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ABSTRACT

Since the development of next generation sequencing (NGS) technology, there has been
an explosion in the diversity and availability of large-scale genetic data. In response, the field of
plant breeding has shifted to adopt these new technologies and incorporate them into breeding
programs. Specifically, the development of high-density genetic maps and crop-specific
reference genomes has led to an increased capacity to obtain genome-wide marker information
on many individuals. Two examples of the application of these resources are fine mapping
approaches for gene discovery and assembling genomic selection models for earlier generation
trait improvement. This dissertation seeks to apply both of these procedures to the Montana State
University Spring Wheat Breeding Program for a multi-faceted approach to accelerate
germplasm improvement. In Chapter 1, fine mapping was applied to a quantitative trait locus
controlling productive tiller number, a major yield component in wheat which also contributes to
phenotypic plasticity. In Chapters 2 and 3, genomic selection models were developed to predict
twelve end-use quality traits (Chapter 2) and wheat stem sawfly resistance (Chapter 3). Together,
these projects laid the foundation for a comprehensive adoption of NGS-based plant breeding
methods into the MSU Spring Wheat Breeding Program. Adopting these methods will allow for
increased genetic control and improved resource efficiency for the improvement of primary
target traits, ensuring the development of the best possible wheat varieties for Montana growers.
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CHAPTER ONE

INTRODUCTION

Following the release of the first completed draft genome by the human genome project
(Lander et al. 2001) which relied on the relatively low throughput Sanger sequencing method,
took multiple years to complete, and cost around US $300 million dollars for the sequencing
alone; it was clear that new technologies were needed to advance into the era of affordable and
time-efficient whole genome sequencing (Shendure et al. 2004; Reis-Filho 2009). This need was
met with the development of next generation sequencing (NGS) technology which allows for
massively parallelized sequencing that produces hundreds of millions to billions of reads in one
run for a much lower cost (Margulies et al. 2005; Shendure et al. 2005; Shendure and Ji 2008).
This technological breakthrough revolutionized the landscape of scientific research by allowing
for affordable and time-efficient whole genome and whole transcriptome projects (Dijk et al.
2014).

The development of NGS technology has likewise had a major effect on plant breeding,
being the catalyst for entry into an entire new era of breeding approaches (Wallace et al. 2018;
Sun et al. 2024). Specifically, NGS has led to the development of crop-specific reference
genomes (Schnable et al. 2009; Kawahara et al. 2013; The International Wheat Genome
Sequencing Consortium (IWGSC) et al. 2018), whole transcriptome RNA sequencing studies
(Wang et al. 2009; Zhai et al. 2013; Upton et al. 2023), large scale gene mapping projects (He et
al. 2017; Wang et al. 2023), and whole genome prediction models for rapid cycling and

improved selection accuracy (Meuwissen et al. 2001; Heftner et al. 2010; Jannink et al. 2010).
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By combining these new resources and tools, plant breeders have sought to achieve high
efficiency and rapid trait improvement in their programs (Sun et al. 2024).

Hexaploid bread wheat (7riticum aestivum L., 2n = 6x = 42) is one of the primary food
crops produced globally with an annual production of 798 million tonnes in 2024 (FAOSTAT,
2026). Compared to other major food crops like maize (Zea mays L.) and rice (Oryza sativa L.)
which are both diploid species, wheat has a substantially larger (Messing et al. 2004) and more
complex genome due to its high repeat content and numerous homoeologous regions which have
made it difficult to sequence (Aury et al. 2022). As a result, the adoption of some of these NGS
technologies in wheat has lagged behind maize and rice as evidenced by the first published
reference genome of wheat being released in 2018, nine years after the first maize reference
genome and thirteen years after the first rice reference genome.

Genetic improvement of wheat cultivars is a multifaceted task as numerous traits
including grain yield, grain protein content, abiotic and biotic stress tolerance, and end-use
quality must be considered (Tadesse et al. 2019), with grain yield being the most critical. Total
grain yield is determined by three different yield components including seed size, seed number
per spike, and productive tiller number (PTN) (Yoshida 1972; Ma et al. 2007; Lai et al. 2025).
Each of these yield component traits is genetically complex and also interacts with numerous
environmental factors (Gupta et al. 2006; Quintero et al. 2018; Gasparis and Mitoszewski 2023;
Zhang et al. 2025). Further, there are complex resource tradeoffs between these components
which themselves can be influenced by environmental conditions (Slafer et al. 2014; Quintero et
al. 2018; Jian et al. 2024). Taken together, it is no surprise that grain yield can be a challenging

trait to improve in a breeding program.
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It has been estimated that average grain yields for wheat need to increase by 2% each
year in order to meet the anticipated future global food demand (Zhuang et al. 2024b); however,
many studies report genetic gains for grain yield below this threshold (Dixon et al. 2009; Crespo-
Herrera et al. 2018; Tadesse et al. 2019). Of particular interest to the projects presented herein, it
was recently determined that annual rate of genetic gain for grain yield in the hard red spring
wheat market class in the Northern Plains region was 0.61%, far below the 2% threshold (Gill et
al. 2025a). Next generation sequencing technologies may provide the tools needed to increase
these genetic gains to keep up with growing demands. Specifically, efficient and affordable
development of high density genetic maps allows for fine mapping of known quantitative trait
loci (QTL) to uncover causal variants and exert a more precise and reliable control on the trait of
interest (Zhao et al. 2022; Qiao et al. 2025). Second, the availability and repeatability of whole
genome marker data allows for the development of genomic selection models which can increase
selection accuracy and decrease the selection interval by allowing for earlier generation
selections (Jannink et al. 2010; Alahmad et al. 2022).

Nearly 5.3 million acres of wheat were planted in the state of Montana in 2025, with an
approximately equal distribution of winter wheat and spring wheat acres (USDA NASS 2026),
with the primary market classes of both types being hard red wheat. Montana is a semiarid
growing region with primarily dryland acre production with water as a primarily limited resource
(Lenssen et al. 2007). Conventionally, grain yield is the primary breeding target of the Montana
State University Spring Wheat Breeding program, and work has been done in the program to
map and fine tune genes controlling the different yield components (Hale et al. 2024; Wong et al.

2026 (under review)).
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Specifically, productive tiller number (PTN) has been a trait of interest to the breeding
program as it contributes to yield plasticity (Peltonen-Sainio et al. 2011; Sadras and Rebetzke
2013; Tokatlidis 2014). Wheat plants can adjust tiller numbers in response to different population
densities (Lloveras et al. 2004) and different environmental conditions such as drought (Slafer et
al. 2014). Therefore, increased tillering potential could be a solution to uncertain weather
conditions, especially with respect to rainfall (Tokatlidis 2014). Further, planting at a lower
population density corresponds to an increase in PTN (Casal et al. 1986; Jones et al. 2021), and
recently, Hale et al. (2025) found that increased tiller numbers in durum wheat grown in
Montana could lead to increased yields under drought conditions and lower planting densities.
Therefore, an investigation into the genetic basis of tiller number in wheat could benefit Montana
wheat breeding.

There have been numerous genes identified in bread wheat which control tiller number
including the tiller inhibition (tin) genes, fertile tiller inhibition (ftin), and Tiller Numberl (TN1)
(Peng et al. 1998; Spielmeyer and Richards 2004; Kuraparthy et al. 2007; Zhang et al. 2013;
Hyles et al. 2017; Wang et al. 2022; Si et al. 2022; Dong et al. 2023; Schoen et al. 2023; Hou et
al. 2026). Additionally, there have been multiple tiller number genes found in wheat which are
orthologous to tiller or branching genes in other major crop species. These genes include 7Ta7B1,
1aOTUBI, TaSPL14, TaD27, and TaMOC1 (Zhang et al. 2015; Liu et al. 2017; Dixon et al. 2018;
Zhao et al. 2020; Jiang et al. 2021; Cao et al. 2023; Magbool et al. 2025). Additionally, there
remain many tiller number QTL which have not yet been fine mapped (Shang et al. 2021; Liu et
al. 2025), demonstrating both the genetic complexity of tiller number in bread wheat and the

need for continued work in this area.
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One important QTL for PTN in Montana spring wheat is QTn.mst-68 which was initially
mapped in by Naruoka et al. (2011) in a recombinant inbred line (RIL) population derived from a
cross between two major Montan spring wheat varieties: Reeder (PI 613586)/Conan (PI 607549)
(WestBred, LLC). Eight pairs of near-isogenic lines (NILs) were then generated following the
heterogenous inbred family (HIF) procedure described in Blake et al. (2011) between a cross of
the varieties Reeder (high PTN)/Choteau (PI 633974; low PTN) (Lanning et al. 2004). The effect
of OTn.mst-6B in these NILs was then validated in 2010, in which it was found that the high
tiller allele increased PTN by 13% across all NILs (Naruoka et al. 2011).

Additional NILs for OQTn.mst-6B were then created by crosses between Reeder (high
PTN)/Hank (WestBred LLC; low PTN), and Vida (PI 642366; high PTN) (Lanning et al.
2006a)/McNeal (PI 574642; low PTN) (Lanning et al. 1994) and combined with the previous 8
NIL pair for a total of 13 NIL pairs (Nasseer et al. 2016). These NILs were tested in two years
(2012-2013) in a total of nine RCBD trials with five trials conducted across two Montana
locations, and four trials in Washington state between two locations with eight out nine trials
being under dryland conditions (Nasseer et al. 2016). There was a significant difference in PTN
between the QTn.mst-6B alleles across all NIL pairs when averaging over all nine of the
experiments, though not within all of the environments (Nasseer et al. 2016). There was a
significant difference in early tiller number (ETN)--tiller number collected at the first node stage
(Zadoks 3.1 (Zadoks et al. 1974))--in all five Montana experiments in which it was collected
(Nasseer et al. 2016). Across all nine experiments, PTN was increased between the QTL alleles,
but seed weight was significantly decreased, and there was a slight reduction in the number of

seeds per head, which, when taken together, resulted in no difference in total grain yield between
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the OTn.mst-6B alleles (Nasseer et al. 2016). Given that OQ7n.mst-6B has been robustly validated
in Montana-adapted germplasm in different genetic backgrounds across multiple environments,
fine mapping this QTL could allow for more reliable and precise control (Lande and Thompson
1990) over tiller number in the MSU Spring Wheat Breeding Program.

In addition to yield component traits like productive tiller number, another set of major
breeding targets for wheat are the end-use quality traits. End-use quality is a catch all term to
describe the properties and composition of a grain sample and its derived flour (milling traits),
dough (dough traits), and baked products (baking traits). The primary classes of wheat grown in
Montana (hard red winter, hard red spring) are known for their high grain protein content, high
gluten strength, and desirable end-use quality; these traits have been shown to influence the
market price of hard red wheat (Roberts et al. 2022; Subedi et al. 2023). Further, Montana wheat
is marketed for its quality (https://montanawbc.com/buyers/#Quality), making end-use quality
traits important targets for the MSU Spring Wheat Program.

End-use quality traits can be difficult to improve as they are polygenic traits (Battenfield
et al. 2018; Gill et al. 2025b) and require multiple laborious, complex tests performed on large
grain samples in order to measure them. Additionally, end-use quality phenotyping is often
delayed until the late-stage trials of a breeding program (Battenfield et al. 2016). End-use quality
traits are typically quite heritable (Souza et al. 2012; Laidig et al. 2017), and despite being
polygenic, these traits are also influenced by major genes such as those representing the glutenin
and gliadin classes of storage proteins (Pefia et al. 2002; Li et al. 2020). Given these factors,

genomic selection could be a highly productive tool for improving end-use quality.
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Genomic selection (GS) was first implemented by Meuwissen et al. (2001) and represents
a whole-genome prediction of trait performance that incorporates both large effect and small
effect loci and has been shown to have superior performance to marker assisted selection (MAS)
because of this fact (Lande and Thompson 1990; Bernardo and Yu 2007a; Jannink et al. 2010).
Genomic selection involves using a training population of individuals which have been
phenotyped for the trait of interest and genotyped with a set of genome-wide markers to predict
breeding values for genotyped, but unphenotyped genetically related individuals (de los Campos
et al. 2013; Isik et al. 2017; Bernardo 2020). Prediction accuracy in GS models describes the
relationship between the predicted and true breeding values and is typically measured by
correlation. Prediction accuracy is controlled by following factors: the size of the training
population, the heritability of the trait, the number and distribution of genetic markers used, the
number of QTL controlling the trait, and the relatedness between the training and predicting
populations (Daetwyler et al. 2010; Bernardo 2016; Zhang et al. 2017). Therefore, an ideal GS
model will have a large training population that is closely related to the prediction population of
interest where both populations have been genotyped with a dense, genome-wide set of markers,
and the traits of interest are consistently heritable. The MSU Spring Wheat Program naturally
collects end-use quality data each year on the elite breeding lines present in the late-stage yield
trials. Further, these lines are often used as crossing parents for the next generation of lines in the
program. Therefore, NGS technology could be utilized to obtain dense genetic marker data on
both past and up-and-coming breeding lines in the program. When combined with existing
phenotypic quality data, the heritability of the end-use quality traits, and the known relatedness

between historic and current breeding lines, it could be possible to implement GS for earlier
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generation selection of end-use quality in the breeding program (Battenfield et al. 2016; Zhang-
Biehn et al. 2021; Gill et al. 2023).

Genomic selection can also be implemented for traits related to biotic stresses. The most
important insect pest of Montana wheat is the wheat stem sawfly (Cephus cinctus Norton)
(hereafter sawfly) which has been estimated to cause an annual wheat yield loss of US $400
million across the northern and central plains growing regions in North America (Beres et al.
2017). The historic regions of sawfly infestation, dating as far back as the early 1900s, include
Montana, North and South Dakota, western Minnesota, and south-central Canada (Beres et al.
2011), though recently, the range of sawfly infestations has spread to the state of Washington,
northern Idaho, Wyoming, Colorado, Nebraska, and Kansas (Beres et al. 2017; Weaver 2023).
Yield loss due to sawfly is the result of the larvae feeding within the stems of the wheat plants
and then cutting the stems in the late season before harvest resulting in severe lodging (Talbert et
al. 2014). Resistance to the sawfly is another major breeding target of the MSU Spring Wheat
Breeding Program, though it can be challenging to screen candidate lines for sawfly resistance
due to the nongenetic, spatial variation of sawfly pressure within a field (Nansen et al. 2005) and
the substantial inconsistencies in sawfly pressure year to year due to the influence of
environmental conditions (Olfert et al. 2019; Ermatinger et al. 2025).

The primary mechanism of sawfly resistance is through the solid stem trait which
describes the filling of pith within the wheat stem which creates a mechanical barrier to restrict
larvae movement and potentially result in larvae death (Hayat et al. 1995; Hager et al. 2025).
However, stem solidness does not entirely prevent stem cutting, with solid-stemmed cultivars

still experiencing up to 30% stem cutting (Talbert et al. 2014; Wong et al. 2023). In addition, the



9
expression of stem solidness varies between environments and is affected by environmental
conditions such as nitrogen availability and shade (Holmes 1984; Cook et al. 2004; Beres et al.
2012; Bathini et al. 2023). Further, stem solidness is a polygenic trait controlled by a major QTL
Oss.msub-3BL (Cook et al. 2004; Nilsen et al. 2020) as well as many other minor effect QTL
which may have epistatic interactions between them (McKenzie 1965; Lanning et al. 2006Db;
Sherman et al. 2010; Varella et al. 2015, 2019; Nilsen et al. 2017; Dhariwal et al. 2022).
Given all these features, resistance to the wheat stem sawfly could be another good candidate
trait for genomic selection. As with end-use quality, the MSU Spring Wheat Breeding Program
has historically collected sawfly resistance data as part of the late-stage trials. Further, the
polygenic nature and complex genetic interactions associated with stem solidness could be well
predicted by GS models which incorporate epistasis (McKinney et al. 2006; Howard et al. 2014;
Jiang and Reif 2015), whereas a marker assisted selection approach may be insufficient (Lande
and Thompson 1990; Jannink et al. 2010). Genomic selection models could both increase
selection accuracy in replicated trials which did not get consistent or strong sawfly pressure, and
they could allow for earlier generation selection for sawfly resistance at stages where
phenotyping would not be possible (Isik et al. 2017).

The following chapters describe three research projects which sought to leverage NGS
technologies to benefit the MSU Spring Wheat Breeding Program. The first project was to fine
map the QTn.mst-6B for productive tiller number by utilizing genetic markers derived from an
exome capture assay (Krasileva et al. 2017) and by leveraging RNA sequencing to identify
differentially expressed genes within the QTL. The second project is to develop a genomic

selection model for twelve primary end-use quality traits by leveraging historic quality data
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collected by the breeding program and genome-wide genetic markers. The final project is to
develop a genomic selection model and perform genome wide association mapping for wheat
stem sawfly resistance in the breeding program. Together, these projects seek to improve the
efficiency and reliability of improvement for many of the most important target traits in Montana

Spring Wheat.
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CHAPTER TWO

FINE MAPPING A QTL FOR PRODUCTIVE TILLER NUMBER

Introduction

Grain yield is the primary trait for improvement in spring wheat breeding. Grain yield is
derived from three main components: productive tiller number (PTN), seed number per spike,
and seed weight (Yoshida 1972; Ma et al. 2007; Lai et al. 2025). Productive tiller number
specifically refers to the number of tillers produced by a wheat plant that yield fertile, grain-
bearing, spikes. Wheat plants adjust tiller numbers in response to environmental conditions
(Lloveras et al. 2004), which contributes to yield plasticity and helps maximize yield potential
(Peltonen-Sainio et al. 2011; Sadras and Rebetzke 2013; Tokatlidis 2014; Nasseer et al. 2016).
Further, there are complex interactions and trade-offs between PTN and other yield components
(Slafer et al. 2014; Jian et al. 2024), meaning that precise control and tuning of PTN is necessary
to achieve optimal yields.

Such control would be aided by the identification of major genes that control tiller
number in wheat. Many contributing genes have been found, including seven tiller inhibition
(tin) genes (Peng et al. 1998; Spielmeyer and Richards 2004; Kuraparthy et al. 2007; Hyles et al.
2017; Wang et al. 2022; Si et al. 2022; Schoen et al. 2023; Hou et al. 2026), fertile tiller
inhibition (ftin) (Zhang et al. 2013), Tiller Numberl (TN1) (Dong et al. 2023), and several
orthologous genes from other crop species including 7a7B1 (Liu et al. 2017; Dixon et al. 2018),
TaOTUBI (Jiang et al. 2021), TaSPL14 (Cao et al. 2023), TaD27 (Zhao et al. 2020), TaMOC1

(Zhang et al. 2015; Magbool et al. 2025) and others. Despite this significant progress, tiller
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number is a highly complex trait (Zhang et al. 2025), and many important tiller number
quantitative trait loci (QTLs) remain uncharacterized (Shang et al. 2021; Liu et al. 2025).

One PTN QTL of importance for Montana spring wheat germplasm is Q7Tn.mst-6B. This
QTL was first mapped by Naruoka et al. (2011) in recombinant inbred line (RIL) populations
derived from crosses between major cultivars grown in Montana and from field trials conducted
at the Arthur H. Post Research Farm in Bozeman, Montana. This QTL was then validated for its
effect on both early tiller number (ETN) and PTN in nine field trials conducted across both
Montana and Washington state (Nasseer et al. 2016). Given the consistency of this QTL across
multiple studies and environments, and that currently, no major tiller number genes have been
mapped to chromosome group 6, we sought to fine map Q7n.mst-6B to identify the causal
variant(s) therein. We found that the ability to detect differences in tiller number was highly
dependent on environmental variables, especially supplemental lighting conditions. Further, we
conducted RNA-seq analysis to interrogate genes within our QTL region as well as candidate
orthologs from other crop species. Finally, we identify the most probable candidate genes based
on all the collected evidence, and we describe the best path forward for further investigations and

validations of this tillering locus.

Materials and Methods

Generating Plant Materials

The tiller number QTL, QTn.mst-6B, was first mapped in Naruoka et al. (2011). As part
of that process, near isogenic lines (NILs) were developed from crosses between several pairs of
released hard red spring wheat varieties which varied for their productive tiller number (PTN)

phenotypes and the alleles at the respective Q7n.mst-6B markers, wPt4716 and wPt3581
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following the methods described in Blake et al. (2011). NIL pairs derived from the cross
‘Reeder’(PI 613586)(high PTN) / ‘Choteau’ (PI 633974)(low PTN) (R/C) were evaluated in field
trials across multiple environments using RCBD experimental designs and found to differ
significantly for both early tiller number (ETN) and PTN in all tested environments (5 and 10
respectively) between QTn.mst-6B alleles (Naruoka et al. 2011; Nasseer et al. 2016).

Jones (2020) then fine-mapped QTn.mst-6B from its original region spanning
126,136,002 bp to 475,658,707 bp (positions based on Chinese Spring wheat IWGSC RefSeq
v1.0 reference genome (IWGSC et al. 2018)) to a ~20Mb region on the short arm spanning
positions 226,868,798 bp through 247,209,591 bp (Figure 1.1). This was done by crossing sister
lines within the one R/C NIL pair previously validated in the aforementioned field trials. Fo.uir
and F3.yir progeny were used to create a high resolution genetic map with markers identified
from a 90K SNP assay (Wang et al. 2014) and an exome capture assay (Krasileva et al. 2017). F4.
Hir recombinant and non-recombinant progeny were then evaluated for ETN in replicated
greenhouse experiments.

In this study, twelve Fe.uir progeny lines from the R/C NIL pair were genotyped with
eight KASP markers developed from the exome capture assay (Krasileva et al. 2017) and
identified as either non-recombinant (haplotypes A and B) or recombinant between markers
237.1 7559 (237,416,343 bp) and 238.1 7559 (238,168,303 bp) (haplotypes C and D) (Figure
1.1). These lines, in addition to the original two NIL sister lines that were crossed to develop
them, were used in a series of four greenhouse experiments to measure ETN with the goal to

further fine map the QTL region.
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A) Entry Generation Haplotype
1 F6-HIF A
2 F6-HIF A
3 F6-HIF A
4 F6-HIF B
5 F6-HIF B
6 F6-HIF B
7 F6-HIF C
8 F6-HIF C
9 F6-HIF C
10 F6-HIF D
11 F6-HIF D
12 F6-HIF D
13 Control: NIL Sister Line A
14 Control: NIL Sister Line B
B) KASP Marker
Name 226.8_7553 | 237.1_7559 | 238.1_7559 | 247.2_7560
KASP
Marker
Position
Haplotype | 226,868,798 | 237,416,343 | 238,168,303 | 247,209,591 | (bp)
A 2 2 2 2
W O W W W oy
¢ 1 1 2 2 Parent 2
D 2 2 1 1

Figure 1.1. A) Table of 14 entries evaluated in greenhouse trials and their respective haplotypes.
Entries 1-12 consist of Fe.uir lines that either non-recombinant (haplotypes A, B) or recombinant
(haplotypes C, D). Entries 13 and 14 are the original NIL sister lines crossed to develop the Fe.uir
population and serve as the check lines for the experiments. B) Table of genotypes across eight
different KASP markers spanning the narrow QTL region of interest. Genotypes are either “1”
representing the allele of the high-ETN NIL sister line, or “2” for the allele of the low-ETN NIL
sister line. Haplotypes A, B, C, and D represent non-recombinant (A,B) and recombinant (C,D)
groupings.

Greenhouse Phenotyping Trials

Greenhouse phenotyping trials were conducted at the Montana State University Plant
Growth Center (PGC) under 16 hour day lengths (with supplemental lighting), average

temperatures at approximately 21°C (day) and 20°C (night), and fertilized weekly with Peter’s
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Professional 20-20-20 fertilizer mixture at approximately 100 ppm. Seven-inch pots were filled
with 50:50 PGC soil mix, which is an equal blend of a custom MSU soil mix (consisting of equal
parts by volume of loam soil, washed concrete sand, and Canadian Sphagnum peat moss) and
Sunshine® Mix #1 (https://agriculture.montana.edu/pgc/specifications.html). Pots were planted
with three seeds of one entry and then were thinned to a total of two plants. Four trials in total
were conducted: one in the summer of 2021, the fall of 2021, the winter of 2022, and the spring
0f 2022. An RCBD design was used in each trial with one pot of two plants per entry per block
and 20 blocks in summer 2021 and 30 blocks total in the other three trials. Early tiller number
(ETN) was measured as the total number of observable tillers (including the primary tiller) for a
given plant and was collected on each plant in a trial at 4 weeks, 5 weeks, and 6 weeks after

planting.

Greenhouse Data Analysis

The ETN counts collected on different weeks were analyzed separately. Data was

combined across all four trials and analyzed with the following generalized linear mixed model:
ETNijklm ~ Poisson(uijklm)
log (Uijiim) = Bo + PriHaplotype; + B,jTrial; + Bs;jHaplotype x Trial;; + v (1.1)
Yik “ N(O, 0510cr)
where ETN; jy, represents the early tiller number count of the m™ plant in the 1" pot in the k™
block of the j" greenhouse trial with the i haplotype. f3, is the global intercept, 5;; is the effect

on the log mean ETN of i level of haplotype, 8, j 1s the effect on the log mean ETN of the jih

level greenhouse trial, f3;; is the effect on the log mean ETN of the interaction between the ith
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haplotype level and the j" greenhouse trial, and Yjk 1s the random effect associated with the Kk
block nested within the j greenhouse trial. The Poisson distribution was used because the
response variable was a discrete count of tiller number, and therefore, the canonical link function
for the Poisson, natural log, was used. This meant that all model outputs were interpreted on the
natural log (hereafter “log”) scale.

Models were fit using the glmer function from the Ime4 R package (Bates et al. 2015).
Analysis of deviance based on Type II Wald chi-square tests was performed on fitted models
using the Anova function from the car package (Fox and Weisberg 2019) (Table 1.1). Given
significant interactions (p-value < 0.05) between trial and haplotype in all models, the emmeans
R package (Lenth 2025) was then used to calculate estimated marginal log mean counts for each
haplotype within each trial. The multcomp R package (Hothorn et al. 2008) was then used to
assign compact letter display groupings of the haplotype levels within a trial based on pairwise
contrasts and p-values corrected with Sidak’s method (Figure 1.4) which was selected for its
stringent family-wise error control because it was critical to avoid type I errors which would

cause us to fine map away from our true causal gene.

New Greenhouse Grow Lights Pilot Study

In the fall of 2023, new LED high-intensity grow lights, which had an increased red to far
red (R/FR) ratio, were installed in the PGC greenhouse where previous phenotyping trials were
conducted. In order to test the effect of the new grow lights on ETN and potentially observed
stronger genetic effects, a pilot study was conducted using two F7.uir recombinant entries
genotyped with the same KASP markers and having haplotypes C and D respectively, as well as

the NIL sister line checks with haplotypes A and B from the previous trials. In this study, eight
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inch pots were used to minimize any resource competition between plants, two plants were kept
per pot, temperature and day length were the same as previous trials, and the same fertilizer was
applied twice per week at 100ppm to account for previously observed increased resource
demands of spring wheat plants grown under the new lights (unpublished). An RCBD approach
was used with twelve blocks in total. ETN was collected five and six weeks after planting, and
data was analyzed in the same method as above but without the interaction term in the model.
Specifically, the mean log early tiller numbers of the haplotype groups were compared in order to

test whether any groups had different tiller numbers at either time point.

MVR1000/C/U Multi-Vapor bulbs
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Figure 1.2. Light output metrics between the metal halide grow lights (MVR 1000 Multi-Vapor;
top chart) and the replacement LED lights (Arize Element L1000 Gen2; bottom chart). Graphs
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show the measured photon flux density at each light wavelength from 300 to 900 nm. The total
photon output (Integrated Total), fraction of total output captured, photosynthetic photon flux
(PPF), yield photon flux (YPF), photon efficacy (PPE), and Red to Far Red light ratio are also
reported for each grow light.

RNA-seq Analysis

RNA-seq was conducted in order to investigate differentially expressed genes occurring
within QTn.mst-6B. Three biological replicates of the R/C NIL sister lines were grown in the
greenhouse in the summer of 2020. Four weeks after planting, tiller bud tissue was extracted
from the plants, and total RNA was extracted from the samples. Samples were then sent to the
company GENEWIZ for sequencing. mRNA was isolated via PolyA selection and Illumina
HiSeq 2x150 bp paired-end sequencing was performed.

Raw read files for each replicate were returned, and quality analysis was conducted using
the FASTQC program v0.11.9 (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/).
Adapter trimming and quality filtering was done using the bbduk tool v38.90 from the BBTools
suite (Bushnell 2014). Reads were aligned to the Chinese Spring wheat IWGSC RefSeq v2.1
reference genome (Zhu et al. 2021) using the program STAR v2.7.9a (Dobin et al. 2013) and
read counts were collected with the HTseq program v4.8.3. Finally, differential expression was
analyzed using the R program DEseq2 (Love et al. 2014). Sample quality was assessed via
principal component analysis (PCA) in which it was verified that samples from the same NIL
parent clustered together. Then, differentially expressed genes (DEGs) were declared as those
which had an adjusted p-value less than 0.01 when comparing expression between high-tiller
samples to low-tiller samples. P-values were adjusted following the independent hypothesis
weighting method (Ignatiadis et al. 2016) in which p-values were weighted by the mean

normalized read counts for their respective gene. The false discovery rate was then controlled at
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the default alpha value of 0.1. This more lenient p-value adjustment method was used as RNA-
seq is a broad and exploratory method, so type 1 error control was less critical than in other

analysis procedures we conducted.

RNA-seq Variant Calling with GATK

The “RNAseq short variant discovery” pipeline from The Genome Analysis Toolkit
(GATK) website (https://gatk.broadinstitute.org/hc/en-us/articles/360035531192-RNAseq-short-
variant-discovery-SNPs-Indels) was used as a guide for performing variant calling from the
RNA-seq data files. All tools were from GATK v4.2.4.1 (McKenna et al. 2010; Van der Auwera
and O’Connor 2020). Briefly, the STAR-aligned read files from the main RN A-seq analysis were
first passed into the ‘MarkDuplicates’ function to identify and tag all reads that originate from
the same DNA sequence. Next, the ‘SplitNCigarReads’ function was used to split reads that
spanned splice events. Then, ‘HaplotypeCaller’ was used to identify SNPs and indels within each
RNA-seq sample. Finally, the ‘VariantFiltration’ function was used to identify any variants with a
Fisher Strand Bias (FS) value greater than 30 and a Quality by Depth (QD) less than 2.0. Variant
files for each sample were then transferred into R. A variant between high/low tiller NIL parents
was defined as a called variant that was present in all three samples for one tiller group but not

present in all three samples for the other tiller group.

Orthologous Gene Identification

Tillering has been well studied in rice (Oryza sativa), with several major genes identified
for the trait (Yan et al. 2023). Four major rice tillering genes, MONOCULM1 (MOCI) (Li et al.
2003) GenBank: AY242058.1, LAX PANICLE1 (LAXI) (Komatsu et al. 2001) GenBank:

ABI115668.1, LAX PANICLE? (LAX?2) (Tabuchi et al. 2011) GenBank: AB669025.1, and
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SQUAMOSA PROMOTER BINDING PROTEIN-LIKE14 (OsSPL14, or IPAI) (Jiao et al. 2010;
Miura et al. 2010) GenBank: GU136674.1 were investigated for possible wheat orthologs. To do
this, the CDS DNA sequences of each gene were compared against the wheat Chinese Spring
IWGSC RefSeq v2.1 reference genome (Zhu et al. 2021) using the BLAST tool available from
the T3 database website (Morales et al. 2022) with default parameters. The best results based on
percent alignment and e-value were investigated in the JBrowse genome browser from the
GrainGenes database (Yao et al. 2025) and in the Persephone genome browser
(https://persephonesoft.com/) in order to view predicted genes from the Gnomon method
(Souvorov et al. 2010). Genes were deemed candidate wheat orthologs by the combined
evidence of the strength of the BLAST result and having a gene annotation in either the IWGSC
high confidence gene annotations or in the Gnomon annotations that matched the same protein
family as the original rice gene.

The same methods were used to investigate genes interacting with MOC! including
TILLERING AND DWARF1 (TADI) (Xu et al. 2012) GenBank: AK058595.1, MONOCULM 3
(MOC3) (Lu et al. 2015) GenBank: AB218894.1, FLORAL ORGAN NUMBERI (FONI)
(Nagasawa et al. 1996) GenBank: AB182388.1, and SLENDER RICE1 (SLRI) (Ogawa et al.
2000; Ikeda et al. 2001; Liao et al. 2019) GenBank: AB030956.1. For the Arabidopsis gene
MORE AXILLARY GROWTH?2 (MAX2), the genomic DNA sequence was obtained from TAIR
and subsequent analysis followed as before. For genes already described in wheat including the
SQUAMOSA PROMOTER BINDING PROTEIN-LIKE genes (TaSPL028, TaSPL029, TaSPL030)
(Zhu et al. 2020) and 7aSPL14 (sometimes called 7aSPL17) (Cao et al. 2023), TEOSINTE

BRANCHEDI (TaTBI) (Liu et al. 2017), DWARF27 (TaD27) (Zhao et al. 2020), and
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CRYTOCHROME (TaCRY1, TaCRY2) (Yan et al. 2021) positions and gene names were updated

to the newest version of the IWGSC reference genome (v2.1) using the genome browsers.

Results

Four greenhouse experiments were conducted between 2021 and 2022 encompassing all
four seasons of external light and daylength patterns. In each trial, early tiller number (ETN) was
counted for each single plant at four, five, and six weeks after planting. We found that the overall
mean ETN across all haplotype groups was approximately 2.7 tillers at four weeks, 3.3 tillers at
five weeks, and 3.8 tillers at six weeks after planting (Figure 1.3). We found that all entries in
haplotype group A had mean ETNs equal to or below the overall mean, and all entries within
haplotype group B had means greater than the overall mean ETN at all three time points across
all four greenhouse trials (Figure 1.3). However, both haplotype groups C and D had entries with

mean ETNs above and below the overall means at all timepoints across all trials (Figure 1.3).
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Figure 1.3. Early tiller number (ETN) counts are given for four, five, and six weeks after
planting. Data is combined from four different greenhouse trials, and a single point indicates one
plant-level observation within a pot, block, and trial. Different entries are denoted on the X-axis,
and entries are grouped within shared haplotypes by the letters at the top of the plots. The blue
horizontal line indicates the overall mean tiller number within the time after planting, across all
trials. The red horizontal bars indicate the entry-level mean tiller numbers across all trials within
the given time after planting.

After model fitting to test the log mean early tiller numbers between haplotype groups,

we found significant interactions (p-value < 0.05) between haplotype groups and greenhouse
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trials at all three timepoints, indicating that the time of year a greenhouse trial was conducted
influenced the relationships between the haplotype groups (Table 1.1; Figure 1.4). Therefore, we
performed pairwise contrast analysis between haplotype groups within each greenhouse trial
separately. We detected a difference in the mean log early tiller counts (Sidak’s adjusted p-value
< 0.05) between haplotype groups A and B in the fall and summer trials at four weeks after
planting; in the fall, spring, and summer trials at five weeks; and in fall, winter, and spring trials
at six weeks (Figure 1.4). However, we were not able to detect a difference in mean log tiller

counts between haplotypes C and D in any greenhouse trial at any timepoint (Figure 1.4).

Weeks After Wald Chi- Degrees
Planting Model Term Square of P-value

Freedom
4 Weeks Haplotype 21.39 3 8.75E-05
4 Weeks Trial 257.42 3 1.63E-55
4 Weeks Haplotype x Trial 18.20 9 0.03288
5 Weeks Haplotype 39.93 3 1.10E-08
5 Weeks Trial 238.56 3 1.95E-51
5 Weeks Haplotype x Trial 27.12 9 0.00133
6 Weeks Haplotype 46.49 3 4.46E-10
6 Weeks Trial 406.73 3 7.70E-88
6 Weeks Haplotype x Trial 29.62 9 0.00051

Table 1.1. Results for Type II analysis of deviance for early tiller number collected at three
different time points across four different experiments. Three separate generalized linear mixed
models were fit; one for each time point of collection shown in column 1. Column 2 gives the
model fixed effect term for the given time point, column 3 gives the associated Wald chi-square
test statistic for the model term, column 4 gives the degrees of freedom for the chi-square test,
and column 5 gives the unadjusted the p-values.
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Figure 1.4. Estimated marginal log mean early tiller numbers are given between different
haplotypes on the X-axis grouped within one of four greenhouse trials with data taken either
four, five, or six weeks after planting. Bars indicate 95% confidence intervals around the
estimated means and letters indicate grouping based on pairwise contrasts between haplotypes
within a given trial with p-values adjusted by Sidak’s method.
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A later greenhouse study was conducted during the winter of 2023 using the new LED

grow lights (Figure 1.2) and ETN was collected for each plant at five (Figure 1.5) and six (not

shown) weeks after planting. Tiller counts were very similar between the two timepoints, and the

overall mean ETN was 16.41 tillers at five weeks after planting (Figure 1.5). The mean tiller

counts of each haplotype group at five weeks were 16.6 for A, 16.5 for B, 18.3 for C, and 14.25
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for D (Figure 1.5). We were able to detect a difference in log mean tiller counts between
haplotype groups C and D (Sidak’s adjusted p-value < 0.05) but not between haplotype groups A

and B (Figure 1.5).

New Lights Pilot Study: 5 Weeks After Planting
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Figure 1.5. Results from the winter 2023 pilot study using the new LED grow lights. The left
figure shows the raw ETN counts for each plant grouped by haplotype on the X-axis. The blue
line indicates the overall mean ETN and individual red bars indicate the mean tiller counts within
one haplotype. The right panel shows estimated log mean ETN values for the haplotype groups
with bars representing 95% confidence intervals. Letters indicate grouping based on pairwise
contrasts between haplotype groups with p-values adjusted by Sidak’s method.

In order to investigate the expression patterns of genes located in and around our target
QTL, we next conducted RNA sequencing on the NIL parents (haplotypes A and B) used as
checks in the greenhouse studies. RNA-seq analysis revealed a total of 245 differentially
expressed genes (DEGs) (adjusted p-value < 0.01) (Supplementary Table 2.1) across three
samples each between the high and low tiller NIL parents. Of these, 75 DEGs were located on
the target chromosome 6B, and four DEGs were located within the narrow region of Q7n.mst-68

(Figure 1.6 A, B). Two DEGs in the narrow region had characterized functions including
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TraesCS6B03G0506800 annotated as a S-adenosylmethionine synthetase and

TraesCS6B03G0522300 annotated as a putative F-box protein (Figure 1.6B).

A Chr. 6B Differential Expression, High vs Low Tiller
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log2FoldChange
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Figure 1.6. A) Differential expression analysis results from RNA-seq between high and low tiller
NIL sister lines. Each point represents one gene on chromosome 6B of spring wheat. The Y-axis
gives the log base 2 fold expression change of a gene in the high tiller line compared to the low
tiller line. The X-axis gives the base pair position of the gene. A red point indicates the gene was
differentially expressed (adjusted p-value > 0.01) whereas blue indicates the gene was not. The
green vertical bars indicate the original range of QTn.mst-6B where the orange, vertical lines
indicate the fine-mapped narrow region of the QTL. B) Table of the four DEGs detected in the
narrow QTL range, including their names, positions, associated statistics and functional
annotations.
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Major tillering genes in rice and Arabidopsis were aligned against the IWGSC wheat
reference genome (v2.1) using BLAST. The top alignments based on percent identity and e-value
were recorded as candidate orthologs along with the respective chromosomes, positions, and
RNA-seq-derived results including expression patterns and detected variants (Table 1.2). In sum,
two homeologous sets of candidate orthologs were detected for the rice gene MOC1, along with
one homeologous set respectively for LAX1, LAX2, and OsSPLI14 (Table 1.2). Further
investigation of MOC-associated genes revealed two sets of candidates for 74D1, and one set
for FON1, MOC3, and SLR1 as well as one set for the Arabidopsis gene MAX2 (Table 1.2). In all
cases, the presence of a possible second set of orthologs was only considered if that set occurred
on the candidate chromosome 6B. Additionally, the same information is provided for other,
previously described orthologs in wheat, and across all investigated genes, none were

differentially expressed between tiller groups, though many had possible sequence variants

(Table 1.2).
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Different
Forward Base ial Numb
Possible Wheat Chromoso . Mean Expressi er of
Gene E-value Position . .
Orthologs me (bp) Expressi on Varian
on Adjusted ts
P-value
Rice Tiller
Genes

TraesCS6B03G049 | 8.00E- 2322455

MOC1 4700 96 6B 38 12.75 0.91 2
TraesCS6A03G038 5.00E- 1542381

MOC 1 7600 98 6A 73 15.70 0.98 0
TraesCS6D03G034 | 8.00E- 1485844

MOC 1 0500 96 6D 59 11.78 0.98 0
TraesCS7A03G092 5614585

MOC 1 7500 0 7A 31 23.24 0.83 0
TraesCS7B03G077 5243620

MOC 1 5400 0 7B 47 10.94 0.96 1
TraesCS7D03G089 4931628

MOC 1 1300 0 7D 25 26.34 0.93 0
TraesCS3A03G083 3.00E- 5997339

LAX 1 6000 106 3A 08 3.31 0.99 0
TraesCS3D03G076 | 8.00E- 4573654

LAX 1 7700 102 3D 39 4.04 0.97 0
TraesCS3B03G095 1.00E- 6177942

LAX 1 9300 94 3B 65 1.05 NA 0
TraesCS2A03G071 7.00E- 4926286

LAX 2 7000 34 2A 49 41.52 0.93 0
TraesCS2D03G066 | 3.00E- 3657687

LAX 2 2700 32 2D 86 39.95 0.96 0
TraesCS2B03G079 3.00E- 4400730

LAX 2 5200 32 2B 02 35.82 0.70 0
OsSPL14,IPA | TraesCS7A03G056 3.00E- 2302865

1 7100 58 7A 72 562.18 0.92 4
OsSPL14,IPA | TraesCS7D03G054 | 2.00E- 2157387

1 8900 56 7D 30 251.05 0.63 0
OsSPL14,IPA | TraesCS7B03G039 7.00E- 2013091

1 3600 55 7B 79 124.39 0.87 0

MOC1
Associated
Gene (Rice)

TraesCS4D03G079 | 2.00E- 4980563

TAD1 3000 50 4D 00 314.27 0.98 1
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. Base Differential
Possible Forward .
. Mean Expression | Number of
Gene | Wheat E-value | Chromosome Position . . .
Expressi | Adjusted P- Variants
Orthologs (bp)
on value
LOC12310
TAD1 5939 3.00E-48 5A 680361355 NA NA 1
TraesCS4B
03G09008
TAD1 00 4.00E-47 4B 638971824 | 273.39 0.96 2
LOC12315
TAD1 8052 8.00E-39 7B 458597779 NA NA 0
LOC12315
TAD1 3644 8.00E-39 7A 648498630 NA NA 2
LOC12313
TAD1 | 9264 8.00E-39 6B 456384999 NA NA 6
TraesCS7A
03G12983
FON1 | 00 0 7A 717685438 | 371.84 0.91 3
TraesCS7D
03G12307
FON1 | 00 0 7D 621095001 | 347.24 0.98 3
LOC12304
MOC 3 | 2297 2.00E-71 2B 723224185 NA NA 0
LOC12305
MOC 3 | 0233 5.00E-68 2D 593111332 NA NA 0
TraesCS2A
03G11494
MOC3 | 00 2.00E-67 2A 728361298 0 NA 0
TraesCS4A
03G07013
SLR1 | 00 0.00E+00 4A 581396439 | 5619.94 0.93 0
TraesCS4B
03G00931
SLR1 | 00 0.00E+00 4B 33614435 | 6355.63 0.95 0
TraesCS4D
03G00671
SLR1 | 00 0.00E+00 4D 19189660 | 2773.56 0.82 0
LOC12315
FON1 | 7457 0 7B 722812608 NA NA 1
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Differenti
Forward Base al Numb

Possible Wheat Chromoso - Mean Expressi | erof

Gene E-value Position . .
Orthologs me (bp) Expressi | on Varian

on Adjusted | ts
P-value

Arabidop

sis Gene
TraesCS7B03G00196 | 4.00E-

MAX2 00 18 7B 5391944 | 655.57 0.94 2
TraesCS7D03G02405 | 9.00E- 6574949

MAX2 00 15 7D 0 442.28 0.98 1
TraesCS7A03G02621 | 9.00E- 7099319

MAX2 00 15 7A 0 383.85 1.00 4

Wheat Wheat Gene Name

Gene
TraesCS6B03G03493 1416624

TaSPL028 | 00 6B 16 772.98 0.94 8
TraesCS6B03G04578 2066835

TaSPL029 | 00 6B 94 2.48 NA 0
TraesCS6B03G04658 2110730

TaSPL030 | 00 6B 58 192.92 0.99 6
TraesCS4A03G07023 5817549

TaTB1 00 4A 27 82.30 0.32 0
TraesCS4B03G00921 3312143

TaTB1 00 4B 4 61.65 0.11 0
TraesCS4D03G00667 1887655

TaTB1 00 4D 4 142.05 0.98 2
TraesCS7A03G10151 6141610

TaD27 00 7A 29 23.14 0.99 1
TraesCS7B03G08555 5732582

TaD27 00 7B 79 31.30 0.97 0
TraesCS7D03G09710 5319544

TaD27 00 7D 16 28.69 0.96 0
TraesCS6B03G06202 3449148

TaCRY1 00 6B 61 638.08 0.48 0
TraesCS6A03G05490 3490341

TaCRY1 00 6A 09 624.78 0.94 1
TraesCS6D03G04632 2712205

TaCRY1 00 6D 02 446.69 0.99 0
TraesCS6B03G07546 4703197

TaCRY2 00 6B 98 276.12 0.57 5
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Table 1.2 continued

Possible Forward D|fferen.t|al Number
E- Chromo - Base Mean Expression
Gene Wheat Position . ) of
value some Expression | Adjusted P- .
Orthologs (bp) Variants
value

TraesCS6A0

TaCRY2 | 3G0617600 6A 422875249 418.97 0.96 0
TraesCS6D0

TaCRY2 | 3G0524500 6D 320691996 423.21 0.93 0

Table 1.2. Table of possible orthologous tillering genes from rice and Arabidopsis as well as
potential tillering genes already identified in wheat. The gene names, chromosomes, and
positions are provided from IWGSC RefSeq v2.1 as well as the mean expression, differential
expression adjusted p-value, and detected variants from the RNA-seq data. Bolded rows indicate
genes that are located on chromosome 6B.

Discussion

Greenhouse Phenotyping Trials

The expected result of the greenhouse phenotyping trials was that haplotypes A and B,
corresponding to the low and high tiller parental check NILs respectively, would have
significantly different ETNs at both four, five, and six weeks after planting for all trials given
that the parental NILs had shown significantly different ETNs and PTNs in previous field studies
(Naruoka et al. 2011; Nasseer et al. 2016; Jones et al. 2021). We also expected that recombinant
haplotypes C and D would also have significantly different ETNs, given that they had
contrasting genotypes at all tested markers in the QTL (Figure 1.1B). Finally, we expected that
entries within a haplotype group would have similar ETNs due to being derived from NILs and
having identical QTL haplotypes (Figure 1.1A).

We saw that overall ETNs increased between four and five weeks after planting and
stayed consistent between five and six weeks after planting across all greenhouse trials (Figure

1.3). We also saw that entries within haplotypes A and B performed similarly to one another
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relative to the overall means. However, entries within haplotypes C and D did not appear to
perform consistently with entry 9 in haplotype C and 10 in haplotype D typically having
seemingly contrasting phenotypes to the other entries in their groups (Figure 1.3), though this
was not formally tested. This may suggest that the entries within the recombinant haplotypes are
not genetically identical, though given the narrow tiller number ranges and probable confounding
light stress, it is difficult to know for sure.

We observed that the timing of trials had a large effect on overall tiller numbers across
haplotypes (Table 1.1), with the trials conducted during times with longer day lengths (spring
and summer) having increased tiller numbers compared to those conducted in the fall and winter
(Figure 1.4). Despite this, at six weeks after planting, we were able to detect differences in ETN
between haplotypes A and B in all greenhouse trials except for the summer trial in which we
detected differences at four and five weeks, but not six (Figure 1.4). However, there was not a
single trial in which differences in tiller number could be detected between haplotypes C and D,
possibly due to the inconsistency of the entries within those groups. Therefore, we were not able
to fine map QTn.mst-6B any further from these greenhouse trials even with a high number of

replicates.

Light Regulation of Tiller Number

The change in experimental conditions between the original metal halide grow lights and
the new, high intensity, LED grow lights resulted in a dramatic increase in early tiller number
(ETN) across all haplotypes. Specifically, at 5 weeks after planting, the overall mean ETN was
around 4 tillers across four different greenhouse trials and across all haplotype groups using the

original grow lights (Figure 1.3). In the pilot study using the new LED lights, at five weeks after
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planting, the mean ETN across haplotypes was around 16 tillers, representing a 4-fold increase in
mean ETN (Figure 1.5). This clearly demonstrated the effect of light conditions on tiller number
in wheat, which was consistent with the findings of previous literature. Specifically, BOS and
NEUTEBOOM (1998) found that increased light intensity (measured in pmol m?s™) resulted in
an increase in tiller number. Further, multiple studies have shown that a low ratio of red to far red
light (R/FR) is associated with a decrease in tiller number in wheat (Casal et al. 1986; EVERS et
al. 2006; Ugarte et al. 2010; Xie et al. 2016). This finding is also related to the association
between planting density and tiller number where studies have shown that greater planting
densities are associated with a decrease in tiller number, possibly due to triggering shade
response pathways (Casal et al. 1986; Jones et al. 2021). Comparing the two grow lights used,
the LEDs had a much higher total light intensity (506 vs 229) and R/FR ratio (1.34 vs 3.96)
(Figure 1.2), both of which could have contributed to the increase in observed ETN.

Despite the clear influence of light conditions on tiller number in this study, it is unlikely
that light quality is related to the causal variant of Q7Tn.mst-6B. The phytochrome R/FR light
receptor genes as well as major phytochrome interacting factors (PIFs) have been described in
wheat, and none fall within chromosome group 6 (Zhuang et al. 2024a; Yang et al. 2025). The
blue light receptor gene CRYPTOCHROME1 (CRY1) has been shown to repress hypocotyl
elongation in Arabidopsis by inhibiting auxin (Xu et al. 2018; Mao et al. 2020) and
brassinosteriod (BR) (Wang et al. 2018; He et al. 2019) signaling. Further, in both Arabidopsis
and wheat, CRY! has been shown to repress gibberellic acid (GA) signaling and thus stabilize
DELLA proteins and repress plant growth (Yan et al. 2021), and the wheat orthologs, TaCRY1

and TaCRY2, are located on the long arms of chromosome group 6 (Yan et al. 2021; Table 1.2).
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None of 7aCRY genes we investigated were differentially expressed, though 7aCRY2b did

contain multiple sequence variants between the high and low tiller groups (Table 1.2).

RNA-seq Analysis

There was a total of 245 differentially expressed genes (DEGs) between the high and low
tiller groups detected in the RNA-seq analysis (Supplementary Table 2.1). Of these DEGs, 75
were located on chromosome 6B and four fell within the narrow region of Q7Tn.mst-6B (Figure
1.6 A,B). The first two DEGs, TraesCS6B03G0503800 and TraesCS6B03G0503900, were
located only 79 bp apart and though they were annotated as separate genes in the IWGSC high
confidence gene annotations, the Gnomon model in the Persephone browser considered them
one, unified gene. Regardless, both genes were functionally uncharacterized. The remaining two
genes, TraesCS6B03G0506800 and TraesCS6B03G0522300, were functionally annotated as “S-
adenosylmethionine synthetase” and “Putative F-box protein” respectively (Figure 1.6B).
TraesCS6B03G0522300 was especially of interest because the F-box protein MAX2 in
Arabidopsis has been associated with axillary bud outgrowth (Stirnberg et al. 2002; Bennett et al.
2006). However, BLAST analysis suggested that MAX?2 is most strongly orthologous to
chromosome group 7 (Table 1.2) and F-box proteins in general can be involved in many different

biological pathways which may not be related to tillering (Kuroda et al. 2002).

Orthologous Gene Analysis

Tiller number has been comparatively well studied in rice (Oryza sativa), with many
important genes identified (Yan et al. 2023). As such, we wanted to investigate if any major
tillering-related genes in rice had possible orthologs to genes in or near our Q7n.mst-6B locus.

The major genes investigated were MOC1, LAXI1, LAX2, and IPA1 (SPL14). Of these, we found
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one possible ortholog of MOCI1, the gene TraesCS6B03G0494700 located on chromosome 6B at
forward position 232245538 bp (Table 1.2). Not only was this gene in very close proximity to the
narrow QTL region (232965065 bp), it was also the only candidate ortholog of the four tested
genes to land on chromosome 6B in general (Table 1.2). Notably, a wheat ortholog of MOCI,
TaMOC1, has been described in previous literature (Zhang et al. 2015), but this refers to the
orthologs located on chromosome group 7 (Table 1.2) which were initially found to be primarily
associated with spikelet development (Zhang et al. 2015) though recently, Magbool et al. (2025)
has associated it with tiller number as well. While the group 7 orthologs had the strongest
BLAST results, the next strongest hits were the group 6 orthologs which still had very small e-
values (Table 1.2) and whose Persephone annotations still related them to MOC1. Therefore, we
conclude that there may be two separate sets of MOC! orthologs in wheat.

MOCI encodes a transcription factor in the plant GRAS gene family (Pysh et al. 1999; Li
et al. 2003) which are involved in the signaling of plant phytohormones, especially gibberellic
acid, as well as in many growth and development pathways (Khan et al. 2022). MOC1
specifically is an ortholog of the Lateral suppressor (Ls) gene in tomato (Schumacher et al.
1999) and the Arabidopsis Lateral Suppressor gene (LAS) (Greb et al. 2003) in Arabidopsis.
MOCI has been shown to regulate the initiation and outgrowth of axillary meristems with
knockout mutations resulting in a monoculm phenotype (Li et al. 2003; Xu et al. 2012).

Several relationships in rice between MOC! and other genes have been described. These include
interactions with MOC3 and FONI (Shao et al. 2019), TADI (Xu et al. 2012), and SLR! (Liao et
al. 2019). Therefore, we next investigated potential wheat orthologs of these genes to see if they

demonstrated notable expression differences or contained detectable variants between the NIL
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parent lines. We found potential orthologs for all of the above genes, and found that candidate
orthologs of FONI and TAD1 as well as the known SLRI orthologs (the reduced-height RHT
genes) were highly expressed in the NIL parents, though not differentially.

The SPL gene class has been characterized in numerous plant species (Cardon et al. 1999;
Manning et al. 2006; Hou et al. 2013; Tripathi et al. 2017) and has been shown to contribute to
multiple biological functions (Cardon et al. 1997; Chen et al. 2010). Within wheat, gene
expression studies have shown that 7aSPL genes are expressed in different tissues across all
different growth stages, indicating that they also contribute to many biological processes (Zhu et
al. 2020). The SPL gene OsSPL14 has been shown to regulate tiller number in rice (Jiao et al.
2010; Miura et al. 2010), and its wheat ortholog, 7aSPL17 (also called 7aSPL14 or TalPAI), has
been shown to regulate tiller number in wheat (Cao et al. 2023; Jian et al. 2024). TaSPL17-4 was
strongly expressed in both NIL groups (base mean expression = 562), though not differentially
(adj. p-value = 0.92), and it was the only homeolog of 7aSPL17 that had sequence variants
between the NIL groups (Table 1.2).

It has been shown that some 7aSPL genes regulate the expression of the major wheat
tillering gene 7TaTB1 (Liu et al. 2017). Zhu et al. (2020) described three SPL genes (7aSPL028,
1aSPL029, and TaSPL030) found on chromosome 6B. Of these, 7aSPL028 and TaSPL030 were
both highly expressed, though not differentially, in all samples, and they both contained multiple
sequence variants between high tiller and low tiller groups (Table 1.2). One possible hypothesis
would be that these SPL genes are regulating 7a7B1 and thus causing the tillering phenotypes. Of
the three 7aTB1 genes, there was some marginal evidence that the chromosome 4B homeolog

(TraesCS4B03G0092100) was differentially expressed (adj. p-value = 0.11) between tiller
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groups, though it had the lowest mean expression of the homeologs (Table 1.2). Also, the fold
change indicated higher expression of the gene in the high tiller group (Supplementary Table
2.1), which would be counter to expectation as increased 7B/ expression decreases tiller number.

The plant hormones strigolactones (SLs) and brassinosteriods (BRs) have been shown to
antagonistically regulate the expression of 7B/ in rice (Fang et al. 2020). Further, knockouts of
the wheat SL synthesis gene, 7aD27, have resulted in an increase in tiller number (Zhao et al.
2020; Awan et al. 2024). However, though tiller number was significantly changed, there was no
difference detected in TaTB1 expression (Zhao et al. 2020), suggesting that 7aD27 may not
regulate 7B expression in wheat as it does in other plant species. We detected very low
expression of 7aD27 in our NILs and found only one variant across the three homeologs,

providing little evidence that this gene was relevant to our QTL (Table 1.2).

Conclusion

Across all our investigations, we deemed the mostly likely candidate gene to be the
potential MOC] ortholog TraesCS6B03G0494700 due to its close proximity to the narrow
QTn.mst-6B locus, its having two exonic SNP variants between high and low tiller NIL groups,
and its strong orthology to one of the most important tiller-regulating genes in rice. Future
studies could more closely investigate the potential relationship between this gene and tiller
number. Specifically, CRISPR knockout mutations could be introduced in the NIL tiller parents
as they provide a nearly isogenic background and variable tiller phenotypes. Further, if new
recombination events could be identified, the new LED grow lights could then allow for

increased statistical power to detect differences in tillering phenotypes. This would allow for a
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further fine mapping of the QTL region and provide more evidence for or against the causality of

the MOC1 locus.
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Abstract

Exceptional end-use quality in hexaploid bread wheat is an important factor for selling
wheat in the global marketplace. However, many end-use quality traits are time-consuming and
expensive to test, meaning their measurement is often delayed until late-stage trials of a breeding
program. Genomic selection (GS) is one tool that has been shown to allow for earlier generation
improvement of many traits in wheat breeding. Further, advances in GS methods may improve
prediction accuracies, such as incorporating known loci that control traits as fixed effects and
utilizing single-stage reaction norm models to control for genotype by environment interactions.
Therefore, we evaluated conventional methods as well as these two advances to perform GS for
twelve important end-use quality traits collected by the Montana State University (MSU) Spring
Wheat Breeding Program from 2010-2022 across 842 elite breeding lines. We found that the
conventional GS models performed well in 5-fold cross validation with prediction accuracies
ranging from 0.4-0.7 and in leave-one-year-out validation with most trait-year combinations
exceeding an accuracy threshold of 0.3. We did not observe any difference in prediction accuracy
for the inclusion of fixed effect loci, but we did observe strong within-year correlations for the
single-step reaction norm models in both validation methods. We concluded that both
conventional, two-step GS and single-step reaction norm GS offer viable methods for earlier
generation improvement of major end-use quality traits in the MSU Spring Wheat Breeding
Program.

Introduction
Genomic selection (GS) is a modern breeding technology that has seen wide and diverse

adoption over the last decade in both plant and animal breeding (Crossa et al. 2017a; Alemu et al.
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2024). One primary driver for this adoption is the ability of GS to increase genetic gain over time
for many different traits. This is achieved by the incorporation of genome-wide information that
can simultaneously model both large and small effect loci, leading to a more comprehensive
prediction of trait performance compared to single locus methods like marker assisted selection
(MAS), especially for low heritability traits (Bernardo and Yu 2007a). Additionally, there have
been many recent developments to improve GS models that enable prediction with more
complicated large multi-environmental datasets.

In hexaploid bread wheat (7riticum aestivum), GS has been utilized for numerous traits
including yield, grain protein content, and disease resistance (Bonnett et al. 2022; Michel et al.
2019; Steiner et al. 2019; Merrick et al. 2022). One of the major classes of wheat grown in the
United States is hard red spring wheat (HRSW) which accounted for 25.5% of the total US
wheat production in 2024 (USDA NASS 2024). Hard red wheat, in general, is known for its high
grain protein content, gluten strength, and desirable end-use quality which influences its market
price (Roberts et al. 2022; Subedi et al. 2023). End-use quality can be broadly split into three
categories: milling traits, dough traits, and baking traits. Milling traits refer to the properties and
composition of a grain sample and its derived flour, while dough traits and baking traits refer to
the properties of the dough and final baked products derived from a flour sample.

End-use quality traits are ideal targets for genomic selection because they are often highly
heritable (Souza et al. 2012; Laidig et al. 2017), though also polygenic (Battenfield et al. 2018;
Gill et al. 2025b). This means end-use quality traits are consistently controlled by genetics, but
there are likely too many important loci for a single locus method like MAS to encompass,

indicating that a genome-wide method like GS is needed instead. In addition, end-use quality
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traits are typically measured late in a breeding cycle due to the labor, complexity of tests, and
large grain samples required for the measurements (Battenfield et al. 2016). Genomic selection
enables end-use quality improvement at earlier stages of the breeding pipeline, increasing the
rate of genetic gain over time.

Multiple studies have investigated the use of GS for trait improvement in different wheat
classes, leading to several key advances to make better predictions. Two of these advances
include incorporating known QTL markers as fixed effects, (Zhao et al. 2014; Michel et al. 2018;
Gao et al. 2025) and modeling of genotype by environment (GE) interactions (Burguefio et al.
2012; Sandhu et al. 2022; Brault et al. 2025), though few studies have incorporated these
advances into end-use quality prediction.

End-use quality traits are known to exhibit varying levels of GE (Prasad et al. 2003; Aoun
et al. 2021; Shahi et al. 2024) which can lower prediction accuracy (Burgueiio et al. 2012). One
method to overcome this is the single-step reaction norm model described in Jarquin et al. (2014)
which is an extension of the GBLUP model and performs genomic prediction in one step using
the raw phenotypic data as a response. It also models GE interactions between additive genetic
values and environmental covariates using prebuilt covariance matrices (Jarquin et al. 2014;
Crossa et al. 2017a; Persa et al. 2020). This single-step method directly predicts phenotypic
values within a specific environment, and it has been successfully utilized in genomic selection
for grain yield in wheat (Jarquin et al. 2017; Pérez-Rodriguez et al. 2017).

In this study, we conduct genomic selection for twelve end-use quality traits in the
HRSW market class using twelve years of historic quality data from the Montana State

University Spring Wheat Breeding Program. We examine two advances in GS: the incorporation
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of known fixed effect QTL and the modeling of GE interactions with single-step reaction norm
models. We utilize two validation schemes (k-fold and leave-one-year-out) to investigate the
effectiveness of these methods on their ability to perform genomic selection for end-use quality

traits in hard red spring wheat.

Materials and Methods

Phenotypic Data Collection

End-use quality data was obtained from the Montana State University Spring Wheat
Breeding Program yield trials conducted from the years 2010-2022. Trials were conducted at
multiple locations each year, and within each location, two trials consisting of the preliminary
yield trial (PYT) and advanced yield trial (AYT) were conducted with different sets of
experimental lines and a set of common check varieties (Supplementary Figure S2.1). The check
varieties also varied between years with some checks consistently included and others replaced
overtime. Each year, a subset of lines from the PYT were selected to advance to the AYT,
resulting in an unbalanced dataset with better performing lines being evaluated in more location-
years. Different experimental designs, primarily lattice and randomized complete block, were
used over the tested years. One replicate for each line from a trial was submitted for quality
testing with one check variety, Duclair, having two replicates for consistency. In total, 842 lines
were phenotyped, including 24 check varieties and 818 elite experimental lines from the
program. Notably, experimental lines from the 2021 PYT were phenotyped but not genotyped, so

that trial only had training data for the check varieties (Supplementary Figure S2.1).
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End-use quality data was collected by the Montana State University Cereal Quality
Laboratory with protocols following the American Association of Cereal Chemists methods
(AACC, 2000). In brief, moisture and grain protein content were first collected on a cleaned
grain sample using a Foss Infratec 1241 Near Infrared Reflectance (NIR) instrument (Infratech
1241 Grain Analyzer; Foss North America) calibrated via AACC Method 46-30 (AACC, 2000).
The sample was then tempered to 15.5% moisture and milled using a Brabender Quadrumat Sr.
Mill (C.W. Brabender Instruments Inc.) with flour yield describing the percentage of pure flour
compared to total milled product. After two weeks of stabilization, flour protein was measured
using the same Infratec 1241 instrument. Total ash content (wheat ash) and flour ash content
were also collected following AACC Method 08-01 adjusted to 14% moisture content (AACC,
2000). Dough properties including mix time, mix water absorption, and mix tolerance were
collected using a Mixograph following AACC Method 54-40A with a 10g sample corrected to a
14% moisture basis (AACC, 2000). Finally, bake quality traits including bake mixing time, bake
water absorption, and loaf volume were collected following AACC Method 10-10B (AACC,
2000). Single kernel hardness was measured separately via a single-kernel characterization
system (SKCS) (Perten Instruments, Springfield, IL, U.S.A.).

Broad-sense heritability was calculated for each end-use quality trait using the Cullis
method with the following formula:

~BLUP

v
2 _ A
HCullis =1-

2.1)

2
2*ag

Where g is the genotypic variance and 7ALUP is the mean variance of a difference between two

genotypic Best Linear Unbiased Predictors (BLUPs) (Cullis et al. 2006). The Cullis method was
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selected due its performance in unbalanced datasets (Schmidt et al. 2019) which was the case in

this study as the check varieties had many more observations than the elite lines.

Genetic Data Collection

Genotyping-by-sequencing (GBS) was performed on the 842 phenotyped lines at the
USDA-ARS Genotyping Lab (Fargo, North Dakota) following a protocol adapted from Poland et
al. (2012), which uses the double restrictions enzymes, Pstl and Msel. GBS libraries were
sequenced with Illumina NextSeq 2000 system with 150 bp paired ends (Illumina, San Diego,
USA). Sequence data were quality filtered and trimmed for adapters with bbduk (BBTools,
https://jgi.doe.gov/data-and-tools/bbtools). The trimmed paired-end sequences were aligned to
the Chinese Spring wheat IWGSC RefSeq v1.0 reference genome (IWGSC et al. 2018) using
Bowtie2 (Langmead and Salzberg 2012). The aligned reads were then sorted and indexed using
SAMtools (Danecek et al. 2011, 2021a), and vcf files were generated with mapping quality score
of at least 30, using BCFtools (Danecek et al. 2021a). The variant file was further filtered using
vcftools, with a max-missing of 50%, a minor allele frequency (MAF) of 0.01, and a minimum
depth coverage of 4. Chromosome UN was removed, and missing data was imputed using
Beagle v5.4 (Browning et al. 2018a) using default settings, no reference panel, and the Synthetic
W7984 x Opata M85 RIL 906 genetic map (Gutierrez-Gonzalez et al. 2019) to inform
recombination frequencies.

In total, there were 21,958 SNPs after filtering and imputation. All SNPs were used for all
genomic selection models. For genome wide association studies (GWAS), SNPs with a minor

allele frequency (MAF) less than 0.01 were removed.

Two-Step Analysis Method
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Two methods of genomic prediction were utilized in this study. The first method,
hereafter the “two-step method” (Garrick et al. 2009), is an approach where the analysis is split
into two separate steps. In the first step, summary values for each phenotyped line are calculated
across all environments. Then, in the second step, the summary values are used as the response
variable in a new model with the genetic markers to calculate genomic estimated breeding values
(GEBYVs). In this study, best linear unbiased estimators (BLUEs) (Holland and Piepho 2024)
were calculated for each line from the following model:

Trait;j, = p+ Line; + Environment; + Line x Environment;; + &, (2.2)
Where Trait;i is the k™ observation of an end-use quality trait measured on the i line in the j®
environment where an environment denotes a single combination of a year, location, and trial
(AYT or PYT) within a location. Line; is fixed effect of the i" line, Environment; is the
random effect of j™ environment following a N'(0, 6,,,) distribution, Line * Environment; j1s
the random interaction of the i line with the j™ environment following a N (0, 670 + 5np)
distribution, and &y, is the random error term following V' (0, 62). These models were fit using
the Ime4 package (Bates et al. 2015), and BLUEs were extracted using the emmeans package
(Lenth 2024) in the data analysis software R (R Core Team 2024).

The second step of the analysis was to fit standard genomic selection models including
RR-BLUP with the rrBLUP R package (Endelman 2011) and Bayesian Ridge Regression (BRR),
Bayesian LASSO (B.Lasso), BayesA, BayesB, and BayesC models using the BGLR R package
(Pérez and de los Campos 2014). Reproducing kernel Hilbert space (RKHS) models were also

fit with the BGLR package using a Gaussian kernel computed as follows:



65

K(xi,xj) = exp (—h (%)) (2.3)

where d;; is the squared Euclidean distance based on genetic markers between individuals i and

J, k is the mean squared Euclidean distance across all individuals, and h is a bandwidth
parameter set equal to one. All Bayesian models were fit using 10,000 iterations, with the first

1,000 used as burn-in and the default thinning value of 5.

GWAS

Genome wide association studies (GWAS) were conducted for each end-use quality trait
using GAPIT version 3 (Wang and Zhang 2021) with the BLINK model (Huang et al. 2019). A
minor allele frequency threshold of 0.01 for SNP inclusion was used for all GWAS, as well as
two principal components to control for population structure. Significant markers for each trait
were determined using the default Bonferroni correction thresholds (Wang and Zhang 2021)
(Supplementary Table S2.1). GWAS-informed genomic selection models (Bernardo 2014) were
identical to the models described above except that the significant GWAS markers for a given
trait were removed from the random effect marker matrix and treated instead as unique fixed
effect variables. During cross-validation, GWAS was performed using only the training data in
each fold to avoid so called “inside trading” effect of using fixed GWAS markers identified with
the full phenotypic dataset (Arruda et al. 2016). To illustrate this effect, separate models were

tested with the inclusion of GWAS markers identified on the full dataset.

Known QTL as Fixed Effects

Genes corresponding to major wheat seed proteins including the glutenin, gliadin,

puroindoline, purothionin, avenin-like, purinin, and triticin families, as well as amylase/trypsin
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inhibitors, were considered potential known loci that could influence end-use quality (Li et al.
2020). Markers were first filtered to those that fell within 1 Mb of any known seed protein genes,
and in cases where multiple markers were close to a gene, the marker with the highest minor
allele frequency was selected. Selected markers were treated as fixed effects in two-step GS
models in the same manner as the GWAS-informed models above.

In addition to selecting markers based on minor allele frequency, we also selected all
genetic markers within 1 Mb of any known seed protein gene and performed principal
component analysis on the resulting marker matrix. Two-step GS models were then cross-
validated with the inclusion of the first 1, 3, 20, or 50 principal components as fixed effects, with

the selected markers removed from the random effect marker matrix as before.

Single-Step Analysis Method

The second method of genomic prediction used in this study is hereafter referred to as the
“single-step”” method, which combines the raw phenotypic data and genetic marker data together
into one prediction model. These models were based on the reaction norm models described in
Jarquin et al. (2014) and can be generally written as follows:

Yijk = W+ E;+ Lj + EL;jj + €5 (2.4)
where y; i, is the k™ observation of an end-use quality trait measured on the j™ line in the i
environment where, as before, an environment denotes a combination of a year, location, and
trial within a location (AYT or PYT). u is the overall trait mean, E; is the fixed effect of the i
environment, and L; is the random effect of the j line with L ~ N'(0,Z; KZ{ 0/;,.). EL;; is the
interaction between the i™ environment and the j® line with EL ~ V' (0, [Z_ KZ{ ] o [ZgZ] 02,)

where o is the Hadamard product, Z;, is an (n X j) incidence matrix for phenotypic observations
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of each line, Zg is an (n X i) incidence matrix relating observations to an environment, K is
either the (j X j) Gaussian kernel matrix described in equation 2.3 for the RKHS models, or for
all other genomic selection models, K is the (j X j) genomic relationship G matrix calculated
using the a.mat function from the rrBLUP R package (Endelman 2011) using the GBS markers.
Finally, €;; is the random error term following €;j;, ~ i.i.d. N'(0,6%). Code to implement these

models was based on the framework provided in Montesinos-Lopez et al. 2021.

Cross-Validation

Two methods of cross-validation were used to assess the predictive ability of tested
models. The first method was a five-fold cross-validation which differed slightly in
implementation between the two-step and single-step methods. In the two-step method, the line
BLUEs were randomly divided into five equal folds and each fold was sequentially removed and
then predicted with all of the candidate GS models. Pearson’s correlation between the predicted
and observed values within a fold was measured and reported as the prediction accuracy. The
root mean squared error (RMSE) and mean average error (MAE) were also recorded
(Supplementary Table S2.2). Twenty allocations of five folds were created for a total of 100
cycles of cross-validation for each model. The mean correlation, RMSE, and MAE were taken
across all cycles as well as the standard deviation of the correlations to give a sense of the range
of accuracies between cycles.

For five-fold cross-validation of the single-step method, the raw phenotypic data points
were randomly assigned into five equal folds. One fold was then removed and the candidate
model was used to directly predict the removed phenotypic values. The correlation, RMSE, and

MAE were taken both at the location-year level and across all location-years (Supplementary
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Table S2.4). Both methods were then averaged across 100 cycles of cross-validation for all
metrics, and the standard deviation of the correlation values was also taken.

The second method of cross-validation was a leave-one-year-out (LOYO) validation. For
the two-step approach, all non-check lines phenotyped in a given year were identified and their
BLUEs were removed. The remaining lines were then used to predict GEBVs for the removed
lines, and the correlation, RMSE, and MAE were calculated (Supplementary Table S2.3). The
removal of the most recent year in the dataset (2022) was technically a forward prediction as all
previous years of data were used to predict the newest year. Similar methods were used for the
single-step approach, but specifically the phenotypic values of non-check lines within a year
were removed, and the metrics correlation, RMSE, and MAE were taken both at the location-
trial level within a year and across all locations (Supplementary Table S2.5). Check line
phenotypes were retained within a year as the check line end-use quality data is always available

to the breeding program before genomic predictions must be made.

Results

Predictive ability in genomic selection (GS) depends on, among other factors, the
heritability of the predicted trait (Bernardo 2020). Broad-sense heritability for the twelve end-use
quality traits tested in this study was determined (Figure 2.1a) using the Cullis method (Cullis et
al. 2006). Wheat ash content had the lowest heritability with a value of 0.39, with all other traits
exceeding a broad-sense heritability of 0.60. Pairwise Pearson correlation coefficients between
the BLUEs of all 12 end-use quality traits were also calculated (Figure 2.1b). The pairs of traits
with high correlation (above 0.85) were flour protein content and grain protein content, bake

water absorption and mix water absorption, and bake time and mix time. Grain protein content is
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commonly used as an indicator proxy trait for overall end-use quality but was only moderately,

positively correlated with four out of the eleven traits and strongly correlated only with flour

protein content

A
Trait H? Cullis

Single Kernel

Hardness 089
Bake Time 0.87
Mix Time 0.84
Loaf Volume 0.81
Flour Yield 0.79
Mix Tolerance 0.76
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Flour Protein 0.69
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Figure 2.1. A) Table of broad-sense heritabilities for twelve end-use quality traits calculated

using the Cullis method. B) Pearson correlation matrix between the BLUEs of the same twelve
end-use quality traits with darker red indicating a stronger, positive correlation and darker blue
indicating a stronger, negative correlation.

Two-Step Analysis Results

Seven genomic selection models were tested for each end-use quality trait as the second

stage of the two-step analysis. One hundred cycles of five-fold cross-validation for each model

within each quality trait were performed (Figure 2.2). The mean accuracy across all cycles

ranged from 0.4 to 0.7 with standard deviations between 0.04 to 0.06. There was no appreciable

difference between the mean prediction accuracies of the different genomic selection models

within each trait. However, prediction accuracy did vary across traits with mix tolerance and
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flour yield having the highest accuracy on average, and the trait with the lowest heritability,

wheat ash content, having the lowest accuracy.
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Figure 2.2. Five-fold cross-validation results (n=100) for twelve end-use quality traits. The mean
prediction accuracy is given on the y-axis and error bars denote one standard deviation. Colors
represent results from one of seven different genomic selections that were tested.

Given that most of the end-use quality traits had a high broad-sense heritability (Figure
2.1a) and there are known major genes controlling them (Eagles et al. 2002), we next
investigated the effect of removing certain markers from the random effect marker matrix and
treating them as fixed effects to exert a stronger influence on trait predictions. Using the BRR
genomic selection model within the two-step method framework for consistency, we found no
difference in the average prediction accuracy, across 100 cycles of five-fold cross-validation,
between the baseline model with no added fixed effects compared to models with included fixed
effect markers (Figure 2.3). The only case where an increase in mean prediction accuracy was
observed, around one standard deviation higher for all traits, was when we included fixed effect

markers identified by a GWAS analysis of the full phenotypic BLUEs dataset (Figure 2.3). This
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method problematically included both training and validation sets of data, which led to data

leakage and inflated accuracies (Supplementary Table S2.1).

Baseling_No_Fixed * GWAS_Informed_By_Fold # PCA_Fixed_20

Method . Fiod Known_ GTL Markers © GWAS_wilh_all_datc # PGA_Fixed_3

o
o

o
=3

It
TEEER I N e
I [

Bake Bake Flour Flour Flour Loaf Mix Mix Mix Single Wheat Grain
Absorption Time Ash Protein Yield Volume Absorption Time Tolerance Kernel Ash Protein
Hardnes

Mean Accuracy

o
'S

0.2

Figure 2.3. Five-fold cross-validation results (n=100) for the two-step method showing the mean
prediction accuracy for twelve different end-use quality traits. The BRR genomic selection
model was used in all cases with different colors representing different fixed effect
specifications. The first, orange bars are the baseline model with no added fixed effect terms
which are compared against the inclusion of markers associated to potential known QTL,
markers identified by GWAS on each training fold, markers identified by GWAS on the full
phenotypic BLUESs dataset, and 20 or 3 principal components of a PCA across all markers
associated with a potential known QTL.

Leave-One-Year-Out (LOYO) validation was performed for the same seven GS models
as the five-fold cross-validation (Figure 2.4). A cutoff of 0.3 was used to delineate a useful
prediction versus an uninformative or even detrimental one (Heffner et al. 2010; Marulanda et al.
2021). The traits bake time, loaf volume, mix time, mix tolerance, and single kernel hardness had
prediction accuracies above the 0.3 cutoff for all 13 years. Other traits varied in accuracy
depending on the year left out, and wheat ash content was the only trait that consistently failed to
meet the cutoff for most years. For all traits, performance of different models was nearly

identical, though notably, in the forward prediction year 2022, the traits grain protein content and



72
flour protein content had discernably higher prediction accuracies for the RKHS model

compared to all other models.
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Figure 2.4. Leave-one-year-out (LOYO) validation results for the two-step analysis approach.
The x-axis denotes the year in which the experimental lines were left out of the training data and
predicted. The y-axis shows the accuracy as the correlation between the predicted breeding
values and known BLUEs for the experimental lines in the left-out year. Each box represents one
end-use quality trait and for each trait, results are given for seven different GS models denoted
with different colors.

Single-Step Analysis Results

Five-fold cross-validation for the same six GS models (without RR-BLUP, see Methods)
was also performed with the single-step analysis method (Figure 2.5). Prediction accuracy in this
context refers to the correlation between observed phenotypic values and predicted phenotypic
values within a location-year combination across the preliminary and advanced yield trials
conducted at that site. The mean prediction accuracy refers to the average correlation within a
location-year across 100 cycles of cross-validation. There was little discernible difference

between the different models tested. The traits with the highest median of the means accuracy
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across all models and location-years were bake time, flour yield, mix time, and single kernel
hardness with values at nearly 0.8, while the trait with the lowest median accuracy was wheat ash
content at a little under 0.5. Interestingly, these results corresponded almost exactly to the broad-

sense heritabilities (Figure 2.1a) in terms of the relative trait rankings.
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Figure 2.5. Five-fold cross-validation results (n=100) for the single-step analysis method for
twelve end-use quality traits. The mean prediction accuracy across all cycles of cross-validation,
within a location-year, represented by each point. The x-axis denotes the quality trait tested and
each color represents a different genomic selection model. Box plots show the overall median of
the means prediction accuracy for each trait across all location-years and models.

Leave-One-Year-Out (LOYO) validation was conducted on the single-step analysis
method in the same manner as the two-step except that prediction accuracy was taken as the
correlation between predicted and observed phenotypic values within a location-year and then
the median accuracy was calculated across locations within the left-out year (Figure 2.6). As
before, a minimum accuracy of 0.3 was considered the threshold for a useful model. Traits such
as mix time, bake time, and loaf volume had very consistent accuracy between different locations
within the same year. For all traits however, this consistency varied between years with 2018 and

2021 seemingly being more variable between locations across most tested traits (Figure 2.6).
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Figure 2.6. Leave-one-year-out (LOYO) validation results for the single-step method of analysis.
The correlation between predicted and observed phenotypic values within a location-trial are
shown on the y-axis with boxplots showing the median and range of correlations between
different locations within the left-out year, denoted by the x-axis. Two representative genomic
selection models (BRR and RKHS) are shown in different colors.

Discussion

The goal of this project was to perform genomic selection (GS) for end-use quality traits
in hard red spring wheat. Two broad approaches for GS were tested: the two-step method in
which summary BLUEs were precalculated before performing GS and the single-step method in
which genetic markers were used in tandem with raw phenotypic data. Both methods were tested
under two types of cross-validation, five-fold and Leave-One-Year-Out (LOYO). Further, within
the five-fold cross-validation of the two-step method, the inclusion of different types of fixed
effects was assessed.

Broad-sense heritabilities for the twelve end-use quality traits were generally high,
ranging from 0.4 to 0.9 (Figure 2.1a) which was consistent with expectations and matched well

with other studies in bread wheat that tested overlapping traits with the same method of
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heritability calculation (Sandhu et al. 2022; Gill et al. 2023). Correlations between trait BLUESs
revealed that they could be sorted into roughly three (overlapping) groups with group one
consisting of mix time, bake time, mix tolerance, loaf volume, mix water absorption, and bake
water absorption; group two consisting of loaf volume, mix water absorption, bake water
absorption, total wheat ash content, grain protein, and flour protein; and group 3 consisting of
flour ash content, flour yield, and single kernel hardness (Figure 2.1b). Most notably, grain
protein content, which is widely used as an indicator of overall quality, was only positively
correlated with five out of eleven traits and was weakly, negatively correlated with the important
gluten strength trait, mix tolerance (Figure 2.1b). This was also consistent with the literature as
many studies have shown that grain protein content is uncorrelated with other important quality
traits such mix time, bake time, flour yield, and gluten strength (Battenfield et al. 2016; Ibba et
al. 2020; Zhang-Biehn et al. 2021; Sandhu et al. 2021; Gill et al. 2025b) showing that predicting
these traits directly with GS could be a superior method of improving them compared to
selecting based on protein content.

The two-step method showed promising results for all quality traits except for total wheat
ash content which, consistent with its lower broad-sense heritability, under performed in both
cross-validation methods (Figure 2.2, 2.4). Mean prediction accuracies in the five-fold cross-
validation for all the other traits met or exceeded 0.5 (Figure 2.2) which was 0.1-0.2 units higher
than the k-fold validation results for the same models and traits reported in some studies (Zhang-
Biehn et al. 2021; Fradgley et al. 2023; Gill et al. 2023) though consistent with the results from
other studies (Battenfield et al. 2016; Sandhu et al. 2022). This was not surprising as the training

dataset used in this study was large relative to the size of the breeding program. Prediction
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accuracy is expected to increase as the training population size increases and as the relatedness
between lines increases (Bernardo 2020). The individuals in a smaller breeding program, such as
the one here, are likely to be more closely related than those from larger, more diverse programs.
Further, twelve years of multi-environmental training data is substantial, and nearly 22,000
genetic markers would be expected to provide excellent, whole-genome coverage. All of these
factors in tandem suggest that somewhat higher prediction accuracies, compared to some other
studies, would be observed.

In the more rigorous LOYO validation, most quality traits had a prediction accuracy at or
above the threshold for successful predictions of 0.3 for all years (Figure 2.4). The exception
being wheat ash content, and to a lesser extent, mix water absorption. This indicated that the
majority of end-use quality traits could be consistently predicted with a useful level of accuracy
in spite of the year-to-year variation. Interestingly, the forward predictions, which correspond to
the most recent year, 2022, in the LOYO figure, were generally equal to or less than the values
for the same trait-model forward predictions reported in other studies (Battenfield et al. 2016;
Gill et al. 2025b). The results from Gill et al. (2025) are especially of note as, to our knowledge,
this is the only other study to investigate genomic selection of end-use quality traits within the
hard red spring wheat market class. While our five-fold validation results tended to be equal or
higher than their ten-fold validation results, our forward predictions were generally quite similar.
A driving reason for this was likely the lack of available genotypic data for the 2021 PYT lines,
which meant that the number of training lines in the 2022 AYT was quite small, only consisting

of lines from two or more years prior and the usual check varieties. The AYT lines having
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phenotypic data from previous years surely helped the model predict the AYT and PYT lines in a
new year, and reducing the AYT sample size would likely reduce overall prediction accuracies.

End-use quality in hexaploid bread wheat is known to be controlled by several major
QTL (Payne 1987; Eagles et al. 2002; Rai and Han 2023); further, it has been shown in wheat
that giving markers associated with major QTL more weight in a genomic selection model, such
as by treating them as fixed effects, can improve prediction accuracy (Rutkoski et al. 2014; Zhao
et al. 2014; Bentley et al. 2014). However, the method of identifying which markers to treat as
fixed is also important. Notably, including markers that were identified by association mapping
on the combined training and testing datasets for GS can lead to artificially inflated prediction
accuracies in a phenomenon termed the “inside trading effect”(Arruda et al. 2016). We
demonstrated this effect in the five-fold cross-validation of the two-step method in which we
observed a clear increase in prediction accuracy when markers detected by GWAS on the full
BLUE:s dataset were treated as fixed effects (Figure 2.3), similar to findings in Michel et al.
(2018). Additionally, Michel et al. (2018) found a slight increase in prediction accuracy when
markers associated with known high molecular weight glutenin genes were treated as fixed
effects, which avoids the inside trading issue. Building on this, we identified genetic markers
associated with the known major seed protein genes and treated those markers as fixed effects.
Because many of these genes had multiple markers within 1 Mb, in addition to selecting just one
marker per gene, we also performed principal component analysis on all candidate markers and
then included different numbers of principal components as fixed effects in GS models. Finally,
we incorporated de novo GWAS markers identified by performing GWAS on each training fold

of cross-validation rather than the full dataset as fixed effects (Spindel et al. 2016). We did not
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find a discernable improvement to prediction accuracy with any of these approaches, which
suggested that other methods of improving model predictions should be explored in this
population.

Genotype by environment (GE) interactions can reduce prediction accuracy and are
known to be present in many end-use quality traits (Aoun et al. 2021). One method to account
for these interactions is the single-step reaction norm model described in Jarquin et al. (2014).
We investigated if these GE models could provide superior performance to the conventional two-
step methods we tested previously. The median of these prediction accuracies across all location-
years tended to be quite high, corresponding very closely to the broad-sense heritability values
for the respective quality trait (Figure 2.1a, 2.5). The LOYO validation showed consistently
strong performance for the traits mix tolerance, mix time, bake time, flour yield, and loaf
volume, though other traits including grain protein, flour protein, wheat ash, and mix absorption
had lower and less consistent accuracies (Figure 2.6). Further, both validation approaches had
variability in prediction accuracy between different location-years, with a few location-years
having notably low accuracy (Figure 2.5, 2.6). This was probably in part due to the same issue
with the 2021 PYT lines discussed in the two-step section. However, it also is possible that there
are some outlier environments in the training data, and optimization of the training data by
removing any outlier environments could lead to higher and more consistent prediction accuracy
(Heslot et al. 2013; Aoun et al. 2021).

The results from the two-step and single-step methods are not directly comparable in this
study as the two-step method predicted genomic estimated breeding values (GEBVs) for each

line whereas the single-step method was used to directly predict phenotypic values for a line
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grown in a specific environment. Both outputs could be of use to a breeder as the GEBV
represents the performance of a line as a potential parent across all tested environments whereas
the single-step method gives the predicted performance for a line itself within a specific
environment of interest (Jarquin et al. 2017; Persa et al. 2020). Both methods performed well;
specifically, in the LOYO validation, both methods consistently gave prediction accuracies
above the threshold of 0.3 (Figure 2.4, 2.6) for the majority of traits.

We showed that two methods of genomic selection, two-step BLUEs and single-step
reaction norm models with a marker by environment interaction term, could be successfully used
to predict important end-use quality traits in the hard red spring wheat breeding program at
Montana State University. We expect that implementing these methods will allow for
improvement of many end-use quality traits at earlier stages in the breeding program before
phenotyping is possible. This would increase the selection intensity for these traits and lead to
increased genetic gain over time for end-use quality; ensuring that breeding targets for these
traits are met and that important markets, which depend on quality standards, will be maintained

for producers in years to come.
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CHAPTER FOUR

GENOMIC SELECTION FOR WHEAT STEM SAWFLY

RESISTANCE

Introduction

Wheat stem sawfly (Cephus cinctus Norton) (hereafter sawfly) is a major pest of
hexaploid bread wheat (7riticum aestivum L.) in the central growing region of North America.
The historic regions of sawfly infestation include Montana, North and South Dakota, western
Minnesota, and south-central Canada (Beres et al. 2011), though recently, the range of sawfly
infestations has spread to the state of Washington, northern Idaho, Wyoming, Colorado,
Nebraska, and Kansas (Beres et al. 2017; Weaver 2023). Sawfly larvae feed within the stems of
wheat plants and then cut the stems in the late season causing lodging and yield loss (Talbert et
al. 2014). It has been estimated that the total economic loss due to sawfly damage could reach
400 million dollars annually (Beres et al. 2017). Sawfly pressure is also heavily controlled by
environmental conditions, making it a challenge to anticipate the exact regions of heavy sawfly
pressure in a given year (Olfert et al. 2019; Ermatinger et al. 2025).

Historically, management of sawfly has been achieved through the deployment of wheat
cultivars containing the solid-stem trait, meaning that their stems fill with pith during
development, resulting in restricted larvae movement and potential death (Hayat et al. 1995;
Hager et al. 2025). While it has been shown that solid-stemmed cultivars can substantially reduce
yield losses due to lodging under heavy sawfly pressure (Beres et al. 2007), even solid-stemmed

cultivars can experience up to 30% stem cutting (Talbert et al. 2014; Wong et al. 2023; Hager et
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al. 2025). Also, the degree of stem solidness varies substantially between environments (Cook et
al. 2004), and it has been shown that abiotic factors such as increased shading and increased
planting density can both decrease stem solidness (Holmes 1984; Beres et al. 2012). Further,
stem solidness may be vary between different internodes within a single stem and between
different tillers of the same plant (Bainsla et al. 2020) giving sawfly “weak points” to target for
egg laying. Given these current limitations of stem solidness, general improvement of sawfly
resistance, meaning either an improved solid stem or entirely new mechanism of sawfly
repulsion, is still a primary breeding target for wheat cultivar development in the affected
growing regions.

Stem solidness has long been known to be a polygenic trait controlled by one major gene
and multiple minor effect loci with probable epistatic interactions between them (McNeal 1955;
McKenzie 1965). The major locus was first identified by Cook et al. (2004) as QOss.msub-3BL
which mapped to the long arm of chromosome 3B and explained 76% of the solid stem variation
in the double haploid line population it was mapped in. A second QTL was mapped to the long
arm of chromosome 3D by Lanning et al. (2006) in the background of Qss.msub-3BL, which
explained 31% of the variation in stem solidness. Numerous other minor QTL for stem solidness
have since been identified in wheat (Sherman et al. 2010; Varella et al. 2015, 2019; Nilsen et al.
2017; Dhariwal et al. 2022). Due to the large effect of Oss.msub-3BL, marker assisted selection
(MADS) has historically been deployed to select for solid-stemmed varieties. However, MAS
becomes more challenging to implement as more unique loci are discovered and subsequently

required to make further gains.
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Given the polygenic nature of stem solidness, the desire to improve total sawfly
resistance beyond just the solid stem trait, and the difficulty of consistently anticipating and
phenotyping for sawfly resistance year to year, we sought to investigate the use of genomic
selection (GS) for improving sawfly resistance in wheat. Genomic selection was first described
in Meuwissen et al. (2001) and constitutes a whole genome prediction of individual performance,
including both large effect and small effect loci as well as potentially nonadditive gene
relationships, resulting in superior predictions to MAS, especially for low heritability traits
(Bernardo and Yu 2007b; Crossa et al. 2017b). Genomic selection has been successfully adopted
for numerous important traits in wheat (Bonnett et al. 2022; Gill et al. 2023; Brault et al. 2025),
though only one study has applied it to total sawfly resistance (Graham 2025).

We utilized a historic agronomic dataset, collected by the Montana State University
Spring Wheat Breeding Program from the years 2013-2025 combined genetic data collected
from an efficient and repeatable SNP assay platform in order to conduct GS for sawfly
resistance, meaning decreased sawfly-induced stem lodging, in the breeding program. We
investigated seven popular GS models spanning parametric, Bayesian, semi-parametric, and
machine learning approaches in two validation scenarios. Also, we investigated the genetic basis
for sawfly resistance in our population and uncovered complex, epistatic gene relationships that
were likely influencing our trait. Overall, we found that GS methods could be a viable and

important breeding tool for improving sawfly resistance in the breeding program.

Methods

Phenotypic Data Collection
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Historic agronomic data was collected by the Montana State University Spring Wheat
Breeding Program between the years 2013-2025. Specifically, sawtly resistance was measured
on a 0-100 scale describing the visually assessed, total percentage of lodged stems in a given
three-row plot. Sawfly resistance was only collected in locations where sawfly insects were
observed at some point in the growing season and other lodging-inducing factors like heavy
irrigation and late-season hail were not present. A more resistant line would have a lower
percentage of sawfly-induced lodging. Reduced lodging values could be attributed to the solid
stem trait or any other mechanism available to a plant that would repel or combat sawfly cutting.
Three different breeding pipeline stages of data were considered. The F6 generation trials
consisted of between 350 to 420 unique breeding lines planted in three-row plots in an
augmented experimental design with one replication of each breeding line planted per trial across
multiple blocks and six released varieties planted as replicated checks within each block. The F6
trials were planted in one or two locations each year: always at the Arthur H. Post Research Farm
in Bozeman, MT, and in 2024 and 2025, also at a leased farm near the city of Fort Benton, MT
(Figure 3.1). The other two types of trials were the preliminary yield trials (PYT) containing
either 81 or 121 unique elite breeding lines and the advanced yield trials (AYT) containing
anywhere from 20 to 64 elite breeding lines. The AYT and PYT were both planted as three row
plots in randomized complete block experimental designs at numerous locations across the state
of Montana. Selection occurred between each stage, so lines that succeeded to the AYT stage had
more total observations in more unique environments compared to lines that were removed at

prior stages. Therefore, the phenotypic dataset used in this project was highly unbalanced with
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many breeding lines, especially those in the F6 trials, only having one phenotypic observation in
total (Figure 3.1).

The phenotypic dataset was made even more unbalanced by the focus on the sawfly
resistance trait. Wheat stem sawfly pressure is highly regional (Ermatinger et al. 2025) and many
trials did not have any sawfly pressure in a given year. Therefore, only trials in which sawfly
pressure did occur could be kept, resulting in some years having only one or two locations of
data and other years having up to nine locations (Figure 3.1).

To investigate the trends in sawfly resistance and the extent of the unbalancedness of the
data, summary statistics of sawfly resistance were generated for each year using the “favstats”
function of the mosaic R package (Pruim et al. 2017) (Table 3.1). Broad-sense heritability was

estimated using the Cullis method (Table 3.1) as follows:

~BLUP

3.1

2 — —_—
HCullis =1

where 0'g2 is the genotypic variance and 75-Y? is the mean variance of a difference between two

genotypic Best Linear Unbiased Predictors (BLUPs)(Cullis et al. 2006). The Cullis method was
selected because it has been shown to have superior performance in cases of unbalanced data
compared to the traditional method of calculating broad-sense heritability (Schmidt et al. 2019).
The fully random model used to calculate line BLUPs in each year was the following:

Yijki = #+ line; + location; + line = location;; + trialy + rep; + & (3.2)
where y; jx; is a single observation of sawfly resistance and y is the grand mean, line; is the

random effect of the i™ line following a V' (0, 63,.), location; is the random effect of the jm

location nested within year following a N (0, 65 .qti0n)s line * location; ; 1 the random
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interaction between the i™ line and the j™ location nested within year following a
N(0, 6fnesiocation)» trialy is the random effect of the k™ trial nested within location nested
within year following a V' (0, 62,,,), rep; is the random effect of the I™ replicate nested within a
trial:location:year combination and following a ' (O, O'rzep), and finally, €;jy, is the residual term
following a V' (0, 62). In cases where there was only one location tested within a year, a reduced

model was fit excluding the location and location*line terms. All of these models were fit using

the Ime4 package in R (Bates et al. 2015; R Core Team 2024).
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Figure 3.1. Incidence plot of each individual line phenotyped for sawfly resistance on the X-axis
and the phenotyping trials in which a line was observed on the Y-axis for each year of data
collected. The top bar indicates if a line was observed only one time across all trials (grey color),
if the line was observed more than one time (green color), or if the line was a released variety
used as a check in some trials (orange color).

Best linear unbiased estimators (BLUEs) were estimated for each line to summarize
performance across all tested environments using the following model:

Yijkimn = 1+ Gy +Year; + Ly + LYGyji + Tjry + Rjjam + Eijramn  (3:3)
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BLUE; = i+ G, (3.4)
where Y;jkimn is the n't phenotypic observation of resistance in the m™ replicate nested within
the ' trial nested within the k™ location occurring in the j™ year taken on the i'" genotype. u is
the overall grand mean. G;, Year;, and Ly, are the fixed effect terms associated with the ith
genotype, the j™ year, and the k™ location respectively. LY Gy is the random interaction term
between the location-year combination of the k™ location with the j year interacting with the i
genotype. LY G;jy, is distributed as ~V (o, alication_year*genotype). Tjx; is the random intercept
associated with the ['" trial (AYT, PYT, or F6) nested within location-year and follows a
N(0, 02,41, and Rjjim 1s the random intercept of the m™ replicate following a V' (O, a,%ep).
Finally, &;jximn is the residual term following a N (0, aﬁc) with a unique residual term estimated

for each location-year. This model was estimated using the sommer R package (Giovanny 2016).
BLUEs were then calculated following equation 3.4 in which the estimated fixed effect
associated with the i genotype, averaging across all levels of year and location, was added to

the estimated grand mean.

Genetic Data Collection

Genome-wide marker data was obtained using a USDA-3K genotypic array containing
3420 variant sites mapped to the Chinese Spring Wheat IWGSC RefSeq v2.1 reference genome
(Zhu et al. 2021). Genotyping was conducted in four batches between 2022-2025. Each batch
was combined in R using the vcfR package (Knaus and Griinwald 2016) to load genotype files,
and a custom R script to combine them by aligning marker names. Some batches had multiple

replicates of the same line. In such cases, concordance between replicates was measured as the
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ratio of matching genotype calls between reps to total genotype calls. Replicates with
concordance to the majority of other replicates less than 0.9 were removed. Then, a majority
voting method was used to combine replicated samples into one consensus result in which the
most common genotype between replicates was taken for each marker. In cases of a tie vote, one
of the tied genotypes was selected at random.

After the separate genotype files were combined, beftools v1.22 (Danecek et al. 2021b)
was used for further preprocessing steps. First, chromosome unknown was removed for
downstream compatibility. Then, the reference alleles were normalized back against the IWGSC
v2.1 reference genome, and any multiallelic sites were split into separate rows. This was
necessary because some variants could either be a SNP or a deletion, and individuals were
genotyped with having both outcomes. However, downstream processes required only biallelic
markers, so to avoid any information loss, the variants were split and kept. Finally, markers with
over 80 percent missing data were removed. This brought the total number of variants in the
genotype file to 3750.

Beagle v5.5 (Browning et al. 2018b, 2021) was then used to impute missing genotype
calls with a burnin parameter set to 10, total iterations set to 20, and all other parameters as their
default values. The Synthetic W7984 x Opata M85 RIL 993 monotonic genetic map (Gutierrez-
Gonzalez et al. 2019) was provided to estimate the recombination rate to improve imputations.
Not every genotyped line had available sawfly resistance data. Therefore, the imputed marker
dataset was filtered to include only lines with phenotypic data, and after filtering, any

monomorphic markers were removed.

Genomic Selection Models
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The BWGS R package (Charmet et al. 2020; Tran and Charmet 2021) was used to fit all
genomic selection (GS) models. These models included Genomic Best Linear Unbiased
Predictor (GBLUP) (VanRaden 2008), Epistatic GBLUP (EGBLUP) (Jiang and Reif 2015),
Bayesian Ridge Regression (BRR) (de los Campos et al. 2013), Bayesian LASSO (BL)
(Tibshirani 1996; Park and Casella 2008), Reproducing Kernel Hilbert Space (RKHS) using a
Gaussian kernel (Gianola et al. 2006), Random Forest (RF) (Breiman 2001), and Support Vector
Machine (SVM) (Ogutu et al. 2011). These models were selected in order to represent the major
classes of models used in genomic selection namely; parametric (GBLUP, EGBLUP), Bayesian
(BRR, BL), semiparametric (RKHS), and machine learning (RF, SVM) (Crossa et al. 2017b).
The EGBLUP, RKHS, RF, and SVM models were specifically selected due to their ability
account for nonadditive effects like epistasis (McKinney et al. 2006; Howard et al. 2014; Morota

and Gianola 2014; Jiang and Reif 2015)

Model Validation

Two methods of validation were used to assess model performance, both of which were
implemented in the BWGS package. The first method was five-fold cross validation in which the
training data, consisting of the sawfly resistance line BLUESs calculated from model 4, was
randomly divided into five equal folds. Each fold was removed in turn from the training data,
with the remaining folds being used to fit the tested GS models. Accuracy was measured as the
correlation between the genomic estimated breeding values (GEBVs) from the model for the
removed fold against the known phenotypic BLUESs. A total of 100 cycles of cross validation
were performed for each model with the mean and standard deviation taken across all cycles

representing the model’s overall performance.
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The second method of validation used was a forward validation in which the BLUEs
estimated for 349 experimental breeding lines grown in the 2025 F6 field trial were used as the
testing set. All of the phenotypic data collected in 2025 was removed, and BLUEs were
recalculated for all lines in the remaining training data. The same GS models were then used to
predict GEBVs for the held out test lines, and accuracy was reported as the correlation between
the predicted GEBVs and the observed phenotypic BLUEs. Then, based on the GEBVs, a
theoretical selection was made where the worst 25% of lines (lines with the largest GEBV
values) were removed. Then, the average BLUE (true resistance value) was taken of the selected
lines and compared relative to the overall average of the BLUEs of all the 349 predicted lines. A
positive value indicated that the model’s selected lines were on average less resistant to sawfly
compared to the full population. Next, we defined an “elite line” among the 349 F6 lines to have
a BLUE value in the bottom (most resistant) 25% of the group. With this, we then counted the
number of elite lines that were selected for removal by each model. This method was meant to
test a model’s ability to predict the newest generation of genotyped lines when no phenotypic
records are available and to measure how useful the predictions of those lines might be to a

breeding program.

Genome Wide Association Study

Genome Wide Association Studies (GWAS) were conducted using the rMVP R package
(Yin et al. 2021, 2026) with the phenotypic BLUEs and the marker dataset as inputs. The mixed
linear model (MLM) method was used. Seven principal components were included to account for
population structure, with the number chosen based on the jointing in a scree plot, and markers

were filtered to a minor allele frequency of 0.01. The default significance cutoff was used which
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is a Bonferroni-adjusted threshold from p <= 0.05 based on the total number of markers

evaluated.

Epistatic Analyses

The ‘interactionPval’ function of the SNPassoc R package (Gonzalez et al. 2007;
Moreno et al. 2024) was used to investigate all pairwise epistatic SNP interactions. The function
performs a log-likelihood ratio test between a full interaction model and a reduced additive SNP
model for each pair of markers. The response was the vector of resistance BLUEs, and there
were no additional covariates beyond the marker pair. The p-value threshold for a significant
interaction was a Bonferroni-adjusted threshold using the total number of tests (5,891,028)

performed and a starting threshold of p <= 0.05.

Removal of the F6 Data

Due to the large number of F6 lines in the phenotypic dataset which only had one
observation of sawfly resistance (Figure 3.1), we wanted to investigate the effect on the results of
all the above analysis methods (GS, GWAS, epistasis) on whether we included the F6 lines (total
number of phenotyped lines = 1310) or if we only included lines from the replicated AYT and
PYT (total number of phenotyped lines = 624). In both scenarios, all of the above procedures
were identical except that the number of input BLUESs varied as well as the values of the BLUEs

themselves.

Results

We first investigated the per year summary statistics of the raw phenotypic data for

sawfly resistance, measured as the percentage of lodged stems in a plot, of the full phenotypic
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data. We found that the values for the maximum and average lodging percentage varied
substantially between years with 2014 having the lowest maximum at 15% and the lowest
average at 1.27% while the years 2021, 2022, 2024, and 2025 all shared the highest maximum at
90% with 2025 also having the highest average lodging percentage at 56.35% (Table 3.1). We
also found that sample size also varied by year with 2016 having the fewest number of
phenotypic observations at 54 and 2025 having the most observations at 1033 (Table 3.1).
Likewise, the Cullis broad-sense heritabilities ranged from 0.06 in 2015 to 0.85 in 2016 (Table

3.1), and the overall Cullis broad-sense heritability for the full dataset was 0.66.

Year S:)[ g;ﬁll;r;) ]Ij/(l) Z);lllrl:;;/lo Log/z{;ﬁg o, Sample Size | Cullis H?
2013 0 20 2.89 66 0.60
2014 0 15 1.27 162 0.49
2015 0 30 2.61 297 0.06
2016 1 25 10.80 54 0.85
2017 0 50 11.53 183 0.75
2018 0 40 2.68 549 0.21
2019 1 70 11.06 576 0.68
2020 0 70 12.13 660 0.48
2021 0 90 23.18 660 0.69
2022 0 90 15.17 636 0.77
2023 0 55 10.43 452 0.32
2024 0 90 33.38 988 0.50
2025 1 90 56.35 1033 0.50

Table 3.1. Summary statistics and Cullis broad-sense heritability values for each year of the full
phenotypic sawfly resistance dataset (including the F6 trials).

Five-fold cross validation (n=100) was then performed on BLUEs calculated from the

full dataset and from the reduced dataset not containing any F6 trials. For the full dataset,
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average prediction accuracies ranged from 0.63 to 0.66 with the RF, EGBLUP, and RKHS
models having slightly higher mean accuracies compared to the other models (Figure 3.2). In the
reduced dataset, mean prediction accuracies were lower for all models and ranged from 0.53 to
0.61 with the RF model having the highest prediction accuracy, followed by EGBLUP, RKHS,

and SVM being grouped and then BRR, BL, and GBLUP grouped below them (Figure 3.2).

Full Dataset ] [ F6 Removed
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Figure 3.2. Five-fold cross validation results for seven different genomic selection models
evaluated by their ability to predict sawfly resistance BLUEs. The model tested is on the X-axis
and the mean prediction accuracy (n=100) + one standard deviation is shown on the Y-axis.
Results are shown for models fit using the full phenotypic dataset and using the phenotypic
dataset without the included F6 trials.

Forward validation results demonstrated slightly higher prediction accuracies for all
models using the full dataset (0.33-0.40) rather than the reduced, F6 removed dataset (0.29-0.37)
(Table 3.2). However, the relative average sawfly resistance of the selected population compared
to the full population of predicted lines varied by model between the two datasets where the
GBLUP and BL models especially had a higher relative average using the reduced dataset
compared to the full (Table 3.2). Across both datasets the relative average ranged from 4.88 to

8.86 percentage units higher of a mean in the selected population compared to the overall
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population (Table 3.2). The number of elite lines selected for removal ranged from 5 to 13 out of

86 with all models except for RF removing fewer elite lines with the reduced dataset (Table 3.2).

Full Dataset F6 Data Removed
Relative Relative
Prediction | Average Numper Prediction | Average Numper
Model of Elites Model of Elites
Accuracy | Removed Accuracy | Removed
Removed Removed
(%) (%)
GBLUP 0.39 +6.70 13 GBLUP 0.35 +8.07 7
EGBLUP 0.40 +8.75 9 EGBLUP 0.37 +7.95 7
BRR 0.39 +7.61 12 BRR 0.35 +7.95 7
BL 0.40 +7.95 11 BL 0.34 +8.86 5
RKHS 0.39 +6.93 12 RKHS 0.34 +7.95 5
RF 0.33 +7.27 10 RF 0.29 +4.88 12
SVM 0.38 +8.29 9 SVM 0.33 +7.95 7

Table 3.2. Forward validation results for predicting sawfly resistance using seven genomic
selection models. The first five columns denote results from the full dataset while the last five
columns are results from the reduced dataset with the F6 trials removed. The first column in each
section gives the GS model tested followed by the prediction accuracy in the second column. The
third column gives the relative sawfly resistance in percent of the most resistant line that was
selected for removal by the model compared to the mean resistance of all the predicted lines. The
fourth column gives the mean resistance of all the lines selected for removal by the model
relative to the overall mean of the predicted lines. Finally, the last column in each section denotes
the number of lines selected for removal by the model that have true resistance values in the best
25% of all the predicted lines (designated “elites” relative to the group).

Because of the tendency for models that account for epistasis (EGBLUP) to outperform
models that do not account for it (GBLUP) (Figure 3.2; Table 3.2), we next wanted to investigate
marker pairs for potential interactions. There were numerous significant pairwise marker to
marker interactions associated with sawfly resistance detected in both the full and F6 removed
datasets, though substantially more interactions were detected with the reduced data (Figure 3.3).
The p-values associated with the interactions were smaller with the full dataset, though all

interactions shown in Figure 3.3 were below the significance threshold.
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Figure 3.3. Pairwise significant marker interactions (Bonferroni corrected p-value < 0.05) that
were detected in the full dataset (top panel) and in the F6 removed dataset (bottom panel). Each
line represents one significant marker-marker interaction with the color of the line denoting the
relative size of the p-value associated with that marker test.

Mixed linear model (MLM) GWAS results detected three significant marker-sawfly
resistance associations using the full dataset BLUESs; two markers clustered together on
chromosome 4AL and one marker on chromosome 4BS (Figure 3.4). The alternate alleles of the
two markers on chromosome 4A were estimated to have opposite effects in which the
nonreference allele associated with marker ExcapSNP-4A 158 was predicted to increase sawfly
resistance (negative effect on percent lodging) while the nonreference allele associated with
marker ExcapSNP-4A 159 was estimated to decrease sawfly resistance (Table 3.3). The minor
allele frequency associated with ExcapSNP-4A 159 was substantially lower than ExcapSNP-

4A 158 (0.1 vs 0.5) (Table 3.3). There were six significant marker-trait associations detected
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using the reduced, F6 removed, dataset, none of which were the same as the full dataset (Figure
3.4). These markers occurred on chromosomes 1D, 4B, 5D, and 7D with the largest estimated
effect being associated with ExcapSNP-5D 87 of which the alternate allele was estimated to

increase percent lodging by 5.88% on average and the minor allele frequency was 0.03 (Table

3.3).
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Figure 3.4. MLM GWAS results for A) models fit using the full dataset and B) models fit with
the F6 trials removed. In both panels, the X-axis denotes the physical position (bp) a marker as
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well as the chromosome on which it sits. The Y-axis denotes the -logio of the p-value associated
with a given marker. The dashed horizontal line indicates the Bonferroni significance cutoff (p <
0.05).

Position Effect (Percent

Marker Chromosome (bp) MAF Lodging) SE P-value

Full Dataset

ExcapSNP-4A_158 | Chr4A 713025031 0.50 -4.78 0.93 | 3.061e-07
ExcapSNP-4A_159 | Chr4A 713398602 0.10 4.67 0.99 | 2.840e-06
ExcapSNP-4B_9 Chr4B 6555519 0.29 -8.58 1.72 | 7.170e-07
F6 Data Removed

ExcapSNP-1D_35 ChrlD 21816923 0.14 -3.58 0.77 | 4.339e-06
ExcapSNP-4B_105 Chr4B 659228747 0.09 -4.08 0.92 | 9.886e-06
ExcapSNP-5D_87 Chr5D 532064744 0.03 5.88 1.19 | 9.228e-07
ExcapSNP-7D_54 Chr7D 89630263 0.20 3.66 0.77 | 2.721e-06
ExcapSNP-7D_87b | Chr7D 327797338 0.09 3.89 0.85 | 5.067e-06
ExcapSNP-7D_128 | Chr7D 623689198 0.19 -3.18 0.69 | 2.445e-06

Table 3.3. MLM GWAS results for the full dataset and the F6 removed dataset. Significant
markers (Bonferroni threshold p < 0.05) are given in the first column with their corresponding
chromosomes, positions, minor allele frequencies (MAF), estimated effect of the alternate allele
on percent lodging, standard error of the effect (SE) and raw p-value.

Discussion

The range and average of stem lodging percentage, indicating sawfly resistance, varied
drastically between years along with the sample sizes and Cullis broad-sense heritabilities (Table
3.1). Beres et al. (2007) performed a similar study by testing six hollow-stemmed and two solid-
stemmed cultivars in one location across three years (2000-2002). They likewise found a large

range in stem cutting percentages between different cultivars and also that stem cutting
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percentage varied significantly by year (Beres et al. 2007). These findings are expected as wheat
stem sawfly distributions are largely driven by climate variables, and weather conditions within
the same location between different years can affect sawfly pressure and behavior (Wallace and
McNeal 1966; Beres et al. 2011; Olfert et al. 2019). This is one major driver of the differing
sample sizes between years, as some locations would have sawfly pressure one year and not have
them in another. This further explains the differences in heritability as sawfly pressure may be
influenced by environmental factors such as wind speed which could confound results.

Both training population size and heritability are a major factors in determining
prediction accuracy in genomic selection (Daetwyler et al. 2010), and it has been suggested that
between heritability, training population size, and marker density, heritability has the greatest
impact on GS accuracies (Zhang et al. 2017). Therefore, removing the lowest heritability year
(H? = 0.06) may improve accuracies; however, further testing would need to be performed to
confirm this.

To investigate the question of quantity versus quality of training data, two different
training sets were considered: one which included all available sawfly data (full dataset), and one
in which the two, large F6 trials in 2024 and 2025 were removed (F6 removed). There were
several motivating reasons for this investigation. First, the inclusion of those two trials more than
doubled the set of line BLUES resulting in a training population size of 1310 lines compared to
642 without the F6 trials, which should increase prediction accuracies and provide more
statistical power for other methods like genome wide association study (GWAS) (Wang and Xu

2019). It was not possible to obtain the heritability of the F6 trials as, at the time of analysis, only
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the augmented-design-corrected values were available for those trials, meaning that only one
observation was available for each line and that variance components could not be estimated.

However, there was a concern with the F6 data. Specifically, that wheat stem sawfly is
known to exhibit a strong “edge effect” meaning that the exterior plants of a field will often
experience higher sawfly pressure than the interior plants (Nansen et al. 2005). This could result
in differential sawfly pressures across an experiment, and though this should be accounted for by
the block correction, it is contingent that there was consistent pressure within a block. Having
only one data point per line furthers this concern as any bias or error not corrected by the
experimental design will carry forward to downstream analyses.

Looking at the five-fold cross validation results, it was clear that all models using the full
dataset had a higher mean prediction accuracy compared to the same models using the F6
removed dataset (Figure 3.2). Graham (2025) conducted wheat GS for sawfly traits including
stem solidness, stem cutting, and sawfly infestation. The most similar trait to our sawfly
resistance phenotype is stem cutting. Graham (2025) reported average three-fold cross validation
accuracies around 0.43 for all models tested, which was lower than our result here, likely due to
the lower Cullis heritability (0.25) for stem cutting and a smaller training population.

The random forest (RF) model had the highest average prediction accuracy with both
datasets, followed by EGBLUP, RKHS, and SVM (Figure 3.2). These models have all been
shown to be able to incorporate nonadditive epistatic interactions into their predictions
(McKinney et al. 2006; Howard et al. 2014; Morota and Gianola 2014; Jiang and Reif 2015),

whereas the other three models tested do not. This suggested that important epistatic interactions
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were present in both datasets, and the models that were able to capture those interactions were
making better predictions.

However, this idea of epistatic interactions was not as clear in the forward validation
results. The EGBLUP and SVM models performed the best overall when the full dataset was
used; however, in the reduced dataset, the Bayesian LASSO model performed the best, and with
regard to relative average and fewest number of elite lines removed, it outperformed all models
that used the full dataset (Table 3.2). While the RKHS model also performed well with the
reduced dataset, the RF model had worst values in all metrics with the reduced dataset (Table
3.2). This could have been due to the BWGS package prioritizing speed and computational
efficiency over iteration number and tuning parameters. Perhaps increasing parameters such as
the number of trees and providing more computational power could have improved the RF
model’s performance. Regardless, the benefits of the epistatic-modeling methods was not as clear
in the forward validation scenario.

Despite this, we next investigated all pairwise marker-marker interactions (Figure 3.3).
We detected numerous significant interactions in both datasets, which is consistent with the
expectation from the five-fold cross validation results and with previous studies that have
suggested epistatic influence in solid stem inheritance (Hayat et al. 1995; Bainsla et al. 2020).
Additionally, the primary locus influencing stem solidness in bread wheat, Solid-stem locus1
(8St1) (Cook et al. 2004) has been shown to have epistatic interactions with other solid stem
quantitative trait loci (QTL) (Nilsen et al. 2017; Dhariwal et al. 2022). The SS¢/ gene is thought

to correspond to copy number variation of the transcription factor 7dDof which likely has a
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regulatory function (Guo et al. 2009; Nilsen et al. 2020; Bathini et al.) and would further support
the notion of epistatic gene interactions.

While both datasets detected numerous epistatic gene interactions, the broad patterns of
these interactions varied substantially (Figure 3.3). Of particular interest, in the F6 removed
dataset, there were numerous interactions at the very end of the long arm of chromosome 3B,
right at the location of the S5t/ gene (Figure 3.3; Varella et al. 2015; Oiestad et al. 2017; Nilsen
et al. 2017). Using the full dataset however, these interactions were not detected, and instead,
interactions were detected in the middle of the long arm of 3B (Figure 3.3). The F6 removed
dataset also had significant interactions between the long arm of chromosome 3B and the long
arm of chromosome 4A where a QTL for stem cutting percentage (but not stem solidness) has
previously been reported (Figure 3.3; Sherman et al. 2010; Varella et al. 2015). Notable
interactions within the full dataset were between two markers on the short arm of chromosome
5A and two markers on the short arm of chromosome 4A, though sawfly-related QTL have not
yet been mapped to either region (Figure 3.3).

Finally, we conducted an MLM GWAS in order to identify the most important marker-
sawfly resistance associations in either dataset. Interestingly, in the full dataset, we detected a
strong association on the long arm of chromosome 4A (Figure 3.4; Table 3.3), which likely
corresponded to the 4A QTL associated with stem cutting percentage previously described
(Sherman et al. 2010; Varella et al. 2015). Of the significant associations detected in the F6
removed data, Dhariwal et al. (2022) also detected minor QTL for stem solidness at similar
positions on chromosomes 1DS and 5DL, but the associations on chromosomes 4B and 7D

appear to be novel.
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Conclusion

Our goal was to utilize historic agronomic data collected by the MSU Spring Wheat
Breeding Program in order to perform genomic selection (GS) for wheat stem sawfly resistance.
We found that while sawfly resistance was highly variable year to year and lines present largely
unbalanced, broad-sense heritability with years was often high. Further, we were able to obtain
strong prediction accuracies in five-fold cross validations and accuracies above the conventional
0.3 threshold (Heftner et al. 2010) in a challenging forward validation scenario. We also found
that GS models that accounted for epistatic gene interactions outperformed those that did not.
Investigating this further, we found evidence for numerous marker-marker epistatic interactions
in our dataset. Finally, we were able to identify important GWAS loci that had been previously
described and potentially three novel loci as well. Overall, we demonstrated that GS for sawfly
resistance is a viable tool for the MSU Spring Wheat Program, and the implementation of this
tool could lead to superior sawfly resistance in new varieties and thereby help manage this major

wheat pest.
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CHAPTER 5

CONCLUSION

The goal of this thesis work was to apply next generation sequencing (NGS) techniques
to different aspects of cultivar development in the Montana State University Spring Wheat
Breeding program. In Chapter 1, fine mapping procedures were applied to a quantitative trait
locus (QTL) controlling productive tiller number (PTN) in Montana germplasm. Productive tiller
number is a primary component of grain yield (Lai et al. 2025) and contributes to yield plasticity
(Peltonen-Sainio et al. 2011; Nasseer et al. 2016) which is critical for bread wheat (7riticum
aestivum L.) production in Montana. Our goal was to discover the underlying causal variant(s)
within the QTL for a more precise genetic control over PTN. We found that the lighting
conditions in the greenhouses resulting from different times of year had a huge confounding
effect on our experiments. Switching to the new, high intensity LED grow lights resulted in a
massive increase in tiller numbers across all genetic groups. Further, we were able to detect
differences between recombinant haplotypes using the new lights; however, we could not detect
differences in tiller number between our control haplotypes, preventing us from confidently
reducing the QTL region.

We next tried searching for wheat orthologs of known tiller genes in other plant species,
especially rice (Oryza sativa). We found a candidate ortholog of the major rice tillering gene
MONOCULM]I1 (MOC1I) located near our QTL of interest. We leveraged RNA sequencing data to
evaluate gene expression and perform variant calling between a pair of near isogenic lines (NILs)
that varied for tiller number. We found that the potential MOC1 ortholog contained two exonic

single nucleotide polymorphisms (SNPs) between the NILs, and that it was expressed in both
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groups, though not differentially. From all this, we concluded that this potential MOC] ortholog
was a strong candidate gene for our QTL and warrants further investigation.

In Chapter 2, genomic selection (GS) models were developed for twelve important end-
use quality traits in the breeding program. End-use quality describes traits which are related to
the milling, dough, or baking characteristics of a grain sample. The hard red wheat market class,
the primary market class grown in Montana, is known for certain quality traits such as protein
content and gluten strength (Subedi et al. 2023). Due to the difficulty of data collection
(Battenfield et al. 2016) and the polygenic nature of these traits (Gill et al. 2025b), genomic
selection was investigated as a tool for earlier generation quality improvement. We found that all
of the tested GS models following the conventional two-step approach performed quite well
across two validation procedures for the majority of the quality traits. However, we did not find
any benefits to including extra fixed effects in these models to account for the effects of known
major genes. We did however find that single-step reaction norm models which incorporated
more complex genotype-by-environment interactions also tended to perform well and could be
used depending on selection goals. Overall, we were able to develop genomic selection models
that could be used in the breeding program for earlier generation improvement of many end-use
quality traits.

In Chapter 3, genomic selection models were developed to select for wheat stem sawfly
resistance. Wheat stem sawfly (Cephus cinctus Norton) (hereafter sawfly) is the primary insect
pest of wheat in Montana, and has been estimated to cause up to US $400 million of wheat crop
loss annually across North America (Beres et al. 2017). Resistance to sawfly is a complex,

polygenic trait (Bathini et al. 2023) and sawfly exert inconsistent pressures year to year (Cook et
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al. 2004), making the trait difficult to measure and select on. Therefore, GS models could allow
for genome-wide, consistent, and earlier generation improvement for sawfly resistance. We
found that GS models which accounted for epistasis tended to outperform models which did not
across two different validation methods. We found early evidence for a series of complex
epistatic interactions related to sawfly resistance by conducting a naive test of all marker-to-
marker interactions. We discovered several markers associated with sawfly resistance via
genome wide association studies, several of which were potentially novel including one marker
on chromosome 4B and three markers on chromosome 7D. Through all this, we found that
genomic selection models which accounted for epistasis could be usefully incorporated into the
breeding program for improving sawfly resistance.

Across all three chapters, a new candidate gene for productive tiller number control was
proposed, multiple approaches for using genomic selection models were tested and found
successful for end-use quality prediction, and genomic selection was successfully developed for
sawfly resistance prediction and the genetic basis for sawfly resistance was more thoroughly
explored. The combination of these three projects means that next generation sequencing
technologies have been thoroughly incorporated into the MSU Spring Wheat Breeding Program.
Using these technologies will allow the program to identify major genes and precisely
incorporate beneficial alleles for primary traits like grain yield reliably into germplasm. Further,
the genomic selection methods established in this thesis will allow for consistent earlier
generation selection for a comprehensive set of traits, including quality and sawfly resistance.
Together, these technologies will allow for a more efficient and precise breeding pipeline which

will ensure that the best possible varieties are being developed for Montana growers.
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