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Sazetak

PSenica (Triticum aestivum L.) je jedna od najvaznijih biljnih vrsta za proizvodnju
hrane u svijetu te najvazniji izvor proteina i energije u ljudskoj prehrani. Kakvoc¢a pSenice
odreduje se na osnovi mnogobrojnih svojstava, a jedan od najvaznijih €imbenika koji utjeCe
na reologiju tijesta je sadrzaj glutena i njegova kakvoéa. Reoloski profil tijesta moze se
odrediti miksografom koji se zbog male koli€¢ine brasna potrebne za analizu pokazao
prikladnim za koridtenje u oplemenijivanju p3enice, osobito u ranim generacijama kada
velike koli¢ine zrna nisu dostupne. Buduci da vecina svojstava kakvoce p$enice pokazuje
slozene obrasce nasljedivanja, oplemenjivanje na kakvocu, a posebno na pekarsku
kakvocu, jedan je od najzahtjevnijih izazova u oplemenjivanju pSenice. Ciljevi ovog
istrazivanja bili su procijeniti utjecaj interakcije genotip x okoliS i mogucnost koriStenja
genomske selekcije za svojstva kakvoée zrna psSenice kako bi se postigla u€inkovitija
selekcija za navedena svojstva te smanijili potencijalni troSkovi genotipizacije i fenotipizacije
u oplemenijivackom procesu.

U istrazivanju su koridtene dvije biparentalne (RIL) populacije pSenice dobivene
krizanjem roditeljskih sorti Bezostaya-1 x Klara (BK) i Monika x Golubica (MG). Poljski
pokusi su provedeni na dvije lokacije u Hrvatskoj tijekom tri godine. U svakom od okolisa
odredene su vrijednosti sadrzaja proteina (GPC), sadrzaja vlaznog glutena (WGC) i
hektolitarske mase (TW). Reologija tijesta analizirana je pomoc¢u miksografa, a Cetiri
varijable su odabrane za daljnju statisticku analizu (MPT, MTW, MTI, MPH). Interakcija
genotip x okoli§ analizirana je pomo¢u AMMI modela. RR-BLUP model koristen je kako bi
se utvrdila potreba za optimizacijom trenazne populacije na osnovi fenotipske varijance, te
ispitao utjecaj veli¢ine trenazne populacije i gustoée biljega na toCnost predvidanja
genomske selekcije, a analize su provedene za svih sedam svojstava u obje populacije. Za
utvrdivanje utjecaja veli€ine trenazne populacije na to€nost predvidanja koriStene su tri
razliCite veli€ine trenazne populacije. Kako bi se utvrdio utjecaj gustoce biljega, genomska
selekcija za sva svojstva provedena je koristenjem cijelog skupa biljega te polovice skupa
biljega. U¢inkovitost RR-BLUP modela usporedena je s u€inkovitoS¢u sedam drugih modela
za predvidanje svojstava kakvoce.

Analiza interakcije genotip x okoli5 pokazala je odredene zajedniCke obrasce za
dvije promatrane populacije. Za GPC, WGC i TW dominantan izvor fenotipske varijacije bio
je okoli§. Na MPT i MTW dominantan utjecaj imala je interakcija genotip x okoli§ u BK i
genotip u MG populaciji, dok je na MTI i MPH dominantan ucinak imao okoli§ u BK i
interakcija genotip x okoli§ u MG populaciji. Opéenito, utjecaj interakcije genotip x okolis
imao je vazniju ulogu za svojstva miksografa u odnosu na ostala promatrana svojstva.
Analizom AMMI2 biplota utvrdeni su neki Siroko prilagodeni RIL-ovi. Za sva svojstva
utvrdene su uglavnom visoke vrijednosti heritabilnosti. Smanjenje veli€ine trenazne
populacije imalo je negativan u€inak na dobivenu to¢nost predvidanja genomske selekcije
za sva promatrana svojstva u obje populacije. Dobiveni rezultati nisu podrzali optimizaciju
trenazne populacije na temelju fenotipske varijance. Takoder je primije¢eno da to¢nost
predvidanja moze znacajno varirati izmedu okoliSa. Kada se usporedi utjecaj razlicitih
gustoCa billega na sposobnost predvidanja svojstava kakvoce unutar MG populacije,
vrijednosti to¢nosti predvidanja dobivene koridtenjem vece gustoce biljega bile su vise u
svim slu€ajevima. Za vec€inu kombinacija svojstvo-okolis model elasticne mreze je rezultirao
najnizim vrijednostima toCnosti predvidanja. lako se RR-BLUP nije pokazao najuspjesnijim
modelom u svim slu€ajevima, nije uo¢ena znacajna prednost koriStenja bilo kojeg drugog
modela. Toénosti predvidanja dobivene u sklopu ovog istrazivanja podrzavaju primjenu
genomske selekcije za oplemenjivanje pSenice na kakvocu, ukljuCujuci i oplemenjivanje na
neka svojstva dobivena miksograf uredajem.

Kljuéne rijec¢i: pSenica, svojstva kakvoce, biparentalna populacija, interakcija genotip x
okoli§, AMMI model, genomska selekcija, trenazna populacija, heritabilnost, modeli
predvidanja
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Extended summary
Title of the doctoral thesis in English: Genomic selection for wheat grain quality traits

Wheat (Triticum aestivum L.) is one of the most important crops for food production
in the world. The importance of wheat emphasizes the fact that wheat products are the most
important source of dietary proteins and energy supply for humans. Therefore, achieving
suitable wheat quality is of great importance. Wheat quality is determined by a large number
of traits and under the strong environmental influence. One of the most important factors
affecting dough rheology is gluten content and its strength. Gluten is the most abundant
wheat protein, and by its structure, gluten is a complex network of monomeric gliadins and
polymeric subunits of glutenin. Among gluten components, high molecular weight glutenin
subunits have the greatest impact on dough quality. Different instruments can be used to
perform rheological tests, which are necessary to assess wheat baking quality more
accurately. Mixograph is a dough mixer that creates a dough rheological profile, providing
general information about dough mixing, its behaviour during development, and the strength
of the dough. Due to the small amount of flour required, mixograph has shown to be highly
suitable for use in wheat breeding, particularly in early generations when availability of grain
and flour is still limited.

Since the majority of quality traits have complex inheritance patterns, breeding for
improved baking quality is one of the most demanding objectives in wheat breeding. Taking
that into account together with often costly and time-consuming phenotyping, predictability
of wheat baking quality may be very challenging. The ability to develop a genotype that
exhibits both improved performance and high stability of the quality traits is critical to the
success of wheat quality improvement. One of the major challenges in plant breeding, in
this context, is the occurrence of genotype-by-environment interaction, since its presence
makes selecting widely adapted genotypes difficult. The AMMI model is one of the most
commonly used methods for the analysis of genotype-by-environment interaction. However,
the extensive development of high-throughput genotyping in the last decade has enabled
reliable and rapid predictions of breeding values based only on marker information.
Genomic selection is one of the recently developed methods that enables the prediction of
breeding values of individuals by simultaneously incorporating all available marker
information into a model. Genomic selection aims to capture total additive genetic variance
based on the sum of the effects of a large number of genetic markers, encompassing all
QTLs that contribute to trait variability. In genomic selection, genotypic and phenotypic
information of the training population is used to train a model and estimate the marker
effects. Obtained data is then applied to the breeding (validation) population of non-
phenotyped candidates to estimate their genomic-estimated breeding values (GEBV). The
effectiveness of genomic selection is determined by the obtained prediction accuracy, which
is affected by a variety of molecular, genetic, and phenotypic factors, as well as the
parameters of the selected statistical model. The correct adjustment of factors that can
affect prediction accuracy, such as population structure, size of training population, the
relatedness of training and validation population, marker density, etc., is the first step toward
successful implementation of genomic selection in practical breeding programs. Different
prediction models have been developed to solve the problem of high-dimensional datasets
occurring in genomic selection. These models differ primarily in their assumptions about the
distribution and variance of marker effects, i.e., how marker effects contribute to the trait.

Given the often challenging phenotyping for wheat quality traits, and especially for
baking quality traits, the use of classical breeding methods can be costly and time-
consuming. Determining the optimal model and parameters of genomic selection would
enable the use of molecular markers in the pre-selection process for grain quality traits and
the optimization of classical wheat breeding methods. This research aimed to assess the
impact of genotype-by-environment interaction and optimize genomic selection for grain
quality traits using biparental wheat populations, in order to reduce the potential costs of



genotyping and phenotyping in the breeding process and suggest optimal strategies based
on genomic selection for more efficient development of new lines.

Two biparental populations of winter wheat were used in this study. The BK
population was derived from the Bezostaya-1 x Klara cross and the MG population from the
Monika x Golubica cross. In the BK combination the parental genotypes differed in all high
molecular weight glutenin subunits, while the parental genotypes used in the MG
combination did not differ in any of the high molecular weight glutenin subunits. The BK and
MG populations consisted of 145 and 175 genotypes, respectively, including parental
genotypes. Field trials were conducted for three consecutive years (2009 — 2011) at two
locations in Croatia (Osijek and Slavonski Brod), i.e., in six different environments. In each
environment the field trial was set up according to a row-column design. Genotyping of both
populations was done using Diversity Arrays Technology. After marker filtering the final
dataset used for genomic selection contained 1087 and 2231 SNP markers for BK and MG
population, respectively. Grain protein content, wet gluten content, test weight, and dough
rheology were assessed in each environment. Dough rheology was investigated using a
mixograph and four variables were selected for further statistical analysis (MPT, MTW, MTI,
and MPH).

Genotype-by-environment patterns for the quality and mixograph traits were studied
using the AMMI model. The dissection of genotype-by-environment patterns was visualized
by a modified version of the AMMI2 biplot, which adds the main effects to the standard
AMMI2 biplot using a colour scale. In the first phase of the genomic selection analysis the
need for optimization of the training population based on phenotypic variance was assessed
using both biparental populations. Additionally, the influence of the training population size
and marker density on the prediction accuracy was investigated. For that purpose, three
different sizes of training population were used for both BK and MG populations, and two
different marker densities for the MG population. The first phase was conducted using only
the RR-BLUP model. In the second phase of the genomic selection, the performance of
seven different genomic selection models was compared with the performance of the RR-
BLUP model. Models included were elastic net, four Bayesian models (BayesA, BayesB,
BayesC, and BayesLASSO), random forest, and reproducing kernel Hilbert spaces. This
part of the analysis was performed only within the MG population.

Results revealed some positive as well as negative transgressive segregants in both
populations for all quality traits although being generally more prevalent in the BK
population. This may suggest the dispersion of the alleles with positive (increasor) and
negative (decreasor) effects between parental genotypes in both crosses. The environment
was the dominant source of variation for grain protein content, wet gluten content, and test
weight, accounting for approximately 40% to 85% of the total variation. The pattern was less
consistent for mixograph traits for which the dominant source of variation was trait- and
population-dependent. Overall, genotype-by-environment interaction was shown to play a
more important role for mixograph traits compared to other quality traits. Inspection of the
AMMI2 biplot revealed some broadly adapted RILs, among which MG124 is the most
interesting, being the prevalent “winner” for grain protein content and wet gluten content,
but also the “winner” for non-correlated trait test weight in environment SB10. The broad-
sense heritability across environments was high for all traits, except for MPT in the BK
population, the heritability of which was 0.45. Although repeatability varied considerably
among environments, it was high for most of the trait-environment combinations, with a
value above 0.7. These results suggest that heritability itself should not represent a
limitation in achieving good prediction accuracy. The results of genomic selection analysis
showed that the size of the training population plays an important role in achieving higher
prediction accuracies, while marker density does not represent a major limitation.
Additionally, the results of the present study did not support the optimization of the training
population based on phenotypic variance as a tool to increase prediction accuracy. The
performance of eight prediction models was compared and among them, elastic net showed



the lowest prediction accuracy for all traits. Bayesian models provided slightly higher
prediction accuracy than the RR-BLUP model. However, this may be considered negligible
considering the time required to perform an analysis. Although RR-BLUP was not the best
performing model in all cases, no advantage of using any other model studied in this
research was observed. Furthermore, strong differences among environments in terms of
the prediction accuracy were observed. For example, the prediction accuracy for TW within
the MG population was moderate in one environment, while being low in all other
environments. Comparing these results to the results of a genotype-by-environment
analysis it is noticeable that environments that are characterized by unusually high or low
values for prediction accuracy compared to the rest of the environments tend to be those
that produce the greatest genotype-by-environment interaction. This suggests that less
predictive environments should be excluded from the dataset used to train the prediction
model in order to achieve higher prediction accuracies. The prediction accuracies obtained
in this study support implementation of genomic selection in wheat breeding for end-use
guality, including some mixograph traits.

Key words: wheat, quality traits, biparental population, genotype x environment interaction,
AMMI model, genomic selection, training population, heritability, prediction models, GEBV
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Baza Kategorija Kvartil Faktor odjeka (IF)

1. Plavsin, I., Gunjaéa, J., Simek, R.,
Novoselovi¢, D. (2021). Capturing GEI

Patterns for Quality Traits in Biparental

Wheat Populations. Agronomy 11 (6):
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2. Plavsin, I., Gunjaca, J., Satovié, Z.,
Sarcevic¢, H., lvi¢, M., Dvojkovic¢, K.,
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Key Factors Affecting Genomic Selection

for Wheat Quality Traits. Plants 10 (4):
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Novoselovi¢, D. (2022). Evaluation of

Genomic Selection Methods for Wheat
Quality Traits in Biparental Populations

WoS As Q 3.949
WoS As Q 4.658
WoS As Q 3.949

Indicates Inclination towards Parsimonious
Solutions. Agronomy 12 (5): 1126.

Obrazlozenje povezanosti istrazivackih hipoteza i objavljenih znanstvenih radova

IstrazivaCka hipoteza

Obrazlozenje povezanosti hipoteze sa znanstvenim radom

H1. Koridtenjem
genomske selekcije
moguce je s visokom
to€nos¢u predvidjeti
svojstva kakvoée zrna
pSenice i odabrati RIL-
ove s optimalnom
GEBYV vrijednosti.

H2. Na to¢nost
predvidanja modela
znacajno utjecCe
heritabilnost
(nasljednost) svojstva,
veli€ina trenazne
populacije i veli€ina
skupa koristenih
biljega.

H3. Na procjenu Siroko
prilagodenih RIL-ova
znacajno utjecCe
interakcija genotip x
okolis.

Rezultati koji proizlaze iz znanstvenog rada pod rednim brojem 3,

u kojem je istrazen potencijal genomske selekcije za predvidanje

sedam svojstava kakvoce zrna u dvije biparentalne populacije

pSenice, djelomi¢no potvrduju H1. To¢nost predvidanja dobivena

koristenjem razli€itih modela varirala je u ovisnosti o okolidu, ali je

opcenito bila srednja do srednje-visoka za vecinu istrazivanih

svojstava, dok je za jedno od reoloSkih svojstava pokazala izrazito

niske, te u nekim okoliSima i negativne vrijednosti.

Znanstveni rad pod rednim brojem 2 daje pregled dosadasnjih
istrazivanja genomske selekcije za svojstva kakvoce pSenice, istiCe
klju¢ne Cimbenike koji utjeCu na to€nost predvidanja te pomaze
smijestiti rezultate znanstvenog rada pod rednim brojem 3 u kontekst
postojecih istrazivanja. U okviru rezultata prikazanih u znanstvenom
radu pod rednim brojem 3 djelomi¢no je potvrdena H2. Utvrdeno je
da visoka heritabilnost omogucuje predvidanje svojstava kakvoce
zrna pSenice sa srednjom do srednje-visokom tocnosc¢u, te da
veli€ina trenazne populacije igra vaznu ulogu u postizanju viSih
vrijednosti toCnosti predvidanja, dok veli€ina skupa koristenih biljega
ne predstavlja zna€ajno ogranicenje.

Rezultati koji proizlaze iz znanstvenog rada pod rednim brojem 1,

u sklopu kojeg je pomoc¢u AMMI modela analizirano postojanje

interakcije genotip x okoli§ za sedam svojstava kakvoce zrna u

dvije biparentalne populacije pSenice, potvrduju H3. Interakcija

genotip x okoli§ imala je znaCajniji utjecaj na reolodka svojstva

dobivena pomoéu miksograf uredaja u odnosu na druga

promatrana svojstva kakvoée za koje je okoli§ bio dominantan

izvor varijacija. Uz pomo¢ AMMI biplota utvrdeno je postojanje

nekoliko Siroko prilagodenih RIL-ova.
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Uvod

1. UVOD

P&enica (Triticum aestivum L.) je jedan od najvaznijih usjeva u svijetu za proizvodnju
hrane. Uzgaja se na Sirokom podrucju izmedu 30° i 60° sjeverne te izmedu 27° i 40° juzne
geografske Sirine (Nuttonson, 1955), a ukupna svjetska proizvodnja 2020. godine iznosila
je 760,9 milijuna tona (FAO, 2020). Vaznost pSenice za ljudsku prehranu potvrduje i
Cinjenica da su proizvodi dobiveni od pSenice najvazniji izvor prehrambenih proteina i
energije za CovjeCanstvo (Shewry i Hey, 2015). S obzirom na ubrzani rast svjetske
populacije i povecanu potrebu za proizvodnjom hrane, vaznost pSenice ¢e sve viSe rasti,
stoga oplemenjivacki programi pSenice najveci naglasak stavljaju na povecanje prinosa
pSenice. Prinos i sadrzaj proteina u zrnu pSenice pokazuju visoku negativnu korelaciju $to
znaci da povecanje prinosa pSenice obi¢no dovodi do smanjenja sadrzaja proteina te,
posljedi€no, smanjenja kakvoée pSeni¢nih proizvoda (Bordes i sur., 2011). Kako bi se
ublaZila negativha povezanost ova dva vazna svojstva pSenice i omogucila istovremena
visoka rodnost i zadovoljavaju¢a kakvoéa pSenice oplemenjivacki programi bi se trebali
snaznije usmijeriti i prema poboljSanju kakvoce zrna. Medutim, poboljSanje kakvoce zrna, a
posebno poboljSanje pekarske kakvoée pSenice, jedan je od najzahtjevnijih cilieva u
oplemenijivanju pSenice buduéi da su svojstava kakvoce vecinom kvantitativha svojstva Cija

je manifestacija pod utjecajem velikog broja gena.

Kakvo¢a zrna pSenice procjenjuje se na osnovi fizickih karakteristika zrna,
zdravstvenog stanja, te kemijskog sastava zrna. Za ljudsku prehranu medu najznacajnijim
svojstvima kakvoce su sadrzaj proteina u zrnu (eng. grain protein content; GPC) te sadrzaj
razli¢itih frakcija proteina, medu kojima je najvazniji gluten. Gluten je najzastupljeniji protein
pSenice koji €ini otprilike 75 — 80 % ukupnog GPC-a, a njegov sadrzaj i kakvoca najvazniji
su ¢imbenici koji odreduju tehnoloska svojstva brasna i tijesta (Payne i sur., 1987). Kako bi
se toCnije procijenila pekarska kakvoc¢a pSenice, osim kvalitativhe i kvantitativnhe analize
sadrzaja proteina, obi¢no su potrebna i reoloSka ispitivanja koja simuliraju pe€enje tijesta
pritom ocjenjujuéi njegova viskoelastiCna svojstva. Za razliku od ostalih reoloSkih uredaja
miksograf moZe dati precizne informacije o mijedanju i razvoju tijesta, kao i o njegovoj jacini,
na temelju vrlo male koli¢ine uzorka brasna (2 — 35 g). Na osnovi reoloskog profila tijesta
dobivenog miksografom i informacija 0 GPC-u i sadrzaju glutena moze se dobiti pouzdana
procjena pekarske kakvoce (Grayboschi sur., 1999). S obzirom na vrlo malu koli€inu uzorka
koja je potrebna za analizu, miksograf je posebno prikladan za uporabu u oplemenijivanju
bilja u ranim generacijama kada nisu dostupne velike koli€ine zrna i brasna (Gras i O’Brien,
1992).

Genomska selekcija za svojstva kakvoée pSeni¢noga zrna 1
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Uspjeh oplemenjivatkog programa s ciliem poboljSanja kakvoce pSenice ovisi o
sposobnosti razvoja genotipa s optimalnim vrijednostima i visokom stabilno$¢u svojstava
kakvoce. U tom kontekstu postojanje interakcije genotip x okoli§ (eng. genotype-by-
environment interaction; GEIl) jedan je od glavnih izazova s kojima se oplemenjivaci susre¢u
jer otezava izbor Siroko prilagodenog genotipa. Kako bi se postigla ucinkovitija selekcija
linija u oplemenijivackim programima i razvile sorte poboljSanih i stabilnih svojstava kakvoce,
vazno je istraziti utjecaj genotipa, okolisa i GEIl na svojstvo od interesa (Bustos-Korts i sur.,
2019). Jedan od naj¢eSce koriStenih modela za analizu GEI je model aditivnih glavnih
ucinaka i multiplikativne interakcije (eng. additive main effects and multiplicative interaction;
AMMI) (Gauch, 1992). lako je ¢eSc¢e koristen u viSeokoliSnim analizama agronomski vaznih
svojstva kao Sto je prinos, AMMI model koristi se takoder i za analizu GEI i stabilnost

svojstava kakvoce psenice (Mut i sur., 2010).

Veéina svojstava kakvoée pSenice su kvantitativnha svojstva, a buduéi da je
nasljednost takvih svojstava €esto niska, tradicionalno koriStene metode oplemenjivanja
mogu biti dugotrajne, skupe i u konacnici dovesti do nepouzdanih rezultata. Smanjenje
troSkova i razvoj novih metoda genotipizacije omogucdilo je Siroku dostupnost biljega visoke
gustoce te dovelo do njihove ucestalije primjene u oplemenjivanju bilja (Crossa i sur., 2013).
Jedan od sve CeSc¢e koriStenih pristupa biljezima potpomognutoj selekciji (eng. marker
assisted selection; MAS) je i genomska selekcija, predstavljena kao inovativan pristup
oplemenijivanju jo§ 2001. godine kada su Meuwissen i sur. (2001) zaklju€ili da je pomocu
biliega visoke gustoc¢e moguée precizno odrediti oplemenjivacku vrijednost jedinki za koju
nisu dostupni fenotipski podatci. Za predvidanje oplemenjivacke vrijednosti
nefenotipiziranih linija unutar oplemenjivacke populacije genomska selekcija koristi model
koiji je utreniran istovremeno koristeci fenotipske i genotipske informacije svih jedinki unutar
trenazne populacije. Model procjenjuje ucinke biljega na promatrano svojstvo, a koji se dalje
koriste kako bi se predvidjele fenotipske vrijednosti linija unutar oplemenjivacke populacije.
Na osnovi predvidenih vrijednosti vrSi se selekcija najboljih linija (Heffner i sur., 2009).
NajvaZznija prednost genomske selekcije u odnosu na klasi¢ne metode oplemenjivanja je
povecanje genetiCke dobiti uslijed povecanja preciznosti odabira na genotipskoj razini i
skracivanja selekcijskog ciklusa u oplemenjivatkom procesu buduéi da omogucéava
predvidanje samo na osnovi genotipa (Sorrells, 2015). UspjeSnost genomske selekcije za
predvidanje svojstva od interesa ovisi 0 dobivenoj to€nosti predvidanja, a koja je pod
utjecajem razli¢itih ¢imbenika odabranog svojstva (heritabilnost) i koristene populacije
(veli€ina, srodnost). Na to¢nost predvidanja u odredenoj mjeri utjeCe i postojanje GEl jer je
u tom slucaju otezana selekcija na Siroko prilagoden genotip buduéi da moze postojati i viSe

od jednog najuspjeSnijeg genotipa (Heslot i sur., 2014). Stoga se prije ukljuCivanja
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genomske selekcije u oplemenjivacki program za poboljSanje svojstava kakvoce pSenice
treba utvrditi utjecaj GEl kao i optimizirati parametri vaZni za postizanje optimalne vrijednosti

toCnosti predvidanja (Zhang i sur., 2015).

U oplemenijivanju bilja, rekombinantne inbred-linije (eng. recombinant inbred line;
RIL) predstavljaju kolekciju genotipova sa znacajnim izvorom genetiCke raznolikosti.
Medutim, kako bi se odabrale Siroko prilagodene linije s optimalnim vrijednostima svojstava
kakvoce, oplemenjivaéi moraju istraziti utjecaj GEIl za svojstva od interesa. Ranija
istrazivanja su pokazala da su RIL-ovi stabilniji i bolje podnose promjene u okoli§ima u
usporedbi s tradicijskim kultivarima i sortama (Rodriguez i sur., 2008). Takoder, za primjenu
genomske selekcije na visokosrodnim populacijama kao $to su biparentalne populacije, npr.
RIL-ovi, potrebna je manja gustoca biliega u odnosu na nesrodne populacije, $to znac¢ajno
smanjuje troSkove genotipizacije (Heffner i sur., 2011a). Osim toga, Sto su populacije
srodnije, to je potrebna manja veli€ina trenazne populacije za postizanje jednake toCnosti

predvidanja, a $to u konacnici smanijuje i troSkove fenotipizacije (Jannink i sur., 2010).

Uzimajuéi u obzir ¢esto vremenski i financijski zahtjevnu fenotipizaciju kada je rije¢
o svojstvima kakvocCe pSenice, koriStenje klasicnih metoda oplemenjivanja moze biti
dugotrajno i skupo. Pronalazenje optimalnog modela i parametara genomske selekcije
omogucilo bi koristenje molekularnih biliega u postupku predselekcije za svojstva kakvoce
zrna te racionalizaciju klasi¢nih metoda oplemenjivanja pSenice. Cilj istrazivanja
provedenog u okviru ovog doktorskog rada je procjena utjecaja GEl i optimizacija genomske
selekcije za svojstva kakvoce zrna koridtenjem biparentalnih populacija pSenice kako bi se
smanijili potencijalni troSkovi genotipizacije i fenotipizacije u oplemenjivatkom procesu.
Dobiveni rezultati pomoci ¢e oplemenjivaima u razvoju strategija koje se zasnivaju na

genomskoj selekciji i doprinijeti u€inkovitijem razvoju novih linija i sorti.
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1.1.

Hipoteze i ciljevi istrazivanja

Glavne hipoteze ovog istraZivanja su:

1.

Koristenjem genomske selekcije moguce je s visokom tocnoséu predvidjeti svojstva

kakvoce zrna pSenice i odabrati RIL-ove s optimalnom GEBV vrijednosti.

Na to¢nost predvidanja modela znacajno utje€e heritabilnost (nasljednost) svojstva,

veli€ina trenazne populacije i veli€ina skupa koristenih biljega.

Na procjenu Siroko prilagodenih RIL-ova znacajno utje€e interakcija genotip x okolis.

Ciljevi ovog istrazivanja su:

1.

Utvrditi potencijal genomske selekcije za predvidanje svojstava kakvoée zrna

pSenice.

Optimizirati parametre koriStene u genomskoj selekciji s ciliem buduéeg smanjenja

tro8kova genotipizacije i fenotipizacije u selekcijskom procesu.
Procijeniti utjecaj interakcije genotip x okolis.

Identificirati Siroko prilagodene RIL-ove s visokim i stabilnim vrijednostima svojstava

kakvocée zrna pSenice u ovisnosti o okoliSu.
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2. PREGLED RELEVANTNE LITERATURE

2.1. PSenica

2.1.1. Taksonomija i porijeklo pSenice

PSenica je jedna od najvaznijih biljnih vrsta u svijetu za proizvodnju hrane. Obuhvaéa
nekoliko vrsta roda Triticum, porodice trava (Poaceae, Gramineae), a najvazniji predstavnik
je vrsta Triticum aestivum L., odnosno obi¢na, meka ili krudna p3enica. lako ostali pripadnici
roda Triticum postoje kao divlji ili kultivirani oblici, vrsta T. aestivum L. postoji iskljuivo u
kultiviranom obliku. Kultivacija pSenice seZe daleko u proSlost — prije otprilike 8000 godina
(Montenegro i sur., 2017). Porijeklom iz jugozapadne Azije, iz rije€ne doline Eufrata i
Tigrisa, takozvane ,kolijevke civilizacije* (u blizini dananje drzave Irak), pSenica se do

danas proSirila po gotovo cijelom svijetu.
2.1.2. Znacaj i potreba za pSenicom u svijetu

Kao jedan od najranije kultiviranih usjeva, pSenica je bila osnovni izvor hrane svim
velikim civilizacijama Europe, Zapadne Azije i Sjeverne Amerike. Danas se pSenica uzgaja
na Sirokom podruéju izmedu 30° i 60° sjeverne te izmedu 27° i 40° juzne geografske Sirine
(Nuttonson, 1955). Prema podatcima Organizacije za hranu i poljoprivredu (eng. Food and
Agriculture Organization; FAO) za 2020. godinu pSenica se uzgajala na ukupno 219 milijuna
hektara u svijetu $to je rezultiralo proizvodnjom od 760,9 milijuna tona. U ukupnoj svjetskoj
proizvodnji pSenice na Aziju otpada 45,7 %, dok Europa u proizvodnji pSenice sudjeluje s
33,5 %. Najveci proizvodac pSenice u 2020. godini bila je Kina, koju su po proizvodnji pratile
Indija i Rusija. U Hrvatskoj se pSenica 2020. godine uzgajala na povrsini od 147,8 tisuc¢a
hektara, a ukupna proizvodnja iznosila je 847,5 tisu¢a tona (FAO, 2020). Prema procjenama
Medunarodnog centra za oplemenjivanje kukuruza i pSenice (eng. International Maize and
Wheat Improvement Center; CIMMYT) potreba za pSenicom bi uslijed porasta ljudske
populacije do 2050. godine mogla porasti za 50 % (CIMMYT, 2022). Vaznost pSenice za
ljudsku prehranu potvrduje i €injenica da otprilike 20 % kalorijskog unosa svjetske populacije
otpada na pSenicu i proizvode dobivene od pSenice (Shewry i Hey, 2015). PSeni¢no bradno

najCesce se koristi za dobivanje kruha, tjestenine i Zitnih pahuljica.

Sustavni rad na oplemenijivanju pSenice zapocinje pocetkom 19. stolje¢a, a od tada
do danas ucinjeni su znatni napori kako bi se poboljSala kakvoc¢a pSenice, povecao prinos,
otpornost na bolesti i Stetnike te razli¢ite nepovoljne uvjete abioticke prirode. S obzirom na
ubrzani rast svjetske populacije i pove¢ane potrebe za proizvodnjom hrane, najveci

naglasak u oplemenjivanju pSenice stavlja se na povecanje prinosa zrna. Medutim,
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povecanje prinosa obi¢no za sobom povilaci i smanjenje kakvoce, odnosno sadrzaja
proteina u zrnu. Stoga bi se u oplemenijivackim programima jednak naglasak trebao staviti

i na poboljSanje svojstava kakvoce zrna (Guzman i sur., 2016).
2.1.3. Genom pSenice

KruSna pSenica je heksaploidna vrsta nastala uslijed nekoliko hibridizacijskih
dogadaja izmedu praroditeljskih vrsta (Slika 1) (The International Wheat Genome
Sequencing Consortium (IWGSC), 2014). Pretpostavlja se da se prvi takav hibridizacijski
dogadaj koji je vodio razvoju krusne pSenice dogodio prije otprilike 500 000 godina izmedu
diploidne divlje vrste Triticum urartu (2n = 2x = 14; AA genom) i bliskog srodnika vrste
Aegilops speltoides (2n = 14; SS genom) Cime je nastala tetraploidna vrsta T. turgidum (2n
= 4x = 28; AABB genom). U drugom hibridizacijskom dogadaju izmedu vrste T. turgidum i
diploidne vrste Aegilops tauschii (2n = 2x = 14; DD genom) nastao je predak danasnje
heksaploidne pSenice T. aestivum (2n = 6x = 42, AABBDD genom) koji je odonda kultiviran
kao krudna pSenica te danas Cini viSe od 95 % pSenice koja se uzgaja diljem svijeta (The
International Wheat Genome Sequencing Consortium (IWGSC), 2014). Rezultat takve
hibridizacije je da genom vrste T. aestivum €ini 21 kromosom podijeljen u 7 homeolognih
grupa (Petersen i sur., 2006). Svaka grupa sadrzi po jedan homeologni kromosom iz A, B i
D genoma (The International Wheat Genome Sequencing Consortium (IWGSC), 2014).
Kopije genoma pSenice pokazuju medusobno viSe od 95 % sli€nosti kodiraju¢ih regija te

obi¢no imaju visokokonzerviranu strukturu gena (Adamski i sur., 2020).

Genom krusne pSenice Cini oko 16 milijardi parova baza (16 Gbp) s oko 85 %
ponavljaju¢ih elemenata, a vise od 90 % ukupnog genoma c&ine nekodirajuce regije
(Adamski i sur., 2020). Sadrzi vise od 133 000 gena od kojih se najveci dio nalazi na B
genomu (35 %), zatim na A genomu (33 %), dok se najmanji dio do danas kartiranih gena
nalazi na D genomu (32 %) (The International Wheat Genome Sequencing Consortium
(IWGSC), 2014). Zahvaljuju¢i napretku postupaka genotipizacije i sekvenciranja tijekom
posljednjih desetlje¢a genom pSenice u potpunosti je sekvenciran i oznaen 2018. godine
(The International Wheat Genome Sequencing Consortium (IWGSC), 2018). Postojanje
referentne genomske sekvence za pSenicu omogucava oplemenjivadima lak8i pristup
informacijama na razini sekvence i prouavanje ekspresije gena u svim razvojnim fazama

biljke s ciljem preciznog odredivanja ciljanih gena za oplemenjivanje na razli¢ita svojstva.

lako je po strukturi genoma heksaploid, pSenica se genetiCki gledano ponasa kao
diploid buduéi da geni na Ph1 lokusu omogucéavaju pravilno sparivanje homolognih
kromosoma i rekombinaciju te sprjeCavaju sparivanje centromera nehomolognih

kromosoma (Martinez-Perez i sur., 2001). Zahvaljujuéi heksaploidnoj strukturi genoma,
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krudna pSenica posjeduje sposobnost prilagodbe 3irokom rasponu klimatskih uvjeta,
uklju€ujuéi i prilagodbu na velike varijacije u vlaznosti zraka tijekom ljethog perioda,

hladnocu tijekom zimskog perioda te kratak fotoperiod (Matsuoka, 2011).

porijeklo A genoma porijeklo B genoma porijeklo D genoma
:E ,' , — \ \‘] / — \
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Slika 1. Shematski prikaz genoma pSenice i hibridizacijskih dogadaja (prema The International Wheat
Genome Sequencing Consortium (IWGSC), 2014).
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2.2. Kakvoca pSenice

Pod pojmom kakvoce pSenice podrazumijeva se niz fiziCkih i zdravstvenih
karakteristika zrna, te kemijski sastav zrna. FiziCke karakteristike zrna na osnovi kojih se
procjenjuje kakvoéa obuhvaéaju svojstva kao $to su masa tisu€u zrna (eng. thousand kernel
weight, TKW), hektolitarska masa (eng. test weight, TW), apsolutna masa, specificna masa,
morfometrijske odlike zrna, boja, Cisto¢a, brasnavost, caklavost i tvrdo¢a zrna. Zrno visoke
kakvoce odlikuje TW veci od 76 kg, TKW u rasponu od 38 do 40 g, te specifichna masa u
rasponu od 1,32 do 1,42 g/cm3. Caklavo zrno znak je bogatstva proteinima. Zdravstveno
stanje i svjezina zrna odreduju se organolepti¢ki, odnosno pomocu osjetila vida, mirisa i
okusa, pri ¢emu se ocjenjuju boja, sjaj, miris, okus i klijavost. Komponente kemijskog
sastava zrna ukljuuju vodu, mineralne te organske tvari koje ¢ine najveci dio mase suhog
uskladistenog zrna. NajvecCi maseni udio u organskoj tvari meke pSenice zauzimaju
nedus$ic¢ne ekstraktivne tvari (NET) (64 — 76 %), zatim proteini (12 — 16 %), celuloza (2 — 3
%) i masti (2 %). NET vecinskim dijelom ¢ini Skrob (90 %), dok ostatak Cine topivi Seceri

(Kovacevic¢ i Rastija, 2014).
2.2.1. Proteini pSenice

Za ljudsku prehranu medu znacajnijim svojstvima kakvocCe pSenice su sadrZa;j i
frakcije proteina. Mogucnost prerade pSeniénog brasna u razliCite proizvode uvelike je
odredena prisutnos$céu specificnih proteina i njihovih frakcija. Frakcije proteina &ine dvije
skupine: fizioloski aktivni proteini topivi u vodi (albumin i globulin) i rezervni proteini netopivi
u vodi (glijadin i glutenin). Rezervni proteini ¢ine 80 — 85 % ukupnih proteina pSeni¢nog
brasna. Prema njihovoj elektroforetskoj pokretljivosti pri niskom pH glijadini se dijele u tri
velike skupine: a-, y- i w-glijadini (Wieser, 2007). Glutenini su proteinske podjedinice puno
veée molekularne mase od glijadina, a dijele se na podjedinice visoke molekularne mase
(eng. high molecular weight, HMW) i podjedinice niske molekularne mase (eng. low
molecular weight, LMW) (Slika 2). KruSna pSenica sadrzi 3 — 5 HMW podjedinica, te oko 15
LMW podjedinica, a sam udio glutenina neovisan je o razlikama u ukupnom sadrzaju
proteina (Kolster, 1992). Kompleksna smjesa monomernih glijadina i polimernih podjedinica
glutenina nastala mijeSanjem uz prisutnost vode naziva se gluten ili ljepak, a odreduje
tehnoloska svojstva brasna i tijesta (Elli i sur.,, 2017; Shewry, 2004). Gluten je
najzastupljeniji protein u zrnu pSenice te €ini 75 — 80 % ukupnog sadrzaja proteina u zrnu
(Kristensen i sur., 2018). Sadrzaj i kakvo¢a glutena odredeni su omjerom glijadina i
glutenina te njihovom kakvo¢om, $to posljedicno utjeCe i na kakvocu brasna i proizvoda
dobivenih od brasna (Macritchie, 1992; Payne i sur., 1987; Rasheed i sur., 2014).
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Slika 2. Klasifikacija proteinskih podjedinica glutena p$enice (prema Elli i sur., 2017).

Na koli¢inu proteina i njihovih frakcija u zrnu pSenice znafajan utjecaj imaju
vremenske prilike (koli¢ina padalina, temperatura) pri Eemu susni uvjeti pogoduju povecéanju
koli¢ine i kakvocée proteina (Hernandez-Espinosa i sur., 2018). Osim vremenskih prilika,
izravan utjecaj na koli¢inu proteina, odnosno dusika, ima mineralna ishrana (Daniel i Triboi,
2000). Povecana ishrana dusikom pokazuje pozitivan utjecaj na povecanije koli¢ine proteina
Sto za posljedicu ima i povec¢anje kakvocée brasna i tijesta (Zo6rb i sur., 2018). Uslijed
povec¢ane ishrane dusikom dolazi do povecCanja udjela glijadina te smanjenja udjela
albumina i globulina (Kolster, 1992). Prema istraZivanju Horvat i sur. (2021) povecéanje
razine dusika u ishrani dovodi do povecCanja sadrzaja proteina u zrnu, dok sastav
glijadinskih i gluteninskih podjedinica pokazuje manju ovisnost o razini duSika te je izrazito
sortno specifican. Drugo istrazivanje Horvat i sur. (2022) pokazalo je da tretman ureom
takoder znacajno utjeCe na povecanje ukupnog GPC-a kao i na poboljSanje svojstava
kakvoce povezanih s koli¢inom proteina, dok se sastav skladiSnih proteina mijenja u manjoj
mjeri. Sadrzaj proteina i njegova kakvoca takoder su sortno specifi€ni te su pod snaznim
utjecajem GEI (Groos i sur., 2003).

2.2.2. Cimbenici kakvoée i formiranje tijesta

Kakvoca tijesta sloZeno je svojstvo pSenice pod utjecajem mnostva biokemijskih
karakteristika kao $to su sadrzaj i kakvoca proteina, Skroba i masti (Payne i sur., 1987), te
razli¢itih fizikalno-kemijskih svojstava kao $to su sadrzaj vlage, kapacitet zadrzavanja vode,
formiranje Supljina itd. (Huang i sur., 2006). Prilikom mijeSanja s vodom proteini glutena
formiraju glutensku mrezu &ija je uloga zadrzavanje ugljikovog dioksida koji nastaje
fermentacijom uz pomo¢ kvasca, dok masti u interakciji s proteinima doprinose elasti¢nosti
glutenske mreze. Koli€ina i kakvoca glutena najvazniji su ¢Cimbenici kakvoce tijesta pri Cemu
je takoder dokazano da su HMW gluteninske podjedinice od najveéeg znacaja za kakvocu
pSeni¢nog brasna te tijesta (Kolster, 1992; Payne i sur., 1987; Weegels i sur., 1996).
Poveéanjem ukupnog sadrzaja glutena u brasnu raste i kapacitet zadrzavanja vode, vrijeme

razvoja tijesta, rastezljivost i energija tijesta. Medutim, osim koli¢ine glutena, od iznimne je
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vaznosti i njegova kakvoca, tj. njegova rastezljivost i elasticnost. Kakvoc¢u glutena odreduje
omjer glijadina i glutenina u brasnu (Bakovi¢, 1980). Prilikom formiranja tijesta glutenini se
kovalentno veZu u veliku elasticnu mrezu dajuéi tijestu &vrstoéu, dok glijadini djeluju kao
wplastifikatori“ povecavajuci viskoznost i rastezljivost sto utje€e na reoloSka svojstva tijesta
(Létang i sur., 1999). U pSeni¢nom brasnu omijer glijadina i glutenina je otprilike 1:1 Sto
rezultira stvaranjem glutena dobre kakvoce koji daje ¢vrsto i elasti¢no tijesto te porozan

kruh dobre kakvoce i velikog volumena.

Reoloska svojstva tijesta posljedica su prisutnosti proteinske mreze koju cine
dugacke lancaste proteinske molekule medusobno povezane disulfidnim (-S-S-) vezama i
vodikovim vezama (Slika 3). Uslijed raskidanja disulfidnih veza nastaju tiolne skupine (-SH).
Sto je veéa koncentracija disulfidnih veza tijesto je &vréée, dok poveéanjem koncentracije
tiolnih skupina dolazi do omekSavanija tijesta i nepovratnih deformacija viskoznosti tijesta
(Létang i sur., 1999). Kakvoca glutena ovisi i o sposobnosti bubrenja te intenzitetu
razgradnje proteina. Bubrenje glutena proces je prilikom kojeg dolazi do koloidnog vezanja
vode. Bubrenje uzrokuje sve jate razmicanje proteinskih molekula te posljedi¢no njihovu
razgradnju. Uslijed presnaznog bubrenja dolazi do razaranja unutrasnje grade glutena pri
¢emu gluten viSe ne moZe zadrzati vodu. Gluten gubi elasti¢nost, postaje rastezljiv, mekan

te se lako raspada. Sto je gluten nekog brasna sposobniji pri vezivanju vode poveéavati

volumen, a da se pritom §to manje raspada, to je bradno vece kakvocée (Dakovi¢, 1980).

cEVEN —
gttt o
Dugi gluteninski lanac Male gluteninske Nekovalentne veze:
povezan kovalentnim podjedinice nastale uslijed vodikove veze i
disulfidnim vezama pucanja disulfidnih veza hidrofobne interakcije

Slika 3. Molekularna interpretacija razvoja glutena (a) na po€etku zamjesa tijesta, (b) u trenutku optimalnog

razvoja, (c) uslijed prekomjernog zamjesa tijesta (prema Létang i sur., 1999).
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2.2.3. Metode procjene kakvoce tijesta

S ciliem boljeg razumijevanja kakvocée brasna i tijesta razvijene su mnogobrojne
izravne i neizravne metode procjene. Naj¢eSée koristena izravna metoda je mjerenje
volumena kruha. Unato¢ tome $to zahtijeva veliku koli€¢inu brasna uz veliki utrosak vremena,
procjena volumena kruha jedno je od najvaznijih i najpouzdanijih mjerila kakvoce tijesta
(Weegels i sur., 1996).

Buduci da izravne metode uglavnom zahtijevaju veliki utroSak vremena i financijskih
sredstava, za procjenu kakvoce tijesta Cesto se koriste tzv. neizravne metode koje ukljucuju
analizu GPC-a, sadrzaja vlaznog glutena (eng. wet gluten content;, WGC), mjerenje TKW i
TW, test sedimentacijskog volumena, te procjene reoloskih svojstava koristenjem
ekstenzografa, alveografa, farinografa i miksografa. GPC se obi¢no koristi kao indikator
pekarske kakvoce (Liu i sur., 2016), dok WGC opisuje sposobnost brasna da apsorbira
vodu i formira glutensku mrezu te ukazuje na stabilnost tijesta (Lado i sur., 2018). Za
dobivanje tijesta i proizvodnju kruha visoke kakvoc¢e GPC bi trebao biti viSi od 12,5 %
(Turner i sur., 2004).

Dosada3nja istraZivanja pokazuju da je GPC &esto pod snaznim utjecajem okolisa,
odnosno da je heritabilnost navedenog svojstva obiéno vrlo niska (Simmonds, 1995). TKW
je jedna od najstabilnijih komponenti prinosa, a zajedno s TW zna&ajno doprinosi kakvoCi
tijesta utjeCuci na karakteristike mljevenja i izbraSnjavanja (Hook, 1984). Reoloski testovi
simuliraju pecenje tijesta pri Cemu se procjenjuju viskoelastiCna svojstva te svojstva
zamjesa tijesta. Ekstenzograf je reoloski uredaj koji mjeri silu potrebnu za razvlacenje tijesta
u jednom pravcu pri konstantnoj brzini, dok alveograf mjeri pritisak potreban za napuhati
mjehuri¢ zraka u komadu tijesta pritom mjereéi sposobnost razvlaenja tijesta u svim
smjerovima. Za odredivanje jakosti brasna, odnosno otpora tijesta na mijeSanje i gnje€enje,
najéesce se koriste farinograf ili miksograf. lako farinograf ima nekoliko vaznih prednosti
nad miksografom (kontrola temperature i to¢nost odredivanja apsorpcije vode), njegov
glavni nedostatak je velika koli€¢ina brasna koja je potrebna za provodenje analize (Mani,
2007).

Miksograf je reoloSki uredaj za mjerenje otpora tijesta na mijeSanje i ponaSanja
tijesta prilikom razvoja, prvi put predstavljen jos 1933. godine (Swanson i Working, 1933)
(Slika 4). Zahvaljujuci maloj koli€ini uzorka (2 — 35 g) koja je potrebna za provodenje analize
i relativno brzoj interpretaciji dobivenih rezultata, pogodan je za koriStenje u oplemenijivanju
billa i to posebno u ranim fazama oplemenjivanja (pojedinaéne biljke u cijepaju¢im
generacijama) kada nije dostupna velika koli¢ina zrna i brasna (Gras i O’'Brien, 1992). Koristi

se za dobivanje opcenitih informacija o svojstvima mijeSanja tijesta (vrijeme razvoja tijesta,
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otpornost na mijeSanje) te o snazi tijesta (Johnson i sur., 1943; Swanson, 1993). U
kombinaciji s GPC i WGC svojstvima daje pouzdanu procjenu pekarske kakvocée
(Graybosch i sur., 1999; Martinant i sur., 1998; Ohm i Chung, 1999).

Slika 4. Miksograf uredaj za odredivanje kakvoce bradna.

Rezultati analize miksografom prikazuju se krivuljom — miksogramom (Slika 5).
Koridtenjem pripadajuce programske podrdke za miksograf (MixSmart®) za svaki uzorak
kreira se krivulja s 40 zasebnih varijabli koje daju razliCite informacije o kakvodi tijesta
(Chung i sur., 2001; Prashant i sur., 2015).

Protein 16,00
Moisture 13,00
Absorption 67,00
Midline Peak Time 3,75
Midline Peak Height 51,304
Right of Peak Slope - 2,391
Width at Peak 30,049
Width at & 11,248

Otpor tijesta (AU)

Vrijeme (min)

Slika 5. Primjer miksograma za p$eni¢no brasno.
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Vrijeme (izraZzeno u minutama ili sekundama) potrebno da srediSnja krivulja dosegne
svoju maksimalnu visinu (eng. midline peak time; MPT) odgovara optimalnom vremenu
zamjesa tijesta tj. optimalnom vremenu potrebnom za razvoj tijesta i postizanje
maksimalnog otpora tijesta. Otpornost tijesta na mijeSanje (eng. overmixing) opisana je
pomocu nekoliko razliitih varijabli kao $to su visina krivulje u specificnom vremenu nakon
postignutog vrhunca krivulje te kut izmedu rastuceg i padajuceg dijela krivulje. Uzlazni nagib
krivulje govori u kojoj se mjeri razvija tijesto dok silazni pokazuje slabljenje tijesta i njegovu
stabilnost. Sto je kut izmedu rastuéeg i padajué¢eg nagiba tuplji to je veéa tolerancija tijesta
prema mijesanju. Sirina vrha sredi$nje krivulje na kraju perioda mije$anja (eng. midline peak
width; MTW) izrazena u postotku ukazuje na konzistentnost i stabilnost tijesta na kraju
procesa mijeSanja. Povrsina ispod sredisSnje krivulje od pocCetne toCke zamjesa do kraja
procesa mijeSanja (eng. midline curve integral; MTI) opisuje energiju ulozenu tijekom
procesa zamjesa tijesta, a ovisi o snazi tijesta i njegovoj otpornosti (Johnson i sur., 1943).
Visina vrha srediSnje krivulje (eng. midline peak height; MPH) izrazena u postotku daje
informaciju o snazi braSna (Mani, 2007). Brasna dobre kakvoée na miksogramu ¢e pokazati
visoku apsorpciju vode, umjereno vrijeme mijeSanja (3 — 6 minuta), visoku snagu glutena te

dobru otpornost na mijeSanje tijesta.
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2.3. Oplemenijivanje psSenice na kakvocu zrna

Oplemenjivanje je postupak kojim se poboljSavaju naslijedne osobine ciljnih
svojstava bilja, a koji rezultira stvaranjem novih, geneticki poboljSanih sorti (Borojevic,
1981). Tradicionalni oplemenjivacki programi oslanjaju se uglavhom na ocjenjivanje ciljnih
svojstava (fenotipova) pojedinaénih biljaka te njihovih srodnika, od stani¢ne razine do razine
cijelog organizma. Na osnovi zabiljeZzenog, odabiru se jedinke koje postizu najbolje
vrijednosti pozeljnih svojstava, a koje ulaze u daljnji proces selekcije i krizanja.
Fenotipizacija bilja najceS¢e se provodi na vie razli€itih svojstava u velikim populacijama

uzgajanim na nekoliko lokacija kroz dvije ili viSse godina (Singh i sur., 2016).

S obzirom na ubrzani rast svjetske populacije i poveéanu potrebu za hranom najvecéi
naglasak u oplemenjivanju pSenice stavlja se na povecanje prinosa zrna. Medutim,
povecanje prinosa obi¢no za sobom povla¢i smanjenje kakvoce zrna (Simmonds, 1995).
Kako bi se izbjeglo njezino zna€ajno smanjenje oplemenjivacki programi trebaju jednak
naglasak stavljati i na poboljSanje kakvoce pSenice (Guzman i sur., 2016). PoboljSanje
kakvoce jedan je od najzahtjevnijih ciljeva u oplemenjivanju pSenice buduci da vecina
svojstava kakvoce pokazuje sloZzene obrasce nasljedivanja. Klasi¢ni oplemenjivacki
programi usmjereni su uglavnom na poboljSanje sadrZaja i sastava proteina &to je najvazniji
kriterij kakvoée pSenice, posebno u pogledu pekarske kakvoce. Naj¢eS¢e koristena metoda
u oplemenijivanju je krizanje roditeljskih genotipova s ciljem razvoja populacije sa Sirokom
genetickom varijabilnoS¢u. Nakon krizanja, razliita svojstva roditeljskih genotipova
rekombiniraju se u potomstvu iz kojeg se odabiru stabilne, homozigotne linije. Kako bi se
osiguralo da se svaka moguca rekombinacija u segregiraju¢oj populaciji dogodi najmanje
jednom, potrebno je razviti dovoljno veliku populaciju koja omoguéuje odabir genotipova s
pozeljnim svojstvima, a €ija je frekvencija pojavljivanja niska. Medutim, oplemenjivanje na
kakvocu pSenice Cesto je izazovno jer fenotipizacija zahtijeva vece koli€ine zrna i brasna,

koji obi¢no nisu dostupni u ranoj fazi oplemenjivackog procesa (Bedo i sur., 2017).

Klasiche metode oplemenjivanja, ukljuéujuéi fenotipsku selekciju pozZeljnih
svojstava, predstavljaju usko grlo oplemenjivanja iz viSe razloga. Naime, velik broj
promatranih svojstava kao i velik broj parcela ili biljaka na kojima se svojstva procjenjuju,
zahtijevaju velik utroSak vremena te sofisticiranu opremu i mjerne uredaje Sto mjerenja
ujedno ¢€ini i financijski zahtjevnima. Osim toga, fenotipske vrijednosti kvantitativnih
svojstava, kao Sto su svojstva kakvoée pSenice, snazno ovise o utjecaju okolisa Sto
posljedi¢no zahtijeva procjenu svojstva u nekoliko ponavljanja i u razli¢itim okoliSima. Zbog
utjecaja okolisa na fenotipske vrijednosti svojstava i pogreSaka prilikom mjerenja, fenotip

najcesce nije savrSeni pokazatelj genotipskog potencijala biljke (Newell i Jannink, 2014).
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2.4. Interakcija genotip x okoli$

Glavni cilj oplemenjivaca bilja mozZe se opisati kao stvaranje i selekcija genotipova
koji Ce biti prilagodeni na razliite uvjete uzgoja (meteoroloSke prilike, svojstva tla i
Cimbenike upravljanja prisutne na odredenoj lokaciji). Genotipovi €esto pokazuju razli€itu
osjetljivost na promjene okoliSnih uvjeta Sto se objasnjava pojavom GEI. Fenotipske
vrijednosti kvantitativnih svojstava pod snaznim su utjecajem okoliSa te Cesto i interakcije
izmedu genotipa i okoliSa. Stoga se fenotip, odnosno o¢ekivana vrijednost fenotipa, moze

iskazati sliede¢om jednadzbom:
P=u+G+E+(GXE)

gdje je P vrijednost fenotipa kvantitativnog svojstva, p ukupna srednja vrijednost, G ucinak

genotipa, E ucinak okoliSa, a G x E u€inak GEI (Singh i Singh, 2015).

GEI se mozZe definirati kao razlika izmedu opazene fenotipske vrijednosti i oekivane
fenotipske vrijednosti uzimaju¢i u obzir odgovaraju¢e genotipske i okoliSne vrijednosti
(Baker, 1988), odnosno kao varijacija uzrokovana udruzenim ucincima genotipa i okolisa
(Dickerson, 1962). Okoli§ predstavlja sve negeneticke Cimbenike koji mogu utjecati na
fenotipske vrijednosti odredenog genotipa. OkoliSne varijable predstavljaju sve fizikalne i
kemijske odlike tla, klimatske ¢imbenike kao $to su koli¢ina padalina i temperatura, koliina,
raspodjela i kvaliteta sunceve svjetlosti, te zive organizme (npr. patogene) kojima su biljke

izlozene (Bernardo, 2010).

Jagina GEI odraZzava se na adaptabilnost i stabilnost genotipa. Adaptabilnost
genotipa definira se kao genetitka sposobnost genotipa da se prilagodi razli¢itim okoliSnim
uvjetima (Finlay i Wilkinson, 1963). Ovisno o Sirini raspona okoliSnih uvjeta kojima je genotip
sposoban prilagoditi se, mozZe se govoriti 0 generalnoj ili Sirokoj adaptabilnosti (genotip je
prilagoden na cijeli ili veci dio raspona ciljanih okolisa) te uskoj ili specifi€¢noj adaptabilnosti
(genotip se pokazuje superiornim samo na manjem dijelu raspona ciljanih okolisa).
Stabilnost genotipa ovisi 0 njegovoj sposobnosti reagiranja na okoliSne uvjete, a ta pojava
se naziva jo§ i fenotipska plasticnost (Bradshaw, 1965). Fenotipska plasti¢nost moze se
opisati i kao raspon fenotipova koje jedan genotip moze proizvesti u razli€itim okoliSima
(Grogan i sur., 2016). Ovisna je o genotipskoj kompoziciji samog genotipa ili sorte, a
odrazava reakciju pojedina¢nog genotipa i cijele populacije na promijenjene okoliSne uvjete
(Borojevi¢, 1981).

Buduci da je cilj svakog oplemenjivackog procesa stvaranje nove, stabilne sorte
poboljSanih svojstava, postojanje GEIl jedan je od najvaznijih izazova za oplemenijivace

bilja. Da bi se odluka o priznavanju nove sorte mogla donijeti s veCom objektivnoSéu i
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sigurnoscu, fenotipska procjena svojstava od interesa mora se provoditi u razli€itim

agroekoloskim uvjetima odnosno razli¢itim okolisima (na vecem broju lokacija kroz nekoliko

godina) (Borojevié, 1981). Sto je uginak interakcije izrazeniji, to je teZe izabrati superiorne

genotipove. Prema Haldane (1947) postojanje GEI vazno je samo ako ona dovodi do

promjene poretka genotipova izmedu razli€itih okolisa. Medusobni odnos genotipova u

razliCitim okoliSima moze pratiti jedan od Cetiri uzorka (Slika 6) (Bernardo, 2010; De Leon i

sur., 2016):

Genotipska vrijednost

(1) (2) G1
G1
1 | | |
(3) (4) G2
G2
G1 G1
| | | |
E1l E2 E1l E2
Okolina

Slika 6. Medusobni odnos genotipova u razli¢itim okoli§ima (prema Bernardo, 2010).

(1) Genotip 1 (G1) je superiorniji u odnosu na genotip 2 (G2) u oba okolida (E1i E2), a

razlika izmedu njih je konstantna. U ovom slucaju ne postoji GEI §to oplemenijivacu

znacajno olakSava odabir superiornog genotipa. Genotipove nije potrebno

ocjenjivati u viSeokoliSnim pokusima buduci da ovakav odnos oznacava da ¢e

genotip koji je superiorniji u E1 takoder biti superiorniji i u E2. Geneti¢ka varijanca je

u ovom slu¢aju homogena, a izmedu okoliSa ne postoji korelacija.

(2) G1 je superiomiji u odnosu na G2 u oba okolisa, ali razlika izmedu njih nije

konstantna. U ovom slucaju postoji GEI, ali ona ne ukljuCuje promjenu poretka

genotipova. Ovakav odnos naziva se kvantitativna ili non-crossover interakcija, a

moze se pokazati nepouzdanim ukoliko se ciljani raspon okoli§a prosiri. Geneticka

varijanca je u ovom slucaju, za razliku od prethodnog, heterogena, a izmedu okoliSa

ne postoji korelacija.

(3) G2 je superiorniji u odnosu na G1 u okolisu E1, ali za E2 vrijedi suprotno. U ovom

odnosu dolazi do promjene poretka genotipova, odnosno isti genotipovi se ne

pokazuju jednako uspjeSnim u razli¢itim okoliSima. Ovakav odnos naziva se
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kvalitativna ili crossover interakcija. U ovom slu€aju, iako dolazi do promjene poretka
genotipova, njihova apsolutna razlika u uspjeSnosti ostaje konstantna, odnosno
korelacija izmedu uspjeha genotipa u dva razliita okolisa je -1, a geneti¢ka

varijanca je homogena.

(4) Ovaj uzorak takoder predstavlja kvalitativnu ili crossover interakciju, ali za razliku od
prethodnog, apsolutna razlika u uspjednosti dva genotipa nije konstantna i mijenja
se izmedu razli¢itih okoliSa (korelacija je ve¢a od -1). U ovom slu€aju geneticka

varijanca je heterogena.

Sa stajaliSta oplemenjivanja bilja vaznija je kvalitativna ili crossover interakcija
buduci da je cilj oplemenjivanja razviti sorte koje ¢e biti stabilne u razli¢itim okoliSima. U
slu€aju kvalitativne interakcije redoslijed genotipova u razli€itim okoliSima se mijenja, te
najuspjesniji genotipovi u jednom okoliSu mogu u drugom okoliSu pokazati izrazito nisku
uspjesnost (Gauch i Zobel, 1997). Prisutnost GEI negativno utjeCe i na heritabilnost
svojstva. Sto je interakcija veéa, to je heritabilnost manja $to moze ograni¢avati i napredak

u selekciji.

IstraZivanja na prinosu pSenice u Ujedinjenom Kraljevstvu su pokazala da je u
periodu od 1946. do 1977. doprinos okoliSa iznosio 40 — 60 %, genotipa 25 — 40 %, dok je
doprinos GEI iznosio 15 — 25 % (Simmonds, 1981). U pokusu provedenom na 299
genotipova ozime pSenice u 11 razli€itih okolisa, Grogan i sur. (2016) potvrdili su znacajan
utiecaj GEI na svojstva prinos i datum klasanja. Analizirajuci varijabilnost navedenih
svojstava u odnosu na njihovu srednju vrijednost (plasti¢nost svojstva), zaklju€ili su i da je
dugogodisnja selekcija dovela do pojave da datum klasanja pokazuje smanjeni odaziv na
okoliSne uvjete, dok je odaziv u slu€aju prinosa povecéan. Takoder, zna¢ajan doprinos GEI

za svojstva kao Sto su TW i TKW utvrdili su i Brancourt-Hulmel i sur. (2000).

IstraZivanja koja su ukljucivala svojstva kakvoée pSenice pokazala su da je najveci
dio fenotipske varijance za svojstvo GPC posljedica negenetickih ¢imbenika medu kojima
je i snazan utjecaj okolisa (Groos i sur., 2003). lako sadrzaj glutena pokazuje pozitivhu
korelaciju s GPC, istrazivanja pokazuju da je kakvocCa glutena pod snaznim utjecajem
genotipa (Simié i sur., 2006). U usporedbi s GPC, reoloska svojstva tijesta pokazala su
manju ovisnost o utjecaju GEI u istrazivanjima Williams i sur. (2008), Hernandez-Espinosa
i sur. (2018) i Drezner i sur. (2010), dok su druga istrazivanja pokazala da je varijanca
reoloSkih svojstava tijesta uzrokovana prisutnoS¢u GEIl jednaka ili ve¢a od varijance
uzrokovane samo genotipom ili samo okoliSem (Grausgruber i sur., 2000; Peterson i sur.,
1998). Analiziraju¢i agronomska svojstva i svojstva kakvoée 10 sorti ozime pSenice u
periodu od 1997. do 2002. godine, Drezner i sur. (2010) utvrdili su da je utjecaj GEI bio
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znacajno maniji u odnosu na utjecaj genotipa, osim u slu€aju prinosa, TKW i Hagbergovog
broja padanja. Medutim, unato¢ tome Sto utjecaj GEI za svojstva kakvoce (GPC, WGC,
gluten indeks) nije bio velik, autori smatraju da procjena u€inka GEIl moze pruZiti bolji uvid
u promjene kakvoce razli¢itih sorata u odnosu na okoliSne uvjete. Za svojstva GPC, WGC
te reoloska svojstva mjerena farinografom i ekstenzografom, Grausgruber i sur. (2000)
utvrdili su da je GEI bila jednaka ili ve¢a od genotipske komponente ili komponente okolia.
Istrazivanje provedeno na 30 genotipova pSenice u 17 okolida pokazalo je da, iako u manjoj
mjeri doprinosi varijabilnosti svojstava u odnosu na genotip ili okoli§, GEI ima znacajan
utjiecaj na svojstva kao S§to su sadrZzaj proteina u brasnu, kompozicija proteina,
sedimentacijski volumen, te svojstva dobivena analizom na miksograf uredaju (Peterson i
sur., 1998). Promatrajuéi reolosSka svojstva pSenice dobivena alveografom vazna za dobru
kakvocu kruha, Robert i Denis (1996) zakljucili su da GEI doprinosi varijaciji svojstava s 8

do 21,4 % te u nekim slu€ajevima znacajno utjeCe na stabilnost svojstava kakvoce.

Prisutnost GEI sugerira postojanje znacajnih razlika u okoliSnim uvjetima, koje mogu
dovesti do promjene u poretku genotipova u razli€itim okoliSima $to oplemenjivadima znatno
otezava selekciju na pozeljna svojstva. Ovisno o jacini GEI, oplemenjivaci moraju odlugiti
hoce li teziti stvaranju Siroko ili usko prilagodene sorte te na osnovu toga definirati ciljani
raspon okoliSa za provodenje pokusa (Bustos-Korts i sur., 2019). Povecéanje selekcijske
dobiti ovisi 0 sposobnosti predvidanja uspjeha specificne kombinacije genotip-okolis, stoga
predvidanje buduc¢ih kombinacija zahtijeva dublje razumijevanje prethodnih Sto je
uvjetovano detaljnim prikupljanjem podataka i pravilnom analizom istih (van Eeuwijk i sur.,
2016). U oplemenijivanju bilja za opisivanje i analizu GEI koriste se razliCiti statisticki modeli
koji pruzaju informacije o utjecaju okoliSa na genotip (osjetljivost genotipa, adaptabilnost,
identifikacija najuspjeSnijeg genotipa u podskupu okolia). Neki od naj¢eSc¢e koristenih

statisti¢kih modela su:
(1) ANOVA — najjednostavniji, potpuni aditivni model;

(2) Regresija na srednju vrijednost okolisa ili Finlay-Wilkinson regresija — naj¢esce
koristen model, ali neinformativan za GEI u slu¢aju malog broja genotipova ili

kombinacija genotip-okolis;
(3) Bilinearni modeli (AMMI, GGE) — pruzaju bolji analiti¢ki pristup razumijevanju GEl,
(4) Modeli faktorijalne regresije;

(5) Linearni mjeSoviti modeli — prikladni za procjenu strukture varijance-kovarijance
okoli$a te za predvidanje uspjeha genotipova u odredenim okoliSima (Bustos-Korts
i sur., 2019).

Genomska selekcija za svojstva kakvoée pSeni¢noga zrna 18



Pregled relevantne literature

2.4.1. AMMI model

AMMI model predstavlja metodu analize GEI koja spaja aditivne i multiplikativhe
komponente u jedinstvenu analizu (Gauch, 1992). Generalno, AMMI model moze se

zapisati kao:
Yge = pt ag+ Be + Zn/ln Vgn6en + Pge

gdje je Yy, opazena fenotipska vrijednost genotipa g u okoliSu e, p ukupna srednja
vrijednost, a, odstupanje genotipa g od ukupne srednje vrijednosti, S, odstupanje okolisa e
od ukupne srednje vrijednosti, 4, svojstvena vrijednost IPCA osi n, y,, vrijednost

svojstvenog vektora genotipa g za IPCA os n, §,,, vrijednost svojstvenog vektora okolisa e
za IPCA os n, a py, ostatak (Gauch, 2013, 1988).

Prvi dio modela je ANOVA koja uklju€uje samo glavne ucinke (genotip i okoli§), a
ostatak se koristi za konstrukciju matrice GEI. Drugi dio modela odnosi se na dekompoziciju
matrice GEl na svojstvene vrijednosti i ortogonalne vektore (eng. singular value
decomposition; SVD) koji tvore od 1 do K broja osi. Navedene osi nazivaju se interakcijske
PCA (eng. principal component analysis) osi ili IPCA osi. Primjenom AMMI modela GEI se
rastavlja na niz K multiplikativnih komponenti (vektora) za svaki genotip i za svaki okoli$ Ciji
odnosi opisuju razliCitu osjetljivost genotipova na razliCite (uglavhom nepoznate)
prevladavajuce stresove u ispitivanom okoliSu (Bustos-Korts i sur., 2019), odnosno. Krajniji
rezultat analize AMMI modelom su genotipske i okoliSne vrijednosti za K zadrzanih osi te
razmjeri sume kvadrata interakcije objasnjene multiplikativnim komponentama. Ako je K =
0 (AMMIO model), nema IPCA osi. U ovom slucaju rije¢ je o ANOVA modelu, a za opis
matrice podataka koristi se aditivni genotipski i okolisni prosjek, na osnovu kojeg se
genotipovi rangiraju podjednako u svim okoliSima pri ¢emu se zanemaruje GEI. AMMIO
model u praksi je najées¢e nedovoljan, a podcjenjuje u€inak interakcija u modelu. Za K = 1
(AMMI1 model) model je predstavljen glavnim ucincima (genotip i okoliS) te osi prve glavne
interakcijske komponente (IPCA1) za interpretaciju matrice ostatka. Ako je K = 2 (AMMI2),
zadrzane su prve dvije IPCA osi (IPCA1 i IPCA2). Model je u tom slu€aju predstavljen
glavnim uéincima, a neaditivha varijabilnost tj. interakcija (matrica ostatka) objasnjena je
pomocu dvije glavne komponente. Ukljucivanje dodatnih glavnih komponenata moze i¢i sve
do potpunog AMMI modela (AMMIF). Medutim, AMMIF moze precijeniti u€inak interakcije
te se stoga u praksi uglavhom zanemaruju multiplikativne komponente viseg reda
(komponente interakcije koje nisu statistiCki zna€ajne) te se najCeSce koriste AMMI1 ili
AMMI2 modeli. Takoder, u svrhu detaljnije interpretacije AMMI rezultata i definiranja to¢nih

okoliSnih ili geneti¢kih ¢imbenika koji utje€u na GEI mogu se izraunati korelacijski
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koeficijenti za pojedine IPCA osi i razliCite genetiCke, fizioloSke ili okoliSne podatke (Gauch
i Zobel, 1997; Gauch, 2013).

Za vizualizaciju rezultata AMMI modela najc¢eS¢e se koristi biplot, vrlo informativan
vizualizacijski alat koji prikazuje glavne i interakcijske ucinke genotipova i okolisa (Gauch i
Zobel, 1997). Smjestaj genotipa g na biplotu odreden je genotipskim vrijednostima al i
a2,4, dok je smjestaj okoliSa e odreden vektorima okolisnih vrijednosti b1.i b2, (Bustos-
Korts i sur., 2019). Netipi¢ne vrijednosti genotipova ili okolida, ili njihovo grupiranje, vrlo se
lako mogu uoditi na biplotu (van Eeuwijk i sur., 2016). Udaljenost genotipa ili okolisa od
ishodista proporcionalna je GEI koju taj genotip ili okoli§ proizvodi. Genotipovi koji su na
biplotu smjesteni blizu jedan drugome pokazuju sli€nu adaptabilnost. OkoliSi smjesteni blize
jedan drugome proizvode sli¢nu GEI, a kut izmedu bilo koja dva vektora okolisa ukazuje na
sli€nost izmedu okolida, tj. na genetiCku korelaciju. Udaljenost projekcije genotipa g na
vektor okoliSa e od ishodiSta daje informaciju o apsolutnoj dimenziji interakcije genotipa g
u okoliSu e. Predznak GEIl moze se procijeniti i iz kuta kojeg zatvaraju vektor genotipa i
vektor okolisa. Ako je kut medu njima pravi (90°), GEI nije prisutna. Takoder, okolisi Ciji
vektori zatvaraju kut od 90° proizvode slicnu GEI za sve genotipove. Ako vektori dva okolisa
zatvaraju kut od 180°, genotip koji je dobro prilagoden jednom okoliSu istovremeno ¢e biti
vrlo slabo prilagoden drugom okoliSu. U slu€aju da vektori dva okoliSa zatvaraju kut od 90°,
ponasSanje genotipa u jednom okoliSu bit ¢e sasvim nezavisno od njegovog ponasanja u
drugom okoliSu (geneticka korelacija je nula) (Bustos-Korts i sur., 2019). Fenotipska
stabilnost genotipa moze takoder biti procijenjena AMMI biplotom i to kao udaljenost
vrijednosti genotipa od ishodista znac¢ajne genotip x okoli§ SVD komponente (Elias i sur.,
2016). Osim identifikacije Siroko prilagodenih genotipova koji postizu visoke vrijednosti
promatranih svojstava, AMMI takoder daje uvid u grupiranje okoliSa u homogene
megaokolide (podskup okolisa u kojima se isti, ili priblizno isti, genotipovi pokazuju
superiornima) koji se u daljnjem istrazivanju mogu promatrati kao zasebni ciljani raspon
okolia (Gauch, 2013; Gauch i Zobel, 1997).

Dvije glavne prednosti koje €ine AMMI model Siroko koriStenim u analizi
viSeokolisnih pokusa su moguénost boljeg razumijevanja kompleksne GEI, ukljuCujuéi i
identifikaciju megaokoliSa i odabir Siroko prilagodenih genotipova, i povec¢anije to¢nosti kako
bi se poboljSale preporuke, ponovljivost i odabir te povecala geneti¢ka dobit (Gauch, 2013).
U analizi GEI za razliCita svojstva pSenice, AMMI se koristi jo§ od ranih 90-ih godina 20.
stolje¢a. Analizirajuci podatke CIMMYT-a za prinos 18 genotipova pSenice uzgajanih na 25
lokacija diliem svijeta Crossa i sur. (1991) utvrdili su da je AMMI model iznimno pogodan
za ra&¢lanjivanje GEl, utvrdivanje megaokolida, kao i za identifikaciju genotipova visokog

prinosa u odredenim okoliSima i identifikaciju Siroko prilagodenih genotipova. U navedenom
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istraZivanju AMMI1 model se pokazao najpogodnijim za utvrdivanje megaokoliSa, dok je
AMMI3 model pokazao optimalnu to&nost predvidanja. Annicchiarico i Perenzin (1994) su
u svom istraZzivanju utvrdili povezanost AMMI rezultata za prinos pSenice s okoliSnim
uvjetima, odnosno da IPCA1 os AMMI modela odrazava otpornost na mraz, dok IPCA2 os
predstavlja otpornost na polijeganje i terminalnu susu. lako je najceS¢e koriSten u
viSeokolisnim analizama komercijalno vaznih svojstava poput prinosa pSenice (Groos i sur.,
2003; Gauch, 2006; Yang i sur., 2009), AMMI model takoder se koristi i za procjenu
stabilnosti svojstava kakvoce ozime pSenice (reolodki parametri dobiveni farinografom,
ekstenzografom i miksografom, GPC, WGC, gluten indeks i dr.) (Grausgruber i sur., 2000;
Mani, 2007; Drezner i sur., 2010; Mut i sur., 2010). Istrazivanje predzetvenog proklijavanja
pSenice na 197 genotipova biparentalne populacije pSenice uzgajane u 14 okolisa,
pokazalo je da primjena AMMI modela moZe poboljSati pronalazak i razumijevanje lokusa
kvantitativnih svojstava (eng. quantitative trait loci; QTL) (Gauch i sur., 2011). Naime,
utvrdeno je da AMMI povecava toénost predvidanja svojstva §to povecCava vjerojatnost
pronalaska QTL-a, a grupiranje okoliSa otkriva sustavne trendove &iji su uzroci Cesto
ekoloSke ili bioloSke prirode. AMMI model uspjeSno je koristen i u analizi GEI za svojstva
kakvocée pSenice u RIL populacijama (Groos i sur., 2004). Za svojstva kakvoce ispitana
koristenjem RIL populacija pokazalo se da okoli§, te zdruzeni u€inak okolisa i GEI, imaju
najveéi utjecaj na GPC (Krishnappa i sur., 2019). Elangovan i sur. (2011) potvrdili su
prevladavajuci utjecaj okoliSa za svojstva GPC i TW. Ispitujuéi izvore varijacija za svojstva
miksografa Prashant i sur. (2015) utvrdili su sli¢an obrazac, odnosno znac¢ajan doprinos
okolisa i GEI fenotipskoj varijanci za svojstva miksografa. S druge strane, neka istrazivanja
su pokazala da AMMI model nije primjenjiv s istom u€inkovito$¢u na sva svojstva kakvoce
pSenice. Bez obzira na visok i zna¢ajan ucinak GEI, Elangovan i sur. (2008) su pokazali da

AMMI model nije uspjeSan u identificiranju stabilnih genotipova za volumen kruha.
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2.5. Molekularni pristupi oplemenjivanju pSenice

Buduci da je fenotipizacija Cesto dugotrajan i opseZan posao oplemenijivaci se sve
vise okrecCu alternativnim metodama oplemenjivanja kako bi se smanijila potreba za
fenotipizacijom te ubrzao proces selekcije. Visoki troSkovi genotipizacije i sekvenciranja
genoma joS su u donedavnoj proslosti ograniCavali primjenu molekularnih biljega u
oplemenjivackom procesu. Relativno mali broj biljega ciljane regije genoma koristen je za
odabiranje linija na osnovu prisutnosti ili odsutnosti agronomski vaznih alela. Smanjenje
troSkova i razvoj novih metoda genotipizacije (eng. next-generation sequencing; NGS)
omogucilo je genotipizaciju visoke gusto¢e te dovelo do sve vece primjene molekularnih
biliega u oplemenijivanju (Crossa i sur., 2013). Stoga se danas u oplemenjivanju bilja, pa i
pSenice, sve CeSce koriste metode temeljene na molekularnim biljezima koje daju preciznije
procjene te povecavaju ucinkovitost oplemenjivanja. Noviji pristupi oplemenjivanju uvelike
skracuju vrijeme potrebno za jedan oplemenijivacki ciklus, poboljSavaju preciznost selekcije
te omoguéuju ucinkovitije koristenje geneticke varijance u svrhu poboljSanja geneticke
dobiti u oplemenjivackim programima (Lorenz i sur., 2011). Molekularni biljezi mogu biti

koriSteni i za analizu poligenskih svojstava, odnosno za QTL analizu.
2.5.1. Molekularni biljezi

U biologiji biljaka razlikuju se dva osnovna tipa biljega: morfoloski i molekularni
biljezi. Morfoloski biljezi predstavljaju bilo koje lako uodljivo morfoloSko svojstvo od kojih su
mnogi vidljivi samo na odredenim dijelovima bilijke i u odredenim stadijima razvoja. Broj
morfoloskih biliega je ograni¢en, a njihova ekspresija ¢esto je nestalna. U molekularne
biliege ubrajamo izoenzimske biljege i biliege na razini DNA. Prednost molekularnih nad
morfoloSkim biljezima je ta da nisu pod utjecajem okolidnih uvjeta te da se mogu detektirati
u svim fazama razvoja biljke (Mohan i sur., 1997). |zoenzimski biljezi su molekularni oblici
istog enzima, ali Cija je pojavnost pod kontrolom razli€itih gena. Oni ne utjeCu na morfoloSke

ili fizioloSke karakteristike jedinke.

Biljezi na razini DNA ono su $to naj¢eS€e podrazumijevamo pod pojmom
molekularnih biliega. To su dijelovi (fragmenti ili sekvence) DNA, duljine jednog ili viSe
parova baza, a koji otkrivaju mjesta varijacije izmedu organizama ili vrsta. Naj¢eS¢e se
nalaze u nekodiraju¢im regijama DNA tzv. intronima, a pretpostavlja se da nemaju bioloski
znacajnu funkciju. Nazivaju se biljezima jer su Cesto povezani sa specificnim genima te
sluze kao pokazatelj njihove prisutnosti u genomu (Collard i sur., 2005). Polimorfizmi takvih
biliega unutar genoma su mnogobrojni §to omogucuje relativno jednostavno povezivanje
njihove prisutnosti s pojavom odredenog fenotipa. Tijekom posljednja Cetiri desetljeéa

razvijeni su brojni biljezi na razini DNA koji se medusobno razlikuju u slozenosti i cijeni
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analize, koli€ini informacija koju otkrivaju te broju otkrivenih polimorfizama po reakciji, a
ukljuCuju RFLP (eng. restriction fragment length polymorphism), RAPD (eng. random
amplified polymorphic DNA), AFLP (eng. amplified fragment length polymorphism),
mikrosatelitne odnosno SSR biljege (eng. simple sequence repeats) i dr. Zbog sve
uCestalije potrebe profiliranja cijelog genoma, navedene biliege u upotrebi sve viSe
zamjenjuju bilijezi kao $to su polimorfizmi jednog nukleotida (eng. single nucleotide
polymorphism, SNP). SNP biljezi predstavljaju promjene na razini jednog nukleotida na
odgovarajuéim dijelovima genoma razlicitih jedinki. Polimorfizam nukleotida na odredenom
mjestu u genomu smatra se SNP-om samo u slu€aju da je frekvencija najmanje frekventnog
alela = 1 %. Svaki SNP lokus moze imati Cetiri alela pri €emu svaki alel predstavlja prisutnost
jednog od Cetiri mogu¢a DNA nukleotida. SNP-ovi su mnogobrojni (jedan SNP se pojavijuje
na otprilike svakih 100 — 300 parova baza), imaju nisku stopu mutacije te se relativno
jednostavno mogu detektirati $to ih &ini idealnim geneti¢kim biljezima. Ce$ée se nalaze u

nekodiraju¢im regijama genoma (Singh i Singh, 2015).

DArT (eng. Diversity Arrays Technology) tehnologija omogucéava istovremeni
pronalazak svih promjena prisutnih u DNA lancu (insercije, delecije, SNP) te otkrivanje od
nekoliko stotina do nekoliko tisu¢a polimorfnih biljega (Kilian i sur., 2005). Sama tehnologija
zasniva se na hibridizaciji pomo¢u DArT mikromatrica (Slika 7). DArT analiza sastoji se od
dva glavna koraka: (1) konstrukcija mikromatrice (sadrzi klonirane prikaze pripremljene
pomocu digestije DNA restrikcijskim endonukleazama koristeéi genske zalihe genotipova
koji predstavljaju geneticku raznolikost vrste), i (2) genotipizacija jedinki od interesa
zasnovana na hibridizaciji njihovih genomskih fragmenata i mikromatrice (Singh i Singh,
2015). Mikromatrice se zatim ispiru, skeniraju te se analiziraju prisutni polimorfizmi.
Zabiljezeni polimorfizmi oznaCavaju prisutnost, odnosno odsutnost hibridizacije na svakom
pojedinom elementu mikromatrice. Oni odrazavaju varijacije u DNA sekvenci koje otkrivaju
koje genomske sekvence su prisutne u genomskom prikazu (Jaccoud i sur., 2001). DArT
biljezi su bialelni biljezi koji mogu biti dominantni ili kodominantni. Buduéi da se DArT
tehnologija zasniva na redukciji genoma restrikcijskim endonukleazama, odabrana metoda
redukcije odredit ¢e koju vrstu polimorfizama DArT biljezi pretrazuju u genomu. Npr.
koristenjem restrikcijskih enzima osjetljivih na metilaciju DNA u genomu ¢ée se identificirati
biljezi koji odrazavaju promjene u sekvenci (SNP biljezi) te polimorfizmi metilacije DNA
(Kilian i sur., 2005). Za potrebe sekvenciranja genoma pSenice, naj¢edce se koristi
kombinacija dvije restrikcijske endonukleaze — Pstl (prepoznaje i cijepa sekvencu &'
CTGCA/G 3'-3'G/ACGTC 5") i Taql (prepoznaje i cijepa sekvencu 5' T/CGA 3'— 3' AGC/T
5") buduéi da je dokazano da najbolje otkriva polimorfizme unutar genoma pSenice (Singh i
Singh, 2015).
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Slika 7. Pojednostavljeni prikaz DArT tehnologije.

Za razliku od prvobitne DArT metode zasnovane na fluorescentnom bojanju,
DArTseq metoda koristi platforme za sekvenciranje nove generacije pri Eemu istovremeno
analizira nekoliko desetaka tisu¢a biljega $to u konacnici omogucuje visoku propusnost
genotipizacije i rezultira otkrivanjem velikog broja SNP-ova na razini cijelog genoma u vrlo

kratkom vremenu (Kilian i sur., 2005).
2.5.2. Biljezima potpomognuta selekcija

MAS koristi veliki broj molekularnih biljega kako bi se utvrdila njihova povezanost s
QTL-ima za pojedina svojstva od interesa. Raniji pristupi MAS-u zahtijevali su dugotrajan
proces razvoja kartiraju¢ih populacija za utvrdivanje povezanosti biliega s QTL-ima za
jednostavna agronomska svojstva. Za koristenje biljega u QTL kartiranju biljeg i QTL moraju
medusobno biti u neravnotezi vezanosti gena (eng. linkage disequilibrium; LD). Ako biljeg i

QTL medusobno nisu u LD-u, Sto je Cesto slu€aj u genetski udaljenijim (outbreeding)
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populacijama, svi haplotipovi su prisutni u nasumicnim frekvencijama pa biljeg ne moze dati

pouzdanu informaciju o QTL-u (Dekkers i Hospital, 2002).

Kada se vezanost biljega i QTL-a za promatrano svojstvo potvrdi, MAS omogucuje
da se samo na osnovu genotipa predvidi fenotipska vrijednost, odnosno omogucuje
selekciju svojstva od interesa na osnovu biljega koji je u LD-u s njim (Mani, 2007). MAS se
do danas pokazao kao iznimno uspjeSna metoda u oplemenijivanju bilja, uspjesnija i od
fenotipske selekcije. Istrazivanja su pokazala da ¢e za svojstva pod kontrolom veceg broja
QTL-a MAS biti uspjesniji od fenotipske selekcije u svim slu€ajevima, osim u slu€aju kad
vrijednost heritabilnosti promatranog svojstva iznosi 1,0 (Dudley, 1993). Uz razvoj jeftinijih
metoda genotipizacije (NGS platforme) ukljuCivanje genomskih alata u tradicionalno
koristenu fenotipsku selekciju pomaze skratiti trajanje selekcijskog ciklusa, povecati
preciznost selekcije te povecati stopu geneticke dobiti u oplemenjivackim programima
(Varshney i sur., 2017). Danas MAS sve viSe zamjenjuje genomska selekcija koja

istovremeno Koristi biljege cijelog genoma.
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2.6. Genomska selekcija

Genomska selekcija jedan je od novije razvijenih pristupa MAS-u koji omogucuje
predvidanje uzgojnih vrijednosti jedinki istovremenim koriStenjem molekularnih biljega
cijelog genoma. Takav pristup oplemenjivanju prvi put je opisan jo§ 2001. godine
(Meuwissen i sur., 2001) te je ponajprije bio koristen u oplemenjivackim programima
Zivotinja, a otada je stekao Siroku primjenu i medu oplemenjivacima bilja (Krishnappa i sur.,
2021). Za razliku od ostalih pristupa MAS-u, genomska selekcija ne zahtijeva utvrdivanje
biliega povezanih s QTL-ima svojstva od interesa. Tablica 1 navodi osnovne sli¢nosti i
razlike u pristupu oplemenjivanju zasnovanom na MAS-u i na genomskoj selekciji.
Genomska selekcija pokusava obuhvatiti ukupnu aditivnu genetiCku varijancu na temelju
zbroja ucinaka velikog broja molekularnih biljega, pritom obuhvaéajuéi sve QTL-e koji
doprinose varijabilnosti svojstva od interesa (Bernardo i Yu, 2007). Budu¢i da istovremeno
koristi sve dostupne molekularne biljege osnovna geneti¢ka kontrola svojstva od interesa u

genomskoj selekciji nije nuzno poznata.

U osnovi se genomska selekcija zasniva na koristenju velikog broja molekularnih
biljlega koji gusto i ravhomjerno prekrivaju genom, tzv. biljega visoke gustoCe. NajceSce
koristen tip molekularnih biljega u genomskoj selekciji su SNP biljezi &ija je dostupnost,
brzina analize i financijska isplativost danas daleko vec¢a u odnosu na druge tipove
molekularnih biljega. Visoka gustoc¢a biljega koriStena u genomskoj selekciji nastoji osigurati
da su svi QTL-i svojstva od interesa u LD-u s barem jednim biljegom. Pomocu biljega visoke
gustoce moguce je precizno predvidjeti oplemenjivacku vrijednost jedinki za koje ne postoje
fenotipski, ve¢ samo genotipski podatci (Meuwissen i sur., 2001). Kako bi se izraCunale
genomske procjene oplemenijivacke vrijednosti (eng. genomic estimated breeding value;
GEBV) jedinki za koje su poznati samo genotipski podatci, genomska selekcija koristi dva

skupa podataka:

(1) trenaznu populaciju (eng. training population) tj. kalibracijsku populaciju -
referentna populacija za koju su dostupni genotipski i fenotipski podatci, a na osnovu

koje se procjenjuju ucinci biliega za svojstvo od interesa,

(2) oplemenijivacku populaciju (eng. breeding population) tj. validacijsku populaciju
(eng. validation population) — obuhvaca selekcijske kandidate za koje su poznati
genotipski, ali ne i fenotipski podatci, i za koje se na osnovu procijenjenih u€inaka
biliega koristenjem trenazne populacije izraCunavaju GEBV vrijednosti (Sorrells,
2015).
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Selekcija se dalje provodi na oplemenjivackoj populaciji, koja nije fenotipizirana, na
osnovu izraCunatih GEBV vrijednosti (Slika 8). Sama GEBYV vrijednost ne daje informaciju
o funkciji QTL-a ili gena za promatrano svojstvo, ali moze posluziti kao odli¢an kriterij u

selekciji (Lorenz i sur., 2011; Voss-Fels i sur., 2019).

Tablica 1. Osnovne sli¢nosti i razlike izmedu pristupa oplemenjivanju zasnovanog na biljezima potpomognutoj

selekciji i genomskoj selekciji (prema Singh i Singh, 2015).

Biljezima potpomognuta
selekcija

Genomska selekcija

QTL-i sa znacajnim i velikim
ucincima

Ciljani QTL-i

Svi koji utje€u na svojstvo

Biljezi

Osnova selekcije

GEBY vrijednost procijenjena
pomocu biljega

Nekoliko biljega povezanih s
QTL-ima svojstva od interesa

Broj koristenih biljega

Veliki broj biljega duz cijelog
genoma

Potrebno

Pronalazak, potvrda i
provjera QTL-a

Nije potrebno, procjenjuju se
ucinci biljega povezani sa
svojstvom

Ne mora biti u srodstvu s
populacijom na kojoj se provodi
MAS

Populacija koriStena za
treniranje modela / pronalazak
QTL-a

U srodstvu s populacijom na
kojoj se provodi genomska
selekcija

Populacija se uglavnhom ne
odrzava

Dugovjeénost populacije
koriStene za treniranje modela
| pronalazak QTL-a

Populacija se odrzava i redovno
azurira dodavanjem novih linija

Tijekom pronalaska, potvrde i
provjere QTL-a

Fenotipska procjena

Ograni¢ena na trenaznu
populaciju

Introgresija/Akumulacija ciljanih
QTL-a

Cilj oplemenjivac¢kog
programa

Poboljsanje ciljanih kvantitativnih

svojstava

Koristi se zaseban skup
podataka o biljezima za svaki

Selekcija na viSe svojstava

Koristi se isti skup podataka o

QTL biliezima za sva svojstva

Kako bi se procijenili u€inci biljega genomska selekcija koristi razliCite statisticke
modele predvidanja. Toénost predvidanja genomske selekcije mjeri se Pearsonovom
korelacijom izmedu GEBYV vrijednosti i prave (geneti¢ke) oplemenjivacke vrijednosti (eng.
true breeding value; TBV) jedinki unutar oplemenjivacke populacije. Buduci da u prakti¢noj
primjeni nije moguce unaprijed znati TBV vrijednost selekcijskih kandidata, za izracun
korelacije s GEBV koristi se procijenjena oplemenjivacka vrijednost (eng. estimated
breeding value; EBV) jedinki kako bi se utvrdila uspjeSnost modela predvidanja i samim

time i uspjesnost genomske selekcije (Heffner i sur., 2009; Ward i sur., 2019).

Prije ukljuCivanja genomske selekcije u oplemenjivacki program potrebno je
procijeniti njezinu potencijalnu uspjeSnost za svojstvo od interesa unutar ciljane populacije

koriStenjem unakrsne validacije (eng. cross-validation). U postupku unakrsne validacije
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populacija za koju su dostupni fenotipski i genotipski podatci podijeli se na dva skupa
podataka: trenazni skup podataka i validacijski skup podataka. Razdioba na ova dva skupa
podataka moze biti nasumicna ili slijediti neki od algoritama za optimizirano uzorkovanje.
Za odabir trenazne populacije najéesSce se koristi nasumi¢no uzorkovanje, a mozZe se
koristiti i stratificirano uzorkovanje, uzorkovanje na temelju srednje vrijednosti koeficijenta
determinacije (eng. coefficient of determination; CD), srednje vrijednosti varijance pogreske
predvidanja (eng. predictor error variance; PEV), i dr. (Isidro i sur., 2015; Marulanda i sur.,
2015; Rincent i sur., 2012). Odabir same strategije optimizacije trenazne populacije ovisi
ponajprije o strukturi populacije. Prema rezultatima istrazivanja Isidro i sur. (2015) za
strukturirane populacije pozeljno je za trenaznu populaciju odabrati jedinke koje daju

najvecéu fenotipsku varijancu kako bi se postigla visoka to¢nost predvidanja.

TRENAZNA
POPULACIJA

Fenotipizacija Treniranje
— i — modela
genotipizacija $
— [l — =0

Slika 8. Dijagram procesa genomske selekcije (prema Plavsin i sur., 2021).

ODABRANA
POPULACIJA

Najvaznija prednost genomske selekcije u odnosu na tradicionalno koriStene
metode oplemenjivanja je povecanje genetiCke dobiti uslijed skradivanja selekcijskog
ciklusa u oplemenjivackom procesu (Heffner i sur., 2010; Sorrells, 2015; Voss-Fels i sur.,
2019). Genomska selekcija poboljSava tocnost selekcije i omogucéuje odabir uspjesnih linija
ranije u oplemenjivatkom ciklusu, ¢ime se smanjuje potencijalni troSak fenotipizacije u
kasnijim generacijama (Belamkar i sur., 2018; Lorenz i sur., 2011). Prema istrazivanju
Heffner i sur. (2010) za svaki provedeni ciklus MAS-a mogucée je provesti 2.33
oplemenijivacka ciklusa zasnovana na genomskoj selekciji kada je rije¢ o oplemenjivanju na
agronomski vazna svojstva ozime pSenice. Takoder, ako se u oplemenjivackom ciklusu
zasnovanom na genomskoj selekciji postigne to€nost predvidanja od 0,5, mogucée je postici
geneti¢ku dobit koja na godidnjoj razini za dva puta premasuje dobit postignutu koridtenjem
MAS-a.
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Prema Heffner i sur. (2009) strategija koja bi omogucila ucinkovito iskoristenje i
implementaciju genomske selekcije u oplemenjivalke programe bilja sastoji se od dva
ciklusa: ciklusa treniranja modela i ciklusa razvoja linija, a koji se medusobno nadopunjuju
(Slika 9). Ciklus treniranja modela ima za cilj kontinuirano poboljSanje to¢nosti predvidanja,
a Sto se postize uklju€ivanjem informativnih linija u trenaznu populaciju. Fenotipski i
genotipski podatci informativnih linija koriste se za poboljSanje predvidanja modela. Linije
informativne za poboljSanje modela dobivene su kao rezultat ciklusa razvoja linija u kojem
se utrenirani model koristi za procjenu GEBV vrijednosti na osnovu kojih se odabiru
najuspjesnije linije. Najuspjesnije linije mogu se koristiti kao osnova za razvoj nove sorte ili
se iz njih mogu dalje razvijati cijepajuce generacije koje ¢e se genotipizirati i nastavljati
ciklus razvoja linija. Uspjesnost ovakvih strategija ovisi ponajprije o optimizaciji parametara

za provodenje genomske selekcije na odredenoj kulturi i za odredeno svojstvo.

Fenotipska procjena
za razvoj nove sorte

Linije informativne \

za poboljsanje Linije s najvisim
GS modela GEBV
vrijednostima
Genomska
selekcija
Fenotipska Krizanje odabranih
procjena linija
Ciklus 3 —
- < Trenazna Oplemenjivacka . .. Samooplodnja
treniranja ” . Ciklus razvoja linija )
modela populacija populacija
— Linije iz kasnijih
Treniranje generacija

GS modela Procjena
U, GEBV vrijednosti
ENirap,
5S my, \ Genotipizacija

Slika 9. Shematski prikaz strategije uklju€ivanja genomske selekcije u oplemenjivacki program bilja (prema
Heffner i sur., 2009).

Budu¢i da genomska selekcija uzima u obzir sve dostupne biljege bez njihove
prethodne selekcije pokazalo se da je posebno korisna za predvidanje poligenskih
svojstava Cija je ekspresija pod kontrolom velikog broja QTL-a s malim u¢inkom, kao $to su
svojstva kakvocée pSenice (Kristensen i sur., 2018). Unato¢ vaznosti svojstava kakvoce
pSenice u kontekstu prehrane, istraZivanja genomske selekcije za svojstva kakvoce pSenice
jo$ uvijek nisu tako brojna kao $to je to slucaj za agronomski vazna svojstva, primjerice
prinos. Pregledni znanstveni rad pod naslovom ,An Overview of Key Factors Affecting

Genomic Selection for Wheat Quality Traits“ (Plavsin i sur., 2021), koji je ukljuéen u ovaj
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doktorski rad, daje detaljan pregled dosadasnjih istrazivanja genomske selekcije za

svojstva kakvoce pSenice (Prilog 3).
2.6.1. Cimbenici koji utjedu na toénost predvidanja genomske selekcije

Prvi korak ka uspjeSnoj implementaciji genomske selekcije u prakticni
oplemenjivacki program je ispravna prilagodba svih &imbenika koji mogu utjecati na toénost
predvidanja. Uspjednost oplemenjivatkog programa zasnovanog na genomskoj selekciji
ovisit ¢e o dobivenoj to¢nosti predvidanja, a koja je pod utjecajem razliCitih geneti¢kih
Cimbenika (raspodijela i jaCina LD-a izmedu biljega i QTL-a, kolinearnost izmedu biljega,
razlike u frekvenciji alela izmedu trenazne i oplemenjivacke populacije, struktura i srodnost
trenazne i oplemenijivacke populacije) (Edwards i sur., 2019; Habier i sur., 2007; Isidro i
sur., 2015) i fenotipskih ¢imbenika vezanih uz promatrano svojstvo (heritabilnost, fenotipska
varijanca trenazne populacije) (Heffner i sur., 2009; Ornella i sur., 2012). Osim navedenog,
znacajan utjecaj na toCnost predvidanja imaju i veli€ina trenazne populacije koriStena za
procjenu ucinaka biljega, gusto¢a i vrsta biljega, ali i karakteristike odabranog statistiCkog

modela za predvidanje (Heslot i sur., 2012; Poland i sur., 2012).

Prema rezultatima dosada$njih istrazivanja najvazniju ulogu u postizanju visoke
toCnosti predvidanja ima medusobni odnos triju &imbenika: strukture promatranih
populacija, veli€ine trenazne populacije i gustoce biliega (Riedelsheimer i sur., 2013;
Riedelsheimer i Melchinger, 2013; Robertsen i sur., 2019). Prilikom dizajniranja trenazne
populacije u obzir se treba uzeti i oplemenjivacka populacija, odnosno trenazna populacija
mora biti dizajnirana tako da se postigne Zeljeni ishod (visoka toCnost predvidanja) u
oplemenijivackoj populaciji (Crossa i sur., 2016; Jannink i sur., 2010). Da bi se postigla
zadovoljavaju¢a toCnost predvidanja trenazna populacija bi trebala biti visokosrodna s
oplemenjivackom populacijom ili sadrZzavati genotipove srodne genotipovima prisutnima u
oplemenijivac¢koj populaciji (Asoro i sur., 2011; Hickey i sur., 2014). Brojna su istrazivanja,
jednako u biljnim i Zivotinjskim oplemenjivaCkim programima, pokazala da je toCnost
predvidanja genomske selekcije zna¢ajno smanjena u slu€aju da trenazna i oplemenjivacka
populacija nisu srodne (Windhausen i sur., 2012; Ly i sur., 2013; Albrecht i sur., 2014,
Lorenz i Smith, 2015; Rutkoski i sur., 2015). To¢nost predvidanja moze rezultirati i nultim
vrijednostima ili vrijednostima vrlo blizu nuli, ako se prilikom odabiranja trenazne i
oplemenijiva¢ke populacije koriste isklju¢ivo medusobno nesrodne jedinke (Riedelsheimer i
sur., 2013). Toénost predvidanja raste s porastom veliCine trenaZne populacije, kao i s
porastom gustoce biljega sve dok ne dosegne tzv. plato predvidanja nakon kojeg daljnje
povecanje nema znacajan utjecaj na to¢nost predvidanja (Arruda i sur., 2015; Heffner i sur.,

2011a; Maulanai sur., 2019). Sto su trenazna i oplemenjivacka populacija genetski srodnije,

Genomska selekcija za svojstva kakvoée pSeni¢noga zrna 30



Pregled relevantne literature

to su veli¢ina trenazne populacije i gustoca biljega potrebni za postizanje platoa tonosti
predvidanja maniji (Herter i sur., 2019; Rutkoski i sur., 2015a). Takoder, veli€ina trenazne
populacije dostatna za postizanje zadovoljavajuce vrijednosti to¢nosti predvidanja manja je
u slu¢aju samooplodnih u odnosu na stranooplodne biljne vrste (Singh i Singh, 2015). Osim
toga, stopa LD-a utjeCe na gustoéu biljega potrebnu za postizanje odredene vrijednosti
to¢nosti predvidanja (Sorrells, 2015). Visoka stopa LD-a izmedu QTL-a i biljiega prisutna u
visokosrodnim populacijama, kao $to su biparentalne populacije, osigurava da je svaki QTL
obuhvaéen s vide biljega. Mali broj genskih rekombinacija prisutan u biparentalnim
populacijama biljaka koje nisu nasumiéno sparivane uzrokuje postojanje velikih tzv. vezanih
blokova (eng. linkage blocks) §to ogranic¢ava lokalizaciju QTL-a na relativno velike intervale
od 10 do 20 cM te uzrokuje visoku stopu LD-a izmedu biljega i QTL-a. Stoga je niza gustoca
biliega potrebna kako bi se dosegao plato to¢nosti predvidanja kada se genomska selekcija
primjenjuje u biparentalnim populacijama u odnosu na nesrodne populacije (Lorenzana i
Bernardo, 2009).

Osim o navedenim Cimbenicima, to€nost predvidanja takoder znaCajno ovisi o
heritabilnosti svojstva. Sto je heritabilnost promatranog svojstva manja, to se manja to¢nost
predvidanja moze ocekivati za to svojstvo (Bernardo i Yu, 2007; Combs i Bernardo, 2013;
Zhang i sur., 2015). U slu€aju niske heritabilnosti svojstva, za postizanje relativho visoke
toCnosti predvidanja potrebno je znacajno povecati broj fenotipskih opazanja (Meuwissen i
sur., 2001; Sorrells, 2015). Istrazivanja su takoder pokazala da na to¢nost predvidanja u
odredenoj mijeri utjeCe i postojanje GEI budué¢i da moze dovesti do promjene poretka
uspjesnosti genotipova (Heslot i sur., 2014). Stoga neka istrazivanja predlazu ukljucivanje
GEI u model za predvidanije (Jarquini sur., 2017; Lado i sur., 2016; Lopez-Cruz i sur., 2015)
ili ukljucivanje informacija iz koreliranih okoliSa kako bi se poboljSala toénost predvidanja
(Burguefio i sur., 2012; Ornella i sur., 2012). Relativno mali broj okolia potreban je za
postizanje visoke to€nosti predvidanja (Riedelsheimer i Melchinger, 2013), a postojanje

replikacija unutar okoliSa dodatno pospjesuje tocnost predvidanja (Endelman i sur., 2014).

Brojni znanstveni radovi daju opsezne preglede Cimbenika koji utje¢u na to€nost
predvidanja genomske selekcije za razliCite bilijne vrste i razliCita svojstva (Combs i
Bernardo, 2013; Krishnappa i sur., 2021; Wang i sur., 2018), a detaljan pregled utjecaja
razli¢itih ¢imbenika na to€nost predvidanja za svojstva kakvoée pSenice, kao i vrijednosti
heritabilnosti zabiljezene u dosadasnjim istrazivanjima, prikazani su u znanstvenom radu
pod naslovom ,An Overview of Key Factors Affecting Genomic Selection for Wheat Quality

Traits” (Plavsin i sur., 2021), koji je uklju€en u ovaj doktorski rad (Prilog 3).
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2.6.2. Modeli predvidanja koriSteni u genomskoj selekciji

Do danas su razvijeni razli¢iti modeli predvidanja potrebni za rjeSavanje problema
visokodimenzioniranih skupova podataka u genomskoj selekciji koji proizlaze iz velike
koli€¢ine podataka prikupljenih genotipizacijom visoke propusnosti. Kako bi se smanijio
problem koji nastaje zbog prevelikog broja varijabli predvidanja (broj biljega) u odnosu na
broj opazanja (fenotipski podatci) u genomskoj selekciji se koriste modeli zasnovani na
razli¢itim metodama sazimanja (de los Campos i sur., 2013; Heffner i sur., 2009; Merrick i
Carter, 2021). Klasifikacija najceSée koristenih modela prikazana je na Slika 10. Osnovna
razlika izmedu parametrijskih i neparametrijskih modela je u pretpostavci veze izmedu
fenotipskih i genotipskih vrijednosti pri Eemu parametrijski modeli pretpostavljaju linearnost
te veze i u obzir uzimaju samo aditivne uCinke gena, dok neparametrijski modeli
pretpostavljaju da je veza nelinearna te tako omoguéuju da se u obzir uzmu i neaditivni
u€inci gena (Desta i Ortiz, 2014). Modeli predvidanja koriSteni u genomskoj selekciji
uglavnom se razlikuju u pretpostavkama distribucije i varijance u€inaka biljega (Liu i sur.,
2018; Meuwissen i sur., 2001). S obzirom da se modeli razlikuju u pretpostavkama kako
ucinci biljega doprinose ukupnoj varijanci promatranog svojstva, uspjeSnost predvidanja

nekog modela ovisit ¢e ponajprije 0 genetickoj arhitekturi tog svojstva (Larkin i sur., 2019).

Modeli predvidanja

Parametrijski modeli Neparametrijski modeli
/—\L/—\ RKHS
Penalizacijski pristup Bayesovski pristup SVM
G-BLUP BayesA RF
RR-BLUP BayesB
LASSO BayesC
EN BayesLASSO

Slika 10. Klasifikacija najéesce koriStenih modela predvidanja u genomskoj selekciji.

BLUP modeli parametrijski su modeli koji se zasnivaju na predvidanju po principu
najboljih linearnih nepristranih predvidanja (eng. best linear unbiased prediction; BLUP), a
u koje se ubrajaju G-BLUP (eng. genomic BLUP) i RR-BLUP (eng. ridge regression BLUP).
Zbog svoje robusnosti i pouzdanosti rezultata koje pruza RR-BLUP je naj¢esc¢e koristeni
model u genomskoj selekciji. U matricnom zapisu RR-BLUP model mozZe se prikazati

sljedecom jednadzbom:
y = WGu + e

gdje je y vektor fenotipskih vrijednosti, W je matrica dizajna, G je matrica genotipova, u je

vektor ucinaka biliega koji prate normalnu distribuciju i imaju zajedniCku varijancu
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(u ~N(0,Ic2), a e je pogreska ostatka. BLUP rje$enje za izracun ucinaka biljega moze se

zapisati kao:
u = (Z'Z + AD™1Z7y

gdje je A parametar hrbatne regresije (eng. ridge regression; RR), I je matrica identiteta, a
Z = WG. Vrijednost parametra 4 izraCunava se kao omjer varijance pogreske i varijance
biliega (c2/0?2), a ista vrijednost penalizacije primjenjuje se na sve ucinke biljega $to
uzrokuje njihovo jednako saZimanje prema nuli, bez obzira na veliinu u€inka pojedinog
biliega (Endelman, 2011). Glavna pretpostavka ovog modela je da svi biljezi doprinose
svojstvu &to Cesto nije realisti€na pretpostavka. U genomskoj selekciji pSenice RR-BLUP je
koristen za predvidanje vaznih agronomskih svojstava kao $to su prinos zrna (He i sur.,
2016; Heslot i sur., 2012; Isidro i sur., 2015), otpornost na fuzarijsku palez klasa (Arruda i
sur., 2015; Rutkoski i sur., 2012), otpornost na crnu zitnu hrdu (Ornellai sur., 2012; Rutkoski
i sur., 2014), svojstva kakvoce (Heffner i sur., 2011a; Ward i sur., 2015) i dr.

Za razliku od RR-BLUP-a, G-BLUP model uz pomo¢ biljega procjenjuje matricu
odnosa izmedu jedinki u trenaznoj i oplemenjivackoj populaciji, a koja se kasnije koristi za
procjenu matrice varijanci-kovarijanci genetickih vrijednosti (Tan i sur., 2017; Zhong i sur.,
2009). Medutim, istrazivanja su pokazala da su navedena dva modela istovjetna pod

uvjetima koji se obi¢no susrec¢u u praktiénoj primjeni (Habier i sur., 2007; Hayes i sur., 2009).

Osim BLUP modela, u parametrijske modele s penalizacijskim pristupom ubrajaju
se i operator najmanjeg apsolutnog skupljanja i odabira (eng. least absolute shrinkage and
selection operator; LASSQO) i elastiCna mreza (eng. elastic net; EN). Osnova LASSO modela
je istovremena primjena metode odabira varijabli (iz para usko povezanih biljega izabire
jedan, a ostale zanemaruje) i metode sazimanja regresijskih koeficijenata biljega kako bi se
procijenili njihovi u€inci (Wang i sur., 2018). EN model primjenjuje ponderiranu kombinaciju
penalizacije metodama RR i LASSO pri éemu parametar P, odreduje kojoj od dvije metode
¢e analiza biti sliénija. Sto je vrijednost a niza, to je EN model sli¢niji RR-u (za koji je a = 0),
dok je EN model s vrijednostima a blizima 1 sli¢niji LASSO analizi (za koju je « = 1). Prema
tome, EN istovremeno odabire skupine koreliranih biljega i kontinuirano saZima ucinke
biliega (Friedman i sur., 2010; Zou i Hastie, 2005).

Bayesovski modeli svoju osnovu nalaze u Bayesovom teoremu, a za razliku od RR-
BLUP modela koji sazima sve ucinke biljega jednako (Sto moze dovesti do prevelikog
sazimanja vrlo velikih u€inaka), osmisljeni su kako bi se preciznije modelirali u¢inci biljega
razli¢itih veli¢ina (Heffner, 2011). Svi bayesovski modeli mogu se opisati pomocu sljedece

jednadzbe:
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m
y=un+t zxkﬁk+ e
k=1

gdje je y vektor fenotipskih vrijednosti, u je srednja vrijednosti, x; je vektor genotipova za
biljeg k, B, je uCinak biljega k, m je broj biljega, a e je vektor pogresaka koji slijedi distribuciju
e ~N(0,Ic2). Bayesovski modeli medusobno se razlikuju u prethodnim pretpostavkama
distribucije u€inaka biljega (B,), odnosno svaki model pretpostavlja drugaciju prethodnu
distribuciju za procjenu ucinaka biljega. BayesA i BayesB modeli pretpostavljaju da g;, slijedi
obrnutu hi-kvadrat distribuciju, a vrijednost parametra = odreduje vjerojatnost da je ucinak
biliega k jednak nuli. Za BayesA model vrijedi da je m = 0, odnosno model pretpostavlja da
svi biljezi imaju odredeni u¢inak na promatrano svojstvo (Meuwissen i sur., 2001). BayesB
model primjenjuje distribuciju s glavninom mase na nuli $to omoguc¢ava da mnogi biljezi
imaju uc€inak jednak nuli (Habier i sur., 2011; Meuwissen i sur., 2001). Sa stajalista
oplemenjivata BayesB predstavlja realistiCniju pretpostavku s obzirom da postoje regije
genoma koje nisu u vezi s QTL-om te stoga nemaiju svi biljezi u¢inak na svojstvo od interesa.
Pretpostavka BayesC modela je da jedan dio biljega (1 - © razmjer) ima ucinak jednak nuli,
dok ucdinak drugog dijela biljega (m razmijer) prati normalnu distribuciju (Hu i sur., 2019).
BayesLASSO model predstavlja oblik LASSO regresije (Park i Casella, 2008). Za procjenu
ucinaka biliega ovaj model primjenjuje dvostruku eksponencijalnu distribuciju pri ¢emu
dodjeljuje jedinstvenu varijancu svim biljezima. Na taj nacin uzrokuje jaCe saZimanje
regresijskih koeficijenata blize nuli (biljezi s malim ucinkom) i slabije sazimanje regresijskih
koeficijenata Cija je apsolutna vrijednost visoka (biljezi s velikim u€inkom) (Heslot i sur.,
2012). Navedeni bayesovski modeli pokazali su se boljima u odnosu na druge pristupe u
slu€ajevima kada postoji velika gustoca biljega, a relativno mali broj fenotipskih podataka
(Singh i Singh, 2015). U istrazivanjima genomske selekcije na pSenici navedeni su modeli,
s ve¢om ili manjom to¢nos¢u predvidanja, koridteni za predvidanje vaznih agronomskih
svojstava kao 3to su prinos zrna (He i sur., 2016; Heffner i sur., 2011a, 2011b; Storlie i
Charmet, 2013), TKW (Heslot i sur., 2012), otpornost na hrdu (Ornella i sur., 2012; Rutkoski
i sur., 2014), otpornost na fuzarijsku palez klasa (Rutkoski i sur., 2012), visina (Zhao i sur.,
2014) i dr. U simulacijskim istrazivanjima BayesB model pokazao se uspjesnijim u odnosu
na RR-BLUP model pod pretpostavkom aditivhog u€inka gena (Habier i sur., 2007), dok su
istrazivanja na je€mu pokazala upravo suprotno (Zhong i sur., 2009). BayesB moze
predstavljati bolji izbor od RR-BLUP modela jedino u slu€aju kada su biljezi snazno
povezani s QTL-ima, a 8to je oCekivano kada QTL-i imaju veliki uinak na promatrano

svojstvo (Jannink i sur., 2010).
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U genomskoj selekciji sve se CeSc¢e koriste i razliCite neparametrijske metode
zasnovane na strojnom ucenju kao $to su metoda potpornih vektora (eng. support vector
machine; SVM) i metoda slu¢ajne Sume (eng. random forest; RF), a koje su se pokazale
u€inkovitima u otkrivanju interakcija izmedu biljega (Desta i Ortiz, 2014; Jannink i sur.,
2010). Model RF zasniva se na konstrukciji velikog broja stabala odluke koji su jednako
distribuirani. Za svako pojedinaéno stablo odluke izradunava se zasebno predvidanje
koriStenjem regresijskih modela, a srednja vrijednost izraCuna za sva stabla odluke
predstavlja kona¢nu vrijednosti predvidanja. Bootstrap metoda koristi se za pronalazenje
optimalnog podskupa podataka koji ¢e sluziti za konstruiranje stabala odluke, a dijeljenje
skupa podataka na svakom ¢voru stabla odluke odvija se tako da se sa svakim sljedeéim
uzorkom smaniji funkcija gubitaka (Breiman, 2001). RF model se moze prikazati sliede¢om

jednadZzbom:

x|~

B
Bi= = > Ty(x)
b=1
gdje je y; fenotipska procjena genotipa x;, T je broj stabala odluke, a B je broj bootstrap
uzoraka. Medutim, kao $to je slu€aj i s drugim koristenim modelima, istraZivanja su pokazala
da uspjesSnost modela strojnog ucenja ovisi o promatranom svojstvu. Dok su neka
istrazivanja pokazala da pristupi temeljeni na metodama strojnog ucenja nadmasuju
konvencionalne modele (npr. RR-BLUP) za predvidanje svojstava kakvoce pSenice
(Sandhui sur., 2021a, 2021b), druga istrazivanja nisu utvrdila znacajno poboljSanje tocnosti
predvidanja koristenjem metoda strojnog u€enja (Battenfield i sur., 2016). Osim navedenih,
genomska selekcija koristi i neke druge modele previdanja kao $to su jezgrene metode,
npr. Hilbertovi prostori reproducirajuc¢ih jezgri (eng. reproducing kernel Hilbert spaces;
RKHS). RKHS model provodi poluparametrijsku regresiju na genotipske podatke, a za
kontrolu distribucije ucinaka biliega koristi genetsku udaljenost i jezgrenu funkciju
zasnovanu na Euklidskoj mjeri sli¢nosti biljega (De Los Campos i sur., 2010; Gianola i Van
Kaam, 2008).
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3. REZULTATI | RASPRAVA

3.1. Pregled objavljenih kvalifikacijskih znanstvenih radova

Prosireni sazetak: Znanstveni rad 1.

Naslov znanstvenog rada na hrvatskom jeziku: Interakcija genotip x okoli§ za svojstva

kakvoce u biparentalnim populacijama pSenice

Postojanje GEI &esto predstavlja izazov za oplemenjivace bilja jer oteZava odabir
stabilnih ili superiornih genotipova. Kako bi se smanjile prepreke uzrokovane postojanjem
GEl i postigla u€inkovitija selekcija za svojstva kakvocée pSenice, vazno je pravilno procijeniti
ucinke genotipa, okoliSa i GEI na svojstvo od interesa. U ovom radu, GEI za svojstva
kakvoce prou€avana je pomocu AMMI modela. Ciljevi istrazivanja u sklopu ovog
znanstvenog rada bili su istraziti GEI i pojavu transgresije za svojstva GPC, WGC, TW i
Cetiri reoloSka svojstva dobivena miksograf uredajem u dvije biparentalne populacije

pSenice.

U istrazivanju su koristene dvije biparentalne (RIL) populacije pSenice dobivene iz
krizanja roditeljskih sorti Bezostaya-1 x Klara (BK) i Monika x Golubica (MG). Roditeljske
sorte koriStene u BK populaciji razlikovale su se u svim HMW gluteninskim podjedinicama,
dok se roditeljske sorte u MG populaciji nisu razlikovale niti u jednoj od HMW gluteninskih
podjedinica (Horvat i sur., 2006). Nakon krizanja i samooplodnje bilke su nasumiéno
odabirane sve do F7 generacije koja je sluZila za provodenje poljskih pokusa, a koja se
sastojala od 145 (BK) i 175 (MG) genotipova, ukljuCujudi i roditeljske genotipove. Poljski
pokusi su provedeni na dvije lokacije u Hrvatskoj (Osijek i Slavonski Brod) tijekom tri godine
(2009. — 2011.), odnosno u 6 razliitih okolisa koji su oznaceni kombinacijom lokacije i
godine (OS09 — OS11, SB09 — SB11). U svakom okoliSu pokus je postavljen prema redno-
stupanom dizajnu. GPC i TW su odredeni na bazi cijelog zrna koristenjem NIR
spektroskopije, a WGC je odreden prema standardiziranoj ICC metodi br. 155. Reoloska
svojstva tijesta odredena su miksograf uredajem. Za daljnju analizu odabrane su Cetiri
varijable za koje je utvrdena najbolja ponovljivost, a koje daju sveobuhvatan uvid u razvoj
tijesta: MPT, MTW, MTI i MPH (Prashant i sur., 2015). U prvom dijelu statisti¢ke analize
skupni podatci iz pojedinanih pokusa analizirani su prema mjeSovitom modelu koji je
ukljucivao fiksne ucinke genotipa, okolisa i repeticija unutar okolida, te nasumiéne ucinke
redova i stupaca unutar repeticije unutar okoliSa. Tako procijenjene vrijednosti za sve
kombinacije genotip-okolis koriStene su za izraCun korelacija te za analizu GEI koriStenjem
AMMI modela. Imputacija nedostajuéih podataka provedena je koristenjem EM-AMMI (eng.

expectation maximization AMMI) algoritma (Paderewski, 2013). Za procjenu znacajnosti i
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odabir broja IPCA osi koje ¢e biti zadrzane u konaénom modelu koridtena su tri razli¢ita
pristupa: jednostavna parametrijska bootstrap metoda (eng. simple parametric bootstrap;
SPB), Fr-test i pojedina&na unakrsna validacija (eng. leave-one-out cross-validation; LOO-
CV) (Forkman i Piepho, 2014; Paderewski, 2013; Piepho, 1995). Rezultati AMMI analize su
prikazani koristenjem modificiranog AMMI2 biplota koji je osim IPCA1 i IPCA2 osi uklju€ivao

i srednje vrijednosti svojstava prikazane skalom u boji.

Rezultati analize transgresivne segregacije pokazali su da u obje kombinacije
krizanja postoje pozitivne i negativne segregirajuce linije. Raspon vrijednosti promatranih
svojstava BK populacije bio je puno Siri od raspona vrijednosti zabiljeZzenih za roditeljske
sorte, a za sva ispitivana svojstva pronadene su i pozitivne (38,46 — 77,62 %) i negativne
(5,59 — 46,85 %) transgresivne segregirajuce linije. Srednje vrijednosti za BK populaciju bile
su sli¢ne srednjim vrijednostima roditelja za sva svojstva, osim za svojstva miksografa MPT
i MTW za koja su srednje vrijednosti bile ve¢e od oba roditeljska genotipa. Srednje
vrijednosti MG populacije bile su unutar raspona vrijednosti roditeljskih genotipova za sva
svojstva, a Sto je rezultat Sireg raspona vrijednosti genotipova Monika i Golubica u odnosu
na genotipove Bezostaya-1 i Klara. Posljedi¢no, nizi omjer pozitivnih i negativnih
segregirajucih linija opazen je u MG populaciji u odnosu na BK populaciju. Vrlo visoke
pozitivne korelacije izmedu svojstava GPC i WGC (r= 0,89) i svojstava MTli MPH (r=0,91),
te slabe negativne korelacije izmedu svojstava GPC/WGC i TW utvrdene su u obje
promatrane populacije. TW je pokazao negativne, ali niske korelacije sa sva Cetiri svojstva
miksografa u BK populaciji, dok su u MG populaciji navedene korelacije bile uglavnom
pozitivne. Pozitivna korelacija izmedu svojstava GPC i WGC i miksograf svojstava MTI i
MPH utvrdena je za obje populacije, iako su korelacije bile puno viS§e u BK u odnosu na MG
populaciju. Nasuprot tome, druga dva svojstva miksografa (MPT i MTW) pokazala su
razliCite trendove u pogledu korelacije s GPC/WGC u dvjema populacijama kao i u razlicitim
okoliSima. Za neke parove svojstava uo€ene su znac¢ajne varijacije u pogledu jacine i smjera
korelacije, a $to moZe ukazivati na snaZan utjecaj okoliSa. Usporedba razli€itih pristupa za
procjenu znacajnosti i odabir broja IPCA osi koje ¢e biti zadrzane u konaénom modelu
pokazala je znatno neslaganje u pogledu dobivenih rezultata. Za polovicu slucajeva
mogucih kombinacija populacija-svojstvo SPB i Fr-test su odabrali isti AMMI model, dok su
za drugu polovicu sluajeva ova dva pristupa odabrala modele koji se znatno razlikuju u
pogledu broja osi koje je potrebno zadrzati. Opéenito, Fr-test se pokazao kao najliberalniji
pristup, dok je LOO-CV bio najkonzervativniji pristup koji je kao optimalan model predloZio
aditivni model (AMMIOQ) za sva svojstva osim za MTI u BK populaciji i MTW u MG populaciji.
GEI analiza koristenjem AMMI modela pokazala je neke zajednitke obrasce za dvije

promatrane populacije. Za GPC, WGC i TW svojstva dominantan izvor fenotipske varijacije
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bio je okoli§, koji je €inio oko 75 % ukupne varijacije u BK, te 40 — 85 % varijacije u MG
populaciji. Takoder, za navedena svojstva ucinci genotipa i GEI bili su podjednaki, s time
da je u BK populaciji u€inak genotipa bio dvostruko veéi u odnosu na ucinak GEI. U MG
populaciji je u¢inak genotipa bio otprilike 1,5 puta vec¢i od u€inka GEI za GPC i WGC, dok
je za TW ucinak GEI bio veéi od u€inka genotipa. Na MPT i MTW dominantan utjecaj imala
je GEl u BK'i genotip u MG populaciji, dok je najslabiji u€inak na ova svojstva imao okolis,
osim u slu¢aju MTW svojstva u MG populaciji gdje je u€inak okolida bio nesto veéi od ucinka
GEI. Na MTI i MPH dominantan ucinak imao je okoli§ u BK i GEI u MG populaciji, dok je
ucinak genotipa uvijek bio na drugom mjestu. Opcenito, utjecaj GEIl imao je vazniju ulogu
za svojstva miksografa u odnosu na ostala promatrana svojstva. Uzimajuci u obzir rezultate
dobivene AMMI2 modelom, IPCA1 je doprinijela GEI u udjelu od 30 do 70 %, dok je
zajednicki doprinos IPCA1 i IPCA2 osi iznosio izmedu 54 i 86 %. Najveci doprinos IPCA1 ili
IPCA1+IPCAZ2 osi zabiljezen je za svojstvo TW. Analizom AMMI2 biplota utvrdeni su neki
najuspjesnijim genotipom za svojstva GPC i WGC u vecini promatranih okolisa, ali i

najuspjesnijim genotipom za nekorelirano svojstvo TW u okolisu SB10.

Dvije promatrane biparentalne populacije pokazale su razliCitosti u pogledu
prilagodljivosti, a $to se moze pripisati koristenju Siroko prilagodene sorte Bezostaya-1 kao
roditeljskog genotipa u jednom krizanju (Bezostaya-1 x Klara), dok su u drugom krizanju
koristene dvije sorte (Monika x Golubica) porijeklom iz istog uzgojnog programa, a koje
nikada nisu uzgajane u regiji porijekla u velikim razmjerima. Nadalje, transgresivne
segregirajuce linije bile su mnogo zastupljenije u BK populaciji, a $to osigurava Siru osnovu
za odabir RIL-ova sa Sirokom ili specificnom prilagodbom u ranijim generacijama. AMMI
analiza se pokazala kao dobar alat za identifikaciju potencijalno zanimljivih RIL-ova
jednostavnom analizom biplota, a odabrani RIL-ovi pokazuju potencijal za koridtenje u

oplemenjivackim programima usmjerenima na poboljSanje kakvoce pSenice.

Kljucne rijeci: kakvoc¢a pSenice, miksograf, biparentalna populacija, GEl, AMMI, EM-AMMI
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Prosireni sazetak: Znanstveni rad 2.

Naslov znanstvenog rada na hrvatskom jeziku: Pregled klju¢nih ¢imbenika koji utjecu na

genomsku selekciju za svojstva kakvocée pSenice

Selekcija za svojstva kakvoce pSenice koristenjem klasi¢nih metoda ¢esto moze biti
dugotrajna i financijski zahtjevna jer uvjetuje iscrpnu fenotipizaciju u zavr$nim fazama
razvoja novih linija i sorti. Razvojem visokopropusne genotipizacije tijekom posljednjeg
desetlje¢a doSlo je do Siroke primjene metoda za pouzdano i brzo predvidanje uzgojnih
vrijednosti samo na temelju genotipskih podataka. Jedna od takvih metoda je i genomska
selekcija koja omogucuje predvidanje uzgojnih vrijednosti jedinki istovremenim koristenjem
svih dostupnih biliega za treniranje modela predvidanja. UspjeSnost genomske selekcije
ovisi o dobivenoj to¢nosti predvidanja, a na koju utjeCu razli€iti molekularni, geneticki i
fenotipski ¢imbenici, kao i ¢imbenici odabranog statistickog modela. Vecina istrazivanja
genomske selekcije na pSenici odnosi se na istrazivanja vezana uz prinos i otpornost na
bolesti koji se smatraju klju¢nim svojstvima za uspjesnu proizvodnju pSenice. Takav snazan
naglasak na prinos pSenice razumljiv je sa stajaliSta rastuée potrebe za pSenicom kao
izvorom hrane. Medutim, s obzirom na ulogu pSenice kao glavne sirovine za proizvodnju
mnogih proizvoda neophodnih za prehranu ¢ovjeCanstva, jednak naglasak treba biti stavljen
i na poboljSanje svojstava kakvocée, a posebno na poboljSanje svojstava koja utjeCu na
krajnju kakvoc¢u proizvoda od pSenice. Ciljevi ovog znanstvenog rada bili su dati pregled
dosadasnjih istraZivanja o genomskoj selekciji za svojstva kakvoce pSenice i istaknuti

pristup genomskoj selekciji za svojstva kakvocée pSenice.

Prvo istrazivanje genomske selekcije za svojstva kakvoée pSenice objavljeno je
2011. godine (Heffner i sur., 2011b). Koristeéi viSe nesrodnih populacija pSenice autori su
ispitali moguénost predvidanja 13 razliCitih svojstava pSenice, uklju€ujuéi i svojstva kakvocée
kao §to su GPC, TW, izbradnjavanje, retencijska sposobnost brasna i dr. Rezultati su
pokazali da toCnost predvidanja koristenjem genomske selekcije premasuje tocnost
predvidanja koristenjem MAS-a za 30 %. Usporedujuc¢i genomsku selekciju s fenotipskom
selekcijom utvrdili su 95 %-tnu sli€nost predvidanja te predlozili ukljuCivanje genomske
selekcije i u oplemenjivacke programe usmijerene na kakvocu pSenice buduéi da je
genomska selekcija pokazala potencijal povecanja genetiCke dobiti po jedinici vremena i
troSkova. Od tada do danas objavljeno je viSe istrazivanja genomske selekcije za razliCita
svojstva kakvoce p&enice, a ovaj znanstveni rad donosi pregled 21 relevantnog istraZzivanja
te daje saZetak o najvaznijim €imbenicima koji su ispitani u navedenim istrazivanjima, a koji
utjeCu na to¢nost predvidanja genomske selekcije, kao Sto su istraZivana svojstva, vrsta i

veli¢ina koriStene populacije, vrsta i broj koristenih biljega, koristeni model predvidanja i dr.
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IstraZivanja obuhvaéena ovim znanstvenim radom sugeriraju da su veli¢ina trenazne
populacije, struktura populacije i gustoéa biljega tri glavna ¢imbenika koja utje¢u na to¢nost
predvidanja genomske selekcije, a u€inci kojih su medusobno isprepleteni (Bassi i sur.,
2016; Robertsen i sur., 2019). Ve prva istrazivanja genomske selekcije za svojstva
kakvoce pSenice pokazala su da veli€ina trenazne populacije ima znac¢ajan utjecaj na
to¢nost predvidanja te da veli€ina trenazne populacije potrebna za postizanje optimalne
toCnosti predvidanja takoder ovisi i o srodnosti trenazne i oplemenjivatke (validacijske)
populacije. Iz ovog znanstvenog rada vidljivo je da su u dosadasnjim istrazivanjima
genomske selekcije za svojstva kakvocée koristene razliite populacije, u smislu srodnosti i
veli¢ine, te da su vrijednosti to¢nosti predvidanja dobivene koriStenjem manijih, ali
visokosrodnih populacija usporedive s to¢nostima predvidanja dobivenim koriStenjem vecih,
nesrodnih populacija. Veli€ina koristenih biparentalnih populacija kretala se od 128 (Michel
i sur., 2018) do 282 DH (eng. doubled haploid) linija (Hu i sur., 2019), dok je kod nesrodnih
populacija veli€¢ina dosezala i 5520 linija (Battenfield i sur., 2016). Gustoca biljega koriStena
u navedenim istraZivanjima kretala se od 973 biljega dobivena s razli¢itim genotipizacijskim
platformama (Heffner i sur., 2011a) do 78606 SNP-ova (Juliana i sur., 2019), s tom razlikom
da je manja gustoca biljega koriStena za biparentalne populacije, dok su zna¢ajno vece
gustoée biljlega bile potrebne kada su koriStene nesrodne populacije. Istrazivanja
provedena za svojstva kakvoce pSenice takoder su pokazala da je heritabilnost jedan od
glavnih ¢imbenika koji utje€u na to¢nost predvidanja te da svojstva s visokom heritabilnosS¢u
obi¢no pokazuju i visoke vrijednosti to¢nosti predvidanja (Yao i sur., 2018). Svojstva s
niskom heritabilno$cu, npr. Zeleny indeks sedimentacije, pokazala su izrazito nisku to¢nost
predvidanja (0,1) (Tsai i sur., 2020). Nasuprot tome, za svojstva s visokim vrijednostima
heritabilnosti to¢nost predvidanja dosezala je i 0,96 (npr. SDS sedimentacija) (Liu i sur.,
2016). Dobivene vrijednosti heritabilnosti za svojstva kakvoce pSenice kretale su se u
rasponu od 0,35 (Tsai i sur., 2020) do 0,96 (Liu i sur., 2016), iako su za vecinu istrazivanih
svojstava vrijednosti heritabilnosti bile umjerene do visoke. Prema rezultatima dosadasnjih
istrazivanja i utvrdenim vrijednostima, malo je vjerojatno da Ce heritabilnost predstavljati
ograni¢avajuéi €imbenik u genomskoj selekciji za svojstva kakvoée pSenice. Usporedba
razliCitih modela koristenih za predvidanje pokazala je da bayesovski modeli ne pokazuju
jasnu superiornost u odnosu na druge modele kada je rije€ o predvidanju svojstava kakvoce
pSenice, odnosno da to¢nost predvidanja genomske selekcije za svojstva kakvoce pSenice

obi¢no nije pod velikim utjecajem odabranog modela predvidanja (Yao i sur., 2018).

Za vecinu svojstava kakvoce pSenice genomska selekcija se pokazala kao uspjesna
metoda predvidanja buduci da svojstva kakvoce pokazuju slozene obrasce nasljedivanja, a

genomska selekcija istovremeno uzima u obzir u€inke svih QTL-a za odredeno svojstvo,
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bez obzira na veli€inu ucinka. IstraZivanja obuhvacena ovim znanstvenim radom pokazala
su da genomska selekcija omogucuje dobivanje zadovoljavajuée to€nosti predvidanja, a $to
omogucuje njeno uklju€ivanje u oplemenjivacke programe usmjerene na kakvoéu pSenice.
Takoder, genomska selekcija moze biti od velikog zna€aja za predvidanje uspjesnosti linija
u ranim generacijama, jacanje stabilnosti svojstava kakvoce te za ucinkovitiji odabir linija

pSenice visoke kakvoce.

Kljuéne rije€i: kakvoc¢a pSenice, genomska selekcija, GEBV, to¢nost predvidanja, trenazna

populacija, validacijska populacija, heritabilnost
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Prosireni sazetak: Znanstveni rad 3.

Naslov znanstvenog rada na hrvatskom jeziku: Procjena metoda genomske selekcije za
svojstva kakvoCe pSenice u biparentalnim populaciama ukazuje na potrebu za
jednostavnijim rjeSenjima

Oplemenjivanje za svojstva kakvoce pSenice, a posebno na svojstva kakvoce
krajnje upotrebe, Cesto je izazovno jer fenotipska analiza zahtijeva vece koli€ine brasna i
zrna koji obiéno nisu dostupni u ranim fazama oplemenjivatkog procesa. Koristenje
miksografa kao brze i u€inkovite metode procjene kakvoce tijesta zajedno s genomskom
selekcijom moze pomodi u procesu selekcije linija visoke kakvoce ranije u oplemenjivackom
procesu ¢ime se postize vecéa dobit po jedinici vremena i troska. U ovom znanstvenom radu
istrazen je potencijal genomske selekcije za predvidanje sedam svojstava kakvoce,
uklju€ujuci i neka svojstva dobivena miksograf uredajem, u dvije biparentalne populacije
pSenice. Ciljevi ovog znanstvenog rada bili su utvrditi potrebu za optimizacijom trenazne
populacije na temelju fenotipske varijance, identificirati uinak veli€ine trenazne populacije
i gustocCe biljega na to¢nost predvidanja pomo¢u RR-BLUP modela te utvrditi uspjeSnost

RR-BLUP modela i sedam drugih modela za predvidanje svojstava kakvocée pSenice.

U ovom istraZivanju koristene su dvije biparentalne populacije ozime pSenice:
Bezostaya-1 x Klara (BK) i Monika x Golubica (MG). BK populacija sastojala se od 139, a
MG od 153 RIL-a. Svi genotipovi su genotipizirani koriStenjem DArT tehnologije, a §to je
nakon filtriranja podataka rezultiralo s 1087 SNP biljega za BK i 2231 SNP biljega za MG
populaciju. Poljski pokusi s obje populacije provedeni su na dvije lokacije u Hrvatskoj (Osijek
i Slavonski Brod) tijekom tri godine (2009. — 2011.), odnosno u 6 razli¢itih okoliSa koje su
oznacene kombinacijom lokacije i godine (OS09 — OS11, SB09 — SB11), a u svakom okoliSu
pokus je postavljen prema redno-stupanom dizajnu. Analizirano je sedam svojstava
kakvoce: GPC, WGC, TW te miksograf svojstva MPT, MTW, MTI i MPH. U prvom dijelu
statisticke analize skupni podatci iz pojedinacnih pokusa analizirani su prema mjeSovitom
modelu koji je ukljucivao fiksne ucinke genotipa, okoliSa i repeticija unutar okolisa, te
nasumicne ucinke redova i stupaca unutar repeticije unutar okoliSa. Tako procijenjene
vrijednosti za sve kombinacije genotip-okoli§ koriStene su za izra¢un heritabilnosti u Sirem
smislu za sve okoliSe zajedno i ponovljivosti za svaki okoli§ zasebno, te kao ulazni podatci
za genomsku selekciju koja je provedena za svaki okolis zasebno. RR-BLUP model, koji je
robustan i manje kompjuterski zahtjevan u odnosu na druge modele, koriSten je u prvom
dijelu analize kako bi se utvrdila potreba za optimizacijom trenazne populacije na osnovu
fenotipske varijance, te ispitao utjecaj veliCine trenazne populacije i gustoce biljega na
to€nost predvidanja. Za svaku nasumicno odabranu trenaznu populaciju izraunata je

fenotipska varijanca kako bi se utvrdilo postoji li korelacija izmedu fenotipske varijance
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trenazne populacije i dobivene to€nosti predvidanja, a koriStene veli€ine trenazne
populacije bile su 25, 50 i 75 linija za obje promatrane populacije. Za utvrdivanje utjecaja
veli€ine trenaZzne populacije na to¢nost predvidanja koridtene su tri razliCite veli€ine
trenazne populacije, a koje su se sastojale od 50, 65 i 80 % nasumi¢no odabranih linija od
ukupnog broja linija unutar svake od promatranih biparentalnih populacija, dok je ostatak
od 50, 35i 20 % linija sluzio kao validacijska populacija. Kako bi se utvrdio utjecaj gustoce
biljega, genomska selekcija za sva svojstva unutar MG populacije provedena je koriStenjem
cijelog skupa biljega (2231 SNP) te polovice skupa biljega (1123 SNP-a). U drugom dijelu
analize usporedena je ucinkovitost RR-BLUP modela i sedam drugih modela predvidanja,
a koji su ukljucivali parametrijske modele (EN, BayesA, BayesB, BayesC i BayesLASSO) i
neparametrijske modele (RF i RKHS). Ovaj dio analize proveden je samo na MG populaciji,
koristenjem cijelog skupa biljega te veli¢inom trenazne populacije od 122 RIL-a (80 % od

ukupnog broja linija).

Rezultati ovog istrazivanja pokazali su da je u obje promatrane populacije
heritabilnost za GPC, WGC i TW bila visoka (0,78 — 0,92), dok je heritabilnost svojstava
miksografa bila takoder visoka, iako nesto niza u odnosu na druga svojstva (= 0,71). Jedino
je MPT pokazao umjerene vrijednosti heritabilnosti u BK populaciji (0,45). Ponovljivosti
unutar okoliSa bile su jednake ili nesto veée unutar BK u odnosu na MG populaciju za vecinu
kombinacija svojstvo-okoli§, a najviSe vrijednosti su zabiljezene u okoliSu OS09, dok su
najnize vrijednosti za MG populaciju zabiljeZzene u okoliSu OS11. Rezultati su pokazali i da
je za neke kombinacije svojstvo-okoli§ korelacija izmedu fenotipske varijance odabrane
trenazne populacije i to€nosti predvidanja bila gotovo nula. U nekim kombinacijama
populacija-svojstvo-okolis uocen je blagi pad te pomak s pozitivnih na negativne vrijednosti
koeficijenata korelacije, dok je u drugim slu¢ajevima uoceno vrlo blago povecanje korelacije
uslijed povecanja veliine trenaZne populacije. Opcenito, jacina i smjer korelacija pokazali
su znacajna variranja izmedu razli€itih okolia, zabiljeZene vrijednosti su bile niske (r<0,35)
te nije uo€en nikakav dosljedan obrazac u jacini i smjeru korelacija za bilo koju od ispitanih
kombinacija populacija-svojstvo-okoli§. Buduc¢i da nije utvrdena veza izmedu fenotipske
varijance i to¢nosti predvidanja, za sve daljnje izraCune koriStene su samo nasumicno
odabrane trenazne populacije. Smanjenje veli€ine trenazne populacije s 85 na 50 % imalo
je negativan ucinak na dobivenu to¢nost predvidanja u svim promatranim kombinacijama
populacija-svojstvo-okoli§. Takoder je primije¢eno da to€nost predvidanja ovisi o okolisu,
bez obzira na veli€inu trenazne populacije, te moze znacajno varirati, npr. najveéa razlika u
tonosti predvidanja uoCena je pri veliini trenazne populacije od 80 % za TW u MG
populaciji, a iznosila je 0,06 u okolisu OS11 te 0,49 u okoliSu OS10. Kada se usporedi

utjecaj razliCitih gustoca biljega na sposobnost predvidanja svojstava kakvoée unutar MG
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populacije, vrijednosti to¢nosti predvidanja dobivene koriStenjem vece gustoce biljega bile
su viSe za sve kombinacije svojstvo-okoli§ i sve koristene veli€ine trenazne populacije. Ipak,
utvrdene razlike u dobivenoj to¢nosti predvidanja nisu bile velike. Uzimajuéi u obzir veli€inu
trenazne populacije od 80 % najveca razlika u to¢nosti predvidanja utvrdena je za WGC u
okolisu SB11, s vrijednostima od 0,20 i 0,32 kada je koristeno 2231 u odnosu na 1123 SNP
biliega. Usporedujuéi dvije populacije i slu€ajeve u kojima je koristen priblizno isti broj
biljega, uoc€eno je da je to€nost predvidanja za GPC, WGC, i TW veca u BK populaciji, dok
su svojstva miksografa pokazala bolju predvidljivost u MG populaciji. Opc¢enito je utvrdeno
da toCnost predvidanja znatno varira izmedu promatranih okoliSa. Kada su usporedene
to€nosti predvidanja dobivene koristenjem razli¢itih modela u MG populaciji, uoeno je da
odabir najuspjesnijeg modela ovisi vise o okoliSu nego o promatranom svojstvu. Za vecinu
kombinacija svojstvo-okoliS EN model je rezultirao najnizim vrijednostima tocnosti
predvidanja, a koje su u velikom broju slu€ajeva bile i negativhe. Za 35 od 42 moguce
kombinacije svojstvo-okoli§ bayesovski modeli su se pokazali najuspjesnijima, dok je RF
model bio najuspjesniji u pet, a RKHS u sedam slu¢ajeva. lako je RR-BLUP model dao
najviSe vrijednosti toCnosti predvidanja u samo jednom slu€aju, to€nosti predvidanja
dobivene drugim modelima nisu bile znatno viSe (u prosjeku za 0,05). Jedna od najvecih
razlika medu koriStenim modelima je vrijeme potrebno za jednu analizu, a u tom pogledu
se najmanje zahtjevnim pokazao EN model (19 min za jednu analizu), dok su najzahtjevniji

bili bayesovski modeli (do 171 min potrebne za jednu analizu).

U ovom istraZivanju utvrdeno je da veli€ina trenazne populacije igra vaznu ulogu u
postizanju visih vrijednosti toCnosti predvidanja, dok gustoc¢a biljega ne predstavlja zna¢ajno
ograni¢enje. Dobiveni rezultati nisu podrzali optimizaciju trenazne populacije na temelju
fenotipske varijance. lako se RR-BLUP nije pokazao kao najuspjesniji model u svim
slu¢ajevima, nije uoCena znacajna prednost koriStenja bilo kojeg drugog modela. To¢nosti
predvidanja dobivene u sklopu ovog istraZivanja podrzavaju primjenu genomske selekcije
za oplemenjivanje pSenice na kakvocu, ukljuujuci i oplemenjivanje na neka svojstva

dobivena miksograf uredajem.

Kljucne rijeci: pSenica, svojstva kakvocée, genomska selekcija, biparentalna populacija,

RIL, modeli predvidanja, trenazna populacija, fenotipska varijanca
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3.2. Objedinjena rasprava

3.2.1. Transgresivna segregacija, fenotipska korelacija i heritabilnost svojstava

kakvoce pSenice u biparentalnim populacijama

U ovom istraZivanju koristene su dvije biparentalne populacije pSenice dobivene iz
krizanja roditeljskih sorti Bezostaya-1 x Klara (BK populacija) i Monika x Golubica (MG
populacija). Roditeljske sorte koriStene u BK populaciji medusobno su se razlikovale u svim
HMW gluteninskim podjedinicama, dok se roditeljske sorte u MG populaciji nisu razlikovale
niti u jednoj od HMW gluteninskih podjedinica (Horvat i sur., 2006). BK populacija
predstavlja primjer krizanja koje se Cesto primjenjuje u praktiénim oplemenjivackim
programima gdje se krizaju fenotipski znaCajno razliciti roditelji, dok je MG kombinacija
odabrana kako bi se fenotipske varijacije svojstava kakvocée suzile na geneticke ¢imbenike

isklju€ujuéi razlike uzrokovane posjedovanjem razli¢itih HMW gluteninskih podjedinica.

Za proizvodnju tijesta i kruha visoke kakvoCe pSenica mora posjedovati
odgovarajuéu kakvoéu, a koja se €esto procjenjuje na osnovu GPC-a i WGC-a. lako se
pozeljni raspon vrijednosti svojstava kakvoée moze znacajno razlikovati ovisno o namjeni
pSeni¢nog brasna, za proizvodnju kruha visoke kakvoée GPC ne bi trebao biti nizi od 12,5
% (Turner i sur., 2004), dok je minimalna pozeljna vrijednost WGC-a za pSeni¢no brasno
24 % (Singh i Singh, 2015). Nasuprot tome, istraZivanja su pokazala da kakvoca i sastav
gluteninskih podjedinica, a posebno HMW gluteninskih podjedinica, imaju vazniju ulogu u
odredivanju kakvoce tijesta od samog sadrzaja glutena (Horvat i sur., 2006; Payne, 1987;
Shewry i sur., 1995). Ranija istrazivanja kakvoce koja su ukljucivala sorte pSenice koriStene
u ovom istrazivanju pokazala su da je Bezostaya-1 sorta vise kakvoce u odnosu na
preostale tri sorte, a $to se pripisuje prisutnosti 5+10 HMW gluteninskih podjedinica na Glu-
D1 lokusu. lako Klara, Monika i Golubica posjeduju 2+12 HMW gluteninske podjedinice, Cija
se prisutnost obi¢no dovodi u vezu s loSijom kakvoéom, ove sorte su pokazale dobru
kakvocu, a Sto se moze objasniti vec¢im udjelom ukupnih HMW gluteninskih podjedinica
(Horvat i sur., 2006). Rezultati ovog istrazivanja (znanstveni rad 1) takoder potvrduju da sva
Cetiri roditeljska genotipa posjeduju zadovoljavaju¢u kakvocéu u pogledu zabiljezenih
vrijednosti GPC-a i WGC-a u svim promatranim okoliSima. Izuzetak je bila jedino sorta
Monika u okoliSu SB11 ¢ija je GPC vrijednost bila 12,0 %. lako nije uvijek jednostavno
definirati pozeljne vrijednosti svojstava dobivenih miksografom jer one ovise o promatranoj
vrsti populacije i namjeni brasna, opcenito vrijedi da tijesta dobre kakvoce karakterizira jak
gluten na Sto ukazuje dulje vrijeme razvoja tijesta (MPT), ve¢a konzistencija i stabilnost
nakon mijeSanja (MTW), vec¢a energija ulozena u proces mijeSanja (MTI) i veCa jakost tijesta

(MPH) (Campbell i sur., 2001). Za svih sedam svojstava kakvoce utvrdeno je postojanje
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pozitivnih i negativnih transgresivnih segregirajucih linija, iako je njihova pojavnost bila
opcenito veéa u BK populaciji, a 8to osigurava Siru osnovu za odabir Siroko prilagodenih ili
specificno prilagodenih RIL-ova. Takvi rezultati su o€ekivani kad se u obzir uzme Cinjenica
da roditeljski genotipovi Bezostaya-1 i Klara imaju razli¢itu genetiCku osnovu kakvoce
(razli¢ite HMW gluteninske podjedinice na svim Glu-1 lokusima) (Horvat i sur., 2006).
Srednje vrijednosti RIL-ova bile su sli¢ne srednjim vrijednostima roditeljskih genotipova za
sva svojstva, osim za MPT i MTW ¢ije su srednje vrijednosti bile vise od srednjih vrijednosti
oba roditelja $to moze biti pokazatelj jaCih epistatskih u¢inaka za navedena dva svojstva. S
druge strane, Monika i Golubica dijele istu genetiCku osnovu kakvoée (iste HMW
gluteninske podjedinice na svim Glu-1 lokusima), ali pokazuju veci fenotipski raspon u
usporedbi s genotipovima Bezostaya-1 i Klara Sto posljedicno rezultira manjom
zastupljenos¢éu transgresivnih segregirajucih linija. Pojava transgresivne segregacije za sva
svojstva kakvoce koristena u ovom istraZivanju ukazuje na prisutnost alela koji bi se mogli

koristiti za poboljSanje svojstava kakvoce u sva Cetiri roditeljska genotipa.

Visoka pozitivna korelacija izmedu GPC-a i WGC-a zabiljeZena u obje populacije
(znanstveni rad 1) bila je oCekivana, uzimaju¢i u obzir da je gluten najzastupljeniji protein
pSenice i da je medusobna povezanost ova dva svojstva ve¢ dobro dokumentirana
(Kristensen i sur., 2018; Laidig i sur., 2017). Osim toga, u obje populacije uocena je visoka
pozitivna korelacija izmedu MTI i MPH $to moze upudivati na to da je u procesu mijesanja
tijesta vecée jakosti potrebno uloziti veCu energiju i da taj odnos nije ovisan o geneti¢koj
osnovi kakvoce psenice. Korelacije izmedu WGC i MTI/MPH bile su jac¢e u BK u usporedbi
s MG populacijom, $to upucuje na to da WGC moze utjecati na jakost tijesta u sluaju kada
barem jedan roditeljski genotip posjeduje HMW gluteninske podjedinice povezane s dobrom
kakvocom. S druge strane, vrlo niske pozitivne, pa €¢ak i negativne korelacije uo¢ene izmedu
WGC i MPT, odnosno MTW, upucuju na to da optimalno vrijeme razvoja i konzistencija
tijesta ne ovise o koli€ini glutena, ve¢ o njegovoj kakvocéi koja je uglavhom uvjetovana
sastavom HMW gluteninskih podjedinica (Payne i sur., 1987). Vaznost Glu-D1 lokusa u
manifestaciji reoloskih svojstava potvrdena je u ranijim istrazivanjima (Campbell i sur., 2001;
Zhangisur., 2009; Zheng i sur., 2013). Dobiveni rezultati ukazuju na to da geneticka osnova
kakvoce roditeljskih genotipova nema utjecaja na svojstva kakvoce kao sto su GPC, WGC
i TW ukoliko su njihove vrijednosti ve¢ unutar pozZeljnog raspona, ali moze znac¢ajno utjecati

na reolo$ke osobine tijesta.

Heritabilnost u Sirem smislu (znanstveni rad 3) procijenjena za sve okoliSe zajedno

heritabilnost bila umjerena. lako je ponovljivost unutar okoliSa znacajno varirala, u vecini

sluCajeva je bila visoka. Zabiljezena visoka heritabilnost ukazuje na to da geneticki
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Cimbenici imaju ja&i u€inak na vrijednosti svojstava kakvoée, a §to omogucuje njihovo
predvidanje koristenjem genomske selekcije koja nastoji obuhvatiti ukupnu geneticku
varijancu na osnovu velikog broja biljega (Meuwissen i sur., 2001). Opcenito, najnize
vrijednosti ponovljivosti uoene su u okoliSu SB09 za BK populaciju i u okolisu OS11 za MG
populaciju Sto ukazuje na prisutnost jaeg negenetitkog ucinka unutar tih okolia.
Vrijednosti heritabilnosti i ponovljivosti za sedam svojstava kakvo¢e promatranih u sklopu
ovog istrazivanja jednake su ili vise u odnosu na vrijednosti dobivene u ranijim istrazivanjima
svojstava kakvoce (znanstveni rad 2), a $to upucuje na to da heritabilnost ne bi trebala
predstavljati zna€ajnu prepreku za postizanje dobre toCnosti predvidanja koristenjem
genomske selekcije (Kristensen i sur., 2019; Michel i sur., 2017; Yao i sur., 2018). Unato¢
tome, istrazivanja su pokazala da to¢nost predvidanja u nekim okoliSima moze biti niska
iako je heritabilnost visoka, a $to se objasnjava razli€itim okoliSnim ¢imbenicima (Dawson i
sur., 2013; Heslot i sur., 2013).

3.2.2. Interakcija genotip x okoliS za svojstva kakvoce pSenice

Tijekom posljednja Cetiri desetlje¢a u literaturi o GEI raspravlja se problematika
pronalazenja odgovarajuc¢ih metoda za testiranje znacajnosti IPCA osi prilikom provodenja
analize AMMI modelom. Do danas su predloZeni razli€iti testovi, a uspjednost nekih od njih
usporedena je u nekoliko ranije objavljenih istrazivanja (Forkman i Piepho, 2014; Piepho,
1995). Medutim, zbog specificne prirode istrazivanja temeljenih na RIL-ovima koja obi¢no
uklju€uju veliki broj genotipova testiranih u samo nekoliko okolisa, u ovom istraZivanju
(znanstveni rad 1) primijenjena su tri razli€ita testa i usporedeni su dobiveni rezultati s ciljem
utvrdivanja optimalnog testa za primjenu na RIL populacijama. Za odabir broja osi koje je
potrebno zadrzati u konatnom AMMI modelu koriStena su tri pristupa: (1) SPB (Forkman i
Piepho, 2014), (2) Fr-test (Piepho, 1993) i (3) LOO-CV (Paderewski, 2013). Rezultati
dobiveni primjenom navedene tri metode za testiranje znacajnosti IPCA osi pokazali su
nedosljednost u pogledu odabranog optimalnog AMMI modela. Od tri koriStena pristupa,
LOO-CV se pokazala kao najkonzervativnija metoda, odabiru¢i potpuni aditivni model
(AMMIOQ) za gotovo sve promatrane slu¢ajeve. Odabir AMMIO modela kao najprikladnijeg
ukazuje na potpunu odsutnost GEI, a §to za svojstva promatrana u ovom istrazivanju nije
prihvatljivo rjeSenje, osobito u slu¢ajevima kada se veci dio ukupne sume kvadrata pripisuje
GEI. Od dva preostala pristupa, Fr-test se pokazao znatno liberalnijim predlazudi
zadrzavanje veceg broja IPCA osi u konaénom modelu. Medutim, odabir slozenijih modela
ujedno dovodi i do prekomjernog zadrzavanja Suma u modelu (eng. overfitting). Slijedom
navedenih razloga SPB metoda odabrana je kao najprikladnija za odabir broja IPCA osi u
konacnom AMMI modelu za promatrana svojstva kakvoce u RIL populacijama. Takav

odabir u skladu je s preporukama istrazivanja koje su proveli Forkman i Piepho (2014), a
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koji su zakljucili da SPB metoda nadmasuje Fr-test i LOO-CV u pogledu niske vjerojatnosti
dobivanja laZzno pozitivnih rezultata. S obzirom da je odabran kao optimalan u vecini
slu¢ajeva te da odabir sloZenijih modela (AMMI3 u ovom istrazivanju) moze dovesti do
prekomjernog zadrzavanja Suma u modelu (Gauch i Zobel, 1990), daljnja GEI analiza
provedena je koristeCi AMMI2 model za svih sedam svojstava kakvoce. Problematika
prekomjernog zadrzavanja Suma u modelu mozZze biti jo§ naglasenija u slu€aju velike koli€ine
nedostajucih podataka (Paderewski i Rodrigues, 2014) pa su za takve skupove podataka
slozenije metode za imputaciju podataka prikladnije od EM-AMMI metode koristene u ovom

istrazivanju (Arciniegas-Alarcon i sur., 2020; Paderewski, 2013).

Primjenom AMMI modela za analizu GEI (znanstveni rad 2) utvrdeno je da je za tri
svojstva kakvoce (GPC, WGC i TW) u obje populacije dominantan izvor varijabilnosti bio
okoli§. Relativni doprinosi genotipa i GEI bili su podjednaki za sva tri svojstva u BK
populaciji. U MG populaciji je uo&ena manja razlika izmedu doprinosa genotipa i GEI za
navedena tri svojstva, odnosno doprinos genotipa bio je otprilike 1,5 puta veéi od doprinosa
GEI (za GPC i WGC) ili ¢ak i manji (za TW). Cetiri svojstva miksografa mogu se prema
sli¢nosti dobivenih rezultata podijeliti u dvije skupine: (1) MPT i MTW za koje je dominantan
izvor varijabilnosti u BK populaciji bila GEI, dok je u MG populaciji dominantan izvor bio
genotip, i (2) MTI i MPH za koje je dominantan u€inak u BK populaciji imao okoli§, dok je u
MG populaciji dominantan ucinak na ova dva svojstva imala GEIl. Prema Wiliams i sur.
(2008) dominantan ucinak okolisa za svojstva GPC, WGC i TW opaZen je u brojnim
prijasnjim istrazivanjima iako postoje i iznimke od ovog pravila. Medutim, s obzirom na
specifi¢nosti istrazivanja koje koriste RIL-ove, kao Sto su velik broj genotipova i manji broj
okolida, rezultate dobivene ovim istrazivanjem trebalo bi usporediti sa sli¢nim istrazivanjima
temeljenim na RIL populacijama. Ako se u obzir uzmu rezultati novijih istraZivanja na RIL-
ovima, dominantan ucinak okoliSa gotovo da i nije zabiljeZzen. Prashant i sur. (2015) utvrdili
su dominantan ucinak okoliSa samo za GPC, dok su Echeverry-Solarte i sur. (2015) i
Krishnappa i sur. (2019) pokazali da genotip i okoli$ imaju jednak u€inak na GPC. Nasuprot
tome, prema Goel i sur. (2019) u€inak okoliSa bio je manji od svih ostalih u€inaka za svojstva
GPC, WGC i TW. NajCesce istrazivano svojstvo miksografa u RIL populacijama je MPT za
koje su Prashant i sur. (2015) utvrdili da je pod dominantnim u€inkom okoliSa, kao 5to je to
slu¢aj i u ovom istrazivanju za BK populaciju. U MG populaciji za isto svojstvo dominantan
uCinak je imala GEI, a Sto odgovara rezultatima istrazivanja Goel i sur. (2019). Neka
istraZivanja su pokazala da na MPT dominantan ucinak ima genotip (Echeverry-Solarte i
sur., 2015; Jin i sur., 2016). Dominantan ucinak GEI na MTW i okolisa na MTI utvrdili su i
Prashant i sur. (2015), a S$to odgovara rezultatima ovog istrazivanja za BK populaciju.

Navedena istrazivanja na RIL populacijama razlikuju se po mnogim genotipskim i okoliSnim
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¢imbenicima, Sto moze biti jedan od glavnih razloga utvrdenih razlika u rezultatima GEI

analize.

Analizom modificiranih AMMI2 biplota utvrdeno je postojanje nekih najuspjesnijih
genotipova u obje populacije (znanstveni rad 1). Za visokokorelirana svojstva, npr. GPC i
WGC, u vecini promatranih okoli$a isti su se RIL-ovi pokazali najuspjesnijima (npr. BK032,
BK007, MG124). Niti u jednoj od promatranih populacija nisu uo€eni zajednicki najuspjesniji
RIL-ovi za svojstva koja nisu bila medusobno u visokoj korelaciji. Opéenito, nisu utvrdeni
jasni obrasci izmedu okolisa ili godina pa je pretpostavka da uspjeSnost genotipova
uglavnom ovisi o prisutnosti pojedina¢nih povoljnih ili nepovoljnih kombinacija lokacije i
godine. Jedan takav primjer je okoli§ OS10 koji se pokazao kao povoljan okoli§ za veéinu
svojstava BK populacije, odnosno kao nepovoljan za TW. Za MG populaciju isti okoli$ se
pokazao povoljnim samo za svojstva GPC i WGC. U oplemenjivanju bilja naglasak se
obi¢no stavlja na pronalazenje Siroko ili usko prilagodenih RIL-ova. Iz AMMIZ2 biplota vidljivo
je postojanje nekih zajedni¢kih najuspjesnijih RIL-ova koji u selekciji predstavljaju Siroko
prilagodene genotipove, npr. BKO12 za TW, BK042 za MPT i MG124 za GPC i WGC. Sa
stajaliSta oplemenjivanja zanimljiv primjer je genotip MG124 koji se pokazao kao dominantni
najuspjesniji genotip za GPC te kao najuspjesniji genotip u nekoliko okolisa za
visokokorelirano svojstvo WGC, ali takoder i kao najuspjes$niji genotip za nekorelirano
svojstvo TW u okoliSu SB10. Poseban slu€aj predstavljaju i oni genotipovi €ija se boja na
modificiranom AMMI2 biplotu ne poklapa s bojom okoliSa za koju su prilagodeni, a $to
ukazuje na to da je njihova srednja vrijednost puno viSa ili niza od srednje vrijednosti
svojstva za odredeni okoli§. Npr. za genotip BKO07 zabiljezena je visoka vrijednost GPC-a
u okoliSu SB09 za koji je srednja vrijednost GPC-a niska te ga se zbog toga treba smatrati
Siroko, a ne usko prilagodenim genotipom jer posjeduje sposobnost zadrzavanja visokog
GPC-a €ak i u nepovoljnim okoliSima. S druge strane, utvrdeno je postojanje i nekih
najuspjesnijih genotipova €ija se visoka ili niska srednja vrijednost podudara sa srednjom
vrijednosti okoliSa kojem su prilagodeni, npr. MG016 i okoli§ SB09 za MTW te BK059 i okolis
SB09 za MTI. Medutim, za navedena svojstva miksografa nije nuzno pozeljno da pokazuju
visoku vrijednost te podudarnost visoke vrijednosti najuspjesnijeg genotipa i okoliSa moze
biti i negativna ako u€inak GEI pomice vrijednosti ovih svojstava iznad njihove poZeljne
vrijednosti. MTW ukazuje na stabilnost tijesta na kraju procesa mijeSanja, a MTI na energiju
uloZenu tijekom procesa zamjesa te visoke vrijednosti ovih svojstava mogu ukazivati na

tijesto lode kakvoce koje je kruto i neelastiéno.

Rezultati koji proizlaze iz znanstvenog rada 1 potvrduju hipotezu 3 ovog doktorskog
rada te pokazuju da je GEIl imala znatno vazniji u€inak na svojstva miksografa u odnosu na

preostala tri promatrana svojstva kakvoce. Uz pomo¢ AMMI2 biplota utvrdeno je postojanje
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nekoliko Siroko i specificno prilagodenih RIL-ova, a koji pokazuju potencijal za koristenje u

oplemenjivackim programima usmjerenima na poboljSanje kakvoce pSenice.
3.2.3. Genomska selekcija za svojstva kakvoce pSenice

Prije dono&enja odluke o uklju€ivanju genomske selekcije u oplemenjivacki program
potrebno je prilagoditi sve ¢imbenike koji mogu utjecati na to¢nost predvidanja. lako su se
troSkovi genotipizacije znaCajno smanijili posljednjin godina, troSkovi fenotipizacije za
svojstva kakvoce, a posebno za svojstva pekarske kakvoce, ostali su jo§ uvijek relativno
visoki (Kristensen i sur., 2018). Stoga je prvi korak ka primjeni genomske selekcije za
predvidanje svojstava kakvoée optimizacija trenazne populacije kako bi se smanijili
potencijalni troSkovi fenotipizacije uz odrzavanje zadovoljavaju¢e razine tocnosti
predvidanja. Vecina istrazivanja koja se bavila problematikom optimizacije trenazne
populacije je pokazala da veli€ina trenazne populacije ima znacajan utjecaj na to¢nost
predvidanja (Battenfield i sur., 2016; Kristensen i sur., 2019; Liu i sur., 2016; Lorenz, 2013;
Michel i sur., 2016). Osim toga, ranija istrazivanja su pokazala da srodnost trenazne i
validacijske populacije igra vaznu ulogu u odredivanju optimalne veliCine trenazne
populacije (Edwards i sur., 2019). U ovom istrazivanju (znanstveni rad 3) koriStene su tri
razliCite veli€ine trenazne populacije (50, 65 i 80 % od ukupnog broja RIL-ova u svakoj od
populacija) kako bi se utvrdio njihov utjecaj na toCnost predvidanja sedam svojstava
kakvoée pSenice unutar biparentalnih populacija. Najveca to¢nost predvidanja za sva
svojstva postignuta je koristenjem 80 % RIL-ova kao trenazne populacije, odnosno kada je
trenazna populacija uklju€ivala 111 RIL-ova za BK i 122 RIL-a za MG populaciju. Smanjenje
veli€ine trenazne populacije s 85 na 50 % od ukupnog broja linija u populaciji imalo je
negativan utjecaj na postignutu to¢nost predvidanja u svim promatranim kombinacijama
populacija-svojstvo-okolis. Medutim, iako negativan, utjecaj smanjenja trenazne populacije
nije bio velik $to ukazuje na €injenicu da se €ak i uz koriStenje manje trenazne populacije
moze posti¢i umjerena do visoka toCnost predvidanja. Prijasnja istrazivanja su takoder
pokazala da je relativno mala veli€ina trenazne populacije dovoljna za postizanje visoke
to€nosti predvidanja (Kristensen i sur., 2019; Lado i sur., 2018; Lozada i sur., 2019; Verges
i van Sanford, 2020), osobito u visokosrodnim populacijama kao $to su biparentalne
populacije (Heffner i sur., 2011a; Lorenzana i Bernardo, 2009). Veli€ina trenazne populacije
koja ¢e biti koriStena za provodenje genomske selekcije vazna je u pogledu pravilnije
raspodijele resursa, tj. za donosenje odluke o broju genotipova koji ¢e biti uklju¢eni u pokus
i fenotipizirani, a $to je od posebnog znacaja kada je postupak fenotipizacije dugotrajan ili
financijski zahtjevan. Veli€ine koriStenih populacija u ovom istraZivanju u skladu su s
veliCinama biparentalnih populacija na kojima su ranije provedena istrazivanja genomske

selekcije za svojstva kakvoce pSenice (znanstveni rad 2).
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Osim optimizacije u smislu veli€ine trenazne populacije neka istrazivanja predlazu i
odabir jedinki koje ¢e Ciniti trenaznu populaciju na osnovu zadanog kriterija kao sto je PEV
ili CD vrijednost, kako bi se povecala to¢nost predvidanja. Koristeci dvije populacije hibrida
kukuruza Rincent i sur. (2012) su pokazali da optimizacija trenazne populacije na temelju
CD-a povecava pouzdanost genomske selekcije buduéi da dovodi do smanjenja varijance
uslijed veée srodnosti jedinki u odabranoj trenaznoj populaciji. U istrazivanju Marulanda i
sur. (2015) prou€avan je utjecaj razliCitih parametara trenazne populacije na to¢nost
predvidanja koriStenjem simulirane biparentalne populacije kukuruza. Od svih parametara
uklju€enih u istrazivanje samo je za fenotipsku varijancu trenazne populacije utvrdena
pozitivna korelacija s dobivenim to¢nostima predvidanja. Na osnovu dobivenih rezultata
autori su predlozili optimizaciju trenazne populacije tako da se povecéa njena fenotipska
varijanca kako bi se postigle vece vrijednosti to€nosti predvidanja. U ovom istrazivanju
(znanstveni rad 3) opazeni koeficijenti korelacije izmedu fenotipske varijance nasumi¢no
odabrane trenazne populacije i dobivene to¢nosti predvidanja bili su niski (r < 0,35) i nije
uocen dosljedan obrazac u jacini ili smjeru korelacije za bilo koju od koristenih kombinacija
populacija i svojstva. Buduci da nije pronadena jaka korelacija izmedu fenotipske varijance
i to€nosti predvidanja, nije utvrdena opravdana potreba da se trenazna populacija optimizira
na osnovu fenotipske varijance kako bi se postigla ve¢a to¢nost predvidanja za svojstva
kakvoce pSenice te je za sve naknadne analize koridtena iskljuCivo nasumic¢no odabrana

trenazna populacija.

lako su troskovi genotipizacije zna€ajno smanjeni u posljednjih nekoliko godina,
genotipizacija i dalje za oplemenjivate ostaje jedna od financijski zahtjevnijih strana
genomske selekcije. Stoga je vazno optimizirati gusto¢u biljega koja &e biti koriStena, a da
pritom to€nost predvidanja ostane zadovoljavaju¢a. Prema rezultatima ranijih istraZivanja,
povecanje gustole biljega ima pozitivan ucinak na tonost predvidanja. Medutim, nakon
postizanja odredene gustoce biljega doseZe se plato nakon kojeg daljnje povecanje gustoée
viSe nema znacajan utjecaj na tocnost predvidanja (Haile i sur., 2018; Heffner i sur., 2011a).
Gustoca biljega potrebna za dostizanje platoa predvidanja ovisi o srodnosti koristenih
populacija. Liu i sur. (2016) su utvrdili da do postizanja platoa dolazi prilikom koriStenja 3000
biljega, odnosno da se plato moze postiéi ve¢ i pri gustoci od 500 biljega kada su trenazna
i validacijska populacija genetski srodnije. Zbog niske stope rekombinacije genetski srodnije
populacije obiéno imaju visoku stopu LD-a izmedu biljega i QTL-a. Posljedi¢no, potrebna je
niza gustoéa biliega kako bi se dosegao plato toénosti predvidanja u biparentalnim
populacijama (Lorenzana i Bernardo, 2009). Prema Haile i sur. (2018) plato predvidanja za
GPC unutar DH populacije postignut je pri gustoéi od 2000 biljega. Istrazivanje Juliana i sur.

(2019) je pokazalo da, nakon Sto se postigne odredena rezolucija, povecanje gustoce
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biliega ima neznatan u€inak na toénost predvidanja svojstava kakvocCe u biparentalnim
populacijama pSenice. Za svojstva kakvoce ova rezolucija moZze biti postignuta ¢ak i pri
niskoj gustoci biljega, tj. koriStenjem 256 biljega u biparentalnim populacijama (Heffner i
sur., 2011a) i 768 biliega u manje srodnim populacijama (Heffner i sur., 2011b). U ovom
istraZivanju (znanstveni rad 3) usporedene su to¢nosti predvidanja dobivene koristenjem
cijelog dostupnog skupa podataka o biljezima (2231 SNP-ova) i polovice skupa podataka o
biljezima (1123 SNP-ova) u MG populaciji. Prema rezultatima iz postojeée literature
(znanstveni rad 2) gusto¢a od 1123 biljega bi trebala biti dovoljna za postizanje prihvatljivih
vrijednosti toCnosti predvidanja u biparentalnoj populaciji. Kada se usporede to¢nosti
predvidanja svojstava kakvoce unutar MG populacije dobivene koristenjem razlicitih
gustoca biljega vidljivo je da su vece vrijednosti toénosti predvidanja dobivene kada je
koriStena veca gustoca biljega, iako razlike u dobivenoj toénosti predvidanja nisu bile velike.
Uzimaju¢i u obzir veli€inu trenazne populacije od 80 % najveca razlika u toCnosti
predvidanja utvrdena je za svojstvo WGC u okoliSu SB11 gdje je zabiljezena vrijednost
iznosila 0,20 kada je koristena manja gustoca biljega, odnosno 0,32 kada je koridtena veca
gustoca biljega. Opcenito, dobiveni rezultati pokazuju da je za svojstva GPC, WGC i MPT
porast to¢nosti predvidanja bio nesto veci u odnosu na preostala Cetiri svojstva (TW, MTW,
MTI i MPH). Ovakvi rezultati upucuju na to da je maniji broj biljiega ve¢ dovoljan za postizanje
dobre to€nosti predvidanja za neka svojstva te da je s ve¢im brojem biljega mozda dosegnut
plato to¢nosti predvidanja za ovu populaciju i promatrana svojstva, dok za druga svojstva
daljnje povecanje gustocée biliega moze poboljsati tonost predvidanja. Prema Gorjanc i sur.
(2017) korisStenje biljega niske gusto¢e u kombinaciji s ve¢om trenaznom populacijom
omogucuje da se udvostruci dobivena vrijednost to€nosti predvidanja u biparentalnim
populacijama, a $to upucéuje na to da veli€ina trenazne populacije ima vazniju ulogu u

postizanju visoke to€nosti predvidanja od gustoce biljega (Lorenzana i Bernardo, 2009).

Ranija istrazivanja koja su ukljuCivala svojstva kakvoce pSenice vec su zabiljeZila
dovoljno visoke to€nosti predvidanja koje omogucuju uklju€ivanje genomske selekcije u
oplemenjivatke programe pSenice i selekciju u ranim generacijama oplemenjivackog
ciklusa. Pregled rezultata provedenih istrazivanja i dobivenih vrijednosti toCnosti
predvidanja prikazan je u znanstvenom radu 2. Usporedujuci to¢nosti predvidanja dobivene
koristenjem RR-BLUP modela za dvije populacije koridtene u ovom istrazivanju (znanstveni
rad 3) mozZe se uoCiti da je to€nost predvidanja za neka svojstva veca u jednoj, odnosno u
drugoj populaciji. Opéenito, za GPC, WGC i dva svojstva miksografa (MPT i MTW) utvrdena
je umjerena predvidljivost s vrijednostima to¢nosti predvidanja do 0,57. Predvidljivost
svojstva TW i druga dva svojstva miksografa (MTI i MPH) bila je niska i znatno je varirala

izmedu okolisa Sto je u nekim slu€ajevima rezultiralo i negativnim vrijednostima to¢nosti
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predvidanja. Uz iznimku nekih okoliSa, veca je toCnost predvidanja za GPC, WGC i TW
utvrdena u BK populaciji, dok su svojstva miksografa MPT, MTW i MPH pokazala bolju
predvidljivost u MG populaciji. Svojstvo MTI u obje populacije pokazalo je nisku to¢nost
predvidanja (uglavhom < 0,2 te u nekim slu€ajevima i negativne vrijednosti) uz visoke
vrijednosti prosjeCne kvadratne pogreSke predvidanja (eng. mean-squared error of
prediction; MSEP) 8to mozZe upudivati na to da reolodka svojstva koja opisuju snagu ili
otpornost tijesta nisu dobra ciljana svojstva za provodenje genomske selekcije. To¢nost
predvidanja svojstava kakvoée u ovom istrazivanju znacajno je varirala izmedu razlicitih
promatranih okoliSa, ali su dobivene vrijednosti opcenito usporedive s vrijednostima iz
postojece literature (Heffner i sur., 2011a; Michel i sur., 2018). U istrazivanju Kristensen i
sur. (2018) toCnosti predvidanja svojstava kakvoce, uklju€ujuéi i GPC, bile su 0,5 ili vise
kada je koriStena nasumi¢no odabrana trenazna populacija, dok su toénosti predvidanja
dobivene u istrazivanju Charmet i sur. (2014) za TW iznosile do 0,7 $to je viSe nego u ovom
istrazivanju gdje su najviSe vrijednosti to¢nosti predvidanja za TW dosezale 0,6. Umjerena
to€nost predvidanja (do 0,62) za svojstva miksografa i niska to¢nost predvidanja za TW
utvrdeni su u istrazivanju Battenfield i sur. (2016). Nasuprot tome, to¢nosti predvidanja za
osam svojstava kakvoce, ukljucuju¢i WGC i svojstva miksografa, u istrazivanju Lado i sur.
(2018) bile su niske do umijerene (0,24 — 0,43). Medutim, i nize vrijednosti to¢nosti
predvidanja mogu biti koridtene za predvidanje uspjeSnosti linija u ranim generacijama, ako
se odabir linija provodi istovremeno na temelju GEBV i BLUP vrijednosti (Belamkar i sur.,
2018).

Rezultati koji proizlaze iz znanstvenog rada 3, a odnose se na utjecaj razli€itih
Cimbenika na to€¢nost predvidanja svojstava kakvoce, djelomi¢no potvrduju hipotezu 2 ovog
doktorskog rada. Utvrdeno je da visoka heritabilnost omogucuje predvidanje svojstava
kakvoce zrna pSenice sa srednjom do srednje-visokom to€no3c¢u te da veli€ina trenazne
populacije igra vaznu ulogu u postizanju visih vrijednosti to¢nosti predvidanja, dok veli¢ina

skupa koristenih biljega ne predstavlja znacajno ograni¢enje.

Osim fenotipskih i genotipskih ¢&imbenika promatrane populacije i svojstva te veli€ine
trenazne populacije i gustoce biljega, odabrani model predvidanja takoder moze utjecati na
to¢nost predvidanja genomske selekcije. U ovom istrazivanju (znanstveni rad 3)
usporedena je uspjeSnost RR-BLUP modela s uspjeSnoSéu pet drugih parametrijskih
modela (EN, BayesA, BayesB, BayesC i BayesLASSO) i dva neparametrijska modela (RF
i RKHS). Kada se usporedi uspjeSnost predvidanja razli¢itih modela uodljivo je da odabir
najuspjesnijeg modela uvelike ovisi o promatranom okoliSu, a ne toliko o svojstvu. Najnize
vrijednosti toCnosti predvidanja za vecinu kombinacija svojstvo-okolis dobivene su

koristenjem EN modela koji je ujedno bio i model s najvec¢im brojem slu¢ajeva u kojima je
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dobivena negativna vrijednost to¢nosti predvidanja. U samo jednom slu¢aju je EN model
postigao najvecéu to€nost predvidanja (svojstvo MPT u okoliSu SB10). Medutim, u nekim je
slu¢ajevima EN bio jednako uspjeSan kao RR-BLUP, a s obzirom da je ujedno bio i
kompjuterski najmanje zahtjevan model mozZe se preporuCiti za slu€ajeve u kojima
oplemenijivacki program ukljuCuje veliki broj linija te je vaznije selekciju provesti u 3to
kracem roku nego s vrlo visokom precizno$¢u. U najveéem broju kombinacija svojstvo-
okoli§ bayesovski modeli (BayesA, BayesB i BayesC) pokazali su se najuspjesnijima.
Medutim, bayesovski modeli su u ovom istrazivanju bili kompjuterski najintenzivniji modeli
koji su zahtijevali viSe od 2 sata za jednu analizu. Stoga bi se bayesovski modeli mogli
preporuciti za oplemenjivacke programe s manjim brojem linija gdje je potrebno selekciju
provesti s vecom preciznosSc¢u. Ipak, vrijednosti tocnosti predvidanja dobivene bayesovskim
modelima nisu bile znatno viSe od vrijednosti dobivenih RR-BLUP modelom, a $to se moze
objasniti visokom srodnoscu trenazne i validacijske populacije koristene u ovom istrazivaniju
(Gao i sur., 2013; Kristensen i sur., 2018). BayesLASSO model je bio najuspjesniji u samo
dva sluc€aja, a slijedili su ga RF model s pet i RKHS model sa sedam slu¢ajeva. S obzirom
da su modeli RF i RKHS nadmasili RR-BLUP u samo nekoliko slu€ajeva, ne mogu se
preporuciti kao modeli od izbora za svojstva kakvoée pSenice, kao 5to je to bio slu¢aj u
nekim ranijim istrazivanjima (Sandhu i sur., 2021a). lako je model RR-BLUP bio
najuspjesniji u samo jednom slucaju (svojstvo TW u okoliSu OS10) uspjeSnost svih ostalih
koriStenih modela nije bila znatno ve¢a u usporedbi s RR-BLUP modelom. Toénost
predvidanja najuspjesnijeg modela bila je u prosjeku za samo 0,05 viSa i kretala se od 0
(TW u okoliSu OS10 gdje su BayesA i BayesC modeli imali istu toCnost predvidanja kao
RR-BLUP) do 0,14 (MPT u okolisu OS09 gdje je najuspjesniji model bio BayesB s to¢nos¢éu
predvidanja od 0,18 u usporedbi s 0,04 za RR-BLUP model). lako su do danas razvijeni
brojni modeli predvidanja za genomsku selekciju, niti jedan nije pokazao jasnu prednost u
odnosu na druge modele u smislu postizanja veée toCnosti predvidanja bez obzira na
promatrano svojstvo (Heslot i sur., 2012; Yao i sur., 2018). Neka istrazivanja pokazala su
da nema znacajne razlike u uspjesnosti predvidanja izmedu BLUP i bayesovskih modela
za vecinu svojstava kakvoc¢e pSenice (Heffner i sur., 2011a; Kristensen i sur., 2018; Tsai i
sur., 2020), dok su druga pokazala da su bayesovski modeli ucinkovitiji u hvatanju LD-a
izmedu biljega i QTL-a, Sto ih €ini uspjesnijima za predvidanja u sluajevima kada trenazna
i validacijska populacija nisu visokosrodne (Gao i sur., 2013; Zhao i sur., 2014). Prema
istrazivanju Sandhu i sur. (2021b) modeli dubokog u€enja postigli su 10 % vecu to¢nost
predvidanja za svojstva GPC i TW, dok je drugo istrazivanje Sandhu i sur. (2021a) potvrdilo
da su modeli dubokog uc€enja i modeli strojnog u€enja, medu kojima i RF, opéenito
superiorniji u odnosu na druge modele za predvidanje svojstava kakvoce p3enice. Prema

rezultatima dobivenim u ovom istraZivanju RF model bio je jedan od najmanje uspjesSnih
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modela za predvidanje svojstava kakvoce p3enice. lako u ovom istraZivanju RR-BLUP nije
bio najuspjesniji model u svim promatranim slu¢ajevima, nije uo€ena znacajna prednost
koriStenja bilo kojeg drugog modela. Buduci da nije dokazana jasna superiornost jednog
modela u odnosu na drugi u smislu postignute to€nosti predvidanja, najbolji izbor
predstavljaju kompjuterski manje zahtjevni modeli koji takoder postizu prihvatljive vrijednosti

to¢nosti predvidanja, kao $to je RR-BLUP.

Jo$ jedan od izazova s kojima se susrecu oplemenjivaci prilikom uklju€ivanja
genomske selekcije u oplemenjivacke programe je prisutnost GEI (Heslot i sur., 2014).
Ranija istraZivanja ve¢ su pokazala da to€nost predvidanja za odredeno svojstvo moze
znacajno varirati izmedu razliCitih okoliSa (Crossa i sur., 2016a, 2010), a rezultati dobiveni
ovim istrazivanjem (znanstveni rad 3) to su i potvrdili. Uzimajuéi u obzir toénosti predvidanja
unutar MG populacije uoéljivo je da je to€nost predvidanja za neka svojstva (npr. TW) u
jednom okoliSu (OS10) umjerena, dok je u svim ostalim okoli§ima niska. SliCan obrazac
moze se uoCiti i za MTW ¢ija je toCnost predvidanja u okoliSu OS10 niska, dok je u svim
ostalim okoliSima umjerena do visoka, te za WGC i MPT ¢ija je to¢nost predvidanja znatno
niza u okoliSima SB09 i OS09. Usporedujuéi ove rezultate s rezultatima GEI analize za ista
svojstva (znanstveni rad 1), mozZe se uociti da su okoliSi u kojima se postiZzu neuobi¢ajeno
visoke ili niske vrijednosti to¢nosti predvidanja u usporedbi s ostalim okoliSima obi¢no one
koje proizvode najvecu GEI. Najjasniji primjer za to je TW Cija je toCnost predvidanja najviSa
u okolisu OS10, a koji je na AMMI2 biplotu bio jedini okoli§ koji nije bila grupiran zajedno s
ostalim okoliSima. Kako bi se rijeSila problematika prisutnosti GEI i postigle vece toénosti
predvidanja neka istrazivanja predlazu uklju€ivanje GEI u model za genomsku selekciju
(Jarquin i sur., 2017; Lado i sur., 2016; Lopez-Cruz i sur., 2015) ili ukljucivanje informacija
iz visokokoreliranih okoliSa u model (Burguefio i sur., 2012; Ornella i sur., 2012). Prema
Ornella i sur. (2012) ako su dva okoli8a visokokorelirana moguce je predvidjeti uspjeSnost
genotipova unutar jednog okoliSa na temelju modela utreniranog koriStenjem podataka iz
drugog okoliSa. Osim toga, identificiranje okoliSa koji pokazuju manju toénost predvidanja,
i njihovo uklanjanje iz skupa podataka koriStenog za treniranje modela, pokazalo se kao
dobar pristup za postizanje viSih vrijednosti to¢nosti predvidanja (Heslot i sur., 2013; Michel
i sur., 2016). Ovakav pristup mogao bi biti uspje$an za svojstva WGC, MPT i MTW iz ovog
istrazivanja, a za koja je utvrdena niska to¢nost predvidanja u samo jednom od okoliSa dok

je u svim drugim okoliSima to¢nost predvidanja bila umjerena.

Rezultati koji proizlaze iz znanstvenog rada 3, a odnose se na predvidljivost razli€itih
svojstava kakvoce i utjecaj odabranog modela na to¢nost predvidanja, djelomi¢no potvrduju
hipotezu 1 ovog doktorskog rada. ToCnost predvidanja dobivena koristenjem razlicitih

modela varirala je u ovisnosti o okolidu, ali je opéenito bila srednja do srednje-visoka za
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vecinu istraZivanih svojstava, dok je za jedno od reoloskih svojstava (MTI) pokazala izrazito

niske, te u nekim okoliSima i negativne vrijednosti.
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o Primjenom AMMI modela za analizu GEI utvrdeno je da je za GPC, WGC i TW u
obje populacije dominantan izvor varijabilnosti bio okoli§. GEI je imala znatno vazniji
ucinak na svojstva miksografa u odnosu na preostala tri promatrana svojstva
kakvoce. Dominantan ucinak GEIl zabiljezen je za MPT i MTW u BK populaciji te za
MTI i MPH u MG populaciji.

o Utvrdeno je postojanje nekoliko Siroko i specificno prilagodenih RIL-ova, a koji
pokazuju potencijal za koristenje u oplemenjivackim programima usmjerenima na

poboljSanje kakvoce. Genotip MG124 primjer je Siroko prilagodenog RIL-a.

e Heritabilnost u Sirem smislu za sva promatrana svojstva kakvoce bila je visoka, uz
vrijednosti heritabilnosti ne predstavljaju ograni¢enje za postizanje dobre to¢nosti

predvidanja koridtenjem genomske selekcije.

e Smanjenje veliine trenazne populacije imalo je negativan utjecaj na tocnost
predvidanja u svim promatranim slu€ajevima. Nije utvrdena potreba za
optimizacijom trenazne populacije na osnovu fenotipske varijance kako bi se

postigla veéa toCnost predvidanja za svojstva kakvoce pSenice.

o Povecanje gustoce biljega imalo je pozitivan utjecaj na to€nost predvidanja u svim
promatranim slu¢ajevima, iako razlike u dobivenoj to€nosti predvidanja koriStenjem

manje i vece gustocée biljega nisu bile velike.

¢ NajniZe vrijednosti to€nosti predvidanja dobivene su koristenjem EN modela, dok su
bayesovski modeli bili najuspjesniji u predvidanju svojstava kakvoce. Razlike u
to€nosti predvidanja izmedu najuspjesnijeg modela za pojedino svojstvo i RR-BLUP
modela nisu bile velike, stoga RR-BLUP model predstavlja najbolji izbor buduci da

je racunalno znatno manje zahtjevan od bayesovskih modela.

e Tocnost predvidanja dobivena koriStenjem razliCitih modela varirala je u ovisnosti o
okolidu, ali je opéenito bila srednja do srednje-visoka za vecinu istrazivanih
svojstava, dok je za jedno od reoloSkih svojstava (MTI) pokazala izrazito niske te u

nekim okoliSima i negativne vrijednosti.

o Dobivene to¢nosti predvidanja podrzavaju primjenu genomske selekcije za svojstva
kakvoce pSenice, uklju€ujuéi i neka reoloSka svojstva dobivena miksograf uredajem,
uz iznimku MTI svojstva koje se nije pokazalo kao dobro ciljano svojstvo za

genomsku selekciju.
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Abstract: Genotype-by-environment interaction (GEI) is often a great challenge for breeders since
it makes the selection of stable or superior genotypes more difficult. In order to reduce drawbacks
caused by GEI and make the selection for wheat quality more effective, it is important to properly
assess the effects of genotype, environment, and GEI on the trait of interest. In the present study,
GEI patterns for the selected quality and mixograph traits were studied using the Additive Main
Effects and Multiplicative Interaction (AMMI) model. Two biparental wheat populations consisting
of 145 and 175 RILs were evaluated in six environments. The environment was the dominant source
of variation for grain protein content (GPC), wet gluten content (WGC), and test weight (TW),
accounting for approximately 40% to 85% of the total variation. The pattern was less consistent
for mixograph traits for which the dominant source of variation has been shown to be trait and
population-dependent. Overall, GEI has been shown to play a more important role for mixograph
traits compared to other quality traits. Inspection of the AMMI2 biplot revealed some broadly
adapted RILs, among which, MG124 is the most interesting, being the prevalent “winner” for GPC
and WGC, but also the “winner” for non-correlated trait TW in environment SB10.

Keywords: wheat quality; mixograph; biparental population; GEIl; AMMI; EM-AMMI

1. Introduction

Before release and widespread use for human consumption, wheat cultivars must
possess suitable end-use quality. However, baking quality improvement is one of the
most demanding objectives in wheat breeding, since the majority of quality traits exhibit
complex inheritance patterns. Wheat baking quality could be evaluated by a large number
of traits, which are generally controlled by many minor-effect and a few large-effect
genes [1]. One of the most important factors affecting dough characteristics is gluten
content and its strength [2,3]. Gluten is the most abundant wheat protein, which contributes
to approximately 75-80% of total grain protein content (GPC) [4]. Such a large abundance
consequently causes a high positive correlation of GPC and gluten content with other
quality traits [5]. Structurally, gluten is a complex network of monomeric gliadins and
polymeric subunits of glutenin [6,7], the quality and strength of which is determined by the
proportion of its components and their quality [8,9], rather than by the total GPC or gluten
content. Among all gluten components, high molecular weight glutenin subunits (HMW-
GS) have the greatest impact on bread quality [8]. GPC is usually used as an indicator of
baking quality [10], while wet gluten content (WGC) illustrates dough water absorption and
its ability to form a gluten network, hence indicating the stability of the dough [11]. Among
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other grain quality traits, test weight (TW) is often used as a predictor of flour extraction and
thus wheat quality [12]. Taking into account often costly and time-consuming phenotyping
for wheat baking quality, as well as the existence of complex interaction between wheat
proteins and other components, such as pentosans and puroindolins, predictability of
dough baking quality may be very difficult [13,14]. Therefore, in addition to the qualitative
and quantitative composition analyses, rheological tests are required in order to assess
baking quality more accurately. Rheological tests simulate the baking performance of the
dough, evaluating its mixing and viscoelastic properties. Different devices can be used to
perform rheological tests, i.e., farinograph, extensograph, and mixograph. Mixograph is a
dough mixer that creates dough rheological profile based on numerous variables, which
together with grain protein and gluten content, can give a reliable estimation of baking
quality [15]. It is used to obtain general information about dough mixing and behavior
during development, as well as the strength of the dough [16,17]. Due to the small amount
of flour required (2, 10, or 35 g) and relatively fast interpretation of the obtained results,
mixograph is highly suitable for use in plant breeding especially in early generations [18].

The success of wheat quality improvement depends on the ability to develop a geno-
type with both superior performance and high stability of the quality traits. In this context,
one of the major challenges in plant breeding is the existence of genotype-by-environment
interaction (GEI). In order to achieve more effective selection in wheat breeding programs,
it is of the utmost importance to understand how genotype, environment, and GEI each
contribute to the trait of interest [19]. Differential response of genotypes depending on
the environmental conditions has already been determined for the majority of the wheat
grain quality traits [20-23]. The greatest part of the phenotypic variation for GPC is due
to non-genetic factors among which a strong influence of environment has been well doc-
umented [20,24,25]. Although gluten content shows a positive correlation with GPC, it
is considered that for its qualitative characteristics genotype plays the most important
role [26]. Compared to GPC, dough rheological traits are showed to be less influenced by
GEIl in some cases [27-29], while other research showed that variation due to GEI is equal
or higher than variation caused by genotype or environment alone [20,23].

One of the most widely used methods for GEI analysis is the Additive Main Effects
and Multiplicative Interaction (AMMI) model. It represents the combination of analysis
of variance (ANOVA) procedure for main effects and the singular value decomposition
(SVD) of GEI term [30]. Although most commonly used in multi-environment analyses of
the most important traits such as wheat yield, AMMI model was also used to analyze GEI
and stability of wheat quality traits [20,31,32]. In order to investigate GEI, the phenotypic
performance of a collection of genotypes must be assessed in multiple environments. In
plant breeding, recombinant inbred lines (RILs) represent a collection of genotypes with a
noteworthy source of genetic diversity. However, in order to select RILs with wide trait
adaptation, breeders should be able to reveal GEI effects underlying the trait of interest
and to identify stable genotypes. The ability of AMMI model to explore GEI and to identify
stable high-yielding genotypes in wheat populations consisting of RILs has already been
proven in several studies [33-35]. Rodriguez et al. [36] concluded that RILs were more
stable and tolerable to variable environmental conditions when compared to landraces and
varieties. Although still not numerous, studies have shown that AMMI model can be used
to successfully analyze GEI and its structure for wheat quality traits in RIL populations [37].
Among the traits tested in RIL populations, GPC is shown to be under the largest influence
of environment, as well as of joint effects of environment and GEI (>98% and >99% of
contribution to the total sum of squares, respectively) [38]. The predominant influence
of environment, with more than 90% of phenotypic variation due to the joint influence
of environment and GEI was reported by Elangovan et al. [39] for both GPC and TW.
Furthermore, Prashant et al. [40] examined sources of variation affecting mixograph traits
and determined a similar pattern, namely, the substantial contribution of environment and
GEI to phenotypic variation of mixograph traits as well. On the other hand, there is some
evidence that the AMMI model is not applicable with the same efficiency to all quality
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traits. Specifically, regardless of the high and significant effect of GEI, AMMI model was not
particularly successful in identifying stable genotypes for loaf volume [41]. Nevertheless,
AMMI model has been able to successfully identify specifically adapted as well as stable
wheat genotypes for the majority of quality traits examined in RIL populations [38].

The objectives of this study were to investigate transgressive and GEI patterns for
selected quality and mixograph traits in two biparental wheat populations derived from
the crosses of pairs of parental cultivars that either did not differ at all or differed in all
HMW-GS, which play a key role in breeding for improved bread-making quality.

2. Materials and Methods
2.1. Plant Material

Two biparental (RIL) winter wheat populations were used in this study. The BK and
MG population were derived from the Bezostaya-1 x Klara and Monika x Golubica crosses,
respectively. In BK combination parental cultivars differed in all HMW-GS, while in MG
combination parental cultivars did not differ in any HMW-GS [42]. The BK combination
represented an example of crossing that is often applied in practical breeding programs
where parents of significant phenotypic divergence are crossed, while the MG combination
was chosen to narrow phenotypic variation to genetic factors excluding the differences in
HMW-GS. After crossing and selfing, plants were randomly selected up to the F7 generation.
The BK and MG populations consisted of 145 and 175 genotypes, respectively, including
parental cultivars. Klara, Monika, and Golubica are high-yielding cultivars of good bread-
making quality developed at the Agricultural Institute Osijek, while Bezostaya-1 is a
Russian cultivar with good technological grain quality.

2.2. Description of Field Trials

The field trials were conducted during three consecutive years (2009-2011) at two
locations in Croatia—Osijek (OS) and Slavonski Brod (SB), and both populations were
evaluated in these six environments (location—-year combinations). Soil type represented at
locations Osijek and Slavonski Brod is eutric cambisol and eugley, respectively. Osijek and
Slavonski Brod locations are classified as having a moderately warm and rainy oceanic cli-
mate (Cfb) by the Koppen-Geiger climate classification. A summary of meteorological data
for both locations during three growing seasons is presented in Tables S1-53 (Supplemen-
tary Materials). On average, no substantial difference was observed in daily temperatures
and soil temperatures at 5 cm soil depth between Osijek and Slavonski Brod. The biggest
difference in total rainfall between locations was observed during the 2008 /2009 season,
while no substantial difference was observed during two remaining seasons. In overall, the
highest amount of precipitation was recorded during the 2009/2010 season.

In each environment, the field trial was set as a row—column design with two replicates,
in 16 rows by 19 or 22 columns (for BK or MG population, respectively). The initial plot size
was 4.86 m?, and prior to harvesting, the front and back end of plots were trimmed to final
net plot size of 2.7 m? for all genotypes and in all trials. Basic fertilization prior to planting
was applied by adding 100 kg ha~! of urea (46% N) and 300 kg ha~! NPK (7:20:30) at both
locations and all seasons. The N applied at top-dressings was 27 kg N ha~! at tillering
and stem extension growth stages, respectively. Total amount of applied macronutrients
was 121 kg N ha~!, 60 kg P,O5 ha~! and 90 kg K,O ha~!. All other cultural practices
including application of herbicides, insecticides, and fungicides to control major weeds,
insects and foliar diseases were typical for commercial wheat production in Croatia. In the
trials with BK population, parental cultivars were sown twice per replicate and another
control (L84-2004) was added to both trial populations, to fill the grid. Due to the low flour
sample quality and possible unreliability of obtained mixograph results, data collected
for the BK population at the location Slavonski Brod in the year 2011 were not used in
the analysis. In the text, tables, and graphical representations that follow, environments
will be denoted using the location-year combination abbreviations: OS09 (Osijek—2009),
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06510 (Osijek—2010), OS11 (Osijek—2011), SB09 (Slavonski Brod—2009), SB10 (Slavonski
Brod—2010), and SB11 (Slavonski Brod—2011).

2.3. Phenotyping

The TW and GPC traits were determined by near-infrared spectroscopy on whole
grains using the Infratec 1221 Grain Analyzer and reported at 14% moisture basis, and
expressed in kg hL~! and %, respectively. Prior to WGC and mixograph analyses, grain
samples were tempered and milled using a laboratory mill. The WGC was determined
according to ICC standard method No 155 using the Glutomatic 2200 Gluten System and
Glutomatic Centrifuge 2015, Perten, using a 10 g flour sample. The WGC is expressed
as a percentage of mass relative to the initial sample mass, and calculated according to
Equation (1):
total wet gluten (g)

10g

WGC (%) = x 100 1)

Dough rheology was assessed using the Swanson and Working Mixograph (National
MFG Co., National Manufacturing Company, Lincoln, NE, USA). The amount of flour
required for analysis is determined according to the sample protein amount and sample
moisture. Flour moisture was measured using a Mettler Toledo HR83 moisture analyzer.
Prior to mixing, the required amount of water was added to the sample, calculated accord-
ing to the Equation (2):

% abs = (1.5 X % protein + 43.6) x 10 [mL] 2)

The results of the analysis were processed using MixSmart software (v 3.40). The
best repeatability was determined for the variables of the central curve, which provide a
comprehensive view of the optimal dough development. Therefore, the following variables
were used as input for statistical analysis: MPT (midline peak time [min])—time required
to achieve maximum dough resistance, i.e., time required for optimal dough development;
MTW (midline curve tail width [%])—width of the peak at the end of the mixing period
that indicates the consistency and stability of the dough at the end of mixing process; MTI
(midline curve tail integral)—area below the midline curve from the starting point to the
end of the mixing process that describes energy used during the mixing process; and MPH
(midline peak height [%])—indicates the dough strength [40].

2.4. Statistical Analysis

At the first stage of the analysis, pooled data from individual trials were analyzed
using the mixed model:

Y = G+E+GE+REP-E : ROW-REP-E + COL-REP-E ®)

that included the fixed effects of genotype (G), environment (G), GEI (G-E), and replicates
within environments (REP-E), as well as the random effects of rows and columns within
replicates within environments (ROW-REP-E and COL-REP-E, respectively). By allowing
for all nested effects to vary across environments and removing the zero-variance effects,
the optimal model was built using the Wald test and AIC (Akaike’s information criterion)
as selection criteria. Predicted values for all genotype-environment combinations were
then taken as the input for the second stage of the analysis. The first stage of the analysis
was performed within R environment [43], using the commercial package “asreml” [44]
and freely available companion package “asremlIPlus” [45].

The second stage of analysis began with an assessment of Pearson’s correlations
between the traits within and across available environments, using estimated values for
all genotype-environment combinations from the first stage of the analysis. Mean values
for parental cultivars together with mean values and ranges for the RILs were calculated
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for all traits within as well as across environments. Matrix of genotype by environment
estimates was decomposed using the AMMI model:

Y=G+E+ (G ' E)pattern+(G : E)noise (4)

where Y is the predicted value of the dependent variable, G is the genotypic effect, E is
the environmental effect, and interaction effect G-E is divided into selected AMMI model
estimate—(G-E)pattern and discarded residual—(G-E),pise- (G-E)pattern effect is the sum of
the appropriate (for a certain genotype-environment combination) matrix elements for k
selected AMMI axes, where each matrix element is the product of the singular value for
axis k (Ay) and the appropriate elements of genotypic and environmental vectors for the
same axis (yy and Oy, respectively) [46,47].

In order to handle missing data that occurred for mixograph traits in both populations,
the analysis for those traits was performed by using the Expectation-Maximization AMMI
(EM-AMMI) algorithm according to Paderewski [48]. Three different approaches were used
for the selection of terms that should be retained in the final model: (1) Simple parametric
bootstrap (SPB) [49], (2) Fr-test [50], and (3) Leave-one-out cross-validation (LOO CV)
procedure [48]. The contributions of genotype, environment, and GEI terms to the total
variance were calculated as the ratio of the sum of squares (SS) of the corresponding term
and the total SS, and expressed as a percentage [51]. The contributions of interaction
principal component axis (IPCA) scores to GEI were calculated on the same principle, using
the corresponding IPCA SS and GEI SS.

Instead of standard AMMI biplots, AMMI1 (main effects vs. IPCA1), and AMMI2
(IPCA1 vs. IPCA2), AMMI dissection of GEI patterns was visualized rather by using a
modified version of AMMI2 biplot. It represents an attempt to combine properties of both
standard types by adding the main effects to the AMMI2 biplot using a color scale. In order
to avoid point cluttering, genotypic and environmental IPCA scores were calculated by
applying different scaling (by multiplying their appropriate eigenvectors with two times
square root and half square root of eigenvalues, respectively).

Second stage of the analysis was likewise performed within R environment [43],
using the following packages: “corrplot” [52], “Hmisc” [53], “reshape2” [54], “dplyr” [55],
“ggplot2” [56], and “ggrepel” [57]. An R function “EM.AMMI” [48] has been applied for the
data imputation prior to AMMI analysis using two IPCAs, 1000 iterations, and precision
level of 0.001 to run the EM-AMMI procedure. For the SPB test the adjusted R script from
Forkman and Piepho [49] was used and the probability value of the test was obtained using
100,000 bootstrap samples. The Fr-test was performed as suggested by Piepho [50] using
the degrees of freedom estimated for IPCA terms according to Gollob [58]. An R function
“CV.LOO” [48] was used to perform LOO CV procedure using four (BK dataset) and five
(MG dataset) IPCAs, and the permissible minimum number of observed values (MNO) in
each row and each column of the data matrix set to three.

3. Results
3.1. The First Stage of the Analysis

Starting with the full model including separate nested effects for each environment,
for each trait and population, models were gradually reduced until the optimal model
was reached. The nested effects structure in selected optimal models is shown in the
Supplementary Table S4. For random effects full model was reduced by removing all
zero-variance effects (if any); there was one case where one of the effects was reduced to a
single effect for all environments and the other completely removed from the model, thus
providing the substantial reduction of AIC (MTW in MG). The fixed effect of replicates was
truncated by keeping it in the model only for environments in which the Wald test was
significant if that resulted in lower AIC compared to the model with full effect. Overall,
no obvious pattern could be observed, as the optimal models tend to be specific for each
trait/population combination.



Agronomy 2021, 11, 1022

6 of 18

3.2. Transgressive Segregation in Quality Traits

Overall descriptive statistics for seven traits of both populations are shown in Table 1,
while Tables S5 and S6 (Supplementary Materials) are showing descriptive statistics per
environment for BK and MG population, respectively. Means for parental cultivars are
followed by means and ranges of RILs. Transgressive segregants are denoted as “positive”
if they exhibited values higher than the parental cultivar with higher trait value, and as
“negative” if their values were lower compared to the parental cultivar with lower trait
value. Across environments, Bezostaya-1 had a higher mean compared to Klara for all traits
except TW, MTI, and MPH, even though the difference in means for these two parental
cultivars was not highly pronounced. The range of BK RILs was much wider than the range
of parental cultivars, and both positive and negative transgressive segregants are found for
all traits examined (in the range of 38.46-77.62% and 5.59-46.85% for positive and negative
segregants, respectively). This may suggest the presence of increaser as well as decreaser
alleles for quality traits in both parents. Mean values for BK RILs were similar to parental
means for all traits, except for the mixograph traits MPT and MTW, the mean values of
which were higher than the higher-performing parental cultivar (Table 1). These were also
the traits for which the highest proportion of positive and the lowest proportion of negative
segregants was observed, while for all the other traits across environments positive and
negative segregants were equally represented. In the MG population, Golubica can be
identified as the parent with a higher value for most of the traits, both within and across
environments (Table 1). Mean values for MG RILs were within ranges of parental values
for all traits as they were much wider than ranges between Bezostaya-1 and Klara. Conse-
quently, a lower ratio of both positive and negative transgressive segregants was noticed in
the MG population compared to the BK population in general. Trait-wise, the lowest ratios
for both segregant groups were observed for mixograph traits MTI and MPH, while the
largest disproportion between them was recorded in WGC where there were 5.4 times more
positive than negative transgressive segregants. Considering individual environments,
it is noticeable that means for MG RILs vary substantially between environments (Table
S3 in Supplementary Materials). Interestingly, the strongest predominance of negative
segregants over positive ones is recorded for mixograph traits MTI and MPH in the OS11
environment, where more than 90% negative and approximately 1% positive segregants
were present. On the contrary, the same two traits showed the highest predominance of
positive over negative segregants in environment SB11, with approximately 50% of positive
and almost no negative segregants present.

Table 1. Summary of parental means, RIL means, and ranges, and rates of transgressive segregants across environments for

seven quality traits assessed in BK and MG RIL wheat populations.

. Parental Cultivars Mean RILs Positive Transgrgsswe Negative Transgr4esswe
Trait Segregants Segregants
p1! P22 Min  Mean  Max N % N %
BK population
GPC® 14.3 13.9 10.6 14.0 17.5 55 38.5 60 42.0
WGC 347 34.1 20.5 341 439 61 42.7 62 434
™ 79.1 79.8 64.8 79.5 86.9 71 49.7 46 32.2
MPT 52 4.6 1.3 5.4 10.0 86 60.1 19 13.3
MTW 20.1 18.8 10.8 21.3 35.1 111 77.6 8 5.6
MTI 359.6 367.2 237.3 361.3 504.9 65 455 66 46.2
MPH 41.6 42.4 25.5 41.8 58.9 66 46.2 67 46.9
MG population
GPC 13.0 14.1 11.0 13.8 17.3 56 324 21 12.1
WGC 29.9 35.3 21.8 33.5 439 27 15.6 5 29
™ 79.3 80.4 65.7 79.6 86.2 46 26.6 70 40.5
MPT 4.6 49 1.6 4.8 9.1 95 54.9 63 36.4
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Table 1. Cont.
. Parental Cultivars Mean RILs Positive Transgrgsswe Negative Transgrfsswe
Trait Segregants Segregants
p1! P22 Min  Mean  Max N % N %

MTW 9.3 17.9 44 15.2 459 46 26.6 19 11.0

MTI 347.5 438.8 285.5 382.8 527.8 3 1.7 10 5.8

MPH 41.5 522 30.8 454 73.2 5 29 18 10.4

1 Bezostaya-1 and Monika for BK and MG population, respectively. 2 Klara and Golubica for BK and MG population, respectively. 3 RILs
that exhibited values higher than the parental cultivar with higher trait value. * RILs that exhibited values lower than the parental cultivar
with lower trait value. ® Abbreviations: grain protein content (GPC), wet gluten content (WGC), test weight (TW), midline peak time
(MPT), midline curve tail width (MTW), midline curve tail integral (MTI), midline peak height (MPH).

3.3. Phenotypic Correlations between Quality Traits

A summary of Pearson’s correlation coefficients for both populations is presented in a
form of correlograms across environments (Figure 1) and within environments (Figures S1
and 52 in Supplementary Materials). Very high positive correlations were observed across
environments between GPC and WGC (r > 0.89), and between MTI and MPH (r > 0.91),
and they were constant in both populations as well as within environments. Although
not being very strong, negative correlations were observed in both populations between
GPC/WGC and TW across environments. On the other hand, within environments, these
correlations were mostly positive for the BK population with the lowest values recorded in
the SB10 environment, while for the MG population almost no correlation was observed
between these traits, except in the SB11 environment where correlations were positive
but very weak (r ~ 0.2). Similarly, TW exhibited negative but low correlations with all
four mixograph traits in the BK population, while in the MG population these correlations
were mostly positive across environments. Substantial variations in terms of correlation
strength and direction were observed for these trait pairs in both populations within
environments. GPC and WGC showed positive correlations with mixograph traits MTI
and MPH across environments in both populations, with the difference that correlations
were much higher in BK compared to the MG population. These correlation patterns were
also consistent within environments but showed higher variation in the case of the MG
population (ranging between 0.18 and 0.66). In contrast, the correlations of the other two
mixograph traits (MPT and MTW) with GPC/WGC exhibited quite different trends. MPT
was weakly correlated with both GPC and WGC with opposite signs in two populations;
MTW was moderately negatively correlated with them in the MG population, but not
correlated in the BK population. This pattern was highly inconsistent within environments.
Variations between environments observed for some trait pairs (mostly between TW and
other traits), especially regarding the direction of correlations, should indicate a strong
environmental impact.
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Figure 1. Pearson’s correlation coefficients across environments for (a) BK population and (b)
MG population.



Agronomy 2021, 11, 1022

8 of 18

3.4. Selection of the Appropriate AMMI Model

In the model selection process, i.e., deciding upon how many significant IPCA terms
should be retained in the model, three different methods were compared: the SPB method,
Fr-test, and LOO CV method. For all four mixograph traits in both populations, a small
proportion of missing data occurred (<1%), so the presence of missing data implied the use
of the EM-AMMI algorithm. Unlike LOO CV, which can be embedded into EM-AMMI
analysis, for two other model selection methods, this creates the drawback caused by
preselecting the model, i.e., beforehand decision upon the number of axes to be retained in
the model. To resolve this issue, tests were first applied on the EM-AMMI imputed data
based on all possible models, from AMMIO to AMMIF (although for AMMIF algorithm
never converged). Since no difference was observed regards the model selected using
the simple parametric bootstrap method and Fr-test (Tables S7 and S8 in Supplementary
Materials), all AMMI1 imputed data were used in all further calculations.

Tables 2 and 3 summarize test outcomes for all IPCA terms used, for the BK (4) and MG
(5) population, stating their SS and contributions to GEI SS, as well as the test statistics and
corresponding probability values for all methods applied. The optimal number of IPCA
terms for SPB and Fr-test was determined by p-value taking into account all terms until a
non-significant value is obtained (at the level of significance p < 0.05). The selection by the
LOO CV method is based on Root Mean Square Prediction Difference (RMSPD), and the
optimal model was the one with the lowest RMSPD. Generally, there is a large disagreement
between the test outcomes. In exactly half of the trait-population combinations, SPB and
Fr-test selected the same AMMI model, while in the other half they selected the models
that could substantially differ in the number of axes retained. Fr-test was overall more
liberal, and more prone to the tendency to declare all tests significant. On the other side,
there is the LOO CV, as the most conservative criterion. It selected the additive model
(AMMIO) as the most appropriate one for all except one trait in each population (MTT in
BK, and MTW in MG population).

Table 2. Results of tests for IPCA terms for seven quality traits assessed in BK population.

Sum of Squares Simple Bootstrap Fg-Test Cross-Validation
IPCA IPCASS % Total % T p Value F p Value RMSPD

GPC
0 14.7
1 58.0 426 42.6 0.43 0.000 2.16 0.000 21.1
2 40.0 294 719 0.51 0.000 2.05 0.000 499
3 21.6 158 87.8 0.57 0.315 1.27 0.076 52.0
4 16.7 12.3 100.0

WGC
0 444
1 524.7 422 422 0.42 0.000 2.13 0.000 54.1
2 343.1 276 69.8 0.48 0.001 1.79 0.000 105.9
3 192.8 155 85.3 0.51 0.955 1.04 0.413 197.9
4 183.2 14.7 100.0

™
0 39.6
1 562.4 56.9 56.9 0.57 0.000 3.85 0.000 94.1
2 284.1 28.7 85.6 0.67 0.000 3.91 0.000 97.7
3 89.9 91 947 0.63 0.007 1.69 0.001 118.0
4 52.5 53 100.0

MPT
0 39.3
1 400.2 412 412 0.41 0.000 2.05 0.000 46.9
2 268.8 27.7 68.8 0.47 0.001 1.73 0.000 102.3
3 209.9 21.6 904 0.69 0.000 2.23 0.000 108.8
4 93.3 9.6 100.0
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Table 2. Cont.

Sum of Squares Simple Bootstrap FR-Test Cross-Validation
IPCA IPCASS % Total % T p Value F p Value RMSPD

MTW
0 74.1
1 1774.3 487 48.7 0.48 0.000 2.68 0.000 102.0
2 800.3 220 707 0.43 0.061 1.46 0.003 119.9
3 571.6 15.7 86.4 0.54 0.684 1.14 0.215 235.5
4 496.8 13.6 100.0

MTI
0 796.8
1 1264046 313 31.3 0.32 0.255 1.37 0.009 1043.1
2 116513.4  28.8 60.1 0.41 0.210 1.35 0.016 1983.6
3 94460.8 234 835 0.59 0.120 1.40 0.024 133.1
4 66703.0  16.5 100.0

MPH
0 102.6
1 1999.9 30.2 30.2 0.30 0.606 1.27 0.036 128.3
2 1866.4 28.1 58.3 0.40 0.296 1.32 0.026 157.6
3 1466.6 22.1 804 0.53 0.792 111 0.275 252.0
4 1300.9 19.6 100.0

Table 3. Results of tests for IPCA terms for seven quality traits assessed in MG population.

Sum of Squares Simple Bootstrap FR-Test Cross-Validation
IPCA IPCASS % Total % T p Value F p Value RMSPD

GPC
0 20.7
1 108.2 36.6 36.6 0.37 0.000 2.25 0.000 42.2
2 71.9 244 61.0 0.38 0.000 1.83 0.000 69.2
3 45.1 153 763 0.39 0.376 1.26 0.035 84.0
4 40.5 13.7 90.0 0.58 0.124 1.35 0.024 75.1
5 29.6 10.0 100.0

WGC
0 62.8
1 855.4 31.6 315 0.32 0.000 1.79 0.000 69.3
2 748.9 276 59.2 0.40 0.000 1.99 0.000 178.6
3 432.3 159 75.1 0.39 0.385 1.26 0.036 295.1
4 405.4 15.0 90.1 0.60 0.028 1.49 0.005 262.5
5 268.4 9.9 100.0

™
0 447
1 957.0 69.7 69.7 0.70 0.000 8.92 0.000 48.6
2 151.6 11.0 80.7 0.36 0.001 1.68 0.000 69.2
3 116.9 85 892 0.44 0.009 1.55 0.000 90.3
4 773 56 94.8 0.52 0.864 1.07 0.319 115.7
5 71.1 52 100.0

MPT
0 35.6
1 352.0 39.8 39.8 0.40 0.000 1.93 0.000 50.4
2 154.0 17.4 57.2 0.29 0.817 0.80 0.953 162.4
3 149.7 16.9 74.1 0.40 0.302 0.65 0.998 185.4
4 128.2 145 88.6 0.56 0.283 2.54 0.000 175.8
5 100.6 11.4 100.0
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Table 3. Cont.
Sum of Squares Simple Bootstrap FR-Test Cross-Validation
IPCA
IPCASS % Total % T p Value F p Value RMSPD
MTW
0 1144
1 3996.4 432 432 0.43 0.000 2.24 0.000 114.3
2 1726.7 18.7 61.9 0.31 0.402 0.87 0.858 385.1
3 1391.4 15.0 76.9 0.39 0.332 0.64 0.998 336.6
4 1165.1 12.6 89.5 0.54 0.563 2.34 0.000 4544
5 973.6 10.5 100.0
MTI
0 1078.0
1 255111.6  32.0 32.0 0.32 0.000 1.38 0.003 1182.6
2 195556.4 245 56.5 0.36 0.001 1.11 0.211 1473.6
3 137022.0 172 737 0.40 0.311 0.65 0.998 2656.3
4 114022.2 143 88.0 0.54 0.509 2.38 0.000 2750.6
5 95698.0  12.0 100.0
MPH
0 150.9
1 4709.2 30.1 30.1 0.30 0.001 1.26 0.025 172.8
2 3671.7 235 53.6 0.34 0.027 1.00 0.506 217.1
3 2779.2 17.8 71.4 0.38 0.535 0.61 0.999 494.6
4 2562.1 16.4 87.8 0.57 0.155 2.68 0.000 684.3
5 1903.4 12.2 100.0

3.5. GEI Patterns in Quality Traits

A preliminary insight to the biplot disclosure of GEI patterns is given in Table 4,
showing relative contributions of the different AMMI2 model terms to the total variability.
Besides population or trait-specific, some common general patterns can be observed as
well. For three non-mixograph traits (GPC, WGC, and TW) the environment (E) was the
dominant source of variation, consistently accounting for approximately three-quarters
of the total variation in the BK population and varying between 40% and 85% in the MG
population. The relative contributions of the two remaining effects are equally uniform
in the BK population, where genotypic (G) variation is approximately twice as large as
interaction (GEI) variation. This difference is reduced in the MG population, where G is
approximately 1.5 times larger (GPC and WGC), or even smaller than GEI (TW). Finally,
E is always much larger than the other two terms, except for GPC in the MG population
where it is just slightly larger than G. Four mixograph traits could be roughly divided into
two pairs that exhibit similar patterns. Dominant effect on MPT and MTW has GEI in BK
and G in MG population. For this first pair of traits the E always has the weakest effect,
except for MTW in the MG population, where the effect of E is slightly bigger than the
effect of GEL The other pair consists of MTI and MPH, characterized by the dominant effect
of E in the BK and GEI in the MG population; the size of the contribution of G is always
between the other two effects. The amount of GEI pattern captured by the first IPCA varies
from 30% to 70%, which increases to a cumulative 54% to 86% for the first two IPCAs. The
trait with the largest amount of pattern captured by either first IPCA or first and second
together is TW in both populations.



Agronomy 2021, 11, 1022

11 of 18

Table 4. AMMI2 GEI patterns in both populations.

BK Population MG Population
Trait Contribution to Total SS (%) Contribution to GEI (%) Contribution to Total SS (%) Contribution to GEI (%)
G E GEI IPCA1 IPCA1 + IPCA2 G E GEI IPCA1 IPCA1 + IPCA2

GPC 17.7 74.9 74 42.6 71.9 36.1 423 21.6 36.6 61.0
WGC 17.6 75.9 6.5 42.2 69.8 24.7 59.7 15.7 31.6 59.2

™ 18.3 71.6 10.2 56.9 85.6 6.9 84.9 8.1 69.7 80.7

MPT 26.8 11.0 62.2 41.2 68.8 47.1 12.6 40.4 39.8 57.2
MTW 39.8 9.2 50.9 48.7 70.7 455 33.7 20.8 43.2 61.9

MTI 29.9 459 24.2 31.3 60.1 31.2 23.7 452 32.0 56.5
MPH 30.7 40.3 29.0 30.2 58.3 36.7 15.7 475 30.1 53.6

Before inspecting the biplots, it is necessary to explain all the modifications made to
the standard AMMI2 biplot. The color scale used on biplots indicates the mean value of
the corresponding trait RILs, parental cultivars, and environments. RILs are designated by
points; environments and parental cultivars by abbreviated labels (with or without a frame,
respectively). “Winner” RILs are labeled and linked with their winning environments by a
matching super/subscripted letter. The list of “winner” RILs within each environment is
given in Supplementary Table S9. Interestingly, common “winner” RILs were not observed
among traits that were not highly correlated in none of the two populations. In order
to reduce the number of presented biplots, traits were paired based on correlations, the
similarity of GEI patterns, and common “winners”. One biplot from each pair is included
in Figure 2 (BK population) or Figure 3 (MG population), and the other one moved to
Figure S3 or Figure S4 in the Supplementary Materials. Generally, there are no clear
patterns of distinction between neither locations nor years, so environmental variation is
mostly due to the presence of some favorable or unfavorable combinations of locations
and years. One such example is OS10, which is a favorable environment for the BK
population for most of the traits (and unfavorable for TW); while the same statement is
only partially applicable to the MG population. For breeding purposes, the focus is usually
directed at finding generally or specifically adapted RILs. Proper candidates for selection as
broadly adapted RILs are common “winners”, such as BK012 for TW (Figure 2b), BK042 for
MPT (Figure 2c), and MG124 for GPC and WGC (Figure S4a and Figure 3a, respectively).
Especially interesting could be the last one, MG124, being the almost universal “winner”
for GPC and dominant “winner” for its correlated trait WGC, but also “winner” for non-
correlated trait TW in SB10. In some cases, the majority of “winning” RILs had low means
of the corresponding trait, e.g., MTI in the BK population (Figure 2d) and MTW in the MG
population (Figure 3c). Specifically adapted RILs are all exclusive “winners”, and generally,
all RILs that are located close to a certain environment. Out of all possible examples that
could be found across all biplots, of particular interest could be those with closely matched
color or completely mismatched color with the environment to which they are adapted. A
mismatching example is high GPC line BK007 in the low GPC environment SB09, which
due to high average protein content should be considered “broad” rather than “specifically”
adapted RIL, capable to retain high protein content even in unfavorable environments.
Before commenting on two matching cases for mixograph traits, it should be stressed that,
for them, either low or high values are not immediately considered as desirable. Therefore,
matching high values, i.e., MG016 with SB09 for MTW (Figure 3c) could be a negative
feature if added interaction effect pushes already high values over the upper desirable limit.
On the other side, matching low values, i.e., BK059 with SB09 for MTI, should generally be
considered as positive features.
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Figure 2. Modified AMMI2 biplots for (a) GPC, (b) TW, (c¢) MPT, and (d) MTI traits of BK RIL population. RILs are marked
with dots, while environments and parental cultivars (Bezostaya-1 and Klara) are marked by abbreviated labels (with
or without a frame, respectively). Within each environment one “winning” RIL is labeled and linked with its winning
environment by a matching super/subscripted letter. The color indicates the mean value of the trait.

T E 5
2
17 .
R
3 . .
K~ 0
o
2
21 = G c
osti]”  Moied
%
-3 T T T T T T
3 2 A 0 1 2
PCA1 (31.56%)
(a)
4 .
2 .
;\3
©
©
& .
~ 0
<
(o]
&
24
.

0
IPCA1 (43.19%)

()

WGC

mean
40.0
375
35.0
325
30.0

IPCA2 (11.04%)

IPCA2 (23.5%)

.
sBog)"Me1e2 SOL
b \. e
.
o L]

s, moosrf, *
= +

IPCA1 (69.65%)
(b)

& o
*sB10/, * mg10e®  *

¢ wcogs
5

0
IPCA1 (30.14%)

(d)

mean
84

MPH
mean

Figure 3. Modified AMMI2 biplots for (a) WGC, (b) TW, (c) MTW, and (d) MPH traits of MG RIL population. RILs are
marked with dots, while environments and parental cultivars (Bezostaya-1 and Klara) are marked by abbreviated labels
(with or without a frame, respectively). Within each environment, one “winning” RIL is labeled and linked with its winning
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4. Discussion
4.1. Transgressive Segregation and Phenotypic Correlations among Quality Traits

To produce high-quality dough and bread, wheat has to possess a suitable quality
which is often assessed by protein and gluten content. Although the preferred value
range of quality traits can vary considerably depending on the purpose of the wheat flour,
for bread making GPC should be at least 12.5% [59]. WGC is an indicator of protein
quality and according to Singh and Singh [60], its minimal value for wheat flour should
be 24%. On the other hand, relevant research showed that gluten composition and its
quality play a more important role compared to the quantity alone [7,8]. Horvat et al. [42]
reported that, together with the composition of HMW-GS, the proportion of subunits
must also be taken into account when assessing wheat quality. Research on the quality
that included wheat cultivars explored in the present study showed that Bezostaya-1 was
the cultivar of generally higher quality when compared to Monika and Golubica, which
was attributed to the presence of 5 + 10 HMW-GS on D1 locus. However, regardless of
possessing 2 + 12 HMW-GS type on D1 locus, which is generally associated with lower
quality, Klara, Monika, and Golubica manifested very good quality. This elevated quality
of cultivars with unfavorable HMW-GS was explained by higher proportion of total HMW-
GS [42].

The extensibility and elasticity of gluten define its quality and consequently the quality
of the dough, which can be estimated using the mixograph. Although it is difficult to
exactly define desirable values for the mixograph traits as they vary depending on the type
of population being studied and the purpose of the flour, generally it can be concluded that
the good quality of dough is characterized by strong gluten which is indicated by longer
optimal dough development time (MPT), greater consistency, and stability after mixing
(MTW), higher energy used during mixing (MTI), and higher dough strength (MPH) [61].
The greatest advantage of using mixograph is that it requires a small amount of flour for
analysis thus enabling the prediction of dough properties in early generation progenies.

In the present study, positive as well as negative transgressive segregants were de-
tected in both populations although being generally more prevalent in the BK population.
This result is expected considering that the parental cultivars Bezostaya-1 and Klara have
different genetic bases of quality (different HMW-GS on all Glu-1 loci) [42]. For all ex-
amined traits, RIL means were positioned close to the parental means, except for the
mixograph traits MPT and MTW within the BK population, the mean values of which were
higher than the higher-performing parental cultivar Bezostaya-1. For these traits, this could
be an indication of the presence of stronger epistatic effects. On the other hand, Monika
and Golubica share the same genetic basis of quality, meaning that they possess the same
type of HMW-GS on all Glu-1 loci; but show a higher phenotypic difference compared
to Bezostaya-1 and Klara, resulting in a generally lower representation of segregants in
MG RIL population. However, the occurrence of transgressive segregation for all quality
traits examined in this study in both RIL populations suggests the presence of increaser
and decreaser alleles in all four parental cultivars.

A high positive correlation between GPC and WGC recorded in both populations
is expected, taking into account that gluten is the most abundant wheat protein and that
the interrelatedness of these two traits is already well documented [4,5]. Additionally, in
both populations, a high positive correlation was observed between mixograph traits MTI
and MPH suggesting that higher energy must be used in the mixing process of the dough
with higher strength and that this relationship is not dependent on the genetic background
of wheat quality. When comparing correlations between WGC and mixograph traits
for both populations in the present study, somewhat opposite patterns can be observed.
The correlations between WGC and MTI/MPH were stronger in BK compared to the
MG population suggesting that when at least one parental cultivar possesses HMW-GS
associated with good bread-making quality, WGC can affect the dough strength. On the
other hand, negligible positive and even negative correlations observed between WGC and
MPT/MTW imply that optimal development time and the consistency of the dough do not
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depend on the gluten quantity, but rather on its quality which is mostly influenced by the
composition of HMW-GS [8]. These findings suggest that the parental genetic background
of quality may not have an impact on traits such as GPC, WGC, and TW, if their phenotypic
performance is already satisfactory, but may considerably affect mixograph traits, i.e.,
dough rheology. The importance of Glu-D1 in controlling mixograph traits has been
confirmed in previous studies [61-63].

4.2. Selection of the Appropriate AMMI Model

The problem of finding the appropriate tests for IPCA terms is present in the literature
on GEI over the last forty years. Numerous different tests were proposed, and some of
them have already been compared in several published studies [49,50]. However, due to
the specific nature of studies based on RILs (a large number of genotypes tested in just a
few environments), it seemed interesting to employ three different tests in this study, and
compare their outcomes. The LOO CV method turned out to be the most conservative,
almost exclusively selecting the additive model (AMMIO), thus suggesting the complete
absence of GEIL This does not seem to be a realistic conclusion, especially in cases where half
or more of the total SS can be attributed to GEI. Out of the two remaining tests, Fr-test was
slightly more liberal, tending to select more complex models, thus overfitting noise. This
promotes the SPB test to the most appropriate one, which is in agreement with Forkman
and Piepho’s [49] conclusion. They have highly recommended the SPB test because it
outperformed both Fr-test and cross-validation method in terms of performance power
and probability of getting false-positive results, and accordingly, it was used in the present
study as the criterion for the decision on the number of terms to be retained in the model.
However, some caution should be taken when selecting more complex models (AMMI3
in this study), as they tend to overfit the noise [64], especially in the presence of missing
data [65]. For the data sets with the larger amount of missing data, some more complex
methods of data imputation [66] are probably more appropriate than the simple method
used here [48].

4.3. GEI Patterns

According to the review by Williams et al. [27], the dominant effect of E for traits like
GPC, WGC, and TW has been observed in numerous studies in the past, although they
have cited more than a few exceptions to this general rule. However, rather than making
comparisons over all sorts of GEI studies in wheat, it would make much more sense to
search specifically for studies based on RILs, as they typically include a large number of
genotypes tested over just a few environments. If some recent studies based on RILs are
considered, there is almost no evidence for the dominant effect of E. It was reported for GPC
only by Prashant et al. [40], while Echeverry-Solarte et al. [67] and Krishnappa et al. [38]
detected equal effects of G and E for the same trait. On the contrary, in Goel et al. [68], the
effect of E was smallest for GPC, WGC, and TW. The most common mixograph trait used
in studies based on RILs is MPT, for which Prashant et al. [40] detected the dominant effect
of E, the same as is in the BK population from the present study. In the other population,
MG, the dominant effect for MPT is GEI, corresponding to the findings of Goel et al. [68].
The remaining effect, G, was found to be dominant for MPT in studies by both Echeverry-
Solarte et al. [67] and Jin et al. [69]. Prashant et al. [40] have also detected dominant effects
of GEI for MTW, and E for MTI, both corresponding to the same findings for the BK
population in the present study. Generally, all the cited studies differ in many genotypic
(type of parents, parental differences, etc.) as well as environmental (width of the range
of environmental differences, climate conditions, etc.) factors, which all could be used
as explanation why no common pattern could be established for any of the considered
traits. However, GEI seems to be much more important for mixograph traits than for other
quality traits (with one exception).

The use of standard AMMI biplots in studies involving a large number of genotypes
can create an unreadable clutter of points or labels [34,70,71] unless a reduced set of lines
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was selected for biplot representation [38]. While point cluttering can be avoided by dif-
ferent scaling of genotypic and environmental scores, label cluttering was prevented by
labeling only parents and “winners”. Once this problem was sorted out, the informative-
ness of standard biplots can be increased by carefully adding some extra features. Probably
the most important modification is the addition of main effects that enable the integration
of AMMI1 and AMMI2 biplots. Although there are some other solutions [19], the use of
color scale proved to work well if a large number of genotypes need to be plotted.

4.4. Consequences for a Breeding Program

The most plausible explanation for the differences in adaptability between two RIL
populations could be attributed to the use of widely adapted cultivar Bezostaya-1 in one
cross (Bezostaya-1 x Klara) as opposed to the use of two cultivars from the same breeding
program in another cross (Monika x Golubica) which were never grown on a large scale in
the region of origin. It fits well the expected outcome and confirms the soundness of the
standard crossing approach/strategy where one of the parents used for crossing should
be widely adapted cultivar for the trait of interest. Furthermore, BK cross produced much
more transgressive segregants, thus providing a wider base for selection of RILs with broad
or specific adaptation in earlier generations. AMMI analysis provides the means for an
easy identification of the potentially interesting RILs by simple visual inspection of biplots.
The selected RILs have promising potential for use in the breeding programs aimed at
quality improvement.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/agronomy11061022/s1, Figure S1: Pearson’s correlation coefficients across environments for
BK population, Figure S2: Pearson’s correlation coefficients across environments for MG population,
Figure S3: Modified AMMI2 biplots for (a) WGC, (b) MTW, and (c) MPH traits of BK RIL population,
Figure S4: Modified AMMI2 biplots for (a) GPC, (b) MPT, and (c) MTI traits of MG RIL population,
Table S1: Average daily temperatures (°C) per location during three growing seasons, Table S2:
Rainfalls (mm) per location during three growing seasons, Table S3: Soil temperatures (°C) at 5 cm
soil depth per location during three growing seasons, Table S4: Structure of nested effects in optimal
models for each trait in both RIL populations examined, Table S5: Summary of parental means,
RIL means and ranges, and rates of transgressive segregants within environments for seven quality
traits assessed in BK RIL wheat population, Table S6: Summary of parental means, RIL means and
ranges, and rates of transgressive segregants within environments for seven quality traits assessed
in MG RIL wheat population, Table S7: Results of tests for IPCA terms for four mixograph traits
containing missing values in the BK population, Table S8: Results of tests for IPCA terms for four
mixograph traits containing missing values in the MG population, Table S9: “Winner” RILs within
each environment for both populations examined.
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Figure S1: Pearson’s correlation coefficients across environments for BK population. Years of
experiment are marked as following: (a) 2009, (b) 2010, and (c) 2011. The data in the upper-right
triangle represent the location Osijek, while those in the lower-left triangle represent location
Slavonski Brod.
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Figure S2: Pearson’s correlation coefficients across environments for MG population. Years of
experiment are marked as following: (a) 2009, (b) 2010, and (c) 2011. The data in the upper-right
triangle represent the location Osijek, while those in the lower-left triangle represent location
Slavonski Brod.
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Figure S3: Modified AMMI2 biplots for (a) WGC, (b) MTW, and (c) MPH traits of BK RIL population.
RILs are marked with dots, while environments and parental cultivars (Bezostaya-1 and Klara) are

marked by abbreviated labels (with or without a frame, respectively). Within each environment one

“winning” RIL is labeled and linked with its winning environment by a matching super/subscripted

letter. The color indicates the mean value of the trait.
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Figure S4: Modified AMMI?2 biplots for (a) GPC, (b) MPT, and (c) MTI traits of MG RIL population.
RILs are marked with dots, while environments and parental cultivars (Monika and Golubica) are
marked by abbreviated labels (with or without a frame, respectively). Within each environment one
“winning” RIL is labeled and linked with its winning environment by a matching super/subscripted

letter. The color indicates the mean value of the trait.
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Supplementary Tables

Table S1. Average daily temperatures (°C) per location during three growing seasons (from planting
to harvesting).

2008/09 2009/10 2010/11

Month Slavonski Slavonski Slavonski

Osijek Brod Osijek Brod Osijek Brod
X 13 12.2 11.5 11 9.1 8.9
XI 7.5 7.3 8.2 7.8 8.9 8.1
XII 3.8 3.8 3.1 3.4 0.2 0.3
I -1.1 -1.6 -0.8 0 1.1 0.8
II 2.3 29 1.4 1.8 0.7 1
I 6.8 7.1 6.8 6.8 6.4 6.4
v 14.6 14.2 124 12.3 13.2 13.1
\Y 18.3 18.1 16.5 16.2 16.7 16.3
VI 19.2 19.3 20.4 20.2 20.8 20.6
VII 23.2 22.6 23.2 22.7 22.2 22.6
Average 10.76 10.59 10.27 10.22 9.93 9.81

Table S2. Rainfalls (mm) per location during three growing seasons (from planting to harvesting).

2008/09 2009/10 2010/11

Month Slavonski Slavonski Slavonski

Osijek Brod Osijek Brod Osijek Brod
X 34.4 44.2 55.3 45 67.1 58.2
XI 449 64.9 67.8 68.1 56.3 715
XII 40.5 46.8 100.8 106.1 73.5 68.5
I 60.3 62.9 83.9 79.5 23.6 27.2
I 28.6 26.2 58.6 81.8 18.4 16.6
I 26.5 41.4 22.2 49.5 37.1 35.9
v 18.7 13 71.1 52.9 194 17.7
A% 394 43.6 120.8 1614 81.2 43.8
VI 62.8 103.8 234 176.9 49.9 47 .4
VII 13.8 61.1 31.5 42.3 73.9 108.7
Total 369.9 507.9 846 863.5 500.4 495.5
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Table S3. Soil temperatures (°C) at 5 cm soil depth per location during three growing seasons (from

planting to harvesting).

2008/09 2009/10 2010/11

Month Slavonski Slavonski Slavonski

Osijek Brod Osijek Brod Osijek Brod
X 13.9 13.9 134 13.3 10.6 115
XI 8.5 8.4 8.3 8.3 8.6 8.7
XII 45 4.2 4.8 4.8 2.3 2.2
I 04 0.8 1.6 1.7 1.6 1.5
II 2.8 3.2 1.9 2.0 1.5 2.0
I 6.9 7.3 6.7 7.2 6.2 6.9
v 15.0 154 13.9 13.6 13.6 14.8
A% 21.5 21.0 18.3 184 184 194
VI 22.8 21.7 22.8 21.9 23.8 24.1
VII 27.1 26.1 25.8 26.0 25.0 25.7
Average 12.3 12.2 11.8 11.7 11.2 11.7

Table S4. Structure of nested effects in optimal models for each trait in both RIL populations

examined.
1 1
Trait Population Environments
Rep Row Col
BK 3 All2 2,4,5
GPC
MG 1,3 All 1,3,4,5
WGC BK Single? All 4,5
MG 1,3,6 1,3,4,5,6 All
BK Single 1,2,4,5 2,4,5
™
MG 1,2,5,6 2,4,5,6 2,4,6
BK 2,5 2,345 4,5
MPT
MG 1,35 4,56 1,3,4,6
BK 2 4 2,4
MTW . .
MG Single Single None*
BK Single 2,3,4,5 2,4,5
MTI
MG 1,2,3,6 1,3,4,5,6 3,4
BK 3,5 2,3,45 4,5
MPH .
MG Single All All
1 Numbers indicate environments for which this effect was included (1 — OS09, 2 — OS10, 3 —
0OSs11,

4 - SB09, 5 -5B10, 6 — SB11).

2 All” indicates different effect in all environments.

3 ,Single” indicates unique effects for all environments.

4, None” indicates that model did not include this effect.
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Table S5. Summary of parental means, RIL means and ranges, and rates of transgressive segregants
within environments for seven quality traits assessed in BK RIL wheat population.

. Positive Negative
Parental cultivars . .
) RILs transgressive transgressive
Trait Mean
segregants! segregants?
Bezostaya-1  Klara Min Mean Max N % N %
0S09 environment
GPC 14.1 13.9 119 14.1 15.9 74 51.8 57 39.9
WGC 33.4 33.7 25.6 33.6 39.5 73 51.1 63 44.1
™W 81.4 82.0 77.0 81.6 84.5 64 44.8 57 39.9
MPT 5.8 5.2 34 5.8 7.7 74 51.8 43 30.1
MTW 19.3 16.9 124 20.4 27.8 104 72.7 8 5.6
MTI 373.8 320.5 249.8 363.5 4634 58 40.6 13 9.1
MPH 45.6 39.4 29.8 43.9 55.1 49 34.3 21 14.7
0S10 environment
GPC 16.0 14.9 13.9 15.7 17.5 47 329 29 20.3
WGC 39.9 37.7 32.9 39.4 43.9 64 44.8 33 23.1
™ 73.9 76.8 64.8 75.3 79.8 53 37.1 38 26.6
MPT 6.9 4.6 2.5 5.8 9.2 27 18.9 21 14.7
MTW 20.8 20.8 13.9 21.2 29.6 71 49.7 71 49.7
MTI 378.0 456.1 311.3 409.5 504.9 14 9.8 27 18.9
MPH 43.0 52.5 36.7 46.2 58.9 11 7.7 37 25.9
0OS11 environment
GPC 12.7 12.7 11.0 12.5 14.6 54 37.8 88 61.5
WGC 32.5 32.5 26.4 31.6 37.3 48 33.6 94 65.7
W 85.1 84.2 789 84.1 86.9 30 20.9 69 48.3
MPT 4.2 29 1.3 4.6 9.9 82 57.3 18 12.6
MTW 18.3 17.7 14.7 20.4 30.3 108 75.5 22 154
MTI 342.7 359.8 259.1 328.6 4184 24 16.8 97 67.8
MPH 37.7 38.9 28.4 37.1 51.2 43 30.1 86 60.1
SB09 environment
GPC 12.5 12.6 10.6 124 14.9 49 34.3 86 60.1
WGC 27.7 28.7 20.5 27.4 35.6 41 28.7 81 56.6
™ 79.6 79.3 73.7 79.3 82.5 66 46.2 67 46.9
MPT 5.0 49 1.3 5.1 8.2 79 55.2 60 41.9
MTW 21.1 16.3 10.8 21.7 35.1 67 46.9 3 2.1
MTI 304.1 290.9 237.3 323.5 4113 96 67.1 26 18.2
MPH 36.7 34.9 25.5 38.0 49.8 88 61.5 39 27.3
SB10 environment
GPC 16.0 15.1 12.6 15.3 17.2 38 26.6 58 40.6
WGC 40.1 37.6 30.7 38.6 43.9 44 30.8 47 32.9
™W 75.5 76.9 65.6 77.4 81.5 94 65.7 17 11.9
MPT 4.3 5.5 1.8 5.8 10.0 86 60.1 24 16.8
MTW 20.9 22.0 12.1 229 33.3 87 60.8 30 21.0
MTI 399.2 408.4 284.6 3815 464.6 41 28.7 93 65.0
MPH 44.8 46.3 32.1 43.6 53.2 42 29.4 82 57.3

! RILs that exhibited values higher than the parental cultivar with higher trait value.
2 RILs that exhibited values lower than the parental cultivar with lower trait value.
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Table S6. Summary of parental means, RIL means and ranges, and rates of transgressive segregants
within environments for seven quality traits assessed in MG RIL wheat population.

. Positive Negative
Parental cultivars . .
) RILs transgressive transgressive
Trait Mean
segregants! segregants?
Monika Golubica Min Mean Max N % N %
0S09 environment
GPC 13.1 14.0 11.6 13.7 16.1 55 31.8 50 28.9
WGC 28.2 34.0 25.4 31.6 39.0 39 22.5 23 13.3
™W 81.5 84.3 77.9 82.1 84.3 0 0.00 44 25.4
MPT 6.4 5.1 2.0 4.9 7.6 31 17.9 92 53.2
MTW 10.0 22.2 6.5 19.6 35.4 53 30.6 19 11.0
MTI 359.4 510.4 3299 420.8 527.8 4 2.3 10 5.8
MPH 42.1 60.8 36.9 49.3 73.2 8 4.6 20 11.6
0S10 environment
GPC 14.8 15.1 13.5 15.3 17.3 106 61.3 51 29.5
WGC 32.3 39.5 32.0 38.4 43.9 59 34.1 1 0.6
™ 73.5 73.8 65.7 72.4 77.6 54 31.2 110 63.6
MPT 3.2 4.7 1.9 44 8.5 64 37.0 33 19.1
MTW 5.8 9.2 4.4 9.4 234 55 31.8 13 75
MTI 334.0 394.6 301.6 3772 470.8 47 27.2 19 11.0
MPH 44.2 47.1 34.8 45.8 59.3 52 30.0 73 42.2
0OS11 environment
GPC 13.0 14.3 11.1 13.5 16.2 28 16.2 59 34.1
WGC 33.5 36.7 29.6 34.6 42.2 29 16.8 54 31.1
W 84.6 84.5 81.9 84.4 86.2 74 42.8 89 51.5
MPT 2.9 34 1.8 3.9 7.4 126 72.8 22 12.7
MTW 11.6 13.3 6.9 15.2 23.7 127 73.4 23 13.3
MTI 442.8 485.4 3271 394.0 4893 1 0.6 162 93.6
MPH 53.8 58.0 36.1 46.8 62.9 2 1.2 157 90.8
SB09 environment
GPC 12.6 14.0 10.9 12.9 15.6 16 9.3 61 35.3
WGC 26.1 32.7 21.8 28.0 36.4 8 4.6 40 23.1
™ 78.6 80.7 75.4 79.1 81.6 13 7.5 52 30.1
MPT 6.1 5.7 2.0 5.3 8.5 52 30.1 100 57.8
MTW 13.2 26.6 4.8 20.2 45.9 24 13.9 26 15.0
MTI 314.6 442.3 298.7 3709 4727 4 2.3 4 2.3
MPH 36.3 53.7 33.8 43.6 58.4 5 2.9 7 4.1
SB10 environment
GPC 12.8 13.6 12.1 13.7 16.3 97 56.1 19 11.0
WGC 30.0 34.9 29.6 34.6 42.1 73 422 3 1.7
™W 78.4 79.1 75.3 79.0 82.4 85 49.1 51 29.5
MPT 2.8 4.3 1.6 5.3 9.1 122 70.5 7 4.1
MTW 8.1 21.2 5.1 14.3 30.1 14 8.1 30 17.3
MTI 347.5 436.9 2855 3724 5029 9 5.2 44 25.4
MPH 39.2 50.5 30.8 43.1 60.8 16 9.3 47 27.2
SB11 environment
GPC 12.0 13.3 11.7 13.5 16.4 103 59.5 5 29
WGC 29.4 33.8 28.0 33.7 414 84 48.6 9 5.2
™ 79.6 79.9 76.1 80.3 83.0 112 64.7 47 27.2
MPT 6.1 6.1 2.1 5.2 8.0 51 29.5 118 68.2
MTW 7.1 15.3 49 12.9 27.2 57 329 24 13.9
MTI 286.7 363.2 286.7 360.6 4514 76 439 0 0.00
MPH 33.2 429 33.0 43.7 54.5 90 52.0 1 0.6

! RILs that exhibited values higher than the parental cultivar with higher trait value.
2 RILs that exhibited values lower than the parental cultivar with lower trait value.
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Table S7. Results of tests for IPCA terms for four mixograph traits containing missing values in the BK population. Tests were conducted on the imputed data
sets based on different AMMI models.

MPT MTW MTI MPH
Sum of Simple Fr-test Sum of Simple Fr-test Sum of Simple Fr-test Sum of Simple Frtest

5 Squares bootstrap Squares bootstrap Squares bootstrap Squares bootstrap

&=

a IPSC;A % va’;ue F vu’;ue IPS(S:A % T vu’;ue F ‘oa’;ue IPS(;A % T va’;ue F ‘uu’;ue IPSCSA % va’;ue F va’;ue
S 1 4002 455 041 0000 204 0000 | 1581.1 533 046 0000 245 0000 | 1273833 382 032 0269 136 0009 | 19932 374 030 0650 125 0.042
é 2 2688 306 047 0001 174 0000 | 7974 269 042 0084 144 0.005 | 1117555 335 041 0202 136 0.015 | 18699 351 040 0281 132 0.024
< 3 2099 239 0.9 0000 222 0000 | 5872 198 054 0.627 116 0.188 | 945165 283 059 0120 140 0.024 | 14709 276 053 0761 1.12 0.254
= 1 4007 456 041 0000 205 0000 | 17124 555 048 0.000 268 0.000 | 1277525 383 032 0255 137 0.009 | 20085 377 030 0.606 127 0.036
é 2 2684 305 047 0001 173 0.000 | 7989 259 043 0.061 146 0.003 | 1115372 334 041 0210 135 0.016 | 1863.0 349 040 029 132 0.026
< 3 2102 239 0.9 0000 223 0000 | 573.7 186 054 0.684 114 0215 | 945652 283 0.59 0120 140 0.024 | 1463.8 274 053 0.792 1.11 0.275
o 14002 455 041 0000 204 0000 | 17743 564 049 0.000 277 0.000 | 1264046 375 031 0370 133 0.015 | 19999 375 030 0.630 1.26 0.039
é 2 2688 306 047 0001 174 0000 | 8003 254 043 0.059 147 0003 | 1165134 345 042 0109 142 0007 | 18664 350 040 0286 132 0.025
< 3 2099 239 0.9 0000 222 0000 | 5716 182 054 0707 113 0226 | 94460.8 280 0.59 0.120 140 0.024 | 1466.6 275 053 0.777 1.11 0.265
e 1 4113 457 041 0000 206 0.000 | 1654.6 546 047 0.000 258 0.000 | 1838458 455 039 0.000 1.87 0.000 | 19709 36.6 030 0772 122 0.063
E 22669 296 046 0004 1.66 0000 | 7977 263 043 0.064 146 0.004 | 1252266 31.0 044 0.030 152 0.001 | 1899.7 353 040 0272 133 0.023
< 3 2228 247 071 0.000 237 0.000 | 5767 19.0 054 0.662 115 0204 | 947889 235 059 0.111 140 0.022 | 15149 281 054 0.639 116 0.193
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Table S8. Results of tests for IPCA terms for four mixograph traits containing missing values in the MG population. Tests were conducted on the imputed data
sets based on different AMMI models.

MPT MTW MTI MPH
Sum of Simple Fr-test Sum of Simple Fr-test Sum of Simple Fr-test Sum of Simple Frtest
5 Squares bootstrap Squares bootstrap Squares bootstrap Squares bootstrap
&=
a IPSC;A % va’;ue F vu’;ue IPS(S:A % vu’;ue F ‘oa’;ue IPS(;A % va’;ue F ‘uu’;ue IPSCSA % T va’;ue F va’;ue
1 3371 437 039 0000 1.85 0.000 | 38792 485 043 0.000 223 0.000 | 2544321 363 032 0.000 137 0004 | 47047 343 030 0.001 126 0.025
E 2 1543 200 029 0822 080 0953 | 1560.6 195 031 0390 0.87 0.855 | 195682.8 279 036 0.001 111 0210 | 36704 268 034 0.028 1.00 0.508
E 3 1514 196 040 0254 0.66 0997 | 13922 174 039 0330 064 0998 | 1372552 19.6 040 0301 0.65 0998 | 27701 202 038 0561 0.61 0999
4 1283 166 056 0266 255 0.000 | 1160.2 145 054 0556 235 0.000 | 113363.1 162 054 0571 234 0.000 | 2567.0 18.7 057 0.156 2.67 0.000
1 3498 447 040 0.000 193 0.000 | 3882.6 48.6 0.43 0.000 224 0.000 | 2552889 364 032 0.000 138 0.003 | 4708.1 343 030 0.001 126 0.025
E 2 1540 197 029 0817 080 0953 | 15585 195 031 0402 0.87 0.858 | 195528.2 279 036 0.001 1.11 0.211 | 36714 268 034 0.027 1.00 0.506
E 3 1497 192 040 0302 065 0998 | 13921 174 039 0332 0.64 0998 | 1369721 195 040 0311 065 0.998 | 27769 202 038 0.535 0.61 0.999
4 1283 164 056 0283 254 0.000 | 1160.0 145 054 0563 234 0.000 | 114204.8 163 054 0509 238 0.000 | 2563.2 187 0.57 0.155 2.68 0.000
1 3520 449 040 0000 194 0.000 | 39964 483 043 0.000 223 0.000 | 255111.6 364 032 0.000 138 0.003 | 4709.2 343 030 0.001 127 0.024
% 2 1540 196 029 0815 080 0952 | 17267 209 031 0397 096 0.612 | 1955564 279 036 0.001 1.11 0.210 | 3671.7 268 034 0.027 1.00 0.505
E 3 1497 191 040 0301 065 0998 | 13913 168 039 0333 0.64 0998 | 137022.0 195 040 0313 065 0.998 | 2779.2 203 038 0.538 0.62 0.999
4 1282 164 056 0284 253 0.000 | 1165.1 141 054 0561 238 0.000 | 1140222 163 054 0511 237 0.000 | 2562.1 187 0.57 0.155 2.68 0.000
1 5383 545 049 0.000 287 0.000 | 3959.1 483 043 0.000 223 0.000 | 254779.7 363 032 0.000 138 0.004 | 47247 343 030 0.001 127 0.024
E 2 1711 173 031 0291 089 0816 | 16871 20.6 032 0.104 094 0.677 | 1956141 279 036 0.001 1.11 0210 | 36759 26.7 034 0.029 099 0.,511
5 3 1529 155 040 0.196 067 099% | 13915 170 039 0326 0.64 0998 | 137126.5 196 040 0305 065 0998 | 2813.2 204 039 0456 0.62 0.999
4 1262 128 056 0327 250 0.000 | 11644 142 054 0507 238 0.000 | 1136915 162 054 0544 236 0.000 | 2551.2 185 0.57 0.159 267 0.000
1 3515 444 039 0.000 191 0.000 | 4205.2 486 0.44 0.000 227 0.000 | 256897.9 36.5 032 0.000 139 0.003 | 47180 343 030 0.001 127 0.024
E 2 1589 201 029 0680 082 0928 | 18970 219 035 0.005 1.06 0333 | 195329.5 277 036 0.001 1.10 0220 | 36741 26.7 034 0.028 1.00 0.507
5 3 1528 193 040 0210 066 099 | 1390.8 16.1 039 0330 0.64 0998 | 136641.2 194 039 0346 064 0998 | 27982 204 039 0483 0.62 0.999
4 1276 161 056 0272 255 0.000 | 1167.3 135 055 0494 239 0.000 | 1160144 165 055 0434 242 0.000 | 2555.0 18.6 0.57 0.154 2.68 0.000
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Table S9. ,,Winner” RILs within each environment for both populations examined.

Trait
Environment GPC WGC ™ MPT MTW MTI MPH
BK population
0OS09 BK032 BK032 BKO012 BK042 BK131 BKO059 BKO037
0OS10 BK032 BK032 BKO037 BK042 BK041 BK040 BK040
0Os11 BKO007 BKO007 BKO012 BK131 BKO083 BK057 BKO032
SB09 BKO007 BKO007 BKO012 BK124 BKO032 BK059 BK059
SB10 BK034 BK024 BKO048 BKO042 BKO017 BK039 BK039
MG population
0Ss09 MG124 MG124 MGO089 MG180 MG169 MGO002 MG166
0OS510 MGI124 MGO084 MGO016 MG116 MG116 MG104 MGO027
0OS11 MGI120 MG193 MG155 MG150 MGO035 MGO031 MGO031
SB09 MG124 MGI124 MG192 MG188 MGO016 MGO035 MG096
SB10 MGI124 MGO084 MGI124 MGO016 MGO001 MG108 MG108
SB11 MGI124 MGI124 MG087 MG142 MG136 MGO009 MGO009
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Abstract: Selection for wheat (Triticum aestivum L.) grain quality is often costly and time-consuming
since it requires extensive phenotyping in the last phases of development of new lines and cultivars.
The development of high-throughput genotyping in the last decade enabled reliable and rapid
predictions of breeding values based only on marker information. Genomic selection (GS) is a method
that enables the prediction of breeding values of individuals by simultaneously incorporating all
available marker information into a model. The success of GS depends on the obtained prediction
accuracy, which is influenced by various molecular, genetic, and phenotypic factors, as well as the
factors of the selected statistical model. The objectives of this article are to review research on GS for
wheat quality done so far and to highlight the key factors affecting prediction accuracy, in order to
suggest the most applicable approach in GS for wheat quality traits.

Keywords: wheat quality; genomic selection; GEBV; prediction accuracy; training population;
validation population; heritability

1. Introduction

According to estimates of the International Maize and Wheat Improvement Center
(CIMMYT), the need for wheat (Triticum aestivum L.) and its products could increase by
at least 50% until 2050 [1] as a result of extensive human population growth and dietary
changes. Given the accelerated growth of the world’s population and the increased need
for food production, the greatest emphasis in wheat breeding is placed on increasing
grain yield. However, an increase in yield usually entails a decrease in protein content
or grain quality [2,3]. Therefore, in breeding programs strong emphasis should be placed
on improving grain quality [4]. In the context of wheat quality, the most important
traits are grain protein content (GPC) and gluten content (GC), as they directly affect
the technological properties of flour and dough [5-7]. The majority of these traits are
characterized mostly by low heritability due to strong environmental impact [8-10].

The extensive development of high-throughput genotyping in the last couple of
decades has led to the increasing use of molecular markers in plant breeding, which
enabled the development of prediction methods based only on marker information such
as genomic selection (GS) [11,12]. The first GS studies in wheat were published more
than a decade ago [13,14]. The results of these studies showed that models based on
genomic markers outperform models based only on pedigree relationships and that GS
could successfully enhance rates of genetic gain, which provided a strong foundation for
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further research on GS in wheat. Later studies also showed that, if the traits of interest are
complex and influenced by many quantitative trait loci (QTLs) each controlling a small
proportion of phenotypic variation, GS will be more relevant than marker-assisted selection
(MAS) [15,16].

Currently, the majority of researchers of GS in wheat consider grain yield and disease
resistance as key traits for successful wheat production [17-21]. Such a strong focus on
grain yield is understandable from a point of view where grain yield is not improving fast
enough to fill the gap between production and projected demands in the near future [22].
Considering wheat’s role as the main ingredient in many different products fundamental to
the nutrition of humankind, equal emphasis should be given to the quality traits, especially
those related to the end-use quality of wheat products. An overview of GS research
studies for traits such as grain yield, Fusarium head blight, stripe and brown rust resistance,
plant height, days to heading, and preharvest sprouting (PHS) tolerance is given by
Rutkoski et al. [23]. Despite their importance in the context of nutrition, research on GS for
wheat quality traits is still scarce. In this context, the objectives of the present study are to
review research on GS for wheat quality conducted so far and to highlight the key factors
affecting GS accuracy in order to suggest the most applicable approach in GS for wheat
quality traits.

2. Genomic Selection and Prediction Models Used

Genomic selection is one of the newly developed methods that enables the prediction
of breeding values of individuals by simultaneously incorporating all available marker
information into a model [12]. Unlike other molecular breeding methods, GS does not
require the identification of markers associated with QTLs of traits of interest. GS attempts
to capture total additive genetic variance based on the sum of the effects of a large num-
ber of genetic markers, encompassing all QTLs that contribute to trait variability [24].
Therefore, the underlying genetic control in GS is not necessarily known. In GS, training
population (TP) is genotyped using one of the methods of high-throughput genotyping
and phenotyped for desired traits in a target set of environments. Obtained data are used
to train a model that will be applied to the breeding population (BP) of unphenotyped
individuals (selection candidates) to calculate their genomic-estimated breeding values
(GEBVs) using only the marker scores [12] (Figure 1). The most important advantage of GS
over phenotypic selection (PS) is the increase of genetic gain due to the shortening of the
selection cycle in breeding process by reducing the need for phenotyping [25,26].

Phenotyping

ahdd Training
g . GS model
genotyping
: ELECTED
— Genotyping — GEBV _— ngUL‘I:\TION

Figure 1. Flow diagram of a plant breeding program based on genomic selection.

High-throughput genotyping generates a large amount of marker data, which are
then used in GS. When the number of predictor variables (markers) is much greater than
the number of observations (phenotypic values), the result is an infinite number of marker
effect estimates. In order to reduce the problem of highly dimensioned data, different
parametric and nonparametric models have been developed and used in GS (Figure 2).
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Figure 2. Classification of the most frequently used genomic selection prediction models.

The prediction models differ mainly in the assumptions of the distribution of the
marker effects, i.e., the assumptions of how the marker effects contribute to the overall
variance [12]. Detailed features of GS models and their (dis)advantages are already given
elsewhere [27-29], so they will be just briefly discussed here. Genomic best linear unbiased
predictor (GBLUP) uses a genomic-estimated relationship matrix, assigns equal variance
to all markers, and assumes that they are equally contributing to the trait of interest [29].
Ridge-regression best linear unbiased predictor (RRBLUP) assumes that all markers have
common variance but allows that markers have unequal effects. RRBLUP shrinks all marker
effects equally towards zero, regardless of the size of their effect, which can possibly lead to
overshrinking of large-effect loci [12,15,30]. On the other hand, Bayesian alphabet models
(BayesA, BayesB, BayesC, BayesCm) assign different types of prior distribution to marker
effects, thus having a more realistic assumption of marker effects [12,13,21]. LASSO (Least
absolute shrinkage and selector operator) and Bayesian LASSO (BL) models use both vari-
able selection and shrinkage methods, with the difference that BL additionally applies prior
exponential distribution on marker variances [28]. Like RRBLUP, Bayesian ridge regression
(BRR) shrinks marker effects equally towards zero but additionally uses prior Gaussian
distribution for marker effects [31]. Elastic net (EN) uses two penalty methods—the LASSO
and ridge regression, which results in averaging markers that are highly correlated and
then using the averaged gene for the model [32]. Random forest (RF) and support vector
machines (SVM) are nonparametric models based on supervised learning methods, which
have been proved to be effective in detecting interactions between markers [27,33]. Repro-
ducing kernels Hilbert spaces regression (RKHS) is another nonparametric model that is
able to capture nonadditive effects [34].

3. Factors Affecting Prediction Accuracies of Genomic Selection in Wheat

The prediction accuracy of GS is commonly estimated using cross-validation, in which
a set of individuals that are both genotyped and phenotyped is divided into a training
set (training population) and validation set (validation population, VP), with marker
effects estimated in the training set used to predict GEBVs for the validation set [35]. The
accuracy is then measured as the correlation between GEBVs and true breeding values
(observed phenotypes) of individuals from the validation set. Prediction accuracy of GS is
influenced by various molecular, genetic, and phenotypic factors, as well as the features
of the selected statistical model. Genetic factors include the distribution and strength of
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linkage disequilibrium (LD) between markers and QTL, marker collinearity, population
size and structure, differences in allele frequency between TP and VP, etc. [17,30,36-38].
Phenotypic factors include factors related to traits themselves, such as heritability and
phenotypic variance of the TP [24,39,40]. Other factors that affect the accuracy of the
prediction are the number and type of molecular markers, the similarity of the TP and the
VP, TP size, and the features of the selected statistical model [28,39,41-45].

Three major factors that affect the GS accuracy are population structure, TP size, and
marker density, the effects of which are highly interrelated [46,47]. Population structure can
give rise to a false association between a marker and QTL, thus causing structure-generated
LD, which can lead to overestimated genomic heritability and biased GS prediction accura-
cies [37,48]. Meuwissen et al. [49] estimated the minimum number of markers required to
reach high prediction accuracy (approximately 0.9) when using unrelated individuals to
be equal to 10 times the product of the effective population size and the genome size in
Morgans (10 x N x L), while the minimum size of the population was estimated to be
2 x Ne x L. In the case of wheat (the L of which is approximately 30 Morgans) and assump-
tion of N, = 50, that would amount to 15,000 markers and 3000 individuals in an unrelated
population. However, those estimations were obtained using simulations, while empirical
studies on wheat have reported acceptable accuracies for a much lower number of markers
and smaller populations, depending on the population structure [17,21,30]. As in other
species, studies on wheat also showed that larger TP reduces bias and decreases the marker
effect variance, thus resulting in higher prediction accuracy [31]. The interrelatedness of
marker density and population structure seems to play an important role in optimizing GS
in wheat. Namely, it has been shown that the higher the relatedness between TP and VP,
the smaller the response to increased marker density [48].

4. Overview of Genomic Selection Research for Wheat Quality Improvement

The first GS study for wheat quality traits was published in 2011 [21]. The study
was conducted in a population composed of multiple wheat families and showed that GS
accuracy surpasses MAS accuracy for wheat quality traits by roughly 30% and that GS
was about 95% as accurate as PS. Authors also concluded that, regardless of the inferiority
when compared to PS, GS has the potential to increase genetic gain per unit of time and
costs when applied in a breeding program.

A study by Heffner et al. [30] based on two biparental wheat populations, examined
the potential of GS to predict nine wheat quality traits. The authors of the study have
found that the mean accuracy obtained by GS was 1.4 times greater than the one obtained
by MAS, but that both GS and MAS were inferior to PS. However, those findings were
expected due to the polygenic nature and medium to high heritability of all examined traits.
Liu et al. [50] reported that, when predicting wheat hybrid performance for seven quality
traits, GS extensively outperformed MAS, while giving similar results as PS in the case
of higher relatedness of TP and VP. It was only in the case of lower relatedness of TP and
VP that GS was preferred over PS, thus emphasizing the importance of additive effects in
wheat quality traits. According to Battenfield et al. [51], genetic gain was 1.4 to 2.7 times
higher when comparing GS to PS for processing and end-use quality traits since GS requires
only marker data and a much larger population can be genotyped than phenotyped for
wheat quality traits. Michel et al. [52] investigated the use of GS for predicting dough
rheological traits in early generations and proved its substantial benefit over MAS. These
findings imply that GS can capture more of the genetic variance of wheat quality traits
when compared to MAS since it considers both small effect loci in addition to major QTLs.
Nevertheless, all of the above-mentioned studies showed that the accuracy of GS for wheat
quality traits is under the influence of many factors, with underlined heritability of the
trait, genetic relationship between TP and VP, and size of the TP being the most important
driving forces of GS accuracy. A summary of the most relevant GS studies for wheat quality
traits, with an overview of factors affecting prediction accuracy covered, is given in Table 1.
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Table 1. Overview of references for genomic selection studies covering wheat quality traits.

. Platform and o Factors Affecting Prediction Accuracy Examined 2 Comparison Single-Trait (ST)
Reference Quality Traits Examined ! Populat19n Type Number of GS Prediction TPIVP Mark to Other or Multitrait (MT)
and Size ? Model 3 i arker T f
Markers 2 Selected Model TP Size Relatedness Densit ypes o Analysis
y Selection 2
2 biparental 399 multiple
[30] Nagg’_ggcs’ gzé.légchﬁl_SoR.gI’{C populations platforms /574 RRBLUP, BayesCm Yes Yes No Yes Yes (hggs and ST
¢ 12 (209/174 DHs) DArTs
TW, PHS, FY, FP, LA-SRC,
[21]  NaCO-SRC, Suc-SRC, H,0-SRC, 374 lines 1158 DArTS RRBLUE, BayesA, Yes Yes No Yes ~ Yes(MASand ST
KH BayesB, BayesCrmt PS)
TKW, TW, GPC, FY, FP, LV, KH,
[51] SDS sedimentation, mixograph 5520 lines 3075 SNPs RI;?;EPEEAES S Yes Yes No No Yes ST
and alveograph traits T
8416/2403
TKW, TW, GPC, KH, SDS ~23,000/~33,000
[53] sedimentation landr.ace DArT SNPs GBLUP No Yes Yes No No ST
accessions
TW, FY, FP, LA-SRC, NaCO-SRC, 273 elite lines and RRBLUP, BRR,
[54] Suc-SRC, H,O-SRC, KH cultivars 3919/13,198 SNPs RKHS, EN Yes Yes Yes Yes No ST
TKW, TW, GPC, GC, SC, KH, 135 inbred RRBLUP, W-BLUP,
[50] Zeleny sedimentation lines, 1604 hybrids 17,372 SNPs BayesCm Yes Yes Yes Yes Yes (PS) ST
[55] GPC, PY 659 lines 9500 DArT SNPs RRBLUP No Yes Yes No No ST
TKW, TW, GPC, FY, FP, SC,
amylose content, FN, LV, LT, 2076 varieties and
[56] MIXT, KH, starch damage, synthetic 51,208 SNPs Multivariate model No No No No No ST + MT
viscosity, farinograph and derivative lines
extensograph traits
577 ~ GPC farinograph, extensograph, 128 DHs 6600 DAIT SNPs RRBLUP No No No No No MT
and alveograph traits
170 varieties and RRBLUT, GBLU,
[58] GPC gluten md.ex, alveograph advanced lines, 9752/5153 SNPs BayesA, BayesB, BL, Yes No Yes Yes No ST + MT
traits 154 DH RKHS, MT-BayesA,
s MT-Matrix, MT-I
159] TKW, TW, GPC, FN, Zeleny 635 lines (159 10,802 SNPs GBLUP, BL Yes Yes Yes Yes No ST
sedimentation full-sib families)
BRR, Bayes
[60] TW, GPC, WGC, SV, alveograph 495 lines 6655 SNPs multivariate No Yes No No No ST + MT

and mixograph traits

Gaussian model
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Table 1. Cont.

. Platform and . Factors Affecting Prediction Accuracy Examined 2 Comparison Single-Trait (ST)
Reference  Quality Traits Examined ! Population Type Number of GS Prediction y " toOther  ,/ Multitrait (MT)
and Size 2 Markers 2 Model 3 Selected Model TP Size TRVP Mar r Types of Analysis
Relatedness Density Selection 2
[52] ngcté Iﬁas‘g;‘roag;ﬁﬁi‘aizd 840 lines 4598 DArT SNPs RRBLUP, W-BLUP Yes No No No Yes (MAS) ST + MT
TKW, GPC, mixograph, .
. 57 cultivars and RRBLUP, BayesA
[61] farinograph, tarr;lt Sex’tensograph lines 7588 SNPs BayesB, BL, BRR Yes No No No No ST + MT
[62]  TKW, GPC, SDS sedimentation 282 DHs 7426 SNPs RRBLLD oL RE Yes Yes No No Yes (PS) ST
TKW, TW, GPC, FY, FP, FS, LV,
[63] MIXT, KH, grain color, 3485 lines 78,606 SNPs GBLUP, BayesB Yes No Yes Yes No ST
alveograph traits
[64] TKV&SEESS&(%S“Y 1152 lines 11,058 SNPs GBEEE’_EE{?S”“ Yes Yes Yes No Yes (MAS) ST + MT
[65] FY, alveograph traits 635 lines (159 10,802 SNPs GBLUP, BL Yes Yes Yes No No ST
full-sib families)
[66] GPC, PY, extensograph and 480 lines 7300 DArT SNPs GBLUP, W-BLUP Yes No No No No ST + MT
farinograph traits
TKW, TW, GPC, FP, LV, KH, SDS
[67] sedimentation, mixograph and ~1400 lines 78’602“5555 l:iefore BMTME, MTR Yes No No No No MT
alveograph traits &
[68] GPC, Zeleny sedimentation 1325 lines 9290 SNPs RRBLUP, BL Yes No No No No ST

* Final number of markers used for analysis is not mentioned. 1 TKIW—thousand-kernel weight, TW—test weight, GPC—grain protein content, FY—flour yield, FP—flour protein, FS—flour sedimentation,
WGC—wet gluten content, PY—protein yield, GC—gluten content, KH—kernel hardness, SC—starch content, FN—falling number, LV—loaf volume, LT—loaf texture, MIXT—mixing time, SV—sedimentation
volume, PHS—preharvest sprouting, LA-SRC—lactic acid solvent retention capacity, NaCO-SRC—sodium carbonate solvent retention capacity, H,O-SRC—water solvent retention capacity, Suc-SRC—sucrose
solvent retention capacity, SDS—sodium dodecyl sulfate. > DH—double haploid, SNP—single nucleotide polymorphism, TP—training population, VP—validation population, PS—phenotypic selection,
MAS—marker-assisted selection, ST—single-trait, MT—multitrait. 3 GS—genomic selection, RRBLUP—ridge regression best linear unbiased prediction, GBLUP—genomic best linear unbiased prediction,
BL—Bayesian least absolute shrinkage and selector operator (LASSO), BRR—Bayesian ridge regression, GAUSS—Gaussian kernel, PLSR—partial least squares regression, RKHS—reproducing kernel
Hilbert space, EN—elastic net, W-BLUP—weighted best linear unbiased prediction, BMTME—Bayesian multitrait multienvironment, MTR—multitrait ridge regression, MT-SI—multitrait selection index,
RFE—random forest.
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4.1. Effect of Training Population Size

As early as with the first studies of GS for wheat quality traits, it was demonstrated
that TP size (Ntp) significantly impacts the GS accuracy. The average accuracy for nine
wheat quality traits was reported to be roughly 1.6-fold higher for Np = 96 compared to
Ntp =24 when applied to a biparental population [30]. A similar pattern was observed in a
study by Heffner et al. [21] in which a population consisting of multiple wheat families was
used to predict some quality and agronomic traits. Increasing Ntp from 96 to 288 resulted
in an overall increase in accuracy by approximately 30%. It is interesting to note that in
order to achieve approximately the same GS prediction accuracy, a TP that is three times
greater should be used in multifamily populations compared to biparental populations
(mean accuracies of 0.58 and 0.52 correspond to Ntp = 96 and N1p = 288 in biparental
and multifamily population, respectively). The positive influence of an increased number
of lines in TP was observed for GPC and protein yield (PY) traits [55], where maximum
accuracy was reached at maximum TP size (N1p = 240) and amounted to 0.51 and 0.16 for
GPC and PY, respectively. When investigating the influence of using different proportions
of the entire population as TP (20-80%), Hu et al. [62] concluded that average prediction
accuracy benefited from larger TP size when predicting wheat quality traits such as SDS
(sodium dodecyl sulfate) sedimentation volume and thousand-kernel weight (TKW). In
agreement with previous studies, Kristensen et al. [59] reported that the highest accuracies
were recorded for all examined traits in the case of LOO (leave-one-out) type of cross-
validation (the largest possible TP scenario), while the k-fold cross-validation proved that
the use of smaller TP resulted in slightly lower GS prediction abilities. Similar results for
flour yield (FY) and alveograph traits were reported by Kristensen et al. [65].

Overall, the size of the TP depends on the genetic relatedness between TP and VP. The
more related the two populations are, the smaller the size of the TP will be needed to obtain
satisfying GS prediction accuracies for wheat quality traits [54]. Battenfield et al. [51] also
reported enhanced accuracy as a result of increasing TP size and random assignment of
full-sibs to TP and VD, therefore, creating a greater genetic relationship. Considering that
the phenotyping of wheat quality traits can be both costly and time-consuming, designing
a TP that at the same time maximizes genetic diversity and enhances GS accuracy, while
being small enough to achieve rapid phenotyping, is key for the successful implementation
of GS in a breeding program [53].

4.2. Relatedness of Training and Validation Population

As for the other wheat traits [69], it has also been observed in other studies of GS
for wheat quality traits that, in order to achieve high GS accuracy, TP and VP have to
be closely related. In research by Liu et al. [50] three scenarios with low, intermediate,
and high relatedness of TP and VP were created in order to predict seven quality traits of
wheat hybrids. As expected, results showed that GS accuracy enhances with an increase of
population relatedness, regardless of the prediction model used. However, for the scenario
of high relatedness, GS and PS resulted in similar prediction accuracies, suggesting that
for highly related populations, PS could be hardly outperformed by GS, whereas in lowly
related populations, GS will be a method of choice. Poor prediction accuracies were
observed for quality traits in durum wheat when the performance of one population
type (doubled-haploid) was predicted based on another population type (breeding panel
consisted of varieties and advanced lines) [58]. Kristensen et al. [59] used different types of
cross-validations to study the impact of genetic distance of TP and VP on GS prediction
accuracy. In LOO cross-validation, the GEBV of each individual is predicted based on
the rest of the population, thus representing a scenario where the size of TP and genetic
relatedness between TP and VP is as large as possible. Leave-family-out (LFO) cross-
validation represents a scenario where different levels of genetic relatedness of TP and
VP are present since the GEBV of individuals in each family is predicted based on the
remaining families in a given population. Comparing LOO and LFO (lower relatedness),
Kristensen et al. [59] concluded that genetic relatedness had a bigger impact on GS accuracy
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than the size of TP. The predictive abilities decreased the most in the case of GPC (0.5
and 0.2 for LOO and LFO, respectively) when increasing the genetic distance between
populations, while the smallest impact of increased genetic distance was recorded in the
case of Zeleny sedimentation (0.79 and 0.68 for LOO and LFO, respectively). Similar results
were reported for FY and alveograph traits, where the decrease of GS accuracy in a range
of 24% to 35% was observed when comparing LOO and LFO cross-validation methods [65],
and for Zeleny sedimentation, GPC, TKW, and test weight (TW) [64], suggesting that
genetic composition of TP is crucial for achieving accurate genomic predictions.

Prediction accuracies for GPC and PY traits showed a strong bias when predict-
ing within the breeding cycle (lower relatedness) compared to predicting between-cycle
(higher relatedness). According to Michel et al. [55], the highest bias for GPC was 86%,
whereas PY was overestimated in a range from 17% all the way up to 712%. A study by
Juliana et al. [63] has provided evidence that for traits with lower heritability the influence
of using lowly related populations will be even more pronounced. Therefore, in order to
achieve reliable predictions, the use of a diverse TP is recommended.

4.3. Effect of Marker Density

Studies of GS for wheat quality traits investigating the effect of marker density (i.e.,
number of markers, Ny) all led to the same conclusion that the accuracy of the prediction
enhances with increasing marker density until it reaches a plateau, after which a further
increase in marker density has no effect on accuracy [30]. Since required marker density
is primarily determined by the extent of LD in the examined population, it is assumed
that lower marker density will be sufficient for closely related populations (e.g., biparental
population) than for distant populations to achieve satisfying GS prediction accuracy.
In a study conducted using two biparental wheat populations [30], average GS predic-
tion reached a plateau at Ny = 256, after which a slight drop in accuracy was observed
(Nm = 384), while in a multifamily approach [21] increasing Ny from 192 to 1158 in-
creased GS accuracy by approximately 10%, after which response reached a plateau.
Huang et al. [54] reported no significant differences in GS accuracy when using the com-
plete set of markers (Nyy = 13,198) and a subset of 3919 markers, implying that lower
Ny is already sufficient for predicting quality traits in wheat elite lines and varieties.
Juliana et al. [63] confirmed those findings using subsets of a marker data set that contained
less than 70%, 50%, and 10% missing data, which corresponded to a scenario of high cover-
age (N = 16,072), moderate coverage (Ny = 9285), and low marker coverage (Ny = 2253).
They concluded that marker density had a minimal impact on GS accuracy, suggesting that
when a genomic resolution is reached in a high LD species (i.e., wheat), marker density no
longer represents a limiting factor.

The interdependence of marker density and relatedness of TP and VP in the context
of GS was illustrated in a study by Liu et al. [50] in which three scenarios representing low,
intermediate, and high relatedness were used. In the case of lowly related TP and VP, the
plateau was reached after ~3000 markers, whereas in the case of intermediate and highly
related TP and VD, the plateau was reached at ~2000 and ~500 markers, respectively.

4.4. Effect of Heritability of the Trait

Numerous studies up to date showed that GS accuracy is strongly influenced by
heritability, i.e., the fraction of the phenotypic variance of the trait due to genetic variance.
Although there is no unambiguous categorization, the majority of studies on wheat catego-
rize heritability values as low (<0.4), moderate (0.4-0.7), and high (>0.7) [21,30]. Generally,
traits with high heritability show high GS accuracy and vice versa. The predictive ability of
GS for wheat quality traits parallels their heritability which is often showed to be moderate
to high. An overview of heritability and GS prediction accuracy ranges reported for some
wheat quality traits is given in Table 2.
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Table 2. Overview of heritability and GS prediction accuracy reported in studies covering wheat quality traits.

Heritabilit Heritabilit GS Prediction
. . . 1 . eqs y Yy
Reference Quality Traits Examined Heritability Type Strength Range Accuracy Range 3
PHS, GPC, TW, Suc-SRC, .
[21] LA-SRC, KH, FY broad-sense high 0.71-0.93 0.45-0.76
TW, PHS, FY, KH, LA-SRC, .
[30] NaCO-SRC, Suc-SRC, HoO-SRC broad-sense moderate—high 0.67-0.95 0.27-0.74
TKW, TW, GPC, FY, FP, SDS
[51] S edimentation, KH, LV, narrow-sense moderate 0.41-0.68 0.42-0.71
mixograph and alveograph
traits
alternative
TW, FY, FP, KH, LA-SRC, . .
[54] NaCO-SRC, Stc-SRC, HoO-SRC calculation for , high 0.75-0.95 0.31-0.67
unbalanced data
[50] TKW, TW, GP(.:’ GC, S.C ,KH, broad-sense moderate—high 0.63-0.96 0.35-0.96 4
Zeleny sedimentation
GPC, farinograph, alternative
[57] extensograph, and alveograph calculation for moderate—high 0.69-0.83 0.16-0.614
traits unbalanced data 2
[59] TKW, TW’.GPC’ F.N’ Zeleny narrow-sense moderate—high 0.56-0.81 0.2-0.79
sedimentation
[60] TW, GPC, WGC’ 5V, alvetograph broad-sense moderate 0.36-0.64 0.24-0.43 4
and mixograph traits
[52] GPC, farinograph .and narrow-sense moderate 0.4-0.66 0.3-0.53
extensograph traits
TKW, GPC, mixograph,
[61] farinograph, and extensograph broad-sense high 0.78-0.93 0.25-0.42
traits
[65] FY, alveograph traits narrow-sense moderate—high 0.38-0.72 0.3-0.79
[68] GPC, SC, Zeleny sedimentation narrow-sense low—moderate 0.35-0.62 0.1-0.3

! TKW—thousand-kernel weight, TW—test weight, GPC—grain protein content, FY—flour yield, FP—flour protein, WGC—wet gluten
content, GC—gluten content, KH—kernel hardness, SC—starch content, FN—falling number, LV—loaf volume, SV—sedimentation volume,
PHS—preharvest sprouting, LA-SRC—lactic acid solvent retention capacity, NaCO-SRC—sodium carbonate solvent retention capacity,
H,O-SRC—water solvent retention capacity, Suc-SRC—sucrose solvent retention capacity, SDS—sodium dodecyl sulfate. 2 According to
Piepho and Mahring [70]. 3 Accuracy across all used models or scenarios. * Accuracy of single-trait genomic selection model.

Studies on wheat quality traits showed that heritability was the main factor that

affected the accuracy of GS [61]. Interestingly, not all highly heritable traits showed high
GS accuracy. While for most of the highly heritable traits (TW, sucrose solvent retention
capacity (Suc-SRC), water solvent retention capacity (H,O-SRC), and lactic-acid solvent
retention capacity (LA-SRC)), mean GS accuracy across the four models used was 0.6 and
higher, for FY and KH, accuracies were 0.45 and 0.38, respectively, despite their heritability
values being > 0.9 [54]. Low heritability traits would require larger TP in order to attain
the same prediction accuracy as in the case of traits with moderate to high heritability [56].
According to the reported heritabilities (Table 2), it is highly unlikely that the heritability
will present a limiting factor in GS for wheat quality traits.

4.5. Effect of Model Used

A broad range of models can be used to predict the phenotypic performance of wheat,
but the performance of each model is interrelated with the genetic architecture of the
examined trait and relatedness of TP and VP. As it is presented in Table 1, the majority of
GS studies for wheat quality traits used GBLUP and RRBLUP models, the performance of
which was usually compared to one of the Bayesian models.
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Little or no difference in prediction accuracy was detected between RRBLUP and
Bayesian models in a study by Heffner et al. [21], which suggested that all examined
quality traits were controlled by many QTLs of small effect. RRBLUP was comparable by
Bayesian models for highly polygenic quality traits in biparental populations while being
surpassed in the case of populations with a high genetic variance of examined traits [30].
RRBLUP and BayesC7t showed no significant differences when predicting hybrid perfor-
mance [50]. BL gave similar or slightly higher prediction accuracies than GBLUP for GPC,
TW, TKW, falling number (FN), FY, and alveograph traits, while the biggest difference was
recorded in the case of Zeleny sedimentation [59,65]. Those findings may be due to the bet-
ter performance of Bayesian models in case of lower relatedness of TP and VP, and in case
of traits controlled by few major QTLs, since they shrink small effects stronger while shrink-
ing large effects much weaker. Zeleny sedimentation has been proved to be controlled by
few QTLs of large effect, hence obtaining higher GS accuracies when Bayesian models were
used [59]. Similar results were observed when comparing RRBLUP and BL models for GPC
and Zeleny sedimentation [68]. Hu et al. [62] compared two nonparametric (RKHS and
RF) and two parametric models (RRBLUP and BL) when predicting SDS sedimentation
volume, GPC, and TKW, and concluded that their performance was strongly influenced
by prediction scenario (predicting within the same year and across years where years
represented different drought conditions). Namely, nonparametric models outperformed
parametric in the cross-year prediction which represented a more realistic setting, while in
the same-year prediction average performances of RF, RKHS, and RRBLUP were similar,
with RF showing significant variations among growing seasons. Only a study by Batten-
field et al. [51] showed that when GS accuracy was obtained by cross-validation, Gaussian
kernel (GAUSS) was the best model for predicting all quality traits within a population con-
sisting of multiple families, thus outperforming EN, partial least square regression (PLSR),
and RRBLUP.

Bayesian models usually require longer computation time compared to GBLUP or
RRBLUP [12,58,62] but show no clear superiority over the other models across wheat
quality traits [61,68], i.e., the accuracy of GS for wheat quality traits was generally not
under the large influence of prediction model applied. Therefore, RRBLUP showed to be
a model of choice in the majority of GS studies for wheat quality traits [54,58] due to its
robustness and shorter computational time [55].

5. Multitrait Genomic Selection

Wheat quality traits can often be hard to improve, since they usually require a large
amount of flour and/or labor to be invested, thus limiting the size of the TP that can be
phenotyped which leads to insufficient GS accuracy. Incorporating additional phenotypic
information in the multitrait approach for GS could help to overcome the problem of
potentially low GS accuracy obtained for wheat quality traits. Multitrait GS data obtained
utilizing rapid quality tests are used for predicting parameters of more laborious wheat
quality tests. Rapid tests such as near-infrared (NIR) and nuclear magnetic resonance
(NMR) methods are less labor-intensive and require a small amount of flour. It has been
proved that incorporating NIR and NMR data into the multitrait approach increases the
accuracy of GS for some wheat quality traits (accuracy ranged between 0 and 0.47, and
between 0 and 0.69 in a single-trait approach and multitrait approach, respectively) [56].
Incorporating easily obtained gluten peak indices into multitrait GS analysis improved
average prediction accuracy by roughly 20% in comparison to single-trait GS for dough
rheology traits [57]. Including metabolomics data in GS resulted in increased accuracies
for some wheat quality traits (GPC, GC, FN, FY, Zeleny sedimentation, KH) compared
to GS based on DArT markers only [71]. According to Haile et al. [58], the multitrait
approach resulted in higher prediction accuracy only in the case of yield, whereas for
quality traits, all single-trait models applied gave better prediction accuracy compared to
the multitrait approach. Lado et al. [60] showed that no multitrait model used performed
better than a single-trait model, but that using highly correlated traits in multitrait GS



Plants 2021, 10, 745 11 of 14

for wheat quality allows reduction of TP up to 30% without significantly affecting the
predictive ability of the model. Further research studies showed that using different
GS indices in simultaneous selection for yield and wheat quality traits still does not
outperform single-trait prediction for GPC, PY, and the dough rheological traits, but
suggested that simultaneous improvement of yield and wheat quality should target protein
quality, rather than GPC [66]. A significant gain of multitrait approach is expected only for
low heritable traits that are incorporated with high heritable traits, between which high
genetic correlation exists [64]. Data for traits incorporating together in a multitrait analysis
must be already available or easy to obtain on a large number of samples in a short period
of time [67].

6. Conclusions

Due to the complex nature of inheritance for the majority of wheat quality traits, GS
seems to be the method of choice because it simultaneously accounts for small and medium
effect loci as well as for major QTLs. Numerous studies in the last decade proved that GS has
sufficient accuracy for implementation in the breeding programs targeting wheat quality.
Genomic selection can be helpful in predicting the performance of lines in early generations
and preselecting high-performing lines, boosting trait stability, and efficiently selecting
superior genotypes for wheat quality traits. There is some evidence that GS could also be
used to address one of the biggest problems in wheat breeding—how to simultaneously
select for grain yield and quality traits since the existence of a strong negative correlation
between those traits is well known and documented. Nevertheless, before implementing
GS in the breeding for wheat quality traits, some limitations considering trait heritability,
genetic relationship between TP and VP, and size of the TP must be taken into account.
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Abstract: Breeding for end-use quality traits is often challenging since their assessment requires larger
quantities of grain and flour samples, which are usually not available early in the breeding process.
Using the mixograph as a fast and effective method of evaluating dough quality together with
genomic selection (GS) can help in pre-selecting high-performing progenies earlier in the breeding
process and achieve a higher gain per unit of time and cost. In the present study, the potential of GS to
predict seven end-use quality traits, including mixograph traits, in two biparental wheat populations
was investigated. Field trials with both populations were conducted at two locations in Croatia
(Osijek and Slavonski Brod) over three years. Results showed that the size of the training population
(TP) plays an important role in achieving higher prediction accuracies, while marker density is not a
major limitation. Additionally, results of the present study did not support the optimization of TP
based on phenotypic variance as a tool to increase prediction accuracy. The performance of eight
prediction models was compared and among them elastic net showed the lowest prediction accuracy
for all traits. Bayesian models provided slightly higher prediction accuracy than the ridge regression
best linear unbiased prediction (RR-BLUP) model, which is negligible considering the time required
to perform an analysis. Although RR-BLUP was not the best performing model in all cases, no
advantage of using any other model studied here was observed. Furthermore, strong differences
between environments in terms of the prediction accuracy achieved were observed, suggesting that
environments that are less predictive should be removed from the dataset used to train the prediction
model. The prediction accuracies obtained in this study support implementation of GS in wheat
breeding for end-use quality, including some mixograph traits.

Keywords: wheat; quality traits; genomic selection; biparental population; RIL; prediction models;
training population; phenotypic variance

1. Introduction

The importance of wheat (Triticum aestivum L.) is underlined by the fact that wheat
products are the most important source of dietary proteins and energy supply for hu-
mankind [1,2]. Therefore, suitable wheat quality is of great importance. Many traits have
been identified to determine wheat quality, namely grain protein content (GPC), wet gluten
content (WGC), gluten quality, grain hardness, test weight (TW), etc. [3]. High wheat qual-
ity is determined by high GPC content, while TW is often used as an indicator of flour yield.
On the other hand, the baking quality of wheat is mainly influenced by gluten content and,
more importantly, its composition and quality [4]. However, breeding for end-use quality
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traits, and especially baking quality traits, is often challenging because larger quantities of
grain and flour samples are needed, which are usually not available early in the breeding
process. The mixogram allows for the precise evaluation of flour quality using a relatively
small sample (2-35 g), making it ideal for plant breeding, especially in the early breeding
generations. It is a dough mixer that rapidly develops a dough sample and establishes its
rheological profile, which provides the information on gluten quality and dough strength,
optimum development time, etc. [5].

Reduced costs and the introduction of novel genotyping technologies have enabled
high-density genotyping and increased the use of molecular markers in plant breeding.
Because phenotyping is often very time consuming, breeders are increasingly turning to
alternative breeding approaches to reduce the need for phenotyping and speed up the
selection process. Phenotyping for end-use and baking quality of wheat is not only time
consuming but also costly. For an equal number of lines, phenotyping for end-use quality
and processing traits can be up to fifty times more expensive than high-density genotyping-
by-sequencing (GBS), which is widely available today [6]. Therefore, approaches based on
molecular markers are increasingly used in plant breeding, including breeding for wheat
quality. One of the widely used methods of marker-based selection is genomic selection
(GS), which was first proposed as a promising breeding strategy in 2001 when Meuwissen
et al. [7] revealed that high-density markers can be used to estimate the breeding values of
non-phenotyped genotypes. In GS, the training population (TP) is used to evaluate marker
effects, followed by model validation in a related (preselected) validation population
(VP), while selection is performed in a test or a target breeding population that contains
candidate genotypes for which phenotypic data are not available. Marker effects estimated
by predictive statistical models using genotypic and phenotypic data of the TP are used
to calculate the genomic estimated breeding value (GEBV) of the selection candidates. GS
helps to reduce the duration of a breeding cycle, improves selection accuracy, and allows
more effective use of genetic diversity to increase genetic gain in breeding programs [8,9]. It
allows for the selection of lines earlier in the breeding cycle, thereby reducing the potential
cost of phenotyping [10]. Since GS takes into account all available markers without pre-
selecting them, it has been reported to be particularly suitable for predicting polygenic
traits, the expression of which is influenced by a large number of low-effect loci, such as
the end-use quality traits of wheat [11].

The first step towards the successful implementation of GS in practical breeding
programs is the correct adjustment of the parameters that can affect prediction accuracy.
An overview of these parameters has been given elsewhere [12-15], and, as reported, the
interrelatedness of the population structure, the TP size, and the marker density plays the
most important role [16,17]. When designing the TP, the VP must be taken into account,
i.e., the TP should be designed in accordance with the desired outcomes in the VP [18,19].
To achieve acceptable prediction accuracies, the TP should be highly related to the VP or
contain genotypes that are related to the genotypes present in the VP [20,21]. Prediction
accuracy increases with the size of the TP as well as with the marker density until it reaches
a plateau [22-24]. The more closely related the TP and VP are, the smaller the TP and
marker density required to reach the plateau of prediction accuracy [25,26]. In addition,
the extent of linkage disequilibrium (LD) affects the number of markers required to reach a
given level of GS prediction accuracy [9]. The extensive LD between quantitative trait loci
(QTL) and markers in highly related populations, such as biparental populations, ensures
that more than one marker accompanies each QTL. Consequently, a lower marker density
is required to reach a plateau of prediction accuracy when GS is applied in biparental
populations [27]. Optimization of the TP for GS has been shown to be important in
achieving higher prediction accuracy. Many sampling algorithms have been proposed
for TP optimization, namely random sampling, stratified sampling, sampling based on
coefficient of determination (CD) mean or predictor error variance (PEV) mean, etc. [28,29].
Isidro et al. [28] showed that the strategy to optimize the TP depends on the population
structure. According to their results, for structured populations, it is preferable to build
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a TP with the largest phenotypic variance to achieve high prediction accuracy. Using a
biparental population, Marulanda et al. [30] demonstrated that optimization strategies
based on genetic properties of the population do not lead to an increase in prediction
accuracy. It was shown that only phenotypic variance in the TP is related to prediction
accuracy. Since phenotyping is currently the most expensive phase of GS, determining
the optimal size of the TP and the potential need for its optimization is critical to reduce
the need for phenotyping. One of the key elements for the successful and cost-effective
implementation of GS in plant breeding programs is achieving the desired prediction
accuracy in conjunction with effective resource allocation.

Different prediction models are developed to address the problem of high-dimensional
data sets in GS, which arises from the large amount of data collected in high-throughput
genotyping. Most of the differences between prediction models relate to different as-
sumptions about the distribution and variance of marker effects, i.e., how marker effects
contribute to the overall variance of the observed trait [7]. The specific features of the
different prediction models have been presented in detail in previous publications [31-34].
Due to its robustness and reliability of results, ridge regression best linear unbiased pre-
diction (RR-BLUP) is the most widely used prediction model in GS [35]. In addition to the
traditionally used models, such as the genomic best linear unbiased prediction (G-BLUP),
RR-BLUP, and Bayesian alphabet models and machine learning and deep learning ap-
proaches, have also been applied to GS in recent years. As in other models, the performance
of machine and deep learning models has been shown to be trait-dependent. While some
studies suggest that approaches based on deep learning methods outperform conventional
models in predicting wheat quality traits [36-38], other studies have not shown significant
improvement in performance [39].

This study investigated the potential of GS to predict seven different end-use quality
traits, including mixograph traits, in two recombinant inbred line (RIL) winter wheat popu-
lations. Specific objectives included: (1) assessment of the need for TP optimization based
on phenotypic variance, (2) identification of the effect of TP size and marker density on
prediction accuracy using the RR-BLUP model, and (3) evaluation of the performance of the
RR-BLUP model and seven other prediction models, including one machine learning model.
The results obtained should provide insights and recommendations for the implementation
of GS in wheat breeding for end-use and baking quality.

2. Materials and Methods
2.1. Plant Material, Field Trials, and Phenotyping

Two biparental (RIL) winter wheat populations were used in the present study:
Bezostaya-1 x Klara (BK) and Monika x Golubica (MG). Pedigree of used genotypes
is given in Table 54 in the Supplementary Material. After crossing of parental cultivars
and selfing, plants were randomly selected up to the F7 generation, which was used for
field trials in the growing season of 2008/2009. Originally, the BK population consisted of
145 genotypes and the MG population 175 genotypes, including parental cultivars. Due to
the insufficient quality of samples, some genotypes could not be successfully genotyped,
so a total of 139 and 153 RILs were used for this study for the BK and MG populations,
respectively. Field trials with both populations were conducted at two locations in Croatia
(Osijek and Slavonski Brod) over three years (2009-2011, denoting the year of harvest).
Each individual year-location combination represented an environment designated by
the following abbreviations: OS09 (Osijek—2009), OS10 (Osijek—-2010), OS11 (Osijek-2011),
SB09 (Slavonski Brod-2009), SB10 (Slavonski Brod-2010), and SB11 (Slavonski Brod-2011).
In each of the six environments, a field trial was set up with two replicates according
to a row—column design. Data collected for the BK population in the SB11 environment
were discarded due to the low quality of the flour samples. The analysis included seven
quality traits, which are listed and described in Table 1. Further details on the selection
of parental cultivars, the experimental design, the soil type and weather conditions at
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the experimental sites, the fertilization rate applied, and the phenotyping procedure are
described in a previously published article [40].

Table 1. Quality trait abbreviations, descriptions, and measurement method used in present study.

Trait

Abbreviation Description Unit Measuring Instrument
GPC Grain protein cogtent measured on whole percent Infratec 121 Grain Analyzer
grain samples
WGC Wet gluten content measured using ercent Glutomatic 2200 Gluten System /Glutomatic
flour samples P Centrifuge 2015 (Perten)
™ Test weight measured on whole kghL~! Infratec 121 Grain Analyzer

grain samples

Midline peak time measured using flour
MPT samples (denotes time required for optimal min
dough development) [41]

Midline curve tail width measured using

MTW flour samples (designates the consistency percent Mixograph (National MFG Co., National
and stability of the dough) [41] Manufacturing Company, Lincoln, NE, USA);
Midline curve tail integral measured using MixSmart software (v 3.40)
MTI flour samples (describes energy used unitless

during the mixing process) [41]

Midline peak height measured using flour

MPH samples (denotes dough strength) [41]

percent

2.2. Statistical Analysis and Heritability Estimation

The combined data from individual trials were subjected to the prediction of genotypic
best linear unbiased estimates (BLUE) using the mixed model:

Y =G +E + G-E + REP-E + ROW-REP-E + COL-REP-E, D

which included the fixed effects of genotype (G), environment (E), genotype-by-environment
interaction (G-E), and replicates within environments (REP-E), as well as the random effects
of rows and columns within replicates within environments (ROW-REP-E and COL-REP-E,
respectively). The resulting predicted values for all genotype—environment combinations
were used as input for all subsequent GS analyses. A more detailed description of the
calculation procedure can be found in previously published paper [40].

Broad-sense heritability (H?) for all traits was calculated as the ratio of total genetic
variance to total phenotypic variance. Across-environmental heritability was assessed
using the following equation:

2
(o)
H = ————, )
0—2 + Oge + Oe¢
g e er

where Oé is genotypic variance, O‘ée is genotype-by-environment interaction (GEI) variance,
and o2 is the error variance component, while e and r represent the number of environ-
ments and the number of replicates per environment, respectively. For the assessment of
heritability across environments, the variance components were calculated using model (1)
treating all effects as random.

For the assessment of within environment repeatability, each environment was ana-
lyzed separately using the model:

Y =G + REP + ROW REP + COL-REP 3)
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which includes the random effects of genotype (G), replicate (REP), and the effects of rows
and columns within replicates (ROW-REP and COL-REP, respectively). The variance com-
ponents thus obtained were used to calculate within-environment repeatability according

to the following equation:
2

H2 = ﬁ/ (4)
o+ 3

which is a simplified version of Equation (2) that only takes 0% as genotypic and ¢2 as
the error variance component and r as the number of replicates per environment. Sta-
tistical analysis and heritability /repeatability estimations were performed within the
R environment [42] using the commercial package “asreml” [43] and the free add-on
package “asremlPlus” [44].

2.3. Genotypic Characterization

For genotyping, all genotypes (F7 filial generation) were grown in a climate chamber.
Leaf tissue samples were collected at the 4-5 leaf stage and used for the isolation of genomic
DNA. The collected samples were frozen and subjected to a lyophilization procedure at a
temperature of —50 °C and a pressure of 0.1 millibar. The samples prepared in this way
were ground in a Retsch Schwing mill using Eppendorf tubes and metal beads before
DNA isolation. The further procedure for DNA isolation followed the protocol described
in Karp et al. [45] for the isolation of DNA from plant material. The concentration and
purity of the isolated DNA was determined spectrophotometrically using an Eppendorf
BioPhotometer instrument. After DNA quantification, the isolated DNA was diluted to the
optimal concentration for subsequent analysis (50-100 ng/uL). DNA samples were sent to
Diversity Arrays Technology (DArT) at the University of Canberra, Bruce, Australia for
sequencing. For the purposes of this study, DArT SNP markers were used. The initial SNP
call provided 4874 and 7192 markers for the BK and MG populations, respectively. After
excluding markers with incomplete chromosomal position data, heterozygosity greater
than 30% and minor allele frequency (MAF) <0.05, missing data were imputed using Beagle
software, version 5.1 [46]. The final dataset used for GS contained 1087 (BK population)
and 2231 (MG population) filtered and imputed SNPs. Figure S1 in the Supplementary
Materials shows the distribution of SNPs on each chromosome and genetic map relative to
the population.

2.4. Cross-Validation Strategies for Assessment of Different Genomic Selection Problems

The first phase of the GS analysis aimed to determine whether the TP needed to be
optimized based on phenotypic variance, what size of TP was required, and to investigate
the influence of marker density, all with the goal of improving prediction accuracy. Because
it is robust and less computationally intensive compared to other models, only the RR-BLUP
model was used to estimate the marker effects at this stage of the analysis.

The RR-BLUP is a parametric prediction model which can be represented by the
following equation in matrix notation:

y =WGu+e (5)

where y is a vector of phenotypic values, W and G are the design and the genotype matrix,
respectively, u is a vector of marker effects which follow normal distribution and have a
common variance u ~ N(0, 10121), and the residual error is represented by e~ N(0, Iag).
The BLUP solution for the calculation of marker effects can be written as:

u=(z"z+a)" 2y (6)

where A is a ridge regression parameter calculated as the ratio of residual and marker
variances (02 /0?2 ), 1 is an identity matrix, and Z = WG. The same penalty parameter is
applied to all marker effects causing an equal shrinkage towards zero regardless of the
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size of the marker effect. This model applies Restricted Estimated Maximum Likelihood
(REML) function for marker effect estimation [35].

GS analysis using RR-BLUP was evaluated for both populations and all quality
traits separately in each available environment. Prediction accuracy was estimated using
100 independent (nTimes) 10-fold cross-validations. Pearson correlation between GEBVs
and actual phenotypic values was calculated for each replicate (nTimes) and final predic-
tion accuracy was expressed as the mean value over nTimes. The mean-squared error of
prediction (MSEP) value was reported as the mean over nTimes as a criterion for the quality
of the model. The MSEP value was reported as the mean over nTimes. The RR-BLUP model
was implemented within the R environment [42], using the “BWGS” pipeline [47] and the
“glmnet” package [48].

2.4.1. Effect of Training Population Phenotypic Variance on Prediction Accuracy

For each randomly selected TP, phenotypic variance was calculated for 100 inde-
pendent 10-fold cross-validations to determine if there was a correlation between the
phenotypic variance of the TP and the resulting prediction accuracy. The TP sizes were
set to 25, 50, and 75 lines for both BK and MG populations (representing percentages of
approximately 15, 35, and 50 of the total number of lines in the population). The aim of
this step of the analysis was to evaluate whether phenotypic variance should be taken
into account when optimizing the TP to achieve higher prediction accuracy. Because no
strong correlation was found between phenotypic variance and prediction accuracy, all
subsequent analyses were conducted using only randomly selected TP.

2.4.2. Effect of Marker Density on Prediction Accuracy

The final dataset used for GS for the MG population contained twice as many SNPs
(2231) compared to the BK population (1087). To determine whether the differences in pre-
diction accuracy between populations reflected differences in marker density, an additional
subset of marker data was generated for the MG population. To avoid potential bias from a
completely random subset of the data, marker pruning was performed based on LD. For
each pair of markers with coefficient of LD greater than 0.9, only one SNP was left in the
final data set. This resulted in a subset of markers that contained 1123 SNPs, which was
used to approximate the number of SNPs in the full marker dataset for the BK population.

2.4.3. Effect of Training Population Size on Prediction Accuracy

Three different TP sizes were used to investigate the effect of TP size on prediction
accuracy. The population size corresponding to 50, 65, and 80% of the total number of
lines was used as the TP, while the remaining lines (50, 35, and 20%) served as the VP. The
percentages given correspond to the 70, 90, and 111 lines for the BK population and 77, 99
and 122 lines for the MG population. In each scenario, the TP was randomly selected for all
traits. This procedure was performed for the BK population and the MG population using
both the full and reduced marker datasets.

2.5. Comparison of Genomic Selection Models

The second phase of the analysis compares the performance of different GS models,
for predicting all seven quality traits examined in this study with the performance of the
RR-BLUP model. This part of the analysis was performed only with the MG population, as
it had a larger number of markers and lines compared to the BK population. The entire
marker data set available for the MG population without reduction was used to estimate
marker effects. The TP included 80% of the lines (122 RILs), while the VP included the
remaining 20% (31 RILs). In addition to the RR-BLUP model, which is explained in more
detail in the Section 2.4, five other parametric models and two semi-parametric models were
used. The parametric models included elastic net (EN) and four Bayesian models—BayesA
(BA), BayesB (BB), BayesC (BC), and BayesLASSO (BL). The semi-parametric models used
in this study were random forest (RF) and reproducing kernel Hilbert spaces (RKHS).
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All Bayesian regression models can be described using the following equation:

m
y = p+ Y xiByte
k=1

where y is a vector of phenotypic values, y is the overall mean, xy is the vector of genotypes
for the kth marker, 3, is the effect of the kth marker, m is the number of markers, and e is a
vector of residuals with the assumptions of e~ N(0, Icg). Bayesian models differ in the
prior assumptions of the effects of markers (fy), i.e., they assign distinct prior distribution
for the estimation of marker effects. In the BA and BB models, 3, follows the inverted
chi-square distribution and the 7t value determines the probability that the marker has zero
effect. For the BA model 7t = 0, which assumes that all markers have non-zero effect [7]. The
BB model applies a distribution with point mass at zero, thus, allowing for many markers
to have a zero effect [7,49]. From a breeders’ point of view, it is a more realistic assumption
given that certain regions of the genome are not associated with QTL; hence, the effects of
some markers would be absent. The BC model assumes that some of the markers (1—r)
have zero effect, while the rest of them (1) follow a Gaussian distribution [36]. The BL
model represents the L1 regularization norm in a Bayesian framework, to obtain a form
of least absolute shrinkage and selection operator (LASSO) regression described by Park
and Casella [50]. This model applies double exponential distribution for the estimation of
marker effects and assigns unique variance to all markers, thus, causing stronger shrinkage
of regression coefficients closer to zero (markers with small effect) and weaker shrinkage of
coefficient with high absolute value (markers with greater effect) [51].

The EN model applies the weighted combination of penalization represented in the
RR (L2 regularization of marker effects) and LASSO (L1 regularization of marker effects)
methods. It introduces the elastic-net penalty P, which determines how much weight is
given to each of the two methods. The lower the « value, the more similar EN performs
to RR (« = 0), while EN with « value closer to 1 is more equivalent to LASSO (o = 1).
Therefore, EN can make the selection of groups of correlated markers while performing
automatic variable selection and continuous shrinking simultaneously [48,52].

The RF is a machine learning model which can be represented by the following equation:

1 B
¥i= B Z Tb(Xi)

b=1

where ¥, is the phenotypic prediction of the genotype x;, T is the number of trees, and B
represents the number of bootstrap samples. Briefly, RF method is based on the construction
of numerous identically distributed trees. For each tree, the individual prediction using the
regression model is made and the final prediction value represents an average of outputs
from all trees. The bootstrap method is used to find the optimal subset of training data for
the construction of each tree. The splitting at the tree node is carried out in such a way that
the loss function is reduced with each bootstrapped sample [53].

The RKHS model carries out the semi-parametric regression on marker genotypes. To
control the distribution of marker effects, this model uses genetic distance and a kernel
function which is based on the Euclidean measure of marker similarity [54]. Briefly, the
covariance structure is constructed using the markers Cov(g;, g}) &« K(x;,x{) where x;
and X/ are vectors of marker genotypes and K(.,.) is a positive definite function, e.g.,
reproducing kernel [55].

For each of the models used, 100 independent 10-fold cross-validations were per-
formed. As with the RR-BLUP model, prediction accuracy and MSEP were reported as
the average of the cross-validation replicates for each model. The parameters for iterative
models (Bayesian models and RKHS) were set to 5000 iterations with a burn-in (number of
discarded samples) of 1000 and a thinning of three. This part of the analysis was performed
within the R environment [42] using the “BWGS” pipeline [47] and packages “glmnet” [48]
(EN model), “BGLR” [56] (Bayesian models and RKHS), and “randomForest” [53] (RF).
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3. Results
3.1. Heritability and Repeatability of the Traits

Estimates of heritability for all traits and both populations across environments and
repeatability within environments are shown in Table 2. In both observed populations,
heritabilities for the GPC, WGC, and TW traits, were high ranging, from 0.78 to 0.92. In
general, mixograph traits had high heritabilities (>0.71), but these were somewhat lower
compared with the other three quality traits. Only the MPT trait in the BK population
had moderate heritability, with a value of 0.45. Comparing the within-environmental
repeatabilities between the two populations, it is noticeable that they were equal or slightly
higher in the BK population for most trait-environment combinations. In the BK population,
repeatabilities were moderate to high, ranging from 0.55 to 0.95 for all trait-environment
combinations, except in the SB09 environment where values were mostly moderate, ranging
from 0.13 (MPT) to 0.78 (TW). Overall, in the BK population, the highest repeatabilities for
all traits were observed in the OS09 environment. In the MG population, repeatabilities for
the majority of trait-environment combinations were moderate to high, ranging from 0.52
to 0.96, with the exception of the OS11 environment, where repeatabilities were mostly low,
ranging from 0.18 (GPC) to 0.43 (MPT).

Table 2. Broad-sense heritability (across environments, H?)/ repeatability (within environment)
estimates for both biparental populations used.

GPC? WGC ™ MPT MTW MTI MPH

Within environment ! Bezostaya-1/Klara (BK) population

0OS09 0.95 0.94 0.91 0.75 0.79 0.87 0.88

0OS10 0.86 0.86 0.92 0.61 0.77 0.84 0.85

OS11 0.93 0.92 0.92 0.57 0.73 0.87 0.84

SB09 0.49 0.54 0.78 0.13 0.52 0.49 0.51

SB10 0.65 0.73 0.77 0.55 0.74 0.83 0.77

Across environments 0.91 0.92 0.88 0.45 0.71 0.81 0.77
Within environment Monika/Golubica (MG) population

0OS09 0.86 0.83 0.86 0.68 0.9 0.8 0.84

0OS10 0.85 0.86 0.87 0.94 0.96 0.86 0.88

OS11 0.18 0.25 0.19 0.43 0.31 0.24 0.35

SB09 0.76 0.72 0.65 0.52 0.89 0.73 0.72

SB10 0.82 0.82 0.83 0.81 0.93 0.83 0.86

SB11 0.66 0.71 0.79 0.7 0.89 0.73 0.77

Across environments 0.90 0.89 0.78 0.84 0.91 0.72 0.76

! Environment abbreviations represent a combination of year and location of experiment and are as follows: OS09
(Osijek—2009), OS10 (Osijek—2010), OS11 (Osijek-2011), SB09 (Slavonski Brod-2009), SB10 (Slavonski Brod—2010),
and SB11 (Slavonski Brod-2011). 2 Trait abbreviations: grain protein content (GPC), wet gluten content (WGC),
test weight (TW), midline peak time (MPT), midline curve tail width (MTW), midline curve tail integral (MTT),
midline peak height (MPH).

3.2. The Influence of Training Population Phenotypic Variance on Prediction Accuracy

Scatter plots showing the relationship between the phenotypic variance of randomly
selected TP in three different sizes and the prediction accuracy obtained with the RR-BLUP
model for two traits of each population are included in Figure 1 (GPC and TW for the BK
population, MTI and MPH for the MG population), and all other plots are included in Figure
52 (BK population) or Figure S3 (MG population) in the Supplementary Materials. The
number in the angle of each scatter plot represents the observed correlation coefficient. For
some trait-environment combinations, the correlation was nearly zero, regardless of the TP
size used (Figure 1d, Figures S2c,d and S3c—e in the Supplementary Materials). Looking at
each population—trait-environment combination separately, in some cases a slight decrease
in the correlation coefficient was observed along with a shift from positive to negative values
as the TP size increased (Figure 1a, Figures S2a and S3a in the Supplementary Materials).
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In some cases, the correlation coefficient even increased with increasing TP size (Figure 1b:
OS11 environment, Figure 1d: OS09 and SB10 environment). In addition, the strength and
direction of the correlation varied considerably among the different environments of the
same combination of population and trait. In general, the observed correlation coefficients
were low (7 < 0.35) and no consistent pattern in the strength or direction of correlation was
observed for any of the population—trait combinations examined.
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Figure 1. Phenotypic variance of randomly selected TP plotted against prediction accuracy values
obtained using RR-BLUP model. The top two scatter plots refer to observations for (a) GPC and
(b) TW traits of BK population, and the bottom two to (c) MTI and (d) MPH traits of MG population.
For each population—trait-environment combination, three different sizes of TP were used (25, 50,
and 75 lines) with remaining lines serving as VP.

3.3. The Influence of Training Population Size and Marker Density on Prediction Accuracy

The boxplots in Figure 2 and Figures 54 and S5 (in the Supplementary Materials) show
the influence of the size of TP and marker density (Ny) on the prediction accuracy of the
RR-BLUP model in each environment tested. MSEP values for all combinations are shown
in Table S1 in the Supplementary Materials. Figure 2 includes three traits per population for
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which prediction accuracy was highest in all or most environments, i.e., GPC, WGC, and
TW for the BK population (Figure 2a—c) and MPT, MTW, and MPH for the MG population
(Figure 2d—f in the case of N = 1123, and Figure 2g-i in the case of Ny = 2231). Boxplots
for all other traits are included in Figure 54 (BK population) and Figure S5 (MG population)
in the Supplementary Materials. When comparing two populations and cases in which
approximately the same number of markers were used (Ny = 1087 and Ny = 1123 for
the BK and MG populations, respectively), it is noticeable that the prediction accuracy for
the traits GPC, WGC, and TW was higher in the BK population, whereas the mixograph
traits showed better predictability in the MG population. An exception is the MTI trait,
the predictability of which was higher in the BK population, although it was still low in
most environments (<0.3). Reducing the TP size from 85% to 50% of the total number
of lines in a population had a negative effect on the achieved prediction accuracy in all
observed population-trait-environment combinations. Although the effect was negative, it
was not as severe, implying that even using 50% of the population as TP, the prediction
accuracy can still be moderate to high (Figure 2a—c). It is also noticeable that the prediction
accuracy strongly depends on the environment, regardless of the TP size, and it can vary
substantially, e.g., the largest difference in prediction accuracy was observed at TP size 80%
for the trait TW in the MG population, ranging from 0.06 in the OS11 environment to 0.49
in the OS10 environment.

BK population (Ny= 1087)
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Figure 2. Prediction accuracy values obtained using RR-BLUP model and three different sizes of TP
(50%, 65%, and 80% of the total number of lines in a population). The top three boxplots represent
results obtained for BK population and traits (a) GPC, (b) WGC, and (c¢) TW. The middle three
boxplots refer to observations for MG population and traits (d) MPT, (e) MTW, and (f) MPH in the
case when half of the marker dataset was used (Ny; = 1123 SNPs), while the bottom three (g—i) refer
to the same traits, respectively, but using the whole available marker dataset (N = 2231 SNPs).

When comparing the influence of different marker densities on the predictability of
quality traits within the MG population (Figure 2d—i and Figure S5 in the Supplementary
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Materials), it is noticeable that higher values of prediction accuracy were obtained when
a higher marker density was used (Ny = 2231 compared to Ny; = 1123) for all trait—
environment combinations and all TP sizes used. Nevertheless, the differences in found in
prediction accuracy were not large. Considering the TP size of 80%, the largest difference
in prediction accuracy was found for trait WGC in environment SB11, with values of 0.20
and 0.32 when Ny = 1123 and Ny = 2231 were used, respectively (Figure S5b,f in the
Supplementary Materials). These results suggest that a lower number of markers is already
sufficient to achieve good predictability, and that with a higher number of markers a plateau
of prediction accuracy may have been reached for this population and the observed traits.

3.4. Performance of Different Prediction Models

Figure 3 shows the mean prediction accuracy for the MG population and the
traits (a) GPC, (b) TW, (c) MTW, and (d) MPH obtained with eight different predic-
tion models. Results for the remaining three traits (WGC, MPT, and MTI) are shown in
Figure S6 in the Supplementary Materials. In both Figure 3 and Figure S6, the error bars
indicate the standard deviation. The mean prediction accuracies over 100 independent
10-fold cross-validations are shown along with the standard deviations in
Table S2 in the Supplementary Materials. The highest prediction accuracy achieved for
each trait-environment combination is shown in bold. The mean MSEP values for all trait—
environment-model combinations are listed in Table S3 in the Supplementary Materials. In
general, trait predictability was found to be good in some environments while being low
in other environments. For example, the prediction accuracy of TW (Figure 3b) was low
(—0.08-0.31) in all environments except environment OS10, where the prediction accuracy
was moderate (0.36-0.49) for all models examined, whereas the prediction accuracy of
WGC (Figure Sé6a in the Supplementary Materials) was moderate for most environment-
model combinations except environment SB09, where the prediction accuracy was low
and even negative for the model EN. However, overall, GPC, WGC, and two mixograph
traits (MPT and MTW) showed moderate predictability with prediction accuracies up to
0.57 (Figure 3a,c and Figure S6a,b and Table S2 in the Supplementary Materials). The
predictability of TW and the other two mixograph traits (MTI and MPH) was rather low
and varied substantially between environments, resulting in negative values of prediction
accuracy in some cases (Figure 3b,d and Figure S6¢ and Table S2 in the Supplementary
Materials). When comparing the performance of the different models, it is noticeable that
the model with best performance depends strongly on the observed environment and
not so much on the trait. According to Table S2, the model EN had the lowest values of
prediction accuracy for the most combinations of traits and environments and was also
the model with the highest number of cases with negative prediction accuracy values. In
only one case did the EN model achieve the highest prediction accuracy (MPT trait in
environment SB10). In 35 of 42 possible trait-environment combinations, the Bayesian
alphabet models (BA, BB, and BB) proved to be superior, whereas the BL model performed
best in only two cases, followed by the RF model with five and the RKHS model with
seven cases. Although the RR-BLUP model performance was superior in only one case
(TW trait in OS10 environment), the performance of all other models was not substantially
better compared to it. Indeed, the prediction accuracy of the best performing model was
on average only 0.05 points higher and ranged from 0 (in the case of the TW trait in the
0510 environment where the BA and BC models had the same prediction accuracy as
RR-BLUP) to 0.14 (in the case of the MPT trait in the OS09 environment, where the superior
model was BB with a prediction accuracy of 0.18 compared to 0.04 of the RR-BLUP model).
Observed MSEP values (Table S3 in the Supplementary Materials) were relatively low
(0.44 or lower) for the majority of the trait-environment combinations with little or no
difference among prediction models used. The highest MSEP values were recorded for MTI,
ranging from 0.49 to 3.42. One of the biggest differences among the implemented models
is their computational efficiency, i.e., the time required for one analysis. In the present
study, conducted on a 64-bit Windows 10 workstation with a 2.90 GHz Intel (R) Xeon (R)
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processor and 32 GB RAM, the least demanding model was EN, which took approximately
19 min to compute a prediction accuracy. It was followed by RR-BLUP, RF, and RKHS
with computation times of 38, 71, and 92 min, respectively. The most demanding were the
Bayesian models, which required almost 3 h to compute an analysis (166, 162, 161, and 171
for BA, BB, BC, and BL, respectively).
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Figure 3. Prediction accuracies for MG population and traits (a) GPC, (b) TW, (¢) MTW, and (d) MPH
evaluated with eight different prediction models. Error bars denote standard deviation.

4. Discussion

The present study investigated the potential of the GS approach for predicting seven
end-use quality traits, among which are some rheological properties of the dough obtained
by the mixograph. While assessment of dough rheological traits is typically labor-intensive
and time-consuming, the mixograph can provide good insight into baking quality by using
only a small flour sample. When combined with GS, it has the potential to support end-use
quality improvement well, especially in filial or early wheat breeding generations.
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4.1. Heritability

In the present study, the broad-sense heritability estimated across all environments
was high (>0.7) for all traits, with the exception of MPT in the BK population, the heritability
of which was 0.45 (Table 2). Although repeatability varied considerably within environ-
ments, it was high for most of the trait-environment combinations, with a value above
0.7, suggesting that heritability itself should not be a barrier to achieving good prediction
accuracy. High heritability generally indicates that genetic factors account for the majority
of trait variance, making GS the ideal approach for predicting these traits, as it takes into
account all available markers while attempting to capture the total genetic variance [57]. In
general, the lowest repeatabilities for the BK and MG population were obtained in the SB09
and OS11 environments, respectively, indicating the presence of a stronger non-genetic vari-
ance effect within each environment. Two recent studies by Sandhu et al. [37,38] reported
similar heritabilities for TW, but the reported values for GPC were lower (0.35-0.63) than
those obtained in the present study. Lado et al. [58] reported low to moderate heritabilities
for WGC, TW, and some mixograph traits, while Hayes et al. [59] showed that the vast
majority of dough rheology and baking traits had higher heritabilities compared to grain
traits such as GPC and TW. Nevertheless, the heritabilities reported to date for wheat
end-use quality traits appear to be sufficient to achieve acceptable prediction accuracy
and have not been reported to be a significant limiting factor for GS [60-62]. Regardless,
several previous studies have shown that predictability can be low in some environments
despite high heritability [63], which can be explained by various environmental factors [64].
Additionally, Sandhu et al. [38] have shown that although heritability for a single trait can
vary substantially between tested environments, this variation does not significantly affect
prediction accuracy.

4.2. Optimization of Training Population and Marker Density

When deciding to include GS in a breeding program, it is essential to take the right
steps to optimize the factors that might lead to unnecessarily high costs. Although the cost
of genotyping has decreased significantly in recent years, the cost of phenotyping wheat
traits for end-use quality have remained relatively high [11]. Therefore, it is important
to optimize TP to reduce the potential cost of phenotyping while maintaining the same
level of prediction accuracy. Prediction accuracy was significantly affected by the size
of the TP in almost all studies that investigated this issue [39,62,65-67]. In addition, the
relatedness of TP and VP was found to play an important role in choosing the optimal size
of TP [68]. The results of this study are consistent with those of previous studies [24,27]. In
the present study, the highest prediction accuracy for all traits was achieved when 80% of
the dataset was used as TP, i.e., when the TP included 111 and 122 RILs for the BK and MG
populations, respectively (Figure 2, Figures 5S4 and S5 in the Supplementary Materials). On
the other hand, the results obtained with half of the dataset as TP (70 and 77 RILs for BK
and MG, respectively) show that acceptable levels of prediction accuracy values may be
achieved even with a smaller TP. Previous research has also shown that a reasonably small
TP size is sufficient to achieve high prediction accuracies [58,62,69,70], especially in highly
related populations such as biparental populations [24]. This is particularly important for
resource allocation, i.e., deciding on the number of genotypes to include in the experiment,
especially when phenotyping is time-consuming or expensive. Additionally, some other
criteria for selecting TP individuals, such as PEV mean or CD mean, were recommended
in previous research in order to maximize prediction accuracy. Using two diverse groups
of maize inbreeds, Rincent et al. [29] showed that TP optimization based on CD mean
values maximizes the reliability of GS. The authors justified the reported results by stating
that the CD mean reduces the variance due to the higher relatedness of individuals in
the selected TP. Marulanda et al. [30] studied the influence of different parameters on the
variability of prediction accuracy using a simulated biparental maize population. Of the
parameters studied, only TP phenotypic variance was found to be positively correlated
with the prediction accuracy and was suggested as a tool for the optimization of TP. This
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correlation was stronger when smaller TP was used, while it was weaker and even negative
in the case of larger TP. In the present study, no consistent correlation was found between
phenotypic variance and prediction accuracy, regardless of the trait or size of TP used
(Figure 1, Figures S2 and S3 in the Supplementary Materials). Therefore, results of the
present study do not support the optimization of TP based on phenotypic variance as a
tool to increase prediction accuracy for wheat end-use quality traits.

Although the cost of genotyping has decreased substantially over the years, it remains
a significant source of expense for breeders. Therefore, it is important to optimize the
marker density used for GS. According to previous studies, increasing marker density
has a positive effect on prediction accuracy but reaches a plateau after which further in-
crease have no significant effect on prediction accuracy [24,71]. Whether the plateau is
reached with a lower or higher marker density depends on the relatedness of the popula-
tion. Liu et al. [66] have shown that the plateau is reached at approximately 3000 markers
and can be as low as 500 markers when TP and VP are more closely related. Due to
the low rate of recombination, closely related plant populations usually have large link-
age blocks, resulting in a high LD between markers and QTL. Consequently, a lower
marker density is required to reach the plateau of prediction accuracy in biparental popu-
lations, which have a high LD compared to populations with low relatedness [27]. Using
a double-haploid (DH) population and a breeding panel, Haile et al. [71] showed that
the plateau for GPC is reached at 2000 markers. Juliana et al. [72] reported that once
genomic resolution is achieved, increasing marker density has little effect on the pre-
dictability of quality traits in biparental wheat populations. It has been reported that,
for wheat quality traits, this genomic resolution can be achieved even at low marker
density, i.e., 256 markers in biparental populations and 768 markers in multi-family popu-
lations [24,73]. In the present study using the MG population, we compared the prediction
accuracies when the entire available marker dataset (Ny; = 2231) and half of it (N = 1123)
were used (Figure 2 and Figure S5 in the Supplementary Materials). According to the ex-
isting literature, 1123 markers should be sufficient to achieve acceptable prediction ac-
curacy in the biparental population. In general, no large increase in prediction accu-
racy was achieved when 2231 markers were used compared with 1123 markers (Figure 2,
Figures 54 and S5 in the Supplementary Materials). However, the results presented in this
study show that for some traits, such as GPC (Figure S5a,e in the Supplementary Materials),
WGC (Figure S5b,f in the Supplementary Materials), and MPT (Figure 2d,g), the increase
was slightly larger compared with the other four studied traits. This suggests that for some
traits, such as TW, MTW, MTI, and MPH, the plateau was already reached at 1123 markers,
whereas for other traits, a further increase in marker density may still improve prediction
accuracy. Gorjanc et al. [74] reported that low coverage GBS combined with increased
TP size doubles the value of prediction accuracy and can be successfully used for GS in
biparental populations. These results suggest that the size of TP plays a more important
role in achieving high prediction accuracy than marker density [27].

4.3. Prediction Accuracies of Different Models

Sufficiently high prediction accuracies to allow for the inclusion of GS in the breeding
program and selection early in the breeding cycle have already been reported for end-use
quality traits [59,66]. Comparing the prediction accuracy of RR-BLUP model for two popu-
lations examined in this study, it can be seen that some traits are more predictable in one
population than another (Figure 2, Figures 54 and S5 in the Supplementary Materials). With
the exception of some environments, higher prediction accuracy was obtained for GPC,
WGC, and TW in the BK population, while the mixograph traits MPT, MTW, and MPH
showed better predictability in the MG population. MTI showed low predictability in both
populations together with high MSEP values, from which it can be concluded that this
trait is not a good target trait for GS. Trait predictabilities observed in this study varied by
environment but were generally comparable to results from the existing literature [24,75].
When lines were randomly assigned to TP or VP, Kristensen et al. [11] achieved a prediction
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accuracy of 0.5 or higher for wheat quality traits, including GPC. Using different prediction
models for biparental wheat populations, Charmet et al. [76] reported accuracies up to
0.7 for TW, which is higher than that presented by the results of the present study, where
the highest prediction accuracy of TW was approximately 0.6. Lado et al. [58] showed
prediction accuracies ranging from 0.24 to 0.43 for eight bread baking quality traits, in-
cluding WGC and mixograph traits. On the other hand, Battenfield et al. [39] obtained
moderate prediction accuracies (up to 0.62) for several mixograph traits while showing low
predictability of TW. Nevertheless, some authors reported that lower prediction accuracies
can be successfully used to exploit GS in early generations when the selection of lines is
performed simultaneously based on GEBV and BLUP values [10].

Although numerous prediction models have been developed to date for GS, none
has shown a clear advantage over other models by achieving higher prediction accuracy
regardless of the trait being evaluated [51,60]. Previous research has shown that there is
no significant difference in performance between BLUP and Bayesian models for most
wheat end-use quality traits [11,57]. When comparing the performance of RR-BLUP and
BC models for wheat quality traits in two biparental populations, Heffner et al. [24] found
little or no difference in average performance of the two models. However, when looking at
each population separately, they concluded that RR-BLUP performed better than BC in one
population, while it was less accurate in the other population, which the authors explained
by the different marker effects in each population. Some studies have shown that Bayesian
models are better at capturing LD between markers and QTL and are, therefore, better for
predicting genotype performance when TP and VP have low relatedness [11,77,78]. Of the
seven prediction models used, Battenfield et al. [39] reported the lowest prediction accura-
cies for RF in general. Sandhu et al. [38] found that deep learning models outperformed the
RR-BLUP model in a biparental population. The RR-BLUP model provided a prediction
accuracy of 0.48 and 0.45 for the GPC and TW, respectively, while one of the deep learning
models used provided approximately 10% higher prediction accuracy. In another study by
Sandhu et al. [37], the authors confirmed that deep learning models are generally superior
to other models used for predicting end-use quality and processing traits in wheat breeding
populations. Average prediction accuracy across all traits was highest for deep learning
models (0.63-0.64), followed by machine learning models (0.63 for both RF and support
vector machine, SVM) and RR-BLUP (0.61). The lowest average prediction accuracies were
obtained for Bayesian models. In addition to the deep learning models, SVM and RF were
the best performing models for the traits GPC and TW, followed by RR-BLUP and Bayesian
models, although the differences in prediction accuracy were minor. In the present study;,
we compared the performance of eight models, including one machine learning model
(RF) (Figure 3, Figure S6 and Table S2 in the Supplementary Materials). In general, the
model with the lowest prediction accuracy was EN. However, in some cases EN was as
successful as RR-BLUP and it was also the least computationally intensive model, so it
is recommended for cases where a breeding program includes a large number of lines
and selection needs to be carried out quickly and not with high precision. The RF and
RKHS models outperformed RR-BLUP only for some trait-environment combinations and,
therefore, cannot be recommended as models of choice for end-use traits in general, as in
some previous studies [37]. For the majority of trait-environment combinations, Bayesian
models (BA, BB, and BC) had the highest prediction accuracy. Nevertheless, the obtained
values were not substantially higher than those of RR-BLUP, which could be explained
by the high relatedness of TP and VP in the present study [11,77]. Bayesian models were
also the most computationally intensive and time-consuming models in the present study,
requiring more than 2 h for one analysis. Therefore, Bayesian models could be recom-
mended for breeding programs with fewer lines where selection must be performed with a
higher degree of precision. Since no clear superiority of one model over another in terms
of achieved prediction accuracy could be shown in the present study, less computation-
ally intensive models that also achieve a reasonable level of prediction accuracy, such as
RR-BLUP, represent the best choice.
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4.4. Genotype-by-Environment Interaction

Another major challenge in implementing GS in breeding programs represents GEI [79].
According to Bernardo [80], there are three possibilities of how to deal with the GEI when
breeding for quantitative traits in plants. The first approach is to ignore it, the second is
to reduce it, and the third is to exploit it. Due to the high heritability of the traits investi-
gated in the present study, the first approach was applied, and the analysis was performed
for each of the environments separately. Indeed, it has already been reported that the
prediction accuracy varies considerably between the environments tested [81,82], and the
results presented in this study are no exception. Looking at the prediction accuracy within
the MG population (Figure 3 and Figure S6 in the Supplementary Materials), it is clear
that the prediction accuracy for some traits, such as TW (Figure 3b), is moderate in one
environment (OS10), while it is low in all other environments. A similar pattern can be
observed for MTW (Figure 3c), which has low predictability in the OS10 environment,
while the prediction accuracy is moderate to high in the other environments, and for WGC
(Figure Séa in the Supplementary Materials) and MPT (Figure S6b in the Supplementary
Materials), for which substantially lower prediction accuracy was observed in the SB09 and
0OS09 environments, respectively. Comparing these results with those from our previous
publication in which we examined GEI in the same dataset [40], certain assumptions can be
made. Environments that are characterized by unusually high or low values for prediction
accuracy compared to the rest of the environments tend to be those that produce the greatest
GEI and are more pronounced. The clearest example of this is the TW, the predictability
of which was highest in the OS10 environment. This was the only outstanding environ-
ment, while all others were grouped together on the AMMI2 biplot (see Plavsin et al. [40]
Figure 3b). Nevertheless, the stability of the prediction models and the accuracies achieved
in different environments are still largely unknown. Some research suggests that modeling
GEI in GS [83-85] or incorporating information from correlated environments [86,87] leads
to higher prediction accuracy. Ornella et al. [87] showed that high correlation between
environments allows for the prediction of one environment based on a model trained with
data from another environment. Furthermore, identifying and removing environments
from the dataset used to train the prediction model proved to be a successful strategy to
improve prediction accuracy [64,65]. This would be a good strategy for the WGC, MPT,
and MTW traits from this study, as only one environment was found to be less predictive,
while moderate predictive abilities were seen in all the others.

5. Conclusions

In the present study, the potential of GS to predict seven end-use quality traits in two
biparental wheat populations was investigated. As in previous studies, it was found that
the size of TP plays an important role in achieving high prediction accuracies, while marker
density is not a major limitation nowadays due to the use of high-throughput genotyping.
Moreover, no advantage of TP optimization based on phenotypic variance was found in
this study. Although RR-BLUP was not the best performing model in all cases presented,
no significant advantage of using any other model studied here was observed. Some
Bayesian models provided slightly higher prediction accuracy than RR-BLUP, which can be
considered negligible considering the time required to perform an analysis. Furthermore,
we observed strong differences between environments in terms of the prediction accuracy
achieved, suggesting that environments that are less predictive should be removed from
the dataset used to train the prediction model. Nonetheless, we provided evidence that
GS is a good potential selection tool for end-use quality traits, including some mixograph
traits. End-use quality traits, and especially dough rheology traits, are typically difficult
to breed for because their evaluation is time-consuming and requires a larger quantity of
seed, which is usually not available in early generations. Therefore, using the mixograph
as a fast and effective method of evaluating dough quality together with GS can help in
pre-selecting high-performing lines earlier in the breeding process and achieve a higher
gain per unit of time and cost.
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Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/agronomy12051126/s1, Figure S1: The distribution of SNPs on
each chromosome for (a) BK population and (c) MG population together with genetic map of all
available SNPs for (c) BK population and (d) MG population, Figure S2: Phenotypic variance of
randomly selected TP plotted against prediction accuracy values obtained using RR-BLUP model
for following traits of BK population: (a) WGC, (b) MPT, (c) MTW, (d) MTIL, and (e) MPH, Figure S3:
Phenotypic variance of randomly selected TP plotted against prediction accuracy values obtained
using RR-BLUP model for following traits of MG population: (a) GPC, (b) WGC, (c) TW, (d) MPT,
and (e) MTW, Figure S4: Prediction accuracy values obtained using RR-BLUP model and three
different sizes of TP (50%, 65% and 80% of the total number of lines in a population) for following
traits of BK population: (a) MPT, (b) MTW, (c) MTI, and (d) MPH, Figure S5: Prediction accuracy
values obtained using RR-BLUP model and three different sizes of TP (50%, 65% and 80% of the total
number of lines in a population) for following traits of MG population: (a) GPC, (b) WGC, (c) TW, and
(d) MTI, Figure S6: Prediction accuracies for MG population and traits (a) WGC, (b) MPT, and (c) MTI
evaluated with eight different prediction models. Error bars denote standard deviation; Table S1:
Mean MSEP values estimated for both populations using RR-BLUP model. Standard deviation values
are indicated in parenthesis, Table S2: Mean prediction accuracy values estimated for MG population
using eight different prediction models. Standard deviation values are indicated in parenthesis,
Table S3: Mean MSEP values estimated for MG population using eight different prediction models.
Standard deviation values are indicated in parenthesis, Table S4: Pedigree of winter wheat genotypes
used in the study.
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Figure S2. Phenotypic variance of randomly selected TP plotted against prediction accuracy values
obtained using RR-BLUP model for following traits of BK population: (a) WGC, (b) MPT, (c) MTW,
(d) MTI, and (e) MPH. For each population-trait-environment combination, three different sizes of
TP were used (25, 50 and 75 lines) with remaining lines serving as VP. The number in the angle of
each scatter plot represents the observed correlation coefficient.
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Figure S3. Phenotypic variance of randomly selected TP plotted against prediction accuracy values
obtained using RR-BLUP model for following traits of MG population: (a) GPC, (b) WGC, (c) TW,
(d) MPT, and (e) MTW. For each population-trait-environment combination, three different sizes of
TP were used (25, 50 and 75 lines) with remaining lines serving as VP. The number in the angle of
each scatter plot represents the observed correlation coefficient.
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Supplementary Tables

Table S1. Mean MSEP values estimated for both populations using RR-BLUP model. Standard
deviation values are indicated in parenthesis.

. GPC WGC TW MPT MTW MTI MPH
Env. TP size
BK population
50% 0.04 (0.02) 0.08(0.05) 0.17(0.02) 0.07(0.02) 0.21(0.06) 0.82(0.63) 0.09 (0.06)
0Ss09 65% 0.02 (0.01) 0.06 (0.04) 0.17(0.02) 0.07(0.02)  0.19 (0.05)  0.94 (0.81) 0.1 (0.07)
80% 0.02 (0.01)  0.05(0.03) 0.17(0.02)  0.06 (0.01) 0.2 (0.03) 1.19 (0.69)  0.12 (0.08)
50% 0.05(0.02)  0.07(0.05) 0.16 (0.06) 0.16 (0.03) 0.22(0.05) 1.67(0.70)  0.16 (0.07)
0S10 65% 0.04 (0.01) 0.06 (0.04) 0.17(0.05) 0.15(0.03) 0.23(0.06) 1.52(0.74) 0.15(0.07)
80% 0.03 (0.01) 0.05(0.03) 0.18(0.04) 0.16(0.02) 0.25(0.04) 1.29(0.65)  0.14 (0.06)
50% 0.03 (0.01) 0.1 (0.05) 0.06 (0.03)  0.17 (0.05) 0.1 (0.05) 0.82(0.36)  0.13 (0.04)
0OSs11 65% 0.03 (0.01) 0.1 (0.04) 0.06 (0.02)  0.17(0.03) 0.09(0.04) 0.71(0.38)  0.12(0.03)
80% 0.02 (0.01) 0.08(0.03) 0.06(0.02) 0.16 (0.02) 0.08(0.04) 0.59(0.28) 0.12(0.02)
50% 0.10(0.02)  0.34(0.05) 0.12(0.03)  0.07 (0.02)  0.04 (0.02) 4.82(0.82)  0.32(0.08)
SB09 65% 0.09 (0.01) 0.32(0.04) 0.11(0.02) 0.07 (0.02)  0.05(0.03) 4.69(0.75)  0.29 (0.09)
80% 0.09 (0.01) 0.32(0.03) 0.12(0.01) 0.06 (0.02) 0.05(0.03) 4.14 (0.66)  0.26 (0.07)
50% 0.02 (0.01) 0.1 (0.07) 0.18 (0.05)  0.14 (0.03)  0.11 (0.04) 1(0.71) 0.15 (0.11)
SB10 65% 0.02 (0.01) 0.12(0.06) 0.19(0.04) 0.13(0.03) 0.11(0.03)  1.09(0.85)  0.22 (0.09)
80% 0.01 (0.004)  0.13 (0.05) 0.2 (0.03) 0.13(0.02)  0.11(0.02)  1.31(0.78)  0.28 (0.07)
Env. TP size MG population
50% 0.06 (0.02)  0.21(0.07) 0.03(0.01) 0.1(0.005) 0.13(0.08) 1.57(0.74)  0.19 (0.11)
0OS09 65% 0.05 (0.02) 0.2 (0.06) 0.02 (0.01) 0.1 (0.005) 0.1 (0.07) 1.57 (0.55)  0.17 (0.10)
80% 0.04 (0.02) 0.19(0.05) 0.03(0.01) 0.1(0.005) 0.07(0.05) 1.43(0.52) 0.13(0.09)
50% 0.01 (0.003) 0.07(0.03) 0.25(0.07) 0.21(0.03) 0.15(0.07) 2.54(0.46)  0.28 (0.07)
0Ss10 65% 0.01 (0.004) 0.06 (0.03)  0.21 (0.08) 0.2 (0.03) 0.13(0.07)  2.45(0.41) 0.28 (0.05)
80% 0.01 (0.004) 0.06(0.02) 0.19(0.05) 0.21(0.02) 0.14 (0.06) 2.46 (0.26)  0.29 (0.04)
50% 0.01 (0.004) 0.03(0.02) 0.02(0.01) 0.01(0.004) 0.31(0.07) 0.93(0.33)  0.05(0.04)
0OS11 65% 0.01 (0.005) 0.02(0.01) 0.02(0.01) 0.01(0.004) 0.36(0.07) 0.91(0.26)  0.04 (0.03)
80% 0.01 (0.005) 0.01 (0.005) 0.02 (0.005) 0.01(0.004) 0.36 (0.06) 0.9 (0.19) 0.03 (0.02)
50% 0.01 (0.005) 0.04 (0.03) 0.01(0.005) 0.02(0.01) 0.26(0.18) 1.12(0.63)  0.12 (0.09)
SB09 65% 0.01 (0.004) 0.03(0.02) 0.02(0.01) 0.02(0.01) 0.24(0.12) 0.93(0.56)  0.11 (0.09)
80% 0.01 (0.004) 0.02(0.01) 0.01(0.005) 0.01(0.005) 0.23(0.11) 0.84 (0.46)  0.13 (0.08)
50% 0.02 (0.01)  0.05(0.04)  0.09 (0.03)  0.09 (0.03) 0.3 (0.11) 1.27 (0.69) 0.2 (0.14)
SB10 65% 0.02 (0.01)  0.05(0.04)  0.09 (0.02) 0.1 (0.03) 0.27 (0.11) 1.4 (0.61) 0.25 (0.14)
80% 0.02 (0.01) 0.05(0.04) 0.09 (0.02) 0.1 (0.02) 0.24 (0.09) 1.52(0.68) 0.26 (0.12)
50% 0.06 (0.02)  0.15(0.06)  0.02 (0.01) 0.15(0.02) 0.1 (0.08) 2.27 (0.75)  0.09 (0.11)
SB11 65% 0.06 (0.02)  0.14 (0.06)  0.02 (0.01)  0.15(0.02) 0.1 (0.08) 2.12 (0.54)  0.08 (0.07)
80% 0.05(0.02)  0.11(0.05) 0.02(0.01) 0.16(0.02) 0.09 (0.06) 2.18(0.44) 0.08 (0.07)
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Table S2. Mean prediction accuracy values estimated for MG population using eight different

prediction models. Standard deviation values are indicated in parenthesis.

Model
Trait Env.
RR-BLUP EN BA BB BC BL RF RKHS
OS09  043(0.03)  034(0.06)  045(0.04) 046(0.03) 045(0.03) 0.44(0.04) 043(0.04) 0.45(0.03)
0S10  042(0.03)  033(0.05)  0.42(0.03) 042(0.03) 043(0.03) 0.42(0.03) 0.44(0.03) 0.43(0.03)
J 0S11  0.35(0.04)  0.15(0.07)  0.35(0.04) 0.33(0.04) 0.35(0.03) 0.35(0.04) 03(0.05)  0.36 (0.04)
SB09  0.26 (0.04) 0.1 (0.08) 027 (0.04)  0.28(0.04) 0.28(0.03) 027(0.04) 0.24(0.04) 0.29 (0.04)
SB10 0.39 (0.04) 0.33 (0.05) 0.4 (0.04) 0.41 (0.04) 0.41 (0.03) 0.38 (0.04) 0.35 (0.04) 0.38 (0.03)
SB11 0.3 (0.05) 0.2 (0.07) 0.31(0.04) 0.33(0.04) 031(0.03) 03(0.04 028(0.05) 0.31(0.05)
0509 038(0.04)  0.28(0.06) 0.4 (0.04)  0.41(0.04) 0.39(0.04) 0.38(0.04) 0.37(0.04) 0.38 (0.04)
0S10  0.38(0.04)  029(0.05)  0.38(0.04) 0.39(0.04) 0.39(0.03) 0.38(0.03) 0.41(0.03) 0.39(0.03)
WGC 0OS11 0.37 (0.03) 0.18 (0.07) 0.38 (0.04) 0.35 (0.04) 0.39 (0.03) 0.37 (0.04) 0.34 (0.05) 0.39 (0.03)
SB09 0.1 (0.06) -0.04(0.06) 0.16(0.05) 0.13(0.05) 0.16(0.05) 0.13(0.05) 0.13(0.05)  0.19 (0.05)
SB10  0.38(0.04)  0.32(0.05) 0.4 (0.04)  0.41(0.04) 0.4(0.04) 037(0.04 0.31(0.04) 0.35(0.04)
SB11  0.32(0.04)  023(0.06)  0.32(0.04) 0.35(0.03) 0.33(0.04) 0.31(0.04) 0.3(0.04)  0.32(0.04)
OS09  004(0.06) -0.04(0.09) 0.14(0.06) 0.12(0.06) 0.13(0.04) 0.08(0.05) 0.04(0.06) 0.1(0.05)
OS10 049 (0.04)  036(0.06)  0.49(0.04) 046(0.04) 049(0.04) 048(0.04) 039(0.04)  0.44(0.04)
W 0S11  0.06(0.07)  -0.08(0.07)  0.14(0.05) 0.08(0.06) 0.13(0.05)  0.1(0.05)  0.09 (0.05) 0.11 (0.05)
SB09  0.12(0.06)  0.01(0.07)  0.15(0.05) 0.14(0.05) 0.16 (0.04) 0.16(0.04) 0.12(0.06)  0.16 (0.05)
SB10 0.27 (0.05) 0.1 (0.07) 0.3 (0.05) 0.26 (0.06) 0.3 (0.04) 0.26 (0.05) 0.23 (0.04) 0.25 (0.04)
SBI1  025(0.06)  026(0.06)  029(0.05 031(0.05 028(0.05) 0.26(0.06) 024(0.06) 0.2 (0.06)
0509 004(0.06) 008(0.07)  0.09(0.05 018(0.06) 0.08(0.05) 0.08(0.05 0.13(0.05  0.06 (0.05)
0S10  0.4(0.03) 0.37(0.04)  042(0.03) 0.47(0.03) 042(0.03) 04(0.04) 045(0.04) 0.39(0.04)
MPT 0OS11 0.36 (0.05) 0.42 (0.05) 0.37 (0.04) 0.43 (0.04) 0.37 (0.05) 0.35 (0.05) 0.42 (0.04) 0.33 (0.05)
SB09  029(0.04) 024(0.07)  031(0.05 032(0.04) 0.33(0.04) 0.31(0.04) 024(0.04  0.29 (0.04)
SB10  0.32(0.05) 0.43 (0.05)  0.34(0.05) 0.43(0.03) 0.34(0.04) 0.31(0.05) 0.4(0.03)  0.31(0.04)
SB11  0.38(0.04)  0.34(0.05) 0.4(0.04)  0.44(0.03) 04(0.04  038(0.04)  0.4(0.04) 0.4 (0.04)
OS09  042(0.03) 037(0.05)  043(0.03) 0.46(0.04) 042(0.04) 042(0.04) 045(0.03) 0.41(0.04)
0S10  0.12(0.07)  0.15(0.07)  0.17(0.05 0.15(0.06) 0.17(0.05) 0.13(0.05)  0.2(0.05)  0.15(0.05)
MTW 0OS11  0.53(0.03)  0.55(0.04)  053(0.03) 057(0.03) 053(0.03) 053(0.03) 0.55(0.03) 0.55(0.03)
SB09  038(0.04)  0.38(0.05)  0.37(0.03) 042(0.03) 0.36(0.04) 0.36(0.05) 0.42(0.03) 0.36 (0.04)
SB10 0.43 (0.04) 0.4 (0.06) 0.43 (0.03) 0.45 (0.03) 0.42 (0.04) 0.41 (0.04) 0.41 (0.03) 0.4 (0.03)
SBI11  047(0.03)  039(0.06)  0.48(0.04) 048(0.03) 048(0.04) 0.46(0.04) 039(0.05) 045 (0.03)
0509 021(0.06) 003(0.07)  0.26(0.05 023(0.06) 0.26(0.05 024(0.06) 0.12(0.06) 0.19 (0.05)
0S10  0.01(0.06)  0.08(0.08)  0.08(0.05) 0.06(0.05) 0.09(0.05) 0.07 (0.06) 0.09 (0.05)  0.09 (0.05)
MTI 0OS11 -0.03 (0.07) -0.08 (0.08) 0.04 (0.06) 0.02 (0.05) 0.04 (0.06) 0.02 (0.06)  -0.01 (0.06) 0 (0.05)
SB09  029(0.04)  0.11(0.06)  0.31(0.04) 029(0.04) 031(0.04) 0.31(0.05 022(0.04 0.3 (0.04)
SB10  0.08 (0.06) 0.1 (0.07) 0.17 (0.04)  0.13(0.06)  0.14(0.05)  0.13(0.06)  0.13(0.06)  0.14 (0.06)
SB11  0.02(0.07)  -0.03(0.08)  0.08(0.05)  0.06(0.06) 0.09(0.05) 0.06(0.06) 0.02(0.06) 0.04 (0.06)
OS09  029(0.05) 0.24(0.08)  0.34(0.04) 033(0.04) 0.34(0.04) 032(0.05) 0.23(0.05) 0.28 (0.04)
OS10  0.04(0.06)  0.04(0.08) 0.1(0.05) 0.09(0.05) 0.1(0.05  0.09(0.05) 0.07(0.05) 0.11(0.05)
MPH 0S11  0.05 (0.06) 0 (0.07) 0.09 (0.05)  0.1(0.06)  0.11(0.05) 0.09 (0.05) 0.07 (0.05)  0.07 (0.05)
SB09  026(0.05)  0.11(0.07)  0.29(0.05) 0.28(0.04) 0.29 (0.04) 0.28(0.05) 0.24(0.05)  0.28 (0.04)
SB1I0  022(0.05)  0.18(0.07)  0.27(0.05 025(0.05) 0.27(0.04) 0.24(0.05 023(0.05) 0.26 (0.05)
SB11 0.1(0.05) -0.06 (0.07) 0.16(0.05) 0.11(0.05) 0.16(0.04) 0.14(0.05) 0.04(0.05)  0.12(0.05)
Genomska selekcija za svojstva kakvoce pseni¢noga zrna 155



Prilozi

Table S3. Mean MSEP values estimated for MG population using eight different prediction models.

Standard deviation values are indicated in parenthesis.

Trait Env. Model
RR-BLUP EN BA BB BC BL RF RKHS
0S09  0.04(0.02)  0.04(0.02) 0.04(0.01) 0.04(0.01) 0.04(0.01) 0.05(0.01) 0.06(0.01) 0.06 (0.005)
0S10  0.01(0.004) 0.01(0.005) 0.01(0.005) 0.01 (0.005) 0.01(0.005) 0.01(0.004) 0.01(0.005) 0.01 (0.004)
Gre 0OS11 0.01 (0.005) 0.01(0.005) 0.02(0.01) 0.01(0.005) 0.02(0.01) 0.01(0.005) 0.01(0.005) 0.01 (0.004)
SB09  0.01(0.004) 0.02(0.01) 0.01(0.005) 0.01(0.005) 0.01(0.01) 0.01(0.005) 0.01(0.005) 0.01 (0.004)
SB10  0.02(0.01)  0.02(0.01)  0.02(0.01)  0.02(0.01)  0.02(0.01) 0.01(0.005) 0.02(0.01) 0.01 (0.003)
SB11  0.05(0.02)  0.06(0.02)  0.04(0.02) 0.05(0.01) 0.05(0.01) 0.06(0.01) 0.05(0.02)  0.06 (0.01)
0S09  0.19(0.05) 0.18(0.06) 0.18(0.04) 0.18(0.04) 0.19(0.04) 0.20(0.04) 0.20(0.04)  0.23(0.03)
0S10  0.06(0.02)  0.05(0.02) 0.05(0.02) 0.05(0.02) 0.05(0.02) 0.06(0.02) 0.05(0.03)  0.06(0.02)
wee 0S11  0.01(0.005)  0.04(0.03)  0.03(0.02)  0.02(0.02) 0.03(0.02)  0.02(0.01) 0.04(0.02) 0.01 (0.005)
SB09  0.02(0.01) 0.03(0.02) 0.03(0.02) 0.03(0.02) 0.03(0.02) 0.02(0.01) 0.05(0.03) 0.02(0.01)
SB1I0  0.05(0.04) 0.07(0.05) 0.05(0.03) 0.06(0.03) 0.05(0.03) 0.03(0.02) 0.06(0.03)  0.02(0.01)
SBI11  0.11(0.05) 0.14(0.05) 0.08(0.05) 0.10(0.04) 0.10(0.04) 0.13(0.04) 0.11(0.04)  0.14(0.03)
0S09  0.03(0.01) 0.02(0.01) 0.03(0.01) 0.02(0.01) 0.03(0.01) 0.03(0.01) 0.02(0.01) 0.03(0.01)
0S10  0.19(0.05)  0.19(0.07)  0.18(0.05)  0.17(0.04)  0.20(0.05)  0.21(0.05)  0.28(0.03)  0.27 (0.03)
™ 0OS11 0.02 (0.005)  0.02 (0.01) 0.03 (0.01) 0.02 (0.01) 0.03 (0.01) 0.02 (0.01) 0.04 (0.01) 0.03 (0.01)
SB09  0.01(0.005) 0.02(0.01) 0.02(0.01) 0.02(0.01) 0.02(0.01) 0.01(0.005 0.02(0.01) 0.02(0.01)
SB10  0.09(0.02)  0.09(0.02)  0.08(0.02)  0.08(0.02) 0.08(0.02) 0.9 (0.01) 0.09(0.01)  0.09 (0.01)
SB11  0.02(0.01)  0.03(0.02) 0.02(0.01) 0.03(0.02) 0.02(0.01) 0.01(0.005) 0.01(0.005) 0.01 (0.005)
0OS09  0.10 (0.005)  0.11 (0.01) 0.10 (0.02) 0.09 (0.02) 0.10 (0.02) 0.10 (0.01) 0.09 (0.02) 0.10 (0.02)
0S10  021(0.02) 020(0.03) 019(0.02) 020(0.02) 020(0.02) 020(0.02) 017(0.03)  0.18(0.02)
MPT 0S11 ~ 0.01(0.004) 0.02(0.01) 0.01(0.005) 0.01(0.01)  0.01(0.01) 0.01(0.005) 0.02(0.01) 0.01 (0.004)
SB09  0.01(0.005) 0.03(0.02) 0.02(0.01) 0.02(0.01) 0.02(0.01) 0.01(0.005) 0.02(0.01) 0.01 (0.005)
SB10 0.10 (0.02) 0.10 (0.03) 0.09 (0.02) 0.10 (0.03) 0.09 (0.02) 0.08 (0.02) 0.05 (0.02) 0.08 (0.01)
SBI11  0.16(0.02) 0.16(0.03) 015(0.02) 0.15(0.02) 015(0.01) 0.15(0.01) 0.15(0.02)  0.14(0.01)
0S09  0.07(0.05) 0.12(0.07)  0.07(0.05)  0.09 (0.06)  0.08(0.07)  0.08(0.05) 0.13(0.08)  0.14 (0.07)
0S10  0.14(0.06)  0.13(0.08)  0.12(0.06)  0.14(0.07)  0.13(0.06)  0.13(0.05)  0.08 (0.06)  0.10 (0.06)
MTW 0OS11 0.36 (0.06) 0.40 (0.09) 0.36 (0.05) 0.39 (0.07) 0.36 (0.05) 0.34 (0.05) 0.42 (0.05) 0.27 (0.04)
SB09  023(0.11) 043(0.11) 023(0.12)  038(0.11) 024(0.11)  0.20(0.09) 044 (0.10)  0.14(0.09)
SB10  0.24(0.09)  0.20(0.10)  0.29(0.09)  0.22(0.08)  0.30(0.07)  0.31(0.08)  0.18(0.07)  0.35(0.06)
SB11  0.09 (0.06)  0.11(0.09)  0.10(0.06)  0.07 (0.05)  0.09 (0.05)  0.07(0.05)  0.09 (0.06)  0.09 (0.06)
0S09  143(052) 1.61(0.60) 1.43(0.49) 1.46(0.55) 1.35(0.52) 1.45(045) 1.56(0.63)  1.57(0.36)
OS10  246(0.26) 236(050) 2.68(0.36) 248(0.35) 2.61(0.31) 257(0.28) 2.31(047)  2.35(0.26)
M 0S11 09(0.19) 094(0.22) 0.75(0.33) 0.76(0.26)  0.66(0.32)  0.74(0.25)  0.77(0.32)  0.85 (0.25)
SB09  0.84(046) 1.25(0.58) 0.49(0.35) 057 (0.42) 052(0.39) 0.70(0.44)  0.60(0.39)  0.84(0.36)
SB10  1.52(0.68) 129(0.73)  21(0.68)  1.71(0.51) 2.03(0.46) 1.68(0.54) 1.63(0.39)  1.45(0.30)
SBI11  2.18(0.44) 201(0.77) 2.85(0.52) 257(045) 2.85(047) 250(0.56) 342(0.71)  2.38(0.38)
0S09  0.13(0.09) 0.26(0.12)  0.08(0.06) 0.12(0.09)  0.09 (0.06)  0.12(0.08)  0.14(0.11)  0.15(0.08)
0S10  0.29(0.04)  0.32(0.04) 0.33(0.07) 0.31(0.04) 0.33(0.05) 0.29(0.04) 033(0.05  0.27 (0.03)
MPH OS11  0.03(0.02) 0.05(0.04) 0.06(0.04 0.05(0.03) 0.06(0.04  0.05(0.04 0.03(0.02) 0.03(0.02)
SB09  0.13(0.08) 0.13(0.11) 0.18(0.01) 0.16(0.08) 0.15(0.08)  0.09(0.07) 0.17(0.06)  0.07 (0.04)
SB10 026 (0.12) 0.17(0.12)  0.32(0.01)  0.26(0.09) 0.28(0.09) 0.22(0.10) 0.22(0.06)  0.20 (0.05)
SB11  0.08(0.07)  0.06(0.05) 0.16(0.07)  0.09 (0.06)  0.14(0.06)  0.08(0.05)  0.16 (0.08)  0.07 (0.05)
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Table S4. Pedigree of winter wheat genotypes used in the study.

Name Type Pedigree

Monika Commercial variety F21078-82 / Srpanjka
Golubica Commercial variety Slavonija / Gemini
Bezostaya-1 Commercial variety Skorospelka 2 / Lutescens 17
Klara Commercial variety Slavonija / Zg 5328-75
MG RIL Monika / Golubica

BK RIL Bezostaya-1 / Klara
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