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Abstract

Climate change is a major threat to global food security, as current plant varieties used by
farmers may not adapt to new growing environments. To mitigate this problem, plant breeders
must use all available tools to speed up the development and release dimateadapted

varieties. In this dissertation, | discuss how the recent advances in crop genomics due to
improvements in sequencing technology, genome assembly methods, and computational
resources are revolutionizing plant breeding. Particuladyguie that the analysis of the

complete catalog of genetic variation of a crop can provide useful information for plant breeders.
| demonstrate that modeling this pgenome information can increase the accuracy of multi
environment genomic prediction mdslea tool widely used by breeders to develop new plant
varieties. | also show how utilizing prior information on genetic variants associated with certain
phenotypes can help simulate traits that are more realistic and relevant for breeders using digital
breeding, a tool where breeders can test many different experiments before deployment in their
breeding programs. Finallydievelopech new tool that identifies genetic variants associated

with specific environmental factors via network analysis of comdatasets available to plant

breeders.
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Chapter 1

How the pargenome is changing crop genomics and improvéimen

Summary

Crop genomics has seen dramatic advances in recent years due to improvements in sequencing
technology, assembly methods, and computational resources. These advances have led to the
development of new tools to facilitate crop improvement. The study ofwstaligariation within
species and the characterization of the-gamome has revealed extensive genome content
variation among individuals within a species that is paradigm shifting to crop genomics and
improvement. Here, we review advances in crop gec®amd how utilization of these tools is

shifting in light of pargenomes that are becoming available for many crop species.

1This research was previously published in the journal Genome Biology by BMC (Della Coletta et al. 202
https://doi.org/10.11&/s13059020-022248) in collaboration with Yinjie Qiu, Shujun Ou, Matthew B. Hufford
and Candice N. Hirsch. | have permission from myaathors to use this work in my dissertation. Della Colett
et al. (2021) is an opeaccess article distributed undbe Creative Commons Attribution License.

Author contributios: RDC, YQ, SO, MBH, and CNH wrote the manuscript. All authors read and approved
final manuscript.



Introduction

Crop improvement is needed now more than ever elitllenges associated with feeding an
everexpanding population under increasingly variable growth conditions. The ability to produce
crops that meet societal needs is enhanced by a thorough understanding of the genome of a
species. Genomic resources expéme toolbox available for plant breeding and crop

improvement efforts. Various tools have risen in popularity for plant breeding, in some cases as
shortlived bandwagons and others as paradigm shifts in crop imprové@esnardo, 2016;

Tropical Agriculure Association, 2019Within crop genomics, advances relevant to crop
improvement have primarily been in marker (e.g., lllumina single nucleotide polymorphism
(SNP) chips, kompetitive allelgpecific PCR (KASP) assays, genotypingsequencing (GBS))
andsequencing (e.g., lllumina, PacBio, Nanopore) technology. Recent innovations are driving a
paradigm shift in which the extent and relevance of structural variation within thgepame of

crop species are now being considered.

Access to plant genome assblies in the early 2000s revolutionized thinking about the biology
of crops and plant breedirfgrabidopsis Genome Initiative, 2000; International Rice Genome
Sequencing Project, 2005; Schnable et al., 20083se early assemblies allowed for a deeper
understanding of the diversity in plant species, primarily at the level of 8Bi?e et al., 2009;
Hamilton et al., 2011; McNally et al., 2009; Robbins et al., 20a&jvever, after a short while,

it became obvious that singteference assemblies represenly a small fraction of species

wide genomic spadd. E. Anderson et al., 2014; C. N. Hirsch et al., 2014; Y. H. Li et al., 2014;
Springer et al., 2009Extensive structural variants (SVs) (e.g., presatxsence variation

(PAV), copy number variatio(CNV), and chromosomal rearrangemeifigjurel) were

discovered, with thérst two classes contributing to the variation in genome content. Within
species, genomes vary in both gene content (e.g., tandem duplicated genes, CNVs dispersed
throughout the gnome, and PAVs of genes) and repetitive portions of the genome (e.qg.,
transposable elements, knob repeats, centromere repeats). In characterizing this variation, the

genomic fraction common to all indivindmeal s

and the variable fraction the fdispensabl eo

Wi
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There are many mechanisms that can generate a structural variation. For example, transposable
elements (TEs) can replicate themselves in a genome and can also capture and carry gene
sequences to negenomic locationgFedoroff, 2012; Jiang et al., 2004; D. Zhao et al., 2016)
This process can cause significant disruption of the coding portion of the géredoeofT,

2012; D. Zhao et al., 2016Additionally, structural variation can li@roduced through errors
during meiotic recombinatiofHastings et al., 2009%uch as noallelic homologous
recombination (unequal recombinatiofandeaudNelson et al., 2006)and doublestrand break
repair via singlestrand annealingMufiozAmatriain & al., 2013) Finally, PAVs can be created,
especially in plants, through differential genome fractionation across genotypes following a
whole-genome duplication eve(freeling et al., 2012galthough in maize, a paleopolyploid, it
was shown that this phemenon played a limited role in creating SVs among elite temperate

germplasn(Brohammer et al., 2018)

The generation of multiple, referengaality genome assemblies per crop species is now a

reality (Alonge et al., 2020; Yucheng Liu et al., 2020; J.9dng et al., 20200ur way of

thinking about crop genomics is changing as we gain a deeper understanding of the structural
variation within the paigenome. Initial efforts to dissect the genetic architecture of traits (e.g.,
QuantitativeTrait Locus (QTL)mapping andsenomeWide AssociatiorStudies (GWAS)) and
genomic prediction efforts have relied primarily on SNP markers. The structural variation that
has been uncovered in the pggnome era necessitates a reevaluation of the determinants of
phenotype. @ date, structural variation has already been associated with environmental
adaptation such as tolerance of abiotic and biotic st@&®sk et al., 2012; Knox et al., 2010;

Maron et al., 2013; Sutton et al., 20@nd flowering timgNitcher et al., 2013\Virschum et

al., 2015) for an extensive review, sd@o et al.(2019) Additionally, plant domestication traits
such as noshatteringLin et al., 2012)and changes in plant architectifan et al., 2008; Y.

Zhou et al., 2009jre caused by SVs. Forexnp|l e, a TE insertion ~ 60 |
maizetbl gene played an important role in changing maize architecture during its domestication
(Studer et al., 2011)n fact, SVs in noftoding regions have been shown in many instances to
influence gene expssion of nearby genéS. Huang et al., 2018; Q. Yang et al., 2013iven

the breadth of traits affected by SV, their characterization is important for crop domestication

and improvement and will facilitate future efforts in these areas.



Crop genomics Hatransitioned from the era of a single reference genome to a time when we
now have access to tens or hundreds of refergnabkty genome assemblies within a species
(Tablel). This article reviews previous crop genomic efforts relevant to crop improvemen
expected advances in light of recent progress in characterizing structural variation at the pan

genome level.
Assembly and bioinformatic advances allow characterization of crop pagenomes

Advances in crop genome assembly technology

Over the last twalecades, advances in sequencing technology and assembly algorithms have
profoundly affected our understanding of the complexity and structure of genomes. Crops were
among the first species with assembled genomes given their economic importance and the
relevance of genomic information to breeding. The earliest model crop genomes were assembled
with Sanger sequencing, BAG/-BAC approaches, and overkgoyoutconsensus (OLC)
assemblers- e.g., rice(International Rice Genome Sequencing Project, 20@8)ze(Schnable

et al., 2009)sorghumPaterson et al., 2009oybear{Schmutz et al., 2010and grap€Jaillon

et al., 2007)Subsequent crop reference genomes increasingly relied cgerextation
sequencingd.g., potato Potato Genome Sequencing Consori al., 2011)vith some

assembled entirely from pair@hd and mat@air lllumina data and de Bruijn graph approaches
(e.g., barley, wheat International Wheat Genome Sequencing Consortium (IWGSC), 2018;
Mascher et al., 2017These cropeference assemblies were, in many cases, rapidly followed by
large resequencing studies in which shiedd data were generated for additional individuals and
mapped to the reference to characterize spéewes diversity (e.g., ricéX. Huang et al., 202;

Wang et al., 2018; X. Xu et al., 201 hpaize(Gore et al., 2009s0ybear(Lam et al., 2010Q)

Within the last 5years, the reduced cost of lllumina sequencing and improved assembly
algorithms facilitated de novo assembly of multiple accessions gemsing lowcost short
read data- e.g., maizePH207(Candice N. Hirsch et al., 201,6haizeW22 (Springer et al.,
2018) maizeHZS (C. Li et al., 2019)maizeFlint genomegHaberer et al., 2020)ice genomes
(Schatz et al., 2014; Q. Zhao et al., 2058ybean genom4¥. H. Li et al., 2014) While this

approach has generated highly complete and contiguous assembliescoplpgenic regions,



the more repetitive, THch regions of the genome have proven recalcitrant to assembly with

short reads, re#ing in numerous gaps and partial assembly in these regions.

Recently, the maturation of lofrgad technology has facilitated much more contiguous and
complete assembly of crop genoniBslser et al., 2018; Yinping Jiao et al., 2017; J. Liu et al.,
2020;VanBuren et al., 2020; N. Yang et al., 2048y, in some cases, multiple lerepdbased
assemblies within a single spec{@donge et al., 2020; Yucheng Liu et al., 2020hese

assemblies are already facilitating discoveries of the relevance -@ddng and regulatory

variation to agronomic traits, among other important discov@@eSong et al., 2020; P. Zhou et

al., 2019) Sequence data continues to improve rapidly with sequence output increasing steadily
and error rates decreasing (e.g., PacBie Horaries), thereby diminishing the cost of assembly
and increasing the utility of loagead assemblies for uncovering agronomically relevant

variation across lines within crop species.

Characterizing structural variation based on a single referencegen

Methods to detect structural variation began to appear shortly after the publication of the first
genome assemblies and have continued to develop as sequencing technologies have advanced
(for comprehensive reviews, see Ho et al., 2019; Kosugi e0dl9)ZEarly efforts to

characterize CNV/PAV across species relied on hybridization arrays (e.g., comparative genomic
hybridization (CGH)) that were based on probes often designed using only sequence from an
initial reference genome assemfly E. Andersomt al., 2014; MuficAmatriain et al., 2013;

Springer et al., 2009While arraybased approaches are relatively inexpensive and high
throughput, they do have limitations. For example, once an array is developed, it is a static
instrument, and newly idefied loci of interest are not characterized. Additionally, when probes
are based on a single reference sequence, ascertainment bias can be observed (i.e., hybridization

efficiency diminishes when samples are more divergent from the reference individual).

As shortread resequencing decreased in cost and became commonplacegevitoie

sequencing (WGS) approaches were more frequently used to characterize CNV/PAYV in crops
(Bai et al., 2016; Chia et al., 2012; Mace et al., 20IB¥se approaches for detectDyV/PAV

fall into three main categories: read depth, read pair, and spli(Aéamuh et al., 2011)With

readdepth methods, short reads are mapped to a reference, and the relative depth of sequence at



a locus serves as a proxy for copy number in a givéinidual (Alkan et al., 2011)Readpair
methods identify CNV/PAV based on discrepancies in the distance betweengraired
sequences relative to their distance in the reference ass@kiian et al., 2011)Split-read
methods detect SVs that interrdpé sequence within short regédkan et al., 2011)

The use of wholgenome sequencing allowed for characterization of a greater breadth of
variants than hybridization arrays, but this approach suffers similar limitations: (1) sequence
from loci that ae missing in the reference genome due to either incomplete assembly or true
biological absence does not map and remains uncharacterized, (2) divergent reads map less
efficiently, and (3) uneven coverage bias of sead sequencing can result in inaccigsic

(Ross et al., 2013Yhese shortcomings have been addressed to some extent through the
assembly of unmapped reg@olicz, Bayer, et al., 2016; C. N. Hirsch et al., 2044l through

the use of pseudeeferences in which linrgpecific SNPs are introded into the reference to
increase mapping efficiengizemmon et al., 2014 Characterization of structural variation in

the repetitive fraction of the genome is particularly challenging with shad resequencing

data because mapping and assembly of ppe reads are particularly inefficient and unreliable

in these regions.

New approaches have rapidly developed for CNV/PAV characterization that leverage recently
developed library preparation techniques and the maturation of-simujézule, longead
seqiencing(comprehensively reviewed in Ho et al., 201F)r example, connectaedolecule
approaches (10x, HL, StrandSeq) can characterize lomgnge information using short reads
through the development of specialized libraries of linked reads. Simgjécule approaches
(optical maps (e.g., Bionano) and lerepd sequencing, such as PacBio and Oxford Nanopore
Technologies) allow for alignment of sequences from multiple individuals and, because of read
length, enable characterization of sequences missitiggireference genome. Both of these
approaches allow for the characterization of snaadtl intermediatsized SVs. Large SVs (i.e.,

> 1 Mb) are more effecti v é¢elgylLewdakimenat t2@&9)i z e d
Collectively, these innotens have led to the most comprehensive characterization of
CNV/PAYV to date(Elyanow et al., 2018; Sedlazeck et al., 20H)wever, the underlying data

are still relatively expensive and must be generated at high depth for confident calls, making

them inpractical at the scale in which crop improvement programs often operate.



Characterizing structural variation through creation of a pgenome reference

Access to multiple referenaguality genome assemblies within a species provides opportunities
to identfy SVs in a norreferencebiased manner. However, a number of challenges arise in such
an approach. First, several crop species have large, complex genomes, making numerous
assemblies per taxon cost prohibitive. To overcome this limitation, a small nofriireeding
program founder individuals, which capture the majority of segregating haplotypes, can be
targeted for genome assembly and identification of relevant SVs. Second, while multiple
assemblies will reduce reference bias, assembly errors can kkaddietection of false SVs and
compromise downstream analysis, particularly when de novo assemblies are generated using
different data types or assembly algorithms. A third challenge is the consolidatiors of pan
genome variation into a single referenceaordinate system, a useful step for the analyses of
the biological significance of SVs in crop species including QTL analysis, GWAS, and genomic

prediction.

Several methods exist for summarizing SV information in agemome context. One approach

is to map resequencing reads to a reference genome, de novo assemble unmapped reads, and add
the assembled contigs to the reference assembly (known as the-papapproach)Golicz,

Bayer, et al., 2016; Z. Hu et al., 2020his strategy can minimize errors eyploiting the

information already available from a higjuality reference genome and limit the coordinate
consolidation issue, but the genomic locations of newly assembled contigs remain unknown
without further analysis. A second alternative is the ¢ansbn of a graptbased rather than

linear reference genonf&he Computational Pa@enomics Consortium, 2018 this

approach, any variant (SNP or SV) is added to the reference as a node at the genomic location
where it is discovere@Garrison et al., @18; Rakocevic et al., 201Recently, a hybrid

approach between linear and grdydsed reference genomes has been developed to build on the
strengths of these methods. In this approach, reads are first mapped to-laagepgenome,

and haplotypes aressociated with one of the reference genomes used to build the graph. Reads
are then realigned to this genome leading to more accurate mapping than tHeagebh

approach alongGrytten et al., 2020¥For detailed descriptions of each method, and their

advantages and disadvantagsse Golicz, Batley, et al., 2016; Sherman & Salzberg, 2020)



Relevance of transposable elements to crop improvement

As pangenomes become widely available for crop species, TEs, a driver of structural variation,
will receive increasing attention in crop improvement. Plant genomes (including crop species)
are particularly rife with TE¢Elliott & Gregory, 2015)and therelevance of TEs to crop
phenotypes has been repeatedly demonstrated. Transposable elements can be functionally
relevant in a number of ways including modifying the structure and amount of gene product that
is transcribedFigure 2 ; Alonge et al., 2020)hCet al., 2003; C. D. Hirsch & Springer, 2017; C.
Huang et al., 2018; Jiang et al., 2004, 2011; Lewsey et al., 2016; Makarevitch et al., 2015;
Morgante et al., 2007; Studer et al., 2011; Wessler, 188t )example, in maize, a Harbinger

like DNA transposn represses the expression of ZneCCT9gene to promote flowering under
long-day conditiongC. Huang et al., 2018)n rice, a Gypsy retrotransposon has been shown to
enhance the expression of isFRDL4gene and promote aluminum toleraifgekosho etl.,

2016) Two Copia retrotransposons independently inserted into the promoter region of the
orangeRubygene, resulting in its enhanced expression and driving convergent evolution of the
blood orange traiiButelli et al., 2012)Finally, a Copia retroémsposorRiderhas created
polymorphism in th&UNlocus resulting in the oval shape typical of the Roma tomato variety
(Jiang et al., 2009; Xiao et al., 2008)espite their prevalence and relevance to agronomic

phenotypes, TEs have, until recently, b&egely ignored in crop improvement efforts.

TEs create the majority of insertions and del
of Il arge I nDel s (i .(Alangeet@l., 20208nd sopbpalvucheny lauteh t o ma
al., 2020)pangenones consist of at least one TE. Across four maize lines, there is greater than

1.6 Gb of TE sequence that was found to segregate in just this narrow subset of gg®otipes
Anderson et al., 20195enomewide variation in TE content at the species léasd, until

recently, been difficult to characterize because, as described above, the repetitive fraction of
genomes has historically been poorly assembled, and there are challenges with accurate read
alignment to these regions. Methods to characterizati@miin TE content using sheread data

(Nelson et al., 2017gnd wholegenome comparisor{S. N. Anderson et al., 2018)e emerging

and will help provide access to a new level of functional variation underlying agronomic

phenotypes.



Once TE sequencese captured in de novo genome assemblies, a critical remaining challenge is
an accurate annotation to the family level. Three general approaches are used. The first is
homologybased using existing TE databases such as Refbaset al., 2015and RMITE

(Chen et al., 2014)This approach is quick because it uses annotations from other species, but is
limited by the availability of such information and the extent to which TE sequences are
conserved across spec{& Ou & Jiang, 2018)The second approads based on the copy

number of sequencéBlynn et al., 2020; Girgis, 2015; Price et al., 2088 is relatively fast

and sensitive for the identification of higlopy number repeats. However, the specific

annotation of a sequence is unknown (i.e.,a@lemsild be large gene families, TEs, other types of
repeats), and lowopy TEs are often missed. The limited classification information provided by
this approach hampers biological inference and utility for crop improvement. The third approach
is the de nwo identification of TEs based on structural features. Structural annotation does not
rely on existing TE libraries and is very sensitive. This method depends critically on knowledge
of the diagnostic structural components of TEs and, when this knowkedg®mplete or

imprecise, can result in inaccurate annotafldoen et al., 2015Recently, efforts have been

made to combine these approaches into a comprehensive solution for TE annotation. Such
pipelines incorporate structural and homology informatiepetitiveness, existing TE curations,
and extensive filtering to generate highality de novo TE annotations. Methods developed

based on this approach include ED{®& Ou et al., 2019nd RepeatModeler&lynn et al.,

2020) Comprehensive TE annotatiof high-quality pangenomes will allow us to further

explore their varied roles within crop genoni8sitzer et al., 2019nd to link TE variation, a

pervasive form of SV, to phenotypes with agronomic relevéidoeninguez et al., 2020)
Advancing QTL mapping and GWAS using crop pangenomes

Two main approaches are used to identify genomic regions associated with a desired phenotype:
QTL mapping with biparental populations and GWAS with panels of diverse individuals. Early
crop reference genome assemblaslitated the development of platforms (e.g., lllumina SNP
chips) that allow for rapid, cosiffective genotyping of thousands or millions of SNPs across

large sets of individuals. This increase in marker density dramatically increased resolution in
mappng studies, which aided in the identification and cloning of QTLs associated with disease

resistance, drought tolerance, yield, plant architecture, and other important agronomic traits



(Kumar et al., 2017)With these marketrait associations identifietyreeders can use linked
markers to select the best plants in a population without extensive phenotyping, either as
functional markergYanan Liu et al., 2012)r through markeassisted selectiofCollard &
Mackill, 2008)

One major concern in QTL mapping GWAS based on a single reference genome is reference
bias(Gage et al., 2019Jf variants associated with a trait are not present in the reference

genome, then QTL mapping or GWAS will not be able to detect tkégnre3a, b). For

example, a maize ge conferring resistance to sugarcane mosaic virus could be identified by
GWAS using markers based on the B73, but not the PH207, genome assembly, because the gene
was not present in the PH207 assenf@gge et al., 2019 his situation is further exacexted

with more diverse germplasm (i.e., secondary gene pools), making it difficult to identify

causative variation and bring it into the germplasm of breeding programs. A further problem is

that true deletions relative to a reference genome are indistirajle from missing data due to
technical problems (e.g., low sequence coverage). Imputation of allelic variants across true

deletions can result in decreased power to detect a significant assoétagime 3c).

QTL and GWAS studies have primarily relied on SNP data to date, but other markers have been
useful in linking different types of variation to phenotype. For example, GWAS performed with
both read depth variants (RDVs, a proxy for SVs), and SNPs in maizend&ated that RDVs

were enriched for significant GWAS results relative to SNPs for traits such as leaf development
and disease resistan@hia et al., 2012)Similarly, in a largescale GWAS using transcript
abundance as a marker, gene associationswéthe development traits were identified that

were not detected by GWAS using SNEs N. Hirsch et al., 2014While read depth and

transcript abundance variants were useful in the initial efforts to assess the importance of SVs to
phenotypic variationthey do not capture the complete structural variant landscape within a
population. For example, read depth variants can only capture SVs that are present in the
reference genome (e.g., insertions relative to the reference are not evaluated), leadiogdo a s
reference bias and an incomplete picture of the relationship between SVs and phenotypes. RNA
seq is focused only on transcribed regions, is dependent on what tissues and developmental
stages are sampled and can be driven by both allelic variatiegutatory regions and true

structural variation.
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As the crop improvement paradigm shifts to a-ganome perspective, the contribution of SVs

to trait variation is becoming clear. RecentlyBirassica napusGWAS was performed with
PAVsidentified from eight wholgenome assemblies, and causal associations between SVs and
silique length, seed weight, and flowering time were discovered that were not captured-by SNP
GWAS. Likewise, GWAS based on the graph soybeanrgesome identified a PA¥ssociated

with variation in seed lustél¥ucheng Liu et al., 2020)n peach, candidate causative SVs for

early fruit maturity, flesh color around the stone, fruit shape, and flat shape formation have also
been observefluo et al., 2020)However, our nderstanding of the importance of SVs to
phenotypic trait variation is still in its infancy. As technology and algorithm advancements allow
for the complete SV landscape to be characterized at the scale of breeding programs and
incorporated into a grapiesed framework, it is anticipated that we will see a growing number

of SVs underlying phenotypic variation important for crop improvement.
Advancing genomic prediction using crop pargenomes

A number of important traits for crop improvement are controlietchbny QTLs with small

effect (e.qg., yield). A complex genetic architecture makes it difficult to identify all QTLs
underlying a trait, correctly estimate their effects, and introgress them into elite lines using
methods such as markassisted selectiofBernardo, 2008; Dwivedi et al., 2007; Y. Xu &
Crouch, 2008)Genomic selection is an alternative approach for complex traits, where marker
effects are estimated from a training set, the phenotype of an individual is predicted based on the
estimated markegffects (i.e., genomic prediction), and selections are made based on the
predicted phenotyp@.orenz et al., 2011 Regression and Bayesian approaches for genomic
prediction were first described in the early 2000s and revolutionized animal and plamdpreedi
(Meuwissen et al., 2001Using SNPs as predictors, important agronomic traits such as grain
yield, grain moisture, grain quality, biomass traits, and stalk and root lodging have been
predicted with fairly high accuradplbrecht et al., 2011; de Olive et al., 2018; Heffner et al.,
2011; Jarquin, Kocak, et al., 2014; Kadam et al., 2016; Massman et al., 2013; Technow et al.,
2014)

Traditionally, SNPs identified relative to a single reference genome have been used for genomic

selection. However, as dzied above, there are a number of limitations and biases that are
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introduced with the use of a single reference for such applications. New approaches for
identifying markers within a pagenome framework are needed to improve prediction accuracy.
The Pratical Haplotype Graph (PHG) is one such method that successfully deals with the
compl exi ty odenome a theescale aexdassany fmmcomplex traits and plant breeding
programgJensen et al., 2020n the PHG approach, existing genomic resosiafebreeding

program founder lines (e.g., whadenome resequencing data and/or wviggerome assemblies)

are loaded into a graghangenome database. Accurate imputation of-fmguence&overage
individuals (as low as 0.01x coverage) in the breeding ptipalis achieved based on

consensus haplotypes derived from the giaamgenome database. The PHG is a promising
strategy for reducing the costs of genotyping, while also capturing a greater breadth of diversity

in large breeding populations.

A major issle in genomic prediction is that genotype by environment (GXE) interactions

decrease the prediction accuracy for individuals grown in novel environments. Statistical models
that account for GXE have been designed to attempt to overcome this lin{iBatrgoerio et al.,

2012; Heslot et al., 2014; Jarquin, Crossa, et al., 20dehrporation of SV data in such

prediction models may further help to address issues of GXE in genomic prediction accuracy,
because these variants have been shown to play a palyicoportant role in adaptation across
environments. Not all SVs will be tagged by SNEhkia et al., 2012; Stuart et al., 2016; N. Yang

et al., 2019|nd phenotypic variation driven by untagged SVs will be missed by prediction
models. For example, Lyra al. found that predictive ability for maize plant height under low
nitrogen increased when adding just (Lgradtew hun
al., 2018) However, while adding these additional markers may result in higher predictive
acairacy, their addition may not be practical in breeding programs at the moment, as they require
novel data generation and analysis infrastructure. Breeders need to balance the costs of scoring
different markers with the increased efficiency of genomic ptish and genetic gain. For the

time being, structural variation information from a gggemome will be most readily used by

breeders if existing SNP genotyping technology includes markers in strong linkage

disequilibrium (LD) with phenotypically importa&Vs. For SVs not tagged by SN{&hia et

al., 2012; Stuart et al., 2016; N. Yang et al., 20&Baracterization of these variants using novel

approaches is only prudent if the genetic gain is large enough to justify the increased cost.
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Future challenges ad opportunities in applications of pangenomics for crop improvement

Beyond the promise that recent genomic advances offer for characterizing diversity in model
crop systems and for improvement of trait mapping and prediction, they also present
opportunites to tackle difficult and understudied crop genomes and could potentially enable

novel, geneediting approaches to breeding.

Complexity of polyploid genomes

Allopolyploidy (the result of interspecific or intergeneric hybridization and chromosome
doubling and autopolyploidy (the result of whedgnome duplication) are particularly common
in plant speciefBretagnolle & Thompson, 1995; Ramsey & Schemske, 1988act, all
angiosperms have undergone at least two rounds of polyploidy in their evolutiistary
(Yuannian Jiao et al., 201IMany have returned to a diploid state, bearing remnants of this
evolutionary history in their genomé@#/olfe, 2001) As a natural mechanism, polyploidization
can increase allelic diversity, expand the complement ddgyayenerate novel phenotypic
variation, and aid in adaptation to new environmé@tew & Wagner, 2006; Soltis et al., 2016)
Taking advantage of this, plant breeders have also generated artificial polyploids resulting in
increased grain yiel(Rosyara eal., 2019) fruit size(Wu et al., 2012)and seedless fruit

(Varoquaux et al., 2000)

While polyploid crops are vitally important to sustain human life, genomic studies in these
species have traditionally been very challenging for a number of reasghsquility genome
assembly of polyploid species has been difficult to achieve due to their inclusion of multiple,
closely related subgenomes and the associated challenges in discriminating homeologous loci
and creating nomosaic subgenome scaffoldadure 49. Many have resorted to sequencing
diploid progenitord D6 Ho nt edr cloadly related2speti€@@dptato Genome Sequencing
Consortium et al., 2011; Shulaev et al., 20dflpolyploid crops in order to reduce genome
complexity when generatingitial reference assemblies. However, closely related diploids fail
to capture lineagspecific SNPs, SVs, and other forms of variation that have accumulated post
polyploidization(Gordon et al., 2020Beyond these difficulties in genome assembly, genomic
approaches to polyploid crop improvement face further complications: (1) dissection of the

genetic architecture of complex traits can be confounded when variants are not mapped to the
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correct subgenom@Eomai, 2005; Ramire@onzalez et al., 20183 technial limitation, and (2)
biologically, the more extensive epistatic interactions in polypl(Bitsl et al., 2018; Renny
Byfield & Wendel, 2014pand regulatory feedback between subgenomes can complicate the
accurate prediction of phenotype based on gendifmmdhouse et al., 2014figure4b).

Advances in sequencing technologies and assembly algorithms are already addressing technical
challenges in crop genomic research in polypl¢idgiakidou et al., 2018)Longread

sequencing with low error rates (e.g., PacBio HiFi reads) has madgundjty polyploid

genome assembly possible, with recent assemblies containing fewer gaps and resolved
homeologous scaffoldsigure 43. Longread assemblies now exist faolyploid crop species

such as pean@Zhuang et al., 2019jvheat(International Wheat Genome Sequencing

Consortium (IWGSC), 2018pilseed(J. M. Song et al., 2020and strawberryEdger et al.,

2019) In some instances (e.g., potégyriakidou et al. 2020), multiple genome assemblies

already exist within species. Nascent polyploid-ganome studies are uncovering substantial
diversity across species. For example, the de novo assembly of a single wheat cultivar captured
107,891 genes,andamppan assembly of 17 additional cul ti
geneqInternational Wheat Genome Sequencing Consortium (IWGSC), 2018; Montenegro et al.,
2017) As pangenomic studies expand in polyploid crop species, we expect that, due to genomic
redundang and complexity, the degree of structural variation within polyploid species will be
greater than that observed in diploid species, and SVs may be particularly fruitful markers for
genomic approaches to polyploid crop improvement. Technical progresemiasg polyploid
genomes (e.g., improvements to haplotype and homeolog phasing) should facilitate basic,
biological study of the differences in the genotypghenotype map between diploids and

polyploids, knowledge of fundamental importance to theréuti polyploid crop improvement.

Genomic resources for understudied crop species

For understudied crops, pgenomeassisted breeding efforts remain limited due to the small

size of the research communities for these species and, in some cases, daieaitetiges

associated with genome complexity. For the majority of understudied crop species, transcriptome
assemblies are currently used as a proxy to the genome for improvement efforts. One such
example isSilphium integrifoliuma species with a largegome size 2= x2 14; hapl oi d
genome s Gh\an Tadsel et al.920LTxhat is currently being domesticated into an oil
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crop. Through transcriptome assembly and resequencing of 68 wiltegrifoliumaccessions,
several loci associated wittdaptation to different climate conditions were identifiedduski et

al., 2020) While SNP data helped identify loci under selection, structural variation, an important
source of local adaptation, remained uncharacterized. PennyEndsspj arvenskeis another

species that is currently being domesticated for use as an o{iS®dprook et al., 2014While

it has advanced from an initial transcriptome asserfibdyn et al., 2013)o a full genome
assemblyDorn et al., 2015)access to pagenome varigon is not yet available, despite the
relatively small size (539 Mb) and simple gen
crops are further examples of understudied crops with limited genomic resources. Perennial
ryegrassl(olium perennghasa fragmented draft genoniByrne et al., 2015which may not be
sufficient to enable pagenomic research within the species. For other turfgrass species, such as
hexaploid hard fescu&éstuca brevipilg longread sequencing of the transcriptome has bee

used as a proxy of the reference genome, but it remains difficult to distinguish homeologs using
this approacltiQiu et al., 202Q)

While pangenomic studies may be in their infancy in frondel crops, it is anticipated that

rapid advances in sequencirgsembly algorithms, and analysis pipelines in model systems and
diminishing costs will very quickly enable this research. The time from publication of the first
rice genome assembly to release of the first riceqearome was ovex decadé€international

Rice Genome Sequencing Project, 2005; TahlgVE) anticipate that theevelopment of

genomic resources, including pganomes, will now be much more rapid. Indeed;gamomic
studies have already been publishe@apsicum(pepper) anduglans(walnut) gecies(L. Ou

et al., 2018; Trouerdrend et al., 2020)and others will soon follow.

Rapid domestication of new and existing species

The recent availability of higlquality genomes and pajenomes has enabled a new era of crop
domestication. With pagenane information, breeders can more effectively identify causal
genetic variants (e.g., SNPs, CNV, PAV) underlying domestication traits and applgdjeng
tools to rapidly achieve desirable agronomic traits in wild plants. For example, the tomato pan
gerome has revealed that variation at the fruit weight @¥2.2is caused by tandem

duplication of the cytochrome P450 geSIKLUH (Alonge et al., 20200ather than a SNP in the
genedbds promot er(Dansetap, 20d3HCRSPRICasOaené edieng to reduce the

15



copy number of th&KILUH gene successfully altered fruit weight, a crop domestication
phenotypgAlonge et al., 2020)Similarly, by using resequencing data and a-tagpan

approach, Gao et al. conducted a comparanalysis of 725 cultivated tomatoes and close wild
relatives, uncovering gene loss during tomato domesticé@an et al., 2019)urther

enrichment analysis suggested that defense response genes and nearly 1200 promoter sequences
were targeted by &ection during domestication and improvemg@ago et al., 2019)A non
reference ~ 4 KdnLox@pioreoter regor wae atso discovered gat modifies

fruit flavor (Gao et al., 2019)These variants that distinguish crops from their wildtrets are

prime targets for gene editing for rapid domestication.

Domestication has greatly reduced the genetic diversity of crops compared to their wild relatives
(Hufford et al., 2012)ldentifying and utilizing genetic diversity from crop wild relasveas

been a major focus in crop improvem@at Hu et al., 2015; Mirzaghaderi & Mason, 2019)
Together, paigenome information and CRISPR/Cas9 technologies enable de novo
domestication of wild plants and can reduce barriers to the use of genetic véirzation

secondary and tertiary gene pools (wild relatiégrnie & Yan, 2019; Gratacap et al., 2019)

For example, Zsdgon et al. edited six loci in wild tom&ol@num pimpinellifoliugand

significantly increased its yield, productivity, and nutritiomalue resulting in de novo

domestication of tomat@Zsodgon et al., 2018)

In summary, the complete catalog of variation that has been made possible by recent genomic
technology and a pagenome approach presents a substantial opportunity for crop impmiveme
We can, not only move beyond singkferencebased resequencing in model crops to a full
understanding of structural variation and its link to phenotype, but also tackle complex,

polyploid genomes, rapidly move understudied crops into the genomaneraying down

barriers between crops and their wild relatives so that breeders can more easily expand their tool
kit to include exotic germplasm. While further infrastructure and method development is

necessary to fully realize this potential, there paeadigm shift in the making
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Tablel. Summary of plant species with pganomes currently availabl

Species

Brachypodium distachyon

B. distachyonBrachypodium
hybridum Brachypodium stacei

Medicago truncatula

Oryza sativgAsian rice)

O. sativa(Asian rice)

O. sativdOryza rufipogon(Asian
and common wild rice)

O. sativa(Asian rice)

O. rufipogorO. nivardO.
barthii/O. glaberrima(wild rice
and African rice)

Juglansssp. (walnuts)

Estimated mean Method for pan- Number
DNA amount (C- genome of
valuep construction accessions

B. distachyon 0 . | De novo assembly |54
B.stacei 0. 28

B. hybridum 0. 6
Y De novo assembly | 57

0.47 pg De novo assembly | 15

O. rufipogon 0 . 4 Iterative mapping an( 1483

O.nivarg 0. 4 7|/ assembly

O.barthi, 0. 60

0. glaberrima Map to paf 3010

0.53 pog

O.sativa 0. 50 pengyg assembly | 66
De novo assembly | 12
De novo assembly | 4

0.64 pg De novoassembly | 6

Sequencing
method

lllumina HiSeq
lllumina HiSeq
PacBio

lllumina HiSeq
lllumina HiSeq
lllumina HiSeq
PacBio

lllumina HiSeq

PacBio

PacBio

lllumina HiSeq

Reference

Gordon et
al., 2017

Gordon et
al., 2020

Zhou et al.,
2017

Yao et al.,
2015

Wang et al.,
2018

Zhao efal.,
2018

Zhou et al.,
2020

Ma et al.,
2020

Trouern
Trend et al.,
2020
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Species

Malus domesticdM. sieversiiM.
sylvestris(apple and wild apple

progenitors)

Brassica oleracegBrassica
macrocarpa(cultivated and wild

cabbage)

Brassica napugoilseed)

Solanum lycopersicuiftomato)

Glycinesoja(wild soybean)

Glycine maxsoybean)

Zea maygmaize)

Estimated mean
DNA amount (C-
valuep

M. domestica O .

M. sieversij 0.

M. sylvestris O .

B. oleracea O .

B. macrocarpanot

Method for pan-
genome
construction

Number
of
accessions

{ lterative mapping ant 91

7

available

B.napus 1. 10.
1. 06. pg
G.sojg 1. 10.
G. max 1.13.
2. 7.pg

7  assembly

assembly

Map to pafl

Map to pafi

De novo assembly

De novo assembly
De novo assembly
Novel transcript

assembl§y

De novo assembly

9 | Iterative mapping an( 10

725

100 (14
assembled

29

503

Sequencing
method

lllumina HiSeq
PacBio

lllumina HiSeq

lllumina Hiseq
PacBio

llumina
NextSeq

lllumina
NextSeq
Nanopore

lllumina HiSeq
lllumina HiSeq
PacBio

lllumina HiSeq

lllumina HiSeq

Reference

Sun et al.,
2020

Golicz et al.,
2016

Song et al.,
2020

Gao et al.,
2019

Alonge et al.,
2020

Li et al.,
2014

Liu et al.,
2020

Hirsch et al.,
2014

Haberer et
al., 2020
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Species Estimated mean
DNA amount (C-
valuep

Capsicum annuurgpepper) 3.16.pg

Helianthus annuuésunflower) 3. 6 7. p g

Triticum aestivunf{bread wheat) 24 . 6 5. p g

Method for pan- Number
genome of
construction accessions

Iterative mapping an( 383
assembly

Map to pafi 493

Iterative mapping an( 19
assembly

Sequencing
method

lllumina HiSeq

lllumina HiSeq

lllumina HiSeq

Reference

Ou et al.,
2018

Hibner et
al., 2019

Montenegro
et al.,2017
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Figure 1 Diagrams of structural variants that can be found in crop genomes
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Figure 3 Impact of pargenome representation on dissection of quantitative variation and

applications to crop improvemeiat) Mapping reads to a single reference genome assembly (left)

or a pargenome graph (right) that captures structural variation in the spleriegpact of the

read mapping method (single reference assembly vsggaome graph) and subsequent variant

calling on the ability to dissect the genetic architecture of a t)aitauses for lack of

identification of significant regions of the genome using variants called by mapping reads to a

single reference genome assemiMethods breeders can utilize to exiphewly identified

variants involve markeassisted selection (MAS) and/or genomic selection (GS), inserting

sequence through a transgene, or making other changes to a causative region with genome

editing
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Figure 4 Impacts of technological advances to facilitate crop improvement in polyploid species.
a) Impact of sequecing technology on polyploid assembby.Example of how understanding of
a biological process is facilitated by having structural variation within subgenomes resolved

beyond simply characterizing the number of copies in the genome
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Chapter2

Linking genetic and environmental factors through marker effect networks to

understand trait plasticity

Summary

Understanding how plants adapt to specific environmental chamglesientifying genetic

markers associated with phenotypic plasticity can help breeders develop plant varieties adapted
to a rapidly changing climate. Here, we propose the use of marker effect networks as a novel
method to identify markers associated vativironmental adaptability. These marker effect
networks are built by adapting commonly used software for building geagpression

networks with marker effects across growth environments as the input data into the networks. To
demonstrate the utilityfahese networks, we built networks from the marker effects of ~10,000
nonredundant markers from 400 maize hybrids across nine environments. We demonstrate that
networks can be generated using this approach and that the markers thataaygengoare ragly

in linkage disequilibrium, thus representing higher biological relevance. Multiplargting

marker modules associated with different weather factors throughout the growing season were
identified within the marker effect networks. Finally, a factotéslt of analysis parameters
demonstrated marker effect networks are relatively robust to these options, with high overlap in
modules associated with the same weather factors across analysis parameters. This novel
application of network analysis providesigue insights into phenotypic plasticity and specific

environmental factors that modulate the genome.

2This research was previously publishediibRxiv (Della Coletta et al. 2023; doi.org/10.1101/2023.01.19.5245:
in collaborationwith Sharon ELiese, Samuel B. Fernandes, Mark A. Mikel, Martin O. Bohn, Alexander E. Lipk
andCandice N. Hirscland is under reviewn the journalGeneticdoy Oxford Academicl have permission from my
co-authors to use this work in my dissertatigdxford Academiallows authors to include their articles in full or i
part in a thesis for neaommercial purposes.

Author contributionsConceptualization: RDC, MAM, MOB, AEL, CNH; Methodology: RDSEL, SBF; Formal

analysis: RDCDraft preparation: RDC; Funding acqjtisn and supervision: MAM, MOB, AEL, CNH. All author:
read and approved the final manuscript.
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Introduction

The global climate is changing at a faster pace than scientists initially predicted, and the impact
on agriculture has been widely documentedrtner et al., 20225tudies have shown that

climate change has affected the yields and phenology of mangmecpes to different extents
(Kukal & Irmak, 2018; Ray et al., 2018@hd increased the risk of global food insecurity
(Hasegawa et al., 2018; Springmann et al., 20M&@refore, plant breeders need to release
varieties that are adapted to new climate @k more quickly to help maintain a stable food
supply in the future. One way to tackle this challenge is to exploit the remarkable phenotypic
plasticity that plants have, i.e., the ability of one genotype to display different phenotypes under
differentgrowth conditiongDes Marais et al., 2013A better understanding of the genetic basis

of trait plasticity would allow plant breeders to make more informed decisions when

implementing genomic selection programs.

Several different approaches have beadus understand phenotypic plasticity, each with its
own advantages and disadvantageaditionally, breeders have used statistical approaches such
as the Finlaywilkinson regression modéfFinlay & Wilkinson, 1963) AMMI models(Gauch,

1988; Gollob, 198), and GGE biplotg§Yan et al., 2000)0 understand and visualize which
genotypes have better performance and are more stable across different envir(Rments
Bernardo, 2020; Malosetti et al., 201B)ore recently, combining these approaches with
genomewide association studies (GWAS) allowed the identification of genomic regions
associated with the overall stability of genotypes across different environfGags et al.,

2017; Kusmec et al., 201Mangin et al., 2017)For example, GWAS with Finlayilkinson
regression slopes and deviations as explanatory variables showed that markers associated with
stability are often found in regulatory regions of the maize ger{@age et al., 2017Yhe main
drawback of these approaches is that they take into account only the overall effects of
environments on cultivar performance, without differentiating which specific environmental
factor (e.g., temperature, precipitation, wind speed) is associated withcalpagenetic

marker. For this purpose, newer methodologies were recently developed. The Critical
Environmental Regressor through Informed Search (CE@I&hran Li et al., 2021; Xin Li et

al., 2018)algorithm identifies a combination of environmentaltéas and growth periods (e.qg.,

photothermal time ~50 days after planting) that is highly correlated with the mean performance
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of a trait (e.g., plant height) in different environments. Then, a Joint Genomic Regression
Analysis (JGRA) is performed to estite the effects of different genomic regions along this
environmental gradient. In additiof®nogi et al., 2021Jleveloped the Environmental Covariate
Search affecting Genetic Correlations (ECGC), which identifies a similarity matrix based on
environmenthcovariates that is highly correlated with a genetic correlation matrix between
environments, and found that precipitation around sowing dates and hours of sunshine before

maturity were both associated with variability in soybean yield.

Another common saitegy to determine which genomic regions are associated with specific
environmental factors is to conduct gene expression studies under controlled conditions as the
analysis of gene expression profiles in plants reveal how certain genes increase oe tlegireas
expression in response to different abiotic stre@Skawade et al., 2013; Jamil et al., 2011; D.

Wang et al., 2011)For example, through differential expression analyBigy et al., 2015)

found over 600 heatsponsive and hetdlerant geneacross eight maize lines grown under

mild and strong heat stress, gfkdacasso et al., 201@)entified which genes of a sorghum

genotype were associated with its increased susceptibility to drought. These data can also be
used to generate networks corapd of clusters of genes that have similar expression profiles
across different samples or growing conditions, known as geagpression network&hang

& Horvath, 2005) Individual clusters can then be correlated with variability of a trait of interest
across the same conditions to identify relevant genes that are modulated across the samples and
important for the trait of intere¢tangfelder & Horvath, 2008; Zhang & Horvath, 200&6ene
co-expression networks benefit from increased statistical powdstéxt statistically significant
associations compared to a gdryegene approach. For examp(B, Li et al., 2021)dentified

nearly 30 gene modules associated with variability of root traits grown under salinity stress,
where one of them was associatgth root length variability and contained approximately 3,000
genes with functions related to auxin transport, root development, and responses to abiotic
stimuli. A major challenge with gene expression approaches is scaling them to breeding scales in

field settings.

Here, we propose the concept of marker effect networks as a novel approach to identify regions
of the genome associated with environmental adaptability. The idea is very similar to how gene

co-expression networks work: genetic markers thaehadditive effect sizes for a phenotypic
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trait of interest varying similarly across different environments may be involved in the same
biological process (in this case, phenotypic response to the different environments). This
approach can leverage exigfigenetic data from breeding populations across multiple field
environments (i.e., there is no need to design specific experiments for specific target
environments) and provide a global understanding of how markers interact with each other when
respondingo different environments. Also, it can improve statistical power to detect

associations with environmental factors (e.g., temperature, precipitation, wind speed) by
correlating the eigenvalues of marker effects across environments for a group of matkers w

similar effects instead of individual markers.

In this proofof-concept study, we calculated the effects of ~10,000 markers on grain yield of

400 maize hybrids across nine environments and used the weighted geqeassion network
analysis (WGCNA) peline to build a marker effect network. We correlated network modules

with the variability of specific weather parameters for the same set of environments and found
markers associated with variation in grain yield due to evapotranspiration at the tgginthie

growing season, precipitation in the middle of the season, and temperature towards the end of the
growing season. We propose that marker effect networks can further our understanding of the
genetic basis of trait plasticity and, thus, help breedeke informed decisions about which

markers to use in their breeding programs based on the knowledge of specific environments.
Materials and Methods

Germplasm

Six maize inbred lines (B73, PHG39, PHG47, PH207, PHG35, and LH82) representing three
heterotc groups were crossed among each other in a half diallel scheme. These 15 haltdiallel F
crosses were seffollinated to generate families of Fecombinant inbred lines (RILsS). A total of

333 RILs from 14 families were crossed among populations to gerf@ experimental maize

hybrids (Table S1) that were subsequently phenotyped in nine environments.

Growth environments and phenotypic data collection
The 400 maize hybrids were grown in tnaw plots in a total of nine environments (i.e.,
Location x Yeacombination) across the U.S. Midwest in 2019 and 2020 with two replicates per

environment (Table S2). These environments include five different locations (Bloomington, IL;
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two sites in Champaign, IL; St. Paul, MN; Janesville, WI) that were includeckioonoth

years. Agronomic growth conditions for each environment are specified in Table S2. Plots were
machine harvested. Plot grain weight and grain moisture at harvest were measured to determine
grain yield (bu a@) normalized to 15.5% moisture. Themioer of hybrids for which yield data

was collected ranged from 356 to 399 of the hybrids across the environments (File S1). Analysis
of variance was conducted to assess significance of experimental factors using the following
linear model with the R packadme4(Bates et al., 2015)

@ Qi Ma -

wherewis grain yield values, is the overall meanQis the fixed genotypic effect of a maize
hybrid, Qis the random environmental effectQ is the random replicate effect within

enviornment,Q 'Qis the random effect of genotybg-environment interactions, ands the
residuals.

Best linear unbiased estimates (BLUES) were calculated for the hybrids in each environment

(File S2) using the following mixed linear model implemented®$RemiR v4.1(Butler et al.,
2017)
w O 0o -
6D0 mhQ
- DO o
wherewis the vector of grain yield data in one environmenis the design matrix for the fixed

genotype effects , is the design matrix for the random replication effét€s an identity

matrix,,, is the replication variance, ands the residual effect with variange (Figure S1).

Genotypic data

The six parents of this population and all of the Rllesevgenotyped with a custom lllumina
Infinium 20k SNP chip (Files S3 and S4). To improve the quality of the genotypic data, we
removed SNPs showing segregation distortion with the R package Rqtl(Bto48an et al.,
2003)using an FDRadjusted pvalue les than 0.05 from Ckéquare test, and performed the
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sliding window correction described . Huang et al., 2009pr each RIL family separately.

The coordinates of each marker were converted to those of the B73 v4 reference assembly (Files
S3 and S4). Getypic data for each of the 400 maize hybrids were gendarasgiico by

combining the two parental alleles at each locus. For cases when one of the parents had a
heterozygous locus, the genotype of the respective marker in the hybrid was set toforissing

both parents. Given the structure of the population, it is expected that markers that are physically
close to each other will be in high linkage disequilibrium (LD). To reduce the impact of LD on
network clustering, the hybrid genotypic dataset wasguby linkage disequilibrium (LD)3r

0.9) within 100 kb windows with PLINK v1.8Chang et al., 2015Additionally, markers with

minor allele frequencies of less than 5% and missing data higher than 25% in the hybrid
genotypes were removed, leavingtat of 10,334 higkquality markers for downstream analysis

(File S5).

Estimation of marker effects
Marker effects for grain yield in each environment were estimated in two ways. The first method
used the RFBLUP model implemented in the R package rrBLUP6v1(Endelman, 2011)
W ‘p O -

6D0 mQ

- DO O
wherewis the vector of hybrid BLUES in a particular environmeénis the grand meam is a
vector of 106s dnstheldesignanaiex fos thezrandom snarker, effégts an

identity matrix,, is the marker variance, ands the residual effect with variange (Figure
S2).

The second method used to estimate marker effects for grain yield was the: el linear
model (MLM) GWAS model implemented in GAPIT ¥3. Wang & Zhang, 2021; Yu et al.,
2006)
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wherewis the vector of hybrid BLUESs in a particular environménis the design matrix for the
fixed effecty , "Yis the design matrix for the vector of fixed quantitative trait loci (QTL) effects
| , 0 is the matrix relatingoto the fixed population efttsv, ®is the design matrix for the
random marker effects, U is the kinship matrix, is the additive genetic variance, ani the

residual effect with variange (Figure S3).

Constructing marker effect networks

The marker effect netwks were built with the R package WGCNA v1.7(QLangfelder &

Horvath, 2008; Zhang & Horvath, 2009)his package was originally developed to construct
weighted correlation networks from gene expression data across different samples. Here, instead
of gene &pression, we used the marker effects across different environments as our input data.
Because marker effect data is inherently different from gene expression data with regard to scale
and distribution, we tested a factorial combination of different passian building the

networks and subsequently evaluated the impact on network quality (Tables S3 and S4).

The first set of parameters tested were different data normalization strategies to account for the
differences in the range of effect values estigh@iecach environment, including minmax
normalization (effects across environments were constrained between 0 and i3came Z
normalization (effects were centered on the mean and scaled by the standard deviation). In
addition, we iterated through diffamt coefficient of variation (CV) cutoffs in which markers

with a CV lower than 0.09.25 after minmax normalization or 6150 after Zscore

normalization were removed to improve the sdede topology model fit (signed’R(Zhang &
Horvath, 2005pf thenetwork.

Marker effect networks were then built with default values from the WGCNA pipeline using a
soft thresholding power of 24, except for two parameters afittreeDynamidunction

responsible for defining the modules of the network. The first parameteniw@susterSize
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which determines the minimum number of markers to be present in a module. Networks were
created with this parameter set to 25, 50, or 100 markers. ¢tedsparameter tested was the
pamStage hat was set to either 6ond or O64kef 6. | f
step is used to assign outlying markers to the nearest modules. Disabling this option may result
in Acl eaner 0 merblnakers notlssigneditchaay module imay increase
(Langfelder et al., 2008)

Assessing marker effect network connectivity

The quality of each network was assessed based on the overall connectivity and cohesiveness of
their modules based on three medriclustering coefficient (i.e., tendency of a marker to

associate with its own module), kDiff (i.e., number of connections of a marker with other

markers within its own module minus the number of connections to markers outside its module),
and kRatio (ke., ratio between kDiff and total number of connections). An ideal network would
have all modules with a high clustering coefficient, positive kDiff, and kRatio close to 1,

meaning that markers within each module are more connected with each other thaankérs

in other modules.

Assessing linkage disequilibrium within modules

Markers were pruned for LD within a 100 kb window prior to network construction. However,
given the population structure of the 400 hybrids, LD between markers outside of the 100kb
window or on different chromosomes can occur. To assess LD within modules, PLINK v1.9
(Chang et al., 2015)as used to calculatéletween each pair of markers in a module using the
hybrid genotypic data, regardless of the chromosomes on which thejoaeted.

Obtaining weather factors and indices

The R package EnvRtype yCostaNeto et al., 2021yvas used to extract 17 weather factors
(Table S5) across the nine environments evaluated in this study (Table S8yinrervals

from planting date to #hend of the season. The last time interval was set to 151 days after
planting to have each environment with an equal number of intervals, resulting in a total of 867
environmental indices (File S6). Pearson correlation between all environmental indsces wa

calculated using the cor function in R. Principal component analysis (PCA) was performed in R
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using the prcomp function to reduce the dimensionality of this highly correlated set of weather

indices.

Correlation between marker effect network modules agathver indices

To understand how different groups of markers relate to weather factors, Pearson correlations
were calculated between the eigenvalues for each module of a marker effect network and a
principal component of the environmental indices descritede out to the ninth principal
components based on visualization by a scree plot (Figure $4)u®s were adjusted with a

false discovery rate (FDRBenjamini & Hochberg, 1995orrection to account for multiple
testing. The marker composition of moes from different networks that were significantly
associated with the same principal component was visualized with upset plots from the R

package UpSetR v1(@€onway et al., 2017)

Data and code availability
The datasets analyzed in this study are albbglas Files S§6 in the Data Repository for the
University of Minnesota (DRUMhttps://doi.org/10.13020/b1efB2§. All supplemental

figures supplementalables andscripts necessary for data analysis are available on GitHub at:

https://github.com/HirschLabUMN/meffs networks

Results and Discussion

Evaluating input dataf networks

The main goal of marker effect networks is to identify genetic factors that contribute to
environmental responsiveness in a coordinated way. Specifically, the analysis aims to identify
markers with correlated effect sizes on a particularaaibss environments that are modulated

by specific environmental factors. To develop these networks, we need phenotypic data on a set
of genotypes grown over a diverse range of environmental conditions from which marker effects
are estimated. To this engle grew a population of 400 maize hybrids in nine environments and
collected grain yield data. The population structure of these lines resembles the type of structure
breeders commonly use in their programs making it an ideal set of germplasm on wésth to t

the utility of developing marker effect networks and testing correlations with environmental

factors. Significant effects of genotype, environment, and gentyyamvironment factors were
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all observed in the analysis of variance (ANOVA), all of whach necessary sources of

variation to effectively build marker effect networks (Table S6).

The input into the networks is the additive effect of each marker in each environment for each
genotype. There are many models available to estimate these &ffedtsstedhe RRBLUP

and GWAS models due to their relative simplicity and broad use by breeding programs. The
estimated effects across all environments were highly correlated between the two models (r =
0.92 Figure l1a). Given the highly correlated reswltross these standard methods for estimating
marker effects, substantial differences in the networks constructed from either set of marker

effects were not anticipated, and as shown below, this is the case.

An important factor to consider when buildingrker effect networks is the number and

diversity of the environments. This idea is similar to genrexgression networks, where many
samples with sufficient variation are needed to identify real signalsetmessior(Y. Li et al.,

2015) Usually, innetwork analysis, the more samples (or in our case environments) that are
available, the higher are the chances of finding biologically meaningful associations between
network modules and traits (or environmental factors) of int€vedti et al., 2015)We

evaluated the diversity of our nine growth environments by analyzing 17 environmental factors
acrossb1-timeintervals spanning the entire growing season. The 867 environmental factors were
highly correlated (Figure 1b), and as such, we reduced thensliomality of the data by

conducting principal component analysis. The first and second principal components provided a
clear separation of the growth environments (Figure 1c). Thus, it is likely that at least a portion
of the significant environment an@mgotypeby-environment interaction factors in the ANOVA

were driven by weather factors and not just soil types or agronomic management differences
across environments, and these weather differences could potentially be correlated with

variability in markereffects across the environments.

Building marker effect networks

There are many different factors that can be modified and optimized in conducting network
analyseg¢Rao & Dixon, 2019)Optimized parameter combinations have been previously
assessed for dding gene ceexpression network@.angfelder & Horvath, 2008)Vith marker

effect networks, we are using a novel data input type for the network analysis, and therefore
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tested different marker effect estimation methods (GWAS vsBRBP), data normalizatn
strategies (minmax and-gcore), a range of coefficient of variation filters, and soft thresholding

power that all could potentially affect the scéiee topology fit.

In total, we assessed the impact of 36 different parameter combinations on tHeescale

topology fit (Table S3). With many of these options, there is a balance between the power
needed to maximize the scdtee topology fit and the number of markers that are retained and
ultimately assigned to meaningful modules. For example, highesuEbdffs usually led to

smaller power needed to reach a good sfraketopology fit (Figure 2a), but also considerably
decreased the total number of markers remaining to build the network (Figure 2b). For many of
the parameters, there was a minimal obsedifference with regard to the minimum power
needed to reach a good sehilee topology fit. Though marker effects estimated viaBRRJP

resulted in better signec?Ralues(Zhang & Horvath, 2005)sing slightly smaller power than
GWAS, and similar results were observed when comparing minmax-andr& normalization
strategies (Figure 2a). Across all the parameter options, we obtained good model fit (Signed R
0.7) only when using very high povge(around 20 for most cases; Figure 2a), which is
considerably higher than powers typically used to build gerexpoession network@\mrine et

al., 2015; ElSharkawy et al., 2015; Sharma et al., 2018; M. Tan et al., 2017; Zhang & Horvath,
2005) This result reflects the differences in scale and distribution of input values between
marker effect and gene expression data. The optimal combination of parameters with regard to
scalefree topology fit for our marker effect data was to usese@e normalizabin with a CV

cutoff of 0.05 and a power of 24. This balanced a good Soadetopology fit with the total

number of markers available to build a network.

After building the networks, the modules within those networks need to be defined. As with
building the networks, there are a number of options that can be iterated when defining the
modules within the network. To find the optimal combination we tested the minimum number of
markers allowed in a module (25, 50, or 100) and whether or not to assignguibyikers to

the nearest modules (PamStage on or off, respectively) in combination with different methods for
estimating marker effects and data normalization strategies as there may be an interaction
between parameter options within these different stajee analysis. In total, we aimed to

generate 24 different sets of netwalfined modules of cwarying markers from a factorial

47



combination of all network parameters described above. However, we were not able to define a
single module for four netwoskwhen using a minimum of 100 markers per module and ended

up with a total of 20 different module defined networks (Table S4). The total number of modules
per network decreased considerably as the minimum number of markers required to be in a
module incresed (Figure 2c). For example, 61 to 81 modules per network were defined with a
minimum of 25 markers (median markers per module ranging from 64.5 to 103), compared to
only 6 to 13 when at least 100 markers were required in each module (median markers per
module ranging from 276.5 to 1450). Disabling the pamStage option resulted in a larger number
of markers not assigned to any module, as was expected (Figure 2c¢). As with the power
assessment above, the method used to estimate marker effects and typeahuataation did

not show any major impact on the definition of modules with regards to the number of modules

or average module size.

Marker effect networks have lower overall connectivity

In addition to assessing the number of modules and markers per module we also assessed
connectivity metrics such as clustering coefficient, kDiff, and kRatio as additional metrics of
network quality across the 20 module defined networks described abosemddules within

each network had markers with clustering coefficients closer to zero than to one Figure 3a,
indicating that their tendency to associate with other markers in the same module is relatively
weak. Similar results were obtained when evalggtiire kDiff metric Figure 3a. In this case, the
kDiff distribution is centered around zero, meaning that, on average, markers have a similar
number of connections within and outside their modules. Across the metrics for assessing within
module connectivitylower connectivity was observed for marker effect networks compared to
what is typically seen in eexpression networks (Figure 3&toopes et al., 2019; Mahler et al.,
2017; Sancho et al., 2022)ne possible explanation may be the high power usetiscalefree
topology, which lowers the mean and median connectivity of the modules (Figure S5). The
impact of network parameters on the quality of a network was more evident when kDiff was
scaled with the total number of connections of each mairkerkRatio). Increasing the

minimum number of markers per module and disabling the pamStage resulted in slightly better

kRatio (i.e., a higher proportion of markers connected to markers in their own modules).
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These results do not imply that the entire netwsmoisy. Indeed, there is a range of

intramodular connectivity scores within each of these networks, and those modules with higher
intramodular connectivity (Figure 3b) will likely have more biologically meaningful connections
with which specific enviromental factors can be associated. Additional optimization of the
WGCNA pipeline may further improve network connectivity and reduce the overall noise of
network connectivity. Furthermore, there are alternative network building software that use
different dgorithms for building networks and defining modules (e.g., CaniBcbaefer et al.,
2018)and machine learning approacli¥sLi et al., 2015) that may be able to achieve higher
overall connectivity and improve the ability to find biologically meaningfghals within

individual modules.

In gene ceexpression networks, gene ontology analysis can be done to evaluate whether there is
an enrichment of genes with the same function clustered in the same ith@ohgjfelder &

Horvath, 2008) Similar validations not possible in marker effect networks because of LD

among markers and not knowing which marker is the causative variant. One possibility would be
to overlap known QTLs regions to markers found by the network modules. This approach has
been applied wit gene ceexpression network analygB. Li et al., 2021; Schaefer et al., 2018,

2017) but will be highly dependent on the amount of information available for that population of
individuals and the trait of interest. Another possibility is to run genpnadiction models with

and without those markers on the same environments and see which set has better accuracy, but

further studies would be necessary to determine the utility of this validation approach.

Marker effect networks are not driven by genktikage disequilibrium

One key concern when building marker effect networks was that markers within a module would
be highly correlated simply due to linkage disequilibrium (LD), especially for populations
commonly used in breeding programs where the gelalocks are relatively large. To minimize

this possibility, we first filtered out markers that were in high LD within 100 kb. However,
markers can still be in the LD with each other without being in physical proximity. To assess if
this was the case, aifdnarkers in genetic linkage were driving the connectivity of modules

within networks, we calculated LD among all of the markers assigned to each of the modules
regardless of chromosome number or position. Taking a closer look at one module (called
firebrick2 by WGCNA) of Network 1 (Table S4), 90.1% of all marker connections within that
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module did not have an LD valué)(above 0.9 (Figure 4a). Analyzing one module at a time
allowed us to visualize the small portion of the intramodular connectivityrdiyd D (Figure

4b). Similarly, low rates of LD within modules were observed across all modules in network 1,
and across all of the 20 modwdefined networks, with an average of only 3.2% and 2%,
respectively, of marker connections being establishedaduB {Figure 4c). This result suggests
that the majority of the ewarying effects across environments were due to regions of the
genome that are part of the same biological response processes rather than simply being a

product of being genetically linkealith biologically relevant regions of the genome.

Marker effect networks identify environmental factors associated marker effect variation across
environments

We next tested if the variation of marker effects in each module (represented by its eigenvalues)
can be associated with variation in specific environmental factors, such as temperature or
precipitation. This is conceptually similar to correlating gene expression patterns of a module to
certain characteristics of the samples used to create the ngswobrkas variations in plant
phenotypes due to stre3uo, Li, et al., 2020; P. Li et al., 2028n important network quality

factor to consider before making these associations is to determine whether the marker effect
patterns are driven by the preserof one or a few extreme environments, as this can impact the
scope of environments in which these associations are relevant. To assess this within Network 1
(Table S4), we plotted the eigenvalues for all of the modules within the network (Figure 5), and
observed a lot of variation of module eigenvalues across environments and no patterns that
implicate specific environments driving assignment of markers into any of the module. Similar

results were observed across the other 19 matkfleed networks (Figre S6).

To make the association between modules and environmental factors, we obtained data for 17
weather factors in-8ay intervals across the entire growing season for a total of 867 individual
weather factors per environment. Due to the highly catedlnature of many of these factors
(Figure 1b), we performed a PCA to reduce the dimensionality of this data (Figure 1c). The first
principal component (PC1) explained 31.4% of the variation in the 867 weather factors, while
the last principal compone(RC9) that we evaluated explained less than 0.01% of the variation

in weather data represented by the original 867 weather factors (Figure S4). We correlated each

principal component (PC) across the growing environments with the eigenvalues of each marker
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module. For simplicity, hereafter we are going to describe results from only Network 1 (Figure
6a; Table S4), and results for all other networks are visualized in Figure S7. After correcting for
multiple testing, we observed that three modules from Netdovkre highly correlated with

three distinct PCs (module firebrick2 and PC9: r = 0.9alpe = 0.05; module lavenderblush3

and PC3: r =0.89, pvalue = 0.09; module brown3 and PC4:40:89, pvalue = 0.1). Such near
statistically significant graluesare explained by the relatively high amount of noise present in
the network, as indicated by the connectivity metrics, and the large number of tests (n = 648)
done to associate every module with all nine PCs, which places a higher degree of multiple

testhg correction onto these tests.

To understand which environmental factors were driving the variation of these significantly
correlated PCs we investigated the loadings of each of the PCs. Interestingly, we found that PC9
is exclusively driven by variabiltin potential evapotranspiration (mm/day) in the beginning of

the growing season (Figure 6b). Thus, the 32 markers in the firebrick2 module are candidates for
capturing variation in grain yield due to changes in evapotranspiration rates across envgonment
For PC3 and PC4 the loadings were not as specific to a single weather factor at a single window
of time. Rather, markers associated with PC3 tend to capture more grain yield variability due to
differences in temperature (T2M, T2M_MAX, T2M_MIN, GDD) tomla the end of the season
(Figure 6c¢), and markers associated with PC4 tend to capture more grain yield variability due to
differences in precipitation (PETP, PRECTOT, RH2M) in the middle of the growing season
(Figure 6d). These environmental correlatipnsvide valuable information in identifying

regions of the genome that-gary in effect sizes in response to weather patterns in the growing

environment at different points in the growing season.

Marker effect networks are relatively robust to changaseinvork parameters

In this study, we generated 20 different networks based on a combination of different network
construction parameters. Since network structure and connectivity metrics varied between these
networks (Figures 2 and 3), we also wanted $ottee impact these parameter choices had on the
biological connections that were observed. For this purpose, we compared the markers contained
in modules across the different networks that were associated with the same environmental PC.
Across the 20 netarks, we observed 12 near significant correlatiorgalpes <= 0.1) between

a module and an environmental PC. These significant correlations involved five different PCs,
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with four of the PCs having correlation to multiple modules across different net(V@tkle

S7). The fact that changing parameters identified new associations with PCs suggests that some
parameter combinations are more ideal to cluster markers associated with that PC than others.
For example, in networks where modules are forced to ge,ltre signal that could have been
captured by a smaller module is diluted. This is corroborated by the fact that 6 out of 8 eight
networks with significant associations required only 25 markers per module, and no significant
correlations were observed foetworks with a minimum of 100 markers per module. Thus,

while parameters that forced larger modules had generally higher connectivity scores, the
biologically meaningful connections with regards to modulation by specific weather factors are
lost as thes markers are unable to be assigned to a module that meets the required minimum

module size.

For the modules associated with the same PC, there is a high overlap between markers contained
within the modules. For example, among the 56 unique markers fomules representing four
different networks associated with PC9, 19 (34%) were shared, or in high LD to a shared marker,
across all networks (Figure 7a). High overlap of markers was also observed for those modules
associated with PC4 (Figure 7b; 52% owveyland PC7 (Figurec] 94% respectively). In

contrast, we did not observe a high overlap of the markers associated with PC5 across networks
3 and 4 (Figure 7d; 1.5% overlap). This may be a result of the much higher number of markers
per module in those neorks, which may be noise in the module or biologically meaningful
connections that were unable to be captured under specific parameter choices. Taken together,
these results suggest that marker effect networks are relatively robust to changes in network
parameters and that these overlapping markers may play a more important role in the module

association with a PC.
Conclusions

As agricultural production continues to face changing and increasingly challenging growth
conditions, understanding the factorstttidave phenotypic plasticity in response to
environmental factors will be important. Here we document a novel application of network
analysis, in which the effects of markers across environments are used to build networks that

allow for the identificatiorof markers in the genome that-eary in response to the
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environment. The outputs of these networks provide breeders with an atlas of markers that are
most useful to use in genomic selection programs in different environmental contexts (Figure 8).
If a breeder knows a group of markers captures a lot of variation across environments due to a
specific environmental factor, they may choose to add or remove these markers based on how
much their target environments vary for that environmental factor. For exainplbreeder is

making predictions only across irrigated environments, they may choose to remove markers
associated with precipitation and allocate resources to those markers associated-with non
precipitation related weather variables. These associatddles in networks also provide

valuable candidate genes for subsequent physiological studies.

Overall, our study demonstrates that marker effect networks are a promising new way to
understand the genetic basis of trait plasticity. These netwarksudt from data that is

commonly generated in breeding programs and so are readily available across a range of species
and growing environments. The networks provide high resolution understanding of the
environmental factors that are driving trait plesyi across complex environments. The results

of these networks provide important lists of markers for futwaejsth physiological studies

(e.g., understanding mechanisms of water deficit response) and for direct use in breeding

applications through inagkion in genomic prediction models.
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Figure 1.Experimental variation in the input data into the marker effect netwaykéarker

effects estimated with RBLUP and GWAS models. Brighter colors represent higher density of
marker effectsb) Heatmap of @rrelations among 867 environmental factors fisilxtime

intervals throughout the growing season across nine environments. c) Principal component
analysis of the 867 environmental factors across the nine growth environments. Each data point

in the plot repesents a single environment labeled by its environmental code (Table S2).

54



« GWAS RR-BLUP
[ CV cut-off
=
% - 005 - 055
CENN 5 0.075 - 06
£ " « 3
5 * 01 - 065
o
S 4. o 0125 —e 0.7
§ 14 - 015 -e 0.75
g N -~ 0175 —e 0.8
® 01 8| -+ 02 - 085
o @
= - 025 - 09
8 -1-I T T T T T T T T T T T T T - 05 + 1
o 0 5 10 15 20 25 30 0 5 10 15 20 25 30

Power

RR-BLUP C Total modules

W
2
>
w

10000 1

6000 1
g ool |y
5 20001 I
Z 50001 El Pl | [ [ 1| S | ] M | T
@ 25004 e
E 04 I.-__ I.-__ Unassigned markers
= 6 o - PP A A ® N © = _
2 S§ESEEESR BBSEERIE S 20001
e s & "4 ° ° " ° 3 20004
= 10000 O ]
E 7500 Py Markers per module
® 5000 8
o 2500 II II a 15004
[t 4
0 I.I-_ I.I-_ 1288-. e *
PR ERLE R BECELERES Clidtd s ddd fdde® L Lk
8 e8S598° gcg8cs5ege 12345678 91011121314151617 181920
cv c:ut-ofl‘ Networks

Figure 2.Characteristics anoduledefinedmarker effect networks built with different

parameter combinationa) Scalefree topology fit (signed R2; (Zhang and Horvath 2005)) for
different powers. Each panel represents a different combination of marker effect estimate and
normalization methodsyhile the line colors represent different coefficient of variation (CV)
thresholds. b) Total number of markers remaining in a network after applying different CV
thresholds. ¢) Number of modules, unassigned markers, and markers assigned per module for
different networks. Parameter combinations for netwoiR8 ¢an be found in Table S4.

55



clusterCoeff

TN

kDiff

AAAARRAARNARARRRARK

kRatio

saasuduutuninnaned]

12345678 91011121314151617181920
Networks

20 -

Count
(]

-20 -

w

QLo

3 A

B 0.754

£0

qax

S £ 0.501

S

S £ 0.25-

I I niilin
O 0.001 I l

T T
3 4 67891011121314151617181920
Networks

Figure 3 Quality assessment of marker effect networks built with different parameter
combinationsa) Distribution of values for different network connectivity metrics (clusterCoeff,
kDiff, and kRatio). b) Proportion of modules with average kDiff > 0 within each network.

Parameter combinations fornetworkR0 can be found in Table S4.

56



S 100
/o3
o
50}
O‘ T T T T T
0.00 0.25 0.50 0.75 1.00
Linkage disequilibrium (r?)
B °
[ ] [ ] Y
@ " °
o
L ° - g
Y ® [ J
o - ° [ J
. e © °
[ .. Y
[ ] [ ] .
[ J
20+ —
19+ ~
18+ —
174 —
2 164 — —
5 154 —
= 144 —
D 13+ -
Z 15 -
114 —
10+ —
91 -
81 .
4 _
6-
5. _
4- —
3. .
5] —
1] 3

0.00 0.25 0.50 0.75 1.00
Linkage disequilibrium (r*)

Figure 4.Linkage disequilibrium (LD) between markers within a moda)eLD distribution of
markers in module firebrick2 of network 1 (Table S4) with the amount of marker connections in
high LD (> 0.9) highlighted in yellow. b) Intramodular connectivity of fliebrick2 module

where circles represent markers, yellow lines connect markers in highi £0.9), and gray

lines connect markers not in high LD. c) LD distribution of markers within modules across all 20

networks. Marker connections in high LD ¥r0.9) are highlighted in yellow.

57



I 05
I 05

COR19
SYN19

| |BEC-BL19
MIN19
COR20
MIN20
URB19
BEC-BL20
SYN20

vansiuy
Laniqajes

£aniGAYSIUBI

| zenq

|ej00

Fuid

anigaje|sxyep
LanigRa1siy6y
Juekoyby
:oo.m&,
uaaibanioysep
ppoiuapjobysep

suiddaap
pusaibaniosep
guey

pasabueso

yonig

U

Zumaiq
exuidiybiy
£1e100

58
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Chapter 3

Importance of genetic architecture in marker selection decisions for genomic

predictior?

Summary

Breeders commonly use genetic markers to predict the performance of untested individuals
improve the efficiency of breeding progranThese genomic prediction models have almost
exclusively used single nucleotide polymorphisms (SNPs) as their source of genetic information,
even though other types of markers exist, such as structural variants (SVs). Given that SVs are
associated withrevironmental adaptation, and not all of them are in linkage disequilibrium to
SNPs, SVs have the potential to bring additional information to +amtironment prediction

models that are not captured by SNPs alone. Here, we evaluated different markéSNyges

and/or SVs) on prediction accuracy across a range of genetic architectures for simulated traits
across multiple environments. Our results show that SVs can improve prediction accuracy by up
to 19%, but it is highly dependent on the genetic architecif the trait. Differences in

prediction accuracy across marker types were more pronounced for traits with high heritability,
high number of QTLs, and SVs as causative variants. In these scenarios, using SV markers
resulted in better prediction accurexithan SNP markers, especially when predicting untested
genotypes across environments, likely due to more predictors being in linkage disequilibrium
with causative variants. The simulations revealed little impact of different effect sizes between
SNPs and&Vs as causative variants on prediction accuracy. This study demonstrates the
importance of knowing the genetic architecture of a trait in deciding what markers and marker

types to use in largecale genomic prediction modeling in a breeding program.

3This research was previously published in BioRxiv (Della Coletta et al. 2028rg/10.1101/2023.02.28.53052:
in collaboration withSamuel B. Fernandes, Patrick J. Monnahan, Mark A. Mikel, Martin O. Bohn, Alexander |
Lipka, and Candice N. Hirsdnd s under revievin the journalTheoretical and\pplied Geneticshy Springer
have permission from my eauthors to use this work in my dissertati@pringerallows authors to include their
articles in full or in part inheirthesis
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authors read and approved the final manuscript.
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Introdu ction

Breeding and releasing a new plant variety can take years or even dg&izalésor et al. 2016;
VossFels et al. 2019)0ne important tool available ford®ders to increase the efficiency of a
breeding program is genomic prediction, where the performance of individual plants is predicted
based solely on their genetic informatidvieuwissen et al. 2001t allows plant breeders to

discard unwanted genotypes early in the breeding process, reduce breeding cycle time, and more
efficiently allocate resources in their breeding progfaarenz et al. 2011)Genomic prediction

has been successfully implemented in many commercial breeding programs mainly because
genotyping on a large scale is less expensive than phenotyping. However, predicticacy is
variable, highly dependent on the population structure, diversity, and traits being predicted, and
these challenges escalate when predicting traits across multiple enviro(Buggtsefio et al.

2012; Combs and Bernardo 2013; Lian et al. 20Thgse issues have motivated many research
groups to study new ways to capture and use more relevant information in genomic prediction

models.

Prediction mdels used by breeding programs rely heavily on single nucleotide polymorphisms
(SNPs) mainly because they are abundant in the genome and easy to measureosa low
molecular assays. Studies in maize and rice showed that adding transcriptomic (mMRNAs and
small RNAs) and metabolomic data improved prediction accuracy, but it was highly dependent
on the trait being evaluaté¥u et al. 2016; Guo et al. 2016; Westhues et al. 2017; Schrag et al.
2018) For exampleSchrag et ali2018)observed that using only transcriptomic markers
improved prediction accueg by up to 14% compared to only genomic markers when predicting
grain yield in maize hybrids, but accuracy was approximately 10% lower when predicting grain
dry matter content. Another study showed that genomic and transcriptomic markers have similar
performance, but when using only the most informative marker from each type, prediction
accuracy increased by about §8@odi et al. 202Q)More recently, it was shown thasing

imputed gene expression via haplotype associated RNA expression (HARE) in genomic
prediction models is more stable and more accurate than measured gene ex@B3essioal.

2021) Although the authors showed that HARE predictions have similar accuracy to SNP
predictors, HARE may be particularly useful for crgggoulation predictions since they do not
require that all SNPs are shared across populations. fiesé studies highlight that although
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SNPs are able to predict traits with relatively decent accuracy, maximizing prediction accuracy

will likely require the use of additional marker types.

Another type of marker that has been largely ignored in prediotadels are structural variants
(i.e., deletions, insertions, duplications, inversions, translocations; hereafter collectively called
SVs). Initial analysis with structural variants identified from 787 yeast genomes revealed that
genomic prediction withgngenomic open reading frames (ORFs) was, on average, two times
more accurate than SNPs across 35 different {laisnd Simianer 2020)Advances in

sequencing tectologies and bioinformatics tools are allowing a more accurate identification of
these variantéHo et al. 2019)which are relatively common in crop spediEkntenegro et al.

2017; Gao et al. 2019; Liu et al. 2020, 2022; Hufford et al. 2021; Varshney et al. 2021; Rijzaani
et al. 2022; Shang et al. 2028) addition, many studies have shown that SVs are associated
with tolerance to bioti€Cook et al. 2012; Zuo et al. 201&)d abiotic stress€Sutton et al.

2007; Knox et al. 2010; Maron et al. 20,18»anges in flowering tim@itcher et al. 2013;
Wirschum et al. 2015pnd plant architectur@hou et al. 2009; Studer et al. 201hportantly,

it has been demonstrated that SVs can explain phenotypic variation that SNP{Sang@it al.
2020; Hufford et al. 2021)and that not all SVs are in linkage disequilibrium with a SNP that

ef fecti vel yChidetalg8ld; Studrtet alS2016; Yang et al. 2019; Qiu et al..2021)
These findings raise the question of whether SVs can provide additional genetic information to
prediction models not captured by SNPs. One study in maize attempted to model copy number
variants (CNVs) in genomic prediction mdslevith maize hybrids and observed an increase of
approximately 6% in accuracy when predicting plant height under low nitrogen conditions with
SNPs and CNV¢gLyra et al. 2018)More recentlyChen et al(2021)also tested SVs in genomic
prediction models in cattle, and concluded that there was no benefit in using such markers for
predicting dairy production traits. Although important, the above studies mipirieal data do

not fully investigate the potential of SVs in genomic prediction models as only a few traits with

unknown genetic architecture were analyzed, which may limit the generalization of their results.

In this study, we performed a comprehensive evaluation of the usefulness of structural variants in
multi-environment genomic prediction models using a simulation approach to guide the
interpretation of results from future empirical data. First, we sindifaitenotypes using real

genotypic information from maize recombinant inbred lines, varying heritability, number of

68


https://paperpile.com/c/dozUM8/YHo7
https://paperpile.com/c/dozUM8/xkVI
https://paperpile.com/c/dozUM8/Rgod+kYwE+2QYe+Mfb3+a3RW+DxoK+5zLL+xghu
https://paperpile.com/c/dozUM8/Rgod+kYwE+2QYe+Mfb3+a3RW+DxoK+5zLL+xghu
https://paperpile.com/c/dozUM8/Rgod+kYwE+2QYe+Mfb3+a3RW+DxoK+5zLL+xghu
https://paperpile.com/c/dozUM8/cYQh+rGwD
https://paperpile.com/c/dozUM8/OH2q+1E0h+WO4F
https://paperpile.com/c/dozUM8/OH2q+1E0h+WO4F
https://paperpile.com/c/dozUM8/9ROc+9Uj1
https://paperpile.com/c/dozUM8/9ROc+9Uj1
https://paperpile.com/c/dozUM8/F0pK+1OrY
https://paperpile.com/c/dozUM8/Rgod+il72
https://paperpile.com/c/dozUM8/Rgod+il72
https://paperpile.com/c/dozUM8/rjQh+WKGi+2szt+dfn1
https://paperpile.com/c/dozUM8/TCuz
https://paperpile.com/c/dozUM8/Qseh
https://paperpile.com/c/dozUM8/Qseh
https://paperpile.com/c/dozUM8/Qseh

guantitative trait loci (QTLS), type of causative variant (SNPs and SVs), and variant effect sizes.
Then, we tested different types of mask€BNPs and/or SVs) as predictors of genomic

prediction models and evaluated their accuracy for each simulated genetic architecture. The
overall goal of this study was to determine if there are genetic architectures for which the use of
highercost SV markrs would improve prediction accuracy enough to justify their inclusion in

largescale genetic prediction modeling in a breeding program.
Materials and methods

Genotypic data

To simulate traits with reakorld population structure, we used genotypic infation from

maize lines that have been extensively used in commercial breeding programs and are
representative of their diversity for trait simulations. The population of 3B3Ls, which has

been previously describéBella Coletta et al. 2023)vas generated from half diallel crosses of

six maize inbred lines including: B73, PHG39, PHG47, PH207, PHG35, and LH82. The parental

lines and the 3337/RILs were previouslgenotyped with a custom lllumina Infinium 20K SNP
chipAvaede adi | ity of d.abegparentaldinesthave alsobeen 6 sect i o
previously genotyped using RNgeq reads for over 20 million SNRdazaheri et al. 2019)

In addition to these existing SNP variant calls, structural variants were identified in the parental
lines from whole genome sequencing data availabf@uret al.(2021) Adapter sequences were
trimmed using CutAdapt v1.18 with default parame{®artin 2011) and low quality bases

were removed using sickle v1.33 with default paraméfarshi and Fass 2Q). Reads were

mapped to the ten assembled chromosomes in the B73 v4 reference ¢noratal. 2017)

using Speedseq v0.1(€hiang et al. 2015y parallelized version of bwai and Durbin 2009;

Li 2013)that simultaneously isolates the split reads and discordant paired reads with unusually
large insert sizes. To be included in the split reads, we required a minimum of-20 non
overlapping base pairs between two alignments and allowed at most two aligrionea

particular read. Duplicate reads were removed during the mapping process.

To identify and genotype structural variants, we utilized Lumpy v0.@.ager et al. 2014as
i mpl emented by the O0speedseq svd command. The

space (N 2kb on gene boundaries), usimg bed f
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flagd) . Lumpy was i nit i alardygstimatechcomy numbeavdiah s a mp |
Lumpyds i nter na(Abyanaetdl. 2011using &wWndowasizecof 300bp. The

SVtools v0.5.1 pipelinéLarson et al. 2019)as used to merge individual VCFs;genotype all

samples at all sites, and prune redundant variants. SVs were required to be within 500bp of one
another in order to remain in a cluster. The final step in the SVtools pipeline islassiy low
guality SVs as BND (the generic 6breakendd an
el ements as MEI (6Mobi |l e Eusiagthesvwoold classiyr t i ond) ,
subroutine with the o6l arge_sampled option. Al
variant file and MEI variants were recorded with the original DEL annotation (Supplemental File

1). For compatibility with available bioinforatics tools and genomic prediction models, SV

information was reduced to a binary state (i.e., presence/absence of SV), and the middle position

of the SV was used as its point position in the genome. Information regarding SV type and

breakpoint positionwere stored in the final marker names.

Projection of whole genome variants to RILs

The ~20 million SNPs and ~10,000 SVs from the deep parental information were projected onto
the 333 RILs using the 20,000 SNP chip markers to define haplotype blockgoRwiojections,
parental SNPs from RNAeq that were identified within the boundaries of deletions of 100kb or
less and monomorphic markers were removed. The genotypic information for each diallel family
was then split apart. SNP chip markers with segregalistortion within families (Chsquare

test, FDRcorrected pvalue < 0.05) were identified using R/qgtl v1.@oman et al. 2003nd
removed. Additionally, withirfamilies SNPs that were within a parental deletion of 100kb or

less (99% of all deletions) were removed. To correct for errors during genotyping, a sliding
window approach was implemented as describedumng et al(2009)with a 15bp window, 1

bp step size, and a minimum of five markers per window.

Projections were done on each diallel family separately using the FILLIN plugin from TASSEL
v5.2.56(Bradbury et al. 20073s described iRufford et al.(2021) Briefly, parental haplotypes
were created with FILLINFindHaplotypesPlugiingpSize 200006minTaxa 1) and then

projected onto missing genotypes in the RILs with FILLINImputationPludiagSiz 200006
hybNN false). Finally, we rapplied the previously described sliding window apprq&ttrang

et al. 2009)with a 45bp window slide, 1bp step size, and a mmam of 15 markers per window.
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The projection results of all diallel families were combined into a single dataset, and

monomorphic markers across all RILs were removed (Supplemental File 2).

Linkage Disequilibrium structure of RIL population

Linkage Disequibrium (LD) was calculated using plink v1.90b6.@urcell et al. 20073s

previously describe(Qiu et al. 2021jor markers with less than 25% missing data. When
calculating LD between SNPs and SVs,wiedow size was limited to 1kb to reflect the LD

decay in this population. The reason for this was to find SNPs that were close enough to SVs to
avoid LD due to population structure, but far enough to allow recombination between SNPs and
SVs.

Environmerdl data

Weather data from five locations in the U.S. Midwest (lowa City, IA, Bloomington, IL,
Champaign, IL, Janesville, WI, and Saint Paul, MN) from April 2020 to October 2020 were
obtained using the R package EnvRtype (COstaNeto et al. 2021§Table S1). A weather
covariable matrix with 17 weather parameters (Table S2)-taidntervals through the
growing season was obtained and transformed into a vartamvegance kinship matrix for
environmental relatedness with the env_kernel function in EnvRtypg@a<aNeto et al.
2021) and further converted to a correlation maffable S3) with cov2cor function in R v3.6
(R Core Team 2019)

Trait simulation across multiple environments

The R package simplePHENOTYPES v{F&rnandes and Lipka 202@as used to simulate

traits across five different environments for the RIL population described above (Supplemental
File 3). This package was originally desidrfer simulating pleiotropic traits based on a user
defined genetic architecture. However, simulating multiple traits for an individual is equivalent
to simulating the performance of an individual across multiple environments when the loci
controlling trat variation are kept the same. Medtnvironment traits were simulated with three
replicates for each inbred line (additive effects only) with different heritabilities (0.3 or 0.7),
different number of loci controlling trait variation (10 or 100), andedéht causative variant

types (SNPs only, SVs only, or both) (Figureld)a
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Environmental information was incorporated as a residual correlation matrix in
simplePHENOTYPES, and each QTL was given the same small additive effect on phenotypic
variation acrgs all environments. Genotybg-environment interactions (GxE) was simulated

by adding random effects (drawn front artr@® distribution and bound betweeh and 1) to

each QTL at each environment. The following conditions were also imposed when Gaé#ing
effects: (1) 10% of QTLs were allowed to change the signs of effects across environments, (2)
10% of QTLs had no effect at all in a particular environment, and (3) 10% of QTLs had constant
effects across environments (i.e., no GXE). The 10% of QTwliiich these conditions were

applied were different for each of the conditions. To confirm that GXE was successfully
simulated in each population, analysis of variance (ANOVA) was performed with the R package

Ime4 (Bates et al. 2015)sing the linear model:
w ‘" MM iIiQ MQ -

wherewis the simulated trait values,is the overall meariQis the fixed genotypic effect of an
inbred line,Qis the random enronmental effectj Q is the random replicate effect within
environment;Q 'Qis the random effect of genotybg-environment interactions, ands the

random error term (Supplemental File 4).

When both SNPs and SVs were selected as causativetsd&iNRto-SV ratio of 1:1 or 4:1),
we simulated scenarios where SVs had the same effect size as SNPs or 5x larger effect size
compared to SNPs. We added such scenarios to test the hypothesis that SVs may have a bigger

impact on phenotypes than SNPs.

Forall 24 scenarios (i.e., the combination of heritability, number of loci, causative variant type,
and SNPto-SV ratio when applicable; Table S4), we performed 20 independent simulation
replicates with different QTLs selected each time with replacementr@igib) to reduce any

bias introduced by chance when selecting the QTLs that control a trait.

Genomic prediction models

Genomic prediction of each of the 24 simulated populations described above was performed
using (1) only SNP markers, (2) only SV magkdi3) all SNP and SV markers, (4) only SNP
markers in LD with an SV, and (5) only SNP markers not in LD with an SV (Figure 1c). The last
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two types of markers were included to test the ability of certain SNPs being used as proxies for
SVs. A SNP was consided in LD with an SV if4> 0.9. Markers that were selected as causal
variants during trait simulations were not masked and therefore could be selected as predictors.
Due to the difference in the absolute numbers of marker types (millions of SNPs saniti®of

SVs), we randomly downsampled the same number of predictors according to the predictor type
with the lowest number of markers (n = 5,476) and repeated this process of selecting markers 20
times to reduce bias due to random chance (Supplemermd)Firhis totaled 4,800 genomic
prediction models (24 scenarios x 5 types of predictors x 2-gadskations x 20 replications)

that were run (Figure 1c)

Genomic prediction models were run in two stages using ASRevdl1(Butler et al. 2017as
described byrernandes et a2018) In the first stage, we obtained bésear unbiased

estimates (BLUES) for each environment to account for GXE effects with the following model:
w ‘ 0 6 Q

where® is the simulated trait value of genotyjein replicate’ Q' is a constantQ s the fixed
effect ofthe"@h genotypef is the random effect of thh replicate withd DO THQ ,Q is

random effect of residuals wildD ) THQ , and’Gs an identity matrix.

In the second stage, we ran multivariate genomic best linear unbiasedigng@G&LUP)

models to evaluate the performance of different marker types with the following model:
®w ‘° Q Q

whered is the vector of multivariate responses associated with gen@yQe pig8 R in

which® ® hd B Ry ,* is the vector of the constants associated with each environment
with ¢ ‘K FBEt  ,"Qis the vector of random effeat$ genotypeCassociated with each
environment in whichQ "QRQM OB FQ ,"0D § mHOS 6 with "Oas the variance
covariance matrix for genetic effects, as the Kronecker product andas the realized additive
relationship matrix calculatefdom the genotypic data using the Endelman and Jannink method
(Endelman and Jannink 201ig)plemented in the A.mat function from the R package rrBLUP
v4.6.1(Endelman 2011)Q is the vector of random effects of resitbua which'Q
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QMMM ,QDG mG& 'Y with Yas the varianceovariance matrix for residual

effects, andGas an identity matrix. Both SNPs and SVs were considered biallelic for the
calculation of the additive relationship matrix amere coded asg phrip . For SNPs;1

represents one of the homozygous states, 0 represents the heterozygous state, and 1 represents
the alternative homozygous state. Likewise, for SMgepresents one of the homozygous states
(e.g., presence or absenddle SV), 0 represents the heterozygous state, and 1 represents the
alternative homozygous state. Tknatrix was assumed to have a diagonal structure (i.e.,
genotypes were allowed to have different variance across environments but withautoce

between environments) while thématrix was assumed to be unstructured to take advantage of
correlations among environments. This strategy was chosen as a compromise between

computational efficiency and the amount of information to be used in eachpkthietions.

Prediction accuracy was calculated using two differefaidb cross validation schemes: CV2 and

CV1 (Burguefio et al. 2012CV2 was used to determine hovelhgenotypes with phenotypic

information in some environments are predicted, whereas CV1 evaluated how accurately we
predicted completely untested genotypes. In both schemes, we randomly divided our simulated
dataset into five different groups and preelitthe phenotypes of one group based on the data

from the other four. After the phenotypes of all five groups were predicted, we determined
prediction accuracy by calculating the averag
predicted values. The cr®salidation process was repeated three times to reduce bias due to

random chance when assigning genotypes to one of the five groups (Figure 1c).

LD and prediction accuracy

We also sought to evaluate the extent to which LD between QTL and predictorssimpact
prediction accuracy. To this end, we calculated LD between all QTLs and all predictors as
described above but without a window size limit, and plotted the distribution of LD against
prediction accuracy. Given the total number of markers used in genoedictmn models, we
expected that most of the QTLs would be in high LD with at least one marker, which would
reduce the ability to detect meaningful signals between LD and prediction accuracy. Thus, we
designed another simulation experiment to better antivis question. For this purpose, we
randomly downsampled the total number of markers to approximately 25% to reduce

computational resources while making sure the minimum allele frequency distribution of SNPs
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and SVs had a similar pattern. Then, we daled LD among all remaining markers in 5Mb

windows as described above. Finally, we simulated new traits (100 QTLs; 0.3 or 0.7 heritability;
SNPs or SVs as causative variants) across the same five environments described above using the
markers that had Lihformation. The simulation was repeated three times, where each time a
different set of markers was selected as the causative variant (Supplemental File 6). From the
same pool of markers with LD information, we selected 500 markers that were in low<D (r
0.5), moder20.9),othph  DEO5009) to a QTL and ran g
models as described abowedure S1). To avoid model convergence problems due to highly
correlated markers in the moderate and high LD categories, we salalitemhe marker with the

highest LD with a QTL (i.e., 0.5 €k 0.9 for moderate LD category, artd>r0.9 for high LD

category) and randomly selected the remaining markers from markers in the lower LD categories
(i.e., < 0.5 for the moderate LD catety, and # < 0.9 for the high LD category). This

experiment was repeated 10 times (Supplemental File 7).

Avalilability of data and material

The datasts analyzed in this study are available in the Data Repository for U of M (DRUM) at
https://hdl.handle.net/11299/2505@@®notypic data of maize parental lines and RDslla

Coletta et al. 2023)andhttps://hdl.handle.net/11299/2527&upplemental files-10 generated
for this manuscript that includes structural variant aaflthe maize parental lines, projected

genotypic data for recombinant RILs, simulated trait values for each RIL with different genetic
architectures, input data for genomic prediction models with different marker types, and genomic
prediction accuracy fogach combination of simulated genetic architecture and predicdirs.)
supplemental figures, supplemental tapdesl scripts necessary for data analysis are available

on GitHub athttps://github.com/HirschLabUMN/genomic_prediction_svs

Results

Not all SVs are in high linkage disequilibrium to a SNP

To maximize the amount of genetic information available in the RILs in a resource efficient way,
we projeted markers from whole genome resequencing of the parents of the diallel families to
their respective RILs. Approximately 93.6% of all markers were successfully projected among

all families with an average accuracy of 94.6% (Figure S2), resulting ialafd1,971,533
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SNPs and 10,001 SVs (9,540 deletions, 241 inversions, and 220 duplications) in the RIL
population. The presence of SVs near centromeric regions was depleted compared to SNPs,

which had a more uniform distribution along the chromosomesir§ig3).

The usefulness of SVs in genomic prediction models is highly dependent on the LD structure of
the population in which the predictions are made. For example, if all SVs are in high LD to
SNPs, then adding SVs in genomic prediction will add littferimation to the models because

all phenotypic variation associated with those SVs would have already been captured by SNPs.
We investigated the LD structure in this RIL population and found that LD decays very rapidly.
While this is a RIL population withmited rounds of recombination, due to the nmiphirent

design, LD declines more rapidly with the mediamalues between SNPs within 400bp from

each other already lower than 0.5 (Figure. 2a). LD analysis between SNPs and SVs revealed
approximately 24%f SVs were not tagged by a SNP<r0.9; Figure 2b). Consequently, for

this population, SVs could bring additional information into genomic prediction models.

SVs can improve genomic prediction accuracy, but it depends on the genetic architecture of the
trait

To test if SVs bring additional information into genomic prediction models, we conducted
genomic prediction on eight simulated populations with varying genetic architectures controlled
by either SNPs or SVs, and with different marker types as poesligte., SNPs only, SVs only,

both SNPs and SVs, SNPs in LD with SVs, and SNPs not in LD with SVs) (Figure 3a, Table S5,
Supplemental File 8). As expected, higher trait heritability and a higher number of QTLs were
associated with higher prediction acacy across all of the predictor types. On the extremes, the
mean accuracy across different predictor types for simulated traits with 10 Qfd=s &3 was
~55.7%, while when the trait architecture was 100 QT8 at0.7 the average accuracy across

thedifferent predictor types improved to ~79.4%.

Overall, when only SNPs control trait variation, using SNP predictors resulted in slightly better
prediction accuracy than SV predictors (Figure 3b, Table S5), with the largest difference
observed when a trdiad lower heritability and was controlled by fewer variants (Table S5). In
this case, the difference in average prediction accuracy between SNP predictors and SV
predictors was 3-test ¥e.2d7)52.485/ ®alug MWEOL7) dnd Z3%tin AV
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( We | ctéshtsr2nt 1.875, pvalue = 0.0687). As both heritability and number of QTLs

increased, including both SNPs and SVs or only SVs as predictors resulted in more similar
accuracies as with SNPs alone (Figure 3c). In contrast, when adsagontrolled by SVs

exclusively, using SVs as predictors (either by themselves or in conjunction with SNPs) resulted

in higher accuracy than using only SNPs in all scenarios (Figure 3c, Table S5). In this case, the
difference in average prediction accyrdetween SNP predictors and SV predictors was as high

as 8% i n CMeBt tpsWe 7.566, pvsaltue < 0. 001) andest 9% i n
t(6.755= 6.674, pvalue < 0.001) for highly heritable traits controlled by many QTLs.

We also testethe ability of SNP markers in LD to SV ¢ 0.9) to be used as a proxy of SVs in
genomic prediction models, and we found that this marker type resulted in a very similar overall
accuracy pattern of SVs predictors, although with slightly lower valugsir@Bb, Table S5).

The average difference between SVs as predictors and SNPs in LD to SVs as predictors for traits
controlled solely by SNPs otest oMs 18 ,9valte=1. 8 %
0.131) and ~ 2. 3téstigomsn=18AN pvallerd]0&lh Onsthe bther hand,
SNPs that were not in LD to any SV3<r0.9) were the worst predictors when SNPs were the
causative variants of traits but performed similarly to general SNP predictors when SVs

controlled trait vaation (Figure 3b, Table S5).

It is expected that results from CV2 are better than CV1 in all scenarios due to the latter having
to predict the performance of genotypes with no phenotypic information in any environment.
Interestingly, using SVs as predics when SVs were the causative variants reduced the

difference between CV1 and CV2 in terms of accuracy, especially at higher heritability and QTL
numbers (Figure 3d, Table S5). For instance, when a trait was controlled by 100h8¥9at,

the averageifference was approximately 1.5%, whereas the average difference between CV1
and CV2 in the same scenario but when only SNPs were used for predictions was approximately
12. 5% ( Wést| teibr)& 8.386, pvalue < 0.001).

Adding SVs to predictiomodels is generally beneficial when trait genetic architecture is
controlled by both SNPs and SVs
Given that it is unlikely, especially for traits controlled by multiple QTLs, that only SNPs or SVs

will be the causative variants, we also tested 16 simiiitenarios where both SNPs and SVs
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control trait variation (Figure S4; Table S6; Supplemental File 10). When half of the causative

variants are SNPs and the other half are SVs and both marker types have the same effect size,

there is nearly no differend®etween using SVs only or SNPs only as predictors in the case when
there are few QTLs and the heritability is | o
t-test, ts35277=1.007,pv al ue = 0. 321 and ~tesfitss&s961.2B,p CV1 ( We
value = 0.195); Figure 4a, Table S6, Figure S4). However, similar to scenarios where only SNPs

or SVs control trait variation, using SVs in prediction models results in better accuracy than SNP
predictors as the number of QTLs and heritability ineee@ccuracy difference of ~ 4.6% for

CV2 ( Wetest totiss=5R17,pval ue < 0.001) and ~testll1. 5% f or
t(22.205)= 6.817, pvalue < 0.001); Figure 4a, Table S6, Figure S4). Using both SNPs and SVs as

predictors has similar results as using only SVs.

We next wanted to investigate whether differences in effect sizes between SV and SNP causative
variants would have ampact on prediction accuracy when using different marker types as
predictors. Interestingly, we noticed that increasing the effect size of SVs relative to SNPs on

trait variation only affects prediction accuracy in a scenario with high heritability ghd hi

number of QTLs (Figure 4b, Table S6, Figure S4). In this case, the accuracy of SNP predictors is

| ower (accuracy diff er e festesgF2.381, pBalug90.023pr CV 2

and ~ 10. 3% f eest ts¥23.728\wdue H©100061)) tvhile SV predictors have
similar accuracy (accur a-test, zghb)¥ K181, pratlue ©0.867% ~ 0.
for CV2 and ~ 1. 8é4dt thoy= 1.13%3]1pvalud\e0.083)).0Ne also

observe a slight reductidn accuracy of using SNPs in LD to SVs as markers when the causal
SVs have a larger effect than causal SNPs, likely due to the imperfect LD between SNPs and
SVs, even for those in relatively high LD (Figure. 4b, Table S6, Figure S4).

Finally, we testedhte impact of predictor type on genomic prediction accuracy when there is an
imbalance in the number of SNP and SV causative variants (Fig. S4). When there are more SNPs
than SVs controlling trait variation (80% SNPs and 20% SVs), the benefit of usinggSVs a
predictors reduces and its performance is more similar to using only SNPs (Fig. 4c, Table S6,
Figure S4). However, when predicting untested genotypes (i.e., CV1), SV predictors still

perform better than SNP predictors (Figure 4c).
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Taken together, thesesults suggest that adding SVs to prediction models is beneficial when
both SNPs and SVs are controlling highly heritable traits with many QTLS, regardless of the
effect size difference or relative proportions of variants between causative SNPs and SVs.

Linkage disequilibrium between causative variant and predictor, not predictor type, drives
improvements in prediction accuracy

To further understand why different predictor types were able to achieve higher accuracies, we
explored the relationship betwekD of causative variants and predictors in improving

prediction accuracy. As expected, we observed that accuracy tends to increase as the number of
predictors in LD to QTLs increases (Figure 5a). Looking at the predictor in highest LD to a QTL
in each simlation and prediction scenario and plotting the distributiod vélues, demonstrated

that most QTLs are being tagged in each scenario (Figure 5b, Figure S5). The high number of
predictors and the big haplotype blocks of RILs increases the chancdrg hasausative

variant tagged by a predictor. However, in a scenario where SNPs are the predictors and SVs are
the QTLs (distribution highlighted in red in Figure 5b), the number of predictors in very high LD

to a QTL is considerably lower than other sm@os (e.g., when SVs are predictors), which may

explain why SNP predictors do not perform very well when SVs are the causative variants.

To further explore this observation in a more
number of predictors to sométly more similar to what breeders use in breeding programs (i.e.,

500 markers), and ran genomic prediction models with markers with different LD levels to a

QTL (low, moderate or high). As expected, using only markers in high LD to a QTL resulted in

the hghest prediction accuracy regardless of marker type, followed by markers in moderate LD,

and then markers in low LD e (Figure 6, Table S7, Supplemental File 9). These results offer an
explanation as to why SV markers outperform SNP markers in genomictpmedanodels when

the causative variants are SVs and why SNPs in LD are able to provide comparable accuracies to

actual SV predictors.
Discussion

In this study, we used a simulation approach to comprehensively evaluate the usefulness of
structural variants in genomic prediction models as a complement to or in lieu of using SNP

markers as predictors. One of the main reasons SNPs have been sugaes=duth genomic
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prediction models is their ubiquitous distribution across the genome, which maximizes the
chance of having a SNP in close proximity and in linkage disequilibrium to a causal variant.
However, previous studies showed that this is not edwlag case. For example, in a maize
population of 103 lines, 20% of rea@pth variants (a proxy for CNVs) could not be tagged by
SNPs(Chia et al. 2012)More recentlya study showed that nearly 22% of polymorphic SVs in a
diverse maize population of 521 lines were in low linkage disequilibrium with $¥drgy et al.
2019) Further Windhausen et a{2012 andTechnow et al(2014)showed that LD decays very
fast even in closed breeding populations. We observed a sinfdatliD decay in our RIL
population with ~24% of segregating SVs in the multiparent population not being tagged by a
SNP. These results suggest that SVs have the ability to bring additional information to genomic

prediction models that are not already capt by SNPs even in a breeding population.

To investigate how genomic prediction models could benefit from the extra information that SVs
could bring, we simulated traits with a range of different genetic architectures. Overall, traits
with high heritabilty and high number of QTLs controlling trait variation yielded higher overall
prediction accuracy than traits with low heritability and low number of QTLs regardless of the
predictor type. The importance of heritability in prediction models has been ginewausly
(Daetwyler et al. 2010; Combs and Bernardo 2013; Guo et al. ,.2&ddithe increased accuracy

for higher heritabilities is expected due to themsger influence of genetic effects over
environmental effects on trait variabiligCombs and Bernardo 2013Ithough we also

observed an increase in accuracy foitgraith a high number of QTLS, this increase was not as
evident as for changes in heritability. Others have shown that the number of QTLs had no to little
effect on prediction accurag¢ipaetwyler ¢ al. 2010; Wientjes et al. 2013pterestingly,

Wientjes et al(2015)showed that prediction accuracies were slightly higher for traits with 1000
QTLs compared to 100 QTLs when small effects were assign@dtts regardless of their

allele frequency, which is a similar scenario to what we simulated in this study.

The main finding from our simulations with regards to predictor type was that the extent to
which the extra information brought by SVs can be Usefprediction models depends on the
genetic architecture of the trait. When traits were simulated to have high heritability and high
number of QTLs the differences in prediction accuracy among different predictors became more

evident, especially when SWgere the causative variants. For example, our findings suggest that
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if a low number of SVs control phenotypic variation and the heritability of the trait is low, then
using SVs as markers for prediction models will not bring any additional informattbe to

models. This architecture might explain, at least partially, why very modest or no improvement
was observed in previous empirical studies using SVs in mdets et al. 2018; Chen et al.

2021) Another possible explanation is that the SV markers used in these studies are not the
causative variants or are not in high LD with the actual cagsaéiriantsPéezEnciso et al.
(2015)showed in their simulations that prediction accuracy could increase by about 40% if all
causal SNPs are included in a genomic prediction model, but it drops very quickly if such SNPs
are removed, and narausal variantare included. Similarlyvan den Berg et a{2016)also

showed that genomic prediction reliability increases when markers closer to causative variants
are included and concluded that markers should be carefully selected in prediction models. We
also showed that selecting predictors in highest LD to causative variants, regardlessbf va

type, results in significant gains in prediction accuracy. Recdrdnstein and Bucklg2021)

showed that prioritizing genomic markers associatgl variants most likely to impact trait

variation can increase genomic prediction accuracy. Taken together, these findings highlight the
importance of understanding trait genetic architecture to maximize genomic prediction accuracy
by carefully selectingredictors. As more association studies demonstrate how prevalent SVs are
in genetic architecturg¥ang et al. 2019; Alonge et al. 2020; Guo et al. 20B@eders can

make an informed decision about the use of SVs or SNPs in LD with SVs when there is

information supporting SVs underlying their trait of interest.

Access to pangenomes that capture structural variation is now a reality for many crop species
(Bayer et al. 2020; Della Coletta et al. 2024)d high quality SV data will become increasingly
more available in the near future for many other crop speciesn @eaesults described here,

using SVs in prediction models in a breeding program can improve genomic prediction accuracy,
but the added benefit of these markers may not yet beeffestive to obtain at the scale of a
commercial breeding program. Fopprspecies already with large pgenome information,

such as maize, soybean, and tonf&ao et al. 2019; Liu et al. 2020; Hufford et al. 2021)

practical haplotype graplf{Eranco et al. 2020; Jensen et al. 202@y be a starting point to

impute SV information from a representative set of individualséeding lines. As for actually
genotyping the training and test populations, selecting SNP markers in LD to SVs has the

potential to be used as a proxy to SVs without compromising accuracy and keeping genotyping
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costs low. Reaching neperfect predictia accuracy is going to involve incorporating the
maximum amount of neredundant genetic and environmental information into the models. The
results of this study are a step forward toward developing strategies that take advantage of all
relevant informatia available in the plant genome by exploring the use of alternative marker

types under varying genetic architectures.
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Figure 1.Methodology overview for simulating traits and testing performance of different

marker types in genomic prediction modalsGenotypic data from maize inbred lines and
environmental correlation matrix were loaded into the R package simplePHENOTYPES for trait
simulation. Genomic prediction models were run with the simulated data and prediction accuracy
was evaluated for diffent marker types with distinct cresalidation schemes. The whole

process was repeated 20 timestnosimplePHENOTYPES, traits were simulated with a factorial
combination of different heritabilities (0.3 or 0.7), QTL number (10 or 100) and causative

variants (SNPs and/or SVs) across multiple environments with genbyypevironment

interactions; £For genomic prediction, five different marker types were used: SNPs only, SVs
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only, SNPs and SVs, SNPs in LD to SVs, and SNPs not in LD to SVs. These psedete
randomly subsampled from the total amount of projected markers to keep prediction
comparisons fair. Finally, prediction accuracy of each mayker for each simulated trait was
obtained using a twetage genomic prediction model with two cresdidation schemes (CV1
and CV2).
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Figure 2. Linkage disequilibrium (LD) structure in a maize population with 333 recombinant
inbred lines derived from diallel crosses of six parental liegBoxplot with pairwise ¥ values
between SNP chip markers withLMb from each other. Numbers above each box represent the
number (in thousands) of pairwise LD values of markers within a certain physical disfance; b
Distribution ofr? values between SNPs and SVs for the SNP in highest LD to each SV.

85



h2=0.3

h2=0.7
100 QTLs 10 QTLs 100 QTLs 10 QTLs

Prediction

Prediction

Prediction accuracy difference

SNPs and SVs Only SNPs Only SVs SNPs in LD SNPs not in LD

Cv1 Cv2 Ccv1 Ccv2 CVv1 Cv2 Cv1 Cv2 cV1 Ccv2
1 1 1 1 1 I
1 1 1 1 1 I
A [N [ N N N N N N AN o
1 1 1 1 1 1
A N N N N N N
1t 1 1 1 I 1 1 |
AN N (N U NN N N N
4 1 ! J 41 1 1 J | |

0.756
0.50
0.256

0.00

SV SNP SV SNP SV SNP SV SNP

SNPs as causative variants SVs as causative variants
1.004
§ 0.75 1
5 0.504
3
© 0.254
0'00 bt T | T T T T T T T T
SNPs SNPs SVs SNPs SNPs SNPs SNPs SVs SNPs SNPs
and SVs only only inLD  notinLD and SVs only only inLD  notinLD
Marker type used in prediciton
SNPs as causative variants SVs as causative variants
1.00 4 .
Predictors
2 0.754
© == SNPs only
5 0.50-
8 ~o= SVsonly
@ 0.254
-~ SNPs and SVs
0'00 A T T T T T T T T
h2=03 h2=03 h2=0.7 h2=0.7 h2=03 h2=0.3 h2=0.7 h2=07
10 QTLs 100 QTLs 10 QTLs 100 QTLs 10 QTLs 100 QTLs 10 QTLs 100 QTLs
Trait architecture
SNPs as causative variants SVs as causative variants QTL number
0.151 - 10
< — 100
3 0.101
N - 0 o
g5 005 Py @ reie asase Heritability
0.004 -~ 03
SNPs SVs SNPs SNPs SVs SNPs - 0.7

only only and SVs only only and SVs
Marker type used in prediciton

86



Figure 3. Genomic prediction accuracy of different marker types (SNPs and SVs, SNPs only,
SVs only, SNPs in LD to SVs, or SNPs not in LD to SVs) from two evasidation schemes
(CV1 and CV2) for simulated traits where either SNPs or SVs were the causative vaiants.
Heatmap summarizing the average performance of each predictor type from tweatickeson
schemes (axis) for each simulated genetic architecture with differentdiglities and number

of QTLs controlling trait variability (yaxis); b Average prediction accuracy of marker types
across all genetic architectureyAverage prediction accuracy of marker types for different
genetic architectures) dverage predictionlifference between the two cregalidation schemes

of marker types for different genetic architectures
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Figure 4. Genomic prediction accuracy of different marker types (SNPs and SVs, SNPs only,

SVs only, SNPs in LD to SVs, or SNPs not in LD to S\¥ehf two crossvalidation schemes

(CV1 and CV2) for simulated traits where both SNPs and SVs were the causative va@riants.
Average prediction accuracy of marker types for each genetic architecture when the number and
size of effects of both SNP and S\Weative variant types are the sameChanges in the

average prediction accuracy after increasing the effect size of SVs relative SNPs. In both
scenarios the proportion of SNP and SV causative variants was the same. In the SV > SNP effect
size scenario SV effect size was set to 5x that of the SNP effect size; ¢ Average prediction
difference between the two cregalidation schemes of different marker types when the

proportion of causative variant types is the same or when most of causative vari&iN®are
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Chapter 4

Optimizing simulations for digital breeding that accurately parallels empirical data

Summary

The use of computational and daliaven approaches to accelerate and optimize breeding
programs is becoming common practice among plant bre&lierslations allow breeders to

evaluate hypotheses and changes in a breeding schemanineostefficiently, but accurately
simulating traits that match empirical trait data remains a challenging task. Here, we address this
problem by incorporating infanation about the genetic architecture (i.e., numbers of causative
variants, effect sizes, and modes of gene action) from gendteeassociation studies (GWAS)

of common maize agronomic traits into simulations. We found that using at least 200 top GWAS
hits as causative variants resulted in a high correlation of 0.54 between simulated and empirical
trait data. In addition, reducing the original marker effect sizes estimated GWAS models resulted
in more realistic partitioning of phenotypic variances. Finaillg compared the accuracy of

genomic prediction models using simulated and empirical data with the same set of predictors
and observed that the accuracy of the genomic prediction models was higher when using
simulated data. However, the correlation betwpeedicted simulated values and empirical trait

data was lower than between actual simulated values and empirical trait data, suggesting that
breeders should be cautious when interpreting results from genomic prediction of simulated data.
Overall, our reslts suggest that incorporating information from GWAS beyond statistical

significance thresholds is valuable to simulate more realistic phenotypes for digital breeding
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Introduction

Resource allocation is one of the biggest decision pointsreealing program. Simulations are

a valuable tool for advancing plant breeding by providing a fast and inexpensive way to test
hypotheses, evaluate new breeding schemes, and identify potential red flags before moving
forward with costly and timeonsuming eperimentqLi et al.2012) For example, simulation
studies formulated the foundation and usefulness of genomic prediction and selection in plant
and animal breeding by showing the influence of population size and relatedness, heritability,
and number of markers on prediction accurgbjeuwisseret al.2001; Daetwyleet al. 2010,

2013; Combs and Bernardo 2013)

Simulaing phenotypes with known genetic architecture that matches reality is key for translating
knowledge from simulations to real life when running parallel digital and empirical breeding
programs. Currently, there are many available tools for simulatingpips, with varying
applicability to different scenaridSunet al.2011) For example, AlphaSim is a software tool

that enables comprehensive simulation of an entire breeding progsaxret al.2016; Gaynor

et al.2021) It allows backwardsand forwardsn-time simulations of haplotypes and

phenotypes, testing of different crossing and selection schemes, and modeling of genomic
prediction throughout the simulated breeding progfBauxet al.2016; Gaynoret al.2021)
PhenotpeSimulator is another powerful software that focuses on simulating multiple traits with
complex multilocus genetics, including genetic variant and background (infinitesimal) effects,
nongenetic effects, and noise effects with different covariance stas{Meyer and Birney

2018) However, despite offering a lot of flexibility on multiple stages of simulations, these
programs do not allow easy incorporatiorre@dlworld data, such as effect sizes based on
genotypephenotype association studies or environmental correlations from target breeding
environments. More recently, the R package simplePHENOTYPES was developed to provide
users with the ability to control eveagpect of trait genetic architecture when simulating

complex multitrait phenotypes, including pleiotropy, based on real genotypic and environmental
information(Fernandes and Lipka 2020)his flexibility is important as it allows users to

optimize parameter combinations that result in simulations that approach reality. It also allows

simulations of traits across multiple environments by providing an environmentlation
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matrix while keeping the same causative variants across these environments with varying effect

sizes in each environment.

In order to input the parameters into prediction equations that mirror reality it is necessary to
understand the genetic aitelttures that underlie empirically measured tr&asnomewide
association studies (GWAS) and quantitative trait loci (QTL) studies are both methods used to
identify genomic regions that contribute to phenotypic varigfionbs Cortest al.2021) QTL

studies are commonly used in experimental populations (such as biparental crosses), whereas
GWAS are performed on a larger and more diverse population, allowing for the detection of
regions with smaller effect sizesahigher resolutiofiTibbs Cortest al.2021) GWAS has

been used extensively in plant breeding to identify the factors underlying genetic architecture of
many different traits in a wide range of crgpss and Yan 2019)As a result, the genetic

markers with the strongest associations with phenotypes have been useful to guide gene cloning
(Wanget al.2015) identify markers for markeaissisted selectioi©wenset al.2014)and

increase the accuracy of genomic predictioemmcorporated into the mod€Bhanget al.

2014; Spindeét al.2016) However, such important information has yet to be implemented in

simulations of phenotypes.

Here, we use a combination of empirical data and simulated data to optimize trait simulations in
digital breeding thaaccurately parallel empirical data. To this end, we inferred the genetic
architecture of four traits with varying complexity and heritability (i.e. ear height, plant height,
grain moisture, and grain yield) by performing genemge association studies (GA®%) with

data from 400 maize hybrids grown in up to 11 environments. We used real genotypic
information from the same population to simulate these traits using different numbers of variants,
effect sizes, and modes of gene action (i;e. additive or dongredfects). We then correlated

these simulated phenotypes with the empirical phenotypic data, and ultimately tested how well

the simulated data mirrored the empirical data in evaluating genomic prediction accuracy.
Materials and methods

Phenotypic data
A set of 333 Frecombinant inbred lines (RILs) from half diallel crosses among sR\&x
maize inbred lines (B73, PHG39, PHG47, PH207, PHG35, and L{E&Mpa Colettaet al.2023)
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were crossed to produce 400Hybrids (Table S1)These hybrids were then grown in six

locations across the U.S. Midwest in 2019 and/or 2020 for a total of 11 environments (i.e.,
Location x Year combination; Table S2). In each environment two replications were planted in a
randomized complete block desigPhenotypic measurements were obtained for ear height, plant
height, grain moisture, and grain yield if14 of the environments for 38309 of the hybrids per
environment. Ear and plant heights (cm) were manually measured as the height from the ground
to the ear bearing node and from the ground to the ligule of the flag leaf. Grain moisture (%) and
grain yield (bu a@) were obtained from plot combine measurements and grain yield was
normalized to 15.5% moisture. For each trait, analysis of variance {Wl@as performed

with the R package ImgBateset al.2015)to evaluate the significance of genetic,

environmental, and genotyy-environment effects using the linear model:
w ‘Mo iIiQ MaQ -

wherewis the trait values, is the overall mean(Js the fixed genotypic effect of a maize
hybrid, Qis the random environmental effect,Q is the random replicate effect within
environment;Q Qis the random effect of genotyg-environment interaons, and is the
residuals. Heritability was also determined for each trait in each environment by treating

genotype effects as random effects and calculated with the following equation:

where, is the estimated additive gemetariance ang is the error variance.

Genotypic data

Genomic variants have been previously identified for the six inbred parents of this population,
including single nucleotide polymorphisms (SNRsizaheriet al.2019)and structural vari#s
(SVs;Della Coletteet al.2023) and these variants were projected to the 333 RIL3dba

Colettaet al.(2023) Using this dataset, we generagghotypic datan silico for each hybrid

that was empirically tested in this study by combining the alleles of its respective RIL parents at
each locus. The hybrid genotype was set to missing data if at least one of its parents had a

heterozygous genotyes it cannot be known which allele was passed on to the hybrid. The
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hybrid genotypic dataset contained 8,510,449 SNPs and 8,416 SVs with an average of 41.4%

missing data per genotype.

Environmental data

Prior to simulating traits across multiple environnsea weathebased correlation matrix

among the 11 growth environments of this study was obtained using the R package EnvRtype
v1.0(CostaNetoet al.2021) For this matrix, 17 weather parameters (Taldef& each
environment in 1@lay intervals throughout the season (April 1st to October 31st) were used.
The weather data was transformed into a vari@os@riance environmental relatedness matrix
with the env_kernel function in EnvRtype vi@ostaNetoet al.2021) The final correlation

matrix among environments (Tabld)Svas generated using the cov2cor function in R {R.6

Core Team 2019)

Genetic architeture of phenotypic traits

To determine the genetic architecture underlying each of the four empirically measured traits
(i.e. ear height, plant height, grain moisture, and grain yield), we performed genome wide
association studies (GWAS) using a unifiecked linear model (MLM)Yu et al.2006)with
additive or dominance effects implemented in GAPITW2ng and Zhang 2021)

To this end, we calculated best linear unbiased estimates (BLUES) for each hybrid in each

environment with the following mixed linear model:
W O 0o -

wherewis the vector of phenotypic values in one environim@ris the design matrix for the
fixed genotype effects, wis the design matrix for the random replication efféctgith 6 D

0 THQ ,"Os an identity matrix, is the replication variance, ands the residual effect with
variance, with- D0 THQ (Figure S1S4). These analyses were performed with ASRRm
v4.1(Butleret al.2017)

Prior to conducting the GWAS, the genotypic dataset was filtered to remove markers in high
linkage disequilibrium (LD;%> 0.9) within 10 k windows, with minor allele frequency lower
than 5%, and/or missing data rate higher than 25% using PLINK@h&nhget al.2015) The

window size for LD pruning was defined based on the rapid Ldaylef the inbred parents
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(Della Coletteet al.2023)and to maximize the number of both SNP and SV markers after

filtering. The filtered hybrid genotypic dataset contained 359,990 SNPs and 3,110 SVs. The
filtered matrix was then converted into tdiferent numeric format matrices for additive and
dominance models using GAPIT (8/ang and Zhang 2021for additive GWAS models,
homozygous genotypes were encodeeither 0 or 2 and heterozygous calls were encoded as 1.
For dominance GWAS models, all homozygous calls were encoded as 0 and heterozygous calls
were encoded as 1. Principal component analysis (PCA) was performed with the GAPIT.PCA
function in GAPIT v3(Wang and Zhang 20219r input into the MLM and it was determined

that most of the genetic variation in the population could be explained by the first seven principal
components (PCs) (Figure S5). These seven PCs were used as covariates in the GWAS models to
control for population structure. A genetic kinship matrix was obtained using the VanRaden
method(VanRaden 208) implemented in GAPIT v8Wang and Zhang 2021)

The statistical significance of a marker associated with a phenotype was determined by

permutations based on the FarmCPU.P.Threshold function from FarmCPUhiL.@2al.

2016) This function was adapted to accommodate the MLM model described.dBriefly,

BLUESs were shuffled 30 times, and the lowestatue between a marker and a phenotype was

recorded each time. The finaMalue threshold to be used in a GWAS for each trait was then
determined based on the 95% quantile of permutealyes.Finally, the phenotypic variance

explained (PVE) by all available markers and by the significant GWAS hits with the next top

100 nonredundant markers with lowestvalue was calculated for all traits using the software

GCTA v1.94(Yanget al.2011) I n this case, the phenotypic il

of each trait in each environment.

Variant selection for simulations

Multiple genetic markers can have high association to the same causative variant. To determine a
set of norredundant maers for simulations, LD was calculated among the 5,000 markers with

the lowest pvalues from GWAS for each trdity-environmentby-model using PLINK v1.9

(Changet al.2015) The window size for this calculation was set to the chromosome size to

obtain LD values between markers in the same chrom@slont not across chromosomEsr

each pair of markers in high LD?¢ 0.9), the one with the highest estimated GWAS effect was

retained, resulting in a average of 216medundant markers (ranging from 111 to 351) for each
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trait in each environment f@ach GWAS model (i.e., additive or dominant). For each trait and
GWAS model, all remaining markers in each environment were ranked based on their effect size
in that environment and the ranks across environments were averaged. The top 1, 3, 5, 10, 20, 30,
40, 50, 60, 70, 80, 90, 100, 200, 300, 400, 500, 600, 700, 800, 90a\EIaQe ranked markers

were then selected as causative variants regardless of their significance in the GWAS for each

trait-by-model combination.

Trait simulation across multiple gmonments

Multi-environment phenotypic values were simulated for the hybrid population described above
based on the genetic architecture identified by GWAS for each trait using the R package
simplePHENOTYPES vl.@ernandes and Lipka 2020)his package allows the simulation of
traits based on real genotypic data where the user can select which markers are the causative
variants and define their effect sizes and tyjpes additive or dominance). Traits can be

simulated across multiple environments by repeating the simulations with the same causative
variants but changing their effect sizes and adding a correlation matrix that defines the

relationship among the envitments.

For each simulated trait, the heritability and means from the corresponding empirical trait data
were used as inputs into simplePHENOTYPES. The causative variants were selected based on
different numbers of top neredundant additive and dominar@G8VAS markers across
environments (e.gl, 3, 5, 10, 20, etc.). The gene mode of action of these markers were set to
additive or dominant according to the GWAS model that was used to identify the marker as a
causative variant. To further test the impaatnairker effect size on trait simulation accuracy, we
conducted two tests. First, we used the estimated effect size of each marker from GWAS.
Second, we repeated the simulations but with a reduced effect size, where the effect of each
marker was reduced tmly 10% of its original GWAS effect si{&igure S6).

The total number of environments simulated also matches that of the empirical data (i.e., 4
environments for ear height, 5 for plant height, 11 for grain moisture, and 10 for grain yield) and
the empiical environmental correlation matrix was used as the residual correlation matrix in
simplePHENOTYPES. Three replicates per hybrid were simulated in each environment and

ANOVA was performed for each simulated trait as described above to determine percent
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variance explained by each experimental factor. Spearman correlations between simulated and

empirical traits were calculated using the cor function in R {B.6ore Team 2019)

Genomic prediction models

Genomic prediction models were run for simulated and empirical trait data in two stages. First,
best linear unbiased estimates (BLUES) were calculated for each environment to account for
genotypeby-environment effects using the following mixed linear mModgwlemented in

ASRemiR v4.1(Butleret al.2017)

w ‘ 0 0 0Q

where @ is the trait value of hybritfin replicate’Q’ is a constantQis the fixed effect of the
"&h hybrid,d is the random effect of thh replicate withd D 0 THQ ,'Q is random effect
of residuals withQD 0 THQ , and'Qs an identity matrix.

In the second stage, a random set of 500 markers from the pruned genotypic dataset were
selected as the predictors for the genomic prediction models. This process of selecting 500
random markers was repeated three times to minimizom sampling bias. Multivariate

genomic best linear unbiased prediction (GBLUP) models were run with additive or dominance
relationships with each set of 500 random predictors using the following mixed linear model also
implemented in ASRerrR v4.1(Butler et al.2017)

®w ‘° Q Q

where® is the vector of multivariate responses associated with hi®i@ pltH e in which

O  ©hdMR andhis the number of environmentsjs the vector of the constants
associated with each environmeéfijs the vector of random effects of hybft@ssociated with
each environment witfQD & OS5 & or’'QD U mHOS ‘O where'Ois the variance
covariance matrix for genetic effectsjs the realized additive relahship matrix andD is the
realized dominance relationship matfiXjs the vector of random effects of residuals VWb

0 mHG 'Y with 'Y as the varianceovariance matrix for residual effects, d6als an identity
matrix. The VanRaden methgdanRaden 2008)as used to calculate the additive relationship

matrix, while the dominance relationship matrix was calculated using the Vitezica method
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(Vitezicaet al.2013) Both matrices were calculated from genotypic data using the Gmatrix
function of the R package AGHmatriAmadeuet al.2016) The"Omatrix was modeled with a
diagonal structure where the genetic variance, butovariance, was allowed to be different

among environments, while thématrix was unstructured (i.e., residual variance and covariance
among environments were allowed to be different). For computational efficiency, we reduced the
total number of envanments with grain moisture and grain yield data to six by removing highly
correlated environments (BAY19, BEE8L19, BEGBL20, BEGEP20 and URB19 for grain

moisture, and BE@BL19, BEGBL20, BEGEP20 and URB19 for grain yield).

Prediction accuracy was comntpd using the twdfold crossvalidation schemes (CV2 and

CV1) described irfBurguefioet al.2012) Briefly, hybrids were divided into five distinct groups,

and the phenotypes of hybrids belonging to one group were predicted using information from
hybrids in the four other groups. This process was repeated untilihdshfrom all groups had

their phenotypes predicted. The prediction accuracy was then determined by calculating
Pearsonds correlation between observed-and pr
validation schemes CV2 and CV1 was that, inftrener, hybrids to be predicted still had

phenotypic information available in some environments, and in the latter they did not have any
information retained across environments. The evadislation process was repeated three times

to minimize sampling lais when assigning hybrids to their respective groups. In addition, we
calculated the Spearman correlations between predicted values from simulated trait data and their

respective empirical traits using the cor function in R yB.&ore Team 2019)
Results and Discussion

GWAS reveals distinct genetic factors contributing to trait variability across environments

In this study, our overall goal was to evaluate differeit simulation parameter options that

would allow us to develop a digital breeding program that parallels empirical data as closely as
possible. To this end, we sought to determine the genetic architecture of the empirical dataset as
the basis for our sialation design using four traits (ear height, plant height, grain moisture, and
grain yield). The heritabilities for these traits in each environment ranged from 0.21 to 0.94

(Table 1), and their variance partitioning showed high influence of environniectiads
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affecting grain moisture and yield compared to ear height and plant height (Figure 1), similar to
other studies in maiz@eifferet al.2014; Ndhleleet al.2014; Renlet al.2021)

The next step was to determine which markers were statistically significantly associated with
each of the four traits in eaemvironment and their respective effect sizes. Thus, we performed
GWAS using the unified mixed linear model (MLM) with either additive or dominance marker
effects, the BLUEs of each hybrid calculated for each trait in each environment, and the
genotypic ifiormation from ~360,000 markers available for the 400 hybrids. Since the MLM can
report more than one marker tagging the same causative variant, we removed significant markers
that were in high LD with each other. We identified a total of two significarkens for ear

height, five for plant height, 12 for grain moisture, and 26 for grain yield (Figure 2a; Table S

In addition, there was little overlap of significant markers of each individual trait across different
environments (Figure S7) as well asanyg traits (Figure 2b). Despite the differences in
experimental design, GWAS models and population structure, similar numbers of markers
associated with these traits were found in other maize st{Xlieset al.2013; Mazaheret al.

2019; Liet al.2021; Ndlovuet al.2022) with a five of them being within ~2 to 3 Mb of the
markers in this studgMazaheriet al.2019; Ndlovuet al.2022)

Finally, we sought to better understand how much of the phenotypic variance observed for each
trait in each environment can be attributed to the available genetic informatiag.tbsiGCTA
software, we found that, on average, only ~38% (ranging from 7% to 54%) of phenotypic
variance is accounted for when using all ~360,000 markers available. Initially, we intended to
compare these results with the proportion of phenotypic vamiaxplained solely by the set of
significant markers. However, to minimize the errors due to the low number of markers, we also
included the next top 100 sets of reignificant and nomedundant markers and found that they
accounted for ~24% (ranging fro4% to 39%) of the total phenotypic variation (Figure S8). The
relatively low phenotypic variance explained by these markers reflects the known issue of

Ami ssing heritabilityo in GWAS (i.e., the sum
for the observed heritability for a tra{fylanolio et al. 2009) However, it has been shown that
including markers below the statistical threshold of GWAS minimizes this prdManget al.
2010)and, by incorporating the top 100 nmsignificant and nomedundant markers,ewvere

able to capture a large portion of the available variability that can be explained by genomic
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markers. Taken together, these results suggest that the genetic architecture of ear height, plant
height, grain moisture, and grain yield in hybrids istoaled by multiple QTLs of small effect
and is highly influenced by environmental factors, especially for grain moisture and yield.

Traits simulated witthighest effect neredundant GWAS markehsave high correlations with
empirical data

When simulatingraits, multiple parameters must be defined to replicate the genetic architecture
of the trait of interest, including the total number of causative variants and their respective
genotypes in each individual of the population. For this purpose, we sowgyatitiate the ideal
number of markers required to simulate traits with highly correlated empirical data based on the
genetic architecture information obtained from GWAS for each traihis case, traits were
simulated across multiple environments whk top 1, 3, 5, 10, 20, etc. additive and dominance
GWAS markers with highest average effect size across environments as the causative variants.
The simulated effect size for each of these markers matched the estimated effect size from their
respective GWA. Each trait simulated with a certain number of causative variants was then

correlated with observed values from the respective empirical trait data.

Across all four traits, the average correlations to empirical data within environments increased as
the rumber of causative variants increased (Figure 3a). For example, the average correlations
between simulated and empirical data across traits ranged from 0.15 when the top 1 additive and
dominant markers were used to 0.59 when using the top 1000 markemsvefpthis increase

was not linear, and a plateau was reached when ~200 markers were used as causative variants for

all traits (average correlation of 0.54).

Interestingly, we observed an opposite pattern when averaging correlations between simulated
and enpirical data across environments (Figure 3a). Increasing the number of causative variants
resulted in a much broader distribution of simulated values, including unrealistic and negative
values (Figure 3b). This broader distribution generated a similge r@invalues in each

environment and, thus, reduced the strength of the correlation across environments between
simulated and real data (Figure S9). Nevertheless, it is worth noting that correlation values, in
this case, were still high (~0.5) for high nloens of simulated causative variants. Taken together,

these results suggest that, although distinguishing between significant asigmifinant
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markers may be useful to guide introgression of QTLs for breeding or gene cloning/editing
efforts (Alqudahet al.2020) simulating traits with high correlation to empirical data requires

using markers beyond statistical thresholds.

Reducing effect sizes of GWAS hits results in more realistic simulated trait values

Given that simulated traits with many causal variants result in unrealistic distribution of values
and that GWAS models may overestimate the effect sizes of mé@mualslardet al.2016) we
investigated whether we could improve trait simulation by reducing the marker effect sizes in
simplePHENOTYPES. After reducing effect sizes by one order of magnitude, we found that the
average correlations to empirical data witnvironments also increased as the number of
causative variants increased across all four traits. We also found that there was nearly no
difference between withi#environment correlation values from traits simulated with reduced and
original GWAS effect (Figure 4a). However, contrary to what was observed for traits simulated
with the original GWAS effect sizes, the correlations across environments remained high
regardless of the number of causative variants used to simulate traits (Figure 4a).dn,auditi
observed that simulated traits with reduced effect size better match the distribution of empirical
trait values when at least 500 markers are used as causative variants (Figure 4b, Figure S10).
Below this threshold, the minimum and maximum simulatgddes are usually much lower than

the empirical values (Figure 4b).

Another important aspect of trait simulation is to ensure the proper allocation of phenotypic
variance into genetic and/or environmental factors. For this purpose, we performed an ANOVA
for traits with different simulated genetic architecture (i.e., different numbers of causative
variants and effect sizes) and calculated the percent variance explained (PVE) by genotypic
and/or environmental effects (Figure 5). Overall, regardless ofutimber of causative variants,
traits simulated using markers with original GWAS effect sizes exhibited higher variance
explained by both genotype and genotiayeenvironment compared to traits simulated using
markers with reduced effect sizes. When appraxaty 50 markers were used to simulate traits,
the pattern of PVE of traits with large effects per marker corresponded to the pattern of PVE of
their empirical traits. However, as shown in the previous section, this genetic architecture
resulted in weak goelations between simulated and real phenotypic values. Moreover, the

number of causative variants with reduced effects that produced the best match between
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simulated and empirical PVE patterns varied slightly depending on the trait, and using
approximatey 500 markers provided the best overall match for all traits. Using fewer markers to
simulate traits increased the effects of environments relative to genotypes. Overall, our findings
demonstrate that reducing the estimated effects of gemodeeassociabn studies (GWAS) and
increasing the number of markers used in simulations can lead to simulated traits that closely
match empirical data within and across environments. Additionally, this approach can result in a
more realistic distribution of phenotypralues and allocation of phenotypic variance in the

simulated datasets.

Genomic prediction on simulated traits is useful to test models, but predicted values poorly
correlate with empirical traits

In digital breeding, many different genomic predictiondeis are evaluated with simulated data

so the breeder can make informed decisions on the best models to use in their breeding program
(Jeonet al.2023) Thus, we sought to test how well the simulated data generated in this study
mirrors the empical data in evaluating prediction accuracy. For this purpose, we performed
genomic prediction with either additive or dominance effects on each simulated and empirical
trait data across environments with the same set of 500 randomly selected rifdhlezrs.

selecting predictors, the causative variant was not masked from selection for trait simulation, but
only 0.17% of predictors, on average, were also a causative vé&aaratl simulated traits,

regardless of their effect size, we observed an increase in prediction accuracy as the number of
causative variants used in trait simulations increased, reaching a plateau around 50 markers
(Figure 6). It is worth noting thoughahGBLUP models are better suited for predicting traits
controlled by many small effects markéksrenzet al.2011) This could partly explain why

some traits had very low accuracy when they were controlled by less than 50 markers.

For empiricalrait data, we observed that their accuracy was, on average, 23.4% lower than the
best simulated data. This finding suggests that simplePHENOTYPES does not simulate enough
noise to mimic experimental errors associated with empirical trait data. Intelgsimeg

observed similar patterns of prediction accuracy between simulated and empirical data when
comparing the performance of different prediction models (additive or dominant) and cross

validation schemes (CV1 or CV2). We found that additive models npeefb better than
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dominance models for ear height and grain moisture but similarly for plant height and grain

yield, and that CV2 resulted in slightly better results than CV1 in all cases (Figure 6).

Another method we used to assess the usefulness oftpmesliderived from simulated data for
digital breeding was to evaluate the correlation between the predicted values obtained from
simulations and the actual trait values observed empirically. Once we correlated the genomic
estimated breeding values (GEB\s) each simulated trait with the empirical data, we noticed
that a higher number of causative variants led to a small increase in the average correlation
within environments (Figure 7). Although this pattern aligns with that between the actual
simulatedand empirical values, the absolute correlation values between predicted and empirical
data are lower than the actual simulated and empirical correlations (e.g., ~0.2 and ~0.58,
respectively, across all traits with top 1000 causative variants; Figurekén Tagether, these
results indicate that simulations used in digital breeding are not perfect and that the predictions
based on those imperfect simulations are even worse. It is important for breeders to be aware of
so that they can take this informatiomo account when using digital breeding methods. One

way to address this challenge would be to test more complex prediction models, such as
Bayesian, kerndbased or machine learning approacft@®sseet al.2017) to reduce the gap

between predted and simulated data.
Conclusions

In this study, we developed a pipeline to simulate traits across multiple environments that are
highly correlated with common realorld agronomic traits, including those that are highly
influenced by environmental amg@notypeby-environment effects. This was possible by
performing GWAS on each trait separately in each environment and inputting the information of
the most significant markers, including their estimated effects, into the simulation software. We
utilized the simplePHENOTYPES software to simulate traits due to the ease of incorporating
real genetic and environmental data into simulations as well as the high flexibility in controlling
genetic architecture parameters. Given that different statistical GWASsyardanore effective

in capturing diverse genetic architect{kéiao et al. 2019) exploring the use of alternagiv

models, such as Bayesian approaches, could be valuable in determining whether improved

correlations with actual traits can be obtained.
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A key finding in this study is that it is necessary to use markers beyond the significance
threshold of GWAS to simulate traits accurately, likely due to the architecture of these traits
being controlled by multiple smadiffect quantitative trait loci andighly influenced by
environmental factors. After removing redundant markers due to linkage disequilibrium, we
found that utilizing at least 200 markers with the highest association yielded the best correlations
with empirical data. We also showed thatueing their estimated effects produced more
realistic distributions of phenotypic values and more realistic partitioning of phenotypic
variances when at least 500 markers were used. Finally, although the accuracy of genomic
prediction models with simuladedata is higher than the accuracy obtained from empirical trait
data, the predicted phenotypic values (GEBVs) from simulated data are not highly correlated
with the respective empirical trait dabdevertheless, simulating agronomic traits that match
realworld data is a valuable tool for plant breeders to create a digital version of their breeding
program that is relevant to their specific germplasm, and not based on random genetic
architectures. This digital breeding program can be used to evaluatertifieceding strategies

and modeling approaches, such as genomic prediction.
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Table 1 Summary of phenotypic values and heritabilities for ear height (EHT), plant height

(PHT), grain moisture (Moisture) and grain yield (YLD).

Trait Environment Mean (+ SE) Range h?
EHT COR19 127.7+0.6 70-175 0.52
EHT MIN19 101.8+0.6 60- 149 0.54
EHT MIN20 122.2+0.6 75- 200 0.63
EHT URB19 108.3+£0.6 55- 156 0.4
PHT COR19 251.2+0.6 183- 310 0.71
PHT COR20 230.3+0.6 171.5-282.7 0.65
PHT MIN19 232.8 0.7 124- 298 0.52
PHT MIN20 234.4+0.8 19- 352 0.48
PHT URB19 2246 £0.6 115- 282 0.21
Moisture BAY19 142+0.1 9.5-24.9 0.73
Moisture BEC-BL19 22.9+0.1 17.8-27.6 0.91
Moisture BEC-BL20 16.3+0.1 10.7- 23.9 0.88
Moisture BEC-EP20 194 +0.1 14-28.1 0.94
Moisture COR19 23.3+0.1 17.5-32.1 0.59
Moisture COR20 23.4+0.1 17.2- 30 0.71
Moisture MIN19 256+0.1 18.6- 39.1 0.31
Moisture MIN20 21.3+0.1 17-30.8 0.76
Moisture SYN19 27.3x0.1 21.7-33.9 0.71
Moisture SYN20 23.4x0.1 18.2-29.1 0.74
Moisture URB19 16.4+0.1 0-24.2 0.53
YLD BEC-BL19 189.2+1.2 42.9- 327.3 0.67
YLD BEC-BL20 160.7+£ 1.4 30.1-252.2 0.8
YLD BEC-EP20 1289+1.2 31.2-199 0.88
YLD COR19 1198+1.4 28.7-213.9 0.56
YLD COR20 179.7x1.1 30-256.5 0.59
YLD MIN19 121.5+£0.9 32.1-182.3 0.52
YLD MIN20 16861 40.7- 262.3 0.57
YLD SYN19 196.8 £ 1.3 70.3- 306.5 0.59
YLD SYN20 169.3+1.4 32.6- 260.3 0.57
YLD URB19 163.7+ 1.3 1.1-266.5 0.42
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Figure 1.Percentage of phenotypic variance explained by genotype, environment, replgation
environment, genotypby-environment and residual effects of ANOVA for ear height (EHT),
plant height (PHT), grain moisture (Moisture) and grain yield (YLD)eaéd from 35499

hybrids in 411 of the environments.
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Appendix

Chapter 4 Supplementry M aterial

Table S1 Pedigree of the 400 maize hybrids used in this study

Hybrid

ParentA

ParentB

Family

UluC1
uluc2
UIlUC3
ulucC4
UIuUC5
uluCe
UluC7
ulucs
uluCo
UluC10
UluC11
uluCi2
UluC13
uluCi4
UluUC15
UIUC16
uluC17
UluC18
UluC19
ulucz0
uluC21
uluca2
ulucz3
uluc24
uluC25
uluC26
ulucza7
uluczs
uluc29
UluC30
UlUC31
UluC32
UIUCS3
UluC34
UIUC35
UIUC36
UIuUC37
UluC38
UluC39
UluC40
UluC41
uluC42
uluC43

B73*PHG39B-B-12-1-1-B-B
B73*PHG39B-B-13-1-1-B-B
B73*PHG39B-B-16-1-1-B-B
B73*PHG39B-B-18-1-1-B-B
B73*PHG39B-B-19-1-1-B-B
B73*PHG39B-B-20-1-1-B-B
B73*PHG39B-B-21-1-1-B-B
B73*PHG39B-B-2-1-1-B-B
B73*PHG39B-B-22-1-1-B-B
B73*PHG39B-B-23-1-1-B-B
B73*PHG39B-B-24-1-1-B-B
B73*PHG39B-B-25-1-1-B-B
B73*PHG39B-B-26-1-1-B-B
B73*PHG39B-B-27-1-1-B-B
B73*PHG39B-B-28-1-1-B-B
B73*PHG39B-B-29-1-1-B-B
B73*PHG39B-B-30-1-1-B-B
B73*PHG39B-B-31-1-1-B-B
B73*PHG39B-B-3-1-1-B-B
B73*PHG39B-B-32-1-1-B-B
B73*PHG39B-B-4-1-1-B-B
B73*PHG39B-B-5-1-1-B-B
B73*PHG39B-B-6-1-1-B-B
B73*PHG39B-B-8-1-1-B-B
B73*PHG39B-B-12-1-1-B-B
B73*PHG39B-B-13-1-1-B-B
B73*PHG39B-B-16-1-1-B-B
B73*PHG39B-B-18-1-1-B-B
B73*PHG39B-B-19-1-1-B-B
B73*PHG39B-B-20-1-1-B-B
B73*PHG39B-B-21-1-1-B-B
B73*PHG39B-B-2-1-1-B-B
B73*PHG39B-B-22-1-1-B-B
B73*PHG39B-B-23-1-1-B-B
B73*PHG39B-B-24-1-1-B-B
B73*PHG39B-B-25-1-1-B-B
B73*PHG39B-B-26-1-1-B-B
B73*PHG39B-B-27-1-1-B-B
B73*PHG39B-B-28-1-1-B-B
B73*PHG39B-B-29-1-1-B-B
B73*PHG39B-B-30-1-1-B-B
B73*PHG39B-B-31-1-1-B-B
B73*PHG39B-B-3-1-1-B-B

LH82*PH207B-B-1-1-1-B-B
LH82*PH207B-B-12-1-1-B-B
LH82*PH207B-B-15-1-1-B-B
LH82*PH207-B-B-16-1-1-B-B
LH82*PH207B-B-17-1-1-B-B
LH82*PH207B-B-18-1-1-B-B
LH82*PH207B-B-19-1-1-B-B
LH82*PH207B-B-20-1-1-B-B
LH82*PH207B-B-21-1-1-B-B
LH82*PH207B-B-22-1-1-B-B
LH82*PH207B-B-23-1-1-B-B
LH82*PH207-B-B-24-1-1-B-B
LH82*PH207-B-B-25-1-1-B-B
LH82*PH207-B-B-26-1-1-B-B
LH82*PH207B-B-27-1-1-B-B
LH82*PH207B-B-28-1-1-B-B
LH82*PH207B-B-29-1-1-B-B
LH82*PH207B-B-30-1-1-B-B
LH82*PH207B-B-31-1-1-B-B

LH82*PH207B-B-5-1-1-B-B

LH82*PH207B-B-7-1-1-B-B

LH82*PH207B-B-8-1-1-B-B

LH82*PH207B-B-9-1-1-B-B
LH82*PHG47-B-B-1-1-1-B-B
LH82*PHG35B-B-10-1-1-B-B
LH82*PHG35B-B-11-1-1-B-B
LH82*PHG35B-B-1-1-1-B-B
LH82*PHG35B-B-12-1-1-B-B
LH82*PHG35B-B-13-1-1-B-B
LH82*PHG35B-B-14-1-1-B-B
LH82*PHG35B-B-15-1-1-B-B
LH82*PHG35B-B-16-1-1-B-B
LH82*PHG35B-B-21-1-1-B-B
LH82*PHG35B-B-2-1-1-B-B
LH82*PHG35B-B-22-1-1-B-B
LH82*PHG35B-B-23-1-1-B-B
LH82*PHG35B-B-24-1-1-B-B
LH82*PHG35B-B-25-1-1-B-B
LH82*PHG35B-B-26-1-1-B-B
LH82*PHG35B-B-27-1-1-B-B
LH82*PHG35B-B-28-1-1-B-B
LH82*PHG35B-B-29-1-1-B-B
LH82*PHG35B-B-30-1-1-B-B
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uluC44
UluC45
UluC46
uluc47
uluC48
UluC49
UluUC50
UluCs1
uluCs2
UIUCS3
UluC54
UIUC55
UIUC56
UIUC57
UluC58
UluCs9
uluce0
uluCel
uluce2
uluce3
uluCe4
uluce5
UluCoe6
uluCe7
uluCe8
uluce9
UIuC70
UluUC71
UIuUC72
UIUC73
UluUC74
UIUC75
UIUC76
UluCr7
UIUC78
UIUC79
ulucso
ulucsl
ulucsz
uluCss
uluCcs4
ulucss
UluCs86
ulucsr
ulucss
ulucs9
ulucoo
uluCol
uluCcoz
uluC9os
uluco4

B73*PHG39B-B-32-1-1-B-B
B73*PHG39B-B-4-1-1-B-B
B73*PHG39B-B-5-1-1-B-B
B73*PHG39B-B-6-1-1-B-B
B73*PHG39B-B-8-1-1-B-B

B73*PHG39B-B-50-1-1-B-B

B73*PHG39B-B-12-1-1-B-B

B73*PHG39B-B-13-1-1-B-B

B73*PHG39B-B-16-1-1-B-B

B73*PHG39B-B-18-1-1-B-B

B73*PHG39B-B-19-1-1-B-B

B73*PHG39B-B-20-1-1-B-B

B73*PHG39B-B-21-1-1-B-B
B73*PHG39B-B-2-1-1-B-B

B73*PHG39B-B-22-1-1-B-B

B73*PHG39B-B-23-1-1-B-B

B73*PHG39B-B-24-1-1-B-B

B73*PHG39B-B-25-1-1-B-B

B73*PHG39B-B-26-1-1-B-B

B73*PHG39B-B-27-1-1-B-B

B73*PHG39B-B-28-1-1-B-B

B73*PHG39B-B-29-1-1-B-B

B73*PHG39B-B-30-1-1-B-B

B73*PHG39B-B-31-1-1-B-B
B73*PHG39B-B-3-1-1-B-B

B73*PHG39B-B-32-1-1-B-B
B73*PHG39B-B-4-1-1-B-B
B73*PHG39B-B-5-1-1-B-B
B73*PHG39B-B-6-1-1-B-B
B73*PHG39B-B-8-1-1-B-B

B73*PHG39B-B-52-1-1-B-B

B73*PHG39B-B-53-1-1-B-B

B73*PHG39B-B-54-1-1-B-B

B73*PHG39B-B-55-1-1-B-B

B73*PHG39B-B-56-1-1-B-B

B73*PHG39B-B-12-1-1-B-B

B73*PHG39B-B-13-1-1-B-B

B73*PHG39B-B-16-1-1-B-B

B73*PHG39B-B-18-1-1-B-B

B73*PHG39B-B-19-1-1-B-B

B73*PHG39B-B-20-1-1-B-B

B73*PHG39B-B-21-1-1-B-B
B73*PHG39B-B-2-1-1-B-B

B73*PHG39B-B-22-1-1-B-B

B73*PHG39B-B-23-1-1-B-B

B73*PHG39B-B-24-1-1-B-B

B73*PHG39B-B-25-1-1-B-B

B73*PHG39B-B-26-1-1-B-B

B73*PHG39B-B-27-1-1-B-B

B73*PHG39B-B-28-1-1-B-B

B73*PHG39B-B-29-1-1-B-B

LH82*PHG35B-B-31-1-1-B-B
LH82*PHG35B-B-3-1-1-B-B
LH82*PHG35B-B-32-1-1-B-B
LH82*PHG35B-B-5-1-1-B
LH82*PHG35B-B-7-1-1-B-B
LH82*PHG35B-B-8-1-1-B-B
LH82*PHG47B-B-10-1-1-B-B-B
LH82*PHGA4%B-B-11-1-1-B-B-B
LH82*PHG47-B-B-1-1-1-B-B
LH82*PHG47-B-B-12-1-1-B-B
LH82*PHG47-B-B-13-1-1-B-B
LH82*PHGA47B-B-14-1-1-B-B-B
LH82*PHG47-B-B-151-1-B-B
LH82*PHGA47-B-B-16-1-1-B-B
LH82*PHG47B-B-18-1-1-B-B-B
LH82*PHGA47-B-B-19-1-1-B-B
LH82*PHG47-B-B-20-1-1-B-B-B
LH82*PHG47-B-B-21-1-1-B-B
LH82*PHG47-B-B-2-1-1-B-B-B
LH82*PHGA47-B-B-22-1-1-B-B
LH82*PHGA47-B-B-23-1-1-B-B
LH82*PHG47-B-B-24-1-1-B-B
LH82*PHGA4-B-B-25-1-1-B-B-B
LH82*PHG4-B-B-26-1-1-B-B-B
LH82*PHG47-B-B-27-1-1-B-B
LH82*PHG47-B-B-28-1-1-B-B
LH82*PHGA47-B-B-29-1-1-B-B-B
LH82*PHG47-B-B-30-1-1-B-B
LH82*PHG47-B-B-31-1-1-B-B
LH82*PHG47-B-B-32-1-1-B-B-B
LH82*PHG47-B-B-4-1-1-B-B
LH82*PHG47-B-B-5-1-1-B-B
LH82*PHG47-B-B-6-1-1-B-B
LH82*PHG47-B-B-7-1-1-B-B
LH82*PHG47-B-B-8-1-1-B-B
PH207*PHG47B-B-10-1-1-B-B
PH207*PHG47B-B-11-1-1-B-B
PH207*PHG47B-B-1-1-1-B-B-B
PH207*PHG47B-B-12-1-1-B-B
PH207*PHG47B-B-13-1-1-B-B
PH207*PHG47B-B-14-1-1-B-B
PH207*PHG47B-B-15-1-1-B-B
PH207*PHG47B-B-16-1-1-B-B
PH207*PHG47B-B-17-1-1-B-B
PH207*PHG47B-B-20-1-1-B-B
PH207*PHG47B-B-21-1-1-B-B
PH207*PHG47B-B-23-1-1-B-B
PH207*PHG47B-B-24-1-1-B-B
PH207*PHG47B-B-25-1-1-B-B
PH207*PHG47B-B-27-1-1-B-B
PH207*PHG47B-B-28-1-1-B-B
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UluC9os
UluC9o6
uluco7
ulucos
uluco9
uluC100
uluC101
UluC102
uluC103
uluC104
uluC105
UluC106
uluCi07
uluC108
uluC109
UlUC110
UlUC111
UIUC112
uluC113
uluCii4
uluC115
UluC116
UlUC117
UluC118
UlUC119
uluC120
UluCi121
uluCi22
uluCiz3
uluCiz4
uluCi25
UIlUC126
uluC127
uluCi28
uluC129
uluC130
uluC131
UluC132
uluC133
uluC134
UIUC135
UIUC136
uluC137
uluC138
uluC139
uluC140
uluCi41
uluC142
uluCi143
uluCi44
uluCi45

B73*PHG39B-B-30-1-1-B-B
B73*PHG39B-B-31-1-1-B-B
B73*PHG39B-B-3-1-1-B-B
B73*PHG39B-B-32-1-1-B-B
B73*PHG39B-B-4-1-1-B-B
B73*PHG39B-B-5-1-1-B-B
B73*PHG39B-B-6-1-1-B-B
B73*PHG39B-B-8-1-1-B-B
B73*PHG39B-B-58-1-1-B-B
B73*PHG39B-B-59-1-1-B-B
B73*PHG39B-B-12-1-1-B-B
B73*PHG39B-B-13-1-1-B-B
B73*PHG39B-B-16-1-1-B-B
B73*PHG39B-B-18-1-1-B-B
B73*PHG39B-B-19-1-1-B-B
B73*PHG39B-B-20-1-1-B-B
B73*PHG39B-B-21-1-1-B-B
B73*PHG39B-B-2-1-1-B-B
B73*PHG39B-B-22-1-1-B-B
B73*PHG39B-B-23-1-1-B-B
B73*PHG39B-B-24-1-1-B-B
B73*PHG39B-B-25-1-1-B-B
B73*PHG39B-B-26-1-1-B-B
B73*PHG39B-B-27-1-1-B-B
B73*PHG39B-B-28-1-1-B-B
B73*PHG39B-B-29-1-1-B-B
B73*PHG39B-B-30-1-1-B-B
B73*PHG39B-B-31-1-1-B-B
B73*PHG39B-B-3-1-1-B-B
B73*PHG39B-B-32-1-1-B-B
B73*PHG39B-B-4-1-1-B-B
B73*PHG39B-B-5-1-1-B-B
B73*PHG39B-B-6-1-1-B-B
B73*PHG39B-B-8-1-1-B-B
B73*PHG39B-B-61-1-1-B-B
B73*PHG39B-B-62-1-1-B-B
B73*PHG39B-B-63-1-1-B-B
B73*PHG39B-B-64-1-1-B-B
B73*PHG39B-B-65-1-1-B-B
B73*PHG39B-B-66-1-1-B-B
B73*PHG39B-B-50-1-1-B-B
B73*PHG39B-B-51-1-1-B-B
B73*PHG39B-B-52-1-1-B-B
B73*PHG39B-B-53-1-1-B-B
B73*PHG39B-B-54-1-1-B-B
B73*PHG39B-B-55-1-1-B-B
B73*PHG39B-B-56-1-1-B-B
B73*PHG39B-B-57-1-1-B-B
B73*PHG39B-B-58-1-1-B-B
B73*PHG39B-B-59-1-1-B-B
B73*PHG39B-B-60-1-1-B-B

PH207*PHG47B-B-29-1-1-B-B
PH207*PHG47B-B-31-1-1-B-B
PH207*PHG47B-B-3-1-1-B-B
PH207*PHG47B-B-32-1-1-B-B
PH207*PHG47B-B-4-1-1-B-B
PH207*PHG47B-B-5-1-1-B-B
PH207*PHG47B-B-6-1-1-B-B
PH207*PHG47B-B-7-1-1-B-B
PH207*PHG47B-B-8-1-1-B-B
PH207*PHG47B-B-9-1-1-B-B
PHG35*PHG47B-B-10-1-1-B-B
PHG35*PHG47B-B-11-1-1-B-B
PHG35*PHG47B-B-1-1-1-B-B
PHG35*PHG47B-B-12-1-1-B-B
PHG35*PHG47B-B-13-1-1-B-B
PHG35*PHG47B-B-14-1-1-B-B

PHG35*PHG47B-B-15-1-1-B-B-B

PHG35*PHG47B-B-16-1-1-B-B
PHG35*PHG47B-B-17-1-1-B-B
PHG35*PHG47B-B-18-1-1-B-B
PHG35*PHG47B-B-19-1-1-B-B
PHG35*PHG47B-B-20-1-1-B-B
PHG35*PHG47B-B-21-1-1-B-B
PHG35*PHG47B-B-2-1-1-B-B
PHG35*PHG47B-B-22-1-1-B-B
PHG35*PHG47B-B-23-1-1-B-B
PHG35*PHG47B-B-24-1-1-B-B
PHG35*PHG47B-B-25-1-1-B-B

PHG35*PHG47B-B-26-1-1-B-B-B

PHG35*PHG47B-B-27-1-1-B-B
PHG35*PHG47B-B-28-1-1-B-B
PHG35*PHG47B-B-29-1-1-B-B

PHG35*PHG47B-B-30-1-1-B-B-B

PHG35*PHG47B-B-31-1-1-B-B
PHG35*PHG47B-B-3-1-1-B-B
PHG35*PHG47B-B-4-1-1-B-B
PHG35*PHG47B-B-5-1-1-B-B
PHG35*PHGA47B-B-6-1-1-B-B
PHG35*PHG47B-B-7-1-1-B-B
PHG35*PHG47B-B-9-1-1-B-B

LH82*PH207B-B-1-1-1-B-B
LH82*PH207B-B-12-1-1-B-B
LH82*PH207-B-B-15-1-1-B-B
LH82*PH207-B-B-16-1-1-B-B
LH82*PH207B-B-17-1-1-B-B
LH82*PH207B-B-18-1-1-B-B
LH82*PH207B-B-19-1-1-B-B
LH82*PH207B-B-20-1-1-B-B
LH82*PH207B-B-21-1-1-B-B
LH82*PH207-B-B-22-1-1-B-B
LH82*PH207B-B-23-1-1-B-B
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UluC146
uluC147
uluCi48
uluC149
uluC150
UluCi151
UluC152
UIUC153
UluC154
UIUC155
UluC156
UluUC157
uluC158
uluC159
uluC160
UluUC161
UluUC162
UluUC163
uluCie64
uluC165
uUluC166
uluC167
uUluC168
UlUC169
UluUC170
UIUC171
UIUC172
uluC173
uluCi74
UluC175
UIUC176
UIUC177
UluUC178
UIUC179
uluCi80
uluCisli
uluC182
uluCis3
uluCis4
UluC185
UlUC186
uluC187
uluC188
uluC189
uluC190
uluC191
uluC192
UluC193
uluC194
UIUC195
uluC196

B73*PHG39B-B-61-1-1-B-B
B73*PHG39B-B-62-1-1-B-B
B73*PHG39B-B-63-1-1-B-B
B73*PHG39B-B-64-1-1-B-B
B73*PHG39B-B-65-1-1-B-B
B73*PHG39B-B-66-1-1-B-B
B73*PHG39B-B-50-1-1-B-B
B73*PHG39B-B-51-1-1-B-B
B73*PHG39B-B-52-1-1-B-B
B73*PHG39B-B-53-1-1-B-B
B73*PHG39B-B-54-1-1-B-B
B73*PHG39B-B-55-1-1-B-B
B73*PHG39B-B-56-1-1-B-B
B73*PHG39B-B-57-1-1-B-B
B73*PHG39B-B-58-1-1-B-B
B73*PHG39B-B-59-1-1-B-B
B73*PHG39B-B-60-1-1-B-B
B73*PHG39B-B-61-1-1-B-B
B73*PHG39B-B-62-1-1-B-B
B73*PHG39B-B-63-1-1-B-B
B73*PHG39B-B-64-1-1-B-B
B73*PHG39B-B-65-1-1-B-B
B73*PHG39B-B-66-1-1-B-B
B73*PHG39B-B-50-1-1-B-B
B73*PHG39B-B-51-1-1-B-B
B73*PHG39B-B-52-1-1-B-B
B73*PHG39B-B-53-1-1-B-B
B73*PHG39B-B-54-1-1-B-B
B73*PHG39B-B-55-1-1-B-B
B73*PHG39B-B-56-1-1-B-B
B73*PHG39B-B-57-1-1-B-B
B73*PHG39B-B-58-1-1-B-B
B73*PHG39B-B-59-1-1-B-B
B73*PHG39B-B-60-1-1-B-B
B73*PHG39B-B-61-1-1-B-B
B73*PHG39B-B-62-1-1-B-B
B73*PHG39B-B-63-1-1-B-B
B73*PHG39B-B-64-1-1-B-B
B73*PHG39B-B-65-1-1-B-B
B73*PHG39B-B-66-1-1-B-B
B73*PHG39B-B-50-1-1-B-B
B73*PHG39B-B-51-1-1-B-B
B73*PHG39B-B-52-1-1-B-B
B73*PHG39B-B-53-1-1-B-B
B73*PHG39B-B-54-1-1-B-B
B73*PHG39B-B-55-1-1-B-B
B73*PHG39B-B-56-1-1-B-B
B73*PHG39B-B-57-1-1-B-B
B73*PHG39B-B-58-1-1-B-B
B73*PHG39B-B-59-1-1-B-B
B73*PHG39B-B-60-1-1-B-B

LH82*PH207B-B-24-1-1-B-B
LH82*PH207B-B-25-1-1-B-B
LH82*PH207-B-B-26-1-1-B-B
LH82*PH207-B-B-27-1-1-B-B
LH82*PH207-B-B-28-1-1-B-B
LH82*PH207B-B-29-1-1-B-B
LH82*PHG35B-B-10-1-1-B-B
LH82*PHG35B-B-11-1-1-B-B
LH82*PHG35B-B-1-1-1-B-B
LH82*PHG35B-B-12-1-1-B-B
LH82*PHG35B-B-13-1-1-B-B
LH82*PHG35B-B-14-1-1-B-B
LH82*PHG35B-B-15-1-1-B-B
LH82*PHG35B-B-16-1-1-B-B
LH82*PHG35B-B-21-1-1-B-B
LH82*PHG35B-B-2-1-1-B-B
LH82*PHG35B-B-22-1-1-B-B
LH82*PHG35B-B-23-1-1-B-B
LH82*PHG35B-B-24-1-1-B-B
LH82*PHG35B-B-25-1-1-B-B
LH82*PHG35B-B-26-1-1-B-B
LH82*PHG35B-B-27-1-1-B-B
LH82*PHG35B-B-28-1-1-B-B
LH82*PHG4%B-B-10-1-1-B-B-B
LH82*PHG47B-B-11-1-1-B-B-B
LH82*PHG47-B-B-1-1-1-B-B
LH82*PHGA47-B-B-12-1-1-B-B
LH82*PHG47-B-B-13-1-1-B-B
LH82*PHGA47B-B-14-1-1-B-B-B
LH82*PHG47B-B-15-1-1-B-B
LH82*PHG47B-B-16-1-1-B-B
LH82*PHG4%-B-B-18-1-1-B-B-B
LH82*PHG47-B-B-19-1-1-B-B
LH82*PHG47-B-B-20-1-1-B-B-B
LH82*PHG47-B-B-21-1-1-B-B
LH82*PHGA47-B-B-27-1-1-B-B
LH82*PHGA47-B-B-22-1-1-B-B
LH82*PHGA47-B-B-23-1-1-B-B
LH82*PHG47B-B-24-1-1-B-B
LH82*PHGA4-B-B-32-1-1-B-B-B
PH207*PHG47B-B-10-1-1-B-B
PH207*PHG47B-B-11-1-1-B-B
PH207*PHGA47B-B-1-1-1-B-B-B
PH207*PHG47B-B-12-1-1-B-B
PH207*PHG47B-B-13-1-1-B-B
PH207*PHG47B-B-31-1-1-B-B
PH207*PHG47B-B-15-1-1-B-B
PH207*PHG47B-B-16-1-1-B-B
PH207*PHG47B-B-17-1-1-B-B
PH207*PHG47B-B-20-1-1-B-B
PH207*PHG47B-B-21-1-1-B-B
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UluC197
uluC198
uluC199
uluc200
uluCc201
uluc202
uluc203
uluC204
uluC205
uluC206
uluc207
uluc208
uluc209
uluc210
uluC211
uluC212
uluC213
uluC214
uluC215
uluC216
uluc217
uluCc218
uluC219
uluCc220
uluC221
uluCc222
uluCc223
ulucz224
ulucz225
uluC226
ulucaz7
uluc228
uluC229
uluC230
uluC231
uluC232
uluCc233
uluCc234
uluCc235
UluC236
uluC237
uluC238
uluC239
uluc240
uluc241
uluC242
uluc243
uluC244
uluC245
uluC246
uluca47

B73*PHG39B-B-61-1-1-B-B
B73*PHG39B-B-62-1-1-B-B
B73*PHG39B-B-63-1-1-B-B
B73*PHG39B-B-64-1-1-B-B
B73*PHG39B-B-65-1-1-B-B
B73*PHG39B-B-66-1-1-B-B
B73*PHG39B-B-50-1-1-B-B
B73*PHG39B-B-51-1-1-B-B
B73*PHG39B-B-52-1-1-B-B
B73*PHG39B-B-53-1-1-B-B
B73*PHG39B-B-54-1-1-B-B
B73*PHG39B-B-55-1-1-B-B
B73*PHG39B-B-56-1-1-B-B
B73*PHG39B-B-57-1-1-B-B
B73*PHG39B-B-58-1-1-B-B
B73*PHG39B-B-59-1-1-B-B
B73*PHG39B-B-60-1-1-B-B
B73*PHG39B-B-61-1-1-B-B
B73*PHG39B-B-62-1-1-B-B
B73*PHG39B-B-63-1-1-B-B
B73*PHG39B-B-64-1-1-B-B
B73*PHG39B-B-65-1-1-B-B
B73*PHG39B-B-66-1-1-B-B
B73*LH82-B-B-10-1-1-B-B
B73*LH82-B-B-12-1-1-B-B
B73*LH82-B-B-13-1-1-B-B
B73*LH82-B-B-18-1-1-B-B
B73*LH82-B-B-19-1-1-B-B
B73*LH82-B-B-20-1-1-B-B
B73*LH82-B-B-22-1-1-B-B
B73*LH82-B-B-24-1-1-B-B
B73*LH82-B-B-25-1-1-B-B
B73*LH82-B-B-26-1-1-B-B
B73*LH82-B-B-27-1-1-B-B
B73*LH82-B-B-28-1-1-B-B
B73*LH82-B-B-29-1-1-B-B
B73*LH82-B-B-31-1-1-B-B
B73*LH82-B-B-3-1-1-B-B
B73*LH82-B-B-32-1-1-B-B
B73*LH82-B-B-5-1-1-B-B
B73*LH82-B-B-6-1-1-B-B
B73*LH82-B-B-8-1-1-B-B
B73*LH82-B-B-9-1-1-B-B
B73*LH82-B-B-23-1-1-B-B
B73*LH82-B-B-10-1-1-B-B
B73*LH82-B-B-13-1-1-B-B
B73*LH82-B-B-12-1-1-B-B
B73*LH82-B-B-18-1-1-B-B
B73*LH82-B-B-19-1-1-B-B
B73*LH82-B-B-20-1-1-B-B
B73*LH82-B-B-22-1-1-B-B

PH207*PHG47B-B-23-1-1-B-B
PH207*PHG47B-B-24-1-1-B-B
PH207*PHG47B-B-25-1-1-B-B
PH207*PHG47B-B-27-1-1-B-B
PH207*PHG47B-B-28-1-1-B-B
PH207*PHG47B-B-29-1-1-B-B
PHG35*PHG47B-B-10-1-1-B-B
PHG35*PHG47B-B-11-1-1-B-B
PHG35*PHG47B-B-1-1-1-B-B
PHG35*PHG47B-B-12-1-1-B-B
PHG35*PHG47B-B-13-1-1-B-B
PHG35*PHG47B-B-14-1-1-B-B

PHG35*PHG47B-B-151-1-B-B-B

PHG35*PHG47B-B-16-1-1-B-B
PHG35*PHG47B-B-17-1-1-B-B
PHG35*PHG47B-B-18-1-1-B-B
PHG35*PHG47B-B-19-1-1-B-B
PHG35*PHG47B-B-20-1-1-B-B
PHG35*PHG47B-B-21-1-1-B-B
PHG35*PHG47B-B-2-1-1-B-B
PHG35*PHG47B-B-22-1-1-B-B
PHG35*PHG47B-B-23-1-1-B-B
PHG35*PHG47B-B-24-1-1-B-B
B73*PHG35B-B-10-1-1-B-B
B73*PHG35B-B-17-1-1-B-B
B73*PHG35B-B-14-1-1-B-B
B73*PHG35B-B-18-1-1-B-B
B73*PHG35B-B-19-1-1-B-B
B73*PHG35B-B-20-1-1-B-B
B73*PHG35B-B-21-1-1-B-B
B73*PHG35B-B-23-1-1-B-B
B73*PHG35B-B-25-1-1-B-B
B73*PHG35B-B-26-1-1-B-B
B73*PHG35B-B-27-1-1-B-B
B73*PHG35B-B-28-1-1-B-B
B73*PHG35B-B-29-1-1-B-B
B73*PHG35B-B-30-1-1-B-B
B73*PHG35B-B-31-1-1-B-B
B73*PHG35B-B-3-1-1-B-B
B73*PHG35B-B-4-1-1-B-B
B73*PHG35B-B-5-1-1-B-B
B73*PHG35B-B-6-1-1-B-B
B73*PHG35B-B-7-1-1-B-B
B73*PHG35B-B-9-1-1-B-B
B73*PHG47B-B-10-1-1-B-B
B73*PHG47B-B-1-1-1-B-B
B73*PHG4*%B-B-12-1-1-B-B
B73*PHG4%B-B-13-1-1-B-B
B73*PHG47%B-B-14-1-1-B-B
B73*PHG47%B-B-15-1-1-B-B
B73*PHG47%B-B-16-1-1-B-B
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uluC248
uluC249
uluC250
uluC251
uluC252
uluCc253
uluC254
UluC255
UluUC256
uluC257
uluC258
uluC259
uluCc260
uluC261
uluC262
uluC263
uluC264
UluC265
uluC266
uluCc267
uluC268
uluC269
uluCc270
uluC271
uluC272
uluC273
uluC274
uluCc275
uluC276
ulucar7
uluc278
uluC279
uluC280
uluC281
uluc282
ulucz283
ulucz2s4
ulucz285
uluC286
uluCc287
uluC288
uluC289
uluCc290
uluC291
uluCc292
uluCc293
uluC294
uluC295
UluC296
uluC297
uluC298

B73*LH82-B-B-23-1-1-B-B
B73*LH82-B-B-24-1-1-B-B
B73*LH82-B-B-25-1-1-B-B
B73*LH82-B-B-26-1-1-B-B
B73*LH82-B-B-27-1-1-B-B
B73*LH82-B-B-28-1-1-B-B
B73*LH82-B-B-29-1-1-B-B
B73*LH82-B-B-31-1-1-B-B
B73*LH82-B-B-3-1-1-B-B
B73*LH82-B-B-32-1-1-B-B
B73*LH82-B-B-5-1-1-B-B
B73*LH82-B-B-6-1-1-B-B
B73*LH82-B-B-8-1-1-B-B
B73*PH20%B-B-12-1-1-B-B
B73*PH20%B-B-13-1-1-B-B
B73*PH20%B-B-15-1-1-B-B
B73*PH20%B-B-16-1-1-B-B
B73*PH20%B-B-17-1-1-B-B
B73*PH20%B-B-19-1-1-B-B
B73*PH20%B-B-20-1-1-B-B
B73*PH20%B-B-23-1-1-B-B
B73*PH20%B-B-25-1-1-B-B
B73*PH20%B-B-26-1-1-B-B
B73*PH20%B-B-29-1-1-B-B
B73*PH20%B-B-31-1-1-B-B
B73*PH20%B-B-32-1-1-B-B
B73*PH20%B-B-8-1-1-B-B
B73*PH20%B-B-9-1-1-B-B
B73*PH20%B-B-10-1-1-B-B
B73*PH20%B-B-18-1-1-B-B
B73*PH20%B-B-12-1-1-B-B
B73*PH20%B-B-13-1-1-B-B
B73*PH20%B-B-15-1-1-B-B
B73*PH20%B-B-16-1-1-B-B
B73*PH20%B-B-17-1-1-B-B
B73*PH207B-B-18-1-1-B-B
B73*PH20%B-B-19-1-1-B-B
B73*PH20%B-B-20-1-1-B-B
B73*PH20%B-B-23-1-1-B-B
B73*PH20%B-B-25-1-1-B-B
B73*PH20%B-B-26-1-1-B-B
LH82*PH207B-B-19-1-1-B-B
LH82*PH207B-B-20-1-1-B-B
LH82*PH207B-B-21-1-1-B-B
B73*PH20%B-B-31-1-1-B-B
B73*PH20%B-B-32-1-1-B-B
B73*PH20%B-B-8-1-1-B-B
B73*PH20%B-B-9-1-1-B-B
B73*PH20%B-B-10-1-1-B-B
LH82*PHG39B-B-10-1-1-B-B
LH82*PHG39B-B-11-1-1-B-B

B73*PHG47%B-B-17-1-1-B-B
B73*PHG47B-B-18-1-1-B-B
B73*PHG47%B-B-20-1-1-B-B
B73*PHG4%B-B-21-1-1-B-B
B73*PHG4%B-B-2-1-1-B-B
B73*PHG4*%B-B-22-1-1-B-B
B73*PHG4*%B-B-23-1-1-B-B
B73*PHG4%B-B-24-1-1-B-B
B73*PHG4%B-B-25-1-1-B-B
B73*PHG47B-B-26-1-1-B-B
B73*PHG4%B-B-28-1-1-B-B
B73*PHG4%B-B-29-1-1-B-B
B73*PHG4%B-B-30-1-1-B-B
B73*PHG47%B-B-10-1-1-B-B
B73*PHG4*%B-B-32-1-1-B-B
B73*PHG4%B-B-1-1-1-B-B
B73*PHG47%B-B-12-1-1-B-B
B73*PHG47%B-B-13-1-1-B-B
B73*PHG47%B-B-15-1-1-B-B
B73*PHG47B-B-16-1-1-B-B
B73*PHG47B-B-17-1-1-B-B
B73*PHG47B-B-18-1-1-B-B
B73*PHG4%B-B-20-1-1-B-B
B73*PHG4%B-B-22-1-1-B-B
B73*PHG47%B-B-23-1-1-B-B
B73*PHG47%B-B-24-1-1-B-B
B73*PHG47%B-B-25-1-1-B-B
B73*PHG4%B-B-26-1-1-B-B
B73*PHG47B-B-29-1-1-B-B
B73*PHG4*%B-B-30-1-1-B-B
PHG35*PHG39B-B-11-1-1-B-B
PHG35*PHG39B-B-12-1-1-B-B
PHG35*PHG39B-B-13-1-1-B-B
PHG35*PHG39B-B-14-1-1-B-B
PHG35*PHG39B-B-16-1-1-B-B
PHG35*PHG39B-B-17-1-1-B-B
PHG35*PHG39B-B-18-1-1-B-B
PHG35*PHG39B-B-19-1-1-B-B
PHG35*PHG39B-B-20-1-1-B-B
PHG35*PHG39B-B-22-1-1-B-B
PHG35*PHG39B-B-23-1-1-B-B
PH207*PHG47B-B-16-1-1-B-B
PH207*PHG47B-B-17-1-1-B-B
PH207*PHG47B-B-20-1-1-B-B
PHG35*PHG39B-B-27-1-1-B-B
PHG35*PHG39B-B-28-1-1-B-B
PHG35*PHG39B-B-29-1-1-B-B
PHG35*PHG39B-B-30-1-1-B-B
PHG35*PHG39B-B-31-1-1-B-B
PHG35*PHG39B-B-11-1-1-B-B
PHG35*PHG39B-B-12-1-1-B-B
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uluC299
UluC300
UluC301
UluC302
UluC303
uUluC304
UluC305
UIUC306
UluC307
UluC308
UluC309
UluC310
UluUC311
UluC312
UlUC313
uluC314
UIUC315
UIUC316
UluC317
uluC318
UluC319
uluC320
UluC321
UluC322
uUluC323
uluC324
uluC325
UluUC326
uluCaz7
uluC328
uluC329
UIUC330
UIUC331
UlUC332
UlUC333
UluC334
UIUC335
UIUC336
UluC337
UluUC338
UIUC339
UluC340
uluC341
uluC342
uluC343
uluC344
UluC345
UlUC346
UluC347
uluC348
uluC349

LH82*PHG39B-B-32-1-1-B-B
LH82*PHG39B-B-12-1-1-B-B
LH82*PHG39B-B-13-1-1-B-B
LH82*PHG39B-B-14-1-1-B-B
LH82*PHG39B-B-15-1-1-B-B
LH82*PHG39B-B-16-1-1-B-B
LH82*PHG39B-B-17-1-1-B-B
LH82*PHG39B-B-18-1-1-B-B
LH82*PHG39B-B-19-1-1-B-B
LH82*PHG39B-B-20-1-1-B-B
LH82*PHG39B-B-21-1-1-B-B
LH82*PH207B-B-26-1-1-B-B
LH82*PHG39B-B-9-1-1-B-B
LH82*PHG39B-B-23-1-1-B-B
LH82*PHG39B-B-4-1-1-B-B
LH82*PHG39-B-B-5-1-1-B-B
LH82*PHG39B-B-26-1-1-B-B
LH82*PHG39-B-B-6-1-1-B-B
LH82*PH207B-B-23-1-1-B-B
LH82*PHG39B-B-29-1-1-B-B
LH82*PHG39B-B-7-1-1-B-B
LH82*PHG39B-B-30-1-1-B-B
LH82*PHG39B-B-31-1-1-B-B
LH82*PHG39-B-B-8-1-1-B-B
LH82*PHG39B-B-10-1-1-B-B
LH82*PHG39B-B-11-1-1-B-B
LH82*PHG39B-B-1-1-1-B-B
LH82*PHG39B-B-12-1-1-B-B
LH82*PHG39B-B-13-1-1-B-B
LH82*PHG39B-B-14-1-1-B-B
LH82*PHG39B-B-15-1-1-B-B
LH82*PHG39B-B-16-1-1-B-B
LH82*PHG39B-B-17-1-1-B-B
LH82*PH207B-B-24-1-1-B-B
LH82*PHG39B-B-19-1-1-B-B
LH82*PH207B-B-25-1-1-B-B
LH82*PHG39B-B-21-1-1-B-B
LH82*PHG39B-B-2-1-1-B-B
LH82*PHG39B-B-23-1-1-B-B
LH82*PHG39B-B-24-1-1-B-B
LH82*PHG39B-B-26-1-1-B-B
LH82*PHG39B-B-28-1-1-B-B
LH82*PHG39B-B-29-1-1-B-B
LH82*PHG39B-B-30-1-1-B-B
LH82*PHG39B-B-31-1-1-B-B
LH82*PHG39B-B-32-1-1-B-B
LH82*PHG39B-B-4-1-1-B-B
LH82*PHG39-B-B-5-1-1-B-B
LH82*PHG39-B-B-6-1-1-B-B
LH82*PHG39-B-B-7-1-1-B-B
LH82*PH207B-B-22-1-1-B-B

PHG35*PHG39B-B-13-1-1-B-B
PHG35*PHG39B-B-14-1-1-B-B
PHG35*PHG39B-B-16-1-1-B-B
PHG35*PHG39B-B-17-1-1-B-B
PHG35*PHG39B-B-18-1-1-B-B
PHG35*PHG39B-B-19-1-1-B-B
PHG35*PHG39B-B-20-1-1-B-B
PHG35*PHG39B-B-22-1-1-B-B
PHG35*PHG39B-B-23-1-1-B-B
PHG35*PHG39B-B-24-1-1-B-B
PHG35*PHG39B-B-25-1-1-B-B
PH207*PHG47B-B-27-1-1-B-B
PHG35*PHG39B-B-27-1-1-B-B
PHG35*PHG39B-B-28-1-1-B-B
PHG35*PHG39B-B-29-1-1-B-B
PHG35*PHG39B-B-30-1-1-B-B
PHG35*PHG39B-B-31-1-1-B-B
PHG35*PHG39B-B-3-1-1-B-B
PH207*PHG47B-B-23-1-1-B-B
PHG35*PHG39B-B-5-1-1-B-B
PHG35*PHG39B-B-6-1-1-B-B
PHG35*PHG39B-B-7-1-1-B-B
PHG35*PHG39B-B-8-1-1-B-B
PHG35*PHG39B-B-9-1-1-B-B
PHG39*PHG47B-B-10-1-1-B-B
PHG39*PHG47B-B-11-1-1-B-B
PHG39*PHG47B-B-1-1-1-B-B
PHG39*PHG47B-B-12-1-1-B-B
PHG39*PHG47B-B-13-1-1-B-B
PHG39*PHG47B-B-14-1-1-B-B
PHG39*PHG47B-B-15-1-1-B-B
PHG39*PHG47B-B-16-1-1-B-B
PHG39*PHG47B-B-17-1-1-B-B
PH207*PHG47B-B-24-1-1-B-B
PHG39*PHG47B-B-19-1-1-B-B
PH207*PHG47B-B-25-1-1-B-B
PHG39*PHG47B-B-21-1-1-B-B
PHG39*PHG47B-B-22-1-1-B-B
PHG39*PHG47B-B-27-1-1-B-B
PHG39*PHG47B-B-28-1-1-B-B
PHG39*PHG47B-B-31-1-1-B-B
PHG39*PHG47B-B-32-1-1-B-B
PHG39*PHG47B-B-4-1-1-B-B
PHG39*PHG47B-B-6-1-1-B-B
PHG39*PHG47B-B-7-1-1-B-B
PHG39*PHG47B-B-8-1-1-B-B
PHG39*PHG47B-B-9-1-1-B-B
PHG39*PHG47B-B-23-1-1-B-B
PHG39*PHG47B-B-29-1-1-B-B
PHG39*PHG47B-B-5-1-1-B-B
PH207*PHG47B-B-21-1-1-B-B

11
11
11
11
11
11
11
11
11
11
11
13
11
11
11
11
11
11
13
11
11
11
11
11
12
12
12
12
12
12
12
12
12
13
12
13
12
12
12
12
12
12
12
12
12
12
12
12
12
12
13
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UluUC350
UlUC351
UlUC352
UlUC353
UluC354
UIUC355
UIUC356
UIUC357
UluC358
UluC359
UluC360
UluUC361
UluC362
UluC363
uUluC364
UIUC365
UIUC366
UIUC367
UluUC368
UluC369
UluC370
UluUC371
UIUC372
UIUC373
uUluC374
UIUC375
UIUC376
UIUC377
UluUC378
UluUC379
uluC380
UluC381
uUluC382
uUluC383
uluC384
UluC385
UluC386
ulucagr
uluC388
uluC389
UluC390
UluC391
UluC392
UluC393
uluC394
UlUC395
UlUC396
UlUC397
UluC398
UluC399
uluc400

B73*PHG35B-B-10-1-1-B-B
B73*PHG35B-B-23-1-1-B-B
B73*PHG35B-B-14-1-1-B-B
B73*PHG35B-B-17-1-1-B-B
B73*PHG35B-B-18-1-1-B-B
B73*PHG35B-B-19-1-1-B-B
B73*PHG35B-B-20-1-1-B-B
B73*PHG35B-B-21-1-1-B-B
B73*PHG35B-B-25-1-1-B-B
B73*PHG35B-B-27-1-1-B-B
B73*PHG35B-B-29-1-1-B-B
B73*PHG35B-B-30-1-1-B-B
B73*PHG35B-B-3-1-1-B-B
B73*PHG35B-B-32-1-1-B-B
B73*PHG35B-B-4-1-1-B-B
B73*PHG35B-B-5-1-1-B-B
B73*PHG35B-B-6-1-1-B-B
B73*PHG35B-B-7-1-1-B-B
B73*PHG35B-B-9-1-1-B-B
B73*PHG35B-B-26-1-1-B-B
B73*PHG35B-B-28-1-1-B-B
B73*PHG35B-B-31-1-1-B-B
LH82*PH207B-B-1-1-1-B-B
LH82*PH207%B-B-12-1-1-B-B
LH82*PH207B-B-15-1-1-B-B
LH82*PH207B-B-16-1-1-B-B
LH82*PH207B-B-17-1-1-B-B
LH82*PH207B-B-18-1-1-B-B
LH82*PH207B-B-19-1-1-B-B
LH82*PH207B-B-20-1-1-B-B
LH82*PH207B-B-21-1-1-B-B
LH82*PH207%B-B-22-1-1-B-B
LH82*PH207B-B-23-1-1-B-B
LH82*PH207B-B-24-1-1-B-B
LH82*PH207B-B-25-1-1-B-B
LH82*PH207B-B-26-1-1-B-B
LH82*PH207B-B-27-1-1-B-B
LH82*PH207B-B-28-1-1-B-B
LH82*PH207B-B-29-1-1-B-B
LH82*PH207~B-B-30-1-1-B-B
LH82*PH207B-B-31-1-1-B
LH82*PH207-B-B-5-1-1-B-B
LH82*PH207-B-B-7-1-1-B-B
LH82*PH207-B-B-8-1-1-B-B
LH82*PH207-B-B-9-1-1-B-B
LH82*PH207-B-B-1-1-1-B-B
LH82*PH207B-B-12-1-1-B-B
LH82*PH207B-B-15-1-1-B-B
LH82*PH207B-B-16-1-1-B-B
LH82*PH207B-B-17-1-1-B-B
LH82*PH207B-B-18-1-1-B-B

PHG39*PHG47B-B-10-1-1-B-B
PHG39*PHG47B-B-11-1-1-B-B
PHG39*PHG47B-B-1-1-1-B-B
PHG39*PHG47B-B-12-1-1-B-B
PHG39*PHG47B-B-13-1-1-B-B
PHG39*PHG47B-B-14-1-1-B-B
PHG39*PHG47B-B-15-1-1-B-B
PHG39*PHG47B-B-16-1-1-B-B
PHG39*PHG47B-B-19-1-1-B-B
PHG39*PHG47B-B-21-1-1-B-B
PHG39*PHG47B-B-23-1-1-B-B
PHG39*PHG47B-B-27-1-1-B-B
PHG39*PHG47B-B-29-1-1-B-B
PHG39*PHG47B-B-31-1-1-B-B
PHG39*PHG47B-B-3-1-1-B-B
PHG39*PHG47B-B-32-1-1-B-B
PHG39*PHG47B-B-4-1-1-B-B
PHG39*PHG47B-B-5-1-1-B-B
PHG39*PHG47B-B-17-1-1-B-B
PHG39*PHG47B-B-7-1-1-B-B
PHG39*PHG47B-B-8-1-1-B-B
PHG39*PHG47B-B-9-1-1-B-B
PHG35*PHG47B-B-10-1-1-B-B
PHG35*PHG47B-B-11-1-1-B-B
PHG35*PHG47B-B-1-1-1-B-B
PHG35*PHG47B-B-12-1-1-B-B
PHG35*PHG47B-B-13-1-1-B-B
PHG35*PHG47B-B-14-1-1-B-B

PHG35*PHG47B-B-15-1-1-B-B-B

PHG35*PHG47B-B-16-1-1-B-B
PHG35*PHG47B-B-17-1-1-B-B
PHG35*PHG47B-B-18-1-1-B-B
PHG35*PHG47B-B-19-1-1-B-B
PHG35*PHG47B-B-20-1-1-B-B
PHG35*PHG47B-B-21-1-1-B-B
PHG35*PHG47B-B-2-1-1-B-B
PHG35*PHG47B-B-22-1-1-B-B
PHG35*PHG47B-B-23-1-1-B-B
PHG35*PHG47B-B-24-1-1-B-B
PHG35*PHG47B-B-25-1-1-B-B

PHG35*PHG47B-B-26-1-1-B-B-B

PHG35*PHG47B-B-27-1-1-B-B
PHG35*PHG47B-B-28-1-1-B-B
PHG35*PHG47B-B-29-1-1-B-B

PHG35*PHG47B-B-30-1-1-B-B-B

PH207*PHG47B-B-10-1-1-B-B
PH207*PHG47B-B-11-1-1-B-B
PH207*PHG47B-B-1-1-1-B-B-B
PH207*PHG47B-B-12-1-1-B-B
PH207*PHG47B-B-13-1-1-B-B
PH207*PHG47B-B-15-1-1-B-B

10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
13
13
13
13
13
13
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Table S2 Geographic coordinates of environments used to gather weather information across

the growing season

Location Symbol Latitude Longitude Ssetgfton Season end
Thomasboro, IL BAY19 40.2417 -88.1842 4/1/19 10/31/19
Bloomington, IL BEC-BL19  40.51586 -88.81653 4/1/19 10/31/19
Bloomington, IL BEC-BL20  40.51586 -88.81653 4/1/20 10/31/20

El Paso, IL BEC-EP20 40.78369 -88.9485 4/1/20 10/31/20
Champaign, IL COR19 40.07027  -88.39363 4/1/19 10/31/19
Champaign, IL COR20 40.07018 -88.42583 4/1/20 10/31/20

St. Paul, MN MIN19 44,9537 -93.09 4/1/19 10/31/19
St. Paul, MN MIN20 44,9537 -93.09 4/1/20 10/31/20
Janesville, WI SYN19 42.6828 -89.0187 4/1/19 10/31/19
Janesville, WI SYN20 42.6828 -89.0187 4/1/20 10/31/20
Champaign, IL URB19 40.058714 -88.228919  4/1/19 10/31/19
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Table S3 Description of the 17 environmental variables extracted by EnvRtype

Parameter Description
T2M Temperature at 2 Meters
T2M_MAX Maximum Temperature at 2 Meters
T2M_MIN Minimum Temperature at Rleters
PRECTOT Precipitation Corrected (mm/day)
WS2M Wind Speed at 2 Meters
RH2M Relative Humidity at 2 Meters
T2MDEW Dew/Frost Point at 2 Meters
n Actual duration of sunshine (hour)
N Daylight hours (hour)
RTA Extraterrestrial radiatioVJ/m”2/day)
SPV Slope of saturation vapour pressure curve (kPa.Celsius)
VPD Vapour pressure deficit (kPa)
ETP Potential Evapotranspiration (mm.day)
PETP Deficit by Precipitation (mm.day)
GDD Growing Degree Day (oC/day)
FRUE Effect oftemperature on radiation use efficiency (from 0 to 1)
T2M RANGE Daily Temperature Range (oC day)

130



Table $A. Correlation among environments based on weather data

BAY19
BEC-BL19
BEC-BL20
BEC-EP20

COR19

COR20

MIN19

MIN20

SYN19

SYN20

URB19

BAY19 BEC-BL19 BEC-BL20 BEC-EP20 COR19 COR20 MIN19 MIN20 SYN19 SYN20 URBI19
1.00 0.85 -0.24 -0.35 1.00 -0.04 -0.47 -0.67 -0.25 -0.77 1.00
0.85 1.00 -0.33 -0.44 0.85 -0.20 -0.36 -0.71 0.07 -0.66 0.85
-0.24 -0.33 1.00 0.94 -0.23 0.91 -0.61 -0.14 -0.58 0.17 -0.23
-0.35 -0.44 0.94 1.00 -0.34 0.81 -0.51 -0.05 -0.56 0.33 -0.34
1.00 0.85 -0.23 -0.34 1.00 -0.03 -0.48 -0.67 -0.26 -0.77 1.00
-0.04 -0.20 0.91 0.81 -0.03 1.00 -0.68 -0.24 -0.66 -0.03 -0.03
-0.47 -0.36 -0.61 -0.51 -0.48 -0.68 1.00 0.51 0.57 0.20 -0.48
-0.67 -0.71 -0.14 -0.05 -0.67 -0.24 0.51 1.00 0.03 0.44 -0.67
-0.25 0.07 -0.58 -0.56 -0.26 -0.66 0.57 0.03 1.00 0.15 -0.26
-0.77 -0.66 0.17 0.33 -0.77 -0.03 0.20 0.44 0.15 1.00 -0.77
1.00 0.85 -0.23 -0.34 1.00 -0.03 -0.48 -0.67 -0.26 -0.77 1.00
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Table 5. List of markers statistically significantly associated with ear height (EHT), plant height (PHT), grain moisture (Moisture)

and grain yield (YLD) from GWAS models with additive or dominance effects.

Trait Environment Marker ID Chrom Pos MAF Effect size Effecttype p-value
EHT MIN19 snp.1.276501820 1 276501820 0.256 8.623 dominant 1.79E06
EHT MIN20 snp.3.151678256 3 151678256 0.073  13.012 additive  4.17E06
PHT COR19 snp.9.136333017 9 136333017 0.225  -8.630 additive  4.02E06
PHT MIN19 snp.6.168940094 6 168940094 0.398 8.059 additive  6.59E06
PHT MIN19 snp.3.208457122 3 208457122 0.287 7.994 dominant 1.46E05
PHT MIN19 snp.3.211642209 3 211642209 0.273 7.788 dominant 2.14E05
PHT URB19 snp.9.138714042 9 138714042 0.080 -12.919 additive  1.06E06
Moisture  BEC-BL19 snp.2.5872003 2 5872003 0.251 0.845 additive  1.36E05
Moisture  BEC-BL19 snp.6.164906876 6 164906876 0.263 0.982 additive  1.39E05
Moisture  BEC-BL19 DAS-PZ-9118 9 23845614 0.262 1.563 dominant 9.74E08
Moisture  BEC-BL20 snp.1.54034806 1 54034806 0.304 0.863 dominant 1.65E05
Moisture  BEC-EP20 snp.3.178864302 3 178864302 0.251 1.184 additive  4.66E06
Moisture COR19 snp.4.37389413 4 37389413 0.173 1.283 dominant 6.13E06
Moisture COR20 del.9.23094057.23094292 9 23094174 0.260 1.445 dominant 8.82E08
Moisture MIN20 snp.3.12929485 3 12929485 0.116  -1.322 additive  3.05E06
Moisture SYN19 snp.3.160556943 3 160556943 0.264  -0.792 additive  2.39E06
Moisture SYN19 snp.6.164336435 6 164336435 0.264 0.853 additive  2.71E06
Moisture SYN19 snp.6.126062360 6 126062360 0.337 -1.295 dominant 1.66E06
Moisture URB19 snp.3.26152022 3 26152022 0.176  -0.961 dominant 1.36E05
YLD BEC-BL19 snp.1.268984334 1 268984334 0.345 -19.981 additive  2.04E07
YLD BEC-BL19 snp.1.281327728 1 281327728 0.331 -16.927 additive  1.10E05
YLD BEC-BL19 snp.9.13710240 9 13710240 0.251 15.921 dominant 1.38E05
YLD BEC-BL20 snp.1.3975698 1 3975698 0.334 -19.610 additive  4.91E06
YLD BEC-BL20 snp.4.164058661 4 164058661 0.376 -19.723 additive  1.98E05
YLD BEC-BL20 snp.6.169713857 6 169713857 0.148 -24.744 additive  7.27E07

132



YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD
YLD

COR19
COR19
COR19
COR19
COR19
COR19
COR19
COR20
COR20
COR20
COR20
COR20
MIN19

MIN19

MIN20

MIN20

MINZ20

MIN20

SYN20
SYN20
SYN20
SYN20
SYN20
SYN20
SYN20
URB19

snp.1.268984334
snp.6.106658855
snp.6.110281174
PZE-105107417

snp.5.198468553
snp.6.111765100

del.8.166869202.166869377

snp.1.3975698
snp.6.167144267
snp.6.168940094
snp.8.6114778
sSnp.2.12238338
snp.6.156592975
snp.8.137938912
snp.1.268984334
snp.2.212620774
snp.8.3115275
PZE-103088220
snp.1.3975698
snp.1.268984334
snp.1.281327728
snp.10.703235
snp.10.149852637

del.6.169140061.169140338

PZE106127374
snp.5.37355875
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268984334
106658855
110281174
167857529
198468553
111765100
166869290
3975698
167144267
168940094
6114778
12238338
156592975
137938912
268984334
212620774
3115275
147533429
3975698
268984334
281327728
703235
149852637
169140200
170119105
37355875

0.343
0.358
0.172
0.145
0.284
0.230
0.216
0.337
0.378
0.394
0.370
0.283
0.204
0.152
0.350
0.342
0.341
0.116
0.335
0.349
0.336
0.344
0.335
0.262
0.319
0.288

-18.036
13.012
18.513

-22.319

-13.725
20.161

-15.544

-15.713

-13.276
12.384

-14.679
11.874

-12.244
15.068

-16.004

-14.182

-12.907

-16.765

-16.950

-21.201

-21.609

-17.592

-17.755

-19.814

-17.013

-12.918

additive
additive
additive
dominant
dominant
dominant
dominant
additive
additive
additive
additive
dominant
additive
additive
additive
additive
additive
dominant
additive
additive
additive
additive
additive
dominant
dominant
dominant

1.18E05
7.05E06
8.51E06
2.57E06
1.40E05
7.01E06
7.18E06
4.12E08
2.72E06
9.28E06
4.06E07
5.40E06
4.10E06
4.23E06
5.32E08
2.90E06
1.70E06
1.37E06
4.34E06
3.70E07
2.60E07
7.28E07
6.76E06
1.40E07
3.05E06
9.64E06
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Figure S1 Residual distribution and quantidgiantile (QQ) plots for analysis of variance model

used to generate best linear unbiased estimates of ear height withenemchment.
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Figure S2 Residual distribution and quantidgiantile (QQ) plots for analysis of variance model

used to generate best lineabiased estimates of grain moisture within each environment.
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