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Chapter 1: General introduction

1.1: Exploiting heterosis in plant breeding

Heterosis— the superiority of a progeny to its parents— anderpins many of the yield
gains of maize (Zea mays L.) as well as other crops (Brummer 1999). The F, hybrids
exploiting heterosis are outstanding and symbolic examples of agricultural progress in
the latter half of the 20th century (Sleper and Poehlman 2006). Maize yield increases
have been about 20% per decade during this period (Russell 1984). Although many
studies (e.g. Stuber ef al. 1992; Xiao et al. 1995; Cockerham and Zeng 1996; Li et al.
2001) have been conducted to investigate the genetic bases of heterosis, particularly in
maize, no consensus exists about the genetic basis underlying this extremely important
phenomenon (Li et al. 2008; Zhou et al. 2012). Three major genetic hypotheses,
dominance, overdominance, and epistasis, have been proposed to explain heterosis. The
first hypothesis of dominance attributes heterosis to the canceling of deleterious or
inferior recessive alleles contributed by one parent, by beneficial or superior dominant
alleles contributed by the other parent in the heterozygous genotypes at different loci
(Jones 1917). The second hypothesis of overdominance attributes heterosis to the
superior fitness of heterozygous genotypes over homozygous genotypes at a single
locus (East 1936). The third hypothesis of epistasis attributes heterosis to positive
epistatic interactions between nonallelic genes (Jinks and Jones 1958). Evidence from
the results of studies presented above suggests that heterosis might be attributable to
dominance (Xiao et al. 1995; Cockerham and Zeng 1996), overdominance (Stuber et al.
1992; Li et al. 2001), or epistasis (Li ef al. 2001). In any hypothesis, the expression of
heterosis requires crossing between genetically divergent parents (Brummer 1999).

According to Russell (1984), maize varieties released in the 1980s have 66% higher



grain yield than those released in the 1920s. The long-term rapid yield improvement in
maize has been obtained by reciprocal recurrent selection (RRS) procedures with
heterotic groups rather than mere hybrid breeding alone. A heterotic group has been
defined as a collection of germplasm that tends to exhibit a higher degree of heterosis
when crossed with germplasm from an external group than when crossed with a
member of its own group (Lee 1995). As related terms, combining ability— the ability to
produce superior progeny— is used to identify desirable combinations of genotypes to
cross in the breeding of hybrid cultivars or to identify desirable parents to include in a
synthetic cultivar of a forage crop (Sleper and Poehlman 2006). General combining
ability (GCA) is defined as the average performance of a strain in a series of crosses and
is mainly attributable to additive effects. Specific combining ability (SCA) is defined as
the performance of specific combinations of genetic strains in crosses in relation to the
average performance of all combinations and is mainly attributable to non-additive
effects. To exploit heterosis, a breeding approach that capitalizes on SCA using heterotic
groups is more beneficial than that based on GCA (Scotti and Brummer 2010).

Most estimates of gains in forage yield in forage grasses or legumes are less than the
gains in maize (Casler 1998; Brummer 1999; Wilkins and Humphreys 2003; Brummer
and Casler 2009). A significant effect on heterosis or SCA has been found for several
forage crops such as alfalfa (Medicago sativa L.), tall fescue (Festuca arundinacea
Schreb.), smooth bromegrass (Bromus inermis Leyss.), perennial ryegrass (Lolium
perenne L.), orchardgrass (Dactylis glomerata L.), and timothy (Phleum pratense L.)
(Gau et al. 1989; Brummer 1999; Riday and Brummer 2002; Tamaki ef al. 2007; Robins
et al. 2012). Although heterosis breeding has not been used widely as a methodology for

forage grasses or legumes because of ineffectiveness in commercial seed production



resulted from their small perfect flowers and the lack of stable cytoplasmic male sterility,
a potentially effective path to improving forage yield in the future is to capitalize on
non-additive gene action by harnessing heterosis or SCA (Li and Brummer 2009), i.e. to

create and use heterotic groups for yield improvement in forage grasses or legumes.

1.2: Marker-based genetic distances and their relation to yield in plants

Knowledge of germplasm diversity and relations is important for the genetic
improvement of plants. Historically, attempts to estimate genetic distance (GD) or
genetic diversity based on information of pedigree (Moll et al. 1965), phenotypes
(Prasad and Singh 1986; He 1991), and isozyme polymorphisms (Frei et al. 1986;
Strauss 1986), and attempts to predict heterosis have been reported for several plants.
Molecular marker systems are useful tools for assessing genetic diversity within species
(Varshney et al. 2005). Because of the initial lack of genetic information,
non-species-specific marker systems such as random amplified polymorphic DNA and
amplified fragment length polymorphisms have long dominated research on genetic
diversity (Kolliker ef al. 2009). These methods yield multilocus genetic data from single
polymerase chain reaction (PCR) assays and therefore enable the investigation of
numerous loci at low cost, although these methods must be treated as dominantly
inherited (Kolliker et al. 2009). Consequently, co-dominant marker systems such as
simple sequence repeat (SSR) markers have been developed in several plants. These
markers have numerous benefits related to the ability to detect multiple alleles at one
specific locus, a high rate of polymorphism, reproducibility and transferability,
(Kolliker et al. 2009). Additionally, several markers located in coding regions such as

expressed sequence tag and single nucleotide polymorphism have been developed,



whereas genomic SSR might often be located in non-coding regions (Kolliker et al.
2009).

Several studies have described a positive correlation between marker-based GD and
yield performance in maize (Marsan et al. 1998; Betran et al. 2003; Reif et al. 2003; Qi
et al. 2010), rice (Oryza sativa L.; Jaikishan et al. 2010), soybean (Glycine max [L.]
Merr.; Barroso et al. 2003) and oilseed rape (Brassica napus L.; Riaz et al. 2001),
although other studies have failed to find such a correlation for maize (Melchinger et al.
1992; Benchimol et al. 2000), wheat (Triticum aestivum L.; Liu et al. 1999), soybean
(Cerna et al. 1997; Manjarrez-Sandoval et al. 1997), and potato (Solanum tuberosum L.;
Bonierbale ef al. 1993). Heterotic groups have been identified based on molecular
marker diversity in maize (Enoki et al. 2002; Reif et al. 2003), chickpea (Cicer
arietinum L.; Sant et al. 1999), and hop (Humulus lupulus L.; Townsend and Henning
2005). Although DNA marker loci assayed in many studies were not substantially
associated with genes related to yield components including both additive and
non-additive effects, genetic diversity of molecular markers can provide breeders
helpful information to support yield improvement by pre-selecting parental
combinations and by identifying heterotic groups to exploit heterosis or SCA (Reif et al.
2003).

Expression of heterosis in population crosses requires two conditions: directional
dominance at loci controlling the trait of interest, and differing allele frequencies at
those loci in the populations to be crossed (Brummer 1999). Genetic diversity therefore
substantially influences the success of breeding in cross-pollinating forage crop species
through various mechanisms such as heterosis, combining ability, and inbreeding

depression (Kolliker et al. 2005). It is widely accepted that GD itself among parents is



correlated with heterosis and synthetic variety performance in forage grasses and
legumes (Veronesi et al. 2003). Attempts to find relations between marker-based GD
and forage yields have been reported in forage grasses and legumes such as alfalfa
(Kidwell et al. 1994, 1999; Tucak et al. 2011), white clover (Trifolium repens L.; Joyce
et al. 1999), perennial ryegrass (Kolliker et al. 2005), tall fescue (Amini et al. 2011),
and orchardgrass (Robins et al. 2012). Although failed studies of alfalfa have been
reported (Kidwell ef al. 1999), molecular markers are particularly helpful in identifying
genetically similar germplasm when large germplasm collections exist but no heterotic
groups are available (Reif et al. 2003). For timothy, no report in the relevant literature
has characterized the relations between marker-based GD and forage yields. Genetic
diversity per se is insufficient to show heterosis expression because highly divergent
populations or certain cases of multiple allele populations might prevent the expression
(Moll et al. 1965; Cress 1966; Bonierbale et al. 1993). Therefore, various materials on
various mating design must be evaluated for relations between marker-based GDs and

forage yields.

1.3: Breeding methods in forage grasses and legumes

Posselt (2010) described the structure of breeding methods in outbreeding forage
grasses and legumes partitioning into three breeding phases: (i) procuring initial
variation, (i1) forming varietal parents, and (ii1) testing varieties. In brief, the first phase
is the creation of the base population. The second phase is selection of the best
individuals as the immediate parents of the first generation used to construct
experimental varieties, or to create an improved breeding population. The third phase is

construction and evaluation of experimental varieties. In the first phase, forage grass



and legume breeders can select for base population from germplasm such as wild
relatives, ecotypes, landraces (e.g. farm varieties), improved breeding materials (e.g.
populations, families, clones), and released varieties. Pre-breeding might be necessary
before the first phase if non-adopted materials were used. A high degree of genetic
diversity within outbreeding forage populations might be desirable because genetic
diversity might increase the adaptability and fitness of populations (Reed and Frankham
2003). In the second phase, several population improvement systems were adopted:
recurrent restricted phenotypic selection, conventional half-sib progeny test, among-
and within-family selection, and recurrent multistep family selection (Vogel and
Pedersen 1993). The choice of methods of selection including mating designs in the first
phase depends on the breeder, stage of breeding program, stage of germplasm
development, and the stage of knowledge of the population and breeding objectives
(Posselt 2010). In the third phase, population varieties of two types are distinguishable:
open-pollinated varieties, which are the result of population improvement through
recurrent selection, and synthetic variety. The development of synthetic varieties, in
which a limited number of non-inbred parents possessing superior combining ability
were intercrossed (Sleper and Poehlman 2006), was widely adopted in many forage
grasses and legumes (Brummer 1999; Tamaki et al. 2007).

Historically, forage crop breeders have relied mainly on three approaches to improve
forage yields: (i) post-synthesis selection, which involves developing numerous
synthetic or open-pollinated varieties from selections made in spaced plantings or sward
plots based on various morphological and maturity classes, and increasing seed to an
advanced generation; (ii) uni-directional or bi-directional selection for a specific

morphological or physiological trait with subsequent determination of its effect on



sward-plot forage yield; and (iii) direct selection for forage yield per se, mostly on
spaced plantings (Casler 1998). Of the three approaches, the post-synthesis selection has
been the most widely used in breeding programs. It has achieved steady gains for forage
yields (Casler 1998). Recently, genotypic selection systems using progeny test selection
such as conventional half-sib progeny test, among- and within-family selection, and
recurrent multistep family selection, while using only a fraction of additive genetic
variance, have been recommended for producing long-term improvements in forage
yield (Vogel and Pedersen 1993). A potentially effective path to improving future forage
yields is to capitalize on non-additive gene action by harnessing heterosis or SCA
(Chapter 1). Methods of hybrid production with the aim of capturing heterosis or
exploiting SCA have been proposed for cross-pollinating species for which inbred
development is not feasible because of inbreeding depression. These include the use of
partial inbreeding to create free hybrids, synthetic populations, top-cross hybrids,
semi-hybrids, modified synthetic variety, clone and strain synthesis (CSS), or the use of
male sterility (Brummer 1999; Tamaki et al. 2007, 2009; Scotti and Brummer 2010;
Robins 2012). Of these methods, a CSS approach, which exploits both GCA and SCA
and which minimizes the risk of inbreeding depression, has been used to develop strains
producing significantly higher yield performance in timothy (Tamaki et al. 2009). The
CSS scheme consists of two procedures: (1) crossing two seed parental clones (SPs)
with a common pollen parental strain (PP) for seeds harvested from the two SPs as first
generation synthetic progenies (Synl), and (ii) even mixing of the Synl seeds to
produce subsequent generations, as is done to develop conventional synthetic strains
from several parental clones. Therefore, CSS is similar to variety synthesis by

combining top-cross progenies.



1.4: Timothy — materials in this thesis

Timothy, an important cool-season perennial and cross-pollinating forage grass species,
is used as the material for all experiments in this study. Although wild populations of
Phleum represent a polyploidy series from diploids to octoploids, the cultivated timothy
is a hexaploid (2n = 6x = 42) species with a high degree of self-incompatibility. The
genomic composition of hexaploid timothy remains unresolved (Cai ef al. 2003; Tamaki
et al. 2010), but some evidence suggests that the genome contains two doses (AA) of
the diploid Phleum alpinum L. and four doses (BBBB) of the diploid Phleum nodosum
L., i.e., AABBBB (Stewart et al. 2009). Timothy is cultivated for hay, silage and pasture
across the Northern Hemisphere. In Nordic countries, eastern Canada and Hokkaido, the
northernmost Japanese island, timothy is an extremely valuable forage grass species
because of its adaption to the cool and humid northern climate, considerable winter
hardness, and good quality as fodder (Casler 2001b; Helgadottir and Seveinsson 2006;
Tamaki et al. 2010). The amount of timothy seed sold in eastern Canada is twice as
much as that of all other grasses (Tamaki ef al. 2010). Timothy occupies approximately
80% of total grassland in Hokkaido (Ashikaga 2012).

Timothy breeding specifically emphasizes dry matter production, forage quality,
persistency, and tolerance to biotic and abiotic stresses (Ueda 1990; Larsen and Marum
2006; Tamaki et al. 2010). The improvement of forage yield continues to be an
important breeding achievement in any site, although the priority differs depending on
the breeding site. In Japan, they rely primarily on recurrent selection based on a
polycrossing system with spaced-plant and drilled-row evaluations, where synthetic

varieties and open-pollinated varieties were developed through among- and



within-half-sib family selection, and specifically examine forage yield, disease
resistance, forage quality, lodging resistance and competitiveness with legumes (Tamaki
et al. 2010). A steady yield increases in Japanese breeding programs had been achieved
mainly through improvement of regrowth vigor and a higher ratio of internode
elongation stems in the second harvests only accounting for approximately one third of
annual yields (Tamaki 2005; Tamaki et al. 2010). Larsen and Marum (2006) reported
that substantial increases in yield through breeding have been difficult to achieve in
Europe. In addition, Tamaki et al. (2010) described that the yield increase through
breeding in Japan was only 3.2% per decade between 1969 and 2004. Unsuccessful
selection experiments in Canada have been reported, where no yield increase was
observed in either sward or spaced-plant trials by three cycles of recurrent restricted
phenotypic selection under spaced-plant plots (Shateryan ef al. 1995).

With regard to tools for molecular breeding, 822 genomic SSR markers have been
developed from hexaploid timothy, with polymorphism in eight hexaploid timothy
clones (Cai et al. 2003, 2009). Of all 822 SSR markers, 664 markers were also
amplified in the diploid P. nodosum and the tetraploid P. alpinum species. An
unsaturated linkage map (total length = 445 c¢cM) was constructed for diploid timothy
with 226 SSR markers distributed in seven linkage groups (Cai et al. 2009). Several
molecular marker tools have been used to assess genetic diversity in timothy, including
restriction fragment length polymorphism (Ogawa et al. 2001), amplified fragment
length polymorphism (Ogawa et al. 2001), random amplified polymorphic DNA (Guo
et al. 2003), universally primed PCR (Guo et al. 2003), genomic SSRs (Cai et al. 2003),
and inter-SSR mar ker s ( &toah @009). Consequently, readily available

applications exist of molecular markers for timothy breeding.



1.5: Objectives and composition of this thesis

Grasslands produce vast amounts of forage for ruminants, maintain soil fertility, protect
and conserve soil and water resources, harbor a stock of carbon in the terrestrial
ecosystem, create a habitat for wildlife, and provide recreational spaces for sport and
leisure while contributing to the general benefits simultaneously as maintaining
sustainable economic outputs (Yamada 2013). Better production infrastructure for
grasslands required for proper material recycling among elements of the soil—grass—cow
production change (Ashikaga 2012). However, current dairy production systems being
an important industry in Hokkaido, Japan, have depended on imported feed, in
particular concentrated feed with high nutritive value. This method can result in the
increase of nitrogen from outside regions. The Japanese government produced the Basic
Plan for Food, Agriculture and Rural Areas in March 2005, in which increasing the food
domestic self-sufficiency rate and shifting to an environmentally friendly agricultural
system were proposed (Ashikaga 2012). According to that plan, even greater prevalence
of high-yielding superior varieties of forage crops such as maize and forage grasses and
legumes was recommended in Hokkaido (Hokkaido Government 2012). Especially, for
the food domestic self-sufficiency rate to increase, it is important to raise the cultivated
area and unit yield of maize, which can be substituted for concentrated feeds. Besides
maize, it is important to raise the unit yield of forage grasses and legumes in limited
area of grasslands that can supply protein and mineral components as well as fiber such
as cellulose. Improvement of forage yields of timothy, which were cultivated in
approximately 80% of all grasslands in Hokkaido, can strongly affect dairy farming in

Hokkaido and contribute to the promotion of environmentally friendly agricultural
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systems based on domestic self-sufficiency feed.

This study was performed to propose timothy breeding schemes based on genetic
diversity using DNA marker polymorphism for the long-term improvement of forage
yields capturing heterosis or SCA. To realize this breeding strategy, the following
knowledge is required: (i) genetic parameters of forage yields such as genetic variation
and heritability, (ii) relations between marker-based GDs and forage yields in several
mating designs, and (iii) usefulness of genetic diversity based on DNA marker
polymorphism and relative contribution of genetic effect in methods of variety
development. This dissertation comprises six chapters including the general introduction
in this chapter. Chapter 2 presents initial steps of this breeding strategy. Genetic gains
and heritability for forage yields were examined and reconfirmed based on datasets of
timothy breeding programs at Kitami Agricultural Experiment Station (KAES),
Hokkaido Research Organization, Kunneppu, Hokkaido, Japan. Relations between
marker-based GDs and forage yields of timothy were examined in a polycross mating
design including conventional synthetic varieties and polycross progenies (Chapter 3),
top-cross progenies (Chapter 4), and CSS strains (Chapter 5: 5.1). Based on these
relations, parental selections in polycross breeding schemes using molecular marker
diversity are explained in Chapter 3. The study in Chapter 4 specifically addresses the
application of top-cross progenies and potential use of GDs in CSS breeding scheme by
synthesizing top-cross progenies. In Chapter 5, some verification on CSS development
was conducted for the relative contribution of combining ability (Chapter 5: 5.1), and
inbreeding depressions in a CSS strain (Chapter 5: 5.2). In Chapter 6, which presents
general discussion, selection simulations were performed based on the results obtained

in Chapter 2-5. Finally, a proposed breeding method for yield improvement based on

11



genetic diversity using DNA marker polymorphism is discussed along with its

prospects.
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Chapter 2: Genetic gains and heritability for forage yields of timothy in Japanese
breeding programs

Introduction

Maize yield increases have been approximately 20% per decade since the widespread
adoption of single crosses in 1960 (Duvick 1992; Tamaki et al. 2007). In cereal crops
such as wheat (Triticum aestivum L.) and rice (Oryza sativa L.), yield increases
achieved through breeding have been approximately 10% per decade (Donmez et al.
2001; Fischer and Edmeades 2010; Gourdji et al. 2013; Khush 2013), although the yield
gain has tended to decrease. As one notable example, the rice yield gain has fallen from
23% per decade during 1970-1990 to 15% during 1990s and to less than 10% during
the first decade of present century (Khush 2013). By contrast, gains of forage crop
yields by breeding are low to nonexistent, despite intensive breeding efforts in
numerous forage species (Larsen and Marum 2006; Casler 2008; Casler and Brummer
2008). The most estimates of gains in forage crops yield are less than the gains made for
grain yield of cereal crops (Casler 1998; Brummer 1999; Wilkins and Humphreys 2003;
Tamaki ef al. 2007; Brummer and Casler 2009; Tamaki et al. 2010). Several reasons for
this yield lag in forage crops relative to crop species such as maize are (i) a longer
breeding cycle for forage crops, most of which are perennials, (i1) lack of a “harvest
index” trait to aid dry-matter partitioning into the economic product, (iii) inability to
exploit heterosis in commercial varieties such as severe inbreeding depression on
creating inbred lines, self-incompatibility, small perfect flowers and lack of stable
cytoplasmic male sterility (Casler 1998, 2001a; Wilkins and Humphreys 2003; Tamaki
et al. 2007; Casler and Brummer 2008).

Genetic gains ( G) are influenced by two main components as G = h%S, where h?

13



is the narrow sense heritability and S denotes the selection differential (Brummer and
Casler 2009). Narrow sense heritability, the ratio of additive genetic variance to
phenotypic variance, representes the amount of heritable variance that is present in the
population. A trait with high narrow sense heritability is expected to respond readily to
selection. The additive genetic variance is a property of the population, and the
phenotypic variance includes genetic (both additive and non-additive), environmental,
and genotype-by-environment components. The latter two components can be decreased
by increasing the number of replications and environments in which the breeding
material is tested, and by using experimental designs or spatial analyses that reduce
error variance. Consequently, narrow sense heritability is not a static feature for a given
trait. Rather, it can vary depending on the population being evaluated and the
characteristics of the evaluation nursery. The selection differential S is the product of the
intensity of selection & and the phenotypic standard deviation (SD) of the population
(Brummer and Casler 2009). For the among- and within-half-sib family selection
adopted in timothy breeding at KAES, G influences /4> and S respectively in half-sib
family and among individuals within half-sib family.

Until 1965, timothy plants in Hokkaido were represented by only one variety,
‘Climax’, aside from ‘Hokkaido Local’, which was originally introduced from the
United States in 1874 (Ueda 1990). Since 1964, the national breeding program and
network system of timothy started in Hokkaido, where improvement of the forage yield
was a continuous major breeding achievement (Ueda 1990). Now, 20 timothy varieties
had been released during 1969-2014 through breeding efforts in Hokkaido, accounting
for most commercial seeds in Hokkaido. Tamaki et al. (2010) calculated the genetic

gain of 3.2% per decade during 19692004 based on a comparison between ‘Senpoku’
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(Ueda et al. 1971) registered in 1969 and ‘Horizon’ (Tamaki et al. 2002) registered in
2004. An initial step to yield improvement of this breeding strategy needs to be the
identification of genetic gains or heritability for forage yields in the three phases of
timothy breeding in Hokkaido.

This study was conducted to evaluate the following: (i) genetic gains achieved
through breeding in Hokkaido based on a dataset of the local-adaptability tests that were
done during 19662014, (i1) narrow sense heritability among individuals within families
for forage yields by a parent—offspring simultaneous test, and (iii) narrow sense
heritability among half-sib families for forage yields based on dataset of polycross
progeny tests that were done during 1971-2013. In addition, the potential of genetic
gains for forage yields was estimated by selection simulation conducted with the genetic

parameters listed above for this experiment.

Materials and methods

Timothy local-adaptability tests in Hokkaido since the 1960s

Dataset of timothy local-adaptability tests conducted in Hokkaido during 19662014
was used in this experiment (Table 2.1). Details of the outlines of the tests were
described earlier in the literature (Ueda et al. 1971, 1977; Furuya 1985; Furuya et al.
1992a, 1992b; Shimokoji 1994a, 1994b, 1995; Tamaki et al. 2002; Fujii et al. 2010a,
2010b, 2014; Ashikaga et al. 2012, 2014). In these tests, the annual dry matter yields
(DMYs) of 16 timothy varieties, which had been had been registered in the forage
grasses and legumes variety lists recommended in Hokkaido as nine early maturing
hay-types and seven medium maturing hay-types, were examined in each test with a

check variety at multiple locations (Table 2.1). The yield performances of the 16

15



varieties were estimated based on averaged annual DMY's (% of check variety in each
local-adaptability test) at multiple locations over experiment-years except for a
seedling-year, where the value of ‘Climax’ was equal to 100. Genetic gains of forage
yields of early and medium maturing timothy in Japan were estimated based on the
yield performance estimates by the slope coefficients of simple linear regression within
each maturing group as PY = + G Yr, where PY represents the performance estimate
(% of ‘Climax’), denotes the intercept of the regression, G stands for the slope
coefficient defined as the genetic gain (% of ‘Climax’ per year) of forage yield in this
experiment, and Y7 signifies the year registered in the variety lists recommended in
Hokkaido. To compare the slope coefficients of maturing groups, an F-test was
performed on variances of the group-by-slope interaction and residual in analysis of

covariance, i.e., a test of the assumption of homogeneity of regression slopes.

Parent—offspring simultaneous test

This experiment used 15 early maturing parental clones and their polycross half-sib
progenies. These materials had been selected for various agronomic traits such as forage
yield, lodging resistance, competitiveness with legumes, and seed yields. Two groups
derived from different selections constitute the 15 parental clones, which were
representatives of current early maturing timothy breeding population. One group
included nine parental clones selected mainly for resistance to the purple spot by
Cladosporium phlei (Gregory) de Vries, and forage yield based on observations at
spaced-plant trials in 1987-1988. The other group comprised six parental clones
selected mainly for lodging resistance, competitiveness with legumes, and forage yield

based on observations at spaced-plant trials in 1999. The parental clones were planted
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on 31 May 2010 at KAES (43°47'N, 143°42°E) on a high-humic haplic wet andosol
with spacing of 0.6 x 0.6 m in a randomized complete block design (RCBD) with two
replications. The progenies were sown on 31 May 2010 in single seedling rows 0.85 m
long and 0.6 m apart, in an RCBD with three replications in the same field as the
parental clones. Seeding-year (planting-year) management consisted of three harvests
without data collection to manage annual weeds, with total applications of 120 kg N
ha™!, 172 kg P»Os ha™!, and 120 kg K>O ha™' in spaced-plant plots, and 112 kg N ha™,
162 kg P»Os ha™, and 112 kg K>O ha™ in drilled row plots. Three harvests per year
were conducted in 2011 and 2012 in mid-June, early August, and early October, where
plants were clipped to a 10 cm stubble height. Spaced-plant plots were fertilized as
follows: 75 kg N ha™, 150 kg P»Os ha™ and 75 kg K>O ha™' in early spring, 40 kg N
ha™, 46 kg P»Os ha™ and 40 kg K>O ha™ immediately after the first harvest and 40 kg
N ha™!, 46 kg P»Os ha™ and 40 kg K>O ha™! immediately after the second harvest.
Drilled-row plots were fertilized as follows: 78 kg N ha™, 157 kg P,Os ha™ and 78 kg
K>0 ha™ in early spring, 44 kg N ha™!, 50 kg P,Os ha™' and 44 kg K,O ha™ immediately
after the first harvest and 36 kg N ha™', 41 kg P,Os ha™ and 36 kg K,O ha™
immediately after the second harvest. Dry matter yields (g plot™) in each plot were
measured at each harvest. Annual DMYs of parental clones and their progenies over two
years (2011-2012) were subjected to analysis of variance (ANOVA) on an RCBD
design with entry and block random effect factors. The narrow-sense heritability (Ax?)
of annual DMY was estimated using the parent—offspring regression method with the
following equation (Tamaki 2004): in*> = 2 15 (o p / p o). Therein, ry is a
correlation coefficient between parents and offspring, , and , respectively denote SD

of parents and offspring, for annual DMYs, and , and , respectively represent means
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of annual DMY's of parents and offspring.

Polycross progeny tests at Kitami Agricultural Experiment Station since the 1970s

Dataset of 100 entries examined in 11 polycross progeny tests at KAES during
19712013 were used in this experiment. The 100 entries included five early maturing
check varieties, ‘Climax’, ‘Hokuo’ (Furuya 1985), ‘Senpoku’ (Ueda et al. 1971),
‘Nosappu’ (Ueda et al. 1977), and ‘ Aurora’ (Shimokoji 1994a), which were examined
over multiple tests. The other 95 entries, some of which were also examined over
multiple tests, were early maturing polycross progenies derived from clones selected
under spaced-plant evaluations emphasizing several traits in KAES. They were the
representatives of the early maturing breeding populations at KAES. Outlines of the 11
polycross progeny tests are shown in Table 2.2. In each polycross progeny tests, the
means of annual DMYs (Mg ha™) over two or three years except for seedling-year were
examined. The broad-sense heritability (4g?) of the annual DMYs in each polycross
progeny test was estimated based on the F-value of the entries in ANOVA as follows
(Tamaki 2004): s> = 1 — 1 / F-value. The random effects of the entries were estimated
using best linear unbiased prediction (BLUP) based on the annual DMY's according to
the mixed effect model of y =X + Z + , where y is the vector of annual DMYs,

and  respectively denote vectors of fixed and random effects, X and Z are the
associated design matrices, and is a random residual vector. The fit of the model by an
iterative process gives estimates of the variance components, a prediction of random
vector and a solution for the fixed effect vector. The process most used to estimate the
components of variance is restricted/residual maximum likelihood (REML), developed

by Patterson and Thompson (1971). Heritability (4%) among half-sib families was
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estimated according to the expression h? =
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Genetic gains of forage yields based on timothy adaptability tests in Hokkaido

The yield performance estimates of 16 varieties were 106

20



progeny tests

The grand mean was 11.1 Mg ha
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heterosis. In addition, difficulties for yield improvement in timothy lie on polyploidy,
low heritability and selection intensity, interactions under spaced-plant plot and
sward-plot trials, and a wide array of other target traits. Polyploidy in many forage
grasses and legumes species complicates inheritance of the traits and results in low
selection efficiency (Yamada 2013), that applied to hexaploid nature of cultivated
timothy. The low narrow-sense heritability estimate among individuals within half-sib
family (hn? = 0.03) is attributable to an intrinsic feature itself for forage yields and
interactions under spaced-plant plot and drilled-row plot trials. Low correlations,
inconsistent rankings, and genotype by spacing interactions have been reported for
forage yields between spaced plants and sward plots in several forage grasses including
timothy (Helgadottir and Bjérnsson 1994; Waldron et al. 2008). In addition, visual vigor
ratings are often used as a proxy for yield in case of individual selections, although the
genetic correlation between forage yield and vigor rating might not be strong (Wilkins
and Humphreys 2003). The moderate heritability (0.43) among half-sib families
indicated promising genetic gains for forage yields by polycross progeny tests
evaluating additive effect. However, these progeny tests were typically based on fewer
families and lower selection intensities than those among individuals. The lack of yield
improvement can be ascribed in many cases simply to the practice of not selecting for
yield per se (Casler and Brummer 2008). Many other traits including nutritive value and
disease resistance must also be improved. Yield improvement is often not the emphasis
of the program except for post-synthesis selection because yield is not easily measured.
In the cases of timothy breeding in Japan, breeding efforts have also been devoted to
resistance to the purple spot disease caused by Cladosporium phlei (Gregory) de Vries,

winter hardness, competitive ability toward legumes (or weeds), seed yields, logging

22



tolerance in the first harvest, nutritive values including dry matter digestibility, and
water-soluble carbohydrate concentration and assortment of maturing type (Tamaki
2005; Tamaki et al. 2010; Ashikaga 2012). Most of the traits have no or negative
relation to forage yields, although the improvement of disease resistance, winter
hardness, and competitive ability indirectly cause forage yield gains. In terms of the
assortment of maturing type, extensive breeding efforts have been undertaken because
different base populations have been established for each of the maturity groups.
Differences of genetic gains among early and medium maturing types (3.1 vs. 6.6%
per decade) were found from this study. One reason might be a stage of the breeding
program. Whereas the breeding for early maturing type started since the 1960s based

mainly on
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which would be approximately 8
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Chapter 3: Marker-based genetic distances among timothy genotypes in polycross
breeding and its relation to forage yield

Introduction

The improvement of timothy forage yield is a major breeding achievement in Japan

(Ueda 1990; Tamaki et al. 2010). In fact, timothy yield increase by breeding in Japan

has been about 3.1

30



by genotype-by-environment interactions (GEI) (Wilkins and Humphreys 2003; Casler
and Brummer 2008; Amini et al. 2011). Molecular markers are regarded as powerful
tools in forage grasses for the analysis of genetic diversity and the identification of
parents for variety development (Kolliker et al. 2005; Amini et al. 2011). The relations
between marker-based GD and forage yield have been characterized in forage grasses
and legumes (Joyce et al. 1999; Kidwell et al. 1999; Kolliker et al. 2005; Amini et al.
2011; Tucak et al. 2011; Robins et al. 2012). Investigations in maize and oilseed rape
have shown that GDs among parents as estimated by molecular marker analysis

correlate (r = 0.58
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(Melchinger et al. 1990b). Because GGD values are indicative of allelic
complementation, such analyses of polycross progeny might be used to estimate
non-additive effects from GCA values. Nevertheless, no reports of studies of forage
grasses have described the relation between GGD and GCA as obtained from polycross
progeny test analyses. Therefore, a study was designed to evaluate (i) the potential
utility of GD estimation to predict forage yield among timothy synthetic strains and
polycross progeny and (ii) the utility of molecular marker-based GD values for forage
yield improvement during polycross breeding. The dissection of yield performance in
polycross progeny into additive and non-additive component effects is used herein to

elucidate the potential role of marker-based GD estimations.

Materials and methods
Field evaluations in Experiments 1 (Exp. 1) and 2 (Exp. 2) were conducted at KAES,
Hokkaido Research Organization, Kunneppu, Hokkaido, Japan (43°47°N, 143°42°E) on

a high-humic haplic wet andosol.

Experiment 1: Synthetic strains

Two timothy synthetic
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Seeds of the two synthetic strains and two check varieties (
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Seeding-year management consisted of an application of 40 kg N ha
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94°C for 1 min, 55°C for 1 min and 72°C for 1.5 min, followed by 72°C for 7 min and

4°C as the holding step. The 2
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Genetic distance estimates were calculated from SSR data for all possible pairs of

parental clone comparisons using the following equation: GDjj = 1
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asyij=u+Bj+
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The 41 polycross progenies showed considerable variation for all traits, except for the

heading date (data not shown). The DMY's of 41 progenies were 93
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increased DMY among synthetic varieties (Kolliker et al. 2005). Furthermore, these
data support the hypothesis that selection of polycross parents with contrasting genetic
diversity exploits heterosis and/or avoids inbreeding depression. However, populations
derived from genetically divergent parents are not always high yielding (Boller et al.
2007). For instance, lack of gain from selection for forage yield based on marker
diversity analysis has been reported for alfalfa (Kidwell et al. 1999). Additive and
dominant gene effects and complementary gene interactions are, in fact, important for
improving forage yield in forage grasses or legumes (Casler and Brummer 2008).
Consequently, an understanding of both additive and non-additive effects is likely to be
important when marker-based GD analysis was used as a tool for improving the forage
yield in timothy.

Although estimates of GCA can be useful for the prediction of cross-progeny
performance in synthetics (Posselt 2010), unsuccessful GCA-based selection

experiments in the timothy synthetic
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DMY is significant (Table 3.6). These results indicate that these GCA estimates
included a genetic effect associated with allelic complementation (i.e. non-additive
effects) in addition to additive effects. Low levels of additive genetic variation in the
GCA values might be attributable to the materials used for the present study. The low
levels are consistent with the predictions of Hayward (1979) associated with
non-additive gene action. Although genetic variation among individuals within timothy
populations and their interrelations have traditionally been assessed using
morphological and agronomic trait analyses, these might not be sufficient in themselves
to produce precise estimates of genetic relatedness. Marker analysis is a useful tool for
assessing genetic relatedness during selection within genetically broad-based
populations (Guo et al. 2003; results present herein). The results of regression analysis
(i.e. residual and GGD regression) conducted herein were significant (Table 3.6),
indicating that the residual mean square likely includes considerable genetic effects that
are unrelated to allelic complementation (i.e. additive effects). Approaches that compare
marker-based GGD within polycross parents and forage yield in polycross progeny tests
such as those defined herein can be used to elucidate the genetic effects on yield by
allowing for the division of inherent GCA values into additive and non-additive effects.
Such approaches might engender more efficient improvement of forage yield during
timothy polycross breeding by exploiting heterosis and/or reducing inbreeding

depression.
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Table 3.1 General combining ability (GCA) for forage yields of five parental timothy

(Phleum pratense L.) clones of the synthetic polycross strain,
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Table 3.2 General combining ability (GCA) for forage yields of six parental timothy

(Phleum pratense

42
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Table 3.4 Annual dry matter yields (DMY's) of two timothy (Phleum pratense L.) synthetic

populations in a yield trial over two years (2000
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Table 3.5 General combining ability (GCA) for cumulative annual dry matter yields (DMYs) over
two years (2002
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Figure 3.2 Relation between general combining ability (GCA) values for forage
yields based on cumulative annual dry matter yields (DMYs) of timothy (Phleum
pratense L.) polycross progenies and general genetic distance (GGD) estimates
within the polycross parents. The polycross progenies derived from crossing among
41 parental clones. Each experimental plot was harvested three times per year during
2002
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Table 3.6 Regression analysis of variance of marker-based general genetic
distances (GGD) on cumulative annual dry matter yields (DMYs) of 40 timothy

(Phleum pratense L.) polycross progeny over two years (2002
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Chapter 4: DNA profiling of seed parents and a top-cross tester and its application
for yield improvement in timothy

Introduction

Molecular markers provide effective methods for assessing the genetic diversity among
parental genotypes within heterogeneous populations (Barker and Warnke 2001).
Studies of genetic diversity in relation to heterosis have been undertaken for several
forage grasses and legumes (Kidwell et al. 1994, 1999; Joyce et al. 1999; Kolliker et al.
2005; Amini et al. 2011; Tucak et al. 2011; Robins et al. 2012). Kolliker et al. (2005)
studied an effect of increased amplified fragment length polymorphism diversity among
parental plants on polycross progenies in perennial ryegrass. First and second
generations of synthetic progenies derived from wider polycrosses showed consistently
higher yields when compared to progenies derived from narrower ones. The
observations presented in Chapter 3 agreed with those from a study by Kolliker et al.
(2005). They support the hypothesis that selection of polycross parents with contrasting
genetic diversity exploits heterosis and/or avoids inbreeding depression. In forage
breeding programs, screening combinations of parental clones for high vyield
performance is a costly and time-consuming process. With DNA profiling, the
possibility exists of selecting parents for which combinations show a high yield
performance more effectively. Most studies of marker diversity in relation to yield have
been undertaken using polycrosses or single crosses in forage grasses and legumes
(Kidwell et al. 1994; Joyce et al. 1999; Kolliker et al. 2005; Amini et al. 2011; Tucak et
al. 2011). However, no report in the literature describes a study of the assessment of
relations between forage yield and marker diversity using top-cross progenies derived

from crosses between individuals and a population or variety.
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The yield increase is only 3.1
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their origins and yield levels of their progenies to the greatest extent possible, were
selected from Japanese local materials or foreign cultivars including some synthetic

parental clones and varieties bred at KAES, Hokkaido. Therefore, they adapt well to the

local environment (Table 4.1).
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polymorphic in diploid (Phleum nodosum L.) and hexaploid timothy (Cai et al. 2009).
The 28 SSR markers produced 408 polymorphic bands among 67 genotypes, in which
the allelic dosage was indistinguishable. Bands produced from the amplification of
individual genotypes were scored for presence or absence. Genetic distance estimates
were calculated from SSR data for all possible pairs of genotypes using the following

equation of one minus Dice coefficients (Dice 1945; Nei and Li 1979): GDjj =1
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SSR markers is presented in Fig. 4.1. Clustering produced four major groups designated

as group | to IV. Clone
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Significant differences among yields of all 152 top-cross progenies were detected in
top-cross progeny yield trials. The mean of cumulative DMY over two years of all

top-cross progenies was 21.9 Mg ha
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studies (Melchinger et al. 1990a; Bernardo 1992). Positive correlation in our study,

however, resulted from (i) significant difference between
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top-cross progeny was as high as those of the others. Taking the following two facts into

consideration, the high yield in the top-cross progeny of clone
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and found that variation among the wild populations collected from the east coast of
United States to the coast of Lake Superior was much smaller than the variation within
them. Similar results have been reported also for perennial ryegrass, meadow fescue
(Festuca pratensis Huds.), orchardgrass, rhodesgrass (Chloris gayana Kunth), and
timothy (Huff 1997; Kolliker et al. 1999; Ubi et al. 2003; Tanhuanpé&a and Manninen

2012). However, the difference between the 16 genotypes representing

57



reliably applicable for a practical timothy breeding program. Integration of DNA
profiling with field trials can be expected to help develop efficient breeding programs,
and can therefore expedite a new cultivar development process for important forage

grass species such as timothy.
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Table 4.1 Derivation of 51 timothy (Phleum pratense L.) clones used in SSR analyses, marker-based
genetic distances (GDy) toward a top-cross tester

59



— ——————
|

|

il

0.27 0.36

Dice coefficient

0.41

Aurora-01 T

Aurora-02

d-09
Aurora-13
Aurora-14
Aurora-05
Aurora-06
Aurora-08
Aurora-09
Aurora-10
a-06
a-40
b-32
Aurora-07

(o]

o9 QI)QIJ DO
O OO WNERO
O R ~NW~NNO©

o
N
oo

Aurora-04
Aurora-12
Aurora-16

A_urora-ll
-37

T TT0 0TI T
=
o
=
2
ey
o1
|

PQTOOEO0AN0O0TTITTTQTTO QT
R WNNEFEONWONNNNRPRORAWWWRFN

Groupl

Groupll

Grouplll

GrouplV

WA UIOWNOUTOWRWNWON SO OONPORROREN

[oRey)) SJI) o00T
WONENRFR O

o
o —
o

Figure 4.1 Unweighted pair group method using arithmetic average (UPGMA) clustering of 67 timothy

(Phleum pratense L.) genotypes using a matrix of Dice coefficients. The genotypes included 16 individuals of

60



0.3
0.2 - o) @)
A oCé)
§ ® c-01 00
& @)
0.1 - A A @)
Oo 8
A & e) 8 e
8\0 0.0 - @O o
o AO O c-17
2 A A o © e O
O-01 - = A ® c02
- A A o o o) ® c-08
@) O @ b-15
02 - O -
03 ®c23
@)
@)
-0.4 T T T T T T

04 03 02 01 00 01 02 03 04
PC1 (24.3%)

Figure 4.2 Scatter plot of the first two principal coordinate scales for 67 timothy (Phleum

pratense

61



JeAllnd A OwaHthESO_S
! @H._H—A>O_>_v HeA
n ] 0] (Vv V) aduelle e|ndsjow jJo w_w>_mc< Z¢'v 9lqe

62



26

25 r=0.67"

22 -
21 -

20 -

Cumulative annual dry matter yields (Mg ha1)

17

0.63 0.68 0.73 0.78
Genetic distance (GDy)

Figure 4.3 Relation between cumulative annual dry matter yields (Mg ha

63



Chapter 5: Development of timothy
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several parental clones. Clone and strain synthesis strains therefore include 1/2 derived
from crossing among two top-cross progenies and 1/2 within each top-cross progenies.
The allele frequency of a CSS strain is 1/4 derived from one SP being one genotype, 1/4
from another SP being one genotype, and 1/2 from PP being numerous genotypes
(Tamaki et al. 2009). Various genetic effects, such as GCA of parental materials and
SCA among parental materials, are expected to influence forage yields of Synl and the
second synthetic generation (Syn2) of CSS, respectively. Knowledge of quantitative
genetic parameters is therefore crucial for allocating resources for parental selection in
the CSS breeding scheme.

Information on genetic relations within species is used to facilitate selection of
breeding materials in some crop-breeding programs (Lee 1995; Kiula et al. 2008). In
Chapter 4, a positive correlation (r = 0.68, p < 0.001) was found between marker-based
GD estimates toward a tester and forage yields of top-cross progenies corresponding to
Synl of the CSS breeding scheme. However, reports of the literature describe few
attempts to establish a relation between GD estimates among parents and observed
yields of Syn2 of well-developed CSS strains in timothy breeding programs. The aims
of this study were to examine (i) the association of the GD estimates among the SPs of
each CSS strain with its forage yield in Syn2 generation and (ii) the relative
contribution of GCA and SCA to forage yield in CSS breeding scheme by predicting the

yields of Synl and Syn2 with molecular marker and field evaluation data.

Materials and methods

First synthetic generation of clone and strain synthesis strains

Timothy 51 top-cross progenies, which correspond to the Synl generation of CSS, and
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their SPs were used in this experiment. The cumulative DMYs over two years

(2003
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Chapter 4. The common PP of the CSS strains was
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six SPs examined using BLUP (Chapter 2), marker-based GD estimates among SPs, and
marker-based GD between SPs and a PP (GDrt) was analyzed according to multiple

linear regression analysis with selection of variables based on Akaike
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strains (29.63 Mg ha
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the GCA estimate of SP i (Table 5.6). The standardized PRCs of GD (0.53) were similar

to that of

70



strains, as proposed by Tamaki et al. (2009), and suggests that the use of elite clones as
SPs of CSS strain, selected from putative heterotic group formed based on molecular
marker, leads to efficient development of high-yielding strains with exploitation of SCA
effect among SPs. Various genetic effects, which were GCA of a PP, GCA of SPs, SCA
among SPs, and SCA between PP and SPs, can be expected to contribute to yields of
Syn2 of CSS strains. In multiple linear regression analysis predicting yields of Syn2 of
CSS strains, GCA of SPs and GD among SPs were selected as the predictor variables
(Tables 5.5 and 5.6, Fig. 5.3), although GCA of a PP was excluded from the analysis

because of 15 CSS strains derived from the common PP
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current breeding population, which was often established as one population by breeders,
rather than a search for distinct populations within non-adopted germplasm. In an earlier
study (Tamaki et al. 2009), the selection of SPs in top-cross progeny tests derived from

crossing SPs and a PP
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Another benefit of CSS that merits further discussion is the adoption of current leading
varieties as PPs in CSS. The use of leading cultivars as PPs in CSS development is
expected to engender the development of new upgraded strains with strong selling
points and without fatal shortcomings as well as originally competent leading varieties.
Other noteworthy points are related to the role of PPs in CSS. Except for the PP, only
two genotypes constitute CSS strains. As few as two clones have been used in
conventional synthetic varieties of alfalfa and tall fescue (Sleper and Poehlman 2006).
The synthetic varieties based on two clones of alfalfa were unsuccessful as a result of
inbreeding depression because pollinators tended to favor a specific clone, leading to
seed produced by self-pollination or sib-pollination rather than by cross-pollination.
However, Tamaki et al. (2009) estimated that the inbreeding coefficient of a CSS strain
is similar to that of a conventional synthetic cultivar bred from six parental clones. From
this viewpoint, PPs help CSS strains to be dealt with in the same way as conventional

synthetic varieties for commercial distribution.
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5.2: Evaluation of forage yield performance in advanced generations of timothy
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degree of inbreeding depression because many reports have described results showing
that the effect of inbreeding is approximately linear over widely varied values of the
coefficient (e.g. Mayo 1987). Under the assumption of diploidy and no relation among
parents, the inbreeding coefficient of a CSS strain is theoretically equivalent to that of
its PP if the PP has been synthesized from six clones (Tamaki et al. 2009). However, it
is necessary to examine the performance in advanced generations of CSS, especially in
the case of the hexaploid nature of timothy with a controversial genome structure and
little information related to their genetic relatedness. This study was undertaken to
investigate the scale of inbreeding depression in advanced generations of a CSS strain
by comparing forage yield, plan height, winter survival, and regrowth vigor among its

second to fourth synthetic generations (Syn2
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balanced bulk. In all, 640 seedlings of Synl were transplanted to isolated fields in
October 2005 for Syn2 seed production. The Syn2 seeds were harvested in August 2006.
The third synthetic generation (Syn3) seed production with 950 Syn2 seedlings was

conducted similarly to Syn2 seed production during 2006
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sixth panicle had emerged from the boot leaf, i.e. three heading panicles per square
meter. Winter survival, based on the observation of crown health and amount of
regrowth, was scored on a 1 = poor to 9 = good scale on 30 April 2010 and 25 April
2011. Regrowth vigor, based on the observation of plant density and amount of
vegetative regrowth, was scored on a 1 = poor to 9 = good scale approximately 2 weeks

after first harvests in 2010 and 2011. Statistical analyses were performed using two-way
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performed using one-way ANOVA with the entries as fixed effec
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vigor after the first harvest, significant differences (p < 0.05) were found among the
entries only in Exp. 1. The differences among advanced generations of the CSS were

not significant (p > 0.05) in Exp. 1 or 2 (Table 5.10).

Discussion

The controversy related to the timothy genome structure remains unresolved: auto-,
allo- or autoallo-hexaploid (Tamaki et al. 2010). A vyield decrease is theoretically
expected also in advanced generations unless it is an allohexaploid. Moreover, the three

parental materials of
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be selected as parents of current well-developed strains (data not shown). Nevertheless,
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Table 5.1 Design matrix
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Table 5.3 Regression analysis of variance of marker-based genetic distances (GD+) toward a tester

and general combining ability (GCA) estimates of seed parents on cumulative annual dry matter yields

(DMYs)
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Table 5.4 Partial regression coefficients (PRCs) of a linear model with marker-based genetic
distances (GD) toward a tester and general combining ability (GCA) estimates of seed parents on

cumulative annual dry matter yields (Mg ha
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Figure 5.1 Scatter plot of the first two principal coordinate scales for 22 timothy (Phleum

pratense L.)
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Table 5.5 Regression analysis of variance of marker-based genetic distances (GDs) among timothy

(Phleum pratense L.) seed parents (SPs) of
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Table 5.6 Partial regression coefficients (PRCs) of a linear model with marker-based genetic distances

(GD) among timothy (Phleum pratense L.) seed parents (SPs) of
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Table 5.8 Analysis of variance (ANOVA) on the annual dry matter yields (Mg ha
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Table 5.9
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Chapter 6: General discussion

Genetic gains for forage yield of timothy in the Japanese breeding program (3.1

94



procedures rather than just hybrid breeding itself, the most critical point is not only
hybrid development per se but also the introduction of RRS, i.e. to create and use
heterotic groups for yield improvement in forage grasses or legumes. The CSS has the
capacity to include RRS because one of its main aims is to exploit combining ability
including SCA among a small number of parents (Chapter 5). In addition, SCA effect
among SPs partly contributed in the high-yielding performance of Syn2 of CSS strains
as well as GCA effect of SPs (Chapter 5). Moreover, its high-yielding performance was
confirmed in its subsequent generations (third and fourth synthetic generation) (Chapter
5). These results indicate that a potentially effective way to improve forage yield in the
future is RRS in CSS development with an application of genetic diversity based on
DNA marker polymorphism. Difficulties associated with the creation of heterotic
groups starting RRS in timothy are that breeders have often established only one
breeding population and that defining and dividing heterotic groups based only on field
trials are labor-intensive and time-consuming. The author discusses the usefulness of
genetic diversity based on DNA marker polymorphism to propose an effective RRS
scheme for an acceleratable yield improvement of timothy judged from the results of
selection simulations in this chapter (Chapter 6). In addition, the author suggests the
application of SSR marker diversity and development of CSS in actual timothy breeding
program, and discusses their prospects for the development of high yield varieties

(Chapter 6).

6.1: Proposal for reciprocal recurrent selections in timothy breeding using

molecular marker diversity

Posselt (2010) described a generalized RSS scheme for improving two parent
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populations in hybrid breeding. Feasible RRS approaches were selections of GCA of
SPs and GD among SPs because these genetic effects contributed to forage yield in the
CSS strains (Chapter 5). Taking these two perspectives into consideration, the breeding
scheme in Fig. 6.1 was proposed, which consists of three breeding phases. In brief,
current breeding populations were divided into two groups based on molecular marker
diversity in the first phase of creation of the base population (upper part of Fig. 6.1). In
the second phase of parental selections, SP candidates were selected based on individual
selections within each of the two pre-divided groups and top-cross progeny tests with a
tester derived from another group (middle part of Fig. 6.1). In the third phase of
constructions and evaluation of experimental varieties, CSS strains were developed by
combinations of SP candidates and leading varieties or well-developed strains as a PP
(lower part of Fig. 6.1).

In the first breeding phase, the maintenance of a series of elites and genetically

divergent populations will enhance breeders
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timothy breeding programs, advanced breeding materials and varieties well adapted to
the climate are the main genetic resources (Tamaki et al. 2010). Breeders often have
established only one breeding population for labor saving. Therefore most advanced
breeding materials are miscellaneous because they had already attempted introgressions
by intercrossing among various resources in recurrent selections. As improvement for
yield with our emphasis on a wide array of important traits, more effort should be
devoted to exploiting heterotic effects for yield within well-adapted current breeding
populations rather than using distinct populations that are inferior to current breeding
population at the beginning of a creation of heterotic groups. According to Humphreys
(2001), crossing early and late heading accessions produced valuable gene pools which
have been used to improve consistency of seasonal yield and nitrogen use efficiency in
perennial ryegrass. Populations derived from crossing with other maturing materials of
advanced breeding populations, which had been identified as distinct groups based on
molecular markers diversity, might be genetically divergent population as well-adapted
heterotic group candidates. No evidence that three putative heterotic groups exist within
breeding populations were obtained in this study, although the three-parents approach in
CSS development require three divergent populations for two SP candidates and a PP.
Therefore, two divergent populations shown in Fig. 6.1, where current breeding
population were divided into the putative heterotic groups based on DNA marker
diversity, is expected to be the most feasible approach at the initial step to RRS.

In terms of the second breeding phase, the selection of SPs in RRS and
improvement of PP candidates are key points to improve the process of CSS
construction. Difficulties associated with the selection of SPs are that breeding efforts

were distributed for SCA among SPs and GCA of SPs, i.e. either top-cross or polycross

97



progeny tests were established. Top-cross progeny tests were more feasible procedures
in selection for SCA than polycross progeny tests (Chapter 4) were, whereas GCA
defined as performances in polycross progeny tests contributed to forage yields in CSS
strains as well as SCA among SPs (Chapter 5). Successful SPs selection is expected to
depend on how genetic gains for forage yield can be anticipated within a limited of
current breeding population possessing additive variation evaluated in Chapter 2 and
genetic diversity on SSR markers evaluated in Chapter 4. In any case, DNA profiling
provides applicable tools to distinguish the relative contributions of GCA and SCA
effects, as explained in Chapter 3 and Chapter 4. Development of PP candidates can be
operated using the following three approaches: (i) a new leading cultivar as PP of CSS
strains, (ii) a conventional synthetic strain derived from the third genetically divergent
group from SPs, and (iii) a conventional synthetic strain derived from two putative
heterotic groups of SPs. At a breeding stage of transition from a conventional recurrent
selection to a RRS, a leading cultivar would be suited to the first choice, as discussed in
Chapter 5. Establishment of PP in a succeeding CSS development requires more
empirical results at an advanced breeding stage for long-term yield increases.
Post-synthesis selections, which are historically the most proven approach to
improving forage yields, still have a key role in the third breeding phase. The CSS
development might be more beneficial for the post-synthesis selection than
conventional synthetic variety. Synthesizing of the only six SPs and a PP in Chapter 5
found 15 CSS strains having large variations for forage yields, whereas a few
experimental strains could be developed through one selection cycle in conventional
synthetic development. An experimental strain might include failure parents masked by

GEl in parental selections (Amini et al. 2011). Breeders must also assume the cases of a
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conventional synthetic development in RRS scheme and reverting to conventional
recurrent selection such as among- and within-half-sib family selection in a breeding
stage of the transition. These facts imply the necessary of avoiding the loss of
accumulating additive effects within breeding populations through RRS. In a breeding
stage attaining several cycles in RRS, the CSS scheme was modified to fit two heterotic
groups shown in Fig. 6.2, although no evidence exists for this. General aspects of the

scheme has been described by Tamaki et al

99



selection did, attaining one selection cycle shown in Chapter 2. Pattern C was not so
much compared with among- and within-half-sib family selection (Fig. 6.4). The
increase of the additive effect through three selection cycles in the population of the

pattern A established top-cross progeny tests (0.747 Mg ha
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their PP for annual DMY at all locations (Table 6.2 and Fig. 6.5). In such multiple
environment trials, the occurrence of GEI is often unavoidable, especially in the
location environment. Reportedly, both biotic and abiotic factors are said to be the main
contributors for GEI and yield instability in plants, although these known factors can
only partly explain most of the GEI in multiple environment trials (Ferreira et al. 2006;
Asfaw et al. 2009). Nevertheless, it has been reported that SCA tended to be unstable to
environments rather than GCA for yield performance of hybrids in maize (de Souza et
al. 2009; Devi and Singh 2011). Although relations between yield stability and relative
contributions of genetic effects in CSS strains call for additional investigation, some
(but not all) well-adapted and high-yielding CSS strains at multi-environments have
been found in primary CSS breeding (Fig. 6.5).

Results of this study suggest that genetic diversity on DNA markers has been used
for the following: (i) identification of putative heterotic groups in a current breeding
population, (ii) pre-selecting materials for an introgression of new resources such as
top-crosses among different maturing groups, and (iii) parental selection in conventional
synthetic varieties. In actual timothy breeding at KAES, some relative attempts were
operated as follow: (i) early maturing 96 individuals selected from the current breeding
base population were divided into putative heterotic groups based on 28 SSR markers in
2013 (Figs. 6.6 and 6.7), (ii) materials were pre-selected for top-cross between early
maturing single plants and medium varieties based on results of cluster analysis of six

current reading varieties in Hokkaido in 2012
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heterotic groups are crossed in top- and polycross mating designs. Operations of the
RRS with top-cross and polycross progeny tests (pattern B in Fig. 6.3) will be started in
2015. Consequently, the operations of RRS with CSS development are just launched in
timothy breeding at KAES. Such approaches using genetic diversity on SSR markers
might enhance improvement of forage yield by exploiting heterosis. In the future, these
approaches are expected to achieve long-term rapid yield improvement in timothy.
Developing high-yielding timothy varieties engenders increased productivity in
renovated grasslands and earlier recovery of costs for grassland renovation. Moreover,
these might provide solutions for conversion to dairy systems that are dependent solely
on self-sufficient feed by enhancing grassland renovation and a reduction in
environment burden of dairy systems depending on imported feed. Finally, the author
hopes this work can support the continued development of environment-friendly
agricultural system through increased production of high-quality feed that can be

produced with domestic self-sufficiency.
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Figure 6.1 General reciprocal recurrent selection (RRS) scheme with
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Figure 6.3 Patterns (A
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Figure 6.4 Transition of forage yields with selection cycles of three patterns (A, B and C) of
reciprocal recurrent selection (RRS) with CSS development and among and within half-sib
selection (AWHS) in timothy (Phleum pratense L.) by computer simulation based on the dataset

obtained in Chapter 2
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Table 6.2 Annual dry matter yields (Mg ha
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Figure 6.6 Unweighted pair group method using arithmetic average (UPGMA) clustering of 96
timothy (Phleum pratense L.) genotypes using a matrix of Dice coefficients by marker-based
diversity. The genotypes were early maturing individuals selected from the breeding base

population during 2011
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forage yield in timothy breeding programs in Hokkaido. The aims of this study were to
evaluate genetic gains and narrow sense heritability based on datasets of timothy
local-adaptability tests in Hokkaido since the 1960s, polycross progeny tests at the

Kitami Agricultural Experiment Station (KAES), Hokkaido since the 1970s and a

parent
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and its relation to forage yield (Chapter 3)

Molecular marker technologies might provide an important tool to overcome the forage
yield plateau in timothy. Therefore, this study was designed to investigate the relation
between marker-based GD estimates and yield in polycross mating designs. Genetic
distances were estimated using Dice coefficients framed by 28 simple sequence repeat
(SSR) markers. In Experiment 1, parents with high general combining ability (GCA)
from two contrasting first-generation synthetic strains (exhibiting high and low yields)
were compared. Average GDs of each strain were 0.74 (high) and 0.68 (low). These
differences indicate that GD might partially constitute the basis for contrasting yields. In
Experiment 2, GDs among 40 parents of a polycross were used for calculating the
general genetic distance (GGD), which is indicative of their allelic complementation.
Analyses revealed a significant (p < 0.01) moderate correlation (r) between GGD and
GCA for yield (r = 0.45) and a significant (p < 0.01) residual mean square for the
regression of yield on GGD, suggesting that considerable non-additive effects were
associated with GCA. The results are indicative of the potential use of GD estimation

for yield improvement in timothy.

3: DNA profiling of seed parents and a top-cross tester and its application for yield
improvement in timothy (Chapter 4)

Assessment of genetic diversity based on DNA profiling contributes to the selection of
superior parents for heterosis. The objective of this study was to investigate how closely
the yields of timothy top-cross progenies are related to the genetic diversity between

their seed parents and the pollen tester parent
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among 67 genotypes, which consisted of 16 plants of timothy variety
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progeny tests in the other group, showed approximately twice the genetic gains (
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Appendix

This appendix provides program codes for selection simulations in R statistical software

A: Code for a simulation of among- and within-half-sib family selection in Chapter 2

>
>

gendat <- function(nc,

9]

>{

>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>

nv <- ncol(r)

z <- matrix(rnorm(nv*nc), ncol=nv)

r2 <- cor(z)

res <- eigen(r2)

coeff <- solve(r2) %% (sqrt(matrix(res$values, nv, nv, byrow=TRUE))*res$vectors)
z <- t((t(2)-colMeans(2))/sqrt(apply(z, 2, var)*(nc-1)/nc)) %*% coeff

return(z %*% chol(r))

}

trial <- 100
for (try in 1:trial) {

sample.among <- 80

sample._within <- 1600

P.among <- 16

P.within <- 80

sigma.BLUPO <- 0.338

mu <- 11.1

m.BLUPO <- O

h.among <- 0.43

h_.within <- 0.05

inbreeding <- 0.85

dat <- gendat (sample.among, matrix(c(1, 0, 0, 1), ncol=2))
a.among0 <- (dat[,1]-mean(dat[,1]))*sqgrt(h.among)
e.among0 <- (dat[,2]-mean(dat[,2]))*sqrt(1-h.among)
BLUP.among0 <- a.among0 + e.amongO

a.among0 <- a.among0/sd(BLUP.among0)*sigma.BLUPO+m.BLUPO
BLUP.among0 <- a.among0 + e.amongO

sigma.a.among0 <- sd(a.among0)

sigma.e.among0 <- sd(e.among0)

dat.among0 <- cbind(a.among0,e.among0,BLUP.among0)
m.a.among0 <- mean (dat.amongO[,1])

sortlist <- order(dat.amongO[,3])
dat.among0 <- dat.amongO[sortlist,]
i <- sample.among-(P.among-1)

> j <- sample.among

>

VVVVVYV

selection.among0 <- dat.amongO[i:j,]

m.a.within0 <- mean(selection.amongO[,1])
S.a.among0<-m.a.within0O-m.a.among0

S <- mean(selection.amongO[,1])-m.a.among0

dat <- gendat (sample.within, matrix(c(1,0,0,1), ncol=2))
a.within0 <- (dat[,1]-mean(dat[,1]))*sgrt(h.within)
e.within0 <- (dat[,2]-mean(dat[,2]))*sqrt(1-h.within)
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sigma <- sd(a.within0)

a.within0 <- a.within0*(sigma.a.among0*sqrt(3)/sigma)+m.a.among0+S*0.5
e.within0 <- e.within0*(sigma.a.among0*sqrt(3)/sigma)

BLUP.withinO <- a.within0O + e.withinO

sigma.a.within0 <- sd(a.within0)

sigma.e.within0 <- sd(e.within0)

m.a.within0 <- mean (a.within0)

dat.within0 <- cbind(a.within0,e.within0,BLUP.within0)

sortlist <- order(dat.withinO[,3])

dat.within0 <- dat.withinO[sortlist,]

i <- sample.within-(P.within-1)

J <- sample._within

selection.within0 <- dat.withinO[i:j,]

sigma.a.withinl <- sd(selection.withinO[,1])

sigma.a.amongl <- sigma.a.withinl/sqrt(3)

m.a.amongl <- mean(selection.withinO[,1])

S <- mean(selection.withinO[,1])-m.a.within0

dat <- gendat (sample.among, matrix(c(1,0,0,1), ncol=2))
a.amongl <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.amongl+m.a.within0+S
e.amongl <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0
BLUP.amongl <- a.amongl + e.amongl

dat.amongl <- cbind(a.amongl,e.amongl,BLUP.amongl)

m.a.amongl <- mean(dat.amongl[,1])

YhssO <- (m.a.amongl + mu)*(1 - (2*3-1)/(3)*(1-inbreeding)/80)

sortlist <- order(dat.amongl[,3])
dat.amongl<-dat.amongl[sortlist,]

i <- sample.among-(P.among-1)

J <- sample.among

selection.amongl <- dat.amongl[i:j,]

m.a.withinl <- mean(selection.amongl[,1])
S.a.amongl<-m.a.withinl-m.a.amongl

S <- mean(selection.amongl[,1])-m.a.amongl

dat <- gendat(sample.within, matrix(c(1,0,0,1), ncol=2))
a.withinl <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.withinl+m.a.amongl+S*0.5
e.withinl <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.within0
BLUP.withinl <- a.withinl + e.withinl

dat.withinl <- cbind(a.withinl,e.withinl,BLUP.withinl)
m.a.withinl <- mean(dat.withinl[,1])

sortlist <- order(dat.withinl[,3])

dat.withinl <- dat.withinl[sortlist,]

i <- sample.within-(P.within-1)

J <- sample._within

selection.withinl <- dat.withinl[i:j,]

sigma.a.within2 <- sd(selection.withinl[,1])

sigma.a.among?2 <- sigma.a.within2/sqrt(3)

m.a.among2 <- mean(selection.withinl[,1])

S <- mean(selection.withinl[,1])-m.a.withinl

dat <- gendat (sample.among, matrix(c(1,0,0,1), ncol=2))
a.among2 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.among2+m.a.withinl+S
e.among2 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0
BLUP.among2 <- a.among2+e.among2

dat.among2 <- cbind(a.among2,e.among2,BLUP.among2)

m.a.among2 <- mean(dat.among?[,1])

Yhssl <- (m.a.among2 + mu)*(1-(2*3-1)/(3)*(1-inbreeding)/80)
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sortlist <- order(dat.among?[,3])

dat.among2 <- dat.among2[sortlist,]

i <- sample.among-(P.among-1)

J <- sample.among

selection.among2 <- dat.among2[i:j,]

m.a.within2 <- mean(selection.among2[,1])

S.a.among2 <- m.a.within2-m.a.among2

S <- mean(selection.among2[,1])-m.a.among2

dat <- gendat (sample.within, matrix(c(1,0,0,1), ncol=2))
a.within2 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.within2+m.a.among2+S*0.5
e.within2 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.within0
BLUP.within2 <- a.within2 + e.within2

dat.within2 <- chind(a.within2,e.within2,BLUP.within2)
m.a.within2 <- mean(dat.within2[,1])

sortlist <- order(dat.within2[,3])

dat.within2 <- dat.within2[sortlist,]

i <- sample.within-(P.within-1)

J <- sample.within

selection.within2 <- dat.within2[i:j,]

sigma.a.within3 <- sd(selection.within2[,1])

sigma.a.among3 <- sigma.a.within3/sqrt(3)

m.a.among3 <- mean(selection.within2[,1])

S <- mean(selection.within2[,1])-m.a.within2

dat <- gendat(sample.among, matrix(c(1,0,0,1), ncol=2))
a.among3 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.among3+m.a.within2+S
e.among3 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0
BLUP.among3 <- a.among3+e.among3

dat.among3 <- cbind(a.among3,e.among3,BLUP.among3)

m.a.among3 <- mean(dat.among3[,1])

Yhss2 <- (m.a.among3+ mu)*(1-(2*3-1)/(3)*(1-inbreeding)/80)

sortlist <- order (dat.among3[,3])

dat.among3 <- dat.among3[sortlist,]

i <- sample.among-(P.among-1)

J <- sample.among

selection.among3 <- dat.among3[i:j,]

m.a.within3 <- mean(selection.among3[,1])

S.a.among3 <- m.a.within3-m.a.among3

S <- mean(selection.among3[,1])-m.a.among3

dat <- gendat (sample.within, matrix(c(1,0,0,1), ncol=2))
a.within3 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.within3+m.a.among3+S*0.5
e.within3 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.within0
BLUP.within3 <- a.within3 + e.within3

dat.within3 <- cbind(a.within3,e.within3,BLUP.within3)
m.a.within3 <- mean(dat.within3[,1])

sortlist <- order(dat.within3[,3])
dat.within3<-dat.within3[sortlist,]

i <- sample.within-(P.within-1)

J <- sample.within

selection.within3 <- dat.within3[i:j,]

m.a.among4 <- m.a.within3+(mean(selection.within3[,1])-m.a.within3)
Yhss3 <- (m.a.among4 + mu)*(1 - (2*3-1)/(3)*(1-inbreeding)/80)
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B: Code for a simulation of the pattern A of reciprocal recurrent selection (RRS) with

clone and strain synthesis (CSS) development in Chapter 6

trial <- 100
for (try in 1:trial) {

sample.among <- 80
sample.within <- 1600
P.among <- 16
P_within <- 80

mu <- 11.1

m.BLUPO <- 0
sigma.BLUPO <- 0.338
m.GDO <- 0.70
sigma.GDO <- 0.0476
R <- 0.37

h.among <- 0.43
h.within <- 0.05
inbreeding<-0.85

p <-2

dat <- gendat(sample.among, matrix(c(1,0,0,0,0,1,0,0,0,0,1,0,0,0,0,1), ncol=4))
MDSx0 <- dat[,3]*sqrt(R)

MDSy0 <- dat[,4]*sqrt(1-R)

GDO <- matrix(0, sample.among, sample.among)

for (i in 1l:sample.among) {

for (J in 1l:sample.among) {

if (1=]){
GDO[i,j] <- NA
T else {
GDO[1,J] <- sqrt((MDSxO[1]-MDSxO[J)"2+(MDSyO[1]-MDSYO[J1D"2)
}
}
}

MDSx0 <- MDSx0/sd(GDO[!is.na(GDO)])*sigma.GDO
MDSyO <- MDSy0/sd(GDO[!is.na(GDO)])*sigma.GDO
for (i in 1:sample.among) {
for (J in 1l:sample.among) {

if (1 =j){
GDO[i,j] <- NA
¥} else {
GDO[i,j] <- sqrt((MDSxO[i]-MDSXO[j])"2+(MDSyO[i]-MDSyO[i]1)"2)
}
}
}

c0 <- m.GDO-mean(GDO[!is-na(GDO)])

a.among0 <- (dat[,1]-mean(dat[,1]))*sqgrt(h.among)
e.among0 <- (dat[,2]-mean(dat[,2]))*sqrt(1-h.among)
BLUP.among0 <- a.amongO+e.among0

a.among0 <- a.among0/sd(BLUP.among0)*sigma.BLUPO+m.BLUPO
e.among0 <- e.among0/sd(BLUP.among0)*sigma.BLUPO
BLUP.among0 <- a.amongO+e.among0

sigma.e.among0 <- sd(e.among0)
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dat.among0 <- cbind(a.among0,e.among0,BLUP.among0, MDSx0, MDSyQ)
m.a.among0 <- mean(dat.amongO[,1])

sortlist <- order(dat.amongO[,4])
dat.amog0 <- dat.amongO[sortlist,]
group <- rep(c(1,2), rep(sample.among/2,2))
dat.among0 <- cbind(dat.among0,group)
for (i in l:sample.among) {
for (j in 1l:sample.among) {
it (i =j){
GDO[i.j] <- 0
T else {
GDO[i,J] <- sqrt((dat.amongO[i,4] - dat.amongO[j,4])"2 + (dat.amongO[i, 5] -
dat.amongO[j,5])"2) + cO
}

}
}
J <- sample.among/2

k <- sample.among/2+1

GDvsPO <- c(rep(0,sample.among))

for (i in 1:j) {

I <- ¢ (GDO[i,k:sample.among])

GDvsPO[1] <- mean(l)

}

for (i in k:sample.among) {

I <- ¢ (GDO[§,1:JD

GDvsPO[i] <- mean(l)

}

dat.among0 <- cbind(dat.amongO,GDvsP0O)

m.a.amongOA <- mean(dat.amongO[1:j,1])

m.a.among0B <- mean(dat.amongO[k:sample.among,1])
sigma.a.amongOA <- sd(dat.amongO[1:j,1])
sigma.a.among0B <- sd(dat.amongO[k:sample.among,1])
m.MDSx.amongOA <- mean(dat.amongO[1:j,4])
m.MDSy.among0A <- mean(dat.amongO[1:j,51)
m.MDSx.among0B <- mean(dat.amongO[k:sample.among,4])
m.MDSy.amongOB <- mean(dat.amongO[k:sample.among,5])
sigma.MDSx.amongOA <- sd(dat.amongO[1:j,4])
sigma.MDSy.amongOA <- sd(dat.amongO[1:j,5])
sigma.MDSx.amongOB <- sd(dat.amongO[k:sample.among,4])
sigma.MDSy.among0OB <- sd(dat.amongO[k:sample.among,5])

J <- -8.57310802049102

k <- 42.7967595960015

I <- 2.6972471265371

PYtxp0 <- c(rep(0,sample.among))

for (i in 1l:sample.among) {

PYtxpO[i] <- j + k*dat.amongO[i,7] + I*dat.amongO[i,3]
}

dat.among0 <- cbind(dat.among0,PYtxp0)

sortlist <- order(dat.amongO[,8])
dat.among0 <- dat.amongO[sortlist,]
sortlist <- order(dat.amongO[,6])
dat.among0 <- dat.amongO[sortlist,]
j <- sample.among/2-2

k <- sample.among/2
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I <- sample.among-2

m <- sample.among

selection.cssO <- rbind(dat.amongO[j :k,],dat.amongO[1:m,])

BLUP.cssO <- c(rep(0,9))

GD.cssO <- c(rep(0,9))

> for (i in 1:3) {

> for (J in 4:6) {

> BLUP.cssO [3*(i-1)+j-3] <- selection.cssO[1,3]+selection.css0[j,3]

> GD.cssO[3*(i-1)+j-3] <- sqrt((selection.css0[i,4] - selection.cssO[j,4])"2 +
(selection.css0[i,5] - selection.css0[j,5])72) + c0

>}

}

PYcssO <- c(rep(0,9))

PYcssO <- 19.659684525915 * (1 - (2*3-1)/(3)*(1 - inbreeding)/p) + 12.9403195740276
GD.cssO * (p - 1)/p + 2.39576708678515 * BLUP.cssO * (p - 1)/p

YcssO <- mean(PYcss0)

V VV VYV

sortlist <- order (dat.amongO[,8])
dat.among0 <- dat.amongO[sortlist,]
sortlist <- order (dat.amongO[,6])
dat.amongO<-dat.amongO[sortlist,]

J <- sample.among/2-(P.among/2-1)

k <- sample.among/2

I <- sample.among-(P.among/2-1)

m <- sample.among

selection.among0A <- dat.amongO[j:K,]
selection.among0OB <- dat.amongO[l:m,]

m.a.withinOA <- mean(selection.amongOA[,1])

S.a.amongOA <- m.a.withinOA-m.a.amongOA

m.MDSx.withinOA <- mean(selection.amongOA[,4])
S.MDSx.withinOA <- m.MDSx.withinOA-m_MDSx.amongOA
m.MDSy.withinOA <- mean(selection.amongOA[,5])
S.MDSy.withinOA <- m_MDSy.withinOA-m_MDSy.amongOA
sigma.MDSx.amonglA <- sd(selection.amongOA[,4])
sigma.MDSy.amonglA <- sd(selection.amongOA[,5])

dat <- gendat (sample.within/2, matrix(c(1,0,0,1), ncol=2))
a.within0 <- (dat[,1]-mean(dat[,1]))*sqrt(h.within)
e.within0 <- (dat[,2]-mean(dat[,2]))*sqrt(1-h.within)
BLUP.within0 <- a.within0 + e.withinO

sigma <- sd(a.within0)

a.within0 <- a.within0/sigma*sigma.a.among0A*sgrt(3)+m.a.among0A+S.a.among0A*0.5
e.within0 <- e.within0/sigma*sigma.a.among0A*sgrt(3)
BLUP.within0 <- a.within0 + e.withinO

sigma.a.withinOA <- sd(a.within0)

sigma.e._withinOA <- sd(e.within0)

m.a.withinOA <- mean(a.within0)

dat.withinOA <- cbind(a-withinO, e.withinO, BLUP.within0)

.a.withinOB <- mean(selection.amongOB[,1])
.a.amongOB <- m.a.withinOB-m.a.amongOB
-MDSx.withinOB <- mean(selection.amongOB[,4])
-MDSx.withinOB <- m._MDSx.withinOB-m._MDSx.amongOB
-.MDSy.withinOB <- mean(selection.amongOB[,5])
-MDSy .withinOB <- m.MDSy.withinOB-m_MDSy.amongOB
sigma.-MDSx.amonglB <- sd(selection.amongOB[,4])
sigma.-MDSy.amonglB <- sd(selection.amongOB[,5])
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dat <- gendat (sample.within/2, matrix(c(1,0,0,1), ncol=2))
a.within0 <- (dat[,1]-mean(dat[,1]))*sgrt(h.within)
e.within0 <- (dat[,2]-mean(dat[,2]))*sqrt(1-h.within)
BLUP.withinO <- a.within0O + e.withinO

sigma <- sd(a.within0)

a.within0 <- a.within0/sigma*sigma.a.among0B*sqrt(3)+m.a.among0B+S.a.among0B*0.5
e.within0 <- e.within0/sigma*sigma.a.among0B*sqrt(3)
BLUP.within0 <- a.within0 + e.withinO

sigma.a.withinOB <- sd(a.within0)

sigma.e.within0OB <- sd(e.within0)

m.a.withinOB <- mean(a.within0)

dat.withinOB <- cbind(a.within0,e.within0,BLUP.within0)

sortlist <- order (dat.withinOA[,3])

dat.withinOA <- dat.withinOA[sortlist,]

i <- sample.within/2-(P.within/2-1)

J <- sample.within/2

selection.withinOA <- dat.withinOA[i:j,]

sigma.a.withinlA <- sd(selection.withinOA[,1])

sigma.a.amonglA<- sigma.a.withinlA/sgrt(3)

m.a.amonglA <- mean(selection.withinOA[,1])

dat <- gendat(sample.among/2, matrix(c(t,0,0,0,0,1,0,0,0,0,1,0,0,0,0,1), ncol=4))
a.amongl <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.amonglA+m.a.amonglA
e.amongl <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0

BLUP.amongl <- a.amongl + e.amongl

MDSx1A <- (dat[,3]-mean(dat[,3]))/sd(dat[,3])*sigma.MDSx.amonglA+ m._MDSx.amongOA+

-MDSx.withinOA*0.5

MDSy1A <- (dat[,4]-mean(dat[,4]))/sd(dat[,4])*sigma.MDSy.amonglA+ m.MDSy.amongOA+

-MDSy .withinOA*0.5

dat.amonglA <- chind(a.amongl,e.amongl,BLUP.amongl,MDSx1A ,MDSylA )
m.MDSx.amonglA <- mean(MDSx1A)
m.MDSy.amonglA <- mean(MDSyl1A)

sortlist <- order (dat.withinOB[,3])

dat.withinOB<-dat.withinOB[sortlist,]

i <- sample.within/2-(P.within/2-1)

J <- sample.within/2

selection.withinOB <- dat.withinOB[i:j,]

sigma.a.withinlB <- sd(selection.withinOB[,1])

sigma.a.amonglB<- sigma.a.withinlB/sqrt(3)

m.a.amonglB <- mean(selection.withinOB[,1])

dat <- gendat(sample.among/2, matrix(c(1,0,0,0,0,1,0,0,0,0,1,0,0,0,0,1), ncol=4))
a.amongl <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.amonglB+ m.a.amonglB
e.amongl <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0

BLUP.amongl <- a.amongl + e.amongl

MDSx1B <- (dat[,3]-mean(dat[,3]))/sd(dat[,3])*sigma.MDSx.amonglB+ m.MDSx.amongOB+

-.MDSx.withinOB*0.5

MDSy1B <- (dat[,4]-mean(dat[,4]))/sd(dat[,4])*sigma.MDSy.amonglB+ m._MDSy.amongOB+

-.MDSy .withinOB*0.5

dat.amonglB <- cbhind(a.amongl,e.amongl,BLUP.amongl,MDSx1B ,MDSyl1B )

.MDSx.among1B <- mean(MDSx1B)

m.MDSx.amonglB <- mean(MDSx1B)
m.MDSy.among1B <- mean(MDSy1B)

dat.amongl <- rbind(dat.amonglA, dat.amonglB)

group <- rep(c(1,2), rep(sample.among/2,2))
dat.amongl <- cbind(dat.amongl,group)
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GD1 <- matrix(0, sample.among, sample.among)
for (i in l:sample.among) {
for (j in 1l:sample.among) {
if (1=j){
CD1[i,j] <- O
T else {
GD1[i,j] <- sgrt((dat.amongl[i,4] - dat.amongl[j,4])"2 + (dat.amongl[i,5] -
dat.amongl[j,5]D"2) + c0
}

}

}

j <- sample.among/2

k <- sample.among/2+1

GDvsP1l <- c(rep(0,sample.among))

for (i in 1:j) {

I <- ¢ (GD1[1,k:sample.among])
GDvsP1[i] <- mean(l)

}

for (i in k:sample.among) {

I <- ¢ (GD1[§,1:5D

GDvsP1[i] <- mean(l)

}

dat.amongl <- cbind(dat.amongl,GDvsPl)
J <- -8.57310802049102

k <- 42.7967595960015

I <- 2.6972471265371

PYtxpl <- j + k*dat.amongl[,7] + I*dat.amongl[,3]
dat.amongl <- cbind(dat.amongl,PYtxpl)

sortlist <- order (dat.amongl[,8])
dat.amongl<-dat.amongl[sortlist,]
sortlist <- order (dat.amongl[,6])
dat.amongl<-dat.amongl[sortlist,]

J <- sample._among/2-2

k <- sample.among/2

1 <- sample.among-2

m <- sample.among

selection.cssl <- rbind(dat.amongl[j:k,],dat.amongl[1:m,])
BLUP.cssl1<-c(rep(0,9))

GD.css1<-c(rep(0,9))

for (i in 1:3) {

for (J in 4:6) {

BLUP.cssl [3*(i-1)+j-3] <- selection.cssl[i,3]+selection.cssl[j,3]
GD.cssl [3*(i-1)+j-3] <- sgrt ((selection.css1[i,4] - selection.cssl[j,4])"2 +

(selection.cssl[i,5] - selection.css1[j,5])72) + c0

>
>
>
>
>

b
}

PYcssl <- c(rep(0,9))
PYcssl <- 19.659684525915 * (1-(2*3-1)/(3) * (1-inbreeding)/p) + 12.9403195740276 *

GD.cssl * (p-1)/p + 2.39576708678515 * BLUP.cssl * (p-1)/p

>
>
>
>

Ycssl <- mean(PYcssl)

J <- sample.among/2-(P.among/2-1)
k <- sample.among/2
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I <- sample.among-(P.among/2-1)

m <- sample.among

selection.amonglA <- dat.amongl[j:k,]
selection.amonglB <- dat.amongl[l:m,]

m.a.withinlA <- mean(selection.amonglA[,1])

S.a.amonglA <- m.a.withinlA-m.a.amonglA

m.MDSx.withinlA <- mean(selection.amonglA[,4])

S.MDSx.withinlA <- m.MDSx.withinlA-m.MDSx.amonglA

m.MDSy.withinlA <- mean(selection.amonglA[,5])

S_MDSy.withinlA <- m.MDSy.withinlA-m_MDSy.amonglA

sigma.MDSx.among2A <- sd(selection.amonglA[,4])

sigma.MDSy.among2A <- sd(selection.amonglA[,5])

dat <- gendat (sample.within/2, matrix(c(1,0,0,1), ncol=2))

a.withinl <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.withinlA+m.a.amonglA +

-a.amonglA*0.5

e.withinl <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.withinOA
BLUP.withinl <- a.withinl + e.withinl

dat.withinlA <- cbind(a.withinl,e.withinl,BLUP.withinl)
m.a.withinlA <- mean(dat.withinlA[,1])

.a.withinlB <- mean(selection.amonglB[,1])

.a.amonglB<-m.a.withinlB-m.a.amonglB

.MDSx.withinlB <- mean(selection.amonglB[,4])

.MDSx.withinlB <- m_MDSx.withinlB-m.MDSx.amonglB

-MDSy.withinlB <- mean(selection.among1B[,5])

-MDSy .withinlB <- m.MDSy.withinlB-m_MDSy.amonglB

sigma.MDSx.among2B <- sd(selection.amonglB[,4])

sigma.MDSy.among2B <- sd(selection.amonglB[,5])

dat <- gendat (sample.within/2, matrix(c(1,0,0,1), ncol=2))

a.withinl <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.withinlB+ m.a.amonglB +

S n3wm3

;]

.a.amonglB*0.5

e.withinl <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.withinOB
BLUP.withinl <- a.withinl + e.withinl

dat.withinlB <- cbind(a.withinl,e_withinl,BLUP.withinl)
m.a.withinlB <- mean(dat.withinlB[,1])

sortlist <- order(dat.withinlA[,3])

dat.withinlA <- dat.withinlA[sortlist,]

i <- sample.within/2-(P.within/2-1)

J <- sample.within/2

selection.withinlA <- dat.withinlA[i:j,]

sigma.a.within2A <- sd(selection.withinlA[,1])

sigma.a.among2A <- sigma.a.within2A/sgrt(3)

m.a.among2A <- mean(selection.withinlA[,1])

dat <- gendat (sample.among/2, matrix(c(,0,0,0,0,1,0,0,0,0,1,0,0,0,0,1), ncol=4))
a.among2 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.among2A+ m.a.among2A
e.among2 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0

BLUP.among2 <- a.among2 + e.among2

MDSx2A <- (dat[,3]-mean(dat[,3]))/sd(dat[,3])*sigma.MDSx.among2A+ m.MDSx.amonglA+

-MDSx.withinlA*0.5

MDS <- (dat[,4]-mean(dat[,4]))/sd(dat[,4])*sigma.MDSy.among2A+ m.MDSy.amonglA+

-.MDSy .withinlA*0.5

dat.among2A <- chind(a.among2,e.among2,BLUP.among2,MDSx2A ,MDSy2A )
m.MDSx.among2A <- mean(MDSx2A)
m.MDSy.among2A <- mean(MDSy2A)
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sortlist <- order (dat.withinlB[,3])

dat.withinlB <- dat.withinlB[sortlist,]

i <- sample.within/2-(P.within/2-1)

j <~ sample.within/2

selection.withinlB <- dat.withinlB[i:j,]

sigma.a.within2B <- sd(selection.withinlB[,1])

sigma.a.among2B<- sigma.a.within2B/sqrt(3)

m.a.among2B <- mean(selection.withinlB[,1])

dat <- gendat (sample.among/2, matrix(c(,0,0,0,0,1,0,0,0,0,1,0,0,0,0,1), ncol=4))
a.among2 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.among2B+ m.a.among2B
e.among2 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0

BLUP.among2 <- a.among2 + e.among2

MDSx2B <- (dat[,3]-mean(dat[,3]))/sd(dat[,3])*sigma.MDSx.among2B+ m.MDSx.amonglB+

-MDSx.withinlB*0.5

MDSy2B <- (dat[,4]-mean(dat[,4]))/sd(dat[,4])*sigma.MDSy.among2B+ m.MDSy.amonglB+

.MDSy .withinlB*0.5

dat.among2B <- chind(a.among2,e.among2,BLUP.among2,MDSx2B ,MDSy2B )
m.MDSx.among2B <- mean(MDSx2B)

m.MDSy.among2B <- mean(MDSy2B)

dat.among2 <- rbind(dat.among2A, dat.among2B)

group <- rep(c(1,2), rep(sample.among/2,2))

dat.among2 <- cbind(dat.among2,group)

GD2 <- matrix(0, sample.among, sample.among)
for (i in 1l:sample.among) {
for (J in l:sample.among) {
if (i =j){
GD2[i,j] <- O
¥} else {
GD2[1,J] <- sqgrt ((dat.among?2[i,4] - dat.among2[j,4])"2 + (dat.among2?[i,5] -
dat.among2[j,5]D"2) + c0
}

j <- sample.among/2
<- sample.among/2+1
DvsP2 <- c(rep(0,sample.among))

<- c(GD2[i,k:sample.among])
DvsP2[i] <- mean(l)

for (i in k:sample.among) {
I <- c(GD2[i,1:j])

GDvsP2[i] <- mean(l)

}

dat.among2 <- cbind(dat.among2, GDvsP2)

J <- -8.57310802049102

k <- 42.7967595960015

I <- 2.6972471265371

PYtxp2 <- j + k*dat.among?[,7] + I*dat.among?[,3]
dat.among2 <- cbind(dat.among2,PYtxp2)

sortlist <- order (dat.among?[,8])
dat.among2 <- dat.among2[sortlist,]
sortlist <- order(dat.among?[,6])

dat.among2 <- dat.among2[sortlist,]
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j <- sample.among/2-2

k <- sample.among/2

I <- sample.among-2

m <- sample.among

selection.css2 <- rbind(dat.among2[j:k,],dat.among2[1:m,])
BLUP.css2<-c(rep(0,9))

GD.css2<-c(rep(0,9))

for (i in 1:3) {

for (j in 4:6) {

BLUP.css2 [3*(i-1)+j-3] <- selection.css?[i,3]+selection.css2[j,3]
GD.css2 [3*(i-1)+j-3] <- sgrt((selection.css2[i,4] - selection.css?2[j,4])"2 +

(selection.css2[i,5] - selection.css?[j,5])72) + c0

>
>
>
>
>

}
}

PYcss2 <- c(rep(0,9))
PYcss2 <- 19.659684525915*(1-(2*3-1)/(3) * (1-inbreeding)/p) + 12.9403195740276 *

GD.css2 * (p-1)/p + 2.39576708678515 * BLUP.css2 * (p-1)/p
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Ycss2 <- mean(PYcss2)

J <- sample.among/2-(P.among/2-1)

k <- sample.among/2

1 <- sample.among-(P.among/2-1)

m <- sample.among

selection.among2A <- dat.among2[j:k,]

selection.among2B <- dat.among2[l:m,]

m.a.within2A <- mean(selection.among2A[,1])

S.a.among2A <- m.a.within2A-m.a.among2A

m.MDSx.within2A <- mean(selection.among2A[,4])
S_MDSx.within2A <- m.MDSx.within2A-m_MDSx.among2A
m.MDSy.within2A <- mean(selection.among2A[,5])
S.MDSy.within2A <- m_MDSy.within2A-m_MDSy.among2A
sigma.MDSx.among3A <- sd(selection.among?A[,4])
sigma.MDSy.among3A <- sd(selection.among?A[,5])

dat <- gendat (sample.within/2, matrix(c(1,0,0,1), ncol=2))
a.within2 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.within2A+ m.a.among2A +

-a.among2A*0.5

e.within2 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.withinOA
BLUP.within2 <- a.within2 + e.within2

dat.within2A <- cbind(a.within2,e_within2,BLUP.within2)
m.a.within2A <- mean(dat.within2A[,1])

.a.within2B <- mean(selection.among2B[,1])

.a.among2B <- m.a.within2B-m.a.among2B

-MDSx.within2B <- mean(selection.among2B[,4])

-MDSx.within2B <- m_MDSx.within2B-m_MDSx.among2B

-MDSy.within2B <- mean(selection.among?B[,5])

-MDSy .within2B <- m.MDSy.within2B-m_MDSy.among2B

sigma.MDSx.among3B <- sd(selection.among2B[,4])

sigma-MDSy.among3B <- sd(selection.among?B[,5])

dat <- gendat(sample.within/2, matrix(c(1,0,0,1), ncol=2))

a.within2 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.within2B+ m.a.among2B +

n3sums3s wm3

.a.among2B*0.5

e.within2 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.within0OB
BLUP.within2 <- a.within2 + e.within2
dat.within2B <- cbind(a.-within2, e.within2, BLUP.within2)
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m.a.within2B <- mean(dat.within2B[,1])

sortlist <- order(dat.within2A[,3])

dat.within2A<-dat.within2A[sortlist,]

i <- sample.within/2-(P.within/2-1)

j <~ sample.within/2

selection.within2A <- dat.within2A[i:j,]

sigma.a.-within3A <- sd(selection.within2A[,1])

sigma.a.among3A<- sigma.a.within3A/sqrt(3)

m.a.among3A <- mean(selection.within2A[,1])

dat <- gendat (sample.among/2, matrix(c(1,0,0,0,0,1,0,0,0,0,1,0,0,0,0,1), ncol=4))
a.among3 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.among3A+ m.a.among3A
e.among3 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0

BLUP.among3 <- a.among3 + e.among3

MDSx3A <- (dat[,3]-mean(dat[,3]))/sd(dat[,3])*sigma.MDSx.among3A+ m.MDSx.among2A+

MDSx.within2A*0.5

MDSy3A <- (dat[,4]-mean(dat[,4]))/sd(dat[,4])*sigma.-MDSy.among3A+ m.MDSy.among2A+

-.MDSy .within2A*0.5

dat.among3A <- cbind(a.among3,e.among3,BLUP.among3,MDSx3A ,MDSy3A )
m.MDSx.among3A <- mean(MDSx3A)
m.MDSy.among3A <- mean(MDSy3A)

sortlist <- order (dat.within2B[,3])

dat.within2B <- dat.within2B[sortlist,]

i <- sample.within/2-(P.within/2-1)

J <- sample.within/2

selection.within2B <- dat.within2B[i:j,]

sigma.a.within3B <- sd(selection.within2B[,1])

sigma.a.among3B <- sigma.a.within3B/sqrt(3)

m.a.among3B <- mean(selection.within2B[,1])

dat <- gendat(sample.among/2, matrix(c(t,0,0,0,0,1,0,0,0,0,1,0,0,0,0,1), ncol=4))
a.among3 <- (dat[,1]-mean(dat[,1]))/sd(dat[,1])*sigma.a.among3B+ m.a.among3B
e.among3 <- (dat[,2]-mean(dat[,2]))/sd(dat[,2])*sigma.e.among0

BLUP.among3 <- a.among3 + e.among3

MDSx3B <- (dat[,3]-mean(dat[,3]))/sd(dat[,3])*sigma.MDSx.among3B+ m.MDSx.among2B+

_MDSx.within2B*0.5

MDSy3B <- (dat[,4]-mean(dat[,4]))/sd(dat[,4])*sigma.MDSy.among3B+ m.MDSy.among2B+

-MDSy .within2B*0.5

dat.among3B <- cbind(a.among3,e.among3,BLUP.among3,MDSx3B ,MDSy3B )
m.MDSx.among3B <-mean(MDSx3B)

m.MDSy .among3B <-mean(MDSy3B)

dat.among3 <- rbind(dat.among3A, dat.among3B)

group <- rep(c(1,2), rep(sample.among/2,2))
dat.among3<-cbind(dat.among3,group)

GD3 <- matrix(0, sample.among, sample.among)
for (i in 1l:sample.among) {
for (J in 1l:sample.among) {
if (1 =j){
GD3[i,j] <- 0
} else {
GD3[1,j] <- sgrt((dat.among3[i,4] - dat.among3[j,4])"2 + (dat.among3[i,5] -
dat.among3[j,5])"2) + c0
}

}
1

j <- sample.among/2
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k <- sample.among/2+1

GDvsP3 <- c(rep(0,sample.among))
for (i in 1:j) {

I <- ¢ (GD3[i,k:sample.among])
GDvsP3[i] <- mean(l)

}

for (i in k:sample.among) {

I <- ¢ (GD3[1,1:5])

GDvsP3[i] <- mean(l)

}

dat.among3 <- cbind(dat.among3,GDvsP3)

J <- -8.57310802049102

k <- 42.7967595960015

I <- 2.6972471265371

PYtxp3 <- j + k*dat.among3[,7] + I*dat.among3[,3]
dat.among3 <- cbind(dat.among3,PYtxp3)

sortlist <- order (dat.among3[,8])
dat.among3<-dat.among3[sortlist,]

sortlist <- order (dat.among3[,6])

dat.among3<-dat.among3[sortlist,]

J <- sample.among/2-2

k <- sample.among/2

1 <- sample.among-2

m <- sample.among

selection.css3 <- rbind(dat.among3[j:k,],dat.among3[1:m,])
BLUP.css3<-c(rep(0,9))

GD.css3<-c(rep(0,9))

for (i in 1:3) {

for (J in 4:6) {

BLUP.css3 [3*(i-1)+j-3] <- selection.css3[1,3] + selection.css3[j,3]
GD.css3 [3*(i-1)+j-3] <- sgrt ((selection.css3[1,4] - selection.css3[j,4])"2 +

(selection.css3[i,5] - selection.css3[j,5])72) + c0

>
>
>
>

}

}
PYcss3 <- c(rep(0,9))
PYcss3 <- 19.659684525915 * (1-(2*3-1)/(3)*(1-inbreeding)/p) + 12.9403195740276 *

GD.css3 * (p-1)/p + 2.39576708678515 * BLUP.css3 * (p-1)/p

>
>
>

Ycss3 <- mean(PYcss3)

}
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