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Riassunto

Il miglioramento genetico delle piante coltivate, iniziaiocca 10.000 anni fa, dasato swn
complessoprocesso diselezionedella variabilita geneticaal fine di creare nuovevarieta piu
produttive resistenti a malattieapac di adattarsi a condizioni climatiche sfavorewvaliin generale
capaci di soddisfare i bisogmielle societa umane Sostenere | dinnovazio
supportar e | 0 apgerfartootaitcambiameti elimatiti @ allaiarescita esponenziale
della popolazione mondiale rendere pi sostenibild 6 agr i col t ur a

Tra gli strumenti a disposizione del miglioratore genetim@®dde}, la selezionegenomicao
predizione genomicharecentemente cominciato a trovare ampie applicaniehmondo vegetale
Questa metodologiaombina dati fenotipici e genotipici per creare modelli predittivi in grado di
stimare gli indici genomiciGenomicEstimated Breeding Valugsinvece di identificare singoli
marcatori associati ai caratteri di interesse da utilizzare nei programmi di selezione assistita da
marcatori.Per un dato caratterelj gndici genomicirappresentano una stindal valore geneticali
un individuo basata sui marcatoniolecolari.Con lapredizione genomiggamiglie di individui o
collezioni di accessionitr@ining populatior) sono utilizzati per costruire il modello predittivo,
utilizzando sia dati fenotipici sia dati genotipicucgessivamente il modello predittivo & applicato
ad individui dei quali si conoscono solamente i dati genotificeéding populationper stimare gli
indici genomiciusandasolamente marcatori molecolariGapitolo 1).

Nel presente progetto di ricerauesta metodologia stataapplicatae valutataper la prima volta
Su una popolaziondulti ParentAdvanced Generation Int@rossesviluppata da 8 parentali orzo
invernaleripetutamente iterincrociat e autofecondatseguendo uno schentmsato suncroci
diallelici. Questa popolazionklulti Parent Advanced Generation Interosse® statagenotipizzata
mediantel |50KSNP chipo e fenotipizzéa per la resain granellae data di fiorituran ambienti
temperatesemia r i d i rappresentativi d ei idproveedrcampo ar e a
organizzate indiversi annied in condizioni azotate standardl @ basso inputCombinando le
informazioni genotipiche e fenotipichi@a queso progetto di ricerca gtata ottimizzata e validata la
dimensioneottimale della training populational fine di sviluppae diversi modellidi predizione
genomicgoersingolo ambiente (SEBP) e muliambiente (MEGP) (Capitolo 2).

Successivamente, la stedsaining population ~ stata fenotipizzata
semhd i , i numer o dednda neandthdme idd tesbpiraiomea funziore | 6
del | 6 umi dQuesti aratterisoad statv sgelti perché, sulla base di altri studi condotti in altri
cereali {frumenti, mais e sorgg risultano essere particolarmente rilevanti in quacborelati
all dar c hi t eneltapianta mane dcdnreessallardseedaila tolleranza alla siccita. Dopo
avercorrelatb 6 angol o ded e T adnaomes emdar d &me rartdicoecd e Isle
ditraspirazione n f unzi one d ednladsanmigcnellattenutaentiversi ambaenti
guesti dati sono statitilizzati per creare modelli predizione genomica implementati con il metodo
GBLUP standard eonfithresholdGBLUPO (Capitolo 3).

Gli obiettivi del presente progetto di ricersano:

1) Testare everificare b performancedella predizionegenomica nelle lineeMulti Parent
Advanced Generation Int@rossesdi orzo perselezionare linee con una maggiore resa in
granellau s a n d o singld and rhuitenvironmer;

2) Verificare la variabilita delle lineéulti Parent Advanced Generation Interossesper

| 6angol o dell e radici seminal i, i numer o
traspirazione in funzione dell dumidit”™ rel e
3) Crearemodellidipredizo ne genomi ca per | dangol o dell e r
seminal.i e | 6andament.o del |l 6indice di trascg



Abstract

The genetic improvement afops startedcirca10.000 yearsagg is based ora complex process
of selection ofgenetic variatiorto createvarietiesthat are 1) resistant to disease®) capable of
adapting taunfavorableclimatic conditions3) high-yielding and4) fit for purposefor the needs of
human socigt Varietal innovationis pivotal tounderpinthe agrialture of the futurendcope with
climate change and the exponential growth of the world population.

Among the toolsn the breedesd $oolbox, genomic selectior genomicpredictionis gaining
momentun and isbecoming populafor genetic improvemendf crops This methodology aims to
regress genomeide single nucleotide polymorphisms or other types of DNA markers on phenotypes
of individuals to simultaneously predict their effects. The population of individuals having both
phenotypic and genotypicformation is named training population and is used for constructing
predictive models, which allow to compui@enomic Estimated Breeding Valdes i n i ndi vi d
which only genotyping information is availab(ereeding population)Typically, the preditive
models used in GP require to regraksgenumber of predictors (DNA markers) that greatly exceeds
the number of observations or phenotypes and several parametric apdraoretric models have
been proposed to deal pwsmallnhd opvreorbflietm iansg iann dt hteh
estimation of marker effects using ordinary least squares method is not practidapee( 1).

In the presenwork, genomic predictioas been implemented and investigated pareel ofMulti
ParentAdvancel Generation Intecrossepopulation of barleyThis populatiorwascreated crossing
eightwinter genotype®llowing i h ali fa | | e | TheresultiogpasiedoEMulti ParentAdvanced
Generation Intecrossedineswasgenotyped using the barley 50K SNP chip eragphenotyped in
differentsite-by-seasorand siteby-seasorby-managemertombinations to examirgrain yieldand
heading dateUsing phenotypic and genotypic informationpdels forgrain yieldpredictionshawe
been fitted and cros&lidated usingingleenvironmentandmulti-environmerdgenomic prediction
models(Chapter 2).

Subsequentlythe same panel of barléylulti ParentAdvanced Generation Int@rosseswas
phenotypd for belowground and physiologictiaits related to drought tolerance aggin yield
Particularly, thee lineswere phenotypedor seminal root number, seminal root angle and
transpiration rat@éesponsdo increasingevaporative demandtandard and threshold models were
subsequently fittednd crossvalidated to predidhese traitswhich might supporiteotype breeding
for dry environmentgChapter 3).

The ains of this projectare

1) Testing and assessing the performanceyeriomic predition on Multi Parent Advanced

Generation Intecrossedo slect highyielding barleylines.

2) Examining the variability oMulti Parent Advanced Generation Inienossedines forseminal

root numbersemin&root angleandtranspiration ratéo increasingevaporative demand

3) Developing, fitting and crosgalidatinggenomic predictioomodels forseminal root number

semin&root angleandtranspiration rat& increasingevaporative demartd underpin ideotype
breeding forcrop improvement.
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Barley (Hordeum vulgare ssp. gaire L.)

Chapter 1: General Introduction and aim of the Ph.D. research thesis

1 Barley (Hordeum vulgaressp.vulgarel.)

1.1 Use of barley for food and feed productiorand its economic importance

To date, larley Hordeum vulgaressp. vulgare L.) ranks fourth among the most important
worldwide cereal crops terms of total grain production and acreaffer wheat Triticum aestivum
L.), rice Oryza satival.), and maizgZea mayd..). Overall the globalbarley grainproduction
(Figure 1A) in 2019 was around 158.9 millionnioes (Mt), among them 95.6 Mtere producedh
Europe, followed by Asia (~25.5 Mt), America (~21.6 Mt), Oceania (~9.2 Mt) and Africa (~6.8 Mt)
The global barleyacreaggFigure 1B) in 2019 wasaround51.1 million hectares (Mha)of which
around50% were located inEurope €24.2 Mha), followed by Asia (~12.5 Mha), America (~5.7
Mha), Oceania {44 Mha) andAfrica (~4.1 Mha), while theacreagelevoted to barlegultivationin
the Mediterranean area (South Europe and North Africa) was aBddhd, 261 Khaof which were
locatedin Italy (http://faostat.fao.ong

Figure 1: World trend of annual barley production and cultivation areas from 1960 to 20B.
(A) Annualbarleyproductionin different world areaand(B) area devoted to barley cultivation in
Africa, Americas, AsiaEurope,Oceania and Mediterraneaggion(Northern Africa and Southern
Europe), respectively

a) i b) .

Production (Mt)
Acreage (Mha)

Years Years

Barley is one of the oldest crops cultivated by mankind as itaaesticated 10.000 years ago in
the Fertile CrescenfSalamini et al. 2002)Since its domesticatipriarmers and breeders have
succeeded to adapt and cultivate this crop in different environmental conditions and currently, barley
farming is widespread from extreme Northern latitudes to desertic areas of North Afnidae
wheat, barley is more toleratat droughtwhich is one of the most important environmental stress in
agriculture, particularly in the Mediterranean regiGattivelli et al. 2008; Giraldo et al. 2019; Ullrich
2014) Along with durum wheatT{iticum durumDesf.), barley is a staplk®od for several rural
populations of North AfricéGrando and Macpherson 2005)


http://faostat.fao.org/
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Barley is mainly used asnimalfeed and circa 75% of its global production is devoted to this
purposgLangridge 2018)Compared to other cereals (e.g. maize and sorghum), barley lediemxc
nutritional characteristics such as higher contents of neutral (18%) and acidic (from 6 to 7%) detergent
fibers in kernels, for being used as feed as these compounds allow to maximize the animal digestion
(Bleidere and Gaile 2012)

Circa 20% of its global productior{Langridge 2018)s usedto supply the malting and brewery
industry:beer is obtaing from the alcoholic fermentation of sugars deriving from starchy sources,
the most used of which is malt, that is germinated cereal grains that have been appropriately dried
Barley plays a key rolen the brewingindusty sincebarleymaltis anexcellentsubstrate for yeast
fermentation antbeerproduction(Gupta, AbuGhannam, and Gallaghar 2010)

The remaining parof the barley global prduction(circa5%) is used astaplefood (Langridge
2018; Tricase et al. 2018Barley is considered as functional foodsince a regular barley
consumptiorprovides health benefiteduang therisk of chronic diseas€®onateCapel et al. 2014;

Lee 2017)These heh benefits have been attributedhehigh contento f -gllcangfrom 4 to 9%
andnon-starch polysaccharid@resent itheendospernwhicharesignificantly higher tham other
cereal{Gupta et al. 2010peveral studiebaveshownthatdiets based on barley grdielp toprevent
insulin resistancand type 2 diabetes, excessol®lesteroblood level(Ramakrishna et al. 201,7)
coronary heart diseas@andcolorectal cancefAhmad et al. 2012; Din et al. 2018)

In Italy, there is mountinggconomic interedbor this cropand consequently the number of seeds
companiesengaged inbarley breeding prognas is increasing(http://www.sementi.)jt ISEA
Agroservice SpAhttps://www.agroservicespg.is one of these Italian seeds compaxiegoted to
the improvement of barlegnd isdirectly involvedin thisindustrialPhD. project

1.2 Trend of barley yield in Europe and North-Africa

Globally, barley yieldper hectarehas gown linearly from 1.3 t/hain 1960 to 3.1 t/hain 2019
(http://faostat.fao.ong Particulaty, in 2019 Europe has recorded the highest valug~39 t/ha)
followed byAmericas(~3.7 t/ha),Oceanig~2 t/ha) Asia (-2 t/ha) andAfrica (~1.6t/ha) (Figure 2).
Recent estimates point otltat 28% of theyield increaseobserve in the last decadesas obtained
targeting barley genetics, corroborating the importanceadkey breeding tancrease grain yield
(GY). In northltaly, barley yieldwascirca4.2t/hain 2019 gttp://faostat.fao.ong

Although these spectacular achievensenbtained at the global leyebarley yield in certain
marginal and stressful areas antNorth Africais still stagnating andiason averagé.3t/hain 2019
(Figure 2). Overall in the Medterranearregion the growth of the barley yield is not sufficiciot
guaranteefood securityfor next years especially for rural human populations of North Africa
Moreover in North Africa and Southern Eurogmrleyyield follows afluctuating trengdwhichmight
potentially threatenural populationgFigure 2).

The main reasons that underlleeampledifferencein barley yieldbetweenNorth Africa and
Europeis due to environmental factorthat imposeabiotic stresss (e.g, drought and water
availability), inefficient agronomicpractices due to the lack means and equipmetd implement
high-input agricultural practiceshe lack of affordablerop protectionchemicalsto managepests
anddiseasesndthe insufficient genetic progress due to the lackdzfptecandhigh-yielding barley
varieties(Pswarayi et al. 2008)
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Targeting barley genetics to improve grain yield: a short list of popular met

Figure 2: World trend of barley yield per hectare (t/ha) from 1960 to 20D. Different points and
regressioninesindicatebarley yieldin Africa, Americas, AsiaEurope,Oceania and Mediterranean
region(Northern Africa and SoutheiBurope)
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2 Targeting barley genetics to improve grain yield: ashort list of popular methods

2.1 Empirical breedingand phenotypic selection to improve barley

The success dbarley breedingprograns relies on effective selection of individuals carrying
favorablealleles,which has been historically addressed in crops yshegotypic selectio(PS) that
is the selection of the individuals exhibiting the greatest phenotypic values as parents to mate for
generating following progeny’Srelieson thegeneticvariability of traits in natural orsegregating
populatiors, that is populationsrtificially created by crossingiwvo or more differengenotypes
Depending on the type of fertilizatip schemes forcrop improvementhave been historically
classifiedin breeding for predominantly seffertilizing speciesand breeding for predominantly
outcrossing specieBarley hasevolved floral structures that ensure a high percentage of self
pollination and @nsequently, breedingpncepts andchemes aimed at improving this ceane those
developed and applied to predominantly $effilizing (autogamous species(Barcacciaand
Falcinelli 2006; Lynch and Walsh 1997)

The two key components thahablebreeding for crop improvement are 1) a source of genetic
variability and 2) the phenotypic evaluation of the graftinterest for selecting the best individuals
that fit for purposeThe most common approatincreateex novovariability in autogamouspecies
like barley, consists in crossingwo or more inbred parents to generate highly diverse and
heterozygous offspringCrossing of inbred lines allows to shuffle paedrgenes, which in turn
generate new allele combinations and genetic biéitia In barley, as well as in other predomingntl

3
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autogamous crops, continuous cycles of-fatilizations of R offspring create homogeneous
descendant athe percentage ofiomozygais loci progressively increases with thmumber of
generationgTable 1).

Table 1: Expected trend of the percentage of heterozygous loci as function of s#dftilization
cycles.For each generation of sd#rtilizations, the percentage of heterozygosity decreases as the
percentage of homozygosity increases

Homozygaus loci Heterozygousloci Number of selffertilizations
0% 100% 0
50% 50% 1
75% 25% 2
87.5% 125% 3
93.75% 6.25% 4
96.875% 3.15% 5

In Fy offspring of predominantlyautogamous plants, heterozygosity decreateachgeneration
of seltpollination, while the fraction of homozygotes laocreaseover generationgTable 1).
Considering a hybrid genotype with allelic pairs in heterozygous condition, the fraction of
homozygous loci aftell segregating generationsdgual to thdollowing formulas (Barcaccia and
Falcinelli 2006)
O

ol B=l) o Equation 1

1 lm <m> ™A —'v Equation 2
wherer) andn indicate the allele frequencies for A and @ndo indicate the selfertilization rate
and the crossing rat€onsequently, selbollinating speciesquickly bring individuals to complete
homozygosity, namely obtainingdaure liné simply defned asset of individuals derived by self
pollination from a homozygous progenitéquation 1 and Equation 2 (Barcaccia and Falcinelli
2006)allow to computehe level of homozygosity and heterozygosity maintained in the population
aftern generation®f seltfertilizations respectively

Severalbreeding schemelave beerproposed andleveloped for predominantly autgous
speciesn combination with PSo exploit the variability ofboth natural €.g.,mass selectiomnd
modified mass selectionor segregating populatioastificially createdoy crossingnbred lineqeg.,
pedigree methgd

2.1.1 Cerealtraits that might be targetedto cope with climatechange

Climate change is the result thfe greenhouse effect caused by gases developed through various
activities whichinclude livestock farming and fossil fuelonsumptionlt is a global phenomenon
that has repercussions in all fields of agricultugsulting from innumerablenthropicactivities The
future effects of climate change have bgeadictedoy the Global Circulation Model (GCM)which
project a rise intheglobalaveragagemperatureb e t we e n 0 . @ndawvardtioRof rdirall A C
between-24 and +24%(Arneth et al. 2019; Cammarano et al. 201P)rthermore, the report
published in2018by the Intergovernmental Panel on Climate Chasggewed that exceeding the
thresholdlimit of 1.5 °C foreseen in 2040, would have catastrophic effects in all aspduimah
societes(MassonDelmotte et al. 2018 limate change is a global phenomenon thathdifferent
impact at local leveand specificallyn the Mediterraneais expected tancrea® the frequency of
droughtepisodes and heat waves, which in twihbe causing important yield losses in cereal srop
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during the next yearie et al. 2018)These twgphenomen&ave been already observed during the
last years andepresenthe main concerns forainfedMediterranean agriculture.

This dangerous trend along with the increase of wpdgulation, which will reach almost 10
billion people by 2050 hitp://faostat.fao.ofg is increasing worldwide interest on genetic
improvement of crops toope with climate change amaderpin food securitflLobell et al. 2008)
For thesereasonsbeyondPSand classical breeding schemesw breeding strategiesd toolsare
needed tosustainbarley yield since this crop plays a relevant role for ensuring food security,
especially in North Africaln fact,in theseregions which arecharacterizetdy harsh living conditions
and dry environments, barley one ofthe major staple foodlong with durum wheat anglays a
relevant role for ensuring food security intendeddask of adequate food not being available
(Chakraborty and Newton 2011y this context, direciphenotypicselectionfor improving GY is
ineffectivefor two mainreasos: 1) this traitshows, in generallow levels of heritability when tested
in field trialsorganized irstressful conditionand2) the confounding environmental efte@arehigh,
and it is difficult to obtain a strong selection response.

To overcome these limitations, breedimgpgramsoften adoptindirect selectiorto achieve the
expected genetic gain of a primary trhihlike direct selection ndirect selection allows the selection
of a primary trait by selecting one or more directly correlated secondary Titsigsnethodology is
usefulwhen theprimarytrait to be selected has a low heritabili§omebarley taits that might be
targetedfor indirect selectn of GY, copng with climate changandimproving drought tolerance
are belowground trait$§BGTs)andplant transpirationate(TR).

Improvement oBGTs has the potenti&d increase water extraction from soil layemsefficiently
captuing residual moisturgEl Hassouni et al. 2018Moreover these traitshave important
implications in the breeding progna fortheirrelationship withGY (Robinson et al. 2018n barley
and inothercerealsseminal roots (SR3re the first roots differentiated from the embryonic root that
allows the development of the primary root syst®iiferently, nodal roots (NR)egins at the
tillering stage from the basal nodes of the cr¢\Wahbi and Gregory 1995)

The number of radical axes obtained from the primary risoksown & seminal root number
(SRN) (Figure 3). Several studiesarried out in cereal cropgve pointed ouhat moderrand high
yielding cultivars show lower value®f SRN andinefficient root architectures for watdimiting
environmentgde Dorlodot et al. 2007Wwhich are probably the result of selection for high input
agriculture. he differentroot architectureand SRN of modernbarleycultivarscompared tdarley
landracesorroborate this latter hypothegkgure 4).

Figure 3: Image of seminal rootscollected inbarley using the clear pot methodanalyzed in this
study. This image wasakenelevenday days after sowingn barleyseedlingsremovng from the
substrate.
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Figure 4. Development and differentiation ofseminal roots in barley(de Dorlodot et al. 2007)
(A) Seminal rootsn barley wild relatives(B), modern cultivare&nd(C) barley landraces

TRENDS in Plant Sclence

The angle obtained by measuring the axes of the SR primaryisé&otswn asseminalroot angle
(SRA) (Figure 5). The modulation 0SRA hasbeneficialeffects in several crops beansvide SRA
allowsthe development of varieties thzgtterabsorb the prephorudound in the surface sdiLynch
and Brown 2001)in breadwheat it was shown that less productive cultivars tencve la wide root
angle while the more productive and drought tolerant genotypeshmarrow root angléManschadi
et al. 2008) This experimentakvidence indicates th&RAis, in certain crop, a proxy trait for the
root architecture system at the mature stage of developmertasal fundamental role in the
absorption of nutrientand watefrom the soil and in regulating plant growffRobinson et al. 2018)
As there is a significant genetic correlation between GY and the aforementioned BGBssouni
et al. 2018) SRA and SRNmnight be used for indirect selection of higielding genotypes in dry
environments.

Figure 5: Image of seminal root anglaneasured inbarley genotypesusing the clear pot method
analyzed in this study In this image, seminal b anglewasmeasuredife days after sowing with
a digital camera using ImageJ softwarts://imagej.nih.goy

B

71.76° 98.17°
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Targeting barley genetics to improve grain yield: a short list of popular met

Several nofinvasive methodsave beerdeveloped to phenotyd@GTs including the clear pot
methodology(Richard et al. 2015kpaceplanted field pasta strainer (basket) metfigldHassouni
et al. 2018) 3D magnetic resonance imaging (MRNan As 2007) 2D-imaging techniques
exploiting X-ray absorption and light transmissi¢te Dorlodot et al. 20079r, for example, in
substratdilled rhizobakes(Jia et al. 2019)To date, BGTs (SRA and SRN) have been phenotyped
different barley populations such as advanced backcross DH population of a cross between spring
and wild barley(Sayed et al. 2017jor panels of twaowed spring barley genotyp@3obinson et al.
2018) for wild barley introgression linefNaz et al. 2014pnd for panels ofnostly unrelated
landraces(Hamada et al. 2012; Jia et al. 201Rit they havenever beemeasuredn MAGIC
populations of barley.

Another proxy traifor drought tolerance is thteanspiratiorrate (TR), which is evaluatedgainst
increasingvalues ofvaporpressurealeficit (VPD), that isthe difference between the vapor pressure
in ambient conditions and the vapor pressure at the point of saturation for the same temperature
(Rashed 2016)rhe regulation of TRinder increasiny PD conditionsis arelevant factor affecting
the agronomic adaptan of wheatand barleyto Mediterranean environments limited by water.
Medina et al. (2019)showed how the different response can be correlated with different
performances in terms of GY and biomassbarley the analysis of TR in response to increasing
VPD values is lagging behind but there is evidence thddiinm wheat and in other cereabgs TR
varies according to two main trends: genotypedhat show a linear TR trend to increasing VPD
values and 2) gmtypes showing a segmented TR trend to increasing VPD v#tuésrum wheat
genotypes showing this latter trend have beamelated with increasing drought tolerance in field
conditions(Medina et al. 2019)Like durum wheat, other research wehave showrthat barley
genotypes can exhibit linear and segmented TR response to increasing VPD co(fhtitmksand
Tamang 2019nd the analyes carried out in thpanel of barleyines examined in this research work
have showrvariability for this trait Figure 6).

Figure 6: Trend of transpiration rate under increasing vapor pressure deficitin the panel of
barley population analyzed in this study. (A) lines exhibiting asegmentedranspiration rate¢o
increasingvalues ofvaporpressure deficit(B) lines showing dineartranspiration rate imesponse
to increasingraporpressure deficivalues

a) 20- b)

Transpiration Rate (mgyzom s~
Transpiration Rate (mgom s
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2.2 Genomic toolsfor enabling molecular breedingin barley

2.2.1 Barley reference sequence

The knowledge ofbarleygenomis has the potentigb accelerate barley breedingitallows to
investigate the genetic k@sof agronomically important traits to enable marker assisted selection
(MAS) andto betterimplementgenomic prediction (GRh breeding progmas. Barleyis a diploid
plant(2n) andhas a genomsizeof 5.3 gigabases (Gb) distributadrossseven chromosomesmed
from 1H to 7H (Monat et al. 2019)The barley gnome structure isharacterized by approximately
80.2% ofrepetitiveelements, of which 74% dbng terminal repeats (LTRS) retrotransposon and
5.39% of DNA Transposon SuperfamilMonat et al. 2019; Wicker et al. 201 Barley genes are
unevenly distributedcross the seven chromosomethagelomeric ends haweehigher geneontent
than the centromeric regians

To date, everal reference sequencesf barley are currently available in GenBank
(http://plants.ensembl.oygThe first referenceversionof barley cv Morex was constructed using
bacterial artificial chromosom@AC), andBAC-by-BAC sequencindMascher et al. 2017 his
reference sequenees later improved using tARITEX pipeline(Monat et al. 2019)Wwhich uses a
completely different approach compared to BBYEBAC sequencingBeyond these genomic
resources based on barley cv. Mgorgghreiberet al. (2020)haverecently assembled the reference
sequence obarley cv. Golden Promise, a Scotland spring-taww malting and whisky barley,
integratingdata fromseveral technologie$he cv. Golden Promise is the most efficient genotype for
genetic transformations .(g CisgenesisGenomeediting), and for this reason it is considered as
"Transformation Reference" in barléychreiber et al. 2020Recently other additional 9 reference
sequenceof barley obtained from a set of genetically distant genotypes were recently assembled to
investigate the barley pagenome(Jayakodi et al. 2020)n this researchvork, the SNPs used to
develop GP modelgfer to thesequence of barley cv. Morex published in2(Mascher et al. 2017)

2.2.2 Tools for rapid SNP fingerprinting

Single Nucleotide PolymorphisSNPs)are the mogbopularmarkersusedin crop improvement
prograns as they havseveral advantagesmparedo othertype of DNA markes like Restriction
Fragment Length Polymorphism (RFLP), Simple Sequence Repeats or Microsatellites (SSR),
Random Amplification of Polymorphic DNA (RAPD), Amplified Fragment Length Polymorphism
(AFLP) and Inter Simple Sequence Repeats (IS8R)estkina ad Salina 2006)Unlike RAPD,
ISSR and AFLP, SNPsark a single position on the genome ama@dditionthey are codominant
markers, that isheyallow to distinguishheterozygous and homozygagsnotpes. SNBareprone
to beanalyzedusing highthroughput technologidge chip arrays, whiclusessets of probes that
have the capability to interrogate specg@&nome positionsThe 50k lllumina Infinium iSelect SNP
chip array is a specific barley chipatinterrogates#4.040 known SNPpositions orthe reference
genome of barlegnd @mpared to other SNP typing technologiess thipprovidesfasterandmore
robust resuk (Bayer et al. 2017)

3 Regression models

A statisticalmodel is a mathematical representatwith which the data obtained from a given
experiment aranalyzedIn general, a model has the objective of evaluatiegelatimship between
a response variablnda set of predictor variables as follaws

VARIABLE = PREDICTORS + ERROR


http://plants.ensembl.org/

Regression model:

In this research work, four types of statisticaldels were extensively usedaimalyzeexperimental
data €.g. field trials, experiments carried out in controlled conditions) and for implementing genomic
prediction. These four types of statistical models are knowmaar models (LM) linear mixed
models (LMM) generalized linear model (GLM)d generalized lirsg mixed model (GLMM)

3.1 Linear model and linear mixed model

In this research workinear modet were usedo regressa set ® ¢ independent variableso(, @ ,
@, @) with dependent variabley for estimating the effectsbtainedfrom the fixed valuesin
LM wis continuousvariablewhile @ , ® , &, @& can be either continuous or discre&giables.
A typical equation describinglaMsis:

<« H } mean
oFL £L L 8L} coefficiens + fixed variables
" ” ) ~ } errorterms Equation 3
Equation 3is a system o$everalkequations that can be-vaitten as:
O O O e Q
O O OO W Q
00 O O e Q
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This systenof equationsan be rewritten using amatrix notationthatise =

W, p, ® ® w E 0.0, Q.
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11e " | é”l 11 é é é E é Y] 11en 11en
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wherew is theresponsevalue, ® are the set ofoefficientsassociated to the independent variables
(@,0,d, @), also known adixed effectsandQ is the error associated to each respohse.
general, the main aim of LM is to estimate fixed parameterso, ®, @, ¢ usingBest Linear
Unbiased Estimatsr(BLUES) (Legendre 1805)The main agsmption of LM arethat 1) errors are
independent and normally distribdte-N(0, , ) with mean of zero and constant variance
(homoscedasticily 2) experimental data are obtained from a random extract from a popula8on of
wunits for which the linear relationshgpplies 3) for each8 value we have & values normally
distributed~N(0,, ) with the mean located on the regression.line

BLUESs of model parameters are usualbtained using thkeast squares methgditst introduced
by Legendre (1805)which allows to choose the best regression line that minimizes the sum of the
differences as much as possifilaerefore, hieformula for computingy is:

C ool R _
+ F+—*h Equation 5
™ .

whered ¢ W ho is the covariancbetweerdependent and independent variaiedm &  is
the variancef thedependent variable.

Linear mixed modslwere usedo regress1) a set ot independent variablesd(, ® , ®, @)
with dependent variabley for estimatingthe effects obtained from the fixed valu@} a set ot
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independent variableso(, @, @, @& ) with dependent variablelj for estimatingthe effects
obtained from theandomvalues In LMM wis continuousvariablewhile ® , &, ®, @& and®,
@,®, & can be either continuous or discrete variables.

A typical equation describing a LMIs is:

} mean

} coefficients +fixed variables
} coefficients +randomvariables

} errorterms Equation 6

= L oz

Therefore, th&quation 6 is a system of several equatlons that can jvertéen as:

AT AYA) DO Eéwn oooo oooo oooo 8 ®® Q
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This system of equations can bewsitten using anatrix notationthat is« £+ Jr|- AL
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Equation 7

wherew is the response value, are the set of coefficients associated toilkdependent variables

(@, 0,0, @) also known asixed effects @ are the set of coefficients associated to the
independent variablds) , ® , ®, &) also known asandom effectandQ is the error associated

to each responsi general, the main aim ofMM is to estimate théixed parameterso,, 0,0, €&

@ using BLUE andrandom parameter®, @, @, @ usingBest Linear Unbiased Prediction
(BLUP). Briefly, least squares(Legendre 1805and shrinkageor il i near e@adibc tis e
(Robinson 1991areused to estimate fixed and random effects, respectively.

In order to highlighthis differencea practical examplés presentedising thetop eight Italian
barleyvarieties(Alastro, Alimini, Aquirone, Atlante, Enticel, Funky, Futura, Idejaluatedn 6
replicasfor GY (gl/ha) in a single environmenThe adjusted means, BLUP and BLUHgure 7),
were estimated considering the genotype as a fixed or random effect, respefdileiyng the
formula shown below:

A dme=Tm

£ Equation 8

wherew is theresponse valugY, Ais the mean’y ‘Q rare the 6 replicateSDQ éare thetop eight
bestltalian barley varieties and is the errorsndependent and normally distributetM(0,,, ). As

shown inFigure 7, the random effect causes a shift towards the mean of the gendtigidighting

its difference with the fixed effecindeed, while a fixed effect assumes genotypes as independent
ard separate, a random effect assumes that they are interrelated and interdependent representative o
a large set of levels, which may not even be observed
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Regression model:

Figure 7: BLUEs and BLUPs estimation of GY (gl/ha) in 6 replicasof the top eightbest Italian
barley varietieshroughLMs and LMMs Different coloredpointsand its line otbarley production
Alastro, Alimini, Aquirone, Atlante, Enticel, Funky, Futuandldra, respectively

58-

Variable
BLUEs

56- e —e&~ BLUPs

Grain Yield (gl/ha)

54-

! 1 ] 1 1 1 1 1
Alastro Alimini Aquirone Atlante Enticel Funky Futura Idra

Genotype

3.2 Generalizedlinear model and generalizedinear mixed model

Generalized linear modelextend théinear modelto variables that are noormally distributed
and are characterized byreecomponentsl) response vable @, 2) a link function connecting the
response&ariable to the set of linear predictarsd 3 aset oflinear predicta— having the following
form:

bt FL£ o FE . F£ 0 8RE Equation 9

Equation 9is a system of several equations that can heritéen as:
- 0O 0O O End
- WO O O el
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o |
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This system of equations can bewetten using anatrix notationthat ist =|= L

”n
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T O ® E o W Equation 10
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where— is thelinear predictor@ are the set of coefficients associated to the independent variables
(@O,H,®, &) Thelink function"Q connectghe response variable to the set of linear predictors
— as follows:
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A t = Equation 11
Equation 11 can be renritten asaninverse link functioras follows:

Al & 1 == Equation 12

For each probability distributigrihere are different link functiosuch as identity, log, inverse,
inversesquare, logit and probifor instance, the identity function is associated with a normal
distribution and the expected value of the dependent variable is just the linear predictor.

The main aim of5LM is to estimate the fixed paramete&os &, ®, @ . Finally, like LMMs,
generalizedinear mixed modalareanextension of GLMghat includesandom effectsTherefore,
the main aim oGLMM is to estimate thééxed parametersd , @, , ¢ usingBLUE and random
parametersd, @, ®, & usingBLUP.

4  Field trial analysis

Field variability originates from soiheterogeneity and nesmiformity andis one of the most
important confounding factors that must be considered in trial analyses carried out during breeding
programsas it can increase the variances of eram@masls the genetic variion that underlies the
traits of interest(Araus and Cairns 2014Jhereareplenty of factors that cause soil heterogeneity
and noruniformity and generallyhe largeiis the field trial, the greatas the internal variabilityit
is generally observed that in field trials the same genotype grown in adjacent plsttotbade
similar yieldor trait valueghan thesame genotypgrown in distant plots.

There are different experimental designs that allow to cofittnl variability and correct the
phenotypic values measured in field triedsisideringhese environmental fac®iThe most popular
experimental designs adopted &alyzingfield trials are th&kandomized CompletBlock Designs
(RCBD) andthe alphalattice Theseexperimentatesigns are convenientinalyzedusingLMs or
LMMs anddepending onvhether the genotypes are considered as random or fixed varalldes
to computethe adjusted phenotypic values usiBgUPs or BLUES, respectively Therefore, the
adjusted meararepivotal to analyzefield trial data

4.1 Randomizedcompleteblock design

RCBD is a widely usedexperimental designsed forfield trial analysesparticularlywhenthe
number of treatmentg.g.,thenumber of linego test) is limited The experimental undtf the RCBD
is the blockand RCBD assumes thahese blockare homogeneoushat isthere isno variability
within eachblockand thakach block contains all treatmefesg, all the lines that must be examined)
(Figure 8).

Figure 8: Graphical representation of a RCBD.This experimental design consististwo blocks
or replicates and nine treatmengsg(, different genotypes)each block contains all treatmergad
RCBD assumes that these blocks are homogeneous.

Block Block

Y

Breeders uses RCBD to estimate the effect of each tret(eng.,plant genotype) and assume that
theraw phenotypic valuearethe sum of the block effects, the treatment effect plus a random error.
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Field trial analysis

UsingLMs or LMMs, aRCBD can be formalized as follows:
« A {mems F° Ok Equation 13

wherew is theraw phenotypic value of th&ait of interestmeasured in the replicat@ for the
genotypeQ , Ais the overalmean 'Y ‘Qi§ theeffect ofreplicaeQ , "OQ s the effect of the genotype

Q, 6 ¢ iight indicate another covariatBat can exert its effect on traii while - is the error
assomated with the phenotypic value measured in the replZdtr genotypeQ . Moreover, this
model assumes x 0 1, , that is,the error terms is independenand normally distributed with
mean 0 and variangg . With RCBD, breeders are interested to estimate the effect of treatments, in
our case the effect of genotyij@Q.®Depending othe purpse,genotypesnight betreated as random

or fixed effecs. Regardlessvhether genotypesreconsidered as random or fixed effectsjrteéfects
computed witrEquation 13 areusuallyindicated as adjusted means.

4.2 Alpha-lattice

Like RCBD, thealphalattice designs widely usedin field trial analysesvhenthe number of
treatmentge.g.,thenumber of lineso test) idarge The experimental ursbf thealphalatticedesign
arethe blocls, which are assumedbehomogeneoyshat isthere isno variability withineachblock
andcontainonly a part of altreatmentge.g, all the lines that must be examingB)gure 9).

Figure 9: Graphical representation of an alphalattice design In this desjn there areix blocks
(three blocks per replicate) and nine treatmenis. (different genotypesEach block contains only
asubse(3) of all treatments.

f{) Blockj

Geny i

Breeders use alpHattice to estimate the effex:t)f each treatmente(g plant genotype) and
assume that the phenotypic values are the sum bldhk effecs on eachreplication thereplicaes
the treatment effect plus a random error. Udidds or LMMs, an alphalattice designcan be
formalized as follows:

EA dm= ["-dllm=— 1mg rF°oot:cg Equation 14

wherew is thephenotypic value of thigait of interesmeasured in the replica® of the blockQ
for the genotypéQ , Ais the overalimean'Y Q% theeffect ofreplicae Q, 6 & ¢ iofke effect of
block 'Q on replication’Q, "OQ §s the effect of the genotyp® , 6 ¢ inight indicate another
covariatethat can exert its effect on traitand- is the error associated with the phenotypic value
measured in the replicat® of the block’Q for genotype™Q . Moreover, this model assumes
- x 0 mh, ,thatisthe error terms are independeérand normally distributed with mean 0 and
variance, ,

Using the alphalattice design breeders are interested to estimate the effect of treatments, in our
case the effect of genotyj@Q.&Regardlessvhether genotypes considered as random or fixed effects,
the effects of genotypes computed vituation 14 areusuallyindicated as adjtisd means.
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4.3 Multi environmental Trials

The estimation of genotypic effects frabguation 13 (or Equation 14) does not allow tdurther
dissect them in additivendinteraction effectsConsequentlythe estimation of the genotigpeffects
conducted in a single environment might not be reliable owing to the confounding effects of genotype
X environment interactiorMulti-environmental trialsSNJETS) are field trialsorganizedn different
site-by-seasa combinations using preefined experimental designs.g.,RCBD or alphalattice)
and allow to better estimate the genotypic values of the lines tested. This can be demonstrated
comparing the models of single and nueltivironmental trials organized ugifrRCBD. A model
describing a multenvironmental triabrganizedusing RCBD can be described as follows:

EA F"° im=F"©° Tmg TmEOF"© F° O ki Equationls

wherew) isthephenotypic value of thieait of interestmeasured in the replica® for the genotype
Q in environmentQ , Ais the overalmean ‘O ¢ is the effect of the environmei® , 'Y Q1§ the
effect ofreplicae’Q on each environmefi® , "OQ & the effect of the genotyp@ , "0Q &0 ¢ is
the interaction effect between genoty@e and environment) , 6 ¢ i theeffect of covariat@and-
is the error associated with the phenotypic value oreasin the replicat& for genotypeQ in
environment’Q . Moreover, this model assumes x 0 mh, , that isthe error terms- are
independent and normally distributed with mean 0 and varignce

The comparison oEquation 13 with Equation 15 showsthat the effects of genotypé®Qin
singleenvironmental trial is further dissected i@Q ¢and "OQ ¢JO ¢ Uterms inEquation 15. In
other words, METs allow to estimate genotype x environment interaction effects and provide better
estimate of thedditivevalues.Similarly, METs organizedwith alphalattice desigrs provide better
estimates ofienetic effectsA model describingMET organizedisingalphalatticecan be described
as follows:

CogeA Fr o i me

A m= Tmd TEI*F* O F°OE
Equation 16

wherew is the phenotypic value of thiait of interesimeasured in the replical@ of the block
'Q for the genotypér and i environmentQ, Ais the overallmean ‘O ¢ is the effect of the
environmentQ , 'Y ‘Qi§ theeffect ofreplicae ™ Q on environmeniQ , 6 & ¢ isxke effect of block on
replication’Q and environmerif ,"OQis the effect of the genotyge ,"OQ &0 ¢ is the interagon
effect between genotype and environmeniQ, 6 ¢ is the effect ofcovariateand- is the error
associated with the phenotypic value measured in the replizaséthe blockQ for genotypeix
in environmenfQ . Moreover, this model assumes x  mh, , that is,the error terms are
independent and normally distributed with mean 0 and varignce

Like RCBD, the comparisoaf Equation 14 with Equation 16 shows that the effects of genotypes
"0OQ eomputed irsingleenvironmental triatan beurther dissected ifiOQ eéand "OQ ¢éJ0 € wising
Equation 16 and thenMETs allow to estimate genotgpx environment interaction effects and
provide betteestimate of the genetic values.

5 Multi -parent Advanced Generation Inter-Crosses population

A Multi-parent Advanced Generation Intérosses (MAGIC) population is a collection of related
plants obtained intecrossing a set of founder lines &®veral generatiann each single linHuang
et al. 2015)MAGIC population are an extension of the advanced iatessing (AIC) linesreated
for the first time in micéYalcin, Flint, and Mott 2005and later in plarst
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Multi-parent Advanced Generation Irérosses populatior

In cereal crops, MAGIC populans have been developed and establishedider(Chen et al.
2013; Han et al. 2020; Ogawa et al. 20183ize(Del | 6 Acqua et -Galindoet2ald 15 ;
2019) breadwheat(Huang et al. 2012; Mackay et al. 2014; Milner et al. 2016; Rebetzke et al. 2014,
Sannemann et al. 2018; Shah et al. 2019; Stadlmeier, Hartl, and Mohler 2018, athalp 2014)
sorghum(Ongom and Ejeta 2018&nd barley including an eightay population of 5000 DH
(Sannemann et al. 201&hd another of 324 MAGIC lines B2-way (Bulow, Nachtigall, and Frese
2019) MAGIC populations were explicitly elveloped for genetic research purpose as they allow to
increase power and precision for detecting and mapping quantitative trait loci ((CEv&nagh et
al. 2008; Huang et al. 2019n cerealcrops MAGIC populations were used to map QTLs that
underlie several key trai{é@\rrones et al. 202Quch as siteelatedto agronomic adaptatiofBulow
et al. 2019)flowering time(Sannemann et al. 201%lant height(Huang et al. 2012; Milner et al.
2016; Sannemann et al. 2018)st weght (Huang et al2012) coleoptile length, thickness, shoot
length (Rebetzke et al. 2014prain yield (Milner et al. 2016)and powderymildew resistance
(Stadimeier et al. 2018Wsually,the set of founder linesised to construct MAGIC populatioris,
composed by 8 or 16 different parents, although MAGIC population can be constructed using more
founders.As shownin Figure 10, two are thecommonly used schemds construct MAGIC
populationsin the first scheme, namefynnel scheméArrones et al. 2020; Huang et al. 201the
eight parents are crossed to obtain 4ybrid pgulations. In the next stage, individuals from pairs
of these k- hybrid populations are intenated to generate 2 douldeoss E populations. Similarly,
individuals of these twozZpopulations are intermated to create a population of individuals, which is
seli-fertilized for several generations to create inbred lifbs.second approach for creating MAGIC
populationds based on diallel crogérrones et al. 2020; Hayman 1954here the eight parents are
crossed in all possible combination both as male and feffiudileliallel) or only as male or female
(half-diallel).

Figure 10: Graphical representation of schemes to constru@-way MAGIC . The eight parenis
(Hatif de Grignon, Dea, Robur and Athei®nente, Ketos, Aldebaran aRddericus)of 6-rowed
barley varietiemre crossedsbiparental populationfiinne) or in all possible combinatio(diallel)
for several generatiorte obtain a mosaic genonaé MAGIC.
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The development of MAGIC lines is time consuming, nevertheless |Bdutaploid (DH)
technology allows to shorten their creations. DHs are obtained imswityo culture of anthers or
pollen or ovaries or egg cells, to which phytohormones are applied for stimulating cell divisions and
forming the callus, which is the urfdirentiated mass of meristematic cells from which a plant
develops. This technology is often used to speed up the creation of MAGIC population instead of
applying selffertilizing cycles(Sannemann et al. 2015)

6 Genomic selectionGS)

Genomic selectiorfGS), also known agenomic predictiofGP), is a promising tool that can be
used foraccelerating the genetic gain of barley breeding and for coping with climate change
(Abberton et al. 2016GPaims to regress genoméde single nucleotide polymorphisms (SNPs) or
other types of DNA markers on phenotypes of individuals to simultaneously predict their effects
(Meuwissen, Hayes, and Goddard 20&idcombines phenotypic and genotypic data usitngiaing
population(TP)to create predictive modeisr compuing thefiGenomic Estimated Breeding Valoes
(GEBVs). In GP, this predictive model is subsequently applitedindividuals for which only
genotyping information is availabfer ranking individuals based on their predicted performamce
GEBVs This latter colletion of individuals having only genggic information isknown asreeding
population(BP). In GP, athird set of individuals, defined amlidation population (VB)might be
optionally genotyped and phenotyped to validate pinedictive abilityof GP mockls that is the
accuracy of5P models without using complex cross validation schergtégure 11).

Like the breeding value$BV) introducedin the animal modelgHenderson 1977)GEBVs point
out the genetic merit of individuals that might be mated for the following generdtinrare
computed using molecular markers G, the pediction of GEBVs is carried out forTd of plants
usingdifferent types ostatistical models, which aim to fit the observed phenotypic values dfthe
along with their genomic profiles.

GPis a cuttingedge methodology that allows reducing selectipries and efficiently capturing
both major and minor gene effects using wkgg@ome marker regression without knowing the QTLs
that underlie target traif®esta and Ortiz 2014; Meuwissen et al. 2001; Xu et al. 2@2ough
this methodology waslescribed almost 20 years affdeuwissen et al. 2001)t is now ganing
momentum in plant breeding althoughatsplication requires genotyping of many loci.

Unlike MAS, GPallows efficiently capturing both major and minor gene effects using whole
genome marker regression without knowing the QTLs that underlie target(@avanagh et al.
2008; Huang et al. 20150P exceeds the MAS limitsof complex traits (e.g.,rgin yield, drought
tolerance), based on the interaction of many genes and low heritability

MAGIC population has never been used along with Ran@&thodologyand, potentially, this
approach is a revolutionary method that combines good prediction acam@tcgining population
model recycling for severddreeding populatios This approach allows to obtainGP model that
can theoretically be used for different breeding programs

6.1 Genomic predictiveability and cross validation schemes

One of thgparameters for evaluating GP models esabcuracy Model accuracyrg), or predictive
ability points outth€®> e a r s o n 6 scoefficientbetieart the anknown true BV and the GEBVS.
In practice, the true BV of plants are unknown quantities and namdeiracy is usually computed
between GEBVs and the phenotypic values or other estimators (e.g., adjusted imé&aRs)nodel
accuracy depends on several genetic factors such as LD, size and genetic diversity of the TP, number
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of markers and genetic relatiship between training and breeding populati@ressa et al. 2017)
accordimg to the following formula:

> I—I_u— Equation 17
whereQ is the narrow sense heritability, is the number of individuals in a TP, and is the
number of independent chromosome segmaemitgch in turn depend on and consider the extent of
LD. Thereare different approaches for estimating the accuracyPah@dels: 1) use of ¥Psand 2)
crossvalidation (CV) schemesvhich do not require exnining additional individuals for computing
model accuracyFigure 11).

Ia

Figure 11. Example of GP applied to MAGIC lines phenotyped for GY and genotyped using
50K SNP array. The TPis used to predict GEBVs for individuals thatvhaonly genotypic
information (BP) using parametric and sgmarametric regressienFinally, the GP accuracy is
achieved using either the VP approach or the Cviasislation approach (CV1 and CV2).

TRAINING POPULATION (TP) TP BP
/ Phenotypic Data Genotypic data (49.297 SNPS)\ ™ BLUP SNP_1 SNP_2 .. SNP_49.267 BP GEBV SNP_1 SNP_2 . SNP_49.267
o7 } i Genl Y, A c A Gen_1 2 A c . A
N 4 : Gn2 Y, G C A Gen_2 G c A
N o N Gen_3 Y, A [¢ G Gen_3 7 A c G
o g P / Gen_4 Y, G T G Gen_4 G T G
(o N > g GenS Y, G T G Gen_5 G T G
) ‘ o Gen_6 Y, G T A Gen_6 7 G T A
o 4 et L Gen_7 Y, G T A Gen_7 G T A
~, Y ¥ ¥ Gns Y, G C G Gen_8 v G cC G
O‘ .. ‘O .. Gen_9 Yy A T A Gen_9 A T A
.. O. .O O. AGCCTAAAGCCT ACCTAGGCTA .
® ® ® O AGCCTAGAGCCCACCTAGGCTA Gen_629 Yo A T A Gen_323 A T A
O @ @ @ AGCCTAAAGCCCACCTAGGCTA - -
K AGCCTAGAGCCTACCTAAGCTA / v
BREEDING POPULATION (BP) PARAMETRIC REGRESSION SEMI-PARAMETRIC
4 . . (G-BLUP; RR-BLUP; BayesA; REGRESSION
No phenotypic data Geno‘r%/plc data (49.297 SNPs) BayesB: LASSO) (RKHS)
o™ C j /> 4 V
. \ > RRBLUP
o oY GEBV [) D TASSEL
. }ﬁ | 4 Y BGLR
= AGCCTAAAGCCT A("("TAGG\(TA
AGCCTAGAGCCCACCTAGGCTA
AGCCTAAAGCCCACCTAGGCTA ‘ GS accuracy |
AGCCTAGAGCCTACCTAAGCTA
> A
VALIDATION POPULATION (VP) I N\
. . \ 7 7,
Phenotypic data Genotypic data (49.297 SNPs) VP CROSS VALIDATION
N ) 2 0 (Leave-one-out approach; Random
PR } “ x “ H v cross validation; K-fold cross validation)
B vp BLUP SNP_1 SNP2 .  SNP_49.267
e “ 0 ] Genl Y, A c A v
I ‘ Gen_2 Y, G C A
b b% }}% “ h | @z n A c o Cvi v
AGCCTAAAGCCTACCTAGGCTA 2::7: :: g 1 g Sjngle Multi
AGCCTAGAGCCCACCTAGGCTA Gen:G Ys G T A . .
AGCCTAAAGCCCACCTAGGCTA Gz v, @ T A environment | | environment
AGCCTAGAGCCTACCTAAGCTA Gens Y, G c G
Gen_9 Y. A T A

O T N v

MM | | MDs |

; } ﬁ = 2-way and 4-way crosses of the
o same 8 founder lines used for
}ﬁ K E{ constructing the MAGIC population

3% = 8-way MAGIC population

The firstapproachor estimating the accuracy combines phenotypic and genotypic dataaugihg
to create predictive models to compute GEBVsWfis . Subsequentl vy, Pear
coefficient between GEBVs and the phenotypic values or other estimators (e.g., adgete) of
VPs are used to estimate the prediction accuracy of GP model. The use of VP implies that additional
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resources for genotyping these individuals are available along with phenotypic data. Unlike the use
of VPs, CV schemes allow estimatinGP model a@curacy without investing resources for
fingerprinting other individuals. UsinGV the different dataised as TRrerecursivelydivided into

training se$ and test set which in turn araused to calculate theeverageaccuracy of the mode(Jia

2017)

The CV approach can be applying for single environment or faoltironmentssP models and
two main CV schemes can be pursu€doss validation 1 (CV1) can be applied to either single
environment or mulienvironment GP models and allows predicting GEBVs of individuals that have
not been evaluated in any environm@#ndeira e Sousa et al. 201Cyoss validation 2 (CV2a)an
be applied to mukenvironmeniGP models andllows predicting GEBVdor individualsthathave
beenevaluated in somenvironments but not included in other environmekitther CV1 or CV2
can be implemented pursuing different stratefffégure 11).

In theleaveoneout (LOO) crossvalidationn GP models using the lines of theTP are created
(Gianola and Schon 2016These models are created recursively usiiglines of theTP and
computing the GEBYV for the line excluded from the model. At the end of this procedure Pear s o
correlation coefficient between GEBVs and phenotypic values or other estimamradjusted
means) is used to estimate the accuracyPim@del Figure 12).

Usingrandomcrossvalidationn linesof TP wererandomly selectetbr x times(Roorkiwal et al.

2016) Thereforethe accuracy valugareobtained from each randomizatiand estimated through
the Pearsonds correlation between the phenoty
GEBVs. Then, the mean and standard deviation GP models are estifgted (3).

Finally, K-fold crossvalidation consists in randomly partitionink portions ofpopulation with
genotypic and phenotypic informatiddia 2017) At each cycle, a Bmodel is created using-1
portions while the remaing individuals are used as a tesb computet he Pear sonds ¢
coefficient between GEBVs and phenotypic values or other estimators (e.g., adjusted means) for
estimating the accuracy of GP model.

Figure 12: Graphical representation of leaveone outCV approach. Thepredictionaccuracywas
estimatedrecursively creatingh predictve models, using 1 lines of the training population and
calculating the GEBYV for the line excluded from the model.

BLUP | GEBV BLUP | GEBV BLUP | GEBV BLUP | GEBV

Gen, NA X, Gen, Y, X, Gen, Y, X, Gen, Y, X
Gen, Y, Gen, | NA X, Gen, Y, X, Gen, Y, X2
Gens Y, Gens Y, Gen, NA X; Gen, Y3 X
Gen, Y, Gen, Y, Gen, Y, Gen, Yy Xy
Geng Y Geng Y Gen, Ys Gens Ys Xs
Geng Y Geng Y Geng Yy Gen Ys Xg
Gen, Y, Gen, Y, Gen, Y, Gen;, Y4 X5
Geng Y §> Geng Y §> Geng Y §> Geng Yy Xs §> 1y
Geng Yo Geng Yo Geny Y, Geng Yy Xy
Geny, Yo Geny, Yo Gen,, Yo Genyo Yo Xio0
Gen;,, | Yy Gen;, | Yy Gen,;, |Yy Gen; |Yy X
Geny, Y, Gen,, Y, Geny, Y Geny, Y2 X1
Genys Y3 Genys Y3 Genys Yis Gen; Yis X3
Geny, Yoy Gen,, Yy Gen,, Y. Geny, Yy X4
Genys Yis Genys Yis Gen,5 Y5 Gen,; Yis Xis
Genyg Y6 Genyg Y6 Geng Y6 Genyg NA Xig
Gen, Y, Gen, Y, Gen, Y, Gen, Y, Xu
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Figure 13: Graphical representation ofrandom CV approach. Through the random assignment
times of n individuals in the training population, the mean and standard deviationpoédietion
accuracy of n modelsereestimatel.

BLUP | GEBV BLUP | GEBV BLUP | GEBV BLUP | GEBV
Gen, NA X Gen; Y, X Gen,; Y, Gen, Y, X
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Geny Y, Geny Ys X3 Geny Ys Geny Y; X;
Geny Y, Geny Y, X4 Geny Y, Gen, Y, X
Gens NA Xs Gen; Ys Xs Gen; Ys Gens Ys X
Geng NA X5 Geng Yo Xs Geng Y Geng Y X5
Gen, Y, Gen, Y- X~ Gen, NA X, Gen, Y, X
Gens | s (G |V, Xs | T4 [Gens |NA X || Gens | Ve X D 1 DD ran”
Geng Yo Geng Yo Xs Geng Yo Geny Yy Xo
Genyg Yo Genyg Y10 X0 Gen,, | NA X0 Genypy | Yy X0
Geny, Y Geny, Y Xn Geny, Y Geny, Yu Xu
Geny; NA Xiz Geny, Y Xz Geny, Yoo Gen,, Yi2 Xz
Geny; Yis Geny; Y3 Xis Geny; Yis Gen3 Yis Xis
Genyy NA Xig Genyy Yy X4 Genyy Yy Gen,y Yiy Xy
Genys Y5 Genys Yis Xis Genys NA Xis Genys Yis X5
Geny, | NA Xis Geny | Yig X6 Genyg Y Genyg Yig X6
Gen, Y, Gen, Y, Xy Gen, Y, Gen, Y, Xy

6.2 A deeperreview of the statistical models that underlieGP

The moded used for genomic selectiman be summarizeas follows

where]] e represents thparametric osemiparametridunctions and is the residual error with
normal distribution
Alternatively, using matrix notation, the vector of phenotypic observatidosa given trait can be
writtenasanLMM :

Equation 18

« 0 4o g Equation 19

where® is the incidence matrix of fixed effects,is the vector of fixed effectsyis the incidence

matrix of random effectshat in GP indicates moleculamarkers ¢ is the vector of random effects

that in GP points outthe predicted effects of markeamnd Qis the vector of residual error terms.

Equation 19 assumeshat® (0 THO, that is the vector of random genetic effects follows a multi

variate normal distribution with medhand covariance structure equals@amatrix. Similarly, it

assumes th&® THQ |, that is theterms of theerrorvectorareindependently normally diributed

with mean 0 and variance structure equals toMoreover, it supposes thaté¢ ofQ T that is

that the vectors of random effects and of model errors are independent and not coGelaedlly,

® @ and® are known, whil¢ ando mu s t be estimated and predict

mixed model equationgHenderson 1984provide themathematical solutions to compute the

estimators of ando:
o A L Mg Equation 20

o ¥ o« Ln Equation 21

where 4 -|-,J—L4| 5. In the standard animal modglenderson 1984}he covariance matriy of
additive effects is modelled 8 , 0, where, is the variance of additive effects aads the
additive genetic relationship matrix, which is usually based on pedigree, thsing expected
relatedness between individuals. Thignatrix does not consider the actual genetic iaiahips
between individuals as mendelian sampling causes deviation from the expected relate@mRss. In
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the matrix0 is replaced with the matrix of genomic relationsKipwhich is constructed using
molecular markersUnlike matrix 0, K measures the relatedness between individuals considering
mendelian sampling and allows to better estintaccording toEquation 20 and Equation 21
(VanRaden 2008) he incorporation of genomic information usimatrix K leads tcestimate marker
effects usinggenomic BLUP (GBLUP)which has becomef the most populamethod used for
implementing @ in plants and animalév/anRaden 2008)GP models implemented usiiRjdge
Regression BLURRRBLUP) (Piepho et al. 2012have been demonstrated to be equivalent to
GBLUP (Habier et al. 2010)

Referring to Equation 18, parametric and noparametric methods are based on different
hypotheses and algorithms and for this reason the accuracies and variances that can produce are
different. Beyond the aforemeatied GBLUP method described above, the most widely used
parametric methodare BRR (Bayesian ridge regressioBayesA, BayesB and Bayesi@ASSO
(least absolute shrinkage and selection opetdtmtead, the mogtopularnon-parametric method is
RKHS (Reoroducing Kernel Hilbert space) regressiorhese methodsparametric and nen
parametricaim to regress whole genome markers on phenotypes.

7 Aim of the Ph.D.researchthesis

The main aim of this researchproject was to develop and validatgyenetic improvement
methodologies based on genomic predictionunderpin barley breeding in the Mediterranean
environments.

The first objectivgChapter 2) was tocharacterize new barley MAGIC populatioconstructed
with a diverse founder set of winteultivars showing contrasting GY, which was examined across
an ample range of sHay-season combinations characterized by different temperature and
precipitation patterns.

The second objectivi&€hapter 2) was to combinéhe phenotypic data of MAGI€ollected across
these field trials with genotypic information to fit different singlevironment genomic prediction
and multi environment genomic prediction models for empirically assessing the predictive ability in
multi-parent populations. Moreover, we &#ipd different untargeted optimization methods to this
MAGIC population for assembling and benchmarking the performance of optimized TPs. Fitting SE
GP and MEGP models to MAGIC lines, we aimed at broadening the use of these experimental
populations beyonalassical QTL mapping and analysis of epistatic effects for sustaining and
accelerating barley breeding.

The third objectiveChapter 3) wasto investgatethediversity and distribution of morphological
and physiological traits ithe sameMAGIC barley population We correlated phenotypic data of
SRA, SRN and TR along with GY obtained in different-biyeseason combinations to-assess the
relevance of belowground and physiological traits of seedlings for predicting ditolgyaint and
droughtintolerant lines. Leveraging on phenotypic and genotypic information we fitted and cross
validated different GP models using standard and threshold GRiddfnodelsfor count data
including additive interactianNVeshowedthat these models can successfully predict SRA, SRN and
TR and might pave the way for characterizing large plant collections while minimizing resources for
phenotyping.
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1 Abstract

Multi-parent Advanced Generation In@osses (MAGIC) lines have mosaic genomes that are
generated shuffling the genetic material bé tfounder parents following pdefined crossing
schemes. In cereal crops, these experimental populations have been extensively used to investigate
the genetic bases of several traits and dissect the genetic bases of epistasis. In plants, genomic
predicton models are usually fitted using either diverse panels of mostly unrelated accessions or
individuals of biparental families and several empirical analyses have been conducted to evaluate the
predictive ability of models fitted to these populations usiifigrent traits.

In this paper, we constructed, genotyped and evaluated a barley MAGIC population of 352
individuals developed with a diverse set of eight founder parents showing contrasting phenotypes for
grain yield. We combined phenotypic and genotypformation of this MAGIC population to fit
several genomic prediction models which were cr@dglated to conduct empirical analyses aimed
at examining the predictive ability of these models varying the sizes of training populations.
Moreover, several gthods to optimize the composition of the training population were also applied
to this MAGIC population and crosslidated to estimate the resulting predictive ability. Finally,
extensive phenotypic data generated in field trials organized across anrang# of water regimes
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Chapter 2

and climatic conditions in the Mediterranean were used to fit and-eatigdate multienvironment
genomic prediction models including GxE interaction, using lgethomic best linear unbiased
prediction andeproducingkernel Hilbet spacealong with anontlinear Gaussian Kernel.

Overall, our empirical analyses showed that genomic prediction models trained with a limited
number of MAGIC lines can be used to predict grain yield with values of predictive ability that vary
from 0.25 t00.60 and that beyond QTL mapping and analysis of epistatic effects, MAGIC population
might be used to successfully fit genomic prediction models. We concluded that for grain yield, the
singleenvironment genomic prediction models examined in this stuelye@uivalent in terms of
predictive ability while, in general, mulénvironment models that explicitly spiitarker effects in
main and environmentapecific effectoutperform simpler mukenvironment models.

2 Introduction

The experimental design thatderlies Multiparent Advanced Generation Intercrosses (MAGIC)
populations traces its origrno the advanced intaross lines, which wereriginally developedn
animal model speciefralcin et al. 2005) MAGIC populations are developed crossing multiple
inbred parents or founders, which ambsequently intemated several times following pdefined
crossing schemes to shuffle foundgmomesn each single lindHuang et al. 2015)In plants,
MAGIC populationshave beerexplicitly developed for genetic research purppasethey allow to
increase power and precision for detecting and mapping quantitative trait loci ((CEv&)nagh et
al. 2008; Huang et al. 2015; Scott et al. 20Z@eoretically, MAGIC populations have the potential
to dissect the genetic bases of complex traits atenbmorgan scale, allomg to overcome common
issues related to the use of biparental families for QTL mapping and detection suchresolation
power, low genetic diversity of parents and limited number of recombination ef\altar, Flint,
and Mott 2006)In cereal crops, MAGIC populations have been developed and established for rice
(Bandillo et al. 2013; Ponce, Ye, and Zhao 20b8¢ad wheafMackay et al. 2014; Sannemann et
al. 2018; Stadlmeier et al. 2018)aize( Del | 6 Acqua e t-Galndo eta? 2019%nd J i mc
barley(Mathew et al. 2018\nd to date they have been deployed for unravelling the genetic bases of
biotic and abiotic stresses, grain yield (GY) and seed quality tEétgond the aforementioned
applications, barley MAGIC populations have been recentlyogepl to disentanglehe effect of
epistasis on flowering tim@Afsharyanet al. 2020; Mathew et al. 2018; Sannemann et al. 2018)

Similady to MAGIC, the theory underlying genomic prediction (GP) was originally developed and
deployed in animal species. The pivotal component of GP is a population of individuals having
phenotyic and genotypic information, which is known as training population &f)s used to
regress genora@ide single nucleotide polymorphisms (SNPs) or otlipes of DNA markers on
phenotypes to simultaneously predict their effédteuwissen et al. 200,1jhat isfor training GP
models. Trained GP models are subsequently used in combination with the genotypic information of
candidate individuals that must be selected for computing their genomic estimated breeding values
(GEBVs) and ranking them to apply truncation select{gteffner, Sorrells and Jannink 2009;
Meuwissen et al. 2001)This latter population of candidate individuals having only genotypic
information is known as breeding population (BRgffner et al. 2009; Meuwissen et al. 200L)
date, GP has been largely applied for crop improvement fitting GP models trained with individuals
from either biparental families or diversity panels of mostly unrelated accessions. As the genetic
relatedness of TP and BP affects the prediction ability of GP m(®tsHassen et al. 2018; Norman
et al. 2018)these two approaches have profound differences in terms of versatilityfamarker
effects estimated on diversity panels have the potential of a broader applicability and might be used
in different breeding program@®assi et al. 2016)while GP models trained with individuals of
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biparental families can allow to accurately predhetperformance obffspringproduced within the
same Cross.

Typically, GP malels require to regress a number of predictors (DNA markers) that greatly exceeds
the number of observations or phenotypes and several parametric apdraoretric models have
been proposed to deal pwnalnd p v ¢Janhiekphorenn, gndbwata t h
2010; Meuwissen et al. 2001; Pérez and de los Campos @9i)hese conditions the estimation of
marker effects sing ordinary least squaregethodis not practicable. A commonly usedlutionis
to estimate marker effects jointly using the Least Absolute Shrinkage and Selection Operator
(LASSO) methodTishbirani 1996 and its Bayesian counterpart (Bayesian Lasso or BL), which uses
a penalizing or regularization parametey that denotes the amount of shrinkage regressing
markers(De Los Campos et al. 2009ther popular whole genome regression methods based on
Bayesian theory are BayesA and Bayébuwissen et al. 200,1yvhich relax the assumption of
common variance across marker effects adopted in other models (e.g. ridge regression) and allow
each marker to have its own variance. Differently to BayesA, BayesB allows having markers with no
effects in the model and theoretically assumes more realistic conditions as it is plausible that a large
fraction of genomevide markers desnot contribute t@xplairing the observed phenotypic variance.
Beyond thesenethodswhole genome regression basedeproducingkernel Hilbertspace (RKHS)
has been proposed and applied to impler#tinodels(Gianola and Kaam 2008; Gota and Gianola
2014) In the RKHS regressiora reproducing kernel, that is any positive definite functian fo
mapping from pairs of points in input space to other pairs of points, is used to transform DNA markers
of individuals in square distance matrix that are used in a linear rfd@ota and Gianola 2014)he
Gaussian Kernel (GK) is one of the most common function used as reproducing kernel and depends
on the bandwidth (or smoothing) paramé@hat controls the decay rate of tkernel as two points
step away. Several studies have shown that the use of GK in combination with RKHS improves the
prediction of genetic values if the bandwidth parambtisr correctly chosefiPérezElizalde et al.

2015) Moreover as RKHS regression does not assume linearity, this model might allow to better
capture nonadditive effectgithout explicitly including epistatic interactions and dominance in GP
models(Gianola and Kaam 2008pifferently from methods baseaxh whole genome regression of
markers, the genomic best linear unbiased prediction (GBLUP) method treats gematues of
individuals as random effects in a linear mixed model andaigenomic relationship matrbased

on DNA marker data t@omputeGEBVs (VanRacekn 2008; Wang et al. 2018)lotably, the use of
RKHS along with the genomic relationship matrix is equivalettiémixedlinear model of GBLUP,

that is GBLUP method represents a special case of RKHS regréSsianand Gianola 2014)

The effectiveness of GP depends, among other factors, on the degree of correlation between
GEBVs and true genetic values, that is pinedictive ability of the model. In practice, the predictive
ability is evaluated using the Pegandtheoraabzed cor
phenotyps or other estimators (e.g. adjusted means). To date several empirical studies have been
conducted for fitting GP models on biparental populations and paneissily unrelated accessions
across different species and traits, which point out that, depending on the genetic architecture of the
trait, each statistical model has its own advantagdslisadvantages in term of predictive ability and
estimation of marker effec{8en Hassen et al. 2018; Heslot et al. 20@2herfactors that strongly
influence the predictive abilitgrethe size of the TP, its structure, and its relatedness with the BP
(Desta and Ortiz 2014F5everal targeted and untargeted methods have been developed to optimize
the composition of TP for maximizing the predictive ability for a given set a¥iohehls (Akdemir,
Sanchez, and Jamk 2015; Rincent et al. 2012Nevertheless, these methods genergdigerate
trait-dependent TPs which might hamper the implementation of these procedures in real breeding
programs.
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The first objective othe present study asto create a new barley MAGIC population using a
diverse founder set of old and newdwed, winter cultivars showing contrasting GWhich was
examing across an ample range of digseason combinations characterized by different
temperature and precipitan patterns The second objective of this study was to comiua&
collected acrosshesefield trials with genotypic information tdit different singleenvironment
genomic prediction (SIEP) and multi environment genomic prediction ({&P) modelsfor
empirically assessing the predictive ability in mygarent populationsMoreover, we applied
different untargeted optimization methods this MAGIC population for assembling and
benchmarking the performance of optimized TPisting SEGP and MEGP moded to MAGIC
lines, we aimed at broadening the use of these experimental populations beyond classical QTL
mapping and analysis of epistatic effects for sustaining and accelerating barley breeding.

3 Materials and Methods

3.1 Development of thebarley MAGIC populat ion

The MAGIC population used in this study was developed using a founder set of -eqyhed
barley genotypes with a winter growth habit, which were selected on the basis of their pedigrees and
similarity in daysto-heading (DH) Table 1). At the first sage of MAGIC development, fouriF
populations were created crossing one of the four elohw&d barley varieties (Hatif de Grignon,
Dea, Robur and Athene) with one of the fouro@&ed modern barley varieties (Ponente, Ketos,
Aldebaran and Fridericus). Ate second stage of MAGIC developmdralif-diallel crosses of these
four F individuals were carried out to generate 6 sets of plants. Finally, these 6 sets of genotypes,
each of which contained the alleles of four out eight founder parents, were agetpmmiossed in
predefined funnel schemes to combine the genome of the eight founders in single lines. Differently
from the original crossing schemes developed for constructing MAGIC populéfiananagh et al.
2008) instead of recursively sefértilizing these plants for sevargenerations, seeds$ the eight
way intercrossesvere sent to an external lab (SAATEMNION GmbH, Germany) to generate 352
inbred MAGIC lines using doubled haploid technology.

Table I Founder set of barley varieties that were intermated for creatinghe barley MAGIC
population. For each genotype of the founder set, the adjusted means of days to heading (DH), plant
height (PH) and grain yield (GY) scored in 8 different trials were reported along with available
pedigree information.

Country

Year of DH PH GY

Genotype of Pedigree
release release (days) (cm) (t/ha)

Hatif de .

Grignon 1937 France  Selection from French landraces 208.3 959 4.1
((Ragusa x Peragis12) x (Heils
Franken x Frw.Berg)) x ((Ragusa

Dea 1953 Germany Mahnd.Viktoria) (Ragusa X 212.1 953 6.0
Bolivia))

Robur 1973 France  Ager x ( Hatif de Grignon x Ares) 208.3 78.8 6.3
(Herfodia x Hord.sp.nigrum H204)

Athene 1977 Germany x (Madru x WeissenhatStamm) 2115 94.0 6.0

Ponente 2001 ltaly (Vetulkio x Arma) x Express 209.7 85.0 6.3
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(Gotic x Orblonde) x (12813 x

Ketos 2002 France 91H5095) 208.6 819 6.8
Aldebaran 2003 Italy Rebelle x Jaidor 208.5 83.0 7.2
Fridericus 2006 Germany Carola x LP €664 2116 89.3 7.3

3.2 Field trials and plant phenotyping

The MAGIC population of 352 inbred individuadsdthe eight founder parent3 gble 1) were
sown during the falbf two consecutive growing seasons (221086 and 201:2017) in Fiorenzuola
doArda (I t-&ényo)di Gehomi€GaRBMdinformatica (44°3BE'N 9°53'40.6"E, 78 m
above sea level), using an alghétice design with twaeplicates. The whole set of MAGIC atite
founder parentswere also sown during the faif 20152016 growing season in Marchouch
(Morocco) at the Experimental station (332B565"N 6°42'53.0"W, 390 m above sea level) of the
il nternati onal Center for Agmwusing thé same experinRreat e a r
design. Similarly, the subset of 82 MAGIC lines included in the optimizdrP-Diverse)and the
eight founderparents were sown during the fall in 2022018 and 2012019 growing seasons in
Fiorenzuol a d6éArda under t wo di fferent |l eve
experimental designs with two replicates. Trials conducted under ideal nitrogeiticcenwere
fertilized with 100 kg/ha of nitrogen applied in two doses: 50 kg/ha were used at the sowing and 50
kg/ha were applied at the stem elongation stage. Field trials conducted under low nitrogen conditions
received 50 kg/ha of nitrogen, 25 of whiwere applied at sowing while the remaining amount was
applied at the stem elongation stage. In the growing seasor2PQ98 other two field trials were
conducted in Konya (Turkey) (37A53637.90N 32A
(Turkey)( 36 A59652. 90N 35A20028.00E, 24 m aliPve se
Diverse)using the same experimental design. For each trial considered in this study, pkisafe3
metersand a sowing density of 350 seeds per square meter weredd@spectively. Local check
cultivars were included as internal checks in all experiments to compare phenotypdsaitvith
observations collected in past seas@@mmon protocols were adopted for each trial to phenotype
plant genotypes for G¥dnd DH. Benotyping of MAGIC lines for GY was conducted as follows:
from each plot grains were collected using a combine harvester and the total grain weight recorded
in each plot was converted in tonnes per hectare. DH was measured as the number of days betweer
sowing date and the date of heading stage, which was defined50B&iof the plants in a plot were
at Zadoks 6 JZadoksetalw19[4)y@ eaahgral, phenotypic data of GY used in GP
models were centred by subtracting the overall mean and standardized dividing by the sample
standard deviation.

3.3 Statistical models for computing theadjusted means ofGY

The aljusted means of GY were compdtin each sitdy-season combination and across
environments including DH as fixed covariate using the approach descrikedrich et al., 2008.
The resulting model for computintdpe adjusted means of GY collected in field trials organized
according to alph#attice design was:

Gii A NCHL AT TSHI'HE € 'HE Agg Ry Equation 1

whereU is the response variabldat is the raw GY, p is the general me2am & the effect of the
"Q replicate,” 1 T & B Dis the effect of th&) incomplete block within th& replicate, A Tis
the random effectofth genot ype and DH -to$ etall eovagdiemeasuted o f

-1
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in each plot. In this model it is supposed that the random effectddifollow a normal distribution
with mean 0 and variange , thatis' A¥ 0 "0Q#), , and similarly, the residual terrds are
normally distributed with mean 0 and variance equajs tahat isA x ¢ "0"Qf), . The adjusted

GY values obtained predicting the random term& Tfrom the aforementioned model were ussd
phenotypes for training GP models. The linear mixed model reportéduation 1 was fittedfor

each siteby-season combinatiamsing R 3.6.2 statistical environmemdime4 packagéBates et al.
2015)and variance components of fitted models were used to compute broad sense heritdpility (H
of GY.

3.4 Genotyping ofgeneticmaterials

DNA was extracted from plant leaves using the Macherey Nagel Plant Il extractiorakhé¢héy
Nagel, Dueren,Germany) arahalyed using gel electrophoresis and QuanT E  Pi c o Gr e e
dsDNA Assay Kit (Ther moFi sher, Grand I sl and NY
assess quality and concentration, respectively. DNA samples wemedhio a propetertified
service provider (Trait Genetics GmbH, Gatersleben, Germany) and fingerprinted using the lllumina
Infinium technology along with the Barley 50k iSelect SNP AfBayer et al. 207). To update the
physical positions of SNP markers interrogated with the Barley 50k iSelect SNP Array, probe sets
used to design this array were mapped against the new reference sequence (@flbadewt al.
2019) Therawg not ypi ng table was i mported (WimmeRetsof t
al. 2012)to filter out markers with more than 10% of missing data and ienmrhaining missing
data using Beagle 4.(Browning and Browning 201620 random leaf samples from field trials
organized in Adana and Marchouch were genotyped using lllumina Infinium technology and Barley
50k iSelect SNP Array to assess whether mislabelling of genotypes occurred during phenotyping
operationsand data colleain.

3.5 Clustering and linkage disequilibrium analyses of the MAGIC population

Principal component analysis was used to assess the diveisigvafioleMAGIC population and
was carried on imputed SNP data of the 352 MAGIC lines and the eight founders using ade4 package
along with R version 3.6.fTeam R. Core. 2019; Thioulouse et al. 20I8)e first two principal
components were used to visualize the dispersion of MAGIC lines in a graph. Linkage disequilibrium
between pas of markers was measured usingHill and Robertson 2008 the subsedf MAGIC
genotypes included in the optimized &Rd computed using Plink 1.9 softwd@hang et al. 2015;
Purcell et al. 2007) values showing-values above 0.001 were filtered out, while the remaining
pairwisei values were imported arekaminedwith a custom script developed for R 3.6T2am
R. Core. 2019}o compute the meain in 100 kb windows, which was plotted in R 3.6.2 using
ggplot2 packagéwickham 2016)

3.6 Statistical modelsusedfor fitting SE-GP

SE-GP models were fitted using BayesA, BayesB and BL mddiétsiwissen et al. 2001; Park
and Casella 2008; Tishbirani 1996)joreover, RKHSegressiormodels were fitted using linear
GBLUP kernel (GB) andnornlinear GK(Gianola and Kaam 2008; Gota and Gianola 20&d) the

GK, that isO ®hw Q ° , whereQ points out thesquared Euclidean distanbetween
individualsand "Q the rate of decay imposed by the bandwidth pararf@ieas estimated using an
empirical Bayesian methodologl?érezElizalde et al. 2015nodifying published R codg€uevas
et al. 2016)

32



Materials and Method:

3.7 Statistical madelsusedfor fitting ME-GP

Beyond SE-GP models,the adjusted means of GY computed across differentbgiteeason
combinations were fitted to three previously describ#d-GP models. Following the model
nomenclature reported Bandeira e Sousa et al. ( 201these three models were indicated in this
study aesnvimuwlntment |, mai n g e n@angeipaiecSousafef & QA1G ( M
Jarquin et al. 2014; Lope&2ruz et al. 2015) muiti-environment, single variance GXE deviation
mo d el 0 (BahM@&rs  Sousa et al. 2017; Jarquin et al. 2814)d t h enviformerit,t i
ervironments peci fi c vari ance GxHanddirae Soadsa et@n20lmd.opezl 0 (
Cruz et al. 2015)Siteby-season combinations were considered as environments in MM, MDs and
MDe regressin models, which arerlkefly defined and summarized as follows. In the MM model,
environments were considered as fixed effects while the random genetic effects were considered
constant across all environments without modelling marker x environment irdagadtollowing
matrix notation, the MM regression model is defined as follows:

0 ) H o B Equation 2
whereUis the vector of observations collected in all environments,the overall mean, is the
incidence matrix that connects observed phenotypes to the environments in which they were
measured; is the vector of environmental fixed effects that must be estimated,an incidence
matrix connecting genotypes with phenotypes for eaeim@ment,Ois the vector of random genetic
effects that must be predicted whillis a vector of model residuals. In this model, marker genetic
effects are assumeas® O 1h, U , that is, they follow a multivariate normal distribution with
mean and varianeeovariance matrix equal to zero apd 0, respectively. The term  of the

variancecovariance matrix is the variance of additive genetic effects across environmelgs) wh
can be eitheagenomic relationship matri¢anRaden 2008)r a kernel function as discussed below.
Model residuals of the vect@are assumed to be independent and normally digedowith null
mean and variance equal,to, that isk 0 THQ , where'Qoints out the identity matrixOverall,
the MM regression model estimates marker effects across all environments and does not split them
in main marker effects and in enviroantalspecific effects as in MDs and MDe modéis.already
substantiated ihopezCruz et al. (208), for balanced field trial designs, MM is equivalent to fitting
a genomic regression model using the average performance of each line across environments as
phenotype.

Differently from the MM model, the MDe modallows markers to assume different effects in each
'Q environmeniBandeira e Sousa et al. 2017; Lof@ziz et al. 2015)and consequently allows to
account for markex environment interactionsThis model assumes that the effectsté "Q
environments, and the effects of markers are separated into two components, which are the main
effect of markers for all environments, namesias and the peculiar random effedt , of the
markersin each’Q environment, that is the effects of marker x environment interactiamysez
Cruz et al. 2015)Consequentlyin MDe modelstheeffect of theQ marker on théQ environment
(¢ ) is described as the sum of an effect common to all environmenjsflus a random deviation

(& ) peculiar to théQ environment, that is ®  ® . Following matrix notationthe MDe
regression model is defined as follows:

o Ly P » ' P Equation 3
wheret,: ,r have the same meaning of the MM regression m@daiepresents the main effect

of markers across all environments with a varidanogariance structure similar to MM model, that
is,® 0 mh, U .As pointed out by LépeZruz et al. (2015) is common to alenvironments,

and the borrowing ahformation among environments is generatetughthe kernel matrixk. O
points out the specific effects of marker x environment interactions, which follow avauéte
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normal distribution with null mean and a variahcevariance matrix , that is,0* 0 T . For
"(environments, the varian@®variance matri¥ is defined as follows:

Y
C..

D

>,

& o
u . LU

As explained irBandeira e Sousa et £017) 0 can be discomposed as a surtbfatrices, one
for each’Genvironment. Consequently, tmgeraction term© can be decomposed@nvironmental
specificeffects to transforrEquation 3 as follows:

« H o B NI e el 887 Equation 4
where each interaction effedt hasa normal distribution with null mean and a variagogariance
structure, U .

Starting from the MM regression model, the MDs model adds the random interaction effect of the
environments with the genetic information of the lines pointed out @ithFollowing matrix
notation, the MDs modes described as follows:

« Hoa BT 1TH U Equation 5
wheret,: ,r .: ,0Oa n chavielthe same meaning of the MM regression model. As substantiated in
Jarquin et al. (2014)e interaction tern® Aas a multivariate normal distribution with null mean
and varianceovariance matrix equabt ® UG J ® @ , where the Haddamar product operator
denotes the element to element product between the two matrices in the same order.

D>
My My M
C-
My My M

In the present study, MM, MDs and MDe regression models were fitted using either the linear GB
kernel methodvVanRaden 2008)r the norlinear GK methodBandeira e Sousa et al. 201Fdr the
linear GB kernel method, the miatK of the aforementioned models was the genomic relationship

matrix and was computed as — (VanRaden 2008)where X is the standardized matrix of

molecular markers for the individis, of orden by p; wheren andp are the number of observations
and the number of markers, respectively. For GK method, the nikatikMM, MDs and MDe

regression models was computedvasi Q where’Q is the squared Elidean

distance of the markers genotypes in individi@ilsd '@for the’Q environment. Similarly to SEBP

models,the bandwidth paramet&was computed using an empirical Bayes met{@@ukvas et al.
2016; Pére£lizalde et al. 2015)

MM, MDs and MDe regression models used in this study were fitted using BGLR package 1.08
(Pérez and de los Campos 20IMR 3.6.2 statistical environment, adapting scripts provided in the
framework of othertsidies(Bandeira e Sousa et al. 201Fpr each modeéinplemented in this study,
predictions were based on 500,000 iterations collected after discarding 10,000 iterations-ifior burn
periodand using a thinning interval of 5 iterations. Trace plots for each of the variance parameters
were created to asseshather the number of buin iterations was sufficient.

3.8 Optimization of the TPs

In this study three different untargeted optimization criteria based on coefficient of determination
(Laloe 1993) predictive error variancéRincent et al. 2012and rScorOu and Liao 2019)vere
used to assemble three corresponding TPs, each of which groups a set of 90 MAGIC individuals. The
R package TSDFGEu and Liao 2019vas used to assemble these three optimi&Rslising the
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aforementioned criteria. A fourth empirical untargeted optimization criterion was adopted for
assembling another TP from the whole MAGIC population and aimethaimizingthe average
distance betwee each sel ected accession and the <cl oc
distance(Thachuk et al. 2009)This criterionwas implemented in R 3.6.2 using the heuristic
algorithm implemented in the package Core Hun{B&Beukelaer, Davenport, and Fack 204:8)

was used to select a subset of 82 out 352 MAGIC individuals along with the eight MAGIC founder
parents.

3.9 Crossvalidation schemes

In this study sevet crossvalidation (CV) schemes were adopted for estimating the predictive
ability of GP models along with their standard er(@wgrguefio et al. 2012; Gianola and Schon 2016)

For estimating the predictive ability 8&GP models implemented with BayesA, BayesB, Bayesia
Lasso, GB and RKHS with GK, cross validation was carried out using 100 repeated random
partitioning of MAGIC population into training and validation sets. Using increasingly larger TPs of
80, 90, 100, 110, 120, 130, 140, 150 and 160 individuals, CV ssherre applied to compute mean
and standard deviation of predictive ability for each TP size. Totally 450@!s were fittetb carry

out this CV experimentombining the five statistical models with the aforementioned dimensions of
the TP and 100 rep&d random partitioning of MAGIC in training and validation sets.

CV of SEEGP models fitted using optimized TPs was carried out using the standarahessmet
(LOO) strategy to estimate thgiredictiveability (Gianola and Schon 201@8asically, using LOO
strategy, N GP modetefitted using N1 individuals excluding recursively one individual from the
TP and the GEBV of the excluded line is predicted from a model trained using all other lines. In our
LOO experiment, this was carried out separately for each group of 90 lines included in the optimized
TPs, and the accuracy of these predictions w;
between GEBVs and the corresponding adjusted means of GY.

The predictiveability of ME-GP models was assessed using evadisiation 1 (CV1) and cross
validation 2 (CV2) schemdBurguefio et aR012) assigning 90% of lines to the training set and the
remaining 10% to the validation set. In both CV schemes, all the parameters of the MM, MDs and
MDe regression models were recursivelyestimated in each of 100 random partitions. For each
randon partitioning, models were fitted using genotypes included in the training sets and the
predictive ability was computed as the Pear s
corresponding adjusted means of &v er al | , 100 P ewenre somputed foreach r e |
model and the mean and standard deviation of these values were cotnmstaniate the predictive
ability of GP models.

4 Results

4.1 Development of thebarley MAGIC population

The karley genotypes included in the founder set of MAGIC were examined in field trials organized
in heightsite-by-season combinations in Italy, Germany and Scot{Xudet al. 2018¥or assessing
the diversity ofEuropean cultivars for GY, plant height and DH. These field trials showed that the
founder set, which includes four elite and four old barley varieties with different genetic background,
exhibits limited variation of DH valuesT(able 1). Following a modiked version of the standard
crossing desigfHuang et al. 2015}his founder set was intermated to create an eiglyt MAGIC
population of 352 individuals, which were subsequently genotyped to assess the contribution of each
founder parent to the mosaic genome of each line.
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4.2 Estimating the predictive ability of GP models & a function of TP size

In GP models, the variation of predictive ability as a function of the TP size has been empirically
investigated on segregating families and in collections of mostly unrelated accésionan et al.
2018) Here, we investigated the relatshnp betweenTP size and the predictive ability of different
GP statistical models fitted to the barley MAGIC populatiba.carry out this analysishé whole
panel of 352 MAGIC lineandthe founder parents were genotyped using the Barley 50k iSelect SNP
Array (Bayer et al. 2017)SNPs with more than 10% of missing data were discarded, while the
remaining missing genotypes were imputed usingltperithmimplemented in BEAGLEBrowning
and Browning 2016)This procedure allowed taentify 19,723 polymorphicSNPs, which were
combined to the adjusted means (BLUPs) of GY computed in threbys#igason combinations
(Table 2) to fit and crossalidate SEGP modelsOverall, five different whole genome regression
methods based on BayesBayesB, BL, GB and RKHS fitted witihhe nonlinear GK(Crossa et al.
2017; Cuevas et al. 2016; Gianola and Kaam 2008; Gota and Gianolax@dé4ompared.

Table 2 Field trials carried out for phenotyping the whole MAGIC population and the founder
set for GY.

Growing
season

Acronym Site Country

Populations

Fiol6IN Florgnzuola Italy 20152016 352 MAGIC and the DH, GY
doAr c founder set

Fiol7IN  lorenzuola . 20162017  S°2MAGICandthe ),
doAr c founder set

Marl6IN Marchouch Morocco 20152016 352 MAGIC and DH, GY
founder set

These aforementioned SEP models were fitted to the MAGIC population and crneglated for
estimating the trend of predictive ability as a function of TP dtagu¢e 1). Specifically, CV was
implemented randomly partitioning 100 times the whole panel of MAGIC lines in a TP and in a
validating population (VP). Overall, nine different CV experiments were carried out, using TP sizes
of 80, 90, 100, 110, 120, 13040, 150 and 160 MAGIC lines and the remainganotypesas VPs
(Figure 1). TheCV of these GP models points out that in the threebsitseason combinatiofisable
2), GB, GK, BayesA, BayesB and BL show comparable predictive abilities across the egerefran
TP sizes considereéfigure 1).

Moreover,theseCV experiments point out that in temperate locations (Fio16IN, FioIl7élkle
2), the predictive abilityof SEGP models exceeds 0.50 even using TPs of 80 or 90 individuals
(Figure 1), while in the harsh and padesertic environment of Mar16IN &ble 2), it does not exceed
0.25 and shows larger standdel/iation Varying the size of TPs from 80 to 160 indwals slightly
increases the values of predictive ability for GY in the remaining individuals of the MAGIC
population Figure 1; Supplementary Table J as already substantiated in other GP models fitted
using collection of mostly unrelated genotygsrman et al. 20138

Overall, this empirical analysis shows that 80 or 90 MAGIC individuals are sufficient to-G&FSE
models yielding high values of predictive ability and that larger TPs do not significantly intheove
predictive ability of GP models either in temai or stressful environment$igure 1;
Supplementary Tablel).
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Figure 1: CV of different SE-GP models fitted to GY measured in the MAGIC populationBars

report the values of predictive ability for GY computed in A) Fiol16IN, B) Fiol7IN and C) Mar16IN.
Bars of different colors point out values of predictive ability computed using GB, GK, BayesA,
BayesB and BL models as a function of TP sizes, while the error bars point out the standard deviation
of predictive ability values.
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4.3 Designingoptimized TPs of MAGIC

The predictive ability of GP models fitted in collection of mostly unrelated accessions and in
biparental populations depends on the size of TP, the genome distribution and number of molecular
markers used for whole genome regression, the genetic corapasii P and its genetic relationship
with the BP(Berro et al. 2019; Desta and Ortiz 2014; Heffner et al. 2009; Jannink et al. 2010)
Particulaly, it was assessed that using a large reference panel of accessions, the predictive ability of
GP models can be improved increasing the diversity of the(N@snan et al. 2018)Along with
these empirical findings, several statistical criteria and algorithms resare groposed to optimize
TPs for maximizing predictive ability using reference panels of accessions or sets of advanced lines
(Akdemir et al. 2015; Berro et al. 2019; Ou and Liao 2019)

Here, we exammed three different untargeted optimization criteria based on the coefficient of
determination (CD_mearf).aloe 1993) prediction error variance (PEVRincent et al. 2012and
rScore(Ou andLiao 2019)and benchmarked them against a method that samples a diverse TP from
the whole MAGIC population using SNP markefsg(re 2). The rationale of this latter method is
to maximie the average distance, computed ughegmo d i f i e d meBoddgoetwedrseach
selected accession and the closest @beotypgThachuk et al. 2009)his criterion, named entry
to-nearest entry was maximized with a heuristic algorithm to construct a highly diverse TP in which
all MAGIC lines are maximally differenfDe Beukelaer et al. 2018yhe TP assembled with this
|l atter untargeted opt-Dmv e &kiguee®)nwasconsttuaedisingthe n a m
panel of 19,723 polymorphic SNPs detected invthele MAGIC population, and was subsequently
used as optimized TP and benchmarkedTRs assembled usinGD_mean, PEV and rScore
optimization method&~igure 2).
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Figure 2: Benchmarking of different methods for optimizing TPs of MAGIC. Bars of different

colors report the values of predictive ability obtained with GP models fitted using CD_mean (CD),
prediction error variance (PEV), rScore and Diverse optimization criteria. The error bars of each plot
point out the standard deviation of the predictive abilélues.
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Fol |l owi n-®i v b apsmezétionPour procedure led to identify a set of 82 MAGIC lines
as the smallegtopulationsubset fulfilling the aforementioned criterion, whichsused as TP along
with the eighfounder parent®verall, when applied to MAGIC populations, the four optimized TPs
spawned similar predictive abilities across the threebsiteeason combination$-ifure 2) and
consequently the genetic makeup of this W& further investigated. The genetic relationships
between TFDiverse and the remaining MAGIC linesere assessed conducting a principal
component analysis (PCA) on genetic data, which pointed out that the first two principal components
explain 22.3 an®.5 percent of the total genetic variability of the MAGIC population, respectively
(Figure 3). PCA shows three main clusters of MAGIC lines and corrobotatese individuals

included in the THDiverse are representative of the whole diversity of MAGI€difrigure 3; red
points).

Figure 3: Principal component analysis (PCA) of the MAGIC population based on 1923 SNPs.
The first two axes of PCA explain 22.3% and 5.5% of the total variability, respectively. Red points

represent the subset of MAGIC lingscluded in TPDiverse, while green points represent the
remaining MAGIC lines.
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In segregating families and collections of mostly unrelated accessions, a large number of molecular
markers is often needed to capture the effects ofQdiLs or alternativey, strong linkage
disequilibrium (LD) between markers and causative variants that control the traits of interest is
desirable to achieve high values of predictive ability in (@Bffner, Jannink, and Sorrells 2011;
Lorenzana and Bernardo 2009; Norman et al. 2@@&)sequently, the extent of LD was investigated
in TP-Diverse to assess its correlation with the predictive ability vati€P modelsFirstly, SNP
markers of the barley 50K SNP chiged to fingerprint the whole MAGIC populatierere lifted
over to thenew barley reference sequeriidonat et al. 2019and secondly, the average extenit of
was computed for each barlelyromosome. Overall, a large fraction of the 44,0408 Ehe barley
50k SNP chip were lifted over and 18,248 out 19,723 polymorphic SNPs unambiguously mapped to
the reference sequence of barl8Sugplementary Table 2) were used to estimate the decay of
average LD computed in bins of 100qure 4). This analysisndicatedthat across the seven barley
chromosomes decays relatively slowly as SNPs mapped more than 10Mbp apart shaiues
of circa 0.2, while the average values of markers withid MB or less exceed 0.Figure 4).
Considering the average number of markers per chromossupplementary Table?2), the levels
of LD measured in Tiverse are sufficiently high and higher marker densities might not
significantly increase the predictiability of GP models fitted in our MAGIC population of barley
as empirically observed in other crofddorman et al. 2018)Overall, thepredictive abilityvalues
obtained withGP models fitted with the three optimization methadssubstantially equivalent to
the pediction accuracy obtained with dBiverse Figure 2) and consequently this latter TP was
chosen for fitting further singleand multienvironment GP models

Figure 4: Extent of the average linkage disequilibrium in TRDiverse. For each barley
chromosomgeach point shows the averagecomputed in 100 kb windows as a function of marker
distance.
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4.4 Using the optimized TP for fitting SEEGP and ME-GP models

Field trials of TPDiverse were organized in nine shig-season combinations aptenotypic data
for GY and DH were collected using common phenotyping protocols, while the remaining set of
MAGIC lines were used in Fiol6IN, Fiol7IN and Marl6IN as VRadle 3). Alphalattice
experimental designs were adopted for all field trials andadriirear models were used to compute
adjusted means of G¥Yind broad sense heritability YJHfor each siteby-season combination
considering genotypes as random variables (BL{Pa)le 3). This analysis indicated thatMaries
significantly across the nifield trials and spans from 0.805 in Kon19IN to 0.122 in Marl1&kble
3). The ajusted means of GY were subsequently used as phenotypes for fitting GP models along
with genotypic information.

Table 3: Summary of field trials carried out for phenotyping TP and VP for GY. For each site
by-season combination, the estimates of broad sense heritabf)tpf(8Y were reported. Hvas
computed for the whole panel of MAGIC lines for Fiol16IN, Fiol7IN and Mar16IN.
Growing

Acronym Country Populations H?
season

Fiol6IN Fi orenzuol Italy 20152016 TP and VP 0.660

Fiol7IN Fi orenzuol Italy 20162017 TP and VP 0.472

Fiol8IN Fi orenzuol Italy 20172018 TP 0.532

FiolgLtN ' orenzudl ltaly 20172018 TP 0.395
Low Nitrogen

Fiol9IN Fiorenzuol ltaly 20182019 TP 0.652

FioloLn —lorenzuel 20182019 TP 0.663
Low Nitrogen

Marl6IN Marchouch Morocco 20152016 TP and VP 0.122

Adal9IN Adana Turkey 20182019 TP 0.737

Kon19IN Konya Turkey 20182019 TP 0.805

To assess the performance of MAGiGesincluded in TPDiverse, across different locations and
years, a pairwiseorrelation analysief the adjusted means of GY computed in the nine-Isyte
season combinations considered in this ystwds carried outRigure 5). The ®rrelations of GY
across environments spanned frédh®30 to 0.553 and, as expecteglpeswere higher between field
trials carried out in the same environments but in different years, while \@lverswereobserved
among Marl6IN and other sHey-season combinations, corroborating the hypothesis that the
climatic peculiarity of this environment imposes higher levels of stress to MAGIC kigpsré 5).
Similarly, the adjusted means of GY computed in Fio1l8LN exkeithibwer correlationvalueswith
other siteby-season combination&ifure 5). Theseadjusted means of GY were used to train SE
GP and MEGP modelas s i TRgDivérse. For each sitdy-season combination, phenotypic and
genotypic data were standardized, antkerdifferent SEGP models were fitted using GB and GK
statistical modelsTable 4). As expected after standardization, for models fitted using GB, the
summation of variance components was circaable 4), while the distribution of the residuafter
ytting all GP nrby-seasbnscontbinatidndves appraximatety indriids analysis
of variance components of SE° models shoedthat the values of error variance in GK models are
lower than those obtained for the corresponding GBetso{Table 4), and similarly in GK models
the values of genetic component variance are always higher than the corresponding quantities
computed for GB modeld able 4).
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Figure 5: Pairwise correlations of GY obtained in the nine siteby-season combinatioa for TP

and VP. Numbers reported in black, red, and blue on the upper graph show pairwise Pearson
correlations computed between adjusted means of GY for the whole set of lines tested, TP and VP,
respectively. The lower graph shows scatter plots of GYs&atjumeans computed in pairs of site
by-season combinations.
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Table 4: Variance components of SE5P models fitted using GBLUP (GB) and GK statistical
model. For each sitdy-season combination, the estimated variance components of genetic effects
and regluals fitted with GB and GK models are reported, while bracketed numbers point out the
corresponding standard deviation.
GB
Genetic effect
variance

GK
Genetic effect
variance

Site-by-season Residual

variance

Residual
variance

combination

Kon19IN 0.586 (0.010) 0.557 (0.045)  0.660 (0.016)  0.489 (0.068)
Mar16IN 0.467 (0.089) 0.719 (0.067) 0.590 (0.013)  0.588 (0.078)
Fio18IN 0.491 (0.059) 0.560 (0.029)  0.632 (0.086)  0.455 (0.043)
Fio18LN 0.412 (0.048) 0.752 (0.050) 0.544 (0.000)  0.611(0.069)
Fiol7IN 0.537 (0.072) 0.480 (0.016) 0.655 (0.084)  0.417 (0.041)
Fio16IN 0.618 (0.066) 0.336 (0.094)  0.680 (0.065)  0.348 (0.011)
Adal9IN 0.561 (0.086) 0.543 (0.036)  0.654 (0.019)  0.498 (0.070)
Fio19IN 0.480 (0.079) 0.651 (0.049) 0.659(0.005)  0.469 (0.054)
Fiol9LN 0.479 (0.058) 0.566 (0.024) 0.632 (0.083)  0.446 (0.041)

The aljusted measiof GY computed at the nine sibg-season combinations were used to fit-ME

GP, particularly three model -envinerenerd, main gerotgpic, wh
effecto (-&Myiré&aMmeéni, singl e v gJaqunretcae20GndE dev
AMu-ebvironment, environment s p glopetCrueetal®0lb)anc e

following recent model nomenclatu(Bandeira e Sousa et al. 201%jmilaly to SEGP models,
MM, MDs and MDe models were fitted using GB and GK methods and totally six model method
combinations were used to fit mu#thvironment predictions. Thaalysis of variance components
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showed that for all three models (MM, MDs and MDe), GK meth@khibit lower values othe
estimated residual variances pointing out a better model fitfiradpl¢ 5). Moreover, model
comparisons shosd that the inclusion of the interaction term (GXE) in MDe model induces a
reduction in the estimated residual variance for GY compared to MM models either using GB or GK
methods, but MDs modelstitdbetter the data compared to MDe. For the MDe modelsetieual
variance components of MB@K were smaller than those of the M4, whereas the estimated
variance components for the genetic main effect and genetic environment specific effect variances
were higher for the GK than for the GBaple 5).

Table 5: Variance components of MEGP models fitted using GBLUP (GB) and RKHS along
with the Gaussian Kernel (GK) methodsFor each of the three regression models (MM, MDs and
MDe), the estimated variance components fitted with GB and GK methods are repdnled, w

bracketed numbers point out the corresponding standard deviation of variance component estimates.
Component Environment €]=] (€14

Multi -environment, main genotypic effect (MM) model
Residual Q) - 0.758 (0.047)
Genetic maireffect @, ) - 0.249 (0.069)
Multi -environment, single variance GxE deviation (MDs) model
Residual () - 0.516 (0.056)
Genetic main effectd, ) - 0.281 (0.077)
Genetic interaction effect i 0.247 (0.066)

(G J

Multi -environment, environment specific variance GXE deviation (MDe) model
Residual (1) - 0.602 (0.016) 0.592 (0.018)
Genetic main effectd, ) - 0.292 (0.026) 0.402 (0.031)
Genetic environment

0.746 (0.045)
0.373 (0.088)

0.389 (0.071)
0.374 (0.089)

0.589 (0.140)

specific effect @, ). Ada19IN 0.251 (0.054) 0.353 (0.083)
Fio16IN 0.035 (0.027) 0.054 (0.046)
Fiol7IN 0.010 (0.066) 0.024 (0.023)
Fio18LN 0.062 (0.054) 0.116 (0.085)
Fio18IN 0.007 (0.006) 0.018 (0.015)
Mar16IN 0.549 (0.085) 0.873(0.122)
Kon19IN 0.217 (0.050) 0.312 (0.079)
Fio19LN 0.008 (0.007) 0.053 (0.018)
Fio19IN 0.004 (0.003) 0.055 (0.011)

4.5 Predictive ability of ME -GP models with GB and GK methods

The predictive ability of MM, MDs and MDe models implemented using GB and GK methods was
estimated with crosgalidation 1 (CV1) and crosglidation 2 (CV2) schemes using 100 random
partitions. For each of the six muéihvironment modemethod combinatios, the values of
predictive ability for CV1 and CV2 schemes were obtained for the set of 100 random partitions, which
were used to compute the average predictive ability and the associated stiaviktidn Overall,

CV2 showedthat infour siteby-seasa combinations (Fio16IN, Fiol7IN, Fiol9IN and Fio19LN) the
predictive ability is generally higher and exceed 0.70 for certairG®Enodels, while for Mar16IN
the six modeimethod combinations exhibit, on average, the lowest values of predictive abitity as
this siteby-season combination the lowest values of 0.161 and 0.236 were observed-f6B\Mkd
MDs-GK models, respectively=(gure 6; Supplementary Table 3.
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Figure 6: Bar plots of the predictive ability values obtained with CV2 Bar plots show thenean
correlation between observed and predicted values obl@ained with100 random C¥ partitions

for MM, MDs and MDe models implemented with GBLUP (GB) and Gaussian Kernel (GK) methods.
Error bars point out the standard deviatidpmredictive ability values.
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As in most of the case, the standard deviations associated to the values of predictiveeability
overlapping Figure 6; Figure 7) , Wetitesth Wwese applied to determine whether pairwise

comparisons of predictive abilitvalues obtained with MEEP models were statistically different
(Supplementary Figure 1 and 2. CV2 experiments shadthat in Fiol7IN theralues ofpredictive
ability computed withthe sixmodel method combinationsere comparablexcept for MMGB,
whichwassignificantly lower than the predictive ability of MEBK, while in Fio16IN the predictive
ability of MM-GK wassignificantly lower than the predictive ability obtained with the remaining
modetmethod combinationd={gure 6; Supplementary Figure 3. In Fiol6IN, CV2 showd that
MDe-GB and MDeGK have similar performance and significantly higher values of predictive ability
compared to MM models, either implemented with GB or GK statistical mett€idaré 6;
Supplementary Table 3; Supplementary Figure 2 In Adal9IN the best model predictive ability
using CV2 scheme was obtained with MB8, while for Fiol8LN the best values of predictive
ability were obtained with MD&B and MDsGB models. Overall, CV2 experimentglicatedthat

in four out ninesite-by-season combinatior(&io16IN, Fiol7IN, Fiol8IN and Marl16IN) MD&B

and MDeGK models have higher values of predictive ability compared to MM models, either
implemented with GB or GK statistical method&igure 6; Supplementary Table 3;
Supplementary Figure 3. Differently, Fio19IN, Fio19LN and Kon19IN deviate from this trend as
for thesesite-by-season combinatiorthe values of predictive ability for MM modelgere higher
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(Supplementary Table3). In Fio19IN MM-GB and MMGK had the higler predictive ability values
along with MDeGK, while for Fio1l9LN the higher value of predictive ability was found for MM
GB.

Figure 7: Bar plots of the predictive ability values obtained with CV1 Bar plots show thenean
correlation between observed gmedicted values of G¥btained with100 random CY partitions

for MM, MDs and MDe models implemented with GBLUP (GB) and Gaussian Kernel (GK) methods.
Error bars point out the standard deviation of predictive ability values.
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The values of predictive diby obtained for random CV1 decreasf@€lgure 7; Supplementary
Table 4) as compared with those computed for CV2 for all models. Simitarthe results obtained
for CV2, CV1 experimentsdicatedthat in four siteby-season combinations (Fiol6IN, Fidl7
Fiol8IN and Fio19LN) the predictive ability of @RE models is generally higher than the values of
predictive ability observed in other siby-season combinations for all models. MGB and MD
GK yielded the higher values of predictive ability in A@8Y, Fiol6IN and Fiol7IN, respectively.

In Fiol8IN, Fiol8LN, Marl16IN and Fiol9LN, the higher predictive ability values were found for
MM-GK, although in this latter silky-season combination the accuracy of MGK does not differ
significantly Supplementry Figure 1). In Fiol9IN, the highest values of predictive ability were
obtained for MDeGB and MDGK models Figure 7; Supplementary Figure ).
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5 Discussion

5.1 Broadening the use of MAGIC populations for plant breeding

MAGIC populations were conceived to improve precision and efficiency of QTL mapping in plants
and animals as they allow overcoming limitations of biparental populations and association mapping
panels(Huang et al. 2015)in cereal crops, these experimental populations have been extensively
used for research purpose and contributed to dissecting the genetic bases of several traits among
which biotic stress resistant@ménezGalindo et al. 2019; Riaz et al. 2020; Stadimeier et al. 2018)

GY, grain quality (Zaw et al. 2019and DH (Afsharyan et al. 2020)Recently,these genomic
resources have been established in barley to investigate the effects of epistasis and environmental
interactiors on flowering time(Afsharyan et al. 2020; Mathew et al. 201Rirther broadening the

original scope for which they were devised.

In the present study, we constructed a new MAGIC population shuffling allelestefr 6rowed
barleyvarieties, and demonstrated that, along with biparental populations and collectinostlyf
unrelated accessions, these genomic resources might be used to train GP models with high predictive
ability andmight speed up barley breedingnder this point of view, the large number of MAGIC
populations developed in the last years in several qii¢pger et al. 2009; Mathew et al. 2018;
Rebetzke et al. 2014; Stadlmeier et al. 20da88) be considered as untapped resources that would
contribute to further strengthening and stimulating the application of GP in plant breeding. On the
other side, de novo creation of MAGIC populations to train GP models for actual breeding purposes
is hampered because of their time consuming and costly development, which requires to intermate
and selffertilize the foundeparentdor several cycleslThe resultgpresented in this studhow that
theselimitations might be softened using doubled hapkeichnology, which allows to short self
fertilization stages to obtain fully homozygous lines. Similarly, speed breeding might contribute to
accelerating the development of new MAGIC populatidiatson et al. 2018)

To examine the genetic relationship between the whole set of MAGIC and the subset of lines
included-Dinvetrse 0 TR PCA was <carri ed edogerteticusi n
structure in the MAGIC population and three main clusters of individuals. The nature of these clusters
is unclear, but it is plausible that they might reflect subgroups of individuals showing segregation
distortion for one or more founders. Inreeightway MAGIC populationthe expected segregation
rate oftheeight founder haplotypes is 1:1:1:1:1:1:1:1, but the haplotypes of some founders (e.g. Dea)
deviate from the expected ratiddta not showr). Segregation distortion is a common phenomenon
that occurs in MAGIC populations as pointed out in other st&asnemann et al. 201&Ithough
this dd not hamper our ability to train GP models with this population, this phenomenon might
explain the genetic structure pointed outhARCA.

Overall, the use of SEP and MEGP models trained with MAGIC populations might find
effective applications when the diversity of BPs originates from the same parents included in the
founder set. In this case, GP models based on MAGIC populatigihs be applied to select the best
offspring from crosses obtained with the MAGIC founders.

5.2 Benchmarking of different TPs to improve the predictive ability of GP models

The composition of TPs and their genetic relationship with BPs affect the predhatityec GP
models as pointed out in several studi@ssta and Ortiz 2014; Edwards et al. 2019; Norman et al.
2018) and to date several algorithms for optimizing TPs have been developed to increase the
predictive ability of GP model@kdemir et al. 2015)Untargeted and targeted optimization criteria
based on GBUP have been so far developed and tested in biparental populations and panel of mostly
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unrelated accessions. Nevertheless, the use of these optimization methods in actual breeding
programs is hampered as the optimization process can |ddfétentoptimized TP peeachtrait of

interest These optimization algorithms requagriori information (knowledge of thBP genotypes

and traits for which 8 models must be developed) and output-nependenTPs(Akdemir et al.

2015) Moreover, in real breeding programs, BPs change over timet andjht be difficult to
implement these optimization procedures. Previous studies have shown that the relatedness between
TPs and BPs has a large impact on the predictive ability of GP models, which can be improved
increasing the genetic diversity of Tl$orman et al2018) In fact, when the TP exhibits a narrow
genetic diversity, low values of the predictive ability are often obtained in GP as it becomes
impossible to predict all the marker effects that contribute to determining the phenotypic variations
(Norman ¢ al., 2018). Following these empirical findings, in this study we assembled a TP of 90
barl ey genotypes ,-Diwhercshe dvya smanxainmeidz iinfg® t he gene
lines and assessing its predictive ability using random CV schemes. Bgiprishe predictive

ability obtained with TFDiverse was comparable with the predictive ability of GP models trained

with the other three optimized TPs used in this stityufe 2). One of the main advantages of using

this approach is that the criteriand o pt ed t o -Da svseamteloe dieTpR nds onl y
and does not generate trd#gpendent TPs. On the other side, in this study we have not developed
mathematical models to demonstrate or justify the rationale of this empirical criterion and
cormsequently its validity should be further validated in other studies.

5.3 Fitting SE-GP and ME-GP modelsusing the MAGIC population of barley

Several empirical analyses have been conducted to benchmark the predictive ability of different
GP models in barley, nme and wheat panels of mostly unrelated accessions, biparental populations
of A.thalianaand diallel crosses of maize and wheat to predict GY and othe(ktegkt et al. 2012)

In this study, we presented another empirical analysis to assessghpromising GP models for
MAGIC populations, implementing CV schemes for estimating the standard deviation of predictive
ability values.

Three out five models fitted in this study (BayesA, BayesB and BL) belong to the group of so
call ed ABayesi whiahptahet es Bayesithirpriordensiggzar r ¢
distribution (Gianola 2013) In these Bayesian regression models, the prior density distribution
assigned to marker effects controls the shrinkage of estimates and tteeendipriors induce
different types of shrinkage of marker effects. In the original description both BayesA and BayesB
were introduced as hierarchical structudguwissen et al. 200Bnd it was later demonstrated that
BayesA adopts a scaledlistribution prior, while BayesB adopts pridisat are mixtures of a peak
in the vicinity of zero and of a continuous density priors (e.g., t, or normal density distribution)
(Gianola et al. 2009)BL adopts a double exponential prior density distribution, which behaves
similar to that of BayesA as both prsoused in these models do not allow marker effects to be equal
to zero and shrink estimates of the remaining marker effects. While the priors adopted in BL and
BayesA prevent to have marker effects equal to zero, the prior used in BayesB allows to lhave nul
marker effects. The rationale of this prior is that in GP many markers might have a null contribution
to the observed phenotypic variation. Although marker effects might be estimated differently, the
predictive ability of the Bayesian models fitted imsthtudy does not differ significantl§figure 1).
Moreover, our empirical analysis shows that the predictive ability of Bayesian modelstditted
MAGIC populations is comparable with that of GB and GK modeigure 1). Several empirical
analyses have beearried out in cereal crops to highlight advantages andslohdifferent whole
genome regression methods. In rice; &E models fitted with BayesA, GB and GK for three traits
were compared using a reference panel of 284 accessions under differagé Ich&equilibrium
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scenariogBen Hassen et al. 2018)hese results showed that under high linkage disequilibrium
scenarios GK models slightly outperform GB in terms of prediction ability. Differently, when a subset
of rice reference panel was used to predict the performance of 97 advanced lined demved fro
biparental crosses, GK and GB prediction ability showed comparable results for the three traits
consideredBen Hassen et al. 2018)nyway, the results obtained in this study are limited to one
(complex) trait and it might plausible that for simpler traits GP mdiedsl in MAGIC might have
different trend of the predictive ability.

Beyond SEGP models, in this study we used the MAGIC population of barley to fit three different
ME-GP models, two of which (MDs and MDe models) include terms for incorporatiiey G
interaction. In plant breeding, mukinvironment field trials are routinely carried out to evaluate and
exploit GXE interaction as it contributes to creating hygtiding genotypes. Consequently,
modelling GXE interaction in GP has the potential to diffeadé@tmarker effects. MDe models used
in this study(Bandeira e Sousa et al. 2017; Lofigzz et al. 2015partition marker effects in main
effects, that is effects that are stable across environraadtenvironmenrspecific effects, that is
interaction effects between markers and specific genotypes. As pointed out in other studies, MDe
modek areknown to be more efficient when used along with sets of environments that have positive
correlatiors. This limit arises as the pairwise correlation between environments is represented by the
variance of the main marker effects, which in turn forces theacance betweera pair of
environments to be positiyBandeira e Sousa et al. 2017; Lofigziz et al. 2015)This requirement
is not trivial and might not allow to fit correctly MDe models. In our study, the adjusted means of GY
in Mar16IN showed low or negative correlation with the otherlsjtseasn combinations tested in
this study and this might be the reason for which we have found that MDsgfibdetter the data,
particularly when used in combination with the Amear GK.

GP models based aeproducingkernel Hilbert Space along with theontlinear GK have the
potential to capture neadditive genetic effects and potentially might outperform GB in terms of
model fitting and predictive ability. In maize and wheat, comparison between the same GP models
fitted with GB and the nonlinear GK f@Y, unveiled that the latter method outperforms GB in terms
of predictive ability in both single environment and neltivironment modelBandeira e Sousa et
al. 2017; Cuevas et al. 201@) cereal crops, GY is a complex trait controlled by nonlinearity effects
between genotypes and phenotypes owing to epistasis, environmtartdtiongBandeira e Sasa
et al. 2017; Cuevas et al. 20E8)d other interactions that are not considered in standard quantitative
genetic model¢Gianola, Fernando, drStella 2006)GK models have the potential to capture small
andcomplex interactions, which are more eviderguantitativeraits and this can explain the higher
prediction ability of GK for GY. The empirical analysis presented in this study uanheytMAGIC
population corroborates that, for complex traits like GY, the predictive ability of GK outperforms that
of GB. Overall, considering the number of models and methods fitted and the extensive field trials
carried out across the Mediterraneans tsiudy has delivered the most comprehensive empirical
analysis of GP models fitted with MAGIC populations.
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7 Supplementary Material

The Supplementary Materjal figures

and tables, can be found

Supplementary Materia

online

at

https://www.frontiersin.org/articles/10.3389/fpls.20@64148/full#supplementaiypaterial and are

shown below:

7.1 Supplementary Figures

Supplementary Figure 1. Heatmap ofP-v al ues
parameters (means and standard deviations) obtained from pairs-6GfPMBodelsusing CV1

schemes. Red tiles in the heatmap point out pairs of models that exhibit significantly different
accuracy P-values<0.05), while blue tiles point out pairs of models that do not show different model

accuracy.
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Supplementary Figure 2. Heatmap ofP-v al ue s

obt ai ne dtesahetdey madeg We |

accuracy values obtained using CV2 schemes for eackeMBodel. Red tiles in the heatmap point
out pairs of models that exhibit significantly different model acouxalues P-values<0.05), while

blue tiles point out pairs of models that do not show different model accuracy.
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Supplementary Table 1: CV of different SEGP models fitted using MAGIC population. Model
accuracies and associated dia deviation of SESP models, reported within brackets, computed
in Fiol6IN, Fiol7IN and Marl16IN using GB, GK, BayesA, BayesB and BL models as a function of

TP sizes.
TP
Env . BayesA BayesB BL GB GK

size
Fiol6IN 80 0.511 (0.037) 0.51 (0.039) 0.516(0.038) 0.512 (0.035) 0.501 (0.038)
Fiol6IN 90 0.52(0.033) 0.519 (0.039) 0.522 (0.033) 0.519 (0.033) 0.517 (0.037)
Fiol6IN 100 0.527 (0.029) 0.528 (0.038) 0.528 (0.035) 0.526 (0.033) 0.517 (0.033)
Fiol6IN 110 0.534 (0.031) 0.533 (0.039) 0.539(0.035) 0.533 (0.034) 0.526 (0.035)
Fiol6IN 120 0.547 (0.035) 0.54 (0.036) 0.54 (0.032) 0.539 (0.037) 0.531 (0.036)
Fiol6IN 130 0.546 (0.039) 0.543 (0.037) 0.549 (0.031) 0.546 (0.035) 0.541 (0.036)
Fiol6IN 140 0.553 (0.035) 0.55(0.037) 0.553(0.037) 0.55(0.038) 0.548 (0.038)
Fiol6IN 150 0.56 (0.034) 0.558 (0.035) 0.558 (0.037) 0.557 (0.037) 0.547 (0.036)
Fiol6IN 160 0.557 (0.031) 0.559 (0.042) 0.558 (0.035) 0.564 (0.036) 0.547 (0.038)
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Fiol7ZIN 80 0.509 (0.036) 0.506 (0.033) 0.514(0.032) 0.514 (0.032) 0.504 (0.04)
Fiol7IN 90 0.525 (0.032) 0.526 (0.03) 0.523 (0.034) 0.516 (0.033) 0.511 (0.033)
Fiol7IN 100 0.53 (0.035) 0.528 (0.032) 0.532 (0.034) 0.526 (0.032) 0.526 (0.035)
Fiol7IN 110 0.53 (0.037) 0.534 (0.033) 0.537(0.027) 0.529 (0.036) 0.532 (0.032)
Fiol7IN 120 0.543 (0.033) 0.544 (0.032) 0.544 (0.028) 0.545 (0.034) 0.533 (0.037)
Fiol7IN 130 0.548 (0.035) 0.542 (0.039) 0.551 (0.035) 0.545 (0.035) 0.54 (0.032)
Fiol7IN 140 0.553 (0.04) 0.553 (0.036) 0.546(0.037) 0.553 (0.036) 0.546 (0.034)
Fiol7IN 150 0.561 (0.032) 0.555 (0.035) 0.557 (0.034) 0.562 (0.035) 0.554 (0.04)
Fiol7IN 160 0.562 (0.039) 0.558 (0.039) 0.566 (0.039) 0.56 (0.037) 0.559 (0.04)
Marl6IN 80 0.16 (0.052) 0.165 (0.055) 0.151(0.062) 0.166 (0.059) 0.151 (0.06)
Marl6IN 90 0.169 (0.054) 0.17 (0.054) 0.176 (0.049) 0.169 (0.055) 0.171 (0.056)
Marl6IN 100 0.186 (0.041) 0.183 (0.05) 0.181 (0.055) 0.174 (0.055) 0.182 (0.044)
Marl6IN 110 0.199 (0.052) 0.185 (0.05) 0.177(0.056) 0.179 (0.059) 0.189 (0.05)
Marl6IN 120 0.194 (0.049) 0.191 (0.045) 0.190 (0.057) 0.193 (0.054) 0.191 (0.054)
Marl6IN 130 0.203 (0.054) 0.206 (0.051) 0.190 (0.058) 0.2 (0.049) 0.198 (0.051)
Marl6IN 140 0.209 (0.049) 0.205 (0.048) 0.209(0.051) 0.201 (0.049) 0.194 (0.053)
Marl6IN 150 0.211 (0.056) 0.208 (0.055) 0.211 (0.05) 0.206 (0.056) 0.204 (0.048)
Marl6IN 160 0.22 (0.049) 0.213 (0.054) 0.211 (0.051) 0.217 (0.052) 0.205 (0.041)

Supplementary Table 2: Distribution of polymorphic SNPs mapped in the seven barley
chromosomes.18,248 out 19,723 polymorphic SNPs were unambiguously mapped to the barley

reference sequence and used to computeastimate the extent of LD.
Chromosome Number of SNPs AHEIEER SRIPE
per Mb

Chromosome 1H 2095 4.00
Chromosome 2H 2281 3.38
Chromosome 3H 2855 4.54
Chromosome 4H 1444 2.31
Chromosome 5H 3589 5.99
Chromosome 6H 2615 4.56
Chromosome 7H 3369 5.31

Total 18248 4.36

Supplementary Table 3:Mean correlation between observed and predicted values of GY (average
of 100 random CV partitions) computed using CV2 scheme for MM, MDs and MDe models
implemented with GBLUP (GB) and Gaussian Kernel (GK) methods. Numbers betwekatbra

point out the standard deviation of model accuracy values.

Model MDe-GB MDe-GK MDs-GB MDs-GK MM-GB MM -GK

Adatoly 0676 0472 0.609 0.528  0.301  0.500
(0.103)  (0.1) = (0.117) (0.128) (0.076)  (0.112)
cioglNy | 0783 0756 0832 0.802  0.760  0.696
(0.125)  (0.119) (0.116) (0.125) (0.106)  (0.105)
Fol7y | 0731 0711 0714 0734 0687 0718
(0.114)  (0.093) (0.134) (0.137) (0.113) (0.109)
colgn 0621 0612 0623 0.467 0613  0.462
(0.142)  (0.106)  (0.113) (0.084) (0.116)  (0.099)
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0.528 0.46 0.518 0.443 0.364 0.414

FIO18LN ' g og8)  (0.108)  (0.1) = (0.105) = (0.113)  (0.104)
corony 0581 0757 0571 0662 0774 0779
(0.133)  (0.103) (0.095) (0.143)  (0.12) = (0.115)
coroLy 0749 0744 0674 0661 0817 = 0721
(0.093)  (0.125) (0.114) (0.121) = (0.132)  (0.129)
ontoly 0515 0557 0579 0632 0427  0.664
(0.083) (0.118) (0.122) (0.152) = (0.131)  (0.123)
vartgy 0304 | 0261 0384 0236 0161  0.243

(0.098)  (0.103) (0.139)  (0.12) = (0.072)  (0.085)

Supplementary Table 4:Mean correlation betweewbserved and predicted values of GY (average

of 100 random CV partitions) computed using CV1 scheme for MM, MDs and MDe models
implemented with GBLUP (GB) and Gaussian Kernel (GK) methods. Numbers between brackets
point out the standard deviation of preilie ability values.

Model MDe-GB MDe-GK MDs-GB MDs-GK MM-GB MM -GK

0.276 0.298 0.232 0.442 0.192 0.208

AdaldIN 5113) (0.106) (0.102) (0.129) = (0.097)  (0.114)
coign | 0683 0675 0775 0701 0682 0532

(0.120) (0.101) (0.117) (0.094) (0.118)  (0.109)

ol | 0605 0614 0588 0731 0621  0.727

(0.158)  (0.119) (0.099) (0.102) (0.17)  (0.111)

coign | 0537 0484 0545 0512 0434 0597
(0.117) (0.113) (0.102) (0.126)  (0.098)  (0.13)

colgly | 0122 0377 0314 0261 0211 0417

(0.088) (0.079) (0.13) (0.083) (0.092)  (0.119)

coion | 0407 0430 0153 043 0355  0.282

(0.087) (0.118) (0.080) (0.107) (0.106)  (0.093)

iy | 0496 0599 0481 0535 0539 0613

(0.1)  (0.096) (0.101) (0.129) (0.095)  (0.124)

contoly 0305 0208 0348 0367 0173  0.349
(0.054) (0.121)  (0.089) (0.121) (0.087)  (0.1)

varign | 0283 0226 0215 0162 0143  0.306

(0.062) = (0.046) (0.091)  (0.06)  (0.059)  (0.096)
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1 Abstract

With the introduction of simpler and faster phenotyping methods, the study of belowground traits
is gaining momentundue to their importance in yieltbrmation andwaterand nutrient uptake.
Among belowground traits, in cereal crops seminal root numbesemnahal root angle have shown
to be correlated anpredicttheroot systemarchitecture at thmaturestagesAlong with seminal root
number and seminal root angle, experimental evidence has indicated thedngmration rate
response to evaporativerdand or vapor pressure deficit is a key physiological trait that might be
targeted to cope witkhdroughttolerance ashe reduction othe water flux to leaves for limiting
transpiration ratat high levels of vapor pressure defalibws tobetter managsoil moisture

In the present study, we examined fenotypicdiversity of seminal root number, seminal root
angle andranspiration raten a panel of 90 eightvay Multi-parent Advanced Generation Inter
crosses (MAGIC)ines of winter barleyand corredted these traits with grain yield measuned
different siteby-season combinationsh@notypicand genotypic informatioaf MAGIC population
were combinedo fit andcrossvalidate differengenomic predictiomodels Genomic predictiorior
seminal root number were fitted using threshardl lognormal models, considering these data as
ordinal discrete variable and as count data, respectively, while for seminal root angle and transpiration
rate genomic prediction models were fitted usrtended GBLUP.

Our empirical analyseshowed that genomic prediction modeds be used to prediseminal root
numberseminal root angland transpiration rate with high predictive ability and that the best models
investigated included first ordaddtive x additive epistatic interaction effec@verall, this study
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showed that beyond grain yield, genomic prediction models might be used to predict belowground
and physiological traits

2 Introduction

Despite their importance favateruse and nutrientptake, belowground traits have been largely
neglected for crop improvement as breeding efforts have predominantly targeted aboveground traits
related to yield formation. Nevertheless, there is evidence that thousands of years of empirical
selection have ab indirectly reshaped the root system architecture of domesticated species,
corroborating the importance of belowground traits for crop ya#dDorlodot et al. 2007; Herder et
al. 2010; Jia et al. 2019n cereals, experimentagsultsandcrop simulation model@CSM9g have
pointed outthat genotypes withdeeper root system architecture a@pe with droughtand heat
stresses and increase grain yield (GY) in dry environn{dfasschadi et al. 2008; Mu al. 2015;

Liu et al. 2017; Tao et al. 201'Aor instance in durum wheat, contrasting root system architectures
correlate with droughintolerant and drougktblerant genotypes showing higher Givider sub
optimal water regime€El Hassouni et al. 2018)n this species, it has been shown thedper root
system architecturesn increas&Y from 16 to 35% in environments wilimited soil moistureand

from 9 to 24% in irrigated sisg(El Hassouni et al. 2018pimilarly, in bread wheatarrower and
deeger root systemarchitecture with more branching at dep#ilow toprovide greater access to soll
moisture in environments experiencing terminal droyifanschadi et al. 2008)n maize,it has
beenshownthattheincreag ofroot sizeimprovesnitrogen absorption ahGY (Mu et al. 2015and

that a more efficient root system is more important than canopy architecture for deteffaning
growth rate and biomass accumuwat{Hammer et al. 2009)

In cereals, the root system architecture of seedlings can be dissected into primary or seminal roots
and nodal or secondaroots. While seminal roots develop first from the primordia of the embryo
and grow out from the coleorhizae, the development of nodal roots begins at the tillering stage from
the basal nodes of the croyahbi and Gregory 1995)n bread and durum wheat,Has been
shown thatthe seminal root numbgSRN) and the seminal root angle (SRA), that is the angle
measured between the first pair of seminal rantbetween the two outmost seminal roatshe
seedling stageare two proxy traitshat can predict theoot systemarchitecture at the adult stages
(Manschadi et al. 2008; ElI Hassouni et al. 2018; Alahmad et al. .28dQinstance, reduced SRA
and higher SRNin bread wheaseedlingscorrelate with droughtolerant genotypes (e.@axter,

Babax, and Dharwar DrySeriM82, which exhibita deeper and more compaaiot system
architecture at the adult stagééanschadi et al. 2008)n barley the assumption that SRA and SRN
measured in seedlings are proxies of the root system architecture of mature plants s not
directly assessed, although in spring genotypes moderate correlations between these belowground
traits and GY have been observed in field trials organized in 20 rainfed and irrigateyg se@son
combinationsg(Robinson et al. 2018 Recently, penotypic variatiorfor SRA and SRNhas been
assessed in a large panel of spring barleyexpibitedto map loci that underlie these traits using
genome wide association stud{@& et al. 2019)

The evaporative demand or vapor pressure deficit (VPD) indicates the difference between the
saturatedandthe actual vapopressuref air at a given temperature and devbetranspiration rate
(TR) of crops(Kholova et al. 2012)In field conditions, either soil drought or atmospheric drought,
that is the combination of high temperatures and howidity, does not allow crops to satisfy the
requiredevaporative demarahd climate change is expected to exacerbate these phen(uoleek
and Gourdji 2012; Medina et al. 2019¥SMs have pointed out that, beyond the root system
architecture, the TR rpsnse to VPD is an important physiological trait that might be targeted to
cope with high evaporative demand and increas€Ta¥ et al. 2009, 20138 the reduction of water
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flux to leaves for limiting TR at high levels of VPD is a wasaving stategy that imposes
physiological tradeffs in leaf dehydration and senescence and allows crops to better manage soil
moisture to overcome drought stress. While this water saving strategy might cause yield penalty when
soil moisture is not a limiting faot, in sorghum and maizxperimental evidenceabshownthat

limiting TR at high evaporative demaaodn allow to increase GY in dry environmef&clair et al.

2005) As substantiated for belowground traitfR response to VPD iskey physiological trait that

can serve as proxy trait for drought toleraf8ehoppach and Sakl@012, 2013; Schoppach et al.
2016) In durum wheat, the variation ®R response has allowed to identify at least two different sets

of genotypes showing linear and segmented trends of TR in response to VPD and interestingly, these
different responseBave beertorrelated with different performances in termsGf and biomass
production in rainfed and irrigated field tria{Medina et al.2019) Similarly, in sorghum and
chickpeas, closing of stomata for limiting TR has been correlated with genotypes that have a better
ability to retain soil moisture and contribute to yield formation under drought éDegset al. 2015;
Sivasakthi et al. 2017; Medina et al. 201@hile phenotypic diversity in TR response to VPD has
been widely assessed in bread and durum wBeabppach and Sadok 2012; Schoppach et al. 2017)

the knowledge of this trait in barley has lagged behind and to date its natural variation has been
assessed in a limited panel of 25 wild barley and in one cultivar, which corroborates the existence of
diversity for this trait in barley germplasf8adok and Tamang 2019)

Genomic prediction (GP) aims to regrggnomewide single nucleotide polymorgms (SNPs)
or othertypes ofDNA markerson phenotypes of individuals tdmultaneously predict their effects
(Meuwissen et al. 2001)The population of individuals havindgpoth phenotypic and genotypic
informationis namedraining population (TPPand isused for constructing predictive mdslewvhich
allows to computédi Genomi ¢ Esti mat ed B rinangliddualsgfor Which anlg s 0 (
genotyping information is availab(®esta and Ortiz 201). Typically, the predictivenodelsused in
GP require to regress a number of predictors (DNA markers) that greatly exceeds the number of
observations or phenotypes and several parametric andamametric models have been proposed
todealwithovertit i ng a npgismalihée porl ¢heligessen et al. 2001; Jannink et al. 2010;
Pérez and de los Campos 2044)n these conditions the estimation of marker effects using ordinary
least squaresnethodis not practicable Unlike methods basedn whole genome regression of
markers, the genomic best linear unbiased prediction (GBLUP) method treats genomic values of
individuals as random effects in a linear mixed model andaigenomic relationship matrbased
on DNA marker data tacomputeGEBVs (VanRaden 2008; Wang et al. 2018p date, in plant
breedingGP has beemainly appliedfor improving GY (Crossa et al. 201 7putthis methodology
offers the possibility to prediather traitsof agricultural interesthat @annot be easily scored (e.g.
belowgroundand physiological traits correlated with abiotic stress tolerances). For ins@GRce,
models have been fitted seed siz€Nielsen et al. 2016Yhousand grain weight, number of grains
per nf, grain plumpnes¢Bhatta et al. 202Q)straw breakingand bdging (Tsai et al. 2020peta
glucan and graiprotein conten(Bhatta et al. 202(ndstarch(Tsai et al. 2020)

In plant and animal breedingiategorical data often iae whentraits are scored either as
dichotomous phenotypes (e.g., presence or absence) or ordered categorical data varying on discrete
values (e.g., ordered scales indicating increasing resistance to a patBogéaily, count data arise
when the traiof interest is the sum of discrete quantities that can take only integer values (e.g., the
number of tillers per plant or the number of seminal roots in seedlings). These data are often analyzed
assuming that the number ohtegories isufficiently large and that consequently they can be
approximate to aormal distributionbut several studies have shown gighificant bias is observed
with low number of sampleand discreteategoriegMontesinosLOpez et al. 2015aJreating count
or ordinal categorical data as a random variable that follows a continuous distribution violates several
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assumptions of standard GP linear models as already substantiated in other(Stadiesinos
Lopez et al. 2015b, a, 20160 overcome thedamitations, GP based on generalized linear mixed
models (GLMM) have been developed and fitted to dichotomous and ordinal categorical traits. While
in standard linear models the response variable is modelled as the sum of the explanatory variables
anda probability assumption about the residual is madeGLMM the response variable is connected
to the explanatory variables via a link function, that is a function that maps explanatory variables to
the observations. Compared to standard GP linear modékss ibeen empirically shown that GP
models based on GLMM allow to increase the predictive ability for count data and ordinal categorical
traits especially when the trait heritability is If@onzalezRecio and Forni 2011; Villanueva et al.
2011; Wang et al. 2013; Montesinbpez et al. 2015a, 2016)

In the present studyye examinel the divergy and distribution obelowgroundand physiological
traitsin an eightway MAGIC population of winter barley and in its founder pardRisglisi et al.
2021) We correlated phenotypic data of SRA, SRN and TR along@itiobtained irdifferent site
by-season combinationt® re-assess the relevance bélowground and hysiological traits of
seedlingdor predictingdroughttolerart and droughintolerantlines Leveraging on phenotypic and
genotypic informatiorwe fitted and crossalidated different GP models including different sets of
linear predictors and showed thiesamodels can successfully predict SRA, SRN andam& might
pawe the wayfor underpinning ideotype breeding amihing large plant collectios

3 Material and methods

3.1 Plant materials andgenotyping

The MAGIC populationexamined in this studglong with theset of 90 MAGIClines usedfor
genomeenabled predictions has be@xtensively described elsewhe(Puglisi et al. 2021)
Particularly this latterset of 90 MAGIClines usedin the present stud{Supplementary Tablel
and 2) corresponds to th&P previouslyassembled for fitting mukenvironmentGP modelsand
genotyped using the barley 50K SNP cfipiglisi et al. 2021)

3.2 Phenotyping of plant material

The sebf MAGIC lines was phenotyped in the followisge-by-seasortombinationgo examine
GY and heading date (HD): Fiorenzuol e&entr@dhr d a
Genomica e Bioinformatica (44°55'39.0"N 9°53'40.6"E, @8 above sea level), Marchouch
(Morocco, 2016, 2019) at ICARDA Experimental station (33°36'43.5"N 6°42'53.0"W 38ifove
sea level), Adana (364A%290v2. SeM 32A2002 &.nMo K
32A370626.® abBve sea Bl (Tkey, 2019).These dataexcluding phenotypic data
collected in Marchouch during the growing season 22089, are part of the data set previously
analyzed(Puglisi et al. 2021)All these experiments were conducted following local management
practices, except for field tri&a&2018am 20d2009% z e d
growing seasons as they were conducted usim different levels of nitrogen fertilizatioas
previously describedPuglisi et al. 2021l All field trials were analyzed using aaphalattice
experimental design with two replicatesd adjusted means of GWere computed using a mixed
linear model considering genotypes as random effétiglisi et al. 202l Best linear unbiased
predictions (BLUPSs) of genotypic effects were compyiedenvironment and per sibg-seasorby-
managementombination including HD and tlo HD and year as covariates, respectivélyxed
linear modeldor analyzing field trial data werenplemented ime4 packagéBates et al. 2015)
along with R 4.0.3Core R Team 2019)The adjusted means of GY weunsed to study genotype x
environment (GE) interaction for delineating clusters of ragaronmentsusing genotype plus
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genotype x environment (GGE) biplot ana&ygYan et al. 2000; Yan and Holland 2010)
implemented in GGEBIplots packagend for assessing correlation with physiological and
belowground traits.

SRA and SRN were phenotyped using the clear pot mgRictiard et al. 2015; Robinson et al.
2016)at ICARDA's physiology laboratory under controlled temperature and hunaiciityrding to
the original protocofRichard et al. 2015ndusing transparent ANOVApot pots (Anovapot Pty Ltd,
Brisbane, QLD, Australiawww.anovapot.com/php/anovapot.phpith a diameter of 200 & a,
heightof 1904 & and a volume od 0. To phenotype SRA and SRMgtset of90 MAGIC genotypes
wasrandomizdin 45 pots using 12 replicates per genotypes. In each pot 24 rgahmtypesvere
sowedat a distance of 2@ afrom each otheand at a deptbf circa 1.52 & ¢ positioningthe embryo
towards the bottom of the pot to support the correct root develop@iat sowing, potswere
irrigated and placed inside bladontainer potsjn a lightlessgrowing chambemith controlled
climate conditios with data loggeat 19 °C and 70% of relative humidiffype TGU4550, Gemini
Data Loggers, UK). Five days after sowitngelve images oERA per genotype were acquiradth
a digital camerawhich were subsequenthnalyzed using ImageJ softwatdtps://imagej.nih.gov
(Schneider et al. 2012p measure the angle between the first pairs of seminal roots according to
published protocol¢Richard et al. 2015)Elevenday days after sowingeedlings were carefully
removed from soil an8RNs were manually countadthe same seedlings used for measuring SRA
The incomplete block design used for phenotypBiA was analyzed withthe following linear
model:

) PA YQR 0DEO A Q Equation 1
whereU is theresponseariable, that is the raBRA datap is the general mealY, Q fis thefixed
effect of the’Q replicate,) ¢ ds therandomeffect of theQ pot, "OQ &is thefixed effect of the’Q

genotypeandQ isthe error associated to each respomke adjusted means of SRA and their 95%

confidence intervalvere estimatedn R 4.0.3 statisticalCore R Team 2019)singIme4 package
(Bates et al. 2015)nd usedo fit censored GP modedsid compute broad sense heritability)(&hd
for seeking correlations with other belowground ahysiological traits.

The TR response to VPIvas examined at ICARDA's physiology laboratory under controlled
temperature and humidity. This experiment was designed randomizing the 90 MAGIC lines using
three biological replicates per pot, using potswith diameter and height of 104 and 26Qi,
respectively. In each pot, plants were sown at a depth of ciccé&&@nd were uniformly irrigated
every 2 days. At Zadoks stage (ZADOKS et al. 1974)which was reached afterstweeks after
sowing, deending on the genotype, pots were irrigated until reaching the maximum water holding
capacity of the substrate and subsequently closed with plastic bags and balls to limit evap&ation
was measured under increasing VPD ranging from 0.4 to $.2in a greenhouse with controlled
conditions (temperature and humidity) accurately monitored with data loggers (Typel9%6y0)
Gemini Data Loggers, UKPhenotyping of plants and the computation of TR under increasing VPD
conditions was carried out followinguplished protocolg¢Fletcher et al. 2007; Sadok and Sinclair
2009a, b; Swoppach and Sadok 2012; Schoppach et al. 2017; Tamang and Sadok 2018; Sadok and
Tamang 2019)Briefly, to determine the amount of water loss by transpiration, the weight of pots
was measured using an electronic balance with a resolution @@ &B Kern 573, Kern & Sohn
GmbH, Balingen, Germany), at sewalues of VPD. Focalculating evapotranspiration, the weight
of five empty pots was measured seven times and at the end of the experiment, plants leaf area,
temperature and humidity were immediatebllected using leaf area meters Q000C, LiCor
Biosciences, Lincoln, Nebraska, USA) and data loggers (Type-4%50, Gemini Data Loggers,

UK). The VPD applied to plants was computed as a function of temperature and humidity and TR
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measuresin 'Q & { wasnormalized as function of total leaf area and time in which pot weight
was collectedTR data were regressed MPD valuesusing linear(Equation 2) and segmented
modek (Equations 2and 3) (Medina et al. 2019)

w Yo O Equation 2

w Yo O Equation 3
where"Yand “Opoint out slopeand intercept respectively These modelsvere computed using
fisegmented package(V. R. M. Muggeo 2008; Mugge2017)implemented in R 4.0.3 statistical
(Core R Team 2019%00dnes®f-fit based on Rsquared values was used as main criterion to select
the best model andassifygenotypesn a first groy of lines showindineartrend of TR ané second
group showing aegmentedrend.
Raw data of TR measured at .70 @f VPD were analyzed using the following linear model:

() pA YQn 0Qes Q Equation 4
wherew aretheraw TR valuesp is the general meaiY, Q ris the effect of thé&Q replicate,0Q ¢
is thefixed effect of theQ genotypeandQ is the error associated to each respofibe adjusted
means of TR measured at low levels of V&@ng withtheir 95% confidence intervalgereestimated
in R 4.0.3 statistica{Core R Team 2019)singIlme4 packagd€Bates et al. 2015and used to fit
censored GP models and cartgbroad sense heritability {H

3.3 Descriptive and correlation analysis

Variation in GY and SRA in the panel MAGIC lines was investigated computasgmumand
minimum valuesmean, mediaand standard deviatiomhis descriptive analysiwascomputed using
fimetard packaggOlivoto and Lucio 2020implemented in R 4.0.3 statistiq@ore R Team 2019)
The adjusted means &Y andSRA, along withSRN and TRmeasured at a VPD of 2070 dere
analyzed and correlated each othevoTifferent types of correlatiors were appliedbn thebass of
variable type Pearsod® scorrelation coefficient was applied to computeorrelation between
continuous traits (GY, SRA and TR measured at a VPD ob 27xpwhile polyserialcorrelatiors
were computed to measure correlatidieween continuous and categorigariables(Drasgow
2006) Thesecorrelation analysswere computed using@polycoid package(Fox 2019)implemented
in R 4.0.3 statisticalCore R Team 2019)

3.4 GP models fitted to SRN

In the present studyrree differentGP models were fitted to SRBbmbining phenotypic data with
genotypic hformation obtained with the Barley 50k SNP cfiuglisi et al. 202). For this trait, GP
models were fitted following two different hypotheses. Firstly, we assumed that SRN varies as an
ordinal discrete variable that indicates the performance of plants at the adult stage under nitrogen or
water deficiency and for th@mthreshold genomic beshkar unbiased predictor (TGBLUP) models
and extended TGBLUP models were fitted.

Formal presentation of theodeltheoryof GP for ordinal discrete dataasdissertecelsewhere
(MontesinosLopez et al. 2015aHere we shortlyintroducethe TGBLUP modelsised in the present
studyfor implementing GPFor SRN, we assumed that the ordinal response variablehat is the
number of observed seminal roots, can @& mutually exclusiveovalues where"Qndicates the
genotype ‘Qpoints out the number of replicatasdwtakes values equal to the numbé observed

~ v v v v

supposed that the ordinal response varidple‘ollowg. a multinomial distribution with parameters
0 and “ H H H H ' H , that is
(& o o o o heo o X 0 YD "Y'O0 0 W0 0
T T T
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where ) points out the number of observation ahd  H 8 “ point out the
probabilities of getting valued ¢hof8 Yin the'Q genotype in thé&) replicate. Thresholchodels
assume thato is generated from annderlying continuous random variakite, having anormal
distributonwhi ch i s cal |l ed |(Soteresentet ah 1995aMontdsiFdspgzoetall ar i a
2015a)and imply thatfor 6 ordinal and mutually exclusive categories the existende ofp @

unknown] thresholds that must be estimagdh as I [ r &8 7 , with [
H> andT Ho. In threshold models, values af are mapped to the ordinal cateigal
response according to the following conditions:
.G QQ a
g QQ T a T

w T QQ a 7
o 888888888
vy QQ 71 a 7

In these models the link function relating linear predictors with the probability of observing data is
the cumulative probits 8, that is the cumulative distribution function of a standard normal
distribution and  is the corresponding inverse functidBonsequently, threshold models are
specified withd  p linear predictors-  as follows:

_ 5o RT Go
B
B
_ ko : " " O T Qo
B
B

' o o

where® is aknown row incidence vectors fixed effects, is aknown row incidence vectood
random effect§ points out the vector of fixed effects andis the vector of random effect¥he
probabilities*  are linked to the linear predictors as follows:

“ B « H; “

B e ¢ ¢ ¢ : :
B 13

As mentioned abovéhreshold modslassume thahelatentand normally distributedariablea
generates the observédtategories as follows:
a of o6 Q Equation 5

where the error terni@ are independent and identically distributed and follow a normal distribution
with mean 0 and standard deviation equals to 1, ti@tist 1ip . In the present studylifferent
combinations of linear predimrs including replicatesines, markes and first ordeepistatic effects
were incorporated i® andw for fitting five extendedhresholdmodels Table 1), which were
already substantiated and described in other stdagquin et al. 2014; MoesinosLOpez et al.
2015a)
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Table 1: Summary of thelinear predictors incorporated in the GBLUP and TGBLUP models
usedto analyze SRN, SRA and TRR, replicate; L, line; G, marker covariates; GxG, additive X

additive epistasis
Main Effects Interaction
SRN-Model 1

SRA-Modd 1 X X

TR-Modd 1

SRN-Model 2

SRA-Modd 2 X X

TR-Modd 2

SRN-Model 3

SRA-Modd 3 X X X
TR-Modd 3

SRN-Model 4

SRA-Modd 4 X X X

TR-Modd 4

SRN-Model 5

SRA-Modd 5 X X X X
TR-Modd 5

Theresulting fivemodelsinclude the following sets of linear predictors

SRN-Model : & 'Y 0 - Equation 6
SRN-Model 2: & Y Q- Equation 7
SRN-Model 3: & Y Q "Q - Equation 8
SRN-Model 4: & Y 0 Q- Equation 9
SRN-Model 5: & Y 0 Q Q- Equation 10

whered isthel at ent Al i a bQ replicatgsdrthe/Ca Imé. aRNMedel d includesy
whichis the fixed effect ok™" replicatesand{ thatis the random effect of th€ line supposed to
be independent and normally distributeddasi mh, .SRN-Model 2includes’Q, which points out
the additivegenetic value of th& line, thatisQ B & &, wherew is the genotype of th@
line at markeg ando is the corresponding effect of markerThe vector of additive genetic value
| ofiofiag 8Q is supposedo benormally distributed af x 6 1O,  with mean Oand
variancecovariance structur®,, , where, points out thexdditive genetic variange andG is the
genomic marker relationship matrif/zanRaden 2008)SRN-Model 3 extends SRN-Model 2
including first order multiplicativeepistatic effect =  "Q FQ B "Q , which are modelleds
| > 0 1o, |, thatis the vector of epistatifects follows a normal distributiowith mean 0 and
epistaticadditive x additive genetic variange (MontesinosLopez et al. 2015afFinally, SRN-
Model 4 includes’Y i) AT " as linear predictors whilSRN-Model 5 extendsSRN-Model 4
including™Q effects.In the present study the aforementioti@@sholdnodels were implementeal
a Bayesian framewonksing BGLR packagéPérez and De Los Campos 20i#R 4.0.3 statistical
(Core R Team 2019)sing default prior distributions amdodifying codespublished in other studies
(MontesinosLopez et al. 2015a)

Secondly, wdandledSRNas ount data for predictinthis trait per sefitting five log-normalGP
models based on GBLUMMontesinosLépez et al. 2015b)in these five lognormal model the
response variable is the logarithm of SRhat isl | @ and were fitted using the same sets of
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linear predictorsY , 0, "Q,"Q ) described for the five extended TGBLUP modg&kle 1). In these
modelsY ,0,"Q,"Q follow the same distributions defined for the exted TGBLUP models except
for the error terms  of U replicates ifQ line, which in these modelsis* 0 mh, |, thatis the
residuals are independent and normally distributétd mean O and variange . Like TGBLUP
models,log-normal models were implemented using BGLR pack@gérez and De Los Campos
2014)in R 4.0.3 statisticg|Core R Team 2019)

3.5 Genomic prediction models fitted for SRA and TR
The five ®ts of linear predictors uséa the extendedTGBLUP modelqTable 1) wereusedfor
predictingSRA and TR measured a¥PD of 2.7 KPausingthe following models

SRA-Model : @ O - Equation 11
SRA-Model 2200 Q - Equation 12
SRA-Model 3w "Q "Q - Equation 13
SRA-Model 4.0 0O Q - Equation 14
SRA-Model 5: w0 0 Q- Equation 15
TR-Model : ® © - Equation 16
TR-Model2200 Q - Equation 17
TR-Model3:0 "Q "Q - Equation 18
TR-Model 4: 0 0 Q- Equation 19
TR-Model 5: 00 0 Q- Equation 20

where o is the adjusted mean of SRA or TR is the error term of th& measurementvith

i x 0 mh, |, that isthat the errors arindependent and identically distributedth mean 0 and
variance, . Inthese models, the linear predictorsQ, "Q follow the same distribution defined for
TGBLUP models.These five extended GBLUP modeléSRA-Model 1-5, TR-Model 1-5) were
implemented using BGLR packa¢feérez and De Los Campos 20i@R 4.0.3 statisticalCore R
Team 2019ascensored data describedth the following interval

wherew is the adjusted mean of SRA or TR computed as BLdIEs the lower bound estimat#

® computedas the differacebetweenw and 2standard deviatiag(SD) and® is the upper bound
estimateof w computedas the sunof w with 2 SD.

3.6 Crossvalidation of GP models

For the extended TGBLUP models, leareout crossvalidation was carried out and predictive
abiity was estimatedising both Brier Score @ and theproportion of cases correctly classified
(PCCC)(BRIER 1950; Montesinekdpez et al. 2015a, 202@BS was computed as follows:

|4 - B 8L z,®m, Equation 21

where Z: & -% is the average square difference betwéenpredictions and classedor
observation into categoryc. BS obtained withEquation 21 wasdivided by two in order to have a

range that varies from 0 tqBrier, G. W. 1950; Montesineisopez et al. 2015alror the other models

used in the present study (extended GBLUP anahtbgnal models), the predictive accuracy of GP
modelsvascalcula ed as t he Pearsonédés correlation coeff
adjusted meardf the trait (SRA, TRneasured aVPD of 2.7 KPa). Unlike th®earson's correlation
coefficientused for the extended GBLUP models for SRA and [d6RRer values of BS point out

higher predictive ability of the models, while higher values of BS point out lower predictive ability

of models.
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4 Results

4.1 Phenotypicdistribution and analysisof belowgroundand physiologicaltraits in the barley
MAGIC population

To assesghe phenotypic variabilityof belowground traits, the panel of MAGIC lines was
phenotyped for SRA and SRiithe seedling stagmder controlled condition$his analysis showed
thatSRN greatly varies in this population aga@inges between 2 and &ith a mean of 5 roots arad
standard deviationf 0.84 fFigure 1A; Supplementary Table 3. A linear mixed model was fitted
to analyze the raw measurements of SRA following the adopted experimental design to compute the
adjusted meanand the corresponding 95% confidence interedlSRA using lest linear unbiased
estimators (BLUES)This analyss indicated thathe phenotypic distribution of SRAange from
57.75A (genotype fAM180) to 106. 40A ( gme®Doof yp e
9.6° (Figure 1B; Supplementary Table 3. Both belowground traitsexhibit a beHlshaped
distribuion (Figure 1A and Figure 1B and particularly, for SR&hapireWilk normality test show
that the null hypothesis, that is that the adjusted mea8&A follow a normal distribution, cannot
be rejectedR-values = 0.1844).

Figure 1. Phenotypic dstribution of SRA, SRN and wholeplant TR measured at high

evaporative demandin the panel of MAGIC lines: (a) Histogram of SRNounted in the MAGIC
lines (b) Histogram of the adjusted means of SRA measured in sexagesimal dexjiasplot of

TR measured ainder high evaporative dema(®i7 KPg. Error bars point outhe 95% confidence
intervalof TR values.
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The wholeplant TRwas measureith the set of MAGIC lines at the seedling stageng increasing
VPD values ranging fror.4 to 2.7 KPaRegression of wholplant TR on VPD values was carried
out using linear and segmented models arsgjiRared was used as goodrelit measure for model
selection. Regression of whegiéant TR on VPDvaluesshows a segmented response in a large
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fraction of genotypes, whil28 MAGIC lines showa linear response of TR to increasiagels of

VPD (Supplementary Table 3. Following the results showed in previous studi8adok and
Tamang 201p we investjated the variability of TR measured at high evaporative den2an&P3,

which showed that the panel of MAGIC exhibits circa a-fe variation of TR as measured values
range from 4.6 (genot 38we M 13.6 (geQod yip eFigire11C5 0 0 )
Supplementary Table2).

4.2 Correlation of belowground and physiological traits with GY

To assesthe level ofcorrelationamong siteby-season combinationa genotype x environment
(GGE) biplot analsis was carriedising the adjusted means of G{Figure 2A). This analysis
indicatad that AdalN and FiolN show the highest environnaésimilarities, while compared to the
remaining environments, MarlN is the most dissimdaeas already substantiated ather studies
(Puglisi et al. 2021 )or assessg whetherbelovground and physiologicataits might contribute to
determiningyield formation we correlatedGY with SRN, SRA and TRheasureat high evaporative
demandcomputnBear sonés correlati on ctraits(GY, BRAlamdAR) f or
andpolyserial correlatiorcoefficient for pairs of continuous and discrete KBRraits Figure 2B).
This pairwisecorrelation analysis indicadeéhat SRN shows a positiad moderateorrelation with
SRA (r = 0.22) and a negative correlation with R measured athigh evaporative demand
(VPD=2.7 KPa)(r =-0.12), that is MAGIC lines with higher SRind totranspire less at high VPD
conditions(Figure 2B). Furthermore, TRinder high evaporative demaskowed a slight negative
correlation with GY in FiolINr =-0.16) GY in FioLN exhibiedpositive correlations with SRA and
SRN, showing values of 0.18 and 0.26, respectivEigufe 2B). Overall GY was positivdy
correlaedamongKonIN, AdalN and FiolN while ngignificantcorrelationsvereobserved between
MarIN and the remaining siteK@dnIN, AdalN, FiolN andFioLN) (Figure 2B).

Figure 2: GGE biplot of GY and pairwise correlations of SRA, SRN, GY and TR at high
evaporative demand (a) The environmentector view of the GGE biplot indicates similarities
among test environments in discriminating the genotypg®epending othetrait distribution type

(discrete or continuous) pai rwi se val ues | nal polysetidecorréladianr s o n
betweenGY, SRA, SRN and TR measuradder high evaporative demand of VPD7 KPa)
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4.3 GP modelsbased on proxy traits for nitrogen limiting conditions

Here, following the moderate correlation observed between GY obtainedimiting nitrogen
conditions and the number of seminal rdag(re 2B), we assumed that SRN might serve as a proxy
trait for predicting the performance of MAGIC lines under nitrogen deficiency and consequently the
number of seminal roots was analyzed m®w@linal categorical phenotype, that is we supposed that
genotypes exhibiting less seminal roots are more sensitive to nitrogen deficiency and vice versa.
Genotyping data of MAGIGQPuglisi et al. 2021)vere combined with SRHountedin seedlinggo
fit five threshold GP models, which include the fixed effect of refdgéall models), the effect of
lines SRN-Model 1), the effect of molecular markerSRN-Model 2), the effect of molecular
markers and epistasiSRN-Model 3), the effect of lines and molecular marke3®{\-Model 4) and
the effect of lines, markers andigiasis SRN-Model 5) (Table 1) (MontesinosLopes et al., 2015).
SRN-Model 2 represents a standard TGBLUP, wiSBRN-Model 3, SRN-Model 4 andSRN-Model
5 extend TGBLUP models for including line effects and epistd@ablé 1). The estimates of fixed
effecs and their95% confidence intervalthat is the effects of the twelve replicates used for
phenotyping SRNshowed similar values in the fivéhresholdmodels Figure 3A; Supplementary
Table 3). Similarly, the estimates of the six model threshd@ld$i 83  showed similar values
across the fivéhresholdmodels(Figure 3B; Supplementary Table 4. Overall, thefive threshold
modelsconsidered in this studghowed similar estimates of fixe effects andhreshold (Figure 3;
Supplementary Table 3; Supplementary Table %

Figure 3: Bar plots of the estimated parameters and thresholdsf SRNin SRN-Models 1-5. (a)
Posterior mean arfitb% confidence intervalf the twelve fixed effectd{, », B 1o) estimated in the
five TGBLUP models(b) Posterior mean an85% confidence intervabf thresholdparameters
(s hs 1837 ). Inboth graphs, error bars point out the postedfi® confidence intervaif parameer
values.
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The probabilities for each ordinal categorical phenoggienated in théve TGBLUP models for
the whole data set are shownhkigure 4. This analysis shows that the average probabilities for
category 5 (5 seminal rootajecirca 05 in the whole data set for dive models Figure 4) followed
by categories 6 and 4nlike the distribution estimated from raw data, these probability estimates
consider the effect of replicates but, oversitipw similar trends from the estimates obtaine@dtas
on raw frequencie@~igure 1A).
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Figure 4: Boxplots of the estimated probabilities ofSRN in SRN-Models 1-5. In each boxplot,
upper and lower hinges show thé"d%ercentiles of the estimated probabilities. Lines across boxes
point out theaverageestimated probability.
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The analysis of the estimated variance components in the five TGBLUP models fitted to SRN data
shows that overall, the total variance explainedhe five TGBLUP models is 1.07T#ble 2).
Molecular markers explain a variance of circa 0.058RN-Model 2, and of circa 0.02 iSRN-Model
3, 4 and5 (Table 2). Similarly, the variance explained by the additive x additive epistatic terms is
0.04 for theSRN-Model 3 and 0.02 for th&RN-Model 5. Overall, the molecular markers explain a
small fraction of the total variance observed for SRN in the five TGBLUP models used in the present
study.

Table 2: Estimated variance component®f SRN-Model 1-5. L indicates the estimated variance

of line effects; G is the estimated variance of marker effects while GxG points out the variance of
additive x additive epistatic effects. Numbers between brackets poithieostandard deviation of

the estimated variances.

Model L G GxG Er_ror T(_)tal
variance Variance

SRN-Model 1 ' 0.07 (0.03) 1 1.07

SRN-Model 2 0.05(0.02) 1 1.05

SRN-Model 3 0.02 (0.01) 0.04(0.02) 1 1.07

SRN-Model 4 0.04 (0.02) 0.02 (0.01) 1 1.06

SRN-Model 5 0.02 (0.01) 0.02(0.0) 0.02(0.01) 1 1.06

To assess the predictive ability 8RN-Model 1-5, leaveoneout (LOO) crossvalidation was
implemented to comput®S between predicted and observed categorical values and the proportion
of cases correctly classified (PCOGlianola and Schon 2016; Montesiflagpez et al. 2020)Cross
validation analysis points out the PCCC is circa 52% for the five models considered in the present
study Figure 5A; Supplementary Table 5. Similarly, BS points out a high predictive abilias a
value of circa 0.3 was estimatedtire five modelsKigure 5B).
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Figure 5: Predictive ability of SRN-Model 1-5 fitted to SRN: (a) Proportion of cases correctly
classifiedusingthe five TGBLUP models{b) Brier scores obtained from LOO cregalidation of
the five TGBLUP models.
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4.4 Genomicprediction of SRN using lognormal transformation of count data.

Beyond using SR asa proxy trét for predicting drought tolerance, GP modelsdount data were
fitted to predicthis traitindependently from its association with drought tolerance and performance
under nitrogen deficiency at the mature stag®ng log-normal modelsincorporating the same
combinations of linear predictors included in tdedel 1-5 (Table 1). The andysis of variance
components of thee five log-normal modelsshows t h avtodel 6o |, w h prgohate lina (L),
marker (G) and additive x additive epistaiinteraction (GxG) effects, has a lower error variance
compared to the other models considered in the present study and allows to better Figdega (
6A; Supplementary Table §. The variance of GXG is 252 % for Model 3 and .83 % for Model
5 (Figure 6A; Supplementary Table §. LOO cross validation poiabut that the predictive ability
val ues of these model s, measured wusing Pears
observed data, rang&om 035 (Model 2) to 0.79 (Model 1), while Model 3, Model 4 andModel
5 show predictive ability values of 8, 060 and 065, respectively Figure 6B; Supplementary
Table 6; Supplementary Figure 1). Overall, this analysis indicates that for SRN, models that
explicitly incorporate markemal interaction effects havegherefficiency in term of both predictive
ability and variance componerdaptured
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Figure 6: Estimated variance componentsnd prediction ability of log- normal modelsfitted to

SRN. (a) Bar plots indicated variances of each component, expressed as percentage of the total model
variance. L indicates the estimated variance of line effects; G is the estimated variance of marker
effects while GxG and fAEr r «adiitve epistatic effects and thdh e v
residual variance, respectively. Error bars point out9%f confidence intervadf the estimated

variances (b) Ba r pl ots of predictive ability wvalues
estimated and observedtausing LOOcross validatiorstrategy.
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4.5 GP models for SRA

As with lognormal models, e GBLUP counterpart of the five threshold models used for
predicting SRN were fitted to SRA. These five models incorporate the main effedtdexadtions
used for SRNTable 1) but assume that the response variable, that is SRA, is continuous and follows
a normal distribution. The adjusted means of SRA were combined wit23y®olymorphic SNPs
detected in this panel of MAGIC population totfiese extended GBLUP models. The analysis of
variance components of SRAMa&E50f i wd i mddsbnmE)os pow
marker (G) and additive x additive epistatic interaction (GxG) effects, has a lower error variance
compared to thether models considered in the present study and allows to better fiFaatee(
7A; Supplementary Table 7. The variance of GxG is 27.79 % 8RA-Model 3 and 17.81 % for
SRA-Model 5 (Figure 7A; Supplementary Table 3. LOO cross validatiopointed out that the
predictive ability values of these model s, me
predicted and observed data, range from 0SEBA-Model 2) to 0.73 SRA-Model 1), while SRA-
Model 3, SRA-Model 4 and SRA-Model 5 show pedictive ability values of 0.37, 0.49 and 0.53,
respectively Figure 7B; Supplementary Table 7; Supplementary Figure2). Like observed for
log-normal models, this analysis indicates that for SRA, models that explicitly incorporate marker
and interaction féects have higher efficiency in term of both predictive ability and variance
components captured.
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Figure 7: Estimated variance componentsind prediction ability of the SRA-Models 1-5 used to
predict SRA: (A) Bar plots indicat¢hevariances of each component, expressed as percentage of the
total model variance. L indicates the estimated variance of line effects; G is the estimated variance of

U

mar ker effects while GxG and AError o0 icefect;mt ou
and the residual variance, respectively. Error bars point ou®3be confidence intervadf the
estimated variance¢B)Bar pl ot of predictive ability val
between estimated and observed SRA.
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4.6 Models for predicting TR under high evotranspiration demand

The fivecombinations of linear predictors incorporated inr@telsfor SRAand SRN Table 1)
were usedto predict TR at a VPD of 2.7 kPaThe analysis of variance components of these five
models showedht a TR-Model 50 , wh i ¢ h sline(t)omarkes (Gaandeadditive x additive
epistatic interaction (GxG) effects, has a lower error variance compared to the other models
considered in the present study and allows to better fit Bagaré 8A; Supplementary Table 8).
The variancexplained byGxG is 2.93 % for TR-Model 3 and 5.69 % for TR-Model 5 (Figure
8A; Supplementary Table §. LOO cross validation poisout that the predictive ability values of
these model s, measured using Pearsonds correl
range from B8 (TR-Model 2) to 096 (TR-Model 1), while TR-Model 3, TR-Model 4 andTR-
Model 5 show predictive abty values of 089, 095 and 095, respectively Figure 8B;
Supplementary Table 8; Supplementary Figure R Like observed for lognormal models, this
analysis indicates that f@iR, models that explicitly incorporate marker and interaction effects have
higherperformancen term of both predictive ability anaercentagef explainedvariance.

74



Discussion

Figure 8: Estimated variance component@and prediction ability of the TR-Models 1-5 used to
predict TR under high evaporative demand (A) Bar plots indicate variances of each component,
expressed as percentage of the total model variance. L indicates the estimated variance of line effects;
G is the estimated variance of marker effects
x additive epistatic effects and the residual variance, respectively. Error bars point 8684he
confidence intervabf the estimated varianged®) Bar plot of predictive ability values expressed as
Pearsonébés correl ati on bReuhderdighrevaposative cemdne (8.7 KPa)d o
a) b)
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5 Discussion

In the present studythe phenotypic variability oSRN, SRA and TRunder high evaporative
demand was surveyemh a panel of90 MAGIC lines of barley Supplementary Table 1
Supplementary Table2). The results showed that in this genetic mateB8&N can vary from 2 to
8 (Figure 1A), consistently witlother barley studieRobinson et al. 2016; Jia ¢t 2019) Anyway,
this comparison is not straightforward as in other studies SRN has been handled as a continuous trait
and the phenotypic variability was presented using the adjusted means (BLUE or BLUP), while in
this research work, SRN was analyzedaliscrete trait.

In the literature, SRA has been measured between the first pair of semingRaluitsson et al.
2016)or between the two outmost seminal ra@ia et al. 2019)Following the original protocol, in
the present study SRA between the first pair of seminal roots has been measured@mgaison
of the phenotypidistribuion of SRA with the resultebtained in other work carried out following
the same methodologiRobinson et aR016, 2018point out that the SRA observed in MAGIC lines
has wider phenotypic distribution. Unlikee findings reported in other stud{@obinson et al. 2016)

SRA and SRN show a moderate correlation (.22) Anyway, analyzing SRN as continuous or
discrete phenotypic trait implies different assumptions that hamper the comparisons of correlations
asin our analysisSRN was considered aglecrete trait and consequenthe connectiorbetween

SRA and SRNwas assessedsing the polyserial correlationi nst ead of Pear son
coefficient Interestingly the present study indicated a moderate@ositive correlation of SRA =

0.18)and SRN(r = 0.26)with GY measured irFioLN, which is a field triafertilized with reduced
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amount of nitrogenKigure 2B). This correlatiomrmight suggest a link between the root architecture
system and the ability of barley to grow in soils with a reduced nitrogen fertilization. Anyway, this
correlation emerged in on@ttwo field trials organized with a limited nitrogen fertilization and other
studies are needed to support the link between these belowground traits measured at the seedling stag
and the ability to promote yield formation in limiting nitrogen conditions.

In recent yearsTR has been widely targetetd exploit its correlationto drought tolerance
(Schoppach and Sadok 2012, 2013; Schoppach et al.. 20a@3rtheless, in barley the analysis of
TR in response to high evaporative demand has lagged behind and to date has been investigated on :
limited panel of 25 wild barley and in one cultif&adok and Tamang 2019yhich showed that at
a VPD of circa2.7 KPa, TR ranges from circa 25to@5Q & i depending on the genotype
Our study confirms that in barley the TR at high evaporative demands is signifioarghthan the
values observed in other cereal cr¢shoppach and Sadok 2012; Sinclair et al. 2017; Tamang and
Sadok 2018)xnd that the TR measured in our MAGIC population exhiloiger valuesof TR
compared to other results obtained in barley at the same VPD y8hask and Tamang 201Hs
with SRA analysis, technical causes and the lack of common genotypes hamper the comparison of
different TR studies and absolute TR values, but it is plausible that, in general, our MAGIC population
has a lower TR response to high evaporative demand compatreziliarley genotypes investigated
in other studiegSadok and Tamang 2019)his trait showed a moderate amebative correlationf
SRN (r =-0.12) with TR (Figure 2B), indicaing that a high number of rootright decreasd'R,
which in turncould expain how in a stressful environment a high number of seminal roots can allow
greater adaptation.

Breeding for crop ideotygs specifically designed fapecific target environments and cropping
systemshas been proposed as an alternative of empirical Img€¢Dionald 1968)and different
ideotypes of diture cereal cultivars have been proposed to cope with climate c{Roger et al.

2015). Designing and breeding for crop ideotypeguiresa priori knowledge of sets dfelowground
and physiological traits that can cope witlie peculiar environmental conditionsef target
environments tancrease yieldin the present stud@gP models fotraits that are potentially relevant
for barley ideotypes for dry environments were fittisthgdifferent methodologie#\s substantiated
in several reports, in cereal crops these are important traits as they are related to draayhand
require timeconsuming phenotyping operations that cannot be easily autonh&estagingon
prediction models fodifferent types of data (continuous, count and ordjved) shoved thatSRA,
SRN and TRcan be easily predictgghving the way to characiee large plant collectioto sustain
ideotype breeding while minimizing phenotyping costs

For standard, log normal and TGBLUP models we used five sets of linear predictors, which differ
for the type of effect consideretigble 1). Specifically, we condieredmodelswith main effectand
modelstaking into accouninteractions between genetic factors (addixvadditive epistatieffec)
and we found that in general the inclusion of interaction effects brings advantages in term of model
fitting and preditive ability. For instance, these latter models showed predictive ability vaflues
0.65, 0.53 and 0.95 for SRN, SRA and TR, respectiffatyure 6; Figure 7; Figure 8). Overall we
observed thathe inclusion of additive x additiienproves model fitting in MAGIC population as it
is plausible that in these lines epistasis might easier to riekiednreich 2017; Mathew et al. 2018)

Severaltraits that are relevant fglant breedingare not normally distributed and need to be
analyzed using geial statistical techniquébontesinosLopez et al. 2015a)raits that fall in this
category argoroportion of plants that overcome a stress, disease resistance scored using discrete
scales and SRNh the present study we assumed that this latter belowground trait varies as an ordinal
discrete variable indicating the level of drought toleranceaftplat the adult stage usinGBLUP
GP models(MontesinosLopez et al. 2015aMoreover, we modedld SRN as count data fittingg-
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normalGPmodels. Using TGBLUP models, we observed that includaujtive x additive epistatic
interaction (GxG)n the set of linear predictorSRN-Model 3 andSRN-Model 5) increases the total
variance explained in theodels Table 2) pointing out thamportarce of epistasis in the genetic
architecture of this trait. These results are corroborated indagalGP models, as they benefit of
the inclusion ofdditive x additive epistatic interactiomthe set of linear predictors in term of model
fitting and predictive ability Kigure 6; Figure 7; Figure 8). Despite the lowalues of variance
explained by molecular marker§able 2), the TGBLUP modelsused to fit SRNshowed high
predictive ability values (Brier Score equals to 0.36)igure 5), highlighting that GP can be
successfully applied to traits showing low heritabiliupplementary Table 1 Supplementary
Table 2) as alreadpubstantiateth other studies carried ot plants( Zhang et al

al. 2020)andanimals(Guo et al. 2014; Iheshiulor et al. 2016)
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Supplenentary Material
7 Supplementary Material
7.1 Supplementary Figures

Supplementary Figurel: Scatter plot of prediction ability of the log-normal M odels 15 used to
predict SRN.Pear sondés <correl at

i on b etweeeeported Jot eacha t e d
model.
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Supplementary Figure 2: Scatter plot of prediction ability of the SRA-Models 1-5 used to
predict SRA.Pear sonds <correl ati

on b e tweeeeported ot eacha t e d
model.
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Supplementary Figure3: Scatter plot of prediction ability of the TR- Models 1-5 usedto predict
TR at high evaporative demandP e ar sonos

reported for each model.

estimated TR

7.2 Supplementary Tables

TR-
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TR-
Model2
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P w 0e® ®
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n

b eweree e n

Cor=0.95

12

14

Supplementary Tablel: Phenotypic data obtained for the panel of MAGIC linesFor each line,
the raw @ta of SRN was reported.aimum (Max), minimum (Min) average (Mean) valuesre
calculated at the end of the table.

Rep Rep Rep Rep Rep Rep Rep Rep Rep Rep Rep

Genotype

Aldebaran
Athene
Dea
Fridericus
Hatif de
Grignon
Ketos
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M106
M11
M118
M121
M131
M132
M136
M140
M147
M148
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NA
NA

5
5
6
5
6
5
5

6
NA

M149

NA

M150
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M154

NA

M156

M158
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M163
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5
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NA

NA

M18
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6
5
5
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5
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NA

M264

M278

M281

NA

M285

NA
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Supplementary Table2: Phenotypic data obtained for the panel of MAGIC linesFor each line,
transpiration rateneasured at wapor pressure defictf 2.70 KPa(TR), linear or segmented trend
transpiration rate (TR trendYhe adjusted means ofeminal root angle SRA) measured in
sexagesimal degre@gere reportedNumbers between bracktes point out stendard deviatioof
each measuremerftor each traitmaximum (Max), minimum (Min) average (Mean) valwesre
calculated athe end of the table.

TR SRA

CEmoeS (m] |ﬂ p oY) VRS (Sexagesimal degrees|
Aldebaran 6.76(1.6]) Linear 78.25° (31.86°)
Athene 11.63 (2.29) Linear 71.88° (26.37°)
Dea 8.69 (0.22) Segmented 87.63° (27.87°)
Fridericus 7.51 (0.93) Linear 100.66° (32.46°)
Hatif de Grignon 7.36 (4.11) Segmented 70.83° (13.91°)
Ketos 5.04 (0.99) Segmented 82.35° (16.45°)
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M101
M102
M106
M1l

M118
M121
M131
M132
M136
M140
M147
M148
M149
M150
M151
M154
M156
M158
M162
M163
M169
M177
M18

M180
M181
M190
M194
M200
M201
M215
M216
M22

M224
M233
M237
M242
M246
M253
M254
M258
M259
M262
M264
M278
M281
M285

NA
NA
9.67 (1.6)
NA
5.98 (2.48)
8.59 (2.83)
8.27(6.79
4.08 (0.51)
6.13(0.66)
11.57 (0.26)
5.75 (2.07)
NA
4.63 (0.67)
13.6 (2.36)
7.82 (3.14)
6.2 (1.12)
9.8 (0.56)
5.18 (1.43)
9.27 (4.37)
5.98 (1.12)
9.42 (1.8)
6.78 (1.32)
6.54 (0.28)
9.57 (1.7)
7.66 (0.61)
8.25 (1.82)
5.53 (0.96)
10.83 (1.98)
7.85(1.08)
NA
6.79 (1.16)
6.3 (1.22)
9.85 (3.14)
7.1 (3.5)
5.38 (1.11)
6.22 (0.33)
9.08 (4.49)
6.47 (1.35)
7.64 (0.53)
10.78 (0.54)
9.2 (3.75)
6.29 (1.05)
NA
9.22 (6.03)
5.72 (1.81)
6.05 (0.35)

NA
NA
Segmented
NA
Linear
Linear
Segmented
Segmented
Segmented
Linear
Segmented
NA
Segmented
Segmented
Segmented
Segmented
Segmented
Linear
Segmented
Segmented
Linear
Segmented
Segmented
Segmented
Segmented
Segmented
Segmented
Segmented
Segmented
NA
Linear
Segmented
Linear
Segmented
Linear
Segmented
Linear
Segmented
Segmented
Segmented
Segmented
Segmented
NA
Segmented
Segmented
Linear
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NA
NA
92.88° (29.84°)
NA
80.59°(15.79°)
96.26° (13.66°)
84.74° (26.34°)
105.83° (13.71°)
104.03° (12.87°)
98.69° (27.41°)
85.14° (28.89°)
NA
86.39° (26.38°)
73.88° (24.52°)
105.06° (30.47°)
81.5° (18.1°)
76.17°(18.02°)
80.93° (17.78°)
87.87° (30.9°)
80.86° (22.91°)
96.84° (35.14°)
87.86° (28.1°)
57.75° (28.91°)
82.85° (18.33°)
75.95° (37.33°)
89.04° (19.21°)
88.43° (22.19°)
80.87° (32.99°)
88.72° (20.67°)
95.58° (31.11°)
82.09° (41.83°)
80.81° (38.32°)
79.39° (19.19°)
72.1° (19.02°)
93.14° (25.78°)
86.99° (23.44°)
78.82° (22.03°)
92.4° (28.79°)
86.13° (17.98°)
91.09° (26.07°)
83.3° (24.15°)
78.59° (24.21°)
88.27° (17.23°)
74.83° (13.68°)
72.82° (27.13°)
87.22° (23.97°)
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M287
M288
M289
M298
M299
M30
M304
M313
M314
M321
M324
M328
M332
M338
M339
M345
M349
M350
M355
M357
M36
M365
M373
M374
M376
M382
M383
M42
M52
M53
M68
M78
M84
M92
M95
Ponente
Rihane03
Robor

Statistical
parameters

88

Mean (SD)

Max
Min

7.55 (2.29)
7.22 (2.42)
7.92 (0.25)
6.48 (1.55)
8.4 (2.63)

7.19 (0.44)
5.44(1.86)
5.7 (1.27)

9.51 (2.46)
8.87 (2.29)
7.54 (2.53)
7.29 (0.89)
6.96 (2.12)
8.52 (3.83)
6.34 (2.66)
6.14 (1.15)
8.09 (2.1)

4.84 (0.23)
8.58 (1.75)
6.67(0.72

7.17 (2.21)
8.66 (2.58)
6.63 (3.37)
4.91 (1.62)
9.75 (2.7)

4,05 (0.96)

10.59 (5.17)

10.7 (2.1)
6.46 (2.04)
NA
7.89 (1.39)
8.11 (0.68)
4.93 (0.2)
5.4 (1.4)
9.64 (4.71)
9.44 (4.2)
NA
5.59 (0.27)
7.63
(1.99)

13.6
4.08

Segmented
Segmented
Segmented
Linear
Segmented
Segmented
Segmented
Segmented
Segmented
Linear
Segmented
Segmented
Segmented
Segmented
Segmented
Linear
Segmented
Linear
Segmented
Linear
Linear
Segmented
Segmented
Linear
Segmented
Linear
Linear
Linear
Linear
NA
Linear
Segmented
Linear
Linear
Segmented
Segmented
NA
Linear

/

/
/

87.6° (22.25°)
104.5° (44.59°)
95.83° (12.55°)
87.07° (25.29°)
88.31° (23.65°)
87.68° (30.76°)
90.19° (29.96°)
87.68° (22.78°)
105.32° (20.61°)
91.55° (20.34°)
106.4° (31.21°)
77.79°(25.49°)
88.96° (15.21°)
80.58° (27.34°)
85.47° (18.24°)
99.37° (22.49°)
77.41° (24.34°)
92.29° (19.98°)
94.25° (17.99°)
71.9° (32.73°)
91° (20.5°)
92.65° (28.82°)
90.7° (29.11°)
79.74° (29.34°)
85.51° (23.17°)
89.87° (18.59°)
87.06° (21.57°)
85.5° (17.51°)
78.55° (27.04°)
95.83° (16.36°)
85.97° (25.48°)
90.99° (18.97°)
74.27° (25.71°)
85.33° (30.05°)
79.87° (27.96°)
87.45° (21.54°)
NA
88.5° (19.38°)
86.51°
(9.06°)

106.40°
57.75°
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Supplementary Table 3: Estimated parametersof the SRN-Models 15 used to predict SRN
Posterior average (Mean) values along with the standard deviation (SD) between brackets of fixed

D1, 2, P& 12)fvere estimated.

effects
Model b1 b2
SRN- | -090 -1.15
Model 1 (0.41) (0.42)
SRN- | -068 -0.94
Model 2 (0.35) (0.36)
SRN- | -088 -1.14
Model 3 (0.39) (0.40)
SRN- | -093 -1.19
Model 4 (0.38) (0.39)
SRN- | -081 -1.07
Model 5 (0.33) (0.34)

b3 D4

096  -1.25
(0.41)  (0.43)
-0.75  -1.03
(0.36)  (0.37)
095 -1.23
(0.40)  (0.41)
-1.00  -1.28
(0.39)  (0.40)
-0.88  -1.16
(0.34)  (0.35)

bs be

-1.30
(0.43)
-1.08
(0.37)
-1.28
(0.41)
-1.33
(0.40)
-1.21
(0.35)

-1.18
(0.43)
-0.96
(0.37)
117
(0.41)
121
(0.40)
-1.10
(0.35)

b7 bs

-1.30  -1.33
(0.43)  (0.43)
-1.08  -1.12
(0.37)  (0.38)
-1.28  -1.33
(0.41)  (0.41)
-1.33  -1.37
(0.40)  (0.41)
-1.22 | -1.25
(0.35) | (0.35)

o

-1.32
(0.43)
-1.10
(0.37)
-1.31
(0.41)
-1.36
(0.40)
-1.24
(0.35)

141 -1.53
(0.43)  (0.44)
119 -1.32
(0.37)  (0.38)
140 -1.52
(0.41)  (0.42)
145  -157
(0.40)  (0.41)
-1.33  -1.45
(0.35) | (0.35)

-1.62
(0.44)
-1.40
(0.38)
-1.61
(0.42)
-1.66
(0.41)
-1.55
(0.36)

Supplementary Table 4. Estimated thresholds of the SRN-Models 15 used to predict SRN
Posterior average (Mean) values along with the standard deviation (SD) between brackets of threshold

parameters’ (i 88 ) were calculated.
Model izl fi7) fze) Ji! 55 6

M%§:1 -3.77 (0.47)
M%Z{:z -3.52 (0.40)
MSOIEEII-B -3.76 (0.44)
MSOF;: , -381(043)
MSOFSQILS -3.70 (0.37)

-3.09 (0.46)
-2.85 (0.39)
-3.07 (0.43)
-3.13 (0.42)

-3.01 (0.35)

-2.11 (0.45)
-1.88 (0.38)
-2.10 (0.42)
-2.15 (0.41)

-2.03 (0.35)

-0.72 (0.41)
-0.50 (0.36)
-0.71 (0.39)
-0.75 (0.39)

-0.63 (0.33)

1.13(0.17) 1.30 (0.10)
1.21(0.14) 1.34 (0.07)
1.13(0.17) 1.31(0.10)
1.11 (0.16) 1.30 (0.10)

1.17 (0.13) 1.32 (0.08)

Supplementary Table 5. Prediction ability of the SRN-Models 15 used to predict SRN
Proportion of cases correctly classifi@@ICCC)using five TGBLUP models; Brier scores obtained
from LOO crossvalidation of the five TGBLUP models. For each model, maximum (Max), minimum
(Min) average (Mean) values along with the standard deviation (SD) between brackets were

calculated.

Prediction ability by Brier

Proportion of cases correctly classified

Score (PCCQC)

Max Mean Min
M?)Ele\h 0.65 0.36 (0.08) 0.21
Msolzle\ll-z 0.65 0.36 (0.08) 0.21
MSO|32||_3 0.65 0.36 (0.08) 0.21

Correctly predicted

451 (47.93%)
494 (47.50%)

491 (47.82%)

Incorrectly predicted

490 (52.07%)
447 (52.50%)

450 (52.18%)

89



Chapter 3

SRN-

0 0
Model 4 0.65 0.36 (0.08) 0.21 491 (47.82%) 450 (52.18%)
SR 0.65 0.36 (0.08) 0.21 490 (47.93%) 451 (52.07%)
Model 5 ' ' ' : 9570 .07%

Supplementary Table 6: Prediction ability by Pearson correlation and Estimated variance
componentof the log-normal Models 15 used to predict SRN Genomic heritability Pearson
correlation between estimated and observed SRN using LOGwaldation of the five extended
GBLUP models; L indicates the estimated variance of line effects; G is the estimated variance of
marker effects while GxG points out the variance of additive x additive epistatic effects. Numbers
between brackets point out the standard deviation (SD) of tineaésd variances.

Genomic  Prediction ability Estimated variance component
heritability by Pearson Error Total

H? (h?) correlation L G Gx variance Variance
Model 1 0.50 0.79 (gig) (gi;) 0.75
Model 2 0.36 0.35 (838) (gi(])') 0.80
Model 3 0.51 (0.23) 0.53 (8:32) (8:35) (8:?‘;) 0.80
wowels oz os 02 01 0T o
Model 5 0.58 (0.38) 0.65 0151 0151 016 | 0.33 0.79

(0.07) (0.09) (0.07)  (0.11)

Supplementary Table 7: Prediction ability by Pearson correlation and Estimated variance
component ofthe SRA-Models 15 used to predict SRA: Genomic heritabilityPearson correlation
between estimated and observed SRA using LOO cross validation stratdgy fofe extended
GBLUP models; L indicates the estimated variance of line effects; G is the estimated variance of
marker effects while GxG points out the variance of additive x additive epistatic effects. Numbers
between brackets point out the standardiation (SD) of the estimated variances.

Genomic  Prediction ability Estimated variance component

Model | heritability by Pearson Error Total

Hz (h?) correlation L G GXG | | ariance | Variance
Msc)lzg-l 0.5 0.73 (4113232) (4113:23) 88.72
MSOEQI-Z 0.32 0.19 (ﬁ:gg) (fgifg 98.70
MSOEQI-S 0.45(0.2) 0.37 (280..9247) (ﬁ:gg) (5133:32) 99.23
vodera 0% 049 (r07) 859 e1n %52
o mom  osm  HB HT U an g
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Data Availability Statemen:

Supplementary Table 8: Prediction ability by Pearson correlation and Estimated variance
component ofthe TR-Models 15 used to predict TR at high evaporative demand:Genomic
heritability; Pearsorcorrelation between estimated and observed TR using LOO-\abdation of

the five extended GBLUP models; L indicates the estimated variance of line effects; G is the estimated
variance of marker effects while GxG points out the variance of additivditivedepistatic effects.
Numbers between brackets point out the standard deviation (SD) of the estimated variances.

Genomic | Prediction ability Estimated variance component

heritability by Pearson Error Total
H2 (h?) correlation L = T e v
TR- 0.49 0.31 0.32
Model 1 0.96 (0.10) ©011) 203
TR- 0.3 0.22 0.49
Model 2 0.68 (0.08) ©0o09) 272
TR-  0.41(0.19) 014 016 042
Model 3 0.89 0.06) (0.07) (0.10) 073
TR- 0.49 021 013 0.34
Model 4 0.95 (0.09) (0.05) ©010) 20
TR- 0.5 (0.35) 0.05 015 010 011 034 .
Model 5 (0.08) (0.05 (0.05) (0.10)

8 DataAvailability Statement

The data underpinning the results presentedisnmanuscripare available from the authors upon
request.
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General Conclusions

The resultgpresented in ik research worlhave contributedo acquiring new knowledge in the
field of genomic predictionParticularly, the present work has demonstratedgdadmic prediction
can be successfully appliedMAGIC populatiors as, in general, models fitted to these populations
show high predictive ality and explain a large fraction of the observed phenotypic variability
(Figure 1; Chapter 2). To date, actual breeding programs that implement genomic prediction are
focused on grain yield. 'Chapter 3, we have shown that genoraaabled prediction cabe
successfully applied toelowgroundseminal root number and seminal root anglej physiological
(Transpiration rate at high evaporative demand of VPD) traits paving the way for using this
methodology to other traits of agronomic interest. Interelstirayir empirical analysisGhapter 2)
shows that limited panel of 90 lines large enough to fit genomic prediction models with high
predictive ability(Figure 1). This latter finding might potentially facilitate the use of MAGIC and
genomic predictiom real breeding programs, where optimal traffs between costs and advantages

are desirable.

Figure 1: Flowchart of genomic predictionfor grain yield, seminal root number, seminal root
angle and transpiration rate at high evaporative demand of VPDlevelop for 8way MAGIC
population lines investigated in this Ph.D. thesisChapter 2 and Chapter 3 are highlighted by blue
andgreencolors, respectively.

+ Chapter2 ‘ Barley 8-way MAGIC population development ‘ o e
* Chapter3 352 MAGIC lines + 8 founder lines ERve-c i
L N -
’ Optimized training population ; 3
90 MAGIC lines + 8 founder lines e
Genomic prediction N
Single Cﬂ"'i;";lerl':;"cm grain Multi e"”:ﬁ"[zmnl grain . Seminal root number ‘ Seminal root angle l\;'j:::::::i':l:i[(l':_l]l';::;li“[l.l.]'\iul!ll)
e LTI TTTES mtﬂjtﬂj il -
g::: TTTTTTTT E——, E IIIII HHL l- ik L II
- -iiii-n-llll . DIIID L.ﬂmﬂ .IIH Llﬂmm
% | l ‘Fi\‘l'f“ - -I "
d | e e L 1 H H
e

To date MAGIC populationhave been used to map QTL and have been limited impact on actual
plant breeding programs. Moreover, MAGIC lineave never been used along witienomic
predictionmethodology: as shown in the present wdhks approacimight allowrecyclingdatafor
seveal breeding populatisderived from the same parents used for constructing MAGIC lines.
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In cereal crops, direct selection fpain yieldand aboveground traits has been used as the method
of choice to select and develop superior genoty@s empiical analyses showed that GP models
can be used to predigtain yield,across an ample range of ditg-season combinatiormdsite-by-
seasorby-managementcombinatios characterized by different temperature and precipitation
patternswith values of prdictive ability thatrange betweef.25and0.6 for both single and muki
environmentsKigure 1).

In droughtprone or stressful environments direct selection based on grain yield is largely
ineffective because this trait exhibits, in general, low leeélseritability, which in turn does not
allow to realize the desired rate of genetic §aitulti-environment genomic prediction models allow
the evaluation of GXE interaction and contribute selectingYiglding genotypes. Alternatively, for
harshenvironments, indirect selection, that is the selection of grain yield by scoring one or more
directly correlated secondary traits, is an alternative approach. This methodology could be used for
breeding ideotypes designed for specific target environnarmdscropping systems and has been
proposed as an alternative of empirical breetliBifferent ideotypes of future cereal cultivars have
been proposed to cope with drought and climate ctaBgsigning and breeding for crop ideotypes
require a priori kowledge of sets of belowground and physiological traits that can cope with the
peculiar environmental conditions of target environments to increase yield. For instance, crop
simulation models have pointed out that the belowground and physiologicanvagsigated in this
research study can both increase grain yield and cope with drought tolerancesawiaigistrategy,
and thermal stress in stressful environments. Phenotyping these traits is time consuming, and no tools
have been used to predict thésegets quickly and for a large panel of lines. For this reason, despite
they are key element to support varietal innovation and indirect selection, they are rarely used in
breeding programs. Our empirical analysis showed that genomic prediction modbés uwsed to
predict seminal root number (0.36 and 0.58 of brier score and of Pearson correlation, respectively),
seminal root angle (0.46 of Pearson correlation) and transpiration rate (0.94 of Pearson correlation)
(Figure 1).

Recently,the evaluation ofmultiple traits in multiple environments is prompting breeders to
implement the use of midtraits genomic prediction modelBhese modelbave beemised to predict
agronomic and malting qualiin barley since in some caseshe selectioris based ornradeoffs
among theagronomictraits of interestTherefore,it might be interesting tamplementmulti-trait
genomic predictiormodelsusing the traits investigated in this research workeonchmark single
and multitrait modelsThe GP models implementén Chapter 3, probably could be able to predict
the grain yieldof the breeding population @hapter 2. Conversely, these models would allow to
predict thegrain yieldstarting frombelowgroundand physiological traits.

lLalil A, NovoselDrwizineD, GKo vBaalbe vii |D20104Bendti¢ ghin dnd seléction j k o v
criteria effects on yield and yield components in battlégrdeum vulgare LJPeriod Biol 112:311316.

2 Samarah. NH2005 Effécts of drought stress on growth and yield of baxlefgron Sustain Dev Springer
Verlag/EDP Sci 25:148.49. https://doi.org/10.1051/agro

3Donald CM 1968 Thi breeding of crop idéypes. Euphytica 17:386403. https://doi.org/10.1007/BF00056241

4 Rotter RP, Tao F, Hohn JG, Palosuo2015 Use of crop simulation modelling to aid ideotype design of future
cereal cultivarg. J Exp Bot 66:34638476.https://doi.org/10.1093/jxb/erv098

5 Bhatta, M, Gutierrez L, Cammarota C, Cardozo F, German S, GGuemero B, Pardo M F, Lanaro V, Sayas M,
and Castro A J. 202GMulti-Trait Genomic Prediction Model Increased the Predictive Ability for Agronomic and
Malting Quality Traits in Barley (Hordeum Vulgare &.553: Genes, Genomes, Genetics 10(3):1243
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Annex 1: R scriptimplemented

R script

1 GBLUP for GY - Single Environment

rm(list = Is())
install.packages(pkg= "BGLR", repos= "https://cran.r - project.org/
library (BGLR)

####loading genotypic SNP dataset

SNP_data <- read.csv( "/MyFiltred SNP.csv" )

####loading phenotypic GY dataset BLUPs

data < - read.table ("/MyBLUPs.csv" , sep="," ,header= TRUE
na.strings= "NA")

###deleting monomorphic SNP

SNPdata[ ,-1] <- SNP_data[, 1][vapply(SNP_data[, - 1], function(x)
length(unique(x))> 1, logical(  1L))]

data$Samples < - toupper(data$Samples)

SNP_data$Samples <- toupper (SNP_data$Samples)
data$Samples < - gsub ("*M[O}{1}" , "M", data$Samples)
data$Samples < - gsub ("M0", "M", data$Samples)

data < - data[complete.cases(data),]

data$Samples < - as.character(data$Samples)

SNP2 < merge (data, SNP_data, by.y = "Samples" )

SNP3 < SNP2[, -c(1, 2)]

y <- SNP2$BLUPs

##H#EXample of Random Cross Validation strategy

yNA <- SNP2$BLUPs

set.seed( 129)

tst< - sample( 1:n, size=round(n/ 3,0), repla ce=FALSEH
yNA[tst] < - NA

ite< -52000

bur<- 6000

t<-1

#H#H#Parametric Random Regression
#Bayesian ridge regression (BRR)

cor_unpred < - cor(fm$yHat[ -tst],y[ -tst])

##H#H#Semi Parametric Regression

#Reproducing kernel Hilbert space ( RKHS)
X <- scale (SNP3, center= TRUEscale= FALSH
D <- (as.matrix(dist(X, method= ‘euclidean’ )™ 2)Ip

ETA <- list(list(X=SNP3, model= "BRR"))
fm <- BGLR(y=yNA, ETA=ETAnlter=ite, burnin=bur,thin=t, saveAt= 'BRR ')
cor_pred < - cor(fm$yHat[tst], y[tst],use= "pairwise.complete.obs" )
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h<- 05

K<- exp( -h*D)

ETA< list(list(K= K, model= 'RKHS"))

fml<- BGLR(y= yNA, ETA= ETA, nlter= ite, burnin= bur, thin=t, saveAt=

'RKHS_h=0.5_")
cor_predicted < - cor(fml$yHat[tst], y[tst])
cor_unpredicted < - cor(fml$yHat] -tst],y[ -tst])

#Genomic Best Linear Unbiased Prediction (GBLUP)
#Van Raden Matrix

G< tcrossprod(X)/n

ETA< list(list(K= G, model= 'RKHS"))

fm2<- BGLR(y= yNA, ETA= ETA, nlter=ite, burnin= bur, thin=t, saveAt=
'RKHS ")

cor_predicted< - cor(fm2%y Hatltst], y[tst])
cor_unpredicted< -cor(fm2$yHat[ -tst],y[ -tst])

2 GBLUP for GY - Multi Environment

rm(list = Is())
install.packages(pkg = "BGLR", repos =  "https://cran.r - project.org/” )
library  (BGLR)

####loading genotypic dataset
SNP_data <- read.csv( "/MyFiltred SNP.csv" )
####loading phenotypic GY dataset BLUPs

training_pop < - read.table ( "/MyBLUPs.csv" ,sep= "" ,header= TRUE
na.strings = "NA")

SNP_data <- data.frame(SNP_data, stringsAsFactors = FALSH

Samples <- rownames(SNP_data)

SNP_data <- data.frame(Samples, SNP_data, stringsAsFactors = FALSH

SNP_data <- SNP_data[SNP_data$Samples %in% training_pop,]
####deleting monomorphic SNP

SNP_data[, - 1] < - SNP_data[, 1][vapply(SNP_data[, - 1], function(x)
length(unique(x))> 1, logical(  1L))]

X <- scale (SNP_data[, -1],)

X <- scale (SNP_data[, -1],center= TRUEscale= TRUE #G BLUP kernel (GB)
GB < tcrossprod(X)/ncol(X)

Zg <- model.matrix(~factor(pheno_genol$Entry) -1)

Ze <- model.matrix(~factor(pheno_genol$Location) -1)

K1<- Zg %% GB %*%t(Zg)

ZEZE < tcrossprod(Ze)

K2 <- KI1*ZEZE

ite < - 80000
bur < - 10000
t< -1
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CC&EOOET C-9d -O&IO0H | AT O+ 1 AET CAT T OUPEA A A4

ETA <- list(ENV=list(X=Ze, model= "FIXED"), Grm=list(K=K1, model= "RKHS",
dfo0 = 0.00001, SO= 0.0001))
y < - scale(pheno_genol$BLUP, center = TRUEscale = TRUE)

fm_MM_FIXED < BGLR(y=y, ETA=ETA, nlter= ite , burnin= bur, thin= t, saveAt
= "MM__"df0= 0.00001,S0= 0.0001)

CC&EOOET Cc-vd@ -OEIOOH | AT Ot OET CI A OAOEAT AA ' ¢
ETA <- list(ENV=list(X=Ze, model= "FIXED"), Grm = list(K=K1, model =
"RKHS', df0 = 0.00001, SO= 0.0001), EGrm = list(K=K2, model= "RKHS",
dfo = 0.00001, SO= 0.0001))

y < - scale(pheno_ genol$BLUP,center= TRUEscale=  TRUE
fm_MDs_FIXED < BGLR(y=y, ETA=ETA, nlter= ite , burnin= bur, thin= t,
saveAt= "MDs",dfo = 0.00001,S0= 0.0001)

C ¢ &EOOET C-EBvircbmedtEenvironment - specific variance GXE

CAAGEAOQOETT 11T AAT 2 s5-8$A%
ETA<Ilist(ENV=lis t(X=Ze, model = "FIXED",df0=  0.00001,S0= 0.0001),
Grm=list(K=K1, model =  "RKHS" df0 = 0.00001,S0= 0.0001))

for (k in 1:nEnv) {
ZEE <- matrix( 0, nrow = nrow(Ze), ncol = ncol(Ze))
ZEE[K] < - Ze[K]
ZEEZ < (ZEE %*%t(Ze))
K3 <- KI*ZEEZ

ETA[[k+ 2]] < - list (K=K3, model= "RKHS" df0 = 0.00001,S0= 0.0001)
}
y <- scale(pheno_genol$BLUP,center=  TRUEscale=  TRUE
fm_MDe_FIXED < BGLR(y =y ,ETA = ETA, nlter = ite , burnin = bur, thin=
t,df0= 0.00001,S0= 0.0001,saveAt= "MDe ")

3 TGBLUP for BGTs

rm(list = Is())

install.packages(pkg = "BGLR", repos =  "https://cran.r - project.org/” )
install.packages(pkg = "measures” ,repos = “https://cran.r - project.org/” )
install.packages(pkg = "matrixcalc" ,repos= "https://cran.r - project.org/" )

library  (BGLR)

library  (measures)

library  (matrixcalc)

####loading genotypic dataset

SNP_data <- read.csv( "/MyFiltred_SNP.csv" )

####loading phenotypic categorical dataset from raw data

data < - read.table( "/MyCategorical Variable SRN.csv" ,sep= """ , header
= TRUENa.strings = "NA")

data$Rep < - as.factor(data$Rep)

data$SRN <- as.factor(data$SRN)
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####subset SNP data to select only genotypes with phenotypic records
SNP_data _filtered < - SNP_data[SNP_data$Samfes %in% data$Geno,]
data_filtered < - data[data$Geno %in% SNP_data_filtered$Samples,]
length(unique(data_filtered$Geno))

data_filtered$Geno < - factor(data_filtered$Geno, ordered = T)

####deleting monomorphic SNP

SNP_data_filtered], - 1]< - SNP_data_filtered], 1][vapply(SNP_data_filtered

[, - 1], function(x) length(unique(x))> 1, logical(  1L))]

SNPscaled <- scale (SNP_data_filtered], - 1], scale = TRUEcenter=  TRUE

#KL line matrix

ZL<- model.matrix(~factor(data_filtered$Geno) -1)
KL< tcrossprod (ZL)

#KG marker covariate matrix

GB<tcrossprod(SNPscaled[, - 1])/ncol(SNPscaled], -1))
KG< ZL %*%GB %*%t(ZL)

#KGG additive x additive epistasis matrix
GA<hadamard.prod(GB,GB)

KGG<ZL %*%GA %*%t(ZL)

ite< - 52000
bur < - 6000
t<-1

BS<- ™

####Model used to fit the dataset based on KL
#H###EXample of Leave - one- out (LOO) Cross Validation approach
ETAL < list(list(~factor(Rep), data= data_filtered, model ="FIXED"),
list(K=KL, model=  "RKHS")
for (i in1 :length(SNP_data_filtered$Samples)){
yNA <- data_filtered$SRN
tst< - which(data_filtered$Geno == SNP_data_filtered$Samplesi])
yNA[tst] < - NA
print(SNP_data_filtered$Samplesli])
fml <- BGLR(y=yNA, response_type = “ordinal® , ETA = ETAL, nlter = ite,
burnin= bur, thin=t, saveAt = "Model_1")
probs < - fml$probs]tst,]
BS2 <- multiclass.Brier(probs, data_filtered$SRNJtst])/ 2
BS <- ¢(BS, BS2)
write.table(BS, "BrierScore_ SRN_LOO_Modell.txt" )
}

#H##Model used to fit the dataset based on KG

#H###ExXample of Leave -one- out (LOO) Cross Validation approa ch

ETA2 < list(list(~factor(Rep), data=data_filtered, model= "FIXED"),
list(K=KG, model= "RKHS")
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for (i in1 :length(SNP_data_filtered$Samples))X{

yNA <- data_filtered$SRN

tst< - which(data_filtered$Geno == SNP_data_filtered$Samplesi])
yNA[tst] < - NA

print(SNP_data_filtered$Samplesi])

fml <- BGLR(y=yNA, response_type = ‘“ordinal" , ETA = ETAZ2, nlter = ite,

burnin= bur, thin=t, saveAt = "Model_2")

probs < - fmil$probs[tst, ]

BS2 <- multiclass.Brier(probs, data_filtered$SRN[tst])/

BS <- ¢(BS, BS2)

write.table(BS, "BrierScore_ SRN_LOO_Model2.txt" )
}

#H##Model used to fit the dataset based on KG and KGG
####H#Example of Leave - one- out (LOO) Cross Validation approach
ETA3 <- list(list(~factor(Rep), data=data_filtered, model=
list(K=KG, model= "RKHS", list(K=KGG, model=  "RKHS")
for (i in1 :length(SNP_data_filtered$Samples)){
yNA <- data_filtered$SRN
tst< - which(data_filtered$Geno == SNP_data_filtered$Samples]i])
yNAJtst] < - NA
print(SNP_data_filtered$Samplesii])

"FIXED"),

fml <- BGLR(y=yNA, response_type = ‘“ordinal" , ETA = ETA3, nlter = ite,

burnin= bur, thin=t, saveAt = "Model_3")

probs < - fm1$probs]tst,]

BS2 <- multiclass.Brier(probs, data_filtered$SRN[tst])/

BS <- c(BS, BS2)

write.table(BS, "BrierScore_SRN_LOO_Model3.txt" )
}

####Model used to fit the dataset based on KL and KG
####EXample of Leave - one- out (LOO) Cross Validation approach
ETA4 < list(list(~factor(Rep), data=data_filtered, model=
list(K=K L, model= "RKHS"), list(K=KG, model= "RKHS")
for (i in1 :length(SNP_data_filtered$Samples)){
yNA <- data_filtered$SRN
tst< - which(data_filtered$Geno == SNP_data_filtered$Samplesi])
yNA[tst] < - NA
print(SNP_data_filtered$Samplesi])

"FIXED"),

fml <- BGLR(y=yNA, response_type = “ordinal® , ETA = ETA4, nlter = ite,

burnin= bur, thin=t, saveAt = "Model 4")
probs < - fm1$probs]tst,]
BS2 <- multiclass.Brier(probs, data_filtered$ SRNtst])/
BS <- ¢(BS, BS2)
write.table(BS, "BrierScore_ SRN_LOO_Model4.txt" )
}

2
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##H#H#Model used to fit the dataset based on KL and KG and KGG
#H##EXxXample of Leave -one- out (LOO) Cross Validation approach
ETAS < list(list(~factor(Rep), data=data_filtered, model= "FIXED"),
list(K=KL, model= "RKHS, list(K=KG, model= "RKHSY, list(K=KGG,
nodel= "RKHSY)
for (i in1 :length(SNP_data_filtered$Samples)){
yNA <- data_filtered$SRN

tst< - which(data_filtered$Geno == SNP_data_filtered$Samplesi])

yNA[tst] < - NA

print(SNP_data_filtered$Samplesii])

fml <- BGLR(y=yNA, response_type = ‘“ordinal® , ETA = ETADS, nlter = ite,
burnin= bur, thin=t, saveAt = "Model_5")

probs < - fm1$probs]tst,]

BS2 <- multiclass.Brier(probs, data_filtered$SRN][tst])/ 2

BS <- c(BS, BS2)

write.table(BS, "BrierScore_ SRN_LOO_Model5.txt" )
}
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