were replicated once. All genotypes 

included in this study were evaluated at CSU wheat breeding program sites located in the Great 

Plains wheat growing region of eastern Colorado, USA. All trials were conducted "on farm" in 

grower cooperators' fields, except for those at the Agricultural Research, Development, and 



101 

 

Educational Center (ARDEC) in Fort Collins, CO, Plainsman Research Center in Walsh, CO, and 

the United States Department of Agriculture – Agriculture Research Service Central Great Plains 

Center in Akron, CO. The agronomic and crop management practices mirrored those adopted by 

the grower cooperators and were adjusted based on the standard practices at each site. Each plot 

measured 1.5 m wide and 3.7 m long and was planted in six rows. The seeding rate was 

approximately 1.73 million seeds hectare-1. All six rows of each plot were harvested, and a cleaned 

sample of the grain was used for subsequent quality analyses. 

In this study, traits included as covariates were chosen based on their phenotypic correlation 

with values from the solvent retention capacity (SRC) test using water as a solvent (SRC-W) and 

their timing in the data collection process relative to SRC-W. The phenotypic correlations are 

presented in Figure 3.1. Traits that would normally be evaluated after SRC-W in the overall testing 

scheme or traits showing a correlation of r ≤ [0.3] were excluded: grain protein concentration 

(GPRO), bake water absorption (BakeAbs), bake mixing time (BakeMT), bake loaf volume 

(BakeV), Mixograph tolerance (MixoT), Mixograph mixing time (MPT), Mixograph midline left 

slope (MLS), Mixograph midline right slope (MRS), Mixograph midline peak value (MPV), 

Mixograph midline peak width (MPW), and Mixograph midline right width (MRW). Traits utilized 

for subsequent analyses were SKCS kernel hardness and kernel diameter, break flour yield (B-

Flour), and total flour yield (T-Flour). The phenotyping details are presented only for the selected 

traits.  

All traits included in this study were analyzed in the CSU Wheat Quality Lab located in 

Fort Collins, CO, following the procedures of the American Association of Cereal Chemists 

International (AACC International, 2010). SKCS kernel diameter and kernel hardness were 

evaluated using 10-15 g of grain using the Single Kernel Characterization System 4100 
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(PertenInstruments, Springfield, IL; AACC International, 2010). Grain samples (50 g) for each 

genotype were tempered to 15 g kg-1 (15 %) moisture and milled using a modified Brabender 

Quadrumat Senior Mill (Brabender Instruments, NJ, USA). The material passing the first break 

roll was separated by a two-stage sieve where only the first break flour passes through the sieve. 

After measuring the first break flour, the remaining material underwent further milling over the 

reduction rolls. The T-Flour was measured (in g kg-1) as the combined total of white flour from the 

first and second mill streams. The B-Flour measured (in g kg-1) of the white flour from the first 

pass through the mill rolls. 

Water absorption capacity was determined from white flour samples using the SRC test 

using water as a solvent, according to AACC International (2010). Empty 2 mL microcentrifuge 

tubes were labeled and weighed for each sample. Each tube was then filled with 200 mg of flour 

for each sample. Tubes were mixed with 1 mL double distilled water and vortexed for 5 sec to 

suspend the flour. The mixture was then shaken for 20 min using a rotator, ensuring thorough 

mixing of the flour and water. Subsequently, samples were centrifuged for 15 min at 1000 g at 

room temperature. After centrifugation, the supernatant was removed, and the gel-containing tubes 

were dried for 10 min and then weighed. The gel (pellet) weight was calculated by subtracting the 

weight of the empty tube from the weight of the tube with the pellet. The SRC value for each 

sample was then calculated according to the following formula: 

𝑆𝑅𝐶(%) = [ 𝑝𝑒𝑙𝑙𝑒𝑡 𝑤𝑒𝑖𝑔ℎ𝑡(𝑔)(𝑓𝑙𝑜𝑢𝑟 𝑤𝑒𝑖𝑔ℎ𝑡(𝑔) − 1] 𝑥 [ (86)(100 − 𝑚𝑜𝑖𝑠𝑡𝑢𝑟𝑒(%) ] 𝑥 100 

 

Where SRC (%) is the solvent retention capacity in percentage, and moisture (%) is the flour 

moisture determined using a Foss DA1650 near-infrared spectrometer (Foss North America, 

Eden Prairie, MN). 
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3.3.3 Phenotypic data analysis 

Across trial-location-year, the best linear unbiased estimates (BLUEs) were calculated 

using the ASREML-R package in R statistical software (Butler et al., 2009; R Core Team, 2013). 

The following mixed linear model was used to estimate BLUEs across site-nursery-year 

combinations: 𝑦𝑖𝑗𝑘 = 𝜇 + 𝐺𝑖 +  𝑒: 𝑟𝑗 +  𝑒: 𝑐𝑘 + 𝜀𝑖𝑗𝑘 

Where yijk is the response variable for ith level of genotype, in the jth level of row, in the kth level of 

column; µ is the overall mean; 𝐺𝑖is the fixed genotype effect; e:𝑟𝑗  is the random row within the 

trial-location effect (𝑟𝑗~𝑁(0, 𝜎𝑗2)), 𝑒: 𝑐𝑘 the random column within the trial-location effect 

(𝑐𝑘~𝑁(0, 𝜎𝑘2)) and 𝜀𝑖𝑗𝑘 is the residual error term (𝜀𝑖𝑗𝑘~𝑁(0, 𝜎𝜀2)). Summary statistics (mean, 

minimum, maximum, and standard deviation) were calculated to assess the distribution of the data 

across the range of values in the population. Pearson correlation coefficients were calculated and 

visualized using the psych package in R (Revelle and Revelle, 2017).  

A multivariate genomic mixed linear model was performed to calculate the genetic 

correlations and variance components to estimate heritability for all traits included in this study. 

The following model was used:  𝑦 = 𝑋𝛽 + 𝑍𝑢 + 𝑒 

Where y is a matrix of observed phenotypic values (BLUEs) for the five traits, each column in y 

represents one of the traits (SRC-W, SKCS kernel hardness, SKCS kernel diameter, T-flour, B-

flour), and each row corresponds to an individual; β is a vector of fixed effects; X is the design 

matrix for the fixed effects; u is a vector of random effects (BLUPs); Z is the design matrix relating 

genotypes to the BLUEs; and e is a vector of residual errors. Genomic heritability was calculated 

as follows: 
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ℎ2 = σ𝑔2σ𝑔2 + 𝜎𝜀2 

Where 𝜎𝑔2 is the genetic variance and 𝜎𝜀2 is the residual error. 

3.3.4 Genotyping 

Genotyping was done using genotyping-by-sequencing (GBS; Elshire et al., 2011). 

Genomic DNA was extracted from one-week-old wheat leaves in a 96-well format using the 

MagMax14 plant DNA kit and quantified using PicoGreen (Thermo Fisher Scientific, MA, USA) 

assays. For GBS library construction, a modified protocol from Poland et al. (2012) was used to 

create libraries (384-plex), which were sequenced on an Illumina HiSeq2500 platform at the 

University of Illinois. Single nucleotide polymorphism (SNP) calling was performed using the 

TASSEL 5.0 GBSv2 pipeline (Glaubitz et al., 2014), with a 64-base k-mer length and a minimum 

k-mer count of five. Sequences were aligned to the International Wheat Genome Sequencing 

Consortium (IWGSC) RefSeq v2.0 ‘Chinese Spring’ wheat reference sequence (Appels et al., 

2018) using the Burrows-Wheeler aligner version 0.7.10 (Li and Durbin, 2009).  

The raw SNP data generated from the TASSEL pipeline were filtered to remove individuals 

with more than 50% missing data and average heterozygosity greater than 30%. Markers were 

filtered to select biallelic SNPs with a minor allelic frequency greater than 5%, less than 10% 

missing data, and average heterozygosity less than or equal to 10%. Missing GBS data were 

imputed using the Beagle algorithm (Browning et al., 2018). All unaligned SNPs were dropped 

from the dataset prior to imputation. After filtering and imputation, 23,130 SNPs were used for 

subsequent analyses.  
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3.3.5 Univariate and Multivariate Genomic Prediction 

Univariate genomic prediction for SRC-W was performed using a genomic best linear 

unbiased prediction (GBLUP) model using ASREML function with ASREML-R package as 

follows: 𝑦 =  𝑋𝛽 +  𝑍𝑢 + 𝜀𝑖 

Where u represents the vector of genotype effects, assumed to follow a normal distribution u ~ 

N(0, Gσu2), with G being the genomic relationship matrix which is calculated using the GRM 

function from the gaston package in R (Perdry, 2022) and σu2 is the variance of individual 

genotype effects; β is the vector of fixed effects (the overall mean); and X and Z are the design 

matrices associated with fixed and random effects, respectively. The design matrix Z has m markers 

in its columns and no observed genotypes in its rows. The residual error at the ith locus, represented 

by 𝜀𝑖, is assumed to have a normal distribution 𝜀𝑖 ~ 𝑁(0, 𝐼𝜎𝜀2), where I is the identity matrix, and 

σ²ε is the residual error variance. The genomic estimated breeding value (GEBV) was calculated 

as the sum of the additive allele effects for a given genotype (Chen and Zhang, 2018; VanRaden, 

2008). 

 Multivariate genomic prediction was carried out using ASREML-R. A general interpretation 

of the multivariate model is described as follows: 𝑦 = 𝑋𝛽 + 𝑍𝑢 + 𝜀𝑖 

Where y is an n x m matrix of observations, where n represents the number of observations and m 

indicates the different traits with each column in y corresponding to a different trait; X is the design 

matrix that corresponds to fixed effects (overall mean); β is a matrix of fixed effects, each column 

of which associated with a different trait; Z represents the design matrix of random effects and 

includes the genotypes of individuals; u is a vector representing the genotype effects, assumed to 

follow a multivariate normal distribution, denoted as u ~ N(0, GA) with G representing the genomic 
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relationship matrix and A being an unstructured covariance matrix that captures the variance and 

covariance of the genetic effects across the traits; 𝜀𝑖 is an n x m matrix of residual errors with n 

rows corresponding to each observation and m columns representing each trait. Each residual error 

indicated as 𝜀𝑖 at the ith locus is assumed to follow a multivariate normal distribution, expressed 

as 𝜀𝑖~ N(0, IR) where I is the identity matrix and R is an unstructured covariance matrix capturing 

the variance and covariance of the residuals across traits. The genomic estimated breeding values 

(GEBVs) were calculated for each trait as the cumulative sum of the additive allele effects for a 

specific genotype.  

 The accuracy of genomic prediction was assessed through both cross-validation and 

forward validation. In cross-validation, the dataset was randomly split into training (80%), and 

testing (20%) sets, and the model was trained to predict GEBVs for the testing set. This process 

was repeated 100 times with different random subsets of the data for training and testing to evaluate 

the prediction accuracy of the model. Prediction accuracy was considered as the Pearson 

correlation coefficient (r) between the GEBVs and the observed data (BLUEs). The prediction 

accuracy of all models was visualized using a box plot constructed with the ggplot2 package in R 

(Wickham, 2006). 

The forward validation process involved the same 497 genotypes that were part of the 

cross-validation between 2014 and 2021. Seven different validation sets were formed using the 

CSU Elite Trial data from 2019-2021. Firstly, the BLUEs from the Elite trial were used as a 

validation set (FV_2019, FV_2020, and FV_2021). Subsequently, the data from each year with 

another year were combined to create two-year forward validation sets, designated as 

FV_2019and2020, FV_2019and2021, and FV_2020and2021. Finally, the data from all three years 

were assigned as a validation set (FV_2019-2021). The data remaining after the exclusion of the 
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validation set were utilized as the training set for the corresponding evaluation. Unlike cross-

validation, the entire prediction process in forward validation is non-iterated, making it a fixed, 

one-time assessment based on the initial data split. The number of observations for each genotype 

in each year is described (Table 3.1).  

 In both cross-validation and forward-validation multivariate genomic prediction, only the 

data for SRC-W in the validation set were masked for prediction in the training set. However, the 

data for the correlated traits of these genotypes remained in the model. For instance, during forward 

prediction model training, the SRC-W data for 58 genotypes from three years of CSU Elite Trials 

(2019-2021) were masked, while the covariate trait values associated with these genotypes were 

included in the models. 

3.4 Results 

3.4.1 Phenotypic variation  

Summary statistics demonstrate that there is considerable genotypic variation for each trait 

(Table 3.2). SKCS kernel hardness displayed the greatest range between its minimum (49.2) and 

maximum values (86.6), indicating a wider variance in the total population for this trait. The mean 

SRC-W was 60.6 %, with a minimum of 54.4 % and a maximum of 71.1 %. Traits exhibited 

moderate heritability values, ranging from 0.50 ± 0.09 to 0.59 ± 0.08 (Table 3.2). The trait with 

the highest heritability was B-Flour (ℎ2 = 0.59 ± 0.08), with a mean of 47.5 g kg-1, followed by 

SRC-W with (ℎ2 = 0.58 ± 0.09). The lowest heritability ℎ2 = 0.50 ± 0.08 was observed for 

SKCS kernel diameter.  

The Pearson correlation results showed both strong positive and negative correlations 

between the variables. The strongest positive correlation (r = 0.82, p < 0.001) was observed 

between B-Flour and T-Flour, whereas the strongest negative correlation (r = -0.75, p < 0.001) was 
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observed between SRC-W and B-Flour (Figure 3.2 A). Similarly, T-Flour showed a significant 

negative correlation (r = -0.54, p < 0.001) with SRC-W. SKCS kernel hardness showed a 

significant positive correlation (r = 0.61, p < 0.001) with SRC-W and a significant negative 

correlation with B-Flour (r = -0.68, p < 0.001) and T-Flour (r = -0.46, p < 0.001). However, no 

correlation (r = 0.00, p > 0.05) was observed between SKCS kernel diameter and T-Flour, and a 

very weak correlation (r = 0.06, p > 0.05) was observed between SKCS kernel hardness and SKCS 

kernel diameter. 

 Genetic correlation values ranged from r = -0.76, p < 0.001, to r = 0.74, p < 0.001 (Figure 

3.2B). There were observable differences compared to the phenotypic correlations, while some 

changed in magnitude. For instance, the phenotypic correlation between SKCS kernel hardness 

and T-Flour (r = -0.46, p < 0.001) was decreased in the genetic correlation (r = -0.21, p < 0.05). 

The same trend was shown for the genetic correlation between SRC-W and T-Flour, which reduced 

from (r = -0.54, p < 0.001) for the phenotypic correlation to r = -0.42, p < 0.01 for the genetic 

correlation. However, no change in the direction of the correlation was observed.  

3.4.2 Univariate and multivariate models  

The prediction accuracies of the univariate, bivariate, and full multivariate models for 

predicting SRC-W were validated using a cross-validation approach. These models exhibited 

varying degrees of accuracy, ranging from r = 0.69 ± 0.005 to r = 0.82 ± 0.003 (Figure 3.3). The 

analysis encompassed a progression from a univariate model to four bivariate models, concluding 

with a full multivariate model. The univariate model, utilizing only SRC-W as a predictor, showed 

a prediction accuracy of r = 0.69 ± 0.005. When SKCS kernel diameter was included in the first 

bivariate model, there was a marginal improvement in the prediction accuracy to r = 0.70 ± 0.004, 

representing only a one percent increase over the univariate model.  
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A higher prediction accuracy of r = 0.78 ± 0.004 was observed in the second bivariate 

model that included SKCS kernel hardness. This model demonstrated a notable 9% improvement 

over the univariate model. Regarding the two other bivariate models that integrated milling-related 

traits, prediction accuracy with the inclusion of T-Flour was r = 0.75 ± 0.004 and r = 0.82 ± 0.003 

with the inclusion of B-Flour. The multivariate model, which combined all grain and flour-related 

traits, showed a prediction accuracy of r = 0.82 ± 0.003, identical to the highest accuracy observed 

with the bivariate model incorporating B-Flour. This represents a 13% prediction accuracy 

improvement over the univariate model, making it the highest accuracy observed among the six 

models. 

3.4.3 Forward prediction accuracies in the CSU Elite trials 

Forward validation was also done to assess the accuracy of the univariate, bivariate, and 

multivariate models. Data were partitioned into one-year, two-year, and three-year forward 

validation sets. In the three-year validation set (FV_2019-2021), the prediction accuracy ranged 

from r = 0.65 for the univariate model to r = 0.81 for the SRC-W + B-Flour bivariate model and a 

model including all measured traits (Figure 3.4). The bivariate model, including SRC-W and SKCS 

kernel hardness, had a prediction accuracy of r = 0.75, marking a 10% improvement compared to 

the univariate model from the FV_2019-2021 set. On the other hand, the inclusion of SKCS kernel 

diameter exhibited very little improvement in prediction accuracy (r = 0.66), only a one percent 

improvement from the univariate model. 

 Among all validation sets, the single-year set (FV_2019) exhibited the highest multivariate 

prediction accuracy (r = 0.93), as indicated by the multivariate model (Figure 3.5), which 

represents a 12% increase over the highest prediction accuracy observed from the three-year 

validation set (FV_2019-2021). Conversely, the lowest prediction accuracy range was found for 
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the FV_2021 set, with values ranging from r = 0.44 (for the univariate SRC-W model) to r = 0.61 

(for the multivariate SRC-W + All traits model) model (Figure 3.5). This marks a 20% decrease 

from the highest prediction accuracy observed for the FV_2019-2021 set and a substantial 32% 

decrease compared to the FV_2019 single-year validation set. Generally, all sets, including various 

combinations from the FV_2021, exhibited lower accuracies than those excluding FV_2021. The 

FV_2021 set comprised 33 genotypes, while the FV_2020 and FV_2019 sets had 29 and 37 

genotypes, respectively. Notably, the FV_2019 set outperformed others in prediction accuracy, 

with sets integrating 2019 CSU Elite Trial data showing modest improvements. 

3.5. Discussion 

In the current study, a historical dataset of hard winter wheat quality data from multiple 

sites and years was analyzed together with their genotypic data. Univariate and multivariate 

models were compared in terms of their prediction accuracy for water absorption capacity as 

measured using the SRC test with water as a solvent (SRC-W). Both cross and forward-validation 

approaches were employed to validate the robustness and predictive accuracy of the models tested. 

Generally, for both cross-validation and forward prediction, the accuracy of predictions improved 

in multivariate models when the covariate demonstrated higher or nearly identical heritability and 

showed a significant correlation with the target trait. Traits used as covariates in this study include 

SKCS kernel hardness and diameter, break flour yield, and total flour yield. 

The moderate heritability observed for all traits included in this study suggests a balance 

between genetic and environmental influences on their expression. This balance implies the 

potential for effective selection while also underscoring the role of environmental or management 

interventions in affecting their expression (Bernardo, 2002; Holland et al., 2003). Traits such as B-

flour, T-flour, and SKCS kernel hardness showed almost the same heritability and a strong positive 
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correlation with SRC-W, and when included in the models, they led to improved prediction 

accuracies. However, the SKCS kernel diameter showed a weak correlation with SRC-W, and its 

inclusion as a covariate did not result in an appreciable improvement in prediction accuracy. This 

indicates that strong correlations and heritability are the main factors in improving prediction 

accuracy in multivariate models, in agreement with previous studies (Crossa et al., 2017; Ibba et 

al., 2020).  

The multivariate (SRC-W + All traits) and bivariate model (SRC-W + B-Flour) models 

showed a 13% increase in prediction accuracy compared to the univariate and the other bivariate 

models. These results underscore the significance of multivariate models over univariate models 

and indicate that these two models were the best fit for the data, successfully capturing the 

underlying genetic variation. Similarly, the bivariate model that included SRC-W and SKCS 

kernel hardness showed increased prediction accuracy. Here's how these three traits interplay: 

harder grains require greater milling force, which leads to increased starch damage, which in turn 

increases the water absorption capacity during dough mixing (Arya et al., 2015; Kweon et al., 

2011; Sapirstein et al., 2018). On the other hand, B-Flour is negatively correlated with grain SKCS 

kernel hardness as harder grains produce less B-Flour, and thus more of the total product must pass 

over the reduction rolls, leading to greater starch damage and thus increased water absorption 

(Hogg et al., 2004; Symes, 1969). This suggests that both B-Flour and SKCS kernel hardness are 

critical traits that, in combination, influence the water absorption capacity of the milled flour and, 

by extension, the predictive accuracy of the models. 

Previous studies have shown the effectiveness of multivariate models over univariate 

models. Gill et al. (2023) in winter wheat and Bhatta et al. (2020) in barley (Hordeum vulgare L.) 

found that a multivariate model outperformed a univariate model in predicting grain yield using 
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agronomic traits as covariates. Similarly, Montesinos-López et al. (2021) reported improved 

prediction accuracy for grain yield with multivariate models using quality traits as covariates 

compared to univariate models with no covariates. Moreover, multivariate models outperformed 

univariate models for predicting grain yield and quality traits in wheat (Guo et al., 2020; Lozada 

and Carter, 2020; Sandhu et al., 2021). These findings support the advantages of utilizing 

multivariate models for predicting wheat quality traits, leading to improved prediction accuracy 

compared to univariate models. Incorporating a correlated trait in multivariate models may not 

always result in improved prediction accuracy, especially when the covariate has low heritability, 

and the correlation is not strong (Shahi et al., 2022; Sun et al., 2017). The correlation between 

SKCS kernel diameter and SRC-W was significant but relatively lower in magnitude, resulting in 

no improvement in prediction accuracy compared to the univariate model. This might be due to 

environmental variation or interactions that weren't captured by the respective models or due to 

the traits not being correlated (Sandhu et al., 2022). Other reports have also shown no improvement 

in certain multivariate models, including Lado et al. (2018) for wheat baking quality traits and 

Schulthess et al. (2016) for grain yield and protein concentration in rye (Secale cereale L.). 

In this study, forward validation accuracy was similar to that observed for cross-validation 

(less than a five percent difference between the two validation approaches), indicating that the 

models would tend to be useful in a breeding program for predicting individuals that were not part 

of the training panel (unseen data) (Battenfield et al., 2016; Yadav et al., 2021). Such performance 

is a testament to a robust model that is applicable beyond its training data (Yadav et al., 2021). The 

similar prediction accuracy between the two validation methods further emphasizes the model's 

consistent performance, regardless of the validation approach used.  
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In most cases, achieving higher prediction accuracy for forward validation is challenging, 

as it involves predicting future outcomes where environmental conditions, management practices, 

and other factors may differ from the data used in the training set (Hoffstetter et al., 2016; Jarquín 

et al., 2017; Juliana et al., 2018; Lozada and Carter, 2020). Several possible reasons account for 

the higher prediction accuracy observed in this study using both validation approaches. One reason 

is that the genotypes used in both the validation and training sets were sourced from the same 

breeding program, suggesting a high probability of a shared genetic background. This similarity 

in genetic makeup can increase the representativeness of the training set, potentially leading to 

improved prediction accuracy (Battenfield et al., 2016). Another reason might be the quality of the 

phenotypic data used, which can significantly affect prediction accuracy. Accurate phenotypic data 

is a primary driving factor for increased prediction accuracy and genetic gain, and genomic 

prediction, in turn, relies on the quality of this phenotypic data (Bartholomé et al., 2022; Beyene 

et al., 2019; Sandhu et al., 2021). Another common concern is overfitting, where a model performs 

well on training data but underperforms with new data (Montesinos López et al., 2022). However, 

the similar accuracies observed in this study for both cross-validation and forward validation 

mitigate these concerns. In essence, the observed higher prediction accuracies suggest that the 

models are reliable, robust, and well-suited for generalizing to new individuals. 

The comparable prediction accuracy results observed with both validation approaches 

contrast with previous reports of higher prediction accuracy from forward validation over cross-

validation. For instance, Zhang et al. (2022) reported higher prediction accuracy with forward 

validation for Fusarium head blight resistance in hard winter wheat. Similarly, Haikka et al. (2020) 

observed a slight increase in prediction accuracy using forward validation in their genomic study 

of Finnish oats (Avena sativa L.) and barley. Azizinia et al. (2023) also reported improved forward 
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prediction accuracy in multi-trait prediction for wheat quality. Furthermore, Fradgley et al. (2023) 

in wheat and Zystro et al. (2020) in sweet corn (Zea mays L.) also observed higher forward 

prediction accuracy than with a cross-validation approach.  

However, several authors have reported lower prediction accuracies with forward 

validation. Jarquín et al. (2017) found lower prediction accuracy (by 37%) for grain yield in wheat 

using a forward validation approach. Similarly, Battenfield et al. (2016) reported a 19% decrease 

in forward-validation than cross-validation, and Sweeney et al. (2019) also reported reduced 

prediction accuracy (by 35%) from forward-validation for wheat end-use quality traits. Dawson et 

al. (2013) observed lower prediction accuracy (lower by 17%) from a forward validation approach 

for wheat grain yield. 
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Chapter 3 Tables 

Table 3.1 Number of observations and genotypes used in this study per year per trial. 

Year Trial No. of 
Locations 

Number of 
Observations 

Number of Genotypes 

2014 AYNDa 3 105 35 

2015 
AYNb 2 56 29 

ELITEc 2 68 34 

2016 
AYN 3 99 33 

ELITE 5 165 33 

2017 ELITE 4 140 35 

2018 
AYN 3 90 30 

ELITE 5 95 19 

2019 

AYN 3 75 25 

AYND 3 78 35 

ELITE 6 185 37 

2020 

AYN 3 93 31 

AYND 3 96 33 

ELITE 4 116 29 

2021 
AYN 2 52 26 

ELITE 3 99 33 

 

Abbreviations: a Advanced doubled haploid yield nursery. b Advanced yield nursery. c CSU Elite Trial 
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Table 3.2 Summary statistics for quality traits included in this study. 

Traits Mean Mina Maxb SDc h2d SE h2e 

SRC-W 60.6 54.4 71.1 2.75 0.58 0.09 

SKCS kernel diameter 2.6 2.3 2.9 0.09 0.50 0.09 

SKCS kernel hardness 68.7 49.2 86.6 6.14 0.57 0.09 

B-Flour 47.5 34.5 54.1 3.06 0.59 0.08 

T-Flour 69.3 62.1 74.3 1.76 0.55 0.08 

 

 Abbreviations: a minimum; b maximum; c standard deviation; d heritability; e standard error of the 
heritability. SRC-W refers to the solvent retention capacity using water as a solvent, SKCS refers to a 
single kernel characterization system, B-Flour refers to break flour yield, and T-Flour refers to total flour 
yield. 
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Chapter 3 Figures 
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Figure 3.1 Pearson correlation coefficients between end-use quality traits of hard winter wheat genotypes. The correlation coefficients 
are numerically displayed on the lower half of the plot and on the upper half by color-coded circles: blue for positive associations and 
red for negative ones. The intensity and size of the circles correlate with the strength of the relationship. The scale on the right 
indicates the correlation values, with 1 being a perfect positive correlation, -1 a perfect negative correlation, and 0 indicating no 
correlation.  
Abbreviations: Grain protein (GPRO), SKCS kernel hardness (Hardness), SKCS kernel diameter (Diameter), bake absorption 
(BakeAbs), bake mixing time (BakeMT), bake volume (BakeV), Mixograph tolerance (MixoT), Mixograph mixing time (MPT), 
Mixograph midline left slope (MLS), Mixograph midline right slope (MRS), Mixograph midline peak value (MPV), Mixograph 
midline peak width (MPW), Mixograph midline right width (MRW), total flour yield (T-Flour), break flour yield (B-Flour) and 
solvent retention capacity using water as a solvent (SRC-W).  
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Figure 3.2 Phenotypic and genetic correlation among measured traits. [A] Pearson’s correlation coefficient plot in which histograms 
and trait names are displayed on the central diagonal. The traits represented include solvent retention capacity using water as a solvent 
(SRC-W), single kernel characterization system (SKCS), SKCS kernel diameter (Diameter), SKCS kernel hardness (Hardness), break 
flour yield (B-flour), and total flour yield (T-Flour). The scatterplots of the traits and smoothed regression lines are shown in the lower 
half of the boxes. The values on the upper half of the diagonal represent the correlation coefficients between the traits. The 
significance of the correlation for corresponding traits where ns = non-significant, ∗= 0.05, ∗∗= 0.01, and ∗∗∗= 0.001. If no stars are 
present, the correlation of the variables indicated by the boxes is not significant. [B] Heatmap correlation plot, which illustrates the 
pairwise genetic correlations between variables in the dataset. Each cell in the grid represents the genetic correlation coefficient 
between two variables, with color intensity indicating the strength and direction of the correlation. The darker blue colors indicate 
stronger positive correlations, the darker red colors indicate stronger negative correlations and lighter colors indicate weaker or no 
correlation. 
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Figure 3.3 Cross-validation prediction accuracy (r) of six different genomic selection models. The x-axis displays the model type, with 
the trait names such as solvent retention capacity using water as a solvent (SRC-W), single kernel characterization system (SKCS) 
kernel diameter (Diameter) and kernel hardness (Hardness), total flour yield (T-Flour), break flour yield (B-Flour), and All traits when 
all covariates were included in the model. The "+" symbol indicates that multiple traits are included in the model. The y-axis 
represents the correlation coefficient (r) between the genomic estimated breeding value and the best linear unbiased estimated value. 
Each box represents the interquartile range of the distribution of correlation coefficients, with the median indicated by a horizontal line 
within the box. Data points outside the box are considered outliers. 
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Figure 3.4 Bar charts of forward-validated prediction accuracies for solvent retention capacity 
using water as a solvent (SRC-W) derived from three years of Colorado State University (CSU) 
Elite Trials conducted by the Colorado State University Wheat Breeding Program. The prediction 
accuracy represented as Pearson's correlation coefficient (r) is shown on the y-axis and is also 
explicitly displayed on top of the corresponding bar. The x-axis shows the names of the 
respective models tested – one univariate, four bivariate, and one comprehensive multivariate 
model, in that order. Covariates are included in the models with Diameter (SKCS kernel 
diameter), Hardness (SKCS kernel hardness), B-flour (break flour yield), and T-Flour (total flour 
yield).  
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Figure 3.5 Forward-validated prediction accuracies for solvent retention capacity using water as a solvent (SRC-W), derived from 
three years of CSU Elite Trials conducted by the Colorado State University Wheat Breeding Program. The data are organized as 
single-year and two-year combinations. The y-axis represents the prediction accuracy, measured as Pearson's correlation coefficient 
(r), and the corresponding value is explicitly displayed on top of each bar. The x-axis indicates the models used, including one 
univariate, four bivariate, and one multivariate model, listed in that order. The traits included in the models are solvent retention 
capacity using water as a solvent (SRC-W), single kernel characterization system (SKCS), kernel hardness (Hardness) and kernel 
diameter (Diameter), break flour yield (B-Flour), and total flour yield (T-Flour). Additionally, the plot titles at the top of each plot 
denote the validation data used to calculate the prediction accuracies represented in the graph. These labels, indicated as (FV_years), 
specify that the data utilized for validation corresponds to the specific year mentioned. For example, FV_2019 signifies that the 
forward validation set included only the 2019 CSU Elite Trial data. 
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Chapter 4-Improving Genomic Prediction Accuracy for Wheat End Use Quality Using Models 

with Informative Markers as Fixed Effects 

 

  

4.1 Summary 

The end-use quality of wheat is one determinant factor of grain price in the international 

market and affects the final characteristics of baked products. Improving end-use quality traits 

through phenotypic selection at the early stages of variety development is challenging because 

these traits are time-consuming to phenotype and require larger flour samples. Genomic prediction 

can be employed to select quality traits in earlier generations. In this study, 790 hard wheat 

genotypes from Colorado State University's (CSU) wheat breeding program were evaluated across 

multiple years (2014-2022) and locations. Phenotyping of quality traits was conducted at the CSU 

Wheat Quality Lab, while genotyping was performed using the GBS method and KASP markers 

specific to the Bx7OE+8 HMW-GS. Three models, including one with genome-wide association 

study (GWAS), identified markers as fixed effects, Bx7OE+8 allele as fixed effects, and another 

without fixed effects were employed. These models utilized Bayesian Lasso and GBLUP methods 

and were validated through the cross and forward-validation frameworks. The highest prediction 

accuracy (r = 0.82) was observed for BakeMT using both models with fixed effects, and r = 0.80 

for MixoT from the first forward validation scenario. The lowest accuracy (r = 0.21) was noted in 

GBLUP models with Bx7OE+8 HMW-GS as a fixed effect for loaf volume from the model without 

fixed effects in the second forward validation approach. Overall, models with fixed effects 

outperformed those without fixed effects, underscoring the importance of including known loci or 

GWAS-identified markers as fixed effects to enhance prediction accuracy. 
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4.2 Introduction 

 

Wheat (Triticum aestivum L.) is a major source of cereal protein for both humans and 

livestock (Moore et al., 2016). The wheat endosperm consists of approximately 8% to 20% 

proteins (Žilić et al., 2011). Gluten proteins, the primary storage proteins in wheat grain, are mainly 

located in the endosperm, which is milled to produce white flour. These proteins form large 

polymers during grain development. When mixed with water, these polymers create a continuous 

network essential for the dough's structure (Tosi et al., 2011). 

Gliadins and glutenins are the two main types of gluten proteins (Shewry et al., 2002; 

Wieser, 2007). Glutenins are larger water-insoluble proteins rich in cysteine (Shewry and Tatham, 

1990; Payne et al., 1981). They are classified into two main groups: high molecular weight 

glutenins (HMW-GS) and low molecular weight glutenins (LMW-GS) (Payne et al., 1981). High 

molecular weight glutenin subunits are crucial for gluten structure, providing strength and 

elasticity to the dough (Shewry et al., 2000), whereas LMW-GS are believed to participate in the 

formation of disulfide bonds between HMW-GS and gliadins (Shewry et al., 2000). The relative 

proportions and specific types of gliadins and glutenins vary among wheat cultivars and 

significantly affect the wheat's baking quality. For example, wheat cultivars with a higher 

proportion of HMW-GS to LMW-GS and gliadins typically have stronger gluten and better bread-

baking quality (De Santis et al., 2017; Singh et al., 1990).  

 The HMW-GS were located at Glu-A1, Glu-B1, and Glu-D1 loci on the long arms of group 

1 chromosomes (1A, 1B, and 1D) (Payne, 1987). There are two linked genes at these loci that 

encode for two distinct types of HMW-GS, the x and y-type subunits (Dai et al., 2018; Kumar et 

al., 2019; Payne et al., 1981; Shewry et al., 1992, 2003). These x and y-type subunits can be 

distinguished based on their electrophoretic mobility in sodium dodecyl sulfate-polyacrylamide 



139 

 

gel electrophoresis (SDS-PAGE), whereas x-type subunits typically exhibit slower mobility and 

have higher molecular weight than y-type subunits leading to multiple alleles at the Glu-B1 loci 

(Kumar et al., 2019; Mclntosh et al., 2008). 

 The Glu-B1 gene, in particular, displays the most diversity among the three Glu-1 loci and 

has a strong influence on the bread-making quality of wheat (Shewry et al., 1992; Anderson and 

Greene, 1997). This location produces several homoeologous x-type subunits: Bx6, Bx7 (with 

variants like Bx7*, Bx7OE), Bx14, Bx17, Bx18, Bx20. The Bx7OE+8 HMW-GS subunit Glu-B1al 

allele (hereafter Bx7OE) arises when Bx7 is overexpressed due to a duplication in the gene sequence 

(Ragupathy et al., 2008; Gupta et al., 1991; Butow et al., 2003). Genotypes that lack the regular 

Bx7 subunit show a lower quality of the gluten network's micro-structure, resulting in inferior 

baking quality (Gao et al., 2017; Wang et al., 2013). Conversely, wheat varieties with the Bx7OE 

subunit exhibit superior bread-baking quality compared with those containing the Bx7 subunit 

(Chen et al., 2019; Gianibelli et al., 2001; Li et al., 2020). There is a reliable kompetitive allele-

specific PCR (KASP) assay for the accurate genotyping of such alleles. 

 Phenotypic selection for baking traits such as BakeMT, MixoT, and BakeV has been 

challenging due to the time-intensive nature of phenotyping, the brief interval between winter 

wheat harvest and planting, and the larger flour sample size required, in particular for a baking 

test. To alleviate these challenges, genomic prediction can be used as a potential alternative for 

improving quality traits.   

  For many traits to which genomic prediction has been applied so far, improving prediction 

accuracy has been an important goal of many researchers (Crossa et al., 2017; Kumar et al., 2020). 

Several factors influence prediction accuracy, including population size, marker density, 

heritability, genetic architecture, genetic relatedness, and the choice of a genomic prediction model 
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(Crossa et al., 2017; Meuwissen et al., 2001; Wang et al., 2014). The choice of an appropriate 

genomic prediction model depends on the data type, model assumptions, and the objective of the 

analysis (De los Campos et al., 2013; Heslot et al., 2012; Bernardo and Yu, 2007). Genomic best 

linear unbiased prediction (GBLUP) is the most widely used genomic prediction model 

(Meuwissen et al., 2001; De los Campos et al., 2013). The GBLUP model assumes that markers 

follow a normal distribution with variance proportional to their relationship matrix (Habier et al., 

2007). The Bayesian Lasso method includes a penalization step that serves to prevent all markers 

from having the same effect during the model training phase (Meuwissen et al., 2001; Habier et 

al., 2011). Adjusting factors that affect prediction accuracy can improve prediction accuracy (Desta 

and Ortiz, 2014; Isidro et al., 2015). For example, incorporating markers with major effects as 

fixed effects has increased genomic prediction accuracy in some cases (Spindel et al., 2016; 

Norman et al., 2018; Rice and Lipka, 2019; Rutkoski et al., 2014; Sehgal et al., 2020). However, 

fixed effects may not always improve accuracy depending on the genetic architecture of the target 

trait (Bernardo, 2014).  

 In this study, three end-use quality traits, including BakeV, BakeMT, and MixoT, were 

predicted using Bayesian Lasso and gBLUP methods adjusted in three forms: (1) with Bx7OE 

marker data from KASP assay as a fixed effect (2) with significant GWAS-identified markers as 

fixed effects, and (3) with no fixed effects beyond the default intercept. Prediction accuracy within 

each method and among methods was compared in cross- and forward-validations to assess the 

influence of model type and inclusion of fixed effects. Examining multiple model formulations 

provides insight into optimal prediction strategies to identify the ideal approach for prediction.  
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4.3 Materials and Methods 

4.3.1 Germplasm  

A total of 790 hard winter wheat genotypes (experimental lines and check varieties) 

generated from the Colorado State University (CSU) wheat breeding program were used in this 

study. The genotypes were evaluated in four different breeding trials, including the CSU Elite Trial 

(ELITE) and the Advanced Yield Nursery conventionally derived (AYN), and doubled haploid 

derived (AYND) genotypes, from 2014 to 2022 at CSU wheat breeding trial sites in Colorado, 

USA. A detailed description of the number of genotypes in each year-location-trial combination is 

given in (Table 4.1).  

4.3.2 Experimental designs and trait measurements 

The trials (CSU Elite, AYNs, and AYNDs) were arranged and planted in randomized, row-

column designs with partial replication, following the methodologies outlined by Williams et al. 

(2011). In the CSU Elite Trials, half of the entries were replicated twice in each location, while the 

other half were replicated once at each location. In the AYNs, approximately one-seventh of the 

entries were replicated a second time at each location. Genotypes included in this study were 

evaluated at CSU wheat breeding sites in the Great Plains wheat-growing region of eastern 

Colorado, USA. All trials were grown "on farm," except for trials conducted at the Agricultural 

Research, Development, and Educational Center (ARDEC) in Fort Collins, CO, Plainsman 

Research Center in Walsh, CO, and the United States Department of Agriculture – Agriculture 

Research Service Central Great Plains Center in Akron, CO. The agronomic and crop management 

practices matched those used by the grower cooperators and varied according to the standard 

practices at each location. All genotypes were planted in a six-row plot, 1.5 m wide and 3.7 m 
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long, at a seeding rate of approximately 1.73 million seeds ha-1. All six rows of each plot were 

harvested, and a cleaned sample of the grain was used for subsequent quality analyses. 

The end-use quality traits were phenotyped at the Colorado State University wheat quality 

lab located in Fort Collins, CO, following the procedures of the American Association of Cereal 

Chemists International (AACC International, 2010). For each genotype, a 300 g grain sample was 

assessed for protein and moisture with the Foss DA1650 NIRS (Eden Prairie, MN, USA) and then 

placed in 1 L Nalgene bottles (Thermo Fisher Scientific; Waltham, MA, USA). Samples were 

tempered to 15% moisture, and milling was done using a modified Brabender Quadrumat Senior 

mill Brabender Instruments, NJ, USA). This flour was then rescanned using NIRS to determine 

flour protein and moisture. 

A 10 g Mixograph (National Manufacturing Co., Lincoln, NE, USA) was utilized for 

Mixograph tests on each sample that was baked (AACC, International, 2010). The initial water 

absorption of the flour was predicted based on the flour protein concentration determined through 

Near-Infrared Reflectance Spectroscopy (NIRS). The formula used for predicting water absorption 

is predicted as follows:  

Water absorption = (42.7 + (1.69 x sample flour protein concentration)) 

where the protein concentration was measured in the flour at a moisture level of 14% MB (Finney 

and Shogren, 1972). The predicted water absorption of the sample was then served as a starting 

point in the Mixograph. The Mixograph displayed a curve representing the dough's behavior 

during mixing. The width and slope of the curve after its peak were used to determine the MixoT, 

which was visually scored on a scale from 0 = poor to 6 = excellent.  

BakeMT was first estimated as the Mixograph curve's highest point. As mixing time is not 

a perfect estimate, the actual BakeMT was visually assessed using the 100 g pup loaf bake test by 
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observing when the dough reached its optimal form in the mixing bowl (National Manufacturing 

Co., Lincoln, NE, USA). Once an optimal dough was formed, the mixer was stopped, and the 

BakeMT was recorded. For bake loaf volume assessment, 100 g pup loaves were utilized (AACC, 

International, 2010). The composition of the baking recipe included 100 g white flour (14% MB), 

6 g sugar (sucrose), 1.5 g salt (NaCl), 3.0 g Crisco®, and 2.12 g instant active yeast (Red Star®) 

and 5 mg DohTone® (fungal alpha amylase). The doughs were prepared based on a 6-minute bake 

schedule and a 90-minute fermentation. The fermentation cabinet was set at 86 °F with a relative 

humidity of 90-95 %. Following fermentation, samples were baked at 400 °F for 25 minutes. Upon 

completion of the baking process, the volume of the baked loaves was measured by rape seed 

displacement.  

4.3.3 Phenotypic data analysis 

For year-location-trial combinations, best linear unbiased estimates (BLUEs) were 

calculated using the ASREML-R package in R statistical software (Butler et al., 2009; R Core Team, 

2013). The mixed linear model applied for estimating BLUEs across year-location-trial 

combinations was calculated as follows:  𝑦𝑖𝑗𝑘  = 𝜇 +  𝐺𝑖 +  𝑒: 𝑟𝑗𝑘 +  𝑒: 𝑐𝑗𝑙 + 𝜀𝑖𝑗𝑘𝑙 
Where yijk is the response variable for ith level of genotype, in the jth level of the row, in the kth level 

of the column; µ is the overall mean; 𝐺𝑖 is the fixed genotype effect; e:𝑟𝑗𝑘 is the random row within 

the trial effect (𝑟𝑗~𝑁(0, 𝜎𝑗2); e:𝑐𝑗𝑙 is the random column within the trial effect (𝑐𝑘~𝑁(0, 𝜎𝑘2); and 𝜀𝑖𝑗𝑘𝑙 is the residual error term 𝜀𝑖𝑗𝑘𝑙~𝑁(0, 𝜎𝜀2).  
 Summary statistics were derived to evaluate the data distribution, and the Pearson 

correlation coefficient was estimated and displayed using the psych package in R (Revelle and 

Revelle, 2015). Variance components were estimated to derive heritability estimates for each trait 
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using the mixed linear model by assigning genotypes as a random effect using ASREML-R (Butler 

et al., 2009). The mixed linear model applied for estimating variance components was formed as 

follows: 𝑦 = 𝑋𝑏 + 𝑍𝑢 + 𝑒 

Where X and Z are design matrices; b is a vector of fixed effects; u is a vector of random genetic 

effects (BLUPs) with distribution 𝑢~𝑁(0, 𝜎𝑔2𝐾) where 𝐾 is the kinship matrix and 𝜎𝑔2 is the 

genetic variance; e is a vector of random residuals with distribution 𝑒~𝑁(0, 𝜎𝑒2𝐼) where 𝜎𝑒2 is the 

residual variance, and I is the identity matrix. The genomic heritability of the traits was calculated 

using the following formula:  

ℎ2 = σ𝑔2σ𝑔2 + 𝜎𝑒2 

where 𝜎𝑔2 is the genetic variance and 𝜎𝑒2 is the residual error associated with the trait. 

Pearson correlation analysis was calculated among BakeMT, MixoT, and BakeV and visualized 

using the psych package in R (Revelle and Revelle, 2017).  

4.3.4 Genotyping  

Genomic DNA was isolated from one-week-old wheat leaves using a 96-well plate and the 

MagMax-14™ DNA extraction kit (ThermoFisher Scientific, MA, USA). The DNA concentration 

was subsequently determined with PicoGreen (Thermo Fisher Scientific, MA, USA) in accordance 

with the manufacturer's instructions. Genotyping-by-sequencing (GBS) libraries were prepared 

using the PstI-MspI restriction enzyme combination (Poland et al., 2012) and pooled together at a 

384 plex. Libraries were then sequenced on the Illumina HiSeq 2500 system at the University of 

Illinois. The identification of single nucleotide polymorphisms (SNPs) was done using TASSEL 

GBSv2 pipeline (Glaubitz et al., 2014), applying a 64-base k-mer size and setting the minimum k-

mer count to five. The SNPs were subsequently aligned with the International Wheat Genome 
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Sequencing Consortium's 'Chinese Spring' wheat reference genome v1.0 (Appels et al., 2018) 

using the Burrows-Wheeler Aligner version 0.7.10 (Li and Durbin, 2009).  

 Genotypic data quality control was done on the SNP data extracted through the TASSEL 

tool. Entries with more than 50% incomplete data or with an average heterozygosity surpassing 

30% were discarded. The criteria for the retained SNP markers included being biallelic, having 

above 5% minor allele frequency, less than 10% incomplete data, and no more than 10% average 

heterozygosity. Unaligned SNPs, insertions, and deletions were removed prior to imputation. The 

Beagle 5.4 algorithm (Browning et al., 2018) was used to impute missing marker data. After the 

filtration processes, a total of 23,130 SNPs were made available for analysis.  

Genotyping of the Bx7OE marker was performed using the kompetitive allele-specific PCR 

(KASP) methodology. Initially, genomic DNA was extracted from selected wheat lines known to 

carry variations in the Bx7OE gene. Using the KASP assay, allele-specific primers were applied to 

discern the genotypic differences based on the presence or absence of a 43 bp insertion/deletion 

(Table 4.2). The PCR amplification was followed by a fluorescent-based detection to differentiate 

between the homozygous and heterozygous alleles. The fluorescent signals were read post-PCR, 

and the data obtained were analyzed to determine the genotype of each sample. 

4.3.5 Marker data for inclusion as fixed effects 

Marker data included as fixed effects in the genomic prediction models were prepared from 

two sources: GWAS-identified markers and Bx7OE KASP marker data for the glutenin allele. The 

Bx7OE KASP marker was developed from historical genotypic data derived by KASP assay by the 

Colorado State University wheat breeding program. The KASP assay provided the data in which 

individuals were denoted as 0 and 1; one refers to a genotype carrying Bx7OE (either homozygous 
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or heterozygous state), and 0 signifies a genotype without Bx7OE. Of the 790 individuals included 

in this study, 158 genotypes carried Bx7OE, while 632 did not carry Bx7OE. 

A Genome-Wide Association Study (GWAS) was performed utilizing the GWAS function 

of the rrBLUP package in R (Endelman, 2011), aimed at identifying significant genetic markers 

for later inclusion as fixed effects in genomic prediction models. Prior to the GWAS, LD pruning 

was applied to the GBS marker data, comprising 23,120 markers, using an LD threshold of 0.9. 

Following LD pruning, a total of 9,884 SNP markers were retained as genotypic data for 

subsequent GWAS analysis. This preprocessing step aimed to reduce redundancies within the 

marker data and minimize the risk of multicollinearity, thereby ensuring the robustness of the 

GWAS findings and enhancing the reliability of the associations detected between markers and 

traits of interest (Vilhjálmsson et al., 2015). 

The GWAS analysis was employed using a Q+K model (Yu et al., 2006) designed to control 

confounding effects attributed to population stratification. This was achieved by incorporating the 

first three principal components to delineate population structure alongside the kinship matrix for 

refined adjustment of individual relatedness. Significant marker-trait associations were declared 

based on the Bonferroni multiple-testing adjusted significance threshold. The Bonferroni 

significance threshold was calculated as: 𝛼 = 0.05𝑛   

Where 0.05 is the alpha value for each test, and n is the number of markers used in the GWAS 

analysis. All marker-trait associations that showed a -log10(p) values greater than the Bonferroni 

threshold (5.67) were later included as fixed effects in the genomic prediction models.  
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For each permission of cross validation, the training population was subjected to a GWAS, 

and the significant MTAs identified in the training population were used as covariates in the testing 

population. This was done to avoid the "insider trading" phenomenon (Verges et al., 2021). 

4.3.6 Genomic prediction 

Three genomic prediction models were employed in Bayesian Lasso and GBLUP 

approaches, such as incorporating Bx7OE KASP marker data as a fixed effect, with GWAS-

identified markers as fixed effects, and without fixed effects. The Bayesian Lasso models were 

implemented with the BGLR package (version 1.1.1) in R (Pérez & de los Campos, 2014). This 

method choice was chosen for this analysis due to its ability to handle complex genetic 

relationships through Gaussian Random Field Models (GRM) for random genetic effects and 

potentially reduce model complexity by performing variable selection via the lasso penalty. The 

model can be conceptually represented by the following formula: 

y = Xβ + Zγ + ε 

Where y represents the response variable, X is the design matrix for the random genetic effects 

captured from the genotype data using the GRM within BGLR. β refers to the estimated coefficients 

for these effects, obtained through a Bayesian framework which accounts for uncertainty in their 

estimation. The lasso penalty can shrink some of these coefficients towards zero, performing 

variable selection among the genetic variants. Z is the design matrix for the fixed effects, captured 

from significant markers identified through GWAS and the Bx7OE KASP marker data. γ represents 

the estimated coefficients for these fixed effects. ε denotes the error term, typically assumed to be 

normally distributed with mean 0 and variance σ2e (represented as ε ∼ N(0, σ2e).  

Bayesian Lasso models without additional fixed effects (only the intercept as a fixed effect) 

were formulated as follows:  
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𝑦 =  𝛽₀  +  𝑍𝑢 +  𝜀 

 Where y is the response variable. β₀ represents the intercept which is a constant term 

representing the average response of the phenotype in the absence of any genetic variation effects 

(the overall mean). Z (design matrix), this matrix captures information about the genotypes of 

individual subjects. u (random effect coefficients): captures random effects associated with 

unobserved genetic variations, assumed to be random and vary across individuals. The Laplace 

prior applied to the coefficients related to u (promoting sparsity by shrinking less influential 

markers towards zero). 𝜀 is the error term, accounts for all unexplained variation in the phenotype 

that is not captured by the model, assumed to be normally distributed with a mean of zero (Pérez 

& De los Campos, 2014). The model underwent 10,000 iterations of the Markov Chain Monte 

Carlo (MCMC) sampling process, with a burn-in period of 1,000 iterations.  

The same models described in the Bayesian Lasso method were also fit under the GBLUP 

method using the mmer function from the sommer package in R (Covarrubias-Pazaran, 2016). The 

GBLUP method leverages marker information and a genomic relationship matrix (GRM) to 

estimate the genetic merit of individuals for the end-use quality traits. The GBLUP model with 

GWAS-derived markers or Bx7OE as fixed effects were employed using the following formula. 

y = Xβ + Zu + e 

Where y is the response variable; X is the design matrix for fixed effects. This matrix encodes the 

genotypes of significant markers identified through GWAS or KASP assays for each individual. β 

is the vector of fixed effects coefficients. Z is the design matrix for random, this is typically a 

vector of 1s, associating each individual with the random effect term (genetic merit); u represents 

the vector of random effects coefficients (genetic merit, each element represents the individual's 

deviation from the average phenotype due to its overall genetic makeup beyond the effects of the 



149 

 

identified markers. The random effects (u) are assumed to follow a multivariate normal distribution 

with a mean of zero. The variance-covariance structure depends on the GRM, which captures the 

genetic similarity between individuals. e is the vector of residuals representing unexplained 

variation in the phenotype after accounting for fixed and random effects, are assumed to follow a 

normal distribution with a mean of zero. The variance structure of residuals might be specified 

based on "units" to account for potential correlations within experimental groups. 

The model without additional fixed effects was fit using the following formula: 

y = β₀ + Zu + e 

Where y is the response variable, β₀ is the intercept term representing the average response of the 

phenotype when all other effects are zero. Z is the design matrix for random effects; u is the random 

effects coefficients - genetic merit, follows the multivariate normal distribution with a mean of 

zero, and e is the residuals, which are assumed to follow a normal distribution with a mean of zero 

(Covarrubias-Pazaran, 2016). 

4.3.7 Cross validation 

The accuracy of the predictive models was validated through the cross and forward-

validation frameworks. Cross-validation was done by randomly dividing the full dataset into 

training (80%) and testing (20%) sets. The model was trained on each training set to predict 

genomic estimated breeding values (GEBVs) for the corresponding testing set. This cross-

validation process was repeated 10 times with different random partitioning of the data into 

training and testing sets. Prediction accuracy was calculated as the Pearson correlation coefficient 

(r) between the predicted GEBVs and the BLUEs across the 10 permutations. Box plots visualizing 

the distribution of prediction accuracies across cross-validation iterations were generated for each 

model using the ggplot2 graphics package in R (Wickham et al., 2016). 
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3.4.8 Forward validations 

In the case of forward validation, the same 790 genotypes used in cross-validation were 

also used, but the training and testing set split was different.  Two validation scenarios were used 

to see if the number of genotypes included in the validation set affects the prediction accuracy. The 

first validation scenario (n = 55) genotypes from ELITE trials of 2020, 2021, and 2022 were used 

as a testing set and the remaining genotypes (n = 735) were used as the training set. In the second 

validation scenario (n = 154), genotypes from three trials, including AYN, AYND, and ELITE 

trials from two years (2021 and 2022), were used as a testing set, and the remaining genotypes (n 

= 636) genotypes were used as a training set.  

Models were trained using the training sets, and BLUEs of the validation set were masked. 

Genomic estimated breeding values (GEBVs) were then predicted for the validation set. Unlike 

cross-validation, no repeats or iterations were used. Prediction accuracy was calculated through 

correlation analysis between GEBVs and BLUEs. 

4.4 Results 

4.4.1 Phenotypic variations 

Summary statistics were calculated for BakeV, BakeMT, and MixoT. These statistics 

revealed that genotypes exhibit variation for each trait (Table 4.3). The highest variation was 

observed in the BakeV, ranging from 689.96 cm³ to 1184.94 cm³ and a standard deviation of 85.81. 

The average BakeMT was 4.86 minutes with a standard deviation of 1.80. MixoT also presented a 

notable spread, with values ranging from a minimum of 0.82 to a maximum of 6.00. Among the 

traits analyzed, BakeMT demonstrated the highest heritability (h2 = 0.84 ± 0.05), followed by 

MixoT (h2 ± 0.78 ± 0.06), and the lowest heritability was from BakeV (h2 = 0.64 ± 0.06). 
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Pearson's correlation analysis revealed significant correlations among all traits considered 

in this study (Figure 4.1). The highest correlation coefficient (r = 0.78, p < 0.001) was observed 

between BakeMT and MixoT, followed by the correlation between BakeV and MixoT (r = 0.34, p 

< 0.001). The lowest correlation (r = 0.32, p < 0.001) was observed between BakeV and BakeMT.  

4.4.2 Genome-wide association study 

A total of 28 significant marker-trait associations (MTAs) were identified across the three 

traits: 24 for BakeMT, 21 for MixoT, and 4 for BakeV (Table 4.4). There was overlap among the 

markers identified for these traits, resulting in 28 unique markers in total (Figure 4.2; Table 4.4). 

The MTAs for BakeMT and MixoT were found primarily on chromosomes 1B and 1D in regions 

(Figure 4.2). In addition to group one chromosomes, significant associations were also observed 

on chromosomes 2B, 5D, and 6D. For BakeV, only four marker-trait associations on chromosome 

1D were identified.  

4.4.3. Cross-validation 

For MixoT, the Bayesian Lasso model without fixed effects showed a median prediction 

accuracy of r = 0.55. The Bayesian Lasso model, with Bx7OE KASP marker data as a fixed effect, 

showed a mean prediction accuracy of r = 0.62, while the model with GWAS-identified markers 

as a fixed effect showed a mean prediction accuracy of r = 0.74. In contrast, the GBLUP model 

without fixed effects showed a mean prediction accuracy of r = 0.49, while the GBLUP model with 

Bx7OE KASP marker data as a fixed effect exhibited a mean prediction accuracy of r = 0.61 (Figure 

4.3). The model with GWAS-identified markers as a fixed effect showed a mean prediction 

accuracy of r = 0.63. Compared to the baseline model without fixed effects, the Bayesian Lasso 

model with GWAS-identified markers as fixed effect improved the mean prediction accuracy by 

34%. 
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 Comparing the model with GWAS-identified markers as a fixed effect under two methods, 

the Bayesian Lasso outperformed the GBLUP by a 15% margin. On the other hand, the Bayesian 

Lasso model without a fixed effect demonstrated a 12% improvement in prediction accuracy for 

MixoT over the GBLUP model without a fixed effect. In summary, coupling the Bayesian Lasso 

with the model with GWAS-identified markers as a fixed effect showed improved genomic 

prediction of BakeMT in cross-validation, surpassing all other modeling techniques, including 

GBLUP and Bayesian Lasso with Bx7OE marker from KASP assay without a fixed effect. 

For BakeMT, the Bayesian Lasso model with GWAS identified markers as fixed effect 

again demonstrated superior median prediction accuracy (r = 0.79) than the models with Bx7OE 

KASP marker data as fixed effect and without fixed effect. The Bayesian Lasso model with Bx7OE 

KASP marker as a fixed effect yielded a median prediction accuracy of r = 0.63, which is 

approximately 20% lower than the model with GWAS-identified markers fixed effect. However, 

the model with the Bx7OE KASP marker as a fixed effect was still about 24% higher than the model 

without fixed effects (r = 0.51). In the Bayesian approach, the model without a fixed effect was 

the poorest predictor of BakeMT (Figure 4.3). 

 Similarly, the GBLUP model with Bx7OE KASP marker data as a fixed effect showed higher 

median prediction accuracy (r = 0.64) when compared to the model without a fixed effect (r = 

0.55). The median prediction accuracy of the GBLUP model with GWAS-identified markers was 

r = 0.67. Across all examined fixed effect models, the Bayesian Lasso models markedly and 

consistently outperformed the GBLUP, with a 22% improvement for predicting BakeMT. 

Additionally, the model with GWAS identified marker as a fixed effect proved to be the best 

predictor of BakeMT compared to the model with Bx7OE KASP marker data as a fixed effect and 



153 

 

the model without fixed effect models. For GBLUP, the two fixed effect models were pretty similar, 

whereas that is not shown in the Bayesian model. 

 For BakeV, the model with GWAS-identified markers as a fixed effect exhibited a 

prediction accuracy of r = 0.59 for both the Bayesian Lasso and GBULP approaches (Figure 4.3). 

The prediction accuracy of the Bayesian Lasso model with Bx7OE KASP marker data as a fixed 

effect was r = 0.55. The Bayesian Lasso model without fixed effects yielded a prediction accuracy 

of r = 0.54, which was the lowest prediction accuracy for BakeV but was only nine percent lower 

than the top model in this framework (Figure 4.3). Bake volume prediction is not as good as the 

BakeMT and MixoT, regardless of the models used.  

 The GBLUP method with a model without fixed effects showed a median prediction 

accuracy of r = 0.57. The model with the Bx7OE KASP marker data as a fixed effect appeared to 

be the poorest predictor for BakeV, with a median prediction accuracy of r = 0.53. In summary, the 

model with GWAS identified markers as fixed effects from both approaches emerged as the top 

model for predicting BakeV. Overall, the GBLUP model with Bx7OE KASP marker data as a fixed 

effect was the poorest predictor of BakeV but not for Bayesian Lasso. 

4.4.4 Forward-validation 

Utilizing a training population of n = 55 genotypes, the Bayesian Lasso models with Bx7OE 

KASP marker data and GWAS-identified markers as fixed effects both demonstrated superior 

prediction accuracy (r = 0.82) for BakeMT compared with the model without inclusion of fixed 

effects (Figure 4.4). The prediction accuracy represents a 10% increase over the model without a 

fixed effect. Similarly, for MixoT, the Bayesian Lasso model with GWAS identified markers as 

fixed effects exhibited the highest prediction accuracy (r = 0.80). The model with Bx7OE KASP 

marker data as a fixed effect followed with an accuracy of r = 0.78, showing a 10% improvement 
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over the model without fixed effects. For BakeV, only slight differences were observed among the 

three models tested using Bayesian Lasso. The model without a fixed effect had the lowest 

prediction accuracy (r = 0.41). In contrast, the model with Bx7OE as a fixed effect had an accuracy 

of r = 0.44, and the model with GWAS-identified markers as a fixed effect had an accuracy of r = 

0.46.  

 The GBLUP model generally performed similarly to the Bayesian Lasso method, as the 

inclusion of fixed effects in the models improved the prediction of BakeMT and MixoT, though 

not for BakeV. The GBLUP model with Bx7OE KASP marker data as a fixed effect was the best 

predictor for BakeMT with a prediction accuracy of r = 0.75, representing a 25% improvement 

over the model without a fixed effect (r = 0.56) and only a three percent improvement over the 

model with GWAS identified markers as a fixed effect (r = 0.73). For BakeV, the GBLUP model 

without a fixed effect showed a prediction accuracy of r = 0.38, followed by the model with 

GWAS-identified markers as a fixed effect with r = 0.36. The least accurate predictor of BakeV 

was the model with Bx7OE KASP marker data included as a fixed effect (r = 0.32). 

 For MixoT, the GBLUP model with the GWAS identified markers as a fixed effect was the 

top predictor, with a prediction accuracy of r = 0.80, followed by the model with Bx7OE as a fixed 

effect with r = 0.77. The model without a fixed effect yielded an accuracy of r = 0.70. These results 

mirror those obtained under the Bayesian Lasso framework, with a minor difference in the 

prediction accuracy of the model with Bx7OE KASP marker data, included as a fixed effect. In 

summary, incorporating Bx7OE KASP marker data and GWAS-identified markers as fixed effects 

improved prediction accuracy for MixoT and BakeMT but did not yield a substantial improvement 

in BakeV prediction accuracy (Figure 4.4). 
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With the second forward validation approach, which had n = 154 individuals in the 

validation set and 636 in the training set, the Bayesian Lasso model with GWAS-identified markers 

as a fixed effect showed a higher prediction accuracy for BakeMT (r = 0.79) and MixoT (r = 0.71) 

(Figure 4.5). The Bayesian Lasso model without a fixed effect was the second-best predictor for 

BakeMT (r = 0.74) and MixoT (r = 0.60). The Bayesian Lasso model with Bx7OE as a fixed effect 

showed the lowest prediction accuracy for BakeMT (r = 0.71) and MixoT (r = 0.58). However, in 

the GBLUP method, the model with the Bx7OE as a fixed effect achieved the highest prediction 

accuracy for BakeMT (r = 0.69), marking a 12% improvement over a model with GWAS-identified 

markers and a 29% improvement over the model without the inclusion of fixed effects. When 

predicting MixoT via GBLUP, the model with GWAS identified markers as fixed effect ranked 

highest (r = 0.59), closely followed by the model without a fixed effect (r = 0.55). 

 For BakeV, all three models demonstrated lower predictive capability in both the Bayesian 

Lasso and GBLUP approaches, with accuracy ranging from r = 0.21 (for GBLUP with inclusion 

of Bx7OE KASP marker data as a fixed effect) to r = 0.29 in the (for Bayesian Lasso with inclusion 

of GWAS identified markers as a fixed effect). Overall, when considering the two-year validation 

approaches, the inclusion of GWAS-identified markers and Bx7OE KASP marker information as 

fixed effects consistently improved predictions for MixoT and BakeMT. 

4.5 Discussion 

Improving genomic prediction accuracy has been a major goal since genomic selection was 

introduced in plant breeding (Meuwissen et al., 2001; Desta and Ortiz, 2014). Prediction accuracy 

depends on several important factors, including marker density, trait heritability, training 

population size and composition, population structure, and model selection (Crossa et al., 2017; 

Heslot et al., 2012). Various statistical models that leverage these parameters have been developed 
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and compared to improve accuracy (Jarquín et al., 2017; Heslot et al., 2012). This comparison is 

crucial for determining the most effective models for specific traits and breeding scenarios. 

Modifying the model components, model structure, and the weighting of markers by significance 

or effect size can also increase accuracy, suggesting the importance of model customization for 

different traits and conditions (Bernardo, 2014; Bian and Holland, 2017). 

In this study, Bayesian Lasso models showed a notable advantage over GBLUP in 

predicting BakeMT and MixoT traits, evident in both cross- and forward-validation frameworks. 

Bayesian Lasso is generally better suited for scenarios where a small number of significant genetic 

markers are influential, as it efficiently performs shrinkage and variable selection (Park and 

Casella, 2008; Li and Sillanpää, 2012). However, GBLUP models are often preferred for highly 

polygenic traits due to their assumption of multiple small effect loci underlying trait expression 

(Meuwissen et al., 2001; Habier et al., 2011; Heslot et al., 2012; VanRaden, 2008). The Bayesian 

Lasso's approach of emphasizing major loci provided a more accurate prediction for these specific 

traits. This finding suggests that while GBLUP has broad applicability, the precision of Bayesian 

Lasso in identifying and weighting key markers makes it especially effective for traits like 

BakeMT and MixoT. 

Previous studies have reported improved prediction accuracy with the Bayesian Lasso 

model over GBLUP. For instance, Lozada and Carter (2020) found that Bayesian Lasso showed 

superior prediction accuracy over GBLUP for grain yield and agronomic traits in winter wheat. 

Similarly, Ogutu et al. (2012) compared different models and found that Bayesian Lasso 

outperformed the others. Additionally, Gianola and Fernando (2020) observed a clear advantage 

of Bayesian Lasso over GBLUP when evaluating pine tree (Pinus taeda) traits. Sahebalam et al. 

(2022) compared the Bayesian Lasso and GBLUP models using simulated livestock data and 
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reported that, although GBLUP showed improved overall accuracy, Bayesian Lasso was more 

effective in predicting oligogenic traits with high heritability. Zhang et al. (2019) also found that 

GBLUP improved prediction accuracy for low heritable, polygenic maize (Zea mays) traits, while 

Bayesian models were more suited to traits affected by a few major genes. A similar trend is 

observed in the current study, where the Bayesian Lasso model demonstrates superior prediction 

accuracy for traits with higher heritability, such as BakeMT and MixoT, underscoring its 

effectiveness at leveraging the genetic architecture of traits with significant heritable variation. In 

contrast, traits like BakeV, characterized by lower heritability, also exhibit reduced prediction 

accuracy under the Bayesian Lasso model, highlighting its sensitivity to the heritability of the traits 

it aims to predict. 

Even though the models we tested showed improvements under Bayesian Lasso compared 

to GBLUP, the observed improvement was not the same for all traits. For example, in the first 

forward validation scenario, the three Bayesian Lasso models showed less than a 10% difference 

in prediction accuracy compared to GBLUP for BakeV and MixoT. Similarly, for BakeMT, the 

two models with fixed effects showed similar prediction accuracy, while the model without fixed 

effects exhibited considerable improvement for the Bayesian Lasso method compared to GBLUP. 

The comparable prediction accuracy of these models in both approaches suggests that they can be 

used interchangeably for predicting these traits. This observation aligns with the findings of Li et 

al. (2022), who reported closer performance between Bayesian Lasso and GBLUP models for 

cotton (Gossypium hirsutum) fiber and yield traits. Despite its potential accuracy benefits, 

Bayesian Lasso requires more computational time than GBLUP primarily because it involves 

complex Bayesian computations, such as Markov Chain Monte Carlo (MCMC) methods, to 

estimate a larger number of parameters and require numerous iterations to achieve accurate 
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estimates. In contrast, GBLUP is a more direct method that often achieves similar accuracy but 

with reduced computational time requirements (Thijssen et al., 2016). Such considerations are 

crucial when selecting an appropriate model for practical applications (De los Campos et al., 2013; 

Heslot et al., 2015; Larkin et al., 2019). 

The observed improvement in prediction accuracy in our study, particularly when 

integrating GWAS-identified markers as fixed effects, highlights the essential role of marker-trait 

associations underlying the trait's genetic architecture. These markers seemingly capture a 

significant portion of the genetic variation underlying the trait phenotype. Models with GWAS-

identified markers as fixed effects enable a focus on relevant loci, reduce dimensionality, minimize 

noise from non-significant markers, and better capture phenotypic variance (Arruda et al., 2015; 

Bernardo, 2014). This approach potentially improves estimator efficiency and the signal-to-noise 

ratio (Arruda et al., 2015).  

Previous studies support these findings. For instance, Li et al. (2019) found improved 

genomic prediction accuracy in maize by integrating large-effect GWAS-identified markers. 

Similarly, Spindel et al. (2016) noted the superior performance of a genomic prediction model with 

GWAS-identified markers over six other models in tropical rice (Oryza sativa), underscoring the 

value of incorporating GWAS-identified markers in genomic prediction models. In wheat, 

Rutkoski et al. (2014) showed improved prediction accuracy against stem rust upon factoring in 

the Sr2 locus as a fixed effect. Kim et al. (2022) observed heightened accuracy for predicting 

capsaicinoid concentrations in chili pepper (Capsicum annuum) with GWAS-identified markers as 

fixed effects. Odilbekov et al. (2019) reported similar findings for resistance to Septoria tritici 

blotch (Zymoseptoria tritici) in Nordic winter wheat when integrating GWAS-identified markers 

as a fixed effect. Furthermore, Chen et al. (2023) affirmed that including GWAS-identified markers 
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in genomic prediction models elevates the predictive capability in Norway spruce (Picea abies) 

clones. 

From models with fixed effects, the model with Bx7OE KASP marker data as a fixed effect 

outperformed the model without a fixed effect, yet it didn't surpass the model that included GWAS-

identified markers as fixed effects. This outcome likely arises because the Bx7OE allele targets a 

specific genomic region related to glutenin, thus addressing a limited portion of the genetic 

variation. In contrast, GWAS-identified markers span the entire genome, capturing a broader share 

of genetic variation that influences the trait. However, its inclusion as a fixed effect improved 

prediction accuracy for BakeMT and MixoT, most likely due to its association with glutenin 

composition and dough properties (Butow et al., 2003; Li et al., 2020). However, Bx7OE was not 

the best-fixed effect to include for predicting BakeV, possibly because Bx7OE is associated with 

mainly dough strength characteristics such as BakeMT and MixoT not directly influencing the 

BakeV (Butow et al., 2003; Radovanovic et al., 2002) and the fact that BakeV is highly affected 

by alleles at the Glu-D1 locus, as shown in the Manhattan plot (Figure 4.2).  

Forward validation approaches mimic real breeding scenarios, which is crucial to 

estimating the accuracy of genomic prediction, especially when considering their implementation 

in practical breeding programs (Crossa et al., 2017; Habier et al., 2013; He et al., 2016; Rutkoski 

et al., 2015; Sandhu et al., 2021). In this study, using a validation set of n = 55 individuals and 

n = 735 individuals for training, predictions were higher than those in cross-validation. While 

prediction accuracy for BakeMT and MixoT traits in this scenario surpassed accuracy observed in 

cross-validation, it declined for BakeV. This observation seems to contradict previous reports that 

have suggested that forward validation usually provides a more conservative estimate of prediction 

https://onlinelibrary.wiley.com/authored-by/Radovanovic/N.
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accuracy than cross-validation (Battenfield et al., 2016; Habier et al., 2013; He et al., 2016; Sandhu 

et al., 2021).  

As highlighted by Crossa et al. (2014), cross-validation might tend to overestimate 

prediction accuracy, as may occur with a close degree of relationship between training and testing 

sets. However, with well-designed models and correctly assigned variables, forward validation can 

be as predictive as cross-validation, as evident in the current study and previous studies (Azizinia 

et al., 2023; Covarrubias-Pazaran et al., 2018; Okeke et al., 2017; Winn et al., 2023).   

  



161 

 

Chapter 4 Tables 

      Table 4.1 The number of individual genotypes per trial per location per year. 

Year Trial Number of 
Locations 

Number of 
observations 

Number of unique 
Genotypes 

2014 AYNa 3 105 35 

 AYN 2 58 29 

2015 AYNDb 2 80 41 

 ELITEc 2 68 34 

 AYN 3 99 33 

2016 AYND 3 69 49 

 ELITE 5 165 33 

 AYN 2 52 27 

2017 AYND 2 52 31 

 ELITE 4 140 35 

 AYN 3 93 31 

2018 AYND 2 36 18 

 ELITE 3 75 25 

 AYN 5 95 19 

2019 AYND 2 78 45 

 ELITE 5 185 37 

 AYN 3 93 31 

2020 AYND 2 108 54 

 ELITE 4 116 29 

2021 AYN 2 52 26 

 ELITE 3 117 39 

 AYN 3 75 25 

2022 AYND 2 72 36 

 ELITE 3 84 28 

 

 

Abbreviations: a Advanced Yield Nursery; b Advanced Yield Nursery of Doubled Haploids; c 
CSU Elite Trial; CSU, Colorado State University. 
 

 

Table 4.2 The primer sequence for KASP maker for Bx7OE  

Primer Target Sequence  
A1 Insertion-Bx7OE CGGCAACAACTTGTGGGGGC 

F1 Insertion-Bx7OE GTTGTTGCCGGAATATTTTACAATATATTTAAG 

A2 Deletion-Bx7 TATTCCGGCAACAACTTGTGGGGTA 

F2 Deletion-Bx7 CACTTCTTCTCTCGTTGGCCTTATCT 
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Table 4.3 Summary statistics and heritability of bake mixing time (BakeMT), Mixograph 
tolerance (MixoT), and bake loaf volume (BakeV).  
 

Traits Mean Minimum Maximum SDa h2b SE h2 

BakeMT 4.86 1.04 14.94 1.80 0.84 0.05 

BakeV 922.62 689.96 1184.94 85.81 0.64 0.06 

MixoT 3.70 0.82 6.00 1.22 0.78 0.06 

 

 

 

Abbreviations: a standard deviation; b heritability; BakeMT, bake mixing time; BakeV, bake loaf 
volume; and MixoT, Mixograph tolerance. 
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Table 4.4 Significant marker-trait associations identified in a genome-wide association study 
(GWAS) for bake mixing time (BakeMT), Mixograph tolerance (MixoT), and bake loaf volume 
(BakeV) traits. 
 

Trait Marker Chromosome -log10(p) MAF 

BakeMT S1B_3282665 1B 6.02 0.31 

BakeMT S1B_3282705 1B 10.70 0.23 

BakeMT S1B_3765044 1B 17.31 0.30 

BakeMT S1B_3765060 1B 11.82 0.22 

BakeMT S1B_4528524 1B 7.81 0.19 

BakeMT S1B_4935662 1B 42.64 0.33 

BakeMT S1B_6437407 1B 23.31 0.31 

BakeMT S1B_6561394 1B 19.42 0.35 

BakeMT S1B_6923012 1B 6.94 0.32 

BakeMT S1B_7692865 1B 5.93 0.41 

BakeMT S1B_7939480 1B 5.91 0.18 

BakeMT S1D_885391 1D 5.52 0.28 

BakeMT S1D_414593582 1D 8.52 0.36 

BakeMT S1D_414927498 1D 7.89 0.27 

BakeMT S1D_415205039 1D 7.96 0.20 

BakeMT S1D_415641567 1D 7.99 0.21 

BakeMT S1D_415821975 1D 7.76 0.29 

BakeMT S1D_416711152 1D 7.08 0.16 

BakeMT S1D_416855528 1D 7.45 0.23 

BakeMT S1D_417603470 1D 7.80 0.42 

BakeMT S1D_417945958 1D 7.42 0.25 

BakeMT S2B_788719721 2B 17.61 0.31 

BakeMT S5D_565697447 5D 17.81 0.19 

BakeMT S6D_475591931 6D 18.51 0.17 

MixoT S1B_3765044 1B 6.41 0.33 

MixoT S1B_4935662 1B 14.39 0.43 

MixoT S1B_6437407 1B 7.87 0.29 

MixoT S1B_6561394 1B 6.67 0.12 

MixoT S1D_885391 1D 6.52 0.22 

MixoT S1D_414593582 1D 10.73 0.18 

MixoT S1D_414927498 1D 9.17 0.31 

MixoT S1D_415205039 1D 10.95 0.42 

MixoT S1D_415641567 1D 10.77 0.33 

MixoT S1D_415821975 1D 10.88 0.26 

MixoT S1D_416711152 1D 11.43 0.38 

MixoT S1D_416711191 1D 7.788 0.19 

MixoT S1D_416855528 1D 11.91 0.23 

MixoT S1D_417603455 1D 7.23 0.32 

MixoT S1D_417603470 1D 11.04 0.19 

MixoT S1D_417945958 1D 11.76 0.28 



164 

 

MixoT S1D_418175745 1D 7.25 0.31 

MixoT S1D_418754660 1D 7.01 0.33 

MixoT S2B_788719721 2B 9.56 0.24 

MixoT S5D_565697447 5D 8.86 0.29 

MixoT S6D_475591931 6D 7.07 0.21 

BakeV S1D_414593582 1D 6.24 0.34 

BakeV S1D_416711152 1D 5.83 0.22 

BakeV S1D_417603470 1D 6.08 0.28 

BakeV S1D_417945958 1D 6.53 0.29 

                  

                  Abbreviation: MAF, marker allele frequency 
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Chapter 4 Figures 

 

 

 

Figure 4.1 Pair plots showing the best linear unbiased estimation of end-use quality traits across 
year-location-trials. Histograms and trait names are displayed on the diagonal. The scatterplots of 
the traits with linear regression line fit are represented in the lower half of the figure. The 
numbers on the upper half of the diagonal represent Pearson's correlation coefficients between 
the traits. The three asterisks (***) denote a p-value of 0.001, indicating a high level of statistical 
significance for the correlation among corresponding traits. 
Abbreviations: BakeMT, bake mixing time; BakeV, bake loaf volume; MixoT, Mixograph 
tolerance.  
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Figure 4.2 Manhattan plot illustrating -log10(p) values from a genome-wide association study (GWAS) of A, bake mixing time 
(BakeMT); B, Mixograph tolerance (MixoT); C, bake loaf volume (BakeV) of 790 CSU hard winter wheat genotypes. Each point in 
the plot indicates a single nucleotide polymorphism (SNP), displayed with its -log10(p) value on the vertical axis and its chromosomal 
position on the horizontal axis. The dashed horizontal line marks the genome-wide significance threshold using the Bonferroni test (-
log10(p)= 5.67). Peaks above this line highlight SNPs showing significant association with the respective trait under study.
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Figure 4.3 Box plots depicting the distribution of prediction accuracies for bake mixing time (BakeMT), bake loaf volume (BakeV), 
and Mixograph tolerance (MixoT), measured as the correlation (r) between the genomic estimated breeding values (GEBVs) of the 
validation population and the best linear unbiased estimates (BLUEs) of the lines within that population. For each approach, three 
models were evaluated: no fixed effect, Bx7OE KASP marker data as a fixed effect, and genome-wide association study (GWAS) hits 
(GWAS-identified markers) as fixed effects. Each box plot shows the distribution of correlation coefficients over 100 cross-validation 
iterations, with the median marked as a horizontal line within each box. The box depicts the interquartile range, while outliers are data 
points outside the box.  
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Figure 4.4 Forward validation accuracy of models for end-use quality traits using Bayesian Lasso 
and GBLUP for the first forward validation scenario where the elite trials from 2020, 2021, and 
2022 were used as a testing set. The bar plot displays prediction accuracy values for models 
incorporating different fixed effects across three quality traits: bake mixing time (BakeMT), 
Mixograph tolerance (MixoT), and bake loaf volume (BakeV). Models utilizing genome-wide 
association study (GWAS) markers as a fixed effect, the Bx7OE KASP marker data as a fixed 
effect, and without fixed effects are represented by colored bars. Numeric values above each bar 
indicate prediction accuracy for each model-trait combination under the two modeling 
approaches. 
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Figure 4.5 Forward validation accuracy of models for end-use quality traits using Bayesian Lasso 
and GBLUP using two years of data from all trials as a validation set. The bar plot displays 
prediction accuracy for models incorporating different fixed effects across three baking traits: 
bake mixing time (BakeMT), Mixograph tolerance (MixoT), and bake loaf volume (BakeV). 
Models utilizing genome-wide association study (GWAS) markers as a fixed effect, the Bx7OE 
KASP marker data as a fixed effect, and no fixed effects are represented by colored bars. 
Numeric values above each bar indicate prediction accuracy for each model-trait combination 
under the two GBLUP and Bayesian Lasso methods.
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Chapter 5-Conclusions 

Breeding for quality traits in hard winter wheat has been challenging since the nature of 

the breeding cycle is very brief between harvesting and the next planting, and the phenotyping of 

the quality traits is time intensive. This dissertation highlights the need for integrating genomic 

approaches such as genome-wide association study and genomic prediction to enhance the 

breeding effort toward quality traits.  

Identifying the genetic architecture of the traits provides information to choose the best 

approach to improve the traits. The multiple loci identified for SRCs and GPI traits across 17 

chromosomes contribute smaller effects to the phenotype, suggesting that water absorption 

capacity (WAC) is a polygenic, quantitatively inherited trait. The significant QTNs identified in 

this study, which appear to exhibit only additive effects in the studied population, provide an 

opportunity for utilization in a combined haplotype approach for marker-assisted selection. This 

strategy offers a more pronounced effect on the phenotype than using individual QTNs in wheat 

breeding programs. The notable concentration of significant QTNs on chromosomes 1A, 1B, 3B, 

and 5B near genes involved in gliadin, glutenin, and starch synthesis underscores the potential of 

these genomic regions in improving WAC. Low molecular weight glutenin (Glu-B3) gamma 

gliadins (Gli-A1-3, Gli-B1-3), and delta gliadins (Gli-B1-1) have been located near the significant 

QTNs, as have starch synthase genes (SS) on chromosomes 1A and 6B. These genes are considered 

potential candidates for affecting WAC in wheat. Breeders could leverage these QTNs for marker-

assisted selection to improve multiple traits simultaneously.   

The current work has demonstrated the strong potential of multivariate genomic prediction 

for improving water absorption capacity in hard winter wheat. By including easily obtainable 

covariates in genomic prediction, the accuracy of SRC‐W prediction was significantly improved, 
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highlighting the importance of carefully selecting traits when constructing prediction models. 

Although incorporating flour yield values as covariates may pose challenges due to time-

consuming and costly phenotyping processes, the SRC-W + SKCS model presented in this study 

offers a practical and cost-effective solution.  

The integration of fixed effects such as Bx7OE and GWAS-identified markers significantly 

enhances prediction accuracy for end-use quality traits such as bake mixing time and mixing 

tolerance. The effectiveness of including Bx7OE KASP marker data in predicting BakeMT and 

MixoT highlights the role of glutenin genes on these traits. Since gluten genes have multiple effects 

on end-use quality traits, including water absorption capacity, bake mixing time, and Mixograph 

tolerance, selection for higher gluten (selection for gluten genes) genotypes could potentially 

improve the overall end-use quality of the wheat. The Bayesian Lasso method is a more effective 

approach than GBLUP for predicting baking traits in wheat, as evidenced by its superior 

performance in both cross and forward-validation. While the incorporation of specific genetic 

markers like GWAS-identified markers and Bx7OE is key to elevating prediction accuracy in wheat 

breeding programs, the choice of predictive model should be tailored to the trait's genetic 

heritability.  


