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Abstract

Macadamias (Macadamia integrifolia, M. tetraphylla, and their hybrids) are native to the east
coast of Australia, and are grown commercially around the world for their high quality edible
nut kernel. Breeding new cultivars for high nut yield is a lengthy and laborious process that
can take over two decades. Evaluations are time-consuming due to the long juvenile period
of four or more years, and the low correlation between young and mature tree yield means
that at least eight years of evaluations are required. Furthermore, yield has low heritability,
and the large tree size necessitates low field planting density, and thus increases land use and
evaluation costs. It is hypothesised that genetic gain for yield may be increased, compared to
traditional breeding approaches, through the use of strategies including (i) indirect selection

using yield component traits, (ii) marker-assisted selection and (iii) genomic selection.

This thesis employed an experimental population of 295 seedling progeny and their 29
parents, at four sites across south-east Queensland, that were genotyped for 4,113 SNPs and
16,171 silicoDArT markers detected using Diversity Arrays Technology (DArT) methods.
Population structure, genetic diversity and linkage disequilibrium (LD) between SNP markers
was quantified to inform subsequent genomics analysis. LD decay was initially rapid at short
distances (r? = 0.124 for SNPs within 1 kb of each other), but low level LD persisted for long
distances. The seedling population was relatively genetically diverse (He = 0.255), and very
similar in diversity to that of the 29 parents (0.250). Furthermore, progeny with M. integrifolia
X M. tetraphylla ancestry were more genetically diverse (He = 0.278) than M. integrifolia
seedlings (He = 0.189). Progeny were moderately differentiated and clustered into three

distinct groups, which represented M. integrifolia germplasm and two hybrid groups.

Flowering and nut characteristics, tree growth and yield were measured on each tree.
Estimations of trait heritability and genetic correlations between each component trait and
yield were used to calculate selection efficiency of indirectly selecting for yield using
component traits. Kernel recovery, an economically important trait, had high heritability (h?2
= 0.76) but was negatively genetically correlated with yield (rg = -0.27). Trunk circumference
correlated strongly with yield (rg = 0.72) and was moderately heritable (h? = 0.44); however,
a breeding aim is to reduce tree size without compromising yield. No component traits were

appropriate or effective for indirectly selecting for high yield.



A genome-wide association study (GWAS) was used to identify genetic markers associated
with component traits that were genetically correlated with yield or are considered
economically important. SNP markers were significantly associated (after correction for false
positives) with nut weight (n = 7), percentage of whole kernels (n = 4), and trunk
circumference (n = 44). Multiple regression analysis found that some markers were detecting
the same QTLs, and, thus, rendered some redundant. These significantly associated markers
could be used for marker-assisted selection (MAS) at the seedling stage to identify trees with

desirable nut characteristics prior to fruiting.

Genomic selection (GS) used markers across the whole genome to predict estimated breeding
values for yield and yield stability of individuals. Predictions with models using four years of
yield data were more accurate (r = 0.12 to 0.94) than those using only one or two years of
data (-0.29 to 0.39). Predictions in related families were more accurate (r = 0.57) than in
unrelated population predictions (r = 0.22) using four years of yield data, confirming
previously reported results in other crops that using GS models will be most beneficial when
the target population is closely related to the training population. Predicted genetic gain of
yield for related family predictions (421-438 g/year, at 2.5% selection intensity) was more
than double that for traditional breeding (202 g/year), and was low for unrelated population
predictions (12 to 162 g/year). A comparison of selection strategies indicated that assessing
thousands of seedlings in the nursery using genomics-assisted breeding is unachievable due
to the current costs of genotyping, though this may decrease in the future. A more feasible
approach could be to screen thousands of seedlings for precocity (early flowering) and kernel
recovery in the field, and reduce costs by only genotyping the elite individuals to predict yield

using GS.

Estimates of heritability and correlations will inform the ease and ability to breed and select
for key component traits. MAS could predict phenotypes for yield component traits based on
allelic states at key markers, whilst GS could be used to predict yield and yield stability, though
this will depend on genotyping costs. Future research requires validation in a separate
population, with more individuals and SNP markers to increase accuracy and improve
certainty of results. Early identification of elite germplasm would reduce time and labour

involved in evaluating progeny, and increase genetic gain by decreasing selection cycle time.
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Chapter 1: General Introduction and Literature Review

1.1 Abstract

Selection of candidate cultivars in macadamia requires extensive phenotypic measurements
over many years and trials. In particular, yield traits such as nut-in-shell yield and kernel yield
are economically vital characteristics and therefore guide the selection process for new
cultivars. However, these traits can only be measured in mature trees, resulting in long
generation intervals and slow rates of genetic gain. In addition, these traits are expensive to
measure. Strategies to reduce the generation interval and increase the intensity of selection
include using yield component traits, identification of markers associated with component
traits, and genomic selection for yield. Yield component traits that contribute to resource
availability for fruit formation include floral and nut characteristics. In this review, these traits
will be investigated to estimate their relative importance in macadamia breeding, their
heritability and correlations with yield. Furthermore, the usefulness of genome-wide
association studies regarding yield component traits will be reviewed. Genetic-based
breeding techniques could exploit this information to increase yield gains per breeding cycle
and estimate the quantitative nature of yield traits. Genomic selection uses genome-wide
molecular markers to predict the phenotype of individuals at an early age before maturity,
thereby reducing the cycle time and increasing gain per unit time in plant breeding programs.
This review evaluates the potential for measurement of yield component traits, genome-wide
association studies and genomic selection to be employed in the Australian macadamia

breeding program to accelerate gains for nut yield.

1.2 Introduction

In the past few decades, substantial increases in vyield have resulted from genetic
improvement in many crops, including maize (Duvick 1984) and apple (lgarashi et al. 2016).
However, genetic improvement is still in its infancy in many tree species due to their long
generation times and the cost of screening new cultivars (Cros et al. 2015; Isik 2014; Kumar
et al. 2013a; van Nocker and Gardiner 2014; Khan and Korban 2012). High yield is often the
focus in crop breeding programs, yet selection gains can be hindered since yield is commonly
difficult to select due to its complex nature. The process of yield genetic gain in fruit tree crops

can be accelerated in a number of ways.
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One method of improving yield is by mining for yield component traits. Component traits that
are correlated with yield, and are more heritable and easier to measure, may be used to
indirectly select for high yield (Fraser and Eaton 1983; Sparnaaij and Bos 1993; Piepho 1995).
This indirect selection may increase breeding gains by reducing cycle times if the component

traits are measured earlier in the process than yield.

Other methods to increase yield in crop breeding programs include employing DNA-based
technologies. This includes combining genome-wide association studies (GWAS) with marker-
assisted selection (MAS), and using genomic selection (GS) (Varshney et al. 2005; Isik et al.
2015; Lande and Thompson 1990; Khan and Korban 2012; Endresen 2010; van Nocker and
Gardiner 2014). GWAS can help identify genetic markers associated with key yield component
traits, which can then be screened for in a population, and elite candidates selected using
MAS. GS can be used to select for the more complex trait yield by modelling genetic markers

across the genome and their effect on the trait to predict the yield of each candidate.

Luby and Shaw (2000) proposed that fruit crops have more to gain from MAS than annual
crops due to their large tree size and long generation times, and the time and cost involved
in maintaining the trees. However, they recognised that this may be true only if the trait in
qguestion is simply inherited, is economically important, and is conventionally very expensive
to measure (Luby and Shaw 2000). Since that time, the technology of molecular markers has
dramatically expanded and advanced. Genomics-based methods for improving the efficiency
of breeding programs such as GWAS and GS are now particularly pertinent for fruit trees
(Ilwata et al. 2016; Kumar et al. 2012b; Yamamoto and Terakami 2016; Wong and Bernardo
2008; Peace 2017). These methods have advanced from the more fundamental marker-
assisted breeding and trait mapping, have higher accuracies and wider applications (Iwata et

al. 2016), and have potential use in breeding for increased yield in a crop such as macadamia.

This review investigates genomic improvement in crop breeding, with specific reference to
fruit and nut tree crops including macadamia. The potential use of yield component traits,

GWAS and GS in improving yield in macadamia will be explored.
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1.3 Macadamia: a native Australian nut

Macadamia (Proteaceae) is a subtropical rainforest tree, native to the east coast of Australia
between Mount Bauple, Queensland, and Lismore, New South Wales (Gross 1995; Hardner
et al. 2009). The genus contains four species: Macadamia integrifolia, M. tetraphylla, M.
ternifolia, and M. jansenii (Hardner et al. 2009; Peace et al. 2008). Individual trees are
produced predominantly from outcrossing, similar to many other rainforest species, are large
in size, and have a long juvenile period (Figure 1-1; Sedgley et al. 1990; Trueman and Turnbull
1994). Both M. integrifolia and M. tetraphylla and their hybrids are cultivated around the
world for their edible nuts (Figure 1-2; Hardner et al. 2009).

Industry standard cultivars

1 Cultivars crossed in late 1990s

Progeny Trial (~ 2000 trees)
Grown for 8 years
Yield, guality and growth
assessments across two sites

Best 20 selected

Clonally propagated

Regional Variety Trial
Grown for B years
Yield, guality and growth
assessments across nine sites

Release elite selections in 2017-18

Figure 1-1 Timeline of the Australian macadamia breeding program’s first generation,

showing evaluation steps indicative of traditional breeding practices
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Figure 1-2 Macadamia nuts — the edible kernel is enclosed in a hard, woody shell and the
outer husk. Left to right: nut in husk, split husk, nut in shell, cracked shell, and kernel.

Illustration by Todd Fox

Macadamias are diploid (2n = 28), highly heterozygous, with genome size estimates ranging
from 652 Mb (Nock et al. 2016) to 780 Mb (Chagné 2015). A draft genome assembly of short-
read lllumina sequences from cultivar ‘HAES 741’ covers 79% of the total estimated genome,
at 518 Mb in length (Nock et al. 2016). Nock et al. (2016) discussed ongoing work to improve
genome coverage by incorporating deeper, long-read PacBio sequence data, and develop a
high-density linkage map, which will be advantageous for future genomics studies. The
Australian National Macadamia Germplasm Collection contains accessions across all four
Macadamia species, which is also available as a genomics resource for sequencing (Hardner

et al. 2004).

1.3.1 Domestication and cultivation

Domestication of macadamia is only relatively recent, with cultivation beginning in the late-
1800s (Hardner et al. 2009; Peace et al. 2008; Hardner 2016). Two early importations of M.
integrifolia nuts from Australia to Hawaii occurred in the 1880s and 1890s (Hamilton and
Fukunaga 1959). It has been suggested that the first exports originated from near Mount
Bauple (Hardner 2016). Planting of seedlings began around 1920 by the Hawaii Agricultural
Experiment Station (HAES), whilst evaluation and selection of new cultivars commenced in
the mid-1930s (Hamilton and Fukunaga 1959; Hardner 2016). This program provided the
majority of commercial cultivars currently grown around the world (Hardner 2016). In
Australia, the first orchards were established near Lismore, New South Wales in the 1880s

and in Queensland in 1910 (Hardner et al. 2009). As such, cultivated varieties are only a few
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generations removed from their wild relatives. Macadamias are mainly produced in Australia,

South Africa, USA (Hawaii), and Kenya (Australian Macadamia Society 2012).

Trees begin to bear nuts after four to five years, are fully mature after ten to 15 years, and
can be commercially productive for up to 60 years (Hardner et al. 2009). In 1997, the
Commonwealth Scientific and Industrial Research Organisation (CSIRO) launched an
Australian macadamia breeding program from which subsequent selections have been made
for parental crossing and regional variety trials (RVTs) to evaluate elite selections (Figure 1-1;
Hardner et al. 2002). Large areas are required over various environments to evaluate new
cultivars. RVTs in macadamias are usually maintained for eight years from planting date, with
many traits measured each year (Hardner et al. 2002). Several years of data are required in
order to select high-yielding cultivars (Hardner et al. 2001). Yield and growth data up to year

eight are available for ~2,000 trees in Australia from these trials.

High yield is the primary trait used to select new cultivars (Howlett et al. 2015; Hardner et al.
2009; Stephenson et al. 1986). Other important traits selected in the Australian breeding
program are high kernel recovery, small tree size, and high proportion of intact kernels (Topp
et al. 2012). Nut-in-shell (NIS) yield refers to the weight of de-husked nuts at 1% moisture
content with the shell intact (Hardner et al. 2002). Kernel recovery (KR) is the ratio of kernel
to nut mass (Hardner et al. 2002; Kester and Asay 1975); high KR is desired as this indicates
that the kernel is relatively large compared with the weight of the shell. However, cultivars
with high KR have thin shells, which are susceptible to pests and diseases (Hardner et al.
2009). Depending on the use of the product, whole unbroken kernels may be desirable, so
this is also an important trait (Hardner et al. 2009; O'Hare et al. 2004). Industry standards for
these traits are: 5 t/ha NIS of >18 mm diameter, >36% KR, 2-3 g kernels, and >50% whole

kernels (O'Hare et al. 2004); however production can fall short of these standards.

1.4 Gain from selection

Gain from selection efforts in breeding can be predicted using the formula:

2
R = hTS Equation 1-1
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where R is response per year, or genetic gain; h? is narrow-sense heritability, and also a
function of trait measurement accuracy; S is the selection differential, the amount by which
the average parents’ performance exceeds the average breeding population performance;
and Y is selection cycle length in years (Hansche 1983). In macadamia, genetic gain is impeded
by a long breeding cycle with the current breeding program requiring eight years to evaluate
NIS yield (Figure 1-1). Reducing the selection cycle is thus an important aim for macadamia
breeding. Selection intensity and accuracy are costly to improve due to the large plant size,
which adds to the cost of increased population size and replication. The following sections

address these factors with reference to improvements in macadamia.

1.5 Yield and its component traits

Yield is the highest priority in macadamia breeding; yield was consistently ranked by the
industry as the most important future cultivar characteristic (O'Hare and Topp 2010), and was
economically weighted highest of all traits in the selection index used in Australian
macadamia breeding (Hardner et al. 2006). Macadamia yield can be quantified as wet nut-in-
husk, wet nut-in-shell, nut-in-shell dried to 1% kernel moisture, and expressed on a per tree
or per hectare basis (Hardner et al. 2009). However, selecting for yield in the breeding
program is difficult as it is a complex trait (variation is the result of small effects at many loci).
Hardner et al. (2002) found that broad-sense heritability for annual NIS yield ranged from
0.06 to 0.18, whilst cumulative NIS ranged from 0.11 to 0.20 (Table 1-1).
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Table 1-1 Heritability and correlations between various flower and fruit characteristics in macadamia and other nut crops. rg, genetic correlation;

ro, phenotypic correlation; H?, broad-sense heritability; h?, narrow-sense heritability

Crop

Macadamia
Macadamia

integrifolia and M.

tetraphylla

Pecan
Carya illinoinensis

Hazelnut
Carylus avellana

Cashew
Anacardium
occidentale
Walnut
Juglans regia

Trait/s

Annual nut-in-shell yield (10 yrs)

Cumulative nut-in-shell yield (10 yrs)

Kernel recovery and cumulative kernel yield (10 yrs)
Stem girth and cumulative nut-in-shell yield (10 yrs)
Nut weight

Kernel weight

Kernel recovery

Nut weight and kernel weight

Kernel recovery and kernel mass

Kernel recovery and shell thickness

Nut weight

Kernel weight

Kernel recovery and kernel weight

Nut yield (kg/tree)

Kernel recovery

Kernel recovery and kernel weight

Kernel weight

Kernel recovery

Relative husk length

Tree nut yield and whole nut weight

Tree nut yield and number nuts per panicle

Tree nut yield and number hermaphrodite flowers per panicle
Crop yield

Nut weight

Crop yield and nut weight

Heritability

H?=0.14
H?=0.17

H?=0.63
H?=0.63
H?=0.63

h?=0.35
h?=0.38

H? = 0.855
H?=0.897

h?=0.67
h?=0.87
h?=0.91

h? =0.07
h?=0.86

Correlation between

traits

re=0.08, rp=0.12
rg=0.22, r, =0.59

rg=0.79, r, = 0.68
rg=0.48, r, =0.49
rp = ‘0.70

ro = 0.394

r=0.569

ro = 0.108
rp=0.844
rp = 0.863

rp = -0.20

Source

Hardner et al. 2002

Hardner et al. 2001

Leverington, 1962
Thompson and Baker,
1993

Kumar et al., 2013a
Yao and Mehlenbacher,

2000

Aliyu, 2006

Hansche et al. 1972
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Yield or other complex traits may be indirectly selected through correlated component traits
that are more heritable (Fraser and Eaton 1983; Sparnaaij and Bos 1993; Piepho 1995). It is
best to initially explore simple component traits related to yield that may be easier and/or
cheaper to measure (Sparnaaij and Bos 1993). The investigation of component traits can
reduce cycle times if they can be measured earlier in the tree’s life, and selection intensity
can be increased if the traits are efficiently measured, allowing evaluation of a larger number
of plants. This is particularly true when the trees are young, as less land and fewer resources
are required. However, Fraser and Eaton (1983) noted that in broadacre and horticultural
crops it may be ineffective to rely on component traits correlated with the complex target
trait as many components are often linked. Other sequential and path analyses have been
proposed to overcome this difficulty (e.g. Thomas and Grafius 1976; Li 1975; Sparnaaij and
Bos 1993; Piepho 1995; Eaton and Kyte 1978).

Itis important to recognise the relationship between different traits and how they affect yield
(Samonte et al. 1998). Understanding genetic parameters such as heritability and correlations
between various traits can help select parents in breeding programs (Falconer 1989; Bodzon
2004). In Prunus, traits affecting fruit quality such as flavour, colour and shape are often
related (Cantin et al. 2010; de Souza et al. 1998). Correlations of component traits and yield

in macadamia and other nut crops are presented in Table 1-1.

There are many components of yield in macadamia, some of which have been evaluated and
others that need further exploration (Hardner et al. 2009). This review focuses on those
factors that affect flower and nut development, and hence resource utilisation for the nuts.
Further research is needed to understand the different components of yield in macadamia

and to identify important related traits that can easily be measured.

1.5.1 Flowering and growth traits

Flowering plays a critical role in fruit production, and so it is necessary to understand the
factors affecting flower development (Westwood 1993). A review of flowering and fruiting in
macadamia was conducted by Trueman (2013). The flowers are initiated on inflorescences
called pendant racemes, varying from 6-30 cm in length (Huett 2004; Figure 1-3). A mature

tree can produce about 2,500 racemes, with 100-300 flowers (florets) on each raceme.
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Macadamia flowers are pollinated predominantly by native stingless bees and European

honeybees (Trueman 2013; Howlett et al. 2015).
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Figure 1-3 Stages of flower and nut development on a raceme in macadamia. a Developing
florets, with looping stage shown near base of raceme. b Anthesis. ¢ Initial nut set, with fewer
nutlets than florets. d Developing nuts, fewer than previous stage. e Nuts in husk at full size.

f Nuts dehisce from husk and fall to ground. lllustration by Todd Fox

Macadamia is generally self-incompatible through mechanisms including protandry, though
there is evidence of self-compatibility in some cultivars (Urata 1954; Sedgley et al. 1990;
Sedgley et al. 1985). Self-incompatibility in plants can be controlled by several multi-allelic
genes acting at different stages of flower development (Seavey and Bawa 1986; de
Nettancourt 1977). For example, self-fertility in almond (Prunus dulcis) is controlled by a
major gene, operating in a quantitative manner (Kester and Asay 1975). Sedgley et al. (1990)
found that several macadamia cultivars (predominantly M. integrifolia) presented inferior
pollen tube growth from self-pollen compared with outcrossed pollen, as well as lower fruit
set. Macadamia tetraphylla also showed some self-compatibility, though again, cross-pollen
produced higher seed set per raceme (Pisanu et al. 2009). Self-compatibility should be
investigated in various genotypes to identify if it is a heritable trait in macadamia, as this may

be a target for breeding and selection to increase pollination success. Furthermore, the

10
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relationship between self-fertility and nut yield could be a focus of research in macadamia

genotypes to determine if inbreeding level affects seed set.

In Australia, flower development occurs from May to October. Bud initiation begins in May,
followed by bud dormancy (50-96 days), raceme and floret elongation, style elongation and
looping, and anthesis (Moncur et al. 1985). Fertilisation occurs one week after anthesis;
however, most flowers abscise in the following two weeks. Fruits develop and some
premature fruit drop occurs; nuts are mature about 28 weeks after anthesis (Nagao and Sakai
1990). Research is required to investigate the heritability of raceme and floret characteristics,

and their correlation with yield.

Several studies have investigated the relationship between yield and flowering with variable
results. Since the racemes have many florets, there are many opportunities for nuts to be set;
floret number does not appear to be a limiting factor. Ito (1980) stated that about 0.3% of the
flowers develop into mature, saleable nuts. However, this analysis was based on estimates of
the numbers of racemes and flowers and of yield, and not replicated measurements. Further,
Urata (1954) argued that it was unreasonable to count the number of flowers per length of
raceme due to the low percentage of flowers setting nuts and the low correlation between

the two characters.

Trueman and Turnbull (1994) found that number of flowers per raceme affected initial fruit
set in different pairs of cross-pollinated cultivars. Both cv. ‘H2” and cv. ‘333’ racemes bearing
200 flowers when cross-pollinated with cv. ‘246’ had higher initial fruit set (22.3% and 40.3%,
respectively), than control racemes (9.1% and 24.0%). For cv. ‘660, racemes with 50 flowers
set more fruits (21.6%) than those with 200 flowers (15.9%) when cross-pollinated with cv.
‘344’. In comparison, number of fruits per raceme at final nut set increased with number of
flowers per raceme for cv. ‘660°. Trueman and Turnbull (1994) also found that for cv. ‘660’
nut and kernel fresh weights as well as KR were higher in cross-pollinated (with cv. ‘333’ and
‘246’) fruits than control racemes. These results demonstrate significant variation in
pollination success between macadamia cultivars. Further research is required across many
genotypes to determine if raceme and flower production and fruits per raceme limit yield in

macadamia.

Xylem and phloem transport water, nutrients and photosynthates throughout plants

(Campbell and Reece 2002), and thus the size of these vessels may influence the growth of
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limbs and fruit. Hardner et al. (2002) found that cumulative NIS yield up to year ten was
positively phenotypically correlated with girth of the trunk stem (0.59) in 40 cultivars (Table
1-1). The rachis (raceme stem) in macadamia enlarges after anthesis, and is wider in
inflorescences with high numbers of nuts than in inflorescences with low numbers of nuts
(Urata 1954). Fruiting wood with larger diameters produced larger fruits in two out of six
peach (Prunus persica) cultivars (Porter et al. 2002). In oil palm (Elaeis guineensis), leaf area
was highly correlated with oil yield due to photosynthetic ability and biomass production (Bai
et al. 2018). The inheritance of the diameter of tree trunk, raceme stems and fruit pedicels
should be investigated in macadamia, along with the relationship between yield and these

characteristics.

1.5.2 Fruit characteristics

Nut development and abscission affect yield and profitability in macadamia (Boyton and
Hardner 2002). After pollination, the pollen tube grows down to the ovary and fertilises one
of the two ovules. Occasionally both ovules are fertilised, resulting in twin nuts (Sedgley
1981). The immature nut expands and oil accumulates from 80 to 165 days after anthesis
(Trueman et al. 2000; McConchie et al. 1996). Nuts can drop from just after fertilisation to
when they are mature (Boyton and Hardner 2002). Nuts are mature when they reach their
maximum oil content, about 135 to 165 days after anthesis, or from February to March in
Queensland and New South Wales, Australia (McConchie et al. 1996); commercial nut drop
can continue through to September, depending on the cultivar (Boyton and Hardner 2002;
McConchie et al. 1997). The husk can dehisce (split open) on the tree and the nut-in-shell falls
to the ground (Figure 1-3), or the husk may fall with the shell (Hardner et al. 2009). It is
economically advantageous to have cultivars in which the nut-in-husk abscises from the tree.
This results in higher yield recovery due to the improved mechanical harvesting efficiency and

reduced carry-over due to disease-harbouring stick-tight husks.

Saleable kernel yield in macadamia is related to several component traits. Parents and their
progeny are usually selected for NIS yield and KR. The nuts consist of an edible kernel enclosed
by the shell, a woody testa, and husk (an outer pericarp) (Hardner et al. 2009; Figure 1-2). Nut
size is also an important yield component trait in almond: larger nuts correspond with higher

yields per acre (Kester and Asay 1975). Topp et al. (2012) suggested selecting for high KR after
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four or five years as an indirect indication of future precocity. Precocity is a desirable trait in
macadamia (Hardner et al. 2009), though as found in the cultivar ‘lIkaika’ (also known as ‘333’)
precociousness may mean lower yields at later ages compared with other cultivars (Hamilton

and Ito 1984).

It may be useful to investigate the partitioning of the tree’s resources in husk, shell and kernel.
Harvest index was initially described by Donald (1962) regarding the ratio of economic yield
to total biomass in grain crops. Cannell (1985) proposed that harvest index in perennial fruit
trees should relate to the ratio of harvested fruit to total aboveground dry biomass. However,
as only a portion of the macadamia nut is edible, then perhaps an index based on the kernel
rather than the nut-in-shell and husk should be used. As much as 30% of the moisture in a
macadamia nut may be in the husk (Rosengarten 2004). Husk hardness, which influences the
level of pest damage (Hardner et al. 2009), differs between cultivars (Campbell et al. 2005). It
is not known whether the size of the husk affects yield. It is of interest to investigate if energy

used by the tree in producing husk occurs at the expense of kernel production.

Bazzaz et al. (1987) suggested that perennial plants may not invest as much energy into
reproduction as annuals as they have more opportunities to reproduce and can allocate
resources to other activities such as defence. Flowering intensity has been inconsistently
correlated with reserves of carbohydrates in macadamia trees (McFadyen et al. 2012).
Carbohydrate resources may be depleted during flowering and fruit development, meaning

that fruit set is negatively affected (Stephenson et al. 1989; Wilkie 2010).

Previous studies have reported correlations between different components of yield. Nut and
kernel weight were strongly correlated in macadamia (rg = 0.79, r, = 0.68; Table 1-1) (Hardner
et al. 2001; Peace 2005), and KR decreased significantly with increased shell thickness (rp = -
0.70) (Leverington 1962). Kernel recovery and kernel mass were moderately correlated (rg =
0.48, p <0.05; rp =0.49) in different cultivars (Hardner et al. 2001). Hansche et al. (1972) found
that walnut crop decreased with increased nut weight (r, = -0.20), after adjusting for year
effect. In other species like cashew nut (Anacardium occidentale) yield per tree was highly
correlated with both number of nuts per panicle (r, = 0.844, p < 0.01) and number of
hermaphrodite flowers per panicle (rp, = 0.863, p < 0.01) (Aliyu 2006). In pecan (Carya
illinoinensis), Thompson and Baker (1993) found a moderately low phenotypic correlation (rp

=0.394, p < 0.002) between KR and kernel weight, whilst Kumar et al. (2013a) found a high
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correlation (r = 0.569). The differences between these pecan studies may be due to alternate
fruit bearing in the crop, differences in the study populations or year of data collection

(Thompson and Baker 1993; Kumar et al. 2013a).

No information is available on the link between macadamia yield and raceme length or
number of nuts per cluster. However, fruit set per raceme varied in different cultivars
(McConchie et al. 1997; Boyton and Hardner 2002). As previously mentioned, the heritability
of NIS yield per tree in macadamia is low. Broad-sense heritability based on individual trees
ranged from 0.06 to 0.18 for annual NIS, 0.11 to 0.20 for cumulative NIS, and 0.11 to 0.21 for
cumulative kernel yield, between four and ten years after planting, respectively (Hardner et
al. 2002; Table 1-1). Quantification of these traits in a wider group of genotypes will be

beneficial for the breeding program.

Nut size and ratio of edible nut to shell are important breeding factors in nut tree crops, and
estimates of their heritability is vital. Estimates of broad-sense heritability include total
genetic variance, whereas narrow-sense heritability involves only additive genetic variance
and, thus, gives an indication of the ease of measuring the trait and determines the response
to selection to improve the trait in breeding (Falconer 1989). Nut weight, kernel weight and
KR in macadamia were all found to have the same broad-sense heritability of 0.63 by Hardner
et al. (2001; Table 1-1). These characteristics were also measured in 152 pecan families
(Thompson and Baker 1993). Pecans are selected for thin shells and high KR, similar to
macadamia. Estimates of narrow-sense heritability for nut and kernel weight in pecan were
0.35 and 0.38, respectively. In contrast, in hazelnut (Corylus avellana), kernel weight, KR and
relative husk length (husk:nut length) were highly heritable (Yao and Mehlenbacher 2000;
Table 1-1). Walnut (Juglans regia) nut weight was also very highly heritable, though crop
heritability was extremely low (Hansche et al. 1972; Table 1-1). Kumar et al. (2013a) selected
nuts from 34 pecan selections and three standard cultivars and found that broad-sense
heritability for nut yield and KR was extremely high (>0.85; Table 1-1) compared with
macadamias (0.14). However, this may have been due to favourable environmental

conditions during the study, rather than genetic influence in pecan (Kumar et al. 2013a).

Genetic gain for yield may be hastened by selecting for yield component traits instead of
selection for yield per se. However, indirectly selecting for high yield through component

traits depends on a number of factors. Firstly, success depends on the genetic variance of the
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component trait and its heritability, which also encompasses the accuracy of measuring the
trait. Traits with high heritability will be more easily bred and selected for than traits with low
heritability. Component traits should be highly correlated with yield and more easily and
cheaply measured than yield (Sparnaaij and Bos 1993). The relative efficiency of indirect
selection on a trait X via direct selection for trait Y depends on the ratio of correlated response

(CRx) to direct response (Rx) (Falconer 1989):

CRy lyhyTa0ax

= — Equation 1-2
Ry ixhxo,x

Or, if the selection intensities are the same, more simply h, 74/ h,.

Hardner et al. (2001, 2002) estimated heritability for kernel mass (H? = 0.66) and cumulative
kernel yield to ten years (H? = 0.14) with a genetic correlation between these traits of 0.30.
Thus, using Equation 1-2 above, for this population the ratio of the two responses was 0.65,
indicating that indirect selection using kernel mass was only 65% as efficient as direct
selection for yield. A genetic correlation of >0.46 would be needed for indirect selection of
kernel mass to be more efficient than direct selection for yield. These estimates were from a
population of clonally propagated elite selections and cultivars. Genetic estimates are
required from segregating progeny populations to allow conclusions of the use of indirect
selection in stage one of breeding. More combinations of yield and component traits should
be investigated to determine if correlated response to selection is promising in macadamia

populations.

Genetic gain will also be affected by the stage at which the component trait can be measured
and assessed in the tree: if it can be measured when the trees are juvenile then costs may be
reduced by elimination of inferior individuals prior to expensive field evaluations. Breeders
selecting for early traits focus on secondary yield traits that are highly heritable (Borghi et al.
1998), where replication is not needed to accurately measure the trait (Topp et al. 2012).
Additionally, trees must flower before crosses can be made to produce the next generation
of seedlings, which further restricts selection cycles. Therefore, selection for component traits

should be coupled with selecting for early flowering (Huett 2004).
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1.6 Using genomic information to accelerate genetic gains in tree crops

1.6.1 Identifying target genes through genome-wide association studies followed by

marker-assisted selection

Economically important traits in fruit trees such as yield and quality are likely to be controlled
by several multi-allelic genes or a very large number of genes (Ilwata et al. 2016; Khan and
Korban 2012). Genome regions identified through linkage (family-based) mapping as being
associated, or in linkage disequilibrium (LD), with the target or component traits are called
guantitative trait loci (QTL) (lwata et al. 2016). These QTLs can be used to predict individuals
with high breeding values, which can be used in marker-assisted selection (MAS) (Iwata et al.
2016; Myles et al. 2009; Lynch and Walsh 1998; Muranty et al. 2014; Hayes and Goddard
2010). Breeding values (BVs) are the sum of the mean additive effects of all alleles in an

individual (Heffner et al. 2009).

Since QTLs can be thousands of kilobases in length, multiple genes may be closely linked with
the target gene (Khan and Korban 2012). Linkage drag may occur with adverse results for the
breeding program as a result of undesirable traits positioned in proximity to desired ones
(Khan and Korban 2012). As such, a more directed approach is desirable for capturing

significant genes using genomic methods (Savolainen and Pyhajarvi 2007).

Genome-wide association studies (GWAS) can utilise the allelic state of unrelated individuals
to detect markers linked with target traits including the broader germplasm pool, rather than
using family-based methods such as biparental controlled crosses, which can be impractical,
laborious and expensive (lwata et al. 2016; Myles et al. 2009). Association mapping in the
form of GWAS offers a more fine-scale approach than QTLs to identify smaller, individual
markers in LD with target traits. This can overcome the detrimental effects of genetic drag as
the marker intervals are shorter, as well as accounting for population structure (Khan and
Korban 2012; Brachi et al. 2011; Isik 2014; Myles et al. 2009; Rikkerink et al. 2007). The
incorporation of population structure and kinship information can reduce a major problem of
false associations between markers and phenotypes in a GWAS (Khan and Korban 2012;

Brachi et al. 2011; Iwata et al. 2016).

In GWAS, each marker is tested individually for an association with the trait (Hayes and

Goddard 2010; Khan and Korban 2012; Huang and Han 2014). This process relies on markers
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being in LD with the genes controlling the trait (Balding 2006), and very few markers are
located within that causative locus itself (Hayes and Goddard 2010). Single nucleotide
polymorphisms (SNPs) are now a commonly used genetic marker for these studies, where
there is a variation in the base at a location in the genome which can be compared among

individuals (Hayes and Goddard 2010; Huang and Han 2014).

Recent advancements have led to high-throughput and high-density genotyping at lowered
costs per marker point for use in genomic analysis (lwata et al. 2016). Next-generation
sequencing technologies, such as genotyping by sequencing, can detect molecular markers
for use in genomics studies like GWAS (He et al. 2014). Marker order along the genome is not
strictly required, so association studies and some other genomics studies can be performed

without a reference genome. This is particularly useful in novel species (Iwata et al. 2016).

GWAS for quantitative traits such as yield have shown that often there are many markers that
influence the corresponding phenotype, and these can have a minor or major effect (Lee et
al. 2008; Khan and Korban 2012). The gain from MAS is proportional to the variance of the
trait captured by the markers and the significance of the association (Collard et al. 2005). As
such, MAS has little value for traits that are complex (that is, affected by a large number of
mutations, all of small effect); MAS is more effective for monogenic or oligogenic traits (Hayes
and Goddard 2010; Luby and Shaw 2000; Huang and Han 2014). Screening for target markers
using GWAS and MAS can occur before the plants flower as only DNA is needed for the
selection, and thus can substantially reduce the selection cycle and increase genetic gain by

eliminating undesirable genotypes early (van Nocker and Gardiner 2014).

‘DNA-informed breeding’, a term coined by Peace (2017), is becoming the convention driving
breeding direction in Rosaceae crops in the USA. Previously, however, Ru et al. (2015)
reviewed the opportunities and constraints of using MAS in Rosaceae breeding. They found
that MAS was not yet widely applied in fruit trees, but that affordable and program-specific
testing of DNA for major trait loci at the seedling stage could be effective for the adoption of
the technique. There are relatively few published studies employing GWAS in fruit trees. A
study by Minamikawa et al. (2017), investigating fruit quality traits in 676 citrus individuals
using 1,841 SNPs, found that correlated traits were controlled by several common SNPs.
GWAS also detected markers significantly associated with six fruit quality traits in Japanese

pear (Pyrus pyrifolia), with higher significance achieved when parent and seedling populations
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were combined (Minamikawa et al. 2018). In apple (Malus x domestica), Kumar et al. (2013b)
found significant associations in six fruit quality traits using 2,500 SNPs across 1,200 seedlings.
SNP markers with the largest effect across linkage groups individually explained only 2% of
the phenotypic variation for fruit firmness and 17% for red-flesh, which was reasonably low,
yet substantially more than that explained by pedigree-based analysis in many other traits
(Kumar et al. 2013b). Kumar et al. (2013b) also found two genomic regions that were linked

with two pairs of fruit quality traits, suggesting a pleiotropic effect.

GWAS can also be employed to indirectly detect high yields through other secondary traits
not associated with fruit quality, if the two traits are highly correlated. In oil palm, Bai et al.
(2018) identified two potential QTLs for leaf area, a trait which is highly correlated with oil
yield. Thus, breeders could indirectly select trees with high oil yield through MAS by
identifying trees with large leaf area and reducing the laborious and destructive phenotyping

previously required to measure oil yield (Bai et al. 2018).

Further studies have employed GWAS utilising genetic markers other than SNPs. For example,
Iwata et al. (2013) and Cao et al. (2012) investigated fruit quality in Japanese pear and peach,
respectively, using simple sequence repeat (SSR) markers. Iwata et al. (2013) detected
significant associations between markers and resistance to black spot disease, spur number
and harvest time, which indicated links to major QTLs, despite the small scale of the study in
terms of number of markers (n = 162) and cultivars (n = 76). Using 53 SSR markers distributed
across linkage groups, Cao et al. (2012) found that the significantly associated markers
detected for peach fruit quality were located nearby previously known QTLs. Between 8.1—
14.5% of the variation in red flesh pigment was explained by four SSRs. Similar to the findings
of Kumar et al. (2013b) in apple, two of the pigment markers were associated with two other
sets of traits: ripening time and fruit development period, and fruit weight and flowering time

(Cao et al. 2012).

A review of breeding progress in tree nut crops by Mehlenbacher (2002), including efforts of
trait mapping and MAS, concluded that genetic improvement is limited by small breeding
program size. Hardner et al. (2005) evaluated the potential for MAS to improve macadamia
specifically, stating that SSR markers and pedigree will be useful in detecting marker-trait
associations. However, the technology in the genomics field has vastly increased and

improved since then; many more markers can now be screened at a lower cost. GWAS and
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MAS regarding important component traits of yield, such as nut and kernel weights and KR,
using SNP markers appears to be feasible to improve macadamia if the traits are controlled
by few genes of moderate to large effect. Determining the number of markers and their
effects for these traits should be the focus of future genomics studies, as this is currently

unreported.

1.6.2 Yield prediction using genomic selection

Genomic selection (GS) uses genome-wide markers to capture the effects of loci that affect
the target trait (Meuwissen et al. 2001). GS is best when markers such as SNPs are in high LD
with genes of large effect, hence capturing a large proportion of genetic variance (Druet et al.
2014; Goddard 1991; Viana et al. 2016). A two-step process is involved. In a reference (or
training) population, where individuals have both genome-wide marker genotypes and target
trait phenotypes available, the effect of all markers on the trait are estimated simultaneously.
The effect of each marker is used to establish a prediction equation. The equation can then
be used to predict genomic estimated breeding values (GEBV) for genotyped selection
candidates, likely to be seedlings or young trees. The accuracy of GS is assessed with cross-
validation of the predicted GEBV against the known and accurate phenotypes in a validation

(or testing) population (Meuwissen et al. 2001).

Many simulations suggest that GS is superior to MAS and traditional phenotypic selection for
complex traits (Heffner et al. 2009; Bernardo and Yu 2007; Grattapaglia and Resende 2011;
Iwata et al. 2011). This is because MAS only uses markers significantly associated with a target
trait, yet many yield and quality traits are often controlled by numerous minor-effect genes
(lwata et al. 2016; Kumar et al. 2012a; Jannink et al. 2010). In comparison, GS utilises all
available genetic markers with no significance threshold, and can therefore explain more of
the genetic variability than MAS (Viana et al. 2016; Meuwissen et al. 2001). Thus, GS avoids
marker effect biases and produces more highly correlated measured and predicted BVs

(Meuwissen et al. 2001; Heffner et al. 2009).

GS can increase genetic gain in horticulture crops by accelerating breeding cycles (Jannink et
al. 2010; Desta and Ortiz 2014; Meuwissen et al. 2001; Heffner et al. 2010). By selecting

potential elite juvenile individuals, filtering candidates and only proceeding to the field with
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potentially high-performing trees, time, cost and labour can be reduced. However, yield and
other traits still need to be assessed over several locations before cultivars are recommended
(Acquaah 2012). Selection of potential superior cultivars in the juvenile stage can also
drastically reduce capital and maintenance costs (Rikkerink et al. 2007; Luby and Shaw 2000).
This would be useful in macadamia where the trees do not reach full nut production until they
are at least eight years old (Hardner et al. 2009). Iwata et al. (2016) and Namkoong et al.
(2005) recognised that a combination of traditional and marker selection strategies should be

employed.

Denis and Bouvet (2013) concluded that perennial crops may have more to gain from GS than
annual crops since genetic gain per unit time in perennial crops is critical for improved
cultivars. There is a paucity of published studies for tree nut crops, though there has been
some work conducted in citrus (Minamikawa et al. 2017), apple (Kumar et al. 2012b), oil palm
(Wong and Bernardo 2008; Kwong et al. 2017a), and pear (lwata et al. 2013; Minamikawa et
al. 2018). In a recent study of fruit quality traits in Japanese pear, model accuracy was highest
when data for parents and progeny were combined, at r > 0.7 for most traits (Minamikawa et
al. 2018). High (r > 0.7) prediction accuracies were also obtained for six fruit quality traits in
citrus (Minamikawa et al. 2017). They found that some model accuracies were trait
dependent, but the GBLUP (genomic best linear unbiased prediction) model was the highest
for most traits and was more accurate in predictions than MAS based on significant SNPs.
Kumar et al. (2012b) investigated the use of GS in improving fruit quality traits in apple. They
used 2,500 high quality SNPs for 1,120 seedlings, and model predictions for fruit quality were
high, at 0.70 to 0.90 (Kumar et al. 2012b).

Wong and Bernardo (2008) demonstrated that gain per unit cost and time can be increased
in oil palm through GS. Costs for GS ranged from US$75,000 to $194,000 per unit gain,
depending on cost per marker data point, population size, QTL number and heritability,
compared with US$116,000 to $333,000 per unit gain for 19 years of phenotypic selection per
cycle. Also in oil palm, Kwong et al. (2017a) found that for 1,218 individuals genotyped using
a 200K array, GS model accuracy increased with trait heritability, ranging from 0.40 to 0.70.
The results of these studies may be applicable to other tree species with long generation

intervals and large planting areas.
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Pear has a long juvenile period and needs to be evaluated over many years and thus Iwata et
al. (2013) found the crop could benefit from GS. They investigated nine disease resistance and
fruit set traits in 76 Japanese pear cultivars using 162 markers, mostly SSRs. Prediction of
GEBVs was moderately high for flesh firmness and fruit weight (r = 0.60 and 0.53,
respectively). They found that using all makers, rather than just those with significant
associations as identified using GWAS, was more accurate (Iwata et al. 2013). In comparison,
predictions of BVs in citrus for fruit weight and other fruit quality traits were high (>0.7) across
106 cultivars (Minamikawa et al. 2016). A corresponding GWAS detected the influence of
major QTLs in all citrus fruit traits, the use of all markers was more accurate than using only

significant SNPs (Minamikawa et al. 2016).

Given the large amount of phenotypic data available for macadamia, and documented
parentage since the first domesticated cultivars, this genus is a strong candidate for GS.
Macadamia has a selection cycle of 22 years and typical planting densities of 312 trees/ha
(Topp et al. 2012), and would benefit greatly from this technology. Potentially, the first stage
of progeny testing (Figure 1-1) could be substantially reduced by genotyping seedlings,
applying GS models and only continuing further evaluations with those individuals predicted

to be high yielding.

The size and structure of the reference population, relationship between training and testing
populations, choice of model, marker number and density, heritability of key traits and LD
span need to be assessed when employing GS in breeding. These have been considered in
reviews conducted by Grattapaglia (2014) and Lin et al. (2014) on forestry and annual species.
The accuracy of models can decline over subsequent generations, so it is necessary to
recalibrate every few generations with new phenotypes and allelic frequencies (Viana et al.

2016; Goddard 2009; Grattapaglia et al. 2018).

The training population needs to be sufficiently large to enable accurate estimation of small
effects across many loci, and to capture all the genetic variation present in the breeding
program (Meuwissen et al. 2001). Ideally, the training and testing populations should be
related or part of the same breeding program for best results (Habier et al. 2007). Kumar et
al. (2012b) divided 1,120 apple seedlings into two groups for their GS evaluations: 90% of
individuals for the training population and 10% for validation. In their simulations of GS in oil

palm, Wong and Bernardo (2008) used small population sizes of 30 to 70 individuals.
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Macadamia has a relatively small breeding population available for genomic studies; the
mean number of seedlings per family in the Australian macadamia breeding program’s “B1.2”
population is 14 (n =1,961) (Topp et al. 2016). However, almost half of these trees have been
removed from the field and are no longer available for genomic analysis. A larger second
generation progeny population (n = 4,000) is currently being phenotyped and will be available

for further genomic selection evaluation (B. Topp, pers. comm.).

A number of prediction models have been developed for GS: BLUP (best linear unbiased
prediction), GBLUP (genomic BLUP), ridge regression, Lasso, reproducing kernel Hilbert space,
and various Bayesian regressions (Jannink et al. 2010; Heslot et al. 2012). Heslot et al. (2012)
suggested using a reduced set of models for implementing GS in breeding. These include a
faster version of BayesB called weighted Bayesian shrinkage regression, Bayesian Lasso and
random forest. It is possible to combine different models to improve predictions; however,
Heslot et al. (2012) found that combining different models did not always improve the
accuracy of predictions. Cross-validation is an essential step in GS to identify the accuracy of
the model or to compare different models (Heslot et al. 2012; Crossa et al. 2010). Models
such as GBLUP and BayesR (Erbe et al. 2012) are sound candidates for use in macadamia;
assuming respectively, a normal distribution of SNP effects using a genomic relationship
matrix among candidates (GBLUP), and allowing for a small number of moderate to large
effect QTL (BayesR). Testing both strategies is advisable given the paucity of data regarding

the genetic nature of macadamia yield traits.

Models are affected by effective population size, heritability of the trait and the size of the
reference population (Daetwyler et al. 2008; Hayes et al. 2009a; Goddard 2009). Effective
population size is calculated using marker information and population heterozygosity; genetic
gains are greater in species with smaller effective populations (Goddard 2009). Thus, the
genetic diversity of the crop must be determined before genomics studies can begin. GEBVs
are more accurately predicted when the trait is highly heritable (Hayes et al. 2009a).
Therefore, it is important to understand the heritability of the characteristics and its
component traits. The accuracy of predicting BVs increases with the size of the reference

population (Hayes et al. 2009a), showing the importance of the training set in GS.

Accurate phenotyping is critical for GS; if the accuracy of phenotyping is poor, many more

individuals will be needed in the reference population (Desta and Ortiz 2014). Accurate
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phenotyping requires multiple well-characterised environments, stringent selection criteria
and large training populations (Resende et al. 2012; Xu and Crouch 2008; Desta and Ortiz
2014; Rikkerink et al. 2007). For many traits such as yield, data need to be collected across
multiple years and sites, and is costly and time consuming (Resende et al. 2012; Bernardo
2008; Xu et al. 2012; Isik 2014; Stephens et al. 2009). This has been the case in macadamia
where 2,000 progeny from 47 families have been evaluated for eight years at nine locations

(Topp et al. 2016).

To implement GS in macadamia would involve growing progeny to their first leaf for DNA
extraction and subsequent genotyping, hence reducing the labour and maintenance costs of
growing trees to maturity. Topp et al. (2012) compared capital, maintenance and evaluation
costs for four breeding strategies, including traditional assessment (evaluation of 1,200 hybrid
seedlings for nine years followed by RVT for a total cycle length of 22 years). They found that
full traditional assessment was much more expensive ($1,545,922 net present value) with a
low ratio of gain to breeding cost (5570,000) compared to tandem selection, where seedlings
are evaluated to age seven only ($795,508 and $1,080,000). Their cloned seedling strategy,
which evaluates 200 hybrid seedlings in an RVT after only two years of initial measurements,
also reduced the cycle length to 15 years, with improved breeding costs and gain to cost ratio

than traditional assessment ($986,075 and $680,000) (Topp et al. 2012).

Genotyping costs continue to decline, with more data points becoming available, and
therefore more markers likely to be in proximity to causal genes (Heffner et al. 2009; Khan
and Korban 2012; Iwata et al. 2016). The cost of genotyping analysis varies with the volume
of sequencing applied per sample, with the most popular services applying between 1 million
to 5 million reads, and the price per sample varying usually between USS25 to USS55 (A.
Killian, Diversity Arrays Technology Pty Ltd, pers. comm.). Thus, with advancing technology,
the accessibility of large numbers of molecular markers and the declining costs, the
employment of and opportunity to use GS in breeding is increasing (Heffner et al. 2009; Iwata
et al. 2016). Future macadamia breeding efforts should compare the costs and benefits of

traditional breeding with selection strategies involving GWAS and GS.
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1.7 Conclusions

The complex nature of yield in macadamia and its low heritability, as well as long cycle times,
currently hinder cultivar development. Genetic improvement of yield by indirect selection for
its component traits may improve breeding efficiency. Characteristics such as nut, kernel and
husk weight, raceme length and number of florets, may be more simply and accurately
measured than yield in breeding populations, especially in the years before yield per tree
estimates are stable. Yield component traits can be investigated with GWAS to determine if
any major markers are associated with each trait. If so, this information could be used in MAS.
GS models are suitable for predicting complex traits like yield in macadamia seedlings, as well
as to predict important related traits. It is essential to compare the genetic gains and the costs
using these different breeding strategies, to determine which method or combination of

methods are most efficient.

1.8 Research objectives

This chapter demonstrates the difficulty in selecting for high yield in macadamia, mainly
owing to long plant juvenility, large tree size, multiple years required to assess for key traits,
and the absence of rapid and efficient selection methods. In this thesis, it is hypothesised that
genetic gain for yield may be increased relative to conventional breeding approaches through
the use of yield component traits and/or genomics-assisted breeding. As such, the
overarching goal of this study was to investigate alternative selection strategies for high yield

with comparison to traditional breeding methods. Specific objectives of the project were to:

1. Determine the level of genetic diversity within and among a subset of families and
parents in the Australian macadamia breeding program, and define the population
structure to inform subsequent chapters and analyses (Chapter 2).

2. Determine any yield component traits that have high heritability and are genetically
correlated with yield that could be used to indirectly select for high yield (Chapter 3).

3. Perform GWAS to identify markers significantly associated with yield component
traits, and determine the location of significant markers on genome assembly

scaffolds (Chapter 4).
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4. Determine the accuracy of genomic selection methods in predicting yield and vyield
stability over years, and identify strategies in which genomic selection can be

employed to increase genetic gain in these traits (Chapter 5).
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Chapter 2. Population structure, genetic diversity and linkage
disequilibrium in a macadamia breeding population using SNP and

silicoDArT markers
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Chapter 2: Population Structure and Genetic Diversity

2.1 Abstract

Macadamia (Macadamia integrifolia Maiden & Betche, M. tetraphylla L.A.S. Johnson and
their hybrids) is grown commercially around the world for its high quality edible kernel.
Traditional breeding efforts involve crossing varieties to produce thousands of progeny
seedlings for evaluation. Cultivar improvement for nut yield using component traits and
genomics are options for macadamia breeding, but accurate knowledge of genetic diversity
and structure of the breeding population is required. This study reports allelic diversity within
and among families of 295 seedling offspring from 29 parents, population structure, and the
extent of linkage disequilibrium (LD) in the population. Genotyping generated 19,527
silicoDArT and 5,329 SNP markers, and after filtering 16,171 silicoDArTs and 4,113 SNPs were
used for diversity analyses. LD decay was initially rapid at short distances, but low-level LD
persisted for long distances, with an average r? = 0.124 for SNPs within 1 kb of each other.
The seedling population was relatively genetically diverse, and very similar to that of the 29
parents. The diversity (He = 0.255 for progeny and 0.250 for parents) among these individuals
indicate the level of diversity at the wider population level in the breeding program, though
the population appears less diverse than other fruit crops. Macadamia progeny were
moderately differentiated (Fsr = 0.401), and formed k = 3 distinct clusters, which represents
M. integrifolia germplasm separating from two different hybrid groups. There was low to no
relationship between heterozygosity and performance for nut yield amongst progeny. These
findings will inform future genomics studies of the Australian macadamia breeding program
such as genome-wide association studies and genomic selection, where knowledge and

control of population structure is vital.

2.2 Introduction

Macadamia is a long-lived, perennial tree of the subtropical rainforest of eastern Australia
(Hardner et al. 2009). Two of the four species of the genus, Macadamia integrifolia Maiden
& Betche and M. tetraphylla L.A.S. Johnson, and their hybrids, produce edible kernels and
have been used in genetic improvement of the crop (Hardner et al. 2009). The two other
species, M. ternifolia and M. jansenii, have been largely under-utilised in breeding programs

to date. The Australian macadamia industry has a farm-gate value of over $250 million, and
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produces over 48,000 mt of nuts-in-shell from about 22,000 ha (Australian Macadamia
Society 2017b). Macadamia is also grown commercially in Hawaii, South Africa, Kenya and
China, and is, hence, an important horticulture crop. While cultivation of macadamia probably
commenced not long after European settlement of the natural distribution, development of
the crop on a commercial scale began in Hawaii in the mid-1920s (Hardner et al. 2009;
Hardner 2016). Development of superior cultivars was undertaken from the mid-1930s with
selection from advanced generation open-pollinated families being undertaken from the
1950s. Many of the cultivars currently used for global commercial production originated from
these selection efforts (Hardner et al. 2009; Hardner 2016). Due to their long juvenility and
the many years needed to breed and assess potential selections, current cultivars are only

two to four generations from their wild relatives (Hardner et al. 2009).

Macadamia is diploid (2n = 28), with an estimated genome size of between 652 and 780 Mb
(Nock et al. 2016; Chagné 2015). Approximately 80% of the predicted gene models are similar
to the sacred lotus (Nelumbo nucifera), which has the closest available assembled genome.
Previous studies have reported on the genetic diversity of macadamia cultivars using SSR (da
Rocha Sobierajski 2012; Schmidt et al. 2006; Nock et al. 2014), isozymes (Aradhya et al. 1998;
Vithanage and Winks 1992), AFLP (Steiger et al. 2003), RAPD (Vithanage et al. 1997) and RAF
(Peace et al. 2003; Peace et al. 2005) markers. Reviews of previous studies by Gitonga et al.
(2009) and Peace et al. (2004) found RAMIFi (randomly amplified microsatellite fingerprinting)
and SSR markers to be the most resourceful and cost effective. Genetics and genomics studies
now commonly use single nucleotide polymorphisms (SNPs) which are ubiquitous across the
genome and can be discovered with ultra-high-throughput and low cost (Gupta et al. 2008).
A recent study by Alam et al. (2018) quantified the diversity of 80 macadamia cultivars using
11,526 silicoDArT (presence/absence of restriction fragments in representation) and 3,956
SNP markers, and found that diversity varied widely among the cultivars, and four distinct
clusters were observed. The genetic diversity and structure across the whole genome has not
yvet been measured for a large population representative of the macadamia breeding

population.

Plant breeding populations require diversity to develop and improve varieties that possess
desired characteristics for farmers and consumers (Govindaraj et al. 2015; Mohammadi and

Prasanna 2003; Glaszmann et al. 2010). Over time with subsequent generations, crops
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develop complex population structures, and bottlenecks from selecting limited elite
individuals can alter the diversity of the population (Flint-Garcia et al. 2003; Glaszmann et al.
2010). It is, therefore, important to quantify the level of genetic diversity amongst modern
crops to inform future breeding efforts (Tanksley and McCouch 1997; Glaszmann et al. 2010).
Genetic diversity in the form of heterozygosity, kinship and population structure, as well as
estimating the extent of linkage disequilibrium (LD) among markers are all vital to inform
genomics studies, which are now common in plant breeding research (Khan and Korban 2012;

Govindaraj et al. 2015).

Genetic diversity in a crop breeding program can be partially assessed morphologically based
on phenotype (Govindaraj et al. 2015) and pedigree (Barrett et al. 1998). Currently, the most
widely used method of characterising the genetic diversity in plant breeding populations is
through genotypes of molecular markers (Nybom et al. 2014; Govindaraj et al. 2015). Diversity
Arrays Technology Pty Ltd (DArT) are an option for high-throughput genotyping of large
numbers of markers (Kilian et al. 2012). DArT can provide both bi-allelic codominant DArTseq-
based SNPs as well as dominant binary (present vs. absent) silicoDArT markers, and does not
require a reference genome (Kilian et al. 2003). Codominant markers such as SNPs and SSRs
are generally more informative as an assessment of genetic diversity than dominant markers
(Govindaraj et al. 2015). Due to the ability to produce many thousands of markers in
microarrays, SNPs and silicoDArTs are now more commonly used than SSRs. For example,
SNPs have been utilised for genetic diversity studies in pear (Kumar et al. 2017) and cacao (Ji
et al. 2013); silicoDArT markers in citrus (Sagawa et al. 2018) and peanut (Pandey et al. 2014);
whilst both have been applied to chickpea breeding (Roorkiwal et al. 2014). Furthermore, the
relationship between heterozygosity and fitness is often investigated to determine if more
heterozygous individuals have a higher fitness than less heterozygous individuals (Zouros and

Foltz 1987).

The present study is the first to analyse the genetic diversity of a large group of macadamia
full-sib progenies and their parents, representing a breeding program, using SNP and
silicoDArT markers. The objectives of this study were to: (i) determine marker locations on
genome assembly scaffolds and calculate the extent of LD, (ii) determine the level of genetic

diversity within and among a subset of families and parents in the Australian macadamia
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breeding program, (iii) analyse the extent of population structure, to inform future genomics

studies, and (iv) determine if heterozygosity influences performance of nut yield.

2.3 Methods

2.3.1 Study design

This study was undertaken on a subset of a population that was part of the of the Australian
macadamia breeding program’s first generation population (Hardner et al. 2009; Topp et al.
2016). The larger population comprised of a total of 1,961 progeny seedlings from 141
families between crosses of 47 parents designed to maximise diversity. The number of
seedlings per family ranged from 1-36, with a mean of 14 (Topp et al. 2016). These seedlings
were planted between 1999-2003 in south-east Queensland and north-east New South
Wales at nine sites (Topp et al. 2016; Hardner et al. 2009). The study design involved a
randomised incomplete block design, with trees planted 4 m apart within rows and 8 m

between rows.

Thirty-two families were chosen as the subset for this study based on the family size being
approximately ten progeny per family, giving a total of 295 seedling progeny. The families
were from crosses between 29 commercially available parents (reciprocal crosses combined);
all with at least one parent involved in another cross so there were no isolated families. Many
of the parental cultivars are represented by numbers, and here the cultivars from the
Hawaiian Agricultural Experiment Station (HAES) breeding program are recorded without
‘HAES’ before the number. Within each family, five low-yielding and five high-yielding
offspring were chosen where available to ensure a range of phenotypes across families. This
was based on clonal values of cumulative nut-in-shell yield to age 8 years, derived from
pedigree-based BLUPs (best linear unbiased predictions; unpublished). The trees were at four
orchard sites in south-eastern Queensland: two in the Bundaberg region (Alloway, AL, and
Hinkler Park, HP) and two in the Gympie region (East Gympie, EG, and Amamoor, AM; Figure
2-1).
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Figure 2-1 Locations of orchard sites and regional cities in south-east Queensland, Australia

2.3.2 DNA extraction and genotyping

Young leaf (where available) was sampled from each tree, stored in a sealed snap-lock bag
and kept cold with ice bricks prior to DNA extraction. Samples were also collected from one
tree of each parent, and three technical replicates were included. Leaf samples were
processed by Diversity Arrays Technology Pty Ltd (DArT, Canberra, Australia). Genomic DNA
was extracted after grinding the leaf samples using a QIAGEN Tissue Lyser, following
Macherey-Nagel (Germany) protocol. Freedom EVO (Tecan) pipetting robot was used during
this process. Eluted DNA samples were incubated with loading dye containing restriction
enzyme buffer at 37°C for two hours, then checked on 0.8% agarose electrophoresis gel to
determine DNA concentration and evaluate integrity/shearing. Some samples extracted

poorly and were, therefore, purified using Zymo purification kit.

Details regarding DArT genotyping methods can be found at

http://www.diversityarrays.com/dart-application and in Kilian et al. (2012), however a brief
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method is described here. Digestion-ligation reaction was performed using a combination of
Pstl and Hhal restriction enzymes and 4 puL of DNA with the addition of barcoded adaptors at
37°C for two hours, followed by 60°C for 20 min. Twenty-five percent technical replication of
library construction was performed using another set of barcoded adapters. For the two Zymo
kit purified DNA plates, a concentrated PCR mix was used, with 10 pL of DNA template. 2 plL
of the digestion-ligation reaction was used as a template for PCR amplification with the
primers containing sequences required for Illumina sequencing (flowcell attachment and
sequencing primer sequence). Only “mixed fragments” (Pstl-Hhal) were effectively amplified
in PCR using the following reaction conditions: denaturation at 94°C for 1 min, 30 cycles of
94°C for 20 sec and 58°C for 30 sec, 72°C for 45 sec, and a final extension at 72°C for 7 min.
From each library, a 5 L aliqguot was run on 1.2% agarose gel to check library quality. PCR
products from each plate were pooled with 10 uL from each sample using the Freedom EVO
(Tecan). Replicated samples were pooled with their original sample plates. Pooled amplicons
were applied to c-Bot (lllumina) bridge PCR and subsequently sequenced using lllumina

Hiseq2500 for 77 cycles.

Sequences generated from each lane were processed using proprietary DArT analytical
pipelines. In the primary pipeline, the fastq files were first filtered to remove poor quality
sequences, applying more stringent selection criteria to the barcode region compared to the
rest of the sequence. As such, the assignments of the sequences to specific samples carried
in the “barcode split” step are very reliable. Approximately 2,500,000 (+/- 7%) sequences per
barcode/sample were used in marker calling. Finally, identical sequences were collapsed into
“fastqcall files”. These files were used in the secondary pipeline for DArT Pty Ltd’s proprietary
SNP and silicoDArT marker calling algorithms (DArTsoft14). SNP markers were detected based
on parsing sequence clusters, whilst silicoDArT markers were extracted by detecting the

presence/absence of a specific sequence or sequence clusters.

2.3.3 Marker diversity and quality filtering

The data from this study will be used in future genomics studies in the breeding program;
however, many genomic analyses cannot be undertaken with data that contains missing calls.
Imputation was, therefore, performed on both SNP and silicoDArT markers through DArT’s

KDCompute Optimal Imputation plugin (http://www.kddart.org/kdcompute.html). Six
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methods were compared by excluding an additional 10% of missing values, with a simple
matching coefficient (SMC) being calculated from the correlation between introduced missing
values and the original dataset. Missing calls were imputed using the most accurate

imputation method.

Quality control was applied to both types of markers using pre-imputation read depth, call
rate, one ratio, polymorphic information content (PIC), and a test of Mendelian inheritance
on a subset of families. SilicoDArT markers with >10 average read depth and >1.55 QPMR
(quality with scaling per million reads, average of normalized non-zero tag read counts divided
by the standard deviation of read counts) were used in genetic analysis. Thresholds for SNP
markers included 250% call rate (proportion of samples scored as “1” present or “0” absent),
>2.5% one ratio (or minor allele frequency, proportion of samples for which the genotype was
scored “1”) for both SNP and reference alleles, and >0 PIC for both SNP and reference alleles.
PIC was calculated by DArT as 1 - [f2 + (1 - f)?], where f is the marker frequency in the data set
(A. Kilian, pers. comm.). A relatively low call rate threshold was applied because most “missing
data” represent null alleles, as the average read depth of macadamia markers was very high
(>50 X), and sequence volume was very consistent between the libraries/samples (CV below
10%). Given that most of the SNPs and indels responsible for such null alleles are within 30-
40 bp from the called SNP (as average DArTseq fragment size is under 100 bp), the LD between
called SNPs and the “secondary variants” responsible for nulls must be very high. We,
therefore, anticipate very high efficiency of imputation even for markers with low call rates.
A test of Mendelian inconsistencies in the form of opposing homozygotes was conducted in
16 of the families as a representation of the whole study, covering 156 (53%) of the progeny
from crosses between 25 (86%) of the parents. Within full-sib families, any SNP markers in
which more than two progeny had the opposing homozygote state (e.g. AA) compared with
both parents (e.g. BB) were removed from the study for all families. This threshold of two or
more progeny per family (18% to 29%, depending on family size) was chosen since greater
than a quarter of genotyping errors are indistinguishable from inconsistencies in Mendelian

inheritance (Douglas et al. 2002).

Minimum, maximum and mean values were calculated for remaining SNP and silicoDArT

markers for the following quality parameters: call rate, one ratio, PIC, and reproducibility
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(proportion of technical replicate assay pairs for which the marker score is consistent). Marker

distribution of PIC values was graphed for both marker types.

2.3.4 Marker locations

A v2 genome assembly for M. integrifolia is available as a collection of 4,098 scaffolds
[European Nucleotide Archive (EMBL-ENA) repository, Analysis: ERZ792049, Assembly
accession: ERS2953073 (SAMEA5145324)], with a scaffold N50 of 413 kb, and the longest
scaffold being 2.19 Mb. The assembly covers an estimated 93% of the genome, and the
estimated repeat content is 52% (Nock, Baten et al. unpublished data). The tentative locations
of the quality-filtered markers on these genome scaffolds were found using the NCBI stand-
alone BLAST+ application (Camacho et al. 2009). A threshold of 95% identity matches
between SNP and scaffold sequences was applied; top hits (based on E value) of BLAST+
analysis were used for further analyses. A correlation between number of SNPs mapped per
scaffold and scaffold length was calculated. Linkage disequilibrium (LD) was estimated using
only SNPs that mapped to a single scaffold, due to the repetitive nature of the macadamia
genome (Nock et al. 2016). LD was calculated using the r? parameter between pairs of SNPs
within the same scaffold using Plink v1.9 software (Purcell et al. 2007), with a window of 100
SNP and a lower limit of r2 = 0. The estimated physical distance (in base pairs) was calculated
between pairs of SNPs. LD was calculated using all individuals, and progeny and parents

separately, and decay was plotted with a log function.

2.3.5 Analysis of genetic diversity and differentiation

Genetic diversity measures were calculated for the 295 progeny, both as one large population
and as separate populations according to full-sib families, as well as for the 29 parents. Allelic
frequencies were calculated in GenAlEx v6.5 (Peakall and Smouse 2012) using SNPs and the
codominant option. Allelic frequencies were used to determine genetic diversity
characteristics for the parental group, across all progeny, and each progeny full-sib family.
The progeny families were classified into two groups: progeny from M. integrifolia parents
and progeny from M. integrifolia x M. tetraphylla hybrid parents, based on recorded ancestry
of each parent cultivar (Table 2-1) (Hardner 2016; Hardner et al. 2009; Peace 2005; Aradhya
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et al. 1998). Diversity parameters included mean number of alleles per locus (A), number of
effective alleles per locus (Ae), observed and expected heterozygosity (Ho and He), and

percentage of polymorphic loci (%P) for each family.

Table 2-1 Characterisation of parent genotypes into M. integrifolia or M. integrifolia x M.
tetraphylla hybrid groups, based on recorded ancestries and molecular evidence (Hardner

2016; Hardner et al. 2009; Peace 2005; Aradhya et al. 1998)

M. integrifolia M. integrifolia x M. tetraphylla hybrid
4/7 772 1/40 L64
A38 783 A4 NG4
A9/9 797 Al6 NG8
246 804 D4 NG18
333 814 695 NG35
344 816 791
660 842
705 849
762 Yonik

Nei’s (1972) genetic distance was calculated between individuals, using the codominant and
binary dominant options for SNPs and silicoDArTs, respectively. Analysis of molecular variance
(AMOVA) was performed for both marker types to ascertain the level of partitioning of
diversity within and among 32 progeny families, as well as PhiPT (diversity among families)
using 999 permutations in GenAlEx v6.5 (Peakall and Smouse 2012). Wright’s (1965) F-
statistics were calculated for SNP markers. Principal coordinates analysis (PCoA) was
computed using SNPs to identify relationships within and among progeny families. An
unweighted neighbour-joining dendrogram was constructed for progeny in DARwin v6.0.13
(Perrier et al. 2003) using the SNP markers and 100 bootstraps. A genomic relationship matrix
(GRM) was constructed using SNPs following VanRaden (2008) using R (R Core Team 2014) to

model the kinship of parents and progeny. A heat map of the GRM was made using Excel.

STRUCTURE v2.3.4 (Pritchard et al. 2000; Falush et al. 2003) was used to determine the level
of admixture between progeny families based on SNP markers. Three independent runs were

performed for each value of k between 2 and 6, with a burn-in period of 10,000 and 50,000
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MCMC (Markov chain Monte Carlo) iterations. No prior population information was used, and
the correlated allele frequencies option was chosen. Results of each run were uploaded into
Structure  Harvester (Evanno et al. 2005; Earl and vonHoldt 2012;
http://taylorO.biology.ucla.edu/structureHarvester/) to determine the optimal number of
clusters across all families. CLUMPP v1.1.2 (Jakobsson and Rosenberg 2007) was used to
determine the alighnment of the independent iterations at the optimal k, and outputs were

analysed and clusters graphically visualised using DISTRUCT v1.1 (Rosenberg 2004).

2.3.6 Heterozygosity and performance

Analyses were conducted to determine if there was a relationship between genetic diversity
and performance for nut yield and other traits. Progeny were separated into two population
groups according to their low- or high-yielding status within families, and genetic diversity
measures were calculated in GenAlEx v6.5 as above. Heterozygosity was measured on a per-
individual basis for progeny as the number of heterozygous markers / total number of
markers. This is similar to work proposed by Diehl and Biesiot (1994). Heterozygosity was
plotted against clonal values calculated for individuals for cumulative kernel yield to age 8
years, cumulative nut-in-shell yield to 8 years, total kernel recovery, height at age 6, canopy
volume and yield efficiency, based on linear models for each trait as a function of an
interaction between heterozygosity and family. Adjusted R-square values were obtained from
linear models in R, and ANOVA (type Il) was performed to determine the significance of

heterozygosity, family and their interaction (R Core Team 2014).

2.4 Results

2.4.1 Marker diversity and quality

A total of 5,329 SNPs were produced through genotyping. Single value decomposition (SVD)
and probabilistic principal components analysis (PPCA) imputation methods (Stacklies et al.
2007) performed highly for both datasets, and the most accurate of the six methods was used
to impute missing data: SVD for silicoDArTs (0.9846 SMC) and PPCA for SNPs (0.9720 SMC).
Of the 5,329 SNPs, 1,216 (22.8%) were removed through strict filtering parameters (Table 2-

2). The greatest number of markers were removed due to low call rate (446). Manual
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detection of progeny with a homozygous state opposite to both parents removed 349
markers from further analyses. This left 4,113 SNPs and 16,171 silicoDArTs across 295 progeny
and 29 parents for genetic analyses. Had the call rate been increased to 80% or 90%, this
would have resulted in far fewer markers available for genetic analysis (2,536 and 1,777,

respectively; Table 2-2).

Table 2-2 Filter criteria and number of SNPs removed and remaining. Call rate, proportion of
samples scored as “1” or “0”; one ratio, proportion of samples for which the genotype was

scored “1” (minor allele frequency); PIC, polymorphic information content

Filter SNPs removed SNPs remaining
Call rate 250% 446 4,883
One ratio reference 22.5% 25 4,858
One ratio SNP >2.5% 175 4,683
PIC reference >0 210 4,473
PIC SNP >0 11 4,462
Opposing homozygotes 349 4,113
Total 1216 4,113
Further filtering to call rate 280% 2,536
Further filtering to call rate 290% 1,777

Call rates for the remaining SNPs ranged from 0.50 to 1.00, with a mean of 0.83, whilst mean
call rate of analysed silicoDArT markers was 0.98 (Table 2-3). A much lower mean one ratio
was observed for SNP than the reference allele (0.35 and 0.79, respectively). Since SNPs are
generally biallelic, and silicoDArT markers are dominant (either presence or absence), PIC
values range from 0 to 0.5 for both marker types (Krawczak 1999; Kilian et al. 2012). Mean
PIC was higher in SNPs (0.24) than in the silicoDArT markers (0.09; Table 2-3). Very low PIC
(<0.05) was observed for most silicoDArTs (66%), compared with 3% of SNPs (Figure 2-2),
which may be affected by the filtering of low (22.5%) MAF markers and the stringent filtering
by DArT during sequencing analysis. Average read depth of silicoDArT markers ranged from
10 to 990.28, with a mean of 47.44. Mean reproducibility was very high for both SNPs and
silicoDArTs (0.99 and 1.00; Table 2-3).
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Table 2-3 Summary of quality control and genetic diversity measures for 4,113 SNP and 16,171
silicoDArT markers used for analysis across all progeny and parents. Call rate, proportion of
samples scored as “1” or “0”; one ratio, proportion of samples for which the genotype was
scored “1”, reported for both reference and SNP alleles (minor allele frequency); polymorphic
information content, based on marker frequency; read depth, average number of samples
with non-zero tag read counts; QPMR, quality with scaling per million reads, average of
normalised non-zero scores divided by standard deviation; reproducibility, proportion of

technical replicate assay pairs for which the marker score is consistent

SNPs Mean Min Max
Call rate 0.83 0.50 1.00
One ratio — reference allele 0.79 0.03 1.00
One ratio — SNP allele 0.35 0.03 1.00
Polymorphic information content 0.24 0.03 0.50
Average read depth — reference allele 73.46 2.57 841.49
Average read depth — SNP allele 52.08 2.50 638.71
Reproducibility 0.99 0.93 1.00
silicoDArTs Mean Min Max
Call rate 0.98 0.79 1.00
One ratio 0.14 0.00 1.00
Polymorphic information content 0.09 0.01 0.50
Average read depth 47.44 10.00 990.28
QPMR 11.52 1.55 4744.36
Reproducibility 1.00 0.95 1.00
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Figure 2-2 Distribution of markers across polymorphic information content ranges for 4,113

SNPs and 16,171 silicoDArT markers used for diversity analysis

2.4.2 Marker location and LD

A total of 3,700 SNPs (90%) mapped to 1,411 genome scaffolds (34%), with 5,248 alignments
in total. Most SNPs were present at only one location (2,846, 80%) or mapped to two (13%)
locations; the rest mapped to multiple genome scaffolds (Figure 2-3a). One SNP (s3709)
mapped to 119 scaffolds, with another (s3710) mapping to 51 scaffolds. The genomic
distribution of SNPs across scaffolds was not homogenous, with marker frequency ranging
from one SNP per scaffold (on 440 scaffolds, 31% of SNPs) to 34 SNPs on
scaffold304 |size438510 (Figure 2-3b). Generally, longer scaffolds contained more SNPs than
shorter scaffolds (r? = 0.56, p < 0.001).

LD, calculated using only the 2,846 SNPs that mapped to a unique location, decayed rapidly
over short physical distances, but then declined slowly over longer pairwise distances (Figure
2-4a). Perfect LD existed between some SNPs even at large distances. Almost 60% of the r?
values were below 0.05, 14.7% were between 0.05 and 0.10, whilst just under 1% were
between 0.9 and 1.00 (Figure 2-4b). The average LD between SNPs within 1 kb of each other

was 0.124 for all individuals, 0.095 for parents, and 0.054 for progeny (Figure 2-4c).
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ranging from one SNP to 34 SNPs per scaffold.
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Figure 2-4 Linkage disequilibrium (LD, r?) between pairs of SNPs across scaffolds, measured
using 2,846 SNPs that mapped to only one scaffold each (971 scaffolds total). a Scatter plot
of pairwise LD decay between all SNPs located on the same scaffold as a function of physical
distance between SNPs (kilobases) for all individuals, where the orange line represents LD
decay. b Distribution of LD values for all individuals among r? bins, where the orange line
represents the cumulative count of SNPs. ¢ Mean pairwise LD between SNPs against pairwise
physical distance (kilobases) between markers for all individuals, and parents and progeny

separately

2.4.3 Genetic diversity

Genetic diversity varied slightly between progeny and parents (Table 2-4). For progeny, higher
number of alleles per locus (A), number of effective alleles (Ac), expected heterozygosity (He)
and percentage of polymorphic loci (%P) were observed than for parents, though the
difference was slight. Fewer heterozygotes were observed for both parents and progeny (Ho
=0.135 and 0.124, respectively) than were expected (He = 0.250 and 0.255, respectively; Table
2-4). Genetic diversity was higher for all measures for progeny from hybrid parents than
progeny from M. integrifolia parents (A = 1.997, 1.804, and %P = 99.66%, 80.43%,
respectively). Observed heterozygosity was approximately half the value of expected
heterozygosity for hybrid progeny (Ho = 0.131, He = 0.278), whilst the difference between the

two measures was lower for progeny from M. integrifolia parents (Ho = 0.115, Hg = 0.189).
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Table 2-4 Summary of genetic diversity measures averaged over 4,113 SNP markers, for the
parent population, across all progeny, progeny from M. integrifolia parents, and progeny from
hybrid parents. n, number of individuals; A, number of alleles; Ae, number of effective alleles;

Ho, observed heterozygosity; He, expected heterozygosity; %P, percentage of polymorphic

loci
n A Ae Ho He %P

Parents Mean 29 1984 1396 0.135 0.250 98.42%
SE 0.002 0.005 0.002 0.002

All progeny Mean 295 2.000 1403 0.124 0.255 | 100%
SE 0.000 0.005 0.002 0.002

Hybrid progeny Mean | 176 1.997 1447 0.131 0.278 99.66%
SE 0.001 0.005 0.002 0.002

M. integrifolia progeny Mean 119 1.804 1303 0.115 0.189 80.43%
SE 0.006 0.005 0.002 0.003

Genetic diversity varied between progeny full-sib families (Table 2-5). The number of progeny
per family ranged from 7-11. Progeny from the parental cross of ‘D4’ (‘Renown’) x ‘695’
(‘Beaumont’) possessed the highest average values for A (1.536) and %P (53.63), whilst
diversity was also high in family ‘D4’ x ‘660’ (Ae = 1.324, He = 0.185). In comparison, families
‘783’ x ‘804’ and ‘A9/9’ x ‘814’ exhibited low values for these measures (A. = 1.168, He = 0.096,
and A =1.246, %P = 24.60, respectively). Observed heterozygosity ranged from 0.090 in ‘333’
x ‘842" t0 0.165 in ‘A16’ x ‘797’ (Table 2-5).
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Table 2-5 Summary of genetic diversity measures for progeny across 32 families, averaged
over 4,113 SNP markers. n, number of progeny in the family with reciprocals combined; A,
number of alleles; Ae, number of effective alleles; Ho, observed heterozygosity; He, expected
heterozygosity; %P, percentage of polymorphic loci. Lowest and highest values for each

diversity measure are bolded

Parental cross n A Ac Ho He %P

1/40 x 849 8 1.344 1.236 0.115 0.134 34.40%
333 x 842 9 1.279 1.183 0.090 0.104 27.86%
344 x 804 10 1.327 1.202 0.119 0.117 32.68%
4/7 x 344 10 1.407 1.272 0.126 0.156 40.68%
660 x 783 8 1.281 1.194 0.107 0.110 28.06%
705 x 816 9 1.385 1.252 0.126 0.144 38.46%
772 x 804 10 1.360 1.240 0.135 0.137 36.03%
772 x 849 8 1.403 1.252 0.141 0.145 40.31%
783 x 804 8 1.248 1.168 0.092 0.096 24.82%
A16 x 333 10 1.433 1.302 0.138 0.171 43.30%
A16 x 705 10 1.410 1.268 0.134 0.154 40.97%
A16 x 797 10 1.517 1.297 0.165 0.173 51.74%
A16 x NG4 9 1.389 1.272 0.113 0.153 38.88%
A38 x 246 10 1.343 1.228 0.109 0.130 34.26%
A38 x 816 9 1.358 1.240 0.117 0.137 35.81%
A4 x 791 11 1.451 1.305 0.132 0.173 45.13%
A4 x NG4 7 1.420 1.290 0.128 0.164 42.01%
A9/9 x 705 8 1.379 1.241 0.126 0.139 37.88%
A9/9 x 814 10 1.246 1.174 0.100 0.097 24.60%
D4 x 660 8 1.464 1.324 0.154 0.185 46.39%
D4 x 695 10 1.536 1.310 0.130 0.180 53.63%
L64 x 344 8 1.407 1.276 0.130 0.158 40.68%
NG18 x 660 9 1.379 1.253 0.134 0.145 37.93%
NG18 x 695 10 1.438 1.301 0.130 0.170 43.84%
NG18 x 705 9 1.340 1.226 0.112 0.129 34.01%
NG18 x 804 10 1.362 1.236 0.131 0.135 36.20%
NG35 x 791 10 1.395 1.262 0.112 0.150 39.53%
NG8 x 333 9 1.409 1.272 0.137 0.155 40.89%
NG8 x 762 10 1.407 1.267 0.126 0.153 40.65%
NG8 x 797 9 1.374 1.254 0.132 0.145 37.44%
Yonik x 814 10 1.333 1.208 0.102 0.121 33.33%
Yonik x NG8 9 1.409 1.272 0.134 0.156 40.87%
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2.4.4 Population structure

Figure 2-5 demonstrates relative kinship among parents and progeny, with the family groups
separated by black lines. Population structure can be visualised as progeny families related to
each other more, or less, than other families, as indicated by red and blue blocks, respectively.
In the principal coordinates analysis (PCoA), there are five visible clusters amongst the
progeny (circled), with most progeny families clustering together in Q4, or across Q1 to Q2
(Figure 2-6a). Full-sib families that share parents clustered together, for example, ‘A4’ x ‘NG4’
and ‘A16’ x ‘NG4’ group closely together in Q2 of the PCoA. Family ‘NG18’ x ‘705’ clustered
separately from all other families in Q3, whilst progeny from ‘NG18’ x ‘695’ and ‘A16’ x ‘705’

cluster together in Q3.

Similarly to the PCoA, families that shared cultivars as parents grouped together in the
dendrogram (Figure 2-6b). Families ‘A4’ x ‘NG4’ and ‘A16’ x ‘NG4’ clustered closely, as well as
families with ‘NG8'’ as a parent. Generally, progeny from hybrid parents (bolded) separated
from progeny from M. integrifolia parents, both in the PCoA and dendrogram. Long branch
lengths were observed for progeny from ‘NG18’ x ‘695’ and ‘D4’ x ‘695’ compared to other
families. Two individual progenies grouped outside of their full-sib families. Tree HP-1-103 did
not group with its family ‘A16’ x ‘797’ or with any other families. In comparison, tree AL-5-32
grouped more closely with half-siblings of family ‘L64’ x ‘344’ than with full-sibs from ‘4/7’ x
‘344’. The clustering of families with ‘NG18’ and ‘NG8’ parents observed in the dendrogram

also reflects the red blocks among these families in the heatmap (Figure 2-5).
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Figure 2-5 Heat map showing pairwise relationships among parents and progeny grouped by
full-sib family, from a genomic relationship matrix constructed using methods of VanRaden
(2008). Black lines separate parents and each full-sib family. Values range from -1 (blue) to 3
(red), representing relatedness among individuals, but are not equal to coefficients of co-

ancestry

46




Chapter 2: Population Structure and Genetic Diversity

a
Q2 a1
D4 x 695 Ad x 791
*
ALEXA X4 x NG4
X
0
n
~
N Q
. NG18 X6
3 NG18 x 705
o
a3 Coord. 1 - 13.46% Q4
b NG35x791 NG8 x 762
A38 A;i;_S_lE: " 4/ Yonik x NG8
X L Tl
1/40x 845 .. NG8 x 797
333x842 * NG8 x 333
Yonik x 814 " : X : 705 x 816
A9/9 x 814 :
783 x 804 . A9/9 x 705
660 x 783
344 x 804 772 x 849
-2 772x804
L64 x 344 '
4/7 x 344 -
. A16 x NG4
NG18 x 804
. A4xNG4
NG18x 705 -, . ] | , S
NG18x660 -~ - . \A16x705 A4x791
A16 x 333 .
A16x797 | - N W\
D4 x 660
0 0.1 NG18x695 | D4X8%

|

1/40 x 849
333 x 842
344 x 804
4/7 x 344
660 x 783
705 x 816
772 x 804
772 x 849
783 x 804

Al6 x333
Al16 x 705
Al16 x 797
Al6 x NG4
A38 x 246
A38x 816

A4 x 791

Ad x NG4
A9/9 x 705

A9/9 x 814
D4 x 660
D4 x 695

L64 x 344
NG18 x 660

NG18 x 695
NG18 x 705
NG18 x 804
NG35 x 791
NGS8 x 333
NG8 x 762
NG8 x 797
Yonik x 814
Yonik x NG8

Figure 2-6 Population structure analysis of progeny families based on 4,113 SNP markers, with

hybrid parent genotypes in bold. a Principal coordinates analysis with progeny coded

according to full-sib families with five putative sub-clusters circled. The first two axes,

representing the first two principal coordinates, explain 21.04% of the genetic variation.

Quadrants are labelled Q1 to Q4 for reference. Full-sib progeny families of note are labelled.

b Unweighted neighbour-joining dendrogram based on genetic distance among progeny, with
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100 bootstraps. Progeny are colour-coded and labelled according to their full-sib families.
Circled individuals are discussed. ¢ Clustering of progeny among ancestries as calculated by
STRUCTURE program and visualised using DISTRUCT software. Each horizontal line represents
one genotype, and different colours represent partitioning of the genotype to each cluster, k

= 3 clusters. Genotypes are grouped by full-sib family

Three ancestry clusters were identified by Structure Harvester and displayed using DISTRUCT
software (Figure 2-6¢). The orange group represented progeny from M. integrifolia,
predominantly HAES parent cultivars; the blue group contains progeny from parents ‘1/40’,
‘a4/7’, ‘772’ (‘Own Choice’), ‘A16’, ‘A4’, ‘D4’, ‘NG4’, ‘695’, ‘L64’ and ‘791’; the yellow group
includes progeny from cultivars ‘NG8’, ‘NG18’, ‘705, ‘772’ and ‘Yonik’. There appeared to be
families with almost all ancestry attributed entirely to one of the three clusters: ‘333’ x ‘842,
‘660’ x ‘783’ and ‘A9/9’ x ‘814’ appeared all orange; ‘A16’ x ‘NG4’, ‘A4’ x ‘NG4’ and ‘D4’ x ‘695’
were almost entirely blue. Progeny from family ‘NG18’ x ‘705’ were the only family that were
all undifferentiated in yellow in Figure 2-6c, which concurs with the separation from all other
families in the PCoA (Figure 2-6a). However, family ‘NG18’ x ‘705’ did not appear to separate
from others in the dendrogram (Figure 2-6b). Progeny in families ‘772’ x ‘804" and ‘772’ x ‘849’
showed ancestry from all three clusters. The two individuals that grouped outside their full-
sib families in the dendrogram were not obvious in the STRUCTURE output. However, there
was one individual in ‘D4’ x ‘695’ family that did not share the ancestry of their full-sibs, as

evidenced by the orange line amongst blue in the STRUCTURE output.
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Table 2-6 Summary of partitioning of genetic variance across 32 progeny families. Results for
analysis of molecular variance (AMOVA) for both SNP and silicoDArT markers, and F-statistics
for SNP markers. PhiPT, diversity among groups (full-sib families); Fsr, diversity among
subpopulations (full-sib families); Fis, diversity among individuals within subpopulations; Fir,

diversity among individuals in the sampled population

AMOVA SNP markers silicoDArT markers
Among progeny families 53% 40%

Within progeny families 47% 60%

Progeny PhiPT 0.529, p=0.001 0.403, p =0.001
F-statistics Value p

Fst 0.401 0.001

Fis 0.196 0.001

Fir 0.518 0.001

AMOVA results for progeny families were different between SNP and silicoDArT markers
(Table 2-6). Among-family variance (53%) was slightly higher than within progeny families
(47%) for the SNP markers, whilst the opposite was true in silicoDArT markers (40% and 60%,
respectively; Table 2-6). PhiPT varied by 0.126 between the two marker sets, with the statistic
being highly significant for both SNPs (0.529, p = 0.001) and silicoDArTs (0.403, p = 0.001;
Table 2-6). Wright's F-statistics further subdivided the level of genetic variation amongst the
progeny using SNP markers. There appeared to be a high level of variance detected among
individuals (Fir = 0.518) in the sampled breeding population, as well as moderately high

diversity among full-sib families (Fst = 0.401; Table 2-6).

2.4.5 Heterozygosity and performance

There were slightly more high-yielding progeny (n = 152) than low-yielding (n = 143), though
genetic diversity measures were very similar between the two groups (Table 2-7). There was
virtually no correlation between heterozygosity and yield, kernel recovery or tree size traits
(r=0.05t00.22; Figure 2-7). Linear models of traits as a function of heterozygosity and family
(Figure 2-7) all showed that family was a significant factor, but neither heterozygosity nor the
interaction were significant. While there were two individuals with high heterozygosity (>0.2,

Figure 2-7), these had relatively moderate clonal values for all traits.
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Table 2-7 Summary of genetic diversity measures for low- and high-yielding progeny per

family, averaged over 4,113 SNP markers. n, number of individuals; A, number of alleles; A,

number of effective alleles; Ho, observed heterozygosity; He, expected heterozygosity; %P,

percentage of polymorphic loci

Progeny n A Ae Ho He %P
Low-yielding Mean 143 2.000 1.399 0.121 0.252 99.98%
SE 0.000 0.005 0.002 0.002
High-yielding Mean 152 1.999 1.406 0.128 0.256 99.93%
SE 0.000 0.005 0.002 0.002
® 8 E L ]
] . - - o 5 = et J
E 8 2 r=0.21 > s r=0.22 45
% % v 540-
p = o 35-
2 =z ]
= E £
E E Q 301
o g . 254 :
O T T T T T T
0.1 0.2 0.3 0.1 0.2 0.3
1757 : 0.06 - r=0.09 NS
g oy
f.g g 1504 % cosmase o
g) g E 0.04 4 s e .
% § 1254 % —.7"/’/
% % E 0.02 4 ® ¢ co——— L]
O 100+ -~
75+ 0.00 1 .
01 0.2 0.3 0.1 0.2 0.3 01 0.2 03
Heterozygosity Heterozygosity Heterozygosity

Figure 2-7 Linear models of clonal values of various yield traits as a function of individual tree

heterozygosity (number of heterozygous markers / total number of markers, 4,113) and an

interaction with progeny family. Correlation coefficients (r) and significance values are also

shown. *** p < 0.01; NS, not significant.
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2.5 Discussion

2.5.1 Marker location and LD

Marker locations were estimated using genome scaffolds; however, until a complete
reference genome for Macadamia is available, the exact position and distribution of markers
across chromosomes is unknown. Nock et al. (2016) estimated that 37% of the macadamia
genome is repetitive. For the more recent genome assembly, to which the markers in this
study were mapped, estimates of this repeat content is increased to 52% (Nock, Baten et al.
unpublished data). This may explain why some SNPs in the current study mapped to multiple
locations (up to 51 and 119 different genome scaffolds). The complexity reduction methods
used by DArT in sequencing aims to reduce repetitive sequences in the representation (Kilian
et al. 2012). This reduction appears to be the case here, in part, with 80% of the mapped
markers being present at a single location (Figure 2-3a). Heterogeneous distribution of SNPs
across scaffolds, with longer scaffolds containing more markers, was also observed in Chinese
jujube (Ziziphus jujuba), with marker density differing across pseudo-chromosomes of similar
sizes (Chen et al. 2017). Estimates of marker density across chromosomes or linkage groups

will be more accurate when future versions of the macadamia genome become available.

Preliminary estimates of LD in this paper are lower than estimates for apple, a similarly cross-
pollinating fruit tree. Average estimates of r? in apple at a distance of 100 kb ranged from
0.211 in one study (Vanderzande et al. 2017) to 0.33 in another (Kumar et al. 2012b), though
population size varied among these and the current study. In comparison, within-scaffold LD
in pear was r?=0.10 for 100 kb (Kumar et al. 2017), which is similar to estimates of the current
study at around 0.09 for the same distance (Figure 2-4c). Less than 1% of SNP pairs exhibited
r? values between 0.9 and 1, compared with 4% (Vanderzande et al. 2017) and 17% (Kumar
et al. 2012b) in apple. LD in the current study was lower than expected, and was probably
influenced by a number of factors. Generally, out-crossing species have lower LD, and LD
decays more rapidly than self-pollinating species due to recombination being more effective
in heterozygous crops (Flint-Garcia et al. 2003; Semagn et al. 2010). Current macadamia
cultivars are only a few generations removed from their wild relatives (Hardner et al. 2009),
suggesting a limited number of recombination events during domestication. This is very
different to apple and pear, which have both been cultivated for centuries and have strong

genetic structures (Larsen et al. 2018). Population bottlenecks can increase LD (Semagn et al.
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2010). Research suggests that the population base of the HAES germplasm is small compared
to the indigenous natural populations in Australia (Hardner et al. 2009; Peace 2005).
However, the parents in the current study are from many different sources, and Peace (2005)
found that the wider domesticated germplasm was sourced across the wild distribution. The
long extent of low level LD (r? ~ 0.1) is consistent with a recent reduction in effective
population size, as has been observed in other domesticated species, including cattle (Hayes
et al. 2003). Due to the fragmented nature of the genome assembly, caution should be
employed when interpreting these preliminary marker locations and corresponding LD. LD in
macadamia should be further investigated when a complete reference genome becomes
available, and this analysis should take into account population structure and cryptic

relatedness.

2.5.2 Marker quality

DArT marker platforms have been successfully used to quantify genetic diversity in many
plant breeding studies (e.g. Sanchez-Sevilla et al. 2015; Roorkiwal et al. 2014; Grzebelus et al.
2014; Sagawa et al. 2018). Genotyping errors occur in all systems of sequencing, which can
affect subsequent analyses (Saunders et al. 2007). Applying strict filter parameters can ensure
that the markers used for genetic analysis are high-quality, and may decrease the number of
spurious results in subsequent genomics analyses. In SNPs, heterozygosity may be under-
represented due to “allelic dropouts”; when only one of two alleles is detected (Hardenbol et
al. 2005), sometimes due to low coverage (Nielsen et al. 2011). Detection of null alleles or
dropped alleles can be achieved through Mendelian inheritance or Hardy-Weinberg tests,
rather than assay replication (Pompanon et al. 2005). This approach has rarely been applied
in genetic diversity and genomics analyses (Vanderzande et al. 2017; Cros et al. 2017; Imai et
al. 2018). The high read depth observed in this study suggested that most missing data were
due to null alleles. However, the errors detected through Mendelian inheritance testing
suggested that allelic dropouts or null alleles have occurred in the population, despite filtering
protocols by Diversity Arrays Technology. Furthermore, inaccurate imputation techniques
commonly replace missing data with mean or random alleles (e.g. Heslot et al. 2012; Heffner
et al. 2011; Emanuelli et al. 2013). This study included a test for Mendelian inconsistencies

and used an accurate method of imputation to replace missing data, and, therefore, used
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more stringent genotypic quality control parameters compared with those used in many
other genetic diversity studies. Given the relatively small sample size of the study population
and the quality control employed to filter markers, this set of markers was considered suitable
for further research including genome-wide association studies and genomic selection in
macadamia. However, potential allelic dropouts could be further investigated with the aid of

a complete reference genome in the future.

2.5.3 Genetic diversity

This is the first comprehensive study to investigate genetic diversity in a macadamia breeding
program using SNP and silicoDArT markers over a structured population design. Despite the
aim of the breeding population being to increase genetic diversity relative to previous
breeding populations (C. Hardner, pers. comm.), the results of the study did indicate that the
diversity of the progeny and parents was relatively low, with little difference between the two
populations. However, the families in the current study are a subset of the seedling progeny
trial, of which the total genetic diversity is unknown. As such, it is not known whether the
two-tailed sampling (low- and high-yielding) of the progeny may have contributed to the
levels of genetic diversity in the current study. Across all progeny and all parents, observed
heterozygosity was almost half the expected heterozygosity. This may be explained by “allelic
dropouts” giving an underrepresentation of heterozygosity (Hardenbol et al. 2005) in this

study.

Ancestry of most parents in this study has been documented through pedigree records and
molecular markers in previous studies (Table 2-1) (Aradhya et al. 1998; Hardner et al. 2009;
Peace 2005; Hardner 2016). Progeny from hybrid parents were more genetically diverse than
progeny from M. integrifolia parents; this was demonstrated by grouping hybrid and non-
hybrid progeny, as well as by investigating full-sib families individually. The high levels of
diversity in progeny from ‘D4’ x ‘695’, compared with other families, as measured by number
of alleles and polymorphic loci, is likely due to the fact that both varieties are M. integrifolia
x M. tetraphylla hybrids (Table 2-1) (Hardner et al. 2009); therefore, introducing more genetic
variation than crosses between M. integrifolia cultivars. Both ‘783’ and ‘804’ are offspring
from ‘246’ (Hardner 2016), which may have led to their subsequent progeny having lower

levels of genetic diversity due to inbreeding from mating closely related individuals.

53



Chapter 2: Population Structure and Genetic Diversity

Compared to the diversity of the parental cultivars in the current study, Alam et al. (2018)
found that expected heterozygosity was generally lower across four sub-populations among
80 macadamia cultivars, ranging from 0.12 to 0.22. Observed heterozygosity for progeny in
the current study (0.124) was lower than that for SNPs in apple (0.36) and grape (0.34), and
was comparable for Asian, European and hybrid pear groups (0.18 to 0.20). In peach (Prunus
persica), which is predominantly self-pollinating and highly homozygous (summarised by Xie
et al. 2010), observed heterozygosity (0.264) was lower than expected (0.401) (Akagi et al.
2016), though higher than the macadamia progeny (He = 0.255). Genetic diversity was, thus,
generally lower in the current study than for other fruit crops. Furthermore, a study of genetic
diversity in wild M. tetraphylla populations also found that expected heterozygosity was
higher than observed when assessed using microsatellite markers (O'Connor et al. 2015), and
both were higher than that found in this study. However, Fischer et al. (2017) found no
correlation between SSR and SNP diversity estimates, and so it is difficult to compare diversity
values between studies that use different marker types. That expected heterozygosity was
low in the study demonstrates that the assumptions of Hardy-Weinberg law were not met,
namely that of a large, randomly-mating population (Falconer and Mackay 1996). The very
low correlation between heterozygosity and yield on an individual tree basis across all families
reflected the minor differences in genetic diversity and heterozygosity statistics between low-
and high-yielding grouped progeny (Table 2-7). This concurs with a meta-analysis of
heterozygosity-fitness correlations in animal populations, where weak or no correlations are
commonly found (Chapman et al. 2009). Further, there was no relationship observed at the
within-family level for heterozygosity and progeny trait performance, as evidenced by the lack
of significance in the interaction between heterozygosity and family for different traits in

linear model analyses.

2.5.4 Population structure

The current study found disparity in partitioning of genetic variance when comparing results
for SNPs and silicoDArTs. This disparity may be explained by the fact that SNPs provide more
allelic information per locus, compared with silicoDArTs (presence/absence only). In wild M.

tetraphylla populations (O'Connor et al. 2015), among-family genetic diversity, measured
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using SSRs, was slightly higher (79%) than the results of the current study (40% for silicoDArTs
and 53% for SNPs).

The heatmap (Figure 2-5) represents relative relationships among individuals and will inform
genomics studies such as genome-wide association studies and genomic selection, where
knowledge of population structure is vital. Figure 2-6 shows this population structure more
explicitly through different graphical types and may reflect the pedigree of the parents. In the
PCoA, progeny from hybrid parents separated from the major clusters of individuals
representing the HAES germplasm. Cultivars ‘A4’ and ‘A16’ are both offspring of ‘D4’ (also
known as ‘Renown’) and molecular evidence suggested they share the same pollen parent
(Peace 2005). This may explain the close clustering of progeny from these parents with ‘D4’ x
‘695" (‘Beaumont’) in the PCoA. The long dendrogram branches of progeny from hybrid
parents, for example ‘D4’ x ‘695’ reflects the amount of evolutionary change (Pavlopoulos et
al. 2010) compared with progeny from HAES germplasm, suggesting that the genetic diversity
of hybrids is greater than those with M. integrifolia ancestry. This concurs with the finding
that progeny from hybrid parents were more genetically diverse in terms of observed and

expected heterozygosity than M. integrifolia progeny.

Two individuals grouped separately from their pedigree families in the dendrogram, HP-1-103
and AL-5-32. This may be due to an error somewhere between crossing and planting, however
they did not separate in the PCoA or STRUCTURE output. The outliers observed in the
dendrogram should not affect future genomic prediction studies using these data, as a GRM
should be used rather than a pedigree matrix to account for population structure, which will

provide greater accuracy (Hayes et al. 2009b).

The three ancestry clusters shown in the STRUCTURE output may represent three different
germplasm groups: M. integrifolia HAES germplasm (orange), and two different hybrid
groups. The blue group contains progeny from parent cultivars ‘1/40’, ‘4/7’, ‘772’, ‘A16’, ‘A4,
‘D4, ‘NG4’, ‘695’, ‘L64’ and ‘791’. Most of these cultivars had recorded hybrid ancestry (Table
2-1). There was a paucity of data regarding ‘4/7’, and the results here suggest that the
ancestry of this cultivar is partly M. tetraphylla. Cultivar ‘772’, which is also known as ‘Own
Choice’ (Hardner et al. 2009), appears to have a mixed ancestry as demonstrated by the
STRUCTURE output, despite records suggesting it originated from a wild M. integrifolia

population (Peace 2005). A previous study (Peace 2005) classified ‘D4’ (‘Renown’) into a
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hybrid group separate from ‘695" (‘Beaumont) and ‘NG4’ (‘X4’) and ‘NG8’ (‘X8’), which

conflicts with the current findings.

The other hybrid group, yellow, includes ‘NG8’, ‘NG18’, ‘705’, ‘Yonik’, as well as ‘772’ (‘Own
Choice’). Alam et al. (2018) also found that ‘NG8’ and ‘NG18’ were assigned mostly to the
same ancestry, but that ‘NG18’ was more differentiated. In comparison, an earlier study
inferred that ‘NG18’ was 5—25% M. tetraphylla, despite the original genetic background being
recorded as M. integrifolia (Peace 2005). The results from this study agree with Peace (2005)
who suggested, based on SSR and RAF marker evidence, that the cultivar ‘705’ is a hybrid.
This variety was originally selected in Australia (‘Stokes Siding’) and introduced into Hawaii in
the mid-1950s where it was given a HAES selection number (Hardner 2016; Hardner et al.
2009). It was sourced from New South Wales (C. Hardner, pers. comm.), where the local wild
species is M. tetraphylla (Hardner et al. 2009). Progeny from family ‘NG18’ x ‘705’ separated
from others in the PCoA, and group entirely to one ancestry in the STRUCTURE output,
suggesting that these varieties may be more distinct from other hybrid parents in the current

study, though not sufficiently different to be classified into a different cluster.

Some findings of the current study also conflict with records and publications. ‘Yonik’ is a
variety from Israel with recorded M. integrifolia ancestry; however, evidence from the
STRUCTURE plot suggests that it may also be a hybrid. Variety ‘NG35’ was recorded to be of
hybrid origin (Peace 2005), though, the results of this study suggest that it is more likely to be
M. integrifolia due to its progeny clustering separately from hybrids. Finally, cultivar ‘791’,
also known as ‘Fuji’, was previously identified to be a tri-hybrid between M. ternifolia, M.
tetraphylla and M. integrifolia using genetic markers (Peace 2005), which is also supported
by findings by Alam et al. (2018). In the current study, families with ‘791’ as a parent did not
show clustering among three ancestries in the STRUCTURE output. Progeny of ‘791’ did not
separate from other families in the dendrogram, although ‘A4’ x ‘791’ progeny were clustered
between HAES and hybrid germplasm in the PCoA. It is possible that the M. ternifolia ancestry
was, instead, attributed to the group containing M. tetraphylla ancestry in the current study,
because there was only one parental sample containing that species. Future studies should
compare genetic diversity and partitioning of multiple genotypes among the four species of

the genus, and cultivar ‘791’.
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2.6 Conclusions

This study analysed a large, representative subset of progeny of the Australian macadamia
breeding population, as well as many cultivars as parents. We used 4,113 SNP and 16,171
silicoDArT markers to characterise the partitioning and structure of genetic diversity of the
breeding population. High genetic variance was observed among progeny and among full-sib
families, though the population appears less diverse than other tree crops. The population
seems to be structured by HAES M. integrifolia germplasm separating from hybrid
germplasm. Knowledge gained will be valuable for future studies using genetic markers in
macadamia. A genome-wide association study regarding important yield traits will benefit
from the number of markers available as well as awareness of population structure to avoid

bias and spurious results.
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Chapter 3. Genomic heritability, correlations, and selection efficiency
of nut yield and component traits in a macadamia breeding

population

Preliminary results for the following chapter have been published.

O'Connor, K., Hardner, C., Alam, M., Hayes, B., and Topp, B. (2018). Variation in floral and
growth traits in a macadamia breeding population. In: R. Drew (ed.), International Symposia
on Tropical and Temperate Horticulture ISTTH2016 (Cairns, Queensland). Acta Horticulturae

1205(77): 623-630. https://doi.org/10.17660/ActaHortic.2018.1205.77
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| performed all phenotyping with assistance, wrote the paper and made final edits. CH guided
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interpretation of results. CH, BT and MO suggested revisions.
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Chapter 3: Components Traits of Yield

3.1 Abstract

Macadamia trees are grown commercially for their high quality kernel, but improving nut
yield in breeding programs is inhibited due to low heritability of yield, long juvenile period
and large tree size. Selection for high yield may be done indirectly through selection of yield
component traits if they are correlated with yield and have higher heritability. Yield, flower,
nut and tree growth characteristics were measured for 295 seedlings from 32 families, and
18 of their 29 parents, across four sites in south-east Queensland, in the Australian
macadamia breeding program. Estimates of individual tree narrow-sense genomic heritability
varied between traits, from 0.09 for percentage of racemes that set nuts to 0.76 for kernel
recovery. Trunk circumference appeared highly genetically correlated with yield (0.72), whilst
a negative correlation was observed between kernel recovery and yield (-0.27). Using
estimates of heritability and genetic correlations, selection efficiency was calculated for each
trait. None of the measured traits were more efficient in indirectly selecting for high yield,
though trunk circumference was the highest, at 0.86 selection efficiency. Findings from this
study will inform genomics research, such as the appropriateness of traits for genome-wide
association studies, and be useful for future breeding strategies regarding the ease of

selecting for certain traits due to heritability and correlations between traits.

3.2 Introduction

Macadamia is a long-lived, evergreen tree with a long juvenile period, native to the rainforests
of south-east Queensland and north-east New South Wales, Australia. Macadamia
integrifolia (Maiden & Betche), M. tetraphylla (Johnson), and their hybrids are grown
commercially for their high quality nuts in countries around the world, predominantly in
Australia, South Africa, Kenya and USA (Hawaii) (Hardner et al. 2009; Gross 1995; Australian
Macadamia Society 2018). In 2016, Australia produced 48,000 mt of nuts-in-shell, and

exported 70% of the crop around the world (Australian Macadamia Society 2017b).

Nut-in-shell (NIS) yield is the focus of breeding new varieties, and is consistently nominated
as the highest priority for growers at industry meetings in Australia (O'Hare and Topp 2010).
However, selecting for high yield can be difficult due to the quantitative nature of the trait,

low heritability, long juvenile period, and large tree size requiring large areas of land for
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evaluations. The current Australian macadamia breeding program evaluates candidate
cultivars in two stages (Topp et al. 2012; Hardner et al. 2019a). Unreplicated seedlings are
evaluated in field trials using pedigree and a quantitative genetic approach for growth and
yield traits to predict genetic values using a weighted selection index. These traits include
canopy height and width, precocity, proportion of reject and marketable kernel, with
economic weights estimated for each trait based on bio-economic modelling of production
and processing costs (Hardner et al. 2019a; Hardner et al. 2006). Elite individuals, identified
through the selection index, are then clonally propagated and grown in replicated trials across
multiple locations to determine performance in differing growing environments. These trials
also allow comparison against performance of current industry standard cultivars (Hardner et
al. 2009). Each of these stages extends for at least eight years due to the poor correlation
between young and mature yields, and, hence, involves a large amount of labour in order to
assess juvenile yield on an individual tree scale. Recently, four new varieties were released to
industry, which are a result of pollination crosses made in the mid-1990s (Russell et al. 2017;
Hardner et al. 2019a). Thus, the breeding of new macadamia cultivars is a costly, lengthy and

laborious process (Topp et al. 2012; 2016).

Breeders could indirectly select for complex traits, like yield, through the evaluation of
component traits (Simmonds 1979; Sparnaaij and Bos 1993; Piepho 1995). Here, a complex
trait is determined as a function of one or more component traits, and the variation among
genotypes in the complex trait is governed by component trait variation (Sparnaaij and Bos
1993). Component traits with high correlation with the target trait, high heritability, and those
that are more easily measured than the complex target trait, are candidates for indirect
selection (Falconer 1989; Sparnaaij and Bos 1993). Some component traits can be measured
at an earlier stage in the life of the tree, which can lead to reduced cycle times, or traits can
be measured more easily on a larger number of trees, meaning that selection intensity is
increased. However, selection could be hindered by undesirable traits being highly correlated
with the target trait, or conversely, two target traits being negatively correlated (Dicenta and
Garcia 1992). In a recent review, O'Connor et al. (2018b; Chapter 1 Literature review and
general introduction) suggested that nut, flowering and growth characteristics could be

candidates for early-generation phenotypic selection in macadamia.
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Understanding the genetic architecture of yield component traits will inform breeders of
which traits could be used to indirectly select for yield. Narrow-sense heritability indicates to
what level the trait is genetically controlled, and, as such, how easily it can be modified
through selection (Falconer 1989). Heritability of traits and genetic correlation with yield can
be estimated using linear mixed model approaches, and these estimates can then be used to
calculate the efficiency of indirect selection on the target trait through the direct selection of
another trait (Falconer 1989). The efficiency of selection depends on the ratio of the

correlated response of the two traits to the direct response of the target trait.

Linear mixed models are a commonly used approach for the prediction of genetic effects. This
method treats genetics effects as random with given covariance structure, which often must
be estimated from available data prior to prediction of effects. Assuming covariance
estimates are close to the real population values, genetic effects are best linear unbiased
predictions (BLUPs), with environmental effects accounted for as non-genetic fixed effects.
Commonly, historical pedigrees are used to describe genetic relationships among individuals
to support estimation of additive genetic effects (breeding values) or other non-additive
effects (Henderson 1975). Alternatively, the estimation of realised relationships among
individuals using genetic markers (genomic relationship matrix, GRM) allows more accurate
predictions compared with relationships estimated from pedigree, which do not take into
account differences in Mendelian inheritance or undocumented cryptic relationships (Clark
and Van der Werf 2013; Hayes et al. 2009b; Chapter 2 Population Structure and Genetic
Diversity). The incorporation of genomic relationships has been used to predict breeding
values in many crop and livestock studies, in a method termed genomic BLUP (GBLUP) (Clark

and Van der Werf 2013).

Selection of elite individuals (based on certain traits) can be complicated by genotype by
environment interaction (G x E); the relative performance of genotypes (for certain traits) can
change depending on their environment, and so individuals that are selected for their elite
performance in one environment may perform poorly in another environment (Allard and
Bradshaw 1964). Cooper and Delacy (1994) succinctly summarised different forms of G x E:
where genetic variance is heterogeneous across environments, and/or the rankings of
genotypes change amongst environments. G x E can be modelled using linear mixed models.

In a previous study of macadamia yield (Hardner et al. 2002), G x E was evidenced by higher
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genetic variance at one location, and low genetic correlation between genotype and yield at
that location compared with three other environments. As such, the presence of G x E should
be considered in studies of yield in macadamia. More recently, Hardner (2017) used scaled
phenotypes to reduce variance heterogeneity, and explored mixed models to increase
accuracy of estimating parameters and trait genetic effects in a macadamia breeding

population using pedigree information.

There are many traits that may contribute to yield in macadamia. Flowers are comprised of
pendant racemes, with a rachis (stem) 6-30 cm long, and an inflorescence of 100-300 florets
(Huett 2004; Trueman 2013). Physical space to sustain nuts on the rachis, and opportunities
for pollination may influence yield, so raceme length and floret number may be important
yield components. Previous estimates suggest that only 0.3% of florets develop into nuts (Ito
1980). The percentage of flowering racemes, as well as individual florets that set nuts, could
give an indication of energy investment and reproductive success among genotypes. The
rachis diameter increases following successful pollination, and varies with the number of fruit
per rachis (Urata 1954). Rachis diameter, as well as nut pedicel diameter, thus could also be

important component traits, as they may limit nut size and yield.

Important selection traits during cultivar evaluation include NIS yield, nut weight, percentage
of kernel to nut weight, and tree size (Hardner et al. 2009). Nuts are composed of an inner
kernel encased by a hard shell and outer husk (Figure 3-1). Husk may dehisce with the nut,
and subsequently needs to be mechanically removed, with nuts-in-shell then cracked to
produce the edible kernel . Yield may be described using multiple parameters, but for this
study, it is measured as the weight of NIS yield per tree in a particular year. Consistent yields
of 2 t/ha of kernel or 5 t/ha of NIS (10% moisture content) are desirable in varieties from the
age of 10 years (O'Hare et al. 2004). Kernels should weigh 2-3 g, preferably remain whole
when the nut is cracked, and compose at least 36% of the total NIS weight (kernel recovery;
KR) (O'Hare et al. 2004; Hardner et al. 2009). KR is an important trait, as higher values attract
a premium price per kilogram for growers (Macadamia Processing Co. Ltd. 2018), and it
directly impacts the production and processing costs; costs are higher when KR is low
(Hardner et al. 2009). However, cultivars with thin shells may have lower kernel quality due
to defects caused by damaging pests and diseases (Hardner et al. 2009). With the focus

turning towards smaller trees with high yields, planting densities, and, consequently, yield
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per hectare, are likely to increase (Toft et al. 2019). Trunk circumference (stem girth) or trunk
cross-sectional area, are easily-measured traits commonly used as an estimate of tree size
(Hardner et al. 2002; Toft et al. 2018); trunk size may affect nut yield due to uptake of

resources available for growth and fruit production.

Figure 3-1 Macadamia nuts. The edible kernel is enclosed in a hard, woody shell and the outer
husk. Left to right: nut in husk, split husk, nut in shell, cracked shell, and whole kernel.

[llustration by Todd Fox, reproduced from O'Connor et al. (2018b)

Variance, heritability, and correlations among component traits have been investigated in
various nut tree crops, including almond (Sdnchez-Pérez et al. 2007; Sorkheh et al. 2010),
pecan (Thompson and Baker 1993; Kumar et al. 2013a), cashew (Aliyu 2006), and walnut
(Martinez-Garcia et al. 2017), though analyses using genetic markers is lacking. To date,
studies in macadamia have investigated the relationships between some component traits
and yield, though this has usually included only a limited number of genotypes and without
genetic marker data (e.g. Hardner et al. 2001; Hardner et al. 2002). It is of value to determine
the relationships between component traits and yield in a broader genetic base, as findings
will influence selection strategies in future macadamia breeding populations (O'Connor et al.
2018b). The aims of this study were to: (i) compare the phenotypic variances of nut, floral and
growth component traits between progenies and families, (ii) estimate the genetic heritability
of yield and component traits in the population, (iii) estimate genetic correlations among yield
and component traits, and (iv) estimate efficiency of indirectly selecting for high yield through
the selection of component traits. This study builds on results of a pilot study by O'Connor et

al. (2018a).
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3.3 Methods

3.3.1 Study population

This study involves 295 unreplicated seedling progeny from 29 parents and 32 full-sib families
(reciprocal parent crosses combined), which are a subset of the Australian macadamia
breeding population, as described in O'Connor et al. (2019b; Chapter 2 Population structure
and genetic diversity). The studied plants were located at four sites across south-east
Queensland: East Gympie (EG, n = 75 progeny) and Amamoor (AM; n = 84) near Gympie, and
Alloway (AL; n = 59) and Hinkler Park (HP; n = 77) in the Bundaberg region. Methods for
assessing some yield component traits were previously published in O'Connor et al. (2018a),
and methods are detailed for all traits here. Each of the 295 progeny, as well as 18 of the 29
parents, were measured for yield and twelve yield component traits from August 2016 to July

2018 (Table 3-1).

Table 3-1 List of traits measured on 295 progeny and parents

Code Trait Unit
ENF Estimated number of florets per raceme count
FSN Flowers that set nuts (NPR / ENF) %

KR Kernel recovery (KW / NW) %
KW Kernel weight g
NPR Number of nuts per rachis count
NW Nut-in-shell weight g

PD Nut pedicel diameter mm
RDN Rachis diameter at nut set mm
RL Raceme length cm
RSN* Racemes surviving from flowering to nut set %

TC Trunk circumference cm
WK Whole kernels %
Yield* Nut-in-shell yield g

* denotes measured over two seasons at some/all sites
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3.3.2 Phenotyping

Trunk circumference (TC) was measured 50 cm above the ground, or below the skirt of low-
branching trees as an estimate of tree size. Ten racemes (approximately at looping stage,
Figure 3-2) were randomly selected and removed from each tree for subsequent
measurements. Raceme length (RL) was measured from first to last floret, excluding isolated
florets, as a measure of the reproductive section of the raceme (Figure 3-2). Due to the
impracticality of counting all florets on all racemes, O'Connor et al. (2018a) developed an

equation to estimate the number of florets of a single raceme:
ENF =(4.92 xRL) + (0.12 x F5 x RL) — 20.4 Equation 3-1

(adjusted r?=94.3%, s.e. = 18.6, two terms p < 0.001), where F5 denotes the number of florets

per 5 cm at the terminal end.

a b  Rachis
] . Diameter

Pedicel i
Diameter i

S Looping
Z#AL . Florets
Raceme
Length —=
N Floret

Figure 3-2 Macadamia racemes with component traits indicated. a Raceme with florets in
flower, with some at looping stage, raceme length measured from first to last floret. b Rachis
at nut set, rachis diameter measured at ‘waist’ or approximately 3 mm from base of rachis,
and pedicel diameter measured at midway point. lllustrations by Todd Fox, altered from

O'Connor et al. (2018b)

65



Chapter 3: Components Traits of Yield

During flowering (September in Australia), at least ten racemes were tagged per tree. These
racemes were on two branches per tree, in a length of 30 cm at a distance of 20 cm in from
the end of the branch. Extra racemes were tagged outside of these branches, if necessary, to
give a total of ten. At nut set, the number of racemes bearing nuts on tagged branches was
counted. After adjusting for any loss of branches or tags (due to weather events and
machinery), the percentage of racemes per tree surviving from flowering through to nut set
(RSN) was calculated. Ten rachises and 15 nuts per tree were collected from each tree in 2017,
where available. The number of nuts per rachis was recorded (NPR) in February at the
beginning of harvest season, where nuts were mature but not yet dehiscing. The number of
florets that set nuts (FSN) was calculated as the average NPR / ENF for each tree. Nut pedicel
diameter (PD) was measured using calipers on ten nuts, along the suture line at the midway
point (Figure 3-2). Rachis diameter at nut set (RDN) was measured on ten rachises using

calipers, at the base (Figure 3-2).

Nuts-in-shell were harvested by hand for each tree, as a measure of yield. Site AL was not
harvested in 2017 due to an extreme weather event, whilst site EG was not harvested in 2018
due to management issues. Nuts on the ground under trees were collected, and nuts
remaining in the tree were removed using poles with hooks. Nuts were dehusked within three
days after each harvest, and wet NIS weight recorded. A 1 kg sample was taken (where
available), and dried in ovens for two days at 35°C, two days at 45°C, followed by a final two
days at 55°C, as per protocol described by Prichavudhi and Yamamoto (1965). Whole harvest
dry NIS weight was calculated based on the moisture content of the 1 kg sample. Total yield

per tree was estimated as a sum across harvests in each year.

Nuts were stored in airtight containers, and re-dried at 50°C overnight before being cracked
and measured. Nuts were weighed separately for nut weight (NW) and then cracked manually
using a lever-type macadamia cracker. Nuts and kernels with visible insect damage or kernel
shrivelling were discarded and not measured. For retained nuts, shell and kernel pieces were
weighed separately, and kernel weight (KW) was recorded for each fruit. The percentage of
whole kernels (WK) from the sample was recorded; whole kernels are those that do not split
down the interface separating the two cotyledons when cracked (Walton et al. 2012) (Figure

3-1). Kernel recovery (KR) was calculated for each nut as KW / NW. A sample of 20 good-
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quality nuts (without insect damage or kernel shrivelling) was measured for each tree, where

available.

Means of each trait were calculated for each individual for each yield component. Data were
not included for a component trait for any tree with five or fewer units (e.g. kernels, nuts,
racemes) measured, meaning that for some traits very low yielding trees were not examined
due to insufficient racemes or nuts. The number of trees with missing data ranged from 2-21
for primary traits, and 8-55 for traits derived from calculations of primary traits; FSN had the
highest rate of missing data (n = 55) due to the trait being a derivative of RL, F5 and NPR. Yield
and RSN were measured for each tree across two years. Flowering data were measured in
Spring (September in Australia) of 2016, and nut data in Autumn—Winter (April-August) of
2018. Phenotypic minimum, maximum, mean and standard deviation (SD) were calculated

across all trees for each trait.

3.3.3 Genotypic data

This study used genetic markers developed by Diversity Arrays Technology (DArT), as
described in O'Connor et al. (2019b; Chapter 2 Population structure and genetic diversity) and
briefly outlined here for completeness. Single nucleotide polymorphism (SNP) markers were
detected and imputed with 97% accuracy using the PPCA method (Stacklies et al. 2007).
Quality control was then performed (based on pre-imputation parameters), where markers
with <50% call rate, <2.5 minor allele frequency, and those that failed a test of Mendelian
inconsistencies using a comparison of parent-offspring trio homozygotes in 50% of families,
were removed. A total of 4,113 high quality SNPs were used in genetic analyses. An additive
GRM was constructed using methods as per VanRaden (2008), modelled in R from SNP
effects, where homozygous, heterozygous and alternate homozygous genotypes were
represented by 0, 1, and 2, respectively. The GRM was included in each analysis to model

kinship.

3.3.4 Individual site models to test for normality

A preliminary single site analysis was undertaken with linear mixed models to confirm the

normality of the distribution of residuals using a Shapiro-Wilk test (Shapiro and Wilk 1965).
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All observations were first scaled per site per year, by dividing by site/year SD, to reduce the
impact of heterogeneity of variances on genotype by year and genotype by site interactions

(Hardner 2017; Hill 1984). Models were implemented using ASReml-R (Butler et al. 2009):
y=Xb+Z,g +e Equation 3-2

where y is a vector of (scaled) phenotypes, X is a design matrix that assigned fixed effects
(block within site, year, tree type = seedling progeny or grafted parent clone, and interactions)
to observations, b is a vector of fixed effects, Zgis a design matrix that allocates random
effects to observations, g is a vector of additive genetic effects of the individuals, assumed
random ~N(O,G®(rgz), where G is the GRM and agz is the genetic variance captured by the SNP
(modelled as 0, 1, or 2 for AA, AB and BB genotypes, respectively, hence the model is additive),
and e is a vector of random errors ~N(0, 62) where a2 is the error variance. For sites/traits
where two years of data were available, a permanent environment effect of individual trees
was included in the model by incorporating an interaction between Site and Tree as a random

term.

Traits that were not normally distributed were transformed to approximate normality of
within-site residual distribution, and then scaled. Transformations were either square root or
logio(x+1), where x represents each raw phenotype, depending on which method provided
the most normal distribution of residuals. Scaled and transformed, if appropriate,

observations were incorporated as phenotypes in subsequent analyses.

To test the significance of the interaction between genetic effect and assessment year for

traits measured over two years (yield and RSN), the following model was used:
y= Xb+Z,g +Zsgy+e Equation 3-3

where terms are as per Equation 3-2, and X is a design matrix that assigned fixed effects
(overall site mean, block within site, year, tree type = seedling progeny or grafted parent
clone, and interactions) to observations, Zg, 8y is genotype by year interaction where Zgy is
a design matrix allocating a specific effect of an individual in one year not accounted for by
the mean of the genetic effect of the individual across years, and gy is a vector of the
deviation of breeding values at a specific year, assumed random ~N(O,G®Iz®(fg2y) where I,

is a 2x2 identity matrix for the two years. For both yield (at AM and HP) and RSN, the
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correlation of genetic effects between years was approximately statistically not different to
one (z-ratio < 1.96), so the interaction between year and genetic effects was removed from
further analyses. A permanent environment effect was again included for sites/traits where

two years of data were available.

3.3.5 Multi-site models to estimate variance components and heritability

To determine whether sites could be combined to represent a common environment over

the four site locations, and to estimate variance components, the following model was used:
y= Xb+Zsg +Zggs + e Equation 3-4

where the terms are as per Equation 3-2, and Zg is a design matrix allocating a specific effect
of an individual at a site not accounted for by the mean genetic effect of the individual across
sites, and gs is a vector of the breeding values at a specific site, assumed random
~N(O,G®l46§)qus) where I4 is a 4x4 identity matrix for the four sites, and e is a variance-
covariance structure of residual errors for each site “N(0,I;®c2) where I is an identity
matrix for the st site and ¢4 is the error variance at that site. Z-ratios of the variance
component estimate was used as an approximate test of the significance (> 1.96) of the G x E

(site) term.

Variance components were calculated for each trait using Equation 3-4 above, and
partitioned among additive genetic, G x E (site), permanent environment effect (for
traits/sites with two years of data), and site residual variance. Narrow-sense heritability on a

single tree basis was estimated as:

o5 .
h? = Equation 3-5

2 2 2 2
o+ ofs + o5 + 04

with standard error estimated using a linear approximation of a Taylor series expansion (pin.R
function in ASReml; Kendall et al. 1987; White 2013), where agz is the additive genetic
variance, 055 is the G x E (site) variance, ag is the site-specific permanent environment effect
for traits/sites with two years of data, and ¢ is the residual variance at a particular site. The

genetic coefficient of variation was measured for each trait as the additive genetic variance
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ng divided by the phenotypic mean across all individuals (where the means for yield and RSN

were taken over both years).

3.3.6 Bivariate models to estimate genetic correlations

Multi-site models were extended to incorporate multiple traits. Pairwise bivariate models
were used to estimate genetic correlations between traits, using a structured covariance

matrix:

Ys1_[Xs O by Zgl 017781 €s )
ys’] B [0 XSI] [bsl] * [ 0 ZgZ gz] * [es/] Equation 3-6

where y; is a vector of observations for both traits (i.e. yield and the other trait) at site s, X is
a design matrix that assigned fixed effects at each site to observations, s is one site and s’ is

another site, b is a vector of fixed effects for both traits at each site, and Z; is as per Equation

3-4. It was assumed that [:Z;] ~N(0,G®T), where g, is the vector of unknown average genetic

effects across sites for yield and g, is the vector of unknown average genetic effects across

2 2
. . 0451 Og12 " . . .
sites for the other trait, T = I f ‘92 l, the structured additive genetic variance-covariance
o o
gl2 g2

e
matrix of two traits, and [es] ~N(0,IQR), where I is an identity matrix of individuals and R =
NG

RSS
0 Ry

, the structured residual variance-covariance matrix of the two traits at each site,
and R is the non-zero structured variance-covariance matrix of two traits at the st site. A
permanent environment effect was again included for sites/traits where two years of data
were available. The term Zgsgs was included as per Equation 3-4 for traits where there was an

interaction with site. Standard error for the genetic correlation was obtained directly from

the ASReml variance component output.

3.3.7 Selection efficiency

Efficiency (E) of indirect selection of high yield using a component trait compared with direct
selection of yield was calculated for each component trait using the following equation from

Falconer (1989):
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CRx_ hy X Tg
Ry

Equation 3-7

where CRx is the correlated indirect response of directly selecting yield, Rx is the direct
response of selecting yield, h is the accuracy of individual selection the component trait
(measured here as the square root of the heritability, h?), ry is the genetic correlation between

the two traits, X is yield and Y is the yield component trait.

3.4 Results

3.4.1 Population phenotypic variation

Phenotypes for each component trait varied across families and site locations. For example,
TC ranged from 14 cm in family ‘NG8’ x ‘797’ to 78 cm in ‘NG18’ x ‘660’ (Table 3-2). Very low
NW and KW were observed in family ‘NG18’ x ‘695’ (NW 4.34 g) and ‘NG8’ x ‘762’ (1.46 g KW),
with an average of 7.09 g and 2.73 g, respectively. Average KR was 38.7% and ranged widely
from 20.2% in ‘A38’ x 246’ to 55.6% in ‘L64’ x ‘344’. FSN ranged from 0.4 to 7.2%, whilst RSN
showed the entire range of phenotypes, from zero to 100% across sites. Boxplots (Figure 3-3)
strongly suggest variance of yield observations were heterogeneous among sites. Variances
were also slightly heterogeneous across sites for TC. The highest average yield was observed
at HP for both years, with the average and variance of yield being lower at AM and EG (Table
3-2, Figure 3-3). TC was also low on average at EG, whereas there were larger trees observed
at AL and HP. Patterns for distribution of most traits, particularly PD, were similar across sites

(Figure 3-3).
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Table 3-2 Summary of phenotypes for yield and yield component traits across all individuals
and all sites: raw untransformed maximum, minimum, average, standard deviation (SD). The

family of the tree (or cultivar, cv.) with the lowest and highest values is shown. Multiple

indicates that there was more than one family or cultivar with that value

Trait Minimum Maximum Average SD
Value Family/cv. Value  Family/cv.

ENF 26 ‘660’ x ‘783’ 376 ‘D4’ 139 49
FSN (%) 0.4 ‘D4’ 7.2 ‘783" x ‘804’ 2.0 1.2
KR (%) 20.2 ‘A38’ x 246’ 55.6 ‘L64" x 344’ 38.7 0.05
KW (g) 1.46 ‘NG8'’ x ‘762’ 5.01 ‘1/40’ x ‘849’ 2.73 0.55
NPR 1 multiple 104 333’ x ‘842’ 2.6 1.4
NW (g) 434  ‘NG18 x‘695  12.31  ‘NG35'x‘791'  7.09 1.34
PD (mm) 1.85 ‘D4’ x ‘695’ 5.35 333 3.47 0.55
RDN (mm) 1.76 ‘Al16’ x ‘NG44’ 7.75 ‘333’ x ‘842’ 3.61 0.85
RL (cm) 3.6 ‘660’ x ‘783’ 323 ‘D4’ 12.0 3.9
RSN (%) 0 multiple 100 multiple 25 24

TC (cm) 14 ‘NG8’ x ‘797’ 78 ‘NG18’ x ‘660’ 51 12
WK (%) 15 ‘NG8’ x ‘333’ 100 multiple 64 17
Yield 2017 (g) 5 344 x ‘804 26,623 ‘D4’ x ‘660 4,737 5,499
Yield 2018 (g) 36 ‘A9/9’ x ‘814’ 25,967 ‘1/40" x ‘849’ 5,910 5,422
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Figure 3-3 Boxplots showing distribution of phenotypes for yield and yield component traits

across the four sites. Yield was not measured at AL in 2017, or at EG in 2018

3.4.2 Individual site models to investigate normality

Individual site models were successfully used to test the normality of residuals using various
data transformations for each trait (data not shown). Square root transformations led to
normalised residuals for FSN, KW, RL, RSN and yield. Transformation by logio(x+1) was used
for traits ENF, NW, NPR and RDN to achieve normality. Scaling of data was sufficient to
achieve normality for KR, PD, TC and WK.
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3.4.3 Multi-site models to estimate variance components and heritability

Multi-site models showed that the proportion of phenotypic variance explained by different
factors varied between traits (Figure 3-4). Proportion of additive variance was similar across
sites within most traits for the individual site models, particularly for PD (0.55 at AL to 0.62 at
HP), RSN (0.02 at HP to 0.10 at AL), and WK (0.21 at AL to 0.23 at AM and HP). These
proportions of additive variance were used to calculate individual narrow-sense genomic
heritability. Heritability ranged from 0.09 for RSN to 0.76 for KR, with yield being moderately
low at 0.31 (Table 3-3).

Very little G x E (site) variance was observed for most traits (Figure 3-4). In comparison,
variance attributed to G x E was approximately significant (z-ratio > 1.96) for traits NPR and
RDN (Figure 3-4). Permanent environment variance was measured only for RSN and for yield
at AM and HP (where two years of data were available), and was negligible for RSN in all sites
except AL. A substantial proportion of variance was attributed to permanent environment

effect for yield at HP (0.38; Figure 3-4).

3.4.4 Bivariate models to estimate genetic correlations

Estimated genetic correlations with yield varied among traits from -0.27 for KR to 0.99 for
RSN, with an average of 0.31 (Table 3-3). KR was the only trait negatively genetically
correlated with yield (rg = -0.27). TC was highly correlated with yield (0.72), whilst the
estimated genetic correlation of RSN and yield was bounded at 0.99. RDN, NPR, NW and FSN
were all moderately genetically correlated with yield (rg = 0.56, 0.55, 0.45 and 0.41,
respectively). WK and ENF were least correlated with yield, both at 0.03 (Table 3-3).
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Figure 3-4 Estimated proportion of phenotypic variance due to genetic and non-genetic
sources for yield and yield component traits across the four sites (from multi-site model
described in Equation 3-4, where genetic and genotype x environment variances are common
across all sites). Permanent environment effect was only estimated for sites/traits with two
years of data available (RSN, and yield at AM and HP). Residual site variance component (blue)

represents the residual (error) variance at each individual site
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Table 3-3 Estimated narrow-sense heritability of each trait (h?), genetic correlations (additive)
of component traits with yield as estimated from bivariate analyses (rg), genetic coefficient of
variation measured as the additive genetic variance aj divided by the trait phenotypic mean
(GCV), and selection efficiency for indirect selection of yield through component trait (E).

Standard errors of heritability and genetic correlations are shown in parentheses

Component Trait h? GCV re E

ENF 0.42 (0.10) 0.00 0.03 (0.22) 0.04
FSN 0.33(0.11) 0.14 0.41 (0.21) 0.42
KR 0.76 (0.09) 0.02 0.27(0.18)  -0.42
KW 0.50 (0.10) 0.15 0.23 (0.21) 0.29
NPR 0.17 (0.11) 0.06 0.55 (0.18) 0.40
NW 0.59 (0.11) 0.07 0.45 (0.18) 0.62
PD 0.60 (0.10) 0.11 0.23 (0.18) 0.32
RDN 0.15 (0.09) 0.03 0.56 (0.17) 0.39
RL 0.46 (0.10) 0.02 0.22 (0.20) 0.27
RSN 0.09 (0.05) 0.00 0.99 (NA) 0.54
TC 0.44 (0.10) 0.01 0.72 (0.12) 0.86
WK 0.22 (0.11) 0.00 0.03 (0.27) 0.03
Yield 0.31(0.12) 0.00 1.00

3.4.5 Selection efficiency

Estimates of (absolute) selection efficiency using component traits to indirectly select for high
yield varied from 0.03 (WK) to 0.86 (TC) (Table 3-3). The next highest selection efficiencies
were for NW (0.62) and RSN (0.54), although the genetic correlation between RSN and yield
was bounded at 0.99. Very low selection efficiency was also observed for ENF (0.04), whilst
the negative genetic correlation between yield and KR resulted in -0.42 selection efficiency
for that trait. None of the traits had a higher selection efficiency for indirect selection than

direct selection for yield (1.00).
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3.5 Discussion

3.5.1 Model fit and selection

This is the first study to use linear mixed models (LMM) combined with genetic marker data
to estimate heritability and genetic correlations among a relatively large number of yield
component traits for a macadamia breeding population. LMM methods have been used in a
variety of crops, with relationships among individuals modelled using recorded pedigree, as
in walnut (Martinez-Garcia et al. 2017), blueberry (Cellon et al. 2018), and previously in
macadamia (Hardner 2017; Hardner et al. 2019a), or using genetic markers, for example in
sweet cherry (Piaskowski et al. 2018; Hardner et al. 2019b). This study used LMM to correct
phenotypic observations for effects such as site and tree type. Variation of observations
differed across the four study locations for some traits, and particularly for yield across two
years of data. Raw observations of yield were much higher for trees at HP and AL, both in the
Bundaberg region of Queensland, compared to those at AM and EG, in the Gympie region,
which may be a result of different soil types and growing conditions in the regions. LMM were
used to adjust for site means to combine data across sites for many traits. G x E (site) was
only significant for traits NPR and RDN, which may be due to interactions between genotypes
and efficient use of resources in different environments. Only one year of data were available
for these traits as well as nine others, and so G x E (site) variance was confounded with
residual site variance. The preliminary models evaluated in this study were used to optimise
subsequent bivariate models in order to estimate genetic correlations with yield. Future
analyses could incorporate data over multiple years, and results could be compared between
analyses using relationship matrixes constructed using pedigree data, and additive,

dominance and epistatic genomic data.

3.5.2 Variability and heritability of yield and yield component traits

Few other studies have measured these component traits on a diverse collection of
germplasm. In their study of 15 varieties and selections at 4-5 years since planting, Toft et al.
(2019) found that phenotypes for RL ranged from 2—46 cm, with an average of 16 cm, whilst
NPR varied from 0.2-2.6. These findings do not reflect the phenotypic ranges observed in the

current study (RL 3.6—32.3 cm, NPR 1-10.4), which may be explained by different germplasm,
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environments and slightly different measuring techniques. RL was moderately heritable in the
current study (h? = 0.49), which concurred with a previous study of 15 young (4-5 years since
planting) cultivars (H = 0.68), despite their estimate of heritability including non-additive
genetic variance (Toft et al. 2018). Heritability of NPR was lower (0.17) than expected in the
current study, based on the phenotypically-observed consistency of nuts per cluster within a

tree, but was similar to an estimate of broad-sense heritability by Toft et al. (2018) (H =0.11).

Previous research investigated the proportion of six racemes that set nuts (RSN) in a
population of ten varieties (Boyton and Hardner 2002); just over half (53%) of racemes
successfully set nuts, compared with an average of 25% in the current study. However, very
little additive genetic variance was observed for RSN, with a heritability of 0.09, and instead
was largely influenced by residual site variation. Previous calculations of the percentage of
florets that set nuts (FSN) were largely based on broad estimates using the number nuts per
raceme and flowers per tree, at 0.3% (lto 1980). Measuring techniques used here are
presumed to be much more accurate, and phenotypes ranged from 0.4 to 7.2%. While outside
the scope of this study, it would be interesting to explore the physiological reasons behind

this seemingly low fruit set efficiency, to determine what the limiting factors are.

The estimate of narrow-sense heritability in this study for yield (h? = 0.31) is similar to that
previously estimated for NIS yield at age 7 years for progeny generated from a different set
of parents, ranging from 0.35—-0.46 across sites using pedigree data (Hardner 2017). However,
these values are much higher than estimates of broad-sense heritability for annual and
cumulative NIS yield in a regional variety trial (RVT), which ranged from 0.06 to 0.20 across
ages 4 to 10 (Hardner et al. 2002). This lower estimate of heritability may be due to the much
lower genetic diversity represented in an RVT than a progeny trial, as far fewer genotypes are
included in an RVT, and these genotypes have been selected for high yield compared to the
other progeny. Narrow-sense heritability of yield in the current study was very low compared
with broad-sense heritability in pecan (H? = 0.85) (Kumar et al. 2013a), although the broad-
sense heritability for pecan incorporates additive as well as non-additive genetic variance into
the estimate. Walnut yield heritability varied greatly from a moderate estimate in one study
(h? = 0.54) (Martinez-Garcia et al. 2017) to negligible in another (h? = 0.07) (Hansche et al.
1972), which may be due to differences between the populations in the studies,

measurement methods, or propagation method.
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KR was the most heritable of component traits in the current study (h?=0.76), and was similar
to Hardner et al. (2001), where broad-sense heritability was estimated at 0.66 for individual
tree measurements. The high heritability for this trait means that increasing the average KR
in breeding populations (38.7% in this population) towards desirable levels (>40%; Topp et al.
2019) is achievable through selection. KR was also highly heritable in hazelnut, where narrow-
sense heritability, estimated through regression of offspring means on mid-parent values,
was 0.87 (Yao and Mehlenbacher 2000). The estimated narrow-sense heritability for NW and
KW in this study (0.66 and 0.51, respectively) was lower than broad-sense heritability
estimates of these traits in another macadamia population (0.64 and 0.66, respectively)
(Hardner et al. 2001), and much higher than that estimated for another population (broad-
sense H = 0.27) (Toft et al. 2018). In comparison with the current study, heritability for NW
and KW was similar in hazelnut (0.63 and 0.67, respectively) (Yao and Mehlenbacher 2000),
and slightly lower than that in walnut (NW 0.86, KW 0.87) (Hansche et al. 1972), where both

studies calculated heritability by regressing means of offspring on the average parent value.

3.5.3 Genetic correlations with yield

The slight negative correlation between KR and yield (rg = -0.27) in the current study
concurred with previous result; Hardner et al. (2002) also found that clonal genetic
correlations between cumulative NIS yield and KR ranged from -0.06 at age 6 to -0.37 at age
10. In pecan, KR was virtually uncorrelated with yield (rp = 0.09) (Kumar et al. 2013a), though
this is phenotypic and not genetic correlation, and may be due to biennial bearing in the crop.
The results of the current study imply that selecting for high KR may tend to lead to lower
yields, and vice-versa, and may have implications for selection in the breeding program, since
both high yield and high KR are selection priorities. However, this negative relationship does
not imply causation, and the correlation is not strong, so it may be possible to identify

candidate cultivars that possess both high yields and high KR.

Our finding of low to moderate additive genetic correlation between yield and KW (0.21) does
not concur with Hardner et al. (2002), who found a negative total genetic correlation between
cumulative NIS yield and kernel mass (-0.14 to -0.25). These inconsistencies in correlation
estimates may be a result of population differences between the two studies (progeny trial

compared with RVT, respectively), or the method of modelling kinship among individuals
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(including an additive GRM compared with no inclusion of pedigree). Hansche et al. (1972)
also found that yield decreased with increased walnut weight (rp = -0.20), whilst cashew nut
weight was poorly phenotypically correlated with yield (r, = 0.11) (Aliyu 2006). Since yield in
macadamia is generally based on NIS weight across the whole tree, the positive genetic
correlations between yield and both NW (0.40) and KW (0.21) were expected, since heavier
kernels and nuts will lead to heavier tree yields. Since NW and KW are both traits with
intermediate optimums (O'Hare et al. 2004), selecting for large nuts to increase yield is not
necessarily desirable, as current machinery may be unable to process very large nuts.
However, marker requirements fluctuate, and in the future, large nuts may be a marketable

option (B. Topp, pers. comm.).

The aim to develop smaller trees with high productivity (Toft et al. 2019) may be difficult for
macadamia, due to the strong positive correlation between TC and yield (0.72), which implies
that larger trees produce more nuts. The results of the current study conflict with previous
estimates of correlations between stem girth and cumulative NIS, which ranged from -0.38 to
0.22, depending on tree age (Hardner et al. 2002). In comparison, recent work in young trees
found that trunk cross-sectional area was significantly correlated with cumulative yield (rp, =
0.45, p < 0.001) (Toft et al. 2019), though this was an estimate of phenotypic rather than

genetic correlation.

Our estimate of a virtually perfect correlation between RSN and yield is likely due to the very
low genetic variance observed for RSN, as explained in general by Falconer (1989): genetic
correlation is based on shared genetic variance between two traits, and if one trait has very
low genetic variance then it is difficult to accurately estimate the amount of shared genetic
covariance with other traits. This result, therefore, may not be an accurate estimate of the
true genetic correlation between these traits. In comparison, the moderate genetic
correlations observed between yield and FSN, RDN and NPR (0.50, 0.53 and 0.56, respectively)
suggest that selecting for any of these traits may lead to an increase in yield, due to shared
additive variance (Falconer 1989). The genetic correlations with yield observed for RL (0.22),
ENF (0.09) and NPR differed from those of the same or similar traits in other studies. For
example, RL was more highly correlated in a previous study of young macadamia trees (rp =
0.58, p < 0.001) (Toft et al. 2019). Aliyu (2006) found that cashew nut yield increased

significantly with both number of hermaphrodite flowers per panicle (r, =0.863, p <0.01) and
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number of nuts per panicle (rp = 0.844, p < 0.01). However, some of these studies only
estimated phenotypic correlations and did not use genetic marker data to estimate genetic

correlations.

3.5.4 Selection efficiency and implications for breeding

As trait heritability and genetic correlation with yield were used to calculate selection
efficiency, the moderate to high estimated values for these parameters for TC led to the
highest calculated selection efficiency of all the traits, at 0.86. This was followed by NW at
0.58 with moderate values for h? and rg. A previous estimate of selection efficiency for yield
using NW was 0.65 (O'Connor et al. 2018b), though this was calculated using broad-sense
heritability. The third highest selection efficiency was for RSN (0.53), though this is probably
biased by a low estimated genetic variance resulting in very high (and imprecisely estimated)
genetic correlation with yield. The selection efficiencies calculated for TC and NW suggest
they could be contenders for indirectly selecting for high yield, if the cost of assessing these
traits was much lower than assessing yield, as neither were equal to or more efficient than
directly selecting for yield. However, as previously mentioned, it is not in the interest of the
breeding program to select for larger trees or nut sizes. As such, the results here indicate that
none of the studied component traits are suitable for use in indirectly selecting for high yield

through correlated response to selection.

Although this study did not successfully identify any component traits that would by
themselves be suitable for the indirect selection of high yield, the estimates of heritability and
correlations with yield will be useful for future breeding efforts. As this study employed
genetic markers to model kinship among individuals, these estimates will be more accurate
than previous studies using recorded pedigree data, as suggested by Hayes et al. (2009b). The
genetic correlations of yield with traits such as TC (0.72) and KR (-0.27) are informative, as
breeders will need to identify seedling progeny that do not adhere to the general correlated
observed here; breeding efforts should instead try to identify small trees with high yields, and
trees with high KR and also high yields. Given the high heritability of KR, and only low genetic
correlation with yield, it is expected that breeders will be able to actively breed for high KR

and also select trees that are high yielding.
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Some limitations existed in the current study that may have influenced estimates of
heritability and genetic correlations with yield. The majority of yield component traits were
only measured for one season, and there may be environmental changes across years that
have not been accounted for here. Furthermore, measuring yield on a per-tree basis is
complicated due to overlapping canopies of neighbouring trees at some sites. Since
differences in site locations influenced some traits in the current study, and since yield can
vary between years, future research could investigate more component traits over a number
of seasons to improve accuracy of estimates. However, given that costs of genotyping are
decreasing, selection efforts may become more focussed on strategies using genetic data
rather than relying on time consuming and laborious phenotyping. Genomic selection for
complex traits like yield, and genome-wide association studies combined with marker-
assisted selection for economically important traits are suitable for use in macadamia
(O'Connor et al. 2018b). A preliminary study using the same population as the current
research identified genetic markers associated with NW and KW (O'Connor et al. 2019a).
Using these genomics-based breeding efforts, genetic gain for yield and nut traits could be
increased by selecting elite individuals earlier than previously possible, thus reducing the

selection cycle.

3.6 Conclusions

The diversity of phenotypes in the population as well as the genetic variation supports the
use of breeding and selection for genetic improvement of candidate cultivars. Bivariate
GBLUP analyses, as used in this study, offer a method to ascertain genetic relationships
among traits and predict breeding values by means of realised kinship among individuals
using genetic markers. Estimates of heritability and genetic correlations between traits will
inform future breeding efforts, regarding the ease of selecting for certain traits. The results
here indicate that the efficiency of indirect selection for yield using the component traits
measured in this study is likely to be low. The two traits with highest selection efficiencies, TC
and NW, are not appropriate for indirect selection as an aim of the breeding program is to
select small-sized trees with moderately sized nuts. Whilst indirect selection for high yield

may not be efficient with these traits, they should still be investigated in genomic studies such
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as genome-wide association studies to identify desirable and economically important traits in

progeny at an early stage.
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Chapter 4. Genome-wide association studies for yield component

traits in a macadamia breeding population

The following chapter was conducted in two parts: a pilot study and the chapter presented.

The two studies used the same population but different phenotypic and genotypic datasets.

The pilot study used historical nut measurements, and a set of SNP markers derived from a

wider Macadamia population. This study has been published.

O'Connor, K., Hayes, B., Hardner, C., Alam, M., and Topp, B. 2019. Selecting for nut
characteristics in macadamia using a genome-wide association study. HortScience 54(4): 629-

632. https://doi.org/10.21273/HORTSCI13297-18

The chapter presented here used phenotypic data collected during the doctoral study, and a
genotypic dataset using only those cultivars/progeny in the study with missing data imputed.
This is the same genetic marker dataset described in Chapter 2: Population Structure and

Genetic Diversity.

My contribution to the chapter and publication

| collected phenotypic data for the chapter (but not the publication), wrote the papers,
performed all analyses and made final edits. BH, CH and MA assisted in interpretation of
results. Cathy Nock and Abdul Baten provided genome assembly scaffold data in the chapter.
BH, BT, CH, MA and CN suggested revisions. We acknowledge those involved in the collection

of historical data.
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Chapter 4: Genome-wide Association Study of Yield Component Traits

4.1 Abstract

Breeding macadamias for new cultivars with high nut yield is expensive in terms of time,
labour and cost. Most trees set nuts after four to five years, and candidate varieties for
breeding are evaluated for at least eight years for various traits. Genome-wide association
studies (GWAS) are promising methods to reduce evaluation and selection cycles by
identifying genetic markers linked with key traits, potentially enabling early selection through
marker-assisted selection. This study used 295 progeny from 32 full-sib families and 29
parents (18 phenotyped) which were planted across four sites, with each tree genotyped for
4,113 SNPs. ASReml-R was used to perform association analyses with linear mixed models
including a genomic relationship matrix to account for population structure. Traits
investigated were: nut weight (NW), kernel weight, kernel recovery (KR), percentage of whole
kernels (WK), tree trunk circumference (TC), percentage of racemes that survived from
flowering through to nut set, and number of nuts per raceme. Seven SNPs were significantly
associated with NW (at a genome-wide false discovery rate of <0.05), and four with WK.
Multiple regression, as well as mapping of markers to genome assembly scaffolds suggested
that some SNPs were detecting the same QTL. There were 44 significant SNPs identified for
TC although multiple regression suggested detection of 14 separate QTLs. These findings offer

the opportunity to use marker-assisted selection in macadamia breeding.

4.2 Introduction

Macadamia is a large nut tree native to the coastal rainforests of southern Queensland and
northern New South Wales, Australia. Macadamia integrifolia Maiden & Betche, M.
tetraphylla L.A.S. Johnson and their hybrids have high-quality edible kernels, and are the first
indigenous Australian food species to be commercialised internationally. The industry is
largely based on cultivars developed in Hawaii in the late nineteenth century (Hardner et al.
2009). Current production is dominated by Australia, South Africa and Hawaii, and is
expanding in China, Kenya and other countries around the world (Australian Macadamia
Society 2018). A major focus in breeding new macadamia varieties is increasing nut-in-shell
yield per unit (hectare or tree). However, yield has low heritability (H2 = 0.12), is largely

influenced by environment, and, as such, is difficult to select (Hardner et al. 2002). Limited
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research has been conducted to improve yield of commercial varieties beyond conventional
phenotype- and pedigree-based selection. Long juvenile periods, large tree sizes and labour
involved in phenotyping over continuous years to identify elite candidate cultivars mean that
fruit and nut trees may benefit from genomics to reduce selection cycles and increase genetic

gain (Khan and Korban 2012).

The use of genomics in plant breeding is expanding (lwata et al. 2016; Grattapaglia and
Resende 2011; Khan and Korban 2012), including employing genome-wide association studies
to identify molecular markers associated with important traits, and genomic selection for
complex traits. A common approach is using genome-wide association studies (GWAS): each
marker (typically single nucleotide polymorphism, SNP) is analysed individually to detect
evidence of marker-trait associations (Khan and Korban 2012). This method relies on linkage
disequilibrium (LD) between markers and causal polymorphisms (Khan and Korban 2012). To
avoid spurious genotype-phenotype association due to population structure and family
structures, linear mixed models, fitting individuals as random effects to account for
relatedness, are widely used. As the realised kinship estimated from genetic markers is more
accurate than recorded pedigree, fitting genomic relationships in the model can reduce false
positives (Myles et al. 2009; Nejati-Javaremi et al. 1997; Hayes et al. 2009b). Findings of GWAS
can be followed by marker-assisted selection (MAS) if a reasonable proportion of trait genetic
variation is explained by the significant markers. In MAS, candidates are screened for target
markers, their phenotypes are predicted based on allelic states, and selections can be made

based on these predictions (Collard et al. 2005; Tester and Langridge 2010).

Several fruit and nut crops have employed GWAS to identify markers associated with key
traits (Nishio et al. 2018a; Iwata et al. 2013; Kumar et al. 2013b; Cao et al. 2012; Minamikawa
et al. 2017; Minamikawa et al. 2018; Imai et al. 2018; McClure et al. 2018). Furthermore, by
mapping significant markers to reference genomes, the location of markers can be
determined, although this is not necessary for MAS. GWAS coupled with MAS at these specific
loci is a feasible option for improving yield component traits in macadamia (O'Connor et al.
2018b); hence, we aim to investigate this option in the Australian macadamia breeding

program.

Target traits for GWAS and potential MAS in macadamia include commercially important

traits, including nut and flowering characteristics, as well as tree size. Nuts consist of an inner
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edible kernel, with two cotyledons, which is enclosed by a hard shell (testa) and outer husk
(pericarp) (Hardner et al. 2009). Nut weight (NW), kernel weight (KW), and kernel recovery
(KR) are commercially important yield component traits. For NW and KW, the industry favours
intermediate optimums (6.5-7.5 g and 2-3 g, respectively) due to issues involved in handling,
cracking, processing, and roasting smaller and larger nuts (Hardner et al. 2009). The selection
goal for KR, which is the proportion of kernel to nut-in-shell (KW/NW), is more unclear. Whilst
high (>37%) KR attracts a premium price per kilogram (Macadamia Processing Co. Ltd. 2018),
very thin shells can be prone to pest and disease damage (Hardner et al. 2009). Whole kernels
(WK) are those that have not split along the interface separating the two cotyledons during
cracking (Walton et al. 2012); this trait can influence kernel price as some products and

markets prefer whole kernels (Hardner et al. 2009; O'Hare et al. 2004).

Macadamia trees can produce about 2,500 pendant racemes 6—30 cm long, each with an
inflorescence of 100—300 florets (Huett 2004; Trueman 2013). It has been estimated that less
than 1% of florets produce viable nuts (Ito 1980). This estimate, therefore, indicates that
many racemes and florets fail, likely due to a variety of reasons, and resource allocation may
be a factor. As such, the proportion of racemes that survive from flowering through to nut set
could indicate a genotype’s reproduction success and energy investments, in terms of
resource allocation for flowering versus nut retention (Toft 2019; Wilkie 2010). Reduced tree
size is also an important selection trait to increase planting density and subsequent yield per
hectare (Topp et al. 2016; Toft et al. 2018). Trunk circumference (TC) or trunk cross-sectional

area can be used as an estimate of tree size in macadamia (Toft et al. 2018).

Chapter 3: Component Traits of Yield investigated heritability and correlations of yield and
yield component traits measured on mature progeny. Several commercially important traits,
as well as flowering and nut set characteristics that were moderately or highly correlated with
yield are the focus of this study. It is hypothesised that marker-trait associations will be
detected for these key traits using GWAS, and upon validation could be combined with MAS
to improve breeding efforts and increase genetic gain in macadamia. The current study builds
on work previously published in a preliminary study (O'Connor et al. 2019a) on the same
population of trees. O'Connor et al. (2019a) found SNP markers associated with three nut
characteristics (NW, KW and KR) measured on trees at the ages of 7-9 years (in 2010). In

comparison, the current study uses a different set of SNP markers imputed with high
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accuracy, and performs GWAS on yield component traits measured on the same trees at a
mature age (aged 14-17 years, in 2016—-2018). The aims of this study were to: (i) perform
GWAS to identify markers significantly associated with yield component traits, and (ii)
determine the location of significant markers on genome scaffolds, and calculate LD between

significant marker pairs.

4.3 Methods

This study involves study material and phenotypic data collected as outlined in Chapter 3:
Component Traits of Yield, and details are reproduced here for completeness. Methods for
association analysis are similar to those by O'Connor et al. (2019a), and are also replicated

here, with differences between the two studies outlined.

4.3.1 Study design

This study involved 295 seedling progeny from 32 full-sib families, as well 18 of their 29
parents (that were phenotyped), from the Australian macadamia breeding population. Trees
were planted between 2001-2003 across four sites in Queensland. Clones of five of the
parents were measured at all four sites as standards between the differing environments.
Yield and yield component traits were measured on each tree between 2016—-2018; hence,
trees were mature-aged (aged 14-17 years). Details of genotyping methods for this
population were reported in O'Connor et al. (2019b). Briefly, leaf samples from each genotype
were sequenced by Diversity Arrays Technology (DArT) Pty Ltd. SNP markers were imputed
by DArT, with 97.2% accuracy using the PPCA method (Stacklies et al. 2007). Markers were
filtered for various quality control measures (based on pre-imputation genotypes), and those
that passed thresholds were retained for analysis. The quality control measures included
>50% call rate, >2.5% minor allele frequency, >0 polymorphic information content, and a test
of Mendelian consistency between progeny-parent-parent trios in half of the studied families.

This gave 4,113 SNP markers for analysis.
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4.3.2 Phenotyping for yield and component traits

Phenotypic data used in this study were collected across two seasons from August 2016 to
July 2018. Data are the same as in Chapter 3: Component Traits of Yield, and phenotyping
methods are also described here. A sample of nuts was taken from each tree and dried to 1%
moisture content in an oven at 35°C for 2 days, 45°C for 2 days and 55°C for a final 2 days,
based on protocol by Prichavudhi and Yamamoto (1965). Twenty good quality nuts (no kernel
shrivelling or pest damage) were chosen to measure four traits. Nuts were individually
weighed to obtain nut weight (NW). Nuts were then manually cracked, and kernel and shell
separated to record kernel weight (KW). Kernel recovery (KR) was calculated as KW / NW. The
percentage of whole kernels (WK) per sample was measured as the proportion of nuts that

did not split between the two cotyledons during cracking.

Tree trunk circumference (TC) was measured at a height of 50 cm above the ground, or below
any low branches. Flowering racemes present in a 30 cm length of branch, 20 cm in from the
edge of the branch were flagged and counted on two branches per tree. Where necessary,
trees with terminal racemes were also flagged and counted, to make a total of at least ten
racemes per tree. At nut maturity (around March, Australian Autumn), the number of flagged
racemes that had set at least one nut was counted, and the percentage of racemes that
survived from flowering through to nut set (RSN) was calculated. The number of nuts per
raceme (NPR) was counted from ten racemes per tree. For each component trait, trait means
were calculated for each tree for analysis where at least six observed units per tree were
evaluated. For example, a tree with five or fewer nuts measured was considered to have

missing data for this trait. Mean RSN was calculated for each tree over the two years.

Yield data were collected from March through to July over two successive seasons in multiple
harvests. Yield was measured on each tree by manually harvesting nuts from the ground and
collecting any nuts still in the tree at the end of the season. Nuts were dehusked after each
harvest, weighed, and a 1 kg sample was dried to 1% moisture content. The dry nut-in-shell
(DNIS) weight was estimated for each harvest using calculations of moisture content in the 1
kg sample. The DNIS weight for each harvest was summed across the whole season to give
total DNIS yield. One site was not harvested in 2017 due to an extreme weather event, and in

2018 another site was not harvested due to management issues.
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Histograms were used to check the distribution of phenotypes to conform with assumptions
of normality for GWAS (Gondro et al. 2013). Data transformations were performed where
necessary to normalise distributions. Pearson’s correlations were performed between NW,
KW and KR raw phenotypes in the current study and those used in O'Connor et al. (2019a) to

investigate the consistency of phenotypes between the two studies.

4.3.3 Association analysis

A genomic relationship matrix (GRM) was constructed following methods of VanRaden
(2008). Preliminary analysis was performed using ASReml (Gilmour et al. 2009) in R to

determine the most parsimonious model for each trait:

y=1p+Xb+ Z,g+ Z,;gs + e Equation 4-1
where y is a vector of phenotypes, 1 is a vector of ones, W is a fixed intercept, X is a design
matrix allocating fixed effects (site, block within site, tree type = grafted parent or seedling
progeny) to observations, b is a vector of these fixed effects, Zg is a design matrix allocating
records to the unknown average breeding value of each individual across sites; g is a vector
of averaged breeding values of the individuals across sites, assumed random ~ N(O,Gaj),
where G is the additive genomic relationship matrix (GRM) among the individuals, modelled
from SNP effects (0, 1, and 2 represent homozygous, heterozygous and alternate homozygous
genotypes, respectively); aj is the genetic variance captured by the SNP; Zgsgs describes the
genotype by environment (G x E) interaction, where Zgs is a design matrix allocating a specific
effect of an individual at a site not accounted for by the mean of the individual across sites,
and gs is a vector of the breeding values at a specific site, assumed random ~ N(O,G®I4®agzs)
where | is a 4x4 identity matrix for the four sites, and e is a vector of random errors ~ N(0, 62)
where g2 is the error variance. This model is additive, in that two copies of the second allele

will have double the effect of one copy.

Preliminary analyses determined the significance of fixed effects site, block within site, and
tree type (grafted parent or seedling progeny) using the Wald statistic. After removing
insignificant fixed effects (individualised for each trait), log likelihoods of models both
including and excluding G x E as a random term were compared via a chi-square test to

determine if the models were statistically different. The most parsimonious models were
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those that fit the data best: the G x E term was excluded for a trait if the models were not
statistically different, as well as any insignificant fixed effects. Narrow-sense heritability (h?)
was calculated from variance components (h? = ng / (ag2 + 02)) for each trait using the best-
fitting model. For traits where G x E was a significant factor, the G x E variance component

was included in the denominator when calculating heritability.

Association analysis was performed for each trait using the most parsimonious model, as per

O'Connor et al. (2019a) using ASReml (Gilmour et al. 2009) in R, using a mixed model:

y=Xb+Wm+7Z,g+Z,gs +e Equation 4-2
where W is a design matrix allocating records to the marker effect (modelled as 0, 1, or 2 for
homozygous, heterozygous and alternate homozygous genotypes, respectively), and mis the
effect of the marker currently being fitted in the model, as a fixed effect. All other effects are

the same as per Equation 4-1.

QQ (quantile-quantile) plots were constructed for each trait to evaluate whether population
structure had been accurately accounted for in the model, by comparing the observed and
expected —logio significance values of each SNP and ensuring that inflation had not occurred
at the lower levels of significance (Gondro et al. 2013). To determine a threshold above which
markers were deemed significantly associated with a trait, a false discovery rate (FDR) was
calculated for each trait with the BH method (Benjamini and Hochberg 1995) using the
p.adjust function in R. Markers with FDR < 0.05 were deemed significantly associated with the
trait. Multiple regression was performed for traits with multiple significant associations based
on the best-fit model, where significant markers were included as fixed effects, to determine
if any SNPs were in LD. Markers that were no longer significant after regression were deemed
to be detecting the same QTL as one of the significant markers, and as such were considered

redundant.

The minor allele frequency (MAF) of each significant marker was calculated. The proportion
of additive genetic variance explained by significant SNPs for each trait was derived from
Falconer and Mackay (1996), and calculated as:

_ 2
= M Equation 4-3

2
Og

N
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where p is the frequency of the p allele, a is the effect of the marker, and ng is the additive

genetic variance for the trait.

4.3.4 Marker locations and accounting for LD between significant SNPs

Locations of significant SNPs (FDR > 0.05) on the most recent macadamia genome scaffolds
(v2; 4,098 scaffolds; European Nucleotide Archive (EMBL-ENA) repository, Analysis:
ERZ792049, Assembly accession: ERS2953073 (SAMEA5145324)), were estimated as per
O'Connor et al. (2019b). Locations of previously identified markers associated with nut traits
were also estimated on the scaffolds, using marker sequences from O'Connor et al. (2019a).
LD was measured using the r? parameter between all pairwise significant SNPs from the
current study, as well as between significant markers from O'Connor et al. (2019a) using Plink

v1.9 (Purcell et al. 2007), with scaffolds as pseudo-chromosomes.

4.4 Results

4.4.1 Component traits

Raw (untransformed) phenotypes for KR, WK and TC were normally distributed (Figure 4-1).
Log-transformed (logio(x)) observations for NW, KW and NPR, as well as square root
transformed observations for RSN appeared more normally distributed than raw observations
(Figure 4-1). Yield (2017 and 2018) was not normally distributed, and neither log (logio(x), In)
nor square root transformations led to more normally distributed data, even for individual
sites. This indicated that GWAS is not appropriate for yield, and association analysis was not

performed for this trait.
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Figure 4-1 Distribution of phenotypes across all individuals for yield component traits. Freq,

frequency; NW, nut weight; KW, kernel weight; KR, kernel recovery; WK, percentage of whole

kernels; RSN, percentage of racemes that set nuts; NPR, number of nuts per raceme; TC, trunk

circumference. Log-transformed (logio(x)) NW, KW and NPR, and square root transformed

(sg) RSN distributions are also shown, as well as both forms of transformation for yield in

2017 and 2018
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Some summary statistics have been outlined in Chapter 3: Component Traits of Yield, and are
presented here as well. Phenotypes ranged from 4.34 to 12.31 g for NW, 1.46 to 5.01 g for
KW. As a derivative of these two traits, KR ranged from 20.2% to 55.6% (Table 4-1). Moderate
to high correlations (p < 0.01) were observed between young and mature phenotypes for NW,
KW and KR (0.56, 0.66 and 0.73; Table 4-1). For three genotypes, including cultivar ‘Yonik’,
there were no broken kernels (100% WK) in the sample, whilst one tree possessed a very low
WK (15%). Most small trees (small TC) were observed at site EG, with the lowest TC at 14 cm.
Conversely, trees with large TC were observed at AL and HP, with a maximum TC of 78 cm at
HP. An entire range of phenotypes was observed for RSN, from 0-100%, with a mean of 25%.

Mean NPR was 2.6 and ranged from 1 to 10.4 (Table 4-1).

Table 4-1 Summary of raw (untransformed) phenotypes for each trait analysed in GWAS. SD,
standard deviation; rp, Pearson’s correlation of current data with raw phenotypes for young

trees from O'Connor et al. (2019a)

Trait Min Max Mean SD rp
NW (g) 4.34 12.31 7.09 1.34 0.56
KW (g) 1.46 5.01 2.73 0.55 0.66
KR (%) 20.2 55.6 38.7 5.4 0.73
WK (%) 15 100 64 17 -

TC (cm) 14 78 51 12 -
RSN (%) 0 100 25 18 -
NPR 1 10.4 2.6 14 -

4.4.2 Trait-specific models and heritability

For all traits except RSN, the most parsimonious model included site as a significant fixed
effect, whilst block was also significant for NW and TC (Table 4-2). Tree type was included in
the WK model, with a significance level of p = 0.063. The G x E term was included as a random
effect for NW and NPR (Table 4-2). Narrow-sense genomic heritability varied across traits,
from 0.08 for RSN to 0.74 for KR (Table 4-1). TC and NW were moderately heritable (0.45 and

0.53, respectively).
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Table 4-2 Significance values of fixed and random terms included in association analysis model
for each trait (log-transformed data for NW, KW and NPR, and square root data for RSN).
Type, seedling progeny or grafted parents; G x E, genotype by environment (site) interaction;
h2, narrow-sense heritability. Non-significant p-values (p > 0.05) are not shown and were not
included in models, except for Type for WK. * indicates G x E model was significantly better
fitting than model without G x E term, as determined using log-likelihood ratio test. h?

estimated from the best-fitting model with the GRM fitted

Trait Site Block Tree Type GxE h?

NW 0.0014 0.0025 * 0.53
KW 1.682e-13 0.37
KR 1.916e-09 0.74
WK 8.852e-05 0.063 0.24
TC <2.2e-16 0.0043 0.45
RSN 0.08
NPR 3.017e-08 * 0.09

4.4.3 Genome-wide associations

The GRM appeared to have effectively accounted for population structure in all traits except
for TC, as no more associations than expected by chance were observed at low levels of
significance in the QQ plots (Figure 4-2; Gondro et al. 2013). GWAS identified seven SNP
markers significantly (FDR < 0.05) associated with NW, four with WK, and 44 with TC (Figure
4-2; Table 4-3). For both KW and KR, no markers exceeded the FDR threshold; however, there
was one marker of interest in both traits that were further investigated. There were no
markers significantly associated with RSN or NPR. After multiple regression, where significant
SNPs were treated as fixed effects, some markers were no longer significantly associated with
some traits. Only SNP s2204 remained significantly associated with NW, whilst SNP s2607 was
no longer a significant association for WK (Table 4-3). The number of SNPs significantly

associated with TC decreased to 14.
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Figure 4-2 QQ plots showing expected significance levels against observed significance for
4,113 SNPs for yield component traits. Red diagonal lines indicate the null hypothesis, where
observed and expected p-values would sit if there were no associations. Dashed horizontal
lines indicate FDR = 0.05, SNP markers above which were deemed significantly associated
with the trait; if no dashed horizontal line is present then no SNPs exceeded the FDR

threshold. Shaded area indicates 95% confidence interval
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Thirty-four of the 57 (60%) significant SNPs across the traits were mapped to scaffolds of the
v2 macadamia genome assembly, and none mapped to the same scaffold across any of the
traits (Table 4-3). Thirteen (57%) of the markers presented in Table 4-3 showed a MAF of less
than 5%, whilst all markers significantly associated with NW exhibited a MAF less than 4%
(Table 4-3). Almost 50% allele frequency was observed for two markers (s3540 for KW, and
s3616 for TC). Linkage disequilibrium between significant associations within each trait varied
from r? = 0.082 between two markers for WK, to 1.000 between six SNPs for NW (Table 4-3).
Proportion of genotypic variance explained by the markers also varied between traits, from
N = 0.0001 (for TC) to 0.378 (WK; Table 4-3). It should be remembered, though, that these
estimates of proportion of variance explained are estimated in the discovery population, and

are therefore very likely to be over-estimated due to the Beavis effect (Beavis 1994).

Table 4-3 Summary of significant SNPs associated with yield component traits identified in
GWAS. Only the ten most significant markers for TC are shown. MAF, minor allele frequency
of the marker; p, significance of association; pMR, significance of association as determined
by multiple regression with significant SNPs as fixed effects; I, proportion of genetic variance
explained by each SNP; LD, average linkage disequilibrium (r?) between mapped markers for
each trait; NS, not significant. - indicates marker was not mapped to scaffolds. @ Scaffold in v2

genome assembly. ® Did not pass FDR = 0.05 threshold
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Trait
NW

KW
KR
WK

TC

SNP
s2204
s4163
s1434
s1643
s1121
s5182
s2256
$3540°
s1707°
s0201
s1917
s2607
s3239
s3169
s1053
s3616
s2631
s3332
s4480
s3406
s2500
s0011
s3405

Scaffold?
scaffold926|size239084
scaffold285|size451335
scaffold_177
scaffold44|size832018
scaffold653 |size305054

scaffold710|size289053
scaffold_72
scaffold213|size509421

scaffold361 |size1112638
scaffold597 |size318270
scaffold364 |size402398
scaffold1151|size292196
scaffold1221|size537814
scaffold_221

Position (bp)
212,122
314,657
804,678
129,241
6,573

142,496
587,142
186,179

1,087,419
258,329
377,926
181,208
497,497
469,574

Alleles

A/G
c/T
T/C
A/C
A/G
A/T
G/T
G/A
c/T
G/A
A/G
T/C
G/C
T/C
G/A
T/C
G/C
T/C
A/T
G/A
G/A
G/C
G/C

98

MAF

0.027
0.027
0.019
0.021
0.021
0.035
0.026
0.482
0.061
0.093
0.163
0.177
0.037
0.230
0.264
0.473
0.093
0.289
0.187
0.083
0.137
0.300
0.083

p
3.68E-06

8.03E-06
2.65E-05
3.46E-05
3.82E-05
6.29E-05
6.45E-05
1.34E-05
2.37E-05
8.81E-06
1.23E-05
2.91E-05
3.39E-05
1.29E-07
3.82E-07
1.15E-06
1.67E-06
1.97E-06
3.20E-06
3.82E-06
2.02E-05
2.20E-05
3.40E-05

pMR
2.147e-05
NS

NS

NS

NS

NS

NS

4.10E-05
1.61E-02
NS

5.68E-04
2.92E-03
9.16E-03
4.03E-02
NS

1.65E-03
2.67E-02
NS

3.46E-02
6.07E-02
NS

n
0.118

0.097
0.134
0.120
0.103
0.088
0.079
0.116
0.052
0.293
0.221
0.241
0.378
0.049
0.077
0.033
0.0001
0.118
0.018
0.001
0.080
0.024
0.002

LD
1.000

0.082

0.059
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4.5 Discussion

4.5.1 Phenotypic data in the breeding program

Large phenotypic diversity was observed for many of the traits in this study. Mean phenotypic
values observed here for NW, KW and KR (7.09 g, 2.73 g, and 38.7%, respectively) were all
slightly higher compared with the same traits when the trees were young (6.21 g, 2.28 g, and
36.9%) (O'Connor et al. 2019a). The moderate heritabilities suggest that selection for a
number of traits could result in good genetic progress. For example, the high narrow-sense
heritability observed for KR (h? = 0.74) means that the aim to select for higher KR is possible
with truncation selection. This form of selection is where trees with phenotypes or estimated
breeding values below a certain threshold are excluded from parent populations, and the
mean values of progeny should increase for this trait over generations (Falconer 1989).
Results of this study differed to that of O'Connor et al. (2019a) which analysed the same
population when the trees were younger (around 8 years of age). Heritability for KR was
higher in mature trees than young trees (0.62), whilst KW was lower in mature trees (0.37)
than young trees (0.53). In comparison, the difference in heritability for NW between the two
studies was low (0.03), but the correlation between these phenotypes was only moderate

(0.56).

This study demonstrates that linear mixed models are useful for analysing phenotypic and
genetic data in macadamia to identify QTLs for target traits, which is beneficial, as developing
new macadamia varieties is time-consuming, laborious and expensive. Additionally, the large
tree size and numbers involved in macadamia breeding means that multiple environments
are typically needed during evaluation trials. The mixed models employed in this study
account for these environmental differences, as well as G x E interactions for some traits.

Thus, the best model was fitted to the data on a trait-by-trait basis.

4.5.2 Genetic data

The current study used 4,113 SNP markers imputed with high accuracy, though analysis of LD
found that LD declined rapidly over short distances (O'Connor et al. 2019b). The number of
markers in the current study is comparable with other studies in fruit trees (Minamikawa et

al. 2017; Minamikawa et al. 2018; Imai et al. 2018; Kumar et al. 2013b); however, the
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fragmented nature of the macadamia genome scaffolds means the distribution of markers

across the whole genome is still unknown.

Population structure affects LD, and this needs to be accounted for in GWAS to avoid spurious
associations. For most traits investigated here, the QQ plots showed that only the highly
significant markers deviated from the null expectation (y = x line), and did not show inflation
of the observed versus expected p-values at lower significance levels. QQ plots showing this
pattern demonstrate that population structure has been effectively accounted for by the
GRM (Korte and Farlow 2013). One explanation for divergence from the null hypothesis (more
associations detected than expected) at high p-values is polygenicity: many loci of small effect
contributing to variation in the trait (Yang et al. 2011). This concept may explain the pattern
observed for TC, where a large number of associated markers was detected even at low p-
values. The previous study (O'Connor et al. 2019a) did not use imputed markers, and
deviations from the null hypothesis line were observed. Imputation of missing data with high
accuracy can, therefore, more accurately capture the realised kinship between individuals,

and, as such, produce more accurate association results.

4.5.3 Association analysis

MAS, using the findings of GWAS, is effective for traits controlled by few genes, and, as such,
has little value for complex traits (Hayes and Goddard 2010; Luby and Shaw 2000; Huang and
Han 2014). However, Kelner et al. (2011) found two clusters of QTLs related to fruit yield and
cumulative yield in apple on two different linkage groups, as well as QTLs for precocity and
biennial bearing. Genomic selection may be a more appropriate and accurate method to

predict yield in macadamia (O'Connor et al. 2018b).

This study identified SNP markers significantly associated with NW, WK and TC. Although no
significantly associated markers were detected for KW or KR, the marker with the lowest p-
value in each case should be investigated in further studies. Neither NPR nor RSN had any
significant associations, which may be partly due to the very low heritability of both traits.
Additionally, while there was no G x E detected in RSN, there may be a large environmental
influence on the capacity of a tree to retain racemes from flowering through to nut set (Toft

2019; Wilkie 2010).
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Perfect LD existed between all mapped markers for NW. Multiple regression suggested that
all the markers may have detected the same or linked QTLs, with the most significant SNP
(s2204) being the only non-redundant marker. However, differences in significance values
among these markers suggests that the markers are not in perfect LD, and so the LD may be
over-estimated with this population compared to the larger progeny population.
Furthermore, closer inspection of these SNPs revealed that allelic genotypes were not
perfectly correlated among markers, and so a true LD value of 1.000 seems improbable. These
inconsistencies indicate that further analyses in separate populations are needed to validate

the findings of this study.

Multiple regression for the four markers significantly associated with WK found that the two
mapped markers (mapped to different scaffolds) and another marker remained significant,
but the unmapped SNP s2607 was redundant. Furthermore, the LD between the two mapped
markers for WK was low, at r2 = 0.082, suggesting that they were unlinked and representing
two separate causal variants. For TC, 14 of the 44 significant markers were non-redundant,

suggesting that there may be 14 QTLs controlling this trait.

A direct comparison cannot be made between SNPs found to be significantly associated with
nut traits in O'Connor et al. (2019a) and the current study, as two different SNP panels were
used in the analyses. However, some of the significant markers could be mapped to genome
assembly scaffolds. A comparison of the locations of mapped SNPs between the two studies
showed that there were no markers occupying the same scaffold (data not shown). Results
from GWAS are not always consistent, with variation between populations and environments
altering allelic frequencies and phenotypes. Differences were found also across years in apple
(McClure et al. 2018), and between QTL mapping and GWAS studies in chestnut (Nishio et al.

2018a; Nishio et al. 2018b), and this may be a consequence of limited power in these studies.

4.5.4 Markers and proportion of variance explained

Low MAF was observed for many of the significant markers. Researchers use different
thresholds for determining which markers to include in their genomics studies, such as 5%
MAF (Imai et al. 2018; Nishio et al. 2018a), 1% MAF within-populations (Biscarini et al. 2017),

and ten copies of the minor allele across samples (McClure et al. 2018). In the present study,
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markers were initially excluded with MAF <2.5%, though these statistics were calculated for
each marker before imputation, and, as such, the study included markers with MAF below
this threshold (MAF altered after imputation of missing calls). It was interesting, then, that all
of the markers associated with NW had very low MAF. If these markers had been removed by
filtering, they would not have been detected through GWAS. Associations with rare alleles
should be treated with caution due to low power of detection (Gondro et al. 2013), and this
is the case here. Therefore, the significant markers with low MAF in the current study should
be validated in independent studies, preferably with more individuals to observe whether the
MAF is similar across populations of different sizes (Hayes 2013), as this will support the

findings of this study.

The proportion of variance explained (N) will be overestimated due to rare minor alleles in a
small sample size (Beavis 1994). Overestimations were observed in the current study; for
example, the highest N was calculated for marker s3239 (associated with WK) at 0.378, and
MAF 0.037. With such low MAF in a relatively small population, these calculations of N will be
biased, and, as such, should be interpreted with caution. Again, the SNP should be validated
in an independent population, and the proportion of variance the SNPs explain should be

estimated in that population.

4.5.5 Demonstration of marker-assisted selection

The results of this GWAS study can be used to demonstrate the employment of MAS in the
macadamia breeding program. SNPs significantly associated with commercially important
traits in macadamia would be ideal candidates for use in MAS. For example, the average
phenotypes of NW at SNP s2204 for AA, AG and GG genotypes were 7.03 g (n = 309, SD =
1.29),8.20g(n=5,SD =0.58), and 9.54 g (n = 6, SD = 1.73), respectively. Similarly, the average
values of WK for GG, GA and AA genotypes at marker s0201 were 62.3% (n = 265, SD = 16.8),
72.9% (n =50, SD = 15.3), and 78.0% (n =5, SD = 11.0), respectively. The sample sizes among
the three different genotypic states varies greatly in these examples, and so it is important to
recognise that these findings are severely biased upwards and are only for demonstrative
purposes for how MAS could be used. Simply, breeders could genotype seedling progeny from
their very first leaves at these key markers. By learning the allelic states of each seedling at

these markers, breeders could, for example, select for AG heterozygotes at SNP s2204 for
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intermediate nuts, and AA genotype at SNP s0201 for a high percentage of whole kernels. The
team could discard candidates without those favourable SNP alleles, and, instead, continue
to evaluate individuals with the predicted desirable characteristics. This process would be
particularly pertinent for markers with low heritability, such as WK and TC. However, the
polygenic nature of TC, as well as the complexity of yield, means that these traits may be more
suited for genomic selection, where many markers may have a small effect on the trait, and
all markers are modelled simultaneously (Meuwissen et al. 2001), rather than one-by-one as

in GWAS.

4.5.6 Further work

This study and our previous work (O'Connor et al. 2019a) provide a foundation for how the
use of genomics can improve breeding in macadamia, and is among the first to analyse the
potential for genomics-assisted breeding in nut crops, generally. However, the results
presented here should be further explored and validated before being employed in breeding
programs. Multi-trait analyses could be performed to increase the power of detection of
QTLs, and also detect pleiotropy (Bolormaa et al. 2014). A separate population should be
studied to determine if QTLs detected are the same as those detected here, or are new
associations. Further studies should incorporate larger population sizes, to ensure that
significant associations are accurate and applicable to a wider breeding population.
Additionally, the low MAF observed for some markers in this study may change with sample
size, which will influence estimated of the proportion of variance explained by those markers.
When a more complete reference genome is assembled, the location of these markers can be
estimated, and LD between markers more accurately estimated with population structure
and cryptic relatedness taken into account. Due to the rapid decay of LD over short distances
in macadamia (O'Connor et al. 2019b), using a larger number of markers may increase the
likelihood of SNPs being in LD with causal polymorphisms. Furthermore, the potential issues
posed by allelic dropouts, such as lower than expected levels of heterozygosity observed by
O'Connor et al. (2019b), could be alleviated with the use of a complete reference genome in
sequencing of SNPs in the future. The genome scaffolds are currently largely unannotated,
and, as such, the significant SNPs cannot yet be linked to known genes or proteins, which has

been achieved in other studies of GWAS in fruit trees (e.g. Kumar et al. 2013b; Minamikawa
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et al. 2017; Minamikawa et al. 2018; McClure et al. 2018). Although there was a lack of
significant associations in some traits in the current study, these should still be investigated
in future work. Other traits that could be analysed include self-fertility, and resistance to
diseases that affect nut yield, including husk spot and phytophthora. Genomic selection could
be used as an alternative to GWAS for more complex traits such as yield, and perhaps TC due

to the polygenic nature of this trait.

4.6 Conclusions

The findings of this study have important implications for macadamia breeding, but it also
highlights the difficulties of employing GWAS in heterozygous populations with rapid LD
decay. Significant associations were detected for NW, WK and TC, but no markers exceeded
the significance threshold for KW, KR, RSN or NPR. Multiple regression and LD analysis
determined that several significant markers were detecting the same QTL, and, as such, were
redundant. By coupling validated marker-trait associations detected through GWAS with
MAS, genetic gain could be increased by decreasing the selection time for economically
important nut characteristics and other yield component traits. Genomic selection may be a
more appropriate method to predict complex traits like yield. Overall, this study provides a
foundation for genomics-assisted breeding in macadamia and nut crops more broadly, and

advances our understanding of the genetic control of yield component traits.
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Chapter 5. Genomic selection for nut yield and yield stability, and a
comparison of selection strategies in the Australian industry
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5.1 Abstract

Improving nut yield prediction and selection efficiency in macadamia trees is vital, as the time
from crossing to production of new cultivars is almost a quarter of a century. Genomic
selection (GS) is a useful tool for plant breeding programs, particularly perennial trees, to
increase the rate of genetic gain and reduce breeding cycle times. With the aim of overcoming
these bottlenecks and to accelerate selection efficiency in the Australian macadamia breeding
program, for the first time we introduced GS and compared different selection strategies. The
traits of focus in the study were nut yield from tree ages 5 to 8 years, and yield stability, as a
basic measure of the standard deviation of yield over these four years. Narrow-sense
heritability of yield and yield stability was low (h? = 0.23 and 0.04, respectively). Prediction
accuracies in random cross-validation varied across four sites in the trial, and ranged from r =
0.57 to 0.70 using yield data for ages 5 to 8. Prediction accuracies across unrelated
populations (grouped families), which are an extreme representation of real-world
application, were lower than in related family predictions using randomly grouped
individuals. Accuracy of prediction of yield stability was high (r = 0.79) for related family
predictions. Predicted genetic gain of yield using GS methods varied across different breeding
strategies, from 12 to 162 g/year for unrelated population predictions, and 421 to 590 g/year
for random groups (for 2.5% selection intensity). Estimates of genetic gain for GS were
comparable to traditional breeding (202 g/year) for unrelated population predictions, and
more than double that for related family predictions. The incorporation of GS into the
Australian macadamia breeding program may accelerate genetic gain, though the high cost

of genotyping appears to be a large constraint at present.

5.2 Introduction

Nut yield is the most economically important selection trait of macadamia (Hardner et al.
2009). In 2017, the Australian industry — the world’s largest — produced a crop of 46,000
tonnes of nut-in-shell (Australian Macadamia Society 2017a). With a recent average farm gate
price of around AUS5 per kilogram (Australian Macadamia Society 2017c), macadamia is,

thus, an economically important crop for Australia.
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Although vyield is the main trait of focus when selecting new macadamia varieties, it is
expensive and difficult to assess in breeding programs. Nuts are comprised of an outer
pericarp green husk, a hard shell testa, and an internal edible kernel. The husk either abscises
from the tree along with the nut-in-shell (NIS), or dehisces (splits along a single suture) and
the nut-in-shell falls to the ground (Hardner et al. 2009). After harvest, nuts are dehusked
mechanically. Yield measurements are usually expressed as NIS or kernel yield per tree
(Hardner et al. 2009). Yield is a complex trait affected by many processes and environmental
influences, and is likely controlled by many genes (Jannink et al. 2010; Quarrie et al. 2006). As
such, selection for high yield is often made difficult by environmental and genotype x
environment interaction (G x E) effects (Allard and Bradshaw 1964), with G x E being
previously documented in macadamia yield (Hardner et al. 2002; Hardner 2017). Kernel
recovery (ratio of kernel to nut-in-shell weight; KR) (Hardner et al. 2009) is also an important
economic trait, as high KR attracts a higher commission per kilogram than low KR (Macadamia

Processing Co. Ltd. 2018).

In addition to increased yield and KR, precocious cultivars, those that produce nuts at an early
age, would be commercially valuable by increasing early return on investment. However, it is
not yet known how precocity might affect the rate at which yield begins to plateau in
macadamia varieties (B. Topp, pers comm.). In coffee and apple, early-yielding varieties are
desirable, particularly those with stable yields over time (Kelner et al. 2011; Cilas et al. 2011).
For perennial horticulture crops, like macadamia, yield stability could be interpreted as the
consistency of yield of individual trees across consecutive years (Sharma et al. 2019). Unstable
yields, due to alternate bearing, is common in some perennial fruit crops, and is undesirable
as regular income is vital for growers (Sharma et al. 2019; Cilas et al. 2011). Research
regarding genetic architecture surrounding consistency of yield over years has been limited
outside of biennial bearing in apple (e.g. Guitton et al. 2012; Durand et al. 2013). Yield stability
is considered an important trait in macadamia by industry (Hardner et al. 2009). Some
macadamia growers report biennial bearing in certain cultivars, such as ‘H2’ and ‘344’ (K.
O’Connor, pers. comm.), which can be problematic if environmental events, such as a cyclone,
occur in high-bearing years. Thus, the stability of yield is an economically important trait in

macadamia that should be further investigated.
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Selection of new varieties involves two stages: thousands of seedlings are produced by cross-
pollination to create diversity and are assessed in a seedling progeny trial (SPT), then the best
performing trees are clonally propagated and evaluated in replicated trials across multiple
environments in a candidate cultivar regional variety trial (RVT) (Topp et al. 2016). Trees begin
to flower and bear fruit around four to five years after planting, and are evaluated for at least
eight years at each breeding stage (Hardner et al. 2002; Hardner et al. 2009). Due to the crop’s
long juvenile stage, as well as the need to assess yield over several years to increase the
accuracy of prediction of long term yield, traditional macadamia breeding has a selection
cycle of almost a quarter of a century (22 years) (Topp et al. 2016; Hardner et al. 2009).
Alternative selection strategies are sought to shorten the selection cycle and increase genetic
gain. Genomic selection (GS) offers an opportunity to achieve this in macadamia (O'Connor

et al. 2018b).

Genomic selection utilises genome-wide markers to predict genomic estimated breeding
values (GEBVs) of individuals, after which the best performers are selected (Viana et al. 2016;
Meuwissen et al. 2001). GS uses a training or reference population of individuals with known
genotypes and phenotypes to construct a model of each marker’s effect on the trait. To
determine the accuracy of prediction, the model is then applied to predict the GEBV of
individuals in a validation population, for which measured phenotypes are available. The
accuracy of prediction is determined by how closely the predicted values reflect the observed
phenotypes; the correlation between the two. This correlation is then divided by the accuracy
of these phenotypes in predicting the true breeding values, which is the square root of the
heritability of the phenotype (Goddard and Hayes 2007; Dekkers 2007). The GEBV can be
predicted for individuals at the seedling stage, using only genotypic data; thus, enabling early

selection for elite individuals (Meuwissen et al. 2001).

Genomic selection was first used in dairy cattle, and is being increasingly used to improve
genetic gain in both animal and plant breeding programs. With the potential to reduce
breeding cycle times, long-lived species with slow maturation times may have the most to
gain from GS (Luby and Shaw 2000; Iwata et al. 2016). Grattapaglia (2014) and Lin et al. (2014)
have extensive reviews on the use of genomic selection in forestry and annual species,
respectively. The main attraction of GS for perennial crops may be that it can accelerate

breeding cycles, thereby increasing the gain per unit time and reducing field trial costs
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(Jannink et al. 2010; Desta and Ortiz 2014; Denis and Bouvet 2013). Sweet cherry (Piaskowski
et al. 2018), peach (Biscarini et al. 2017), oil palm (Kwong et al. 2017b; Kwong et al. 20173;
Wong and Bernardo 2008), citrus (Minamikawa et al. 2017), apple (Muranty et al. 2015;
Kumar et al. 2012b), and pear (Minamikawa et al. 2018; Iwata et al. 2013) breeders have all
investigated GS to increase genetic gain in their breeding programs. A recent study in
Japanese chestnut (Nishio et al. 2018a) achieved high prediction accuracies for harvest date

(r=0.841) and insect infestation (0.604), though yield was not studied.

High accuracy of GS models will allow confident selection of candidates. Accuracy depends on
many factors, including the model, crop, size of the reference population, extent of linkage
disequilibrium (LD), marker set, and trait of interest (Crossa et al. 2010). Genetic markers
should be in high LD with the genes controlling the trait, in order to capture the genetic
variance (Druet et al. 2014; Goddard 1991; Viana et al. 2016). In a simulation using animal
data, Calus et al. (2008) suggested that models using marker densities of LD r? = 0.2 (average
distance of 0.128 cM between markers) were superior to those at lower densities. Accurate
phenotyping of a large training population, preferably over multiple environments and years
(allowing for the study of multiple seasons and tree ages), is required for perennial crops to
derive accurate predictions, due to the interactions between these factors (Resende et al.

2012; Xu and Crouch 2008; Desta and Ortiz 2014; Rikkerink et al. 2007).

We hypothesise that using GS in the macadamia breeding program will lead to greater genetic
gains than phenotypic- and pedigree-based selection, due to a substantial reduction in
generation length. This study aims to: (i) determine the accuracy of GBLUP (genomic best
linear unbiased prediction) methods in predicting GEBV for nut yield and yield stability across
years in macadamia; and (ii) identify strategies in which GS can be employed to increase
genetic gain in macadamia breeding programs. This research is the first study to utilise
molecular marker technology for GS in macadamia, and to our knowledge, the first to use GS

to predict yield stability over consecutive years for a fruit or nut tree crop.
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5.3 Materials and methods

5.3.1 Plant material and phenotyping

This study involves a subset of progeny from the Australian industry macadamia breeding
program’s “B1.2” population. This population consisted of approximately 2,000 seedlings
across 141 full-sib families from crosses between 47 parents, with 1-36 progeny per family
(mean 14) (Topp et al. 2016). Trees were planted across nine sites in south-eastern
Queensland and north-eastern New South Wales, Australia, between 2001 and 2003 in an
incomplete block design (Topp et al. 2016). Trees were planted at 4 m distances within rows,

and 8m between rows.

As described by O'Connor et al. (2019b), 295 macadamia seedlings from 32 full-sib families
(reciprocals combined) from crosses between 29 parents (7—11 progeny per family) across
four sites were chosen for genotyping. All families had at least one parent in common with
another family. Progeny within families were selected for genotyping to achieve an
approximately equal number of low- and high-yielding individuals per family, based on
breeding values for cumulative nut-in-shell yield to age 8 years, to ensure a spread of
phenotypes. The sites included Hinkler Park (HP) and Alloway (AL) near Bundaberg,
Queensland, and East Gympie (EG) and Amamoor (AM) near Gympie, Queensland. Clones of
five parental genotypes were planted at each of the four sites, with a further 13 parental
clones planted at AL. Eleven of the 29 parents could not be phenotyped, as they were not

planted in these trials.

Yield was evaluated on an individual tree basis across multiple years. Nuts-in-husk were
manually harvested from the ground in multiple harvests from February to August. A final
strip harvest was performed at the end of the season, in which the nuts remaining in the tree
were removed with poles and hooks. Nuts were dehusked mechanically and weighed to
obtain a wet nut-in-shell weight. For each tree, a 1 kg sample was taken (where available) and
dried to approximately 1.5% moisture content at 35°C for 48 hours, 45°C for 48 hours and
55°C for 48 hours, based on protocol by Prichavudhi and Yamamoto (1965). Samples were
then weighed to obtain a dry nut-in-shell (DNIS) weight, with the moisture content used to
calculate a total DNIS weight per harvest. DNIS weights were summed across harvests to

obtain the total NIS yield per tree each year. Three phenotypic datasets were used in the
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analysis: yield data from young trees only (aged 5 to 8 years), yield data from mature trees
only (2017 and 2018 harvests, aged 14—17 years), and young-tree and mature-tree yield data
combined. Yield data were unable to be collected in 2017 at site AL due to storm damage,

and in 2018 at site EG due to management issues.

5.3.2 SNP genotyping and imputation

This study used genetic markers obtained as described by O'Connor et al. (2019b). Briefly,
DNA was extracted from leaves of 295 seedlings and their parents, and sequenced by Diversity
Arrays Technology (DArT) Pty Ltd, to produce a total of 5,329 SNP markers and 19,527
silicoDArT markers (presence/absence, dominant). Missing calls were imputed using the PPCA
method (Stacklies et al. 2007) with 97.2% accuracy, which was determined by excluding an
additional 10% of missing values and calculating the correlation between the imputed calls
and the original dataset. Quality control was performed using pre-imputation parameters,
including 50% original call rate, 2.5% minor allele frequency, and a test of Mendelian
inconsistencies (parent-offspring trio opposing homozygotes) determined using 16 (50%) of

the families. This resulted in 4,113 SNPs for genomic analysis.

5.3.3 Predicting and validating GEBV's

An additive genomic relationship matrix (GRM) was constructed among all individuals using
the 4,113 SNPs, as per VanRaden (2008) and detailed in O'Connor et al. (2019b). Multiple
GBLUP models were used to calculate GEBVs for each tree using ASReml-R (Butler et al. 2009).
In the first model, GEBVs were obtained for trees only within individual sites (e.g. each site

was a separate analysis), using the following GBLUP model:

Yield = mean + Block + Type + Number Neighbours + Age + Accession + error ~ Equation 5-1

where Yield is the yield of an individual tree in one year; mean is the intercept of the model;
Block is the planting block within a site, as a fixed effect; Type is the propagation type of the
tree (seedling progeny or clonally propagated parent), as a fixed effect; Number Neighbours
is the number of trees on either side of that tree within the row, to allow for influence on

phenotype of gaps created by the death of neighbouring trees, as a fixed effect; Age is the
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age of the tree after planting, as a fixed effect; Accession is the tree effect modelled as the
additive genetic effect of the individual, assumed random ~ N(O,Gaj), where G is the GRM,
modelled from SNP effects (where 0, 1, and 2 represent homozygous, heterozygous and
alternate homozygous genotypes, respectively), and ng is the additive genetic variance
captured by the SNP; and error is a vector of random deviations e ~ N(0, 62) where a2 is the
error variance. For mature data where only one year of data were available (at sites AL and
EG), Age was omitted from the model. Where multiple years of yield data were used in the

model, a mean yield GEBV across years was calculated.

Note that we did not fit a permanent environment in the model, owing to the complexity of
the data where, for some trees and sites, only one year of data were available. To assess the
impact of this, we fit a model with permanent environment effects to a subset of the data
where four years of data were available. The correlation of the GEBV for the model with
permanent environment effects fitted, and without, was 0.93 (p < 0.001). So for simplicity,

permanent environment effects were omitted from the subsequent stages of analysis.

In the second model, GEBVs were calculated using data from all sites, simultaneously, as
follows:

Yield = mean + Site + Block + Type + Number Neighbours + Age +

Equation 5-2

Year + Year& Age + Site & Year + Accession + Accession &) Site + error
where the terms are as per Equation 5-1 above, with some additions. Year is the calendar
year that yield was harvested, as trees were planted in different years across the sites, as a
fixed effect; Year@Age is the interaction between calendar year and age of the tree, as a fixed
effect; Site®Year is the interaction between site and calendar year, as a fixed effect;
Accession@®Site is the interaction between the additive genetic effect of the tree and the site,

assumed random ~ N(O,G®I®agzs) where | is a 4x4 identity matrix for the four sites.

The inclusion of the Accession@®Site term in the model meant that five GBLUP genetic effects
were calculated for each tree: those for the average tree genetic effect across all sites, and
the genetic effect of each tree at each of the four sites. This study investigated the accuracy
of genomic prediction using GEBVs calculated in two ways: using just the average tree genetic
effect (denoted here as Tree genetic effect), and using the sum of average tree genetic effect

plus the genetic effect at the site being predicted (denoted here as Tree + Site genetic effect).

112



Chapter 5: Genomic Selection for Yield and Yield Stability

To determine if correcting for site effects first was more accurate than grouping all sites
together, an alternative model for across all site data was performed using the following

model:
Solutions = mean + Site + Accession + Accession &9 Site + error Equation 5-3
where Solutions are the corrected phenotypes for individual sites with no pedigree or genetic

information included, and Site is the only fixed effect in the model.

Corrected phenotypes were calculated for individual site analyses using the following model:

Yield = mean + Block + Type + Number Neighbours + Age + Tree + error Equation 5-4

where Tree is the individual tree modelled as a random effect, without any pedigree or
realised genetic relationship (GRM) information. For mature data where only one year of data
were available (at sites AL and EG), Age and Tree were omitted from the model. Corrected
phenotypes, or solutions, were either estimated from model residual effects (when only one
year of data per tree was analysed) or model random effects (when a mean of phenotypes
was obtained from multiple years of data). Where multiple years of yield data were used in

the model, solutions were essentially a mean yield over the multiple years.
Corrected phenotypes were also calculated using data across all sites with the following

model:

Yield = mean + Site + Block + Type + Number Neighbours + Age + Equation 5-5

Year + Year& Age + Site® Year + Tree + Tree & Site + error

Corrected phenotypes for individual years were obtained using Equation 5-5, but using only

a single year of data at a time for Yield, and excluding Age and Year terms and interactions.

To determine if GEBVs were more accurately predicted for cumulative yield than for mean

yield over multiple years, the following model was used:

Summed Solutions = mean + Accession + error Equation 5-6
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where Summed Solutions are solutions for individual years (corrected phenotypes calculated
from Equation 5-5 with data for each tree age analysed separately) summed over multiple

years to model cumulative yield, for trees aged 5 to 7 years old, aged 5 to 8, and aged 6 to 8.

To determine the accuracy of genomic prediction for yield stability over multiple years, GEBVs

were obtained using the following model:
Yield SD = mean + Accession + error Equation 5-7

where Yield SD is the standard deviation of solutions (corrected phenotypes from Equations

5-4 or 5-5) for ages 5 to 8 across all sites.

Variance components were recorded for each model. Estimates of genomic narrow-sense

genomic heritability (h?) for yield were calculated from variance components:

2
o,
2 = g Equation 5-8

2 2 2
o5 + o055+ 0¢

where aj is the additive genetic variance, agzs is the G x E variance, and g2 is the residual
variance. This was calculated using the three datasets (young-tree yield, mature-tree yield,
and combined young- and mature-tree yield data), for individual sites and across all sites.

Heritability was also calculated for yield stability.

5.3.4 Assessing model accuracy

The accuracy of the GEBVs from the models above were determined using five-fold cross-
validation (CV). In turn, 20% of phenotypes were masked (set to missing) in a validation set,
and data for the remaining 80% of individuals were used as a training set to train the model
and predict the missing values. This process was repeated five times until all subsets were
used in the validation set, with each individual used only once in the validation set. Note that
the phenotypes of the validation set individuals were not included in the training set for that

fold of CV.

Individuals were assigned to one of five groups for the five-fold CV using two grouping
techniques for predictions: random and related family groups. For the random CV, individuals

were selected for the training and validation group at random (“randomly grouped”). Here,
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full-sibs were split across the training and validation groups, and so predictions were
performed on individuals related to the training population. For the second method,
individuals were grouped by family and related families (those with common parents) and
grafted parents (“grouped families”), to give approximately equal-sized groups. Thus, entire
full-sib families were either all in the reference set or in the validation set, and predictions
were performed on families unrelated to the training population (“unrelated population”).
This second method represents an extreme version of the application of GS, where the two
populations are not closely related; in a real-world application, the training population is likely
to be related to the target population due to overlapping parental germplasm among

breeding populations. n

For each CV, prediction accuracy (r) was calculated as the correlation between GEBVs and
corrected phenotypes (from Equations 5-4 or 5-5, corresponding to individual site, across
sites, individual year, or across multiple years GEBVs), divided by the square root of the
genomic narrow-sense heritability (as calculated using all data across all sites). Mean
prediction accuracies and standard errors were calculated across the five CVs, and t-tests
were performed to determine if prediction accuracies were significantly difference from zero.
T-tests were also performed to determine if prediction accuracies using GEBVs for the two

genetic effects (Tree and Tree + Site) were statistically different.

5.3.5 Comparison of breeding strategies and genetic gain

A simple preliminary comparison of breeding strategies was made to demonstrate how GS
could be effectively incorporated into the macadamia breeding program to reduce selection
time and increase genetic gain (Table 5-1). Number of trees involved in each stage and specific
costs are excluded (given uncertainties of, and constantly evolving genotyping costs). Two

breeding strategies were compared:

1. Traditional breeding. Progeny are evaluated in an SPT (seedling progeny trial) for at least
eight years to select for yield and other economically important traits (such as KR, precocity
and tree size) using a selection index. SPT is then followed by an RVT (regional variety trial)
for at least eight years, where selected elites are clonally propagated and evaluated for

more economically important traits across multiple environments.
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2. Genomic selection. Progeny seedlings’ first leaves after germination are genotyped using
a large number of markers. A robust GS model is then used to predict yield (and other

traits). Elite candidates are selected, using a selection index, for establishment and

evaluation in the RVT.

Table 5-1 Activities involved in a traditional breeding strategy compared with a simple
example of how genomic selection (GS) could be employed in a breeding program. The
number of years involved in each activity for the two strategies is shown. Information for

‘traditional breeding’ is adapted from Topp et al. (2012). RVT, regional variety trial; SPT,

seedling progeny trial

Year Traditional breeding

1 Cross parents, grow seedlings
2 Age 1: Plant SPT

3 Age 2: Trial maintenance
4 Age 3: Trial maintenance
5 Age 4: Evaluations

6 Age 5: Evaluations

7 Age 6: Evaluations

8 Age 7: Evaluations

9 Age 8: Evaluations, select seedlings
10 Propagate RVT

11 Age 1: Plant RVT

12 Age 2: Trial maintenance
13 Age 3: Trial maintenance
14 Age 4: Evaluations

15 Age 5: Evaluations

16 Age 6: Evaluations

17 Age 7: Evaluations

18 Age 8: Evaluations

19 Age 9: Evaluations

20 Age 10: Evaluations

21 Release

Genetic gain (AG, grams/year) was calculated for traditional breeding and GS methods using

Genomic selection

Cross parents, grow seedlings
Genotype, select seedlings using GS

Propagate RVT

Age 1:
Age 2:
Age 3:
Age 4:
Age 5:
Age 6:
Age 7:
Age 8:
Age 9:

Plant RVT

Trial maintenance
Trial maintenance

Evaluations
Evaluations
Evaluations
Evaluations
Evaluations
Evaluations

Age 10: Evaluations

Release

the following equation derived from Falconer (1989):
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I XrXo :
AG = B — Equation 5-9

where i is selection intensity as a function of the proportion of the population selected, r is
square root of yield heritability for traditional breeding or the prediction accuracy of the GS
model, o is the genetic standard deviation (standard deviation of corrected phenotypes, from
Equation 5-4 or 5-5), and L is generation length in years. For cumulative yield, genetic gain
was further divided by the number of years summed, to give genetic gain on a per-year basis.
In traditional breeding, approximately 2,000 seedlings are evaluated and 1% (20/2000) of the
SPT population are further tested in an RVT (Topp et al. 2016). Here, the selected proportion
of the population has been increased from 1% to 2.5% for the GS strategy, in an attempt to
reduce the probability of not selecting truly elite germplasm. As such, in this equation, i =
2.665 and 2.338, for 1 and 2.5% selected, respectively (Falconer 1989). We assume that
genetic gain for RVT selection is the same across selection strategies, and so genetic gain is

only calculated here for the SPT.

5.4 Results

5.4.1 Heritability and accuracy of prediction models

Genetic variance varied between sites for the three datasets, and, thus, heritability was also
variable. Site EG had low genetic variance for young-tree yield data (0.16) and high variance
for mature data (0.65; Table 5-2). Variance attributed to G x E was low when data for all sites
were analysed together (0.13 for young-tree data and 0.09 for combined data). Heritability
was generally lowest when both young-tree and mature-tree yield data were combined, and
highest when only mature-tree data were used (Table 5-2). Narrow-sense heritability for yield

stability across years was 0.04 (data not shown).
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Table 5-2 Variance components, as a proportion of total variance (1.00), and narrow-sense

heritability (h?) of yield using raw observations. Uj genetic variance, 055 genotype x

2

environment variance, o2 residual variance. h?=g? / (62 + agzs +02).

g / (0g
Dataset Site o oo o2 h2
Young AL 0.22 0.78 0.22
AM 0.41 0.59 0.41
EG 0.16 0.84 0.16
HP 0.44 0.56 0.44
All Sites 0.28 0.13 0.59 0.28
Mature AL 0.09 0.91 0.09
AM 0.39 0.61 0.39
EG 0.65 0.35 0.65
HP 0.50 0.50 0.50
Combined AL 0.17 0.83 0.17
AM 0.25 0.75 0.25
EG 0.13 0.87 0.13
HP 0.38 0.62 0.38
All Sites 0.23 0.09 0.68 0.23

A heritability value of 0.23 for yield, based on the mean across sites as well as from all sites
together for combined young-tree and mature-tree yield data, was used for calculations of
genomic prediction accuracy. Mean genomic prediction accuracy across datasets and cross-
validation methods for individual sites was r = 0.37. Model accuracies varied widely, from
-0.29 for mature-tree yield data at AM to 0.97 for combined yield data at EG (Figure 5-1). For
almost all analyses, higher accuracies of genomic prediction were achieved from cross-
validation using randomly masked individuals compared to when families were grouped
(prediction for unrelated populations), sometimes by two-fold (Figure 5-1). For example,
prediction accuracy for EG using young-tree yield data was r = 0.40 for grouped families and
0.90 for randomly masked individuals. The highest prediction for grouped families was for HP
using combined yield (r = 0.52, p < 0.05), and was similar when averaged across sites for both
young-tree yield and combined vyield data (r = 0.32, p < 0.05 and r = 0.35, p < 0.05,
respectively).

Accuracies of genomic prediction using young-tree data were similar to combined young and

mature-tree data (Figure 5-1). Site AM was consistently lower in prediction accuracies than
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the other sites across all datasets. Very high prediction accuracies were observed using
random masking of individuals, compared to family masking (across family prediction), for
sites HP and EG using young-tree yield data (r = 0.94, p < 0.001 and r = 0.90, p < 0.05,
respectively), and for EG using combined yield data (r =0.97, p < 0.05). Site AL had moderately
high prediction accuracies using random masking for young-tree yield (0.65, p < 0.01) and

combined data (0.62, p < 0.05). Prediction accuracies using only mature data were very low

Group

across sites, ranging from -0.29 to 0.39 (Figure 5-1). Further analyses were, therefore, not
performed using only mature-tree yield data.

. Across Family
. Random

AL AM EG HP Average Average AL AM EG HP  Average
Young-Tree Yield Mature Tree Yleld Combined Yield

=
wn

Prediction Accuracy

e
o
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Figure 5-1 Mean prediction accuracy of yield across three datasets: young-tree yield, mature-
tree yield and combined young and mature-tree yield (averaged over years). Two cross-
validation (CV) grouping methods were compared: trees were randomly grouped so
predictions were performed in related individuals, and trees were grouped by family so
predictions were performed across unrelated populations. Accuracies are compared between
individual sites, as well as an average across all sites, for each model (dataset and CV method).
Prediction accuracy values are given for each model, as well as p-values indicating whether
accuracies are significantly different from zero: * p < 0.05, ** p < 0.01, *** p < 0.001; blank,
not significant. Prediction accuracy was measured as the correlation between predicted
genotypic values (GEBVs) and corrected phenotypes divided by the square root of the
heritability (h? = 0.23). Error bars indicate standard error of correlations from five cross-

validations for the individual sites, or the four sites for Average.
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Figure 5-2 Comparison of mean prediction accuracy of yield for two different GBLUP genetic
effects: average tree genetic effect (Tree), and average tree genetic effect plus the genetic
effect of that tree at the corresponding site (Tree + Site). Comparisons are across young-tree
yield and combined young and mature-tree yield, as well as family grouped (predictions in
unrelated populations) and randomly grouped (predictions in related populations) cross-
validation methods. Prediction accuracy values are given for each model, measured as the
correlation between predicted genotypic values and corrected phenotypes divided by the
square root of the heritability (h? = 0.23). Error bars indicate standard error of correlations
from five cross-validations. * indicates that prediction accuracy is significantly (p < 0.05)

different from zero.

The use of two different GBLUP genetic effects in genomic predictions were compared; using
the average tree genetic effect, and the sum of the average tree genetic effect and the genetic
effect of that tree at the corresponding site (i.e. a model allowing for G x E was used to obtain
these predictions). Average tree genetic effect generally gave lower prediction accuracies
than average tree genetic effect plus site effect, but there was no significant difference in
prediction accuracy between the two GBLUP models (Figure 5-2). Further analysis was,

therefore, confined to the GEBV for overall tree genetic effect.
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Figure 5-3 Mean prediction accuracy of yield across three methods: using phenotypes
corrected with all sites analysed together (all sites together), an average accuracy across the
four individual sites (average across sites), and using phenotypes corrected from individual
sites and then combined (site corrected phenotypes). Prediction accuracy values for average
across sites are the same as in Figure 5-1. Accuracies are compared for two datasets: young-
tree yield and combined young and mature-tree yield, with two cross-validation methods:
randomly grouped individuals (predictions in related populations) and individuals grouped by
family (predictions in unrelated populations). Prediction accuracy values are given for each
model, as well as p-values indicating whether accuracies are significantly different to zero: *
p < 0.05, A p = 0.06; blank, not significant. Prediction accuracy was measured as the
correlation between predicted genotypic values and corrected phenotypes divided by the
square root of the heritability (h? = 0.23). Error bars indicate standard error of correlations

from five cross-validations.

The highest yield prediction across all models was achieved when sites were analysed
individually and then accuracies averaged across sites (Figure 5-3). Prediction accuracies using
this method were 0.32 (p < 0.01) and 0.70 (p < 0.05) for family and random grouping,
respectively, for young-tree yield, and 0.35 (p < 0.01) and 0.60 (p < 0.05) for combined yield
data for family and random grouping, respectively (Figure 5-1 and Figure 5-3). Prediction

accuracies were similar for young-tree data analysed with all sites together (r =0.57, p < 0.05)
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and for phenotypes corrected for individual sites and then combined (0.58, p < 0.05) using
random groupings. Predictions in unrelated population (grouped families) was lowest when
phenotypes were corrected for individual sites first and then combined, using young-tree

yield data (0.17).
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Figure 5-4 Prediction accuracy of cumulative yield and yield stability, using individual year
GBLUPs across all sites together. Accuracies are compared for cumulative yield from age 5 to
7 years, age 5 to 8, age 6 to 8, and yield stability as a function of standard deviation (SD) of
yield from age 5 to 8. Two cross-validation methods are shown: randomly grouped individuals
(predictions in related populations) and individuals grouped by family (predictions in
unrelated populations). Prediction accuracy values are given for each model, as well as p-
values indicating whether accuracies are significantly different from zero: * p < 0.05, ** p <
0.01; blank, not significant. Prediction accuracy was measured as the correlation between
predicted genotypic values and corrected phenotypes divided by the square root of the
heritability (yield h? = 0.23, yield stability h? = 0.04). Error bars indicate standard error of

correlations from five cross-validations.

Genomic prediction accuracies were moderate for cumulative yield (sum of corrected
phenotypes over years) using random groups, but low for unrelated population prediction

(Figure 5-4). The highest accuracies were achieved for cumulative yield from age 6 to 8 years
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(r=0.55, p<0.01), then for age 5to 7 (0.51, p < 0.05), with age 5 to 8 being the lowest (0.46,
p < 0.05) for randomly grouped individuals. Prediction accuracies for cumulative yield (0.46—
0.55) were less accurate than mean yield across years (young-tree yield data; 0.57-0.70) using
random groupings (Figure 5-3). Yield stability had high prediction accuracy for random groups
(0.79, p < 0.05), and moderate for unrelated population predictions (0.28), though this was

not significantly different from zero (Figure 5-4).

5.4.2 Comparison of breeding strategies and genetic gain

The generation length (L) for traditional breeding was eight years, as elite individuals are
identified after evaluations from age 5 to 8 and are then used as parents for the next
generation (Hardner et al. 2009). By comparison, the generation length for strategies
employing GS is four years. This difference is because elite individuals are identified from
genetic markers using the first leaf, but cannot be used as parents until reproductive maturity
(around the age of 4) (Hardner et al. 2009). The strategy using GS had a much shorter selection
cycle (14 years) than traditional breeding (21 years), because it negates the SPT altogether.
Both strategies employ RVTs, as it is vital to test the performance of candidate cultivars across

multiple environments before commercial release.

Genetic gain using traditional breeding methods was calculated as 202 g/year for 1% selection
intensity (Table 5-3). At 2.5% selection intensity, genetic gain was reduced to 177 g/year. The
shorter generation cycle of GS strategies compared with traditional breeding influenced
estimates of genetic gain. Generally, genetic gain for GS related family (randomly grouped)
predictions was more than double that of traditional breeding, even with a lower selection
intensity for GS methods (2.5%) compared to traditional breeding (1%). However, for
unrelated population predictions, traditional breeding achieved higher genetic gain than GS

efforts.

Genetic gain varied between GS models from 12 to 673 g/year, and was lower for 2.5%
selection intensity than 1% (Table 5-3). For unrelated population predictions, the highest
genetic gain was achieved using raw phenotypes across all sites (AG = 162 g/year for p% =

2.5), as opposed to correcting phenotypes by site first (128 g/year). The opposite was true for
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randomly grouped individuals; phenotypes corrected according to site slightly outperformed

analysis using all the sites together (AG = 438 g/year compared to 421).

Table 5-3 Genetic gain of yield and yield stability (in g/year) for each selection method and
unrelated population or random cross-validation techniques. Genetic gain was calculated
using accuracy of genomic selection (GS) model or square root of yield heritability for
traditional breeding, standard deviation of corrected phenotypes (yield stability), generation
length of four years for GS methods and eight years for traditional breeding, and 1% (i = 2.665)

and 2.5% (i = 2.338) selection intensity, as per Equation 5-9.

Breeding method Genetic gain AG (g/year)*

p% =1 p% =2.5
Traditional Breeding 202 177
Family grouped (unrelated population) GS
All Sites Corrected Phenotypes 146 128
All Sites Raw Phenotypes 185 162
Cumulative Age 5to 7 163 143
Cumulative Age 5to 8 45 40
Cumulative Age 6 to 8 14 12
Yield stability (SD Age 5 to 8) 174 153
Randomly grouped (related population) GS
All Sites Corrected Phenotypes 499 438
All Sites Raw Phenotypes 480 421
Cumulative Age 5to 7 534 468
Cumulative Age 5to 8 482 423
Cumulative Age 6 to 8 673 590
Yield stability (SD Age 5 to 8) 488 428

* For cumulative yield, genetic gain is divided by the number of summed years

For cumulative yield, genetic gain was poor for age 6 to 8 with unrelated population
predictions (12 g/year for p% = 2.5), whilst a much higher gain was observed for age 5 to 7
(163 g/year). Conversely, for randomly grouped individuals, cumulative yield from age 6 to 8
had very high genetic gain (590 g/year for p% = 2.5). Genetic gain was lower for cumulative
yield from age 5 to 8 (423 g/year) and age 5 to 7 (468 g/year at p% = 2.5), though these were

both much higher than that estimated for traditional breeding. Stability of yield had a genetic
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gain comparable to mean yield across all sites for both unrelated population (153 g/year at

p% = 2.5) and random grouping predictions (428 g/year; Table 5-3).

5.5 Discussion

5.5.1 Comparison of prediction models and cross-validation methods

This study is the first to investigate the use of GS to improve genetic gain for yield and yield
stability in macadamia breeding, and suggests that GS offers a suitable method to select trees
with predicted high GEBVS. Genomic prediction accuracy varied across models, harvest years,
and for different CV methods. The most accurate prediction of GEBVs was with young-tree
yield data averaged across sites using randomly grouped individuals, followed by combined
young and mature-tree yield data. Calculating corrected phenotypes for individual years and
then summing to obtain cumulative yield did not produce more accurate predictions than

mean yield across years.

Prediction accuracy is strongly influenced by the relatedness between training and validation
populations (Meuwissen et al. 2001), and unrelated population predictions are expected to
perform poorly compared to related family prediction (Pszczola et al. 2012). This was
observed across the models in the current study; random groupings performed consistently
better than family groupings (predictions in unrelated populations). This is because with
random groupings for CV, the training set includes full-sibs from the validation set (e.g.
progeny from the same cross will be split across the training and validation sets), and so large
blocks of chromosomes will be shared between the training and validation sets. The low to
moderate prediction accuracies observed by Muranty et al. (2015) in apple were attributed
to predictions across unrelated populations. In comparison, Kumar et al. (2012b) achieved
high prediction accuracies (0.70 to 0.90) for apple fruit quality traits, with individuals
randomly allocated to cross-validation groups. The CV method of family group prediction
represents an extreme version of the potential real world application of GS in macadamia
where predictions are performed across unrelated populations; it is likely that the training
and target populations will actually be more closely related. This is due to the fact that there
is often an overlap of industry varieties used as parents between breeding populations, and

elite individuals from one population are commonly used as parental germplasm in
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subsequent generations (Topp et al. 2012). It is expected that prediction of GEBVs in a
breeding program will, therefore, have accuracies on a level between the random and
unrelated population predictions presented in this study. Employing GS in a population closely
related to that which the model is based from would provide more accurate predictions of
yield. However, more research is needed using large training population sizes with validation
sets of whole family groups to improve prediction accuracy before GS can be applied in

macadamia breeding.

The very low prediction accuracies across sites using mature-tree yield data may be due to
only one or two years’ data available, as no yield data were available for AL in 2017 or for EG
in 2018. As such, mature-tree yield data were only investigated for individual sites and not
across all sites. Having more than two consecutive years of yield data appears to increase the
accuracy of prediction in macadamia. Evaluations of seedling progeny and elite candidates
currently involves at least four years of measuring yield, which makes it a sound data base for

GS.

As this is the first study to investigate GS in macadamia using linear mixed models, simple
models were used that did not include permanent environment effects. This may not be
optimal because the model is not accounting for correlations between residuals across years.
However, a test comparing models with and without permanent environment effects showed
that the predicted values of the two models were highly correlated. This correlation
demonstrates that there is little difference between the predicted values of the two models,
and that the less complex model was still adequate for predicting GEBVs. Cedillo et al. (2018)
found that permanent effects over five evaluation years among oil palm plants were highly
significantly different, reflecting environmental variation among plots within site blocks.
Further, permanent effect accounted for 15% of variance explained in walnut yield, compared
with around 30% for both breeding value and year variance (Martinez-Garcia et al. 2017).
Future research using linear mixed models to predict yield in macadamia using genomics
could include more complex models with permanent environment effects to determine if

prediction accuracies are more accurate.
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5.5.2 Factors affecting accuracy of genomic prediction

The prediction accuracies for yield in the current study were reasonable (r = 0.55), and
comparable to the accuracy of yield as measured by phenotypes (h?=0.23, h =r =0.48, where
ris accuracy). This demonstrates that GS accuracy demonstrated in the current study may be
as good as phenotypic analysis, regardless of the time advantage in GS strategies. In
comparison with other studies, the accuracy achieved in GS here was not as high as some
other predictions in other horticulture crops, which may be attributed to a number of factors.
Estimates of macadamia yield involve a large degree of error, as indicated by the low
heritability for this trait. Measures of yield can be inaccurate due to the overlapping canopies
of neighbouring trees. Additionally, the method used to obtain DNIS weight per harvest
assumes that the moisture content of the 1 kg sample is consistent through the entire harvest.
For these reasons, measuring macadamia vyield is very different to measuring yield in other

fruit crops, which may inhibit accurate yield prediction.

This study is, to our knowledge, the first to use GS to predict stability of yield over consecutive
years for a nut tree. Biennial bearing in apple has been researched by multiple authors.
Guitton et al. (2012) found three QTLs associated with biennial bearing, by measuring number
and mass of harvested fruit, and that these explain 50% of phenotypic variability. Additionally,
Durand et al. (2013) suggested that irregular bearing may be less linked to fruit set or drop,
but rather more with floral induction. Predictions using randomly grouped individuals were
moderately high for yield stability, though this may be due to the low heritability of the trait
upwardly biasing the calculated prediction accuracy. Nevertheless, these results will be
informative for breeders to factor yield stability into a selection index when identifying elite

candidates for further testing.

The population size of this study was limited compared to other studies in fruit crops, though
it did consist of a large number of full-sib families. In the first study of GS in cross-pollinated
fruit crop species, Kumar et al. (2012b) obtained high model accuracy for fruit quality traits in
apple. They used a much larger population (1,120 seedlings) than the current study, albeit
from a smaller parent population (seven full-sib families from four female and two male
parents), and accuracy ranged from r = 0.70 to 0.90 using RR-BLUP and Bayesian LASSO
methods. GS in citrus achieved high (r > 0.7) prediction accuracy for some fruit quality traits

using around 800 individuals, with GBLUP model consistently being high performing than
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other models (Minamikawa et al. 2017). Similarly, using a Japanese pear population of 86
parents and 765 progeny, prediction accuracy varied between models and cross-validation
methods, and was commonly greater than 0.5 (Minamikawa et al. 2018). However, the high
correlations found for citrus and Japanese pear may be slightly inflated, since negative
correlation coefficients were set to zero when calculating accuracy for these studies.
Increasing the size of a phenotyped and genotyped training population would increase the

accuracy of yield prediction in macadamia.

LD between markers and genes controlling target traits is essential for GS (Meuwissen et al.
2001). Increasing the number of markers used in GS may not necessarily achieve better
accuracies. Studies investigating the accuracy of GS in citrus, Japanese pear and apple all used
fewer SNP markers than the current study (1,841, 1,502 and 2,500, respectively)
(Minamikawa et al. 2017; Minamikawa et al. 2018; Kumar et al. 2012b). Recent genotyping of
a macadamia breeding population with yield phenotypes produced 4,113 SNP markers
(O'Connor et al. 2019b; Chapter 1 Population structure and genetic diversity). SNPs within 1
kb distance of each other on a scaffold (M. integrifolia v2 genome assembly, 4,098 scaffolds)
had an average LD of r? =0.124, with LD decaying rapidly over short distances and slowly over
long distances (O'Connor et al. 2019b). These results are important for the current study to
determine that genetic markers capture genetic variance of the target trait (Goddard 1991;
Meuwissen et al. 2001). Increasing the density of markers across the genome could lead to
increased prediction accuracies, as suggested by Calus et al. (2008), where models with r? =
0.2 between markers were more accurate than models with fewer markers and lower
densities. Future analysis of LD in macadamia could also include corrections for population

structure and cryptic relatedness.

Genetic recombination occurs with successive generations of breeding, which may affect the
linkage between markers and genes controlling target traits (Khan and Korban 2012).
Additionally, selection for improved individuals will also alter the frequency of alleles in the
population (Falconer 1989). These changes over time will have consequences for GS accuracy.
Meuwissen et al. (2001) estimated that the accuracy of GS models will decrease at around 5%
per generation, due to recombination. Thus, it is necessary to recalibrate the model after
every few generations, as genetic variance explained by the markers will change, along with

the allelic frequencies in the population (Goddard 2009; Resende et al. 2012). To aid this,
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Grattapaglia (2014) suggested that selection candidates should remain in the field and grown
for five to six years to provide phenotypes for updating the model. This strategy could be

employed in macadamia to ensure accuracy through subsequent generations of GS.

5.5.3 Genetic gain from genomic selection

Genetic gain was greatly influenced by the length of the breeding cycle. Genotyping seedlings
using their first leaf after germination, to identify high-yielding individuals through GS, could
halve the length of the SPT. Then, elite trees could be crossed to produce the next generation
as soon as they begin to flower, usually around the age of four. Similarly in forestry,
Grattapaglia (2014) demonstrated that GS could be used to halve the selection time from ten
to five years to achieve an improved population after selecting elite trees from a candidate
population. Muranty et al. (2015) also suggested that GS could increase genetic gain per year
in apple compared with conventional breeding, by shortening the breeding cycle from seven
to four years. In contrast, GS accuracy was not high enough for all target traits in oil palm to
reduce the generation interval, meaning that breeding would still require the testing of
progeny (Cros et al. 2017). They suggested that, if given the resources to increase the size of
the training set, and a greater ability to model G x E interactions, GS could be a valid option

to increase genetic gain in oil palm.

van Nocker and Gardiner (2014) reviewed the work of Kumar et al. (2012b; 2012a) regarding
GS in apple. They proposed using MAS and GS to identify elite apple accessions, and then, to
decrease time to reproductive maturity, to implement a regime to promote early flowering.
Fruit would be phenotyped over two early seasons, and then BVs compared with the
predicted GEBVs to analyse genetic gain. Using these methods, candidate cultivars could be
clonally propagated seven years earlier than traditional breeding. However, the predicted
beneficial outcomes of using GS in apple may not be as achievable if predictions were to occur
across families rather than in randomly-grouped individuals, as has been shown here in

macadamia.
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5.5.4 Logistics of using genomic selection to increase genetic gain

The opportunity to employ GS in a wider range of crops is increasing with declining genotyping
costs and advancements in technology (Heffner et al. 2009; Khan and Korban 2012; Iwata et
al. 2016). However, implementing genomics-assisted breeding will be expensive due to the
cost of genotyping large numbers of candidates at each cycle, though this will be a trade-off
with a decrease in the costs needed for phenotyping (Heffner et al. 2010). An evaluation of
costs involved in marker-assisted selection (MAS) versus GS has been made for maize and
wheat, and GS outperformed MAS even when prediction accuracies were low (Heffner et al.
2010). Breeders should compare selection strategies to determine which combinations of
genotyping and phenotyping is most suitable for their crop and program to maximise accuracy

of trait prediction in fruit crops (Muranty et al. 2015).

To reduce genotyping costs, delaying GS to deploy on a smaller population size may be a
viable option. Seedlings could be grown out as per a traditional SPT, but only evaluated to age
four, and precocious (early bearing) trees evaluated for KR. Breeders could pre-select
precocious seedlings with high KR, genotype this reduced number of elite individuals, and
then the highest-yielding trees could be selected through GS for evaluation in RVTs. This
method of delayed GS is similar to that proposed by Gardiner et al. (2014); to reduce the size
of the seedling population to be genotyped, pre-screen the population for essential traits first.
Longer generation intervals, due to phenotyping for a number of years initially, would lead to
a lower genetic gain using this strategy than GS of more seedlings at an earlier stage; however,
it may be a more cost-effective option. Additionally, whilst implementing GS in macadamia
may not decrease the time from seed to reproductive maturity, selecting for precocious
individuals may aid in producing more individuals with a shortened juvenile stage. Reaching
reproductive maturity at an earlier stage will further increase genetic gain by reducing the
generation length of four years in the GS strategy. Comparing costs of traditional breeding
versus strategies using GS is not the focus of this study, though this should be evaluated to

determine the prospect of implementing GS in the Australian macadamia breeding program.
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5.5.5 Future research using GS in macadamia

Future work employing GS to increase genetic gain in macadamia could investigate other
economically important traits, such as tree size. Chapter 4 Genome-wide association study for
yield component traits found 14 QTLs linked with trunk circumference. The large number of
markers associated with this trait, compared with other traits in the study, means that GS
may be more appropriate than GWAS and MAS to increase genetic gain, given the seemingly
guantitative nature of trunk circumference. GS may also be a good candidate for other traits,
such as resistance to diseases, including husk spot and phytophthora (Drenth et al. 2009).
Furthermore, the significant associations identified between traits and markers, as found in
Chapter 4, could be incorporated into GS models. Genomic prediction methods including
BayesR and BayesB allow the effect of some markers, such as those of significant effect, to be
larger than others (Meuwissen et al. 2001; Erbe et al. 2012). Different model types could,

therefore, be tested in the future to determine which are the most accurate in predictions.

Further work could also include multi-trait models, to investigate whether the inclusion of
additional traits, such as trunk circumference and nut weight, increases the accuracy of yield
prediction. Jia and Jannink (2012) found that prediction accuracy was increased for a trait
with low heritability by including information for a correlated trait with high heritability.
Estimates of heritability and genetic correlations between yield and component traits were
calculated in Chapter 3 Component traits of yield, and, thus, this information could be used
to inform multi-trait GS. Distinctions can also be made between linked QLTs (linkage between
multiple QTLs affecting different traits) and pleiotropic QTL (one gene affecting multiple

traits), using multi-trait methods, like those employed by Bolormaa et al. (2014).

Finally, future GS analyses should involve more genetic markers across the genome. This may
ensure that small-effect loci are captured, since LD in macadamia decays rapidly over short
distances (O'Connor et al. 2019b). With the aid of a complete reference genome, future
sequencing of individuals for GS analysis and the calling of SNPs may be more accurate and

avoid potential issues associated with allelic dropouts (O'Connor et al. 2019b).
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5.6 Conclusions

In a world-first, we have found moderate to high prediction accuracies applying GS models
for yield and vyield stability prediction in macadamia. Highest prediction accuracies were
observed for young-tree yield data and combined young and mature-tree yield data for
randomly grouped individuals averaged across sites. Unrelated population predictions were
generally lower than predictions for related families, but due to the relatedness in parental
germplasm between subsequent breeding generations, a realistic prediction accuracy would
be somewhat between those observed for the two grouping methods. Results from this study
indicate that GS is a viable option to increase genetic gain in macadamia, though more
research and resources are needed to increase the size of the training population, and
phenotype and genotype these individuals to capture markers in LD with causal
polymorphisms. With accurate genomic prediction models, future macadamia breeding can
sequence seedlings and use models to predict yield. Then individuals with predicted high yield
could be propagated for testing in further evaluations for yield and nut characteristics.
Genomic prediction could negate the need to evaluate progeny, if accurate enough, therefore
shortening the SPT and increasing genetic gain. This work could be combined with GWAS and

MAS for key nut traits.
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Chapter 6. General discussion and conclusions

6.1 Purpose of thesis

Development of new varieties in horticulture tree crops is often hindered by the high costs of
evaluation due to long juvenile periods and hence generation time, large plants requiring
large areas of land for evaluations, and high costs involved in evaluating traits over multiple
seasons. Macadamia is a nut crop that faces these challenges. Alternative selection strategies
could decrease the time taken to identify elite varieties for cultivar development and hence

reduce costs. The thesis sought to:

1. Quantify the level of genetic diversity and population structure in a breeding
population.

2. Investigate alternative selection strategies for high yield including indirect selection
using yield component traits, genome-wide association studies (GWAS) for important
component traits, and genomic selection (GS) for yield and yield stability.

3. Compare existing breeding strategies with alternative selection strategies in terms of

time and efficiency.

The outcomes of this work will aid future breeding in macadamia, and have application to
other fruit and nut crops. This chapter summarises the outcomes and conclusions of the

research conducted in Chapters 2 through 5.

6.2 Achievement of thesis objectives: Outcomes and impact

6.2.1 Population structure and genetic diversity of the population

A total of 4,113 SNP and 16,171 silicoDArT markers were produced for 295 full-sib progeny
and their 29 parents. Genetic diversity, analysed using GenAlEx software, was similar among
seedling progeny and their parents (He = 0.255 for progeny and 0.250 for parents), but
appeared lower than other fruit crops. Furthermore, progeny from interspecific hybrid
parents were more genetically diverse (He = 0.278) than pure M. integrifolia seedlings (He =

0.189). Analysis conducted in STRUCTURE software found that the progeny population was
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moderately differentiated (Fsr = 0.401), and clustered into k = 3 clusters, representing the M.
integrifolia germplasm separating from two hybrid groups. LD decayed rapidly over short
distances of genome assembly scaffolds (n = 4,098 scaffolds), whereas low level LD persisted
for long distances; there was an average LD (r?) value of 0.124 for SNPs within 1 kilobase of

each other.

The low marker density and low LD have implications for GWAS and GS, where accuracy relies
on linkage between genetic markers and causal polymorphisms. The genomic relationship
matrix (GRM) constructed in the study using SNP data to model population structure and
kinship was essential for the subsequent research chapters, as realised relationships are more
accurate than recorded pedigrees (Hayes et al. 2009b). This is the first study to quantify the
genetic diversity of a large group of macadamia full-sib progeny and their parents using a large
array of molecular markers, and the knowledge gained will be valuable for future studies using

genetic markers in macadamia.

6.2.2 Indirectly selecting for high yield using component traits

The study investigated twelve yield component traits, ranging from nut and flowering
characteristics to trunk circumference (as a measure of tree size). Analyses were performed
using ASReml to estimate narrow-sense heritability and additive genetic correlations between
each component trait and yield. Three traits (number of nuts per raceme, rachis diameter at
nut set, and percentage of flowers that set nuts) were moderately correlated with yield (rg =
0.55, 0.56 and 0.41, respectively). However, heritability of these traits was low (h?=0.17,0.15
and 0.33, respectively), thus inhibiting improvement through selection. Nut weight (NW) and
trunk circumference (TC) were the only component traits that were moderately to highly
correlated with yield (rg = 0.45 and 0.72, respectively), had moderate to high heritability (h? =
0.59 and 0.44, respectively), and were also easily measured. A negative genetic correlation

(-0.27) was observed between yield and kernel recovery (KR), an important economical trait.

This study was the first to use genetic markers to estimate narrow-sense heritability of yield
component traits and to calculate genetic correlations between these traits and yield in a
macadamia breeding population. The variance of trait phenotypes and the proportion of that

controlled by additive genetic variance (narrow-sense heritability) revealed the opportunity
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for genetic improvement of some traits in the breeding program through selection. The
correlations between yield NW (0.45), KR (-0.27), and TC (0.72), indicate that it may be
difficult to breed for trees that satisfy the macadamia industry’s aims for intermediate nut
size, high kernel recovery, and smaller tree size (Hardner et al. 2009). Based on the genetic
correlations with yield and heritabilities, none of the component traits analysed in this study
were promising candidates to select for yield, as the calculated selection efficiency for each
trait was lower than that for direct selection of yield. This chapter informed research efforts

in the next chapter, genome-wide association study of component traits.

6.2.3 Markers associated with key component traits

GWAS was performed to identify genetic markers significantly associated with several nut
characteristics, flowering traits, and TC, where individual SNP markers were modelled as fixed
effects and kinship was modelled with a GRM. Statistically significant markers (at a false
discovery rate of <0.05, to control for Type | errors) were mapped to genome assembly
scaffolds, and LD analysis was performed to determine if any markers were linked. Significant
associations were detected for NW (n = 7 SNPs), percentage of whole kernels (n =4), and TC
(n = 44). Multiple regression, as well as mapping of markers to genome assembly scaffolds,
suggested that the same quantitative trait loci (QTL) region was being identified by multiple
SNP loci.

This chapter provides a foundation for genomics-assisted breeding in macadamia and nut
crops more broadly, and advances our understanding of the genetic control of yield
component traits, as it gives a preliminary indication of the number of genes controlling each
trait. As a complete reference genome is not yet available for macadamia, the locations of
markers on chromosomes is not yet known, but this knowledge may help inform the location
and nature of the causal genes. Nonetheless, the identification of some QTLs for key traits
remains a useful resource and will provide a stepping-stone towards marker-assisted

selection (MAS) in the future.
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6.2.4 Genomic selection for yield and yield stability

This study was the first to assess the prospect of employing GS in macadamia. To our
knowledge, it is also the first to use GS to predict yield stability for a nut tree crop. Yield
stability (measured here as the standard deviation of yield over consecutive years) is an
essential factor to ensure consistent income for growers over consecutive years, and so
genomic prediction for this trait is important. Narrow-sense heritability, as estimated from
the genomic data, was low to moderate, at h? = 0.23 for yield and 0.04 for yield stability. A
number of different GS models were examined across multiple datasets, and using four
consecutive years of yield data produced the most accurate results (as assessed with cross-
validation). Predictions across unrelated populations were less accurate than predictions
using related individuals (randomly grouped individuals) predictions. Across all sites for
young-tree vyield data, the accuracy of related family prediction was moderate, at 0.57,
compared with 0.22 for unrelated population prediction. In comparison, prediction accuracy
for yield stability was high within families, at 0.79, though this may have been upwardly biased

by the low heritability for this trait.

Genetic gain per year was compared between selection strategies, and was largely influenced
by the length of the breeding cycle; cycle length using GS strategies was four years, compared
with eight years for traditional breeding efforts. Genetic gain using GS for related family
predictions (421-438 g/year, at 2.5% selection intensity) was double that for traditional
breeding (202 g/year), and was also high for cumulative yield over multiple years (423-590
g/year). Genetic gain for yield stability was much higher for related family predictions (428

g/year) than unrelated population predictions (153 g/year).

This study shows that simple GS models can achieve moderate yield prediction accuracies. GS
could be incorporated into the Australian macadamia breeding program in multiple ways.
However, the cost of genotyping breeding populations appears to be a large constraint for
employing GS at present. One strategy to reduce genotyping costs could be to initially screen
progeny for important traits that are displayed early, such as precocity and KR, and then
genotyping could be performed on a subset of individuals showing desirable characteristics
to identify predicted high yielding trees using GS. More research should be conducted to

identify the best prediction model, and validate findings before putting into practice.
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6.3 Challenges and limitations of the study

This study has examined strategies that may be used to increase yield in macadamia breeding.
The significant marker-trait associations discovered in Chapter 4, and the moderate
prediction accuracies achieved in Chapter 5 are encouraging for genomics to be used in future

breeding efforts. However, this study suffered some limitations.

6.3.1 Population size and location

The size of the population used to discover QTLs and train genomic prediction models should
be large and representative of the breeding population as a whole. The population used in
this study (n = 300) was representative of the larger breeding population, but was limited in
size compared with other studies of tree crops, for example, 1,120 in apple (Kumar et al.
2012b), 676 in citrus (Minamikawa et al. 2017) and 765 in pear (Minamikawa et al. 2018). As
such, the conclusions of this study may not be accurate enough to be readily applied to the
whole Australian macadamia breeding population. Further work in genomics should use a
larger population base, if funding permits, to increase accuracy by using a wider germplasm

base to develop prediction models.

Genotype by environment interactions were important considerations in the research
chapters of this thesis. Due to the large size and number of progeny seedlings evaluated in
macadamia breeding, progeny have been planted across multiple sites. As such, analyses
need to consider if there is an impact of the locations, though this was not found to be the
case in Chapter 3. Furthermore, having trees located at multiple locations was essential for
robust experimental design; however, multiple environments meant that phenotyping was
compromised by weather, equipment availability and orchard owners’ priorities. This resulted
in complex analyses with yield data being unable to be collected in two instances, which
meant that fewer data were available for analysis, particularly in Chapter 5. Despite the
limitations in sampling, the data collected is representative of the wider population base, and

shows promising results that lay the groundwork for future studies.
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6.3.2 Logistics of using genomics and macadamia breeding

The results of Chapters 4 and 5 suggest that the breeding program could be improved by using
genomics-assisted breeding: GWAS was successfully used to identify significant associations
between markers and key traits, and GS achieved moderate prediction accuracies for yield
and yield stability. However, one major limitation of this approach would be the cost involved
in genotyping thousands of seedling progeny. While genotyping and sequencing technologies
accelerate in their development, prices of services and/or data points may decrease in the
future. The price of genotyping and the accuracy of prediction should be compared with the
price of evaluations of progeny using traditional breeding methods to determine strategy
efficiency, such as that which has been investigated by other research groups (e.g. Wong and
Bernardo 2008; Harshman et al. 2016; Ru et al. 2016; Heffner et al. 2010). Furthermore,
increasing the number of good quality markers used in genomics-assisted breeding could
ensure that causal polymorphisms are captured by LD with markers across the genome. For
example, Calus et al. (2008), suggested that models with r>=0.2 (0.128 cM) between markers
were more accurate than models with fewer markers and lower densities. The issues
regarding marker quality, particularly allelic dropouts potentially leading to lower levels of
heterozygosity than expected, will need to be investigated in the future, and sequencing with

the aid of a complete reference genome may help alleviate some of these issues.

Simple GS models were tested in this preliminary study. More complex modelling with
permanent environment effects were not included at this stage, though it was demonstrated
that models with and without these effects produce highly correlated GEBVs (r = 0.93, p <
0.001). Further work on GS in macadamia could explore models with such permanent
environment effects included to potentially more accurately fit the data. The results of the
genomics studies are yet to be validated to determine how accurate predictions of nut
characteristics and yield are in practice, and so the effectiveness of employing MAS and GS to
increase genetic gain is yet to be adequately demonstrated. The efficiency and accuracy of
GWAS/MAS and GS will be improved over multiple generations by incorporating added

phenotypic and genotypic data to update prediction models.

Genomic prediction accuracies were low to moderate for unrelated population predictions,
and considerably lower than predictions for related family groups, where family members

were included in both the training and validation sets. This demonstrates that the relatedness
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between the training and validation populations is important, with closely related populations
achieving higher prediction accuracies, as observed in numerous studies of other crops.
Seedling populations may share parental genotypes across different generations, but this may
not always be the case. Until unrelated population prediction accuracies are increased,
perhaps with a larger population base or high marker density, the application of GS to predict

yield might only be viable between closely related populations.

Future genomic prediction models will need to be updated regularly to maintain accuracy, as
repeated cycles of selection will change allele frequencies in the population and breakdown
LD between markers and causal polymorphisms. Therefore, the breeding program should
retain some seedling progenies to phenotype over time and retrain the model by updating
phenotypic and genotypic data and recalibrate allelic frequencies. Periodical phenotyping will
add to the labour and cost involved in breeding, but an accurate model leading to increased

genetic gain will be an asset to the breeding program.

A final obstacle in employing genomics to increase genetic gain may be the response of
growers to a new technology. Macadamia growers often prefer to see candidate varieties in
person at field days before they will agree to plant clones on their property. Viewing of the
trees will still be possible with regional variety trials (RVT) evaluating candidate varieties
across multiple environments, even if the seedling progeny trial is negated using genomics.
The RVT was included in all selection strategies proposed in Chapter 5. Therefore, if some
growers are reluctant to trust the efficiency of new technologies, they can still view trees and

data from the RVT, regardless of how GS and MAS is adopted in the breeding program.

6.4 Further research

This doctoral study has covered multiple facets of breeding for high yield using component
traits and genomics to improve accuracy and efficiency in macadamia, and has laid the
groundwork for future advancements. Though this work investigated heritabilities of, and
correlations between many component traits and yield, the list of traits is far from exhausted.
There are other important traits that, whilst may not be used to indirectly select for high yield,
may be economically important in themselves. Harvest index, or the allocation of resources

to edible biomass (Donald and Hamblin 1976), is an example of a trait that should be
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investigated using the approaches in this study. Since nuts are covered in husk, and husk can
dehisce from the tree and be harvested along with the nut-in-shell, a large proportion of the
biomass harvested from each tree is actually inedible, and, therefore, not beneficial for the
grower. Further research should investigate whether the investment of energy used to
produce husk occurs at the expense of kernel production. Genotypes that can allocate
resources to large kernels and thin husks would be beneficial; harvested biomass would be

targeted towards the portion that is economically important, rather than ‘by-products’.

The marker-trait associations detected in this study should be further explored and validated
in a separate study. GWAS can also be used to identify marker-trait associations for other
important traits in macadamia, such as self-fertility and resistance to pests and diseases.
Macadamia is predominantly out-crossing (Hardner et al. 2009), but genotypes that are self-
fertile may produce more nuts due to the larger amount of pollen available for successful
pollination. It would also be highly beneficial to identify the causal polymorphisms associated
with resistance to diseases that reduce yield, including husk spot and phytophthora (Drenth
et al. 2009). With genotyping and sequencing technology advancing, future studies will likely
have many thousands of markers available. Combined with the completion of a macadamia
reference genome, the locations of these markers on the genome can be confirmed, which
can then be used to help identify causal genes. As such, genomics studies will have more
genotypic information available to pair with high-quality phenotypic data. For example, with
more markers available across the entire genome, future GWAS studies will likely be more

effective in detecting QTLs controlling each trait.

The GS models for yield constructed in this research also need to be validated in a separate
population, preferably with more individuals to represent wider phenotypic variance, and
with more genetic markers to ensure that more of the small-effect genes controlling yield are
captured by LD. GS models could also be constructed for other economically important traits
that may be controlled by many genes, such as trunk circumference or tree size. Multi-trait
genomic prediction models may improve the accuracy of prediction by incorporating more
data, including that for yield component traits. Multivariate analyses could be undertaken to
increase the power of marker detection, such as methods proposed by Bolormaa et al. (2014),
where a distinction can be made between pleiotropic QTL (one gene affecting multiple traits)

and linked QLT (linkage between multiple QTLs affecting different traits). Furthermore, the
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results of GWAS could be accommodated in genomic predictions by using a method other
than GBLUP, such as BayesR or BayesB, which allow the effect of some markers (e.g. those of

significant effect) to be larger (Meuwissen et al. 2001; Erbe et al. 2012).

At this stage, a major limitation of using genomics in macadamia breeding is the cost of
genotyping. An economic analysis is required to compare the costs involved in genotyping a
seedling progeny population with traditional breeding methods, and possibly alternative
genotyping methods. An analysis of costs could also incorporate alternative strategies such
as the delayed progeny genomic selection described in Chapter 5. With an assessment of cost
and genetic gain of each selection strategy, the relative advantage of using genomics could

be understood and quantified in the breeding program.

6.5 Conclusions

This research has made a substantial contribution to the use of component traits and
genomics for increased genetic gain in fruit and nut tree crops. Chapter 2 quantified the
genetic diversity and population structure of the subset of the breeding program used in this
work, which was informative for the genomics research chapters. The hypothesis that
component traits could be used to indirectly select for yield was investigated in Chapter 3;
however, no examined traits could be identified with both high heritability and high genetic
correlation with yield. Chapters 4 and 5 evaluated the use of employing genomics in
macadamia breeding. The potential to use GWAS and MAS to select seedlings predicted to
have desirable characteristics was analysed in Chapter 4. Genetic markers were found to have
significant associations for several key traits. After validation in a separate population and
further estimates of the proportion of variance explained by key markers, these associations
are contenders for use in MAS when screening future seedling populations. The accuracy of
predicting yield and yield stability using GS was evaluated in Chapter 5, and while accuracies
varied across datasets and models, moderate accuracies suggested that this might be a
potential method to increase genetic gain in macadamia. Genetic gain was comparable to
traditional breeding methods for unrelated population predictions, and greater for randomly
grouped individuals. Different strategies for employing GS were compared, with options to

drastically reduce the length of the seedling progeny trial selection phase. With further
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research and development, the application of MAS and GS to fruit and nut breeding around
the world may allow this practice to become more sustainable and accelerate genetic gain

into the future.
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