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Abstract

Cereals are the principal source of food in modern society. Adapted and stable cultivars are
important to ensure food security, especially in the U.S. Midwest where incorporating oat, barley,
and wheat in crop rotations is beneficial to sustainability. This dissertation uses plant breeding
tools to deliver cultivars and information to help farmers incorporate small grains in crop rotations.
Specific objectives include developing a breeding program for organic bread wheat, characterizing
genotype by environment interaction in oats, and predicting genotypic responses across
environments using multi-environment datasets. To achieve the first objective, in conjunction with
farmers and bakers we selected a hard red winter wheat population for disease tolerance and
protein content, testing its baking quality and stability in organic farms. For the second objective,
we analyzed a 25-year, 67-location oats database to predict genotype rankings in mega-
environments and we made this information accessible to farmers and researchers with a variety
selection tool. For our final objective, we used Finlay-Wilkinson random regressions across oat,
wheat, and barley datasets to assess grain yield stability, noting the impacts of the number of
environment and variance on estimation. We are releasing a stable winter wheat cultivar that meets
farmers' and bakers' needs. We successfully identified high-yielding oat cultivars and improved
information availability. We predicted Finlay-Wilkinson regression for stability with high
accuracy for genotypes lacking phenotypic data. In conclusion, diverse plant breeding

methodologies tailored responses to production system limitations.



Chapterl. Introduction

Background

Humans have historically been connected to plants in many ways, especially as a source of
food (Hardy et al. 2016), but around 10,000 years ago, we started to manage the surrounding
landscape to favor the growth of species with nutritional value (Harlan 1986; Smith 2001;
Diamond 2002; Purugganan and Fuller 2009). The shift from natural selection to human selection
(Spencer and Cross 2007), triggered the process of domestication and marked the beginning of
agriculture (Harlan 1986; Smith 2001; Diamond 2002). This change lead to the development of
farming societies and today’s modern societies (Diamond 2002). For cereals, the differences
between cultivated species and their wild relatives are given by a group of characteristics that allow
domesticated species to thrive in an anthropically modified environment and is known as the
domestication syndrome (De Wet and Harlan 1975; Allaby 2014). Some of these characteristics
are for example, low toxin content, photoperiod response/insensibility, increase in grain/fruit size,
absence of shattering, synchronized maturity, and other physiological traits that help the
propagation in a farming context (Allaby, 2014; De Wet and Harlan, 1975). The accumulation of
domestication syndrome traits occurred during a prolonged period (Allaby, 2014). It is suggested
that favorable alleles of genes responsible for domestication traits were combined and their
frequency increased by selection. For example, the loss of shattering in wheat (Triticum aestivum
L.; Fuller and Allaby, 2009; Tanno and Willcox, 2006), barley (Hordeum vulgare L.; Fuller and
Allaby, 2009), and rice (Oryza sativa L.; Fuller and Allaby, 2009) have an accumulation and
spreading period between 3000 and 4000 years (Fuller and Allaby, 2009). Another example can
be found in soybean (Glycine max L.) where gene modifiers of the response to photoperiod were

sequentially accumulated during an approximate period of 3000 years (Lu et al., 2020).



Farmers drove the selection process in their fields until the rise of scientific-driven plant
breeding in the first part of the 20 century (Cox 2009). With the theoretical developments in
genetics and statistics (Darwin 1859, 1868; Fisher 1922, 1925, 1938; Wright 1922, 1931, 1939,
1949; Lush 1943), scientific plant breeding matured, shifting breeding efforts from farmers to
centralized public and private breeding programs. Centralized scientific plant breeding changed
who is doing the selection and proposing the selection goals (Ashby 2009). Centralized plant
breeding objectives are now meant to fill a regional need with a focus on the main production
system (conventional farming) and industry requirements (Weltzien and Christinck 2009). Since
the beginning of the green revolution farm specialization has risen (Evenson and Gollin 2003),
establishing the concept of conventional farming which is composed of a well-defined uniform
group of practices (i.e. crop fertilization and pesticide package), leaving outside a universe of
alternative farming options such as organic or regenerative farming (Shennan et al. 2017).
Consequently, cultivars selected aiming at conventional farming systems do not perform well or
are not the top performers in alternative farming environments (Przystalski et al., 2008; Wolfe
et al., 2008; Hildermann et al., 2009; Reid, et al. 2009). The low correlation between farming
environments makes the use of indirect selection ineffective (Murphy et al. 2007; Przystalski et al.
2008). Furthermore, there is also a well-known gap in performance between experimental and

conventional farmers' fields (Simmonds 1980, 1991; Annicchiarico 2002).

Modern agricultural practices are diverse, and are based on crop rotations, which is a
cultural practice that increases the diversity of the agricultural field, helps to cut disease cycles
(Schwartz 2020), nutrients cycles (Gaudin, et al., 2015), ecosystem services (Tamburini et al 2020) and
boosts the overall productivity of the system (Janovicek et al. 2021). Diversity in crop rotations help

to protect against climatic variability and helps to maintain yield stability over time (Gaudin, et al.,



2015) In the Midwest of the United States, the most common crop is corn (Zea maiz L.) grown in
monoculture. An alternative when there is a crop rotation, it involves corn and soybean (Glicine
max L. Burchfield et al. 2024). This crop rotations have reduced diversity, they have negative
ecological impact (Dougherty et al. 2020), and have limited crop yield (Burchfield et al. 2024).
Increasing diversity in crop rotations carries environmental benefits, such as increase in ecosystem
diversity, soil quality and nutrient cycling. It can also increase the system productivity and grain
yield (Tamburini et al 2020). On the diversity of options to incorporate in more diverse rotations,
small grains promise to have a positive impact in the system productivity and sustainability

(Janovicek et al. 2021).

Participatory plant breeding can be used to reduce the gap between research and farms in
two ways, first, by reducing the differences between experimental stations and farm fields, and
second by involving farmers, consumers and stakeholders in the selection process and decision-
making (Ceccarelli & Grando, 2007). Participatory plant breeding implies an interaction between
breeders and farmers and the participation of end-users in setting selection goals that will better
meet their needs with a highly local focus (Ashby 2009). Participatory breeding can include
different levels of involvement in the breeding process (Lammerts van Bueren and Myers 2012).
In regions that are beyond subsistence agriculture, another layer of participatory breeding can be
added including other stakeholders in the value-added chain (e.i. millers, bakers, chefs, the general

public, etc. Dawson et al. 2011).

The high cost of a traditional breeding program forces breeders to aim to produce cultivars
that can be marketed at the regional level. This breeding for a regional level creates the need to
address the genotype by environment imteractiom (GEI). Understanding GEI well enough to

develop adapted varieties can define the success or failure of plant breeding (Becker and Leon



1988). GEI is observed when genotypes show variation in relative performance across a set of
environments (Bernardo 2002). GEI can be exploited by selecting for local adaptation or overcome

by selecting genotypes with wide adaptation and low GEI (Bernardo 2002).

History

An important awakening occurred in biological sciences after the publication of Darwin’s
theory of natural selection (Darwin 1859) and the incorporation of selection as components of
change in species (Darwin 1868; Allard 1961a). In addition, the works of Gregor Mendel
incorporated the concept of segregation over the previous theory of hybrid blending (Bernardo
2014). These first approaches were expanded by Fisher (Fisher 1918), establishing a clear model
for the inheritance of multiple mendelian ‘factors’. Combined with theoretical developments in
selection (Wright 1921, 1932; Haldane 1926, 1927), and population genetics (Wright 1922, 1949),

constitute the basis for the foundations and development of quantitative genetics.

The next big advance in methods was the understanding of the structure of the DNA, the
development of molecular markers, and the theory associated with their use. Genetic markers had
limited use until the development of second-generation sequencing and the development of high
throughput genomic information (Ekblom and Galindo 2011, Davey et al. 2011, Kumar et al. 201).
These techniques need specialized personnel for plant breeding, which shifted the breeders' work

from farmers’ fields to research stations where plant breeding is carried out by scientists.

Breeder’s equation

Traditional plant breeding works by recurrent cycles of evaluation, selection, and
recombination to increase the genetic value of the population based on phenotypic information
(Bernardo 2002; Rutkoski 2019; Cobb et al. 2019). The change in the mean between the parental

population and the population generated from recombining the selected individuals is known as



the realized repose to selection (Falconer 1966). The expected response to selection in a population

can be estimated using the Breeder’s equation (Lush 1937, Walsh and Lynch 2008).
R =iho,

where R is the expected response to selection, i is the standardized selection intensity (i.e.
standardized difference between the mean of the population and the mean of the selected
individuals), /4 is the square root of the heritability (proportion of the total variance attributed to
additive genetic variance) and represents the precision of the observed phenotype, and g, is the
additive genetic deviation (square root of the additive genetic variance) and reflects the genetic
diversity of the population. The equation can be weighted by the length of the breeding cycle to
compare breeding cycles with different lengths (Eberhart 1970). The difficulty in observing the
value of the genotype directly and the need to select indirectly by the observed phenotype make

the phenotypic selection in characters with lower heritability less efficient (Bernardo, 2010).

Use of molecular markers in plant breeding

Since the structure of DNA was understood, a series of different attempts to generate
molecular markers to identify and select genotypes have been developed. The first molecular
markers were developed by using the detection of variations in the presence and absence of
restriction sites Amplified Fragment Length Polymorphism (AFLP, Grover and Sharma 2016).
The development of the polymerase chain reaction (PCR) allowed the use of markers based on the
enrichment of DNA fragments, Restriction Fragment Length Polymorphism RFLP, Inter-simple
sequence repeat (ISSR), Simple sequence repeat (SSR), etc. (Grover and Sharma 2016). With the
development of the first generation of sequencing technology (Sanger and Coulson 1975; Sanger

et al. 1977), other markers such as single nucleotide polymorphism (SNPs) were developed and



applied in plant breeding (Rafalski 2002). As the molecular markers technology and availability
evolved, diverse methodologies and an extensive theory have been developed around the
identification of genotypic variants and their effect on the phenotype (Simko et al. 2021). The
development of the second and third generation of sequencing technologies allowed the creation
of reference genomes and the development of genetic maps with high density and coverage, with
the possibility of easily genotyping hundreds or thousands of individuals; this enabled the
extensive widespread use of molecular markers in plant breeding, marker-assisted selection, and

genomic prediction.

The availability of whole-genome marker information and the possibility of genotyping a
large number of individuals and population structure opens the possibilities for genomic selection
(GS) (Meuwissen et al. 2001; Heffner et al. 2009). GS consists of the use of a population with
phenotypic and genotypic information which is used to train a model and to predict/select
individuals that only have genotypic information (Meuwissen et al. 2001). Genomic selection and
the incorporation of wide genome marker data have better precision than the second-best technic
available (marker-assisted selection; Bernardo and Yu 2007; Gaynor et al. 2017). Additionally,
incorporating genomic selection in breeding programs can increase the rates of genetic gain per
unit of time by shortening breeding cycles (Gaynor et al. 2017), reducing the amount of
phenotyping needed by genotyped line optimizing the use of resources and increasing the genetic
gain by the unit of time and unit of resource (phenotyped plot; Endelman et al. 2014), even when
using phenotypic information with low heritability (Endelman 2014). GS opens the possibility to
predict the performance of untested genotypes in both known (Burgeno 2008, Dawson 2013, Lado

et al 2016), and unknown environments (Heslot et al 2014). GS can be beneficial for farmers in a



direct way through the release of better cultivars and can be used to improve the quality of the

information that farmers are receiving.

Genotype by environment interaction in plant breeding

Genotype-by-environment interaction (GEI) happens when a group of genotypes reacts in
different ways to the changes in the environment (Lynch and Walsh 1998). Modeling the GEI is
useful in plant breeding to identify differences in GEI and shape the allocation of resources for
cultivar evaluation and selection strategies. Modeling GEI is particularly of interest when
combined with genomic information, improving the precision of estimations in tested genotypes
(Lopez-Cruz et al. 2015), and also improving predictions in untested genotypes (Dawson 2013;
Lado et al. 2016). Studying GEI using methods such as AMMI (additive main effects and
multiplicative interaction) and GGE biplot analysis allows for defining mega environments with

common genotypic rankings (Yan et al. 2007; Gauch et al. 2008).

Another dimension to observe GEI is at the genotype level, analyzing how the genotypes
respond to changes in the environment, which is known as stability (Becker and Leon 1988).
Stability can be classified as static or dynamic based on the function of the response to changes in
the environment (Becker and Leon 1988). A genotype with dynamic stability responds to
improvements in the environment showing increases equal to the average environment in a linear
form. This can be tested in different ways, for example, using environmental regressions, Wricke’s
ecovalence, etc. (Finlay and Wilkinson 1963, Wricke, 1962). Obtaining a reliable yield stability
characterization for a genotype requires at least a sample of 150 environments (Wang et al. 2023).
A genotype with static genetic response is useful in plant breeding when breeders are looking for
a genotype that does not show changes in performance in a specific group of target environments

(Annicchiarico 2002; van Eeuwijk et al. 2016).



Participatory plant breeding

Participatory breeding has been used as a strategy to overcome the lack of relevance of
traditional breeding, for example, in subsistence agriculture, small-scale farms, or organic farms
(Ceccarelli and Grando 2007; Ashby 2009; Kucek 2017). The main idea behind participatory plant
breeding is to involve the beneficiary of the final product in the process of decision-making,
selection, and breeding (Ceccarelli and Grando 2007). Where subsistence agriculture is practiced
the main beneficiary is the farmer (Ceccarelli and Grando 2007; Ashby 2009), in places where
economic resources are abundant the production chain is more extensive and farmers, processors,
and end-users can be involved (Dawson et al. 2011). Objectives of selection and priorities can be
set using tools such as surveys (Kucek 2017). Participatory plant breeding represents a strategy for
improving the delivery of genetic material to non-traditional farmers filling market niches that are

not attractive to larger seed companies.

Cereals

Wheat is the most important food grain produced in the United States, with a production of over
51 million metric tons (FAOSTATS 2020).The majority of the U.S. commercial wheat varieties
are developed by public plant breeding programs (Wheat CAP 2018), contributing billions in
production value (USDA/NASS 2021). Most of the wheat is grown for the commodity grain
system and industrial baking markets, with most breeders developing varieties adapted to
conventional systems (Tilley et al. 2012; Kiszonas and Morris 2018). Wheat is a good example of
a crop where the seed market is highly influenced by varieties developed for conventional
agriculture. Still, land in organic wheat production increased by 37% from 2019 to 2024 (USDA
2019, USDA 2024). Specifically, organic production is one of the fastest-growing sectors in

agriculture (Matlock 2021) and production is expected to continue growing since revenue and the
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number of organic farms have been growing in recent years in the U.S. (57% from 2019 to 2023)
and particularly in the U.S. Upper Midwest (119% 2019 to 2024) (USDA 2024). However, there
has been a very limited effort in developing wheat varieties adapted to organic systems in the U.S.
with few breeding programs dedicated to developing varieties for whole-grain end-uses or
sourdough, resulting in a lack of evaluation and selection strategies as well as limited availability
of varieties with suitable end-use quality (Ross 2018; Krill-Brown et al. 2019). Therefore, breeding
programs developing hard red wheat varieties adapted to regional climates and organic products
with good quality for artisanal products are necessary and will provide farmers with greater

opportunities to reach high-value markets.

The bread wheat (Triticum aestivum L.) is an allohexaploid (2n=6x= 42) with an autogamous
reproductive system. Bread wheat is part of the wheat group which includes, diploids (2x),
allotetraploids (4x), and allohexaploid (6x) generated by interspecific hybridization and genome
duplication (Feldman and Levy 2012). Bread wheat is an amphidiploid, which means that its
genome is composed of three different sub-genomes (AABBDD) but the segregation and meiotic
behavior is equal to a diploid (Breiman and Graur 1995). This has evolutive advantages and in the
case of wheat is closely related to the domestication process (Feldman and Levy 2012). Bread
wheat has been divided by physiological functionality into two groups winter wheat (which
requires vernalization before flowering) and spring wheat which does not have cold tolerance and
does not require vernalization. Also, each of these groups has been divided into four market
categories (soft white, soft red, hard white, and hard red) which are grouped based on color, starch
and protein content and their end-use. Wheat is among the first species with science-guided
breeding efforts (Gayon and Zallen 1998); because of its importance in food it has an extended

breeding history.
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Oats (Avena sativa) 1s another cereal where public breeding efforts are important in the release of
cultivars. Among cereals, oat ranks 7th at the world level with average production in the U.S. of
16 million tons which represent 7% of the total oat produced in the world (Webster 2016). Oats is
a multipurpose crop, being used as forage, and its grain as feed or food depending on the quality
levels. Also, it is the cereal with the highest level of protein and other several nutritional and health
benefits (Mushtaq et al. 2014; Hu et al. 2021). Oats have a particular interest because of their
plasticity in grain production used as either feed or human food. There is exhaustive testing of oat
cultivars at the state level and across states (Gutierrez 2021, Smith 2021, Kleinjan 2021). This
network of trials has been repeated over many years and locations. Still, this information is not
easily accessible to interpret due to the volume, unbalance, and complexity of the data make it

difficult for farmers and/or researchers to access.

Oat is part of an polyploid complex with ploidies ranging from diploid to hexaploid with a basic
chromosome number of 7 and an autogamous reproductive system (Thomas 1992). Oats breeding
in the U.S. is done in allohexaploid oats (4vena sativa L.; Thomas 1992) and started with the
selection from a few widespread landraces with high diversity. The main selection target traits in
oats are grain yield, grain quality, and disease resistance, and since oats is a multipurpose crop,
forage quality is also important. Line selection and development are performed using classical
breeding approaches in the principal oat breeding programs in the U.S. There is a reference genome
available for oats (Yao et al. 2022), and efforts to incorporate next generation techniques genomics
and phenomics in oat have been done successfully (Asoro et al. 2011; Haikka et al. 2020b, a;
Campbell et al. 2021; Berro et al. 2023) and other technologies to accelerate the breeding

efficiency have been tested (Heuschele et al. 2019; Gonzalez-Barrios et al. 2020).
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Thesis overview

This thesis presents the results of three projects that advance farmer driven plant breeding and
sustainable cereal breeding in the Upper Midwest. Chapter 2 describes a participatory wheat
selection process that resulted in a new cultivar for organic systems and artisan bread quality.
Chapter 3 presents the development of a decision support tool for farmers. The tool makes oats
variety recommendations to farmers based on their location and a genomic prediction model that
draws on historical trial data. Chapter 4 addresses the issue of cultivar stability in addition to
prediction of performance in the face of GEI. This chapter used mixed models to make predictions
of cultivar performance and stability. The analysis, decision support tools and germplasm
development through this project should be useful to breeders and farmers working to increase the
performance and stability of cereal cultivars.

Objectives:

The objective of this dissertation is to help increase the sustainability of agricultural
systems in the Upper Midwest using plant breeding as the means to help incorporate small grains
in crop rotations. This will be achieved using plant breeding tools through different avenues. First,
we will describe the development of a breeding program for bread wheat varieties targeted to
organic systems and artisan baking in the U.S. Upper Midwest. We have involved farmers, millers,
and bakers in the decision process for advancing breeding lines. Specifically, our goals include 1)
analysis of the genotype-by-environment interaction (GEI) for agronomic and quality
performance, including the study of stability indicators for transient year-to-year GEI, 2) a
comparison of on-station and on-farm performance for advanced breeding lines, and the
incorporation of on-farm evaluation and farmers input in the decision process, and 3) development

of baking trials with bakers input to evaluate artisan whole grain baking quality in advanced
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breeding lines. This chapter was published as an invited paper to a special edition of Theoretical

Applied and Genetics themed on organic wheat breeding.

Second, we will characterize the GEI and identify oat mega-environments in the
Midwestern regions of the United States using a large-scale historical variety trial dataset from the
Midwestern oat breeding programs. We will combine sources of historical information and
genomic selection to predict the lines and cultivars that are better adapted to specific farmers’
regions, and to support the development of a “Variety decision tool”
( ) where farmers can get an individualized prediction of the

performance of available varieties for their local environment.

Third, we will predict genotypic reaction norms and sensitivity to environmental changes
across environments using a data set in barley, one in oats, one data set in wheat and mixed models
for genomic prediction. We will use available information from relatives tested in other

environments by exploiting genetic relationships to leverage information.


https://decide.practicalfarmers.org/
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Abstract

There is an increased demand for food grade grains grown sustainably. Hard-red winter wheat has
comparative advantages for organic farm rotations due to fall soil cover, weed competition, and
grain yields. However, limitations of currently available cultivars such as poor disease resistance,
winter hardiness, and baking quality, challenges its adoption and use. Our goal was to develop a
participatory hard-red winter wheat breeding program for the U.S. Upper Midwest involving
farmers, millers, and bakers. Specifically, our goals include an evaluation of genotype by
environment interaction (GEI) and genotypic stability for both agronomic and quality traits, and
the development of on-farm trials and baking and sensory evaluations of genotypes to include
farmers, millers, and bakers’ perspectives in the breeding process. Selection in early generations
for diseases and protein content was followed by multi-environment evaluations for agronomic,
disease, and quality traits in three locations during five years, on-farm evaluations, baking trials,
and sensory evaluations. GEI was substantial for most traits, but no repeatable environmental
conditions were significant contributors to GEI making selection for stability a critical trait.
Breeding lines had similar performance in on-station and on-farm trials compared to commercial
checks, but some breeding lines were more stable than the checks for agronomic, quality traits,
and baking performance. These results suggest that stable lines can be developed using a
participatory breeding approach under organic management. Crop improvement explicitly
targeting sustainable agriculture practices for selection with farm-to-table participatory

perspectives are critical to achieve long term sustainable crop production.
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Introduction

Plant breeding has been highly successful in improving crops for serving humans food, fiber, and
fuel by focusing on traits such as yield, quality, and disease resistance among others (Bernardo,
2010; Duvick, 2003). There is currently a need to achieve sustainable intensification by expanding
the food, feed, and fuel goals to include soil, water, and biodiversity targets for agriculture (Heaton
et al. 2013; Runck et al. 2014). Because of their role in creating new crops, plant breeders play a
crucial role in the development of sustainable agricultural systems for the future (Brummer et al.
2011). Some general breeding strategies have included selection for lower input requirements that
may decrease fossil fuel use, water contamination, and production cost (Tillman, 1999; Robertson
and Swinton, 2005; Dawson et al. 2008); adaptation to stress (Araus et al. 2008; Cattivelli et al.
2008; Jacobs, 2007; Santini et al. 2007) and highly diverse cropping systems (Cecarelli et al. 2010;
Liebman et al. 2012). Regional breeding strategies to withstand variable and or changing
environments; selection for local adaptation (Cecarelli and Grando, 2007) and cropping systems
(Cook, 2006) that improve performance under specific environments while providing ecosystem
services have also been implemented. Finally, breeding for strategic spatio-temporal utilization of
resources (Runck et al. 2014) that produce winter-annual or perennial crops in areas that would
not otherwise be used at that time (Schulte et al. 2006; Heaton et al. 2013); and selection for
completely new systems such as natural ecosystems (Glover et al. 2010) or organic agriculture
(Dawson et al 2008(Wolfe et al. 2008; Dawson et al. 2011; Lammerts van Bueren and Myers 2012)

have been successful.

Wheat (Triticum aestivum L.) is the most important food grain produced in the United States, with
production over 51 million metric tons (FAOSTATS 2020), and the U.S. is among the top three

exporters of wheat in the world. However, wheat differs from other major crops grown in the U.S.
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because the majority of the U.S. commercial wheat varieties are developed by public plant
breeding programs (Wheat CAP 2018), contributing billions in production value (USDA/NASS
2021). Furthermore, in the predominant wheat producing regions of the U.S., growers are
supported by a commodity grain system and industrial baking markets, with most breeders
developing varieties adapted to conventional systems (Tilley et al. 2012; Kiszonas and Morris

2018).

In many regions of the U.S., the demand for local and organic products is growing (Green et al.
2017; Rana and Paul 2017) while organic production is one of the fastest growing sectors in
agriculture (Matlock 2021). Specifically, land in organic wheat production increased 15% from
2015 to 2019 (Matlock 2021) and production is expected to continue growing since revenue and
the number of organic farms has been growing in recent years in the U.S. (15% 2017 to 2019) and
particularly in the U.S. Upper Midwest (10% 2017 to 2019) (USDA/NASS 2019). Although most
cereal grains in the U.S. Upper Midwest are grown for feed, food-grade grains present a high value
and more consistent market outside of the commodity wheat system. Local grain markets are also
growing, and both organic and local markets are responding to strong consumer demand for
artisanal breads such as whole grain naturally leavened (sourdough). Expanding the production of
food-grade grains for artisanal products also supports an increase in whole grain consumption with
its associated health benefits (Mellen et al. 2008; Jonnalagadda et al. 2011; Reynolds et al. 2019).
However, few breeding programs are dedicated to developing varieties for whole grain end-uses
or sourdough, resulting in a lack of evaluation and selection strategies as well as limited availability
of varieties with suitable end-use quality (Ross 2018; Krill-Brown et al. 2019). Therefore, breeding

programs developing hard red wheat varieties adapted to regional climates and organic production
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with good quality for artisanal products will provide farmers with greater opportunities to reach

high-value markets.

Breeding targets for hard red bread wheat generally include grain yield, winter hardiness, protein
concentration, resistance to pre-harvest sprouting (for baking quality) and resistance to Fusarium
head blight (Fusarium graminearum L., FHB) and foliar diseases. However, cultivars selected
under conventional systems may not be suitable for organic production because genotype by
management performance rank changes have been observed between organic and conventional
systems for grain yield and protein content in cereals in general (Przystalski et al. 2008; Wolfe et
al. 2008) and in wheat in particular (Reid et al. 2009; Hildermann et al. 2009). Moreover, this
strong interaction between genotype and management system, and high heritability for these traits
in organic trials, makes direct selection under organic conditions more effective (Murphy et al.
2007; Przystalski et al. 2008). A survey and interviews with organic wheat farmers identified traits
where more research and development are needed for organic bread wheat production (Kucek
2017). High protein with artisanal baking quality and flavor, disease resistance including resistance
to FHB and other leaf diseases, winter hardiness, weed competitive ability and overall good
agronomic performance were identified as the key target traits for farmers (Kucek 2017).
Discussions with bakers and millers have identified stability for quality parameters and good
technical performance in whole grain and sourdough products as key traits. Stability is particularly
important in regional grains systems as less blending is possible for grain with different quality
parameters from different production regions to buffer yearly fluctuations in protein levels, falling

number or disease incidence.

In addition to meeting the target traits for organic systems, it is important to consistently obtain

high-quality grain across locations and years. There are two levels where stability is important:
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temporal and spatial stability. Organic farms tend to be more diverse from farm-to-farm and field-
to-field than conventional farms (Shennan et al. 2017; Knapp and van der Heijden 2018) with
additional changes in genotypic rankings from year to year (Kucek etal., 2019) and would
therefore benefit from both spatial and temporal stability. Furthermore, crop yield losses resulting
from extreme temperatures, recurring droughts, and erratic rainfall patterns due to climate change
are expected to have global impact (Wassman et al. 2009). The goal of breeding for climate-
resilient crops is to breed for increasing crop yield production that is not limited by multiple
challenges related to abiotic stress, such as drought or heat stress (Bhatta et al. 2018; Picasso et al.
2019), and biotic stresses, such as diseases, pests, and weeds (Ceccarelli et al. 2010; Malosetti et
al. 2013; Wani et al. 2018). Therefore, breeding efforts should focus on continuing to identify
genotypes with high yield potential while reducing the yield gap under sub-optimal growing
conditions due to extreme weather events and climate change (Araus et al. 2008; Fischer and
Edmeades 2010; Pennacchi et al. 2018). The increasing frequency of extreme weather events
means that the environmental conditions faced by new genotypes may be outside of the range of
historic variation in a target region. This makes it critical to select genotypes for spatial stability
at a larger scale such as a regional level. Longer term stability may also be favored by higher levels
of genetic diversity that can be accomplished by higher within variety diversity or higher field
diversity by growing multiple varieties in a field (Weedon and Finckh 2019; Wolfe and Ceccarelli

2020).

One way for breeding programs to address the heterogeneity of target environments and emerging
markets is to work directly with farmers, bakers, and other expert professionals. Participatory plant
breeding, where farmers and other stakeholders such as bakers, millers, seed producers, and

consumers, are involved in the breeding process, can take many shapes and may have different



29

levels of involvement (Lammerts van Bueren and Myers 2012). One of the aspects that
participatory plant breeding can address is the gap between performance at the experimental
stations and in farmers’ fields (Simmonds 1980, 1991; Annicchiarico 2002a). There are multiple
reasons why this gap occurs, but a primary cause is that in some cases selection environments are

not representative of production environments (Ceccarelli and Grando 2007).

Involving farmers and growers in the decision-making process for the selection and advancement
of candidate lines would increase the adoption of new variety releases (Annicchiarico 2002a),
provide helpful information for breeding decisions (Ashby 2009), have industry-ready varieties
for release, and provide a more diverse set of environmental evaluations (Ceccarelli and Grando
2007). Therefore, participatory plant breeding could include other stakeholders involved in the
wheat production from the farm to the table such as millers, bakers, and consumers in order to
increase the success of varieties (Dawson et al. 2011). Participatory bread wheat breeding
programs for organic systems and artisanal baking exist in Europe (France and Italy), Canada, and
in Washington State (U.S.). Many of these programs share methods and follow similar selection
protocols. This includes using organic trials and farmer input to select parents for crosses,
decentralizing selection and testing starting as early as possible, often in the F3 or F4 generation,
and involving farmers and bakers in the evaluation of breeding lines on research stations, farms,

and bakeries. These programs were reviewed by (Colley et al. 2021).

The objective of this paper was to illustrate the development of a small breeding program for bread
wheat varieties targeted to organic systems and artisan baking in the U.S. Upper Midwest. We
have involved farmers, millers, and bakers in the decision process for advancing breeding lines.
Specifically, our goals include: 1) description of the breeding process from initial crosses to end-

product, 2) analysis of the genotype-by-environment interaction (GEI) for agronomic and quality
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performance, including the study of stability indicators for transient year-to-year GEI, 3) a
comparison of on-station and on-farm performance for advanced breeding lines, and the
incorporation of on-farm evaluation and farmers input in the decision process, and 4) development
of baking trials with bakers input to evaluate artisan whole grain baking quality in advanced
breeding lines.

Materials and methods

Population development

Sixteen parents of hard red winter wheat tested in organic systems in the U.S. and Europe were
selected based on their bread quality attributes, adaptation to organic conditions, and resistance to
FHB and other diseases and were used as progenitors of the breeding program (see Figure 1 for a
description of the breeding program). Eight parents were crossed in a partial diallel in 2012 in a
greenhouse at Cornell University (Ithaca, NY). A second crossing block was conducted in 2013 to
add eight additional parents to the partial diallel based on results from multi-location organic
winter wheat trials. Between one and 20 successful F; progeny per cross were self-pollinated. F»
plants were grown in a high tunnel from October 2013 to June 2014 and up to 30 individual plants
per original cross were selected. A total of 300 F2.3 derived families were evaluated with 12 parents
used as checks from October 2014 to July 2015 in 1m head-rows in two trials: an agronomic trial
at the Cornell University Homer C. Thompson Vegetable Research Farm in Freeville, New York
(42.5° N, 76.3° W) under certified organic conditions and an FHB nursery at the Caldwell Research
Farm in Ithaca New York (42.5° N, 76.3° W). Head-rows in the certified organic location were
evaluated for lodging, winter survival, grain yield, and test weight. In the FHB nursery, the lines
were inoculated with FHB on June 2, 5,9, 11 and 16, 2015 (Zadoks 61, 65, and 69). Head-rows

were scored for FHB incidence and severity at the soft dough stage (Zadock 83), about 24 days
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after flowering following (Fulcher et al. 2021). Briefly, twenty spikes in each head-row were
scored from 1-5 for FHB where 1 = one spikelet infected, 2 = two spikelets infected, 3 = up to half
of the spikelets in the spike infected, 4 = more than half of the spikelets in the spike infected, 5 =
the entire spike is dead. The incidence of FHB was calculated as the percent of non-zero scores
among the 20 spikes scored, while severity was calculated as the mean FHB of the non-zero scores.
From 115 F».3 families that scored a FHB index less than 15, ten individual plants were selected at
Freeville, NY. and eight seeds from each plant were evaluated for protein content using a near
infrared spectroscopy single-seed analyzer following (Carlson et al. 2019). F».3 families with mean
protein content above the 50% percentile were selected. These 465 F3.4 families were evaluated
from October 2015 to July 2016 in Im head-rows in two trials: an agronomic trial at the Freeville
location, using three check lines replicated 10 times throughout the nursery to assess spatial
variability, and where families were evaluated for lodging, winter survival, grain yield, and test
weight. Another trial was conducted at the FHB nursery in Caldwell, but due to seed limitations
for some families, only 406 F3.4 families were grown in the FHB nursery. Two check lines were
replicated 10 times throughout the nursery to assess spatial variability. F3.4 families were selected
based on an index incorporating grain yield, leaf disease, and FHB index and 98 families were
selected. Eight seeds from each selected family were evaluated for protein content using a near
infrared spectroscopy single-seed analyzer following Carson et al. (2019) and the 50 families with

the highest mean protein content were advanced to Fs.
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Figure 2. 1. Characterization of the organic hard red winter wheat breeding program. Sixteen
parents were used in a partial diallel crossing block to generate the initial breeding population
and families were selected initially based on Fusarium head blight and protein content in the
Northeast. At the F5 generation, lines were evaluated in the U.S. Upper Midwest in three on-
station locations (Madison, WI; Spooner, WI; and Danforth, IL) in five years (2017-2021).
Advanced lines were evaluated in three on-farm locations (Freeville, NY; Danforth, IL; and
Ridgeway, WI). Participatory breeding strategies were used to include farmers, millers, bakers,

and consumers in the decision to advance and release breeding lines.

On-station phenotypic evaluation
The 50 selected advanced inbred lines (i.e. Fs families derived from F3.4 families) and three organic

artisan milling and baking industry checks (Red Fife, Arapahoe, and Warthog) were evaluated
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between 2017 and 2021 at the West Madison Agricultural Research Station in Verona, Wisconsin
(Madison, 43°04'22.6"N 89°32'46.8"W), and at Janie’s Farm in Danforth, Illinois (Danforth,
40°50'30.2"N 87°58'10.1"W). A third location was used during the 2021 year at Spooner
Agricultural Research Station in Spooner, Wisconsin (Spooner, 45°49'21.0"N 91°52'35.3"W).
Trials were planted as close as possible at ideal planting dates for each location ranging from
September 25" to October 22" Planting date is restricted by aphid feeding and their potential to
transmit barley yellow dwarf virus until late September, and by the growing degrees days
remaining to support seedling establishment and growth required for winter survival in early
October (Conley et al. 2015). All trials were managed following organic practices on certified
organic land, except for the Spooner location, which has been managed according to organic
standards since 2018 but is not certified. Red Fife is an historic facultative variety originally
selected in Ontario, Canada, that is popular for baking because of its flavor and its inclusion in the
Slow Food Ark of Taste (Ark of Taste 2014). Red Fife was a standard for the Canadian baking and
milling industries in the mid-late 1900s. Arapahoe is a modern hard red winter wheat variety with
very good winter hardiness and baking quality released by the University of Nebraska in 1989
(Baenziger et al. 1989). Arapahoe has high protein levels and test weight and is resistant to stem
rust and moderately resistant to leaf rust. Warthog is a modern hard red winter wheat variety
released in Canada in 2001 (Registration #5390, Thompsons Limited). Warthog has been widely

grown by farmers in the U.S. Upper Midwest and has acceptable baking quality.

Experiments at Madison followed a four-year rotation: 3-years of alfalfa followed by one
year of cereals. Management of the experiments included mechanical weeding using mowers in
alleys and a cultivator between plots (2019 and 2021), hand weeding inside plots (intense weeding

in 2017 and 2018, but minimal weeding in 2019 and 2021), hand rogueing off-types to maintain
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genetic purity and to avoid cross-contamination (i.e. one or two plants per plot), and frost-seeded
red clover planted in the winter to maintain soil cover. The Madison 2017 experiment was a
randomized complete block design (RCBD) with two replications. The Madison 2018, 2019, and
2020 experiments were augmented alpha designs with three complete replications. The Madison
2021 experiment was a RCBD with three replications. The Madison 2017 experiment was
evaluated in 1.2 x 1.85 m (2.22 m?) plots while the 2018-2021 experiments were evaluated in 1.52
x 3.20 m (4.86 m?) plots. Planting was on 3 October 2016, 28 September 2017, 28 September
2018, 25 September 2019, and 25 September 2020. Planting density was 134 kg ha™! for the 2017
experiments and 157 kg ha™! for the 2018-2021 experiments. Clover was frost seeded on 3 March
2017, 16 February 2018, 3 February 2019, 16 February 2020, and 26 February 2021. Harvest dates
were 17 July 2017, 18 July 2018, 18 July 2019, 17 July 2020, and 10 July 2021. All experiments
were planted with an inter-column spacing of 30 cm and an inter-row spacing of 2.4 m.The 2021
experiment at Spooner was a RCBD with three replications evaluated in 1.52 x 3.65 m (5.54 m?)
plots. Planting was on 29 September 2020 at a planting density of 157 kg ha'!, while harvest date
was 21 July 2021. Experiments at Danforth consisted of a RCBD with two (2017) or three (2018-
2021) replications evaluated in 1.4 x 2.4 m (3.36 m?) plots with a planting density of 117 kg ha™!,
an inter-column spacing of 23.3 cm and an inter-row spacing of 30 cm. Planting was on 22 October
2016, 3 October 2017, 22 September 2018, 3 October 2019, and 9 September 2020 for the 2017-
2021 growing seasons. Harvest date was 18 July 2017, 26 June 2018, 11 July 2019, July 2020, and

8 July 2021.

All genotypes were evaluated for agronomic traits including winter survival, plant height,
lodging, heading date and grain yield; disease traits including FHB, leaf rust, barley yellow dwarf

virus, and powdery mildew; and for grain quality traits including test weight, falling number, and
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deoxynivalenol (DON), ash, and protein content. Winter survival was estimated as the percent of
plants that were still green after the snow melts in the spring in early April. Plant height was
measured during the grain filling stage (Zadok’s 73 to 83) as the height (in cm) of an average plant
in the plot from the ground to the tip of the spike not including awns. Lodging was estimated
during the grain filling stage (Zadok’s 73 to 83) as the percent of plants in the plot that were falling
over. Heading date was recorded on the date when 50% of the tillers in a plot have spikes
completely emerged from the flag leaf sheath (Zadok’s 60). Grain yield was evaluated as the
weight of each plot harvested at maturity (Zadok 92) and expressed in kg ha! obtained by
harvesting and threshing with a self-propelled Wintersteiger Masterplot experimental plot combine
harvester, drying the grain, and cleaning the grain with a Pfeuffer Sample MLN grain cleaner.
Grain yield was corrected to a kernel moisture level of 12%. FHB was evaluated on a 1-9 scale
using a combined score between incidence and severity after flowering (Zadok’s 83) using natural
infection. Leaf rust and powdery mildew were scored on a 1-9 scale similar to FHB based on
natural infection in years where the disease was detected. The incidence of barley yellow dwarf
virus was evaluated based on natural infection as the percentage of plants affected by the disease
in years where the disease was present. All agronomic and disease traits were recorded in Madison.
Grain yield, plant height, and heading date were recorded in Danforth. Grain yield, plant height,

and heading date were recorded in Spooner.

Test weight was measured as the weight of 500 mL of dry and clean grains using a Cox
funnel and following the Canadian Grain Commission official grain grading guide (Candadian
Grain Comission). A subsample of 500 grams of grain from each plot from the 2019, 2020, and
2021 experiments were sent to the Integrated Bioprocessing Research Laboratory of the College

of Agricultural, Consumer and Environmental Sciences at the University of Illinois at Urbana-
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Champaign for quality processing. Grain samples were analyzed for grain protein content, falling
number, and ash content. Protein and ash content were evaluated with a Perten Inframatic 9500
NIR (Near Infra-Red) grain analyzer and expressed in percent values. Falling number was
evaluated with a Perten Falling Number® system that measures alpha-amylase enzyme activity
and structural integrity of the starch and is expressed in seconds. Grain quality traits were evaluated

on samples from Madison and Danforth.

Statistical analysis of on-station experiments

On-station genotypic means. Empirical best linear unbiased estimates (BLUEs) of each agronomic
and quality trait for each genotype in each location and year (i.e. environment) were estimated
using plot-level information from all genotypes planted at a given location and year (i.e.
environment) and corrected for experimental design and spatial variation with the following linear

mixed model:
[1] Yijk1=M+Gi+&+&+ﬂ+€ijkz

where yijx is the plot level observation, p is the overall mean, G; is the effect of the ith genotype,
Bj is the effect of the jth block with Bj~N(0,5%s), R is the effect of the kth row with Ri~N(0,6%r),
C\ is the effect of the Ith column with Ci~N(0,6°c), and siju is the residual term with
&ijki~N(0,0%), with the covariance among random effects equal to zero and 6%, 6%r, 6%, and o2,
being the variance components of blocks, row, column, and residual error respectively. Row and
column effects were used as a post-blocking control of spatial variation and were only
considered when their inclusion affected the model (see supplementary files 1-5). An alpha
design was used in some trials with incomplete blocks following rows, and therefore, the same
model was used for those trials. This analysis was performed in R statistical software (R. Core

Team 2013) fitting the /mer function of the /me4 package (Bates et al. 2007). Genotypic BLUEs
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were obtained using the emmeans function of the emmeans package (Lenth 2021) in R statistical
software This model was used for all agronomic and quality traits in each environment (i.e.

combination of location and year).

Variance components estimation. The following random effects model was used to estimate
variance components for genotype, location, year, their interactions (i.e. location by year,
genotype by year, genotype by location, and genotype by location by year) and the residual error

for grain yield, protein content, falling number, and ash content:

[2] Yi]'kl = u + ﬁ + ﬁ + ﬁ + LA]k + ﬁl(]k) + GLU + GAik + GLAl]k + Ei]'kl

where yijki 1s the plot level observation, p is the overall mean, G; is the effect of the ith genotype
with Gi~N(0,6%G), L; is the effect of the jth location with Li~N(0,0%), Ax is the effect of the kth
year with Ax~N(0,6%4), LAj;, is the location by year interaction with LAj~N(0,6%La), GL;; is the
genotype by location interaction with GLij~N(0,0%6L), GA;, is the genotype by year interaction
with GAi~N(0,6%G4), GLA; jk 1s the genotype by location by year interaction with
GLAjx~N(0,6%6L4), and &ij is the residual term with &ij~N(0,6%), with the covariance among
random effects equal to zero and 6°G, 6°L, 6%a, G°LA, G°B, G°GL, G°GA, G°GLA, and 6%, being the
genotypic, location, year, location by year, block, genotype by location, genotype by year,

genotype by location by year, and residual error variance components. The variance components

were then expressed as a proportion of the total genetic variance (6°G + 6°6L + 6%Ga + 6%GLA).

Heritability. Heritability for each trait in each environment was calculated ad hoc following

Piepho (2019) based on Holland et al. (2003) using harmonic means:

2
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where H? is the estimate of the heritability, 05, aga, agzl, agzal .02 are the variance component

estimates of genotype, genotype by year, genotype by location, genotype by year by location,
and the residual error respectively from model [2], and n,, 1, 11y, gy the harmonic means of
the number of years, locations, location-year, and location-year-replications. Variance
components and heritabilities were also estimated from models [2] and [3] for each location
removing the location components, and for each environment removing the location-year

components.

GGE biplots. BLUEs from model [1] were used to graphically represent the genotype and
genotype by environment effects through a biplot (GGE biplot, Wickham 2016) using the

package gge (Laffont et al. 2013) from the R statistical program (R. Core Team 2013).

Finlay-Wilkinson Regression. Stability for grain yield was estimated with the Finlay and

Wilkinson (1963) analysis (hereafter FW) using the following model:
[4] Y= Wt G+ Ej £ BiEj + ¢

where y;; is the BLUE of the ith genotype in the jth environment (i.e. combination of location and
year) estimated from equation [1], u is the overall mean, G; is the effect of the ith genotype, E; is
the effect of the jth environment, B; is the FW regression coefficient of the ith genotypic

performance over the environmental mean, also called sensitivity, and g;; is the residual genotype
by environment interaction not explained by the FW regression model, where g;; ~ N(0, o).

Genotypes with sensitivity values closer to zero have static stability, while genotypes with
sensitivity close to one have dynamic stability, and genotypes with higher sensitivity have low

stability. The R? coefficient representing the lack of fit of the FW regression for each genotype
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was estimated with the same model. The FW regression models were run on R statistical

program with basic regression functions (R. Core Team 2013).

Wricke’s ecovalence stability coefficient. Wricke’s ecovalence stability was estimated for grain
quality, protein content, falling number, and ash content using the following model (Wricke,

1962):

[5] W; = %(Gij — G — Ej— )*
where W; is Wricke’s ecovalence stability coefficient G; ; 1s the BLUE of the ith genotype in the

jth environment (combination of location and year) estimated in equation [1], G;is the genotypic
mean of the ith genotype across environments, £ ; 1s the environmental mean of the jth

environment across all genotypes, and /i it is the overall mean. Wricke’s ecovalence stability
coefficient represents the volatility of genotypes to changes in the environment; a genotype with
no genotype by environment interaction will show a W value of zero. Wricke’s ecovalence was
estimated using the StatGxE package (van Rossum et al. 2021) in R statistical program (R. Core

Team 2013).

Selection of advanced breeding lines

Advanced breeding lines were selected for grain yield, test weight, FHB and other, diseases, winter
survival, and protein content. The selection was applied over the population reducing the number
of genotypes each year from 50 to 42 in 2018, to 24 in 2019, and finally, to 16 in 2020 (Figure 2).
The Red Fife check was also discarded after the first year of evaluation because it did not survive
the first winter and was not included in the multi-year analysis. The BLUESs for all traits, field
notes, and input from farmers and bakers, described below, were used in the process of selection

conducted each year based on a the data from current and previous years. Winter survival was the
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trait with the highest selection pressure during the years 2017 and 2018. Lines that did not survive
or showed more than 70% winterkill were discontinued. High selection intensity for absence of
FHB symptoms was applied in all years with high natural infection. Other traits such as lodging,
and disease prevalence were criteria used to discard additional lines each year (Figure 2;
supplementary files 1-5). Finally, pedigree information was considered in the selection process to
avoid shrinking the genetic diversity early in the process. Among and within original F; cross
selection was performed through the years, but at least one genotype per cross was always

advanced unless it consistently underperformed.

Participatory on-farm trials

On-farm experiments. Six breeding lines and one commercial check were evaluated in on-farm
trials in three farms in three states in the U.S.: Harold Wilken, Janie’s Farm, Danforth, IL
(40°50'30.2"N 87°58'10.1"W), John and Halee Wepking and Paul Bickford, Meadowlark
Organics, Ridgeway, WI (42°59'25.2"N 90°00'43.0"W), and Freeville, New York (Freeville,
42°31'06.7"N 76°20'04.6"W). The two farms in the Upper Midwest have been leaders in growing
organic food grade grains, and both have commercial mills as part of their operations to supply
regional bakeries and consumers. The following lines were evaluated: 47.04 (Maxine X Gua),
140.05 (Warthog X Gua), 174.01 (Clarks Cream X Arapahoe), 202.07 (Rouge de Bordeaux X
Arapahoe), 212.08 (Red Fife X Arapahoe), 260.06 (Rouge de Bordeaux X Warthog), and Warthog
was used as the commercial check on all farms. Lines to be evaluated at the farm were selected in
a participatory manner after field-days and meetings with farmers, bakers, millers, and other
stakeholders using the on-station data based on winter survival, grain yield, agronomic
performance, resistance to FHB and other diseases evaluated on-station. On-farm experiments

were planted in a RCBD with two replications in each location with a plot size of 18.5m? and 97.4
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m? for 2020 and 2021. Planting was on 26 September 2019, and 11 October 2020 at Ridgeway, 3
October 2019 at Danforth, and 21 October 2019 at Freeville. Harvest date was 16 July 2020 and
17 July 2021 at Ridgeway, on 7 July 2020 at Danforth, and 22 July 2020 at Freeville. Experiments
were managed by the participating farmers according to their standard practices for certified
organic winter wheat at each farm, except that the Freeville location was managed by the Cornell
University Small Grains Team. The Freeville trial was still included as part of the on-farm trials
due to the nature of trials including plot size and number of breeding lines evaluated. Traits
evaluated were grain yield and DON content. Grain yield was harvested with an experimental plot
combine (Zurn 150 plot harvester) at Ridgeway and a Winterstiger plot master at Danforth. A
bulked subsample of 100 g of grain from both replications was sent to the Wisconsin Crop

Improvement association for DON level testing.
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Figure 2.2 Characterization of the advanced breeding line selection process in the hard red
winter wheat breeding program for artisan baked whole grain. The heatmap is a qualitative
characterization of trait performance categories with blue being good performer, light blue an

average, and red a bad performer for each trait in each location (IL, Danforth, Illinois; WI,
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Madison, Wisconsin) and year (2017-2021). Grain yield (Y) and Wricke’s ecovalence stability
coefficient (W) relative performance was color-coded in relation to the overall mean
performance across all environments. Winter survival (WK), lodging (LOD), leaf rust severity
(LR), test weight (TW), fusarium head blight severity (FHB), powdery mildew (PM), and barley
yellow dwarf virus severity (BYDV) were color-coded in absolute values. The main driver for
discontinuation of early lines was indicated at the right of the heatmap of their last evaluation in

the program.

On-farm genotypic statistical analysis. Empirical best linear unbiased estimates (BLUEs) for grain
yield of each genotype for each location and year (i.e. environment) were estimated using plot-
level information from all genotypes planted at a given environment and correcting for
experimental design following the linear mixed model described in [1] but without using spatial
corrections. A Dunnet test (0=0.05) was used to compare the performance of the experimental

lines to that were statistically different from the Warthog check.

Participatory baking trials and sensory evaluations

Participatory baking trials and sensory evaluations were conducted in 2020 and 2021 to evaluate
the performance of lines for artisan baking. Grain was obtained from large seed increase plots
grown on-station in the experiments described above. Grain from Madison was used in 2020, while
a proportional mix of grain from Madison and Freeville was used in 2021 (70% NY and 30% WI).
Lines were selected based on on-station trial performance, DON levels, and grain availability. All
grain was tested for DON levels prior to milling to ensure food safety. Grain was also tested for
protein content and falling number to better interpret the results of the baking trials. However, the
values of protein content and falling number were not provided to bakers prior to the baking tests

to avoid biasing expectations. We used the process described in Kucek et al (2017) to evaluate the
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breeding lines and checks in naturally leavened (sourdough) bread. Briefly, this involves creating
a levain out of the flour of each genotype and then scoring the mixing, proofing, and shaping stages
of dough development, followed by scores for the exterior, interior and flavor of the final bread.
Scores are given on a 10 point scale from poor to optimal, with notes to indicate why a variety

may not have scored optimally since there can be multiple reasons for non-optimal performance.

2020 Baking trial. Four breeding lines 740.05 (Warthog X Gua), 174.01 (Clarks Cream X
Arapahoe), 212.08 (Red Fife x Arapahoe), 260.06 (Rouge de Bordeaux X Warthog), and Warthog
as a commercial check were milled by Madison Sourdough Bakery on an Osstiroller 700 MSM
Combi Mill with 28-inch stones. The flour was slightly sifted to achieve approximately 95%
extraction for each genotype. The sifting process removes bran flakes above a certain particle size,
and this was kept constant across all genotypes. The breeding lines and check were evaluated in a
baking test conducted on 11 and 12 March 2020. Six professional artisan bakers traveled to
Madison for the evaluation and participated over the two days. The bakers who participated in the
evaluation included Melina Kelson of Bootleg Batard in Chicago, IL, Solveig Tofte of Sun Street
Breads in Minneapolis, MN, Greg Wade of Publican Quality Bread in Chicago, Kirk Smock of
ORIGIN Breads in Madison, WI, Matt Kronschnabel of Bard Bread in Viroqua, WI, and Andrew
Hutchison of Madison Sourdough. The six bakers collectively worked on each variety during the
baking process and adjustments were made by consensus for each variety to optimize the level of
hydration, rest time and mix time without changing the base formula (other than hydration). Each

baker then individually assigned scores to each variety during each step of the process.

2021 Baking trial. Two breeding lines 47.04 (Maxine x Gua), 260.06 (Rouge de Bordeaux X
Warthog), and Warthog as commercial check were milled and evaluated in the remote baking tests

conducted during the week of 5 May 2021. Remote tests were done in 2021 due to COVID-19
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restrictions. The grain was milled by Meadowlark Organics in Ridgeway, Wisconsin, on a
Meadows 30 stone mill. The flour was slightly sifted to achieve approximately 85% extraction to
follow the commercial standard protocol for Meadowlark Organic. This was determined to be the
best point of comparison by the participating bakers as they are familiar with working with
Meadowlark’s flour. The baking evaluation also included Meadowlark’s current commercial bread
flour (12.4% protein blend of Warthog winter wheat and a spring wheat variety) as a second
commercial flour check. Flour was then shipped to each baker and were evaluated in a baking test
done remotely by five bakers in their own bakeries, all of whom participated in the 2020 bake test.
The same protocol was used from the 2020 trials but done individually by each baker. Data
collection was reduced to one score for each of the major phases of the baking process rather than
each individual step, with additional room for bakers to write descriptive evaluations of each step

in lieu of more detailed scoring.

Sensory evaluation. Bread from the baking evaluation was used the following day in a hedonic
sensory evaluation by members of the public and the research team in 2020 and 2021. Each bread
was rated for appearance, texture, and flavor on a 1 to 5 scale, with 5 being the most preferred.
The sensory evaluation in 2020 was done at Madison Sourdough on March 11 with 55 participants.
The sensory evaluation in 2021 was done remotely by 40 participants with kits assembled
including all samples from Madison Sourdough and Origin Breads in Madison, W1, and then tasted

by individuals off-site due to COVID-19 restrictions.

Statistical Analysis. Empirical best linear unbiased estimates (BLUESs) of each baking and sensory
trait for each genotype for each year (i.e. environment) were estimated using baker’s and taster’s
scores information from all genotypes tested at a given year (i.e. environment) with the following

linear mixed model:
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where yij is the score, p is the overall mean, fj is either the effect of the jth baker or taster with
Bi~N(0,5%p), and gk is the residual term with &i~N(0,6%), with the covariance among random
effects equal to zero and s, and 62 the evaluator and residual error variances respectively. When
dough, bread and bake summaries were analyzed, the term Y was included as the effect of the kth
baking stage with Y«~N(0,6%r).The &ij is the residual term with &ijx~N(0,6%), with the covariance
among random effects equal to zero and 6%, and 6°r, and % the evaluator, baking stage, and
residual error variances, respectively.

Results

Genotype by environment interaction (GEI) and variance components. Approximately 54% of the
total genetic variance (i.e. GrGL+GA+GLA) of grain yield was explained by the genotypic main
effects (G) while the remaining 46% was explained by GEI (GL+GA+GLA), with genotype by
location by year (GLA=25%) being the largest effect (Figure 3). Protein content also had a strong
genotypic main effect, with 52% of the genetic variance component explained by genotypic main
effects. On the other hand, GEI explained a large proportion of the total genetic variance of falling
number and ash content (78% for falling number, and 66% for ash content; Figure 3). Finally,
although three mega-environments were identified in the GGE biplots (supplementary file 6), no-
repeatable pattern of GEI could be identified as drivers of those groups with mega-environments

grouping environments across years and locations.

Finlay-Wilkinson Stability. Only small differences in FW slopes for grain yield were observed
among genotypes, with regression slopes between 0.79 (212.08) and 1.20 (Warthog) for all the
environments (Table 1, Figure 4). This indicates that similar dynamic stability exists among

genotypes. On the other hand, R? values were higher for most of the breeding lines than for the



47

commercial checks, with values ranging from 0.91 (2/2.08) to 0.99 (47.04), and both checks,
Arapahoe and Warthog, having values of 0.92 indicating higher predictability from the FW model
for breeding lines than commercial checks (Table 1). Finally, because the years 2020 and 2021 in
Madison were extremely high yielding environments and regressions can be affected by extreme
values, a regression model excluding the years 2020 and 2021 for Madison was evaluated. The
variance in the regression coefficients and R? values were larger after excluding the extreme
values. Some genotypes, including the checks, had lower R? values in the remaining environments

(0.19 and 0.30 for Arapahoe and Warthog respectively).
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Figure 2.3. Relative proportion of all genetic variance components (G, GA, GL, GAL) for grain
yield (Yield, 2017-2021), protein content (PC, 2019-2021), falling number (FN, 2019-2021) and
ash content (Ash, 2020-2021). All the traits were evaluated in two locations (Madison and

Danforth).



48

Table 2.1. Grain yield stability parameters of hard red winter wheat breeding lines and commercial
checks evaluated in ten environments in two locations (Danforth and Madison) and five years
(2017-2021). Finlay-Wilkinson regression coefficients (b1, values closer to zero indicate static
stability) and non-linear stability (R? of FW, values near to 1 show more predictable performance),
as well as Wricke’s ecovalence stability coefficient (W, lower values have for more dynamically
stable performance) are shown. Because the years 2020 and 2021 were extremely high-yielding
years in Madison (see supplemental file 1), values are also shown for the stability analysis without
the years 2020 and 2021 in Madison (stability no extremes). Mean grain yield performance is also

shown for comparison purposes.

Overall Stability Stability (no extremes)
Genotype Mean 1 R? W (10*6) 1 R2 W (10*6)
7.02 2766 1.06 0.98 0.86 1.00 0.85 0.40
8.06 2587 0.97 0.98 0.30 0.97 0.91 0.25
9.1 2750 1.07 0.98 0.98 0.76 0.55 0.76
11.03 2519 0.89 0.97 1.24 0.71 0.66 0.81
12.05 3082 1.11 0.95 1.56 0.93 0.41 0.95
47.04 2997 1.08 0.99 0.39 1.00 0.73 0.20
54.08 2655 0.95 0.98 0.71 0.58 0.37 0.63
138.04 2604 0.99 0.93 1.06 0.91 0.44 0.76
140.05 2689 1.00 0.96 0.97 1.00 0.43 0.66
145.06 2642 1.03 0.99 0.34 1.04 0.99 0.11
174.01 2769 0.97 0.96 0.93 1.30 0.68 0.47
183.05 2698 0.93 0.95 0.87 1.20 0.75 0.68
199.09 2750 0.93 0.96 1.27 0.93 0.80 0.93
202.07 2836 0.96 0.95 0.73 0.92 0.93 0.30
212.08 2639 0.79 0.91 2.17 0.41 0.34 0.68
260.06 2863 1.01 0.99 0.26 0.94 0.77 0.16
Arapahoe 3206 1.07 0.92 1.87 0.97 0.19 0.94
Warthog 3234 1.20 0.92 3.10 1.05 0.30 1.05

Wricke’s ecovalence stability coefficient. There were orders of magnitude of differences in

Wricke’s ecovalence stability coefficients (W) for grain yield among genotypes, with W values
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between 0.26 x 10° (260.06) and 3.10 x 10 (Warthog) (Table 1). A similar rank-order of genotypes
was found when the extremely high yielding environments were removed from the analysis (Table
1). The performance of genotypes with the highest and lowest W coefficients are shown in Figure

4 for all the environments (excluding the extremes) to illustrate predictability across environments.
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Figure 2.4. Finlay - Wilkinson regression for grain yield of hard red winter wheat breeding lines and commercial checks evaluated in seven environments in three
locations (Madison, Danforth and Spooner) and five years (2017-2021). Only genotypes that showed the A) lowest (i.e. more stable, 8.06, 47.04, and 260.06) and
B) highest (i.e. less stable, 212.08, Arapahoe, and Warthog) values for the Wricke’s ecovalence stability coefficient (from Table 1, no extremes) are shown.
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Mean protein content across years and locations was 10.7, in general, higher for the breeding lines
than for the commercial checks Arapahoe (10.5%) and Warthog (10.1%). Some breeding lines
260.06 (10.1%) and 47.05 (10.4%) were similar to the Arapahoe and Warthog. Breeding lines
11.03 (11.5%), 140.05 (11.9%) had significantly higher protein than Arapahoe and Warthog.
Breeding lines /7.03, and 740.05 were the least stable genotypes for protein content with W values
of 1.92 and 2.23 respectively (Table 2). On the other hand, some of the breeding lines such as 8.06
have high protein (11.0%) contents with low values of W (W=0.58). Falling number was between
300 and 400 seconds for all the breeding lines with a range of values for W (Table 2, supplementary
file 4). Both Arapahoe and Warthog were among the most volatile genotypes for falling number,
with W values of 12,431 and 13,183 respectively. Ash content was similar between breeding lines
ranging between 1.64% and 1.88% and commercial checks Arapahoe (1.79%) and Warthog

(1.90%) with small overall variance (Table 2, supplementary file 2).
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Table 2.2. Protein concentration (PC), falling number (FN), and ash content (Ash), mean and
stability parameters of hard red winter wheat breeding lines and commercial checks evaluated in
two locations (i.e. Danforth and Madison) and three years (i.e. 2019-2021). Wricke’s ecovalence
stability coefficient (W) are shown for each trait. Ash content was evaluated in two years (2020-

2021) in two locations (Danforth and Madison).

Genotype  PC (%) Wee FN (s) Wen Ash (%)  Wasn 1072
7.02 10.4 1.95 322 1026 1.70 0.26

8.06 11.0 0.58 335 1699 1.66 2.50

9.1 10.7 0.30 317 2889 1.71 3.48

11.03 11.4 1.92 346 485 1.64 0.43
12.05 11.0 1.14 333 6386 1.69 0.26
47.04 10.4 0.86 323 3694 1.71 0.92
54.08 10.7 0.13 303 2254 1.72 2.02
138.04 10.7 0.13 342 4017 1.84 1.06
140.05 11.9 223 345 4762 1.88 1.52
145.06 10.7 2.00 361 7336 1.77 0.14
174.01 10.7 0.61 356 1435 1.66 0.87
183.05 10.6 0.44 344 6175 1.87 3.30
199.09 10.6 1.52 346 11706 1.73 0.71
202.07 10.0 0.33 334 842 1.73 0.10
212.08 11.0 0.84 328 4204 1.77 0.24
260.06 10.1 0.20 332 6181 1.79 1.14
Arapahoe 10.5 3.01 336 13183 1.79 433
Warthog 10.1 0.73 382 12431 1.90 1.04

Participatory on-farm evaluations

There was a change in genotype ranking between on-station and on-farm for grain yield, even
within the same year (Table 3). The on-station experiments showed that the selected breeding lines
were not different from Warthog in most of the environments (supplementary file 1, Table 3). The
breeding lines 140.05 (4525 kgha™), 47.04 (6074kg ha™!), and 260.06 (5196 kg ha™') were superior

in yield to the commercial check Warthog (2711 kg ha') in Ridgeway in 2020. Breeding lines
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212.08 (2783 ha') and 7140.05 (4525 ha') were inferior to Warthog (3824 kg ha™!) in Ridgeway in
2021, and no differences were found among genotypes in Danforth, 2020 (Table 3). In Ridgeway
on-farm trials in 2020, 7/40.05 was the only line with DON level over 1 ppm, while none of the
lines had high DON in Freeville. 260.06 was not different from Warthog in Freeville 2020, while
the lines 47.04 and 174.01 were significatively inferiors than Warthog. In on-farm trials in

Ridgeway in 2021 lines 7/40.05 and 212.08 had values of DON over 1 ppm (supplementary file 7).



Table 2.2 Grain yield (kg ha™') performance of breeding lines and commercial checks in on-farm trials during the 2020 and 2021 years, and summary

information for the same years of on-station performance.

Wisconsin linois New York Overall
On-Station On-Farm On-Station On-Farm On-Farm
Madison Spooner Ridgeway Danforth Danforth Freeville
Genotype 2020 2021 2017-2021 2021 2020 2021 2020 2021 2017-2021 2020 2020 2017-2021
212.08 5054 45558 3429 1618 - 27838 1795 2781 2001 - - 2639
140.05 4473  5994B 3653 1597 45254 32938 1838 2261 1940 1425 - 2689
174.01 4991 52168 3715 1309 2157 - 1964 2387 2033 1484 3706 B 2769
202.07 5223 51768 3652 1467 - 3439 2420 2647 2219 - - 2836
47.04 5123 62358 3917 1759 6074 3516 2017 2614 2225 1642 38078 2997
260.06 5059 59208 3762 1861 51964 3713 1795 2406 2093 1805 4195 2863
Warthog 4865 7443 4387 1805 2711 3824 2238 2773 2193 1805 5260 3234
S.E. 471 463 449 232 195 175 253 295 324 175 563 434
Dunnet 1115 1096 1064 549 461 414 600 699 768 414 1333 1028

Genotypes were compared to the check Warthog with a Dunnet test within trial. A represents mean performance superior to the check, B represents mean

performance inferior to the check, all other mean performances are not different from the check performance.
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Baking test and sensory evaluations

All the breeding lines evaluated in the 2020 bake tests had suitable baking properties compared to
the commercial check (Figure 5). The /40.05 breeding line was unstable in the short fermentation
test with an overall poor performance (Figure 5) but performed better in the long fermentation test
and some bakers identified it as their favorite breeding line in the long fermentation evaluation
(data not shown). The /74.01 breeding line was stable and the best performing genotype at most
stages during the baking process (Figure 5). The bakers described the 2/2./8 breeding line as
insufficient for extensibility during mixing compared to other lines but was close to optimal for
the rest of the process (Figure 5). Line 260.06 was close to the check throughout the baking process
(Figure 5). The check, Arapahoe, was rated slightly insufficient for extensibility by the bakers
during mixing and for proofing strength, and then close to optimal for the rest of the process
(Figure 5). All breeding lines were rated similarly to the check for flavor which is promising for
commercialization. In the 2021 bake tests, the commercial Meadowlark bread flour (a blend
including high-protein spring wheat) performed the best while the commercial check Warthog
performed the worst (Figure 5). The two breeding lines had suitable baking properties for high
quality artisanal bread at lower protein concentrations than the Meadowlark bread flour. The
260.06 breeding line was stable throughout the baking process, similar to the Meadowlark bread
flour, and better than Warthog. This line was present in both years and performed well compared
to other breeding lines and the checks. Although some breeding lines were different from the
commercial checks at some stages in the baking trials, there were no statistical differences between

breeding lines and checks for sensory traits in either year (data not shown).
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Discussion

Breeding strategies and characterization of selection

The breeding lines advanced and selected in our program have better grain quality than the checks
and are more stable for grain quality and grain yield without compromising grain yield. Even
though this project started and had its initial stages in the U.S. Northeast, the genetic diversity
available was still relevant in the U.S. Upper Midwest probably because of similar breeding goals
and the focus on stability. There are currently no cultivars of hard red winter wheat developed in
the U.S. Upper Midwest available to farmers, and until this work started in 2012, there were no
breeding programs with the explicit goal of breeding and selecting under organic conditions in the
U.S. Upper Midwest. Furthermore, these plant breeding efforts are unique in the U.S. by targeting
high-end artisan baking quality, although programs with similar goals and methods exist in Europe
(Loschenberger et al. 2008; Wolfe et al. 2008; Dawson et al. 2011; Osman et al. 2012) and in the
U.S. for spring wheat (Hills 2012; Kucek et al. 2017). Seven cycles of selection under certified
organic conditions including two cycles of selection for FHB and protein in the Northeast (New
York) and five cycles of selection for adaptation in the U.S. Upper Midwest (Illinois and
Wisconsin, Figure 2) resulted in a set of 16 high performing breeding lines that perform well in
terms of agronomic, disease, and grain quality performance. Importantly, some of these lines have
equivalent mean performance and are more stable than existing check cultivars. Strong selection
pressure was used initially in the breeding program to discard 98% of the lines based on tolerance
to FHB from an FHB inoculated nursery and a tandem selection for protein content. Later, the
largest driver of selection was adaptation to the U.S. Upper Midwest and disease resistance. We
discarded eight breeding lines in 2017 that did not survive the winter in either location.
Additionally, one line was discarded because it was the only breeding line showing a severe

infection of glum blotch (Phaeosphaeria nodorum) which can severely reduce the quality of the
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grain. In 2018, we discarded seven breeding lines with a high level of natural infection to FHB,
eight lines with low grain yield in either location, and four lines due to poor winter survival in
either location in combination with a low-grain yield in 2017 or 2018. A strong selection for grain
yield performance occurred in 2019 where overall performance across six environments in three
years was used to discard eight lines based on general poor or inconsistent performance. Stability
for grain yield was not explicitly estimated until the fourth year when genotypes had sufficiently
sampled a range of environmental conditions. The core population of selected breeding lines
therefore consisted of 16 F3.g breeding lines representing 64% of the F2.3 families. This intensity
of selection is relatively high (Rutkoski 2019). The 16 breeding lines represent nine of the original
crosses combining eight parents. The core breeding population has a high level of genetic diversity
(supplementary files 1-5) and has the potential for at least one commercial release as well as

continuing additional breeding cycles to combine complementary traits.

Trait performance and GEI

Disease resistance. FHB can be caused by several species of the Fusarium and Microdochium
genera, but is dominated by Fusarium graminearum Schwabe, teleomorph: Gibberella zeae in the
U.S. Upper Midwest. It is one of the most damaging diseases in wheat because it has a direct effect
on grain yield, and because grain contaminated with deoxynivalenol (DON) is a health hazard for
people and animals (Su et al. 2019). Therefore, grain with high levels of DON cannot be sold to
food markets and needs to be sold with a discounted price (Su et al. 2019). The development of
FHB is favored by wet weather during flowering, which often occurs in the U.S. Upper Midwest
and Eastern U.S. We had a strong selection for FHB using inoculated nurseries early in our
breeding cycle and natural infection later. The commercial check Warthog did not meet food grade

levels during our first year of baking trials and could therefore not be used for baking. Some of
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our selected breeding lines were able to meet food safety parameters consistently. Our work in
collaboration with multi-year national efforts to breed cereal grain varieties with higher tolerance
to FHB including the U.S. wheat and barley scab initiative will be of great benefit to both organic

and conventional breeding programs (USWBSI 2019).

Agronomics and grain yield. Although GEI was relevant in our study, over 50% of the total genetic
variance was due to genotypic main effect for grain yield and protein content. The remaining GEI
did not represent repeatable GEI effects such as genotype by location or management practices
and is therefore more difficult to predict. The strong effect of the genotype by location and
genotype by location by year for grain yield is commonly found in other species (Gutierrez et al.,
2015; Monteverde et al., 2018; Monteverde et al., 2019; Gonzalez-Barrios et al. 2019; Bhatta et
al., 2020; Neyhart et al., 2021a,b) and is concordant with wheat results (Lado et al., 2016; Kucek
et al. 2019), with the difference that mega-environments do not show repeatable sources of GEI in
our study (supplementary file 6). Our study included two locations evaluated during five years,
with only a third location incorporated during the last year. A small genotype by location variance
could be the result of fewer locations being tested but could also mean that organic management
systems in the U.S. Upper Midwest may represent a coherent target population of environments,

within one mega-environment, with existing GEI due largely to unrepeatable causes.

Organic farmers identified weed competitive ability as a trait of interest (Kucek, 2017), likely due
to limited weed control methods in organic systems. Genotypes with good weed competitive
ability often have higher plant biomass and moderate to tall plant height (Kissing Kucek et al. (in
press)). We found that the breeding lines that advanced to the later stages of evaluation are tall or
have intermediate to high plant height. Although we did not evaluate weed competitive ability

directly in our study, we believe that weed competitive ability might be an underlying reason for
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the superior performance of taller genotypes in our program. In some cases, tall plants might
exhibit higher lodging incidence, however, our tall breeding lines exhibited a low incidence of

lodging that might have contributed to their advantage.

Baking quality. Protein content is one of the most frequently used proxy traits for baking quality
even though it does not fully explain baking quality properties (Borghi 1999; Gabriel et al. 2017).
Baking quality is measured as the volume of bread by unit of flour. The relationship between
baking quality and protein is not linear as quality increases with protein until 12%, and it might
decrease with higher values of protein (Timms et al. 1981; Gabriel et al. 2017). This relationship
is dependent on the baking method (Feergestad et al. 2000; Tronsmo et al. 2003). Therefore, protein
content standards developed for industrial baking (Fergestad et al. 2000; Tronsmo et al. 2003)
might be completely disconnected from requirements for artisanal baking where longer
fermentation methods might be used (Ross 2018). The ratios between protein components are as
important for baking quality as the total amount of protein (He et al. 2005). The protein quality is
often more strongly related to genotype than overall protein content. For example, in French seed
markets, varieties obtain an overall quality rating when released, which is independent of their
protein content in any particular year. Breeding for stable protein levels and evaluating breeding
lines for baking quality directly can result in better recommendations for farmers about which

varieties have consistently good quality.

There is a long tradition of grain quality standards for bread wheat quality under conventional
production that meet the standards of industrial milling and baking (Hills 2012; Sanchez-Garcia et
al. 2015). However, artisanal baking quality is a more elusive trait to evaluate as no standards have
been developed. For example, protein content and protein quality are still relevant traits for baking

quality in artisanal baking (Hills 2012; Kucek et al. 2017), but quality parameters for artisan baked
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whole grain bread are not the same as for industrial bread baking that is based on ultra-refined
flour (Ross 2018). Due to the longer sourdough fermentation and typically less intensive mixing
process used by artisanal bakers, genotypes that do not meet the 12.5% of protein content required
by industrial milling may still perform well in artisanal processes. This suggests that it may be
possible to develop varieties of winter wheat that perform well in artisanal baking at lower protein
concentrations if they have good protein quality. Different levels of product development input
will be needed to develop standards for artisanal bread products, including baker and consumer
testing. Although more challenging to implement, these evaluations will facilitate the
incorporation of a broader set of users in the decision making process of end products for variety
development (Dawson et al. 2011). High grain quality and flavor for artisanal baking are especially

important traits in organic agriculture (Hills et al. 2013).

A strong genotypic main effect for protein content was observed in our study and has also been
observed in other studies (Williams et al. 2008). High levels of diversity are still present for protein
content among our breeding lines. This result was surprising because strong selection intensity for
protein content in early generations was applied, and although no further direct selection for
protein content was done at later stages of selection, it is still possible that indirect had an effect in
our population in later generations given that genetic correlation between protein content and other
traits such as grain yield (Kramer 1979; Marinciu 2009; Montesinos-Lopez et al. 2016), and

positively correlated to plant height (Montesinos-Lopez et al. 2016).

Some of our breeding lines showed a higher level of stability for protein content through Wricke’s
ecovalence stability coefficient (i.e 54.08 W=0.13, 138.04 W=0.13, 260.06 W=0.2) than others
(i.e. 11.03 W=1.92, 7.02 W= 1.95). Furthermore, there is no apparent correlation between the

protein content and the stability for protein content of the breeding lines, so these might be able to
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be improved independently. Based on the artisanal baking tests, even though breeding lines were
tested at lower than typical protein contents for industrial processes, they performed well compared
to commercial checks. Farmers in the U.S. Upper Midwest frequently use the check variety
Warthog because it typically has more consistent quality and performance than other commercially
available varieties (participating farmers, pers. com.), yet it was one of the most volatile lines in

our study for protein content.

Our results show a high level of environmental influence on falling number and large differences
among genotypes. Falling number is a complex trait that depends on several factors and has a
strong environmental influence (Johansson 2002; Kucek et al. 2017; Sjoberg et al. 2020). Sjoberg
et al. (2020) report that genotypes with higher values of falling number tend to be more stable than
genotypes with low levels of falling number. However, Warthog had the highest falling number
(382 s) in our trial and was also the least stable genotype for falling number with the highest
Wricke’s ecovalence stability coefficient (W=1.24), indicating that the response of this check is
more volatile to changes in the environment than the breeding lines. On the other hand,
experimental lines had medium levels of falling number with a high Wricke’s ecovalance stability
coefficient (i.e. 202.07, FN= 334, W=0.08). Falling number was evaluated in six environments
including two locations and three years. To have a better evaluation of the relationship between

falling number mean values and the stability, a larger dataset would be required.

Two thirds of the genetic variation associated with ash content was explained by the genotype by
year interaction, while the remaining third was explained by genotypic effects. These high levels
of GEI are similar to results reported in other studies (Morris et al. 2009; Ficco et al. 2020). Even
though one third of the genetic variation is associated to genotypic main effects, a very small range

of values was observed in our study. Based on the Wricke’s ecovalence stability coefficient,



63

different genotypes are the most stable for falling number compared to grain yield. There are orders
of magnitude for differences among genotypes for the Wricke’s ecovalence stability coefficient
and the breeding lines had low values (i.e. 272.08, W=0.24) while Arapahoe had values twenty
times higher (W=4.33). Grain size was correlated with ash content in some studies, including a
durum wheat study (Ficco et al. 2020). This would be expected because the ash measures the bran-
endosperm ratio. As an incidental observation, breeding lines with the lowest ash content seem to
have plumper grain (i.e. //.03), unfortunately, we did not measure size and shape of the grain in

this study.

On-farm trials

We found crossover GEI between on-farm and on-station performance for grain yield. This
difference in performance between research stations and on-farm trials has been documented in
the literature (Simmonds 1980, 1991), and given the prevalence of genotype by location
interactions in multi-environment trials, this is not remarkable (Annicchiarico 2002a;
Annicchiarico et al. 2006). On the other hand, the variation among on-station trials was higher
than the differences between farms/years and research stations. This observed variation can be
associated with uncontrolled factors that are not related to the commercial or research objective of
the land management. However, given that our breeding lines are more stable overall than
commercial checks, some of our high yielding breeding lines such as 260.06 and 47.04 could have
consistently good agronomic performance, without a yield penalty, and with high baking quality.
Another important consideration in the interpretation of the on-farm results is that they are based
on two-years of data in two locations, and given that genotype by year and genotype by year by
location interactions were substantial in our study, and are commonly reported as relevant in other

studies (Kucek et al. 2019), caution should be exercised with the interpretation of these results.
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Baking test

Our baking tests represent an exploratory approach to incorporate bakers in the process of choosing
promising lines. Because of the large amount of grain needed for a baking trial and the small
number of lines that can be tested at once, we were not able to test all lines in both years. The
baking tests are time intensive and logistically difficult but worth the effort to obtain feedback
from professional bakers prior to release of varieties specifically targeted at that market. The
results from the baking trials, even though preliminary, are promising, and we will continue to test
these lines prior to release. The results in the baking trials do not necessarily match the laboratory
baking quality evaluations (supplementary file 5) and reports in the literature (Timms et al. 1981;
Fergestad et al. 2000; Tronsmo et al. 2003; Sanchez-Garcia et al. 2015; Gabriel et al. 2017).
Further work should identify or develop better laboratory tests that will allow selection of lines in
early stages and strategic use of baking tests in the final stages on the process. The development
of these laboratory resources for conventional programs aided selection for quality traits needed
by industrial bakers. Reliable tests for artisanal baking quality that can be conducted with small

grain samples will help in selection for the quality parameters needed by this market.

Breeding for grain yield stability

All breeding lines and the checks showed a dynamic stability for grain yield with different levels
of performance of the FW linear model. The checks used in our experiments, Warthog and
Arapahoe, were less stable than all of the breeding lines, showing a larger lack of fit of the FW
regression (i.e. smaller R?) and larger values for the Wricke’s ecovalence stability coefficient
indicating a more volatile response to the environment. Furthermore, some of the breeding lines
combine high grain yield performance similar to the checks with more stable performance and a

dynamic response to the environment. This combination of agronomic performance with stability
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is valuable in general, but especially under organic production systems where more diverse
management practices are used (Wolfe et al. 2008; Lammerts van Bueren et al. 2011). A possible
explanation for the high stability and performance could be the level of remnant genetic diversity
present in some of these lines. The breeding lines were bulked at the F4 level, where many loci are
still segregating, maintaining some level of genetic diversity within the lines. In winter wheat
populations with very high levels of genetic diversity (mixtures or composite crosses), a higher
level of phenotypic plasticity has been reported (Weedon and Finckh 2019). The advantages of
retaining more genetic diversity in breeding populations and farm fields has been extensively
documented in cereals (Allard 1961b; Wolfe and Ceccarelli 2020; Bocci et al. 2020a). While our
breeding lines are not as genetically diverse as the populations studied by those authors, there is
some remaining phenotypic and genetic variability that may contribute to their stability. Another
possible explanation is the highly exposure to multiple locations in early stages of line
development (before reach F6 these lines were planted in 3 different locations). In many
conventional breeding programs later generation lines are advanced to elite trials in multiple

locations.

Our breeding lines have been selected during seven cycles under organic management practices,
while the checks were selected under conventional management. Therefore, our breeding lines
might also be more adapted to the specific environments of organic production. While selection in
the target environment is key to achieving the best response to selection, this principle has not
always been applied for breeding for organic production as this often represents a small market for
conventional breeding programs. As a result, many lines used by organic farmers were developed
under conventional management and then tested in organic systems. Unsurprisingly, studies have

documented better adaptation to organic management when selecting under organic conditions
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(Reid et al. 2009; Bocci et al. 2020a). Because of the interrelated nature of organic, local, and
artisanal grain markets as a growing high-value option for farmers, we have developed a breeding
program focused on this target environment, without a parallel conventional program. While the
program is smaller than many conventional programs, it is focused on regional adaptation to
organic systems and artisanal food end uses, which allows us to prioritize traits that may be unique
to organic systems such as stable production and quality. Stability is important in all systems, but
may be more relevant in organic production systems than in conventional systems (Knapp and van
der Heijden 2018). It is therefore necessary to take stability into consideration to select varieties
that can perform well across the diverse landscape of management systems that goes under the
umbrella of organic production. There are multiple definitions of stability in plant breeding, and
therefore, the interpretation of stability results should be performed carefully. We tried to focus on
both spatial (i.e. location) as well as temporal (i.e. years) stability in our study, and we used both
dynamic and static stability indicators. In this context, static stability refers to genotypes that
perform similar across environmental conditions (Becker and Leon 1988), while dynamic stability
refers to genotypes that maintain a relative performance according to the environmental mean and
therefore respond to changes in environmental conditions (Finlay and Wilkinson 1963a). Dynamic
stability is usually sought for traits such as grain yield while static stability is usually desirable for
quality traits (Becker and Leon 1988), where a predictable and consistent product is advantageous

for the industry and to sustain long-term profitability of regional grain systems.

Conclusions

The results presented here show that a small-scale breeding program with a distinct focus can
produce relevant lines for an important emerging market. We have used the results of these trials

to continue the process of crossing and selection to build a breeding pipeline that can continue to
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deliver improved germplasm for farmers in the U.S. Upper Midwest. While our lines have similar
average performance to existing checks, the average performance does not capture the critical
aspect of stability for farmers and bakers in regional grain systems. By choosing parents based on
both high artisanal breadmaking quality and reliable performance in organic trials we have been
able to select for improved stability of performance and quality. The fact that we can select more
stable lines than existing commercial checks for both production and quality traits at the beginning
phases of a breeding program is a promising indicator of the potential to develop high performing,
stable varieties for the U.S. Upper Midwest. These results suggest that stable lines can be
developed using a participatory breeding approach under organic management. Crop improvement
explicitly targeting sustainable agriculture practices for selection with farm to table participatory

perspectives are critical to achieve long term sustainable crop production.
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Annex 1

Supplementary Table 2.1 Best linear unbiased estimates (BLUESs) of grain yield (kg ha™') of hard red winter wheat breeding lines and commercial checks evaluated
in eleven environments in three locations (Madison, Danforth and Spooner) and five years (i.e. 2017-2021). Trial mean, standard error (S.E.), Fisher’s least square
differences (LSD) for a=0.05, heritability (H?), and whether a post-blocking row and/or column effect was used to obtain BLUEs is reported.

Madison Spooner Danforth
Genotype 2017 2018 2019 2020 2021 5-yr 2021 2017 2018 2019 2020 2021 5-yr Overall
7.02 2836 1870 4736 4763 6209 3776 1517 1678 1995* 1182 -- 2118 1964 2766
8.06 2399 1859 4368 4875 5497 3612 1521 2056 1838 1244* 1805 1852 1810 2587
9.1 2398 1964 3397 5377* 5761 3610 1504 2166* 1879 1209 1658 2403 2089* 2750
11.03 2453 2076 4358 4842 4832 3376 1389 1662 1858 1208 1552 1961 1807 2518
12.05 3643 2907* 5530* 5597* 6318 3938 1414 1877 1885 1421* 1552 2333 1996 3082*
47.04 2920 2417 4495 5123 6235 3917 1730%* 1960 1961* 1142 2017 2614* 2225*% 2997*
54.08 3041 2348 5053* 4773 5545 3460 1528 1633 1800 1343* 2133 2218 2024 2655
138.04 2306 1103 4824 4460 5744 3285 1514 2056 1734 1062 2217* 2152 2081* 2604
140.05 2195 2725% 3721 4473 5994 3653 1571 1517 1748 -- -- 2261 1940 2689
145.06 2362 1898 3997 5052 5731 3658 1581 1784 1891 1250*  -- 2181 1844 2642
174.01 2117 2650 4364 4991 5216 3715 1287 2380* 1746 1375% 1964 2387 2033 2769
183.05 1833 1610 3493 4741 5359 3497 1724 2265% 2051* 1251* 1784 2216 2101* 2698
199.09 2153 1548 4378 5074 5245 3515 1275 1962 1790 1342* 1784 2751* 2130* 2750
202.07 2626 1759 4561 5223 5176 3652 1443 1863 1898 1233 2281* 2647* 2219* 2836*
212.08 3793 1808 4460 5054 4555 3429 1591 2008 1747 1463* 1795 2781* 2001 2639
260.06 2922 2185 4515 5059 5920 3762 1830*  2165*% 2140* 1195 1795 2406 2093* 2863*

Arapahoe 4119 3408* 4867 4871 6699 4159* 1328 2191* 1991* 1276* 2502* 2850* 2355* 3206*
Warthog 3557 3028* 4221 4865 7443 4387* 1775* 1430 2124* 1256* 2238* 2773* 2193* 3234
Trial mean 2293 2155 4357 5001 5748 3719 1529 1793 1886 1255 1958 2383 2050 2793
Trial S.E. 355 80.0 524 708 44.0 182 14.0 355 243 31.6 450 233 133 12.5

LSD 363.5 7339 453.6 5304 439.6 426.0 100.4  224.1 2252 236.7 331.4 280.0 302.0 4104
Row Yes  Yes No No Yes  Yes Yes No No No No Yes No No
Col No No Yes No No Yes No No No No No Yes No No
H? 0.73 0.65 0.84 044 094 0.76 0.86 092 075 037 085 081 0.53 0.80

Genotypes that are not significantly different (0=0.05) from the highest yielding genotype in the trial are marked with a star. Danforth 5-year mean, and overall
mean did not show significant differences among genotypes for grain yield.
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Supplementary Table 2.2. Best linear unbiased estimates (BLUEs) of test weight (g 500 mI") of hard red winter wheat breeding lines and commercial checks
evaluated in seven environments in two locations (Madison and Danforth) and four years (i.e. 2018-2021). Trial mean, standard error (S.E.), heritability (H?),
Fisher’s least square differences (LSD) for a=0.05, and whether a post-blocking row and/or column effect was used to obtain BLUE:s is reported.

Madison Danforth
Genotype 2018 2019 2020 2021  4-yr 2018 2019 2021  3-yr  Overall
7.02 330 367 384 380 368 363 344 373 361 364
8.06 332 369 391 364 368 374* 368* 386* 376* 371%
9.1 314 372 375 357 356 368 358 380 368 359
11.03 336 372 385 374 368 381* 367* 383 377* 369*
12.05 342* 366 387 374 370 361 352 388* 367 369*
47.04 334 362 388 377 369 372 358 378 369 368
54.08 338 364 388 380 368 365 347 379 362 366
138.04 310 355 374 371 357 368 359 369 366 358
140.05 348*  377* 382 382 376%* 380* 367* 382 376%* 374%*
145.06 331 379* 384 380 370 366 363 368 365 365
174.01 351* 384* 398* 385*% 379%* 375*% 366* 386* 375%* 376*
183.05 327 357 380 375 360 369 356 366 364 358
199.09 327 381 388 381 372%* 362 362 376 365 368
202.07 341*  373* 380 374 368 367 359 372 366 365
212.08 347*% 379* 387 376  374%* 365 360 369 366 368
260.06 332 357 387 371 368 377 359 378 372 367

Arapahoe  352* 371 387 386* 376%* 356 351 373 360 368
Warthog 355* 371 381 388* 377* 354 347 383 370 372%
Trial mean 340 368 384 376 369 368 357 377 368 367

Trial S.E. 1.4 09 0.5 0.4 0.4 0.7 04 0.2 0.2 0.3
Trial LSD 13.9 8.2 4.4 3.7 7.5 7.3 35 2.4 3.8 7.4
Row Yes Yes No No Yes No No Yes No No
Col Yes Yes Yes Yes Yes No No Yes No No
H?2 062 081 097 091 0.70 072 094 099 0.89 0.87

Genotypes that are not significantly different (a=0.05) from the highest test weight genotype in the trial are marked with a star.
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Supplementary Table 2.3. Best linear unbiased estimates (BLUEs) of plant height (cm) and heading date (in Julian days) of hard red winter wheat breeding lines
and commercial checks evaluated in multiple environments in three locations (Madison, Spooner, and Danforth) and five years (2017-2021). Trial mean, standard
error (S.E.), heritability (H?), Fisher’s least square differences (LSD) for 0=0.05, and whether a post-blocking row and/or column effect was used to obtain BLUEs
is reported.

Plant height (cm) Heading date (day)

Wisconsin Spooner I1linois Wisconsin Spooner
Genotype 2017 2018 2019 2020 2021 5-yr 2021 2018 2019 2021 3-yr 2017 2018 2019 2020 2021 5-yr 2021
7.02 99 87 118 101 116 106 90 81 118 95 93 154 157 158 155 145 153 157
8.06 114 105 136 115 123 122 95 0 136 114 104* 154 160 158 159* 147 156 158
9.1 108 111 127 112 121 117 90 94 127 116 105* 154 158 151 159* 148 154 158
11.03 126% 128 144 130 123 131* 98 100 144 111 104* 158 162* 151 162 153 157 159
12.05 114 97 113 101 117 108 88 8 113 104 95 150 153 157 156 144 151 155
47.04 110 102 112 99 100 103 78 83 112 96 89 154 158 156 158 145 153 158
54.08 99 9% 115 110 117 108 102* 81 136 119* 100 152 156 158 158 145 154 155
138.04 110 101 114 102 114 109 87 82 114 103 92 160* 163* 151 160* 147 156 159*
140.05 97 103 126 102 123* 111 90 8 126 107 95 153 157 158 158 147 155 157
145.06 116 115 125 95 119*% 117 90 90 125 108 99 157 155 162 158 148 156 158
174.01 117 108 126 110 117 117 93 95 126 113 104* 147 160 156 156 145 151 154
183.05 105 109 130 105 111 111 85 85 130 100 94 156 158 151 160* 154* 157 159*
199.09 108 104 126 110 112 112 88 91 126 108 99 157 156 154 159 148 154 157
202.07 118 112 134 114 116 119 87 94 134 110 102* 157 162* 162* 160* 153 158* 159
212.08 123* 114 128 103 111 114 92 91 128 109 101 153 161 162* 158 147 156 157
260.06 110 110 129 107 119* 116 90 92 129 108 98 157 160 151 159* 152 156 158
Arapahoe 104 110 112 108 104 110 77 77 112 98 88 147 154 158 156 146 152 155
Warthog 100 98 116 96 106 104 88 81 116 92 87 157 156 160 158 145 153 157
Trial mean 109 106 124 107 115 113 89 89 123 106 97 154 157 156 158 148 155 157
Trial SE. 049 12 06 15 06 02 0.4 0.6 1 03 02 1 02 04 03 0.1 0.04 0.1
Trial LSD 485 114 53 116 59 55 3 53 85 31 43 08 14 35 26 09 1.0 0.5
H? 0.85 0.84 096 0.87 0.85 0.87 0.87 0.87 0.79 0.97 0.93 0.99 0.95 0.99 0.84 0.96 0.47 0.94
Row No Yes No No Yes Yes No No No No No No Yes No No No Yes No
Col No No No Yes Yes Yes No No No No No No No No Yes No Yes No

Genotypes that are not significantly different (a=0.05) from the highest plat height or earliest plant height genotype in the trial are marked with a star.
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Supplementary Table 2.4. Best linear unbiased estimates (BLUEs) of ash content (%) and falling number (in seconds) of hard red winter wheat breeding lines
and commercial checks evaluated in multiple environments in two locations (Danforth and Madison) and three years (2019-2021). Trial mean, standard error (S.E.),
heritability (H?), Fisher’s least square differences (LSD) for a=0.05, and whether a post-blocking row and/or column effect was used to obtain BLUEs is reported.

Ash (%) Falling Number (§)
Danforth Madison Danforth Madison

not 202 20211 2-vr 2020 2021 2-vr Overall 2019 2020 2021 3-vr 2019 2020 2021 3-vr  Overall
7.02 - 1.7* 1.7 1.7 1.7 1.7 1.7 361 - 225 312 369 354 281 334 322
8.06 1.8 1.6* 1.7 1.6* 1.7 1.6 1.7 351 346 271 322 370 362 315 348 335
9.1 1.7 1.6* 1.7 1.7 1.9% 1.8 1.7 363 316 201 294 364 328 312 341 317
11.03 1.6* 1.6* 1.6 1.7 1.7 1.7 1.6 363 374 247 328 399 358  322*% 365 346
12.05 1.7 1.7% 1.7 1.7 1.6 1.7 1.7 311 359 285 318 356 381 305 348 333
47.04 1.8 1.7% 1.7 1.7 1.8* 1.7 1.7 376* 365 202 313 365 332 275 323 323
54.08 1.8 1.6* 1.7 1.8 1.7 1.7 1.7 332 357 214 301 352 335 242 305 303
138.04 1.8 1.9 1.8 1.9 1.8* 1.9% 1.8 - 369 273 351% 360 359 304 342 342
140.05 1.8 1.9 1.9% 2.0 1.8* 1.9% 1.9% 400* 365 289 351% 350 379* 307 338 345
145.06 - 1.7% 1.7 1.8 1.8* 1.8 1.8 390%* - 275 350% 485* 319 310 359 361%
174.01 1.6* 1.7% 1.6 1.7 1.7 1.7 1.7 403* 389 276 356 396 377* 299 356 356
183.05 1.7 1.9 1.8 2.0 1.9% 1.9% 1.9% 334 349 318 334 397 337 335 377 344
199.09 1.7 1.8 1.7 1.7 1.8* 1.7 1.7 364 373 206 314 495 335 301 438* 346
202.07 1.7 1.8 1.7 1.7 1.7 1.7 1.7 360 363 254 326 370 347 311 343 334
212.08 1.8 1.8 1.8 1.8 1.7 1.8 1.8 378* 375 199 317 396 354 267 337 328
260.06 1.8 1.8 1.8 1.8 1.9% 1.8 1.8 354 334 302 331 340 350 297 331 332
Arapahoe 1.7 1.9 1.8 1.8 1.6 1.8 1.8 362 364 164 295 461 337 335 377 336
Warthog 2.0 1.9 1.9% 1.9 1.8* 1.9*% 1.9% 364 382 383* 368** 491* 390* 324* 401 382*
Trial mean 1. 1.8 1.8 1.8 1.7 1.8 1.8 363 361 255 327 395 352 302 354 338
Trial S.E. 0.004 0.0 0.006 0.0 0.008 0.007 0.005 33 1.6 2.2 1.7 1.9 1.7 2.7 1.7 1.8
LSD 0.039 0.050 0.100 0.050 0.052 0.056 0.050 29.1 142 17.0 20.0 19.0 16.8 18.2 20.0 21.0
Row No Yes No No No No No No No No No No No No No No
Col No No No Yes Yes No No No No No No No No No No No
H? 0.94 0.91 0.70 0.87 0.82 0.71 0.87 047 0.85 0.96 0.16 094 093 083 047 0.57

Genotypes that are not significantly different (a=0.05) from the highest ash content or falling number value genotype in the trial are marked with a star.

08
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Supplementary Table 2.5. Best linear unbiased estimates (BLUESs) of protein content (%) of hard red winter wheat
breeding lines and commercial checks evaluated in multiple environments in two locations (Danforth and Madison)
and three years (i.e. 2019-2021). Trial mean, standard error (S.E.), heritability (H?), Fisher’s least square differences
(LSD) for a=0.05, and whether a post-blocking row and/or column effect was used to obtain BLUEs is reported.

Danforth Madison
Genotype 2019 2020 2021  3-yr 2019 2020 2021  3-yr _ Overall
7.02 9.6 - 9.8 9.4 11.9 10.5 12.2 11.5 10.4
8.06 9.5 8.9 10.6 9.8 12.8 10.8 13.2 12.0 11.0
9.1 10.2 8.8 9.7 9.4 12.4 10.7 12.6 12.0 10.7
11.03 9.3 9.1 10.1 9.8 14.0 12.2*  13.1 13.0* 11.4
12.05 9.7 10* 10.6 10.0 12.3 11.5 12.5 12.0 11.0
47.04 9.2 8.7 10.0 9.5 12.1 10.4 11.6 11.2 10.4
54.08 9.3 9.0 10.1 9.4 12.4 11.0 12.3 11.9 10.7
138.04 9.1 9.1 10 9.4 12.7 10.9 12.5 11.9 10.7
140.05 10.7¢*  99* 11.0* 10.5% 14.8* 12.3* 126 13.3* 11.9*
145.06 9.0 - 9.6 9.8 11.9 10.4 12.4 11.7 10.7
174.01 9.5 9.3 10.5 9.6 12.2 10.7 12.3 11.7 10.7
183.05 8.8 8.8 9.7 9.2 12.4 10.7 12.8* 12.0 10.6
199.09 9.0 8.6 9.8 9.0 13.4 10.7 12.8 12.3 10.6
202.07 8.5 8.7 9.0 8.8 11.7 10.0 11.8 11.1 10.0
212.08 9.2 8.9 10.1 9.5 12.9 11.2 13.3 12.5 11.0
260.06 8.9 8.7 9.3 8.9 11.7 10.3 12.0 11.4 10.1
Arapahoe 8.6 8.9 109* 9.5 12.1 10.0 10.9 11.4 10.5
Warthog 9.0 8.8 9.5 8.9 12.5 10.0 11.3 11.2 10.1
Trial mean 9.3 9.0 10.0 9.5 12.6 10.8 12.3 11.9 10.7
Trial S.E. 0.0004 0.02 0.03 0.0 0.0003 0.02 0.08 0.02 0.02
LSD 0.0034 0.17 0.24 0.4 0.0032 022 052 0.39 0.38
Row No No No No No No No No No
Col No No No No Yes Yes Yes No No
H?2 0.76 096 0.93 0.78 0.94 096 0.86 0.90 0.86

Genotypes that are not significantly different (¢=0.05) from the highest protein content genotype in the trial are marked

with a star.
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Supplementary Figure 2.1. GGE biplot representation of 16 hard red winter wheat genotypes evaluated in multi-
environment trials for grain yield (kg ha') for Danforth (2017-2021), Madison (2017-2021), and Spooner (2021).
Wining genotypes on each mega environment are shown in bold, environments are represented in black, and genotypes
in blue.

AXIS2 21.54 %

1 0 1 2
AXIS133.52 %
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Supplementary Table 2.6. DON content (ppm) performance of hard red winter wheat breeding lines and commercial
check (i.e. Warthog) evaluated in multiple in two on-farm locations in 2020 (i.e. Illinois and Wisconsin) and 2021 (i.e.
Wisconsin).

Ridgeway, WI Freeville, NY

Genotype 2020 2021 2020
212.08 - <0.3 -
140.05 1.2 1.1 -
174.01 0.6 - 0.8
202.07 - <0.3 -

47.04 0.6 0.6 0.5
260.06 0.6 0.4 0.7

Warthog 0.7 1.3 0.8
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Summary

The rankings of genotypic performance may change from one environment to the next creating
what is known as genotype by environment interaction (GEI). Genomic prediction is not exempt
from the impact of GEI, and therefore, the identification of superior genotypes becomes non-
trivial. We compared strategies for predicting the performance of individuals in the presence of
GEI. Our results provide useful tools for the optimization of training populations and testing

environments for the prediction of individuals in the targeted populations of environments.
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Abstract

Context. Long-term multi environment trials (METs) could improve genomic prediction models
for plant breeding programs by better representing the target population of environments (TPE).
However, METs are generally highly unbalanced as genotypes are routinely dropped from trials
after a few years. Furthermore, in the presence of genotype by environment interaction (GEI), the
selection of the environments to include in a prediction set becomes critical to represent specific
TPEs.

Aims. The goal of this study was to compare strategies for modeling GEI in genomic prediction
using large METs from oat breeding programs in the Midwest United States and to develop a
variety decision tool for farmers and plant breeders.

Methods. The performance of genotypes in TPEs was predicted using different strategies for
handling GEI in genomic prediction models including systematic and/or random GEI components.
These strategies were also used to build the variety-decision tool for farmers.

Results. Genomic prediction for unknown genotypes, locations, and years within TPEs had
moderate to high predictive ability, accuracy, and reliability. Modeling GEI was beneficial in small
but not in large mega-environments. The latest three years were highly predictive of performance
in an upcoming year for most years but not for years with unusual weather patterns.
Implications. We have shown the performance of a simple modeling strategy for handling
prediction for TPEs deploying large historical datasets.

Key results. High predictive ability, accuracy, and reliability were obtained when large datasets
were used in TPEs.

Conclusions. Deploying historical datasets can be accomplished through meaningful delineation

and prediction for TPEs.
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Keywords: genomic prediction, genomic selection, genotype by environment interaction (GEI),
multi-environment trials (METs), genotypic performance, genomic best linear unbiased

predictions (GBLUP), unbalanced dataset, targeted populations of environments (TPE).
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Introduction

The phenotype of an individual plant is determined by its genotype, the environment, and its
genotype by environment interaction (GEI; van Eeuwijk 2006). Multi-environment trials (METSs)
are therefore routinely conducted in plant breeding to capture GEI (Smith et al. 2001; Piepho et
al. 2008) and to estimate (or predict) genotypic performance. Furthermore, plant breeders aim to
produce varieties that are best suited for their specific target population of environments (TPE).
i.e., any set of fields and future seasons in which the varieties may grow (Atlin et al. 2011).
Therefore, TPE and genotypic characterization in those environments are critical for performance
evaluation and prediction (Yan 2015). The traditional approach to characterize GEI uses a
simplification by grouping locations with similar rankings of genotypes, reducing the variability
within a group (i.e. no ranking crossover GEI; Yan et al. 2007, Crossa and Cornelius 1997;
Burgueio et al. 2008). The subdivision of environments based on GEI is often referred to as mega-
environments (ME, Braun 1997; Gauch and Zobel 1997; Yan 2015). The ME is useful in guiding
decision-making for TPE, helping on the management of breeding goals and environments by

leveraging relevant information to improve the prediction of the performance of genotypes.

Different strategies have been used to characterize the GEI in general, including mixed
models (Piepho 2000; Verbyla ef al. 2003; Malosetti et al. 2004; van Eeuwijk et al. 2005; Boer et
al. 2007; Mathews et al. 2008; Lado et al. 2016) and the use of environmental covariates in
factorial and partial least squares regression (Vargas et al. 1999; Rebollo et al., 2023). Mixed
models can also deal with the unbalanced structure of most METs where new genotypes are added
every year and only the highest performing genotypes, relevant varieties, and long-term checks are
retained (Dawson et al. 2013). With the widespread availability of genomic data, genomic

prediction models (Meuwissen et al. 2001) have become an important tool for predicting the
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genomic estimated breeding values or genotypic values of individuals for economically relevant
traits. It is only natural then that mixed models were extended to account for GEI in genomic
prediction by modeling a variance-covariance matrix between environments based on the
genotypic correlation among environments (Piepho 1998; Burguefio et al. 2012; Malosetti et al.
2016; Lado et al. 2016; Bhatta et al., 2020) or based on environmental covariates (Jarquin et al.
2014). Some of these modeling approaches include the use of mixed models such as genomic best-
linear unbiased prediction, or GBLUP (Bernardo 1996). In this strategy, a set of genotypes with
genomic and phenotypic information is used to train a model that can predict un-phenotyped
individuals by borrowing information from relatives through a genomic-estimated relationship
matrix (Meuwissen et al., 2001; Heftner et al. 2009). However, a model is only as good as the data
used to generate it, and multiple years and locations within a TPE are required to obtain accurate

predictions.

Several studies have tapped into the large historical MET datasets available for many crops
(Dawson et al. 2013; Lado et al. 2016; Ward et al. 2019; Bhatta et al. 2020), however, a clear
strategy for predicting a specific TPE, locations, and year to year variation remains largely needed.
The goal of this study was to compare strategies for modeling GEI in genomic prediction using
large historical MET data from oat breeding programs in the Midwest of the United States.
Specifically, our goals were to evaluate strategies for predicting the performance of genotypes in
TPEs; evaluate the predictive ability for random GEI such as genotype by year interactions; and
develop the concept for a variety decision tool that farmers and plant breeders can use to aid in the

selection of candidate genotypes for their area.
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Materials and Methods

Plant material, multi-environment trial data, and genomic information

This study used grain yield from MET historical data of 5,220 oat genotypes that were grown from
1997 to 2021 in 59 locations (Table 1) across 9 states (Illinois, Indiana, lowa, Michigan,
Minnesota, New York, North Dakota, South Dakota, and Wisconsin) in the United States (Figure
1, Figure S1, Table S1). This dataset was compiled from different types of plant breeding trials
including preliminary yield trials (PYT, F7) or stage 1, advanced yield trials (AYT, F8) or stage
2, elite yield trials (EYT, F9+) or stage 3, early maturity trials (ET), late maturity trials (LT),
several collaborative nurseries including the uniform early oat performance nursery (UEOPN),
uniform mid-season oat performance nursery (UMPON), Midwest collaborative nursery (MCON),
and a few large experiments including the mega-environmental design (MED), and Metabolomics
(META) studies. Genotypes were evaluated either on partially replicated or augmented
experimental designs (MCON and META), or with different number of replications in alpha-
latices (AYT, PYT, MED), or randomized complete block design (EYT, ET, LT, UEOPN, and
UMOPN), depending on the experiment type (available at T3/Oat database,
https://oat.triticeaetoolbox.org). This dataset, typical of plant breeding evaluations, is highly

unbalanced as not all genotypes were evaluated across all combinations of locations and years.

This study also used the genotypic data from the "GBS POGI" genotype protocol (available at
https://oat.triticeaetoolbox.org/breeders_toolbox/protocol/8) from T3/Oat database (available at
https://oat.triticeaetoolbox.org) that had 1,189 genotypes with genotyping-by-sequencing derived
SNPs that after filtering for a minor allele frequency >0.05 and missing data <20% contained 3,034

high quality SNPs.
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Phenotypic data analyses for GGE biplot and ME delineation

Given the high level of sparsity in the dataset and the fact that proper two-step models tend to
perform similar to single-step models but are less computationally intensive and do not have as
many convergence problems (Piepho ef al. 2012), a two-step approach was used for obtaining best
linear unbiased estimates (BLUESs) of grain yield for each genotype at each location for GEI
characterization. In the first step, genotypic BLUEs for grain yield were obtained after controlling
for multiple experiments within a location-year combination using linear mixed models with
experiment within location-year combination modeled as random effects. In the second step,
genotypic BLUEs for grain yield in each location-year combination were modeled using the
following linear mixed model in the asreml-r (Butler et al. 2021) package of the R statistical

software (R Development Core Team, 2020):

Yij =M+ gitet+gejt & [1]

yij are the genotypic BLUESs for grain yield of the i genotype in the j' environment (i.e. location-
year combination), u is the overall mean or intercept, g; is the effect of the ith genotype, e; is the
effect of the jth environment, ge;; is the effect of the interaction of the ith genotype evaluated in
the jth environment with ge ~ N(0, X), and ¢;; is the residual error with € ~ N(0, R). Where X is
the variance-covariance matrix of the genotype by environment interaction, with X(gxejx[gxe]) =
L®Xp where Xg(gxg) 18 the realized additive relationship matrix estimated with the molecular
markers using the VanRaden et al. (2008) method in the package A GHmatrix (Amadeu et al. 2016)
in R statistical software (R Development Core Team, 2020), and Zg e, is the genotypic variance—
covariance matrix among environments modeled as a factor analytic of order 1 (FA1). Where
R((gxelx[gxe]) 18 the variance-covariance matrix of residuals and was modeled as a diagonal matrix

with the reciprocals of the standard error of the BLUEs estimates for each genotype in each
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environment to account for the heterogeneity in the precision of means estimates in the two-step
model following Piepho et al. (2012). However, not all genotypes were used in this second step
because of the high level of sparsity. Therefore, a subset of 2,000 genotypes that had been
evaluated in at least four environments were included in the second step. This ended up accounting
for approximately 82% of all data information. Of these, 401 genotypes had phenotypic and
genotypic information. Variance components were estimated from a modification of model [1]
where genotype by environment was modeled fully by genotype by location by year interaction

(see Table S2 for a full description of the model).

Mega-environments were then delineated using GGE biplot analysis from the grain yield
BLUEs for each location using the GGEplot (Dumble 2022) in the R statistical software (R
Development Core Team, 2020). Basically, a singular value decomposition of the genotypic main
effect and GEI matrix was conducted (Yan ef al. 2000; Yan and Tinker 2006) and then it was
graphically represented in a biplot (Gabriel 1971; Yan and Tinker 2006). A GGE2 biplot was used
for this representation. Winning genotypes were then used to delineate MEs from the GGE2 model
(Yan and Tinker 2006). For this analysis a modification of model [1] was used (see Table S2 for

details).
Genomic prediction models

Genomic predictions were accomplished using small modifications from the general GBLUP
model described in model [1] with a full description of all the prediction strategies fully described
in Table S2. When no explicit GEI is modeled, the general model was denoted GBLUPy following
the nomenclature of Lado et al. (2016). On the other hand, when genotype by environment

interaction (geij) was modeled with a with gxelx[gxe)) = Zc®Zf With some type of variance-

covariance structure for X, the model was denoted as GBLUPgxe following the Burgueio et al.
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(2012) model and the nomenclature of Lado et al. (2016). The GBLUPGxr assumes known

environments where the variance-covariance relationship matrix can be estimated.

Genomic prediction cross-validation schemes

Several cross-validation schemes were implemented to address different prediction goals and
scenarios. In all the cross-validation scenarios, a portion of the phenotypic dataset is masked, the
remaining data is used to predict their performance, and the predictive ability, or correlation
between the predicted and observed values are estimated. One of the interesting prediction
scenarios is the prediction of the performance of genotypes that have not yet been evaluated in any
environment, Burguefio ef al. (2012) called this strategy a CV1. We used the CV1 strategy with a
10-fold cross-validation scheme. Each iteration of the 10-fold cross-validation consists of 1)
randomly splitting the dataset in 10 subsets, 2) using 9 out of 10 of the subsets to predict the
remaining subset, 3) repeating step 2 multiple times for predicting the remaining 9 subsets, and 4)
estimating the correlation between observed and predicted values for the full set. The CV1 strategy
was used for an overall prediction of the dataset and for predicting the performance in each ME

using 100 iterations.

Another prediction scenario consists of the leave-one-environment-out prediction strategy
that Jarquin ef al. (2017) called CVO. In this case, all the phenotypic data for an environment at a
time is masked and data from the remaining environments is used for the prediction of the new
environment. We evaluated six different scenarios with the CV0 approach. First, within MEs the
GBLUPwm model was used to predict the new or masked location (CVOLocm). With this strategy,
we assume that GEI within MEs is very low and that locations can be properly grouped in MEs
even before new performance data is available. Second, within MEs the GBLUPGxg model was

used to predict the new or masked locations (CVOrociei). This situation assumes that the GEI
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within MEs, although small, is known and can be used to model the variance-covariance structure.
Our next scenarios consisted in the leave-one-year-out strategy within each ME. For these
scenarios, we used the GBLUPM model assuming unknown genotype by year relationships. We
then either predicted each year within a location (CVOyjLoc), or each year within a ME (CVOyumE).
The predictions by location were performed only for the three largest locations in each ME (i.e.,
Minot ND, Wayland NY, and West Lafayette IN for ME1; Crookston MN, Ithaca NY, and Morris
MN for ME2; and Brookings SD, Madison WI, and Urbana IL for ME3; see Table S1). Using only
the largest locations may create an upward bias in predictive ability due to the population size
effect. On the other hand, in the predictions for the whole ME, both genotype by year and genotype
by location will affect the predictive ability. Although year-to-year variability is random and years
cannot be reproduced, an understanding of the stability of the predictions from year-to-year can be
valuable in the decision process of choosing genotypes. Finally, we used overall predictions
(instead of by ME) for the CVOLocm and CVOyme scenarios. All these models and strategies are
fully described in Table S2 and in all cases, predictive ability was evaluated as the correlation

between predicted and observed genotypic values.

A third prediction scenario was the use of different number of previous years to predict the current
year. We use a sliding window approach where we consider periods of three, five, ten, fifteen, and
twenty-year periods to predict the genotypic performance, moving one year at a time in the range
between 1997 to 2021. (i.e. We use 1997, 1998, and 1999 to predict the year 2000). We used a
modification of model [1] to account for the year, location, and interactions. A full description of
this model is presented in Table S2. The predictive ability was evaluated as the correlation between

predicted and observed genotypic values for each year.
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For all the genomic predictions with cross-validations, a subset of 401 oat genotypes out
of the 5,220 with 3,034 high-quality GBS-derived SNP markers (minor allele frequency >0.05 and
missing data <20%) were used. Additionally, predictions for specific MEs were only evaluated for
MEI1-ME3. Because ME4 consists by a single location and therefore no cross-validation schemes

were evaluated for this ME.

Genomic prediction model for variety decision tool

We also predicted the performance of all 1,180 genotypes for which marker information was
available for the variety decision tool. Genotypes had a large range of per se phenotypic
information available in the dataset ranging from no phenotypic evaluation to evaluation in 53
environments. The GBLUPM model was used for this purpose in the asreml-r (Butler et al. 2021)
package of the R statistical software (R Development Core Team, 2020). The prediction error
variance (PEV), accuracy, and reliability were estimated for each genotype following Gezan
(2019). The PEV was estimated as the squared standard error of the genotypic effects (g,) as

follows:
PEV (g, = SE(§,)* [2]

The accuracy (h) was estimated as the correlation between true and predicted (COR(g, §)) effects

as:

h=COR(g, §) = [1-224%0 [3]
g

Finally, the reliability (r) was estimated as the squared accuracy as:

~ PEV(G;
r = COR(g,§)% = 1 - 252 [5]

g
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The variety decision tool has two goals, to serve farmers and to serve oat breeders in the Midwest
US. The identification of superior oat genotypes for each TPE can aid oat breeders in the
identification of release candidates for a specific region or in the identification of parents for future
crosses. On the other hand, by filtering the dataset to genotypes that have been released (i.e.
varieties) and that are available for sale in the Midwest (surveyed in November 2020), the decision
tool can aid farmers in the identification of superior varieties for their local environment.
Therefore, both the top ten genotypes, as well as the top ten varieties were identified for each TPE.
The variety decision tool is hosted in a web server by the Practical Farmers of Iowa at

(https://decide.practicalfarmers.org/).

Results

Phenotypic data summary
This study evaluated 5,220 genotypes for grain yield across 59 locations in 25 years resulting in
665 location-year (environment) combinations. Best linear unbiased estimates for grain yield

2

ranged from 74.9 to 798 g m? with a median of 416 g m™ across locations (Table S1) and

substantial GEI was found (Figure 1).

GEI characterization

Mega-environment delineation using GGE biplot analysis of grain yield BLUEs for each one of
the 59 locations explained 58.7% of the observed phenotypic variation (Figure 1A). Four MEs
were identified based on the winning genotypes on the genotypic polygon (Figure 1A and 1B).
ME3a and ME3b had different winning genotypes but similar overall ranking of the genotypes and
were merged into a single ME3 for further analysis. The percentage of the variance explained by
the genotype by environment interaction was 1.85 times higher than the genotypic variance (Figure

1C and 1D).


https://decide.practicalfarmers.org/
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Figure 3.1. Genotype by environment interaction characterization and mega-environment (ME)
delineation for a historical dataset for grain yield of oat genotypes evaluated in 59 locations in 9
states in the Midwest United States from 1997-2021. a. GGE biplot for grain yield showing
grouping of the 59 locations into four MEs. b. Smoothed map of the four oat MEs for grain yield
obtained with the historical dataset of the 59 locations for oat. c. Variance decomposition of the

phenotypic variation for grain yield. d. Pie chart of the variance decomposition of the phenotypic

variation for grain yield.

50

S
% 45
€=} [}
o E
=)
=% 40°
=)
3
@]
35
. ‘ ‘ ‘ ‘ -100 -90 -80 70
2 -1 0 1 2
Component 1 52.38 % Longitude
c. d.
Variance component % Genotype*Location Genotype*Location*Year
Year 5.0 el Err
Location 38.6 Genotype
Location*Year 46.0 Year
34
Genotype*Year 2.0 ‘Location
Genotype*Location 2.9 f
Genotype*Location* Year 1.4
Error 0.6

Location*Year

Genomic prediction with different cross-validation strategies
The predictive ability for grain yield for un-phenotyped genotypes in the 10-fold CV1 strategy

within MEs ranged from 0.45 (ME1) to 0.65 (ME3) with an overall (all MEs combined) predictive
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ability of 0.57 (Figure 2, Table S3). When using a CVO0 for the leave-one-location-out within ME
with the GBLUPym modeling approach (CVOLocme), the ME2 and ME3 had the highest predictive
ability with an average of 0.55 (range: 0.20 to 0.89 for ME2, and range: 0.16 to 0.82 for ME3,
Figure 2), followed by MEI with an average of 0.28 (range: 0.15 to 0.51). When using the
GBLUPGxe modeling approach on a CVO0 for the leave-one-location-out (CVOrociGer), ME3 had
the highest predictive ability with an average of 0.55 (range: 0.14 to 0.87, Figure 2), followed by
ME2 with an average of 0.47 (range: 0.23 to 0.85) and ME1 with an average of 0.36 (range: 0.19

t0 0.32).

The predictive ability for the CVO for the leave-one-year-out model was 0.29 for MEI
(range: 0.20 to 0.55, Figure 2), 0.29 for ME2 (range: 0.10 to 0.62), and 0.25 for ME3 (range: 0.12
to 0.50) when predicting years within ME (CVOymg, Figure 2). When predicting for locations
within MEs (CVO0y|Loc) we obtained higher predictive values with a wide range of variation 1.e.

0.52 (0.10 to 0.83 for MEI, 0.51 (0.05 to 0.95) for ME2, and 0.53 (0.20 to 0.96 for ME3).
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Figure 3.2. Predictive ability within and across mega-environments (ME) for different cross
validation strategies for an oat dataset consisting of genotypes evaluated in 59 locations in the
Midwest United States over 25 years. The CV1 used a 10-fold cross-validation strategy for
predicting the performance of genotypes that have not been evaluated in any environment within
a ME (ME1-ME3) or overall. The CVOLocm used a leave-one-location-out approach with an
average GBLUP modeling approach (GBLUPwMm) within each ME. The CVO0Loc|Ger used a leave-
one-location-out approach with a GEI GBLUP modeling approach (GBLUPGxr) within each ME.
The CVO0vLoc used a leave-one-year-out approach with a GBLUPy modeling approach within
each location. The CVOyme used a leave-one-year-out approach with a GBLUPyM modeling
approach within each ME. The predictive ability was estimated as the correlation between

predicted and observed values.
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Non-repeatable GEI and years

When using the previous years to predict the next year, predictive abilities for using 3, 5, 10, 15,
and 20 years were similar in most cases. The overall predictive ability using the most recent three
years was highest in 45% of the years and within 20% of the highest predictive ability in 20% of
the years (Figure 3). The three most recent years were highest or within the highest predictive
ability in 75% (65% highest, 10% not-different) of the years for MEI1, 75% (50% highest, 25%
not-different) of the years for ME2, and in 80% (40% highest, 40% not-different) of the years for
ME3. The predictive ability using more than three years tends to be better when the general
predictive ability is low such as in 2005, 2013, and 2021, possibly associated with an unusual

weather or stress year.
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Figure 3.3. Predictive ability using 3, 5, 10, 15, or 20 previous years to predict the current year
across (overall) or within mega-environments (ME1, ME2, or ME3) for an oat dataset where
genotypes were evaluated in 59 locations in the Midwest United States over 25 years. a. Overall

predictions b. predictions for MEI, c. predictions for ME2, d. predictions for ME3.
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Genomic prediction for the variety decision tool

While the accuracy and reliability of released varieties was higher than the advanced breeding
lines or general genotypes, the actual predicted values were lower (Table 1 and Table 2). Neither
of the 10 genotypes differs more than 2% from the top yielding genotype in the overall and ME2
predictions of genotypes (Table 1). While the six or four first genotypes are within the 2% of the
top performing genotypes in ME1 and ME2 respectively. On the other hand, there were six
varieties with less than 2% percent difference from the top performing variety in the overall

predictions, while there were four in ME1, and two in ME2 and ME3 (Table 2).



Table 3.1. List of top ten ranked genotypes from a genomic prediction model for grain yield (g m™) using all available information from an oat
dataset consisting of genotypes evaluated in 59 locations in 9 states of the Midwest United States over 25 years. The genotype name, ranking,
predicted value for grain yield (g m™), predictor error variance (PEV), accuracy (h), and reliability (r) are shown for each genotype. a. Predictions
across all environments or Overall model, b. Predictions for ME1, c¢. Predictions for ME2, d. Predictions for ME3.

. BLUP Accuracy reliability . BLUP Accuracy reliability
a Genotype Ranking (g*m?) P.E.V. (h) (1) b. Genotype Ranking (e*m?) PE.V. (h) (1)
X10627.3 1 531 491 0.69 0.47 SD111922 1 554 178 0.90 0.81
SD150012 2 531 200 0.89 0.78 SD111946 2 553 178 0.90 0.81
SD150081 3 528 263 0.85 0.72 SD111931 3 552 178 0.90 0.81
MN11139 4 526 146 0.92 0.84 SD111939 4 552 176 0.90 0.81
?3 MN11140 5 526 152 0.91 0.84 = SD081108 5 550 172 0.90 0.81
o
& SDI20640 6 525 170 0.90 0.82 = HAYDEN 6 549 175 0.90 0.81
X10679.1 7 524 336 0.80 0.64 SD111753 7 535 245 0.86 0.74
SD150112 8 524 308 0.82 0.67 SD111736 8 534 245 0.86 0.74
MN11231 9 523 165 0.91 0.82 NATTY 9 530 246 0.86 0.74
MNBT1021.1 10 523 156 0.91 0.83 SD081107 10 530 230 0.87 0.75
c. Genotype Ranking (]Z};ILH;) P.E.V. Accallgacy rehazlr))lhty d.  Genotype Ranking (E*Lrlnjlz’) PE.V. Accallgacy rehazlr))lhty
SD081577 1 512 226 0.87 0.76 SD120638 1 488 221 0.87 0.76
SD081563 2 509 225 0.87 0.76 SD120640 2 482 223 0.87 0.76
MNO05119 3 508 224 0.87 0.76 1L10.9867 3 480 228 0.87 0.75
MN11211 4 507 381 0.77 0.59 SD150112 4 478 323 0.81 0.65
o MN10209 5 506 289 0.83 0.69 e SD150012 5 477 247 0.86 0.73
= 0AI12502 6 506 352 0.79 0.62 = SDI150081 6 476 331 0.80 0.64
MNO06108 7 503 442 0.72 0.52 X10627.3 7 474 603 0.59 0.35
MNO07204 8 503 292 0.83 0.69 SD141130 8 474 296 0.83 0.68
X10199.6 9 502 454 0.72 0.51 MN11140 9 474 185 0.89 0.80
SD081949 10 502 243 0.86 0.74 X10679.1 10 474 371 0.78 0.60

€01



Table 3.2. List of top ten ranked commercially available varieties (as of November 2020) from a genomic prediction model for grain yield (g m"
2) using all available information from an oat dataset consisting of genotypes evaluated in 59 locations in 9 states of the Midwest United States
over 25 years. The genotype name, ranking, predicted value for grain yield (g m™), predictor error variance (PEV), accuracy (h), and reliability (r)
are shown for each genotype. a. Predictions across all environments or Overall model, b. Predictions for MEI, c¢. Predictions for ME2, d.

Predictions for ME3.

a. Genotype Ranking (ngnllj_g) PE.V. Acczllllr)acy rehazlr))l lity
DEON 1 488 68 0.96 0.93
CDC MINSTREL 2 486 177 0.90 0.81
ESKER2020 3 483 89 0.95 0.90
AC PINNACLE 4 481 167 0.91 0.82

TT} HAYDEN 5 479 62 0.97 0.93

Q

& NATTY 6 479 78 0.96 0.92
AAC ROSKENS 7 477 219 0.87 0.76
RON 8 469 83 0.95 0.91
GOLIATH 9 468 79 0.96 0.91
NEWBURG 10 467 61 0.97 0.93

c.  Genotype Ranking (gfnliz) P.E.V. Acc(;llgacy reh?}rj)l lity
HAYDEN 1 549 175 0.90 0.81
NATTY 2 530 246 0.86 0.74
EXCEL 3 515 253 0.85 0.73
HORSEPOWER 4 512 222 0.87 0.76

& SOURIS 5 507 152 0.91 0.84

= NEWBURG 6 506 183 0.90 0.80
GOLIATH 7 504 201 0.89 0.78
SHELBY427 8 502 228 0.87 0.75
ROCKFORD 9 502 258 0.85 0.72
CORRAL 10 501 361 0.78 0.61

ME1

ME3

Genotype Ranking ?gl;if-)Z) PE.V. (Alscuracy Ef)l iability
AAC.ROSKENS 1 501 313 0.81 0.66
CDC.MINSTREL 2 499 187 0.89 0.80
AC PINNACLE 3 499 181 0.90 0.81
AAC.BULLET 4 498 333 0.80 0.64
NEWBURG 5 486 121 0.93 0.87
SOURIS 6 483 120 0.93 0.87
DEON 7 482 168 0.90 0.82
AAC.OAKLIN 8 482 306 0.82 0.67
AAC.ALMONTE 9 481 305 0.82 0.67
HAYDEN 10 480 117 0.93 0.87
Genotype Ranking (gfnliz) P.E.V. Acc(;ll;acy relia(ﬂrj)ility
ESKER2020 1 436 116 0.94 0.88
DEON 2 430 82 0.96 0.91
NATTY 3 425 98 0.95 0.89
HAYDEN 4 415 76 0.96 0.92
GOLIATH 5 415 97 0.95 0.90
RON 6 413 106 0.94 0.89
CDC MINSTREL 7 408 201 0.89 0.78
BETAGENE 8 407 96 0.95 0.90
SHELBY427 9 404 66 0.96 0.93
EXCEL 10 404 102 0.94 0.89

141!
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Discussion

Genomic prediction success and strategies

In oat, genomic prediction models have been used to assess prediction accuracy of genomic
prediction models with the potential to improve disease resistance (Haikka et al. 2020a), seed
quality (Campbell et al. 2021; Hu et al. 2021), grain yield (Haikka et al. 2020b), nutritional
compounds and other metabolites (Brzozowski et al., 2021; 2022 2023), as well as other
quantitative traits (Asoro ef al. 2011) and testing optimization (Gonzalez-Barrios et al. 2019). Our
study has looked at other aspects of genomic prediction including the prediction for specific TPE,
and we have achieved relatively high predictive abilities of around 0.45 to 0.65 for predicting new
genotypes and predictive abilities of 0.15 to 0.89 for new environments for a trait as complex as

grain yield.

Deploying big data in genomic selection for predicting for the TPE

Genotype by environment interactions create all sorts of challenges for breeding programs, some
of which are easier to deal with than others (Piepho et al. 2008). Under GEI, the efficiency of the
prediction relies on the representativity of the tested environments and how they are used for the
construction of the training population (Haile ef al. 2020; Atanda ef al. 2022; Jarquin et al. 2022).
Genomic selection can take advantage of large historical datasets by connecting the phenotypic
information from different genotypes through borrowing information from relatives and thus
controlling the sparsity (Bernardo 2010; Dawson ef al. 2013; Lado ef al. 2016; Monteverde et al.
2018) and producing higher predictive ability (Endelman et al. 2014; Gonzalez-Barrios et al. 2019;
Hoefler et al. 2020; Atanda ef al. 2021). Therefore, the use of big data consisting of large historical
datasets where individual genotypes, or their relatives have been evaluated, can substantially

improve the identification of superior individuals that will perform better in the TPE.
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Large MET historical datasets have their share of constraints (i.e., sparsity and breeding
structure), that need to be addressed in order to make efficient use of the available databases. How
to best handle the level of sparsity is still an ongoing area of research given that genotypes are not
missing at random in the dataset because poorer-performing genotypes are dropped every year
(Aguate et al. 2019; Hartung and Piepho 2021; Wang et al. 2023). Other relevant limitations for
the use of large datasets are due to the complexity of the data, the statistical models, and the
requirement of high computational power (Atanda et al. 2021). This study utilized a highly
unbalanced dataset from several different MET across 25 years to investigate the use of a mixed
model approach in characterizing GEI, identifying MEs associated with the TPEs, and determining
the potential of genomic selection of grain yield utilizing this dataset. Overall, the results obtained

in this study show the high predictive abilities for large-scale historical data in genomic prediction.

The management of the GEI and information leverage is determined by the size and overlap
of the ME and TPE areas. MEs can be defined based on the breeding program necessities adopting
different spatial scales, (i.e. at a regional scale, Gonzales Barrios ef al. 2019, country-wide scale,
Crespo-Herrera et al. 2021, or worldwide, Braun et al. 1997). We used defined MEs by providing
a broad idea of the GEI in the Midwest region of the United States. Even though TPE might be
smaller or larger than the MEs, using the ME definition can be beneficial. For example, the use of
information from other locations can still be beneficial in the prediction for TPEs that are smaller
than the MEs by increasing the number of evaluations in environments with low GEI to the TPE.
On the other hand, in the case that the TPEs are larger than the MEs or go beyond the limits of a
single ME, the use ME units will allow for example to tailor the MET evaluations to account for

the variation that exist between ME in the TPE and the breeder will need to decide on the release
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strategies for this case. Furthermore, this work is focused on the use of the groups of locations
defined as a TPE instead of predicting locations per se. The shift from a specific location to a TPE
is grounded in the fact that farmer fields performance will rarely coincide with the evaluations in
research stations that breeders carry out, and therefore, a focus on predicting individual locations
might not be useful for the goal of the breeding program unless it is used as an intermediate step
in the prediction process. We were able to predict all MEs with a high level of predictive ability.
Furthermore, we tested a situation where GEI within MEs was not modeled (CVOrocm) and a
situation where GEI within ME was modeled using a variance-covariance matrix that accounts for
genetic correlations between locations (CVOrociger). The use of the known correlation structure
did not improve the predictive ability reported in other studies (Lado et al. 2016). There could be
multiple reasons for this, including the level of GEI within the ME, an artifact due to the population
size, or the level of unbalance in the population (Lado et al. 2018; Berro et al. 2019; Bassi et al.
2016), or just the fact that specific location to location genotype by environment interaction
become less relevant when the number of locations is very large. Even though the mean predictive
ability did not improve with modeling the GEI, the variability in the predictive ability for each
location decreased with the GBLUPGxg model. Arguments can be made that the use of the
correlation between environments cannot be known for new locations or for farmers’ fields, and
therefore they should not be used in the prediction models. However, if the focus remains on the
overall predictions within MEs, modeling the correlation is just another modeling tool that can be
deployed, especially when large historical datasets are used where the estimation of those
correlations might be more relevant. Another opportunity to improve predictions when no previous
information is available is by incorporating environmental covariates explaining the genotypic

performance in the ME (van Eeuwijk, et al. 2016; Bustos-Korts et al. 2016, Monteverde et al.
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2019; Neyhart et al. 2022; Rebollo et al. 2023). An advantage of the use of environmental
covariates is that they could help to fine-tune the limits and boundaries of the ME by the definition
of growing zones and modeling the crop growth (Heslot et al. 2013; Bustos-Korts et al. 2016;
Monteverde et al. 2019; Bustos et al. 2021). Although we did not use environmental covariates in
this study, high to medium predictive abilities were obtained. However, we believe that the future
use of environmental covariates could improve the predictive ability of these models and help in

the delineation of MEs.

Even though we obtained high levels of predictive ability for all MEs, the performance of
genotypes in some MEs was easier to predict than in others. For example, ME1 had consistently
low predictive ability (i.e. lower than 0.4), this was expected because the number of locations
within the ME was only five. This ME was the only one that benefited from modeling genetic
correlations among locations using the GBLUPGxe model, where predictive ability increased from
0.27 to 0.36. This is also an artifact of the low number of locations used in the study, where the
specific pairwise correlations have a larger impact than in the case of the other MEs with dozens

of locations where specific location to location interactions are overall less relevant.

Non-repeatable GEI and years

Year to year variation is known to explain an important part of the GEI variation in MET trials,
and more importantly for being nonreproducible. Furthermore, because many plant breeding
programs rely on the evaluation of individuals in a small sample of years, genotypes with positive
genotype by year interactions in testing years can be advanced when they wouldn’t necessarily
have a superior performance on average years for the region. Therefore, datasets with more years
may reduce the bias associated with the unbalance in MET, improve the variance component

estimation (Aguate et al. 2019; Hartung and Piepho 2021), and improve the actual genotypic



109

predictions (Oakley et al. 2016). Our results suggest that increasing the number of years beyond
the last three years will not improve the predictive ability of the upcoming unknown year. This
could be partially explained by the higher connectivity in the genotypic pool between consecutive
number years. Some years had a low predictive ability regardless of the set of years used in the
prediction model. These are years with unusual weather patterns and some abiotic stress. The odd
performance in those years will be very difficult to predict regardless of the amount of previous
information we use or have available. The ME1 had 20% of years with a predictive ability smaller
than 0.1, while ME3 had only 5% of years with low predictive ability. This can be partially

explained by the populational size and the frequency of climatic stresses present in the ME.

We also evaluated the predictive ability for specific years within the ME (CVO0ymEg) and for specific
years within locations (CVOyLoc). The predictions for specific locations were higher (0.20 to 0.90)
than the predictions for the whole ME (0.10 to 0.60). Multiple factors can explain these findings.
On the one hand, the locations used to test the year-to-year variability had more data points and
specifically more years than the average location in any given ME. Additionally, predictions for
specific locations might not be as relevant as predictions for the ME as previously discussed.
Finally, predictions for the ME include both genotype by year and genotype by location
interactions, and although in many cases genotype by year interactions are larger than genotype
by location, in our case, they were of the same magnitude. Although in a breeding program we are
not able to replicate a year nor predict the type of year that will come next, the evaluation of the
predictions are relevant for understanding the stability in the predictions that can be expected from

year to year in real future evaluations.



110

Variety decision tools and prospects

To the best of our knowledge, ours is the first study to deliver a variety decision tool for farmers
in the Midwestern United States based on the farms location. There is a limited list of genotypes
that are relevant to farmers and those are genotypes that have been released as a cultivar and that
are currently commercially available. These genotypes are usually connected in METs because
they were tested as advanced breeding lines and later most probably continued to be tested in
regional trials. However, because there is not a unified variety testing system in the United States,
the list of varieties to be tested in each State is tailored to each State and therefore different. The
reports are then usually provided on a location-by-location basis or in some cases a State-wise
recommendation is provided. How years are dealt in those reports is also State-specific but most
of the States do not report any information beyond three years of data. This reporting system
creates difficulties at several levels. For example, it is hard for farmers to decide on which data to
rely on for deciding on the best performing varieties for their specific farm. This is especially
challenging for farmers close to State borders or far from the specific sparse testing locations for
their State. Furthermore, there is no reason for limiting the flow of information across State
borders. The use of MEs to delineate TPEs and the grouping of locations improves the accuracy
of predictions and allows the distribution of resources in a more efficient way than by location
State evaluation sheets. This helps to create a more efficient delivery of higher quality information
to farmers. Finally, being able to include the information from advanced breeding lines is also key
to improving the prediction of the future released varieties. This can be seen for example in the
higher accuracy and reliability values for varieties than for advanced breeding genotypes that may
not have as many relatives in the dataset. Additionally, this is also reflected in the mean differences
between experimental genotypes and varieties, where varieties are more than two percent apart.

This decision tool is being created as a first exploratory strategy. It represents an improvement
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over State reports, but further development would improve the predictions. For example, a very
simple strategy was used to delineate the borders of the MEs, but environmental covariates could
be used to further refine these delineations following the work of Rebollo et al. (2023) and Bustos
et al. (2021). Additionally, environmental covariates could be used to improve the actual
predictions. In summary, the strategy used in this study will assist in developing a tool for selecting
the top-ranking genotypes in specific locations using a zip code-based system in the Midwest
region from the deployment of the genomic selection model in each TPE and similar strategies

could be expanded to other crops in any region around the world.
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Annex 2

Supplemental Figures and Tables

Supplementary Table 3.1. Summary statistics and characterization of the 59 locations where oat
performance was evaluated in 9 states of the Midwest of the United States from 1997 to 2021.
Location, State, environmental code (Env), latitude (Lat), longitude (Lon), grain yield mean (g m"
2), the number of data-points in the dataset (N), mega-environment classification (ME, four MEs
were obtained: mel to me4), number of years (#year), first (first year), and last (last year) year in

the dataset.

State Location Env Lat Lon g:ll:ilz N ME  f#years firstyear last year
IA Ames IA_AME 42.03 -93.61 g%)in : 905 ME2 12 1997 2008
IA Boone IA_BON 42.06 93.89 331 86 ME3 3 2018 2020
1A Charles City IA_CHA 43.07 -92.67 261 62 ME3 4 2016 2019
1A Crawfordsville 1A CRA 41.21 -91.53 437 235 ME3 7 1997 2003
IA Kanawha IA_KAN 42.93 -93.81 316 132 ME3 6 2015 2020
IA Lewis IA_LEW 4131 -95.08 418 236 ME3 7 1997 2003
1A Nashua IA_NAS 42.95 -92.53 446 369 ME3 13 1997 2020
IL Dekalb IL_ DKL 41.93 -88.75 391 242 ME3 13 2002 2015
IL Monmouth IL_MON 40.92 -90.64 452 434 ME3 17 2004 2021
IL Urbana IL_URB 40.11 -88.21 421 1698  ME3 25 1997 2021
IN West Lafayette IN_WES 40.46 -86.94 496 995 ME1l 17 1997 2013
MI Calumet IA_CAL 42.96 -95.57 397 203 ME2 6 1997 2003
MI East Lansing MI_EAS 42.75 -84.47 360 796 ME3 16 1997 2013

MN Crookston MN_CRO 47.76 -96.58 579 1583 ME2 8 2014 2021
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Supplementary Table 3.2. General description of genomic prediction models and strategies used in the characterization of a large oat population evaluated in 59
locations over a period of 25 years in the Midwest United States. Models are described as modification from model [1] y;=p+gitejt+geijt+ei, where genotype by
environment interaction was modeled either as genotype (G) by location (LOC), year (YEAR), or mega-environment (ME). The variance-covariance matrix for
the genotype by environment interaction was modeled in general as the Kronecker product of the realized additive relationship matrix estimated with marker data
(K(gxg)) and the genetic variance-covariance among environments (Xgcexe)), With X either an independent variance-covariance structure, a factor-analytic (FA(1)),
a diagonal matrix (D), or a known unstructured (UN*) variance-covariance. The residuals were modeled with a variance-covariance matrix, RexeJx[gxe]), @S @
diagonal matrix with the reciprocals of the square standard error of the BLUEs estimates for each genotype in each environment to account for the heterogeneity
in the precision of means estimates in the two-step model following Piepho et al. (2012).

Strategy y Fixed GEI Other Components Res Var(geij) Xc 2k Var(sij)
GEI Characterization

VvC gxlxa mu ge;i=G'LOC ' YEAR & I R=I(1/SE)
GGE gxl e=LOC gei=G LOC &jj TcQXE Ye=0,’K  Xg=FA(1) R=I(1/SE)
Un-phenotyped individuals

CV1 by MEn gxlm ¢=LOC gei=G LOC G €ij XcQRXE Ye=6K  Xg=D R=I(1/SE)
CV1 Overall gxl e=ME gei=G"ME G €ij XcQRXE Ye=0.K  Xg=D R=I(1/SE)
Leave one location out

CVOLoc\M by MEm gle ej:LOC geij:G'LOC Eij ZG@EE ZG:GgZK ZE:FA( 1 ) R:I( 1 /SE)
CVO0Locm Overall gxl e=ME geii=G"ME ME LOC+ G €jj YcQXE Ye=0,"K Xg=FA(1) R=I(1/SE)
CVO0rocige1 by MEn, 2xlm e=LOC gei=G LOC &ij YcQRXE Ye=0,’K  Xg=UN* R=I(1/SE)
Leave one year out

CVO0yme by MEn, gxlnxa  e¢=ME gei=G"ME YEAR|LOCME &ij YcQRXE Ye=0,’K  Xg=FA(1) R=I(1/SE)
CVO0yme Overall gxlxa e=ME gei=G"ME YEAR|LOCME + G &ij XcQRXE Ye=0.K  Xe=FA(1) R=I(1/SE)
CVOY\Loc by LOC[m £Xaim ej:YEAR geij:G'YEAR Eij ZG@EE ZG:GgZK ZE:FA( 1 ) R:I( 1 /SE)
Predicting years

YEAR by ME, gxlmxa  ¢=LOC gei=G'LOC YEAR €ij TcQXE Ye=0, K  Xe=FA(1) R=I(1/SE)
YEAR Opverall gxlxa e=ME ge;i=G"ME MELOC + YEAR &jj TcQZk Ye=o,’K  Ze=l R=I(1/SE)
Variety decision tool

VDT by MEn gxlnxa  e¢=ME gei=G"ME YEAR|LOCME &ij YcQRXE Ye=0,’K  Xg=FA(1) R=I(1/SE)
VDT Overall gxlxa e=ME gei=G"ME YEAR|LOCME + G €ij XcQLE Y=, K  Xg=FA(1) R=I(1/SE)

911
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Supplementary Table 3.3. Predictive ability within and across mega-environments (ME) for
different cross validation strategies. The CV0-loc-GEI used a leave-one-location-out approach
with a GEI GBLUP modeling approach (GBLUPgxg) within each ME. The CV0-loc-MEAN uses
a leave-one-location-out approach with an average GBLUP modeling approach (GBLUPwMm) within
each ME. The CV0-year-by-LOC used a leave-one-year-out approach with a GBLUPy modeling
approach within each location. The CV0-year-by-ME used a leave-one-year-out approach with a
GBLUPM modeling approach within each ME. Finally, CV2 used a 10-fold cross-validation
strategy for predicting the performance of genotypes that have been evaluated in some

environments but not others within a ME (ME1-ME3) or overall.

MEI1

ME2

ME3

Overall

CV0-Loc-GEI
CV0-Loc-Mean
CVO0-Year-by-Loc
CV0-Year-by-ME

CV2-Gen-Mean

0.36 (0.19-0.62)
0.27 (0.15-0.51)
0.52 (0.10-0.83)
0.30 (0.55-0.10)

0.64 (0.02-0.67)

0.47 (0.24-0.86)
0.55 (0.27-0.89)
0.51 (0.05-0.95)
0.24 (0.62-0.10)

0.45 (0.01-0.47)

0.55 (0.14-0.87)
0.55 (0.15-0.82)
0.53 (0.20-0.96)
0.25 (0.50-0.02)

0.65 (0.01-0.67)

0.57 (0.41-0.69)

#genotypes

#locations

304

5

393

23

401

30

401

59
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Supplementary Figure 3.1. Map of the United States showing the 59 locations where oat

performance was evaluated in 9 states of the Midwest of the United States from 1997 to 2021.
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Chapter 3 Errata:

After publishing the paper we identified a a series of mistakes in the reporting of the materials and

method, Supplementary Table 3.2, and Results Table 3.2.

Materials and Methods:

Line 155 to 158

Erroneous sentence: “Where R([gxe]x[gxe]) is the variance-covariance matrix of residuals and
was modeled as a diagonal matrix with the reciprocals of the standard error of the BLUESs estimates
for each genotype in each environment to account for the heterogeneity in the precision of means

estimates in the two-step model following Piepho et al. (2012).”

Corrected sentence “Where R([gxe]x[gxe]) is the variance-covariance matrix of residuals and
was modeled as a diagonal matrix with the reciprocals of the standard error of the BLUESs estimates
for each genotype in each environment to account for the heterogeneity in the precision of means

estimates in the two-step model.”

Supplementary table Table 3.2.

Erroneous sentence: “The residuals were modeled with a variance-covariance matrix,
R([gxe]x[gxe]), as a diagonal matrix with the reciprocals of the standard error of the BLUEs
estimates for each genotype in each environment to account for the heterogeneity in the precision

of means estimates in the two-step model following Piepho et al. (2012).”
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Corrected sentence: “The residuals were modeled with a variance-covariance matrix,
R([gxe]x[gxe]), as a diagonal matrix with the reciprocals of the standard error of the BLUEs
estimates for each genotype in each environment to account for the heterogeneity in the precision

of means estimates in the two-step model.”



Table 3.2.Tables b and ¢ are mislabel, where ME1 appears ME2, and ME2 appears as Mel

Errouneous: Table 3.2. List of top ten ranked commercially available varieties (as of November 2020) from a genomic prediction
model for grain yield (g m-2) using all available information from an oat dataset consisting of genotypes evaluated in 59 locations in 9
states of the Midwest United States over 25 years. The genotype name, ranking, predicted value for grain yield (g m-2), predictor error
variance (PEV), accuracy (h), and reliability (r) are shown for each genotype. a. Predictions across all environments or Overall models,

b. Predictions for ME1, c. Predictions for ME2, d. Predictions for ME3.

Overall

°

ME2

Genotype Ranking g;gfz) P.E.V. ggcuracy E:)liability
DEON 1 488 68 0.96 0.93
CDC MINSTREL 2 486 177 0.90 0.81
ESKER2020 3 483 89 0.95 0.90
AC PINNACLE 4 481 167 0.91 0.82
HAYDEN 5 479 62 0.97 0.93
NATTY 6 479 78 0.96 0.92
AAC ROSKENS 7 477 219 0.87 0.76
RON 8 469 83 0.95 0.91
GOLIATH 9 468 79 0.96 0.91
NEWBURG 10 467 61 0.97 0.93
Genotype Ranking ](Sgl;lrf-’Z) PE.V. (Ahci‘curacy E::)liability
HAYDEN 1 549 175 0.90 0.81
NATTY 2 530 246 0.86 0.74
EXCEL 3 515 253 0.85 0.73
HORSEPOWER 4 512 222 0.87 0.76
SOURIS 5 507 152 0.91 0.84
NEWBURG 6 506 183 0.90 0.80
GOLIATH 7 504 201 0.89 0.78
SHELBY427 8 502 228 0.87 0.75
ROCKFORD 9 502 258 0.85 0.72
CORRAL 10 501 361 0.78 0.61

ME1

ME3

Genotype Ranking ?gl;gfz) P.E.V. élgcuracy Ef)l iability
AAC.ROSKENS 1 501 313 0.81 0.66
CDC.MINSTREL 2 499 187 0.89 0.80
AC PINNACLE 3 499 181 0.90 0.81
AAC.BULLET 4 498 333 0.80 0.64
NEWBURG 5 486 121 0.93 0.87
SOURIS 6 483 120 0.93 0.87
DEON 7 482 168 0.90 0.82
AAC.OAKLIN 8 482 306 0.82 0.67
AAC.ALMONTE 9 481 305 0.82 0.67
HAYDEN 10 480 117 0.93 0.87
Genotype Ranking SgI;‘ﬁI-DZ) P.E.V. (Ah():curacy Ef)l iability
ESKER2020 1 436 116 0.94 0.88
DEON 2 430 82 0.96 0.91
NATTY 3 425 98 0.95 0.89
HAYDEN 4 415 76 0.96 0.92
GOLIATH 5 415 97 0.95 0.90
RON 6 413 106 0.94 0.89
CDC MINSTREL 7 408 201 0.89 0.78
BETAGENE 8 407 96 0.95 0.90
SHELBY427 9 404 66 0.96 0.93
EXCEL 10 404 102 0.94 0.89

ICI



Corrected: Table 3.2. List of top ten ranked commercially available varieties (as of November 2020) from a genomic prediction model
for grain yield (g m?) using all available information from an oat dataset consisting of genotypes evaluated in 59 locations in 9 states of
the Midwest United States over 25 years. The genotype name, ranking, predicted value for grain yield (g m™), predictor error variance
(PEV), accuracy (h), and reliability (r) are shown for each genotype. a. Predictions across all environments or Overall model, b.
Predictions for ME1, ¢. Predictions for ME2, d. Predictions for ME3.

a.

Overall

&

ME1

Genotype Ranking ?gl;if-)Z) PE.V. (Alscuracy Ef)l iability c.
DEON 1 488 68 0.96 0.93
CDC MINSTREL 2 486 177 0.90 0.81
ESKER2020 3 483 89 0.95 0.90
AC PINNACLE 4 481 167 0.91 0.82
HAYDEN 5 479 62 0.97 0.93
NATTY 6 479 78 0.96 0.92
AAC ROSKENS 7 477 219 0.87 0.76
RON 8 469 83 0.95 0.91
GOLIATH 9 468 79 0.96 0.91
NEWBURG 10 467 61 0.97 0.93
Genotype Ranking ?gl’;lrfll-)Z) P.E.V. ggcuracy Ef)l iability d.
HAYDEN 1 549 175 0.90 0.81
NATTY 2 530 246 0.86 0.74
EXCEL 3 515 253 0.85 0.73
HORSEPOWER 4 512 222 0.87 0.76
SOURIS 5 507 152 0.91 0.84
NEWBURG 6 506 183 0.90 0.80
GOLIATH 7 504 201 0.89 0.78
SHELBY427 8 502 228 0.87 0.75
ROCKFORD 9 502 258 0.85 0.72
CORRAL 10 501 361 0.78 0.61

ME2

ME3

Genotype Ranking ](?g%‘lrfll-)Z) P.E.V. (Ah():curacy Ef)l iability
AACROSKENS 1 501 313 0.81 0.66
CDC.MINSTREL 2 499 187 0.89 0.80
AC PINNACLE 3 499 181 0.90 0.81
AAC.BULLET 4 498 333 0.80 0.64
NEWBURG 5 486 121 0.93 0.87
SOURIS 6 483 120 0.93 0.87
DEON 7 482 168 0.90 0.82
AAC.OAKLIN 8 482 306 0.82 0.67
AAC.ALMONTE 9 481 305 0.82 0.67
HAYDEN 10 480 117 0.93 0.87
Genotype Ranking ?gl;gfz) P.E.V. é;curacy Ef)l iability
ESKER2020 1 436 116 0.94 0.88
DEON 2 430 82 0.96 0.91
NATTY 3 425 98 0.95 0.89
HAYDEN 4 415 76 0.96 0.92
GOLIATH 5 415 97 0.95 0.90
RON 6 413 106 0.94 0.89
CDC MINSTREL 7 408 201 0.89 0.78
BETAGENE 8 407 96 0.95 0.90
SHELBY427 9 404 66 0.96 0.93
EXCEL 10 404 102 0.94 0.89

44!
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Core ideas

1. Standard Finaly-Wilkinson regression and Finlay-Wilkinson random regression do not show

differences in estimation of stability.

2. Finlay-Wilkinson random regression to predict grain yield and grain yield stability for non-

observed genotypes by leveraging their relative’s phenotypic information.

3. Small numbers of environments with a high variance are as accurate in the estimation of grain

yield stability as a MET with over 20 environments
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Abstract

Climate change poses a challenge for agriculture by increasing climatic variability and
compromising crop yields, hence there is a need to select cultivars that can withstand climatic
variability. Through plant breeding, we can develop cultivars with yield stability. Cultivar yield
stability can be evaluated by different methods. Most stability indices require complete datasets
spanning multiple environments. A feature of breeding programs is that they typically generate
sparse multi-environment datasets. Methods such as Finlay-Wilkinson random regression (RFW)
allow us to use sparse datasets and incorporate genomic data to leverage phenotypic information
from related lines to predict yield stability. Our objective was to compare RFW with the traditional
Finlay-Wilkinson regression (FW), and GBLUP models to predict yield and yield stability and
examine how variation in the number of environments used to fit the model and environmental
variance impact those predictions. We used three very different datasets, one highly unbalanced
dataset for oats, and two completely balanced datasets with a different number of environments in
barley and wheat. We ran FW and RFW models in different scenarios where we estimated stability
and predicted grain yield. We found that using whole datasets for FW or RFW, estimated stability
values obtained were similar. When we used RFW to predict grain yield in unobserved genotypes
we obtained higher predictive ability than using only genotypic information as in GBLUP. When
we look at variations in the number of environments we found that selecting the right set of

environments is more important than adding more environments.
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Introduction

Increase climate variability and the impact of climate change on biotic (e.g., weeds, pests) and
abiotic (e.g., drought, floods, heat) factors challenge agricultural production worldwide (Alotaibi,
2023, IIPC, 2023). Plant breeding programs need to update their goals to develop varieties with
adaptation to future climatic conditions (Paniza, 2024). It is expected that climate change will
affect plant breeding and selection objectives in unknown and unprecedented ways (Xiong et al.,
2022). Another study by Macholdt & Honermeier, (2017) found that farmers, extension experts,
and scientists expect that yield stability will become more relevant in the upcoming years due to
climate change. One possible solution to this problem is to select stable genotypes that can

withstand climatic stresses (Picasso et al., 2019).

Phenotypic stability is referred as the consistent performance of a genotype relative to other
varieties tested on the same set of environments (Annicchiarico, 2002; Becker & Léon, 1988). An
environment, in the context of multi-environment trials, is considered a combination of location
and year (Bernardo, 2014). This environment concept summarizes the particular combination of
biotic and abiotic factors that are affecting the phenotype (Bernardo, 2014). Genotypes under
evaluation in a breeding program are tested in several locations across several years (Piepho &
Mohring, 2006; Yan, 2015). The locations selected for a multi-environment trial represent a
repeatable sample of the possible locations within the target population of environment for the
breeding program (Yan et al., 2011). On the other hand, year and location X year interactions are
inherently unpredictable, yet they account for a significant portion of the overall variance in
phenotypic performance (Yan et al., 2011). The target population of the environment is defined by
genotypes' performance in a set of locations over several years, given the increasing

unpredictability of environmental conditions due to climate change, breeding programs will need
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to adapt and develop new strategies (Alotaibi, 2023 ). For example, the use of environments outside
of the TPE, where exposure to specific or controllable abiotic stresses can be leveraged (Bernardo,

2014).

The characterization of the property of stability for a genotype or a system has a prolific
literature including many indices to estimate stability (Pour-Aboughadareh et al., 2022), however,
consensus about which is the best estimator has not been reached (Reckling et al., 2021). Therefore
a common practice is to calculate several indices to capture different aspects of stability (i.e. Bocci
et al., 2020; Mohammadi & Amri, 2013; Miihleisen et al., 2014). Most stability indices need
complete balanced datasets (i.e. all genotypes need to be evaluated in all environments, Wricke
1962; Francis and Kannenberg 1978; Gauch 1992; Yan and Kang 2002; Bacsi and Hollosy 2019;
Lin and Binns). Other indices such as  from Finlay-Wilkinson regression (Finlay & Wilkinson,
1963) have more flexibility and allow the use of unbalanced data for genotype to calculate stability
(Pour-Aboughadareh et al., 2022). This can be favorable to leveraging historical information from

plant breeding multi-environment trials.

Plant breeding evaluation trials have a hierarchical structure where genotypes are selected and
discarded as they are tested, generating unbalanced datasets (Piepho & Mdhring, 2006). In the
final stages of evaluation, there is a tradeoff between the number of locations assigned to a
genotype and the number of genotypes in evaluation (Gauch & Zobel, 1996). As a consequence,
genotypes are evaluated in a subset of the total environments available for testing (Piepho &
Mohring, 2006; Smith et al., 2001). There is no consensus on how many environments are needed
to accurately estimate yield stability (Reckling et al., 2021). Numbers can range from 21 when
characterizing GEI in oats (Yan et al., 2015) to as many as 150 environments needed to estimate

stability in physiological traits (Wang et al., 2023). The number of environments will change with
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the heritability of traits in the study and the trials (Yan et al. 2015). In recent times the availability
of genomic information at low cost allows the further optimization of resource allocation across
locations without losing trial quality (Endelman et al., 2014). Genomic information also facilitates
the use of historical datasets composed of multi-environment trials (METs) to understand
genotype-by-environment interactions (Gonzalez-Barrios et al., 2019; Sandro et al., 2024). Several
genomics techniques can be used, fitting prediction models in unbalanced datasets to calculate
stability indicators (Carvalho et al., 2024), using linear regressions (Neyhart et al. 2024 in review),
or combining genomics with Finlay-Wilkinson random regression (Ly et al. 2018; Piepho &
Blancon, 2023). Another example of the use of random regression and environment covariates can
be used for environmental characterization to improve genomic predictions (Rebollo et al., 2023).
In a similar way, Finlay-Wilkinson extended using random regression can be combined with
genomic and sparse phenotypic data using relatives’ information as leverage to predict phenotypic
stability (Piepho & Blancon, 2023). There is a need to identify high-yielding and stable genotypes
in plant breeding, but most breeding programs face challenges posed by unbalanced datasets. To
respond and overcome these limitations, our objective was to integrate Finlay-Wilkinson random
regression (RFW) as a genomic prediction tool for characterizing yield stability. We aim to
compare it with the traditional Finlay-Wilkinson regression that uses a fixed effects model, and a
traditional prediction model such as GBLUP. We also aim to compare how RFW and FW are
affected by variations in the number of environments used to fit the model and how the

environmental variance impacts the results observed in each model.



138

Materials and methods

Materials and Experiments
We used datasets for three crops: barley (Hordeum vulgare L.), initially reported in (Neyhart
etal., 2019); oats (Avena sativa L.), reported in (Sandro et al., 2024); and wheat (Triticum aestivum

L.), reported in (Rincent et al., 2019).

Barley dataset is balanced, and it was generated between 2016 and 2017 across 17 locations
across the north of the United States and south of Canada, representing areas where Barley has
been traditionally grown. The oats dataset is highly unbalanced, and it was generated between
1998 and 2021 across 59 locations across the Midwest region of the United States. The trials are
part of the USDA-coordinated collaborative nursery including public breeding programs across
the US and Canada where oats have been traditionally grown. We only used data corresponding
to the Midwest of the United States, all data is available in the T3/Oat database (available at
https://oat.triticeaetoolbox.org). The wheat dataset is balanced, and it was generated during the
years 2012, 2013, and 2014, across 14 locations testing water and nitrogen use efficiency across
France.

Table 4.1. Description of barley, oats, and wheat datasets including number of genotypes, number
of environments (combination of location and year), number of environments for each genotype,

and number of markers used to estimate the realized additive relationship matrix.

Number of Number of
Dataset Number of Number of Environments SNP

Genotypes Environments per Genotype Markers

barley 223 30 28-30 6,321

oat 581 673 3-480 2,699
wheat 210 16 16 34,464
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Environmental means
The mean yield performance for each environment was obtained as the Best Linear Unbiased

Estimator (BLUESs) of each environment using the following model.

Eq [1] Yij = U+ g;i + e+ gejj+ &;
where y;; is the BLUE for grain yield for the i™ genotype in the j* environment, g; is the effect of
the i’ genotype, e; is the effect of the J™ environment (i.e. year-location combination), ge; j is the

effect of the i genotype and the j* environment interaction, and e; ; the error associated with the

i genotype in the j* environment with &; i~ N(0,62D) where 62 is the error variance and D=

-1, . N )
I*SEL-ZJ- is a parametrization of the standard error for the estimation of the BLUEs for the i
genotype and the j* environment, and I is an identity matrix of order n.

Finlay-Wilkinson regression

We fitted a Finlay-Wilkinson regression over the environment, grain yield mean, and where

parameters for genotype and environment are fitted as fix effects. This estimate of the intercept
(G;), and slope (,[?i(FFW)) for each genotype was considered the best approximation to the true

value. We used the following model:
Eq [2] yij = Gi + BiEj + e

where y;; is the grain yield BLUES for i genotype in j* environment, G; represents the grain yield
mean (i.e. regression intercept) for the i’ genotype, B; is the regression slope for the i genotype,

Ej is the mean of the ™ environment estimated by the mean of all genotypes across the environment

and e;; the error associated with the i genotype in the j# environment, with ; ~ N(0,62D) where
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: : -1 . o
oZ is the error variance and D= I*SEL-ZJ- is a parametrization of the standard error for the

estimation of the corrected means for the i genotype and the j environment.
Finlay-Wilkinson Random Regression (RFW)

We estimated random regression Finlay-Wilkinson (RFW) to leverage information from

relatives that were tested in other environments. We used the Eq[2] with G; and B;E; as random
where G; is the random regression intercept for the i genotype, ; is the random regression slope

to the i’ genotype, Ej correspond to the environmental mean for the J™ environment, and e; j is the

regression error with, g~ MVN(0, 0%K), B;~ N(0,0°K), and e;;~ N(0,0¢ D) where 6 is the error
. -1, o o

variance and D= I*SEizj is a parametrization of the standard error for the estimation of the

BLUE:s for the i genotype and the j environment, and K is the realized additive relationship

estimated matrix. Covariance between G; and B;, o, g, was modeled a5, K.

GBLUP Model
We fita GBLUP (Bernardo, 1994) model that was modeled using the following linear mixed model
in the asreml-r (Butler et al. 2020) package of the R statistical software (R Development Core

Team, 2020):

Eq[2] Yij =M+ i t&;

yij are the genotypic BLUESs for grain yield of the i genotype in the j' environment (i.e. location-
year combination), y is the overall mean or intercept, g; is the effect of the ith genotype
g~ MVN(0, 0%K), and ¢;; is the residual error with & ~ N(0,07 D) where o7 is the error variance
and D= I*SE i2j—1 is a parametrization of the standard error for the estimation of the BLUEs for the

i genotype and the j# environment, and K is the realized additive relationship estimated matrix.
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Cross validations and predictive abilities

We performed a 10- fold cross-validation (CV1, Burgueno et al., 2012) with 100 iterations to
determine the ability of the RFW model to predict stability (ﬁi(R Fw)) and grain yield. On 10-fold
CV1 genotypes are assigned to one of ten groups, and in the correspondent fold all the information
from the genotypes in the group is masked, this simulates the incorporation of a new genotype
with only genomic information. Predictive ability (PA) for the slope of grain yield was calculated

as the correlation between the predicted slope (ﬁi(R Fw) for each genotype using the complete data
set and the CV1 predicted slope (ﬁi(wu RFW))> cor(,gi(RpW), ,gi(cv1|RFW)). At the same time, we used

the predicted slope (ﬁi(cm rFw)) to solve the regression equation and predict grain yield for each
environment where the genotype was tested. To avoid inflating the correlation between observed
and predicted due to the environmental effects, we centered both predicted grain yield
(Jij(cv1rFw)) and the observed BLUESs for grain yield (¥;;) in each environment by subtracting
the environmental mean (Ej). PA for grain yield was calculated as the correlation between the
environment-centered predicted grain yield and the environment-centered observed grain yield,
cor((¥i; — Ej),( Vij(cv1|RFw) — Ej)). PA was graphically represented using ggplot2 (Wickham,

2016) in R (R Core Team, 2017).

To compare the use of RFW yield predictions to other prediction methods, we used the same data
set to perform a 10-fold cross-validation one (CV1 Burgueio et al., 2012) with 100 iterations to

determine the predictive ability for grain yield. ¥;;cv1gpLup) using a gBLUP model (Bernardo,

1994).
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Effect of the number of environments on 8

To analyze the effect of the number of environments used to fit the regression on 3, we subset
the available environments to form different environment data sets which we used to fit both FW
and RFW models. We performed 100 iterations on each number of subset environments, each
subset was formed by two, five, and ten environments in wheat, and two, five, ten, fifteen, and 20
environments in barley. On each iteration, we used only the information on the environments in
the subset and masked all information on the remnant environments. For each subset of
environments, we recorded the list of environments, the minimum environmental mean, the
maximum environmental mean, the environmental mean range, and the variance of environmental

means. PA was calculated as the Pearson correlation between the FW slope estimated with the full

environmental data set (ﬁi(FW)) and the FW slope estimated using each partitioned subset of
environments (ﬁim Fw)) as cor(,[?i(FW), ﬁi(p| Fw))- PA was calculated similarly for RFW
cor(ﬁi(RFW), ﬁi(m rFw)), Where ﬁi(RFW)is the slope for the RFW predicted using the full
environmental data set, and Ei(p| rrw) 18 the slope for the RFW predicted using the environmental
subset. Grain yield was predicted as described in the previous section. The predictive ability for
grain yield was calculated as the Pearson correlation between predicted grain yield for FW slope
fitted using the environment subset (9;p|rrw)) and the observed grain yield corrected mean (9;;)
for the environments that were not part of the subset of environments used to fit the model;

cor((§i; — E']-), Gijipw) — E )). PA for grain yield using RFW was calculated following the same
procedure: cor((§; — E;), (Jijpirrwy — Ej))-

To further understand the effect of the number of environments in oats, we fitted FW

regressions and estimated. fB;pyy Using a progression of environment numbers between two and
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two hundred environments. We used oats genotypes that were tested in over 200 environments,
for each number of environments (i.e. two, three, four, ..., two hundred) we drew a random sample
from all the available environments where the genotypes were tested. We repeated the sampling
process 100 times for each number of environments in the progression. For each sample, we
estimated the environment variance, range, and 'éi(pl Fwy. We selected four representative

genotypes with more than 200 environments to graph their results (i.e. Ogle, Horsepower, Deon,

Clintland64).



144

Results

Effect of contrasting testing environments

Increases in the variance of environmental means in general increased the ability of the set of

environments to estimate Bi(FW). A small set of environments (i.e. two environments) with high
variance between their means showed a higher predictive ability to estimate ﬁi(pw), Ei(RFW), and

grain yield than subsets with more environments and a lower environmental variance (Fig 4.2 in
barley, Fig 4.1 in oats, and Fig 4.3 in wheat). Even though when we compare intermediate variance

values, a set of environments with an equal number of environments and equal variance shows
different ability to predict ﬁiw Fw)- The effects of the variance and number of environments have
more impact on the predictive ability in environment subsets integrated by fewer environments
(i.e., two and five environments). The predictability of Ei(R rw) When we fit the RFW model, with

a different number of environments and variance of the environment means follow the same pattern

as FW described above.

Number of environments

The effect of the number of environments used to fit the model is similar in barley and wheat.
The correlation between réi(Pl Fw) With Bi(FW) increases as the number of environments increases
for barley and wheat (Fig. 4.3 & 4.4). In barley, the maximum PA is reached with 20 environments
yet the increment from using 15 environments is marginal. In oats (Fig 4.1, Supplementary Figures
4.1,4.2,and 4.3) we observe similar patterns to those observed in barley and wheat, for the number

of environments, the variance of the mean of the environments. Also, since we have a higher
number of environments, we observe that the increase in the predictive ability of Bi(FW) are

marginal beyond 20 environments.
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On the barley and wheat datasets when ﬁi(p| Fw) and Ei(p| rrw) were used to predict grain yield

in environments not included to fit the model, the average PA was 0.33 (Range: 0 and 0.62) in
barley (Fig. 4.2) and 0.52 (Range: 0.05 — 0.82) in wheat (Fig. 4.3). There is variability in grain
yield PA relative to the number of environments used in the prediction. Training sets with a small
number of environments (i.e. two or five environments) showed a higher level of variability for
estimation and predictions. As the number of environments used to fit the model increased, the

variability in the results was reduced (Fig. 4.1, 4.2, and 4.3). In the oat data set, changes in the
mean of environments variance, and Bi(p| Fw) variability where marginal after 20 environments

were included.

Even though sets with two and five environments showed more variability, some of the
environment combinations have values of Bi(pl Fw) on the range of the expected for the Bi(FW)
estimated using the full data set. This is translated to better grain yield predictions for those sets
with accurate Bi(FW) estimations. It may be due to differences in environmental variance, as

measured by the differences in mean grain yield among environments included in the training set.
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Figure 4.1 Cultivar Ogle’s Bi(p| Fw) variation on number, environmental variance, and of
environments used to fit the model. The red lines represent the value of :éi(pl Fw) estimated using
all environments available for the line (480 environments). a. Coefficient of variation for 'éi(pl FW)
per number of environments used to fit the model. b. ﬁi(p| Fw) against environmental variance for
the environments used to fit the model. ¢. ﬁim Fw) against the number of environments used to fit

the model. d. Bi(plpw) environmental variance for 100 sets of 2, 5, 20, 30, 50, 100, and 200
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environments used to fit the model. e. ﬁi(p| Fw) against the range of environments used to fit the

model.
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Figure 4.2 Correlation between stability for the complete data set versus stability for a partial data
set of environments in barley dataset. a. environmental variance of the partial set of environments

versus the predictive ability of the partial set of environments cor(ﬁi(R Fw) and Ei(m rFw))- b. the
environmental variance of the partial set of environments against predictive ability as cor(ﬁi(pw)

and ﬁi(m rFw))- € Environmental variance for the set of environments against predictive ability for
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grain yield predicted using Ei(pl rrw) calculated as environment-centered cor(¥;grpwy and
Vi(p|rFw))- d. Environmental variance for the set of environments against predictive ability for

grain yield predicted using Bi(m Fw) calculated as environment-centered cor(Piryy and Vip|rrw))-
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Figure 4.3. Correlation between stability for the complete data set versus stability for a partial set
of environments in the wheat dataset. Number of environments in the set two (red), five (green),

ten (cyan) a. environmental variance versus the predictive ability of the partial set of environments



149

cor(ﬁi(R Fw) and Ei(pl rFw))- b. environmental variance against predictive ability as cor(,[?i(FW) and
ﬁi(m rFw))- €. environmental variance against the predictive ability for grain yield predicted using
Ei(pl rrw) calculated as environment-centered cor(Vigrwy and Vip|rrw)). d. environmental
variance against the predictive ability for grain yield predicted using Bi(plpw) calculated as

environment-centered cor(¥irwy and Vip|rrw))-

Stability estimation and prediction

On both balanced and unbalanced datasets when we use RFW to predict the value of Ei(RFW)
in new genotypes using the CV1, we were able to predict stability on unbalanced data sets
genotypes with less than 20 environments showed lower predictive ability than genotypes with
more phenotypic information.

Table 4.2. Range of FW estimated slope Bi(pw), RFW predicted slope ﬁi(RFW), CV1 RFW

predicted slope Ei(cv1| rrw) for barley, oats, and wheat datasets.

Dataset Birw) Birrw) Bicv1|rFw)
barley 0.71-1.18 0.71-1.18 0.80-1.19
oats 0.01 -1.99 0.02-1.98 0.73 -1.33
wheat 0.57-1.22 0.57-1.22 0.80-1.13

In oats, where the dataset is highly unbalanced, and the number of environments by genotype
is variable, the range of the estimated Bi(pw) values and predicted ﬁi(R Fw) values is wider than in

the case of complete balanced datasets for barley and wheat (Tables 4.1 and 4.2.).
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Table 4.3 Predictive ability for Ei(cv1| rrw) calculated as cor(ﬁi(Rpw), Ei(cv1|RFW)), grain yield
Vijcv1irrw) calculated as cor(Y;;, Vijcv1irFw)) and predictability for yi(w” gBLUP); calculated

as cor(Y;j, Vij(cv1|gaLup))» the range for each estimator is shown between parenthesis.

Dataset cor (Biwew), B i(CV1RFW)) cor (¥irrw), Yiccvi|RFw)) cor (¥irrw)» Yiccv1|GBLUP))
barley 0.37 (-0.30, 0.85) 0.24 (-0.05, 0.46) 0.07 (-0.14, 0.18)
oats 0.26 (-0.35, 0.74) 0.18 (-0.11, 0.50) 0.08 (-0.10, 0.26)
wheat 0.26 (-0.60, 0.86) 0.37 (-0.13, 0.70) 0.17 (-0.04, 0.40)

The predictive ability of the Ei(RFW) is moderate (PA 0.26 to 0.37) in the three datasets
considering the highly quantitative nature of the trait. Barley had the higher PA of the three datasets
for ﬁi(RFm. When the ﬁi(RFW) is used to predict the grain yield in a known environment the three

data sets have better predictions than when we use GBLUP.
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Discussion

Our results suggest that predictions from RFW do not differ from estimations using FW when
using the full data set. RFW has the advantage of allowing the prediction of grain yield and grain
yield stability, in genotypes without phenotypic information. Our study found that the use of RFW
opens the possibility of genomic-informed selection in the early stages of the breeding program
evaluation. Early selection will allow us to select genotypes for stability during the line
development stage before we observe the first grain yield results, and test only genotypes we

expect to be stable, optimizing the use of resources by helping to spot stable genotypes early.

When we compare the predicted value of Ei(c,,1|RFW) to Ei(RFW) we observe a shrinkage
towards the mean. The predictability of ﬁi(w” rrw) values in oats 0.1 (0 — 0.2) are lower than
previously reported values of highly quantitative traits like grain yield (0.25; 0.5 — 0.75, Sandro et
al. 2024). The value predictability (0.37) for ﬁi(wlmpw) is in the range previously reported
predictive ability for stability by Neyhart et al. 2024 in Review). When we use Ei(cv1| rFw) tO

predict grain yield 0.24 (-0.05, 0.46)for barley, 0.16; (0.10, 0.21) for oats, and 0.37 (-0.13, 0.70)
for wheat, for each crop our result showed higher PA than using GBLUP, 0.07 (-0.14, 0.18) for
barley, for oats 0.08 (-0.10, 0.26) and 0.17 (-0.04, 0.40) for wheat. The predictive abilities obtained

using Ei(c,,1| rFw) to model grain yield in unobserved genotypes is similar to the predictive abilities

reported in the literature when environmental effects are included in the model (0.2-0.8, Hoefler

et al., 2020; 0.25-0.58, Lado et al., 2016; 0.65, and Rebollo et al., 2023).

Breeding programs are in a perpetual struggle to maximize the use of resources to obtain the
best possible phenotypic information in as many genotypes as possible in the shortest possible
time (Gonzalez-Barrios et al., 2019; Hoefler et al., 2020; Lado et al., 2018; Rebollo et al., 2023).

The heritability of the trait defines how intensive phenotyping is required to differentiate cultivars
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that meet the requirements for the target population of environments (Hoefler et al., 2020).
Quantitative traits demand the highest levels and quality in phenotyping (Bernardo, 2010). Grain
yield stability is a challenging trait to estimate due to the quantitative nature of grain yield and the
number of environments that are required to achieve a good characterization (Wang et al., 2023).
When designing multi-environment trials (MET) to characterize GEI, repeatable and unrepeatable
environmental factors should be considered in GEI characterization (Van Eeuwijk et al., 2016). It
is necessary to test genotypes in several environments, including a combination of locations and
years, to identify the adaptation of the genotype to the environment that is being targeted
(Gonzalez-Barrios et al., 2019; Sandro et al., 2022). The locations are considered repeatable, on
variety trials researchers usually pick research stations in their target population-of-environments
and the options to change locations are limited. On the other hand, years are not repeatable and
can be accumulated for a location, and different arranges of years and locations can be used for
GEI characterization (Kleinknecht et al., 2008). The year component is a very important part of
the environmental variance in multi-environment trials (Laidig et al., 2008). An extreme year can
greatly impact the results when the number of environments is small (i.e. < six) (Westcott, 1986).
Extreme environments in general have an important effect on the slope of the linear regression
(Westcott, 1986). Yan et al. (2015) established a method to estimate how many environments are
necessary to correctly characterize GEI. The number of environments varies based on the trait
(genetic variance, heritability), the quality of the trials (error variance, heritability), the mega
environment structure (environmental variance, heritability), and the precision threshold. In oats,
Yan et al.,(2015) found that on average 21 (15 to 34) is the number of environments necessary to
characterize GEI for grain yield in undivided mega environments (Yan et al., 2015). When mega-

environments are considered, the number of environments is reduced to between 4 and 6
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environments per mega-environment due to an increase in heritability within ME (Yan et al. 2015).
Simulation studies for physiological traits in wheat found that at least 150 environments are needed
accurately calculate stability (Wang et al. 2023). Our results are aligned with Yan et al. (2015) on

the three crops we studied ﬁi(FW) stabilizes and converges around ,[?i(FW) calculated using the full

data set after 20 to 30 environments are used in the estimation. A limitation of our results is that
we are working with breeding populations, where stable genotypes may be overrepresented due to
high selection pressure. Released cultivars went through an exhaustive process of evaluation in
several years and locations and have a proven record of good performance in the intended target
population of environments. Those lines are probably stable and consistently respond to the
environment. On the other hand, breeding lines that did not yield at the top of ranking on all
environments will show a less stable performance and therefore are discarded in the selection
process. There may also be an overrepresentation of stable genotypes in historical datasets, which

also have more phenotypic information and may cause a bias overestimating grain yield stability.

Our results show that both the number of environments and the environmental variance affect
B estimation and by extension the quality of yield prediction. After including at least 20
environments, the differences in ,[?i(FW) by adding another environment is practically not
significant. When the number of environments available is limited (i.e. between two and five
environments), it is important to use the combination of environments that will provide the
maximum variance of the means of the environments because it will give better estimation. This
implies that a breeding program can capitalize on doing stability characterization by testing in
highly informative environments into the target population of environments early on. For example,
by using two environments with a high environmental variance, a large set of genotypes can be

screened in the early stages. Also, the effect of the environmental variance suggests that selecting
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environments that maximize the environmental variance is the best strategy to extract the most
information per environment added in the early stages. As the information is accumulated and
more environments are added, the marginal improvements from single environments and their
effects are reduced, and the overall quality of the estimation increases.
Conclusions

In conclusion, when we have phenotypic information available, FW and RFW do not differ in

their values of ﬁi(FW) and Ei(RFW). Stability in new genotypes without grain yield information can

be predicted using RFW. Grain yield predictions showed higher predictive abilities when we
compared RFW to those obtained using GBLUP. Our results suggest that by adding more
environments we could improve stability estimations up to 20 or 30 environments. After the 30
environments are tested the estimations converge and do not change. Moreover, when fewer than
20 environments are available, the contrast between testing environments is the most important

factor affecting the estimation.
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Supplementary Figure 4.1. Deon’s Bi(pl Frw) Vvariation on number of environments,
environmental variance, and range of the set of environments used to estimate 'éi(pl Fw)- The red
lines represent the value of ﬁi(p| Fw)(1.05) estimated using all environments available for the line
(235 environments). a. Coefficient of variation for Iéi(Pl Fw) per number of environments used to
fit the model. b. B, |Fw) against environmental variance for the environments used to fit the
model. c. ,[?i(mpw) against the number of environments used to fit the model. d. ﬁi(p“i‘W)

environmental variance for 100 sets of 2, 5, 20, 30, 50, 100, and 200 environments used to fit the
model. e. Bi(pl Fw) against the range of environments used to fit the model.
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Supplementary Figure .2. Horsepower’s 'éi(pl Fw) Vvariation on number of environments,
environmental variance, and range of the set of environments used to fit the model. The red lines
represent the value of B, pwy (1.00) estimated using all environments available for the line (232
environments). a. Coefficient of variation for ﬁim Fw) per number of environments used to fit the
model. b. 'éi(pl Fw) against environmental variance for the environments used to fit the model. c.
ﬁi(pl Fw) against the number of environments used to fit the model. d. ﬁim Fw) environmental

variance for 100 sets of 2, 5, 20, 30, 50, 100, and 200 environments used to fit the model. e. :éi(pl Fw)
against the range of environments used to fit the model.
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Supplementary Figure 4.3. Clintland64’s ﬁi(p| Fw) variation on number of environments,
environmental variance, and range of the set of environments used to fit the model. The red lines
represent the value of :éi(PI Fw) (0.87) estimated using all environments available for the line (265

environments). a. Coefficient of variation for Bi(pl Fw) per number of environments used to fit the
model. b. 'éi(pl Fw) against environmental variance for the environments used to fit the model. c.
ﬁim Fw) against the number of environments used to fit the model. d. ﬁim Fw) environmental

variance for 100 sets of 2, 5, 20, 30, 50, 100, and 200 environments used to fit the model. e. :éi(pl Fw)
against the range of environments used to fit the model.
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Chapter 5. General Discussion

Breeding and new technologies have a role in delivering stable cultivars that are necessary to
achieve sustainable agriculture (Zhang et al. 2018; Isidro-Sanchez et al. 2020). In the years to
come, breeders will need to deliver integrative cultivars to meet farmers’ needs and adapt to the
agricultural landscape and climate challenges (Bassi et al. 2024). Across this dissertation, we
applied participatory breeding, genomic prediction, and stability indices intended to meet the
requirements of different farming systems. We aim to deliver cultivars and decision-making
information, integrating genotype by management, and genotype by environment interactions. The

goal was to improve cultivar stability as a step towards the sustainability of the production systems.

In Chapter 2 we used consultative participatory breeding to develop a winter wheat variety. This
was done by integrating farmers and final users in the process of selection. The culmination of this
collaborative breeding cycle will be the release of a new cultivar “Bickford” (experimental line
260.06). In addition, we have developed a breeding population that has promising lines to be used

as parents to the next generations of breeding lines.

The release of “Bickford” represents the work of a multitude of people and several years of
constant research. Still, this is just the beginning. Plant breeding is a continuous effort where we
select and breed new cultivars to withstand biotic and abiotic stress every year. To advance the
breeding process and genetic gain, we need to start new recombination and selection cycles every
year. We need to take advantage of the genetic resources generated in this project during the
selection process using promissory lines as parents of new cycles of selection. We need to add new
sources of disease resistance, agronomics, and baking quality to our breeding population to
increase genetic diversity and recombination. We also must shorten the breeding cycle, to reduce

the time between crosses and the evaluation of the cultivars. Also, climatic uncertainty will
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demand an increase in the speed at which cultivars adapted to new conditions are delivered (Xiong
et al., 2022). Nowadays modern breeding can accelerate the delivery of new cultivars by
integrating several sources of information, genomics, phenomics, and environmental data (Crossa

etal. 2021).

One important aspect of the cultivar “Bickford” is the integration of on-farm trials and artisanal
baking as inputs in the selection process. In our case we evaluated using artisanal baking only a
few elite lines, this evaluation happened late in the selection cycle. Artisanal baking requires a
minimum of 2.5 kg of flour, per genotype tested, and a group of bakers can test around 4 or 5
experimental lines in two days. Grain volume is limited in the early stages of the breeding cycle
and artisanal bakers' time is finite. We should find ways to improve the testing for artisanal baking
in the early stages of the breeding process with a few kilograms of seed and increase the number
of lines evaluated. There is a gap in the knowledge about how useful tests are designed to evaluate
baking quality in industrial settings to inform about the performance of artisanal baking.
Evaluating artisanal baking quality in the early stages of the breeding cycle will help to improve
the selection process and allow for the incorporation of the baking quality lines as parents early
on, which will improve baking quality genetic gain. Early testing would help us also to identify
lines that have other attributes, such as flavor and aromas that could be lost by chance or negative
association with other characteristics. To this end, we need to design testing schemes that allow
the interaction with bakers with small flour batches. Another aspect is to identify which traditional
baking tests are informative in artisanal baking, and which is the correlation structure between

traits to be integrated into the selection process as an indirect selection scheme.

In Chapter 3 we used quantitative methods to facilitate access of cultivar ranking information to

farmers from the Midwest of the United States. We integrated genomics, genotype by environment
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modeling, and historical databases to define mega environments and create a ranking of cultivars
for each mega environment to recommend to farmers. We matched the zip codes to the mega
environments and their cultivar rankings. We uploaded this information to the variety selection
tool webpage where farmers can use their farm zip code to access the list of the 10 best cultivars
for ME where the farm is located. This makes information available to any farmer with a computer
or mobile device able to access clear and easy-to-read information, thus facilitating the selection

of cultivars to be planted.

We demonstrated that historical data sets can be used to predict cultivar performance and help
farmers access information. Further work should aim to work on the extension and validation of
the farmers’ fields. On-farm trials would have three purposes, extension, validation, and adding
high-quality data. Demonstrating to farmers and extension agents that the prediction for their farms
is valid will help with the adoption and use of the tool. Validation, testing the model, and adding
the new data will help to further improve the model. Adding a network of farms will provide
improved geographical coverage which would help us to better understand the mega-environments
and how environmental variation is distributed across the region. To achieve this we should plan
a mega environment design trial (Gonzalez-Barrios et al. 2019) to integrate market-available
cultivars, and experimental lines to further improve the prediction model. If we combine this
information with environmental data (Jarquin et al. 2017), potentially will help to define the limits

and transition zones between mega environments (Bustos-Korts et al. 2021).

We modeled one trait at a time, using a multi-trait model (Crossa and Cerén-Rojas 2011;
VanRaden et al. 2014), would improve predictions for sparse traits such as disease resistance (we

do not have conditions to the expression of a particular disease every year). Finally, a prediction
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model for all relevant traits for farmers and researchers will help to accelerate genetic gain and

reduce the risk of selecting a cultivar for the farmer.

In Chapter 4 we evaluated the use of Finlay-Wilkinson random regression (RFW) and traditional
Finlay-Wilkinson regression (FFW) to analyze yield stability on different databases. We compared
the predictive ability of RFW for yield stability and grain yield on the CV1 scheme using
phenotypic information from their relatives. We evaluate the effect of the number of environments
over the stability prediction whereas a rule of thumb of over 25 environments is enough to estimate
stability accurately. This will potentially allow us to perform genomic selection in the early stages

of a breeding program.

We proposed to integrate genomic information into Finlay-Wilkinson random regression to predict
stability and grain yield. This can be incorporated into the breeding program selection pipeline
adding grain yield stability as another of the traits in the selection index (Crossa et al. 2022). How
much value is assigned to grain yield in the index will be defined by the importance of the grain
yield stability for the target population of environments. The methodology applied in Chapter 4
will take advantage of information generated by the continuation of Chapter 3 which will be useful
in continuing working on this topic. For example, incorporating on-farm trials in the RFW model
would be a valuable resource. Combining on-farm data, genomic information, and environmental
covariates in a Finlay-Wilkinson model (Piepho and Blancon 2023), would allow us to predict
yield at the regional or even farm level (if environmental covariates are in the range of the
regression (Malosetti et al. 2013). Another aspect that may be worth studying is real-time yield
prediction. Using environmental information from the first half of the growing season to predict

grain yield. This yield forecast will allow the farmer to evaluate economic margins and make an
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early decision on harvest forage or grain. Defining other traits' stability and incorporating this into

the selection indices is a new challenge that maybe is worth exploring in the future.

In conclusion, we have successfully met the objective of delivering cultivars and decision-making
tools that integrate genotype-by-management and genotype-by-environment interactions. While
these projects are not silver bullets, they represent important steps toward a more sustainable
agricultural future. We remain committed to advancing this work, continuously improving our

results, and contributing through plant breeding towards agricultural sustainability.
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